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Abstract

Augmented reality is increasingly used in various fields, especially indus-
trial applications. Although augmented reality devices’ characteristics
and technological benefits are still evolving, augmented reality’s clear
advantages in facilitating mechanical tasks and improving operator per-
formance have made it popular. In industrial settings, the human factor
remains irreplaceable, but the evolution of artificial intelligence has
allowed any activity on the shop floor to be given new semantic possi-
bilities. Through a semantic layer, it is possible to interpret and validate
the environment, provide multimodal interaction, and analyze and eval-
uate information to detect anomalies or risky situations. Deep learning
has opened up new possibilities for existing augmented reality solutions,
such as visual interpretation of the environment, natural language under-
standing for problem-solving, or automatic anomaly detection. This new
intelligent layer minimizes unnecessary interactions with the environ-
ment, validates the operator’s actions, and increases comfort, safety,
and focus, making them more efficient in high cognitive level tasks.
This work presents a general architecture based on a Semantic layer
that relies on augmented reality systems and validates its advantages
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in a real industrial setting. Overall, integrating artificial intelligence
and augmented reality solutions in industrial settings offers significant
potential for improving productivity, safety, and worker satisfaction.

Keywords: Augmented reality, Multimodal, Deep learning, Transformers,
Convolutional neural networks

1 Introduction

Industry 4.0 aims to enhance industrial production efficiency, speed, quality,
optimization, and resilience by adopting new technologies [1, 2]. The Indus-
trial Internet of Things (IIoT), additive manufacturing, Artificial Intelligence
(AI), cybersecurity, and Augmented Reality (AR) play vital roles in this
transformation, with AR particularly emphasizing the human factor [3].

Despite significant automation efforts in Industry 4.0, some tasks on the
shop floor still require a human-centered approach and cannot be fully auto-
mated [4, 5]. To address this, adopting a Lean philosophy is recommended,
where small changes are introduced and evaluated [6]. AR has gained popu-
larity in the industrial field due to its potential to improve various aspects,
including assembly, maintenance, training, and waste reduction [5, 7–11]. Since
AR strongly focuses on the human factor in the industry, its implementation
can benefit operators and task performance.

Accessing documentation can be complex on the shop floor, especially in
non- or partially automated industries where technical documents may exist in
paper format [12]. The lack of documentation standardization further compli-
cates information retrieval, increasing the mental load on operators, especially
in critical situations [13]. Operators may sometimes require support from Sub-
ject Matter Experts (SMEs), which may only be feasible occasionally due to
cost or availability [14]. Operator attentiveness can also lead to task resolu-
tion errors [15]. Traditional problem-solving approaches may not be the most
effective strategy for learning new concepts or procedures; instead, reducing
cognitive load is crucial for learning [16]. Stress can impact cognition and
knowledge acquisition, but controlled exposure can facilitate cognitive func-
tion [17]. This study aims to develop a system to reduce cognitive stress for
operators facing unfamiliar tasks in a shop floor setting.

Furthermore, the concept of Operator 4.0 aims to establish reliable and
interactive relationships between humans and machines, empowering ”smart
operators” with cutting-edge gadgets and novel skills to exploit Industry 4.0
technologies [18, 19]. Peruzzini et al. highlight these technologies’ potential to
alleviate the cognitive burden on operators [20]. Additionally, the emerging
notion of Operator 5.0 aims to create more intuitive, symbiotic, human-
centered, and cognitively supportive computing environments to enhance
human adaptation capabilities, productivity, and mental well-being [21]. The
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integration of technologies like AR and AI is driving the emergence of ”soft-
bots” as virtual systems in computing environments to automate tasks,
offer conversation-like interactions, exhibit system intelligence, autonomy,
proactivity, and process automation [22, 23].

AI tools such as Machine Learning (ML) and Deep Learning (DL) can
complement existing systems to reduce cognitive load, improve context infor-
mation, and enhance shop floor safety. In cases where older machines lack
machine-generated data, visual information becomes crucial. Techniques like
Convolutional Neural Networks (CNNs) enable the interpretation of visual
cues, such as reading pressure gauge values. Algorithms like K-means [24] and
Support Vector Machine (SVM) [25] can check for anomalies and highlight
them through AR. Transformers [26] enable operators to ask questions in Nat-
ural Language (NL) and receive responses linked to AR systems through visual
cues.

The main objective of this study is to enhance current AR solutions by
adding cognitive capabilities through DL and foundation models [27]. Recent
industry interest has been observed in AR solutions with cognitive capabilities,
aiming to extend current AR solutions with a semantic layer, demonstrated in
studies [28–31]. These studies illustrate the benefits of integrating environment
awareness, multimodal interaction, and cognitive assistance into AR solutions,
crucial for extracting information in fast-paced and evolving production envi-
ronments [32]. This work develops and evaluates a system allowing users to
interact multimodally, including NL Question Answering (QA) and contextual-
ized visual indications in the AR environment, enhancing operator comfort and
reducing the risk of errors. Integrating AR with AI technologies also impacts
aspects such as comfort, security, focus, and knowledge acquisition [33].

The main contributions of this research are:

• To enhance the capabilities of existing AR systems by adding semantic skills
to comprehend and interpret the environment,

• To make a profit from ML models to gain insights, such as anomaly detection
or information retrieval with transformers, in industrial settings,

• To reduce the cognitive load from operators, improve task performance, and
foster technology adoption.

This article is structured as follows: In section 2, the state-of-the-art
research related to this work is presented. Then, in section 3, the different com-
ponents of the proposed system are explained in detail. After that, in section
4, the technologies and their characteristics for implementing the evaluated
system are explained. In section 5, a specific case study is performed to eval-
uate the system’s validity, and the results are discussed in section 6. Finally,
the conclusions are drawn in section 8.
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2 Related work

2.1 AI in the Industrial Field

AI, especially ML, has significantly improved various aspects of the indus-
trial field, including waste reduction, error prevention, enhanced quality, risk
prevention, and faster learning [34]. In complex scenarios where traditional
analytical methods struggle to relate variables and outcomes, ML proves to
be a critical tool [35]. For instance, the ”You Only Look Once” (YOLO) algo-
rithm has been utilized by Zamora et al. to detect real-time assembly task
actions [36]. ML and DL techniques excel in anomaly detection, outperform-
ing traditional methods [37]. Architectures such as CNNs, RNNs, LSTMs, and
AEs are popular for detecting anomalies in unstructured data like images,
videos, audio, and time series [38]. Various studies have applied these tech-
niques to detect anomalies in videos and sequential data [39, 40], as well as
appearance-based anomalies in videos using pre-trained ResNet-50 models [41].
Additionally, GANs have been used to detect anomalies in image datasets and
intrusion networks [42]. Traditional ML algorithms, especially unsupervised
training models, have also shown strong performance in anomaly detection
[43]. ML and DL are increasingly essential in monitoring and controlling indus-
trial processes, demonstrating their relevance in AR industrial environments
[44, 45].

2.2 AR in Industrial Tasks

AR technology has demonstrated great potential in the industrial field by
simplifying complex tasks for operators. However, the complexity of the task
and the visual cues utilized should be considered to avoid overloading the
operator and diluting their focus of attention [46]. Several authors have studied
the development and evaluation of AR applications in various industrial tasks,
including step-by-step guides [47], product design [48–50], process control [51,
52], maintenance and security [53–60], and operator training [61–63]. A review
of the current literature conducted by Bottani et al. in 2019 indicates that the
most researched fields regarding AR in the industry are assembly, maintenance,
and training [64]. It is essential to consider not only the complexity of the task
but also the complexity added by AR to the interface.

2.3 Voice-directed Interfaces and NL Interaction

Voice-directed interfaces are gaining popularity in industrial settings due to
their hands-free control and benefits for operators, particularly those with
functional diversity [65]. In scenarios where complex machinery requires infor-
mation from multiple sources, including paper documents, the ability for
operators to interact through NL questions proves advantageous [66]. Examples
of chatbots being used to train operators and improve usability in industrial
settings, as well as their application in Maintenance, Repair, and Overhaul
(MRO) tasks, have been documented in the literature [67, 68].
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2.4 Cloud Computing Systems for Remote Assistance

Current investments in communication and Cloud Computing systems have
spurred the development of remote assistance systems, such as TeamViewer
Assist AR [69] and Vuforia Chalk [70], facilitating remote communication
between operators and experts. While these AR technologies have been applied
to maintenance tasks [53], challenges persist, notably the cost and availability
of online Subject Matter Experts (SMEs).

In conclusion, AR, voice-directed interfaces, AI, and Cloud Computing
have greatly enhanced various industrial aspects, simplifying tasks, reducing
errors, and expediting learning. However, it’s crucial to consider task complex-
ity and the potential for AR interfaces to overwhelm operators. ML and DL
techniques, especially in anomaly detection, outperform traditional methods.
Despite challenges, AR, voice interfaces, and AI hold substantial potential in
the industrial field, necessitating further research and development to unlock
their capabilities. Our research aims to leverage modern DL techniques and AI
foundation models to enhance information access in complex environments.

3 System architecture overview

Input

Speech recognition

Device camera

Direct manipulation

Interaction layer

On-device feedback

Geometric
transformation

Relative region
segmentation

AR Physical layer
+

Data meaning

CNN for
image interpretation

Transformers for
natural language understanding

and QA

ML for
anomaly detection

Semantic layer

New insights from
semantic layer

ERP/
SCADA/...

Business layer

Image based/
SLAM...

- Decision making

- Automatic validation

- Anomaly detection 

Middleware

Data parsing and
 formatting

Data normalization

Fig. 1 System architecture layers.

This study proposes an architecture combining AR, ML, and DL tech-
niques to support operators’ tasks on a production shop floor. The architecture
is designed to enable the creation of applications that offer intelligent assis-
tance to the operator through multimodal interaction, potentially replacing or
enhancing the need for an SME, even when using teleoperated AR systems.
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The system consists of four communicating layers, as shown in Fig. 1.
The central axis is the AR layer, facilitating integration and creating synergy
beyond individual components. Further details about each layer are provided
below.

3.1 Interaction layer

The Interaction layer provides various modes of operator interaction. Three
modules enable multimodal interaction, as depicted in Fig. 1:

• Speech recognition: The system recognizes and responds to the operator’s
NL queries, providing prompt answers based on available technical informa-
tion, reducing query time significantly, and avoiding the need for consulting
SMEs or searching technical documentation.

• Device camera: Using a camera is a fundamental element in current
AR solutions, available on mobile devices and AR Head-mounted displays
(HMD). It supplies the possibility of adding visual cues to the operator
and facilitates the validation of performed tasks using AI-based elements
described later.

• Direct manipulation: This interaction style relates real-world actions to
device-based actions [71]. The operator interacts through touch screens of
mobile devices and hand gestures in specific AR HMDs. The operator can
touch the digital representation of environment elements, such as buttons or
AR indicators, to retrieve additional information or perform specific tasks.

The system’s multimodality allows users to interact with it in three ways
and provides feedback through AR cues or textual information, as explained
later.

3.2 AR Physical layer

The AR Physical layer performs crucial tasks, including displaying synthetic
content overlaid on the device’s camera feedback, determining the operator’s
location and relative position in the industrial environment, and extracting
areas of interest for later analysis. It locates analog controls, like pressure
gauges, in the camera’s captured image (Relative region segmentation in Fig.
1). Geometric transformation is applied to remove the perspective between the
camera position and the control (Geometric transformation in Fig. 1), reducing
input image variability for more effective CNN training (i.e., the machine view
remains orthogonal to the device camera). Reference marks, such as printed
images on machines or specific places on the shop floor, can guide the operator
in the real environment. Moreover, the layer provides indications of possible
anomalies, and answers operator queries about technical documentation.

Simultaneous Localization and Mapping (SLAM) creates a 3D map of the
environment to determine the user’s 3D location, allowing real-time combina-
tion of virtual objects and indoor tracking. The traditional A∗ algorithm can



Springer Nature 2021 LATEX template

Environment awareness, multimodal interaction, and intelligent assistance 7

Fig. 2 Reading the pressure value with a CNN in non-sensorized machines.

guide the operator on the shop floor, while marker-based tracking and SLAM
are employed to determine the operator’s position.

The evaluated application utilizes AR technology to enable operators to
perform complex tasks. Various tools and technologies are available for devel-
oping AR applications, including ARCore for Android [72], ARKit for iOS [73],
and AR Foundation [74]. Libraries and SDKs like ARToolkit [75] or Vuforia
streamline the integration of AR functionality, reducing programming com-
plexity and supporting cross-platform development. Vuforia SDK is used and
tested on an iPad device for this research.

3.3 Business layer

The Business layer plays a pivotal role in our architecture by seamlessly
integrating shop floor operational systems with higher-level decision-making
processes. It leverages Enterprise Resource Planning (ERP) and Supervisory
Control And Data Acquisition (SCADA) systems, enabling efficient resource
management and process supervision. Combining data from ERP, SCADA,
and the semantic layer through CNNs enhances our system’s capabilities,
particularly in tasks like anomaly detection.

This layer acts as a bridge between operational and business components,
utilizing ERP and SCADA data alongside DL from the semantic layer to pro-
vide comprehensive insights for informed decision-making. Our architecture
promotes a holistic understanding of the industrial environment, improving
operational efficiency and supporting intelligent decisions. The intermediate
middleware layer serves as an interface, facilitating seamless communication
between the AR Physical layer and the Business layer. Its primary function is
to abstract and enable the retrieval of information from sensorized machines,
enabling system scalability and flexibility.

3.4 Semantic layer

DL has enabled the development of CNN architectures for image input,
utilizing convolutional layers to extract significant features and perform classi-
fications or regressions, such as in Fig. 2, where a CNN can predict the pressure
value from the image of a pressure gauge. Analyzing that image through CNNs
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is crucial when a machine is not sensorized (i.e., it is not connected to a SCADA
system or does not have a PLC), thus being the only source of information
the system can extract data from. Nevertheless, it’s important to note that
this visual data should not be perceived as a substitute for the structured data
derived from PLCs and SCADA systems, as these systems excel in tasks related
to automation, control, and historical data analysis. Instead, the integration
of both structured and visual data sources emerges as a strategic approach,
affording a comprehensive perspective of industrial operations that, in turn,
enhances decision-making capabilities and facilitates process optimization.

On the other hand, ML allows the use of supervised models like SVM or
Isolation Forest, and unsupervised models like K-means, to identify anomalies
or outliers in feature vectors, such as values or states from machines or produc-
tion lines. Supervised models require normal and anomalous feature vectors,
while unsupervised models detect anomalies based on deviations from primary
clusters in the training data.

The Semantic layer extracts meaning from the operator/device’s environ-
ment and interactions, integrating three input types (See Fig. 1) to enhance
system accuracy.

• CNNs classify discrete and analog controls to predict their values,
• ML algorithms detect anomalies in combinations of interpreted values,
• Transformers are used to answer NL questions from the operator in the

context of a specific machine, process, or task.

Regarding the last point, the transformer-based answers significantly
improve problem resolution for the operator. Combining SMEs’ descriptions
with existing technical documentation determines the transformer’s context.
The responses are transmitted to the middleware layer, where they are stored
for subsequent retrieval by the AR Physical layer. This retrieval process allows
for the presentation of new information within the operator’s field of view. The
proposed architecture considers displaying information such as the next step
or anomalous information next to a control. Fig. 4 shows an example of this
functionality.

3.4.1 Transformers for QA

In complex industrial tasks, AR systems provide visual cues to assist opera-
tors. By adding a Semantic layer (explained in Sec. 3.4) that utilizes CNNs to
extract information and context, operators can validate actions, detect anoma-
lies, and simplify interactions. The Semantic layer also enables automatic
progression to the next step based on confirmed actions.

During MRO tasks, operators may encounter questions that require
answers found in technical documentation and procedure manuals. These
inquiries should be resolved quickly to avoid risks or costs resulting from delays.
The operators may not have the necessary knowledge, leading them to con-
sult either the technical documentation or a remote expert. One of the most
promising neural network architectures, transformers, can address this issue.
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Transformers can help interpret technical documentation and procedure man-
uals, even when written in NL, enabling operators to find the answers they
need promptly.

Transformers outperform recurrent networks by incorporating attention
mechanisms and acquiring language semantics through extensive text train-
ing. They possess high-level capabilities in NL processing, including text
classification, chatbots, text summarization, and language translation. Pop-
ular transformer architectures include RoBERTa [76], DistilBERT [77], and
Google’s T5 [78]. In QA tasks, transformers can be specialized to provide
context-based answers to NL questions. Training can be performed on large
datasets like SQuAD (Stanford Question Answering Dataset) [79], or pre-
trained transformers can be used for their ability to understand various
question formulations in NL. Fine-tuning, as detailed in section 5, further
enhances their accuracy, particularly when considering real industrial contexts.

The need for knowledge may arise during MRO tasks, with or without AR
guidance. This study evaluates the availability of tools such as QA based on
technical documentation and SME knowledge to analyze whether it improves
task efficiency in complex environments such as shop floors.

3.4.2 Connecting transformers with AR for multimodal
interaction

Transformers have proven to be an effective method for answering technical
documentation questions in NL, offering valuable benefits such as streamlin-
ing the search process for specific problems and reducing cognitive load. In
the evaluated application, the transformer’s responses are integrated with AR
technology, linking NL answers to physical locations and specific elements in
the spatial mapping (see Fig. 4). This integration aims to provide precise
indications of the elements of interest in the operator’s physical environment
alongside the NL response to a query (Fig. 3).

The proposed method for linking questions and AR responses involves
preprocessing the technical documentation and utilizing existing 3D scanning
technology to map the environment of interest. To achieve this, we add extra
text to the technical documentation to identify elements of interest in the 3D
scanned mesh unequivocally. The relevant elements in the industrial environ-
ment, such as panels, controls, indicators, and actuators, are identified and
assigned unique identifiers in the 3D mesh of the shop floor area.

The connection between the identified elements and the technical docu-
mentation is established through two steps:

• Additional sentences are incorporated into the context, indicating the spe-
cific identifiers assigned to the elements of interest in the physical space.
For instance, Fig. 6 illustrates four marked nozzles (0001, 0002, 0003, and
0004) of an Extruder machine, and their corresponding identifiers are listed
in lines 26 to 28 of Listing 1.
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Fig. 3 Users can interact multimodally to obtain AR and NL feedback.

• In cases where the text does not clearly describe the element in question, the
previous sentences are extended to provide the necessary context, enabling
the transformer to obtain the required answer when asking a question.

The interaction between the operator, the transformer, and the AR system
is depicted as follows (Fig. 4): The operator asks a question in NL, and the
system forwards it to the transformer, which predicts and returns the answer.
However, in certain cases, additional information is necessary to pinpoint the
element referred to by the operator in the AR space. In such situations, a
second internal question is sent to the transformer to obtain the identifier of the
element of interest. Therefore, the application receives a response comprising
two elements: (1) the answer provided by the transformer and (2) the ID of the
element of interest associated with a specific location in the AR environment.

Explicit statements are added to identify specific controls in subsequent
questions (see Listing 1, lines 26-28) to ensure that the transformer can
accurately relate the response to a physical control in the real environment.

It is worth noting that the transformer used in this study belongs to the
Extractive Open QA family. The answers are generated solely from the context
and do not introduce new content. This approach is recommended when precise
answers are required, based solely on the available technical documentation.

4 System implementation

The proposed architecture, its main elements, multimodal capabilities, and
synergies are described, along with a real-world implementation and evalua-
tion. This study analyzes the usage of two machines, an Extruder, and an
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Fig. 4 Linking answers in NL to AR cues.

Injector, for creating filaments and molds from a polymer mixture. The pro-
cess requires various machine parameters, such as nozzle temperatures, which
vary based on the polymer type. The client-server architecture for implement-
ing, validating, and verifying the proposed system is detailed in section 4.1
and 4.2, respectively.

4.1 Client-side application

The primary application that the operator interacts with has been developed
using the Unity engine, allowing for the development of interactive, cross-
platform apps for desktop and mobile devices. The app was tested on an iPad
Air (4th generation). Since the system relies on AR for spatial location and
operator guidance, a tool that facilitates AR application development in Unity
was required. Vuforia was chosen for environment scanning since it offers prior
3D spatial mapping of the workspace and allows AR elements placement dur-
ing application runtime. The initial scanning procedure is necessary as the
system’s primary objective is to guide the user during various tasks and pro-
cesses. The result of the 3D scanned environment using an iPhone 13 with a
LiDAR sensor can be seen in Fig. 5. While alternative methods like 3D laser
scans exist for environment scanning, their high cost led us to choose Vufo-
ria Area targets as the preferred technology. After the scan process, this tool
allows for environment detection and tracking, so placing AR elements on the
environment is possible. Additionally, a marker placed close to the control of
interest aids in interpreting the CNN by eliminating the perspective of the
image taken from the control. Regarding operator guidance on the shop floor,
the Unity native’s implementation of the A∗ algorithm is utilized.

To distribute and optimize the Semantic layer functionality between
the client and the server, the client performs local inferences from CNNs
trained using the Open Neural Network Exchange standard (ONNX) [80]. The
proposed system uses the open-source Keras library [81] to develop the archi-
tecture and train the model, which is subsequently exported to ONNX for
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inference on the mobile device, enabling the device to perform classification
and regression tasks, which interpret images semantically.

As explained in Sec. 3.4.2, labeling the elements of interest (e.g., buttons,
machines, nozzles) is required for the system to interpret the transformer’s
responses and identify the relevant elements in the environment. Fig. 6 displays
the labels used for the temperature nozzles of the Extruder.

Fig. 5 Scanned mesh (Unity).

Fig. 6 Link between a physical element and transformer identifier (Unity).
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4.2 Server-side application

To improve the system’s overall efficiency, tasks involving complex DL models,
such as anomaly detection models or transformers for QA, are distributed and
solved on a server instead of the operator’s device. This approach offloads the
computational burden, leading to faster response times and reduced battery
consumption.

For the evaluated implementation, the FastAPI framework for Python was
used to run a transformer on the server. Specifically, the transformer was 80%
1x4 Block Sparse BERT-Large (uncased) Fine Tuned on SQuADv1.1 [82] due
to its high prediction accuracy for the questions asked. Further insights into
the decision-making process and analysis of the results are described in section
6.

4.2.1 Transformer selection

To establish a relationship between the transformer’s response (Semantic layer)
and the visual AR cue (AR Physical layer), controls are linked with IDs, such
as 0001 or 0002, as shown in Listing 1. This linking allows triggering a second
question to the transformer if a keyword like ”nozzle” or ”funnel” is detected in
the operator’s query. The result from the second question returns the control
identifier and activates the cue in AR, as depicted in Fig. 4.

Four state-of-the-art QA transformers were evaluated to provide NL
interaction, all available at Hugging Face.

1. Intel/bert-large-uncased-squadv1.1-sparse-80-1x4-block-pruneofa
2. bert-large-uncased-whole-word-masking-finetuned-squad
3. csarron/bert-base-uncased-squad-v1
4. csarron/mobilebert-uncased-squad-v2

Fourteen questions related to the context were performed to select the
QA transformer for this study. The average scores and their results were
calculated (refer to Table 1 and Table 2). The chosen model was Intel/bert-
large-uncased-squadv1.1-sparse-80-1x4-block-pruneofa. It is important to note
that the validity of the answers depends on the technical documentation and
specific question formulation. The score value alone should not be the only
factor in choosing a transformer. The possibility of using an Ensemble model
to choose the highest-scoring model for a specific question should also be
considered. It is worth mentioning that the study’s focus is not to compare
transformer models but instead to properly integrate their capabilities into an
AR environment.

4.3 System operation

The presented architecture’s benefits over a traditional approach have been
evaluated using two applications. The first application utilizes AR, Transform-
ers for NLP, and CNN for action validation, while the second only provides
AR cues for operator guidance. The developed applications allow preparing
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new materials using different polymers from a list of possible processes. The
AR Physical layer detects the current environment to ensure the operator is in
the work area. The AR system guides the operator to the first machine using
an AR route and a mini-map. Once in front of the machine, a sequence of AR
cues shows the operator the actions to be performed if the process includes
handling different elements. An example of the flow of use of the developed
application is shown in Fig. 7. Again, the complete system, implemented in the
first application, allows for asking questions in NL, thus generating responses
through AR cues and textual information, and is also capable of interpreting
analog values, such as pressure gauges.

Fig. 7 Extruder workflow using the application, setting the nozzle temperatures. Visual
validation, AR guiding, and voice interaction.

4.4 Implementation guidance

To generalize the benefits of the proposed architecture and facilitate its incor-
poration into various industrial environments, this research evaluates a specific
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implementation in a particular environment. The following common aspects
should be considered:

1. Technical documentation compilation Collecting technical documenta-
tion from various sources is necessary for NL questions. The data is usually
in PDF files or paper documents, but SMEs may have additional informa-
tion acquired from experience. Specific tools are required to extract this
data efficiently.

2. Operatable elements Define the machines the architecture needs to
understand and operate. Automating the process of determining operable
machines and controls would streamline development.

3. AI model definition The architectures need to be trained with several
models for each control and its variations to achieve better results since
elements such as gauges or buttons can significantly vary, even in the same
machine. Simple CNN architectures have shown excellent results, espe-
cially with the preliminary perspective removal stage, requiring only a few
pictures.

4. Environment scanning Enable the operator to move freely within the
shop floor, necessitating 3D environment tracking. While 3D scanning and
recognition tools are recommended, 2D markers from specific machines
could serve as an alternative. Current AR systems generally offer these
possibilities with specific authoring tools.

5. Task definition To highlight the AR cues linked to specific tasks, a
good knowledge of what processes and tasks the operator will perform
is necessary. The application should be flexible enough to manage these
abstractions and highlight related elements to specific operator questions.

6. Context and environment linkage The architecture’s advantage is the
strategy used to link responses from the transformer and AR elements,
as described in section 3.4.2. However, the implementation may differ for
different cases.

5 System evaluation

A suitable environment was selected to evaluate the proposed system, focusing
on tasks involving creating new materials using polymers mixed with various
materials at different temperatures. These tasks require the use of multiple
machines located in different areas. The system evaluation was conducted using
the following elements:

• Three groups of people were evaluated (see Sec. 5.1), a group without AR,
a group with traditional AR, and a group with the proposed system (i.e.,
AR and Semantic layer).

• Three work-related questions were posed to operators to measure the
resolution time. Two groups of operators were tested, one with physical doc-
umentation and the other with the transformer integrated into the proposed
AR system.
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• A Likert questionnaire was used for qualitative analysis to evaluate two
groups of operators, one with traditional AR and the other with the proposed
semantic AR.

The chosen evaluation criteria follow similar studies in the literature to
obtain qualitative and quantitative measures for assessing the suitability of
the proposed AR system.

5.1 Participants

The proposed system was evaluated through the developed application by three
groups of operators, each consisting of six operators with experience on the
shop floor. Although the operators were familiar with industrial processes, they
were not acquainted with the tasks evaluated, allowing for assessing potential
application improvements.

Group A: The first group used an application that incorporated semantic
AR through CNNs and transformers to complete the designated tasks. Addi-
tionally, this group could ask questions in NL when performing a specific task,
providing text and AR cues (if possible).
Group B: The second group had access to an application that only used

AR to display visual cues, which is the current standard in AR applications
used in the industry. They also had access to technical documentation in a
traditional electronic format (i.e., PDF files).
Group C: The third group did not have access to the application or any AR

support. They were given access to the same source of technical documentation
as group B and a list of tasks to be performed.

5.2 Task description

The system evaluation involved the operators performing eight tasks, compris-
ing a complete process that required using two machines, the Extruder, and
the Injector, described in section 4.

Task 1, Extruder Location: This task required locating the machine
responsible for dissolving the selected material within the manufacturing plant.
While groups A and B successfully used AR guidance, group C faced challenges
due to limited information in the technical documentation.
Task 2, Turn on the Extruder: Upon locating the Extruder, the operators

had to power it on. This step proved to be straightforward for all groups,
involving a standard control and clear location visibility. Notably, group A
benefited from the assistance of a CNN for automatic switch validation.
Task 3, Nozzles temperatures setup: Operators were tasked with estab-

lishing the temperatures of the four nozzles, which vary depending on the
melting material. Group A utilized AR cues (e.g., arrows pointing at the
nozzles) and NL interaction for easier execution (e.g., texts indicating the tem-
peratures of the nozzles, as additional AR cues), while groups B and C faced
difficulties relying solely on technical documentation.
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Task 4, Extruder material insertion: In this step, operators introduced
the compound into the Extruder’s top funnel. AR cues provided additional
assistance to groups A and B.
Task 5, Injector Location: Similar to Task 1, this step required locating the

Injector machine. Groups A and B used AR cues, while group C encountered
challenges without this assistance.
Task 6, Turn on the Injector: Activating the Injector involved using a

standardized control, similar to task 2. Groups A and B used AR cues to find
the control, while group C had minor difficulties finding the control location
due to its concealed location.
Task 7, Injector material insertion: Operators needed to locate the Injec-

tor’s funnel to insert the new mixture. No significant differences were observed
among the three groups.
Task 8, Purge and injection: For this task, the operator had to use the

Injector’s Human Machine Interface (HMI) to perform purging and injection.
Groups A and B received AR assistance on the HMI, while group C relied
on technical documentation and encountered some challenges using the HMI
menus.

To evaluate the possibility of asking in NL, operators from group A had to
ask three questions to see the response from the system. These questions were:

Question 1: Asking for the temperature range of the nozzles for the Extruder
for a specific material different from PLA.
Question 2: Query about a machine’s location on the shop floor.
Question 3: Inquiry regarding the range of values on the pressure during

the injection process.

In addition, a six-question questionnaire was administered to operators
from groups A and B using a 5-point Likert scale (see Table 6). The question-
naire aims to compare and evaluate the use of standard AR applications versus
adding a semantic layer on top of it with the capability of asking questions in
NL. The results of the questionnaire can be found in section 6.

6 Analysis and results

Table B1 presents the task completion times for the three groups. Table B2
compiles the time required to answer three specific questions for groups A and
C. As a reminder, operators from group A could use NL to ask questions to
the selected transformer. Group B and group C operators had to search for
answers in technical documentation.

A two-factor ANOVA test was conducted, with one factor using repeated
measures, to assess whether the group impacts the task execution time. Table
3 displays the means and standard deviations of task execution times for each
group (refer to Fig. B1 in appendix B for a comparative view). The test results
indicate that there is a statistically significant difference between the groups,
regardless of the task performed (F (7, 105) = 288.39; p < 0.001; η2 = 0.951).
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Table 1 Transformer predictions to questions
(Intel/bert-large-uncased-squadv1.1-sparse-80-1x4-block-pruneofa).

Index Question Selected transformer prediction

0 What is PLA? polylactide

1 What are all the temperatures for melting PLA? 170º - 180º - 185º - 190º

2 What are the temperatures for PLA? 170º - 180º - 185º - 190º

3 What is the range of temperatures for melting PLA? 170º - 180º - 185º - 190º

4 What is the temperature for the first nozzle for PLA? 170º

5 What are the temperatures for PVAL? 190º - 195º - 200º - 210º

6 What is the temperature for PVAL for nozzle four? 210º

7 How do I start using the extruder? setting the nozzle controls to the desired temperature

8 What is the next step after setting the temperatures? pour the materials into the funnel

9 Where is the extruder’s funnel? top of the machine

10 Nozzle id’s 0001 - 0002 - 0003 - 0004

11 nozzle id’s 0001 - 0002 - 0003 - 0004

12 Activation button id 0005

13 funnel ID 0006

Table 2 Scores for the 4 QA transformers tested.

Model index Mean score

1 ±68.46
2 ±30
3 ±53.38
4 ±28

However, the interaction between group and task was also significant, sug-
gesting that the execution time of a task depends on the group performing it
(F (14, 105) =8.30; p < 0.001; η2 =0.525).

Tasks 2, 4, 6, and 7 show no statistically significant differences in execution
times between the operator groups. Conversely, in tasks 1, 5, and 8, the exe-
cution times of operators in group C, who only used the documentation, were
significantly longer than those of operators in groups A and B, who used the
applications; no significant differences were found between groups A and B.
For task 3, the execution time of operators in group C was significantly longer
than that of operators in group A; no significant differences were observed
between groups A and B or B and C.

Table 4 presents the p-values of the pairwise comparisons with Bonferroni
correction to adjust the significance level of each pairwise comparison between
the groups and tasks.

The response times to the questions posed were analyzed, and the results
are presented in table 5 (see also Fig. B2 in appendix B). The analysis indicates
a statistically significant difference between groups A and C concerning the
three proposed questions. The response times of operators who worked with
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Table 3 Descriptive execution times of tasks and statistical contrasts.

Task

1 2 3 4 5 6 7 8
Mean (Sd) Mean (Sd) Mean (Sd) Mean (Sd) Mean (Sd) Mean (Sd) Mean (Sd) Mean (Sd)

Group
Group A 18,67 (3,56) 5,50 (2,26) 50,67 (15,95) 23,00 (6,81) 19,67 (4,93) 12,00 (3,29) 6,83 (3,82) 89,83 (8,91)
Group B 18,50 (2,26) 4,67 (1,37) 64,17 (11,58) 15,83 (4,71) 18,83 (6,31) 10,50 (2,59) 6,83 (2,64) 85,50 (11,52)
Group C 37,83 (8,04) 5,67 (3,01) 77,83 (14,58) 16,83 (5,49) 53,17 (10,07) 14,83 (7,91) 7,67 (2,25) 126,00 (23,38)

Table 4 Two to two comparisons P -values (Bonferroni correction).

Task

1 2 3 4 5 6 7 8

Group A Vs. Group B 1 1 0,358 0,141 1 1 1 1
Group A Vs. Group C < 0,001 1 0,014 0,247 < 0,001 1 1 0,004
Group B Vs. Group C < 0,001 1 0,345 1 < 0,001 0,501 1 0,002

the application were significantly lower than those of operators who performed
tasks with documentation for all three questions (p < 0, 001, p < 0, 001, and
p < 0, 001, respectively). However, the interaction between the group and the
task was not significant.

Table 5 Descriptive answer times and statistical contrasts.

Question Tests of within-subjects effects

1 2 3 Group Group*Question

Mean (Sd) Mean (Sd) Mean (Sd) F(g.l.);
p− valor(η2)

F(g.l.);
p− valor(η2)

Group F (2; 20) = 3, 93;
p = 0, 036(0, 274)

F (2; 20) = 0, 57;
p = 0, 572(0, 054)

Group A 19,67 (8,89) 10,67 (5,79) 15,17 (5,08)
Group C 87,33 (12,31) 70,83 (19,45) 87,83 (21,74)

Table 6 describes and compares the scores given to each statement based
on the group of workers. The results indicate that operators from group A
showed more significant agreement than those from group B for the questions
”It helped me solve technical questions seamlessly” and ”I can access additional
information effortlessly”. These answers suggest that workers in group A found
the system more helpful and easier to use than group B workers.

The results show that the proposed semantic layer reduces the time required
for tasks of a more cognitive nature and provides greater comfort and security
in the qualitative assessment of results. Consequently, group A shows better
results and higher levels of satisfaction. The evaluation of the proposed solution
confirms the significant advantages that can be obtained by complementing
current AR systems in industrial environments with the proposed semantic and
multimodal layers. These findings align with similar studies such as Rasmussen



Springer Nature 2021 LATEX template

20 Environment awareness, multimodal interaction, and intelligent assistance

Table 6 Descriptive and comparative scores to the questions raised about the
performance of the tasks.

Question
Group, median (IR)

Mann-Whitney
U test

Group A Group B U p-value

I think AR is helpful 5 (5 - 5) 5 (4 - 5) 15 0,523

I feel I can finish the tasks faster 4,5 (4 - 5) 4 (4 - 5) 13,5 0,423
I felt more confident and safe using the application 5 (5 - 5) 5 (5 - 5) 15 0,317
It helped me solve technical questions seamlessly 5 (4 - 5) 2,5 (2 - 3) 1 0,005

I can focus better on the task 4,5 (4 - 5) 4 (4 - 5) 15 0,575
I can access additional information effortlessly 5 (5 - 5) 2 (2 - 2) 0 0,002

IR: interquartile range

et al. on workspace awareness using a multi-camera solution [28], Eversberg et
al. on cognitively assisted AR through digital twins [29], Wang et al. on spatial
cognition [30], and Zhang et al. on the benefits of multimodal interaction [31].
It is important to acknowledge that further investigation and analysis are
necessary to address the open questions surrounding the semantic layer and
to refine the system’s capabilities in future research.

7 Discussion

The present study investigated the effectiveness of a proposed semantic layer
in augmenting industrial workers’ AR tasks. The analysis of the study’s
data revealed several significant findings. Firstly, the two-factor ANOVA test
demonstrated a statistically significant difference in task execution times
between the three groups (A, B, and C). Operators in group C, who relied
solely on technical documentation, exhibited significantly longer task execution
times than those in groups A and B, who used the proposed application-based
semantic layer. Moreover, task completion times varied significantly across dif-
ferent tasks, suggesting that the semantic layer’s impact depends on the task’s
nature. The response times to specific questions showed that operators in group
A, using the semantic layer, had significantly lower response times than those
in group C, who used only technical documentation. This finding indicates
that the semantic layer can streamline obtaining information and answering
queries, potentially improving workers’ efficiency. The likert-scale evaluation
indicated that operators in group A expressed higher levels of agreement with
statements related to the proposed system’s helpfulness, confidence, and ease
of use. These results suggest that the semantic layer contributes positively to
the overall user experience and satisfaction.

These outcomes imply that the semantic layer has the potential to enhance
workers’ cognitive capabilities and enable them to perform complex tasks
more effectively. The advantages observed in tasks requiring more cognitive
processing further emphasize the importance of addressing human-computer
interaction challenges in AR systems. The seamless integration of contextual
information and multimodal interaction in the proposed solution potentially
alleviates cognitive load, improving task performance.
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We acknowledge several limitations in this study:

1. The sample size for each group was relatively small, which may limit
the generalizability of the results. Future studies with more extensive and
diverse samples are necessary to validate and extend our findings.

2. While various tasks were considered, the chosen tasks may only par-
tially represent some possible scenarios in industrial settings. Further
investigation across a broader range of tasks would enhance the study’s
comprehensiveness.

3. The study was conducted in a controlled environment, and real-world indus-
trial conditions may introduce additional complexities not fully accounted
for in this research.

8 Conclusions

In the Industry 4.0 era, the operator plays a crucial role in incorporating the
mechanisms that benefit from this revolution. This is becoming a fundamental
element of the new Industry 5.0 definition that has, as one essential component,
the human-centric approach and the value-added work of future operators.
AR is an essential technology to enable this evolution toward an automated,
efficient, and user-centric environment. As tasks performed by operators on the
shop floor become increasingly complex, there is a growing need for qualified
labor. However, remote assistance or access to an SME may only sometimes
be available. In critical situations, the operator’s cognitive load can increase
stress levels, affect problem resolution, and compromise safety.

This study proposes a system consisting of four layers to assist operators in
the Industry 4.0 era. The AR Physical layer is the primary interface between
the operator and the shop floor. Multimodal interaction using NL, AR, and
direct manipulation helps operators learn the system more quickly and inter-
act with it more naturally. By incorporating ML and DL models, the system
further assists operators in understanding the environment (e.g., using CNNs
to get states and values of non-sensorized machines), enabling them to interact
in NL and receive verbal and visual AR feedback.

The proposed system was implemented and evaluated with three groups of
operators, and its real-life use cases have demonstrated significant benefits:

• Enhanced productivity and reduced errors: The first group used the
proposed system with a semantic layer, and they experienced a substantial
increase in task completion efficiency and a notable reduction in errors. This
improvement showcases how AR technology, when integrated with semantic
layers, can significantly enhance operator performance in complex industrial
tasks.

• Comparison with limited application: The second group, using a lim-
ited application version without the semantic layer, struggled to match the
efficiency and accuracy of the first group. This comparison underscores the
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importance of incorporating semantic layers in AR solutions to improve
cognitive tools and environmental awareness.

• Importance of semantic layers: In contrast, the third group, which relied
solely on technical documentation, faced longer task completion times and
a higher error rate. These findings further highlight the importance of inte-
grating AR solutions with semantic layers, as they outperformed traditional
documentation in assisting operators.

These findings highlight the importance of including semantic layers in
AR solutions to enhance cognitive tools and environmental awareness, and are
aligned with recent studies, such as the one by Eswaran et al. on augmented
opportunities in the industry [83].

The proposed system effectively reduces task completion time and mini-
mizes errors, ultimately contributing to improved operational efficiency and
operator performance. As the Industry 4.0 revolution progresses, it is crucial
to continue exploring and refining such AR systems to empower operators,
mitigate cognitive load, and foster a safe and productive industrial setting.
As Industry 4.0 and 5.0 advance, this research paves the way for future
investigations in AR systems. There is a need for further refinement and
exploration of novel interactions to enhance AR system efficiency for opera-
tor assistance. Integrating AI-driven decision support can empower operators
to handle complex tasks effectively. Additionally, extending semantic layers
within AR solutions shows promise in augmenting operators’ cognitive tools
and environmental awareness. These future research directions can significantly
advance AR systems, creating a more user-centric, efficient, and safe industrial
environment. These advancements hold the potential to revolutionize various
industries, from manufacturing and logistics to healthcare and maintenance,
providing tangible benefits to operators and organizations alike.
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Appendix A Transformer context

1 context = """
2 Extruder information :
3 - PLA is Polylactide .
4 - For melting PLA , 170° - 180° - 185° - 190°.
5 - PLA nozzle one/first: 170°.
6 - PLA nozzle two/second: 180°.
7 - PLA nozzle three/third: 185°.
8 - PLA nozzle four/fourth: 190°.
9

10 - PVAL is Polivinylalcohol .
11 - For melting PVAL , 190° - 195° - 200° - 210°.
12 - PVAL nozzle one/first: 190°.
13 - PVAL nozzle two/second: 195°.
14 - PVAL nozzle three/third: 200°.
15 - PVAL nozzle four/fourth: 210°.
16

17 Extruder tasks:
18 1° Turn on the machine turning the activation button to the left.
19 2° Heat up the machine by using setting the nozzle controls to the desired

temperature .
20 3° When the machine is heated , pour the materials into the funnel , found at

the top of the machine.
21 4° The material will appear through the fourth nozzle.
22

23 -------------------------------------
24

25 Extruder IDs:
26 - Nozzle ID ( 0001 - 0002 - 0003 - 0004 ).
27 - Activation button ID ( 0005 ).
28 - Funnel ID ( 0006 ).
29 """

Listing 1 Transformer context based on technical documentation (Python language).
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Appendix B System evaluation

∗ ∗ p < 0.01, ∗ ∗ ∗p < 0.001

Fig. B1 Comparative of tasks, group A (Semantic AR) Vs. group B (Only AR) Vs. group
C (Traditional).

Group A Group C

∗ ∗ ∗p < 0.001

Fig. B2 Comparative of answers (Group A Vs. Group C).
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