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Abstract: Machines become increasingly complex. At the same time, more and more sensors are 

installed and information is gathered in order to enable a close to real-time prediction of a ma-

chine's state. Companies try to implement Predictive Maintenance strategies to avoid machine 

downtimes on a large scale. For this purpose, artificial neural networks are applied more and more 

often. However, the classification of machine states with artificial neural networks is still not 

accurate enough. This is partially due to a lack of standards in data processing and in the harmoni-

zation of data from different sensor types. We aim to contribute to close these research gaps by 

developing a standard PM concept for machine and plant manufactures. 

Keywords: Predictive Maintenance, Big Data Analytics, Sensor Data Processing, Neural Net-
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1 Introduction 

Machinery is a substantial resource to most industrial manufacturing processes. Espe-

cially IT-based manufacturing strategies heavily rely on the proper functioning of the 

involved machines [Pe07]. Thus, a functional fault - in worst case scenarios a total fail-

ure - implies serious problems and causes costs to companies of all sizes and industries. 

Therefore, the provision of after-sale-services (e.g. maintenance and repair) is a core 

element of hybrid value creation business models in the engineered products industry 

[Ro07]. The goal of such services is the preservation and recovery of operations, whilst 

providing high quality in terms of time, cost and execution. Furthermore, the provision 

of maintenance services is a means to create new business opportunities and increase 

overall revenue. 

In recent years the amount and the variety of sensory technology implemented in ma-

chines has increased considerably. At the same time, a bundle of new production con-

cepts, amongst others the idea of smart factories and close machine-to-machine-

communication, have been outlined [La14]. Based on a high degree of sensor and actua-
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2    Andreas Varwig, Friedemann Kammler und Oliver Thomas  

tor integration, industrial machines should be able to recognize what they produce and 

provide individual product configurations. However, this newly available sensory infor-

mation is also suitable for machine error diagnosis and the establishment of Predictive 

Maintenance (PM) strategies, i.e. proactive maintenance service scheduling in order to 

avoid machine downtimes. Consequently, IT departments and engineers today have to 

deal with vast amounts of data, trying to produce structured error information and identi-

fying a distinct cause of malfunctioning by data analysis. One approach, which seems 

particularly promising in the field of automated sensor data processing for machine and 

part condition classification is the application of Artificial Neural Networks (ANN). 

However, some challenges remain to be resolved in order for such a process to reach 

market maturity. We address the topic of PM from an Information Systems’ perspective 

and outline a concept for the integration of machine diagnostics and maintenance ser-

vices based on ANN. 

The remainder of the paper is structured as follows: In section two, the research gap on 

ANN-based PM strategies and our research design are described. Following a brief in-

troduction to automated sensor data processing with artificial neural networks, section 

three provides a summary of ANN applications in PM scenarios. In section four, we 

describe our current state of research and a use case of an ANN-based PM strategy in a 

German machine building company. Section 5 concludes with our main findings and 

provides an outlook on our forthcoming research. 

2 Research Gap and Research Design 

The practical need for PM concepts is not new. Engineering sciences address this topic 

since the late 1950s in order to achieve optimized maintenance service cycles. [IV88] 

provide an early work on PM strategies in the field of Information Systems. Although 

PM seems to become a more and more effective concept in the improvement of service 

efficiency and service quality, until today only few actually implemented PM concepts 

are known. Especially small and medium-sized businesses consider PM still a rather 

complex mathematical construct. The perceived complexity of PM strategies is fuelled 

even further by the increased information variety and density from sensor data. Highly 

individual and sophisticated diagnostic and early warning systems are almost exclusively 

developed in large enterprises with own departments for research and development 

[FAU15]. 

In the context of PM, ANN gain more and more importance. Compared to commonly 

used statistical forecasting approaches, ANN provide a set of highly dynamic, adaptive 

and flexible algorithms and procedures. They might even be able to learn and improve 

themselves from such circumstances. Overall, the application of ANN requires rather 

few assumptions and data characteristics. They enable, for instance, to process even 

unsteadily gathered data from different sensor types at the same time and provide robust 

and highly accurate predictions of condition developments. 

1794 Andreas Varwig, Friedemann Kammler, Oliver Thomas
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Predicting machine states and required maintenance services    3 

However, a major problem and thus a central research gap in automated machine diag-

nostics is the accuracy of error identification being still too low [HB11], [HT13]. This 

means, an ANN-diagnostic system might identify an imminent failure, while the ma-

chine actually works just fine. This leads to costs due to unnecessary maintenance work 

and an unnecessary exchange of machine parts. Such false detections can have many 

causes. For example, faulty data processing during the harmonization of signals of dif-

ferent sensor types could lead to distortions. Furthermore, it is possible that multicolline-

arity, due to "wanted redundancy" of data, causes estimation errors. Wanted redundancy 

can arise, for example, by analysing the data of multiple temperature sensors that are 

located at different positions of a machine. The sensors might show the same values at 

all times, which causes the data to be fully correlated, but actually they do not provide 

the same information. Hence, such sensor information should not be removed in data 

pre-processing. 

Another research gap is the often missing link between the understanding of a machine’s 

state and the identification of the appropriate reaction to this state. Besides the analytic 

and diagnostic components in/on a machine, also the appropriate usage of the gained 

information needs to be addressed. In order to establish an effective PM strategy, it is not 

enough to detect failures or the need for maintenance. It is necessary to identify the actu-

ally needed service and to provide an IT-infrastructure to directly trigger or schedule this 

service. Consequently, the current research on PM is highly related to Decision Support 

Systems, Recommender Systems and the modular service design. In order to develop a 

robust taxonomy of machine or part conditions and a required maintenance service, 

which is as comprehensive as possible, findings from these fields of study need to be 

utilized. 

To close the outlined research gaps, we follow an approach based on Design Science 

Research. In line with the research model of [SvB12], we will divide the individual re-

search gaps into concrete and practical questions and develop prototypes to solve the 

resulting problems. This applies to possible architectures, data cores and ultimately en-

tire smart recommender systems. The practical application and use of the prototypes and 

their evaluation is also part of our research agenda. 

3 Related Works 

3.1 A Brief Introduction to Neural Networks 

The first ANNs have been developed in the 1940s. Already in 1943 McCulloch and Pitts 

describe the concept of solving analytical problems by means of networks of neurons 

[MP43]. Based on this work, [Ro58] introduced a layer architecture for such networks. 

This architecture today is referred to as the first Multi-Layer Perceptron (MLP), a net-

work of neurons that can be trained to solve complex nonlinear problems. After a short 

period of stagnation, [Ko82] presented a new type of neural network that is trained and 

Towards Integration of Machine State Prediction and Required Maintenance Services 1795
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4    Andreas Varwig, Friedemann Kammler und Oliver Thomas  

conditioned based on so-called self-organizing feature maps (SOM). These SOM net-

works were the first self-learning networks. They can be used without the initial need for 

historical data. When [RHW86] presented backpropagation, a learning and training con-

cept, which enabled to model self-improving and recurrent interrelationship detection, 

the research on ANN ultimately became revitalised again. An ANN enables to transform 

multidimensional input-information into a certain number of unambiguous output classes 

and consists of three different areas: An input layer, an output layer and n hidden layers. 

Field of Ap-

plication 

Common 

Inputs 

Common 

Outputs 
Advantages Drawbacks 

Supervised training: FFNN 

Sensor data 

classification 

without consid-

ering external 

stimuli 

Numerical 

sensor data a 

usually one 

category of 

sensors 

Identification 

of 1 machine 

state out of a 

predefined set 

of allowed 

states 

Low complexi-

ty; Fast train-

ing; Low com-

putational costs 

No identifica-

tion of new 

output classes; 

No instant 

analysis 

Supervised training: RNN 

Sensor data 

classification in 

presence of 

external stimuli 

Numerical 

sensor data 

Identification 

of 1 machine 

state out of a 

predefined set 

of allowed 

states 

Highly flexible 

interrelation-

ship modelling; 

Quick response 

to external 

stimuli 

No identifica-

tion of new 

output classes; 

No instant 

analysis 

Unsupervised training: SOM / ART 

Pattern recog-

nition and 

determination 

of different 

output classes 

Digital images, 

numerical sen-

sor data, mixed 

sensor infor-

mation and 

data formats 

Individual, free 

classification 

and forecasting 

with endoge-

nously identi-

fied outputs 

and output 

classes 

Self-learning 

algorithms 

Highly com-

plex; unknown 

accuracy 

Tab. 1: Different types of neural networks and their properties 

The actual computing and information processing is carried out in the hidden layers, 

whereas the number of hidden layers not necessarily is restricted. The hidden layers 

usually contain an unspecified number of neurons in order to model the impact and in-

terdependencies of all input variables. Thereby an ANN is able to model even complex 

nonlinear relationships, which is one of the most striking advantages of ANN compared 

to widely used statistical procedures, for a comparison see [Zo07]. To be used for classi-
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Predicting machine states and required maintenance services    5 

fication purposes, an ANN needs to be trained. The kind of training – supervised or 

unsupervised – and the restrictions on the considered directions of relationships across 

the individual layers determine the type of an ANN. The training of an ANN is called 

supervised when the training is carried out whilst the possible output classes and actual 

outputs are known in advance. In this case, the training procedures are repeated until the 

cumulated error, i.e. the cumulated difference between the estimated and the actual out-

put values, is below a predefined threshold level. If no backward feedback between the 

layers is accepted and all layers are processed in sequence during the training, the ANN 

is referred to as feedforward neural network (FFNN). If bidirectional feedback is possi-

ble, a recurrent neural network (RNN) is computed. If no dataset with known results is 

available for training, unsupervised – self-learning – networks need to be applied. The 

most important ANNs based on unsupervised learning algorithms are self-organizing 

feature maps (SOM) and adaptive resonance theory networks (ART), which have been 

introduced by [Gr76] and [CG87]. 

The scientific literature on ANN-based PM strategies mostly describes applications of 

FFNN and RNN. For condition monitoring and diagnostics, this has advantages and 

disadvantages at the same time. On the one hand, already analysed historical data, in-

cluding already identified defects and failures needs to be available for network condi-

tioning. This leads to a predefined output cluster structure and enables only to detect 

already known machine or part conditions in new data. On the other hand, since the 

networks are conditioned with respect to an acceptable error threshold value, it is possi-

ble to measure the accuracy of the ANN. Although the training is faster for a FFNN than 

for the RNN, due to its abilities to handle more complex environments and to adapt to 

external stimuli, the latter appears to be preferred in literature. A comparison of FFNN 

and RNN can be found at [Br12]. 

Unsupervised trained networks can be applied to problems, where no or rather little 

information on the actual structure of the outcome of an analysis are known in advance. 

SOM and ART algorithms endogenously identify the different types of outputs. Hence, 

they are rather employed to solve clustering problems. For an outline on SOM see 

[RMD02]. Although this might seem as an advantage in error or failure detection, such 

approaches can hardly be applied in standardized PM strategies. Since an error or failure 

that is detected by such an ANN is likely to be unknown to the maintenance manage-

ment, there is no required service linked to it, yet. Consequently, SOM and ART net-

works are rather to be used in the definition of a PM system than in the decision support 

system (DSS) itself. 

3.2 Neural Networks in Predictive Maintenance Strategies 

For forecasting and data classification purposes, ANN are applied across all industries. 

Particularly in the engineered products and power supply industries, several approaches 

have been outlined and application studies have been published. [ALU93] describe a 

procedure for the condition monitoring of ball bearings based on vibration analysis with 

Towards Integration of Machine State Prediction and Required Maintenance Services 1797
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6    Andreas Varwig, Friedemann Kammler und Oliver Thomas  

a simple RNN. By analysing data from acoustic sensors, which measured the vibration 

of the bearings in operation, their network classified the bearing into 1 of 6 predefined 

conditions. [Ma97] developed a similar approach to monitor the deterioration of Carbon 

Fibre Reinforced Plastic (CFRP) surfaces, analysing data from temperature sensors with 

a Bayesian network. Thermal information has also been used in multiple ANN-based 

condition monitoring approaches on electronic equipment. For instance, [Al09] use a 

neuro fuzzy network model in order to determine the condition of surge arresters. How-

ever, instead of actual thermal sensors, they applied optical, infrared sensors and used 

the ANN for automated digital image processing and the classification of the parts into 1 

of 4 conditions. [SH10] outlined a similar ANN-based model for digital image pro-

cessing. [HT13] further improved the ANN-based digital image processing for automat-

ed condition monitoring by combining a RNN with an input factor selection based on 

linear discriminant analysis.  

Besides using ANN to determine and classify the condition of parts or machines, they 

can also be used to actually estimate the remaining useful lifetime (RUL) of a machine. 

Due to their ability to adapt to and handle incomplete data, several studies have found 

ANN’s RUL estimations to be more accurate that classical time series analysis. [SN00], 

for instance, compare the prediction accuracy of various MLP to ARIMA models and 

show that, although the estimation based on ANN is more time-consuming, it is by far 

less erroneous and distorted. In order to speed up ANN-based estimation, [Hu07] pre-

sents a self-learning model based on self-organizing feature maps. Their SOM automati-

cally identifies a subset of relevant input information and significantly reduces the time 

for computing. Furthermore, [MMZ09] outline an approach to model the mechanical 

wearout of ball bearings and directly estimate its RUL based on a dynamic RNN. ANN 

can also be applied in PM strategies without being used to directly evaluate conditions or 

estimate RULs. [Sf03] uses a RNN for the prediction of energy demand within a certain 

period. Based on the demand forecasts, the expected load on certain parts of an electrici-

ty generator is computed. If the expected load indicates the end of lifetime of certain 

parts, these are to be changed before the demand forecast window begins. In addition, 

ANN can be used to model and setup entire sensor infrastructures and data collection 

strategies. [SU03] use an RNN to find the optimal mixture and positions of sensors for 

the condition monitoring of the cutting tools in face milling operations. 

First DSS employing ANN analyses also have already been developed. [Ya01] describe 

a DSS that implements a condition based maintenance strategy for a planetary gear train 

within an electricity generator in a power plant. The DSS determines and schedules the 

optimal time for maintenance activities for this particular type of gears. Similar to this, 

[Fu04] present an entire maintenance management framework for hydroelectric genera-

tors. They use a 4-input ANN to determine the level of degradation of certain generator 

parts and suggest a maintenance scheme. [Wu07] present a rather economic approach to 

DSS. They determine a cost-optimal time of service for ball bearings in machines with-

out security-relevant functions. In contrast to the majority of the published studies on 

PM strategies, the authors do not try to avoid a run-to-failure by all means, but try to 

compare the expected costs of maintenance to the expected loss from machine down-

1798 Andreas Varwig, Friedemann Kammler, Oliver Thomas
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Predicting machine states and required maintenance services    7 

times. 

4 A Roadmap to Integrated Predictive Maintenance Services 

4.1 Overall research agenda 

Although multiple PM applications have been described in the literature, a generally 

applicable approach is yet to be found. This section outlines our research roadmap and 

presents the tasks, which we regard to be crucial for the establishment of integrated PM 

services. One central aspect is to analyse, monitor and determine a machines’ condition. 

This is usually done in a three-step procedure. At first, the life cycle of machines or 

single parts is determined and the drivers of their degradation processes are identified. 

Secondly, (sensor) data is gathered. And finally, the gathered data is processes by analyt-

ic systems in order to evaluate the current conditions.  

 

Fig. 1: The Predictive Maintenance service concept 

Particularly for the latter purpose, it crucial to determine or develop standard procedures 

for a) data pre-processing, b) data harmonisation and c) data analysis itself. Hence, it 

necessary to carry out detailed and structured literature studies across a variety of scien-

tific disciplines and develop and verify analytic artefacts for all these tasks. Regarding 

the data pre-processing and handling of wanted data redundancy, promising concepts 

and applications have been described, for instance, in the field of clinical psychology 

and psychiatry. [Ma14] describe a pragmatic approach to data selection by applying a 

combined exploratory and confirmatory factor analysis. Modern and powerful approach-

es to the merging and harmonization of sensor data (data fusion) are currently also ad-

dressed in maritime navigation science [SW13]. Regarding the current research on data 

classification with ANN, particularly studies on Convolutional Neural Networks (CNN) 

is broadly discussed, see, for instance [Kr12]. 

However, the sole information on machine conditions and possible failure is not suffi-

cient for the development of integrated maintenance services. Once the condition of a 

system has been identified, it is necessary to know how to react to it. Therefore, one 

needs to understand the reasons for the actual classification. Usually, the number of 

condition classes is limited and subject to certain analytic restrictions. Consequently, a 

classification into a condition class can be due to a variety of errors and reasons. To 

Towards Integration of Machine State Prediction and Required Maintenance Services 1799
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identify the actual problem and the actions and maintenance services that are needed, is 

the second challenge to be dealt with while setting up a PM strategy. This leads to our 

twofold research roadmap as shown in Figure 1. To achieve an assignment between 

states and actions, we suggest the analysis of service reports and documentations. These 

documents provide valuable information about processed maintenance services, that 

usually begin with a distinct error and end with a solving service. The gathered infor-

mation must be filtered and classified for the assignment. For this purpose, a processing 

by text mining algorithms or natural language processing might be an adequate ap-

proach. However, this is to be addressed in later work. As indicated by the highlights in 

Figure 1, our research currently focusses on the deduction of component lifecycle ap-

proximations as first important component of the predictive maintenance concept.  

4.2 Our current work and state of research 

During our previous research on supporting service processes in machine building com-

panies with mobile devices, we found the density of built-in sensors and the availability 

of data closely depends on the complexity and actual price of a machine. The imple-

mented sensor types and technologies are mainly determined by the individual architec-

ture of a machine. Although a variety of sensors is integrated into a machine, not all of 

them can actually be used in the machines condition monitoring. Until today, whole 

research branches have evolved, analysing the applicability of certain sensor types for 

material condition diagnostics. Tribology and vibration analysis, for instance, focusses 

on algorithms and procedures to analyse acoustic sensors. Thereby it is possible to detect 

irregularities in the operations of bearings or engine cylinders. On the other hand, in 

order to detect leaks in hidden fuel tanks, optical sensors and algorithms and procedures 

from thermography or radiography can be used. A short list of different types of sensors, 

which have been mentioned in the literature on PM is provided in table 2. 

Sensor type Information on Analysed in 

Acoustic Vibration, kinetic friction [ALU93], [RB85], [Ge05], 

[GG06], [Ca12] 

Electrical Electrical current, electrical 

potential 

[YL99], [HB11] 

Thermal Temperature [Ma97] 

Optical Temperature, material density 

(radiography) 

[La09], [Sm11], [HT13] 

Force Torque, cutting force [Sw01], [SU01], [HB11] 

Tab. 2: Overview of sensor types and their occurrences in literature 
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Predicting machine states and required maintenance services    9 

In an ongoing research project with a German machine building company, we currently 

support the development and introduction of a platform for service process digitalization. 

One objective of this platform is not only to enable online machine condition diagnos-

tics, but also trigger those maintenance services, which are actually needed. All ma-

chines to be monitored and managed consist of more than 1000 parts and components 

which are subject to deterioration. Consequently, an enormous number of sensors is 

integrated and provides a huge and – with respect to online condition monitoring – most-

ly unstructured dataset, which requires extensive pre-processing and harmonisation. 

In this setting, the implantation of an ANN-based diagnostic mechanism seems particu-

larly promising and reasonable. Currently we develop the architecture for a RNN which 

is able to handle the complex mass sensor data in order to detect patterns and ultimately 

determine machine condition types. For this purpose, process and sensor data is already 

gathered by experts, in order to create an adequate dataset for the ANN’s training. Once 

it is possible to detect the current condition of all monitored machines, the next step is to 

connect the current status to all currently necessary maintenance services. For determin-

ing which services have been carried out under which condition of a machine, historical 

reports from service technicians will be evaluated. By this connection, it is possible to 

develop and establish a fully integrated and automated predictive maintenance service 

management.  

Two of the biggest challenges in the implementation currently are 1) determining the 

optimal positioning and density of sensors and 2) defining the allowed complexity of 

machine states. These factors determine the quality and granularity of the realizable PM 

strategy. If it is only possible to detect the imminence of a machine's failure in general, 

hardly more than a rather general maintenance task can be triggered. Hence, the classifi-

cation into only few machine states might be insufficient, since those are not unambigu-

ously related to concrete service requirements. Consequently, the insight from additional 

sensors and increased analytic complexity need to be carefully weight up against in-

creased computing times and actual production costs. The life cycle analysis of the com-

ponents furthermore indicates the short-term need for spare parts. Hence, another major 

challenge for a PM system is, not only to recognize the need for maintenance before a 

problem occurs, but also to recognize and trigger the resulting maintenance needs in 

time. Since some types of ANN are able to carry out diagnoses close to real-time, this 

requirement further confirms the impression of ANN being an adequate instrument. 

Finally yet importantly, the legal perspective needs to be addressed. The precise and 

complete analysis and monitoring of a machine requires full access to all relevant sensor 

information. This might cause resistance at machine owners, since an unbounded and 

steady extraction of production data may be a risk to their core business. An improve-

ment in data security may be approached in multiple ways. On the one hand, IT-security-

concepts can be extended to protect the transferred data. On the other hand, a neural 

network could run as a local application at the machine owner's site. However, this ap-

proach decreases the advantages of neural networks learning from failures of all ma-

chines, regardless of their operating site. Instead, only data from a single machine could 

provide sensor patterns that probably lack of evidence. 

Towards Integration of Machine State Prediction and Required Maintenance Services 1801
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5 Conclusion and Outlook 

The development and implementation of PM concepts and strategies is a promising 

approach to improve machine reliability, to avoid downtimes and to enable the optimiza-

tion of maintenance processes and services. Yet, due to the steadily increasing amount 

and variety of built-in sensors and the resulting mass data, most companies still face a 

problem of information overload. Although a multitude of data processing concepts 

already has been applied to condition monitoring and failure forecasting, a standard 

practice has yet to be found. In this context, particularly ANN have gained importance in 

recent years. However, the available types of ANN have not been fully evaluated regard-

ing their applicability to machine condition analysis. 

The most challenging aspect in the setup of a PM-strategy is the lack of data and infor-

mation standards in machine condition monitoring. Obviously, there is no such thing as a 

standard machine, which only consist of standard parts. However, the characteristics and 

behaviour of standard materials being used to build machine parts already have been 

studied. Hence, it might be possible to identify a combination of sensors to monitor the 

deterioration of single parts. Also there is no standard data structure for the collection of 

historical training data, yet. Another shortcoming we see in the current development of 

condition monitoring and PM concepts is the strong focus on the processing of sensor 

data. Although quite powerful text mining algorithms are available, error messages and 

failure and even service reports, created by service technicians or machine owners, still 

are mostly ignored in industrial PM applications. Although these reports have not yet 

been standardized either, we suspect major insights and valuable information to be hid-

den in this data. Hence, we strongly recommend the development of concepts for the 

harmonization of sensor data and data created by experts. 

Finally, advanced analytic mechanisms for diagnostics are just one puzzle piece in a PM 

strategy. Once failures or critical conditions have been diagnosed, it becomes necessary 

a) to detect the actual root cause of the problem that is about to occur, b) to identify the 

adequate maintenance service for this problem, c) to schedule the service and d) to moni-

tor and analyse the post service system conditions. Consequently, if an appropriate ana-

lytic system has been developed, the required research has just begun.  
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