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Abstract: This work responds to the gap in integrating the Internet-of-Things in Continuous Im-
provement processes, especially to facilitate diagnosis and problem-solving activities regarding
manufacturing workstations. An innovative approach, named Automatic Detailed Diagnosis (ADD),
is proposed: a non-intrusive, easy-to-install and use, low-cost and flexible system based on industrial
Internet-of-Things platforms and devices. The ADD requirements and architecture were systematized
from the Continuous Improvement knowledge field, and with the help of Lean Manufacturing
professionals. The developed ADD concept is composed of a network of low-power devices with
a variety of sensors. Colored light and vibration sensors are used to monitor equipment status,
and Bluetooth low-energy and time-of-flight sensors monitor operators’ movements and tasks. A
cloud-based platform receives and stores the collected data. That information is retrieved by an
application that builds a detailed report on operator–machine interaction. The ADD prototype was
tested in a case study carried out in a mold-making company. The ADD was able to detect time
performance with an accuracy between 89% and 96%, involving uptime, micro-stops, and setups. In
addition, these states were correlated with the operators’ movements and actions.

Keywords: Internet-of-Things; industrial Internet-of-Things; Lean Manufacturing; Lean & Green 4.0;
continuous improvement; Industry 4.0

1. Introduction

Competitiveness determines a company’s survival in the market, and companies that
adhere to Lean Manufacturing (LM) practices have assumed competitive positions at a
global level [1]. The LM approach focuses on delivering value to the customer and reducing
waste [2]. Through Continuous Improvement (CI), one of the foundations of LM, the
constant elimination of waste is achieved (activities that do not add value) [3], and the
constant search for process efficiency improvement is implemented [4]. CI professionals
are responsible for helping organizations identify the inefficiencies’ root causes in the
production process, and implementing solutions to eliminate waste. Starting from holistic
analyses of the current situation of the production system (derived from Key Process
Indicators (KPI) monitoring and/or overall performance mapping, using, e.g., Value Stream
Mapping), a detailed diagnosis of the identified critical activity or KPI is usually required
for a CI project [5]. This detailed diagnosis involves the presence of the CI team in the
Gemba (the place where the action occurs) for a couple of hours, to observe and acquire
data about machine activity and operators’ movements and actions, matching it with
machine states, as well as collecting distance run by the operators, task times, etc. In this
work, this diagnosis will be referred to as Detailed Diagnosis (DD) for the CI project. The
DD is crucial in almost all problem-solving projects, as the way to obtain specific data,
information, and knowledge for the root cause analysis phase. Traditionally, the DD for
CI projects is done through stop-watch analysis and “pen&paper” logic, disregarding the
level of digitalization of the production process [6,7].
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Several authors consider that the impact and importance of LM and CI will be increas-
ingly relevant if associated with the 4th Industrial Revolution or Industry 4.0 (I4.0) [8,9].
The I4.0 is premised on a highly technological integration of information and communi-
cation technologies (ICT) [10], using sensors and the Industrial Internet of Things (IIoT),
to acquire equipment and system data, processing it with smart devices and intelligent
algorithms, and using it to depict performance, plan and predict. I4.0 is often referred to as
generating greater productivity [4], revenue growth, jobs, and investments [11], and more
flexible and customizable processes [12,13]. In recent years the concept of Lean 4.0 has been
used by several authors, proving that despite their different origins, I4.0 raises the potential
of LM (and vice versa), since the combination of the two methods leads to an increase in
productivity, profitability, and competitiveness [4,14].

Another recent trend with case studies already published is the merging between
LM and Green Manufacturing, generally referred to as Lean & Green Manufacturing
(L&G) [15–17]. L&G is an approach that integrates the search for operational efficiency and
effectiveness of LM with the resources’ efficiency and environmental impact concerns of
Green Manufacturing, leveraging L&G as a sustainability pillar within an organization [17].
In addition, several authors point out that L&G is only viable in an I4.0 context due to the
massive amounts of data needed to acquire and process information [4,16,18]. Therefore,
this evolution of LM is certainly in line with the already defined Industry 5.0. Despite
there being no publications on Lean 5.0 yet, following the European Union’s definition
of Industry 5.0 [19], one can find a link and even synergies between L&G concepts and
Industry 5.0 that foster the placement of the human being at the center of a more sustainable
and resilient industry, in which operators work in symbiosis with machines for the evolution
of processes [19,20].

Despite the potential and alignment of LM, L&G, and CI with I4.0, and even with
Industry 5.0, there are still unexplored areas. On the one hand, there are nowadays a
significant number of companies where digitalization is fully implemented and where
some aspects of LM are also integrated. Based on the literature, those stages can be
summarized as follows: there is an IIoT platform integrated with an equipment sensor
where data are acquired and processed to obtain and monitor production variables and KPI;
Manufacturing Execution Systems (MESs) allow production control, parameters regulation,
and visualization, often supported by digital Visual Management logics. This context
allows not only the adoption of good LM practices, but also the digitization of Lean tools
such as Kanban, VSM, Jidoka, digitally assisted assembly cells, and the holding of daily
meetings with digital whiteboards with real-time KPIs [7,21–26]. On the other hand, and
despite this level of digitalization and Lean 4.0 integration, when consistent abnormal KPI
behavior is detected (e.g., KPI variability or trend, usually called a “problem” in CI lexicon),
companies continue to resort to a traditional way of applying problem-solving on a CI
project [27,28], as described before. Therefore, whatever the digitalization level, the DD
is still done through the traditional way (application of the Methods and Times Study),
based on filming and/or direct observation of the workplace (machine/operator) [29–32].
In fact, despite the high levels of digitalization, essential data and information are required
for the problem-solving phase of a CI project that are not available, meaning this is an
unexplored area.

This paper presents the concept of Automatic DD (ADD) to address this gap: an
I4.0 technologies-based solution, mainly IIoT and sensors, to automatically perform the
DD of a manufacturing workstation (operator–machine) and to support the CI teams in
problem-solving projects. The proposed ADD concept and application example provided
in this study involve the development of a system that has the following characteristics,
which make it useful to the CI team: (i) to be robust and accurate—the devices to be used
must be able to monitor a set of operators–machines (workstations) supporting the DD
objective of solving an abnormal KPI or problem; (ii) to be flexible—be easily transferable
from one workstation to another after finding the root causes (e.g., after one or two weeks,
according to problem-solving needs); (iii) to be non-intrusive—devices should not depend
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on access to the equipment’s programmable logic controller (PLC), or on complex and
proprietary connections from manufacturers, as their cost is generally extremely high and
without an acceptable pay-back period; (iv) to be easy to install—they must allow quick
and easy installation from one workstation to another, in order to minimize the effort and
avoid dependence on ICT and electronic skills, which are usually not present in the CI
teams; (v) to have low acquisition costs—being a non-permanent system and always with
some experimental character to guarantee flexibility, it must have a low cost. All these five
characteristics encompass the premises of a leaner and greener industry, which is more
resilient, in a more robust social environment. Thus, in this study, a validation of the ADD
is proposed, where the applicability and universality of the concept are demonstrated, and
field tests are carried out to validate it.

Section 2 presents the definition and the main variables that act for the realization of a
DD. By framing the existing publications on LM, L&G, CI, and I4.0, it is possible to identify
the potential for synergies and impact between these concepts and DD itself, and especially
I4.0 as a facilitating factor for an ADD, making it possible to obtain a prototype that meets
the needs of a Lean professional in the exercise of their work. In Section 3, the requirements
and architecture of the proposed ADD concept are systematized, based on the opinion of
CI professionals integrated with findings from the literature survey. Section 4 presents a
prototype that was developed to test the proposed ADD concept. It starts from a set of
modular devices with IIoT functionalities, which were previously tested and then applied
in the industrial environment in a non-intrusive, flexible, and low-cost way. After obtaining
and processing the data, the results are compared with data collected by the company itself,
to measure the reliability of the prototype developed.

2. Literature Review
2.1. Detailed Diagnosis of Manufacturing Workstations

CI professionals help organizations to overcome efficiency problems by finding the
root causes of problems (performance and KPI’s abnormal behavior) and implementing,
most often, Lean-based solutions to increase productivity [5,33,34]. When a problem arises
(a systematic deviation that implies significant variability and/or a tendency towards the
target value established for a KPI) [21,22], a study of the situation is necessary to under-
stand currently used procedures and to find the problem’s root causes: a specific DD is
required. A DD relies on observations, data collection, and measurements of processes,
people, and the machine–operator relationship [30,35]. The traditional way to obtain a
DD is based on methods and a time-consuming study, with filming or/and direct obser-
vation of the workstation (machine/operator), done by the CI professionals, consuming
considerable time, or limiting the analyzed time via the lack of resources (or intentionally
to minimize cost) [7,29,36]. Some authors emphasize the specificity of the DD for CI since it
requires, besides the equipment status, the acquisition of information regarding the oper-
ator’s interaction with equipment, movements of operators, and transports originated by
them [31,37].

This need for specific observation and measurement defines the type of data necessary
for a DD. In a non-exhaustive way, in a DD for CI it is necessary to collect information
regarding the location of the operator in the various stages of the process, and the various
states of the machines (operation, setup, micro-stops, waiting times, among others); is also
necessary to know the duration of these phases and states, and, in some cases, the distance
traveled by the operators and the time spent in each location [38–40]. These collected data
allow for detailing the availability, the performance, and the quality of the performance.
A detailed understanding of the parcels of the Overall Equipment Effectiveness (OEE)
for the equipment under analysis will help in finding the root causes that lead to the
solution [40]. These parcels include the setup activities, maintenance activities, micro-
stops, and waiting times, among others. Additional information may include the total
energy consumption in each step of the process, the consumption of raw material, the
energy consumption per setup time (determining the energy that does not add value to the
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product), and the relationship between the consumption of raw material and the number
of non-conformities (material/energy waste indicator). This will allow operational and
environmental performance analyses in an L&G logic [16].

A typical DD report to support problem-solving in a CI project is summarized in Fig-
ure 1, even though this has to be built using data collected manually (including the machine
and/or operator timeline). Lean-related tools are often used to help CI professionals to
communicate the results of the DD, such as (i) the Yamazumi chart, showing the total cycle
time for each operator when executing a process in the production flow [41,42]; (ii) the
Spaghetti Diagram, showing the physical movement of a “work object” through the pro-
cesses defining the start and end value in the value stream [43]; (iii) an operator–machine
chart depicting the relation of the operator movements to the machine status [44]. A DD
report created by a CI Team, such as the one shown in Figure 1, can require several days of
stop-watch analysis, following the operator on the shop floor and identifying the ongoing
tasks for several hours, and inputting data into the computer and elaborating graphs.
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The specificity of DD for CI and the fact that is only required when a performance
problem is detected are the logical reasons to keep this data acquisition off of the digital-
ization platform of a production system [35,45]. Nevertheless, the time consumed by the
CI professionals might be several days for a unique problem-solving project; to avoid this
time (and cost), the user may employ a DD with very limited information (causing a poorer
root cause analysis) [27,28].

2.2. Lean Manufacturing, Lean&Green, and Industry 4.0

The designation LM was first used by John Krafick, a researcher at the Massachusetts
Institute of Technology, in a publication to refer to the Toyota Production System (TPS) [2].
The TPS was conceived with a focus on reducing waste to increase the competitiveness of
the company based on the CI and a set of principles, methods, and tools, summarized in
the House of TPS [45]. In this model, the base is the principles, the pillars are the means
and tools to be used, and the roof is the result one wants to achieve. CI is positioned at
the center of the pillars, meaning that TPS has the empowerment of people as its epicenter.
Some authors put the people themselves at the center of the house [23,46], making it explicit
how the culture of sustained improvement involves and depends on people [47].

In addition to the search for production output, operational CI, and waste reduction,
several authors mention, mainly after 2000, that competitive industries need to pay attention
to environmental and social concerns [17]. Other approaches, when combined with LM,
can have a great positive impact, such as “Green Manufacturing” methodologies, with
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environmentally oriented actions, which help to reduce environmental impacts [15]. L&G
represents LM evolution, acting in the direction of mapping and quantifying operations
that consume unnecessary time and resources (materials, energy, consumables, etc.), and
seeking the continuous improvement of these processes [16,18]. L&G’s dependence on
a large amount of data, as referred to by several authors [15,48,49], makes the raising of
I4.0 the proper time for L&G implementation [16,17]. When implemented, L&G becomes
a pillar of sustainable development within a company, also contributing to and being a
part of the transition to I4.0 [15,17], and I5.0 soon after. In this way, the Twin Transition,
also called the Digital Circular Economy, is sought, in which integrated solutions with a
technological and sustainable bias are pursued, favoring the optimization of resources that
are essential for the planet [50,51].

I4.0 is a paradigm that introduces a new perspective on how manufacturing can
be enhanced with new technologies to improve process and resources efficiency, and
reduce waste [52], with some authors concluding that I4.0 technological solutions came
to increase the level of competitiveness through the convergence between the physical
and digital worlds [8,9]: the manufacturing process becomes intelligent, flexible, adapted
and optimized, with data integration, including cloud/intranet, service-orientation and
interoperability (the ability of two systems to exchange data and share information and
knowledge) [10,53]. With no unanimity among authors, a very common classification
identifies the nine technologies described in Table A1 in Appendix A as the enablers or
drivers of I4.0 [11,51,54].

According to Kamble et al. [55], a smart manufacturing system benefits from the
contribution of three major technologies: a cyber–physical system (CPS), cloud computing,
and the Internet-of-Things (IoT). In an industrial context, several CPSs communicate and
interact, forming a cyber–physical production system (CPPS)—the smart production system.
The communication among CPS, and the integration with physical computational entities
(machines, robots, sensors, etc.) associated with human decisions, is done by the IIoT
system, which makes the smart production process autonomous and intelligent, being able
to decide and trigger human actions [56]. Adding all these factors together with cloud
computing, Big Data and Analytics, and conventional systems makes it possible to create
Smart Factories [55,57].

Several authors discuss the interdependence of LM and I4.0 to implement both suc-
cessfully [23,58]. Understanding how this can be accomplished has been the focus of
several researchers, making it clear that LM, or even L&G, and I4.0 have common goals,
and the I4.0-based smart factory needs L&G approaches, and vice versa, to increase social,
operational and resources efficiency and effectiveness [8,14,24,59,60], with human factors
having a huge relevance in this accomplishment [61]. The next section helps to under-
stand the specific relevance of several I4.0 technologies to integration with LM and L&G,
including CI.

2.3. The Relevance of IoT in the Detailed Diagnosis for Continuous Improvement

Aiming to deepen the analysis of the correlation between the pillars of LM and
the technologies of I4.0, a comprehensive study was performed, and some articles with
systematic reviews on the subject were found. In 2017, Wagner et al. [62] presented a study
that points out the correlations between I4.0 technologies and Lean principles, by means of
an impact matrix. The article presents a practical case study that shows that I4.0 applied in
Just-in-Time (JIT) delivery helps to support and stabilize LM based on the integration of
Big Data, Data Analytics, and Machine to Machine (M2M). Later, Rosin et al. [58] presented
a study based on 115 papers published in the SCOPUS and Google Scholar search engines,
dated until the end of 2019. This work correlates the I4.0 technologies with Lean principles
and methods. Based on the publication list of Rosin et al. [58], a pictogram (Figure 2) was
built by the authors of the current study to easily understand, based on the published
documents, the level of relevance of the several I4.0 technologies to the Lean principles
and methods.. From the numbers presented in the circles, there is a strong correlation
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between the I4.0 technologies in Lean pillars, with the most impactful being IoT technology,
with 39 connections. This result expresses the versatility and utility of IoT in I4.0, which is
presented in several papers, such as those by Okano et al. [63] and Peralta et al. [64].
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Remaining on the topic of the article by Rosin et al. [58], in the broader context of
LM, IoT aims at the vertical integration of systems between suppliers and customers to
facilitate the identification and sharing of the value delivered to the customer [3]. With
regard specifically to the principles, the use of IoT in JIT makes it possible to track products
in real-time and send production progress data [14,62]. The joint effort of IoT and visual
management to democratize information and popularize knowledge leads to a presentation
of the collected data in a way that is visually accessible to those involved [23,65]. Regarding
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the Pull System, IoT helps in the synchronization of workstations and contributes to the
better use of Kanbans, enabling its digitization and de-materialization [14,23,66]. Jidoka,
also known as the LM’s autonomation pillar, employs the strong influence of IoT combined
with technologies such as Big Data and Autonomous Robots to perform quality control in
real-time, through error detection and correction, and defect trend identification [58]. In the
reduction of waste, the IoT can be used for real-time product tracking, reducing unnecessary
transport [23,66,67]. Despite these relevant impacts of IoT, Rosin et.al. [58] concluded that it
does not have a significant expression in the pillars of Continuous Improvement and People
and Work Teams. In these more human-centered pillars, the most active I4.0 technologies
are Virtual Reality (VR) and Augmented Reality (AR) in the context of facilitating training
with visual interfaces [68]. Since problem-solving projects are integrated into continuous
improvement, there is a clear gap in the use of IoT technologies for traditional problem-
solving, which reinforces the importance of this study.

In 2020, Gallo et al. [8] used a compilation of 25 papers created by searching for the
keywords “Industry 4.0” and “Lean production” on the SCOPUS and Web of Science
platforms. Only papers written in British English were selected, excluding papers from
geographic origins such as North America and Oceania, and in this way the authors justified
the low number of articles as a result of the research. The paper aimed at identifying which
I4.0 tools can be implemented in LM, and which ones can contribute to the greater success of
this methodology. Technologies such as IoT, Big Data, Robotic, CPS, and Cloud Computing
were cited, and IoT and Big Data were classified as “basic tools”, essential for promoting
greater flexibility and competitiveness. The IoT tool is present in 61% of the papers, and Big
Data appears in 50%. Narula et al. [69] showed data indicating that cloud manufacturing,
simulation, IIoT, and horizontal and vertical integration impact 100% of Lean tools, while
cybersecurity and big data analytics impact 93% of Lean tools. These data indicate that the
IoT has reached a prominent position compared to other technologies, due to its vast field
of application and versatility.

Another element strongly cited in Gallo et al. [8] is the attention to the human factor.
Despite talking about tools and technologies, he argues that innovation is not supported
without the human factor, and integration between the parties needs to happen to generate
a favorable social environment for the implementation of technologies, which is very much
in line with the proposal of Industry 5.0, and once again reiterates the importance of the
present study.

To gain an updated view of the importance of IoT in LM, a specific search was carried
out in this study on the SCOPUS platform with the words “IoT” OR “IIoT” OR “Internet of
Things” OR “Industrial Internet of Things” AND “Lean Manufacturing” inserted in the
title, key word and abstract fields, focusing on articles in the period between 2021 to 2022,
because the period before 2020 has already been covered in the other articles. Twelve papers
were found, and it was noted that they can be classified into two large groups: (i) six of them
position IoT in a generic way as one of the technologies of I4.0, and (ii) six of them describe
specific IoT applications in the Lean realm. The first group of papers confirms a solid
future for Lean 4.0, where IoT is essential, [69,70], but they do not give special attention
to this discussion since they mostly focus on a general analysis of IIoT’s relevance to LM
development [71–74]. Four of the latter six publications offer no specific insights about
CI, presenting applications of IoT to facilitate the performance monitoring of a production
system [75], the planning of manufacturing and maintenance tasks [9], the management of
autonomous guided vehicles, the assembly assistance of virtual reality [34,76,77] and other
types of production automation [78], and the better understanding and vision of the supply
chain [79]. One of the publications even states that all LM methods, except CI, benefit from
greater effectiveness when combining them with the IoT [61]. The closest reference to the
IoT’s impact on CI in this set of papers is made by Lu et al. [80], proposing the integration
of IoT with the EVA simulation framework (Efficiency Validate Analysis) to build up a
digital twin-enabled VSM approach, which can be considered to support the CI projects,
but without relating it with problem-solving projects.
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Therefore, based on previously published literature surveys on LM and L&G together
with I4.0 technologies, and on the survey done in this study, no specific research was found
exploring the application of those technologies in the DD to CI projects. This enhances the
purpose of the current study, enabling it to cover the gap that was also identified by other
authors [24,27,81].

2.4. IoT-Related Devices Availability

Conscious of the absence of publications regarding the application of IoT to DD for
CI, the authors decided to include an analysis of the existing devices and components in
the IoT realm that are already used to execute part of the data acquisition and information
processing necessary to perform a DD (see Section 2.1).

The IIoT has many areas of application, focusing mainly on Asset Tracking, Predictive
Maintenance, Security Monitoring, and Machine Monitoring/Performance, the latter being
the area most related to the support of DD. The specific needs of an industrial environment
demand several characteristics of IIoT devices: mechanical robustness, electromagnetic
protection, electrical supply integrity (voltage drops), the guarantee of signal integrity, and
cybersecurity soundness [82].

A comparative market analysis of available IIoT-related devices and products was
carried out in Table A2 in Appendix A, identifying its features and types of sensors. The
most common built-in sensors aim at measuring temperature and humidity, power and
energy, pressure, acceleration, magnetic field, and light. In some of the devices, interesting
features can be found: quick and non-intrusive installation (Plug & Play solutions, for
example, magnets, stickers); a simple web interface and cloud-based dashboard for data
visualization; quick access to asset data via QR code; resistance and long battery life.
Although the electronic devices and systems listed in Table A2 in Appendix A are embedded
with the most diverse types of sensors, allowing equipment monitoring, they do not cover
some of the requirements necessary to reach a DD for CI. As referred to in sub Section 2.1,
a key aspect analyzed by Lean professionals is the movements of workers throughout the
plant and their correlation with the work of the machine—aspects that these devices do not
cover. Other aspects not covered are the identification of the individual operator and the
use of proximity sensors to measure the distance to a nearby person or object.

These findings enhance the need to propose an innovative concept to automatize
the DD (the ADD). Despite the support that existing IIoT solutions provide, the most
challenging factor in combining DD and IIoT is related to the degree to which devices can
simultaneously monitor operators’ actions and the states of machines [83]. Naturally, the
operator’s monitoring must respect individual data protection and promote wellbeing.
The ADD concept covers the identified gap by contributing to the adoption of I5.0 by
positioning human beings in this new context, in the search for a more sustainable, resilient
industry with a more robust social environment [15–17,20].

3. Automatic Detailed Diagnosis Requirements and Architecture
3.1. Requirements Definition with Support of Lean Professionals

The DD of an operator–machine-type workstation for CI actions requires the mea-
surement of several variables, and the generation of a report with relevant data for the
analysis and application of problem-solving techniques [32]. As a reminder, the digitization
of equipment and the typical MES assure production monitoring and systems control,
presenting automatic performance diagnoses (based usually on KPIs); however, they focus
on the efficiency of machines, parts rejected, etc., and are most of the time insufficient for
problem-solving [84]. Therefore, there is a need for a DD in the Gemba that is usually
done by Lean professionals, as explained in Section 2.1. There are two typical scenarios in
traditional DD, reflecting a trade-off between time/cost and accuracy:

• Scenario 1—minimize time and cost spent in the DD (usually half a day or one day of
data collection);
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• Scenario 2—assuring data representativeness (by observing the workstation for one or
two weeks).

In the first case, despite obtaining a DD quickly, with effort and low cost, the limited
amount of data provides less reliable findings, and may yield a result based on biased data
that do not portray reality. In the second scenario, large volumes of data provide greater
reliability for analysis, but take longer to collect, which incurs more costs in the process.
Between these two scenarios, there is a common practice in companies opting for the first
scenario. The reasons for this rely on the availability restrictions of Lean professionals and
on the associated costs (whether they are internal or sub-contracted). The particularities
of the DD for problem-solving require the observation of the Gemba and the presence
of analysts throughout the study period [29]. This requirement is linked to the fact that
pen&paper, stop-watch, and work sampling are generally used [6,7]. When operators
authorize it, video recording can be used, which can reduce the effort but does not preclude
the long hours of viewing these same videos filmed by operators [44].

The proposed ADD concept aims to automatize this phase, always keeping, and
recommending, the visit to the Gemba of Lean professionals as an essential aspect of CI
practice. The following requirements were defined by compiling the DD needs identified
in the bibliography (Section 2.1) with practical and operational aspects collected from the
experience of one of the authors of this study (a Lean consulting company that performs
several DD per year):

1. Preferably be suitable for diagnosing operator-based workstations, in a job–shop
context and/or manufacturing cells, because these are the most time-consuming
situations [32,40];

2. To be a non-intrusive solution, both to operators and machines, because it should not
interfere with regular tasks and, for the latter, most of the machines’ PLC and controls
are out of reach for Lean professionals (being either too complex to access or requiring
dozens of thousands of euros be spent by the equipment manufacturer);

3. To be flexible and easy to use, because usually, the internal or external Lean profession-
als’ team does not have expertise in programming and data processing. Additionally,
the monitoring is to be carried out for a couple of weeks in one workstation to support
a specific problem-solving project, and should be easy to move to another workstation
to support another problem-solving project. One must remember that a permanent
DD diagnosis of a workstation creates a tremendous amount of useless data if the
performance respects the production KPI target values;

4. To be a low-cost solution, to have a short pay-back period by avoiding unessen-
tial monitoring by lean professionals, and to allow there to be several ADD sets in
the company;

5. To allow for the reporting and analysis of machine time and operator movements/time
for several operational statuses (operation, setup, micro stops, waiting, maintenance, etc.)
and for several typical locations, avoiding the need to build by “pen&paper” the typical
Yamazumi charts, spaghetti diagrams, etc., yet giving similar information [41–43];

6. To allow the quantification of wasted material, accepted/rejected parts, energy con-
sumption, and consumables use, among other resources related to efficiency as-
pects [16];

7. To allow (optionally) the Lean professionals to control the DD’s progress in data collec-
tion, via monitoring dashboards for easy data visualization and decision-making [85].

The fulfillment of these requirements by an IIoT-based system would be an impor-
tant contribution to the integration of LM, L&G, and CI in an I4.0 context, accelerating
and increasing the quality of problem-solving projects. The ADD concept, by meeting
these requirements, will support the L&G 4.0 paradigm by allowing a holistic analysis of
operator-related, economic, and environmental performance, and in addition contributing
to Industry 5.0 [16,17].
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3.2. Automatic Detailed Diagnosis Architecture and Costs

An IIoT system has a well-defined three-layer architecture: (i) a perception layer where
data are acquired; (ii) a network layer for data condensation and communication; (iii) an
application layer for data storage, analysis, and visualization [86].

For data acquisition, four types of nodes were included in the prototype. The nodes
were divided as follows: a node with red, green, and blue (RGB) light sensors to sense the
color of the machine’s status indicator; a node with an accelerometer and a microphone
to measure the vibration and noise associated with the machine operation; a node with
a time-of-flight (ToF) distance sensor to detect the presence of an operator in front of a
computer screen; a node with a Bluetooth low-energy (BLE) receiver to identify which of
the operator’s BLE tags is closer. Each node includes a microcontroller unit (MCU) that
interprets and compresses the acquired signals and sends them through a wireless network.
The nodes used in the prototype were developed by iStartLab, the innovation laboratory of
Instituto Superior Técnico, Universidade de Lisboa. The nodes also include a module for
wireless communication using either LoRa or Wi-Fi. The LoRa communication protocol
is used for the battery-operated nodes (RGB and ToF) due to its low-power requirements.
The lack of need for a power cord allows for easier installation and more flexibility in the
location of the devices. Wi-Fi protocols are used for the nodes that consume more power
and need to be plugged into an electrical outlet (BLE and vibration), and, as such, do not
require a low-power communication protocol. Fortunately, the location of these nodes is
not as critical as the other two, and can thus be installed closer to a power source.

Condensation and communication are performed at the network layer, by gateways
that receive data packets from the different end nodes and replicate them to the application
layer in a structured way, and they may or may not add system state information (e.g.,
geographical coordinates, packet counting, timestamp, etc.). In the ADD prototype, a
gateway supporting both LoRa and Wi-Fi communication protocols was used, which was
connected to the internet through a 4G LTE modem. This way, the data collection was
completely independent of the factory’s communication infrastructure.

At the application layer, two software platforms were used. The chosen platform
for data storage and visualization was a private version of the open-source software
ThingsBoard (TB). However, this platform cannot handle the LoRa protocol. The data from
the LoRa nodes were first sent to The Things Network (TTN) online server, and then to TB
using a specific integration module.

To obtain an ADD to support problem-solving in a CI project, it is necessary to
start from a layout, define the IIoT devices to be used, and arrange them in a way that
favors the architecture. In Figure 3, it is possible to visualize the layout scheme of a
factory (as proposed in Figure 1) associated with the general architecture of the proposed
ADD. This image contains the respective devices and their locations, in order to meet the
requirements defined in Section 3.1, plus the details of the layers to understand the logic of
an IIoT system’s architecture. The attached Table A3 in Appendix A presents the technical
characteristics of the devices and the details of the specifications of the components used in
the ADD prototype.

Having in mind the concept of the ADD, i.e., making it adjustable to the specific needs
of each problem to be solved, a “choose as you go” policy was used: anyone can define the
data that need to be acquired and choose which and how many devices are necessary to
collect it. The devices were purchased and assembled in the iStartLab, and the prototype
has a cost of goods of around EUR 30 per device, as seen in Table 1. One gateway with
LoRa communication and Wi-Fi costs around EUR 230, so it can be said that the cost of the
components is around EUR 530 for a system such as the one used in the ADD prototype,
with 10 nodes and one gateway, so the low cost of acquiring IoT devices is evident, fulfilling
the low-cost logic.
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Table 1. Approximate and detailed cost of goods for each prototype device.

Vibration and Noise Node RGB Node ToF Node BLE System Gateway

Arduino Nano RP2040
Connect

IStartlab Board
with Antenna

IStartlab Board
with Antenna ESP32 LtAP LR8 LTE kit

by MikroTik

Device Board (EUR) 22 19 19 12

Sensor or Beacon (EUR) X
RGB Sensor ToF Sensor 1x Beacon

4 7 13

Power Cable & Adapter
(EUR) 7 X X 7

Box (EUR) 2 4 4

Total (EUR) 31 27 30 34 230

When the proposed IIoT system collaborates in fulfilling the requirements, it con-
tributes to the integration of LM in an I4.0 context, in which, besides the aforementioned
low-cost logic it also favors flexible features and an easy to use device; however, this
prototype includes neither the production of interactive dashboards nor the energy meter-
ing system. These are very important features, but there were two main reasons for not
including them: (i) to validate the ADD concept, these two aspects are not critical and can
be incorporated in a second phase; (ii) in the industrial case study, the two features were
not necessary to validate the reliability of the ADD concept.
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4. Validation Experiment and Case Study
4.1. Preliminary Tests

The objective of this section is to carry out preliminary tests to validate the devices
built in the prototype by analyzing the conformity of the obtained data and information
with those that were expected. Several functional tests were carried out in the iStartLab
facilities (Table 2). The vibration nodes were mounted on a 3D printer and a small vacuum
cleaner (small VC) operated at two different speeds, in order to identify the on/off status
by generating a status graph in the TB platform (Figure 4). The ToF node was used to
measure the height of the printer’s base plate during its movements, and to infer each job’s
start and finish instants. The RGB sensor was tested in the 3D printer room, which has
no natural light, to identify when the operators turned the lights on or off when entering
or leaving the room. The RGB node was also tested with a color-changing LED device to
analyze the sensor’s ability to detect different colors. The performance of the BLE receiver
in monitoring the operator’s location was tested with laboratory collaborators wearing BLE
tags positioning themselves in predefined locations. With all nodes individually tested, the
next stage was to test how they will work together to ensure a fully functional prototype
and avoid problems when moving to the industrial environment.

Table 2. Sensors, functionalities, and measurements of the performed tests, together with the requirements.

Type Sensors Function Nodes Requirements

Machine Monitoring
Tests IStartLab

Luminosity Sensor
Underground room

LDR Machine status
Light-dependent resistor (LDR)
working as a luminosity sensor

Distance Sensor Measure the height of the base
plate of the printer ToF Machine status

Machine Monitoring
(State)

LED Associated with
RGB Sensor

To follow the color of the
machine’s state indicator from

the app
RGB Machine status

Variation of
Accelerometer Values

Monitoring variations in the
accelerometer values Vibration Machine status

Employee Location
Monitoring Beacon

To identify whether a beacon
was at a certain location in a

particular instant
BLE

Operator monitoring,
flexible, non-intrusive

and low cost
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A simulation of workstation activity was performed in the laboratory by imposing a
sequence of events and analyzing the response of the developed prototype (Table 3). The
layout was composed of a small VC (named M1) with an LED RGB. In contrast with the
machine to be monitored in the factory, the small VC did not have an RGB LED indicating
all its states. So, to test the RGB node, we used a separate device with an LED whose color
was controlled by an app. Every time the state of the small VC changed, the LED color also
changed (green when the small VC was turned on but not working, blue when it was on
and working, red when it was off but waiting for maintenance/setup tasks, and no color
when turned off). Two collaborators of the iStartLab were involved, representing operators
O10 and O11, each one wearing their own beacon. Two receivers were used: one near M1
and the other near a computer. The results of these simulated actions in a workstation are
presented in Table 3 and Figure 5. The TB platform was used to store and visualize the
sensor’s output.

Table 3. Events imposed and the resulting timestamps of the sensors (+ means a delay observed
inferior to 60 s).

N Timestamp Event Sensor Time Read

1 19:00 M1 RED RGB 19:01

2 19:05
O10 NEAR M1 BEACON 19:05

in front of COMPUTER ToF 19:05+

3 19:06 M1 BLUE RGB 19:06+

4 19:10
O10 away from computer BEACON + ToF 19:10

M1 ON VIBRATION 19:10+
M1 GREEN RGB 19:10++

5 19:15 O11 NEAR M1 BEACON 19:15
6 19:17 O11 in front of computer ToF 19:17
7 19:20 O11 away from M1 BEACON 19:20+

8 19:22
O10 in front of computer ToF 19:22

M1 BLUE RGB 19:22
M1 OFF VIBRATION 19:22

9 19:25 O10 away from M1 BEACON 19:25+
10 19:30 O10 and O11 NEAR M1 BEACON 19:30+
11 19:32 O10 in front of computer ToF 19:32

12 19:35
O10 away from computer ToF 19:35

M1 GREEN RGB 19:35+
M1 ON VIBRATION 19:35

13 19:38 O11 away from M1 BEACON 19:38
14 19:40 O10 AWAY FROM M1 BEACON 19:40+

15 19:43
O10 NEAR M1 BEACON 19:43

M1 RED RBG 19:43+
M1 OFF VIBRATION 19:43+

16 19:45 M1 COLOR OFF RGB 19:45

In general, the results shown in Table 3 are satisfactory, making it possible to recon-
struct the events from the data collected. There were, as expected, small delays, which must
be considered when producing an automatic diagnosis. There was also a “false operator
detection” around 19:02 (Figure 5). This detection showed a very weak RSSI and only
lasted a few seconds; this was due to the beacon passing close to the room (but outside)
when moving to some other location in the room. This is something that will happen quite
often in an open environment. So, from this test, the need to use the beacon sensor together
with the ToF was confirmed, in order to know if the operator is in front of the equipment
and who the operator is. Nevertheless, even with these two sensors, there may still be
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some difficulty in interpretation, as was the situation between 19:22 and 19:25 in Figure 5,
where it is not known whether the operator was close to PC or M1. This could be solved by
positioning the ToF and receiver of the BLE at a significant distance from each other, even if
their two locations are side by side.
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The initial tests showed that the devices worked individually and collectively, in a
synchronized way, between all devices. These tests allow us to check not only the quality
of the data acquired by the devices, but also the reliability of the operation of the system
for long periods of data collection, without any further intervention by our team. The
proposed ADD concept, transformed into a prototype, meets the identified requirements
of being mainly flexible and non-intrusive, and shows that it is possible to effectively
communicate/transmit between nodes with the developed prototype, making it possible
to move forward and test the prototype in an industrial case study.

4.2. Industrial Case Study in a Mould-Making Company

The objective of the case study was to verify the use of the ADD prototype in an
industrial environment and to understand if it has the potential to replace a diagnosis
made by a Lean professional. The ADD prototype was tested in a Portuguese mould-
making company, located in Marinha Grande-Leiria. The prototype was implemented in a
workstation composed of three CNC milling machines controlled by two operators (O10
and O11). This workstation was chosen because it contains an embedded system (intrusive)
that monitors the spindle rotation acquiring data time and the simple status (on and off).
Therefore, the results from ADD (non-intrusive) can be compared directly with the ones of
this embedded system, which are usually not included in most machines.

Figure 6 illustrates the layout of the workstation, and the position of the prototype’s
components (nodes). Table 4 gives the summary of all the data collected and the char-
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acterization of that data, as well as for the sensors: (i) five BLE receivers, identified as
1–5, according to the key locations frequently visited by operators; (ii) three ToF sensors,
identified as 0–2, according to the positions of operators in front of computers or machine
programming panels; (iii) an RGB sensor to capture the status of machine 1 (M1) given by
the vertical status sign in the machine; (iv) an accelerometer in M3. In the case study, the
energy measuring device was not used. It was not possible to collect data from machine 2,
because it did not work during the weeks that the case study was carried out, but BLE and
ToF sensors were mounted in the machine as one of the possible locations for the operators.
This prototype was operating for 4 weeks (24 h on), while the workstation was operating in
two shifts, 5 days per week.
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Table 4. Variables and description of prototype node.

Variables Description Prototype Node

M1-RGB
Indicates the color and timestamp of the changes in the light
indicator of machine 1 that correspond to the state of the
machine. {0: off, 1: red, 2: green, 3: blue}

RGB node

M3V
M3N

Contains the timestamp, vibration values (M3V) and noise
energy values (M3N) captured from the frame of machine 3,
which needs processing to provide categorical information
about the machine’s state.

Vibration and
noise node

Loc 1
Loc 2
Loc 3
Loc 4
Loc 5

Contains the timestamp, the beacon ID (1—employee 1 or
2—employee 2), the state (0—away, 1—near) and the RSSI
values captured by the BLE Receivers located near machine
1 (Loc 1), machine 2 (Loc 2), machine 3 (Loc 3), the prepping
stand (Loc 4) and in the an extra area with some other
machines (Loc 5).

BLE Receiver 1
BLE Receiver 2
BLE Receiver 3
BLE Receiver 4
BLE Receiver 5

ToF 0
ToF 1
ToF 2

Contains the timestamp and the distance to the first object
in front of the devices attached the computers of machine 1
(ToF 0), and programing panels of machine 2 (ToF 1) and
Machine 1 (ToF 2).

ToF node 0
ToF node 1
ToF node 2
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The prototype also includes a dedicated Wi-Fi gateway to send the data captured by
the devices to the cloud, where the TB platform allows data processing and visualization.
A small python script was developed to retrieve the data using the TB REST API, saving it
in CSV files.

The following analyses were done to test the prototype, having in mind the objectives
of the ADD approach and the inputs from the Lean professionals (minimum requirements
to make ADD useful):

Uptime—Retrieve machine uptime value with the ADD prototype and compare the
results with the M1 and M3 spindle rotation embedded systems;

Micro-stops (MS)—Retrieve MS time and number of occurrences with the ADD proto-
type and compare the results with the M1 and M3 spindle rotation embedded systems, as
well as retrieve the permanence time of the operators in each location during MS;

Setups—Retrieve Setup times and the permanence time of the operators in each
location during each Setup.

These analyses cover the main objectives of the ADD, namely, to automatically retrieve
the machine status and relate the operators’ location (and permanence) during the down-
time activities (Setup and MS). Confronting the test with a usual scenario of machines with
embedded monitoring systems allows for verifying the accuracy of the ADD prototype.
The following paragraphs are dedicated to the analysis of the results obtained.

4.2.1. Total Uptime

Tests were conducted over four weeks for M3, with planned work for 24 h per day,
five days per week. The M1 had work allocated only during the first two weeks, working
in one shift of eight hours per day, five days per week. The RGB node was used to collect
uptime information from M1, while for M3 the vibration node was used, allowing the
comparison of the two different sensor types. In Table 5, the total uptime information of
both machines regarding the two systems used for data collection, and the differences
between measurements, are shown.

Table 5. Total uptime of machine 1 (during 2 weeks) and machine 3 (during 4 weeks) retrieved by the
ADD prototype and by the embedded system available in the company.

Machine 1 Machine 3

Weeks ADD Prototype
(RGB Node) Company ∆ ∆(%) ADD Prototype

(V&N Node) Company ∆ ∆(%)

1 7 h 34 m 7 h 32 m 2 m 0.1% 41 h 28 m 41 h 27 m 1 m 0.01%
2 22 h 09 m 22 h 10 m 1 m 0.03% 46 h 18 m 45 h 17 m 1 h 1 m 0.84%
3 47 h 20 m 42 h 35 m 4 h 45 m 3.95%
4 36 h 40 m 36 h 53 m 13 m 0.18%

1 a 4 29 h 43 m 29 h 42 m 1 m 0.10% 171 h 45 m 166 h 12 m 5 h 33 m 1.16%

It is possible to notice great similarity in the total times of uptime when comparing the
data collected by the prototype and those obtained by the company’s system. Regarding
M1, where the RGB node was used, the overall difference is 0.10%. These results are highly
satisfactory, meaning the RGB node can be used as a non-intrusive way to transform the
status machine history when handling data. We should remember that these status lights
give information to the user regarding the machine’s status, but machine manufacturers ask
for significant investments to allow access to the machine system where this information
is recorded.

As regards M3, where the V&N node was used, there were three weeks in which
the difference form the company’s embedded system is very small. A greater difference
was observed in week three. The V&N node detects vibrations, meaning any operation
with the machine, such as tool-change, positioning, or other actions that activate motors,
will be detected. The embedded system just detects whether the spindle is rotating, and
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some of these operations are performed with the spindle stopped. Therefore, the prototype
was expected to show differences in spindle rotations, and it was this difference in the
classification of the machine state that generated the 3.95% error relative to week three.

These differences are a highly positive advantage of the ADD prototype. By combining
RGB and the V&N node data, it is possible to identify accurately the several statuses of the
machine with additional information during downtimes regarding whether the machine is
being operated or not.

In this regard, the prototype shows great potential, with the advantage of having been
coupled to the machine structure without intrusion or damage, while spindle rotation to
identify the state of a machine is a highly intrusive process and probably only has value as
a permanent solution.

4.2.2. Micro-Stops (MS) and Operator Location

For the analysis of MS, only M3 was considered. With the help of Lean consultants and
the company’s production supervisor, the MS for the processes in question was identified
as a short downtime in production, at less than 20 min. This parametrization was set in the
data processing algorithm. Additionally, the classifier developed to obtain machine states
from its vibration only considers states that last more than one minute; therefore, only MS
with a duration greater than 1 min was detected. The number of MSs was counted, and
their durations in a period of 4 weeks for M3 are present in Table 6.

Table 6. The total micro-stops (MS) of Machine 3 that occurred during the case study. Comparison
between the prototype and the system from the company.

Prototype Company ∆(%)

Number of MS 109 108 0.9%

MS Total Time 13 h 50 m 14 h 55 m 7.3%

The MS information gathered with the ADD prototype is compared to that obtained
from the machine embedded system; however, just like for the total uptime system, the
counted MS uses machine state classification systems, which have different variables.
Despite not having a common base, the same definition of a DM time was used for both
cases, and this confirms that the numbers of DMs recorded for both systems were almost
equal, resulting in only a 1 h 05 m difference in total.

Again, the accuracy of the ADD prototype can be considered as representing well
what happened during the four weeks. The benefits for the CI team are highly valuable,
meaning it is possible to determine with very high precision how many MSs occurred, their
average time, their distribution, and the total time in MS.

The ADD prototype can also identify, and then support the analysis of, the location of
the operators during the MS micro-stops. The V&N node data must be matched with the
BLE and ToF nodes. The results are shown in Figure 7 and Table 7.

The results show both operators were near M1 and the computers most of the time,
while there were MS events (one of the operators was present in the workstation only in the
first week). The operator’s location gives very relevant clues about what happens during
each MS, for example, around 1/3 of the time both operators are not near the machines,
even though they have stopped. In addition, information such as that shown in Table 7
is relevant. There are MSs related to technical aspects, as they do not require operators’
actions. Despite these very high-level analyses, the ADD prototype makes a tremendous
contribution to the workstation diagnosis, by giving crucial information about what is
happening in MS.
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Table 7. Comparison between MS with action from employees and MS without action from employ-
ees, from the MS detected by the prototype. The table contains the total number of MSs and the
average and median of the MS durations in each situation.

Total MSs Mean MS Duration Median MS Duration

MS with Employee Action 79 8 m 30 s 7 m

MS without Employee Action 30 4 m 3 m 12 s

In addition, with the support of the TB platform, it is possible to have a detailed look
at specific MS to understand what happened, thus contributing to the path of finding the
root causes of MS in the process of problem-solving.

Figure 8 shows the data collected by the vibration node in M3, as well as the data
collected by the BLE system, and the different ToF nodes involved in this MS. The interpre-
tation of Figure 8 is summarized in Table 8. This analysis can be performed in detail for any
of the MSs detected, but usually, understanding what happened in just a few is enough to
identify the root causes. In addition, since the data are available, other data analyses can be
done, namely, by segregating MS by duration, by the time of the day, etc.

Table 8. Summary of the actions of MS.

N◦ Timestamp Event

1 08:55–9:00
O10 Displacement M3 to M1/computers

O11 NEAR M1

2 09:05 M3 MICRO STOPS
3 09:06 O11 NEAR M3
4 09:06–09:07 O11 Displacement M3 to other machines
5 09:08 O11 NEAR M1/Computers
6 09:08–09:12 O11 in front of computer
7 09:12 O11 NEAR M3
8 09:12 M3 RESTARTS
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Figure 8. Annotated dashboard of an M3 micro-stop: vibration (blue), employees near M3, other
machines and M1 (employee 1 in blue and employee 2 in orange), someone in front of computers
(red), someone in front of M1 programming panel (green). The dashboard is repeated 3 times with
notes regarding the movement of employees.

All these data and information are highly useful for CI teams. The data collected from
the ADD prototype not only give Lean professionals an idea of downtime due to MS, but
also give them information about where employees are before and during micro-stops,
how long it took to approach the machine (waiting time), and the time required to solve the
problem. Without the ADD prototype, the CI teams would have to follow both employees
around the layout and constantly have an eye on the machines to catch these MS.
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4.2.3. Setups

The previous subsections show the usefulness and accuracy of the ADD prototype
in retrieving machines’ statuses and the locations of the operators. In this subsection, we
will show the usefulness of the ADD prototype in supporting detailed analyses of setups.
As mentioned in Section 2, setup analysis via traditional diagnosis procedures can take
a long time, take place at inconvenient times, and be constantly subject to delays, with
sometimes even hours of delay (to know when they occur). To understand the usefulness
of the information provided by the ADD prototype to monitor setups, three setups were
selected for analysis.

The result of data collection by the ADD prototype is presented in Figure 9. These
setups are all from M3, and were performed by O11. We must remember that these results
are possible because the V&N node collects machine vibrations, and at the same time
the BLE and ToF nodes identify the proximities and distances of the operators to the
different locations. The data were sent to the TB platform, and together with the algorithm
processing the CSV files, data matching was performed to identify the setup periods and the
locations of the operators during these setup periods. The valuable information obtained
and presented in Figure 9 is probably not enough to understand all the setup procedure
incidences, but can act as a tool to highlight potential inefficiencies in the setup procedures,
and to indicate to the CI team that further analysis is needed. As said before, the ADD
should be complemented with a few observations in Gemba made by the CI team.
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Figure 9. Yamazumi chart indicating the time (in minutes) spent by Employee 2 (O11) in the five
monitored locations (and outside those—“other locations”) during the setup. For reference, the
duration of each setup is given.

Similarly to the MS analysis, the CI team can analyze in detail the setups timeline
(Figure 10). This analysis will help the CI team to identify the root causes of existing waste,
and proceed with the problem-solving project in an informed way.
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Figure 10. Dashboard of an M3 setup: vibration (blue), M3 state (red), spindle on (green), employees
near M3 and M1 (employee 1 in blue and employee 2 in orange), someone in front of computers (red),
someone in front of the M1 programming panel (green), employees near M2, someone in front of the
M2 programming panel (purple), employees near the prepping stand and other machines.

Finally, the purpose of this case study was to test the prototype in an industrial
environment and understand its strengths and limitations so as to help Lean professionals
gather important data and obtain information about the performance of the workstation.
The prototype was able to provide very accurate data when compared to the permanent
and embedded systems that were already installed in the Companies’ machines, showing
system reliability. In addition, it manages to capture important data on the state of the
machines and the movement of employees. These data, when associated, help us to
understand the procedures used and tasks done, performing an automatic diagnosis. The
ADD prototype, complemented with direct casual observations, certainly represents a
powerful tool to support CI teams in CI projects of problem-solving, reducing drastically
the time needed for the studies and simultaneously increasing the period covered by
the study.

5. Conclusions

This paper presents the concept of the ADD prototype to address the gap in auto-
matically executing a DD from a manufacturing workstation (operator–machine), in order
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to support CI teams in problem-solving projects. The ADD requirements, defined by a
literature survey and CI experts’ inputs, were embedded in the ADD prototype: it must be
flexible, non-intrusive and low-cost, and its architecture must be based on information and
communication technologies, namely, IIoT.

By encouraging cooperation between man and machine, and analyzing operational,
human-centric performance and the energy consumption of devices, the ADD prototype
includes the characteristics of Industry 5.0 and the concept of L&G 4.0, integrating solutions
with a technological and sustainable bias, favoring the optimization of resources and adding
resilience to industrial processes.

The prototype is composed of a set of devices used to collect data (RGB node, vibration
and noise node, BLE system node, and ToF node), gateways for wireless communication,
and software platforms to convert, store, and visualize the collected data. The prototype
was first tested in laboratory conditions and in a mold-making company for validation in an
industrial environment. In this case study, the total uptime was very similar to the values
obtained by an existing system embedded in the machine that registers when the spindle
is rotating (not common in most companies). The RGB node that monitors the machine’s
status provided a similarity of 96% with the embedded system. The vibration and noise
node measurement showed a similarity of 89% to the same reference. With the BLE node, it
was possible to identify the time spent by employees in the different monitored locations.
While this information does not give Lean professionals the exact reasons behind the
inefficiencies, it helps to reveal where potential inefficiencies exist, and helps professionals
address them by identifying their root causes. Micro-stops and setups were identified in an
efficient and detailed way, allowing for correlating the operators’ movements with events
in the machines, and allowing Lean professionals to estimate performance indicators. The
existence of an IIoT-based solution made it possible to carry out a detailed diagnosis with
less effort by automating the data collection for longer periods, which allows professionals
to focus their effort on the analysis and implementation of solutions. The ADD concept
developed and validated in industrial conditions represents an innovation in the CI project
diagnosis tasks, and its further development as a usable commercial product will benefit a
large number of professionals and companies developing problem-solving projects.

One of the limitations of the work is the unlikelihood of obtaining a comparison of
the ADD results with data collected at the Gemba by an analyst (traditional pen&paper
approach). This was not possible due to COVID-related sanitary restrictions.

For future works, the ADD results will be compared with traditional pen&paper
data collected by CI professionals. In addition, a stand-alone software will be developed,
wherein the data can be made available for access, management, and graph generation
without any restriction or difficulty, producing easy to interpret reports for the CI teams.
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Appendix A

Table A1. Technologies’ definitions based on several publications.

Technologies Definition

Autonomous Robots Robots that operate automated processes and interact with humans or other robots
in a self-learning manner

Simulation Enables the virtualization of processes and products to test hypotheses

Big Data and Analytics Set of technologies and tools capable of processing and analyzing large volumes of
data

Cloud Computing Services that provide access to databases of machines, systems, software, and tools
through networks such as the internet

Internet of Things (IoT) Network infrastructure for communication between identifiable things

Vertical and Horizontal System Integration Integration at all levels of manufacturing, both vertically, among the different areas
of the industry, and horizontally, encompassing the various stakeholders

Augmented Reality Insertion of the virtual world into the real environment through the combination
of 3D elements

Additive Manufacturing Use of 3D printing for the large-scale printing of parts

Cyber security Services and technologies aimed at protecting users, systems, equipment,
networks and industrial data from illicit intrusion

Table A2. IIoT products analyzed in the market study and their features.

Name/Company/Objectives Features Sensors

Cisco—Cisco Industrial Asset Vision
All- in-one solution that simplifies asset and
facility monitoring in outdoor or indoor
environments.

Choice of 11 sensors and Cisco LoRaWan
gateway. Backed by Osco security.
Cloud-based dashboard. Deploy the sensors
and the gateway in min, using a QR code.
Automated alerts.

Temperature and humidity. Door and window.
Water leakage. Light level. Room occupancy.
Machine or product temperature.
Machine vibration.

Movus—Fit Machine
Continuous condition monitoring solution that
monitors temperature, vibration, and acoustics.
Uses AI/ML to understand and monitor asset
operation and health 24/7.

Multiple sensor types. Quick install using
magnets. Cloud-based dashboard. Can use
existing Wi-Fi infrastructure or the Movus
gateway. QR code for quick access to machine
data. ML-based failure prediction.

Temperature and humidity, (indoor) pressure.
Machine temperature. Accelerometer.
Microphone.

Bosch—Sense Connect Detect (SCD)-
Attaches to most machines/components.
Collects data, wirelessly via Bluetooth and
visualized via mobile app, to reduce
maintenance costs, maximize machine
production, and drive better business
decisions.

Equipped with a few sensors and Bluetooth
technology. Easy data visualization via mobile
app. Easy install (sticker), resistant and
attaches to most assets. Battery included.

Light intensity. Temperature. Magnetometer.
Accelerometer.

Bosch—Connected Industrial Sensor
Solution (CISS)
Small multi-sensor device for harsh industrial
environments. Provides machine condition
monitoring + early detection and localization
of potential issues. Data gathered, via
Bluetooth and presented on an app, enables
further development of predictive and remote
maintenance.

Equipped with several sensors and Bluetooth
technology. Easy data visualization via mobile
app. Easy to install, resistant (−20◦ to 80◦) but
no battery (needs wiring).

Temperature and humidity (indoor). Light
intensity. Machine or product temperature.
Pressure. Accelerometer. Gyroscope.
Magnetometer. Microphone.

Bosch—Cross Domain Development Kit
(XDK)
Combines a wide array of MEMS sensors with
a microcontroller. An ARM Cortex M3
processor analyzes, processes and transmits
the sensor data. Monitors, controls and
analyzes products remotely via Bluetooth or
wireless network.

Equipped with sensors. BT and wireless
network. Includes ready-to-use software
package. Easy installation. Device needs to be
programmed. Includes rechargeable battery.

Temperature and humidity (indoor). Light
intensity. Machine or product temperature.
Pressure. Accelerometer. Gyroscope.
Magnetometer. Microphone.
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Table A2. Cont.

Name/Company/Objectives Features Sensors

Bosch—Intelligent Vibration Analysis
System (IVAS)—PROTOTYPE
Compact and robust equipment 2 MEMS
acceleration sensors, for high -bandwidth and
high-resolution vibration measurements.
Integrates into existing communication
infrastructure and offers possibilities to
implement use case-specific algorithms on the
sensor device.

Two accelerometers (high bandwidth +
sensitivity). No wireless technology. No web
interface or dashboard. Easy installation.
Device needs to be programmed. No battery.

Bosch—TRACI
Wireless and secure sensor solution equipped
with LoRa and BLE connectivity for location
and asset tracking.

Equipped with sensors, GNSS and
BT/wireless network technology. Alerts for
accident, maintenance, geophone and
temperature. Very robust and battery life of up
to 5 years.

Product and machine temperature.
Accelerometer. Microphone.

Sensolus—SNIT 3 Ultra/Compact
Low-power, plug and play solution to manage
smaller assets. Universal solution for tracking
and locating valuable non-powered assets in
indoor and outdoor locations in an extremely
simple way.

GPS and sensors. Compact format, does not
include pressure sensor. Simple web interface
and cloud-based dashboard with alerts. Quick
install (plug and play solution) and 5-year
battery life.

Product and machine temperature. Pressure.
Accelerometer. Magnetometer. Microphone.

Eliko—UWB RTLS 2D pilot kit
The 2D pilot is a great way to test a micro
positioning use case.

Battery-powered tags; RTLS Server and
software for four anchors; four-port PoE
switch.
RTLS manager for system configuration and
visualization. Four anchors with ethernet and
Wi-Fi connectivity options.

Ifm-io—key + accessories
Tank monitoring using a capacitive continuous
level sensor. Measurement of compressed air
consumption and leakage monitoring using a
compressed air meters. Fan monitoring using
vibration diagnosis sensors. Valve monitoring
using valve sensors.

Equipped with sensors that need to be wired
to the gateway. Web-based dashboard for data
visualization and analysis. Non- intrusive but
requires installation. Sends SMS/Mail Alerts.

Compressed air and leakage. Water level.
Machine vibration. Valve.

Advantech—WISI 2410—LoRaWAN
Wireless Condition Monitoring Sensor
Replaces traditional human inspection,
allowing manufacturers to achieve remote
detection and 24 h monitoring. Diagnosing
through ISO 10816 helps system integrators
get started quickly, reducing the entry
threshold for preventive maintenance.

Sensors Quick install and plug and play
approach. Simple web interface and
cloud-based dashboard. Coverage up to 5 km
with 2 years of battery life.

Machine temperature. Accelerometer.

I-care Wi-care 100 Series System
Plug and play wireless monitoring solution.
Automated tracking of critical equipment,
from continuous monitoring to once-a-week
intervals, collecting reliably,
deployed/configured quickly, permanently or
used for spot checks during inspection.

Five sensors. Gateway (Wi-care 920). Signal
transmission extender available. Quick install
and plug and play approach. Simple
cloud-based dashboard with real-time
alerts/notifications.

Machine temperature. Machine vibration.
Speed. Ultra sound.

Advantech Wzzard
HVAC/Refrigeration/Energy/Condition-
Based Monitoring Starter Kit
Provides a non-intrusive, easily scalable and
simple to install solution for monitoring.
HVAC/refrigeration/energy/condition-
based equipment without disrupting
facility operations.

Starter kit with sensors. Simple cloud-based
dashboard with alerts via SMS/Mail.
SmartSwarm Gateway (connecting up to
100 sensors).

Temperature and humidity (indoor). Door and
window. Current intensity. Machine
temperature. Machine vibration.
Energy consumption.
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Table A3. Specifications of prototype components.

Component Sensor Detection MCU Protocol Power

RGB (red, green,
blue) node APDS9960

Checks the state of the
machine status LED, which
has four distinct states: off,

red, green, blue

ATSAMD21G18 LoRa
LoRaWAN

Two AA Lithium
batteries

(autonomy 4.8 months)

Vibration and
noise node LSM6DSOXTR

Six-axis accelerometer and
microphone for machine

uptime and
downtime detection

RP2040 Wi-fi
MQTT Plugged

Bluetooth
low-energy

(BLE) system
BLE Antenna Presence of operators in

specific locations ESP32 Wi-fi
MQTT Plugged

Time-of-Flight
(ToF) node VL53L1X

This sensor measures the
distance to the first object in

front of it
ATSAMD21G18 LoRa

LoRaWAN

Two AA Lithium
batteries (autonomy

11.7 months)
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