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Abstract
Artificial neural network (ANN) methods have shown great promise in achieving more
accurate equipment remaining useful life prediction. However, most reported ANN methods only
utilize condition monitoring data from failure histories, and ignore data obtained from
suspension histories in which equipments are taken out of service before they fail. Suspension
history condition monitoring data contains useful information revealing the degradation of
equipment, and will help to achieve more accurate remaining useful life prediction if properly
used, particularly when there are very limited failure histories, which is the case in many
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applications. In this paper, we develop an ANN approach utilizing both failure and suspension
condition monitoring histories. The ANN model uses age and condition monitoring data as
inputs and the life percentage as output. For each suspension history, the optimal predicted life is
determined which can minimize the validation mean square error in the training process using
the suspension history and the failure histories. Then the ANN is trained using the failure
histories and all the suspension histories with the obtained optimal predicted life values, and the
trained ANN can be used for remaining useful life prediction of other equipments. The key idea
behind this approach is that the underlying relationship between the inputs and output of ANN is
the same for all failure and suspension histories, and thus the optimal life for a suspension
history is the one resulting in the lowest ANN validation error. The proposed approach is
validated using vibration monitoring data collected from pump bearings in the field.

Keywords: Remaining useful life; Prediction; Artificial Neural Networks; Suspension history;
Bearing

1. Introduction

Accurate equipment remaining useful life (RUL) prediction is the key to effective
implementation of condition based maintenance (CBM), which aims to prevent unexpected
failures and minimizing overall maintenance costs [1]. Condition monitoring data, such as
vibration data, oil analysis data and acoustic emission data, are collected and processed, and used
for predicting the RUL. Existing equipment RUL prediction methods can be roughly classified
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into model-based (or physics-based) methods and data-driven methods [1-3]. The model-based
methods predict the remaining useful life using the physical models of the components and
damage propagation models based on damage mechanics [4]. A method for health condition
prediction of propulsion system bearings was developed by Marble et al [5], based on a bearing
spall propagation physical model and a finite element model. Methods for RUL prediction of
gears were proposed by Kacprzynski et al [6] and Li and Lee [7]. If properly used, physics-based
models can greatly improve the RUL prediction accuracy. However, equipment dynamic
response and damage propagation processes are typically very complex, and authentic physicsbased models are very difficult to build. For example, for a variety of components, structures and
systems, accurate models are not available for modeling the vibration dynamic response with
respect to different levels and different types of damages. In these cases, model-based methods
cannot be effectively implemented without accurate physical models.
Data-driven methods utilize collected condition monitoring data for RUL prediction, and do
not require physical models. The data-driven methods are based on the understanding that
condition monitoring data and the extracted features will change during the damage initiation
and propagation process, or the degradation process. The data-driven methods aim at modeling
the relationship between equipment age, condition monitoring data, and equipment degradation
and remaining useful life. Jardine et al developed the Proportional Hazards Model approach for
CBM, where health condition indicators are predicted using the transition probability matrix [1,
8]. Artificial neural networks (ANNs) have been considered to be very promising tools for
equipment RUL prediction because of their adaptability, nonlinearity, and arbitrary function
approximation ability [9-12]. Lee et al [13] presented an Elman neural network method for
health condition prediction. Gebraeel et al developed ball bearing remaining life prediction
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methods based on feedforward neural networks [14-15], in which the output of the ANN model
was a condition monitoring measurement, such as overall vibration magnitude. A disadvantage
of using such an output is that the failure threshold values are typically hard to clearly define in
practical applications. Wu et al [16] proposed another ANN based RUL prediction model, where
the ANN output was the life percentage, or in another word, one minus the remaining life
percentage. An extended version of the model was presented by Tian [17], which can deal with
data that are not equally spaced and involve multiple measurement dimensions, and was applied
to the RUL prediction of field bearings.
A history of a unit refers to the period from the beginning of its life to the end of its life,
failure or suspension, and the inspection data collected during this period. Thus, condition
monitoring data consists of failure histories and suspension histories. In a failure history, a
component ends up with a failure and it is replaced with a new component. In a suspension
history, the component is taken out of service, i.e., replaced by a new component, before it fails
and never used again in the equipment. Thus, a history is called a suspension history if the
component is replaced with a new one during planned maintenance or inspection. If a component
is replaced because other components in the system are damaged, we also call it a suspension
history since the component has not failed when it is replaced. However, if a component is just
temporarily stopped (or removed) and later put back into the system (after the planned
maintenance or after other components are replaced), we do not call it a suspension history, and
we should continue collecting condition monitoring data from the component until it fails or it is
suspended and replaced with a new component. Suspension history condition monitoring data
contains useful information revealing the degradation of equipment, and will help to achieve
more accurate remaining useful life prediction if properly used. Due to shorter cycles of new
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product introduction or shorter cycles of applying a component within a specific configuration,
and the fact that industry tends not to allow their equipments to fail, we typically have a small set
of failure histories and a larger set of suspension histories. Thus it is particularly critical to fully
utilize suspension histories if only very few failure histories are available.
In conventional reliability analysis, only failure times and suspension times are used to
construct the likelihood function for estimating the lifetime distribution probability density
function, typically the Weibull distribution is used in reliability analysis, and thus for predicting
future reliability and expected time to failure [18]. Lu & Meeker [19] developed a two-stage
statistical method for estimating the fix-effect parameters and random-effect parameters in the
remaining life distribution model, using degradation data in both failure and suspension histories.
The proportional hazards model can also incorporate both failure and suspension history data in
estimating the model parameters. However, the time to failure distribution is relatively wide, and
the state transition rates are hard to accurately predict if a large amount of condition monitoring
data is not available [1, 8, 20]. Very little work has been reported on ANN methods for RUL
prediction utilizing suspension histories. The only reported work we can find is a recent paper by
Heng et al [2]. The ANN model in the paper uses condition monitoring measurements at several
past time points as inputs, and the outputs are the reliability values, or probability of survival, at
future time points. However, the outputs are difficult to interpret and convert to the predicted
failure time for the unit.
In this paper, we propose an approach based on the ANN model we developed before, which
takes age and condition monitoring data as inputs and the life percentage as output. The biggest
challenge of using this model to deal with suspension data is to estimate the optimal failure times
for each suspension history so that they can be used to train the ANN model. In the proposed

5

approach, we address this issue based on the understanding that the underlying relationship
between the inputs and output of ANN is the same for all failure and suspension histories, and
thus the optimal life for a suspension history is the one resulting in the lowest ANN validation
error.
The remainder of this paper is organized as follows. The ANN model and the training
algorithm are presented in Section 2. The proposed ANN method is discussed in Section 3.
Section 4 presents the case study, in which the proposed ANN method is validated using realworld vibration monitoring data collected in the field from pump bearings. Conclusions are given
in Section 5.

Notations:

F:

Number of failure histories

S:

Number of suspension histories

𝑁𝐹𝑓 :

Number of inspection points in failure history f.

𝑁𝑆𝑠 :

Number of inspection points in suspension history s.

𝐽:

The number of condition monitoring measurements

𝑇𝐹𝑓 :

Failure time for failure history f.

𝑗

𝑧𝑓,𝑖 :

The measurement 𝑗 at time 𝑡𝑖 in failure history 𝑓.

𝑇𝑆𝑠 :

Suspension time for suspension history s.

𝑇𝑆𝐷𝑠,𝑙 :

Possible failure time value l for suspension history s

𝑡𝑠,𝑖 :

Equipment age at inspection point i in suspension history s.

6

𝑇𝑆𝑠∗ :

The optimal failure time for suspension history s

2. The Artificial Neural Network Model

In this section, we present the ANN model used in this work. The structure of the ANN
model was proposed by Tian [17]. But the training algorithm and the stopping criterion are
different in this work, so that the trained ANN model can be more effectively used in the
proposed remaining life prediction approach.

2.1 The ANN model

The ANN model proposed by Tian [17] is used in the work. The structure of the ANN model
is shown in Fig. 1. The ANN model is a feedforward neural network model with an input layer,
an output layer with one output neuron, and two hidden layers. We use an ANN with two hidden
layers instead of one because we find it is able to produce more reliable results according to our
experiments. That is, using the same ANN structure and the same data, we can get different
training and prediction results when we train the ANN for different times because of the
randomness in the training algorithm. According to our experiments, such differences are smaller
for ANNs with two hidden layers, comparing to ANN with one hidden layer.
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. An example of the ANN
structure, with two condition monitoring measurements, is shown in Fig. 1. Specifically, 𝑡𝑖 is the
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age of the equipment at the current inspection point 𝑖, and 𝑡𝑖−1 is the age at the previous
1
inspection point 𝑖 − 1; 𝑧𝑖1 and 𝑧𝑖−1
are the values of measurement 1 at the current and previous
2
inspection points, respectively; 𝑧𝑖2 and 𝑧𝑖−1
are the values of measurement 2 at the current and

previous inspection points, respectively. Using data at the two time points allows the use of the
information about the rate of change of measurement values. We only use data at the current and
previous inspection points because data at these two points is able to reflect the health condition
of the equipment, and more importantly, more robust ANN models with better generalization
capability can be produced by effectively limiting the number of input parameters and thus the
trainable weights. Wu et al [16] used equally spaced bearing vibration data collected in the lab
environment, and they stated that according to their experiments, using two time points could
lead to better results than using more complete monitoring data set. We also compared the option
of using two time points and that using three time points in the ANN input layer, which kind of
provides information on the “accelerations” of the measurement values, using our experiment
data, and found that ANN using two time points is able to produce slightly more accurate
prediction results. In addition, it is more computationally efficient to use ANN using data at two
time points. The age values at the current and previous time points are used, so that we can
handle condition monitoring data 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 [8]. More measurements can be incorporated by adding more input nodes
to the ANN model. For example, if we have totally 𝐼 significant condition monitoring
measurements to be incorporated in the ANN model, the total number of input nodes will be
totally (2 + 2𝐼).
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Fig. 1. Structure of the ANN model for remaining useful life prediction [17]

The output of the proposed ANN model is the life percentage, denoted by 𝑃𝑖 . As an example,
suppose the age of a bearing at the time of failure is 511 days and, at an inspection point 𝑖, the
age is 400 days, then the life percentage at inspection point 𝑖 would be:
𝑃𝑖 = 400⁄511 × 100% = 78.3%.

(1)

It is true that the health condition of a piece of equipment deteriorates with time. For example,
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. Thus, without loss of generality, we can assume that the
true inherent health condition index increases monotonically with time. Life percentage is an
excellent option for indicating the inherent health condition index of a piece of equipment due to
the following two reasons: (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 transfer function for the neurons in two hidden layers is the hyperbolic tangent sigmoid
transfer function, which, for hidden neuron 𝑗, takes the form shown in Equation (2):
𝑦𝑗 = 2⁄(1 + 𝑒 −2𝑁𝑗 ) − 1,
𝐾

𝑗
𝑁𝑗 = ∑𝑘=1
𝑤𝑘𝑗 𝑦𝑘 + 𝛿𝑗 .

(2)
(3)

where 𝑦𝑗 is the output value of neuron 𝑗, 𝐾𝑗 is the number of neurons with output connections to
neuron 𝑗, 𝑤𝑘𝑗 is the weight value of the connection from neuron 𝑘 to neuron 𝑗, and 𝛿𝑗 is the bias
value of neuron 𝑗. The transfer function for the neuron in the output layer is the linear transfer
function, which, for output neuron 𝑗, takes the following form:
9

𝑦𝑗 = 𝑁𝑗 ,

(4)

where 𝑁𝑗 takes the form given in Equation (3).
Thus, once the weight and bias values are determined during the training process, given an
input vector with age and condition monitoring measurement values, the life percentage can be
calculated using Equations (2)-(4).

2.2 The ANN training process

2.2.1 The training algorithm

During the training process, based on the training data set including a set of input vectors and
the corresponding output values, the weights and the bias values of the ANN model are adjusted
to minimize the error between the model outputs and the actual outputs. The performance
function, or error function, is to be minimized during the training process. The typical
performance function takes the following form:
1

1

𝑁
2
2
𝐹 = 𝑚𝑠𝑒 = 𝑁 ∑𝑁
𝑘=1(𝑒𝑘 ) = 𝑁 ∑𝑘=1(𝑦𝑘 − 𝑑𝑘 ) ,

(5)

where 𝑁 is the number training input and output pairs. 𝑑𝑘 is the actual output. 𝑦𝑘 is the model
output, which are calculated using Equations (2)-(4), and 𝑒𝑘 is the corresponding output error.
There are many algorithms available for training feedforward neural networks, such as the
standard backpropagation algorithm, and the Levenberg-Marquardt (LM) algorithm [21].
However, as to be discussed later in this paper, the validation mechanism, or the early stopping
method, will be used in the training process to improve the network generalization, and it has
been reported that the resilient backpropagation (RPROP) algorithm is a method that works well
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with the validation mechanism [22]. The resilient backpropagation algorithm is a first-order
optimization algorithm for supervised learning in ANN, and it was developed by Riedmiller and
Braun in 1993 [23]. The purpose of the resilient backpropagation training algorithm is to
eliminate the harmful effects of the magnitudes of the partial derivatives. Only the sign of the
derivative is used to determine the direction of the weight update, and the size of the weight
change is determined by a separate update value [22]. Because the importance of the validation
mechanism, as to be discussed in details later, in this work, we use the resilient backpropagation
algorithm to train the ANN.

2.2.2 The validation mechanism

The objective of the training process is to model the mapping between the input vector and
the output without modeling the noise in the data. The problem of “overfitting” may occur during
the ANN training. That is, the error on the training set is driven to a very small value, but when
new data is presented to the trained network, the error is large. It is critical to ensure the
generalization performance of the trained network, particularly for the application of remaining
life prediction in this work.
There are basically two methods for improving network generalization [22]. One method is
the use of validation data set. That is, the available data is divided into the training set and the
validation set. Data in the training set is used to adjust the ANN weights and bias values, while
the data in the validation set is not. During the ANN training process, the mean square error for
the training set and that for the validation set will drop early in the training process, because the
ANN is learning the relationship between the inputs and the outputs by modifying the trainable
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weights based on the training set. After a certain point, however, the mean square error for the
validation set will start to increase, because the ANN starts to model the noise in the training set.
The training process can be stopped at this point, and a trained ANN with good modeling and
generalization capability can be achieved.
The other method for improving network generalization is called regularization. The
performance function is modified in this method, so that we not only minimize the mean square
error, but also minimize the sum of squares of the network trainable weights. The two
minimization objectives are combined using the performance ratio 𝛾, and the performance
function is shown as follows.
1

1

𝐽
2
2
𝐹 = 𝛾 ∙ 𝑚𝑠𝑒 + (1 − 𝛾) ∙ 𝑚𝑠𝑤 = 𝛾 𝑁 ∑𝑁
𝑘=1(𝑦𝑘 − 𝑑𝑘 ) + (1 − 𝛾) 𝐽 ∑𝑗=1 𝑤𝑗 ,

(6)

where 𝑚𝑠𝑤 represents the sum of squares of the network trainable weights, 𝑤𝑗 denotes weight 𝑗,
and 𝐽 denotes the total number of trainable weights. The problem with this method is that the
optimum value of the performance ratio is difficult to determine. Another regularization method
is Bayesian regularization, in which the optimum performance ratio is determined in an
automatic fashion during the training process [24].
In this work, in the training process, we need a performance measure to indicate how good
the trained ANN is, given a certain set of available data. The mean square error (MSE) on the
training set cannot be used as the measure, because a lower training MSE does not necessarily
correspond to a better network due to the generalization issue. The Bayesian regularization
cannot be used either because the optimum performance ratios are likely different if the same
data is used to train the network several times, and thus the overall MSE cannot give an
indication of which trained network is the best.
Thus, in this work, we use the validation data set to improve the network generalization. The
12

available data is divided into the training set and the validation set. Based on reported results, we
use 1/3 of the available data as the validation set and the other 2/3 as the training data set. The
MSE on the validation data set, i.e., the validation MSE, is used as the performance measure to
determine which trained ANN is the best among a number of networks trained using the same
data sets. Compared to other measures, the validation MSE is the best measure for this purpose.
Generally, the lower the validation MSE, the better the trained network.

3. The Proposed ANN Remaining Useful Life Prediction Approach Utilizing
Failure and Suspension Histories

3.1 Overview

Most of the reported ANN remaining life prediction methods ignore suspension histories and
only use failure histories. However, suspension condition monitoring histories contain valuable
information reflecting the degradation of equipment, and can lead to more accurate remaining
life prediction if properly utilized. From the perspective of remaining useful life prediction, there
are two key pieces of valuable information associated with a suspension history:
(1) the suspension time: the equipment is taken out of service at the suspension time while it
has not failed. This information can be used as a constraint when we build the ANN prediction
model. That is, when the ANN prediction model is applied to the condition monitoring data in
the suspension history, the predicted failure times are supposed to be beyond the suspension time.
(2) the degradation progression reflected in the condition monitoring data: a piece of
13

equipment degrades over time, and the age and condition monitoring data can reflect the
degradation level of the equipment. The degradation progression reflected in the suspension
history can help to improve the prediction accuracy of the ANN model.
The two key pieces of information mentioned above can help to establish the relationship
between the collected age and condition monitoring data and the remaining useful life. Often
times, we have a small number of failure histories and more than twice as many suspension
histories. The failure times, as well as the age and condition monitoring data, can be quite
different among different units of the equipment. By properly utilizing the suspension histories,
we can have more data to model the relationship between the collected age and condition
monitoring data and the remaining useful life, and thus achieve more accurate remaining useful
life prediction.
As discussed in Section 2, the ANN model takes the age and condition monitoring data as
inputs and the life percentage as output. The life percentage value for a certain inspection point is
equal to the age value divided by the failure time of the equipment. Thus, the key challenge in
utilizing data from a suspension history is that the failure time is unknown, without which we
cannot determine the life percentage values for the suspension history in order to train the ANN
model. In this work, we address this challenge by first determining the optimal failure time for
each suspension history. The key idea is that the underlying degradation relationship between the
inputs and output of the ANN is the same for all failure and suspension histories. We can specify
a failure time for a suspension history, and train the ANN using the training set constructed
based on that suspension history and all of the failure histories. For the suspension history, the
optimal failure time is supposed to correspond to the trained ANN with the best training
performance. As discussed in Section 2, the validation MSE can be used as the measure to
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indicate the training performance of a trained ANN. Thus, the optimal failure time for a
suspension history can be obtained by finding the failure time corresponding to the lowest ANN
validation MSE.
The procedure of the proposed remaining life prediction approach is shown in Fig. 2. The
details of the approach are presented in the following subsections.

Fig. 2. Procedure of the remaining life prediction approach

3.2 Constructing the failure history training data set

The first step of the approach is to construct the failure history training data set, which will
be combined with training data set based on the suspension histories to train the ANN. Suppose
there are 𝐽 condition monitoring measurements used in the ANN model. An ANN input vector
based on failure history 𝑓 takes the following form:
𝐽
𝐽
1
1
2
2
𝑰𝑵 = (𝑡𝑓,𝑖−1 , 𝑡𝑓,𝑖 , 𝑧𝑓,𝑖−1
, 𝑧𝑓,𝑖
, 𝑧𝑓,𝑖−1
, 𝑧𝑓,𝑖
, … , 𝑧𝑓,𝑖−1
, 𝑧𝑓,𝑖
),

(7)
𝑗

where 𝑡𝑓,𝑖 denotes the equipment age at inspection point i in failure history f, and 𝑧𝑓,𝑖 represents
the measurement 𝑗 at time 𝑡𝑓,𝑖 . The corresponding output value is:
𝑡

𝑃𝑓,𝑖 = 𝑇𝐹𝑓,𝑖 ,
𝑓

(8)

where 𝑇𝐹𝑓 represents the failure time for failure history 𝑓. Thus, the total number of input/output
pairs based on the failure histories is:
𝑁𝐹 = ∑𝐹𝑓=1(𝑁𝐹𝑓 − 1) ,
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(9)

3.3 Finding the optimal failure time for a suspension history

As discussed before, the optimal failure time for a suspension history corresponds to the
lowest validation MSE if we train the ANN using the training set constructed based on this
suspension history and all the failure histories.
For suspension history s, we specify L discrete possible failure time values, and obtain the
corresponding ANN validation MSE values. The discrete failure time values are denoted by
𝑇𝑆𝐷𝑠,1, 𝑇𝑆𝐷𝑠,2, …, 𝑇𝑆𝐷𝑠,𝐿 , respectively. These values are selected based on the suspension time
for the history, 𝑇𝑆𝑠 . Specifically, we can have 𝑇𝑆𝐷𝑠,𝑙 ≥ 𝑇𝑆𝑠 (1 ≤ 𝑙 ≤ 𝐿) for most of the failure
time values, and have 1-2 values smaller than 𝑇𝑆𝑠 , so that we can find the optimal failure time
based on the validation MSE values at these discrete points.
For a certain failure time value 𝑇𝑆𝐷𝑠,𝑙 , we can obtain the ANN input/output pairs for
suspension history s. The input vectors take the same form as that for failure histories, given in
Equation (7). The ANN output value corresponding to the 𝑖th inspection point is given as:
𝑡

𝑠,𝑖
𝑃𝑠,𝑖,𝑙 = 𝑇𝑆𝐷

𝑠,𝑙

,

(10)

where 𝑡𝑠,𝑖 denotes the equipment age at inspection point i in suspension history s. The ANN
input/output set includes the input/output pairs based on suspension history s and the
input/output data set constructed based on all the failure histories. Thus, the total number of
input/output pairs is:
𝑁𝑆𝑠 = 𝑁𝑆𝑠 − 1 + ∑𝐹𝑓=1(𝑁𝐹𝑓 − 1) ,

(11)

where 𝑁𝑆𝑠 represents the total number of inspection points in suspension history s. The
input/output set is further divided into the ANN training set and the ANN validation set: 2/3 of
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the input/output pairs for the training set and 1/3 for the validation set. Specifically, we go
through the suspension history and the failure histories, and select an input/output pair in every
three input/output pairs to construct the ANN validation set. The ANN is trained using the
resilient backpropagation algorithm based on the training set and the validation set, and the
validation MSE can be obtained. Because of the randomness in the training algorithm, typically
we cannot obtain the exactly same validation MSE value each time. Thus, in this work, we train
the ANN 30 times, and record the 3 lowest, or best, validation MSE values for future use, which
𝑠
are denoted by 𝑣𝑒𝑙,𝑟
(𝑟 = 1, 2, 3).
𝑠
The ANN validation MSE values 𝑣𝑒𝑙,𝑟
(𝑟 = 1, 2, 3) can be obtained for all the discrete

failure time values 𝑇𝑆𝐷𝑠,𝑙 (1 ≤ 𝑙 ≤ 𝐿) for suspension history s. Thus, we can obtain totally 3𝐿
data points, each containing a validation MSE value and the corresponding failure time. In order
to find the optimal failure time based on the discrete validation MSE values, we need to fit these
validation MSE data points. Considering the flexibility and the ability to model simple trends, we
use the third order polynomial to fit the data points:
𝑦 = 𝑎𝑥 3 + 𝑏𝑥 2 + 𝑐𝑥 + 𝑑,

(12)

where y represents the validation MSE, x represents failure time, and a, b, c, d represent the
polynomial coefficients to be determined. Once the polynomial function is obtained, it is easy to
find the optimal failure time corresponding to the lowest ANN validation MSE, using a simple
optimization process. The optimal failure time for suspension history s is denoted by 𝑇𝑆𝑠∗ . To
enforce the suspension time constraint, let 𝑇𝑆𝑠∗ = 𝑇𝑆𝑠 if 𝑇𝑆𝑠∗ is smaller than the suspension time.
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3.4 ANN Training based on the suspension histories with optimal failure times and the
failure histories

Using the procedure in Section 3.3, we can find the optimal failure times for all the
suspension histories: 𝑇𝑆𝑠∗ (1 ≤ 𝑠 ≤ 𝑆). Now we can train the ANN for remaining useful
prediction based on the suspension histories with optimal failure times and the failure histories.
The form of an ANN input vector is given in Equation (7). The ANN output value for an
input/output pair from a failure history is given by Equation (8), and that from a suspension
history is given as follows:
𝑡

𝑃𝑠,𝑖 = 𝑇𝑆𝑠,𝑖∗
𝑠

(13)

Thus, the total number of input/output pairs is:
𝑁IO = ∑𝑆𝑠=1(𝑁𝑆𝑠 − 1) + ∑𝐹𝑓=1(𝑁𝐹𝑓 − 1) ,

(14)

The ANN training set includes 2/3 of the input/output pairs, and the ANN validation set includes
the remaining 1/3 of the input/output pairs. Similarly, we train the ANN 30 times using the
resilient backpropagation algorithm, and save the ANN with the smallest validation MSE.

3.5 Remaining life prediction using trained ANN

Once the ANN is trained, as discussed in the previous section, it can be used for RUL
prediction for other equipments being monitored, as shown in Fig. 2. The age and condition
monitoring measurements at the current and previous data points are used as inputs to the trained
ANN, and the current life percentage can be obtained. The RUL is obtained by dividing the
current age by the predicted life percentage. When new condition monitoring data is available,
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the prediction will be performed again and the RUL will be updated. The remaining useful life
prediction process stops when the equipment fails or when it is preventively taken out of service.

4. Case Studies

4.1 Case study introduction

Condition monitoring data collected from the field is used to validate the proposed ANN
approach for RUL prediction utilizing both failure and suspension histories, particularly when
there are only few failure histories available. The condition monitoring data were collected from
bearings on a group of Gould pumps at a Canadian kraft pulp mill company [25]. In total, there
are 10 bearing failure histories and 14 suspension histories available. Vibration monitoring data
were collected from the pump bearings using accelerometers. The collected vibration
measurements include the overall vibration magnitudes in the axial, horizontal and vertical
directions, and in each of these directions, the vibration magnitude values are obtained in five
frequency bands. In addition, the overall acceleration values are also measured in the three
directions. Not all the measurements are significantly correlated with the degradation of the
bearings. Significance analysis, which is built into the software EXAKT developed by OMDEC
Inc., is utilized to identify the significant condition monitoring measurements [26]. Two
measurements are identified to be significant: the vibration magnitude in the horizontal direction
and that in the vertical direction in the 5th vibration frequency at the problematic bearing end of
the pump. We refer to these two measurements as Measurement 1 and Measurement 2. The
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significance analysis result is shown in Fig. 3, where “P1H_Par5” refers to Measurement 1 and
“P1V_Par5” refers to Measurement 2, and both the “Sign.” column and the “p-value” column
show that these two measurements are significant.

Fig. 3. Significance analysis result using EXAKT

Based on the data available, we study two cases. In the first case, we investigate the situation
where there are very few failure histories: among the 10 failure histories, we use 2 of them as
failure histories, and 4 of them to generate 4 suspension histories to build the ANN prediction
model. In the second case, we use 5 of the 10 failure histories as failure histories and use 10
actual suspension histories to illustrate the proposed ANN prediction approach.
We compare the prediction performance of the proposed approach and the ANN method
using only the failure histories. Several failure histories are used as test histories to test the
prediction performance. The Average Prediction Error, denoted by 𝑒̅ , is used to quantify the
prediction performance:
1
𝑒̅ = 𝑛 ∙ ∑𝑛𝑘=1|𝑃𝑘 − 𝑃̂𝑘 | ∙ 100%,

(15)

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. Due to the randomness in the training algorithm, the resulting trained ANN model, and
thus the prediction results, will not be the same each time we run the algorithm. Thus, we repeat
the ANN training and prediction process 10 times, and use the average prediction errors as the as
the prediction error for the inspection points in the test history. Specifically, for an inspection
point at which the prediction performance is tested, the absolute value of the prediction error is
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calculated as:
1
̂
|𝑃𝑘 − 𝑃̂𝑘 | = 10 ∑10
𝑟=1|𝑃𝑘 − 𝑃𝑘𝑟 |,

(16)

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 𝑟th
time. For each of the test histories, we test the prediction performance starting from inspection
point 6, since failures are not expected very early in the life.
The prediction accuracy late in the life of the equipment is more important than that early in
its life, because it 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 10 inspection points for each test
failure history. 𝑒̅L10 is used to represent the Average Prediction Error considering only the last 10
inspection points for each test history.

4.2. Case study 1

In this case study, we investigate the situation where there are very few failure histories. It is
supposed that only 2 failure histories are available, in which there are totally 37 inspection points.
Among the 10 failure histories, another 4 of them are used to generate 4 suspension histories, and
the remaining 4 are used as test histories to test the prediction performance. For the 4 failure
histories used for generating suspension histories, the actual failure times are given in Table 1.
The suspension times are randomly selected, but basically based on the principle that if the
vibration magnitude measurements are too high, say over 0.045, the unit is taken out of service.
The suspension times are also given in Table 1.
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4.2.1 Prediction results using only the failure histories

As mentioned before, most reported ANN RUL methods only use failure histories for
prediction while ignoring the suspension histories. In this section, we use data from the 2 failure
histories to train the ANN, and test the prediction performance using the 4 test histories. The
ANN used in the case study has 6 input neurons, since there are two significant condition
monitoring measurements. The ANN has two hidden layers with 2 hidden neurons in each
hidden layer, resulting in totally 23 trainable weights. The total number of inspection points in
the two failure histories is 37, giving a total of 34 ANN input/output pairs, according to Equation
(9). The ANN training set and the validation set are constructed from the input/output pairs. The
ANN is trained using the resilient backpropagation algorithm 30 times, and the ANN with the
smallest validation MSE is saved for prediction performance testing.
For the four test histories, there are a total of 127 inspection points at which the prediction
performance is tested. The prediction results with the ANN method using failure histories only
are shown in Table 2, where 𝑒̅All is the overall average prediction error, 𝑆𝑇𝐷All denotes the
standard deviation of the prediction error, 𝑒̅L10 is the average prediction error considering only
the last 10 inspection points for each test history, and 𝑆𝑇𝐷L10 is the corresponding standard
deviation. The results show that the overall average prediction error is 22.94%, and the standard
deviation of the prediction error is 10.47%. It can be seen that if we only use the two failure
histories to train the ANN, the prediction error is relatively large. The relatively large standard
deviation value suggests that the prediction accuracy is not very stable.
We investigated the prediction performance at the last 10 inspections points in each test
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history, which accounts for about 1/3 of the total test history inspection points. The remaining
lives at these inspection points are between 291 days and 0 day, and the life percentage values
are between 80.2% and 100%. It can be seen from Table 2 that the average prediction error,
8.18%, and the prediction error standard deviation, 6.67%, are significantly better than those
considering all the inspection points. This illustrates the ability of the ANN model to achieve
more accurate prediction late in the life of the equipment.

4.2.2 Prediction results using the proposed ANN approach

In this section, the prediction results using the proposed ANN approach are presented. The
suspension times for the 4 suspension histories are shown in Table 1. For a certain suspension
history s, we investigate the following 7 possible failure time values: 𝑇𝑆𝑠 − 300, 𝑇𝑆𝑠 − 150, 𝑇𝑆𝑠 ,
𝑇𝑆𝑠 + 150, 𝑇𝑆𝑠 + 300, 𝑇𝑆𝑠 + 450, and 𝑇𝑆𝑠 + 600, that is, remaining life values -300, -150, 0,
150, 300, 450 and 600 days. We investigate a relatively small and sparse set of failure time
values so as to detect the obvious changes and trends in validation MSE. The possible failure
times 𝑇𝑆𝑠 − 300 and 𝑇𝑆𝑠 − 150 are also investigated for the purpose of establishing the trend in
the validation MSE change, and for finding the optimal failure time for a suspension history.
Following the procedure described in Section 3, for each possible failure time, the ANN is
trained 30 times using the resilient backpropagation algorithm, and the 3 lowest validation MSE
values are recorded. Thus, for suspension history s, we can obtain 21 “validation MSE v.s.
remaining life” points. The parameters for the third order polynomial function, as shown in
Equation (12), can be obtained by fitting these points. Applying a simple optimization procedure
to the third polynomial function, say the Newton’s method, the optimal remaining life
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corresponding to the lowest validation MSE can be obtained. If the optimal remaining life is
found to be smaller than 0, we let the optimal remaining life be equal to 0. The results for the
four suspension histories are summarized in Fig. 4. The ANN validation MSE values at the 7
remaining life points are denoted by “*”. It can be observed that the validation MSE value
changes with respect to the remaining life for a suspension history. Specifically, the validation
MSE generally exhibits the trend of decreasing with the remaining life first and then starting to
increase with it, which indicates that an optimal remaining life value that corresponds to the
lowest validation MSE can be identified. For a suspension history, the fitted third order
polynomial function is plotted in the figure as a solid curve, and the optimal remaining life is
denoted in the figure by “o”. The optimal failure times for the four suspension histories are found
to be 567 days, 495 days, 591 days and 1001 days, respectively.

Fig. 4. The validation MSE and optimal remaining life values for the suspension histories in
Case 1

Using the training set and validation set constructed based on the suspension histories with
the optimal failure times and the failure histories, the ANN can be trained for RUL prediction.
The prediction performance of the trained ANN is tested using the same four test histories at the
127 inspection points. The prediction results are shown in Table 2 too. It can be seen that both
the overall prediction performance and the prediction performance at the last 10 inspection
points in each test history are apparently improved, and this shows the ability of the proposed
ANN approach for producing more accurate and stable prediction results. It is worth noting that
this approach achieved very good prediction accuracy at the last 10 inspection points, with an
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average prediction error of 5.66%. The prediction accuracy improvement is due to fact that using
the proposed approach, the ANN model is able to capture useful information in the four
suspension histories which is not available in the two failure histories, and use the information to
achieve more accurate prediction.

4.3. Case study 2

In this section, we study the case involving actual suspension histories and more failure
histories. Among the 10 available failure histories, we use 5 of them as failure histories and the
remaining 5 as test histories. We use 10 actual suspension histories, which is twice the number of
the failure histories used.

4.3.1 Prediction results using the failure histories only

Similarly, we first investigate the ANN method using the 5 failure histories only. The total
number of inspection points in the 5 failure histories is 116, which gives a total of 111 ANN
input/output pairs, according to Equation (9). Because of the complex relationship to model and
the availability of more inspection data, in this case we use an ANN with 3 neurons in the first
hidden layer and 2 neurons in the second hidden layer, resulting in totally 31 trainable weights.
The prediction performance of the trained ANN model is tested using the 5 test histories, and
there are 156 inspection points at which the prediction performance is tested. The prediction
results are shown in Table 3. Compared to the results in Table 2 using only two failure histories,
the four prediction performance measures in the current results are improved. The prediction
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accuracy improvement results from the fact that more failure history data is available for training
the ANN model in this case.

4.3.2 Prediction results using the proposed ANN approach

10 actual suspension histories are used, and the suspension times range from approximately
500 days to 1400 days. Similar to Case study 1, for a certain suspension history s, we investigate
the following 7 possible failure time values: 𝑇𝑆𝑠 − 300, 𝑇𝑆𝑠 − 150, 𝑇𝑆𝑠 , 𝑇𝑆𝑠 + 150, 𝑇𝑆𝑠 + 300,
𝑇𝑆𝑠 + 450, and 𝑇𝑆𝑠 + 600, and we can obtain the “validation MSE v.s. remaining life” points.
The results for the 10 suspension histories are shown in Fig. 5, where, for each suspension
history, the ANN validation MSE values at the 7 remaining life points are denoted by “*”, the
fitted third order polynomial function is plotted in the figure as a solid curve, and the optimal
remaining life is denoted in the figure by “o”.
The prediction performance of the proposed approach is tested using the 5 test histories at the
156 inspection points, and the results are given in Table 3. As can be seen Table 3, the prediction
results are significantly better than those obtained with the ANN method using failure histories
only, in terms of the average prediction errors and the prediction error standard deviation values.
This illustrates that significantly more accurate prediction results can be achieved by properly
utilizing the suspension histories. Comparing to those in Table 2, the results with the proposed
ANN approach in Table 3 are better because more failure histories and more suspension histories
are available for constructing the prediction model. It is particularly worth pointing out, as shown
in Table 3, that the proposed approach achieves excellent prediction performance over the last 10
inspection points in the test histories: the average prediction error is 3.65%, and the standard
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deviation of the prediciton error is 1.09%. The prediction results on a sample test history is
shown in Fig. 6. This case study illustrates the capability of the proposed ANN approach to
achieve more accurate and stable remaining life preciction.

Fig. 5. The validation MSE and optimal remaining life values for the suspension histories in
Case 2

Fig. 6. Prediction results for a sample test history using the proposed approach

5. Conclusions

In this paper, we develop an ANN approach utilizing both failure and suspension condition
monitoring histories. The ANN model uses age and condition monitoring data as inputs and the
life percentage as output. For each suspension history, the optimal predicted life is determined
which can minimize the validation mean square error in the training process using the suspension
history and the failure histories. Then the ANN is trained using the failure histories and all the
suspension histories with the obtained optimal predicted life values, and the trained ANN can be
used for remaining useful life prediction of other equipment. The key idea behind this approach
is that the underlying relationship between the inputs and output of ANN is the same for all
failure and suspension histories, and thus the optimal life for a suspension history is the one
resulting in the lowest ANN validation error. The proposed approach is validated using realworld vibration monitoring data collected from pump bearings in the field, and the case study

27

shows that the proposed approach can produce more accurate remaining life prediction results.
A component may fail in different failure modes. In many practical situations we only have
the collected condition monitoring measurements from these failure and suspension histories, but
don’t have more specific information about the failure modes of different components. However,
if in some applications the failure mode and degradation process information is available for the
failure and suspension histories, we can adapt our approach and train an ANN using the histories
with the same degradation process, and apply the trained ANN to a component subject to the
same degradation process if this information is also available. It will be very challenging, though,
if we don’t know the degradation process for a component being monitored. This is an
interesting topic and worth further investigating in future research.
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Fig. 3. Significance analysis result using EXAKT
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Fig. 6. Prediction results for a sample test history using the proposed approach
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Table 1. the Actual failure times and the suspension times for the suspension histories
Suspension history #: 𝑠

Actual failure time

Suspension time: 𝑇𝑆𝑠

(days)

(days)

1

601

506

2

511

425

3

692

521

4

986

982
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Table 2. The RUL prediction results (Case 1)
𝑒̅All

𝑆𝑇𝐷All

𝑒̅L10

𝑆𝑇𝐷L10

The ANN method using
failure histories only

22.94%

10.47%

8.18%

6.67%

The proposed ANN
approach

16.87%

7.05%

5.66%

2.12%
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Table 3. The RUL prediction results (Case 2)
𝑒̅All

𝑆𝑇𝐷All

𝑒̅L10

𝑆𝑇𝐷L10

The ANN method using
failure histories only

19.79%

9.26%

6.79%

4.13%

The proposed ANN
approach

13.82%

7.86%

3.65%

1.09%
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