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Abstract: Globalization in the field of industry is fostering the need for cognitive production systems.
To implement modern concepts that enable tools and systems for such a cognitive production
system, several challenges on the shop floor level must first be resolved. This paper discusses the
implementation of selected cognitive technologies on a real industrial case-study of a construction
machine manufacturer. The partner company works on the concept of mass customization but utilizes
manual labour for the high-variety assembly stations or lines. Sensing and guidance devices are used
to provide information to the worker and also retrieve and monitor the working, with respecting
data privacy policies. Next, a specified process of data contextualization, visual analytics, and causal
discovery is used to extract useful information from the retrieved data via sensors. Communications
and safety systems are explained further to complete the loop of implementation of cognitive entities
on a manual assembly line. This deepened involvement of cognitive technologies are human-centered,
rather than automated systems. The explained cognitive technologies enhance human interaction
with the processes and ease the production methods. These concepts form a quintessential vision for
an effective assembly line. This paper revolutionizes the existing industry 4.0 with an even-intensified
human–machine interaction and moving towards cognitivity.
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1. Introduction
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Many industries are currently experiencing a transformation of their production
processes, in a development which is often termed the 4th industrial revolution or ‘Industry
4.0’ in short [1]. The reasons for this transformation are manifold. On the one hand,
globalization often requires decentralized manufacturing processes and consequently
the automation which supports and controls such processes. On the other hand, due
to the customization of goods and products, manufacturers increasingly need to take
their customer needs into account and tailor their products accordingly towards adaptive,
flexible and intelligent production [2,3].
The Internet of Things [4], data analytics, machine learning (ML) [5], and other emerging technologies can be seen as major drivers behind the transition of traditional manufacturing processes. They enable both the realization of intelligence within automation
components in the manufacturing process itself, the collection and provisioning of data
in a distributed environment and consequently the realization of higher level services.
Examples of references leveraging these technologies in different domains include machine
monitoring [6], system security monitoring [7,8], chemical plant optimization [9,10], fault
diagnosis [11], etc. Amidst this revolution, humans remain integral as the strategic decision makers rather than operators [12] interacting with the system and shaping its final
decisions.
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Based on a real industrial use-case (explained in Section 2), this paper demonstrates
how cognition resolves the major challenges of real-world assembly systems. These challenges include monitoring the high flexibility of assembly workers, the optimal planning
and configuration of assembly lines, managing the large amount of data generated from
different sensors and departments and ensuring efficient communication and overall safety
on the shopfloor.
The paper is structured as follows: Section 1 elaborates on the motivation and vision
behind this paper. Then, Section 2 describes the use-case this paper is based on with the
research expectations. Afterwards, Section 3 illustrates the various specifics involved in
building an ideal cognitive assembly line, which is further illustrated in Figure 1. The next
chapters indicate a step-by-step procedure to consider while moving towards cognitive
production and addressing the relevant challenges in each specific field.
We begin with Section 4, which describes a solution to assembly line balancing in the
case of missing relevant data. The next section, Section 5, describes the use of cognition
to support flexible assembly systems through process monitoring and perception systems.
The topics of data contextualization, predictive maintenance, visual analytics, and causal
discovery have been amplified in Section 6. The process followed here is a solely developed
approach, but, to a certain degree, it follows principles similar to those of many data
analysis methodologies (e.g., KDD, CRISP DM, SEMMA, etc. [13]). Section 7 expands the
horizon into the field of communications and safety on the shop floor. Thus, this paper
reviews the existing state of the art and paints a holistic picture of different technologies that
have been developed to facilitate an intensified human–machine interaction. Additionally,
the article indicates a roadmap for industries as well as researchers for consideration of the
addressed topics in a cognitive production system.

Figure 1. Specifics of a cognitive assembly line. A holistic top-down approach of the paper can be
seen, where various cognitive areas are explained in further chapters.

2. Use Case
We propose different approaches for the support of the production flexibility and
cognitivity. These approaches are grounded in a real industrial use case of construction
machines assembly by our industrial partner Wacker Neuson, a leading manufacturer of
compact construction machines. This use case will subsequently be used in the remainder
of the paper to demonstrate the proposed approaches and to depict “the added values of
cognitive production”.
Each plant hosts multiple assembly lines where different products are assembled.
The assembly lines are laid out in a “fish-bone” structure with multiple pre-assembly
workstations feeding into the main line. The buffer zone is embedded in the pre-assembly
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stations, and the stations are tightly coupled by a fixed tact time: i.e., every ‘t’ minutes.
Each station hosts a team of workers who are responsible for carrying out their assigned
assembly tasks. The assembly work is mainly manual with the assistance of large tools
such as the crane to move parts, or lighter equipment such as e-screwdrivers or human
assistive devices.
As aforementioned, the manual-intensive assembly line is prone to errors and monitoring the assembly line can mitigate these disparities. The errors are difficult to monitor
or to trace back to their source due to the complexity of the product and also the many
assembly tasks that must be performed across various stations. Moreover, the assemblies
in the use-case scenario highly involve screwing operations. The authors of this paper
have thus presented a monitoring approach that indicates the correctness of the screwing
operations and also notifies faulty assemblies or operations.
3. Cognitive Entities
The following sections provide an overview on the parameters or tendons in an
assembly line. An overview of the assembly process with the use-case is depicted in
Figure 1 from conception to maintenance along with a top-down approach of the involved
cognitive technologies. These are explained in detail in the further sections of paper.
Moreover, the adaptability of the assembly line is also increased by building a cognitive
assembly line. Abdul Hadi et al. in [14,15] describes the use of basic adaptive technologies
to enhance the flexibility and reduce the errors in an assembly line.
With the great variety of products in the Wacker Neuson production portfolio, the
complexity of the assembly line also increases, which leads progressively to higher costs.
The flexibility of a completely automated system is controlled by its complexity, while by
contrast having a manual assembly line leads to highest flexibility, but induces human
and quality errors. To counter the negatives and leveraging the benefits of automated
and manual assembly, a newly defined approach is described in this paper. In this type,
the human–machine interaction and innovative monitoring approaches with knowledge
feedback loops are used. The sensory, actuatory devices, and the data-driven approach in
particular enable this interaction for building a cognitive assembly line. The method of
combining several cognitive concepts under one umbrella is also deemed necessary and is
an innovative approach.
4. Cognitive Assembly Balancing
The thorough planning and configuration of assembly systems is critical for manufacturers maximizing the production efficiency and profit [16]. The assembly line balancing
problem (ALBP) is an optimization issue dealing with the partitioning of assembly work
among stations with respect to prioritized objectives [17]. Rapid assembly balancing is
of utmost importance for meeting the ever-changing market demands and mitigating the
effects of supply disruptions. Currently, most solutions of the ALBP rely on the assembly
precedence graph, a directed acyclic graph describing all the dependencies between assembly tasks. Due to the lack of this necessary input data in real industrial settings, the
majority of the proposed solutions to the ALBP remain inapplicable [18]. This data are often
outdated, incomplete or altogether unavailable. The creation and maintenance of the everchanging precedence relations require extensive time and effort [19]. As an example, in the
automotive and related industries (including our industry partner), the experts rely on their
tacit knowledge of precedence relations to manually create an assembly line balance [20].
In [21], the authors design cognitive assistance systems in manual assembly and use the
so-called quality function deployment (QFD). In their research, Pokorni et al. introduce six
phases, where a cognitive assistance system is developed by iterating through the phases.
In the approach, many factors are considered, such as the workers’ information needs. As
suggested by Pokorni et al. there should be several replications of case studies, where many
different assembly configurations, employees, quantities, complexities, and products are
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applied. In this work, we deliver data for results and data for another case study, which
adds to these prior investigations regarding to automating assembly processes.
To this end, Ouijdane et al. in [22] proposed an approach assisting in the manual
assembly balancing by providing station assignment recommendations without relying on
the precedence relations. This approach is based on historical data from prior assembly
balances (Figure 2) of different products and derives station assignment information based
on calculated similarities among tasks.

Figure 2. Cognitive assembly line balancing approach based on similarity detection with historic
balancing data.

For each assembly task, the recommender system suggests a station assignment. The
recommendations are based on similarities to tasks in prior assembly balances with similar
products (those belonging to the same product family for example). The evaluated results
of the recommendations for assembly line balancing are over 91%, and with precision on
the other hand, is valued on average at 82%. Hence, this approach can be utilized for
building a cognitive assembly line with a great variety of products.
5. Cognitive and Flexible Shop Floors
Most of the tasks in a high variety assembly line, are generally performed manually,
thereby making it error prone. A high variety is hard to tackle with fully autonomous
systems, and hence OEMs (original equipment manufacturer) are thus again decreasing
the level of automation [23,24] in order to gain more flexibility. Moreover, the level of
quality expected by product customers today is very high, and the complexity of manufacturing puts a strain on assembly personnel. This disparity can be mitigated using
assistance systems. These systems should be a companion technology for workers [25] and
follow principles of cognitive systems [26]. Hence, supporting workers not only with the
process but also according to strengths and weakness [27], as summarized in architecture
in Figure 3.
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Figure 3. Supporting workers on the shop floor based on a three layered cognitive architecture.

This architecture consists of several layers, each of which provides cognitive abilities.
Perception and awareness can be extracted using infrastructural and wearable sensors. The
actuators on the other hand provide information related to autonomous acting. The linking
of these domains is performed with skill and cognitive state detection, as explained by
Haslgrübler et al. in [27,28].
To further improve flexibility in the context of assembly systems, decision support
systems can be applied. When using collaborative robots (cobots), productivity can be
increased on the shop floors. However, it is always a question of whether those additional
support systems ease the work stress and workload of human workers or if they have a
negative impact on human flexibility as an outcome. In general, those factors and assistive
technologies are assessed in detail in [29]. Peron et al. describe how a fitting decision
support system can utilize assistive technologies to support human workers effectively.
For this purpose, the authors developed a decision tree based on cost models of four
different assembly system configurations. We also consider other approaches, e.g., the
Cloud Material Handling System (CMHS), which can further increase the flexibility and
productivity of a manufacturing system [30]. IoT, Cloud Computing, and ML can all be
integrated with CMHS, and proper scheduling of the manufacturing tasks improves overall
flexibility in material-handling activities within manufacturing environments. Those are
just a few examples of how flexibility can be increased in manufacturing processes.
We present a review of solutions found in the literature for assistance systems in the
workplace in the following, as sensing and acting needs to be tailored to a specific use
case and setting (Figure 4). Moreover, visual analytics also form a crucial part in human–
machine interaction as this provides a real-time user interface for the workers. However,
this has been explained in Section 6.2.

Figure 4. Sensory and actuatory interaction via IoT messaging broker.
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5.1. Sensing
Sensors are a crucial element in the development of a cognitive assembly line, namely
two deployment modalities for sensing in an assembly line can be found in the literature:
infrastructure based sensors and mobile or wearable sensors. These are based on sensory
information in the visual domain [31,32], auditory domain [33,34], and haptic/mechanical
domain [35–37]. In addition, we see that these sensors not only monitor humans and their
behaviour [38–40] but also equipment [41,42], individual parts of the product [43,44] and
machines [45]. Based on these sensory devices, it is not only possible to build the assistance
functionality, but also monitoring of a whole shop floor can be provided as described by
the following examples.
The manufacturing assembly steps for this involve macro and micro worksteps. The
macro workstep is a collection of micro worksteps. The objective is to distinguish between
activities that have a short duration of hand motions such as screwing, compared to movements like walking or running. Data from multiple screwing activities were recorded, and
extensive research was conducted. The architecture, window size, sliding rate, weighing
techniques and creating models that are capable of recognizing micro activities and macro
worksteps were developed [46].
An infrastructure deployed computer-vision based approach based on a depth camera [36] tracks changes in the assembly of an ATM machine and for the workstep classification. Based on the presented solution, e.g., users can be provided with the correct
documentation for each phase of the procedure or in-efficiency in product manufacturing
can be obtained based on significant variation in time spend by each workers. Depth
images collected by realsense [47] were used to overcome some of the privacy concerns and
protect the personal data of the employees. Single frame images were extracted from the
collected video material. There were labeled and split into different classes representing
the numerous worksteps of the workflow.
In combination with the depth sensors, inertial measurement units (IMUs) were
deployed to identify micro activities of workers during the assembly of an excavator and
provide confirmation of each complete macro-workstep or provide notifications that help
workers focus on possible errors.
Obtaining data from IMU sensors was unidirectional, since it was a requirement that
the device be attached to the wrist of the user, similar to the approaches in [48,49]. This
is due to the fact that this position of the sensor is generally accepted by employees in
manufacturing, as less disturbing and intrusive and providing descriptive data for complex
small-scale activities of hands. The IMU sensors have an accelerometer, a gyroscope and a
magnetometer, thus keeping costs low, ensuring minimal interference, and faster processing
of data. They can work as standalone devices in terms of mobility, since the devices can
function without cables, which is important when the worker moves around in his working
space to collect parts required for the assembly. Their ability to establish a connection to the
main system via Bluetooth supported the desired freedom of movement that was important
for the user.
However, another crucial issue is the privacy and personal data protection of the user.
In this case, IMUs are considered to be more compliant with the General Data Protection
Regulation (GDPR), less invasive and less unobtrusive compared to other sensor devices,
in the daily work of the operator. Furthermore, IMUs are suitable and able to maintain
continuous data recordings while on the move. The selected device, Figure 3 (wearable
sensors), is from the wireless wearables sensor producer Shimmer. The sensor is a low cost
platform, and the model was the Shimmer3 GSR+ Unit which contains, besides the sensors,
an MSP430 micro-controller (24 MHz, MSP430 CPU), Bluetooth Radio—RN-42, Integrated
8 GB micro SD card, 450 mAh rechargeable Li-ion battery.
The received data for the training of the models were sent and monitored. The link
was made via Bluetooth to the IMUs and via cables to the eye-tracker. The activities were
recorded with a sampling rate of 60 Hz and stored in csv (Comma-separated values). The
data in a csv file consists of samples where each contains the accelerometer, gyroscope,
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magnetometer data in XYZ for each IMU sensor, as well as the timestamp and ground
truth for each data sample. In the next step, the raw time-series data were used as input for
training in machine learning and deep learning models.
5.2. Assembly Monitoring
Developing an assembly line with easy-coexisting of workers and machines is one
of the crucial pillars in the cognitive assembly system. With a great variety of products,
implementing the supporting devices for human workers leads to accretion of cognitivity.
In this section, techniques for assembly monitoring technology are explained along with a
use-case. Monitoring of assembly lines, however, is interlinked to the feedback systems
explained previously.
Human workers are an integral component in the assembly of several products,
assuring flexibility on the shop floor [50,51]. The workers, however, tend to apply intuitive
techniques in response to minor disturbances on the shop floor. These techniques include
reordering of tasks, impromptu assembly collaborations, executing assembly tasks ahead
or behind the allocated tact and outside the scope of the allocated station, etc. In this
case, monitoring the assembly line is necessary for the timely and accurate tracking of
the progress the assembly process is making. Assembly monitoring is important for the
detection of severe deviations on the shop floor such as forgotten tasks, tasks taking longer
than the estimated duration or stations not finishing within the allocated tact time [52].
Timely detection is crucial before such deviations are amplified and cause quality defects
or even production disruption. Assembly process monitoring is also required to provide
dynamically adequate assistance to workers [53,54], dynamically plan human–machine
interactions or serve as feedback input for the assembly design and logistics.
Privacy concerns limit the types of sensors to be used as input for the assembly monitoring [55]. Indirect observations from the shop floor are a privacy-respecting alternative.
Thus, data from body-worn sensors, depth sensors, part picking sensors or tool usage
sensors, etc. can be collected. Guiza et al. in [56] describe an approach to timely and
accurately monitor the progress of human-intensive assembly processes. This approach is
based on indirect and incomplete observations from the shop floor. Figure 5 outlines our
approach composed of two main phases: modeling (A) and monitoring (B).

Figure 5. Proposed monitoring approach for cognitive shop floor. This depicts a step by step
approach followed for representation of the assembly process, where (A) represents modeling and
(B) represents monitoring.

We start by modeling the prescribed assembly process (1). The process is a succession
of assembly sequences. Each sequence includes the fine-granular assembly steps arranged
in the recommended order. However, when facing unforeseen situations on the shop floor,
workers tend to deviate from the prescribed process. Stricter constraints are thus required.
These constraints cannot be violated and construct a precedence link between the steps
defining the priority of execution. Next, we instantiate the assembly process instances (2)
according to the order schedule (where an order describes the feature configuration of the
product). Lastly, we define a finite state machine (FSM) describing the cycle of the task to
track the state of assembly steps and thus the progress of the overall assembly. The FSM
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describes the possible task states and the valid transitions between them as its memory is
limited by the number of states it has. Transitions indicate, for example, the activation of a
task signaling the beginning of the execution of a task or the completion of it.
The monitoring approach feeds on indirect shop floor observations (3). It is important
to note that these observations do not directly identify a task, a station or a particular
process instance. We therefore define a set of heuristics to identify the corresponding task
and map the shop floor observation to an FSM task-state transition. We determine the
task candidates associated with the indirect observations (tasks assembling the detected
picked part, tasks using the detected tool or tasks associated with a detected activity such as
screwing, drilling, picking, etc.). Heuristics are then applied to determine the most suitable
task candidate. The low-level assembly floor observation events are thus converted into
high-level process task specific events (4). We then trigger the FSM transition based on
the task’s previous state. The task states that are not directly linked to an observation,
i.e., unobservant tasks, is inferred based on the precedence graph. An updated run-time
representation of the assembly process is then available (5). Note that the precedence graph
can be manually created for portions of the assembly process where a bottleneck has been
previously identified for example.
The monitored data are later used as input to a deviation detection approach detecting
three types of serious deviations that could harm the efficiency of the assembly and the
quality of the assembled product [57]. These deviations are delaying tasks where tasks
take longer than the estimated duration, delaying stations or sequence deviations where
the recommended order of execution is altered. These detected deviations need to be
then communicated to the assembly workers, line leaders or logistics department for the
appropriate mitigation actions.
5.3. Feedback
Feedback systems are necessary in order to provide assistance to workers in production
or alert them to detected deviations. These feedback systems are based on the actuators
and deployed throughout an assembly line. Again, we see two deployment modalities,
namely infrastructure based actuators and mobile and wearable actuators. The most
prominent modality for feedback is on the visual channel using projectors or static screens
[58,59], peripheral display [60], smart watches [61], and argument reality glasses [62,63].
Furthermore, the auditory channel is also often engaged using speakers [64], wearable
speakers [65] and earplugs [66]. Lastly, further feedback is also provided on the haptic
channel using haptic display [67], head worn tactors [68,69], and wrist worn devices [64].
We see that feedback for production can be performed on any channel [64], whereas
each feedback device has limitations either in terms of environment (e.g., audio in loud
environment) or human perception (e.g., not looking into the direction of the display) and
needs careful consideration. Similar to sensing, the selection of actuators depends to a high
degree on the use case and the placement of these devices. For example, the use of wrist
worn devices when interacting with dangerous machines is rendered unsafe.
Researchers [70], for example, showed the deployment of feedback using wearable
(haptic) and infrastructure (visual and auditory) feedback devices. They not only showed
the inter-linkage with workflow sensing and the presentation of video snippets for each
workstep but also how cognitive state and attention orientation must affect actuator selection, so that critical information gets through.
In this use case, the selected feedback system includes a wearable smartwatch since the
product is moving down the manufacturing line during its assembly. The feedback device is
connected to a server device where the reasoning, the monitoring, and the decision-making
takes place, and it receives vibration signals after the completion of worksteps. Detailed
information about completed macro and micro-worksteps will be displayed on its screen.
The assistive and monitoring process begins with the initialization of an application
on the smartwatch that enables the collection of the IMU and depth data. The collected data
are then sent to a CPU via Bluetooth and used as input to the deep learning models that
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will have to predict the number of activities that constitute each module (micro activities
contained in macro-worksteps) and the correct module of the workflow in which the
employees currently are (macro-worksteps). The data from the sensors are only processed
electronically without being stored during use of the system under real conditions. To this
extent, the models do not rely on any identification for the workers to assure that their
privacy is preserved, as the only data being stored are the data recorded and used to train
the models.
6. Cognitive Data-Driven Approach to Improve the Assembly Line
Large volumes of data or big data are continuously generated from shop floor. From
our use-case, data are generated from three specific sensors: IMU sensor, depth sensor, and
head worn camera. The generated data must first be filtered, contextualized, and analyzed
before deriving final results. As described in Figure 6, this chapter presents a step by step
approach for handling data generated from the shop floor in a meaningful form.

Figure 6. The model developed for cognitive data analysis. This model represents a sequence of
study for a data-driven approach in the assembly line.

6.1. Data Contextualization
Most of the information that manufacturers acquire from the assembly line during
production processes is stored in its raw form without the provision of adequate contextual
information. Manufacturers use NoSQL technologies [71], comma-separated-values files
or even plain text files to store this data. The data volume in their data warehouses is big
and is constantly increasing each day, but the lack of proper metadata makes analysing and
exploiting this material a very difficult task. Raw process information often conceals much
valuable knowledge and the key for this issue is to give raw data a context (i.e., a meaning)
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and to interpret it well so that the knowledge possessed can be satisfactorily utilized. In
order to contextualize process information and be able to use the obtained knowledge for
building a cognitive assembly line, we need to link raw data with the previous contextual
knowledge. This would lead to more automated and accurate production systems.
Data contextualization was carried out using a semantic-driven approach for the three
sensory devices: IMU sensor, depth sensor, and head worn camera. This approach is
presented in detail by the authors in [72]. By the use of semantic technologies, raw data are
stored in an NoSQL database which preserves information without metadata or any contextual information. The data are accessible through a hyperlink to a web service containing
data. All the contextual knowledge about the assembly line is simultaneously preserved in
a dynamic knowledge management system. The system creation is enabled by semantic
technologies and the open semantic framework tool [73]. Then, the raw information is
retrieved to open semantic framework using a hyperlink to a web service containing data,
enriching it with the existing contextual knowledge and using this contextualization later
when processing and analyzing the data (Figure 7). This approach will greatly facilitate
further data processing.

Figure 7. Contextualization of assembly line data. The figure explains a holistic view of contextualizing the data from its raw form using a Semantic framework.

6.2. Visual Analytics
Automated data analysis offers powerful tools to analyze data throughout the whole
industrial life cycle, promising valuable insights into industrial processes [74]. Visualization for smart manufacturing in several industrial sectors has been worked out in an
extensive survey by Zhou et al. [75]. Visual analytics research offers techniques to intertwine automated data analysis and the rich understanding of the underlying industrial
processes of domain experts through human perception and interactive visualization user
interfaces [76].
Suschnigg et al. in [77] researched a visual analytics approach on how to adapt a
production process in an online manner, which has been implemented in the use-case.
Automated data analysis models to predict the quality of products in an ongoing assembly
process via a dashboard visualization highlights interesting data points, which can be
interactively explored to support engineers in their decision-making, i.e., to modify a
production process, promising an increased efficiency.
From the three sensory devices, the visualizations from the data received indicate the
patterns of different activities as seen in Figure 8. The patterns depicted refer to the hand
screwing, manual-tool screwing, electrical screwdriver screwing and wrench screwing.
Data of acceleration, gyroscope and magnetometer in XYZ coordinates are shown in
different colors, and the rectangle box indicates the detection of the activity. The number of
the peaks inside the selected region designates the number of the repetitions for each activity
in that sequence of data. It highlights interesting data and offers interactive visualizations
to explore that data to support engineers in their decision-making. These techniques help in
developing a cognitive assembly line or a production system which supports the flexibility
and adaptiveness. Moreover, the interactive visualizations can provide initial insights
for causal analytics which leads to the betterment of product assembled. Inception-V3
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and the VGG-19 deep learning topologies are then used for the analysis of the screwing
operations/activities. Detailed description and results of these models is described in
Section 8.

Figure 8. The figure presents exemplary patterns describing micro-activities of macro-worksteps
that have occurred during the assembly of a product. The figures on the right are reproduced with
permission from [78], IEEE Transactions on Instrumentation and measurement, 2010. From top to
down: wrenching, electrical screwing, hand screwing, manual screwing.

6.3. Predictive Maintenance
The success of an overall assembly line largely depends on quality, reliability, and
productions costs that are affected directly by the complexity of this manufacturing process.
Implementing predictive maintenance (PdM) strategy can bring all these benefits together
by ensuring that the product is operating in an ideal condition so as to avoid unexpected
breakdowns. PdM approaches primarily detect early signs of defects and also foresee when
a defect is about to happen [79].
The quality of PdM approaches depends to a great extent on the quality of the available
data [80]. The importance of this aspect has been clearly shown in the previous subsection
(data contextualization). The challenges to ensure successful and applicable PdM are
threefold. First, various types of data, such as assembly data (IMU and depth sensor, and
head worn camera data), process sensory, log, and service data are collected throughout
the production process [81]. In our use-case, the sensor data contains heterogeneous data
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including time series, numerical, categorical, and unstructured data. Secondly, some of
these data are often missing, i.e., completely or partially. This leads to the lack of extracting
the knowledge, which can be used as a basis later in the predictive models [80,82]. Finally,
the high variety of produced products leads to a well-known small data challenge [74].
In [82–84], PdM in the context of multi-component systems (MCS) has been analysed,
which is a promising approach to handle the use-case scenario challenges. In particular,
MCS appears to be an encouraging solution to handle the small data challenge and a high
variety of products. Additionally, Thalmann et al. in [74] support the argument that a great
variety of products and the small data sets of reference measurements is a challenge for
data driven approaches.
In an industrial setting of End-of-Line (EoL) testing, where the last check of complex
products is carried out after the complete assembly line, multiple tests are performed on the
product in the course of the quality test. Devices that pass the quality test are considered as
devices with correct functions (see Figure 9). The decision on the state of product after a
quality test was performed and was previously left to the experience of domain experts [85].
However, with the introduction of mass customization, shorter product life cycles and
digital supply chains, this approach has reached its limits, and the need for new approaches
has become clear. PdM appears to be promising in this context. Several studies have been
carried out with the aim for improving these challenges by employing PdM solutions. Gashi
et al. [86] introduced a new predictive approach based on data-driven solution, which
has also been implemented in the use-case. In particular, this approach demonstrates how
EoL test-based quality control can be enhanced in case of missing usage data. Moreover,
an MCS perspective in context of PdM is proposed to remedy the small-data challenge.
Finally, defect prediction of low-quality products over time is conducted when contextual
information is available. In this context, engineers are assisted to effectively perform quality
control and fault diagnosis. However, the application of these approaches require a high
level of explainability. One way to tackle this challenge is using, previously described,
interactive visual approaches [87], as a tool to increase understanding, trust, and, as a result,
the acceptance rate from engineers.

Figure 9. An overview of EoL testing process, reproduced with the permission of [86], Elsevier, 2021.

6.4. Causal Discovery
As predictive maintenance methodologies mitigate the errors occurring in an assembly
line, causal discovery, on the other hand, analyses the root cause for this error. Simply
stated, these approaches aim to provide similar conclusions as traditional engineering
methods such as Five whys. However, these methods extend their applicability to the
complex production systems where traditional approaches would be time-consuming or
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impossible to perform. In our use-case, causal discovery has a dual role. In the first role, a
perspective on causal reasoning focused on an assembly process is taken, i.e., discovering
causal relationships in the data collected from the worker (IMU sensor, depth sensor and
camera) to better understand the root causes of quality properties in the context of a single
worker. In the second role, causal discovery takes the global perspective and utilizes data
beyond the assembly stations to discover causal interdependence of different production
processes and their impact on the overall product quality. In the following subsection, the
role of causal discovery in the context of industrial processes is described and compared to
other data-driven and traditional, domain-driven approaches.
The applicability of data-driven approaches in industrial environments is on the rise
due to the increased availability of raw and contextualized data. Compared with the
domain-driven approaches for process improvement, data-driven approaches can address
three important aspects of industrial data [88]:
•
•
•

ML approaches can learn to model nonlinear and complex relationships;
In addition, once the model is trained, it can capture possible hidden relationships
which enable better predictions on unseen data in the future;
These approaches do not impose any restrictions on the input variables and their
distribution.

With the increase in their complexity, however, especially with the approaches like
deep learning, ML models are becoming extremely difficult to explain and hence are often
referred to as black-box models [89].
The increasing complexity, limited explainability, and interpretability of the complex
ML models make it difficult to address the emerging requirements for acceptance of
these models and hinders their applications in industrial and mission-critical scenarios.
Furthermore, a significant amount of these methods are based on associational patterns
and correlation, which does not provide any insight into causal relationships, i.e., the
underlying driving forces and generative mechanisms [90]. These aspects can be addressed
through causal discovery, which goes beyond statistical dependency and focuses on cause
and effect relationships. An advantage of having knowledge about causal relationships
rather than statistical associations is that the former enables prediction of the effects of
actions that perturb the observed system [91] and can drive the knowledge discovery
through the detection of underlying driving forces in the assembly process.
While the gold standard for identifying causal relationships is controlled experimentation, the experiments these require are very expensive, time-consuming and as a result
often impossible to perform. Understanding causal relationships allows generalizations
to be made in the absence of test data [92]. This is especially prominent in our assembly
line use-case where, due to mass customization and high flexibility of the assembly line,
process stability is crucial.
There are many possible applications of causal discovery for process improvement
in an assembly process. An approach presented by Vukovic et al., in [93], focuses on the
discovery of influencing parameters of the quality in a production scenario. This discovery
is done through an approach that incorporates development of the predictive model and
its verification through discovery interviews with the domain experts, visual analytics, and
predictive model analysis. Other application tasks can include root cause analysis [94],
fault (anomaly) detection [95], detection of plant wide oscillations [96], causal discovery
of alarm floods [97], quality improvement [98], modeling of the temporal patterns, and
their influence on different key performance indicators [99], etc.
7. Cognitive Communication and Safety on Shop Floors
The previous chapter explained the involvement of data and know-how on extracting
the relevant information. This chapter addresses more on the shop floor level for achieving
efficient communication and safety across the assembly line at Wacker Neuson.
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7.1. Communication Systems
In a labour intensive production process, many sequential steps must be performed
to obtain the final product. If each machine, device, and component is connected, they
can communicate specific information which will optimize the overall production process.
Implementing a communication system among all devices within an industrial environment
is a mixture of fixed and movable components, meaning that a wireless communication
system is required for most movable parts, e.g., AGVs. However, also in the presented
use case, the scenario is highly dynamic and workers equipped with sensors (head worn
camera) can move freely within the environment. The network topology must be very
flexible to cover the entire area where workers are moving. The direct communication path
will then be often blocked by various objects in the environment which will be in most
cases of a metallic nature which strongly attenuates wireless signals and a link failure will
be likely for specific positions. Additionally, mobile components can distort and block
signals during movement, rendering working links useless.
When creating a wireless communication system for industrial applications, all these
issues have to be considered in advance to prevent the implementation of an inoperable
system. Through the use of simulations, many scenarios can be evaluated before actual
implementation in the environment. Such simulations can be used to optimize the architecture and reduce the costs to a minimum to fulfill the requirements of reliability, safety,
and security. The model representation of a shopfloor environment is a CAD model which
is imported into the various simulation environments, in our case the CST Studio Suite.
By defining material properties and interfering sources within the environment, a very
detailed representation including materialistic behaviour can be achieved to estimate most
of the impacts on the wireless communication link. This includes effects such as scattering,
multi-path propagation, reflections, interference by other devices and many more which
will occur in industrial environments. These physical effects are scarcely considered in
modern industrial scenarios.
Taking the harsh environment of our shopfloor into consideration, we identified the
physical effects that will have the biggest impact in such a harsh environment. By the means
of simulation, most of the effects mentioned are considered. Based on the initial results
derived from this simulation model, it is possible to decide on several communication
parameters such as topology, protocol, devices, and their antennas to achieve the maximum
throughput for each position in the scenario [100]. What this means in this context is that,
for each position of a wireless device, the optimum communication path can be derived. A
detailed description of the model is provided in [101].
Antennas are one critical component for wireless communications, but in most cases,
antennas of sensor nodes should have an omnidirectional radiation pattern so that their
position can be changed arbitrarily in an unobstructed environment. In a heavily obstructed
environment, such properties are not useful, and can only be of use if the object of interest
is moving in the entire environment and the receiving stations are distributed all over the
area. In previous work, the limiting properties of antennas of commercial off-the-shelf
(COTS) devices have been thoroughly investigated [100,102]. The achievable distance with
low power devices is relatively small, and, if a big area has to be covered, many central
communication nodes might be required. There are several approaches when it comes to
topology, which will be discussed later in this section.
The structure of such an assembly line must be dynamic, and thus a communication
system must support this dynamic behavior by being adaptable. The topology and protocol
will have the most impact on an efficient communication system with appropriate antennas
at the individual locations. The 5G standard is touted to be the universal solution for
industrial applications. The problems as mentioned, however, remain the same due to
physical constraints. An implementation of a fully working 5G network in a defined and
confined environment such as an assembly line is the most likely scenario in the context
of 5G communications. The distances are short enough to utilize even the high frequency
ranges of 5G (up to 60 GHz), which is difficult in any other scenario. Viewed realistically, a
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5G network is only useful if there are devices or applications which require high bandwidths
(e.g., raw image data) or low latency [103]. Low latency is required e.g., when drones are
used which are controlled in real-time. If only states and simple information is being
exchanged (steering, checks, ...), then a 5G system coheres well. Much more interesting,
however, are adaptive technologies which identify the best communication channel in realtime. The mentioned mobile components in the context of assembly line are IMU, depth
sensor, and workers with head worn devices, which move around in the environment.
Some of the components are on a fixed path, some of them move around “randomly”.
Considering all the deliberations, a system architecture for a cognitive assembly line can
be created.
As a first step, the technology must be identified to satisfy the demands for reliability,
latency, safety, security, battery life, and data rate. The most promising technology at the
present time would appear to be Bluetooth Low Energy (BLE) with high data rates plus
low energy consumption. BLE devices are very cheap and, with a fitting topology and
adaptability, they can meet most requirements for indoor wireless systems. With the easy
deployment and the low costs, they are very attractive for most companies. By adjustment
of the antennas on the COTS PCB (printed circuit board) devices, the throughput can be
further increased [102]. In [104], an antenna recommendation system has been designed and
verified to identify fitting antennas for specific positions within a harsh environment. This
approach is also applicable to industrial environments, which have similar properties to
the investigated engine compartment. In Figure 10, two common architectures are depicted
which represent a wireless communication system solution for cognitive assembly lines.

Figure 10. Network architectures for industrial applications [105]. The adapted image denotes
the meshed (left) and star (right) topology which can be utilized, depending on the production
environment.

On the left side is a meshed topology, which can be very useful in such a harsh
environment, where the direct communication path to another node might be blocked or
strongly attenuated by movement of objects or persons. Then, the communication will
be rerouted over the next best path to keep up a reliable communication. In the scenario
on the right, a typical star topology, with a central communication hub, the individual
communication paths might fail at times. Star topology networks are not flexible in
structure and need to be defined at the beginning. If we want to achieve a smart adaptive
assembly line, where parts and stations might change over time, the only solution is to
apply a meshed topology. Even though the efforts required for developing a meshed
topology are comparatively higher, the benefits are also increased by the same degree.
The main benefit of a meshed topology is clearly the property that the connection can be
routed over other devices for which a connection exists. If a large number of devices are
included in the environment, there will be always an active connection over a specific
route to the main transceiver station. This is not the case with a star topology, where the
link will simply fail. The drawback of a meshed network is that the power consumption
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of the individual sending nodes will increase, since each device might be used for the
transmission of information of other devices. Not all devices will require a battery to power
the communication devices, however, and movable objects are able to charge themselves at
charging stations. Once again, it is worth mentioning that simulations can already give a
good indication on what type of topology might be required.
In the presented use case, where wearable sensors and depth sensors are applied
to the workers and environment, there will be situations, where the connection to the
devices will be disrupted. In case of the wearable devices, the data connection could be
disrupted due to one of the previous mentioned reasons. Then, there are some approaches
to overcome the issue in case of a connection loss. The easiest solution is to have a small
memory/storage at the wearable device, where the data recordings are stored to the point
where the communication is re-established. The communication protocol has to periodically
check if the connection can be resumed and will try to re-transmit lost or not yet transmitted
data packages.The data stream from depth sensors might be disrupted if a visual blockage
occurs, this is also the case with camera sensors. In those scenarios, it makes sense to have
visual algorithms in place which continue to work even if the sight is blocked.
7.2. Safety Systems
The desire for better and faster production as our use-case scenario with Wacker
Neuson has created an industrial environment where people and machines collaborate
without separation in the same physical space, e.g., a cognitive assembly line. As a result
of this configuration, the safety of people and the equipment emerged as major concerns
for engineers in human–robot collaborative work settings. In order to fully implement
safety, the system needs to be monitored and, when necessary, there must be an override
function for the control commands to ensure safe operation. A safety-related system thus
implements the required safety functions by detecting hazardous conditions and bringing
the operation to a safe state, by ensuring that the desired action takes place.
Consequently, future safety systems should adapt to, or ideally anticipate, the dynamics in order to guarantee safety properties at all times [106]. Predictive Fail-safe is the ability
of a system to adapt its fail-safe measures to new configurations and situations that arise
dynamically in smart factory environments with the goal of self-protection and its working
environment, including human workers. Overall, safety in the future assembly line can be
categorized into two groups.
7.2.1. Safety of the Machines and Workers
The system safety for dealing with failures is termed functional safety. The functional
safety denotes that the system is free of machine-related failures. Safety-certified components should be used in such a manner that they are capable of detecting anomalies and can
adequately reach a safe-state in case of internal and external failures. Integrated safety measures such as over/under-temperature and over/under-voltage monitoring [107], memory
protections [108], code, timing consistency checks, and many more are ensuring reliability,
credibility, and availability of the safety PLC.
Safety in the system also means that the system is fault tolerant via redundancy in the
system. The most common redundant architectures are shown in Figure 11. In the context
of sensors, therefore, denotes having multiple sensors that measure the same physical
phenomenon and thus deciding which of the values, if any, is valid. Moreover, future
production lines will rely to a great extent on the data provided by sensors. This implies
that sensory systems need to be reliable since they are the main source of information for
process control and safety functions.
Basic information on worker movement and behavior could be demanded via the IMU
sensors in order to optimize the safety functions of the system. Localization in the current
use-case is more dynamic and sophisticated. The head worn camera with visual processing
will be used to detect the position and the gestures of the workers. It is also important
to mention that the health status (e.g., heart rate, blood pressure, breathing, etc.) of the
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workers should play an important role in the future smart factories. These data will indicate
the conditions of the workers and show how much stress they are experiencing. Human
factors play a huge role in workplace safety, with fatigue and stress readily contributing
to the number of accidents. With proper analysis of the health data, this number can
be minimized.

Figure 11. Different safety architectures describing the redundancy in a system.

7.2.2. Dynamic Future
As mentioned above, a highly dynamic movement is expected in our use-case assembly
line, in addition to stationary machines and robots. Thus, intensive movement of robots
or cobots will create safety risks in the physical, cognitive and social realm. Therefore, all
moving parts should be able to reason and must be able to make workers feel safe. If they
are to achieve this, these machines (e.g., robots or cobots) must demonstrate perception
of objects versus humans, ability to predict collisions, behaviour adaptability, sufficient
memory to facilitate machine learning, and decision-making autonomy [109]. Along with
a statically detection systems, to track all further movements in the environment, future
systems will require additional localization that should be able to detect movements in realtime. The localization system should prevent collision between AVGs and workers, while
additionally initiating a safe-state of the machine in the event of a safety violation. These
systems must be reliable as most of the decisions will be made based on the information that
they provide [110]. Further localization systems research in the direction of safety, energy
efficiency, and development cost is in progress. Localization can be implemented with
different technologies including camera vision, wireless, or Bluetooth technology [111].
8. Conclusions and Outlook
This paper explains the various facets in an assembly line. All of these aspects and the
sub-technologies involved must be considered in detail in the course of building a cognitive
assembly line.
This paper divides the tendons of assembly line into four main sections, as shown in
Figure 1. Three sensory devices have been used where the sensor data are retrieved, i.e.,
perception and awareness. They are:
•
•
•

IMU sensor;
Depth sensor;
Head worn camera.

The recognition of activities, especially the patterns in screwing, are perceived via
the sensory devices. Depth sensors also track the movement of workers in simulated heat
patterns in such a manner that the issues related to privacy. The screwing patterns and the
related modelling is performed under the umbrella of ‘understanding and modelling’ as
seen in Figure 4.
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Furthermore, an independent model of reasoning and decision-making is established
to include the concepts of predictive algorithms in making the right decisions for the
assembly line and workers. The monitoring approach shown in this paper depicts a novel
approach in assembly monitoring in a complex assembly line of Wacker Neuson which
also has a very high variety of products. Finally, the decisions or directions or notifications
to the workers are sent via autonomous acting actuators. A personal actuator, i.e., smart
watch, is used to transfer important one-to-one information, whereas a public actuator is
used for station-wise transfer of information. Static screens are used as public actuators as
they have high reliability on the shopfloor level [15]. The overall loop is controlled via IoT
messaging broker system which captivates all the transfer of information and data.
The generated data from the sensors are analysed sequentially as seen in Figure 6.
When analysed, inter-dependencies that could enhance the process can be derived. The
process of data contextualization adds meaning to the extracted data. Raw data are a
concealed source of valuable information that can be extracted using a semantic driven
approach. Visual analytics offer an alternative to view the inter-dependencies and various
plots. The screwing patterns are drawn using visualization approaches as seen in Figure 8.
With the help of these techniques, several insights can be investigated and looked upon at
the shop floor level as visual analytics make the underlying machine learning models visible.
Strategies involving predictive maintenance (PdM) techniques ensure that the product
operates in an ideal condition by avoiding unexpected breakdowns. PdM methodologies
can be implemented in an EoL testing stations which thoroughly analyze and certify the
product. However, much research must be yet conducted in the direction towards faster
PdM techniques.
The overall performance of the detection of activities is detected via the accuracy score.
Two different kinds of considerations have been done—baseline and optimized. Baseline
refers to the model which has been pre-trained and fine-tuned, whereas, in an optimized
model, all parameters have been trained from scratch and fine-tuned. We see that the
model that has been optimized and shows better accuracy of more than 91.4%. [78]. As
shown in Table 1, two main deep learning network topologies are used: Inception-V3 and
the VGG-19. These two are chosen as they have a comparatively high accuracy rate [112].
Table 1. Accuracy comparison of the detection of activities.

Network Name

Accuracy

Baseline Inception v3
Baseline Inception v3 + RNN(LSTM)
Optimized Inception v3
Optimized Inception v3 + RNN(LSTM)
Baseline VGG19
Baseline VGG19 + RNN(LSTM)
Optimize VGG19
Optimize VGG19 + RNN(LSTM)

66.88%
88.96%
78.6%
91.40%
74.62%
79.57%
81.32%
83.69%

Communication and safety systems play a crucial role for the ideal functioning of an
assembly line at the shop floor level. These systems can be designed via the CAD model in a
CST Studio Suite for simulation. The use-case assembly line utilizes Bluetooth Low Energy
devices for communication as they are cheaper and operate with low energy consumption.
Meshed topology architecture is utilized as communication structures for the assembly line
as it fits well in a labour intensive assembly process. The authors explain predictive fail-safe
methodology in which the system has the capability of adapting to new configurations in
the assembly lines. Moreover, the system must also be fault-tolerant, which is achieved
by using a redundant system. Finally, localization techniques are known as the dynamic
future of safety systems on the shop floor. These types of localization techniques can be
implemented with the help of camera vision, wireless, or Bluetooth technology.
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9. Further Research
Advanced data analytics tools, such as machine learning or artificial intelligence, has
the potential for greatly increasing the safety of systems. The question arises here, however,
of whether artificial intelligence can be developed to such an extent that it will be capable
to fully take over such responsible tasks as safety for both the workers and the machines?
AI is already the subject of extensive discussion in research circles where it is already in use
for safety purposes [113]. On the industrial front, however, there is at present only a partial
integration and acceptance of AI in the safety context. The contribution of AI and ML to
the safety is mostly focused at the present time on fault detection algorithms [114,115].
Further research must also be performed in the direction of implementing sensorfusion technology for communication systems and thereby implementing it in an assembly
line. The research must also be focused on deeper PdM techniques as well as causal discovery with reference to cognitive assembly lines. Future work in each aspect has also been
outlined briefly in respective sections. Thus, this paper can be denoted as a well developed road-map in addressing the future production challenges. The methodologies are
summarized as an enhanced human–machine interaction, an evolution from industry 4.0.
Perception and awareness sensors can also be further expanded to include several
other sensory input devices. However, the disparities in communication must be kept
in mind, as an increase in the number of cognitive devices will require an even stronger
communication network. Further research must also include sustainable processes in
assembly and production [116] addressing the ever increasing sustainable development
goals and also the requirements of climate neutrality. These issues are also the subject of
ongoing research at Pro2Future, with the focus on attaining cognition in production via
sustainable methods.
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