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Abstract: This paper develops a generic degradation model based on Dynamic Bayesian Networks (DBN) which predicts the
condition of a technical system. Besides handling bi-directional reasoning, a major benefit of modeling this degradation
model by means of a Dynamic Bayesian Network is its capability to adequately model stochastic processes as well as
Markov chains. We will assume that the behavior of the degradation can be represented as a P-F-curve (also called
degradation or life curve). The model developed here is able to combine information from condition monitoring systems,
expert knowledge and statistical uncertainties. Furthermore it can include any kind of observations like sensor data or
notifications by the machine operator. Thus it is possible to even take the environment and stress into account under which
the component or system is operating. That’s why it is possible to detect potential failures at an early stage and initiate
appropriate remedy and repair strategies.
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1. Introduction
Unexpected downtime from machine failure in manufacturing causes critical loss of production and financial loss
(Hirschmann, 2007). To mitigate these effects, it is important to develop procedures for predicting component failures.
Traditional life tests record the time to failure, but it is difficult to give a statement about the durability of a single component
and accurately predict failures before they occur (Lu & Meeker, 1993). This is because only failure times are taken into
account, but products might just as well have construction faults, operating errors, or there may be other reasons which can
cause initial failure. Moreover, when products are highly reliable, the accumulation of failure time data can be expensive and
impractical due to the long time it takes for any component to fail (Robinson & Crowder, 2000). Therefore, it would be
useful to have a predictive model which prognosticates failures before they happen. To develop such a model, we may
consider that degradation eventually leads to a weakness that can cause failure. Therefore, if it were possible to measure
degradation, this could provide more information than time-to-failure data about the reliability of production systems and the
causes of their failure. Consequently, a relationship between live observations and degradation has to be found, as well as a
relationship between degradation of components/systems and failure. Once both relationships are established, it is possible to
estimate how badly the component/system is degraded, as well as to predict failure and the time-to-failure based on live
sensor data.
This approach would allow the reliability of manufacturing equipment to be enhanced by providing information on
the condition of the different components and systems during the lifetime of a product line, and whether it is possible to use
them again in new product lines. Therefore, this would be highly profitable.
2. Background

2.1 The P-F-curve
Here, it is assumed that the condition of a component/system is diametrically related to its degradation: if a
component/ system is half degraded, its condition is expected to be half as good as new. Hence, this paper uses the term
‘condition’ of a component more frequently than the term ‘degradation’. Most failure modes provide some sort of warning of
ISBN:
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incipient failure. Often, evidence that something is in the final stages of failure can be discerned(Moubray, 1997). This is
very helpful for creating a degradation model because it is possible to estimate in which state a component/system is on the
basis of several observations. Observations of failures appear often in defined stages of the condition of a component/system.
Clearly, there is a relationship between the chronological age of a component/system and its failures, but this relationship is
not necessarily linear, for example in the case of a construction fault or operating error causing failure to occur earlier (or
later) than expected.
Initially, the condition of a component will remain good for a certain period (performance is without any changes).
However, at a certain point, where an observation indicating a potential failure emerges as likely, the condition of the
component as well as its performance decreases precipitously. Typical degradation behavior has the characteristics of a P-Fcurve (also called the “life curve” (Sugier & J., 2010) or degradation curve (Nelson, 1998)) from J. Moubray (Moubray,
1997). “Fig [1] is called the P-F-curve, because it shows how a failure starts, deteriorated to the point at which it can be
detected (e.g. vibrations could be detected) until it reaches at the point of functional failure” (Moubray, 1997).

Figure 1: Classical P-F-curve
It is very useful to integrate this curve into degradation models. At the beginning of the operating time, the degradation of a
component/system is very slight, but there comes a certain point where the degradation of the component or system starts and
“degradation accelerates in the final stages of most failures” (Moubray 1997).

2.2 Bayesian Networks
“A Bayesian Network (BN) is a graphical model for probabilistic relationships among a set of variables”.
(Heckermann, 1995). A BN consists of several nodes which represent random variables, a set of arcs which connect the
nodes to form a directed acyclic graph (DAG) and a set of conditional probability distributions (CPD) (Weidl, Madsen, &
Israelson, 2005). Fig. 2 shows an example of a simple Bayesian Network. In the GUI of a network are only two different
symbols: Arcs and nodes. “An arc between two nodes indicates a direct probabilistic dependence between them, while the
absence of an arc indicates a conditional independence relation” (McNaught & Chan, 2011).

Figure 2: Example of a Bayesian Network
A very good summary of Bayesian Networks is given by R.F. Jensen (Jensen & Nielsen, 2007):
- “A set of variables and a set of directed edges [arcs] between variables”
- “Each variable has a finite set of mutually exclusive states”
- “The variable together with the directed edges form a DAG […]”
- “To each variable B with parents A1, …, An, a conditional probability table (CPT) P( B | A1,..., An ) is attached”
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2.3 Dynamic Bayesian Networks
Bayesian Networks are useful when the state is static. Time is irrelevant. But to extend a Bayesian Network into a
time dimension, a Dynamic Bayesian Network (DBN) can be used to model such dynamic systems (Hulst, 2006). The
structure of the network does not change dynamically but one can model a dynamic system with it. “A DBN is a directed acyclic graphical model of a stochastic process. It consists of time-slices (or time-steps), with each time-slice containing its
own variables” (Hulst, 2006). Fig. 3 shows an example of a DBN.

Figure 3: Example of a Dynamic Bayesian Network
“The time-slices of a DBN are assumed to be chosen such that the DBN obeys the Markov property: the future is
conditionally independent of the past given the present” (Kjærulff, 1995)
It is also possible to have a stationary DBN. This is the case if the probability distributions are time-invariant between the
time slices. “A dynamic Bayesian network is first-order Markovian when the variables at time step [time-slice] i+1 are dseparated from the variables at time step [time-slice] i-1 given the variables at time step i” (Jensen und Nielsen 2007).

2.4 Markov Process
Some basic rules are given here in order to better understand the DBNs. A Markov process is a special stochastic
process which is named after A.A. Markov who developed the concept in 1907 for discrete time processes with finite-state
spaces (Yin & Zhang, 2013). In a discrete-time Markov chain, random variables (x1, x2,...) are dedicated to time. At any
given time, the variables have a defined state. xm(t=m)=r means that the variable x is at time m in state r. “The Markov
property implies that the state occupied at time point m is dependent on the state occupied at time point (m−1) but not on the
state occupied at any previous time point” (Upton, Graham J. G & Cook, 2008). “The past has no impact on the future given
the present” (Jensen & Nielsen, 2007)

3. The Degradation Model
3.1 Reversed exponential function as a Markovian Polygon
The basic concept of the degradation model in this paper is based on the work of D. Straub, who described the
process of deterioration depending on time, a set of time-variant and time-invariant parameters (root causes) as well as
observations (Straub, 2009). The set of time-variant parameters is given by the P-F-curve, the time-invariant parameters are
given as influencing factors of degradation and finally, the observations made are given as available sensor data as well as
from human inspections. In the following, the integration of the parameters/observations in a DBN will be explained. The
first task will be to develop a curve which has the same curve progression as a P-F-curve. The reversed exponential curve is
very similar to the P-F-curve, which could be expressed as follows:
t
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The problem with this function is that time is used – but it is not possible to use a continuous time variable in DBNs. Also, it
is not helpful to have such a “static” process in a DBN. As (Moubray, 1997) says: “Many failure modes are not age-related,
most of them give some sort of warning that they are in process of occurring or are about to occur”. For example, if there is
an observation/parameter which indicates that a probable failure will occur, the degradation process has started - and if the
degradation process has already started, the condition of a component/system often rapidly deteriorates. Thus, the condition
of a component/system clearly depends on its condition one time step before. Therefore, a stochastic process which has the
Markov property has to be sought, one which exhibits the same trend. A very easy way to accomplish this is a polygon
function from the reversed exponential function.
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A polygon function consists of polygonal lines. Because of memory capacity and computational speed, 5 polygonal lines are
chosen here. In other words, for every 20% change of the condition of a component/system, the polygonal line changes. It is
advantageous to implement linear polygonal lines in DBNs. Fig. 4 shows how the polygon looks:

Figure 5: P-F-curve modelled in HUGIN 8.1

Figure 4: Polygon reversed exponential function with a
degradation process in 100 time-slices

The formula of the expected condition [eC] curve (P-F-curve) appears as follows:

c
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And for the time-slice length tSlice and Durability D:
t Slice
c
D

(4)

3.2 Implementation of a dynamic environment and maintenance activities
Influences depending on operational conditions cannot be excluded - operational issues and the environment might
well be expected to influence wear over time. If the component/system is not being used, obviously the Degradation level
[Dl] becomes 0 (no stress). If the component/system works under normal circumstances Dl = 1 (normal stress). If the
environment is imperfect for the component/system (for example, very dirty, hot or high humidity) or the operating
conditions exceed those for which the component/system was designed, Dl could be 2 (high stress) or in very unusual
circumstances Dl = 3 (very high stress).
Maintenance will also have an influence on the degradation process. The definition of Maintenance from (European
Standard) is: “Combination of all technical, administrative and managerial actions during the life cycle of an item intended to
retain it in, or restore it to, a state in which it can perform the required function.” There are two different kinds of
maintenance which have to be distinguished: 1) maintenance like re-lubrication or re-tensioning; 2) replacements of
components of the system. This implies that after, for example, re-lubrication or re-tensioning, the degradation process will
be slower than before maintenance. The condition of the component is not improved after re-lubrication or re-tensioning but
the degradation process is delayed. To keep the model simple, implementation of only three different maintenance actions is
included here:
1. None
No maintenance action
2. Reset
re-tensioning, re-lubricating (maintenance without any replacement)
3. Replace
replacement of the whole component/system
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Figure 6: Degradation model which includes dynamic environment and maintenance activities

3.3 Implementation of the condition states and the observations
After modeling the P-F-curve as an expected Condition curve in HUGIN 8.1 there are two problems: 1) the number
of states in the node expected Condition curve is very high (50) and thus very difficult to interpret; 2) because the curve as
well as the durability is estimated it is useful to integrate an uncertainty. Additionally, the accuracy of sensor data and
observations also implies a degree of uncertainty.
To simplify the conceptualization of the continuous degradation of a component/system a so called damage-index is
introduced. This paper refers to the examples of (IEEE Trondheim PowerTech, 2011) and (McNaught & Zagorecki, 2009).
Both use 5 states to define the condition of a component/system, as follows. If we have a new replacement component, there
will be no indication for degradation (state 1). The component is as good as new. After some time, the condition of the
component will again decline to the next state, state 2. Now there will be some indications of degradation. An observation for
this could be, for example, vibration or particles in the oil. The next state, state 3, is accompanied by serious degradation, as
indicated in this example by noise or stronger vibrations. Progression to state 4 is then very rapid, the condition of the
component becomes critical, and, for example, high temperatures and smoke might now be observed. If the condition of the
component reaches state 5 the probability of a failure is very high. To implement this, we need a new variable which gives
notice of the Condition [C] of the component/system. The 5 states of this variable are [0-20, …, 80-100]. But HUGIN 8.1
requires a normal distribution to be used for the border values -∞ and ∞. Because of this the states are [-∞-20, …, 80-∞]. The
formula for the Condition is now:
(5)
P(C ( s))  Normal (eC ( s), v)
The variance [v] depends on the knowledge of the experts assessing the system.
The sensor data/observations depend on the condition of the subsystem. For example, if the bearings of a motor are
not in a good condition, the probability is high that there will be noise. In the general model it is possible to include as many
observations as required. With the Observation, a defect or abnormality could be detected (and with that a potential failure) at
an early stage. Possible failure modes and the remaining life-time should now be effectively predictable (Qiu, Lee, Lin, &
Yu, 2003).
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3. Conclusions
In this paper, a degradation model is presented which is based on Dynamic Bayesian Networks (DBN). The model is divided
into four separate parts. There is a time-invariant part which includes maintenance activities as well as the operating
conditions (which also include stress and environmental variables). In this model, the time-invariant parameter is a P-F-curve
which describes a typical degradation process. The second part consists of the time-variant parameters the P-F-curve. The PF-curve is modeled as a reversed exponential function including the Markovian property. The third part is the damage-index
which describes the state of the component/system, including an uncertainty (because of the sensor accuracy and the
estimated values). Finally, observations (life data) are implemented as the final part. These four parts are combined in one
single net. Because of the ability of DBNs to incorporate bi-directional reasoning, it is possible to very precisely estimate the
condition of a component/system, because the influence of maintenance activities, operating conditions, expected degradation
processes and observations, as well as their interactions, can be taken into account.
As shown above, there are numerous different possibilities for using this model and advantages in doing so. It can be used in
a dynamic environment: there are different operating conditions as well as different environments considered. This is an
advantage for components/systems which are used in critical operating conditions or in countries with extreme climates.
Moreover it can take maintenance activities into account. By including observations, initial failures can be detected early and
avoided, this saves time and money. Also it is possible to extrapolate and predict failures of the component/system before it
occurs with this model. Finally the model considers multiple failure modes and has the ability to detect wear of the part
which would be the reason for the failure of the whole system.
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