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Abstract - Industrial failure prognostics can be considered
as the key process of any condition-based maintenance
solution. However, contrary to fault diagnostics which is a
mature research and industrial work, failure prognostics is
a new field for which few applications exist. In the last
decade, the interest for this activity has led to some open
and industrial standards where the main objective is to
provide users with a guidelines allowing them to perform
failure prognostics for a large class of industrial systems.
However, these standards, rightly, do not emphasize on any
particular example to illustrate their content. The present
paper aims at explaining the process of failure prognostics,
presented in the standard ISO 13381-1, through an
electromechanical example. The purpose is to help beginner
researchers in the field of industrial failure prognostics to
assimilate the main tasks of the process proposed by the
standard. The prognostics process is chosen because it
represents the key task among the rest of topics proposed
and published by the standard. Thus, the comprehension of
this part is important to develop prognostics methods and
algorithms based on the solid recommendations given by
the international organization for standardization.
I. INTRODUCTION
The need of reducing maintenance costs, improving the
availability and reliability, and reducing or eliminating human
and environmental accidents is nowadays a deep wish of any
industrial company. To reach these objectives, it is necessary to
adopt an appropriate maintenance strategy among the existing
ones. Indeed, maintenance can be curative or preventive. For
the last case, maintenance tasks are either planned in advance
for the systematic one or achieved depending on the real state
of the system, which is the case for the Condition-Based
Maintenance (CBM). In this maintenance policy [1, 2] the
system is monitored by a set of sensors which allow to track its
state and decide whether a maintenance action is needed or not.
To help performing this, failure prognostics seems to be the
convenient process that allows to estimate the Remaining
Useful Life (RUL) of the system and thus taking appropriate
decisions. Contrary to fault detection and isolation (FDI) or
fault diagnostics, for which many research and application
works are done, failure prognostics research activities are at
their infancy stage [1, 3]. However, this field is gaining more
and more interest from both industrial and research
communities. During the last decade, many definitions,
methods and tools are proposed in the field of failure
prognostics, but this is still an open research area [4]. The
recent abundance of literature regarding failure prognostics

may be a positive point, but it can also be a source of
confusion, especially for those who are beginning to work in
this domain. The role of any standard, open or not, is then to
provide users with some guidelines to help them to accomplish
their expected missions. Thus, in the open standard [5] one can
find some of the basic elements that should be fulfilled in order
to perform failure prognostics. In the same way, the standard
ISO 13381-1 [6] defines failure prognostics, details the steps of
the prognostics process, gives indications on the monitoring
system and on how to estimate the confidence interval
associated with the calculated RUL and proposes some
mathematical tools which can be used to model the
degradation. However, as for any standard, it does not focus on
a particular application, neither gives any illustrative example.
The present paper aims at explaining a part of what is
published in the standard ISO 13381-1, namely the failure
prognostics process. Each step of the process will be
progressively explained on an electromechanical example.
Section 2 of the paper briefly summarizes the main points
addressed in the standard. In section 3 the electromechanical
example is presented, followed by the definition of the failure
modes given in section 4. Section 5 is dedicated to the
explanation of the prognostics process by using the example
presented in the previous section. Finally, a conclusion is given
at the end of the paper.
II STANDARD ISO 13381-1
There exists in the literature some discussions about
prognostics in the framework of CBM open standards [5, 7-9]
proposed by the OpenO&M initiative [10] but in this paper
only the one of the ISO is addressed. The standard published
by the ISO deals with the main guidelines and aspects one has
to take into account in order to perform failure prognostics on
engineering systems. The standard gives the definition of
prognostics, specifies the required types of data to consider,
presents the concept and the process of prognostics along with
all necessary parameters, descriptors and influence factors to
consider in order to well estimate the remaining useful life and
the associated confidence value of a given system. Note that the
standard uses the terminology estimated time to failure (ETTF)
instead to RUL. The document also indicates a set of
mathematical models which can be used to model the
degradation phenomena.
Among the topics presented in the standard, three main
aspects can be pinpointed and deserve more attention, namely
the required data, the general monitoring process and the
prognostics process. In the following, only the failure
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prognostics process is discussed and illustrated on a simple
academic example.
III SYSTEM DESCRIPTION
For the explanation of the generic prognostics process
proposed by the standard, a degradation phenomenon in an oil
pump is considered. Pumping systems were chosen because, in
one hand, they are one of the most critical mechanical systems
in the industry and, in the other hand they are frequently used in
the validation of prognostics models. For example, in [11] oil
pumps were used with different contamination levels to test and
to validate the data-driven approach the authors have
developed and which is based on Hidden Semi-Markov Models
(HSMM). In [12] the authors have used the condition and the
event data of centrifugal pumps for validation too. Their model
was based on a feed-forward neuronal network where training
targets were the asset survival probabilities estimated using a
variation of the Kaplan-Meier estimator and a degradationbased failure probability density function (pdf) estimator.
For the present paper, the considered example is shown in
figure 1. The system is composed of three main components:
one induction motor, one hydrostatic bearing and one
centrifugal pump (the function of each component and the
energy flow is explained below). The system is monitored by
different sensors coupled with an acquisition system used to
assess the actual condition of the system and to perform its
health prognostics.

Figure 1: Pumping System.
The main components of the pumping system of figure 1 and
their corresponding functions are explained hereafter.
Induction motor: this system converts the electric
energy into a kinetic energy by the interaction of magnetic
fields and current-carrying conductors. This device is
supplied by an alternating current, and can be separated in
two main parts: an outside stationary stator that has coils
supplied with alternating current to produce a rotating
magnetic field, and an inside rotor guided by bearings linked
to the output shaft to generate a mechanical torque by the
rotating field.

Hydrostatic bearing: solely supports the bearing's
loads on a thin layer of liquid or gas. Hydrostatic bearings
are frequently used in high load, high speed or high precision
applications where ordinary ball bearings have short life or
high noise and vibration. In our example this bearing is used
to guide the shaft toward the pump and to avoid the shaft
deflection.
Centrifugal pump: used to move liquids through a
piping system. The fluid enters the pump impeller along or
near the rotating axis (which is guided by bearings) and is
accelerated by the impeller, radial flowing outward into a
diffuser or volute chamber (casing), from where it exits into
the downstream piping system. Here, the pump performs the
expected or final activity "move a fluid at a constant flow
rate and pressure".
Sensors: used to perform the prognostics and to assess
the actual condition of the main components. Three types of
sensors are used in the monitoring process: accelerometers
which can capture the information contained in the vibration
profile, pressure sensors that can monitor with confidence
the refueling process in the pump and finally, an ohmmeter
to measure the resistance of the stator coils.
Table 1 presents the nomenclature of the used sensors and
the monitored components.
The pumping system works under its nominal specifications:
the flow rate, the speed and the pressure are assumed to be
constant values during the time (it is supposed that the system
is well controlled and without any external perturbation). The
sensors used in the monitoring process are taken as inputs of
suitable acquisition card which allows the data sampling at a
constant rate and uses anti-aliasing filters at a correct frequency.
IV PROGNOSTICS INPUTS
The first step in building a prognostics system, as published in
the ISO standard, is the identification of the set of failure
modes (FM), their influence factors on each other and the
detection measures (descriptors) that allow to track the
evolution of the degradation. The international standard IEC
60812 [13] has presented a procedure named "Procedure for
failure mode and effects analysis (FMECA)", which helps the
identification of all the failure modes for a specific system, by
the analysis of its subsystems and components. Also, the
FMECA method classifies the FMs using risk priority numbers
(RPN) that are calculated with three failure mode parameters:
occurrence (Occ), detection (Det) and severity (Sev). So, the
FMECA allows the definition of the appropriate detection
method and measures to be used in the diagnostics as well as in
the prognostics of the failure modes.
Concerning the pumping system, the results of the
corresponding FMECA analysis are shown in tables 2 and 3.
For this system, only eight FMs are considered and they are
defined as critical. So, the quantification with the RPN was not
necessary, because each FM can compromise the ended
function. The critical components are: the two bearings and the
stator in the electric motor, the oil in the hydrostatic bearing
and the two bearings, the impeller and the seal in the

centrifugal pump. To track the failure mode evolution, different
descriptors were defined. Some of these descriptors were tested
in the literature and have shown promising results. The failure
modes and their corresponding descriptors are defined in the
following paragraphs.
For the bearings failure, the descriptor to be used is
the measure of the "health probability". This descriptor is
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Abbreviation
AccB1
AccB2
Ohm
AccHX
AccHY
AccBP1
AccBP2
AccPI
PS1
PS2

Sensor type
Accelerometer
Accelerometer
Ohmeter
Accelerometer
Accelerometer
Accelerometer
Accelerometer
Accelerometer
Pressure
Pressure

based on wavelet packet decomposition and Hidden Markov
Models (HMM) for tracking the severity of bearing faults. In
this case, the diagnostics system estimates the probability
that the current measures are generated by the normal
condition HMM model. So, any decrease of this probability
is considered as an indication of an incipient fault (see [14]
for more details).

Component
Bearing 1
Bearing 2
Stator
Shaft
Shaft
Bearing 1 pump
Bearing 1 pump
Impeller pump

Subsystem

System

AC Motor
Hydrostatic bearing
Pumping System
Centrifugal pump

Seal

Table 1: Sensors, abbreviations and associated monitored componen
For the stator in the electric motor, the descriptor used
is the resistance, it can be measured by a combination of
voltage and current measurements or simply by using an
ohmmeter (which is the case in this paper) [15].
The oil degradation in the hydrostatic bearing can be
tracked as suggested in [16] by monitoring the center
alignment of the shaft. This measure represents the thickness
of the oil film.
The cavitation in the pump which deteriorates the
impeller by the implosion of the bubbles can be tracked by
the acoustic emissions in the same way as proposed by
Escaler [17].
The leakage is monitored by measuring the differential
pressure between the flow before and after the seal and
assuming that the only component which can cause a leakage
is the seal.
As this is presented in the standard, the initiation criteria of a
failure mode must be defined by set of values which alerts the
user about a failure mode initiation. For the pumping system,
no numerical values were defined as this is considered as an
hypothetical example. Moreover, the FMECA analysis sheet
proposed for this example allows to record these values. The
alarm value is highlighted in yellow in tables 2 and 3.
In the same way, the standard specifies the definition of
other detection values for a failure mode, namely the alert and
the trip (shut-down) values. The alert value is higher than the
alarm value, but lower than trip value (see Eq. 1). The alert
value represents an advanced state of degradation and informs
the maintainer that a maintenance task should be defined to
assess the real condition and to avoid the break down of the
system. In the corresponding FMECA sheet, the space to

register this value is also considered and must be defined if this
example wants to be replaced by a practical one. The blue
column in the FMECA sheet is there to indicate this value. For
the alert value definition, several phenomena must be
considered as proposed in the standard:
the confidence level of the prognostics,
the future production requirements,
the lead times of spare parts,
the required maintenance planning,
the work required to rectify the faults,
and he trend extrapolation and projection.

alarm alert

trip

(1)

The trip, or the shut-down value, specifies the value that the
parameter/descriptor reaches when the component must be
fixed without any exception. Normally, this value is lower than
the real break value and can be understood as the security
factor in strength of materials. This value can be defined from
standards, manufacturer’s guidelines or by experience. In the
pumping system, the FMECA sheet contains also a column to
take into account these values, (see the red colored column in
tables 2 and 3).
V PROGNOSTICS PROCESS
In the same as the ISO, some researchers and industrials are
aware of the importance of prognostics in the CBM policy and
this pushed them to make some efforts in their standardization.
For example, the cooperation between scientists and industrials
has enabled the development of a standard platform to build a
CBM software [9], called "Open Systems Architecture for
Condition-based Maintenance". In this platform the
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standardization of the prognostics process is discussed [7]. The
previous standards and the ISO standard, are consistent in
different points, especially in the fact that the prognostics is a
process which comes after the monitoring process. This is
because the monitoring process is used to estimate the actual
health state of the system and also to generate data which are
useful for the prognostics process.
The ISO standard defines the prognostics as a sequential
process (see figure 2) with four main steps:
1.
Pre-processing: at this step the system identifies all the
existing failure modes, their relations,
symptoms parameters - descriptors and determines the potential future
failure modes.
2.
Existing failure mode prognostics process: a study of
all existing failure modes is then performed, the severity and
the Estimated Time To Failure (ETTF) are calculated.
3.
Future failure mode prognostics process: the most
probable future modes, the influence factors between them
and the existing modes are estimated. Also, the ETTF for the
future failure modes is calculated.
4.
Post-action prognostics: in this step the prognostics
system proposes the maintenance actions to be done in order
to avoid, reduce or delay the failure mode effects. After this,
a new prognostics is made by taking into account the
suggested actions, and the confidence about the estimated
time to failure is calculated.

2.
The second step consists in the identification of the
influence factors between the existing failure modes. To
perform this operation the prognostics system can use the
"effects on" column in the FMECA analysis (see tables 2 and
3) to find the relations between the FMs. Once this operation
is performed for the pumping system, by using the diagnostic

Figure 3: Pumping System.
results obtained in the previous step and the FMECA
analysis, the prognostics system is able to define the
relations displayed with orange color in figure 4.

Figure 2: Pumping System.
In the following, the pumping system presented previously is
used to explain the main steps of the prognostics process.
Pre-processing
During this step the following operations are made:
1.
The first step deals with diagnostics to identify all the
failure modes which exist at a present time in the pumping
system. In our case a Hidden Markov Model can be made for
each failure mode listed in the FMECA sheet as proposed in
[18] to detect the existing failure modes. For the studied
pumping system the result shown in figure 3 can be obtained.
In this application example, the existing failures are:
Two growing outer race defects in the bearing 1 of the
motor and in the bearing 2 of the pump. Both failure
modes come from the past. They are in fact an evolved
version of past failure modes. For this reason the
diagnostics system places these failure modes in the past
line.
Two new failure modes that the diagnostics system has
identified at the present iteration time, by using the last
monitored data of the descriptors D4 and D8. These failure
modes are an oil degradation in the hydrostatic bearing
and a leakage in the seal of the pumping system.

Figure 4: Existing relations between the failure modes
3.
Once the existing failure modes and their relations are
identified, the system has to retrieve all the information
available about these failure modes. In the pumping system,
the FMECA analysis (table 2 and table 3) has different
detection levels (alarm, alert, trip). The prognostics system
must then retrieve this information to track the degradation.
For example, for the descriptor "D1" which is used

Table 2: Page 1 of the FMECA analysis
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Table 3: Page 2 of the FMECA analysis
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to track the outer race break, the system registers the
initiation criteria value (alarm), the alert value, the trip value
and the actual value as shown in figure 5. This operation
must be made for all the descriptors of all the existing failure
modes.
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Figure 5: Existing failure mode values.

Figure 6: Probable failure mode values.

4.
The last step in the pre-processing process consists in
determining the potential future failure modes, their
initiation criteria and the failure definition set points. For
example, in the pumping system the old maintenance
histories data can be used to find the most probable future
failure modes. For this, the prognostics system can proceed
by similarity study and analysis (similar diagnosed failure
modes with their associated monitoring values) on the
previous recorded situations to find the potential future
failure modes. The result of this step is shown in the green
box of figure 6.
Existing failure modes prognostics process
During this step the following operations are made:
1. The first step of this process aims at identifying the
actual condition of the overall system, and the severity of the
existing failure modes. For this, the prognostics system will
classify the failure modes from the most severe to less severe.
To perform this quantification, the system measures the
distance between the actual descriptor value with its
respective trip value, and the smallest distance defines the
most sever failure mode. For example, in the pumping
system if the prognostics system displays in the same
window (using scales factors) the descriptors "D1" and "D4"
which have the trends showed in the figure 7, the system
concludes that the outer race break FM in the bearing 1 of
the AC motor (M_B1_1) is more severe at the present time
than the oil degradation FM in the hydrostatic bearing (HB).
This is because the distance between its current value and its
trip value is shorter than the descriptor "D4".
2. The next step is the time projection of the
parameters/descriptors into the future. For this purpose, the
standard presents projection and extrapolation as trending
tools. The basic difference between trend extrapolation and
trend projection is that projection requires the estimation of

Figure 7: Severity of existing failure modes.
extrapolation curve is fitted only to the existing data. The
projection is then more accurate than the extrapolation, if the
system disposes enough information or is accurately
modeled and captures all the failure modes behavior.
Interested readers can refer to the reviews about several
prognostics approaches and methods published in [1] and in
[19]. In the example of the pumping system, linear
regression models coupled with past information can be used
to project the descriptors as proposed in [20] or in [21]. For
example for the descriptors "D1" and "D4" the system will
trend a curve like the dotted lines shown in figure 8.
3. The subsequent step consists in a simple analysis of the
projection curves. The prognostics system estimates when
the projected parameter/descriptor reaches its respective trip
value (failure), and estimates the difference between the
actual time and the future failure time. This time difference
is the estimated time to failure "ETTF". In the case of the
pumping system, the prognostics model makes the

intersection between the projected values and the trip value
defined for all failure modes in the FMECA sheet and finds
the shortest "ETTF". For example, in figure 8 the
prognostics system projected the descriptors D1 and D4, and
it is possible to see that the descriptor "D4" reaches first its
trip value, whereas the descriptor "D1" does not reach its
corresponding trip value. Then, the system will keep in
memory the "ETTF HB" (green circle in figure 8) which is
associated with the failure mode "HB" (oil degradation).
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Figure 9: Most probable failure mode estimation.

Figure 8: Parameters/descriptors projection and ETTF.
4. Finally, the prognostics process must assure that the
projection is under the specified confidence level. In the
pumping system, to calculate the confidence interval, it is
possible to use for example the Monte Carlo method to take
into account the variation of the parameters' values as in [22]
to estimate the ETTF of a suspension system.
Future failure modes prognostics process
1. The first operation in this step is the determination of
the most probable future failure modes. To perform this
operation the prognostics system can use the initiation
criteria values and the projections presented in the previous
subsection. The system will make the intersection between
the "alarm" values of the potential failure modes obtained in
the step 4 of subsection “Pre-processing”. Then the failure
modes which drop in this class will be retained as the most
probable future failure modes, whereas the others will be
removed for the current iteration. In the pumping system it is
possible to find a situation as presented in figure 9, where the
descriptor projection does not reach the initiation criteria of
the short-circuit in the stator (M_S). So, this failure mode is
then removed and only three future failure modes are
retained and handled, as shown in the red box of figure 9.

2. The next step is similar to the step 2 of subsection
“Pre-processing” where the influence factors were estimated.
Here the system estimates the influence factor between all
the failure modes (existing and future ones). For the
pumping system, knowing the existing and the future failure
modes calculated in the previous step, the system can use the
information indicated in the FMECA sheet ("effect on"
column) to determine the influence between all the failure
modes. Figure 10 shows the influence factors in the studied
pumping system, the orange arrows represent the influence
between the existing failure modes, the red arrows represent
the influence between future failure modes and the green
arrows identify the relations between existing and future
failure modes. Some arrows are bidirectional meaning that
degradation in one component may affect directly the other
and vice versa. This phenomenon is important and has to be
taken into account because a failure mode which evolves
faster and which is near the trip value will degrade the
related components too.
3. This step is similar to steps 2 to 4 presented in
subsection “Existing failure modes prognostics process”, in
where the system estimates the ETTF for the future failure
modes. To do this, the prognostics system will verify the
projections by considering the influence factors, the trip
values and the actual descriptor value.After this, the system
will estimate and retain the shortest future ETTF. In the
pumping system some descriptors of the probable future
failure mode obtained at step 1 of subsection “Future failure
modes prognosis process” may reach their trip values. For
example the descriptor "D7" shown in figure 11 and which
tracks the degradation in the impeller of the pump will reach
the failure state. So, an ETTF can be estimated and
corresponds to the shortest future ETTF which must be
stored in memory. For the case presented in figure 11 the
"ETTF P_I" will be retained (green circle in figure 11).

3. Finally, the prognostics system will present to the
maintainer the results, which are: the critical FMs and their
corresponding ETTFs, the maintenance actions, the
confidence values and the validity conditions. The standard
suggests many error sources which can affect the accuracy of
the calculated ETTFs and confidence values. For example,
confidence values can be completely different for each
descriptor because they depend on many parameters, like the
quality and the quantity of available information, the nature
of the database, the data acquisition and processing methods,
etc. For the pumping system example, the prognostics system
will present to the maintainer two messages, namely:
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Figure 10: Influence factors between all the FMs.
Post-action prognostics
1. Here, the system will identify one or more maintenance
actions which may delay, stop or eliminate the progression of
the critical existing failure mode and prevent the initiation of
future failure modes. For the pumping system, these actions
are recommended in the FMECA sheet. From the previous
steps two critical failure modes with short ETTF were
identified, they are the "ETTF_HB" and the "ETTF P_I".
The prognostics system will then suggest to perform an oil
renewal and a pump inspection or an impeller replacement.
These actions are aimed at avoiding the failure modes and
eliminating their influence on the other failure modes as
shown in figure 12.

Figure 11: ETTF fo the future FMs.
2. At this step the system will re-estimate the existing and
the future failure modes by taking into account the proposed
maintenance actions. For the pumping system example, after
having done the proposed actions the prognostics system will
store all the failure modes (future and existing) in memory.
They will then be used in the next iteration as existing failure
modes and their presence will be validated or invalidated by
the diagnostics system.

a) An oil degradation is present in the hydrostatic bearing,
the ETTF is "ETTF_HB" with a confidence value of "Y"
%, an oil replacement is recommended. This prognosis is
valid under the assumption that the production plan is the
"Production" plan and the weather conditions will stay as
specified in the "Weather" file.
b) The actual conditions and the monitoring history advise
the possibility of cavitation which will degrade the
impeller; a pump inspection or an impeller replacement is
then recommended with an associated confidence value of
"R" %. This prognosis result is valid under the assumption
that the production plan is the "Production" plan and the
weather conditions will stay as specified in the "Weather"
file.
Conclusions
Many interesting topics are presented in the ISO 13381-1, such
as the condition monitoring flow chart detailing the prognostics
process, the prognostics basic concepts and the influence
factors. The prognostics process presented in the standard has
retained the attention because it can be considered as the key
process of any CBM solution. The generic process presented
by the standard may allow the users to understand, develop and
make failure prognostics if the appropiated means are used.
The example presented in this paper helps the new users
interested in industrial prognostics to understand in an easy
way the process suggested by the standard. Indeed, the
prognostics process as presented by the ISO is ambiguous in
many topics like for example the concept of existing failure
modes and the evolution of past failure modes, which are not
explained in detail. Thus, new users can have problems in
understanding the prognostics process.
The work presented in this paper aimed at explaining as well
as possible the prognostics process of the ISO 13381-1
standard through an example. However, the paper did not give
any numerical quantification of this ETTF or about the
corresponding confidence interval. This paper did not also use
any specific modeling or projection mathematical tool, because
an hypothetical example was used, but some references about
appropriated projections methods are given. The choice of
appropriate modeling and projection tools for RUL (or ETTF)
and confidence interval estimation depends in fact on the type

Figure 12: Maintenance actions and their effects on the FMs.
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of the available data, the degradation mechanisms, the the
complexity of the system, the prognostics precision, and on
many other environmental factors. All these points are some of
challenges that deserve to be developed in the future works.
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