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Preface

The volume CCIS 1488 contains the refereed proceedings of the International
Conference on Optimization, Learning Algorithms and Applications (OL2A 2021), an
event that, due to the COVID-19 pandemic, was held online.

OL2A 2021 provided a space for the research community on optimization and
learning to get together and share the latest developments, trends, and techniques
as well as develop new paths and collaborations. OL2A 2021 had more than 400
participants in an online environment throughout the three days of the conference
(July 19–21, 2021), discussing topics associated to areas such as optimization
and learning and state-of-the-art applications related to multi-objective optimization,
optimization for machine learning, robotics, health informatics, data analysis,
optimization and learning under uncertainty, and the Fourth Industrial Revolution.

Four special sessions were organized under the following topics: Trends in
Engineering Education, Optimization in Control Systems Design, Data Visualization
and Virtual Reality, and Measurements with the Internet of Things. The event had 52
accepted papers, among which 39 were full papers. All papers were carefully reviewed
and selected from 134 submissions. All the reviews were carefully carried out by a
Scientific Committee of 61 PhD researchers from 18 countries.

July 2021 Ana I. Pereira
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Abstract. In the context of the fourth industrial revolution, the inte-
gration of human operators in emergent cyber-physical systems assumes
a crucial relevance. In this context, humans and machines can not be
considered in an isolated manner but instead regarded as a collabora-
tive and symbiotic team. Methodologies based on the use of intelligent
assistants that guide human operators during the execution of their oper-
ations, taking advantage of user friendly interfaces, artificial intelligence
(AI) and virtual reality (VR) technologies, become an interesting app-
roach to industrial systems. This is particularly helpful in the execution
of customised and/or complex assembly and maintenance operations.
This paper presents the development of an intelligent personal assis-
tant that empowers operators to perform faster and more cost-effectively
their assembly operations. The developed approach considers ICT tech-
nologies, and particularly machine vision and image processing, to guide
operators during the execution of their tasks, and particularly to verify
the correctness of performed operations, contributing to increase produc-
tivity and efficiency, mainly in the assembly of complex products.

1 Introduction

The 4th industrial revolution is pushing the adoption of emergent technologies,
e.g., Internet of Things (IoT), Artificial Intelligence (AI), Big data, collaborative
robots and Virtual Reality (VR), aiming to transform the way factories operate
to increase their responsiveness and reconfigurability. In particular, Industry 4.0
enables the increasing level of automation and digitization in the factories of the
future [5], with Cyber-Physical Systems (CPS) acting as a backbone to develop
such emergent production systems and contributing to develop smart processes,
machines and products. CPS aims to connect the various physical components,
e.g., sensors and actuators, with cyber systems composed by controllers and
communication networks to achieve a common goal [9].
c⃝ Springer Nature Switzerland AG 2021
A. I. Pereira et al. (Eds.): OL2A 2021, CCIS 1488, pp. 447–462, 2021.
https://doi.org/10.1007/978-3-030-91885-9_33
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In this emergent CPS environment, humans have a very important role
since they are the most flexible elements in automated systems, being required
their symbiotic integration. In particular, instead of performing repetitive and
monotonous tasks that can be fully automated, humans will be requested to
perform add-value tasks, e.g., assembly of complex and/or customized products
or performing maintenance interventions.

In this context, intelligent assistants and virtual interfaces can be used to
assist humans to realize their manual operations in a faster and more cost-
effective manner, taking advantage of the huge amount of data available at the
shop floor, as well as the emergent ICT technologies, e.g., AI and VR [3]. These
intelligent assistants can support the online monitoring of the equipment con-
dition during the execution of the assembly and maintenance operations, and
combine this information with diagnostic reports and their previous experience
in analogous situations, to determine the best action plans to be carried out. In
such systems, besides the intelligence behind the guidance system, it is important
to consider automatic systems that dynamically verifies the correctness of per-
formed operations, warning the need to correct the operation and only allowing
to proceed in case the operation is complete and successfully performed.

Such automatic verification usually involves the use of machine vision tech-
niques, which in industry context presents several constraints, namely related
to environmental illumination and shadowing, time response and the irregular
geometries of the pieces to be checked. These systems can be empowered with
the use of AI techniques and should be integrated with the other functionalities
of the intelligent assistants.

Having this in mind, this paper describes the development of a machine vision
solution, as part of an intelligent personal assistant (IPA), that supports human
operators to perform faster and more cost-effectively their assembly operations.
In particular, the IPA application uses ICT technologies and image processing
techniques to guide operators to assembly correctly customized and complex
products, checking the correctness of the performed operations. The activities
carried out by the operator are supervised through an intelligent system that
will verify the assertiveness of the assembly to ensure that the operation cycle
will only end when the system detects that the assembly is correct, even for the
scenarios considering 3D assemblies, in which the final product is assembled step
by step, and each step is understood as a complete activity. Since the algorithm
is executed in real-time, a check to verify if an operator is modifying the assembly
is included. The developed solution allows to increase the productivity of oper-
ators through the direct integration with emerging technologies, and strongly
contributes for the human integration with highly automated applications.

The rest of the paper is organized as follows. Section 2 contextualizes the
related work on developing intelligent assistants, as well as the use of machine
vision to verify the correctness of assembly operations. Section 3 presents the IPA
system architecture for the case study and Sect. 4 describes the development of
the machine vision system to verify the correctness of assembly operations for
the two scenarios considered in the case study. Section 5 discusses the achieved
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experimental results, and particularly the user experience. Finally, Sect. 6 rounds
up the paper with the conclusions and points out the future work.

2 Related Work

Industry 4.0 relies on the use of CPS complemented with emergent digital tech-
nologies to achieve more intelligent, adaptive and reconfigurable production sys-
tems. Also important is the integration of the human operators into the produc-
tion processes for enhanced product value, achieving manufacturing flexibility in
complex human-machine systems, where humans and machines can not be con-
sidered in an isolated manner but instead regarded as a collaborative team [8].
This requires the presence of operators on the design of human-centred adaptive
manufacturing systems, allowing a symbiotic integration.

However, the execution of some operations, e.g., assembly and maintenance,
is normally complex and requires high-level expertise from the operators to exe-
cute them efficiently in short time, with the required quality and with the mini-
mal impact on the normal production cycles. This requires to enable the human-
machine collaboration, through the use of innovative technologies, e.g., machine
vision, machine learning and VR, that will support the operators during the
realization of their tasks.

In this context, IPA is a guidance software system that can support the
execution of operations, facilitating the interaction between the operators and
machines or computers, based on data mining from images, video, and voice
commands captured from sensors distributed in the environment [6,14]. The use
of IPA, as an intelligent assistant to inform the operator with real-time and his-
torical data and guide through the best action plan to perform the operation [7],
can improve the quality of executed operations, particularly in case of complex
and/or customised ones. As an example, maintenance technicians can use an
IPA system to obtain useful real-time information about the machine condition,
recommendations and actions to be taken, as well as useful information, e.g.,
documents, websites or videos [4]. These systems can provide real-time informa-
tion and instructions, replacing traditional methods that rely on printed manuals
and real machines that can be damaged [13].

The more common commercial versions of IPA are, e.g., Amazon Alexa,
Microsoft Cortana, Google Assistant or Apple Siri. In industrial environments,
IPA are, e.g., being used to training as a means of learning through the first-
person experience [1,10], to train operators in new machine maintenance pro-
cedures [16] and to support operators in performing complex and customised
assembly tasks and maintenance operations [15].

The use of IPA can include mechanisms to automatically verify the correct-
ness of the performed operations, namely assembly operations. In this context,
artificial vision, also known as machine vision, plays an important role in the
supervision of assembly operations since it allows the acquisition and analy-
sis of image data, which would not be possible only by inference of context in
software. In industrial environments, the verification of 3D product assemblies
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is not possible by using simple 2D images, which requires to consider alterna-
tive cameras that allows to measure the distance of points in the field of view,
providing a 3D image of the scene. Several technologies can be considered to
accomplish this objective, e.g., TOF (Time of Flight), used by Microsoft Kinect
2.0 and Microsoft Azure Kinect, and stereo vision, used by Intel Realsense and
Stereolabs ZED. The acquired images are analysed by using image processing
techniques to recognize shapes and objects, e.g., contour matching, morpholog-
ical operations and feature detection. In case of recognition of complex shapes,
these techniques can be combined with machine learning algorithms.

The referred commercial intelligent assistants solutions usually provide
speech recognition functionalities but miss the image recognition, which is crucial
in industrial environments. Additionally, the use of such intelligent assistants in
industrial environments is still rare, with the majority running as laboratory pro-
totypes, mainly due to the industrial constraints and complexity, e.g., lighting,
objects geometry and object overlay.

Several aspects can influence the use and confidence of the IPA technology,
e.g., usability, security and privacy [2]. At the practical level, there are some
challenges to be faced regarding the adoption of IPA supporting technologies in
industrial environments. These solutions need to be matured to avoid creating
entropy within the maintenance process and operators need to be adequately
trained to operate the system in a proper manner. The IPA’s human-interaction
barrier models need to be improved, and AI systems need to prove reliabil-
ity. Another aspect is related to the ergonomic evolution of the head mounted
devices, which need to be more comfortable for operators to use during the entire
shift or even complete the maintenance intervention [12].

3 System Architecture for the Intelligent Personal
Assistant

This section presents the setup of the assembly workbench and the system archi-
tecture of the IPA that will be mentoring operators to the execute assembly
operations based on LEGO pieces from different shapes and colours.

3.1 Description of the Case Study

In this work, an IPA is used to support operators to perform their customised
and/or complex assembly operations in a more efficient manner. For this pur-
pose, the IPA is combined with a workbench structure, illustrated in Fig. 1,
providing an intuitive and guidance information to the user regarding the task
to be performed, as well as the capability to verify the correctness of the opera-
tion execution. As example, the IPA informs the operator about the action plan
to perform the operation, namely which step to be executed, how to execute the
step, and which piece or tool should be used in this step.

The physical structure comprises several devices that support the human-
machine interface. In terms of data collection, the workbench has an Intel
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Working
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tape

Monitoring assembly

instructions

Fig. 1. IPA workbench layout to support the human-machine interface.

Realsense camera responsible for capturing the image over the working space,
which will be processed by a machine vision algorithm to detect whether the
instructions given are correctly performed. This system is also able to acquire
the depth of the scene, thus enabling the verification of assemblies in a three-
dimensional space. A microphone is available to support the human-machine
interface by collecting the voice instructions provided by the operator during the
execution of the assembly procedure, e.g., the feedback related to the conclusion
of an operation step. Since the industrial environment can be noisy, the platform
can in alternative provide the feedback by using the touch screen interface.

In terms of output devices, the workbench comprises a monitor and a projec-
tor that are responsible for providing information to the operator, e.g., instruc-
tions to operator and feedback from operator. The image of the projector is
displayed over the working space. A LED tape is used to easily indicate to the
operator which piece placed in the several dispensers should be used in a certain
process step.

The IPA should consider the execution of two case study scenarios. In the
first case study scenario, the operator must assemble gift boxes according to the
orders received by clients, with each gift box product comprising four slots where
individual components (with different colour and shape) should be correctly
placed. In the second scenario, the system is used to support the assembly of
more complex three-dimensional products, but unlike the first, the instructions
are passed on incremental steps and the system checks if the current step has
been completed to allow to proceed to the next assembly step.

3.2 System Architecture

The IPA system architecture, illustrated in Fig. 2, comprises several modules,
interconnected via standard protocols, namely using REST services.
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Fig. 2. System architecture for the IPA system.

The process plan management module is responsible to manage the execution
of the process plan, expressed as a JSON file, related to the assembly operation.
This process considers the assembly plan procedure, the feedback from the envi-
ronment, i.e. from the camera that allows to check the correctness of the assembly
step, and the feedback from the operator, e.g., using the voice commands to ask
more information to execute the instruction.

The interaction with the operator is performed by the dashboard application,
where the step by step guidance instructions to be executed by the operator are
displayed through a monitor and a projector, complemented with supporting
documents and videos. Following the order to assembly a customised product,
the requested configuration is displayed to the operator through the human-
interface at the beginning of the cycle. The intelligent assistant is continuously
checking the assembly correctness and only finalizes the operation cycle when a
perfect match is achieved. The intelligent assistant system also indicates to the
operator which slots/pieces are correctly assembled and which are not.

An important functionality provided by the IPA is to verify the correctness
of the operation performed by the operator through the use of machine vision
techniques; in case of an assembly operation performed incorrectly, the intelligent
system will indicate the error and the assembly procedure can only proceed after
a correct assembly.

The correctness verification module is responsible to verify the correctness
of the step execution by using machine vision algorithms. For this purpose,
the module is continuously receiving the image acquired by the Intel Realsense
camera and uses a machine vision algorithm to determine the important char-
acteristics of the image, being able to conclude if the operation was performed
correctly (see more details in the next section).
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The results of the analysis of the correctness of the operation execution is
provided to the plan management engine by using a REST service. In order
to optimize the system performance and avoid the overload on the connection
with the server, this module only sends the detection status when there is any
change (comparing the last REST payload sent with the new generated one).
Also, the depth map of the scene is always checked, so it is possible to detect if
the operator is still busy performing the assembly and the recognition is paused
until it is concluded.

Finally, the LED strips are controlled by an C/C++ application running in
an Arduino Uno microcontroller that receives the information of which led area
should be turned on through an UDP socket. Note that during the execution
of assembly tasks, the LED strip will indicate the container where the operator
should pick the pieces to execute the current step.

The proposed system aims to contribute to develop an intelligent context-
awareness system, which helps human operators to perform faster and more cost-
effectively their assembly operations. In addition, it is expected that this solution
can contribute to increase the operator’s productivity through the integration
of emerging technologies, adding value to human operations that must compete
with highly automated industries.

4 Image Processing to Verify Assembly Correctness

Image processing techniques are used to verify the correctness of the assem-
bly operation performed by the operator in real time by comparing the image
acquired by the Intel RealSense camera with the execution instruction previ-
ously provided by the IPA. For this purpose, an algorithm for image recognition
was firstly implemented, which will later be used to verify the correctness of
the assembly operation in two different scenarios, namely the gift-box and the
complex assembly. The image processing algorithms were codified in Python,
ensuring fast run-time, easy development and camera compatibility, and sup-
port the use of image manipulation libraries.

4.1 Image Recognition and Classification Algorithm

The first step in the correctness verification process is related to the image
recognition, which uses the OpenCV library to implement image processing,
e.g., filtering, morphology, contour detection and colour space conversion, on
real-time applications. The developed image recognition algorithm, illustrated
in Fig. 3, identifies the different objects in the image, in terms of shape, colour
and position.

Briefly, the algorithm changes the colour space of images from Red-Green-
Blue (RGB) to Hue-Saturation-Value (HSV), since the last presents better per-
formance in machine vision algorithms and it is more adequate for the detection
of the colour. In fact, this colour space allows to represent the colors easily for
the filter since they are closer to the perception of colours in relation to the
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Fig. 3. Algorithm for the image recognition.

human eyes [11]. Considering the image after the colour space conversion, the
use of the OpenCV library, and particularly the inRange function, allows apply-
ing a threshold filter to isolate the pixels from the image by defining a range
in the colour space. As result, a binary image is obtained, with the pixels that
are within the defined range for each colour assuming the white colour and the
pixels that are not within the range assuming the black colour. This process is
performed for all the available colours of objects to be identified and the range
is defined for each colour. From the binary image it is possible to find the con-
tour of the different objects by using the findContours method, which extracts
information about the area, center of mass and vertex position of the object.

This image recognition algorithm is performed for both case study scenarios.
However, the algorithm to verify the assembly correctness is dependent of the
scenario and will be described in the following sections.

4.2 Verification Algorithm for the Gift-Box Assembly

In this scenario, the application generates a configuration for the gift-box accord-
ing to the received orders, i.e. which pieces (defined in terms of shape and colour)
should be placed in each one of the four box slots. The operator receives the
information related to this configuration, through the projector and monitor,
and performs the assembly operation by placing the pieces in the target slots
of the gift-box. The requirements to confirm the correct assembly include the
verification if only one piece is placed in each slot and if the piece has the colour
as requested in the configuration instructions. The algorithm to verify the cor-
rectness for the gift-box assembly is illustrated in Fig. 4.

The image recognition algorithm described in the previous section is used to
list the objects present at the scene. Then, for the gift-box assembly verification
algorithm, the pointPolygonTest function from the OpenCV library, is used to
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Fig. 4. Verification algorithm for the gift-box assembly.

select only the pieces that are inside the box. The algorithm identifies the con-
tour of the box, and then, knowing its position, it is possible to measure the
Euclidean distance between the other pieces and each corner of the box. Due to
the geometry of the box, the piece that is placed in a slot will always be at a
smaller distance from its respective corner, e.g., the piece that is in the upper
right slot always has a smaller distance from its upper right corner compared
to the others. This allows to assign the proper slot positions of the pieces by
comparing with the received instruction. If two pieces are detected in the same
position or if the colour of the piece in one of the slots does not match with the
colour presented in the instruction, an alert error is generated. In this way, it is
possible to have freedom during the assembly operation as the positions are all
relative to the current gift-box position.

After validating the correctness of the performed assembly, the information
is sent to the dashboard application that will show the results, and in case of
incorrectness, indicates which slots of the gift-box are wrongly assembled.

4.3 Verification Algorithm for the Complex Assembly

In this scenario, the dashboard application guides the operator during the assem-
bly of a complex product by showing the image of the complete assembly and
the visual instructions (i.e. action, image and video) for the current assembly
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step. After concluding the verification of correctness, the system indicates if the
assembly step was completed or not with success.

Since the operation involves a three-dimensional assembly, besides the recog-
nition of the colour and shape of the pieces, it is also required to get information
about the height, which is possible by using the IR Stereo sensor of the Real
Sense camera. To mitigate inaccuracies caused by the camera’s mounting angle
and uneven surface, the application initially saves the scene depth as a height
map, so during the detection routine, the captured depth is subtracted with
the map to obtain the height of the pieces relative to the working table. The
verification algorithm for the complex assembly is illustrated in Fig. 5.
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Fig. 5. Verification algorithm for the complex assembly.

To allow the assembly verification in this scenario, the first action is to fetch
the active assembly and search for the respective instruction file for the current
step. For all the instructions generated, the piece in the top left corner in relation
to the rotation of the mounting surface, as illustrated in Fig. 6, is considered as
a master piece, responsible for the basis of calculation to establish the position
of the other pieces in scene. In scenarios that not require to use a box or a
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basis to accommodate the pieces, the first piece placed in the working area, e.g.,
corresponding to the first step, is considered as the master piece, and all the
others pieces placed later have their position related to the master piece.

Fig. 6. Possible assembly rotations. (Color figure online)

The colour, orientation and shape of the piece are obtained directly from
the image recognition algorithm. The assemblies were separated into layers of
heights, to ensure that all pieces in the scene are analyzed, even those that are
covered by another piece in a later step. Each layer has a master piece to serve
as reference for other pieces in the same plane and a new layer is considered if
any piece is mounted on top of another. It is important to remark a limitation
in the assembly freedom since that the assembly area can not be moved when
a layer change because this would change the stored reference position of the
master piece used to calculate the distance and the reference point for the newly
added piece.

In order to increases the stability of the verification correctness process, the
assembly verification algorithm considers the last five performed detections and
only confirms the assembly if they are equal. Note that this threshold value was
empirically defined, with a small number leading to a reduced certainty and a
high number increasing the response time.

By debugging the software, it was possible to observe that problems in detec-
tion may occur due to the positioning of the assembly in relation to the ambient
lighting. To solve this problem, three solutions have been introduced: the reduc-
tion of the lighting intensity, the demarcation of an optimal area for assembly
and the modification of the algorithm that returns the final detection.

5 Experimental Results

The developed IPA, and particularly the automatic system to verify the correct-
ness of the assembly operation, was implemented in the workbench case study,
and used by operators in their assembly operations’ routines.
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5.1 Accuracy of Developed Methods

Multiple running tests were performed using the intelligent assistant by operators
performing assembly operations for the 2 case study scenarios.

Regarding the gift-box scenario, Fig. 7 illustrates an operator performing the
assembly operation with the support of the intelligent assistant, as well as the
output of the recognition algorithm to check the correctness of the performed
operation.

Fig. 7. Gift-box assembly in the IPA (right) with the recognition output (left).

It is clear the benefits of using the intelligent assistant to support the opera-
tor during the execution of customised assembly tasks, including the automatic
presentation of the instructions to perform the operation and the automatic ver-
ification of the correctness of the performed operation, mitigating the possibility
of human errors, e.g., due to fatigue, variability and error of judgement, thus
increasing the efficiency of the process and the comfort of the operator.

The checking algorithm was intensively tested, including incorrect assemblies
with the following situations to validate its accuracy: i) incorrect colour order
within the box, ii) two pieces in the same box slot, and iii) pieces placed outside
the box. No errors occurred during the tests, i.e. where the system output is
correct although the real assembly is not. However, when the box was placed
outside the detection area, some errors have occurred due to the light reflection.
In particular, it was identified the incorrect detection of red pieces when they are
very close to the box wall. This occurs since in some situations of low brightness,
the HSV values for brown and red colours coincide, with the filter not being able
to separate the two objects. This situation can be avoided with the improvement
of the scene lighting and adjusting the filter threshold values to better classify
the pieces’ colours.

The response time to perform the recognition algorithm and to present the
verification decision to the operator is approximately 3 s, which means a waiting
time of 3 s to check the correctness of the performed operation’s step. This implies
the need to establish a cycle time for the assembly of gift-boxes that includes
this additional time.
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Regarding the second scenario, Fig. 8 shows the operator performing the
assembly of a product and the output of the recognition algorithm. The black
points presented in the algorithm’s output are due to the layer system since as
the distances are subtracted from the height map, it is possible to obtain neg-
ative values by oscillating the camera data, with the algorithm excluding these
areas.

Fig. 8. Operator performing a complex product assembly (left) and the output of the
recognition algorithm (right).

Similarly to the previous scenario, erroneous situations, e.g., switched colour
or position, wrong orientation, pieces mounted in incorrect layers, movement of
the mounting base in instructions of the same layer and removal of previous
pieces, were included to the testing experiment to identify possible errors in the
recognition of the assembly steps. It was observed that during the experimental
tests, no errors have occurred. One problem found was the insertion of pieces of
the same colour as other pieces in lower layers. Although the performance of the
algorithm when ignoring the layers not being worked on was satisfactory, the
shape of lower pieces placed in the proximity of parts of the superior layer was
detected, as observed in Fig. 9. Thus, when the colours of these pieces coincide,
they are considered only one piece, causing the incorrect calculation of their
edges and consequently unable to be confirmed by the algorithm.

It was also proven the theorized problem during the development of this
application in which during the change of layers, if the pieces change their posi-
tion on the working area, it is not possible to obtain the relation of the new
piece and therefore it is not possible to confirm the assembly step. This problem
can be solved by using another algorithm that can identify the position of the
pieces, independently of the relations between the rest of the assembly.

Finally, the classification of the pieces’ heights has been proven to be efficient
by using a height map, since, through the debugging of the algorithm, it is
possible to find the same height for pieces in the same plane. Since a height
map technique is used, it is assumed that the recognition algorithm starts with
no object above the table, otherwise it is necessary to clean it and restart the
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Fig. 9. Example of wrong inclusion of bottom layer pieces. (Color figure online)

detection procedure. Also, if the camera is misaligned perpendicularly to the
working area, incorrect heights are obtained, being necessary to perform this
verification ahead.

5.2 Comparing with Traditional Methods

An experimental use case test was performed to compare the time and efficiency
of the IPA system against the traditional manual method, considering the sec-
ond use case scenario. The time elapsed and the errors made during the setup,
assembly and completion phases were analysed. For the conventional method,
the operator follows a printed manual that describes the steps to be executed
and fulfills a report containing the confirmation of the correct performance of the
instructions. After the assembly through the printed manual, the participants
used the workbench to perform a different assembly from the one performed pre-
viously, but with the same difficulty and number of steps, and the same metrics
were calculated. Note that the order in which the methods are carried out does
not influence the result as the set of parts used and the assembly process itself
change, which does not allow the operator to become more skilled after executing
an assembly process. Table 1 summarises the obtained results with four opera-
tors performing the assembly using the two different methods (conventional and
IPA), each one performing a setup and 5 assembly steps.

Table 1. Average assembly time (seconds)

Conventional method IPA method

Setup 84.25 15.75

Steps 97.75 62.00

Total 182.00 77.75

It can be observed that the biggest difference between the two methods is
related to the setup time, which is composed by the selection of the assembly
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procedure and the pre-filling of the report, where, in the IPA, the information is
filled automatically and uploaded to the database accordingly. The time taken
to complete all the 5 steps when performed using the intelligent assistant shows
a reduction of 36,6% in relation to the conventional methods. Through the use
of assembly recognition associated to the IPA method, it is ensured the certainty
that the instruction was correctly executed, while in the conventional method
this function depends of the operator performance, thus introducing the possi-
bility of human errors. These benefits will be as higher as more complex and
longer is the assembly procedure.

6 Conclusions and Future Work

In Industry 4.0, humans are considered the most flexible piece in an automated
system, being crucial their symbiotic integration. The use of intelligent assis-
tants contribute for this integration, particularly to support humans during the
execution of complex and/or customised operations.

This paper presents the development of an IPA to support the integration of
humans in cyber-physical systems, particularly acting as mentoring of operators
in the execution of their assembly operations. A key issue in this IPA system is
the use of machine vision techniques to automatically verify the correctness of
the performed operations, allowing to reduce the operators errors and improve
the product quality.

The application of a workbench equipped with an intelligent personal assis-
tant demonstrates, through the use of two different scenarios, how emergent ICT
technologies can be applied to help operators to perform assembly tasks faster
and efficiently. In fact, the developed solutions presented high levels of accuracy,
a reduction of the operators errors and a reduction of the execution time, as well
as excellent levels of acceptance from operators.

In this sense, IPA directly contributes to increasing productivity, quality
and efficiency in the tasks performed, highlighting the importance of adopting
Industry 4.0 in traditional manufacturing companies through the interaction of
humans with intelligent assistants.

Future work includes the use of more robust detection algorithms to handle
more complex parts, and AI techniques to provide better action plans along
the assembly process. Also, it is planned to perform tests with more operators,
including a statistical study with the variability of the assembly execution time.
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