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Abstract 

In today’s business environment, the trend towards more product variety and customization is unbroken. Due to this development, the need of 
agile and reconfigurable production systems emerged to cope with various products and product families. To design and optimize production
systems as well as to choose the optimal product matches, product analysis methods are needed. Indeed, most of the known methods aim to 
analyze a product or one product family on the physical level. Different product families, however, may differ largely in terms of the number and 
nature of components. This fact impedes an efficient comparison and choice of appropriate product family combinations for the production
system. A new methodology is proposed to analyze existing products in view of their functional and physical architecture. The aim is to cluster
these products in new assembly oriented product families for the optimization of existing assembly lines and the creation of future reconfigurable 
assembly systems. Based on Datum Flow Chain, the physical structure of the products is analyzed. Functional subassemblies are identified, and 
a functional analysis is performed. Moreover, a hybrid functional and physical architecture graph (HyFPAG) is the output which depicts the 
similarity between product families by providing design support to both, production system planners and product designers. An illustrative
example of a nail-clipper is used to explain the proposed methodology. An industrial case study on two product families of steering columns of 
thyssenkrupp Presta France is then carried out to give a first industrial evaluation of the proposed approach. 
© 2017 The Authors. Published by Elsevier B.V. 
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1. Introduction 

Due to the fast development in the domain of 
communication and an ongoing trend of digitization and
digitalization, manufacturing enterprises are facing important
challenges in today’s market environments: a continuing
tendency towards reduction of product development times and
shortened product lifecycles. In addition, there is an increasing
demand of customization, being at the same time in a global 
competition with competitors all over the world. This trend, 
which is inducing the development from macro to micro 
markets, results in diminished lot sizes due to augmenting
product varieties (high-volume to low-volume production) [1]. 
To cope with this augmenting variety as well as to be able to
identify possible optimization potentials in the existing
production system, it is important to have a precise knowledge

of the product range and characteristics manufactured and/or 
assembled in this system. In this context, the main challenge in
modelling and analysis is now not only to cope with single 
products, a limited product range or existing product families,
but also to be able to analyze and to compare products to define
new product families. It can be observed that classical existing
product families are regrouped in function of clients or features.
However, assembly oriented product families are hardly to find. 

On the product family level, products differ mainly in two
main characteristics: (i) the number of components and (ii) the
type of components (e.g. mechanical, electrical, electronical). 

Classical methodologies considering mainly single products 
or solitary, already existing product families analyze the
product structure on a physical level (components level) which 
causes difficulties regarding an efficient definition and
comparison of different product families. Addressing this 
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Abstract 

The increasing gap in shopfloor operators’ skillset regarding advanced information and communication technologies along with 
workforce’s diversity require a cognitive system bridging such technical gaps in order to address evolving production demands 
and satisfy the human need for self-fulfillment and self-actualization at work. This study discusses on a two-level collaborative 
filtering approach to improve the distribution of information content provided to an operator for completing a manufacturing 
activity while considering his or her feedback. A prototype implementation is evaluated in a case study related to the operator’s 
job rotation on a shopfloor that involves multiple workstations and tasks. 
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1. Introduction 

Manufacturing systems need to constantly evolve to better 
adapt to changing market’s demands and competitiveness. In 
order to keep pace, technological advances are increasingly 
incorporated in production systems to support increased levels 
of flexibility while preserving low production costs. As a result 
of such technological interventions, conventional production 
systems are gradually transforming into cyber-physical 
production systems [1]. 

The emerging digital transformation that is reshaping 
production systems will have a significant impact to the 
working force that will need to be prepared, trained and 
empowered to cope with the changes and adapt to novel 
working places [2]. 

The human capital, however, is often considered by firms as 
a fixed cost that must be dealt with and flexibility can be 
achieved only in financial terms, meaning creating or cutting 

positions. On the other hand, automation can significantly 
reduce operating costs, endure without the need for rest or 
compensation. A key difference is caused by the need for 
increased flexibility and adaptability. Human operators do 
possess a cognitive learning mechanism. This is not the case 
with automation systems, yet. In this context, the human factor 
remains of major importance for a production system, 
regardless of the penetration of information and 
communication technologies (ICT) [3]. 

Considering the human workforce, it is believed that if 
properly managed and trained under commonly beneficial 
terms, an evolving human capital could pave the way for a new 
transformation. In a manufacturing shop floor, context-aware 
intelligent service systems can be used to provide information 
services to shop floor personnel, according to their situation 
[4]. Concerning the aforementioned, and to the fact that each 
operator may have different learning capabilities and 
characteristics, this study discusses on a recommendation 

 

Available online at www.sciencedirect.com 

ScienceDirect 
Procedia CIRP 00 (2019) 000–000 

  
     www.elsevier.com/locate/procedia 
   

 

 

2212-8271 © 2019 The Authors. Published by Elsevier B.V. 
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/) 
Peer-review under responsibility of the scientific committee of the 53rd CIRP Conference on Manufacturing Systems 

53rd CIRP Conference on Manufacturing Systems 

A machine learning approach for improved shop-floor operator support 
using a two-level collaborative filtering and gamification features 

 Nikolaos Nikolakisa, George Siaterlisa, Kosmas Alexopoulosa,* 
aLaboratory for Manufacturing Systems and Automation, Department of Mechanical Engineering and Aeronautics, University of Patras, Patras 26504, Greece 

 

* Corresponding author. Tel.: +30-261-091-0160; fax: +30-261-099-7314. E-mail address: alexokos@lms.mech.upatras.gr 

Abstract 

The increasing gap in shopfloor operators’ skillset regarding advanced information and communication technologies along with 
workforce’s diversity require a cognitive system bridging such technical gaps in order to address evolving production demands 
and satisfy the human need for self-fulfillment and self-actualization at work. This study discusses on a two-level collaborative 
filtering approach to improve the distribution of information content provided to an operator for completing a manufacturing 
activity while considering his or her feedback. A prototype implementation is evaluated in a case study related to the operator’s 
job rotation on a shopfloor that involves multiple workstations and tasks. 
 
© 2019 The Authors. Published by Elsevier B.V. 
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/) 
Peer-review under responsibility of the scientific committee of the 53rd CIRP Conference on Manufacturing Systems 

Keywords: Artificial Intelligence; Operator support; Cyber-physical production system; Gamification; Production 

 
1. Introduction 

Manufacturing systems need to constantly evolve to better 
adapt to changing market’s demands and competitiveness. In 
order to keep pace, technological advances are increasingly 
incorporated in production systems to support increased levels 
of flexibility while preserving low production costs. As a result 
of such technological interventions, conventional production 
systems are gradually transforming into cyber-physical 
production systems [1]. 

The emerging digital transformation that is reshaping 
production systems will have a significant impact to the 
working force that will need to be prepared, trained and 
empowered to cope with the changes and adapt to novel 
working places [2]. 

The human capital, however, is often considered by firms as 
a fixed cost that must be dealt with and flexibility can be 
achieved only in financial terms, meaning creating or cutting 

positions. On the other hand, automation can significantly 
reduce operating costs, endure without the need for rest or 
compensation. A key difference is caused by the need for 
increased flexibility and adaptability. Human operators do 
possess a cognitive learning mechanism. This is not the case 
with automation systems, yet. In this context, the human factor 
remains of major importance for a production system, 
regardless of the penetration of information and 
communication technologies (ICT) [3]. 

Considering the human workforce, it is believed that if 
properly managed and trained under commonly beneficial 
terms, an evolving human capital could pave the way for a new 
transformation. In a manufacturing shop floor, context-aware 
intelligent service systems can be used to provide information 
services to shop floor personnel, according to their situation 
[4]. Concerning the aforementioned, and to the fact that each 
operator may have different learning capabilities and 
characteristics, this study discusses on a recommendation 



456	 Nikolaos Nikolakis  et al. / Procedia CIRP 93 (2020) 455–460
 Author name / Procedia CIRP 00 (2019) 000–000  3 

changes may be a result of personal characteristics, i.e. 
language, or font size, towards best addressing the operator’s 
needs and preferences. Moreover, modifications may be 
applied when the operator’s performance is less than expected 
with regards to the production targets. In such cases, the 
performance of an operator may be improved if an operator 
with a similar profile, supported with a different instruction set 
for the execution of the same task performed better, from a 
production perspective. 

Each time an operator executes a task, an instruction set is 
provided. After the execution of the task, feedback is collected 
directly by the user (comments, ratings, other), and by the 
system itself (execution time, language preference, volume, 
font size, time spent per step, etc.). Those criteria are evaluated 
by a weighted criteria method, generating for each instruction 
set a rating. The criteria weights are manually selected 
depending on whether it would be preferred to prioritize the 
user satisfaction or the production targets. As such, higher 
weights may be assigned to production-oriented criteria, such 
as execution time, or user feedback, expected to achieve higher 
user satisfaction. 

Afterwards, a collaborative filter compares the operator’s 
profile with the existing in a repository database corresponding 
to the factory or station/line operators. A supervised k-Nearest-
Neighbor (KNN) algorithm has been adopted to classify 
operator profiles to retrieve the ones with similar 
characteristics to the one under investigation. The KNN 
algorithm was selected as it is non-parametric, and training can 
be performed on the test dataset directly. The similarity of the 
available profiles’ is evaluated by calculating the Pearson 
correlation between the characteristics, such as age, body type, 
experience, skillset, etc. Thus, the output of the first step of 
collaborative filtering is a list of similar to the target operator 
profiles, meaning with similar characteristics and profile 
properties, e.g. age, nationality, skills, experience, job 
description, etc. 

Following a similar to the first step approach, a second KNN 
filter is used to identify those similar profiles that received 
similar feedback. Considering that the feedback received will 
consider more than one aspects, and a closed-loop control 
system as the one discussed in this document, will probably 
modify an instruction set in every turn, the thinking is to 
investigate whether an operator having provided similar 
feedback received an instruction set at any point, which 
outperformed the current set of the target user. The cosine 
similarity is used in the second step for measuring the cosine of 
the angle between two profiles’ feedback ratings. Instead of 
finding similar profiles at this step, the purpose is to find other 
instruction sets that operators of similar profiles rated them 
higher. In case an instruction set has received no feedback, it is 
assigned a default value of 0. 

As a final step, all instruction sets of operators of similar 
profile to the under-consideration operator, which provided at 
some point and for the same task, similar feedback, are 
compared. The instruction sets are ranked based on their rating. 
As mentioned above, the rating function is based upon a 
weighted-criteria method, consisting of the product of system-
oriented and user-oriented criteria. The criteria and at the 
moment of writing this document include the direct user 

feedback (0-100), the accuracy, understanding and 
intuitiveness of instructions and from the operator’s 
perspective. In addition, and from the system’s or production 
perspective, it includes the execution time in total for the entire 
instruction set as well as the time per instruction step, 
calculated automatically by the system. The rating value is 
normalized to values between 0 and 1. Finally, the instruction 
sets are ordered by a ranking function depending on their 
rating. 

A representation of the two-step filtering approach 
illustrating the similarity-based grouping of the profiles at each 
step is illustrated in (Fig. 2). As a first step, similar to the user 
profiles are selected while at the second step the instruction sets 
of the similar profiles that provided similar feedback are 
identified. 
 

Considering the importance of the user feedback towards a 
human-centred system capable of addressing the individual 
needs of modern shopfloor operators, the introduction of 
gamification features in the aforementioned process was 
considered. More specifically, each operator profile is 
associated with a point parameter that depends on the feedback 
provided. It should be noted that the points depend on user-
provided feedback. In turn, the points are associated with 
virtual badges and status levels, that in turn may be linked to 
benefits, such as additional break time per 100 points achieved. 

4. Implementation 

The proposed set of methods and criteria have been 
implemented into a software prototype following a client-
server architecture. The machine learning, analysis, evaluation, 
and decision-making logic resides on the backend side written 
in Java and deployed on top of a Tomcat server, version 8 as 
the existing development.  

Moreover, the existing work was extended with some 
modules written in python. In particular, the KNN modules 
were developed using the TensorFlow library and python 3.6. 
For data storage purposes a Cassandra database has been 
adopted, to facilitate future investigations on large datasets 
along with experimentation on different machine learning 
techniques. Data exchange between the backend and the 
frontend is facilitate using RESTful services. The frontend 
supports the following main functionalities: 

• User registration and authorization 

Fig. 2. Profiles filtering using the proposed 2-level KNN approach. 
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system for factory operators considering the human feedback 
in the recommendation loop. The integration and evaluation of 
the workers’ feedback are performed towards achieving 
evolvable and gradually better support in terms of the provided 
content.  

2. Literature review 

The factory of the near future could be conceived as a 
workplace of human-automation symbiosis. A place where 
human capabilities are enhanced through modern technological 
advances [5]. In addition, workers can be supported by learning 
and training approaches, as discussed in [6] where game-based 
approaches are highlighted for improving the learning curve of 
students who are being taught factory planning. Moreover, 
adaptive support is proposed in [7], where a framework for 
providing real-time decision support is presented useful in case 
of unexpected events occur and for shopfloor operators. In a 
similar approach, Nour Nassar in [8] proposes a novel multi-
criteria collaborative filtering model based on deep learning. 
Feature-based rating criteria are used as input in a deep neural 
network to provide the user with a recommendation. 

Recommendation systems have several applications in 
different domains, such as college libraries [9] or for movies 
selection out of a database [10]. In particular, recommendation 
systems can be classified into three main categories; content-
based, collaborative filtering, and hybrid with the influence of 
deep learning approaches being pervasive as discussed in [11]. 
The first step in a recommendation system and for selecting one 
piece of information out of a set is the evaluation of similarities 
between the current set of characteristics or constraints and the 
ones available in a database or over the internet. Considering 
the amount of information that a recommendation system may 
need to process to suggest a recommendation various method 
have been proposed in the literature. In [12] a deep hybrid 
collaborative filtering is presented, concerning the 
recommendation of web services. A deep neural network is 
used to characterize the complex relations between mashups 
and services. A method for improving prediction accuracy in 
recommender systems via a genetic algorithm is introduced in 
[13]. Also, a genetic algorithm is proposed in [14] for 
measuring the similarity values between users. Also, an 
Improving Memory-Based User Collaborative Filtering with 
Evolutionary Multi-Objective Optimization is discussed in 
[15]. 

However, for a system to be human-centred and 
demonstrate an adaptive behaviour to the human needs, the 
human input and its analysis remain critical. Thus, the user 
feedback collection and evaluation along with its role in 
updating the recommendation is important. In this context, [16] 
focuses on autoencoders, arguing that would improve the 
quality of the suggestions by considering also the user’s 
preferences. In [17] and [18], the feedback of the user is 
indirectly collected. The number of clicks is measured in order 
to improve the search engine’s relevance and user experience. 
An average precision criterion is proposed for inferencing and 
analysing the search goals. In addition, negative feedback is 
considered along with positive in [19]. Both types of user 
preferences are used for personalizing recommendation 
engines. However, there has been identified as a certain limit 

regarding feedback. There is a lack of motivation for the 
operators for providing quality feedback to the suggestions of 
a recommendation system. In order to address this limitation 
[20] proposes gamification features as a solution. 

Aim of this study is to extend the work presented in [21], 
with a two-level Collaborative Filtering (CF) approach. The 
first level is employed for querying and evaluating the 
similarity on existing operators’ profile, and the second level 
for retrieving instructions with similar user ratings. 
Considering the importance of human feedback for the 
proposed approach, gamification features have been integrated 
to motivate operators in providing their feedback during 
runtime. 

Finally, the proposed concept has been tested in a use case 
related to the support of a newcomer operator on a shop-floor 
with several workstations operating under job rotation 
principle. 

3. Approach 

The purpose of the proposed approach is to actively support an 
operator in runtime by selecting the “best-fit” instruction set 
considering an assigned task, a specific user profile and his/her 
execution feedback. The feedback consists of a user-specific 
evaluation, which is motivated using gamification features, and 
system feedback. It is assumed that an operator may execute an 
individual activity multiple times while job rotation is possible. 
The appropriate instruction is selected through a two-level 
collaborative filtering approach in combination with a 
weighted criteria evaluation approach. A high-level 
representation of the proposed workflow is provided in the 
following figure (Fig. 1). 
 

As discussed in [21], each operator, having a unique profile, 
can be assigned one or more tasks. A user profile consists of 
the main entity of associating information related to an 
operator, such as assigned tasks, skills, etc. Each task is 
associated with a multi-modal instruction set supporting the 
operator on how to execute it. Alternative instruction content 
may be generated by modifying its multi-model content, e.g. 
with/without audio instructions or different level of detail. Such 

Fig. 1. Concept of the proposed workflow for improving an operator’s 
instruction set based on the a) user and b) system collected feedback. 
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The appropriate instruction is selected through a two-level 
collaborative filtering approach in combination with a 
weighted criteria evaluation approach. A high-level 
representation of the proposed workflow is provided in the 
following figure (Fig. 1). 
 

As discussed in [21], each operator, having a unique profile, 
can be assigned one or more tasks. A user profile consists of 
the main entity of associating information related to an 
operator, such as assigned tasks, skills, etc. Each task is 
associated with a multi-modal instruction set supporting the 
operator on how to execute it. Alternative instruction content 
may be generated by modifying its multi-model content, e.g. 
with/without audio instructions or different level of detail. Such 

Fig. 1. Concept of the proposed workflow for improving an operator’s 
instruction set based on the a) user and b) system collected feedback. 
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Task Instruction set 1 Instruction set 2 Instruction set 3 

Task 3 0.62 (11.6)   

6. Discussion 

According to the existing ratings and by evaluating the 
characteristics of the target user as well as considering a 
production wise configured ranking function, the target user is 
allocated the instruction set number 2 when first executing the 
Task 1. The assignment can be considered as sensible since it 
received the highest ranking by the most experienced 
participant with similar profile to the target user. Moreover, the 
feedback acquired can be considered as a subjective metric 
while the completion time measured by the system is rather 
objective by comparison. Hence, towards providing content 
that would increase the production efficiency of the shopfloor 
operators it should be granted a higher weighting value in a 
system like the proposed one. 

Regarding the results presented above, it should be noted 
that the reason for selecting the instruction set 1 for the target 
user in Task 3 is not clear and further investigation is required. 
It is assumed that it is caused by the ranking function due to the 
allocated weights. 

7. Conclusion 

Recommendation systems are widely used in commercial 
applications such as search engines and social media. As such 
this study aims to investigate the potential contribution of such 
applications in the context of the human-centred cyber-physical 
production systems. 

Therefore, this study discusses on a two-level collaborative 
filter to enable a recommendation system dynamically adapting 
to the feedback collected by shopfloor operators and system 
measurements. It is designed to support two operational 
models, one towards training the operator and the second 
towards reducing the production-wise metrics, such as the 
completion time of a task. A ranking function is in charge of 
directing the recommendations towards the selected 
operational mode. 

A prototype system was implemented and tested in a use 
case about the job rotation in a manufacturing system, 
demonstrating the potential for future investigation and 
experimentation. The current work demonstrates that a 
machine learning approach such as the KNN can be used for a 
recommendation system in manufacturing shop-floor and 
potentially the cascade connection of multiple KNNs or a 
similar recommendation or filtering components may support 
more complex filtering of the results addressing different rapid 
changing requirements. It should be noted that the KNN 
algorithm adopted in this study facilitated multiple objectives 
to be used to filtering the potential outputs. 

Next steps will include a larger dataset, experimentation in 
a laboratory environment as well as the extension of the system 
with an avatar and the introduction and comparison of the 
cascade KNN functionality with other machine learning 
techniques. 
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• Task assignment to the user and instruction delivery via a 
browser and over the internet 

• Feedback provision and integration of gamification 
features 

• User profile review including ratings, badges earned, and 
overall standing in comparison to other users. 

The frontend has been implemented using the React.js library 
as in the previous work [21], while for the gamification features 
the nodebb-plugin-ns-points library has been employed, 
supporting a rating bar from 0 to 100 and a 5-star voting option 
(Fig. 3). 
 

5. Case study 

In order to evaluate the potential of the proposed concept, the 
implemented prototype was tested in a case study related to the 
job rotation on a shop floor. The scenario involves the 
following: 

• one target user with no previous feedback provided 
• 10 operators that have provided previously ratings over the 

instruction sets. 
• 3 discrete workstations where one task can be executed by a 

single operator. 
• 3 screwing tasks with little variation, of approx. 10minutes 

each. 
• Each screwing task includes 3 alternative instruction sets, 

with content variations. Instruction set 1 includes mainly 
textual instructions. Instruction set 2 includes mostly video 
and/or audio, while instruction set 3 is a mix. 

• For each operator, a value for her or his feedback is assumed 
for each instruction set and each task.  Moreover, execution 
time for each user and task based on a given instruction set 
is provided. 

• The first step for providing the target user with an improved 
instruction set based on his characteristics was to compare 
his profile to the existing 10 ones. Thus, only the first level 
of the recommendation system could be used. As a result, 
and with an average process time of 6 seconds, 4 profiles 
out of 10 were selected as similar to the target user. The 
similarity criteria were their age, studies and professional 
experience. 

The ratings of the 4 operators, with different knowledge on how 
to perform the task are provided in the following table (Table 
1), with user 3 corresponding to an experienced operator, users 
7 and 10 to average knowledge over the process and 8 to a 
beginner having performed the tasks for the first time, similar 
to the target user.  

The rating, or else the score, of each instruction set is 
provided outside the brackets while the execution time for the 
task is provided within the brackets. As expected, user 3 which 
corresponds to an experienced operator, which in practice is a 
student with certain background knowledge on how to execute 
the activity, achieved the lowest execution time and in most of 
the samples. 

Table 1. Rating (0 to 1) of alternative instruction sets based on feedback col-
lected and completion time per user in minutes inside the brackets. 

Task Users Instruction set 
1 

Instruction set 
2 

Instruction set 
3 

Ta
sk

 1
 

User3 0.45 (8.4) 0.82 (8.1) 0.31 (8.5) 

User7 0.64 (10.1) 0.65 (10.6) 0.16 (10.3) 

User8 0.72 (10.2) 0.54 (11.7) 0.69 (11.3) 

User10 0.57 (9.8) 0.59 (9.4) 0.38 (10.2) 

Ta
sk

 2
 

User3 0.62 (8.9) 0.72 (9.1) 0.91 (9.5) 

User7 0.67 (9.9) 0.69 (9.8) 0.86 (11.3) 

User8 0.32 (10.6) 0.71 (10.5) 0.72 (10.9) 

User10 0.87 (10.1) 0.82 (9.9) 0.69 (8.9) 

Ta
sk

 3
 

User3 0.65 (9.8) 0.42 (9.1) 0.90 (9.5) 

User7 0.72 (11.0) 0.62 (9.8) 0.77 (11.0) 

User8 0.23 (9.9) 0.48 (10.3) 0.46 (10.3) 

User10 0.91 (10.1) 0.62 (11.2) 0.31 (10.7) 

 
According to the existing ratings and by evaluating the 
characteristics of the target user as well as considering a 
production-wise configured ranking function, the target user is 
allocated the instruction set number 2 when first executing the 
Task 1. The assignment is considered as sensible since it 
received the highest ranking by the most experienced 
participant with a similar profile to the target user. Moreover, 
the feedback acquired can be considered as a subjective metric 
while the completion time measured by the system is rather 
objective by comparison. Hence, towards providing content 
that would increase the production efficiency of the shopfloor 
operators it should be granted a higher weighting value in a 
system like the proposed one. 

After the implementation of the first task, the target user 
provides feedback to the system and continues with the next 
task following a similar approach until his feedback is collected 
for all tasks. During the implementation of each task, the 
completion time is measured by the system automatically as 
well as the feedback is evaluated towards awarding points and 
badges to a user, as part of the gamification features, as 
presented in the following table (Table 2). 

Table 2. Target user's feedback rating per assigned instruction set and task 

Task Instruction set 1 Instruction set 2 Instruction set 3 

Task 1  0.79 (10.7)  

Task 2   0.75 (11.1) 

Fig. 3. User feedback interface. 
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Task Instruction set 1 Instruction set 2 Instruction set 3 

Task 3 0.62 (11.6)   

6. Discussion 

According to the existing ratings and by evaluating the 
characteristics of the target user as well as considering a 
production wise configured ranking function, the target user is 
allocated the instruction set number 2 when first executing the 
Task 1. The assignment can be considered as sensible since it 
received the highest ranking by the most experienced 
participant with similar profile to the target user. Moreover, the 
feedback acquired can be considered as a subjective metric 
while the completion time measured by the system is rather 
objective by comparison. Hence, towards providing content 
that would increase the production efficiency of the shopfloor 
operators it should be granted a higher weighting value in a 
system like the proposed one. 

Regarding the results presented above, it should be noted 
that the reason for selecting the instruction set 1 for the target 
user in Task 3 is not clear and further investigation is required. 
It is assumed that it is caused by the ranking function due to the 
allocated weights. 

7. Conclusion 

Recommendation systems are widely used in commercial 
applications such as search engines and social media. As such 
this study aims to investigate the potential contribution of such 
applications in the context of the human-centred cyber-physical 
production systems. 

Therefore, this study discusses on a two-level collaborative 
filter to enable a recommendation system dynamically adapting 
to the feedback collected by shopfloor operators and system 
measurements. It is designed to support two operational 
models, one towards training the operator and the second 
towards reducing the production-wise metrics, such as the 
completion time of a task. A ranking function is in charge of 
directing the recommendations towards the selected 
operational mode. 

A prototype system was implemented and tested in a use 
case about the job rotation in a manufacturing system, 
demonstrating the potential for future investigation and 
experimentation. The current work demonstrates that a 
machine learning approach such as the KNN can be used for a 
recommendation system in manufacturing shop-floor and 
potentially the cascade connection of multiple KNNs or a 
similar recommendation or filtering components may support 
more complex filtering of the results addressing different rapid 
changing requirements. It should be noted that the KNN 
algorithm adopted in this study facilitated multiple objectives 
to be used to filtering the potential outputs. 

Next steps will include a larger dataset, experimentation in 
a laboratory environment as well as the extension of the system 
with an avatar and the introduction and comparison of the 
cascade KNN functionality with other machine learning 
techniques. 
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• Task assignment to the user and instruction delivery via a 
browser and over the internet 

• Feedback provision and integration of gamification 
features 

• User profile review including ratings, badges earned, and 
overall standing in comparison to other users. 

The frontend has been implemented using the React.js library 
as in the previous work [21], while for the gamification features 
the nodebb-plugin-ns-points library has been employed, 
supporting a rating bar from 0 to 100 and a 5-star voting option 
(Fig. 3). 
 

5. Case study 

In order to evaluate the potential of the proposed concept, the 
implemented prototype was tested in a case study related to the 
job rotation on a shop floor. The scenario involves the 
following: 

• one target user with no previous feedback provided 
• 10 operators that have provided previously ratings over the 

instruction sets. 
• 3 discrete workstations where one task can be executed by a 

single operator. 
• 3 screwing tasks with little variation, of approx. 10minutes 

each. 
• Each screwing task includes 3 alternative instruction sets, 

with content variations. Instruction set 1 includes mainly 
textual instructions. Instruction set 2 includes mostly video 
and/or audio, while instruction set 3 is a mix. 

• For each operator, a value for her or his feedback is assumed 
for each instruction set and each task.  Moreover, execution 
time for each user and task based on a given instruction set 
is provided. 

• The first step for providing the target user with an improved 
instruction set based on his characteristics was to compare 
his profile to the existing 10 ones. Thus, only the first level 
of the recommendation system could be used. As a result, 
and with an average process time of 6 seconds, 4 profiles 
out of 10 were selected as similar to the target user. The 
similarity criteria were their age, studies and professional 
experience. 

The ratings of the 4 operators, with different knowledge on how 
to perform the task are provided in the following table (Table 
1), with user 3 corresponding to an experienced operator, users 
7 and 10 to average knowledge over the process and 8 to a 
beginner having performed the tasks for the first time, similar 
to the target user.  

The rating, or else the score, of each instruction set is 
provided outside the brackets while the execution time for the 
task is provided within the brackets. As expected, user 3 which 
corresponds to an experienced operator, which in practice is a 
student with certain background knowledge on how to execute 
the activity, achieved the lowest execution time and in most of 
the samples. 

Table 1. Rating (0 to 1) of alternative instruction sets based on feedback col-
lected and completion time per user in minutes inside the brackets. 

Task Users Instruction set 
1 

Instruction set 
2 

Instruction set 
3 

Ta
sk

 1
 

User3 0.45 (8.4) 0.82 (8.1) 0.31 (8.5) 

User7 0.64 (10.1) 0.65 (10.6) 0.16 (10.3) 

User8 0.72 (10.2) 0.54 (11.7) 0.69 (11.3) 

User10 0.57 (9.8) 0.59 (9.4) 0.38 (10.2) 

Ta
sk

 2
 

User3 0.62 (8.9) 0.72 (9.1) 0.91 (9.5) 

User7 0.67 (9.9) 0.69 (9.8) 0.86 (11.3) 

User8 0.32 (10.6) 0.71 (10.5) 0.72 (10.9) 

User10 0.87 (10.1) 0.82 (9.9) 0.69 (8.9) 

Ta
sk

 3
 

User3 0.65 (9.8) 0.42 (9.1) 0.90 (9.5) 

User7 0.72 (11.0) 0.62 (9.8) 0.77 (11.0) 

User8 0.23 (9.9) 0.48 (10.3) 0.46 (10.3) 

User10 0.91 (10.1) 0.62 (11.2) 0.31 (10.7) 

 
According to the existing ratings and by evaluating the 
characteristics of the target user as well as considering a 
production-wise configured ranking function, the target user is 
allocated the instruction set number 2 when first executing the 
Task 1. The assignment is considered as sensible since it 
received the highest ranking by the most experienced 
participant with a similar profile to the target user. Moreover, 
the feedback acquired can be considered as a subjective metric 
while the completion time measured by the system is rather 
objective by comparison. Hence, towards providing content 
that would increase the production efficiency of the shopfloor 
operators it should be granted a higher weighting value in a 
system like the proposed one. 

After the implementation of the first task, the target user 
provides feedback to the system and continues with the next 
task following a similar approach until his feedback is collected 
for all tasks. During the implementation of each task, the 
completion time is measured by the system automatically as 
well as the feedback is evaluated towards awarding points and 
badges to a user, as part of the gamification features, as 
presented in the following table (Table 2). 

Table 2. Target user's feedback rating per assigned instruction set and task 

Task Instruction set 1 Instruction set 2 Instruction set 3 

Task 1  0.79 (10.7)  

Task 2   0.75 (11.1) 

Fig. 3. User feedback interface. 
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