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Abstract Accurate equipment remaining useful life prediction is critical to effective condition based maintenance
for improving reliability and reducing overall maintenance
cost. In this paper, an artificial neural network (ANN) based
method is developed for achieving more accurate remaining
useful life prediction of equipment subject to condition monitoring. The ANN model takes the age and multiple condition
monitoring measurement values at the present and previous
inspection points as the inputs, and the life percentage as the
output. A function generalized from the Weibull failure rate
function is used to fit each condition monitoring measurement series for a failure history, and the fitted measurement
values are used to form the ANN training set so as to reduce
the effects of the noise factors that are irrelevant to the equipment degradation. A validation mechanism is introduced in
the ANN training process to improve the prediction performance of the ANN model. The proposed ANN method is validated using real-world vibration monitoring data collected
from pump bearings in the field. A comparative study is performed between the proposed ANN method and an adapted
version of a reported method, and the results demonstrate the
advantage of the proposed method in achieving more accurate remaining useful life prediction.
Keywords Remaining useful life · Prediction ·
Artificial neural network · Accurate · Bearing
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Introduction
Condition based maintenance (CBM) aims at achieving
reliable and cost-effective operation of engineering systems
such as aircraft systems, wind turbine generators, hydro
power plants and manufacturing systems (Jardine et al.
2006). In CBM, condition monitoring data, such as vibration data, oil analysis data and acoustic data, are collected
and processed to determine the equipment health condition;
Future health condition and thus the remaining useful life
(RUL) of the equipment is predicted; and optimal maintenance actions are scheduled based on the predicted future
equipment health condition, so that preventive replacements
can be performed to prevent unexpected failures and minimize total maintenance costs (Jardine et al. 2006; Levitin
2005; Vachtsevanos et al. 2006; Liao et al. 2006; Inman et al.
2005). Accurate health condition prediction is the critical to
effective implementation of condition based maintenance.
Existing equipment health condition and RUL prediction methods can be roughly classified into model-based
(or physics-based) methods and data-driven methods. The
model-based methods predict the remaining useful life using
damage propagation models based on damage mechanics
(Vachtsevanos et al. 2006; Inman et al. 2005). Marble and
Morton (2006) predicted the health condition of propulsion
system bearings using the bearing spall propagation physical
model and finite element model. Kacprzynski et al. (2002)
developed an approach for gear health condition prediction
based on gear tooth crack initiation and propagation physical models. Li and Lee (2005) proposed an approach for
remaining useful life prediction of gears with a fatigue tooth
crack based on a gear meshing stiffness identification model,
a gear dynamic model and a fracture mechanics model. If
properly used, physics-based models can greatly improve
the RUL prediction accuracy. However, damage propagation
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processes are typically very complex, and authentic physicsbased models are difficult to build for many components and
systems.
Data-driven methods utilize collected condition monitoring data for RUL prediction. Jardine et al. developed the Proportional Hazards Model approach for CBM, where health
condition indicators are predicted using the transition probability matrix (Jardine et al. 2006; Banjevic et al. 2001; Makis
and Jardine 1992). However, in order to ensure the CBM
optimization efficiency, each health condition indicator, or
covariate, has to be divided into a small number of bands,
which affects the health condition indicator prediction accuracy. Moreover, the state transition rates are hard to accurately predict if a large amount of condition monitoring data
is not available. Dong and He developed hidden semi-Markov
models based methods for equipment diagnosis and prognosis (Dong et al. 2006; Dong and He 2007a,b). Artificial
neural networks (ANNs) have been considered to be very
promising tools for equipment health condition and RUL prediction due to their adaptability, nonlinearity, and arbitrary
function approximation ability (Tian and Zuo 2009; Rojas
1996; Huang et al. 2007; Tse and Atherton 1999). Neural
network methods do not assume the analytical model of the
damage propagation, but aim at modeling the damage propagation process, or degradation process, based on the collected
condition monitoring data using neural networks and perform health condition prediction. Lee et al. (2006) proposed
to extract an overall health indicator based on the collected
condition data, and predict future health indicator values
using the autoregressive moving average (ARMA) method
and Elman neural networks. Gebraeel et al. developed ball
bearing remaining life prediction methods based on feedforward neural networks (Gebraeel et al. 2004; Gebraeel and
Lawley 2008). The output of the ANN model was a condition monitoring measurement, such as overall vibration magnitude. However, the failure threshold values are typically
hard to clearly define in many practical applications. Wu
et al. (2007) proposed another RUL prediction method based
on ANN, where the ANN output was the life percentage, or
in another word, one minus the remaining life percentage.
The accuracy and robustness of this method, though, can be
further improved.
In this paper, we propose a new ANN based method for
achieving more accurate RUL prediction. The ANN model
takes the age and multiple condition monitoring measurement values at discrete inspection points as the inputs and
the life percentage as the output. The prediction accuracy is
improved mainly by reducing the effects of the noise factors
that are irrelevant to the equipment degradation in the condition monitoring data, and by utilizing the validation mechanism in the ANN training process. The remainder of this
paper is organized as follows. The proposed ANN method is
presented in section “The proposed ANN remaining useful
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life prediction method”. Section “Case study” discusses the
case study, in which the proposed ANN method is validated
using real-world vibration monitoring data collected in the
field from pump bearings, and a comparative study is performed. The final section presents the conclusions.

The proposed ANN remaining useful life prediction
method
In this section, we first present a modified ANN method based
on Wu’s method (Wu et al. 2007), which can be used to deal
with condition monitoring data collected at discrete inspection time points. A new ANN RUL prediction method is
proposed next. The procedure of the proposed approach is
discussed in details and illustrated using examples.
The modified Wu’s method
In this section, we present a modified version of the ANN
prediction method developed by Wu et al. (2007), and refer
to it as the “Modified Wu’s method”. In the original version of
Wu’s method, they considered only one condition monitoring measurement, and developed a feedforward ANN model
with three inputs and one output, with current time t, the current measurement and the measurement at (t −1) as the inputs
and the life percentage as the output. The life percentage is
the ratio between the current age of the unit and its failure
time. However, this model cannot handle many practical situations in which condition monitoring data is collected at discrete inspection time points that are not equally spaced, such
as the vibration monitoring data for many pump bearings,
and the oil analysis data for truck transmissions (Banjevic
et al. 2001). Moreover, typically there are more than one
measurement that are correlated with the degradation of the
equipment, and they should be incorporated into the ANN
model to produce more accurate RUL prediction results.
Bearing these in mind, we propose a modified version of
Wu’s model. The structure of the modified model is shown
in Fig. 1. The ANN model has an input layer, an output layer
and two hidden layers. The reason we use an ANN with two
hidden layers instead of one is that we find it is able to produce more reliable results according to our experiments. The
inputs to the ANN include the age values and the condition
monitoring measurements at the current inspection point and
those at the previous inspection point. We only consider two
measurements in Fig. 1, but more measurements can be handled by adding more input nodes to the ANN model. Specifically, ti is the age of the equipment at the current inspection
point t, and ti−1 is the age at the previous inspection point
1 are the values of measurement 1 at the curi − 1; z i1 and z i−1
2
rent and previous inspection points, respectively; z i2 and z i−1

J Intell Manuf (2012) 23:227–237

Input
Layer

229

Hidden
Layers

Output
Layer

Training
Failure History Data:
Actual age and measurement values

ti −1
Train ANN

ti

Prediction

z i1−1

z i1

Predict the life percentage
using the trained ANN and
current input values

Pi

z i2−1

Calculate the RUL based on
the predicted life percentage

z i2
Yes

Fig. 1 Structure of the Modified Wu’s ANN model

(1) Actual condition monitoring measurements are used to
train the ANN model. The data is from the available
failure histories in the training set.
(2) When predicting the RUL of the current monitored
equipment using the trained ANN, actual condition
monitoring measurements are used as the inputs.
(3) No validation process is used when training ANN (Wu
et al. 2007).

Issues with using actual measurement values as the inputs
to the ANN model
As described before, the Modified Wu’s method uses actual
condition monitoring measurement values as the inputs to the
ANN model. However, when the measurements are collected
at inspection points in practical applications, there are usually external noise factors that will affect the measurement
values. As an example, Fig. 3 shows an actual measurement
series for a bearing failure history, which was collected from
a pump in the field. A history refers to the period of a unit from
the beginning of its life to the end, failure or suspension, of its
life, and the inspection data collected during this period. The
bearing failed at age 511 days. It can be seen that although the
measurement shows a generally increasing trend, there are
large fluctuations at multiple places. On the other hand, the

Fig. 2 Procedure of the Modified Wu’s method
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are the values of measurement 2 at the current and previous
inspection points, respectively.
The Modified Wu’s method can handle unequally spaced
inspection points and multiple condition monitoring measurements. Adapted from Wu’s original method (Wu et al.
2007), the procedure of the Modified Wu’s method is shown
in Fig. 2. Several key points that are worth noting are:
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Fig. 3 An actual measurement series for a sample failure history (measurement 1: vibration magnitude in the horizontal direction in frequency
band 5)

deterioration of the health condition of a component, such as
the propagation of a spall in a bearing or the propagation of a
root crack or the surface wear in a gear, is generally a monotonic process. Therefore, directly feeding the current and the
previous actual measurement values to the ANN model and
mapping it to life percentage, the health condition measure,
will introduce noises into the ANN model, and compromise
its capability to accurately represent the health condition of
the equipment.
Function for fitting the actual measurement series
To address the above-mentioned issues with using actual condition monitoring measurements as the inputs to the ANN
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Example 1 The function is used to fit the actual measurement series shown in Fig. 3, which is collected from a pump
bearing in the field. There are totally 31 inspection points, the
bearing failed when the age was 511 days. Using GA, we can
find the optimal values for the parameters in the Generalized
Weibull-FR function as shown in Eq. 1, so as to best fit the
measurement series. The obtained function with the optimal
parameters is given as follows:
3.99
t 3.99−1 ,
(2)
541.803.99
The results are shown in Fig. 4, in which the fitted values are
represented by “*”. We can also observe that the fitted measurement series give a better indication of the degradation of
the equipment.
ẑ(t) = 0.021 + 8.62

The proposed ANN model
The structure of the proposed ANN model is shown in Fig. 5.
The proposed ANN model uses the fitted measurement values
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model, we propose to use an appropriate function to fit the
measurement series first, and use the fitted measurement values as inputs to the ANN model, so as to better represent the
deterioration of a piece of equipment. We propose a function
which is generalized from the Weibull distribution failure
rate function. In reliability analysis, it is the failure rate measure that indicates the health condition of a certain type of
component at a given time. Weibull distribution is very powerful in representing various practical lifetime distributions,
and flexible enough to represent distributions with different
scales and shapes (Kuo and Zuo 2003). Thus, the following function generalized from the Weibull distribution failure
rate function is used to fit the measurement series:
β
(1)
ẑ(t) = Y + K β t β−1 ,
α
where t is the age of the unit, ẑ(t) is the fitted measurement
value, and are the scale
 parameter and the shape parameter,
respectively. β/α β t β−1 is the failure rate function for the
2-parameter Weibull distribution. Parameter K is introduced
to scale the fitted measurement values to any ranges, and
parameter Y is used to indicate the value when the age is 0.
We refer the function in Eq. 1 as the “Generalized WeibullFR function”. Thus, the Generalized Weibull-FR function has
four parameters, which can be determined using least-square
method based on the actual measurement series. In this work,
we use genetic algorithm (GA) to find the optimal values for
the four parameters because of the good global optimization
performance of GA (Levitin 2005; Levitin et al. 1998). We
have tested the Generalized Weibull-FR function using many
actual measurement series collected from the field, and found
that the function is capable of fitting all the tested measurement series very well.
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Fig. 4 An actual measurement series and the fitted measurement series
(measurement 1: vibration magnitude in the horizontal direction in
frequency band 5)
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Fig. 5 Structure of the proposed ANN model

instead of the actual measurement values as the inputs. Specifically, ti and ti−1 are the age values at the current inspection
point i and the previous inspection point i − 1, respectively;
1
are the fitted values of measurement 1 at the
ẑ i1 and ẑ i−1
current and previous inspection points, respectively; ẑ i2 and
2
are the fitted values of measurement 2 at the current
ẑ i−1
and previous inspection points, respectively. With these data
at the current and the previous inspection points, we take
into account the age and measurement values as well as the
changes of the measurement values at these points, and these
important information will be processed by ANN to estimate
the remaining useful life. We only use data at the two inspection time points instead of incorporating data at more past
inspection points, because ANNs with less input nodes have
better generalization capability, and the experiments results
in this work show that adding more input nodes will not
improve the RUL prediction performance.
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The output of the proposed ANN model is the life
percentage, denoted by Pi , which is the same as that in the
Modified Wu’s method. As an example, suppose the failure
time of a bearing is 511 days and, at an inspection point t, the
age is 400 days, then the life percentage at inspection point
i would be:
Pi = 400/511 × 100% = 78.3%.
It is worth justifying the use of the life percentage to represent the health condition of a piece of equipment. It is usually
hard to find a single indicator that generally changes monotonically with time to represent the health condition of a piece
of equipment. Even if we can find such an indicator, it is very
difficult to establish a failure threshold value for the indicator. However, it is true that the health condition of a piece of
equipment deteriorates with time, and, without loss of generality, we can assume that the true inherent health condition
index increases monotonically with time. Since it is hard to
determine the true inherent health condition index based on
the collected condition monitoring measurements, we can try
to identify a measure that has a monotonic mapping relationship with the true inherent health condition index. We believe
“life percentage” is a good option for this purpose: (1) the
mapping between the inherent health condition index and the
life percentage is monotonically non-decreasing, and (2) life
percentage is also able to indicate when the failure occurs,
that is, the failure occurs when the life percentage reaches
100%.
The remaining life prediction problem is a complex nonlinear problem. The objective is to predict the equipment
remaining useful life based on the available age and condition monitoring data. The relationship between the 6 inputs,
the age and condition monitoring data, and the output, the
life percentage, is very complex and non-linear. Because of
the capability in modeling complex non-linear relationship,
ANN is a powerful tool to be used to address the remaining
useful life prediction problem in the proposed approach.
Training of the proposed ANN model
The training set for the proposed ANN, shown in Fig. 5,
is formed by the age and fitted measurement values at the
inspection points for the available failure histories. For example, suppose we have four failure histories, and they have 30,
30, 40, 40 inspection points, respectively. So for failure history 1, we have 29 training pairs, including the six inputs and
the corresponding one output, since we need data at the current and previous inspection points in the input vector. Thus,
the total number of training pairs is:
29 + 29 + 39 + 39 = 136.
For each condition monitoring measurement in a failure
history, we first use the Generalized Weibull-FR function to
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fit the measurement series, and then use the fitted measurement values in the ANN training set.
A critical issue of using ANN is to avoid overfitting the network. If an ANN is overfitted, noise factors will be modeled
in the network, which affects the generalization capability
of ANN, and thus affects the prediction accuracy. Wu et al.
(2007) did not consider this issue in their work, thus there is
no mechanism as to when to stop training so as to achieve a
trained ANN that can best model the mapping relationship
between the inputs and outputs without overfitting. A widely
used approach for avoiding overfitting is the use of validation
set (Rojas 1996). That is, during the ANN training process,
the mean square error for the training set and that for the validation set are calculated. Both of the mean square errors drop
early in the training process because the ANN is learning the
relationship between the inputs and the outputs by modifying the trainable weights based on the training set. After a
certain point, the mean square error for the validation set will
start to increase, because the ANN starts to model the noise
in the training set. Thus, the training process can be stopped
at this point, and the trained ANN with good modeling and
generalization capability can be achieved.
Another question is how to construct the validation set.
One method is dividing the available failure histories into
two groups, one used as the training set and the other as the
validation set. The percentage of histories used in the validation set is typically around 40% (Rojas 1996). This causes a
problem if we do not have a lot of failure histories, which is
the case in many practical applications. As an example, there
are 11 failure histories in the problem to be investigated in
the case study later. If we use this method to construct the
validation set, only 6–7 histories can be included in the training set. The valuable information in the other 4–5 failure
histories will not be directly used to modify the trainable
weights, which will affect ANN’s ability to model the relationship between the inputs and output based on available
data. In this paper, we propose to construct the validation
set using the actual measurement data for all failure histories, and, as mentioned before, use the fitted measurement
data to construct the training set. In this way, data based on
all failure histories can be taken advantage of for modifying
the trainable weights in the ANN training process, and the
validation process can help to avoid overfitting the network.
Experiments based on practical condition monitoring data
have shown that the use of such a validation set in the training process can lead to more accurate and robust predictions.
Based on the training set and the validation set, the ANN
is trained using the Levenberg–Marquardt (LM) algorithm.
The details of the LM algorithm for training feedforward
neural networks can be found in Rojas (1996).
Because of the uncertainty in the ANN training algorithms
such as the LM algorithm, with the same training set and
validation set, typically we will not obtain the same neural
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network after training. In this work, we train the ANN five
times, and select the one with the lowest training mean square
error (MSE). This is actually another advantage of using the
validation mechanism in the training process. Without the
validation process, a lower training MSE does not necessarily means a better network, and in many cases it is not. Thus,
we cannot select the best trained ANN based on the training
MSE if we do not have the validation mechanism. However,
if we do have the validation mechanism, as in the proposed
ANN method, a lower training MSE will indicate a trained
ANN with better modeling and generalization capabilities,
and thus an ANN with better prediction capability.
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Training

Fit each measurement series for a failure
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Construct the validation set using the
actual measurement values

Train ANN

Prediction

Procedure of the proposed ANN method

Fit each measurement series based on
measurement values up to the current time, to
obtain inputs to the trained ANN model

The procedure of the proposed method is shown in Fig. 6.
The explanation of the procedure is given as follows.
Step 0: We start from the available failure history data,
which includes the age values and actual condition monitoring measurement values at inspection
points for each failure history.
Step 1: Each measurement series for a failure history is
fitted using the Generalized Weibull-FR function.
The age values and the fitted measurement values
at inspection points for all failure histories are used
to construct the ANN training set.
Step 2: The ANN validation set is constructed using the
age values and the actual measurement values at
inspection points for all failure histories.
Step 3: Train the ANN model based on the training set and
the validation set using the LM algorithm.
After Step 3, the ANN training process is completed, and the trained ANN model is obtained for
RUL prediction. For a piece of equipment which is
currently being monitored, the following steps are
for the RUL prediction for the equipment.
Step 4: At a given inspection point, we first fit each measurement series based on the measurement values
up to the current time. The fitted measurement values at the current and previous inspection points,
as well as the age values at these two inspection
points, are used as the inputs to the trained ANN
model.
Step 5: The predicted life percentage value at the current
point is calculated using the trained ANN model.
Step 6: The RUL is calculated based on the current age of
the equipment and the predicted life percentage.
For example, if the current age is 400 days and the
predicted life percentage is 80%, the predicted failure time would be 400/80% = 500 (days), and the
RUL would be 500 − 400 = 100 (days).
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Yes
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Fig. 6 Procedure of the proposed ANN method

Step 7: When new inspection data is available, repeat Step
4 to Step 6 based on the available data, and update
the RUL prediction.

Discussions of the proposed ANN method
The proposed ANN aims at producing more accurate equipment RUL prediction. The following two points are worth
mentioning.
(1) The proposed ANN method predicts the life percentage
of the unit. Thus, we do not have to define the failure threshold, which is hard to clearly define in many
practical applications. The unit is failed when the life
percentage reaches 100%.
(2) The proposed ANN method does not require the identification of the time when the incipient fault occurs. In
practical applications, it is usually hard to identify the
incipient fault time for an available failure history based
on the collected condition monitoring measurements.
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However, if the incipient fault time can be properly identified in some applications, the incipient fault times can
be considered to be age 0 for the histories. The proposed
ANN method can still be used, and its prediction accuracy is expected to be improved comparing to directly
using the available failure histories.

Case study
Case study introduction
In this section, condition monitoring data collected from the
field is used to validate the proposed ANN method for RUL
prediction. The condition monitoring data were collected
from bearings on a group of Gould pumps at a Canadian kraft
pulp mill company (Stevens 2006). A comparative study is
performed between the proposed ANN method and the Modified Wu’s method to demonstrate the advantage of the proposed method.
The pump bearing subject to condition monitoring is
shown in Fig. 7 (Stevens 2006), in which the arrows point to
the location of the bearing. There are 11 bearing failure histories, and they are used in this work. Vibration monitoring data
were collected from the pump bearings using accelerometers,
and processed and recorded using data acquisition systems.
The collected vibration measurements include velocities in
three directions, axial, horizontal and vertical, and in each
of these directions, the velocity spectrum is obtained in five
frequency bands. In addition, overall velocity and acceleration are also measured in the three directions. However,
not all the measurements are correlated with the degradation of the bearings. Significance analysis can be used to
identify the significant condition monitoring measurements
(Lin et al. 2006). The significance analysis capability built
in the software EXAKT is utilized (Rojas 1996), and two
measurements are identified to be significant: the velocity
measurements in vibration frequency band 5 in the horizontal and the vertical directions, respectively. We refer to these
two measurements as Measurement 1 and Measurement 2.
There are totally 310 inspection points for these 11 bearing
failure histories. The inspection points for a history are not
equally spaced, and the number of inspection points for a history ranges from 8 to 45. As mentioned before, Fig. 3 actually
shows the actual measurement series for Measurement 1 for
one of the failure histories. The bearing failure time ranges
from 63 days to 1,468 days, and the average failure time is
approximately 790 days.
RUL prediction using the proposed ANN method
The bearing condition monitoring data mentioned above are
used to test the RUL prediction performance of the proposed

Fig. 7 The pump bearings subject to condition monitoring (Stevens
2006)

ANN method, which is described in Fig. 6. The following
approach is used to test the RUL prediction performance of
the proposed ANN method. When we apply the ANN prediction method in practical situations, we first use the available
data, failure history data, to train the ANN, and then use the
trained ANN model to predict the RUL of a new unit which
has not yet failed. In this case study, we have 11 bearing failure histories. Thus, we can use 1 bearing failure histories to
construct the ANN test set to test the prediction performance,
and use the remaining 10 failure histories to construct the
ANN training set and the validation set to train the ANN
model. After that, we can use a different failure history to
construct the ANN test set to test the prediction performance
and use the remaining 10 failure histories to train the ANN.
We can repeat this process until we go through all the failure
histories. Using the approach described above, the test failure history is not involved in the ANN training process, and
we can make full use of the data available to test the prediction performance of the ANN method at as many inspection
points as possible to achieve accurate prediction performance
evaluation.
The Generalized Weibull-FR function is used to fit each of
two measurements for the 11 failure histories. Results show
that the function can fit each of the measurement series very
well, although different measurement series have different
length, different values ranges, and times that the measurement values start to show obvious increase. Figure 4 shows
the actual measurement series and the corresponding fitted
measurement series for Measurement 1 for one of the failure
histories. For the 10 failure histories used for ANN training,
the fitted measurement values at the inspection time points
and the corresponding age values are used to construct the
ANN training set, and the actual measurement values are
used to construct the validation set. The ANN model we
use has two hidden layers with three hidden neurons in the
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Fig. 9 Prediction results for the shortest test failure history

Fig. 8 Prediction results for a sample test failure history

first hidden layer and two hidden neurons in the second hidden layer. From our experiments, such ANN configuration
is found to be able to produce better prediction results compared to other ANN configurations with different number of
hidden neurons. The LM algorithm for the ANN training is
run five times, and the trained ANN corresponding to the lowest training MSE is selected for the prediction performance
testing. The algorithm is implemented in MATLAB.
The prediction performance of the trained ANN is evaluated using the test set constructed based on the remaining
one failure history. We test the prediction performance starting from inspection point 6, since measurement values at the
first several inspection points are needed to fit the measurement series and generate the fitted measurement values used
as the inputs to the trained ANN model. The predicted life
percentage values are obtained, and are compared with the
actual life percentage values, which are calculated based on
the age values at the inspection points and the bearing failure time. Each of the 11 failure histories is used to construct
the test set once to test the prediction performance. The prediction results for a sample test failure history are shown in
Fig. 8. The horizontal axis is the age of the bearing, and the
failure time of the bearing is 1,246 days. The vertical axis
is the life percentage. The actual life percentage values are
represented by “o”, and the life percentage values predicted
using the trained ANN model are represented by “*”. We
can see that the predicted life percentage values are close to
the actual values, and the prediction becomes more accurate
when it is close to the failure time.
The prediction results for the shortest test failure history,
with the duration of 63 days, are shown in Fig. 9. There
are only three inspection points at which the prediction performance is tested, and the average prediction error is 4.2%.
The prediction results for the longest test failure history, with
the duration of 1,468 days, are shown in Fig. 10. The average prediction error considering all the inspection points is
14.6%, and that considering only the last five prediction point
is 3.2%. From these two cases, we can see that the proposed
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Fig. 10 Prediction results for the longest test failure history

ANN approach can produce accurate remaining life prediction results for both short test histories and long test histories.
The Average Prediction Error, denoted by ē, is used to
quantify the prediction performance:

ē =

n
1 
·
|Pk − P̂k | · 100%,
n

(3)

k=1

where n is the number of inspection points for testing the
prediction performance, Pk is the actual life percentage at
inspection point k, and P̂k is the predicted life percentage
at inspection point k. First we calculate the Average Prediction Error over all the inspection points in the test sets. Since
each of the 11 failure histories is used to construct the test set
once, and the prediction performance is tested starting from
inspection point 6 for each test failure history, we have totally
255 inspection points at which the prediction performance is
tested. For the same test failure history, the resulting trained
ANN model, and thus the prediction results, will not be the
same every time we run the algorithm. Thus, for each test
failure history, we repeat the ANN training and prediction
process 10 times, and use the average prediction errors as
the prediction error for the inspection points in the test failure history. Specifically, for an inspection point at which the
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prediction performance is tested, the absolute value of the
prediction error is calculated as:
1 
|Pk − P̂kr |,
|Pk − P̂k | =
10
10

(4)

r =1

where k is the inspection point index, Pk is the actual life
percentage at inspection point k, and P̂kr is the predicted life
percentage when we run the ANN training and prediction
process the r th time. The value obtained from Eq. 4 can be
used in Eq. 3 to calculate the Average Prediction Error. Considering all of the 255 inspection points in the test sets, the
Average Prediction Error is 11.1%.
However, the prediction accuracy late in the life of the unit
is more important than that early in its life, because this will
more likely affect the decision on whether or not preventive
replacement should be performed at the current inspection
point. To investigate the prediction accuracy late in the unit
life, we test the prediction performance at the last 5 inspection points for each test failure history (use all the inspection
points in the test set if there are less than 5 inspection points
in the test set for a test failure history). Totally, there are
53 such inspection points for this purpose, which accounts
for approximately 21% of the total inspection points in the
test sets, and the corresponding actual life percentage ranges
from 87.3% to 100%. Considering only these 53 inspection
points late in the life of the unit, the Average Prediction Error
is 5.7%, which is significantly better than that when considering all of the inspection points in the test sets.
From the prediction results, we find that the prediction
results for one of the failure histories are much worse, by
an order of magnitude, than those for other failure histories.
From the measurement series plots for this particular failure
history, we can observe very large fluctuations late in the life
of the bearing, and the measurement series do not generally
Table 1 The RUL prediction
results for different test histories
using the proposed ANN
method

Test history #

follow the pattern exhibited by those in other failure histories.
It is impossible to retrieve what occurred for this unit during
the period. But it is very likely that some unusual events or
factors affected the collected condition monitoring measurements, which makes this failure history an outlier. Thus, we
decide to evaluate the prediction performance without considering this particular failure history. In this way, the Average Prediction Error considering all of the inspection points
in the test sets is 10.6%, and the Average Prediction Error
considering only the last 5 inspection points for each test failure history is 3.4%. These are satisfactory RUL prediction
results, and can assist the condition based maintenance optimization. The complete RUL prediction results for the individual test histories are presented in Table 1. From Table 1, we
can also obtain the same observation as we do from Fig. 8,
that is, the remaining useful life prediction becomes more
accurate when it is close to the failure time. For all the test
histories except the outlier failure history #7, the prediction
error at the last five inspection points is smaller than the
overall prediction error considering all the test inspection
points.
As another measure for the prediction accuracy late in the
life of a unit, we can look at the Average Prediction Error
for the prediction results where the predicted life percentage values are between 90% and 100%. Using the proposed
ANN method, approximately 30% of the prediction results
are covered by this criterion, and the Average Prediction Error
is 3.65%, which is very satisfactory. The RUL prediction
results are summarized in Table 2, where ēAll represents
the Average Prediction Error considering all the inspection
points in the test sets ēL5 , represents the Average Prediction
Error considering only the last 5 inspection points for each
test history, and ē90−100 represents the Average Prediction
Error considering only the prediction results where the predicted life percentage values are between 90% and 100%.

Average prediction error (ē)
ēAll (%)

ēL5 (%)

ē90−100 (%)

1

6.4

4.9

1.4

2

15.6

2.2

2.7

3

9.4

5.4

7.2

4

10.5

3.3

3.4

5

8.3

5.4

5.1

6

4.2

4.2

4.1

7

16.0

29.0

27.7

8

10.9

3.1

4.8

9

17.5

1.5

1.9

10

8.9

0.9

1.7

11

14.6

3.2

3.1

123

236

J Intell Manuf (2012) 23:227–237

Table 2 The RUL prediction
results

Average prediction error (ē)
ēAll (%)

ē90−100 (%)

The Proposed ANN method

10.6

3.4

3.65

The Modified Wu’s method

12.5

4.9

8.28

Comparative study between the proposed ANN method
and the Modified Wu’s method
The Modified Wu’s method, which can handle unequally
spaced inspection points and multiple measurements, is used
to perform RUL prediction based on the same bearing condition monitoring data used in this case study, and the
prediction results are compared with those obtained using
the proposed ANN method. To ensure a fair comparison, the
same settings are used as much as possible in the Modified
Wu’s method. The ANN model used has two hidden layers
with three hidden neurons in the first hidden layer and two
hidden neurons in the second hidden layer. The LM algorithm
is used for ANN training. The maximum training epoch is
500, and larger training epoch, say 1000, will not improve
the prediction performance. The ANN training and prediction testing processes are also the same as those used in the
previous section.
The RUL prediction results using the Modified Wu’s
method is presented in Table 2 as well. The Average Prediction Error considering all the inspection points in the test
sets, ēAll , is 12.5%, the Average Prediction Error considering only the last 5 inspection points for each test history,
ēL5 , is 4.9%, and the Average Prediction Error considering
only the prediction results where the predicted life percentage values are between 90% and 100%, ē90−100 , is 8.28%.
Comparing the results by the proposed ANN method and the
Modified Wu’s method, it can be seen that the proposed ANN
method can produce more accurate prediction with respect
to all of the three measures. Specifically, with respect to
measure ēAll , ēL5 , and ē90−100 , the prediction results with
the proposed ANN method are approximately 18, 44, and
127% better, respectively, than those with the Modified Wu’s
method. These results clearly demonstrate the advantage of
the proposed ANN method over the Modified Wu’s method.

Conclusions
Accurate equipment remaining useful life prediction is critical to effective condition based maintenance for improving reliability and reducing overall maintenance cost. This
paper develops an ANN method for achieving more accurate
remaining useful life prediction of equipment subject to condition monitoring. The ANN model takes the age and multi-
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ēL5 (%)

ple condition monitoring measurement values at the present
and previous inspection points as the inputs, and the life percentage as the output. The generalized Weibull-FR function
is used to fit each condition monitoring measurement series
for a failure history, and the fitted measurement values are
used to form the ANN training set to reduce the effects of
the noise factors that are irrelevant to the equipment degradation. When the trained ANN is used for RUL prediction, the inputs to the trained ANN are generated by fitting
the available measurement values for the current unit using
the generalized Weibull-FR function. The validation mechanism is introduced in the ANN training process to improve
the prediction performance of the ANN model. In addition,
the proposed ANN method does not require the definition of
a failure threshold, which is hard to clearly define in many
practical applications.
The proposed ANN method is validated using the condition monitoring data collected in the field from bearings on a
group of Gould pumps. Experiment results show that the proposed ANN method can produce satisfactory RUL prediction
results, which will assist the condition based maintenance
optimization. A comparative study is performed between the
proposed ANN method and the Modified Wu’s method, and
the results demonstrate the clear advantage of the proposed
approach in achieving more accurate predictions.
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