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Abstract: In the area of e-Maintenance the analysis of condition data plays an important 

role in order to determine the health condition of machines. The results of such an 

analysis are used to decide whether maintenance actions for a machine have to be 

scheduled or not. Predictive Maintenance is the next step as it offers the possibility to 

prognosticate the remaining time until a maintenance action of a machine has to be 

scheduled. Unfortunately, current solutions are only suitable for very specific use cases 

like reliability predictions based on vibration monitoring. Furthermore, they do not 

consider the fact that a machine may deteriorate non-uniformly, depending on external 

impacts (e.g., the work piece material in a milling machine, the changing fruit acid 

concentration in a bottling plant). These two problems are addressed in this paper. 

Therefore, concepts for a generic determination of reliability indicators and the handling 

of aging variability are presented.  

Keywords: Aging indicators, reliability indicators, system identification, operating points, 

predictive maintenance, machine reliability, context-sensitive predictions  

1. Introduction 

     In the area of e-Maintenance, predictive maintenance is a promising concept. Using 

predictive maintenance systems, one is able to predict the health state of machines and 

therefore to optimize maintenance actions which consequently save costs. It is guessed 

that applying predictive maintenance systems can save up to 1/3 of the total maintenance 

costs. In the USA this means e.g., a total saving of about 60 Billion US-dollars per year 

[7]. Precondition for the application of predictive maintenance is condition monitoring. 

Thereby, parameters of machines are monitored by the mean of sensors. The so generated 

signals can be analysed in order to determine the current health state of a machine. In this 

paper, predictive maintenance is referred to the prediction of these condition data into the 

future in order to decide when a health state will reach a critical stage.  

     The problem of current predictive maintenance approaches [4] [9] [6] [1] is that they 

usually are only suitable for very specific use cases (e.g., reliability prediction based on a 

vibration signature). Furthermore, they are often based exclusively on economical data or 

simple statistical failure criteria (e.g., bathtub curve) not considering important technical 

details of the concerned process. Therefore, the objective must be to develop a concept for 

the generic determination of reliability indicators. Section 2 shows such a concept. It 

focuses on a detailed analysis of the concerned technical process in order to determine so 

called preliminary aging indicators. Furthermore, it will be shown that by eliminating of 

intended system behaviour aging-related behaviour becomes visible in these aging 

indicators. For better understanding all steps are illustrated at the example of an air                                                                                           
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ventilation system.  

     A second weak point in current predictive maintenance approaches is that they do not 

address that many aging processes are prone to changes triggered by external factors (e.g., 

work load, properties of work piece material...). The inclusion of those factors is critical in 

order to guarantee a good quality of any reliability prediction. Section 3 introduces the 

problems concerning variable aging-behaviour. Therefore, it is shown how external 

parameters influence the development of aging indicators and how they can be included in 

order to provide a good quality of reliability predictions. 

     Both concepts shown in this paper can be used in a single sequence of steps. Firstly, by 

means of the generic concept shown in Section 2 aging indicators are determined and 

secondly context-sensitive predictions are made for these indicators by using the concepts 

in Section 3. Figure 1 shows the sequence of steps. Each step will be described in detail in 

this paper. 

 

Figure 1: Overview of the Steps Shown in this Paper 
 

2. Determination of Aging Indicators 

     In this section a generic approach is introduced for the determination of aging 

indicators. It consists of the first three steps shown in Figure 1. Thereby, each step is 

explained using an example of an air-ventilation system which is introduced in the next 

section.  

2.1 An Example of a Technical Process  

     The new concept has been applied to a real process given by the air-ventilation system 

of a building which is shown in Figure 2.  

Figure 2: Schema of the Air-Ventilation System 
 

     The objective of the air-ventilation system is to provide both fresh air and a constant 

air-pressure in the building. Therefore, a ventilator which is electrical driven by an engine 

controls the amount of air which flows through an aerating pipe. Furthermore, an air filter 

is used to keep the air clean. Different sensors are integrated in the system. Please note, 
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that in this example no sensor data is available for the power consumption of the 

ventilator engine. 

2.2 System Identification 

     The main objective of this step is to get a good as possible understanding of the 

technical process and its dependencies in order to determine aging dependent values. 

Therefore, available sensor data xi(k) must be analysed, transformed and modelled using 

state of the art techniques  [9]. In general they can be divided into three groups: 

• Analysis-techniques (time-domain analysis, frequency-domain analysis, principal 

component analysis, correlation analysis, cross-correlation analysis...) 

• Transformation-techniques (Fourier transformation, proportional hazard 

models,...) and 

• Modelling approaches (Hidden Markov Models, System Models...). 

The consultation of system experts or other information sources may be useful as well. At 

this point it is not possible to give a detailed tutorial as there are almost unlimited 

possibilities how to discover system behaviour and dependencies. Most of them can be 

found in literature [13][14][1] and must be specifically chosen and applied dependent on 

the specific characteristics of a technical systems.  

Technical systems are dynamic systems. They tend to change their behaviour caused by 

process settings, aging processes and faults. Therefore it is necessary to update any 

prediction- or system-models during their runtime. Consequently, the definition of 

interfaces from where suitable sensor data can be acquired is important.  

Example: Please note, the example is written from the perspective of a person who is 

investigating the technical process. In the case of the air ventilation example the following 

process characteristics have been identified: The differential pressure pd (Figure 4) is 

increasing over time until the moments when filters are exchanged (indicated by the 

arrows in the figure). The flow rate Q (Figure 3) reaches two levels which are timely 

correlated to the working time and non-working time in the building. The air pressure pb 

(Figure 3) is constant at a level of the predefined control variable which is 190 Pa except 

two peaks at the begin and the end of a working day. These peaks are probably caused by 

the inertia of the air. As a component which is prune to aging processes (it has been 

exchanged 4 times over the last 4 years) the air filter could be identified.    

Figure 3: Flow Rate and Air-Pressure 
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Figure 4: Differential Pressure  

2.3 Determination of a Preliminary Aging Indicator 

     While the system identification described in the previous section is necessary to 

understand the principle processes and dependencies in a technical system, this section 

focuses on the determination of a specific value – the so called aging indicator. Here an 

aging indicator A is defined as a time dependent value which represents the health state of 

a machine or machine part. Sensors xi with i = {1, 2, ..., M } and M = number of sensors, 

are used to determine this value. It is assumed that all sensor data xi(t) with t = time, is 

sampled equidistant with a constant sampling interval T. The time-discrete sensor values 

are then given by xi(k) with t = k * T.   For the determination of an aging indicator, the 

techniques mentioned in the last section can be useful again. From this point of view the 

methodology of the two steps is very similar but with different objectives. Nevertheless, it 

is important to execute step 1 before step 2 in order to not miss important information and 

to not misunderstand the processes in the technical system.  

In reality the true health state H of a machine can only be guessed. Nevertheless, sensor 

values which are the only automatically processable information can be used in order to 

approximate this health state. In this paper an aging indicator is defined as an univariate 

time series A(k) with t = k * T which is a model of H. In this way for each index k the 

health state of the concerned machine or machine part can be approximated through A(k). 

We define aging processes to be irreversible (e.g., fractures in material caused by 

deterioration will not join autonomously). Consequently, the curve of an aging indicator 

must be monotonically decreasing or increasing (dependent on the definition). If not there 

must be either influences which are not related to aging or the mathematical definition of 

the aging indicator itself is not suitable for describing the true health state. We suggest to 

determine a function f which determines the health state H(k) based on the sensor values 

xi(k): 

                    (1) 

     The value ɛ determines the residuals between the aging function f and the real health 

state H(k) (e.g., caused by inaccurate model parameters or noise). As said before H is a 

theoretical value especially as ɛ can’t be removed completely. Therefore, our objective is 

to keep the value of ɛ as small as possible by optimising the function f. Equation (2) 

defines the preliminary aging indicator Apre(k) which models the health state H(k). 

  with               (2) 

     In a more informal way Apre(k) is a time series where increasing (resp. decreasing) 

values indicate the progress of machine aging.   
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     Example: As shown in Section 2.2 the air filter could be identified as a component 

which is prune to aging. Physical, caused by contamination the degree of its air 

permeability is decreased. In order to provide a constant level of fresh air in the building 

the speed of the ventilator must be increased by the automatic control. Consequently, the 

differential pressure of the air filter increases as well. Figure 4 shows the increasing curve 

of the differential pressure caused by contamination of the air filter. Therefore, the 

differential pressure is suitable to describe the aging behaviour. In this simple example the 

preliminary aging indicator is given by equation (3). 

                                    (3) 

2.4 Elimination of non-Aging Related System Behaviour  

      An operating point (OP) is a certain point at a characteristic curve which a technical 

system can reach because of its system characteristics [14]. Usually, during production a 

machine can reach different operating points. In general, there are three possible causes 

for shifts of OP: 1. through intended system behaviour, 2. through failures and 3. through 

aging. A shift through aging is given e.g., when an engine which is prone to aging 

consumes a steady increasing amount of energy to assure a predefined rotation speed. As 

it is important to distinct between aging related shifts of OP and those which are intended 

the preliminary aging indicator must be analysed. Theoretically, if all intended shifts are 

removed from the aging indicator only aging related behaviour and failures should be left. 

Through methods of system identification all intended operating points OPi with i = index 

which can be reached by a system should be identified. Thereby, it is important to make 

this analysis on data which is free of aging. The more the data is influenced by aging the 

more difficult it is to distinct between aging-related and intended shifts of OP and their 

influence on the aging indicator. After that a model Si(k) must be determined for each OPi 

describing the influence on the behaviour of the aging indicator caused by shifts into these 

OP. Equation (4) shows the elimination of non-aging related shifts of OP. 

                                                       (4) 

     Example: Through cross-correlation analysis it can be shown that there is a high degree 

of correlation between air-pressure and differential-pressure. Their static behaviour is 

shown in Figure 5.  

 

 

Figure 5: Static Behaviour with 2 OP 
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      Thereby, two clusters are visible. For each of them a specific time interval can be 

dedicated. This means there are two different OP of the air ventilation system. 

Consequently, the shifts of the OP must be removed as seen in Equation (5). The numbers 

100 and 138 refer to the shift in the differential pressure caused by the two OP.        

                  (5) 

     Figure 6 shows the resulting aging indicator over a period of several months. The 

increasing curve represents the process of aging of the air ventilation filter. Although the 

curve shows a clear trend it is visible that it still contains more than just aging behaviour. 

Therefore, more research on the technical process need to be done.  

 
Figure 6: Resulting Aging Indicator 

3. Context-Sensitive Predictions 

     Section 2 has shown how aging related information can be extracted from signals in 

order to determine an aging indicator. In case of a predictive maintenance scenario those 

aging indicators can be used to predict the future aging behaviour of a machine. In this 

Section it is shown that conventional approaches have a weak point which must be 

considered if accurate predictions are desired. Additionally, a solution for the problem is 

given.  

3.1 The Problem of Variable Aging-Behaviour 

      To introduce the problem Figure 7 shows a realistic example of a milling process with 

different workpiece materials. Thereby, the abrasion of a milling tool is measured for 

different workpiece materials with different degrees of hardness.  

 

Figure 7: Abrasion for Different Workpiece Materials [10] 

     It is visible that the harder the workpiece material the higher the degree of abrasion at 

the milling tool. The dashed line in the middle of the diagram indicates the point where 

the degree of hardness is equal for both the workpiece material and the milling tool. The 

non-linear gradient of the curve is characteristically for those abrasions processes but will 

not further be discussed here in detail. The example shows a phenomenon which can be 

found in many aging processes: The aging-behaviour is variable, depending on external 

A(k) 
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factors e.g., the workpiece material. In this paper those external factors will be referred to 

the more generic term contexts. Please note that shifts of OP which were mentioned in 

section 2.4 may change the aging behaviour as well. In this way they can also be seen as 

contexts. It is intuitive that not including those contexts will lead to a decreased quality of 

any further reliability predictions. In example, the speed of aging of a milling tool which 

has to process mainly work pieces made of titan will be higher than for those processing 

mostly work pieces made of aluminium. Figure 8 schematically shows the impact of 

different contexts on the aging behaviour of a machine causing different speeds of aging. 

 
Figure 8: Impact of Different Contexts on an Aging Indicator 

     In such a case traditional predictive maintenance approaches will provide inexact 

predictions. The dashed line which shows a possible curve of a prediction model not 

considering any contexts illustrates this error. Such a prediction model averages the aging 

behaviour and is therefore of little accuracy.  The consequences of such an approach are 

for instance: Wrong determination of breakdowns, unexpected breakdowns, less cost 

savings, and so on. The consideration of contexts will help to avoid these problems. 

In order to investigate real-world examples we had a closer look at examples for context-

sensitive aging behaviour. In one first case a bottling plant was in the focus. There, a 

bottling machine was filling different kinds of soft drinks into different containers. 

According to the present mechanics previous attempts to install a predictive maintenance 

system failed because of the changing aging behaviour of the machine. The reason for this 

variability is that the drinks contain different concentrations of fruit acid. Consequently, 

apple juice with a high degree of acid accelerates the aging progress of the machine parts 

compared to water with no acid in it. Another example was located at a printing plant. 

There, traditional predictive maintenance solutions failed as the aging speed depends on 

the composition of the used ink. Besides these two examples there are many other 

examples for context-sensitive aging behaviour: e.g., production plans, material 

properties, workload, order of production steps.  

3.2 Concepts for Handling of Variable Aging- Behaviour 

     In section 3.1 the problem of variable aging-behaviour has been introduced. Not 

considering contexts leads to inaccurate aging models and inaccurate predictions. 

Therefore, the task is to identify and to include any available context information. In this 

section it is shown how context information can be used for predicting machine reliability. 

Therefore, we defined a concept that consists of the following steps: 

     Step 1 – Identification of aging relevant contexts: The curve of the aging indicator (a 

time series) is compared to the timely occurrence of any available potential contexts. 
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Techniques which can be used for this matter are described in [8]. If a matching between 

intervals of the aging indicator curve and potential contexts is possible these contexts are 

stated as aging relevant contexts. A good matching is given when the same context always 

causes a similar behaviour of the aging indicator.   

     Step 2 – Context modelling: In order to formalize the behaviour of aging indicators 

under the influence of contexts, context-dependent models need to be determined. 

Therefore, state of the art [2][3][9] time series modelling techniques can be used. This 

comprises e.g., ARIMA-models, trend-analysis, polynomial approaches, regression-

analysis, et cetera. The result of this step is a specific time series model allocated to each 

context. The meaning of these models is that the developing of an aging indicator is 

determined by the context models or in other words: under the influence of a context the 

progress of machine aging is given by a specific model.   

     Step 3 - Mapping between contexts and predictable parameters: We define a 

predictable parameter as a context for which its further timely occurrence is given. 

Production plans e.g., are suitable as they usually are determined in advance. The 

mapping itself can go through several levels starting at a very fine granular level up to 

coarse granular levels. Figure 9 illustrates this matter.  

 
Figure 9. Mapping of Contexts to Predictable Parameters 

     This mapping has two important advantages. Firstly, a prediction which is based on 

information from the management level (e.g., production plans) can be made. Secondly, in 

case of a new yet unknown predictable parameter (e.g., production of a new product) the 

mapping chain can be setup (therefore the product-specific machine settings must be 

known) and a prediction can be created. Figure 9 shows the mapping of context through 3 

layers. On top, given by one production order a predictable parameter is shown. At the 

middle layer specific production steps are allocated to the production order. At the lowest 

layer sensor/actor-data is allocated to the specific production steps. Finally, for each 

sensor/actor a direct mapping to the context models can be made which represents the 

behaviour of the sensor/actor data under the influence of a specific production step which 

is again allocated to a specific production order. 

 

Figure 10: Creation of a Context-Sensitive Prediction 
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        Step 4 – Creation of context-sensitive prediction: The mapping shown in Step 3 and 

the models from Step 2 are used to create a context-sensitive prediction. Therefore, 

relevant predictable parameters must be extracted (e.g., from the production plan). 

Through the predefined mapping, so-called sequences of contexts can be determined. 

Such a sequence is e.g., shown in Figure 10. In example, a possible sequence is given by 

the order of work-piece materials that have to be milled by a milling tool. Last but not 

least, the previous defined context related models are used to generate a prediction of an 

aging indicator. Therefore, for each element in the context sequence the corresponding 

model is selected and put in the same order as the context sequence. Figure 10 illustrates 

the creation of a context-sensitive prediction. 

4. Conclusions 

     Common predictive maintenance algorithms and tools are focusing on solutions for 

very specific aging processes or indicators and are therefore not suitable for applying to 

other systems. In this paper a generic concept was introduced which is applicable for a 

wide range of aging processes. Thereby, it focuses on a detailed analysis of the concerned 

technical process. Using this concept, one is able to determine an aging indicator which is 

a value for describing the health state of a machine and to remove non-aging related 

system behaviour from this indicator.       

      Furthermore, it was shown that conventional predictive maintenance approaches do 

not consider aging variability and therefore are not able to create prediction models of 

good quality for those aging processes. Thereby, it was explained that variable aging 

behaviour is a common phenomenon which can be found in many production 

environments. In order to increase the accuracy of the prediction models a new approach 

was introduced that includes external factors in order to predict aging variability and uses 

this information for reliability predictions. 

     Nevertheless, questions are still not answered yet. Theoretically, in order to eliminate 

each possible working point each of them must have been reached by the machine and 

analysed in advance. It is not clear whether this is realistic. Furthermore, the dependencies 

in a multivariate production environment with possible thousands of sensors and actors 

must be identified. Therefore, in the area of multivariate systems more research is needed. 

As the examples in this paper can be seen as simple the concepts must be tested on more 

complex technical systems.  
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