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1. Introduction

Predictive maintenance has gained increasing importance in 
recent years due to several factors. Firstly, the availability of 
vast amounts of data has made it possible to monitor equipment 
and identify potential failures before they occur. This shift from 
reactive to proactive maintenance allows companies to 
minimize downtime, optimize maintenance schedules, and 
reduce costs [1]. Secondly, predictive maintenance enables a 
more efficient use of components and resources. By predicting 
when a machine or component is likely to fail, companies can 
plan maintenance activities accordingly, ensuring that 
maintenance is performed only when required. This reduces the 

risk of unnecessary maintenance and extends the lifespan of 
equipment, leading to cost savings. Furthermore, predictive 
maintenance helps to minimize unexpected production stops. 
By detecting and addressing potential issues before they cause 
a breakdown, companies can avoid unplanned downtime and 
maintain a smooth production flow. This improves overall 
productivity and – from the view of an OEM – customer 
satisfaction [2]. However, developing predictive maintenance 
solutions can be challenging. It requires collaboration among 
various disciplines such as engineering, production, data 
scientists, product development, maintenance, and software
engineers. Each discipline has its own perspective and 
requirements, making it difficult to align everyone’s goals and 
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Deterioration modeling plays a pivotal role in various industries, enabling predictive maintenance strategies and cost-effective resource allocation. 
Furthermore, with an escalating influx of data across multiple domains, opportunities for predictive analysis continue to expand. The development 
of wear models becomes a more and more complex process especially when acquiring and handling large amounts of customer data of different 
products and stakeholders since additional topics such as data privacy have to be included. Therefore, the development process causes high efforts 
in time, capacity and coordination between the different disciplines such as domain experts, data scientists and IT-administration. This paper 
presents a reference model for predictive maintenance model development. Based on adopted best practice approaches from the industrial 
production context, the reference model is structured around the four phases of the CRISP-DM model. Altogether it encompasses 48 defined 
steps. Covering the whole life cycle, beginning with component identification, use case description and culminating in model deployment and 
maintenance, each step is meticulously crafted to ensure quality and speed up the predictive maintenance model development. By adhering to 
this systematic approach, wear models for components can be developed with confidence, with lower effort and costs and mitigating uncertainties. 
The reference model is validated in the automotive industry since there already exist large amounts of fleet data of different products and customer.
By providing a reliable and systematic approach to predictive maintenance model development, this reference model empowers stakeholders to 
optimize maintenance schedules, reduce downtime, and enhance overall operational efficiency.
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expectations [3]. Moreover, there is often a lack of experience 
within a single company when it comes to developing
predictive maintenance solutions. This lack of experience can 
lead to inefficiencies, delays, and suboptimal solutions. 
Companies may struggle to navigate the complexities of 
implementing predictive maintenance and may face difficulties 
in integrating various technologies and systems [4]. Also, often 
during development of predictive maintenance solutions same 
or similar components are developed once again, instead to use
and adapt existing ones [5]. To summarize, in the development 
processes of predictive maintenance solutions there are still 
improvement potentials. To address these challenges, a 
reference model is essential. A reference model provides a 
standardized framework and guidelines for developing
predictive maintenance solutions. It helps align different 
disciplines, streamlines the development process, and ensures 
that key considerations are not overlooked. By following a 
reference model, companies can benefit from the collective 
knowledge and best practices of the industry, accelerating the 
development and implementation of predictive maintenance 
solutions.

2. Related work 

The CRISP-DM (Cross-Industry Standard Process for Data 
Mining) model [6], the ASUM-DM (Analytics Solutions 
Unified Method for Data Mining/Predictive Analytics) model 
[7,8] and Team Data Science Process (TDSP) [9,10] are 
domain-agnostic, proven process models. CRISP-DM divides 
the data mining process into the business understanding, data 
understanding, data preparation, modelling, evaluation, 
deployment phases [6]. Developed more than 20 years ago, it 
is still often in use in data mining projects. The ASUM model, 
developed by IBM several years ago, consists of the phases 
analyse, design, configure and build, deploy, operate and 
optimize [7,8]. The TSDP model, developed by Microsoft, 
comprises the phases business understanding, data acquisition 
and understanding, modelling and deployment [9–11]. In 
contrast to CRISP-DM, ASUM and TDSP already contain 
information related to the project organization and 
management. In order to better meet specific requirements of 
domains, several specific models have been developed. 
Examples for the engineering and manufacturing area are the 
Data Mining Methodology for Engineering Applications 
(DMME) [12] proposing an enhanced CRISP-DM or the 
methods of Kozjek, et al. [13]. The proposed framework of 
Kozjek, et al. includes technical aspects and required 
knowledge and competences in the different phases of a data 
analytics project [13]. The model of Welte et al. focus in the 
process model on applicability in SME [14]. For simulation 
models in material handling, logistics and production, the VDI 
guideline 3633 specifies a general process model at a detailed 
level [15]. The guideline distinguishes the phases of a typical 
simulation project into the simulation task definition, system 
analysis, data collection, model formalisation and 
implementation and the experiments [15]. Grambau et al. [16]
proposes a reference architecture for predictive maintenance 
product service systems. 

3. The reference model for predictive maintenance model 
development

The reference model for predictive maintenance (PredM) 
model development consists of two sub models: the 
architectural model and the function and process model. 
Moreover, in contrast to other models, also a standardized use 
case description is included. The use case description presented 
in [17] accompanies predictive maintenance model over the 
whole life cycle. This enables a much easier reuse and adaption 
of components in other models. The architectural model 
contains the different required functional blocks and data 
storages and the relations. The process model describes the
required steps for the whole development and operation 
process of a predictive maintenance model. 

3.1. Architectural model

The architecture model (Fig.1) developed includes a 
description of how and with the help of which systems the data 
that can be used to develop and implement a predictive 
maintenance model can be collected and processed. Starting 
with data acquisition on the asset, through data pre-processing, 
the use of a central data warehouse and development 
environments, to the use of the models for prediction. The 
architecture model contains both the data flows and event 
occurrences with which various systems are either 
synchronised or trigger events in other systems. The underlying 
processes are mapped in the respective process models and are 
based on the architecture shown here. In order to make the 
architecture model clearer, it has been divided into five areas, 
each of which is connected to each other via data flows or event 
occurrences. The five areas are: Data Collection, Data 
Management, Predictive Maintenance Development 
Environment, Quality and Visualisation and, as a final area, 
Model Execution. In addition, the areas of data collection and 
part of data management are subdivided into "test asset" and 
"fleet asset", as the possible data flow for these two options 
differs. In the model, the corresponding systems are highlighted 
in colour. The five areas are briefly presented in the following 
sections. 

3.1.1. Data collection
Selected sensor values are recorded in the fleet asset using 

the existing sensors and the control unit already installed in the 
asset and transmitted to the data management system. In test 
assets, there is also the option of installing additional sensors 
that can also be analysed. This additional sensor data must be 
synchronised with the on-board sensors to enable joint data 
processing. The additional recorded values can be pre-
processed and visualised in the asset before the data is
transmitted to the data management system.

3.1.2. Data management
The recorded data is pre-processed and, if it comes from 

customer assets, pseudonymised. At this point, e.g., limit values 
for event detection from modelling can be specified. The data 
recorded in this way and any labelled data are transferred to 
different databases after pre-processing. A database for the test 
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data and the operational data of the assets (test assets and fleet
assets) is divided into sensor values from the assets and 
management data that has already been pre-processed in the 
assets (e.g. error coding). This subdivision into different 
databases is justified both technically and, in part, historically. 
The data and information collected in this way is transferred to 
a common central data warehouse, which is classically divided 
into three levels: Raw, Stage and Access. At the raw level, the 
raw data is collected in a simplified manner and then cleansed 
and linked at the stage level. The access level is generally used 
to make the data available to other functions.

3.1.3. Predictive maintenance development environment
The raw data is first prepared in the development 

environment. Either raw data from the data warehouse is used, 
enriched and fed back, or rules are defined for handling the raw 
data, which are then implemented in other systems. The data 
from the access area of the data warehouse is used to refine the 
machine learning models and carry out model development. 
Both the rule creation and the handling of the raw data, as well 
as the model development, are typically supervised by a 
development management team.

3.1.4. Quality and monitoring
These functions are based on the central data warehouse and 

make it possible to visualise the data and check the quality. For 
this purpose, the functions have interfaces to all levels of the 
warehouse in order to check the raw data, the processed data 
and the results. Not only the data, but also the model results are 
checked and evaluated.

3.1.5. Predictive maintenance model execution
The model execution utilises the predictive maintenance 

models developed and either in the cloud or directly in the 

assets. To do this, the respective environment must first be set 
up accordingly. If necessary, the results of the model execution 
are also transferred back to the data warehouse to enable further 
developments.

3.2. Process model

As for the architecture model, an idealised predictive 
maintenance model development was first run through with all 
stakeholders for the process model. Using the CRIP-DM 
process as a template, the development was divided into four 
phases (development and validation phases are merged). Here, 
too, care was taken to ensure that the processes described in the 
reference model are generally valid in order to describe the 
implementation for predictive maintenance modelling in 
general. Stakeholder specific processes were either included in 
generalisations or incorporated into the processes using an 
"OR" relationship. For the phases: Business Understanding, 
Data Preparation, Modelling and Evaluation and Deployment 
phases each have their own process diagram, most of which can 
be displayed as a self-contained process. There are only a few 
connections between the phases in the process, which are 
clearly labelled as such. The Business Process Modelling 
Notation (BPMN) was chosen for the visualisation and the 
preferred direction is from top to bottom. Possible loops are 
included and can be recognised by the corresponding arrows. 
The process starts in an empty circle at the top and runs 
according to the arrows via "X (OR)" or "Cross (AND)" 
connections to the end of the process, the empty circle at the 
bottom. Dashed arrows describe information that is required for 
the respective process step. The model for the first phase 
“Business Understanding” is already published in [17]. It 
consists of first analysing the asset’s components and 
evaluating for which component a predictive maintenance 

Fig. 1. Architectural model to develop a predictive maintenance model
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model is needed. Once the relevant components have been 
identified, the next step is to discuss the objectives of the wear 
and the prediction model, as well as the technical and 
organizational skills required to implement the predictive 
maintenance model. The expected algorithms that might be 
used for the model and the data likely to be required are also 
identified in this phase. All the information collected this way 
is entered into a standardized overview, which is updated 
throughout the process. The first process step presented in this 
paper, “Data Preparation”, begins by reading this use case 
description in order to provide all participants with the required 
information. [17]

3.2.1. Data Preparation
At the beginning of the next phase, data preparation and data 

pre-processing (Fig. 2), the use case description is used as a 
basis. In addition to the system to be analysed, this also 
describes the objectives and gives all participants an overview 
of what data needs to be collected and how it should be 
prepared. If further data needs to be collected for the 
implementation of the use case, it is first checked whether other 
data sources need to be integrated in addition to the control 
units in the assets. If this is not the case, a distinction is made 
as to whether the data is from series or fleet assets, as data from 
series assets must first be pseudonymised. Once all data 
sources have been recorded, it is necessary to check whether 
the data still needs to be processed. This is usually the case 
unless the data has already been prepared for a previous 
analysis. The processed data is then evaluated by technical 
experts before it is stored in the central data warehouse. Once 
the various data sources are all stored in the data warehouse, 
they are synchronised and checked for their overall quality and 
data distribution. If the data quality does not meet expectations, 
the data acquisition process steps must be repeated. If the 
quality is sufficient, the synchronised data is filtered over time 
in order to extract the relevant data sections. These are checked 
again for correctness and data quality in order to obtain the 
complete and cleansed data set. The final process stage in the 
data pre-processing area deals with data labelling. For this, the 
special places within the data set must be recognised and 
marked as such. If this is not possible, the process steps for data 
collection must be run through again. The process ends with a 
complete and cleaned data set with labelled events on the basis 
of which a predictive maintenance model can be created with 
the help of machine learning.

3.2.2. Modelling and Evaluation
At the beginning of the modelling and evaluation phase (Fig. 

3), the use case description is also used first to give everyone 
involved an overview of the system, the objectives and the 
work done so far for the use case. Once everyone involved has 
been informed, the cleansed and labelled data set is divided into 
training and validation data. If a suitable model for data 
processing and prediction already exists, the training data can 
be used directly to train the existing model. If no model is yet 
known that can be used for the predictive maintenance 
approach, a model must first be developed. To do this, different 
approaches and algorithms for creating a model are tested using 
part of the training data set. The results of the different 

Fig. 2. Process of data preparation to develop a PredM model
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approaches are evaluated on the basis of previously defined 
criteria in order to decide whether one of the existing
approaches is good enough for the model development or 
whether a new approach or algorithm needs to be developed.
The resulting model, either based on existing approaches or on 
a new development, must then be trained with the complete 
training data set. At this point, the processes merge again. 
Known models, known approaches or even completely new 
algorithms are trained on the basis of the entire training data 
set. The trained models are validated using the previously 

separated validation data and evaluated by experts. If the model 
results are found to be good, the use case description is updated,
and the model can be used. If the results do not meet 
expectations, other approaches or algorithms for modelling 
must be tested.

3.2.3. Deployment
The distribution and application of predictive maintenance 

models differs directly in the first step between a centralised, 
cloud-based application and that in the individual assets (Fig. 
4). In both cases, the models must first be loaded into the 
application environment and configured for the specific model, 
but the implementation differs greatly between a centralised
and many local installations. Once the model is installed in the 
respective runtime environment and it is configured, the model 
is executed. Based on the model and the objectives defined in 
the Business Understanding process section, the model results 
are generated and made available. This can also include the 
import of model results back into the central data warehouse, 
which can then be used to adjust future model parameters. In 
any case, model execution and model behaviour are monitored 
during the application. 

4. Validation of the Reference Model

In a collaborative research project, several companies with 
different areas of expertise came together to develop and 

Fig. 3. Process of modelling and evaluation to develop a PredM model Fig. 4. Process of deployment to develop a PredM model
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validate this reference model for developing predictive 
maintenance models. Throughout the project, experts from four 
companies and one research institute used and evaluated the 
reference model at different stages and with different use cases. 
By using the reference model to develop unique components 
and individual goals for the specific use cases, the developed 
reference model was carefully tested to understand if it could 
handle this wide range of applications and accommodate 
different developer perspectives. For validation, participants 
were surveyed about their experience working with the 
reference model compared to working without the model, and 
about the overall effectiveness of the reference model. The 
results of the survey show that the practical implementation of 
the reference model demonstrated its ability to increase
development speed and streamline communication and 
coordination efforts. The use of the reference model greatly 
improved collaboration between individual companies and 
developers by establishing clear guidelines and defining 
expected outcomes for each work step. This facilitated 
smoother coordination between steps and highlighted areas 
where similar processes and applications could be leveraged 
across different use cases. As a result, previous work could 
often be reused, resulting in more efficient workflows. These 
findings underscore the significant benefits that the use of the 
reference model can bring, fostering improved outcomes both 
at the intercompany level and within individual organizations.

5. Conclusion

The presented reference model for the development of 
predictive maintenance models comprises four phases. The 
first phase, Business Understanding, has been described in a 
previous publication [17]. Building on that, this paper presents 
the overall (software-) architecture model and the processes in 
the Data Preparation, Modelling and Evaluation, and 
Deployment phases. The advantages of using this reference 
model were shown in a validation process involving different 
stakeholder and various components for which predictive 
maintenance models were developed. Adherence to this 
reference model during the development of predictive 
maintenance models can reduce processing time and effort, as 
well as communication and coordination overhead. In addition, 
the standardised approach allows certain processing steps to be 
reused across different models, thereby reducing redundant 
work. The validation with different components has also shown 
that the process in the Deployment phase is highly component-
and use-case specific, making it difficult for the reference 
model to provide detailed predefined steps. This highlights the 
need for further research to better standardise this phase. There 
is also a need for research to extend the application of the 
reference model to other industries. While the reference model 
was developed for predictive maintenance models in the 
automotive context, it can be applied to other industries. 
However, it is necessary to investigate whether the model, 
individual processes or the involvement of other stakeholders 
are required in such cases.
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