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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. 
Peer-review under responsibility of the scientific committee of the 28th CIRP Design Conference 2018. 
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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 

In recent years, machine learning algorithms have made a huge development in performance and applicability in industry and especially 
maintenance. Their application enables predictive maintenance and thus offers significant efficiency increases. However, a successful 
implementation of such solutions still requires high effort in data preparation to obtain the right information, interdisciplinarity in teams as well 
as a good communication to employees. Here, small and medium sized enterprises (SME) often lack in experience, competence and capacity. 
This paper presents a systematic and practice-oriented method for an implementation of machine learning solutions for predictive maintenance 
in SME, which has already been validated. 
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1. Introduction  

Today, many companies see Artificial Intelligence (AI), and 
there in particular the field of Machine Learning (ML) as an 
important strategic component with which they want to achieve 
competitive advantages [1–3]. With these technologies there is 
a large potential of ML techniques in manufacturing 
applications [4]. Especially methods used for predictive 
maintenance, which allow the reduction of unforeseen failures 
and improve the availability of machines and equipment, offer 
large opportunities for process optimization also in small and 
medium sized enterprises (SME). However, in order to fully 
exploit this potential of AI, a clear and company-wide strategy 
is required, even if the planned application only covers certain 
areas of use such as maintenance. Ideally, such an AI strategy 
covers all areas reaching from the company’s computing center 
down to the IT based systems on the production shop floor. 
Experience shows that SMEs in particular find it very difficult 
to develop and implement such strategy processes. This is 

especially the case in connection with the introduction of new 
technologies such as AI or rather ML.  

General domain agnostic process models already are 
developed for data mining projects in companies such as 
CRISP-DM [5] or ASUM [6,7]. These do not address all areas 
of great importance for manufacturing SMEs to a sufficient 
extent, in particular as they focus on business and technical 
aspects and general data mining projects [6,8,9]. 
Organizational aspects and the required staff development are 
hardly considered. Especially the latter is of particular 
importance for SMEs, as they usually do not have the necessary 
prior knowledge and related competences in the field of AI and 
ML under consideration [10,11]. Therefore, there is a 
substantial need for utilizing knowledge and experiences from 
outside the company. This can comprise the acquisition of 
consulting services as well as the selection and purchasing of 
adequate software tools [10]. Based on experiences of 
industrial projects in SME, applications there require a more 
specific guide or process model containing also 
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infrastructures. It comprises the definition of the business case, 
the selection of the implementation approach and ML 
infrastructure as well as the role assignment of the project team.  

3.1.1. Maintenance ML use case 
The starting point is the problem analysis and definition of 

objectives, in order to describe the maintenance ML use case.  
ML should not be introduced because it is currently a trend 

technology with a high potential. Therefore, the first step is to 
define strategic goals for maintenance improvement that can 
only be reached with data mining and ML techniques 
economically. Strategic goals are independent from the 
technology, examples are to improve the availability or 
technical processes for a better quality in parallel with a 
reduction of maintenance cost. At the end clear and measurable 
goals have to be defined. Typically, possible machines and 
components either frequently fail unplanned and have high 
failure cost or are installed several times in the identical setup 
and thus offer a scaling effect. Then, it has to be checked if ML 
techniques are the most economical way to reach the defined 
maintenance goals on the selected machines and components. 
Methods for that are an extended root cause analysis and the 
determination of failure cost [16]. Based on experiences from 
previous industrial projects, it is recommended to begin with a 
smaller pilot project. In this way a SME can approach the topic 
iteratively with a reduced risk. Also, at the beginning of this 
phase the focus is less on the economic benefit than on the goal 
of quickly making progress and thus gaining experience and 
knowledge for scaling the developed solution on other 
components or machines and future larger projects. Even after 
the first pilot project, it is recommended to start with simple, 
minimally invasive projects with a short amortization time and 
clear measurable benefits. In order to get clear requirements, an 
extensive dialogue with the affected departments and 
employees such as the production planning, maintenance or 
logistics is indispensable. Here, a standardized procedure for 
description of the maintenance ML use case is recommended 
such as user stories, which is worked out in interdisciplinary 
workshops. At this point a training in AI and ML technologies 
comprising the definition, possibilities, benefits, risks and 

limits for all affected employees is recommended. Some 
employees, e.g. workers in the manufacturing, perceive AI 
application as a threat. This must be countered by an open and 
transparent information policy. The purpose here is that all 
stakeholders have a common understanding and ideas of AI and 
ML technologies. Also, this simplifies the discussion on the 
potential use cases. A typical ML use case description template 
contains the use case title, the problem to be solved, the desired 
state, the benefits and key performance indicators (KPI) as well 
as the ideas of the applied technology solution. The decision 
made here can have an immense influence on the further 
progress of the ML development in the company. Here, the 
wrong choice of initial applications increases the risk of early 
failure, provoking "scorched” earth for further AI and ML 
projects, making it difficult to obtain approval for further 
projects using this technology and drastically reducing the 
enthusiasm or willingness of the workforce. 

3.1.2. Machine learning solution approach  
After the definition of the maintenance ML use case, a 

suitable project approach has to be selected, depending in the 
form external partners are involved. For ML projects the 
following cases are suitable:  
• application of external consultants and experts, 
• cooperative projects with external service providers, 
• body leasing of AI experts, 
• cooperation with universities and research organizations  
• application of plug and play ML systems including 

hardware and software as well as    
• development of internal competencies. 

The most popular approaches are the development of 
internal competencies as well as the use of external consultants 
and experts. Often a dual-skill strategy is pursued in 
combination, whereby skills are developed and expanded 
within the SME and professional support is obtained from 
external sources. In the long term however, it is more efficient 
to manage such projects purely internally and thus to secure a 
competitive advantage in accordance with the first mover 
principle. The choice of the project approach and, if applicable, 
the partner determines the degree of internal or external 
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recommendations regarding the organization, the required 
competencies and their development, the investment and 
operational cost as well as the data privacy issues. Another 
identified requirement from literature [10–12] as well as own 
experiences was the high demand for AI solutions in the 
improvement of maintenance and technical processes. Here, 
approaches based on statistical analysis and ML are important 
categories to predict machine and component deterioration and 
remaining useful lifetime. Especially the setup of ML projects 
and models is a challenging task for SME, which have mostly 
only a small budget and staff capacities. Therefore, this paper 
develops a holistic and generally valid process model for the 
development of ML solutions in maintenance especially 
focused on SME. Firstly, the evaluation of the previous related 
work shows some gaps, which were not sufficiently addressed 
so far in research. This work shows the most important fields 
of action from which specific ML projects can be derived. A 
process model is subsequently developed, especially taking 
into the account the requirements of SMEs. After the 
presentation of the process model, the validation is carried out 
on the basis of a real use case for ML-based maintenance of a 
medical technology company. It shows that the integration of 
ML into maintenance activities can offer an improved 
forecasting view. 

2. Related Work 

For the development of the method for the standardized 
introduction and value-added use of ML projects, a literature 
research was carried out, as well as different solutions of 
numerous consulting providers in the market were examined. 
[13] and [14] provide a broad overview of data mining process 
models. Considering the relevance, SME focus and 
applicability the following models have been selected and will 
be presented briefly.  

CRISP-DM (Cross-Industry Standard Process for Data 
Mining), a general process model that has been developed and 
tested for a long time, is used to examine historical data stocks. 
CRISP-DM splits the data mining process into six main phases: 
business understanding, data understanding, data preparation, 
modeling, evaluation, deployment. [5] In the last few years the 
ASUM (Analytics Solutions Unified Method for Data 
Mining/Predictive Analytics) model has been developed by 
IBM. The ASUM model consists of five phases: analyze, 
design, configure and build, deploy, operate and optimize. The 
phases are controlled by a project management team. [7,9] 
Whereas CRISP-DM as well as ASUM are domain agnostic, 
the Data Mining Methodology for Engineering Applications 
(DMME) propose an enhanced CRISP-DM in order to address 
better the specifics of data analytics projects in a manufacturing 
environment. [8] The authors of [14] developed a conceptual 
framework for introducing big data analytics into 
manufacturing systems. The proposed framework addresses 
not only technical aspects but also required knowledge and 
competences in the different phases of a data analytics project. 
[14] The VDI guideline 3633 also provides a general process 
model for simulation models in materials handling, logistics 
and production, which also be applied for ML projects in 
production. It defines on a detailed level the phases of a typical 

simulation project from the simulation task definition and 
system analysis, data collection, model formalisation and 
implementation and the experiments. [15] Also, a market 
research offers various solutions from a cooperative 
development up to a complete plug and play solution or the 
simulation software only. In most cases of the existing 
approaches no difference was made according to the size of the 
company.  

Most approaches were mainly developed by specialized data 
scientists of big companies und give clear guidance for the 
technical aspects of such a project. However, SMEs are 
typically in a completely different situation. They lack a clear 
digitalization strategy as well as skills and competencies of 
their employees in AI and have access to only very limited 
monetary resources for such projects [11]. The much more 
critical component for a sustainable implementation within 
SMEs, the consideration of affected employees and their 
qualification, as well as the organizational integration of such 
projects in companies are not taken into focus in existing 
frameworks. Therefore, an extended process model is required 
for project management in SMEs.  

3. Concept 

Addressing the identified requirements of SME and to 
overcome the drawbacks of other methods this chapter gives an 
overview of the proposed method for implementation of ML 
solutions in maintenance. The developed method consists of 
four main phases, each containing several steps. Here, the 
modelling of the main phases orientates on the typical big 
management decision milestones of such a project. It is 
enhanced on a process level and with two further components 
addressing the organisational aspects (Fig.1). The ML team 
serves the central control and coordination of the individual 
process steps as well as a competence centre for bundling and 
transfer of once acquired knowledge to the entire company. It 
is an interdisciplinary team consisting of employees from 
different fields of competence. The second important 
component is the qualification of employees, which also 
accompanies all four phases. A ML project is only successful, 
if affected employees recognize the objectives, reasons and 
advantages of the ML project. Moreover, all affected 
employees have to be given a basic understanding and specific 
training of AI with a focus on ML and the potential advantages 
in order to enable communication and discussion between the 
ML team and employees. In the end, it is the employee who 
decides whether an ML project is successful or not. In this work 
the general framework for implementing an ML application is 
exemplarily introduced and illustrated using a use case in 
predictive maintenance. But the framework is not restricted to 
the application in this particular field, it can rather be applied 
in a general way in many different use cases, such as quality 
impacting processes. The orientation should be fundamentally 
defined in the AI strategy. 

3.1. Preparation phase  

The intention of the preparation phase is to define the ML 
project and clarify the organization as well as the technical 
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modelling of the main phases orientates on the typical big 
management decision milestones of such a project. It is 
enhanced on a process level and with two further components 
addressing the organisational aspects (Fig.1). The ML team 
serves the central control and coordination of the individual 
process steps as well as a competence centre for bundling and 
transfer of once acquired knowledge to the entire company. It 
is an interdisciplinary team consisting of employees from 
different fields of competence. The second important 
component is the qualification of employees, which also 
accompanies all four phases. A ML project is only successful, 
if affected employees recognize the objectives, reasons and 
advantages of the ML project. Moreover, all affected 
employees have to be given a basic understanding and specific 
training of AI with a focus on ML and the potential advantages 
in order to enable communication and discussion between the 
ML team and employees. In the end, it is the employee who 
decides whether an ML project is successful or not. In this work 
the general framework for implementing an ML application is 
exemplarily introduced and illustrated using a use case in 
predictive maintenance. But the framework is not restricted to 
the application in this particular field, it can rather be applied 
in a general way in many different use cases, such as quality 
impacting processes. The orientation should be fundamentally 
defined in the AI strategy. 

3.1. Preparation phase  

The intention of the preparation phase is to define the ML 
project and clarify the organization as well as the technical 
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integrating new or additional sensors is required and triggered. 
Here, often minimal invasive sensor solutions are preferred in 
order to keep existing machine and process certifications.   

3.2.2. Data preparation 
Once the required data is collected and stored, it must be 

checked whether this data needs to be prepared, also known as 
data cleaning. This means that they are put into a form that can 
be used as a basis for data analysis, since the raw data are often 
not available in the correct format or have outliers. This is 
usually due to transmission or formatting errors that lead to 
incorrect, inconsistent, redundant or false data. Also, the test 
data set is split into training data and test data. 

3.2.3. Selection and building of the maintenance ML model 
After preparing the test dataset, the appropriate ML 

algorithm has to be selected and then the model has to be built. 
ML algorithms can be distinguished in reinforcement learning, 
supervised, unsupervised and deep learning algorithms [4]. 
Therefore, several algorithms and model parameters have to be 
tested in order to find the best matching algorithms. Here, a 
strong collaboration between the domain experts and data 
scientists is required, to evaluate the results and switch if 
required to another class of algorithms, e.g. based on regression 
or hidden-Markov models.  
Major Problems with ML algorithms are that they require large 
data sets to create valid results. Approaches to reduce this 
problem is to create larger data set for example synthetic 
enriched data sets and co training [17]. Newer approaches using 
physics models to generate on less data more realistic values 
[18,19]. 

3.2.4. Evaluation of the model 
After building the ML model, the evaluation step checks 

whether it meets the objective of the maintenance ML use case 
defined at the beginning. The ML model built is tested for its 
accuracy by applying to the unknown part of the test data set. 
Here the learned output is compared with the actual output. If 
the accuracy of the algorithm is not sufficient, model or data 
adjustments have to be made. It is difficult to quantify a 
sufficient accuracy, since this depends on the ML algorithms 
used. In unsupervised learning this evaluation is not possible, 
therefore, it is difficult to evaluate the quality of the model. A 
possible and at the same time risky way to do this is to integrate 
the model in the real environment and wait and see what results 
it delivers. Therefore, unsupervised algorithms are often used 
primarily for data exploration in order to gain a better insight 
and build up supervised models with detailed information 
content. 

3.3. Implementation phase 

Once a stable and reliable ML model exists for the maintenance 
ML use case, it must be embedded in the factory environment 
and put into operation. On the one hand, the model is applied 
to live data in order to detect deteriorations in the condition or 
to predict failures in near real time. How the integration 
designed here depends on the chosen solution approach and the 
associated ML infrastructure. On the other hand, this analysis 

only generates added value when the information obtained is 
visualized or reported. Accordingly, software and end devices 
must be introduced that are easy to understand, user-friendly 
and mobile. Additional stress factors, be they visual by flashing 
or acoustic by loud alarm messages, have to be avoided. This 
aspect must be aligned with employee needs, since the full 
potential of ML systems is only activated when they are used 
correctly by employees. In the long term, they will only accept 
innovations if they are integrated into the planning and 
recognize a clear added value for their work. A first pilot 
project should be implemented up to this phase to test the 
integration possibilities and to receive direct feedback from the 
employees before a further rollout. 

3.4. Monitoring phase 

Periodic checks of the ML model are required in order to 
adjust and for extensions or refinements. Here, a differentiation 
is to be made on the basis of the training phase. If the training 
phase is limited in time to the model structure, additional 
offline training is periodically required to extend or refine the 
model. This training method is used much more frequently 
because it is easier to monitor. Alternatively, there are models 
whose training phase does not have a defined end and therefore 
develops continuously. Consequently, the model also learns 
during the analysis of the live data and adapts accordingly, 
whereby an overfitting could result. The check then serves to 
compare the model with the defined KPI. 

4. Validation 

The developed process model for the introduction of ML 
projects in maintenance has been tested successfully at a mid-
sized medical device company. The company was at the 
beginning of the application of ML methods so that the 
experience level was low. A common understanding of the 
implementation method as well as the introduction of a ML 
application within the maintenance framework of the company 
could be achieved. For this purpose, a ML demonstrator was 
set up for a clear demonstration of the ML model, which was 
defined in such a general way that it is also applicable to other 
SMEs, as the requirements are comparable. Here, the focus of 
the presented approach is on the overall implementation 
process of a ML solution so that the ML model is only 
described briefly. The ML demonstrator focused to a failure 
prediction of a rotating drive unit based on electrical current 
data. As no previous experiences exist in ML in the company 
widely used unsupervised learning algorithms for data 
exploration have been used for the ML model. Based on the 
results more detailed prediction models using supervised 
learning methods are in development. A big advantage for the 
development of the ML demonstrator was an already existing 
reliable source of electronically stored real-time data of this 
particular machine. Since no further data from other sources 
were needed in this case, the demonstrator could be developed 
rather quickly. Particularly outstanding in the developed model 
are the data-independent components: the preparation phase at 
the beginning of the process and the employee support by the 
local innovation team in parallel. All employees at the site were 
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involvement, the distribution of roles in the ML project team 
itself and the scope of services.  

3.1.3. ML Infrastructure 
Depending on the selected project approach the type of ML 

infrastructure is influenced. It can be distinguished between the 
following three basic types:  
• on premise solution with complete local IT hardware and 

software,  
• cloud based solution or 
• hybrid solution with varying part of local and cloud-based 

IT hardware and software. 
The decision should be made in congruence the company-

wide IT strategy. Further aspects that have to be considered in 
this context are the investment and operating cost, IT security 
and data privacy of the solution as well as the required 
competencies for development, implementation and operation. 
Often companies start ML projects with an on-premise 
solution, as critical data are kept in the private local 
environment. Changing from a local solution to cloud services 
is usually not a problem. A widely used tool for this purpose is 
the cost benefit analysis including pairwise comparison.  

3.1.4. Role assignment 
After the maintenance ML use case has been defined and the 

choice of a ML project approach and, if necessary, partners has 
been made, the employees required for the implementation of 
the project have to be selected. Maintenance ML projects 
should not be prematurely only assigned to the IT department, 
but should also be positioned in the business departments. The 
following five typical roles can be distinguished: 
• The domain experts know the business process of the use 

case, are based in the specialist department, define the 
requirements for the ML project and are responsible for 
adjustments to the system if necessary.  

• The data domain experts know what data is collected, 
where it is stored and enable access to further data 
sources.  

• The data scientists are IT experts and statisticians with 
ML expertise. They are responsible for model design and 
data analysis.  

• The software engineers are responsible for integrating the 
solution into the existing IT environment, to enable the 
productive use. 

• The project manager is responsible for the coordination of 
the project and members included.  

The involvement of technical experts from the domain is just 
as important as that of ML experts, who know how to deal with 
data. Which role is to be filled internally or externally by whom 
depends on the chosen solution approach and use case. The 
workforce of SMEs often shows deficits when it comes to 
sufficient resources of data scientist, as well as data domain 
experts and software engineers. Therefore, they have to 
integrate external experts, which leaves them in the unpleasant 
situation of disclosing their sensitive data. That’s why a 
carefully considered decision is essential. 

 In addition to these roles, other bodies such as the workers 
council should also be involved. A stakeholder analysis carried 

out in advance is helpful to maintain an overview of the many 
different parties involved. 

3.2. Design phase 

The design phase follows mainly standard processes for 
simulation projects [15], firstly the available data is sifted and 
further data recorded and processed. Then the ML model is 
built and evaluated. This takes up most of the time during the 
implementation of ML projects. This is to be understood as a 
major challenge for SMEs, which is also strongly related to 
employee qualification. Often such companies do not know 
how to start. Therefore, trained employees are needed in this 
area. Furthermore, in these cases there is usually no perfect 
starting point where the required data is already available 
online. 

3.2.1. Checking data availability 
Following the preparation phase, it must be checked which 

data is required for the design of the ML model.  
This includes 
• the definition of the first data set required in terms of 

measurands (AS-SHOULD-BE), 
• checking available data in terms of measurands, 

frequency, resolution and reliability (AS-IS), 
• the comparison the two data sets and derivation which 

required data have to be collected additionally in terms 
of measurands, frequency, resolution and reliability and  

• the derivation of required sensors and data collection 
systems.  

Most important step here is the first assessment if these data 
are suitable in terms of consistency, frequency and resolution. 
This technical question can be answered primarily by the 
domain experts, i.e. the maintenance staff and machine 
operators. Typical relevant measured variables in production 
include machines and components parameters such as 
vibration, temperature and acoustics, but also process 
parameters and the maintenance history. 

Based on these findings, the data domain experts must 
clarify whether this data is already being collected, transmitted 
and stored in sufficient quantity and quality. The data quality 
depends on the consistency as well as on the sampling 
frequency. This determines the resilience and performance of 
the ML model to be developed in order to obtain reliable 
statements later on. Suitable communication channels must be 
used or set up for transmission. The storage and provision of 
the data should take place in a central IT system and not in a 
disorderly manner in different databases. The form of this 
central IT system depends on the chosen solution approach and 
the associated ML infrastructure. Increasingly, IoT platforms 
are being used on whose level not only the storage of data but 
also its analysis is possible. If the access to this data is not yet 
available, the required data sources must be tapped. Depending 
on the age and condition of the machines or components, there 
are different possibilities. In some cases, it is possible to work 
with already existing signals from the machines or larger 
distributed control systems by means of interfaces or existing 
sensor technology. Often however, the machines are not 
capable of this due to their age so a retrofitting project 
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integrating new or additional sensors is required and triggered. 
Here, often minimal invasive sensor solutions are preferred in 
order to keep existing machine and process certifications.   

3.2.2. Data preparation 
Once the required data is collected and stored, it must be 

checked whether this data needs to be prepared, also known as 
data cleaning. This means that they are put into a form that can 
be used as a basis for data analysis, since the raw data are often 
not available in the correct format or have outliers. This is 
usually due to transmission or formatting errors that lead to 
incorrect, inconsistent, redundant or false data. Also, the test 
data set is split into training data and test data. 

3.2.3. Selection and building of the maintenance ML model 
After preparing the test dataset, the appropriate ML 

algorithm has to be selected and then the model has to be built. 
ML algorithms can be distinguished in reinforcement learning, 
supervised, unsupervised and deep learning algorithms [4]. 
Therefore, several algorithms and model parameters have to be 
tested in order to find the best matching algorithms. Here, a 
strong collaboration between the domain experts and data 
scientists is required, to evaluate the results and switch if 
required to another class of algorithms, e.g. based on regression 
or hidden-Markov models.  
Major Problems with ML algorithms are that they require large 
data sets to create valid results. Approaches to reduce this 
problem is to create larger data set for example synthetic 
enriched data sets and co training [17]. Newer approaches using 
physics models to generate on less data more realistic values 
[18,19]. 

3.2.4. Evaluation of the model 
After building the ML model, the evaluation step checks 

whether it meets the objective of the maintenance ML use case 
defined at the beginning. The ML model built is tested for its 
accuracy by applying to the unknown part of the test data set. 
Here the learned output is compared with the actual output. If 
the accuracy of the algorithm is not sufficient, model or data 
adjustments have to be made. It is difficult to quantify a 
sufficient accuracy, since this depends on the ML algorithms 
used. In unsupervised learning this evaluation is not possible, 
therefore, it is difficult to evaluate the quality of the model. A 
possible and at the same time risky way to do this is to integrate 
the model in the real environment and wait and see what results 
it delivers. Therefore, unsupervised algorithms are often used 
primarily for data exploration in order to gain a better insight 
and build up supervised models with detailed information 
content. 

3.3. Implementation phase 

Once a stable and reliable ML model exists for the maintenance 
ML use case, it must be embedded in the factory environment 
and put into operation. On the one hand, the model is applied 
to live data in order to detect deteriorations in the condition or 
to predict failures in near real time. How the integration 
designed here depends on the chosen solution approach and the 
associated ML infrastructure. On the other hand, this analysis 

only generates added value when the information obtained is 
visualized or reported. Accordingly, software and end devices 
must be introduced that are easy to understand, user-friendly 
and mobile. Additional stress factors, be they visual by flashing 
or acoustic by loud alarm messages, have to be avoided. This 
aspect must be aligned with employee needs, since the full 
potential of ML systems is only activated when they are used 
correctly by employees. In the long term, they will only accept 
innovations if they are integrated into the planning and 
recognize a clear added value for their work. A first pilot 
project should be implemented up to this phase to test the 
integration possibilities and to receive direct feedback from the 
employees before a further rollout. 

3.4. Monitoring phase 

Periodic checks of the ML model are required in order to 
adjust and for extensions or refinements. Here, a differentiation 
is to be made on the basis of the training phase. If the training 
phase is limited in time to the model structure, additional 
offline training is periodically required to extend or refine the 
model. This training method is used much more frequently 
because it is easier to monitor. Alternatively, there are models 
whose training phase does not have a defined end and therefore 
develops continuously. Consequently, the model also learns 
during the analysis of the live data and adapts accordingly, 
whereby an overfitting could result. The check then serves to 
compare the model with the defined KPI. 

4. Validation 

The developed process model for the introduction of ML 
projects in maintenance has been tested successfully at a mid-
sized medical device company. The company was at the 
beginning of the application of ML methods so that the 
experience level was low. A common understanding of the 
implementation method as well as the introduction of a ML 
application within the maintenance framework of the company 
could be achieved. For this purpose, a ML demonstrator was 
set up for a clear demonstration of the ML model, which was 
defined in such a general way that it is also applicable to other 
SMEs, as the requirements are comparable. Here, the focus of 
the presented approach is on the overall implementation 
process of a ML solution so that the ML model is only 
described briefly. The ML demonstrator focused to a failure 
prediction of a rotating drive unit based on electrical current 
data. As no previous experiences exist in ML in the company 
widely used unsupervised learning algorithms for data 
exploration have been used for the ML model. Based on the 
results more detailed prediction models using supervised 
learning methods are in development. A big advantage for the 
development of the ML demonstrator was an already existing 
reliable source of electronically stored real-time data of this 
particular machine. Since no further data from other sources 
were needed in this case, the demonstrator could be developed 
rather quickly. Particularly outstanding in the developed model 
are the data-independent components: the preparation phase at 
the beginning of the process and the employee support by the 
local innovation team in parallel. All employees at the site were 
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involvement, the distribution of roles in the ML project team 
itself and the scope of services.  

3.1.3. ML Infrastructure 
Depending on the selected project approach the type of ML 

infrastructure is influenced. It can be distinguished between the 
following three basic types:  
• on premise solution with complete local IT hardware and 

software,  
• cloud based solution or 
• hybrid solution with varying part of local and cloud-based 

IT hardware and software. 
The decision should be made in congruence the company-

wide IT strategy. Further aspects that have to be considered in 
this context are the investment and operating cost, IT security 
and data privacy of the solution as well as the required 
competencies for development, implementation and operation. 
Often companies start ML projects with an on-premise 
solution, as critical data are kept in the private local 
environment. Changing from a local solution to cloud services 
is usually not a problem. A widely used tool for this purpose is 
the cost benefit analysis including pairwise comparison.  

3.1.4. Role assignment 
After the maintenance ML use case has been defined and the 

choice of a ML project approach and, if necessary, partners has 
been made, the employees required for the implementation of 
the project have to be selected. Maintenance ML projects 
should not be prematurely only assigned to the IT department, 
but should also be positioned in the business departments. The 
following five typical roles can be distinguished: 
• The domain experts know the business process of the use 

case, are based in the specialist department, define the 
requirements for the ML project and are responsible for 
adjustments to the system if necessary.  

• The data domain experts know what data is collected, 
where it is stored and enable access to further data 
sources.  

• The data scientists are IT experts and statisticians with 
ML expertise. They are responsible for model design and 
data analysis.  

• The software engineers are responsible for integrating the 
solution into the existing IT environment, to enable the 
productive use. 

• The project manager is responsible for the coordination of 
the project and members included.  

The involvement of technical experts from the domain is just 
as important as that of ML experts, who know how to deal with 
data. Which role is to be filled internally or externally by whom 
depends on the chosen solution approach and use case. The 
workforce of SMEs often shows deficits when it comes to 
sufficient resources of data scientist, as well as data domain 
experts and software engineers. Therefore, they have to 
integrate external experts, which leaves them in the unpleasant 
situation of disclosing their sensitive data. That’s why a 
carefully considered decision is essential. 

 In addition to these roles, other bodies such as the workers 
council should also be involved. A stakeholder analysis carried 

out in advance is helpful to maintain an overview of the many 
different parties involved. 

3.2. Design phase 

The design phase follows mainly standard processes for 
simulation projects [15], firstly the available data is sifted and 
further data recorded and processed. Then the ML model is 
built and evaluated. This takes up most of the time during the 
implementation of ML projects. This is to be understood as a 
major challenge for SMEs, which is also strongly related to 
employee qualification. Often such companies do not know 
how to start. Therefore, trained employees are needed in this 
area. Furthermore, in these cases there is usually no perfect 
starting point where the required data is already available 
online. 

3.2.1. Checking data availability 
Following the preparation phase, it must be checked which 

data is required for the design of the ML model.  
This includes 
• the definition of the first data set required in terms of 

measurands (AS-SHOULD-BE), 
• checking available data in terms of measurands, 

frequency, resolution and reliability (AS-IS), 
• the comparison the two data sets and derivation which 

required data have to be collected additionally in terms 
of measurands, frequency, resolution and reliability and  

• the derivation of required sensors and data collection 
systems.  

Most important step here is the first assessment if these data 
are suitable in terms of consistency, frequency and resolution. 
This technical question can be answered primarily by the 
domain experts, i.e. the maintenance staff and machine 
operators. Typical relevant measured variables in production 
include machines and components parameters such as 
vibration, temperature and acoustics, but also process 
parameters and the maintenance history. 

Based on these findings, the data domain experts must 
clarify whether this data is already being collected, transmitted 
and stored in sufficient quantity and quality. The data quality 
depends on the consistency as well as on the sampling 
frequency. This determines the resilience and performance of 
the ML model to be developed in order to obtain reliable 
statements later on. Suitable communication channels must be 
used or set up for transmission. The storage and provision of 
the data should take place in a central IT system and not in a 
disorderly manner in different databases. The form of this 
central IT system depends on the chosen solution approach and 
the associated ML infrastructure. Increasingly, IoT platforms 
are being used on whose level not only the storage of data but 
also its analysis is possible. If the access to this data is not yet 
available, the required data sources must be tapped. Depending 
on the age and condition of the machines or components, there 
are different possibilities. In some cases, it is possible to work 
with already existing signals from the machines or larger 
distributed control systems by means of interfaces or existing 
sensor technology. Often however, the machines are not 
capable of this due to their age so a retrofitting project 
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given the opportunity to receive further training in digitization 
and to learn about current topics on site. The employees 
affected by the ML project were specially picked up. The 
success of the project depends on the coordination and 
exchange of information between the domain experts, who 
know the assets, and the data scientists, who know where what 
kind of data is stored and how to work with it. The ML model 
was applied in the reference company in maintenance, as it is 
one of the biggest levers for cost reduction within the fully 
automated production lines, which offers a huge amount of 
machine data or even the possibility to make the data 
accessible. Even unplanned downtimes of individual plant 
components can cause complete production downtimes and 
correspondingly high losses. The economic added value of the 
business case, which relates to the units of rotating drives that 
are very often installed in the production, can thus be easily 
calculated. Furthermore, the transferability to another site with 
rotating drives has been tested too. 

Through this work, the awareness of employees in the 
production and the maintenance department was positively 
developed. Ideas for further applications of ML methods for 
predictive maintenance were created by the workers. Thus, the 
implementation method proposed increased the motivation of 
the workers towards this new technology.  

5. Conclusions 

This paper presents a systematic and pragmatic method for 
implementation of machine learning solutions for predictive 
maintenance in SME. It comprises the whole process from the 
initial idea, the organizational and technical setting of the 
project as well as the design, implementation and monitoring 
of the ML solution. Using structured phases enriched with 
recommendations it is suitable for SME with little or no AI or 
ML competencies. The developed method has been tested and 
validated in a medical technology company. The validation 
showed that the mainly the capabilities of SME regarding 
competencies in data science and ML methods currently 
restrict possible applications to simple use cases. Thus, 
especially for SME the access to external ML experts from 
consulting companies or software vendors build an important 
success factor when starting the first piloting projects. This 
enables a step-by-step transformation process for a dual skill 
strategy for the internal competence development, which is 
essential for a sustainable and irreversible introduction of ML 
as a strategic component for the future development of a 
company. Many service providers having long experience with 
ML application, e.g. in the field of predictive maintenance, are 
available on the market and can assist with the introduction of 
this technology. Nevertheless, companies are well-advised to 
not completely rely on this external support. Otherwise the full 
potential of ML technology cannot be achieved for the 
company.  
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