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ABSTRACT
Augmented reality (AR) has proven to be an invaluable interactive medium to reduce cognitive
load by bridging the gap between the task-at-hand and relevant information by displaying informa-
tion without disturbing the user’s focus. AR is particularly useful in the manufacturing environment
where a diverse set of tasks such as assembly andmaintenancemust be performed in themost cost-
effective and efficient manner possible. While AR systems have seen immense research innovation
in recent years, the current strategies utilised in AR for camera calibration, detection, tracking, cam-
era position and orientation (pose) estimation, inverse rendering, procedure storage, virtual object
creation, registration, and rendering are still mostly dominated by traditional non-AI approaches.
This restricts their practicability to controlled environmentswith limited variations in the scene. Clas-
sical AR methods can be greatly improved through the incorporation of various AI strategies like
deep learning, ontology, and expert systems for adapting to broader scene variations and user pref-
erences. This research work provides a review of current AR strategies, critical appraisal for these
strategies, and potential AI solutions for every component of the computational pipeline of AR
systems. Given the review of current work in both fields, future research work directions are also
outlined.
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1. Introduction

Although reality can never be altered, its perception can
be improved. Augmented reality (AR) is an interface
between reality and the perception of reality. AR is the
medium that superimposes digital information on the
physical world, thereby bridging the rift between the real
and virtual worlds. AR enables a novel transformational
paradigm of information delivery and assimilation to a
human operator, and if properly implemented, leads to
cognitive load1 reduction.

AR can be defined as a human-computer interaction
technology that interactively registers three-dimensional
(3D) real and virtual objects in real time (Azuma
et al. 2001). Although the term ‘Augmented Reality’ was
coined byThomas andDavid in 1992, the first application
of AR technology was a head-mounted display (HMD)
which dates back to 1968 by Sutherland. AR is in the pro-
cess of revolutionising many industries including educa-
tion (Radu 2012;Wu et al. 2013), construction and build-
ing management (Chi, Kang, and Wang 2013; Gheisari
et al. 2014), e-commerce (Dacko 2017), robotics (Green
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Automotive Engineering, Clemson University, Greenville, SC 29607, USA
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et al. 2008; Makris et al. 2016), automotive (Regenbrecht,
Baratoff, and Wilke 2005; Alhaija et al. 2017), defense
(Livingston et al. 2011), healthcare (Fischer, Bartz, and
Straßer 2004; Yamamoto et al. 2012), tourism (Wei, Ren,
and O’Neill 2014; tom Dieck and Jung 2018), gam-
ing (Piekarski and Thomas 2002), and product lifecycle
management (PLM) (Doil et al. 2003; Ong, Yuan, and
Nee 2008).

AR has the opportunity to be integrated into every
stage of PLM. For instance, AR can be utilised in the
facility development process by visualising the floorplan
in an interactive environment for the developer (Wang
et al. 2020). In product development, AR can simulate the
various stages ofmanufacturing for a product or show the
various design iterations of a product (Ong, Yuan, and
Nee 2008).While the product is beingmanufactured, AR
can be utilised for assembly (Wang et al. 2013), quality
assurance (Schwerdtfeger et al. 2008), and for collabora-
tion and safety (Makris et al. 2016). Once the product is
ready to be marketed to consumers, AR can be used by
the consumer to visualise the product as an integrated
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part of their daily life (Scholz and Smith 2016). When
the user buys the product, AR can be used as a diagnostic
tool in case of troubleshooting (Sanna et al. 2015). Finally,
at the end of the product’s lifecycle, AR can be utilised
again in the manufacturing environment in order to dis-
assemble the final product for material recovery (Osti
et al. 2017; Chang, Nee, and Ong 2020).

AR can be an effective way to decrease costs and
increase efficiency during the manufacturing stage of
PLM. AR is a technology that can reduce cognitive load
by supplementing human labour with the right informa-
tion at the right moment and in the right mode with-
out disturbing the user’s focus (Abraham and Annun-
ziata 2017), thereby enabling the industry to achieve
the aforementioned goals. The focus of this paper is to
present a review of the state-of-the-art literature at the
intersection of AR, manufacturing, and artificial intelli-
gence (AI).

Many manufacturing environments are noisy, and
thus it is impractical to include audio or voice ele-
ments into AR-assistedmanufacturing applications with-
out consideration of alternative user interaction or rig-
orous noise reduction strategies (Syberfeldt, Danielsson,
and Gustavsson 2017). Additionally, mandatory personal
protective equipment limits the user from other modal-
ities like haptics. For this reason, this review primarily
focuses on the visual modality. To be specific, we focus
on Red Green Blue (RGB) images or a live video stream
(rather than RGBDepth (RGB-D), thermal, Light Detec-
tion and Ranging (LiDAR), audio or other sensory data)
as the input data due to the fact that even miniature
ergonomic devices like mobiles and wearable devices can
equip both a camera to acquire the data and a display to
disseminate the augmented information.

The computational pipeline for anAR system is shown
in Figure 1. For a seamless and realistic integration of
the real and virtual worlds in the AR device, the real
and virtual environments must align with each other.
The virtual camera must be calibrated with the real
camera’s intrinsic parameters to ensure that the real
world is accurately depicted throughout the AR com-
putational pipeline. Each frame from the real camera is
then inputted into the detection, tracking, and camera
position and orientation (pose) estimation modules in
order to acquire the extrinsic parameters. The detection
module detects the pertinent dynamic objects within the
use environment. The tracking module then tracks these
objects in real-time. Finally, the camera pose estimation
module estimates the pose of the real camera in real-
time. Additionally, each frame is rendered inversely for
determining characteristics like illumination and depth
to supplement the graphics processing unit to enable a
realistic rendition of the virtual objects in the scene. Once

Figure 1. Computational pipeline for a procedure-based AR
system.

the functionalities of the virtual camera imitating the real
camera are achieved, any information within procedure
storage is incorporated into the creation of virtual objects
for AR in virtual object creation. These virtual objects
are registered in the AR environment, which means that
they are aligned with the detected and tracked objects in
the operator’s real environment. Finally, virtual objects
are rendered on the main visual interface of the AR sys-
tem. The rendering process places the virtual objects in
an optimal way for the user and the current environment.

The pipeline underlying AR-based manufacturing
applications suffer from the following drawbacks: (1) the
computational strategies are computationally expensive
and not robust in varying environments, (2) the current
strategies utilised in AR systems are laborious to imple-
ment and restricted to known environments (i.e. camera
calibration), (3) specialised and diverse feature construc-
tion is required for object detection and tracking, (4)
there is a lack of robust pose estimation techniques,
thereby affecting variable runtime and latency of the AR
system, (5) storage methods are rigid and non-adaptable,
(6) virtual objects are hard-coded within the AR sys-
tem, (7) primarily open-loop registration approaches are
utilised, and (8) current rendering methods implement
simplified rules to promote context-awareness in the AR
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system and utilise destructive methods to optimise the
visualisation of data. Clearly, improvements are needed
in all aspects of procedure-based AR systems.

AI is a promising solution to increase the adaptability
and versatility of AR systems. The potential of AI tech-
niques in the AR space is clear from the unprecedented
success of AI in image processing and its allied tasks. As
AR starts with camera images and terminates with ren-
dered images with augmentations projected onto the dis-
play, AI has the potential to bring revolutionary changes
in AR applications similar to the way AR has inmanufac-
turing applications. Already, AI has brought tremendous
changes to themanufacturing field (Y. Liu et al. 2020) and
there are many more applications which can be adopted
into manufacturing applications like inspection (Zhang
et al., “Convolutional Neural Network,” 2019) and mate-
rial information management (Furini et al. 2016). Deep
learning (DL), a subset of AI techniques, has surpassed
decades of performance of classical object detection tech-
niques in just a decade. Similarly, AI techniques can
introduce a paradigm shift in the performance of all the
tasks related to AR. The AR space, which is mostly domi-
nated by fiducialmarkers, can potentially adapt to natural
features. AR, when powered by AI, can be adopted with-
out modification to the environment. DL can improve
the accuracy and robustness of calibration, detection,
tracking, camera pose estimation, and registration tasks.
Ontology, a subset of AI, can simplify storage and the dis-
semination of procedural information. DL can be used
in the development of adaptable augmentations within
virtual object creation. Finally, DL can be utilised when
determining what data to display and the optimal way
to display this data to the user in rendering. Recently,
the untapped potential of AI in AR applications is being
explored. However, so far, most researchers have limited
the utility of DL techniques mostly to detection and to
simpler tasks like rectangular bounding boxes to localise
(Abdi and Meddeb 2017; Subakti and Jiang 2018) or
annotate (Rao et al. 2017; Park et al. 2020) the identified
objects.

The main contributions of this research work are as
follows:

(1) Review the current strategies utilised within AR sys-
tems for each of the modules of the AR computa-
tional pipeline.

(2) Identify the shortcomings of the current approaches
utilised in AR systems for each module.

(3) Justify the use ofAI-basedmethods for eachmodule.
(4) Review current AI-based methods utilised in AR for

each module.
(5) Describe relevant AI-based research for each mod-

ule as related to manufacturing.

(6) Introduce various future research directions relating
to the AR pipeline.

(7) Provide conclusive remarks based on the review.

This review paper is structured as follows. Section 2
contains an overview of the current research and chal-
lenges at the intersection of AR, AI, and manufactur-
ing. Sections 3 through 11 deliberate each module of
the framework within Figure 1. Each section includes
an introduction; current approaches in AR systems; a dis-
cussion about the limitations of current approaches and
the potential for AI; current approaches within AR that
utilise AI; potential AImethods that can be utilised inAR;
and a conclusion in a sequential order. Section 12 out-
lines the key and immediate future research directions
that are derived from and inspired by the insights gained
from the preceding sections. Finally, Section 13 provides
an overview and analysis of the work described in the
previous sections. An overview of the topics reviewed
and the conclusions drawn from all the modules of the
procedure-based AR pipeline is provided in Table 1.

2. AR & AI in manufacturing

The manufacturing industry is currently undergoing an
industrial revolution deemed Industry 4.0. The last three
industrial revolutions included mechanisation in Indus-
try 1.0, mass-production in Industry 2.0, and automation
in Industry 3.0 (Ababsa 2020). Industry 3.0 automated all
possible manufacturing activities and has seen a swarm
of robots and sensors on the shop floor. Industry 4.0
or smart manufacturing is founded upon technologies
whose aspirations include (1) accelerating the remaining
segment of work that needs human expertise and skills;
and (2) incorporating intelligence into the automated
infrastructure to make robotic systems autonomous and
able to make decisions from data (Rüßmann et al. 2015).
Aspiration (1) made the provisions for the incorporation
of AR into the scope of manufacturing. Aspiration (2)
paved the way for integrating AI into the manufactur-
ing industry. Significant progress in terms of theory and
practice has been made in each of these directions. The
manufacturing industry has been a huge beneficiary of
these technologies.

2.1. AR-assistedmanufacturing

As AR can facilitate uninterrupted information exchange
without the need of altering the operator’s attention, it can
accelerate manufacturing activities. Thus, it has become
one of the nine key disruptive technologies that are driv-
ing Industry 4.0 (Rüßmann et al. 2015). The majority of
the applications of AR in the manufacturing industry are
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Table 1. Overview of the concepts, limitations of classical approaches, and advantages of AI approaches for each module of the procedure-based AR system given in Figure 1.

Section Classical methods Limitations of classical methods AI methods Advantages of AI methods

(§3) Camera Calibration • Linear Techniques
(Offline, Intrinsics Unknown)

• Non-Linear Techniques
(Offline, Intrinsics Unknown)

• Calibration-Free
(Offline, Intrinsics Unknown)

• Self-Calibration
(Offline, Intrinsics Unknown)

• Camera Pose Estimation for
Extrinsicsa

(Offline, Intrinsics Known)

Classical methods:
• Are computationally expensive or

highly complex to implement
(Donné et al. 2016);

• Are cumbersome, time-consuming,
and prone to errors
(Tuceryan, Genc, and Navab 2002;
Bogdan et al. 2018);

• Require prior knowledge of the scene
or strong assumptions to be imposed
(for offline camera calibration)
(Seo and Hong 2000; Bogdan
et al. 2018); and

• Are not robust or adaptive in general
scenes
(Seo, Ahn, and Hong 1998; Pang
et al. 2006).

• Single Image Techniques
(Online)

• Non-Single Image Techniques
(Online)

AI Methods:
• Enable adaptive calibration without

user intervention;
• Require minimal inputs;
• Are applicable to general scenes; and
• Are not limited to use in predeter-

mined environments.

(§4) Detection • Fiducials
(Artificial Features)

• Simple Features
(Natural Features)

• Advanced Features
(Natural Features)

Classical methods:
• Cannot engineer all of the features

that characterise an object; and
• Cannot achieve generic object detec-

tion capability.

• Image Classification
(Natural Features)

• Object Detection
(Natural Features)

• Semantic Segmentation
(Natural Features)

• Instance Segmentation
(Natural Features)

AI Methods:
• Are able to work directly with raw

images;
• Are capable of learning all essential

object features autonomously; and
• Are capable of classifying and detect-

ing a wide variety of generic objects.

(§5) Tracking • Feature-based
• Model-based

Classical methods:
• Are prone to failure in cluttered envi-

ronments;
• Have limitations with complex scenes

involving multiple dynamic objects,
variations in illumination, motion blur,
and occlusion; and

• Exponentially explode as the number
of tracked objects increases, making
them ineffective for real-time tracking
(for MOTb algorithms).

• Detection and Tracking
• Tracking by Detection

AI Methods:
• Eliminate the need for hand-crafted

features to design robust trackers; and
• Do not explode exponentially as the

number of tracked objects increases.

(continued).
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Table 1. Continued.

Section Classical methods Limitations of classical methods AI methods Advantages of AI methods

(§6) Camera Pose Estimation • Pose Estimation from n points
(PnP)

Classical methods:
• Lack robustness with large changes

in viewpoint, variation in illumination,
textureless scenes, motion blur, and
other situations;

• Are not able to find accuratematching
points in all scenarios;

• Grow in computational complexity
and the proportion of outliers as the
size of the model grows (for SfMc-
based approaches); and

• Do not have a constant runtime at
inference (for RANSACd).

• Without Auxiliary Learning
• With Auxiliary Learning

AI Methods:
• Do not require engineered features;
• Can be trained to be robust against

changes in illumination, perspective,
and others;

• Have relatively constant complexity;
• Have consistent performance at run-

time; and
• Are able to directly infer the pose from

RGBe images (thus skipping theDetec-
tion&Tracking steps) (Kendall, Grimes,
and Cipolla 2015).

(§7) Inverse Rendering - Illumination • With Auxiliary Information
• Without Auxiliary Information

Classical methods:
• Have a complex capturing process (for

light probes and methods using auxil-
iary information);

• Are computationally expensive and
not scalable;

• Disturb real-time performance (with
light probes); and

• Have low accuracy (for methods not
using auxiliary information).

• Supervised
• Unsupervised

AI Methods:
• Donot require definitivemodels of the

geometric or photometric attributes;
and

• Exploit the attributes of the images
within the FOVf rather than those
beyond the FOVf .

(§7) Inverse Rendering - Depth Inference • Perceptual Depth Cues
• Image Attributes

Classical methods:
• Are ineffective in recovering depth

information despite the use of percep-
tual cues due to:• The heavily under-constrained

nature of the problem;
• Camera characteristics like

LDRg; and
• The use of few cues.

• Supervised
• Semi-supervised
• Unsupervised

AI Methods:
• Are capable of exploiting almost all

cues at once, thus offering better
depth inference; and

• Are able to estimate depth informa-
tion fromRGBe images simultaneously
with other tasks (detection, tracking,
and pose estimation).

(§8) Procedure Storage • RDBMSh

(Databases)
• PLMi

(Databases)
• PIMj

(Databases)
• CMMSk

(Databases)
• XMLl

(Databases)

Classical methods:
• Are static in nature and do not have

the capability to derive further knowl-
edge and relationships.

• Ontology AI Methods:
• Are able to dynamically manipulate

data over time; and
• Add flexibility into AR systems.

(continued).
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Table 1. Continued.

Section Classical methods Limitations of classical methods AI methods Advantages of AI methods

(§9) Virtual Object Creation • Manual Creation Classical methods:
• Require extensive time and energy

from theAR systemdeveloper tomake
augmentations; and

• Do not enable adaptive or in-situ aug-
mentations.

• Caption Generation
(1Dm)

• Sketch or Contour Generation
(2Dn)

• 3Do Reconstruction
(3Do)

AI Methods:
• Enable augmentations to be created

and adapted in-situ; and
• Require minimal input for augmenta-

tion creation.

(§10) Registration • Open-Loop
• VVSp

(Closed-Loop)

Classical methods:
• Are not fully developed;
• Are not in widespread use in AR sys-

tems; and
• Require predefined features in the

scene (for VVSp methods).

• Incorporate NNsq in VVSp

• MPCr for VVSp

• Reinforcement Learning for VVSp

AI Methods:
• Can be used in unknown environ-

ments (Saxena et al. 2017); and
• Are more accurate, efficient, stable,

and robust than IBVSs strategies (for
AI-based VVSp methods)
(Comport et al. 2006).

(§11) Rendering • Rule-Based Methods
(Data)

• Spatial
(Data Visualisation, Filtering)

• Knowledge-Based or Semantic
(Data Visualisation, Filtering)

• Hybrid
(Data Visualisation, Filtering)

• Geometric-Based
(Data Visualisation,
Visualization Layouts)

• Image-Based
(Data Visualisation,
Visualization Layouts)

• Data Clustering
(Data Visualisation)

Classical methods:
• Are rigid and based on hard-coded

rules (for Data);
• Can be destructive and include data

loss (for Data Visualisation) (Tatzgern
et al. 2016); and

• Can fail when the amount of data
grows too large (for Data Visualisation)
(Tatzgern et al. 2016).

• Layout Generation
(Data Visualisation)

• Data Clustering
(Data Visualisation)

AI Methods:
• Are able to incorporate context-

awareness, user customisation, expert
knowledge, and flexibility into AR
systems;

• Are more efficient and effective for
rendering (with AI-based layout
creation); and

• Are able to transform data into
clustering-friendly nonlinear rep-
resentations (with DL-based data
clustering).

aRefer to ‘Camera Pose Estimation’ Section (§6).
bMultiple Object Tracking (MOT).
cStructure fromMotion (SfM).
dRANdom SAmple Consensus (RANSAC).
eRed Green Blue (RGB).
fField Of View (FOV).
gLow Dynamic Range (LDR).
hRelational DataBase Management System (RDBMS).
iProduct Lifecycle Management (PLM).
jProduct Information Management (PIM).
kComputerised Maintenance Management Systems (CMMS).
lExtensible Markup Language (XML).
mOne-Dimensional (1D).
nTwo-Dimensional (2D).
oThree-Dimensional (3D).
pVirtual Visual Servoing (VVS).
qNeural Network (NN).
rModel-Predictive Control (MPC).
sImage-Based Visual Servoing (IBVS).
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in three activities: assembly, maintenance, and training.
Within assembly, maintenance, and training tasks, tech-
niciansmust follow specific tasks and procedures in order
to perform assembly sequences and procedures. Seam-
lessly displaying this procedural information to the user
is essential to minimise their cognitive load. This directly
translates into minimal operating costs, efficient pro-
cesses, and increased productivity. In AR-assisted assem-
bly andmaintenance activities, the operators can perform
their work without altering their focus. Operators who
use AR for assembly and maintenance can also handle
parts that they are working with for the first time. AR
eliminates the need of memorising operational instruc-
tions. Hence, customisation can be added to products
effortlessly. AR-assisted assembly operations have seen a
reduction of error of up to 82% (Tang et al. 2003). While
information supply remains the primarymotivation, sev-
eral secondary advantages offered byAR are creditworthy
in improving productivity. Reduction of the distraction
that was imminent in using computers or instruction
manuals as the source of information is one of them.Oth-
ers include collaboration capabilities with the AR system,
interconnectivity of the AR system with the manufactur-
ing environment, and the capability for AR systems to
adapt to the manufacturing facility and to users’ current
status.

Many projects have been established to incorporate
AR in assembly operations. An AR-based interactive
manual assembly design system was developed to pre-
dict the user’s assembly intents and to manipulate vir-
tual objects (Wang, Ong, and Nee 2013). Chen, Hong,
and Wang (2015) used AR to assist the assembly of a
gearbox. AR has also been used to remotely support
assembly operations to cater to customer’s customisation
requests (Mourtzis, Zogopoulos, and Xanthi 2019). The
AR system offered the part list and assembly instruc-
tions at the workstation by retrieving its production
schedule.

AR has been utilised for maintenance tasks. Mainte-
nance tasks encompass a wide variety of activities such
as inspection, measurement, and service in addition to
assembly. A robotic armwasmaintained usingAR,where
an animated ratchet was superimposed (Zubizarreta,
Aguinaga, and Amundarain 2019). The AR system esti-
mated the 6-DOF of the rigid parts associated with the
robotic arm and showed the motion of the ratchet. The
relevant product structure was displayed in the main-
tenance of a ubiquitous car (Lee and Rhee 2008a). The
pertinent technical information was projected on the
engine of a motorbike during its maintenance (Uva
et al. 2018). The electronic components of a wind turbine
were inspected with the help of AR (Quandt et al. 2018).
AR has successfully assisted maintenance technicians in

improving overall productivity by allowing bi-directional
context-aware authoring (Zhu, Ong, and Nee 2013).

AR has been recognised as an effective tool to dis-
seminate knowledge by improving training methods. An
HMDwas utilised to train employees assembling engines
at the vehicle manufacturer BMW (Werrlich, Nitsche,
and Notni 2017). Users have been trained for assembling
a milling machine (Peniche et al. 2012) as well as for
welding (Quandt et al. 2018). AR-assisted training for
complex manufacturing activities has been evaluated to
be as effective as face-to-face training (Gonzalez-Franco
et al. 2016). Gavish et al. (2015) concluded from a usabil-
ity study that using AR for training in industrial assembly
and maintenance tasks shall be encouraged, and AR is
more effective than virtual reality.

Additionally, AR has assisted in product design
by annotating design variations (Bruno et al. 2019);
in assembly and disassembly sequence planning (Wang
et al. 2013; Chang, Nee, and Ong 2020); in packaging
by overlaying the virtual correction template on the die
itself (Álvarez et al. 2019); in planning the orientation of
robots (Fang, Ong, and Nee 2013); in casting to study
users’ hand movement (Motoyama et al. 2020); to high-
light spot-weld locations (Doshi et al. 2017); and in shop
floor management (Wang et al. 2020). Furthermore, AR
can assist in simulating and developing manufacturing
processes and products before they are actually carried
out. That will provide support in getting the activities
done correctly in their first attempt. Moreover, collabo-
rative AR applications can open up the opportunity to
simultaneously leverage the expertise of multiple people
from geographically diverse locations.

2.2. AI-drivenmanufacturing

The advent of automation (Industry 3.0) in manufac-
turing brought about the widespread use of sensors and
robots. The use of sensors has thus resulted in a large
amount of data available from the manufacturing pro-
cess, or big data. Deriving decisions from big data and
making robots autonomous to enable them tomake their
own decisions have been two of the key goals of Indus-
try 4.0 (Rüßmann et al. 2015). Autonomous robots and
big data analytics have resulted in the widespread use
of AI. AI technologies provide a way to manage and
utilise this big data (Aggour et al. 2019). AI strategies have
been utilised in all aspects of the manufacturing process
and supply chain from design, operations management,
and production to maintenance and assembly (Baryan-
nis et al. 2019; Zhang et al., “A Reference Framework,”
2019). Real-time data from sensors can inform decision-
making in the manufacturing process (Deac et al. 2017).
This data can allowmanufacturing systems to respond in
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real-time to changing demands and conditions through-
out the PLMwith respect to the industry, supply network,
and customer needs (Zhang and Kwok 2018; Yao et al.,
“From Intelligent Manufacturing,” 2017). Smart manu-
facturing aims to be able to utilise big data collected from
the entire product lifecycle into the manufacturing sys-
tem in order to improve every aspect of the process (Tao
et al. 2018). The main goal behind using big data is to
achieve fault-free or defect-free processes (Escobar and
Morales-Menendez 2018).

AI strategies can be used to aid in the design of
manufacturing systems. For instance, Stocker, Schmid,
and Reinhart (2019) utilise reinforcement learning to
automate the design process for vibratory bowl feeders
(VBFs). The reinforcement learning mimics the man-
ual trial-and-error approach currently used to find the
trap configuration with the highest efficiency. Sander-
son, Chaplin, and Ratchev (2019) developed an inno-
vative Function-Behaviour-Structure model for Evolv-
able Assembly Systems (EAS) consisting of an ontology
and design process. The Function-Behaviour-Structure
model is used as input to a modelling design process for
assembly systems. In this methodology, the design pro-
cess is integrated into the manufacturing control system.

AI methods can be utilised for handling operations
management. Baryannis et al. (2019) highlight the usage
of various AI methods for supply chain risk manage-
ment, including stochastic programming, robust opti-
misation, fuzzy programming, hybrid approaches with
mathematical programming, network-based approaches,
agent-based approaches, reasoning, and machine learn-
ing (ML) with big data. Li et al., “Machine Learning”
(2020) propose a rescheduling framework that balances
rescheduling frequency and the accumulation of delays.
The framework combines ML with optimisation in order
to solve a flexible job-shop scheduling problem (FJSP).

Various AI strategies can be applied to produc-
tion decision-making and support. For instance, Palmer
et al. (2018) developed a manufacturing reference ontol-
ogy to support flexible manufacturing decision-making.
This ontology is not only useful to elucidate understand-
ing across domains but for information sharing and sup-
port for interoperable manufacturing systems as well.
Zhou et al. (2020) present a framework for knowledge-
driven digital twin manufacturing cell (KDTMC) to
support autonomous manufacturing. The framework
utilises digital twins, dynamic knowledge bases, and
knowledge-based intelligent skills. Possible applications
for the framework include process planning, produc-
tion scheduling, and production process analysis and
regulation.

When considering maintenance, service, repair, and
inspection, AI techniques can be used for quality

inspections and predictive maintenance. Yacob, Semere,
and Nordgren (2019) propose Skin Model Shapes, which
are able to generate digital twins of manufactured parts.
The Skin Model Shapes are used in conjunction with
MLmethods to detect anomalies and unfamiliar changes
with parts to ensure part quality. Kang et al. (2018) com-
pared both linear regression and artificial neural net-
works (ANNs) for predictive models for part failure.
Part failure predictive models are used to predict prod-
uct quality indicators based on both product quality
and manufacturing parameters. AI has also been widely
used in inspection (Yang et al. 2020), diagnosis (Matei
et al. 2020), and prognostics and health monitoring of
machines (Yang and Rai 2019).

Finally, AI can be used for scheduling and produc-
tion in assembly lines. Huo, Zhang, and Chan (2020)
use a fuzzy control system to adjust the assembly line
depending on real-timemachine health information. The
control system is designed to smooth the workloads of
workstations in the assembly line. Azadeh et al. (2012)
describe a multi-layer feed-forward back-propagation
ANN developed for a stochastic Two-Stage Assembly
Flow-Shop Scheduling Problem (TSAFSP). The TSAFSP
consists of (1) manufacturing of a product’s parts by
various machines in parallel and (2) assembly of all of
the product’s parts. The TSAFSP addressed by Azadeh
et al. (2012) accounts for stochastic machine breakdown
and processing times.

2.3. AI-driven AR-assistedmanufacturing

Both AR-assisted manufacturing and AI-driven manu-
facturing have evolved independently of each other and
have accelerated manufacturing separately. Most past
work has used AR as a tool to supplement manufactur-
ing activities. Those attempts, although numerous, suffer
from a variety of shortcomings, as discussed in Section 1.
These shortcomings can be eliminated by using AI as a
tool in the computational framework of AR. There is a
domain of research that uses AI as a tool in AR appli-
cations that has been overlooked so far. The succeed-
ing sections (3 to 11) detail the mode of incorporation
of AI in AR-assisted manufacturing applications. While
AI-driven AR-assisted manufacturing applications will
be instrumental in the future, the adoption of AI into
AR-assisted manufacturing faces challenges from both
technical and managerial fronts.

There are many challenges that are presented from the
technical front while incorporating AI strategies within
AR-assisted manufacturing applications. First, manufac-
turing environments offer limited variation in objects
to support detection and tracking. Discerning between
various objects such as nuts or bolts which differ by
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size, or objects that have undergone the same terminal
machining process, is very difficult. That makes creat-
ing generic AI challenging. Training AI algorithms to
recognise anomalies is an expensive affair because creat-
ing data that capture the anomalies is usually time and
resource-intensive. Further, collecting and sharing big
data from the manufacturing processes to the AR sys-
tem is another challenge. Transmission of relevant data to
AR systems is essential in order for the AR system to be
up-to-date and context-aware. Privacy and security issues
can arise when industrial data are stored in cloud plat-
forms (Bajic et al. 2018). Finally,manufacturing processes
frequently include time-varying uncertainties (Qin and
Chiang 2019). These uncertainties must be accounted
for in order for data-driven or AI methods to perform
accurately within AR-assisted manufacturing systems.

There are many challenges that emerge from the man-
agerial side when incorporating AI technologies into
the manufacturing environment. As described by Arinez
et al. (2020), implementing AI on a large scale such as
a shop-floor is a challenge in itself because most imple-
mentations to date are designed and tested in a labora-
tory. Integrating AI with current manufacturing systems
is another issue; finding solutions to issues with par-
allelism in computing (Jordan and Mitchell 2015) and
AI compatibility with first principles models and pro-
cesses (Qin and Chiang 2019) are some major challenges
with implementing AI in manufacturing. When creating
training datasets for AI algorithms, it may be necessary
to collect data from actual machine processes. In cases
of predictive maintenance, diagnostics, or prognostics,
data would need to be collected from machine failures
or malfunctions. This data collection process may be
dangerous for the developer and costly for the manu-
facturer. Supervised learning, which has been the most
successful segment of AI, needs labels of the data. Label-
ing is expensive in terms of time and can require skilled
labour in manufacturing applications. Next, utilising the
results from AI-driven manufacturing requires special
interpretation (Wuest et al. 2016; Qin and Chiang 2019).
Interpretation of results includes an analysis of the out-
put, characteristics of the chosen algorithm, parameter
settings, the expected output, and the input data along
with any preprocessing done (Wuest et al. 2016). The
correct interpretation is a challenge that manufacturers
must face when incorporating AI into their processes.
Next, manufacturing processes are often dangerous and
require special safety considerations. Dagnaw (2020)
describes challenges with incorporating safety into AI-
driven manufacturing processes, including a need to add
labels relating to safety in AI algorithms, incorporat-
ing knowledge-based reasoning into AI algorithms, and
utilising AI algorithms in the manufacturing space for

dynamic risk assessment. Integrating these subsystems in
their current forms together in the manufacturing envi-
ronment requires programming expertise, thus necessi-
tating organisational restructuring (Martinetti et al. 2019;
Masood and Egger 2020). Next, AI methods tend to be
black-box in nature; they are not explainable. That ques-
tions their credibility. Lack of reasoning diminishes users’
trust in AI-driven AR-systems. Once AI is included in
AR-assisted manufacturing, there may be a prolonged
adjustment period for employees because of a lack of
trust in AI (Qin and Chiang 2019; Arinez et al. 2020).
Moreover, a lack of explainability can hinder the organ-
isation’s compliance with safety and legal requirements.
On the organisational level, access to computing and
human resources in order to implement AI in manufac-
turing along with legal and regulatory issues are other
major challenges (Dagnaw 2020). Dagnaw (2020) con-
cisely summarises this challenge as the need for the devel-
opment of AI applications that are ethical, explainable,
and acceptable.

While the integration of AI into AR-assisted manu-
facturing will face the above-mentioned technical and
managerial challenges, the advantages of AI-driven AR
far outweigh these shortcomings. With AI, AR systems
will become intelligent like autonomous robots and sen-
sors. They will be able to detect and track generic objects
without mistake. They will be ubiquitous like sensors in
Industry 3.0. AI-driven AR systems will be able to work
autonomously in the manufacturing environment with
minimal effort and input from humans. AI provides AR
systems with the ability to work efficiently and effectively
as a unified whole with the manufacturing environment
and with human operators, thus enabling Industry 4.0.
While the ubiquitous use of AI methods within AR sys-
tems is perceived as a logical step towards the develop-
ment of smart industry, only a few AR systems in the
research literature utilise AI. As a way to bridge the gap
between the industry of today and Industry 4.0, next,
we highlight the shortcomings of classical approaches in
each area of the AR pipeline and introduce better AI
alternatives, starting with camera calibration.

3. Camera calibration

The first step in the creation of an AR application is
camera calibration. Camera calibration is a process that
captures the internal parameters of the real camera so that
the virtual camera can mimic the real camera. Camera
calibration readies the virtual environment for detection,
tracking, and camera pose estimation so that the virtual
objects can be correctly aligned with real objects. A hier-
archical description of the topics covered within camera
calibration can be found in Figure 2.
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Figure 2. Visual depiction of the topics reviewed in camera calibration.

Many AR systems are developed using Software
Development Kits (SDKs) in order to streamline the tasks
required to develop AR systems, including camera cal-
ibration. These SDKs are either available as a supple-
ment to proprietary devices such as Microsoft HoloLens,
Schenker META, Magic Leap, Android devices, Apple
devices, and Lightform projectors, or as separate libraries
available for use in development. If the SDK is associ-
ated with a proprietary device, a calibration profile is
available for use. For SDKs that are independently devel-
oped, manual or direct calibration techniques are used
with calibration patterns as in the Wikitude (Wikitude
GmbH 2018), Vuforia (PTC 2020), and Kudan (Kudan
Inc. 2020) SDKs.

3.1. Current approaches for camera calibration
in AR

The camera calibration techniques currently in use can
be classified into offline and online methods. While cam-
era calibration is traditionally an offline process, many
researchers have found ways to perform the necessary
camera calibration steps online by utilising user inter-
vention or by using computer vision (CV) techniques.
Offline camera calibration methods can further be split
into two categories: (1) methods where the camera cali-
bration parameters do not need to be known in advance,
and (2) methods where the intrinsic camera parameters
are pre-calibrated (Pang et al. 2006). The majority of AR
systems that perform offline camera calibration belong to
the second category. In this case, the camera calibration
process solely involves the determination of the extrinsic
parameters.

Within the first category of methods where the cal-
ibration parameters are not known a priori, there are

twomain categories of strategies implemented in AR sys-
tems to find the intrinsic camera parameters: (1) meth-
ods that utilise linear techniques and (2) methods that
utilise non-linear techniques (Malek et al. 2008). Addi-
tionally, some strategies find the intrinsic and extrinsic
parameters separately or find the camera matrix as a
whole. If the latter strategy is implemented, it is possi-
ble to decompose the resultant camera matrix into its
intrinsic and extrinsic matrix parts (Axholt 2011) using
the Kruppa equations (Kruppa 1913). Having both the
intrinsic and extrinsic parameters defined separately is
required to generate shading, shadow, and illumination
effects on virtual objects (Seo and Hong 2000; Pang
et al. 2006).

Linear calibration techniques involve the use of the
linear least-squares method to obtain the projection
matrix (Malek et al. 2008). The most common method
utilised within linear calibration techniques is Direct
Linear Transform (DLT), as in Malek et al. (2008) and
Teichrieb et al. (2007). Numerical or iterative techniques
are utilised to perform linear optimisation, as in Malek
et al. (2008), where the Gauss-Jacobi numerical tech-
nique was used to solve the linear system of equations.
Linear techniques are fast but do not take into account
any non-linear radial or tangential lens distortion (Malek
et al. 2008). Omitting this non-linear information relat-
ing to lens distortion leads to inaccurate calibration
results (Gomez, Simon, and Berger 2005).

Non-linear optimisation calibration techniques esti-
mate the camera parameters through iteration based on
a predefined function (Malek et al. 2008). Some common
functions used in non-linear methods are the reprojec-
tion error (Dash et al. 2018) and the residual errors in
calibration (Yuan, Ong, and Nee 2006). Numerical or
iterative techniques such as the Levenberg-Marquardt
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(LM) algorithm (Dash et al. 2018) and Broyden-Fletcher-
Goldfarb-Shanno (BFGS) algorithm (Xie et al. 2018)
are utilised to perform non-linear optimisation in many
cases (Comport et al. 2006). Many of the non-linear
optimisation strategies in AR systems derive the cam-
era parameters based on the motion of the camera or
Structure fromMotion (SfM) as in Seo and Hong (2000),
Teichrieb et al. (2007), Simões et al. (2013), Seo, Ahn, and
Hong (1998), Gordon and Lowe (2006), and Skrypnyk
and Lowe (2004). Although non-linear techniques have
good accuracy, they are slow and have a high computa-
tional cost (Malek et al. 2008). Additionally, non-linear
techniques tend to converge to local minima (Comport
et al. 2006).

For augmentation of video streams or in fully offline
AR applications, methods such as the bundle adjustment
technique can be used for camera calibration, as in Gor-
don and Lowe (2006), Heyden and Astrom (1997), and
Heyden and Åkström (1998).

A subset of camera calibration focuses upon self-
calibration (i.e. auto-calibration) and calibration-free
methods. Self-calibration and calibration-free methods
are useful in cases where the intrinsic parameters change
over time (e.g. zooming of the camera) and fidu-
cial points are not available (Seo and Hong 2000) or
when attempting to calibrate general video images (Seo,
Ahn, and Hong 1998). Self-calibration methods pro-
vide the Euclidean motion of the real camera in addi-
tion to the calibration parameters (Seo and Hong 2000).
The method by Faugeras, Luong, and Maybank (1992)
utilises the epipolar transformation found between point
matches of image sequences and the Kruppa equations
to link the epipolar transformations to the absolute conic
in order to find the intrinsic camera parameters. Polle-
feys, Koch, and Van Gool (1999) work off of the absence
of skew in the image plane in order to allow for met-
ric self-calibration of zooming lens cameras. Taketomi
et al. (2014) dynamically calculated the intrinsic and
extrinsic parameters of a zooming lens camera using an
energy minimisation formulation. Chendeb, Fawaz, and
Guitteny (2013) apply self-calibration to AR by combin-
ing interferometry and pattern recognition. Themethods
by Seo, Ahn, and Hong (1998) and Seo and Hong (2000)
use reference and video images to recover structure and
motion information for the object of interest. The param-
eterised cuboid structure (PCS) method (Chen, Yu, and
Hung 1999) is used to insert animated virtual objects into
an AR scene by using a cuboid structure as the reference
object. Finally, in Kutulakos and Vallino (1998), an affine
camera model with an orthographic camera is used in
order to produce virtual augmentations. Kutulakos and
Vallino (1998)’s method is not generally applicable to
cameras with perspective projection and is unable to take

advantage of scene illumination effects because it does
not utilise Euclidean geometry (Seo and Hong 2000).

3.2. Limitations of current approaches for camera
calibration in AR& potential for AI

The camera calibration methods currently utilised in AR
systems are computationally expensive or highly complex
to implement (Donné et al. 2016). Further, any meth-
ods that require the user to align elements in the space
or to collect data for the system are cumbersome, time-
consuming, and prone to errors (Tuceryan, Genc, and
Navab 2002; Bogdan et al. 2018). Any camera calibration
methods that are performed offline require some knowl-
edge of the scene or strong assumptions to be imposed on
the scene prior to the use of the system, and this is limit-
ing for applications where the use environment changes
frequently (Seo andHong 2000; Bogdan et al. 2018). Even
in cases of self-calibration methods, none of these strate-
gies have been found to be robust in general scenes (Pang
et al. 2006).

In order to overcome the limitations of existing clas-
sical camera calibration methods, AI-based camera cal-
ibration strategies are recommended. AI-based camera
calibrationmethods: (1) enable adaptive calibrationwith-
out the need for user interaction, (2) are applicable to
general scenes, and (3) are not limited to use in prede-
termined environments.

3.3. AI approaches for camera calibration in AR

To the best of our knowledge, there have been no
AI-based camera calibration methods utilised within
AR-assisted manufacturing applications.

3.4. Potential AI approaches for camera calibration
in AR

The AI-based camera calibration methods for use in
AR systems can be categorised into single image and
non-single image methods. Single image methods are
solutions that take as input a single image. Non-single
image methods are those which take as input multiple
consecutive frames or a video segment.

3.4.1. Single imagemethods
Within single image strategies, Bogdan et al. (2018)
present DeepCalib, a Convolutional Neural Network
(CNN) with Inception-V3 architecture (Szegedy et al.
2016) that estimates the intrinsic parameters of the cam-
era. The CNN is trained using omnidirectional images
from the Internet. Their method does not requiremotion
estimation, a calibration target, consecutive frame inputs,
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or information about the structure of the scene. The AI-
based self-calibration method by Zhuang et al. (2019)
finds camera intrinsics and radial distortion for Simulta-
neous Localization and Mapping (SLAM) systems using
two-view epipolar constraints. In this work, the CNN is
trained on a set of images with varying intrinsics and
radial distortion. The solution by Lopez et al. (2019) finds
both intrinsic and extrinsic camera parameters from sin-
gle images with radial distortion. They utilise a CNN
that is trained to perform regression on varying extrin-
sic and intrinsic parameters. Donné et al. (2016) present
ML for adaptive calibration template detection orMATE.
A CNN is trained using standard checkerboard calibra-
tion patterns in order to detect these calibration patterns
in single images. After the calibration pattern is detected,
other methods can be used to derive the camera param-
eters. He, Wang, and Hu (2018) estimate depth and focal
length from a single image. While this method cannot be
used to find all of the intrinsic parameters of the camera,
it effectively finds the focal length of an image. Hold-
Geoffroy et al. (2018) utilise a deep CNN (DCNN) to
infer the focal length and camera orientation parameters
of a camera from a single image. The DCNN is trained
using the SUN360 database (Xiao et al. 2012), a large-
scale panorama dataset. A simple pinhole camera model
is utilised, so distortion parameters are omitted.

3.4.2. Non-single imagemethods
Within AI-based non-single image camera calibration
methods, Brunken and Gühmann (2020) utilise multiple
consecutive image frames as input to a Neural Network
(NN) that automatically determines intrinsic, extrin-
sic, and distortion parameters from a camera. In this
method, two views are transformed to match a third ref-
erence view through plane homography mappings. Gor-
don et al. (2019) utilise frames from videos to estimate
the camera calibration parameters. Depth, egomotion,
object motion, and camera intrinsics are learned from
video frames in an unsupervised manner. Their method
utilises two NNs: one for depth estimation and one used
to predict cameramotion and camera intrinsics from two
consecutive video frames.

3.5. Conclusion

The classical camera calibration techniques currently
used in AR systems are not adaptive to general scenes
(Seo, Ahn, and Hong 1998), which are commonly
encountered in manufacturing. When offline calibration
parameter estimations are used, any changes that occur
to the internal parameters of the camera while in use,
such as zooming, render the originally-estimated camera

parameters as no longer useful unless known two-
dimensional (2D)-3D correspondences are still present
in the environment (Seo and Hong 2000). In order to
make the camera calibration process more robust, AI-
based approaches are recommended. AI-based methods
are able to dynamically predict the calibration parameters
for a camera while in use, given a single image or mul-
tiple image frames. This then saves time for developers
and operators when utilising AR systems in themanufac-
turing environment. While AI-based NN methods have
their own challenges, such as extensive effort required for
training, these challenges are outweighed by the benefits
gained from being able to dynamically estimate cam-
era intrinsics in unknown environments (Zhang et al.,
“Line-Based Geometric,” 2019).

4. Detection

In a real-time setting, object detection initialises the
process of determination of camera extrinsics. The real
objects in the environments are detected and localised to
instantly or recurrently (with tracking) estimate the pose
of the camera. The techniques discussed in this section
are summarised in Figure 3.

4.1. Current approaches for detection in AR

The classical methods of detection can be classified
into marker-based and markerless. Marker-based meth-
ods place fiducials, which have characteristic prop-
erties (shape, patterns, etc.) for easier identification
in the scene. Circular 2D barcodes (Naimark and
Foxlin 2002), color-coded 3D markers (Mohring, Lessig,
and Bimber 2004), 3D-cones (Steinbis, Hoff, and Vin-
cent 2008), and libraries like ARToolKit (Kato and
Billinghurst 1999), ARTag (Fiala 2005), and ARToolK-
itPlus (Wagner and Schmalstieg 2007) are a few fidu-
cial markers that are widely used for AR applications.
Although they are easier to track, these fiducials need to
be placed in the environment, which may not be possible
(in industrial scenes) or desirable (aesthetically unpleas-
ant or a distraction).

The markerless methods detect natural features avail-
able in the scene. They identify specific key points that
are unique in their neighbourhood and create a fea-
ture. Hence, they are local in nature, and this makes
them invariant to scaling and rotation. Scale-invariant
feature transform (SIFT) (Lowe 1999, 2004) and speeded-
up robust features (SURF) (Bay, Tuytelaars, and Van
Gool 2006) are two of the most widely used markerless
methods for matching images of an object from differ-
ent viewpoints. Natural features like edge and texture
information (Vacchetti, Lepetit, and Fua 2004), edges and
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Figure 3. Visual depiction of the topics reviewed in detection.

corners (Park and Park 2010), lines with a 3D model
(Wuest, Vial, and Strieker 2005; Ababsa et al. 2008), SIFT
(Lee and Hollerer 2008; Wagner et al. 2008, 2009; Ha
et al. 2011; Teng andWu 2012), Ferns (Ozuysal, Fua, and
Lepetit 2007; Wagner et al. 2008, 2009), SURF (Takacs
et al. 2008) etc. have already been used for object detec-
tion in AR applications.

Usually, such point-based natural features like SIFT
and SURF are susceptible to failure in cases of vari-
ations in lighting, intrinsic parameters of the camera,
and motion blur. So, they were further developed as
Principal Components Analysis (PCA)-SIFT (Ke and
Sukthankar 2004) to make SIFT more robust to defor-
mations, Affine (A)SIFT (Morel and Yu 2009) to make
SIFT fully affine invariant, Global (G)SIFT (Mortensen,
Deng, and Shapiro 2005) for adding global characteris-
tics, Colored (C)SIFT (Abdel-Hakim and Farag 2006)
for incorporating color invariant attributes, and fully
affine invariant (Fair) SURF (Pang et al. 2012) to make
SIFT both fully affine invariant and computationally
efficient.

4.2. Limitations of current approaches for detection
in AR& potential for AI

Even after several improvements on the point-based nat-
ural features, their performance at image processing did
not portray significant improvement. They still failed in
the presence of occlusion, noise, clutter, distortions, and
variations in illumination characteristics. That can be
attributed to the following factors:

• Identification, modelling, and inclusion of all the fea-
tures is a formidable task. Every additional improve-
ment created a new feature descriptor, which also
lacked some other characteristics, e.g. CSIFT lacked

global contextual information, whereas GSIFT lacked
color attributes.

• Hand-crafted features have limited flexibility. They
have to be engineered for each class of images. That
amplifies the effort in feature engineering as the num-
ber of classes increases. Thus, it limits the design of a
generic object detection framework, thereby prevent-
ing their proliferation in AR applications.

ML-based approaches, although developed alongside
feature-based approaches, could not perform comparably
until the development of huge datasets and computa-
tional capacities. The new wave of ML techniques, under
the umbrella of DL, discarded the manual feature extrac-
tion step, and work directly with the raw images. The
CNNs, a class of DL, eliminated the need for feature engi-
neering in object detection. CNNs are capable of learning
all the essential features of the objects by themselves.
Moreover, state-of-the-art DL techniques are capable of
classifying and detecting awide variety of generic objects.

4.3. AI approaches for detection in AR

Mask Region-based CNN (R-CNN) (He et al. 2017) was
used for object detection and instance segmentation and
subsequent 3D annotation (Park et al. 2020). Its prac-
tical utility was studied in the case of the maintenance
and inspection of a 3D printer. You Only Look Once
(YOLO)9000 (Redmon and Farhadi 2017) was used for
detecting objects, and the exemplar-based Criminisi’s
method (Criminisi, Perez, and Toyama 2003) was used
for filling the void created by removing the object in case
of an inpainting application (Kim et al. 2018). The use of
ML eliminated the selection of the area to be removed
and replaced it with label selection. A CNN powered
by AlexNet (Krizhevsky, Sutskever, and Hinton 2012)
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was used in DeepAR (Akgul, Penekli, and Genc 2016)
for detecting 2D images of the target as part of the
camera-based trackingmechanism. SqueezeNet (Iandola
et al. 2016), trained on the pattern analysis, statisti-
cal modelling, and computational learning (PASCAL)
Visual Object Classes (VOC) (Everingham et al. 2010),
was implemented on a mobile device for constructing
a fast markerless indoor mobile AR system (Subakti
and Jiang 2018). Another fast markerless indoor mobile
AR system (Subakti and Jiang 2018) was powered by
MobileNet (Howard et al. 2017; Sandler et al. 2018) for
recognising different machines and retrieving machine
status in an indoor industrial setting. TheMobileNet clas-
sified the image and detected the boundary for labeling.
The AR application offered the user broad characteris-
tics of the machine when the user was far and detailed
machine information when the user was close.

4.4. Potential AI approaches for detection in AR

Most of the current work utilising DL techniques in AR
applications limits the utility of DL at detecting objects
using rectangular bounding boxes. However, DL offers
precise pixel-level details. The complete understanding
of a scene primarily consists of four tasks: image clas-
sification, object detection, semantic segmentation, and
instance segmentation, in the order of increasing fine-
grained inference (Garcia-Garcia et al. 2017; Wu, Sahoo,
and Hoi 2020). They are briefly discussed below.

4.4.1. Image classification
Image classification attributes the whole scene into a sin-
gle class or labels the scene using a single label. The NN
acts as an operator to attribute the whole scene to a sin-
gle class with a significantly higher probability than other
classes. Although image classification by itself does not
have significant importance inAR applications, it is a pre-
decessor to subsequent tasks of object detection and oth-
ers. The successful architectures in image classification
are adopted for all other tasks.

LeNet-5 (LeCun et al. 1998) was among the first
CNNs to taste success on a comparatively simple
Modified National Institute of Standards and Technol-
ogy (MNIST) dataset consisting of handwritten digits.
AlexNet’s (Krizhevsky, Sutskever, and Hinton 2012) suc-
cess in classifying the relatively complex and diverse
ImageNet database (Deng et al. 2009) triggered the
widespread adoption of CNNs for image classification. It
revolutionised the task of image classification by includ-
ing the rectified linear unit (ReLU) (Nair and Hin-
ton 2010) for improving training times, repeated blocks
of convolutional layers andmax-pooling layers, data aug-
mentation, dropout regularisation (Hinton et al. 2012) to

combat overfitting, softmax classifier, and parallel com-
puting. It was succeeded by VGG-Net (Simonyan and
Zisserman 2014), which endorsed the use of deeper net-
works, stacked convolutional layers, and smaller filters
with stride and transfer learning. GoogLeNet (Szegedy
et al. 2015) used inception modules consisting of parallel
convolutional layers with filters of different sizes to allow
multi-scale processing. ResNet (He et al. 2016) advocated
the use of extremely deeper networks to learn better fea-
tures and the use of additional residual connections for
mitigating the exploded computational expense.

Recurrent NNs (RNNs) have also been explored for
image classification (Visin et al. 2015) as an alterna-
tive to CNNs. SqueezeNet (Iandola et al. 2016) based
on AlexNet, MobileNet (Howard et al. 2017) based
on depth-wise separable convolutions, and ShuffleNet
(Zhang et al. 2018) based on channel shuffling and point-
wise group convolutions are a fewmore CNNs developed
for edge devices that have performance comparable to the
state-of-the-art architectures.

4.4.2. Object detection
In addition to classifying the image (or video frame) for
(an) object(s), the object detection task also has to localise
it. Usually, the DL techniques detect approximate bound-
aries and bound the detected objects using rectangular
bounding boxes. Most object detection algorithms can
be broadly categorised into two classes: multi-stage and
single-stage.

4.4.2.1. Multi-stage approach. This is a traditional
approach where a set of candidate bounding boxes
(region proposals) are generated first. The features are
extracted from those boxes using a CNN. And then, the
proposed regions are classified into different categories
for labeling them.

R-CNN (Girshick et al. 2014) was the first success-
ful attempt at object detection. It integrated selective
search (Uijlings et al. 2013) for region proposal with
AlexNet (Krizhevsky, Sutskever, and Hinton 2012) for
feature extraction, and a Support Vector Machine (SVM)
for classification. Its multi-stage training pipeline needed
separate training for each stage. Thus, it was slow, and
the overall optimisationwas difficult. Hence, it was devel-
oped into Fast R-CNN (Girshick 2015) to jointly train
for classification and regression of the bounding boxes. It
also supported parameter sharing. However, the external
region proposal by the selective search was still a bottle-
neck. It was replaced by a region proposal network (RPN)
based on a Fully Convolutional Network (FCN). That
gave birth to Faster R-CNN (Ren et al. 2015), a completely
end-to-end trainable CNN-based framework with near
real-time performance.
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Spatial Pyramid Pooling (SPP)-Net (He et al. 2015),
Feature Pyramid Network (FPN) (Lin et al. 2017),
Region-based FCN (R-FCN) (Dai et al. 2016), Mask
R-CNN (He et al. 2017) etc. are a few more architectures
for object detection that follow a multi-stage approach.
Although accurate, all these multi-stage approaches are
expensive in space and time. That limits their efficacy in
AR applications which call for real-time performance.

4.4.2.2. Single-stage approach. In a single-stage appro
ach, both the location of the objects and the class prob-
abilities are predicted from the full image using a single
CNN.

Overfeat (Sermanet et al. 2013), based on FCNs, was
the first single-stage object detector that received signifi-
cant recognition. It had sub-par accuracy compared to R-
CNN (Girshick et al. 2014). YOLO (Redmon et al. 2016)
divides the image into a G × G grid. Each cell has to
predict the object in the cell. Each of those grid cells
predicts b bounding box locations and c class probabil-
ities. YOLO directly predicted the bounding boxes and
associated probabilities from the pixels. YOLO show-
cased outstanding real-time performance of 45 Frames
Per Second (FPS), and a miniature version referred to
as ‘Fast YOLO’ (Redmon et al. 2016) offered 155 FPS.
YOLO was further developed as YOLO9000 (Redmon
and Farhadi 2017) for detecting more than 9000 object
categories, and as YOLOv3 (Redmon and Farhadi 2018)
for improving speed and accuracy. However, because of
the coarse grid structure, and as each of the cells can only
be attributed to one class, YOLO was unable to prop-
erly detect small objects which may be present in groups.
To overcome these shortcomings, Single-Shot Detector
(SSD) (Liu et al. 2016) was developed. SSD consolidated
concepts from YOLO, multi-scale convolutional features
(Hariharan et al. 2016) and RPN from R-CNN (Girshick
et al. 2014) for faster detectionwithout compromising the
accuracy of detection.

AttentionNet (Yoo et al. 2015), G-CNN (Najibi, Raste-
gari, and Davis 2016), Multibox (Erhan et al. 2014),
Deconvolutional SSD (DSSD) (Fu et al. 2017), Deeply
Supervised Object Detector (DSOD) (Shen et al. 2017)
etc. are few other single-stage object detectors.

4.4.3. Semantic segmentation
Unlike classification and detection, in which a group of
pixels is attributed to a single class, semantic segmentation
attributes each pixel to a particular class. The DL learns
a pixel-wise classifier. Semantic segmentation identifies
almost precise pixel-level boundaries of the objects.

FCN (Long, Shelhamer, and Darrell 2015), built upon
state-of-the-art image classification models like AlexNet
(Krizhevsky, Sutskever, and Hinton 2012), VGG16

(Simonyan and Zisserman 2014), and GoogLeNet (Szeg
edy et al. 2015), replaced the final fully-connected
layer with fully-convolutional layers. Although it was
quite successful, it lacked global contextual informa-
tion, instance awareness, and real-time performance.
Encoder-decoder variants referred to as semantic pixel-
wise segmentation network (SegNet) (Badrinarayanan,
Kendall, and Cipolla 2017) and U-Net (Ronneberger,
Fischer, and Brox 2015) were also developed, where a
set of upsampling and deconvolutional layers preceded
the final softmax classifier which is used for predicting
pixel-wise class probabilities. Dilated convolutions were
used to aggregate multi-scale contextual information (Yu
and Koltun 2015; Chen et al., “DeepLab,” 2017; Paszke
et al. 2016; Wang et al., “Understanding Convolution,”
2018). As the convolutional filters operate at a partic-
ular scale, and hence the extracted features are limited
to that scale, multi-scale networks were developed. The
multi-scale networks usemultiple networks targeting dif-
ferent scales and fuse the individual outputs to produce
the final output (Eigen and Fergus 2015; Bian, Lim, and
Zhou 2016; Roy and Todorovic 2016; Zhao et al. 2017).
ParseNet (Liu, Rabinovich, and Berg 2015) concatenated
global features from a preceding layer to the local fea-
tures of a succeeding layer. RNNs have also been utilised
to capture the short- and long-spatial relationships in
ReSeg (Visin et al. 2016) and other works (Pinheiro and
Collobert 2014; Byeon et al. 2015). Adversarial networks
have also been explored for semantic segmentation (Luc
et al. 2016; Souly, Spampinato, and Shah 2017; Hung
et al. 2018). The Efficient NN (ENet) (Paszke et al. 2016)
developed using dilated convolutions for semantic seg-
mentation offers good real-time performance. It is a
promising solution for AR.

4.4.4. Instance segmentation
Instance segmentation is themost advanced state of scene
understanding, which requires differentiating different
instances of the same object in addition to semantic seg-
mentation. Lack of knowledge of the number of instances
of a particular object in the scene makes it more diffi-
cult than other tasks. It is a partially solved problem and
requires significant further research. Successful instance
segmentation can offer information about occlusion that
can help in AR-assisted precise robotic pick-and-place
applications among several other applications.

Simultaneous Detection and Segmentation (SDS)
(Hariharan et al. 2014), built upon R-CNN (Girshick
et al. 2014), is one of the first significant attempts at
instance segmentation. Mask R-CNN (He et al. 2017)
added a third output to Faster R-CNN (Ren et al. 2015)
to compute the binary mask for segmentation in addi-
tion to two other outputs: bounding box offset and class



16 C. K. SAHU ET AL.

Figure 4. Visual depiction of the topics reviewed in tracking.

label. Mask Labeling (MaskLab) (Chen et al. 2018), based
on Faster R-CNN (Ren et al. 2015), produces three out-
puts: box detection, direction prediction, and semantic
segmentation. The direction prediction estimates each
pixel’s direction towards its center and hence assists in
separating instances of the same class. Path Aggrega-
tion Network (PANet) (Liu et al. 2018), based on FPN
(Lin et al. 2017) and path augmentation, was also devel-
oped. Mask R-CNN (He et al. 2017), boundary-aware
instance segmentation (Hayder, He, and Salzmann 2017),
MaskLab (Chen et al. 2018), and PANet (Liu et al. 2018)
produce instances with bounding boxes, not pixel-wise
segmentations.

Amulti-task network cascade (Dai, He, and Sun 2016)
consisting of three networks was developed for instance-
aware semantic segmentation. The three networks were
dedicated to differentiating instances, categorising obje
cts, and estimating masks. In addition to multi-task net-
work cascade, TensorMask (Chen et al. 2019), DeepMask
(Pinheiro, Collobert, and Dollár 2015), and SharpMask
(Pinheiro et al. 2016) predict pixel-wise instance segmen-
tation.

4.5. Conclusion

Object detection and its allied tasks have seen unprece-
dented success with the advent of DL. Their performance
has surpassed that of classical feature-based approaches.
Currently, object detection is mostly considered to be
a solved problem because of DL. However, the object
detection task in AR-assistedmanufacturing applications
is still mostly dominated by fiducial markers. More-
over, most of the existing work using DL techniques in
AR-assisted manufacturing limit DL for object detec-
tion for simpler augmentations like rectangular bound-
ing boxes to localise (Abdi andMeddeb 2017; Subakti and
Jiang 2018) or annotate (Rao et al. 2017; Park et al. 2020)
the identified objects. Advanced pixel level and instance-
aware techniques are yet to be adopted into AR-assisted
manufacturing applications.

5. Tracking

Detection can lead to an estimation of the pose of the
camera in a static scene. In reality, no interactive envi-
ronment is static. Even minute movements of the camera
alter the viewpoint and disturb the alignment between
the virtual and real content. Objects in the scene can
also be under motion. So, tracking is essential to esti-
mate the pose of the camera in real-time. An effective
tracker needs to be accurate within fractions of a mil-
limetre in distance and degrees in orientation. It has to be
quick enough tomaintain temporal coherency. The com-
bined latency of the tracker and the renderer has to be low
enough tomaintain sensible registration. Figure 4 depicts
the organisation of the discussed tracking techniques.

5.1. Current approaches for tracking in AR

The classical approaches of tracking can be broadly be
split into feature-based and model-based. The feature-
based approaches use feature descriptors of the current
images of the object to match it with the reference image.
Techniques like mean shift (Comaniciu, Ramesh, and
Meer 2000; Comaniciu and Meer 2002; Zhou, Yuan,
and Shi 2009), keypoint tracking by matching the point
neighbourhood (Lowe 2004), homography (Benhimane
and Malis 2007), differential tracking like the Lucas-
Kanade (LK) algorithm (Lucas and Kanade 1981) etc.
are used to match the feature descriptors. However, such
feature-based methods are not effective under occlu-
sions and changes in illumination. Sum of conditional
covariance (Rogério et al. 2011), M-estimation (Com-
port, Marchand, and Chaumette 2003), local normalised
correlation (Irani and Anandan 1998), and maximisa-
tion of mutual information (Viola andWells 1997; Panin
and Knoll 2008; Dame and Marchand 2010) are a few
techniques to increase the robustness of feature-based
methods.

Virtual visual servoing (VVS) with M-estimator was
used for real-time tracking of circles, lines, and spheres
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in a monocular video see-through (VST) system (Com-
port, Marchand, and Chaumette 2003). Visual servo-
ing with Lie algebra of affine transformations (Drum-
mond and Cipolla 1999) was used in a model-based
tracker that used edge features (Reitmayr and Drum-
mond 2006). Multi-stage optical flow estimation (Neu-
mann andYou 1998)was used to track both fiducials (col-
ored circles and triangles (Neumann and Cho 1996)) and
natural features (e.g. textures and corners) (Park, You,
andNeumann 1999).Multiple tracking hypotheses based
on the moving edges algorithm (Bouthemy 1989) were
retained for robust estimation in Vacchetti, Lepetit, and
Fua (2004) and Wuest, Vial, and Strieker (2005), instead
of one like those in Drummond and Cipolla (2002)
and Marchand, Bouthemy, and Chaumette (2001). The
tracking algorithm discussed by Vacchetti, Lepetit, and
Fua (2004) can track both textured and non-textured
objects as they combine both edges and feature points.
Point features extracted using Features from Accelerated
Segment Test (FAST) corner detector were tracked by
tracking-by-synthesis approach (Simon 2011), where the
points were matched using normalised cross-correlation.
Real-time Attitude and Position Determination (RAPiD)
(Harris 1993) was a popular markerless 3D tracking
system.

The model-based approaches use a 3D model of the
object (Lowe 1991; Drummond and Cipolla 2002; Com-
port et al. 2006). From a bird’s eye view, the model-
based approaches minimise the error between the fea-
tures extracted from the current image and the projection
of the 3D model. Ordinarily, they minimise the distance
between the points of the image and the projection of the
3D lines (Uchiyama andMarchand 2012). Edges are used
widely due to their computational efficiency and robust-
ness against changes in lighting. Both non-linear optimi-
sation methods (e.g. VVS (Comport et al. 2006), iterative
reweighted least squares (Drummond and Cipolla 2002))
andBayesianmethods (e.g. particle filter (Klein andMur-
ray 2006; Pupilli and Calway 2006)) were used for solving
the minimisation problem.

Multiple objects were tracked using image retrieval
and online SfM (Kim, Lepetit, and Woo 2010). SLAM
(Bailey and Durrant-Whyte 2006; Durrant-Whyte and
Bailey 2006) has been the most significant breakthrough
in tracking applications. It can track the location of the
agent (e.g. robot, camera) in unknown environments, in
addition to creating a map of the environment using nat-
ural features. Its widespread adoption can be attributed
to the elimination of the requirement of prior informa-
tion like maps or Computer-Aided Design (CAD) mod-
els. SLAM was used for annotating unknown environ-
ments (Reitmayr, Eade, and Drummond 2007; Reitmayr
et al. 2010) in addition to tracking. It was also used

in wearable and handheld cameras (Castle et al. 2007).
It was further developed as parallel tracking and map-
ping (PTAM) (Klein and Murray 2007) and Oriented
FAST and Rotated Binary Robust Independent Elemen-
tary Features (BRIEF) (ORB)-SLAM (Mur-Artal, Mon-
tiel, and Tardos 2015) for various applications.

5.2. Limitations of current approaches for tracking
in AR& potential for AI

The optimisation methods necessary for tracking are
prone to failure in cluttered environments, which hinders
the matching process. In Bayesian approaches, ensuring
a fair representation of all possible candidate poses is
a challenging task due to the huge number of possible
poses.

As a whole, the classical approaches of tracking have
the following shortcomings:

• Complex scenes involving multiple dynamic objects,
variations in illumination, and motion blur are dif-
ficult to model. Moreover, the tracked objects may
undergo partial or full occlusion. Capturing the vari-
ations and impacts of occlusion still remains a hurdle
in traditional approaches of tracking.

• The combinatorial complexity of traditional Multi-
ple Object Tracking (MOT) algorithms (e.g. mul-
tiple hypothesis tracking (MHT) (Reid 1979) and
joint probabilistic data association filters (Bar-Shalom,
Fortmann, and Cable 1990; Hamid Rezatofighi et al.
2015)) explode exponentially as the number of tracked
objects increases. So, their complexity renders them
ineffective for real-time tracking of multiple objects.

The elimination of hand-crafted features to design
trackers that are robust against occlusion and variations
in the object attributes makes DL-based techniques bet-
ter than the conventional ones. Moreover, the complex-
ity of the DL-based trackers is not proportional to the
number of tracked objects in the scene. Together, these
advantages make DL-based trackers a wise choice for AR
applications.

5.3. AI approaches for tracking in AR

To the best of our knowledge, there is not a single research
work that uses AI in the tracking component of AR-
assisted manufacturing. The only instance of AR that
uses AI-based tracking is a DCNN. The DCNN was
used for temporal tracking of the 6-Degrees of Free-
dom (DoF) pose of an object for superimposing the vir-
tual model of the object on the real object using two
frames of inputs (Lalonde 2018). It was more resistant
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to occlusions. DL-based tracking techniques have not
received the deserved attention. This opens up the pos-
sibility for radical applications of DL-based trackers for
adoption into AR-assisted manufacturing applications.

5.4. Potential AI approaches for tracking in AR

From a functional viewpoint, we split the tracking meth-
ods into two parts: single object tracking (SOT) and
MOT, depending on the number of objects being tracked.
Although tracking a single object is sufficient to estimate
the camera pose, SOTs are prone to failure in case of
occlusion or insignificant relative motion between the
tracked object and the camera. In the case of occlu-
sion, the camera pose can be estimated by tracking other
objects that are not occluded. That makes MOTs a bet-
ter choice. From a technical perspective, the tracking
approaches can be categorised into detection and track-
ing (Wagner et al. 2008; Pilet and Saito 2010) and tracking
by detection (Lepetit and Fua 2006; Ozuysal et al. 2009).
In detection and tracking, the object in the current frame
is detected. Its instances in the future frames are tracked
using a tracking algorithm. Tracking by detection detects
the object in every frame and tracks it using associa-
tion techniques. It does not utilise the location infor-
mation from the previous frames. As the detection and
tracking methods utilise the information from the past
frames, they are computationally inexpensive and are
quicker than tracking by detection-based methods. How-
ever, detection and tracking methods are prone to failure
in the presence of multiple similar objects, or in cases
which affect the visibility of the tracked object (e.g. under
occlusion or instances where the tracked object moves
beyond the Field Of View (FOV) of the camera). Due to
the presence of numerous unknown objects, which calls
for extraction of unknown features, MOT tasks are heav-
ily dominated by tracking by detection approaches. Most
of the SOT tasks use detection and tracking approaches
as the initial bounding box for the target object can be
prescribed or estimated.

5.4.1. Single object tracking
Discriminative correlation filter (DCF) based approa
ches, which exploit properties of circular correlations,
used to dominate most of the tracking benchmarks in
terms of accuracy and robustness. Further improve-
ments of DCF-based approaches for increasing the track-
ing speed reduced the accuracy significantly (Bolme
et al. 2010). So, pre-trained CNNs were appended to
increase their performance. DCF-based methods needed
large models and had a huge number of parameters.
Thus, they were prone to overfitting. Efficient Convolu-
tion Operators (ECO) (Danelljan et al. 2017) introduced

factorised convolution operators to reduce the number
of parameters, a conservative update strategy to increase
robustness, and a compact generative model to reduce
complexity. Multi-Domain Network (MDNet) (Nam and
Han 2016) and structured output deep learning tracker
(SO-DLT) (Wang et al., “Transferring Rich Feature,”
2015) are a few early DL methods to utilise CNNs for
tracking. They were limited by real-time performance.
Successive networks like DeepSRDCF (Spatially Reg-
ularised Discriminative Correlation Filters) (Danelljan
et al. 2015) and fully convolutional network based tracker
(FCNT) (Wang et al., “Visual Tracking,” 2015) used
shallow networks to process pre-trained CNNs as fea-
tures to improve their performance. The first fully con-
volutional Siamese network for tracking, SiamFC, was
powered by AlexNet (Krizhevsky, Sutskever, and Hin-
ton 2012) and had a cosine window for temporal con-
straints (Bertinetto et al. 2016). SiamFC had poor gen-
eralisation capability and its performance degraded if the
target experienced significant changes to its appearance.
Semantic appearance Siamese network (SA-Siam) (He
et al. 2018b), inspired from ensemble trackers, branched
into an appearance branch and a semantic branch. Each of
the branches was a Siamese network. The networks were
trained separately and were fused after computing the
similarity scores. It offered comparatively better real-time
performance.

Most of the prior Siamese networks like SiamFC
(Bertinetto et al. 2016), Siamese INstance search Tracker
(SINT) (Tao, Gavves, and Smeulders 2016), SA-Siam (He
et al. 2018b), and SiameseRPN (SiamRPN) (Li et al. 2018)
used shallow networks like AlexNet (Krizhevsky, Sutske
ver, and Hinton 2012). Despite replacing the shallower
AlexNet foundation with deeper networks like ResNet
(He et al. 2016) or GoogLeNet (Szegedy et al. 2015),
the performance of the network did not improve signifi-
cantly. The authors of SiamFC+, SiamRPN+ (Zhang and
Peng 2019), and SiamRPN++ (Li et al., “Siamrpn++,”
2019) identified two reasons for the limited perfor-
mance: (1) deeper networks restricted the translation
invariance; and (2) the network padding used in deeper
networks induced a positional bias in the learning.
It hindered the object relocalization. SiamFC+ and
SiamRPN+ (Zhang and Peng 2019) were equipped with
a set of cropping-inside residual (CIR) units, and those
CIR units were stacked to create deeper and wider net-
works. SiamRPN++ (Li et al., “Siamrpn++,” 2019)
was trained using a spatially aware sampling strategy to
facilitate spatial invariance. It incorporated a multi-layer
aggregation module and a depth-wise correlation layer
on top of SiamRPN (Li et al. 2018). SiamRPN++ (Li
et al., “Siamrpn++,” 2019) could achieve 35 FPS with a
ResNet-50 (He et al. 2016) backbone and 70 FPS with a
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MobileNet (Howard et al. 2017) backbone. The Siamese
networks were further developed as a Distractor-aware
SiameseRPN (DaSiamRPN) (Zhu et al. 2018) for improv-
ing robustness against occlusion and clutter, memory
networks (Yang and Chan 2018) using Long Short-Term
Memory networks (LSTMs) to capture the variation of
the target’s appearance, the Siamese better match net-
work (Siam-BM) (He et al. 2018a) to handle rotations,
Dynamic Siamese network (DSiam) (Guo et al. 2017) to
learn background suppression and variation in the target
appearance, and Residual Attentional Siamese Network
(RASNet) (Wang et al., “Learning Attentions,” 2018) to
enhance discriminative power and reduce overfitting.

The networks like SiamFC (Bertinetto et al. 2016), SA-
Siam (He et al. 2018b), and SiamRPN (Li et al. 2018)
track the target object using axis-aligned rectangular
bounding boxes. Although the rectangular bounding box
is efficient, it is far from an accurate representation of
the object. Moreover, for AR applications where the
pose of the object is necessary, a rectangular bound-
ing box does not meet the necessity. SiamMask (Wang
et al. 2019) produced both rotating bounding boxes and
object segmentation masks at 55 FPS by including two
more tasks of bounding box regression using an RPN
(Ren et al. 2015; Li et al. 2018) and class agnostic binary
segmentation (Pinheiro, Collobert, and Dollár 2015) in
addition to the usual similarity metric of the Siamese
networks. More importantly, SiamMask can estimate the
binary segmentation masks from a boundary box initial-
isation. SiamMask_E (Chen and Tsotsos 2019) improved
the bounding box fitting process by fitting an ellipse to
estimate the size and angle of rotation of the bounding
box.

Pure DL-based algorithms still have a long way to
go to meet the expected performance in tracking prob-
lems. They are not as successful as they are in object
detection. Although Siamese networks are quite promis-
ing and are successful, they could not fully own the stage
of visual object tracking challenge (VOTC) 2018 (Kris-
tan et al. 2018) and 2019 (Kristan et al. 2019). Siamese
networks shared the stage of VOTC 2019with algorithms
based onDCFs for short-term,2 long-term3 as well as real-
time4 tracking. Most of the successful trackers in VOTC
2019 used CNNs for object localisation. Instead of clas-
sical DCFs, CNN-based formulation of DCFs was widely
used. The successful Siamese trackers used Siamese cor-
relation filters. Many networks combined characteristics
of both Siamese networks andDCFs. Unlike VOTC 2018,
the best VOTC 2019 trackers (except FuCoLot in long-
term tracking) did not use hand-crafted features. The top
trackers relied on a deeper ResNet backbone. The future
trackers seem to be deeper hybrid networks utilising
concepts from both Siamese networks and DCFs.

5.4.2. Multiple object tracking
MOT algorithms have to detect and track multiple
objects without prior information about the number of
target objects and their appearance. The detected objects
in MOT have to be tagged for proper identification. In
addition to occlusion and interaction among the objects,
inter-class similarity and intra-class variation make the
MOT task quite challenging. Most DL-based MOT algo-
rithms use the tracking by detection approach because of
the number of unknown objects. In a tracking by detec-
tion framework, there are two tasks: detecting themoving
object in every frame and tracking them by associat-
ing the instances of the same object in each frame. So,
holistically, tracking is a spatio-temporal task.

Before the advent of DL techniques in object detec-
tion, the detection task was the bottleneck of tracking
applications. After the success of DL techniques in object
detection, many trackers used state-of-the-art DL-based
detectors to detectmultiple objects. So, simple online and
real-time tracking (SORT) (Bewley et al. 2016) included
faster R-CNN (Ren et al. 2015) for detecting multi-
ple objects. It employed Kalman filters (Kalman 1960)
for motion prediction and the Hungarian method
(Kuhn 1955) for data association. To capture the tem-
poral information of the videos, the spatial features
extracted by SSD (Liu et al. 2016) were fed to LSTMs
for regressing and classifying locations of the objects in
addition to associating the features of the objects across
the frames (Lu, Lu, and Tang 2017). Kieritz, Hubner,
and Arens (2018) jointly detected and tracked multi-
ple objects using an integrated network of SSD and
RNNs. An end-to-end trainable enhanced Siamese net-
work (Kim, Alletto, and Rigazio 2016) was used to extract
appearance and temporal geometric information for sup-
porting tracking.

In addition to detection, data association is an impor-
tant task for tracking applications. Occlusion, dras-
tic variation in appearance or motion, and interac-
tions of the objects impede data association. Fail-
ure in data association leads to fragmentation of the
tracks, misidentification of the objects, etc. Tradition-
ally, clique graphs (Zamir, Dehghan, and Shah 2012),
global optimisation (Zhang, Li, and Nevatia 2008;
Berclaz et al. 2011), discrete-continuous optimisation
(Andriyenko, Schindler, and Roth 2012), object re-
identification (Kuo and Nevatia 2011) etc. were used
for data association. These traditional approaches are of
discrete combinatorial complexity. So, to improve the
data association in the case of MHT, MHT was com-
bined with bi-linear LSTMs (Kim, Li, and Rehg 2018) to
incorporate motion and appearance models and LSTM-
CNNs (Chen, Peng, and Ren 2018) to handle long
temporal variations in the object. Further, only RNNs
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were utilised in three blocks for motion prediction, state
update, and track management (initiation and termi-
nation) for online MOT (Milan et al. 2017). Although
it was quicker (≈165 FPS), its accuracy was sub-par.
Multiple LSTM models were used for learning position,
velocity, and appearance features in MOT (Liang and
Zhou 2018). However, LSTMs are known to fail at fully
capturing the temporal information across the frames,
as tracking is a spatio-temporal task. So, leveraging both
CNNs and LSTMs is quite intuitive. Thus, an RNN-based
appearance model built upon a CNN was used for MOT
(Sadeghian, Alahi, and Savarese 2017). The appearance
model was supplemented with motion and object inter-
action models based on LSTMs. State-of-the-art Siamese
networks were combined with LSTMs to capture the
appearance, motion, and velocity cues for MOT (Wan,
Wang, and Zhou 2018). The tracks were initialised using
traditional methods (Kalman filters (Kalman 1960) with
Hungarian methods (Kuhn 1955) and LK optical flow
(Lucas and Kanade 1981) with Intersection-over-Union
(IoU) distance computation) for feeding into the LSTMs.

The data association task can also be solved by esti-
mating a similarity score among different frames by
using CNNs only. Siamese networks, which are highly
successful in SOT, have become the de facto choice to
compute the similarity score. A Siamese CNN and an
appearance-based tracklet affinity model were jointly
learned for increasing the robustness against track frag-
mentation and identity switching (Wang et al. 2016).
Spatio-temporal descriptors learned from a Siamese
CNN were combined with gradient boosting to asso-
ciate the image patches (Leal-Taixé, Canton-Ferrer, and
Schindler 2016). It was validated using linear program-
ming. Spatio-temporal motion features were added to
a Feature Pyramid Siamese Network (FPSN) to supple-
ment the similarity in appearance information of the
Siamese networks with motion information (Lee and
Kim 2018). Additionally, reinforcement learning (Ren
et al. 2018; Rosello and Kochenderfer 2018) and autoen-
coders (AEs) (Wang et al. 2014) have been explored for
MOT applications.

5.5. Conclusion

Most of the MOT tasks focus on tracking vehicles (in
autonomous driving applications e.g. KITTI (Geiger,
Lenz, and Urtasun 2012; Geiger et al. 2013), traffic scenes
(Wen et al. 2015)), or people5 (pedestrians in crowded
places or on the street). AR applications, in general, and
in manufacturing applications, focus on generic MOT.
So, generic MOT still needs considerable focus as the
premise of the two problems are quite different. Track-
ers for tracking pedestrians or vehicles have to mostly

capture the intra-class variations, which need not be the
case in generic MOT. Generic MOT lays almost equal
emphasis on both intra- and inter-class variations. The
SOT datasets include tracking of generic objects (e.g.
VOTC 20206, object tracking benchmark (Wu, Lim, and
Yang 2013)). The most important reason for the lack of
attention in genericMOT is the unavailability of germane
datasets; the first generic MOT dataset was developed in
2020 (Dave et al. 2020) with labeled bounding boxes. We
expect genericMOT to gain significantmomentum in the
future. Thatwill expedite the development ofAR tracking
technologies in general and in manufacturing applica-
tions. Additionally, state-of-the-art SOTs like SiamMask
(Wang et al. 2019) and SiamMask_E (Chen and Tsot-
sos 2019) can track segmentation masks, whereas MOT
methods are still exclusively using axis-aligned rectangu-
lar bounding boxes to track objects.

6. Camera pose estimation

The ultimate goal of both detection and tracking is to
estimate the camera pose. Both detection and tracking
produce information about the pose of the object, from
which the pose of the camera can be estimated. The trans-
formation from the pose of the object to the camera is
termed pose estimation. In general, pose estimation is the
process of estimation of the position and orientation of
the camera from the scene. Pose estimation is different
from visual place recognition in the sense that visual
place recognition offers the topological location without
the exact position, whereas pose estimation offers both
global position and orientation of the camera. A precise
6-DoF pose of the camera is essential for a realistic blend
of virtual content. The pose estimation techniques can be
broadly categorised as shown in Figure 5.

6.1. Current approaches for camera pose
estimation in AR

As the camera pose consists of six independent param-
eters, ideally, three points (P3P - Pose estimation from
3 points) should suffice. However, the solution involves
a quartic polynomial. That calls for an additional point
to disambiguate the results. However, multiple point cor-
respondence (PnP - pose estimation from n points) is
preferred, as the accuracy of the estimated pose increases
with the number of point correspondences. The over-
constrained pose estimation problem gets transformed
into an optimisation problem. Techniques like DLT
and pose from orthography and scaling with iterations
(POSIT) (Dementhon and Davis 1995) can solve the
optimisation problem. DLT can find the complete pro-
jection matrix, which consists of both camera intrinsics
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Figure 5. Visual depiction of the topics reviewed in camera pose estimation.

and extrinsics, by solving the linear system of equations
using Singular Value Decomposition (SVD). However,
estimating only the extrinsics yields better results in 3D
tracking. If the internal parameters are known, the for-
mulation becomes over-parametrised; this reduces sta-
bility. POSIT is an iterative process, which has become
a standard method to solve the PnP problem. Although
it does not need any initialisation, it is sensitive to noise
and is unsuitable for coplanar points. Homography (Ben-
himane and Malis 2007) can be used for estimating the
pose from coplanar points. In the case of noisy data, the
camera pose is estimated byminimising the sumof repro-
jection errors. That requires an iterative optimisation
scheme, which again needs an initialisation. If the total
error is linear, linear least squares or iterative re-weighted
least squares can be used. If the total reprojection error
is non-linear, Gauss-Newton or LM algorithm can be
employed. The pose increment in LM includes an addi-
tional stability factor. If the stability factor is small, LM
imitates the Gauss-Newton algorithm. If the stability fac-
tor is large, the LM behaves like gradient descent (Lepetit
and Fua 2005). As pose estimators face a large number
of outliers from the images, Random Sample Consen-
sus (RANSAC) (Fischler and Bolles 1981), Progressive
Sample Consensus (PROSAC) (Chum and Matas 2005),
or M-estimators (like Huber estimator (Huber 1992),
Tukey estimator (Rousseeuw and Leroy 2005)) can be
used for improving the robustness. M-estimators need an
initial pose estimate, whereas RANSAC lacks precision.
Additionally, Bayesian techniques like Kalman filters and
particle filters can also be utilised for pose estimation.

Numerous works used classical methods to estimate
the pose of the camera in AR applications. A particle fil-
tering framework was used for estimating the pose of a
handheld camera for real-time AR applications (Ababsa
and Mallem 2011). It tracked both point and line fea-
tures. Extended Kalman filter (EKF) was employed to
estimate the camera pose from square-shaped fiducials
(Maidi et al. 2010). Four points were matched to esti-
mate the initial pose. Orthogonal iteration algorithm (Lu,
Hager, and Mjolsness 2000) was utilised to estimate the

camera pose from square fiducial markers (Ababsa and
Mallem 2004). POSIT (Dementhon and Davis 1995) was
used to calculate the pose of a camera from binocular
images and retro-reflective markers in a stereo-vision
system (Dorfmüller 1999). POSIT for coplanar points
(Oberkampf, DeMenthon, and Davis 1996) was used
along with RANSAC for determining the pose of the
camera in a markerless mobile AR system for geovisuali-
sation (Schall et al. 2008). POSIT was also used by Bleser,
Pastarmov, and Stricker (2005) with RANSAC, and with
Tukey estimator by Lepetit et al. (2003) for AR applica-
tions. A non-iterative PnP algorithm (Moreno-Noguer,
Lepetit, and Fua 2007) with RANSAC was utilised for
approximating the camera pose from keyframes (Park,
Lepetit, and Woo 2008). P3P with RANSAC was used
to find the 3D camera pose from natural features in an
HMD. P5P was used with RANSAC to estimate the cam-
era pose relative to the user’s hand in a tabletop AR setup
(Lee and Hollerer 2008).

6.2. Limitations of current approaches for camera
pose estimation in AR& potential for AI

The classical approaches are plagued by a few
limitations:

• Despite the popularity of classical approaches, they
lack robustness. Large changes in viewpoint (e.g. at
corners of buildings/machines), variation in illumina-
tion, textureless scenes, motion blur, etc. deteriorates
their performance. They are unable to find accurate
matching points in all scenarios.

• The computational complexity of the SfM based
approaches grows with the size of the model. With
larger models, the proportion of outliers increases
considerably. Although RANSAC-like algorithms can
be used to increase robustness, computational expense
shoots high in the presence of a large number of out-
liers. Moreover, RANSAC does not have a constant
runtime at inference.
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On the other hand, as DL-based techniques do not
require engineered features, and they can be trained to
be robust against changes in illumination, perspective,
and others. The complexity of DL techniques remains
relatively constant. Unlike RANSAC, the performance of
DL remains consistent at runtime. Additionally, Kendall,
Grimes, and Cipolla (2015) showed that monocular
images have a one-to-one (injective) relationshipwith the
pose of the camera. So, while the classical approaches
have to follow a sequential approach of detection, track-
ing, and pose estimation, DL can directly infer the pose
from the RGB images by skipping the detection and
tracking tasks.

6.3. AI approaches for camera pose estimation in AR

To the best of our knowledge, there is not a sin-
gle instance of research work that uses AI to estimate
the pose of the camera in AR-assisted manufactur-
ing applications. The only work that used AI trained
a CNN using RGB images for fine-tuning the coarse
pose acquired from a consumer-gradeGlobal Positioning
System (GPS)/Inertial Measurement Unit (IMU) (Wang
et al., “DeLS-3D,” 2018). They used RNNs to learn the
temporal correlation of the pose. To the best of our
knowledge, neither their work nor any other work in AR
used RGB images for directly estimating the pose from
images.

6.4. Potential AI approaches for camera pose
estimation in AR

PoseNet (Kendall, Grimes, and Cipolla 2015) conceived
the idea of directly estimating the 6-DoF pose includ-
ing the depth and out-of-plane rotation of a monocular
camera in real-time directly from a single RGB image
by using a pre-trained GoogLeNet (Szegedy et al. 2015).
For training, it used SfM to label the camera pose for
each frame in the video. It was robust to variations
in lighting, motion blur, and camera intrinsics as it
localised the camera pose from deep features. More-
over, it was fast (5ms/frame) and had a low memory
footprint. However, its accuracy in both outdoor (2m
and 6◦) and indoor (0.5m and 10◦) settings was poorer
than feature-based state-of-the-art methods. Efforts at
increasing the accuracy of PoseNet included incorporat-
ing a geometric loss function (Kendall and Cipolla 2017)
and a Bayesian CNN (MacKay 1992) to model the uncer-
tainty (Kendall and Cipolla 2016). PoseNet was prone to
overfitting. Although it used dropout regularisation to
overcome overfitting, its accuracy did not improve. So,
the final 2048-dimensional fully connected layer of the
CNN was fed to an LSTM to reduce the dimensionality

of the feature vector (Walch et al. 2017). Additionally,
alternative architectures like VGG-Net (Naseer and Bur-
gard 2017) and BranchNet (Wu, Ma, and Hu 2017) that
split the GoogLeNet into two branches for learning the
high-level features of translation and orientation have
also attempted to estimate the camera pose.

Even after several architectural modifications, the DL-
methods were not able to achieve performance compa-
rable to the classical methods. The reason was identified
as the limited capacity of the model to learn the 3D
structural connections and constraints from monocular
images. So, auxiliary learningmethods were employed by
Valada, Radwan, and Burgard (2018) to improve camera
localisation. The primary task of camera localisation was
supplemented with the auxiliary task of visual odome-
try in visual localisation and odometry network (VLoc-
Net) (Valada, Radwan, and Burgard 2018). It used both
a global pose regression network and a Siamese (based
on ResNet (He et al. 2016)) relative pose estimation net-
work. VLocNet++ (Radwan, Valada, and Burgard 2018)
learned the odometry and semantic segmentation of the
scene as auxiliary tasks.

The absolute pose of the camera is dependent on
the global coordinate frame. Constructing a generic DL
model to learn the camera pose from all scenes is chal-
lenging, as every scene has a different coordinate sys-
tem. A model trained on a particular scene learns the
mapping from that particular scene to the camera pose.
Altering the scene alters the training data. Hence, the
trained model is likely to fail in other scenes. That neces-
sitates re-training of the models with new scenes. So,
there has been a considerable thrust to learn the rel-
ative pose of the camera to decouple the coordinate
frame of the scene from the task of pose estimation.
Efforts at estimating the relative pose of sample images
with respect to reference images include Siamese CNNs
(Laskar et al. 2017; Balntas, Li, and Prisacariu 2018)
and hourglass networks (Melekhov et al. 2017; a sym-
metric encoder-decoder structure based on ResNet
(He et al. 2016)).

Additionally, in structure-based learning techniques
like Hierarchical Feature Network (HF-Net) (Sarlin
et al. 2019), which supplements RGB images with a
3D model of the scene for camera localisation, the best
hypothesis was selected using RANSAC (Fischler and
Bolles 1981). As RANSAC (Fischler and Bolles 1981)
is not differentiable, it prohibited end-to-end learning.
DSAC (differentiable RANSAC, Brachmann et al. 2017)
substituted the hard hypothesis selection in RANSAC
with a probabilistic one and enabled end-to-end learn-
ing of the camera pose. DSAC used two CNNs, one
for predicting the scene coordinates and creating a pool
of hypotheses, and another scoring CNN for scoring
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Figure 6. Schematic diagram of the topics reviewed in illumination.

the hypotheses for global consensus. Brachmann and
Rother (2018) replaced the scoring CNN with a soft
inlier count to reduce overfitting. Moreover, Brach-
mann and Rother (2018) also showed that RGB-images
with ground truth pose are enough for regressing
the scene coordinates. The 3D model of the scene is
optional.

6.5. Conclusion

DL-based techniques cannot be used without appro-
priately labeled data. Acquiring the ground truth pose
information is not as easy as it is in detection and track-
ing. Currently, classical methods are used to acquire the
ground truth pose. That makes DL-techniques depen-
dent on classical methods. Moreover, as the data collec-
tion process is expensive, the pose labels in the training
data are usually sparse. Techniques based on odometry
accumulate drift, thereby deteriorating the accuracy of
the pose estimates over time. Although most DL-based
techniques are pre-trained on ImageNet-like datasets, it
is important to keep in mind that pose estimation and
image classification are largely unrelated tasks. That lim-
its the effectiveness of transfer learning. So far, DL-based
techniques could not achieve accuracy at par with classi-
cal structure-based methods. Sattler et al. (2019) argued
that the reason behind the limited accuracy is that the
CNN-based absolute pose regression models are close
to image retrieval which are ordinarily used for place
recognition, not pose estimation.

7. Inverse rendering

An image is formed by integrating illumination, scene
geometry, camera properties, and surface reflectance.
Inverse rendering involves recovering the constituent
factors from a rendered image. Thus it is an under-
constrained problem.We focus on inferring illumination
(photometry) and depth (geometry) characteristics of a
scene.

7.1. Illumination

For accurate visual registration and coherence, the illu-
mination characteristics of the scenemust be determined.
Determining the illumination of a scene from a single
image, captured using a low dynamic range (LDR) cam-
era with a limited FOV, is a challenging task because of
the fact that the scene is illuminated by light received
from the full sphere of directions around the object, most
of which are beyond the FOV of the camera. Its solu-
tion needs modelling of the geometric and photometric
information contained in the image. The structure of the
reviewed illumination techniques is pictorially depicted
in Figure 6.

7.1.1. Current approaches for illumination in AR
Most of themethods for estimating the illumination char-
acteristics of a scene can be broadly classified into those
that use auxiliary information and those that do not use
auxiliary information. Methods utilising auxiliary infor-
mation leverage RGB-D data (Jiddi, Robert, and Marc-
hand 2016) or information acquired from light probes or
that from other sources. The light probes are quite pop-
ular. They can be active (like the fisheye camera used
by Kán and Kaufmann 2013) or passive (like reflective
spheres used by Debevec 2008). The auxiliary informa-
tion can also be assumptions of some attributes or simpler
models like Lambertian illumination (Lu et al. 2010).

The radiance transfer function was used by Knorr
and Kurz (2014) to estimate the lighting on a face, and
it was expressed using spherical harmonics. A hemi-
spherical photon emission model was used to estimate
the global illumination with the presumption of uni-
formly distributed multiple light sources (Zhang, Zhao,
and Wang 2019).

Methods that do not use any auxiliary information
attempt to directly estimate the lighting of the scene
from various features contained in the image itself. Shad-
ows (Panagopoulos et al. 2011; Jiddi, Robert, and Marc-
hand 2017) and faces (Shim 2012; Yi et al. 2018) are
widely used. Kán, Unterguggenberger, and Kaufmann



24 C. K. SAHU ET AL.

(2015) acquired the reflection maps of the virtual
objects by convolving the image using bidirectional
reflectance distribution functions (BRDFs). Sato, Sato,
and Ikeuchi (2003) estimated the distribution of light by
exploiting the correlation between the brightness of the
image with that of shadows. Gruber, Richter-Trummer,
and Schmalstieg (2012) estimated the lighting conditions
of the scene using arbitrary geometry for photometric
registration.

7.1.2. Limitations of current approaches for
illumination in AR & potential for AI
Although the light probes and othermethods using auxil-
iary information offer better visual fidelity, the capturing
process is complex, and the whole process is computa-
tionally expensive and not scalable. Using light probes
to infer the illumination characteristics disturbs the real-
time performance. The accuracy of the methods that do
not use auxiliary information is low. Additional prepro-
cessing steps like depth estimation, reflectance estima-
tion, and scene geometry reconstruction are employed
for improvement. On the other hand, methods based
on AI do not need the definitive models of the geo-
metric or photometric attributes. Moreover, they exploit
the attributes of the images within the FOV rather
than those beyond the FOV, which indirectly affect the
scene.

7.1.3. AI approaches for illumination in AR
None of the existing works that use AI for estimating the
photometric characteristics are applied tomanufacturing
applications. There are several research works that use
AI to estimate illumination characteristics in AR appli-
cations. An AE, with the encoder based onMobileNetV2
(Sandler et al. 2018), was used for estimating the omni-
directional illumination in indoor and outdoor envi-
ronments from an unconstrained LDR image acquired
from the limited FOV camera of a mobile AR device
(LeGendre et al. 2019). A Generative Adversarial Net-
work (GAN)-based network (Goodfellow et al. 2014) was
employed for learning the perspective independent illu-
mination and shadow characteristics of virtual objects
for blending them realistically in an AR application
(Wang, Wang, and Lian 2019). They adjusted the illumi-
nation and shadow of virtual objects using pix2pixHD
(Wang et al., “High-resolution Image Synthesis,” 2018). A
ResNet was designed for determining the illumination of
the real scene in terms of spherical harmonics for an AR
game (Marques, Clua, and Vasconcelos 2018). Marques
et al. (2018) used ResNet (He et al. 2016) for estimating
the position of the single point light source from a single
color image. Lalonde (2018) used a CNN to estimate the
high dynamic range (HDR) illumination from a single

RGB LDR image of an indoor scene. Deep NNs (DNNs)
have also been used for estimating the illumination char-
acteristics in real-time for AR applications (Xu, Li, and
Zhang 2020).

7.1.4. Potential AI approaches for illumination in AR
Gardner et al. (2017) initiated the inference of HDR illu-
mination from single limited FOV LDR images using
DCNNs in an end-to-end manner. They used LDR and
a sphere to approximate the scene geometry, which are
weak approximations to the ground truth. A cascade of
AEs was used by Li et al., “Inverse Rendering” (2020)
for inferring spatially varying illumination, material, and
geometry of the scene. Cheng et al. (2018) trained a
DCNN to estimate the low-frequency scene illumination,
expressed in terms of spherical harmonics, from a pair of
photos.

In AR applications, the illumination of the rendered
objects has to be adapted for its location in the real
scene. So, the illumination of a specific location (Garon
et al. 2019) and a pixel (Song and Funkhouser 2019) were
estimated using AEs. As thematerial of the objects affects
illumination, Meka et al. (2018) estimated the material
of generic objects appearing in a single image using an
AE. ARShadowGAN (D. Liu et al. 2020) used a GAN
that leveraged an attention mechanism to create realis-
tic shadows of virtual objects. The 3D CNNs used by
Srinivasan et al. (2020) showed a way for learning the
3D illumination of a scene without the need for ground
truth scene geometry. It used a stereo pair and a spherical
panorama for training.

7.1.5. Conclusion
Most of themanufacturing environments are illuminated
bymultiple sources. So, adopting state-of-the-art AI tech-
niques for determining the illumination characteristics of
the scene would be advantageous. Unavailability of large
scale data is impeding the full-fledged adoption of AI into
AR-assisted manufacturing applications to estimate the
illumination characteristics.

7.2. Depth inference

The modus operandi of AR systems is to overlay vir-
tual objects directly on top of the real video feed, thereby
occluding the real objects. For spatially sensible augmen-
tations, the virtual objects should appear to be at the same
depth as the co-located real objects. The co-location is
infeasible without acquiring proper depth information
from the image. Depth inference also aids with mutual
occlusion. The reviewed techniques for depth inference
can be classified, as shown in Figure 7.
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Figure 7. Visual depiction of the topics reviewed in depth inference.

7.2.1. Current approaches for depth inference in AR
The lion’s share of AR applications infer depth directly
from the scene using the ten perceptual depth cues recog-
nised by Swan et al. (2007). The cues are occlusion,
shading, texture gradient, motion parallax, haze, lin-
ear perspective and shortening, accommodative focus,
height in the visual field, binocular convergence, and
binocular disparity. Although they are popular, the per-
ception of every user is different. That leads to incon-
sistent interpretation. Classical image-based approaches
also try to exploit these cues. They are comparatively
more consistent as the depth is directly inferred from
the video feed. Stereo (Kanade and Okutomi 1994; Zhu
and Pan 2008), motion (Weng, Huang, and Ahuja 1989),
shadow casting, object shading (Horn and Brooks 1989),
and texture (Blostein and Ahuja 1989) have been used
for depth inference. Monocular cameras can also be used
for depth inference using multi-focus images or acquir-
ing images from different perspectives using a moving
camera (Newcombe andDavison 2010). Breen, Rose, and
Whitaker (1995) used Z-buffer and Sanches et al. (2012)
used frame buffer to acquire depth maps. Hahne and
Alexa (2009) combined time-of-flight range data with
stereo images to compute depth images at interactive
rates. Stereo matching was used to estimate the depth
of the real world by projecting the bounding box of
the virtual object using the model view matrix (Kan-
bara et al. 2000). Zhu et al. (2010) combined the depth
information acquired from stereo images with color and
neighbourhood information to reduce noise in handling
occlusion in a video-basedAR system.Dense depthmaps
were acquired using geo-registered images and sparse
3D models acquired from geographic information sys-
tem (GIS) data using back-projection (Zollmann and
Reitmayr 2012). The depth informationwas calculated by
stereo matching after background subtraction and clus-
tering the objects based on their silhouette in video-based
AR (Zhu and Pan 2008). Optical flow and sparse SLAM
reconstruction were used for inferring pixel-level depth
information (Holynski and Kopf 2018). Census correla-
tion (Zabih and Woodfill 1994) was used as the stereo

matching algorithm to compute the per-pixel depth map
without any prior information (Gordon et al. 2002).

7.2.2. Limitations of current approaches for depth
inference in AR & potential for AI
The main reason for the lack of effectiveness of classical
methods in recovering depth information from an image
is that it is a heavily under-constrained problem. While
perceptual cues can aid in recovering relative depth infor-
mation from images, their efficacy gets deterred by cam-
era characteristics like LDR. Most of the classical meth-
ods utilise only a few cues. AI methods, on the other
hand, can exploit almost all the cues at once, thereby
offering better depth inference.

7.2.3. AI approaches for depth inference in AR
Owing to the limited effectiveness of classical approaches
at depth inference, AI-based techniques for inferring
depth have been explored in AR applications. A Siamese
network and a self-supervised AE based on depth esti-
mation network (Garg et al. 2016) andDeConvNet (Noh,
Hong, and Han 2015) was trained for estimating the per-
pixel inverse depth (disparity maps) from stereo image
pairs without ground truth data in a surgical application
(Ye et al. 2017). This is the only instance of AI in AR
for inferring depth information. It is not applied within
manufacturing. We briefly discuss other state-of-the-art
DL techniques that are not being used in AR but can be
useful for depth inference in AR-assisted manufacturing
applications.

7.2.4. Potential AI approaches for depth inference
in AR
Eigen, Puhrsch, and Fergus (2014) were the first to esti-
mate the depth from monocular single images using two
CNNs, one for coarse global estimation and the other
for local refinement, in an end-to-end manner. Frame-
works based on AlexNet and VGG-Net were used for
predicting the depth in addition to semantic labeling and
estimating the surface normals (Eigen and Fergus 2015).
A ResNet backbone with reversed Huber loss (Zwald and
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Lambert-Lacroix 2012) has also been used for predict-
ing depth from single RGB images (Laina et al. 2016).
An encoder-decoder framework, inspired from Seg-
Net (Badrinarayanan, Kendall, and Cipolla 2017) and
FlowNet (Dosovitskiy et al. 2015) was designed for
detecting obstacles from images and corresponding opti-
cal flow (Mancini et al. 2016). These works use abso-
lute depth information, which is ordinarily difficult to
acquire. So, a multi-scale deep network modified from
GoogLeNet (Szegedy et al. 2015) was developed for infer-
ring the pixel-wise depth information from single images
using relative depth information (Chen et al. 2016).

Additionally, Geometry and Context Network (GC-
Net) (Kendall et al. 2017) used 3D convolutions on
stereo images. Camera-Aware Multi-scale Convolutions
(CAM-Convs) (Facil et al. 2019) incorporated cam-
era models into a U-Net (Ronneberger, Fischer, and
Brox 2015) based AE for estimating the depth. Li
et al. (2015) and Wang et al., “Towards Unified Depth”
(2015) explored Conditional Random Fields (CRFs) for
refining the results by exploiting the continuous nature of
depth among the pixels. Adversarial networks have also
forayed into depth estimation tasks (GwnLore et al. 2018;
Feng and Gu 2019).

Due to the expensive process of acquisition of
ground truth depth information, the geometric correla-
tion between the frames has been exploited to train the
model under self-supervision (Casser et al. 2019; Godard
et al. 2019). However, due to the lack of ground truth
information, the performance of unsupervised learn-
ing techniques remains quite low. So, visual odome-
try (Wang et al., “Learning Depth,” 2018) and auxil-
iary learning tasks (Yin and Shi 2018; Zou, Luo, and
Huang 2018) were used to assist depth estimation. Even
after several innovations, the performance of unsu-
pervised learning remained low. So, semi-supervised
methods using stereo knowledge (Tosi et al. 2019) and
sparse ground truth data (Kuznietsov, Stuckler, and
Leibe 2017) have also been explored to balance accu-
rate depth estimation with the reliance on ground truth
data.

7.2.5. Conclusion
While DL-based techniques can estimate the depth infor-
mation from RGB images simultaneously with other
tasks such as detection, tracking, and pose estimation,
the major hurdle that still remains is the acquisition
of ground truth data for training. The existing datasets
are limited in their capabilities: Cityscapes (Cordts
et al. 2016) lack ground truth data; KITTI (Geiger, Lenz,
and Urtasun 2012) has sparse ground truth data; and
New York University (NYU) Depth dataset (Silberman

Figure 8. Visual depiction of the topics reviewed in procedure
storage.

et al. 2012) is restricted to indoor settings. Although
promising, unsupervised and semi-supervised learning
still have a long way to go to achieve the desirable per-
formance in order to be applied within the industrial
setting.

8. Procedure storage

Procedural information is required for both assembly and
maintenance tasks within the manufacturing environ-
ment. Having accurate and effective procedures available
for use in the AR system is important so that the AR
system can be utilised to its fullest capacity. A hierar-
chical description of the topics covered within procedure
storage can be found in Figure 8.

8.1. Current approaches for procedure storage in AR

The most common procedural storage mechanisms in
AR systems are databases. Databases store and organise
data so that the data can be easily accessed and managed
(Tonnis 2003). The most popular types of databases used
in AR systems are relational database management sys-
tems (DBMS) or RDBMS, PLM systems, product infor-
mationmanagement (PIM) systems, computerisedmain-
tenance management systems (CMMS), and extensible
markup language (XML) databases.

An RDBMS facilitates the organisation of relational
databases. Relational databases provide structure to
data by storing it in tables that comply with database
schema (Tonnis 2003). MySQL databases store relational
databases on servers (Lytridis, Tsinakos, and Kazani-
dis 2018). The smart maintenance solution given by
Terenzi and Basile (2013) includes two main parts: an
administration web client and a mobile user client.
The administration web client utilises a server-based
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RDBMS to store maintenance and user information and
to connect users to maintenance information depending
on the environmental context. The AR solution for
distance learning given by Lytridis, Tsinakos, andKazani-
dis (2018) stores book and asset information in a server-
based MySQL database. Their ARTutor platform is able
to access the database in order to download images and
files. While RDBMS is optimised to perform queries
quickly, this optimisation results in varying data struc-
tures that are difficult to distribute between systems
(Tonnis 2003).

PLM systems store enterprise data (Rentzos et al.
2013). The AR solution given by Setti, Bosetti, and
Ragni (2016) for computer numerical control (CNC)
machine setup and maintenance utilises a PLM to store
system description and diagnostic information for the
CNCmachine. The PLM database is composed of YAML
Ain’t Markup Language (YAML) files. The AR solu-
tion for manual assembly processes given in Rentzos
et al. (2013) stores virtual instructions in a repository
through Visual C# .NET files and can be incorporated
with an external enterprise database such as PLM in order
to gather geometrical information about parts. This geo-
metrical information is utilised to match parts with cor-
responding equipment or tools that relate to the virtual
instructions for assembly.

PIM systems support the management of product and
part structure and development (Lee and Rhee 2008b).
The solution for AR as a part of ubiquitous computing
in cars by Lee and Rhee (2008b) utilises a PIM sys-
tem to store information about a car for the purposes of
maintenance.

CMMS, also referred to as enterprise asset manage-
ment or EAM systems, store maintenance data (Neges,
Wolf, and Abramovici 2015). The solution for mobile
maintenance support through AR by Neges, Wolf, and
Abramovici (2015) utilises CMMS to manage mainte-
nance data, employees, and tasks.

XML databases store XML documents that are either
text-based or model-based (Tonnis 2003). Schmalstieg
and Wagner (2007) utilise a server called Muddle-
ware that has three components: (1) a memory-mapped
database, (2) a networking component, and (3) a con-
troller component in the form of a finite state machine
(FSM). The memory-mapped database is structured
using a model-based XML database. The AR navigation
system presented by Reitmayr and Schmalstieg (2003)
uses an XML database to store domain-specific prepro-
cessing operations. While the XML format is convenient
because of its uniform structure, XML databases are
not suitable for AR systems because they are resource-
intensive (Tonnis 2003).

8.2. Limitations of current approaches for
procedure storage in AR& potential for AI

While all of the database structures described are effective
in their storage and organisation of data for manufactur-
ing, they are static in nature anddonot have the capability
to derive further knowledge and relationships based on
the data they hold. One possible solution that is able
to dynamically manipulate data over time is AI-based
storage methods such as ontology.

8.3. AI approaches for procedure storage in AR

An ontology is an AI-based storage method that is able
to not only store data in a logical and organised manner
but is able to derive relationships between data instances.
Ontologies are data storage mechanisms that are a part
of the Semantic Web (Crowder et al. 2009) and can be
defined as a specification of a conceptualisation (Gru-
ber 1993). One of the benefits of using an ontology to
describe domain knowledge as opposed to a database
is that semantic queries can be completed in ontolo-
gies using SPARQL Protocol and Resource Description
Framework (RDF) Query Language (SPARQL) (Zhao
and Qian 2017). Ontologies are composed of concepts
or classes and instances or individuals where concepts
describe categories within a domain, and instances are
specifications of these categories or concepts. Ontologies
that have instances or individuals defined are deemed
knowledge bases (Noy and McGuinness 2000). Many file
formats have been created to store ontologies, includ-
ing RDF, web ontology language (OWL) and its vari-
ants, and United States Defense Advanced Research
Project Agency (DARPA) agent markup language and
the ontology inference layer (DAML + OIL) (Munir and
Anjum 2018). The main advantage of using an ontol-
ogy to store data is the ability to use an ontological or
semantic reasoner such as Jena, HermiT, ELK, or Pellet.
These reasoners are able to infer logical consequences
between ontology instances based on asserted facts or
axioms (Abburu 2012). An additional advantage of using
an ontology is the ability to integrate various sources of
data throughout the PLM (Ali et al. 2019).

Ontologies have been utilised in AR systems in order
to store procedural information. Flatt et al. (2015) uses
an ontology and knowledge base to store information
for their AR system for maintenance applications. Jo
et al. (2014) storesComponent-Task-Subtask-Instruction
pairs in a knowledge-based system (KBS). TheAR system
is used for maintenance tasks and the stored informa-
tion is imported frommaintenance manuals such as Air-
craft Maintenance Manual (AMM), Illustrated Tool and
Equipment Manual (TEM), Component Maintenance
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Manual (CMM), and Illustrated Parts Catalog (IPC)
for aircraft maintenance. Wang, Ong, and Nee (2014)
present an integrated AR-assisted assembly environment
(IARAE) that includes an ontology-based assembly infor-
mation model (OAIM) to assist users with AR assembly
tasks. During the assembly process, the OAIM is queried
for information. Toro, Vaquero, and Posada (2009) used
an ontology to store knowledge about industrial main-
tenance by extending the standard ontology for ubiqui-
tous and pervasive applications (SOUPA) set of ontolo-
gies. This maintenance information is combined with
AR virtual elements to create a knowledge-based indus-
trial maintenance system structure called UDKE (user,
device, knowledge, and experience). Chang, Ong, and
Nee (2017) utilise an ontology to store product infor-
mation in order to form a disassembly sequence table
as a part of the automatic content generation module
in the AR-guided product disassembly (ARDIS) system.
Rentzos et al. (2013) use a semantic-based AR system to
integrate product and process in an ontology model that
is used to generate work instructions for the user.

8.4. Potential AI approaches for procedure storage
in AR

To the best of our knowledge, there are no additional
AI strategies other than ontology that can be utilised for
procedure storage in AR-assistedmanufacturing applica-
tions.

8.5. Conclusion

Ontologies or knowledge bases introduce added flexi-
bility into AR systems. If knowledge bases are formed
with additional domain knowledge that is available from
enterprisemanagement systems and geometric data, such
as in Rentzos et al. (2013) and Järvenpää et al. (2019),
additional capabilities and automation can be introduced
into AR systems that allow for greater integration of mul-
tiple sources of data. This utilisation of process informa-
tion increases the adaptability of AR systems within the
manufacturing space.

9. Virtual object creation

Virtual objects are a major component in any AR system.
For AR-assisted manufacturing applications, in particu-
lar, virtual objects are essential to display data and pro-
cedures to users. A hierarchical description of the topics
covered within virtual object creation can be found in
Figure 9.

Figure 9. Visual depiction of the topics reviewed in virtual object
creation.

9.1. Current approaches for virtual object creation
in AR

Virtual objects or augmentations for AR can take the
form of one-dimensional (1D) text, 2D graphics or
images, and 3D models. The most complex but intuitive
of these options are 3D models. An additional layer of
interactivity can be added to 3D models with animation.
Animation can be incorporated into the system for any
type of augmentation (Chang, Ong, and Nee 2017).

In traditional AR systems, virtual objects or augmen-
tations are created manually and stored with respect
to tracked objects in the user’s environment (Chang,
Ong, and Nee 2017). These augmentations are developed
offline by experts and loaded into the application before
use. The manual virtual object creation process is costly
in terms of both time and capital. Even in adaptive AR
systems such as the AR Maintenance System (ARMS)
by Siew, Ong, and Nee (2019) where augmentations are
chosen based on the user’s actions, augmentations are
predetermined and stored within the system before use.

9.2. Limitations of current approaches for virtual
object creation in AR& potential for AI

AI-basedmethods provide an alternative approach to vir-
tual object creation: in situ augmentation creation. In
this way, minimal input, such as a single image, can be
utilised to automatically create 1D, 2D, and 3D augmen-
tations. This saves the developer of the AR system time
and energy in manually creating and predefining these
augmentations for use in the system.

9.3. AI approaches for virtual object creation in AR

To the best of our knowledge, there have been no AI-
based virtual object creation strategies utilised within
AR-assisted manufacturing applications.
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9.4. Potential AI approaches for virtual object
creation in AR

For AI-based augmentations, there are strategies that can
be used to automatically create 1D, 2D, and 3D augmen-
tations for AR systems given minimal input information.

9.4.1. 1D
In order to automatically generate 1D text-based aug-
mentations based on objects seen within a camera frame,
AI-based caption generation methods can be utilised.
DNN-based image captioning methods can be cate-
gorised into (Bai and An 2018):

• DNN-based retrieval and template-based methods;
• Multimodal learning methods;
• Encoder-decoder methods;
• Attention-guided image captioning;
• Compositional architectures; and
• Methods for images with novelties.

The outputs of all DNN-based image captioning meth-
ods besides those belonging to the last group of methods
are limited to word dictionaries and their training data
that comes in the form of image-sentence pairs (Bai and
An 2018). Thus, image captioning strategies that deal
with novel data (i.e. ‘novel captioning’) are the most
flexible for systems that aim for minimal training time
and effort. Mao et al. (2015), Yao et al., “Incorporat-
ing Copying Mechanism” (2017), and Li et al., “Pointing
Novel Objects” (2019) utilise LSTM for novel captioning.
Specifically, Yao et al., “Incorporating Copying Mecha-
nism” (2017) utilise LSTM with a copying mechanism
(LSTM-C) as a new architecture to incorporate copying
into the CNN plus RNN captioning framework. Li et al.,
“PointingNovel Objects” (2019) use LSTMwith pointing
(LSTM-P) to facilitate vocabulary expansion and pro-
due novel objects via pointing. Hendricks et al. (2016)
train a deep multimodal caption model to integrate a
lexical classifier and a language model in their Deep
Compositional Captioner (DCC) method. Venugopalan
et al. (2017) present a Novel Object Captioner (NOC),
a semantic captioning model that can produce captions
for object categories not present in the original train-
ing dataset. Wu et al., “Decoupled Novel” (2018) and
Baig et al. (2018) utilise Zero-Shot Learning concepts
for the novel captioning task. Finally, Feng et al. (2020)
present Cascaded Revision Network (CRN), an approach
that integrates out-of-domain knowledge in the novel
captioning process.

9.4.2. 2D
For 2D graphics or image-based augmentations, AI-
based strategies can be utilised to produce 2D sketches

based on inputted images. These sketches can then
be utilised on the screen of the AR system as added
visual cues for the user. Multiple examples of produc-
ing sketches from images can be found in AI litera-
ture. Ha and Eck (2017) present Sketch-RNN, an RNN
that uses a sequence-to-sequence Variational AE (VAE)
to construct stroke-based drawings of common objects.
Chen et al., “Sketch-pix2seq,” (2017) provide improve-
ments to the Sketch-RNN architecture by using a CNN
instead of a bidirectional RNN encoder and by removing
the Kullback-Leibler (KL) divergence from the objec-
tive function of the VAE. These improvements to the
original Sketch-RNN model were found to outperform
the state-of-the-art methods with RNN encoders. The
method by Song et al. (2018) takes as input one photo
of a single object and outputs a sketch of the object.
The image is encoded via a CNN and fed into a neural
sketcher that composes a generative sequencemodel with
anRNN.The neural sketcher is trained to learn the sketch
stroke-by-stroke. Riaz Muhammad et al. (2018) use rein-
forcement learning to produce a sketch given an input
image. Wu et al., “SketchsegNet” (2018) present Sketch-
SegNet, a sequence-to-sequence VAE-based model that
implements stroke-level sketch segmentation. Li et al.,
“Photo-sketching” (2019) propose a contour generation
algorithm or image-conditioned contour generator that
detects salient boundaries in input images and outputs
hand-drawn contour drawings based on objects in the
input image.

9.4.3. 3D
Some AR systems have already found ways to derive
3D models while the system is in use. All of these
methods derive a 3D structure from multiple sequential
images. Reitinger, Zach, and Schmalstieg (2007) describe
an interactive 3D reconstruction system that is used to
model urban scenes. Their ‘Reconstruction Engine’ takes
as input a sequence of 2D images, extracts corners from
the image using Harris Corner Detector, finds point cor-
respondences between the images using RANSAC, and
finally utilises the plane sweeping principle for depth
estimation to create a depth map. Yang et al. (2013)
derive reconstructed 3Dmodels from a pair of images by
combining multiple techniques: SfM, Clustering Views
for Multi-View Stereo (CMVS), Patch-based Multi-View
Stereo (PMVS), and Poisson surface reconstruction.

AI-based 3D reconstruction methods can produce 3D
models, point clouds, ormeshes using a single image. The
method byWu et al. (2017) takes as input a single image,
converts the objects within the image to two-and-a-half
dimensional (2.5D) sketches, and outputs a 3D model.
By deriving 2.5D sketches from the image, this method
avoids modelling object appearance variations within the
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real image. The method by Fan, Su, and Guibas (2017)
produces point cloud coordinates from a single image
using PointOutNet, a network with encoder and predic-
tor stages. Pontes et al. (2018) present Image2Meshwhich
takes as input a single image and produces a mesh of the
objects found in the image. 3D meshes are used because
3D models and point clouds have higher computational
complexity, are less ordered, and lack finer geometry
when compared to 3D meshes (Pontes et al. 2018).

9.5. Conclusion

The use of descriptive and expressive virtual objects or
augmentations within AR systems is essential in order
for the user to derive the most benefit from the sys-
tem. While augmentations are typically predetermined
and saved in the AR application before use, methods are
available to create 1D, 2D, and 3D augmentations while
the application is being used. Caption generation is a
well-researched method within DL that can produce 1D
text descriptions of objects within a single image. AI-
based sketch or contour generation methods are able to
produce a simple 2D sketch based on objects within an
image. Current strategies within AR systems are able to
use sequential images with SfM formulations to deter-
mine the 3D structure of objects within a scene. AI-based
virtual object creation methods are even more power-
ful in that they can determine 3D structure from single
images. Further, animation can be combined with these
augmentations to increase the interactivity of the sys-
tem. Automatic virtual object creation methods not only
save the system developer time during the AR develop-
ment process but are able to adapt in real time to the
manufacturing environment.

10. Registration

Registration refers to the alignment of the virtual
objects or augmentations with the user’s environment.

Registration combines both the intrinsic and extrinsic
parameters found during the camera calibration and
detection and tracking steps in order to determine the
correct placement and orientation of the virtual objects
or augmentations on the screen of the visual interface for
the user. One major issue in AR is misregistration, which
is when the pose of the virtual objects rendered on the
screen do not align perfectly with the real world. There
are various types of registration errors that contribute to
misregistration, including (Holloway 1997):

• Linear registration error;
• Lateral registration error;
• Depth registration error; and
• Angular registration error.

Linear registration error describes the amount of sepa-
ration between the real and virtual objects. It is measured
by the length of the distance vector between the pose
of these objects. Lateral registration error describes the
offset between the real and virtual objects if the virtual
object were placed at the same distance as the real object
with respect to the user’s eye. It is measured by the length
of the vector that describes the distance between the real
object and the virtual object at the same depth as the real
object. Depth registration error describes how close or
far the virtual object is relative to the real object from
the user’s perspective. It is measured by subtracting the
length of the line of sight for the real object from the line
of sight for the virtual object. Finally, angular registration
error describes the pitch offset between the objects from
the user’s perspective. It is measured by the angle that
subtends the lateral error line segment (Holloway 1997).
A visual depiction of these various types of error can be
found in Figure 10.

Registration error has two main sources: static or
dynamic (Axholt 2011; Zheng 2015). A static registra-
tion error is spatial and is visible to the user when
they are stationary (Axholt 2011). Static or spatial errors

Figure 10. Visual depiction of the registration errors present in any AR system: angular error, lateral error, linear error, and depth error.
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result from inaccuratemeasurements of geometrical rela-
tionships in the system (Henderson and Feiner 2007).
A dynamic registration error is temporal and is appar-
ent when the user moves the AR system (MacIntyre,
Coelho, and Julier 2002; Axholt 2011). Dynamic registra-
tion errors tend to have a higher impact on AR systems
than static errors (Bauer 2007). System latency or delay,
which is the result of delays in every process of the system
(Holloway 1997), is the main source of dynamic or tem-
poral registration error (Holloway 1997; Zheng 2015). An
additional type of registration error that relates to inverse
rendering is photometric error. Zheng (2015) considers
five components that contribute to system latency or syn-
chronisation delay: tracking delay, application delay, ren-
dering delay, scanout delay, and display delay. The four
approaches currently utilised to reduce system latency
and thus dynamic registration errors are latency minimi-
sation, just-in-time image generation, predictive track-
ing, and video feedback. For a full review of these latency-
reducing methods, see Section 2.3.2 of Zheng (2015). For
the current review, we are focussing upon closed-loop
registration error minimisation strategies, not strategies
used within open-loop systems to reduce registration
error. This is because the only way to reduce registration
error in an open-loop system is to improve the error in
each individual source of error throughout the compu-
tational pipeline and, as discussed in Section 10.1, this
is not a sustainable solution for correcting registration
error.

A hierarchical description of the topics covered within
registration can be found in Figure 11.

10.1. Current approaches for registration in AR

The solutions developed to minimise registration error
in AR systems are diverse. It is difficult to estimate regis-
tration error because of the wide array of sources of the

error, but a starting point to estimate this error can be
the error estimate from themanufacturer for the tracking
system that is used (MacIntyre and Coelho 2000).

The majority of AR systems in use and development
utilise an open-loop registration approach. In an open-
loop system, the registration error propagates through
the system and is seen by the user, but not by the sys-
tem (Zheng, Schubert, andWeich 2013). The only way to
improve the registration error in open-loop AR systems
is to make each component of the system more accurate
(Bajura and Neumann 1995b). In a closed-loop system,
the visual feedback from registration is utilised during
the detection and tracking steps in order to minimise
registration error (Zheng, Schubert, and Weich 2013).
Closed-loop AR systems are tolerant of transformation
errors (Bajura and Neumann 1995b).

Within open- or closed-loop AR systems, one solu-
tion to account for registration error is tomodify the final
graphics rendered in order to account for the error. For-
wardwarping forAR, or FW-AR, corrects for registration
error by distorting augmentations to match the real cam-
era image. Backward warping for Augmented Virtuality
(AV), or BW-AV, distorts the real camera image in order
tomatch the augmentations on the screen. FW-AR is pre-
ferred over BW-AV because FW-AR does not modify the
real camera image. Because backward warping modifies
the real camera image, it converts the system into AV,
not AR (Zheng, Schmalstieg, andWelch 2014). Addition-
ally, BW-AV only works for video-based interfaces where
the real environment is not visible to the user (Bajura
andNeumann1995b).According toHolloway (1997), the
only possible way to decrease registration error in Opti-
cal See-Through (OST) HMDs is to use predictive head
tracking methods.

Many researchers have attempted to better estimate
or measure registration error. Holloway (1997) sepa-
rates the registration error into the following categories:

Figure 11. Visual depiction of the topics reviewed in registration.
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acquisition or alignment, tracking, display, and viewing
(for HMDs). MacIntyre and Coelho (2000) and Mac-
Intyre, Coelho, and Julier (2002) determine registra-
tion error based on the expansion and contraction of
objects’ 2D convex hulls within images. MacIntyre and
Coelho (2000) and MacIntyre, Coelho, and Julier (2002)
utilise the measured registration error in a Level of Error
(LOE) filtering approach where different representations
or versions of augmentations are automatically rendered
based on the changes in the registration error. Baillot
et al. (2003)measure registration error using a calibration
method to estimate transformations between the tracking
system and the world.

Bajura and Neumann (1995a, 1995b) were some of
the earliest investigators into closed-loop AR systems.
In their works, 3D coordinate system registration error
is dynamically estimated and corrected using the regis-
tration error estimate from 2D objects in images. These
works use a backward warping or BW-AV approach to
distort the real camera image in order to match the
parameters of the virtual objects in the scene; thus,
this method can only be used for video-based systems.
Zheng, Schubert, and Weich (2013) utilise the registra-
tion error within 2D images within the model-based
tracking procedure in order to create a closed registration
loop. Zheng, Schmalstieg, and Welch (2014) handle reg-
istration errors on both the global scale and local scale
by correcting the camera pose in 3D and by correcting
pixel-wise registration errors in 2D. The method utilises
a reference model of the real scene in a registration-
enforcing model-based tracking (RE-MBT) method to
correct the 3D camera pose. FW-AR is utilised to dis-
tort the augmentations to match the real camera image.
Naik et al. (2015) take inspiration from Bajura and Neu-
mann (1995b) in implementing a closed-loop registra-
tion approach that dynamically corrects augmentations
for projector-based AR by detecting projected features in
each camera image and modifying the augmentations in
an FW-AR approach to correct for registration error.

VVS control theory has been utilised by various
researchers for closed-loop registration error minimi-
sation. In VVS control theory, features are extracted
from images and the error in reference 2D image fea-
tures is minimised in a closed-loop fashion (Behringer,
Park, and Sundareswaran 2002; Liu and Li 2019). Sun-
dareswaran and Behringer’s motion estimation-based
tracking algorithm is based on the theory of VVS (1999).
Behringer, Park, and Sundareswaran (2002) utilise VVS
in an outdoor AR system based on 3D model-based
tracking. Marchand and Chaumette (2002, 2005) present
a pose estimation algorithm that iteratively uses the VVS
control law in order to extract the desired features from
an image. Comport et al. (2006) utilise VVS control

theory with an M-estimator for pose estimation. Pres-
sigout and Marchand (2004) utilise VVS control theory
for markerless tracking with limited knowledge of the
real scene. Zheng (2015) utilise VVS theory in the devel-
opment of their closed-loop registration method pub-
lished in Zheng, Schmalstieg, and Welch (2014), which
utilises model-based tracking for global pose estimation
and optical flow methods for pixel-based registration
adjustment.

10.2. Limitations of current approaches for
registration in AR& potential for AI

Closed-loop registration provides AR systems with the
ability to minimise registration error without explic-
itly determining the causes and potential solutions for
the registration error present within the system. While
closed-loop registration for AR systems is an improve-
ment over open-loop registration, the current strategies
for closed-loop registration are not fully developed and
are not in widespread use in AR systems. Additionally,
VVS closed-loop registrationmethods require features to
be defined in the scene before use.

One possibleway to further the effectiveness of closed-
loop registration within AR systems is to incorporate
DL strategies in the VVS-inspired closed-loop registra-
tion approaches. AI-based VVS strategies are designed
to work in unknown environments in many cases (Sax-
ena et al. 2017). Additionally, AI-based VVS methods
are more accurate, efficient, stable, and robust than tra-
ditional image-based visual servoing (IBVS) strategies
(Comport et al. 2006).

10.3. AI approaches for registration in AR

To the best of our knowledge, there have been no AI-
based registrationminimisation strategies utilised within
AR-assisted manufacturing applications.

10.4. Potential AI approaches for registration in AR

One AI-based non-VVS registration error minimisation
method was found in the literature. Jiang et al. (2020)
use two deep networks: (1) initial registration network
and (2) registration error network. The initial registration
network is a feed-forward network based on VGG-11
(Simonyan and Zisserman 2014) that is used to warp the
feature template to match the input image. The registra-
tion error DNN then estimates the error of the resul-
tant warping and optimises the image transformation
parameters.

The AI-based VVS or IBVS methods either incor-
porate NNs into the current framework for VVS,
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utilise predictive models (model-predictive control or
MPC) to enable VVS, or use reinforcement learning
to enable VVS. Reinforcement learning-based meth-
ods for image-based VVS are termed RL-IBVS
methods.

Within AI-based VVS methods that use NNs in the
current VVS framework, Bateux et al. (2017, 2018) incor-
porate an AlexNet-based CNN with direct visual servo-
ing (DVS) in order to estimate the relative pose between
the current and reference image. DVS is a method that
enables VVS using a full image with no feature extraction
(Collewet andMarchand 2011) and no prior information
of the scene or object (Cui 2016). Once the relative pose
is determined, the resulting registration error is incor-
porated back into a classical VVS control law. Saxena
et al. (2017) use a similar approach in using a CNN for
visual feedback to find the relative camera pose between
a pair of images. Liu andLi (2019) use twoCNNs, one that
takes as input the reference image and one that takes as
input the current image, and calculates the error between
the reference and current pose of a robot arm end
effector.

MPC is a method that enables real-time prediction
and correction for image-to-image registration (Ebert
et al. 2018). Finn and Levine (2017) perform feedback
control at the pixel level by utilising an LSTM RNN
structure to predict the pose of objects in images. Ebert
et al. (2017) introduce a video prediction model called
Skip Connection Neural Advection Model (SNA), based
on the dynamic neural advection (DNA) model (Finn,
Goodfellow, and Levine 2016) that keeps track of images
over multiple frames. Ebert et al. (2018) measure the
distance to a goal within a calibrated image as the cost
function for their visual MPCVVS approach. Lampe and
Riedmiller (2013) use reinforcement learning for use in
a visual feedback loop for control of the reaching and
grasping mechanism of a robotic arm. Finn et al. (2016)
utilise reinforcement learning to relate feature pointswith
a specific task. An automated approach is used for deriv-
ing the state-space representation from inputted cam-
era images and a deep spatial AE is used to determine
these features. Lee, Levine, and Abbeel (2017) utilise a
hybrid reinforcement learning approach between MPC
and conventional IBVS. Predictivemodels learnwith pre-
trained visual features to track objects within images over
time. A Q-iteration procedure is used to choose the most
relevant visual features. Sampedro et al. (2018) present
deep deterministic policy gradients (DDPG), a deep rein-
forcement learning algorithm for VVS-based control-
ling of multirotor aerial robots. The DDPG algorithm
controls the aerial robots based on the determined
errors in the image plane compared to a reference
image.

10.5. Conclusion

While most AR systems in use today utilise open-loop
registration methods, correcting registration errors in
open-loop systems is difficult because registration error
has many sources throughout the AR pipeline. One pos-
sible solution to deal with registration error is imple-
menting a closed-loop registration method within the
AR system. While closed-loop registration is not widely
used in AR systems, these methods have the advantage
of being able to reduce or minimise registration error
without having to explicitly define the sources of the
registration error. Some closed-loop registration meth-
ods used in AR systems are derived from VVS within
the robotics field, where visual differences in object
motion throughout image frames is minimised through
a feedback system, but these VVS methods require fea-
tures within images to be predefined. Utilising AI-based
methods within VVS makes for even more efficient
closed-loop registration. Further, AI-based VVS meth-
ods are able to work without prior knowledge or features
defined in the working space. In this way, these meth-
ods can be used in generic environments, such as those in
manufacturing.

11. Rendering

Once the virtual objects are correctly registered with the
real environment, both with respect to pose (detection
and tracking) and appearance (inverse rendering), the
next step is to render the virtual augmentations onto the
screen of the main interface of the AR system. There are
twomain areas that must be considered in this case: what
data to display and how to display this data (i.e. data
visualisation). A hierarchical description of the topics
covered within rendering can be found in Figure 12.

11.1. Current approaches for rendering in AR

When determining what information to display on the
AR interface, many AR systems are context-aware and
user-customisable. For instance, the Knowledge-based
AR for Maintenance Assistance (KARMA) system by
Feiner, Macintyre, and Seligmann (1993) uses a rule-
based illustration generation system that incorporates
user preferences into data visualisation. The AR system
by Mengoni et al. (2015) utilises a 3D coordinate sys-
tem to balance user preferences for the purposes of data
visualisation.

Amajor issue in data visualisation on a screen is infor-
mation overload (Van Krevelen and Poelman 2007). In
order to combat information overload, two methods are
recommended: filtering and visualisation layouts.
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Figure 12. Visual depiction of the topics reviewed in rendering.

Filtering, as in Julier et al. (2000), reduces the
number of augmentations given on the screen at any
one time based on a metric such as spatial distance
(Virkkunen 2018). There are two main types of filter-
ing used in data visualisation: spatial filtering as in Bane
and Hollerer (2004) and knowledge-based or semantic
filtering as in Höllerer et al. (2001) (Tatzgern et al. 2016).
Spatial filtering removes data based on physical distance
from the user while knowledge-based or spatial filter-
ing removes data based on user preferences or context
(Tatzgern et al. 2016). There are also hybridmethods that
combine the use of spatial and knowledge-based filters,
as in Julier et al. (2000). With any filtering methods, data
loss can occur, and the reduction of visual clutter is not
guaranteed (Tatzgern et al. 2016).

Visualisation layouts, as in Bell and Feiner (2003),
model the environment and track elements in the scene to
make sure augmentations do not occlude important envi-
ronmental features (Virkkunen 2018). In simple terms,
visualisation layout methods reorganise data in a logical
way (Tatzgern et al. 2016). The two main visualisation
layout methods are geometric-based layout and image-
based layout (Ichihashi andFujinami 2019). Visualisation
layout methods fail when the amount of data grows too
large (Tatzgern et al. 2016).

Clustering, as in Tatzgern et al. (2016), is an alternative
approach in data visualisation that combines informa-
tion based on spatial and semantic attributes that not
only reduces the amount of information shown in the
display but also preserves all of the information, unlike
filtering (Virkkunen 2018). Clustering is also robust with
large amounts of data, unlike the visualisation layout

methods. The classical data clustering methods include
partition-based methods as in Boomija and Phil (2008),
density-based methods as in Kriegel et al. (2011), and
hierarchical methods as in Johnson (1967).

11.2. Limitations of current approaches for
rendering in AR& potential for AI

Current approaches for determining what data to dis-
play to the user are rigid and are based on hard-coded
rules. Innovative AI-based tools such as expert systems
are available that can incorporate context-awareness into
AR systems. These AI-based strategies not only include
expert knowledge into the system but also provide more
flexibility for the use of the system in varying contexts.

With regard to data visualisation, AI-based layout cre-
ation strategies can be used to aid in the development of
efficient and effective AR rendering. Further, AI-based
data clustering approaches have the ability to transform
data into clustering-friendly nonlinear representations,
thus easing the data clustering process (Min et al. 2018).

11.3. AI approaches for rendering in AR

Expert systems are AI-based computer programs that
emulate the decision-making abilities of human experts
(Patel, Virparia, and Patel 2012). Expert systems can aid
in determining what data is appropriate to display to
the user, thus enabling user customisation. Expert sys-
tems have already been incorporated into AR-assisted
manufacturing systems. The AR solutions by Syberfeldt
et al. (2016) and Holm et al. (2017) utilise expert systems
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to determine the level of detail displayed for AR-guided
maintenance instructions.

One article was found that incorporates AI-based
methods for data visualisation within AR-assisted man-
ufacturing applications. Ivaschenko, Milutkin, and Sit-
nikov (2019) utilise a NNwithin the Navigator or context
module of their AR system in order to handle context-
awareness of visualised content.

11.4. Potential AI approaches for rendering in AR

A subset of DL research is dedicated to automating layout
design for data visualisation using DL. For instance, Li
et al., “Layoutgan” (2019) describe LayoutGAN, a GAN
that takes as input a set of randomly placed 2D graphi-
cal elements and outputs a layout using the 2D elements
that maps to a wireframe image. A CNN-based discrim-
inator is used to optimise the layout within the image.
Similarly, Nguyen et al. (2018) present DeepUI, which is
a GAN that is trained on current phone apps and outputs
optimised wireframe User Interface (UI) designs for the
developer. The architecture is a GAN based on a genera-
tor, UIGenerator, and a discriminator, UIDiscriminator.
Jia et al. (2019) utilise a novel feature map or guidance
map to identify important image regions for label place-
ment in AR. Zheng et al. (2019) incorporate context-
awareness into graphic design layouts. A deep genera-
tive model learns complex layout structures from input
images and keyword summaries. Li et al., “Auto Comple-
tion of User Interface” (2020) utilise transformer-based
tree decoders for auto-completion of UIs.

Data clustering is another subset of DL research that
can be applied to data visualisation in AR systems. Aljal-
bout et al. (2018) developed a taxonomy of DL-based
data clustering and found that DNN-based clustering
methods follow the same format of (1) implementing
representation learning or feature mapping using DNNs,
and (2) using the representations as input to a cluster-
ing method. Some classical unsupervised data clustering
methods include k-means as in Tatzgern et al. (2016),
Gaussian mixture model (GMM) clustering as in Bier-
nacki, Celeux, and Govaert (2000), maximum-margin
clustering as in Xu et al. (2005), agglomerative cluster-
ing as in Gowda and Krishna (1978), and information-
theoretic clustering as in Li, Zhang, and Jiang (2004).Min
et al. provided a review of deep clustering methods in
2018 and found that the current DNN-based clustering
methods can be categorised into one of four types:

• Methods that utilise an AE to obtain a feasible feature
space;

• Methods that utilise feed-forward networks, termed
Clustering DNN (CDNN) methods;

• Methods that use VAEs; and
• Methods based on GANs.

For a full review of DL-based clustering methods, the
reader is referred to Min et al. (2018).

11.5. Conclusion

With respect to the data displayed in AR systems, many
researchers have identified the importance of adapting
their systems to the user’s environment and preferences.
While classical methods of incorporating customisation
into AR systems are strictly rule-based, AI-based meth-
ods are able to incorporate customisation into AR sys-
tems in a more flexible way either through DNNs or
through AI-based expert systems. This adaptation of the
AR system allows the operator to work in the manufac-
turing environment with their highest productivity.

With regards to the visualisation of this data, the
majority of classical methods utilised are destructive, as
in data filtering, or non-adaptive for large datasets, as in
visualisation layouts. While classical clustering methods
are effective, they are not as flexible as DL-based clus-
tering methods. Further, DL research into layout opti-
misation is another strategy that can be utilised to better
AR system data visualisation. Showing the operator con-
cise information on intuitive interfaces will decrease their
cognitive load and thus increase their efficiency in the
manufacturing environment.

12. Future work

Based on the review, there are multiple innovative
research directions that can be explored for parts of the
AR system and for the entire AR system as a whole. These
innovative future research directions are described next.

12.1. Reconstruction using shape primitives

Humans interpret a 2D image not as a projection of a
3D object from a specific viewpoint, rather they infer
an abstract 3D representation of the actual 3D object
(see Rai and Deshpande 2016). This inference is aided
by the fact that the 2D images contain projections of a
set of 3D objects. Directly inferring 3D objects/scenes
from an image is a challenging problem. However, two
basic facts aid human interpretation. Firstly, all the 3D
objects are composed of a set of primitive geometric
shapes called geons (Biederman 1987). The geons rep-
resent irreducible components like spheres, cylinders,
cuboids, etc. Secondly, the contents of the image are
not limited to monochromatic textureless projections
of objects. The images contain textured details. The
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illumination characteristics of a cylinder differ from a
cuboid, although both of them can project rectangles.
These cues can aid in depth inference.Moreover, the real-
time nature of AR can offer details from additional per-
spectives. Such information can be leveraged for inverse
rendering and for an enhanced inference of the 3D envi-
ronment from the live video feed.

12.2. Synergy of classical and AI-based CV

While AI offers several advantages over classical approa
ches, it is not prudent to completely replace classical
approaches with pure DL techniques in all aspects of
the AR system. This is particularly evident in the task
of estimating the absolute pose of the camera. Although
Kendall, Grimes, and Cipolla (2015) argue that there
exists an injective relationship between the camera pose
and the images, Sattler et al. (2019) counter-argue that
image-based pose estimation is indeed similar to image
retrieval. The counter-argument is reflected in the sub-
par performance of DL-based techniques in camera pose
estimation. Several researchers have fused data from
additional sensors (e.g. GPS, IMU) to increase accuracy.
As the accuracy of DL-based methods is not guaranteed,
this limits the applicability of DL in precision manu-
facturing applications. O’Mahony et al. (2019) listed AR
as one of the problems that is not suitable for a differ-
entiable implementation. Moreover, DL can sometimes
be excessive for simpler tasks like accepting or rejecting
objects of a certain color from a conveyor belt. While a
DL algorithmwould need an enormous amount of data to
complete this task, a simple color thresholding algorithm
can solve this problem easily. Additionally, due to the
unavailability of dedicated comprehensive datasets for
all of the various tasks in AR, DL techniques should be
implemented in conjunction with classical methods (Rai
and Sahu 2020).

12.3. Human-AR synergistic relationship

The typical AR system is designed to aid humans in
performing tasks, and thus the AR system is very one-
sided. One potential future advancement for AR systems
includes utilising input from the user for the betterment
of the computational aspects of the AR system itself. This
is especially appealing because it is well known that DL
algorithms are data hungry and require large training
datasets. Data acquisition is an expensive process just
because of the sheer amount of data or the limited capa-
bility of the equipment. Cases where humans perceive
better than machines, like dynamic range captured by
cameras and other perceptual cues like occlusion from
both the real scene and its image, can heavily support

ground truth data collection. AR can expedite the devel-
opment of state-of-the-art AI techniques.

12.4. Reconfigurability

While the flexibility of procedure storage has been
greatly improved through the use of ontologies instead of
databases, the data that is stored within these structures
is still very rigid as it is directly derived from procedu-
ral manuals or from expert developers. One major area
of improvement within any procedure-based AR appli-
cation is reducing the rigidity of these procedures so that
they are able to adapt to changes in the use environment
and the user. Particularly, current AR-assisted manufac-
turing applications have limited options for assistance if
the operator encounters an unprecedented issue while
performing a procedure. If modification of the proce-
dures within the system is possible, the procedure can
be modified off-site through a non-mobile workstation,
on-site either by the operator themselves or remotely by
an expert, or automatically by the AR system itself. Very
few AR systems include strategies for automated recon-
figuring of procedures, and the inclusion of automated
strategies for procedure reconfiguration is recommended
for the increased flexibility of the system for use in uncer-
tain or inconsistent environments. Automated procedure
reconfiguring can be brought to fruition through auto-
mated diagnostic methods (Chou and Yao 2009; Matei
et al. 2020), disassembly sequence planning, or another
complex representation of the relationships between dif-
ferent aspects of the procedures. Incorporation of domain
knowledge into this process is of the utmost importance
to ensure that the modified procedures are realistic and
safe to perform.

12.5. Usability: human factors of AR

Depending upon themain interaction strategy utilised in
the AR system, AR may assist or impede manufacturing
activities. For instance, while the computational power
of handheld AR devices like tablets and smartphones is
enticing, these devices take up the hands of users and
thus makes it difficult to perform actions relating to pro-
cedures. Thus, in cases of maintenance or assembly tasks,
the use of VST, OST, or peripheral HMDs may be more
beneficial as a trade-off between hands-free work and
computational power. In the case of manual assembly
tasks, user mental fatigue from performing the same task
repetitively is a major safety hazard. When considering
the future development of AR systems in themanufactur-
ing environment, AR systems should be customised not
only to environmental context and user preferences but
also to current user status. This is especially important
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when considering the increase in the complexity of AR
systems with the incorporation of AI-based algorithms.
AI should be incorporated into AR-assisted manufactur-
ing tasks with caution, as even the ≤1% failure rate of
AI can prove disastrous. Synthesizing this data for the
user is not only essential for decreasing cognitive load
and increasing focus, but it is also essential for ensuring
safety in the manufacturing environment.

12.6. Multimodal AR

ARwas first theorised as a technology that could augment
all of the user’s senses. Although for this review, we only
focus on the visual modality of the AR system, a diverse
set of input modalities can also be incorporated. Inputs
from additional sensors like IMU and GPS can supple-
ment vision for various tasks. This is especially true when
considering the vast success of visual-inertial detection
and tracking algorithms. The data acquired from such
sensors can aid in training the DL techniques. While
vision-based pose estimation is expensive and not robust
with 3D transformations, inertial sensors are susceptible
to noise and calibration errors. These modalities comple-
ment each other because inertial sensors allow for fast
computation and vision can correct any drift errors from
the inertial sensor (Bostanci et al. 2013).

12.7. Feedback inmanufacturing

While AR can be utilised in all stages of PLM and impacts
managers, employees, and consumers alike, the poten-
tial use for AR for each user in PLM is mostly separated.
In order to implement a closed-loop system, feedback
from consumers should be incorporated into the man-
ufacturing cycle. For instance, AR can be utilised by
consumers to troubleshoot issues with the final product.
Active feedback and data that results from this process
of troubleshooting can be collected and utilised to deter-
mine potential product weak points or defects, similar to
how product design features are extracted from written
customer feedback in Ali et al. (2020). While this infor-
mation can be estimated using simulation strategies dur-
ing the product development stage, incorporating direct
consumer input would be beneficial in the creation of
improved products. So, a centralised AR application with
a customised UI for each user displaying only the infor-
mation relevant to them can be an integral part of the
PLM.

12.8. AR system flexibility

The computational pipeline of any AR system is rigidly
set based on the requirements of the system, the user,

and the use environment. Incorporating AI strategies
into an AR system leads to increased overall flexibility
of the system. For instance, if AI-based virtual object
creation strategies are utilised, virtual objects or aug-
mentations do not need to be created and loaded into
the system before use. Similarly, if a closed-loop regis-
tration strategy is used, camera calibration is no longer
needed (Espiau 1994). In the future, all AR systems
should be closed-loop so that they automatically correct
their intrinsic and extrinsic camera calibration param-
eters based on the feedback from the system. Future
research on AR systems should be able to work without
any parameters or data loaded into the system before use.
This is a feasible goal if the AR system is computation-
ally prepared and sufficiently interconnected with its use
environment, current conditions, user actions andprefer-
ences, and domain knowledge. Further, any information
that is collected with one AR device can be shared with
other devices in the manufacturing facility, thus creating
an increasingly robust and stable solution over time.

13. Conclusion

Our work identifies the scope of AI in AR-assisted man-
ufacturing applications. We have explored the current
manufacturing environment and the place for AR and
AI in industrial processes. We have reviewed recent
literature in both AR-assisted manufacturing and AI-
driven manufacturing applications. As a result of this
review, current key technical and managerial challenges
for incorporating AI into AR-assisted manufacturing
applications were outlined and described. The main lim-
itations include issues with the handling of big data for
AI within AR systems and larger organisational issues
such as safety, regulations, and trust of AI technologies.
However, the potential benefits of AI-driven AR-assisted
manufacturing applications substantially outweigh these
limitations. This review endorses the inclusion of AI as
a tool within AR. This inclusion has been overlooked
within manufacturing applications thus far.

We split the whole AR computational framework into
camera calibration for acquiring the intrinsic parameters;
detection, tracking and camera pose estimation for acquir-
ing the extrinsic parameters of the camera; inverse render-
ing for inferring the illumination and depth characteris-
tics of the scene for supporting non-intrusive rendering
of virtual objects; procedure storage for bringing in the
stored procedures for augmentation; virtual object cre-
ation for creating the augmentations; registration for reg-
istering the virtual objects into the scene; and rendering
for optimally displaying the virtual objects in the display.
In each of the sections, the current practices, their limi-
tations and potential for AI, existing work incorporating



38 C. K. SAHU ET AL.

AI, and more importantly, additional AI techniques that
can be adopted are detailed.

AI can delimit the AR applications from controlled
objects (fiducials) and environments to generic objects
and unrestricted work environments. Moreover, as AI
can interpret the incoming video feed to simultane-
ously accomplish detection, tracking, and other tasks, the
latency of the AR systems can be drastically reduced with
parallel processing. By introducing AI in all stages of AR,
we hope for an expedited adoption of AI in AR-assisted
manufacturing applications.

Although there are challenges to incorporating AI
strategies within AR-assisted manufacturing applica-
tions, further development and innovation will result in
great gains in efficiency, reliability, and usefulness of AR
systems. Although the ubiquitous use of AR applications
in the manufacturing sector is not yet a reality, the idea
of pervasive AR is quickly becoming tangible.

Notes

1. Cognitive load is the mental effort needed for processing
information (Porter and Heppelmann 2017).

2. Short-term trackers were supplied with the position of
the target in each frame and did not include a target re-
detection module. So, they failed at the first instance of
occlusion (Kristan et al. 2019).

3. In addition to tracking, long-term trackers had to identify
tracking failure and trigger the included target re-detection
module. So, long term trackers were evaluated for their
performance under occlusion (Kristan et al. 2019).

4. Short-term trackers evaluated for real-time performance
(Kristan et al. 2019).

5. https://motchallenge.net/data/MOT20Det/
6. https://www.votchallenge.net/vot2020/dataset.html
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