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A Deep Learning Based Data Fusion Method
for Degradation Modeling and Prognostics
Feng Wang, Juan Du , Member, IEEE, Yang Zhao, Tao Tang, and Jianjun Shi

Abstract—Degradation modeling is a critical and challenging
problem as it serves as the basis for system prognostics and
evolution mechanism analysis. In practice, multiple sensors are
used to monitor the status of a system. Thus, multisensor data
fusion techniques have been proposed to capture comprehensive
information for prognostic modeling and analysis, which aims at
developing a composite health index (HI) through the fusion of
multiple sensor signals. In the literature, most existing methods
use a linear data-fusion model for integration of multisensor data to
construct the HI, which is insufficient to model nonlinear relations
between sensing signals and HI in a complicated system. This
article proposes a novel data fusion method based on deep learning
for HI construction for prognostic analysis. A pair of adversarial
networks is proposed to enable the training procedure of neural
networks. To guarantee the stability of the algorithm, we propose
a root mean square propagation (i.e., RMSprop)-based sampling
algorithm to estimate model parameters. A set of simulation studies
and a case study on a set of degradation signals of aircraft engines
are conducted. The results demonstrate that the proposed method
has a significant improvement on remaining useful life prediction
compared to existing data fusion methods.
Index Terms—Health index (HI), data fusion, deep learning,
RMSprop-based sampling, remaining useful life (RUL) prediction.

NOMENCLATURE
DNN-based Data Fusion Model
L
Number of layers in a neural network.
Number of neurons in layer l.
pl
Output of neural network, i.e., health index for unit i
oi,t
at time t.
Output of neurons in layer l.
hl
Linear output of neuron i in layer l.
zil
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ω(·)
b
w
bo
bl
wo

Activation function.
Bias of neurons in a neural network.
Weight linking layers in a neural network.
Bias of neuron in the output layer.
Bias of neurons in layer l.
Weight vector between the last hidden layer and the
output layer.
Weight matrix between layer l and layer l − 1.
wl
θ
Model parameter of neural network, θ = (w; b) .
η
Learning rate.
Gradient of loss function in terms of model parameter
gτ
at iteration τ .
K
Mini-batch size.
Number of subsets for K-fold cross validation.
Kcv
Number of training epochs.
Ne
The maximum iteration for hyper-parameter tuning.
Nhy

Threshold of prediction error (PE) to accept the sampled model.
err
Average RUL prediction error.
Mon
Monotonic term in entire training dataset.
Moni,t Monotonic term for training unit i at time t.
R
Range term in the entire training dataset.
Range term for training unit i.
Ri
Coefficient for εi,t .
ci,t
Variable that measures the amount of violation in the
εi,t
monotonicity of the health index.
α
Tolerance to the violation in monotonicity in the loss
function.
β
Target range in the loss function.
λ1 , λ2 Tuning parameter in the loss function.
m
Number of available units in a dataset.
Number of available measurements for unit i.
ni
s
Number of sensors for data fusion.
Observation for unit i and sensor j at time t.
Xi,j,t
Example k created based on measurements for unit i
X kit
at time t.
Health index constructed by using X kit .
okit
Truncating length for training unit i for generating
qi
validation set.
Actual RUL for testing unit i.
Ti
T̂i
Estimated RUL for testing unit i.
RUL Prediction
Γi
Model parameter of the polynomial degradation
model.
μ, Σ
Mean and covariance matrix of Γi distribution.
Design matrix.
Ψi
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ϕ(·)
σ2
∅j
ρi,j
μd , v d
ξi,t

Cumulative distribution function (cdf) of the standard
normal distribution.
Variance of the random noise.
Constant deterministic parameter for sensor j.
Random-effect parameter for unit i and sensor j.
Mean and variance of the failure threshold.
Random noise.
I. INTRODUCTION

N RELIABILITY engineering, system failures are characterized by parametric distributions, which aims to best describe
the probability characteristics of time to failure (TTF). One of the
key measures for faulty condition in the reliability engineering
is the mean TTF. The central goal of prognostics is to anticipate
the failure of a component by predicting the time when a failure
will occur. In the field of prognostics, it is usually assumed that
a system failure results from a degradation process, which is
defined as the irreversible accumulation of damage throughout
the life of a component. The remaining useful life (RUL) is
the key measure to evaluate the remaining life of a component
before a failure occurs. The accurate estimation of RUL is very
important as unexpected system failures may cause significant
economic damage and serious safety issues.
Due to the fast development of sensing techniques, sensors
have been installed in a system to better monitor its operating
condition. Those real-time sensing data, which is collected from
the monitored system and with respect to degradation course,
is known as the degradation signal [1]. When the degradation
signal hits a preset threshold, a failure is assumed to occur in the
system. Based on the result of RUL prediction, a specific maintenance activity can be scheduled before system failures [2],
[3]. Hence, it is critical to accurately analyze those degradation
signals.
Many studies [1], [4] in the literature have focused on degradation modeling on a single sensor signal. For example, Gebraeel
et al. [1] developed a Bayesian method to update the stochastic
parameters of exponential degradation models by using realtime information. Lawless and Crowder [4] applied the Gammaprocess model to analyze degradation signals by incorporating
the random effect. These methods perform well under the assumption that a single sensor signal can completely describe the
condition of a system. However, in many complicated systems,
a single degradation signal may not have sufficient information
for an accurate RUL prediction.
To address this issue, multiple sensors have been installed in
a system to monitor its health status. Since each single sensor
signal only contains partial information about the system status,
data fusion is commonly used in the literature to integrate
information from multiple sensors to better characterize the
degradation process. Specifically, data fusion techniques can
be divided into two categories [9]: decision-level fusion [5]
and data-level fusion [6]–[10]. Notably, in the literature [6],
data fusion methods can also be classified into three categories:
data-level fusion; feature-level fusion; and decision-level fusion.
In this article, we mainly focus on the first way to categorize the
data fusion methods to emphasize the data-level fusion.

I

Decision-level fusion combines features extracted from an
individual sensor signal separately to make a comprehensive
decision. For example, Basir and Yuan [5] proposed a decisionlevel fusion method for an engine fault diagnosis via Dempster–
Shafer evidence theory. In contrast, data-level fusion analyzes
the multisensor data directly and simultaneously to provide
comprehensive information about the condition of a system [6].
In this article, we focus on data-level fusion for degradation
modeling.
Generally, data-level fusion methods aim to construct a health
index (HI) by integrating the information from multiple sensor
signals. To generate such an HI, different data-level fusion
methods [6]–[8], [10] have been developed. Liu et al. [6] proposed a methodology to construct a composite HI by combining
the monotonic property and the variance of the failure threshold.
They further extended this method by integrating the fitting
error of the constructed HI into the data-level fusion model [7]
and optimize the signal quality of the composite HI by defining
signal-to-noise ratio (SNR) metric [8]. In these methods, linear
functions are assumed for the fusion of multiple sensor data
to construct the HI, which may not be effective if nonlinear
relations exist. To fill this gap, Song et al. [9] improved the
linear model by integrating kernel methods, which significantly
improved the prediction performance. Chehade and Shi [11]
proposed the construction of a HI through a series of statistical
hypothesis tests by using a linear data fusion model and a
further nonlinear extension with kernel function. However, the
performance of a kernel method depends on the kernel selection
and practitioners typically do not have a prior knowledge on the
kernel selections. Recent research shows that a deep neural network (DNN) [12] can represent nonlinear functions effectively,
which may have great potential for degradation modeling.
However, it is a challenging task to develop a DNN-based data
fusion method for prognostics due to the following three reasons:
Generally, supervised learning for a DNN model is straightforward as the label of each sample is provided. However, we
aim to use DNN for the HI construction, which is an unsupervised learning problem since the output (i.e., the HI) cannot be
observed. Hence, it is a challenging task to design an effective
neural network architecture to enable the training procedure.
The constructed HI for prognostics should possess certain
properties such as monotonicity and range information. It is
very challenging to customize the DNN model to enable such
properties of HI.
The DNN-based model usually results in a nonconvex optimization problem, and the widely used stochastic optimization
algorithm will introduce certain randomness of the solutions.
How to guarantee the stability of prognostic performance is
critical in practice and poses another challenge.
To address these challenges, we propose a pair of adversarial
neural networks for the HI construction in this article. An
RMSprop-based sampling algorithm is developed to efficiently
estimate the model parameters, which results in a stable solution.
A set of simulation studies and a case study on degradation
datasets of aircraft engines show that the proposed method
achieves superior prognostic performance than the existing
methods.
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The rest of this article is organized as follows. In Section II,
we will review the framework for learning DNN and then
investigate the properties for the HI construction. In Section III,
two general properties are studied for degradation modeling.
By integrating these properties, we design a pair of adversarial
neural networks for the HI construction. An RMSprop-based
sampling algorithm is developed for parameter estimation. In
Section IV, a set of simulation studies are conducted to evaluate
the prognostic performance and the robustness of the proposed
method. Finally, the proposed method is validated and compared
with other existing methods for the HI construction based on
multiple degradation signals from aircraft engines in Section V.
Section VI concludes the article.
II. LITERATURE REVIEW
The HI construction can be regarded as finding a mapping
from the raw data space to the HI space. To estimate the model
parameter, a learning framework should be properly designed.
In order to better illustrate the proposed DNN-based model, we
first review the literature on the learning strategy relevant to
DNN.
A. Framework for DNN Learning
In general, there are two fundamental machine learning topics: supervised learning and unsupervised learning. Supervised
learning can be divided into classification problems and regression problems [13]. In particular, the classification error is
generally used in the loss function [14], while the regression
problems often employ the least square error in the loss function
[15]. The loss functions of supervised learning problems can be
determined according to the interest of the problem, which is not
suitable for the HI construction. This is because only the input
x (i.e., multisensor data) is provided but the output O cannot
be observed for the HI construction. Hence, a DNN-based HI
construction can be treated as an unsupervised learning problem.
In the literature, unsupervised learning techniques for DNN
have been extensively investigated. The most popular one is
representation learning [16], which utilizes general priors. For
example, the loss function is designed by considering smoothness [17], temporal and spatial coherence [18], sparsity [19],
low rank [20], and multiple explanatory factors [16]. Another
successful approach is the generative adversarial network [21],
which estimates generative models via an adversarial process
between a generative model and a discriminative model. Recently, some specific domain knowledge has been extracted
and integrated into the loss function for unsupervised learning
[22]–[24]. For instance, Zhou et al. [22] designed a loss function
based on unlabeled image sequences of the same scene from
multiple viewpoints, which enables the unsupervised learning of
convolutional neural network (CNN) for camera motion prediction. Kanezaki et al. [23] designed a “RotationNet” to estimate
the pose and category of an object by feeding it multiview
images. Garg et al. [24] proposed an unsupervised learning
framework to learn a CNN for single view depth prediction by
designing a loss function with a pair of input images. However,
these unsupervised learning techniques are domain-specific and
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cannot be directly used for degradation modeling and prognostic
analysis. Hence, unsupervised DNN-based HI construction is
desired by considering the domain knowledge of prognostics. In
the following section, we review the properties that a HI should
possess for successful prognostic applications.
B. Review on Properties for Degradation Modeling
In the literature [6]–[8], four major properties of a HI are
proposed as follows.
1) Monotonicity: The trend of a HI should be monotonic once
a fault occurs.
2) Similarity: The variance of the failure threshold in the constructed HI should be minimal under the same operating
or environmental conditions for the same failure mode.
3) Fitting error: The model fitting errors for the constructed
HI should be minimal given the selected degradation
model.
4) Range information: The range information of the HI
should be maximal. Here, the range is defined as the HI
difference between the initial point and the failure point
of the constructed HI signal.
The first two properties [6] aim to investigate the violation
amount in terms of monotonicity and the variance of failure
threshold in the constructed HI. In order to guarantee the constructed HI is effective for a prognostic model, fitting error is
further investigated to integrate the degradation model into the
data fusion procedure [7]. Finally, range information is proposed
[8] to guarantee the constructed HI signal with a clear trend,
which is more effective for RUL prediction.
In the literature, most of the existing methods constructed the
HI through a linear data-fusion function. Among them, the linear
model can achieve a better performance by considering the above
four properties. Due to the capacity of universal approximation
[12] and the adaptive basis [25], DNN model has the potential to
learn a better HI for RUL prediction by using fewer properties
such as monotonicity and range, which will be elaborated in the
next section.
III. METHODOLOGY
In this section, we develop a data-level fusion methodology
to construct a composite HI by using multiple degradation
sensor data. For the HI construction, several properties have
been proposed as discussed in Section II. Specifically, we use
“monotonicity” and “range information” for the HI construction,
since they are the essential properties to be a HI, which will be
elaborated in the following analysis. In 
particular,
“mononthe
m
1
i −1
tonicity” is characterized by Mon = m
i=1
t = 1 ci,t εi,t ,
where εi,t is a variable that measures the amount of violation in
the monotonicity of the HI for unit i at time t; ci,t is the weight
for εi,t ; ni is the number of available observations in unit i; and
m is the number of units in the training dataset.
The variable εi,t can be formulated as εi,t =
max(oi,t − oi,t+1 , α), where oi,t and oi,t+1 denote the HI
for unit i at time t and t + 1, respectively. Since noises usually
exist in degradation signals, a slack variable α is defined to
allow a small amount of violation in the monotonicity. This
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of neurons at layer l. The affine transformation can be denoted
as zil = (wli ) hl−1 + bli , where zil represents the linear output
l
, . . . , wpl l−1 i ] ∈ Rpl−1 inof the node i at layer l; wli = [w1i
dicates the weight linking the output of layer l − 1, hl−1 =
l−1 
pl−1
, to the input of neuron i at layer l;
[hl−1
1 , . . . , hpl−1 ] ∈ R
l
and bi is the bias of neuron i at layer l. The output of the affine
transformation of each neuron is fed into an activation function
for nonlinear transformation. In this article, we use the sigmoid
function for activation, i.e., hli = ω (zil ) = 1−zl .
1+e

Fig. 1.

Different patterns of monotonicity. (a) HI pattern A. (b) HI pattern B.

Fig. 2.

Feedforward neural network for HI construction.

formulation means if the amount of violation exceeds α at
time t, penalty should be added for satisfying the monotonic
constraint.
However, only with monotonicity cannot guarantee the constructed HI to have a clear trend. As shown in Fig. 1, both (a) and
(b) satisfy the monotonicity in the above formulation. However,
compared with (a), the HI in (b) shows a clear increasing pattern,
which is more effective for the prognostics.
To guarantee the HI to have a clear increasing trend, it is
necessary to introduce “range information” into our model,
which tries to force the entire HI signal
m to have a target range
1
2
β. It can be formulated as, R = m
i = 1 (oi,ni − oi,1 − β) ,
where oi,1 and oi,ni are the initial HI and the last HI in the
generated degradation path for unit i, respectively.
A. DNN-Based Data Fusion Model and Architecture
The DNN-based fusion model defines a non-linear mapping
f : X ∈ Rs → O ∈ R from a raw data space to the HI space,
where s is the number of the considered sensors. Fig. 2 shows a
feedforward neural network with one input layer, two hidden
layers, and one output layer. p0 neurons are assigned to the
input layer to receive the multiple sensor signals, h0 = X i,.,t =
[Xi,1,t , . . . , Xi,s,t ] ∈ Rs . Since the HIs are expected to be
continuous values, this task is a regression problem. We set
po = 1 for the output layer. Each neuron in hidden layers and
the output layer represents a composition function, i.e., an affine
transformation followed by a nonlinear activation function. Let
L denote the number of hidden layers and pl denote the number

i

Let z o = (wo ) hL + bo and o = ω(z o ) represent the linear transformation and non-linear mapping of the output
layer, respectively, where wo = [w1o , . . . , wpoL ] ∈ RpL is the
weight linking the last hidden layer to the output layer; hL =
L 
pL
and bo are the input and bias of the output
[hL
1 , . . . , h pL ] ∈ R
layer, respectively.
After the setup of the neural network for HI construction,
an important task is to plug the selected properties into the
DNN-based data fusion model, which is an unsupervised learning problem with unlabeled multiple sensor data. To achieve
this goal, the objective function is defined by combining those
two properties via a tuning parameter λ1 ∈ (0, 1), i.e., λ1 ∗
Mon + (1 − λ1 ) ∗ R. To implement these properties in the architecture, we treat the objective function as a system composed of numerous adversarial terms, i.e., “monotonic terms”,
Moni,t , and “range terms”, Ri , which are the basic “units”
for model
training. However, since the number of “monotonic
terms” ( m
i = 1 (ni − 1)) is far more than the number of “range
terms” (m), directly regarding each of these terms as a training
sample will lead to biased sampling problem during stochastic
optimization. To address this issue, we divide each “range term”
Ri into (ni − 1) “subrange terms” ni1−1 ∗ Ri and then combine
each of them with the counterpart of monotonic term, that is
λ1 ∗ Moni,t +
+

(1 − λ1 )
∗ Ri = λ1 ci,t ∗ max (oi,t − oi,t+1 , α)
ni − 1
(1 − λ1 )
∗ (oi,ni − oi,1 − β)2 ,
ni − 1

(1)

where Moni,t denotes the monotonic term for unit i at time
t, and Ri is the range term for unit i. It hence generates the
desired architecture as shown in Fig. 3, which contains a pair
of adversarial neural networks with respect to the monotonic
properties and range property, respectively. This means that
these four identical networks with shared parameters work together to adjust the parameters of DNN during training processes. Specifically, the outputs of each pair of networks are
compared with each other (i.e., adversarial) at each iteration
to check if the monotonic and range properties are satisfied.
If these properties are violated, “errors” (i.e., the amount of
violations) are calculated and propagated backward to tune the
model parameters. In such a way, errors become smaller and
smaller until convergence. Practically, a pair of observations
related to monotonicity, [X i,.,t , X i,.,t+1 ] ∈ Rs×2 , and a pair of
observations related to range, [X i,.,ni , X i,.,1 ] ∈ Rs×2 , create
two kinds of adversarial relationships, which enables DNN
learning. Here, we first take the monotonicity as an example.

Authorized licensed use limited to: Georgia Institute of Technology. Downloaded on January 09,2021 at 17:02:32 UTC from IEEE Xplore. Restrictions apply.

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.
WANG et al.: DEEP LEARNING-BASED DATA FUSION METHOD FOR DEGRADATION MODELING AND PROGNOSTICS

5

minimize the expected value of random loss function,
E[L(θ; X kit )]. The optimization problem with loss function (2)
becomes
  

.
(3)
θ ∗ = argmin E L θ; X kit
θ

The expected loss function can be approximated by the mean
of the losses from mini-batch dataset
 

1
E L θ; X kit ≈
K
=

Fig. 3.

Architecture for the training of DNN-based data fusion model.

The monotonicity regarding two adjacent outputs (i.e., oi,t and
oi,t+1 ) introduces an adversarial strategy for these two networks.
Specifically, as shown in the left panel of Fig. 3, two identical
networks with respect to oi,t and oi,t+1 conflict with each
other during training until the monotonicity is satisfied (i.e.,
oi,t ≤ oi,t+1 ) or the violation of monotonicity is minimized
(i.e., minimize{max(oi,t − oi,t+1 , α)}). Similarly, the confliction happens to the range property regarding the initial point
oi,1 and failure point oi,ni for unit i, as shown in the right
panel of Fig. 3. In particular, two identical networks associated
with oi,1 and oi,ni conflict with each other until the range
properties are satisfied or the violation of range constraint is
minimized (i.e., minimize{(oi,ni − oi,1 − β)2 }). By combining them, we generate a training “sample” for stochastic opk
s×4
,
timization, X kit = [X
i,.,t , X i,.,t+1 , X i,.,ni , X i,.,1 ] ∈ R
m
(n
−
1)
is
the
sample
index
in
where k = 1, . . . ,
i
i=1
the dataset. Accordingly, the related nomenclatures become
k
= Ri , and ckit = ci,t . The HI developed
Monkit = Moni,t , Rit
k
from X it is represented as okit = [oi,t , oi,t+1 , oi,ni , oi,1 ]k ≡
[oki,t , oki,t+1 , oki,ni , oki,1 ] ∈ R1×4 , where oi,t represents the constructed HI at time t for unit i.
The loss function in terms of one training sample for DNN
learning can be formulated as


(1 − λ1 )
k
∗ Rit
L θ; X kit = λ1 ∗ Monkit +
ni − 1


= λ1 ckit ∗ max oki,t − oki,t+1 , α
+

2
(1 − λ1 )  k
∗ oi,ni − oki,1 − β ,
ni − 1

(2)

L

where
θ = (w; b)
∈
RpL +1+ l = 1 (pl−1 +1)pl ;
b∈

L
1+ L
p
p
+
l = 1 l and w ∈ R L
l = 1 pl−1 pl are the vectorization
R
of biases and weights of DNN model, respectively.
B. RMSprop-Based Sampling Algorithm
for Parameter Estimation
DNNs are often trained with stochastic optimization methods, such as stochastic gradient descent and its variants, which

k=1



(λ1 ckit max oki,t − oki,t+1 , α

K

1
K
+



L θ; X kit

K

k=1

2
(1 − λ1 )  k
∗ oi,ni − oki,1 − β ),
ni − 1

(4)

where K is the mini-batch size.
Generally, regularization will be helpful to reduce the variance
of the solution. Hence, L2-norm regularization is used and the
loss function becomes
θ ∗ = argminθ J (θ)
= argminθ
+

1
K

K



λ1 ∗ ckit max oki,t − oki,t+1 , α

k=1

2
(1 − λ1 )  k
∗ oi,ni − oki,1 − β
ni − 1

+ λ2 ∗ w

2
2

, (5)

where α controls the tolerance of the violation in monotonicity
and β defines a target range; λ1 and λ2 are tuning parameters.
Here, we utilize the RMSprop optimizer [26] to solve (5),
which is a gradient-based method with adaptive learning rates
l
and bli . The details for RMSprop algorithm
for parameters wji
is provided in Appendix A.
In addition, we use early stopping technique to avoid overfitting of the DNN model [27]. Specifically, we utilize two
hyper-parameters in RMSprop algorithm, i.e., the mini-batch
size K and the epoch number Ne to control the learning process
during the iterative optimization.
Generally, learning the DNN model will result in a nonconvex optimization problem, so it is extremely expensive or
even impractical to get a stable solution given different initializations or different mini-batch samples. Rather than focusing
on directly eliminating the variance of the final solution, we try
to utilize such randomness to obtain a better solution. Based on
this understanding, we propose an RMSprop-based sampling
algorithm to train our model. The key idea is to regard each
complete run of the optimizer as a random experiment. Hence,
each resulting DNN model is a stochastic function. The prognostic performance [prediction error (PE)] can be treated as a
random event, following an unknown distribution. The mean and
variance of such distribution depend on the configuration of the
hyper-parameters. As shown in Fig. 4, the “ideal” case indicates
that both the mean and the variance of a PE distribution are close
to zero, which guarantees a good prognostic performance. The
“effective” case refers to a PE distribution with a small mean shift
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Algorithm 2: Hyper-Parameter Tuning for DNN-Based
Data Fusion Model.
Input: Hyper-parameters grid: (λ1 , λ2 , α, β)iλ1 ,iλ2 ,iα ,iβ ,
where iλ1 ∈ Iλ1 , iλ2 ∈ Iλ2 , iα ∈ Iα , iβ ∈ Iβ ;
Iteration number: Nhy .

Fig. 4. Analysis of PE distributions for prognostics under a threshold .
(a) Ideal. (b) Effective. (c) Failed.

Algorithm 1: RMSprop-Based Sampling Algorithm.
Input: Initial learning rate η, initial prediction error err
and threshold , other hyper-parameters:
α, β, λ1 , λ2 , K, Ne ;
Parameter for cross validation (CV): Kcv ;
Truncating length set {qi } for validation set
construction and RUL set {Ti }; training dataset:
{X kit } = {[X i,.,t , X i,.,t+1 , X i,.,ni , X i,.,1 ]k };

1:
2:
3:
4:
5:

6:
7:

For iλ1 ∈ Iλ1 , iλ2 ∈ Iλ2 , iα ∈ Iα , iβ ∈ Iβ do:
While iter < Nhy do:
Eiter ← Run lines 2-5 in Algorithm 1, output
Eiter = err.
end
Qiλ1 iλ2 iα iβ ← Compute the quality index,
Qiλ1 iλ2 iα iβ , based on empirical distribution from
E hy = (Eiter ).
End
(λ1 , λ2 , α, β)∗ ← Return the optimal (λ1 , λ2 , α, β)∗
with the best Qiλ1 iλ2 iα iβ .

where ni represents the latest observation of unit i.
1:
2:
3:

4:
5:
6:
7:

While err <  do:
θ 0 ← Initialize the bias b0 and the weight wl0 at
layer l, l = 1, . . . , L.
θ ∗ ← Train DNN-based data fusion model, f (·),
with RMSprop optimizer given α, β, λ1 , λ2 , K, Ne ,
η, wl0 , b0 and {X kit }.
O ← Construct HI: O = {O i ∈ Rni }, where
O i = {O it = f (X i,.,t )}.
err ← Update err by using K-fold cross validation
given {qi }, {O i }, {Ti } and Kcv .
End
θ ∗ ←Return θ ∗ .

from 0 and large variance, where the DNN model still has a very
large probability to have a good performance. The “failed” case
is defined as a PE distribution with large mean shift from 0, where
there is a very low chance to get a small PE. Compared with the
“ideal” case, the “effective” one is much easier to be observed for
DNN-based data fusion model, which can be achieved by tuning
hyper-parameters to move the distribution from the “failed” case
towards zero. Once the effective case is observed, a good DNN
model for HI construction can be easily sampled by repeatedly
running the optimizer until the PE on validation set is within
[0, ). The RMSprop-based sampling method is summarized in
the Algorithm 1.
To evaluate the performance of the constructed HI during each
iteration (i.e., line 5 in Algorithm 1), we employ K-fold cross
validation. Specifically, the validation set is generated from the
constructed HI of all training units {O i } based on a truncated
length set {qi } and RUL set {Ti }. In addition, the evaluation
criterion here is defined to be the PE, i.e., erri , by using the
absolute difference between the estimated RUL (T̂i ), and the
true RUL (Ti ) for the validation unit i




T̂i − Ti 
erri =
,
(6)
ni + Ti

C. Hyperparameter Tuning
In order to have a better prognostic performance, it is
important to determine an effective configuration of hyperparameters for HI construction. The hyperparameters of our
proposed model can be divided into two categories: model hyperparameters and designed hyper-parameters. We define model
hyperparameters as the parameters of neural network and the
parameters of the stochastic optimizer, i.e., the number of layers
L in the fusion model, the number of neurons pl in each layer,
the number of epochs Ne , the mini-batch size K, and the
learning rate η. The key model hyperparameters to be tuned
are the number of epochs and the mini-batch size, which are
very important to avoid overfitting in the training procedure.
The designed hyperparameters are defined as the parameters in
the loss function, i.e., the tuning parameters λ1 , λ2 , the slack
variable α, and the target range β.
The model hyperparameters can be tuned by using the guideline from [28], where the mini-batch size K can be selected from
one to hundreds. The training epoch can be tuned by checking
the performance in terms of PE on validation set in training
progress, and it is determined when a small PE on the validation
set is observed. The training epoch can be selected from one to
dozens.
As for the designed hyperparameters, we use cross validation to select a good configuration through a grid search as
shown in Algorithm 2. Specifically, under each configuration
(λ1 , λ2 , α, β)iλ1 ,iλ2 ,iα ,iβ of the preset grid, we repeat lines 2-5
in Algorithm 1 for Nhy times to sample the PE (E hy ∈ RNhy )
on validation set. After the performance data collected, the
distribution of PE can be estimated. To evaluate the performance
of each configuration quantitatively, a quality index should be
defined properly. Since the target PE is zero and we expect a
stable solution, a desired index should be capable of identifying
a PE distribution with a small mean shift from zero and a small
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Fig. 5.

Sensor signals and the mean signals for three randomly simulated units.

variance. Consider these characteristics, the percentile Q(perr )
of PE distribution on the validation set is selected as the quality
index, which can be represented as

perr 
,
(7)
Q (perr ) = z : Pr (err < z) =
100
where perr is a given percentage.
IV. SIMULATION STUDY
In this simulation, a set of experiments are conducted in order
to evaluate the prognostic performance of the proposed method
in comparison with benchmark methods, i.e., SNR-based (HISNR) [8] method and kernel-based (HI-kernel) method [9] and
analyze the robustness of the proposed algorithm in RUL prediction.
A. Data Generation
In this simulation study, we consider three sensor signals that
contain the degradation information of the interested units. In
total, 2 m units with a quadratic degradation path are simulated
and three sensor signals are generated independently for each
unit. In particular, the signals of sensors 1 and 2 are generated
by
(1)

Xi,1,t = Ui,1

(1)

(2)

(8)

where the coefficients follow uniform distribution, i.e.,
(1)
(2)
Ui,1 ∼ uniform(30, 50),
Ui,1 ∼ uniform(80, 100),
(2)

in signal, i.e.,
(1)

Xi,3,t = Ui,3




3
(2)
t2 − at 2 − Ui,3 cos (0.07t) + i,3 (t) , (9)

(1)

(2)

where Ui,3 ∼ uniform(0.1, 1), Ui,3 ∼ uniform(100, 200),
and i,3 (t) ∼ N (0, σ32 = 40002 ). Note that we select a proper
value of a = 10 to guarantee an increasing trend for each unit.
We sample all the signals at time t = 1, 2, . . . , ni . Fig. 5 shows
three signals for three randomly generated units, which shows
significant differences among these units.
Then, we equally divide the dataset into training dataset and
testing dataset, i.e., m units for each dataset. For each unit in
testing dataset, we generate a truncated version by randomly
cutting the sensor signals, which will be used in RUL prediction. Specifically, we first select a number n̂its randomly from
set [0.15nits , 0.9nits ], and take the first n̂i observations for
unit its . Meanwhile, the RUL of unit its can be calculated
by Tits = nits − n̂its . nits is the total number of available
observations.
B. RUL Prediction
In this artilce, for fair comparison with [8], [9], we also choose
the polynomial (linearized) exponential degradation model for
RUL prediction
oi,t = Γi  π t + ξi,t ,

√
(2)
t − Ui,1 sin (0.04t) + i,1 (t) ,

Xi,2,t = Ui,2 t2 − Ui,2 cos (0.05t) + i,2 (t) ,

(1)

7

Ui,2 ∼ uniform(0.1, 1), Ui,2 ∼ uniform(400, 500); and
the random noise i,1 (t) ∼ N (0, σ12 = 1002 ), i,2 (t) ∼
N (0, σ22 = 20002 ). Here, signal 2 is used to obtain the failure
time Ti for unit i, which is recorded when the signal first passing
a threshold l = 10 000.
For sensor 3, we use a combination of a quadratic and a fractional order functions to introduce a highly nonlinear component

(10)

where oi,t represents the HI for unit i at time t; Γi =
(0)
(1)
(2)
[Γi , Γi , Γi ] follows a multivariate Gaussian distribution
(0)
(1)
(2)
i.e., Γi = [Γi , Γi , Γi ] ∼ N3 (μ, Σ), which is the coefficient of random effects with time; π t = [1, t, t2 ] is the vector
used to generate the design matrix; ξi,t ∼ N (0, σ 2 ) is the random noise. In order to estimate the RUL using a constructed
HI, the prior distribution of Γi should be first calculated by
fitting the degradation path of each training unit with (10). The
distribution of failure threshold can also be estimated based on
the ending points of training HI signals. Given a testing unit its ,
the posterior distribution of Γits |oits ,· can be updated and the
RUL is computed similar to [9]. The details for the derivative of
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Fig. 6.

Framework for implementation of the DNN-based method for HI construction.

the posterior distribution and the RUL distribution are provided
in Appendix B. Finally, we use the absolute PE [i.e., (6)] to
evaluate the performance of our proposed model by comparison
with the existing methods.
C. DNN-Based Data Fusion Model
First, we elaborate on the procedure for implementing our
model for HI construction, as shown in Fig. 6. There are two
key steps, i.e., data preprocessing and model training based
on RMSprop-based sampling algorithm. An additional step is
added to validate the performance of the constructed HI in RUL
prediction.
For data preprocessing, we first standardize the training and

2−2c

n

i,1 i
, which follows the existing methods [8]
ci,1 + (t − 1) (ni −1)n
i
and [9] for fair comparison. For some general hyperparameters,
we take the default value, e.g., the initial learning rate η = 10−3
and the parameter in RMSprop, ζ = 10−8 . Next, we selected
the number of epochs Ne and the mini-batch size K based on the
rules discussed in Section III-C. Then, the optimal configuration
of the designed hyper-parameters is selected according to Algorithm 2. Under the setting of [λ1 , λ2 , α, β, K, Ne ]∗ , the optimal
θ ∗ of the DNN model can be obtained according to Algorithm 1.
In addition, the polynomial model (10) and the RUL prediction
model (Equations (B1), (B2) in Appendix B) are used to evaluate
the prediction performance of each constructed HI under each
configuration.

(X·,j,· −μx )

j
, where μxj and σxj are estesting signals with
σx j
timated from the training signals. Next, the training dataset,
{X kit } = {[X i,.,t , X i,.,t+1 , X i,.,ni , X i,.,1 ]k } , is generated for
DNN learning by using the training signals. Then, we generate
truncated length set {qi } and RUL set {Ti } from the training
signals to keep a similar distribution of validation RUL to the
testing RUL. Specifically, we first sort both training dataset and
testing dataset in a decreasing order in terms of the signal length
such that each training unit matches a testing unit its , which
have a similar length to each other. The RUL of validation unit
i (Ti ) is assigned to be the RUL of testing unit its (Tits ), i.e.,
Ti = Tits . Then, the truncated length qi for this validation unit
is set to be qi = ni − Ti .
After the data preprocessing, we run the RMSprop-based
sampling algorithm given {X kit }, {qi } and {Ti }. In each single
iteration, RMSprop algorithm is called to train the DNN model
based on the loss function from (5). Then, we construct HIs
for the training units with the trained DNN model. Given the
constructed HIs, truncated length and RUL set, we predict RUL
for each unit in the validation set according to Appendix B.
Next, the prediction errors are used to calculate the quality
index based on (7). As shown in Algorithm 2, once the stop
criterion is satisfied, the estimated model is accepted for the
final HI construction. With the trained model, we construct HIs
for both training units and testing units, which are used for RUL
prediction based on the method discussed in Section IV-B.
During training, the hyperparameters need to be selected.
For the coefficient {ci,t }, we use the arithmetic series ci,t =

D. Comparison of the Proposed Method
With Benchmark Methods
For quantitative evaluation, we evaluate the prognostic performance for the proposed method in comparison with benchmark
methods, i.e., SNR-based (HI-SNR) [8] and kernel-based (HIkernel) [9]. Based on the procedure in Section IV-A, we simulate
m = 100 training units and m = 100 testing units, and use
these data to construct HIs by using our proposed method and
two benchmark methods.
For the training of benchmark methods, we also standardize the training and testing signals with (X·,j,· − μxj )/σxj .
In addition, three popular kernels are considered in kernelbased method, i.e., polynomial kernel, Gaussian kernel, and
sigmoid kernel. In terms of training the proposed model, we
first preprocess data to obtain the training dataset {X kit },
truncated length set {qi } and RUL set {Ti }. Then, a neural
network with three hidden layers is used and the neurons in
each hidden layer are set to be [p1 , p2 , p3 ] = [100, 400, 40].
For model hyper-parameters, we set the number of epochs
Ne = 3 and the mini-batch size K = 32. Then, the optimal
configuration of the designed hyperparameters is selected as
[λ1 , λ2 , α, β, Ne , K]∗ = [0.001, 1e − 10, 0.01, 0.1, 3, 32] and
the cross-validation parameter is set as Kcv = 2. Based on
this setting, the optimal θ ∗ of the DNN model can be obtained
according to Algorithm 1. Given the estimated DNN model, we
construct HIs for both training and testing units, which are used
for the RUL prediction.
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TABLE I
DIFFERENT LEVELS OF NOISES INTEGRATED TO THE MEAN OF SIGNALS FOR
THE FIRST ROBUST ANALYSIS

Fig. 8.
Fig. 7. PE comparison of the HIs constructed by DNN-based data fusion
model and existing methods at different RUL levels. (a) Comparison with all
benchmark methods. (b) Comparison with the best benchmark method.

For quantitative evaluation, the HI-DNN is compared with
HI-SNR and HI-kernel using prediction errors at different levels
of RUL, and the results are illustrated in Fig. 7. The dash lines
are the prediction errors of each HI based on the best two existing methods, i.e., the SNR-based method [8] and kernel-based
method [9]. The solid line with error bar in the bottom is the PE of
DNN-based HI, which is plotted based on the prediction results
from 30 runs of our proposed method. The error-bar line contains
two parts, i.e., a line and a vertical error bar at each RUL level,
which represent the mean value and the variance of the empirical
PE distribution at different RUL levels according to 30 samples.
As shown in Fig. 7(a), the kernel-based data fusion methods
(i.e., HI-Gaussian, HI-Sigmoid, and HI-Polynomial) performs
the worst. To clearly compare the proposed method with the best
existing method, another Fig. 7(b) with a smaller scale is shown.
The mean of the PE by HI-DNN achieves the minimum error
at all levels of RULs, thereby indicating our proposed method
outperforms all the benchmarks. This is because the DNN-based
data-level fusion model is capable of capturing the complicated
non-linear relations among multisensor signals.
E. Robustness Analysis
In this part, we conduct a set of simulation studies to
evaluate the robustness of our proposed method with input

PE of HIs constructed under different levels of noises.

perturbations of sensor signals. Specifically, we conduct two
types of robustness analysis: first, the robustness of the estimated
DNN model for HI construction under different levels of input
noises given the trained DNN model, and second, the robustness
of the proposed algorithm for HI construction under different
levels of sensor noises.
For the first robustness analysis, we simulate a set of datasets
by integrating the mean of signals [Xi,1,t , Xi,2,t , Xi,3,t ] with
different levels of noises. The DNN model is trained with the
dataset at the original noise level [σ1 , σ2 , σ3 ], and is tested using
other datasets with different noise levels, as given in Table I.
Specifically, with the trained model, we construct HIs for all
training and testing units in each dataset at different noise levels,
and then RUL is estimated with the constructed HI separately.
The results are shown in Fig. 8, where the prediction error slowly
increases as the noise level increases. However, the prediction
errors of the proposed method under 1.3 times of original noise
are still smaller than the linear model which is obtained under
original noise level. This result shows the robustness of the
proposed method given different input perturbations.
For the second analysis, we generate similar datasets to the
first analysis with input sensor signal perturbations. The DNN
models are trained separately by using each dataset, where the
noise levels are given in Table II. The optimal configurations of
hyperparameters for each dataset are given in Table III. At each
level of noise, we collect 30 samples by running the proposed
algorithm for RUL prediction. Fig. 9 shows the mean value and
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TABLE II
DIFFERENT LEVELS OF NOISES INTEGRATED TO THE MEAN OF SIGNALS FOR
THE SECOND ROBUST ANALYSIS

TABLE IV
SENSOR DESCRIPTION [29]

TABLE III
HYPERPARAMETER SETTINGS FOR MODEL TRAINING UNDER EACH LEVEL
OF NOISE

A. Data Description

Fig. 9.

PE of HIs constructed under different levels of noises.

standard deviation of the PE of DNN-based HIs constructed at
different levels of noises, which are plotted based on 30 samples
of PEs. The result shows that the proposed method under 1.2
times of original noise is still better than the existing best method
(i.e., HI-SNR-1 in Fig. 9) under the original noise level, which
further shows the robustness of the proposed algorithm.

The dataset is generated by C-MAPSS [29], which is a popular
model to simulate the degradation process of turbofan engine.
The dataset is composed of multisensor signals of degraded engines for a single failure mode under a single environmental condition. In particular, there are 100 training 
units (i.e., m = 100),
which contains 20631 observations (i.e., m
i = 1 ni = 20631).
There are 100 partially degraded testing units, which includes
13096 observations. In addition, the actual RULs of 100 testing
units are also recorded. As given in Table IV, a total of 21
sensors were used to simultaneously and continuously collect
data, which describes the turbofan engines synthetically, such
as the information of corrected core speed and coolant bleed.
B. Data Preprocessing

V. CASE STUDY
In this section, we will implement and evaluate our proposed
DNN-based data fusion model on a degradation dataset from
aircraft engines [29]. Specifically, we will compare the performance of the HI developed by the proposed method (HI-DNN)
with the best single sensor data and the health indices constructed
by four existing methods, i.e., non-parametric (HI-non) [6],
semi-parametric (HI-semi) [7], SNR-based (HI-SNR) [8], and
kernel-based (HI-kernel) [9] data fusion models.

For fair comparisons with [6]–[9], we also select s = 11
sensors (i.e., T24, T50, P30, Nf, Ps30, phi, NRf, BPR, htBleed,
W31, and W32) according to the clear trends of the training
degradation signals. Before implementation of the DNN-based
data fusion model, the selected degradation signals are first
normalized as discussed in [6]–[9].
For data preprocessing, we also generate the training
dataset, {X kit } = {[X i,.,t , X i,.,t+1 , X i,.,ni , X i,.,1 ]k } , truncated length set {qi } and RUL set {Ti } from the training dataset
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similar to Section IV-C. For fair comparison with [6]–[9], we
also choose the (linearized) exponential degradation model for
RUL prediction, which is similar to Section IV-B. For the degradation modeling of each sensor signal, the log transformation
should be applied to transform the raw sensor signals from the
exponential format to the polynomial function as follows:

11

TABLE V
PREDICTION PERFORMANCE QUALIFIED BY PERCENTILES OF PE
DISTRIBUTIONS UNDER EACH CONFIGURATION ON PARTIAL GRID

Li,j,t = ln (Xi,j,t − ∅j )


(1)
(2) 2
σ2
= ln ∅j + ρi,j eΓi,j t+Γi,j t +ξi,j,t − 2 − ∅j
= Γi,j  π t + ξi,j,t ,

(11)

where Xi,j,t represents a measurement for unit i and sensor j
at time t; ∅j is a constant deterministic parameter for sensor
j; ρi,j is a random-effect parameter for unit i and sensor j;
(0)
(1)
(2)
Γi,j = [Γi,j , Γi,j , Γi,j ] is also the coefficient of random effects
with time from sensor signal j, similarly to Γi for HI, and
(0)
Γi,j = lnρi,j − σ 2 /2. Since this engine dataset has been used
for prognostics in the literature [6]–[11], they all assume Γi
follows a multivariate normal distribution and ξi,j,t follows a
univariate normal distribution. We also follow these assumptions
for fair comparisons. The RUL prediction with a sensor signal is
similar to the prediction by using HI. Finally, we use the absolute
PE (i.e., (6)) to evaluate the performance of the proposed model
by comparison with the existing methods.
C. DNN-Based Data Fusion Model
In this section, we will elaborate on the procedure for implementing the DNN-based data fusion model. First, we select
a neural network with three hidden layers and the neurons in
each hidden layer are [p1 , p2 , p3 ] = [100, 600, 40]. For the
coefficient {ci,t }, we use the arithmetic series, which follows
the existing methods [6]–[9] for fair comparison.
Next, the model hyper-parameters are tuned as: the number
of epochs Ne = 1, the mini-batch size K = 101, and the
initial learning rate η = 10−3 . Then, the optimal configuration
of the designed hyper-parameters is selected based on Algorithm 2. Table V shows the prediction performance quantified
by percentile of PE distribution under each configuration from
the partial grid of hyperparameters, i.e., λ1 ∈ {0.06, 0.09},
λ2 ∈ {1e − 8, 1e − 10}, α ∈ {0.03, 0.05}, β ∈ {0.08, 0.1}.
For each configuration, the 50th percentile is used, where the
sample size for numerical evaluation of the PE distribution is
30. From Table V, we can observe that the best configuration is
[λ1 , λ2 , α, β] = [0.06, 10−10 , 0.03, 0.08] . Under the setting of
[λ1 , λ2 , α, β, Ne , K]∗ = [0.06, 10−10 , 0.03, 0.08, 1, 101], the
optimal θ ∗ of the DNN model can be obtained according to
Algorithm 1, where ∗ means the optimal setting or parameters.
To implement these algorithms, the iteration number is set to
be Nhy = 100 and ζ is set as 10−8 . In addition, the polynomial
model (10) and the RUL prediction model (Equations (B1),
(B2) in the Appendix B) are used to evaluate the prediction
performance of each constructed HI under each configuration.
The cross-validation parameter is set to be Kcv = 2 in order
to reduce the large computation load. In addition, to balance
the difference of the prediction performance of the developed

HIs for different degraded levels of units, a median degraded
level of units on validation set (i.e., units with RUL < = 60) is
used to compute the percentile of the PE distribution under the
optimal configuration. Meanwhile, the threshold  in Algorithm
1 can also be calculated by using proper percentiles (e.g., the
10th percentiles) of the same PE distribution since a small
prediction error is desired. Since large percentiles make the
accepted PE too large and small percentiles make the learning
process inefficiently, the percentiles cannot be set too large or
too small. Based on these settings, the DNN-based data fusion
model is trained, and then the multisensor data for both training
and testing units can be fused into composite health indices.
D. Results and Comparisons
In this section, we will analyze the performance of the
constructed HI for the RUL prediction based on the polynomial degradation model. Fig. 10 shows the constructed
HI and the selected sensor signals of one specific training
unit. To illustrate the influence of hyperparameter on prediction performance, the PE distribution under different configurations is analyzed. A total of 50 samples are used to
plot the histogram of PE distribution for each configuration. As shown in Fig. 11(a), under configuration 1, i.e.,
( [λ1 , λ2 , α, β, Ne , K] = [0.06, 10−10 , 0.03, 0.08, 1, 101]), the
PE values are distributed in an area with a small mean shift
from zero and a small variance, which is an effective setting
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Fig. 10. Illustration plot of the model fittings for the sensor data and the
developed HI for a training unit.

Fig. 11. PE distributions computed under different configurations. (a) Comparison of PE distributions between effective case and failed case. (b) Comparison of PE distributions between effective cases.

for the RMSprop-based sampling algorithm. In contrast, given
[λ1 , λ2 , α, β, Ne , K] = [0.9, 10−2 , 0.3, 0.08, 3, 32], i.e., under
configuration 2, the PE distribution has a larger mean shift from
zero and a large variance, which indicates a failed setting. To
better illustrate the effectiveness under different configurations,

Fig. 12. PE comparison of the HIs constructed by DNN-based data fusion
model and existing methods at different RUL levels.

Fig. 11(b) shows a comparison between configurations 1 and
3, where the hyperprameters are set as [λ1 , λ2 , α, β, Ne , K] =
[0.12, 10−6 , 0.1, 0.08, 2, 128]. We observe that configuration 1
provides a better setting for RMSprop-based sampling method
since its mean value is closer to 0.
For quantitative evaluation, the HI-DNN is compared with
benchmark methods [6]–[9] using average PEs at different levels
of RUL, and the results are illustrated in Fig. 12. The dash lines
are the prediction errors of each HI based on different existing
methods, i.e., the best single sensor, nonparametric method [6],
the semiparametric method [7], the SNR-based method [8], and
Kernel-based method [9]. The solid line with error bar in the
bottom is the PE of DNN-based HI, which is plotted based on
the prediction results from 30 runs of our proposed method.
The error-bar line contains two parts, i.e., a line and a vertical
error bar at each RUL level, which represent the mean value
and the variance of the empirical PE distribution at different
RUL levels of 30 samples. It can be observed that the mean of
the PE by HI-DNN achieves the minimum error at all levels of
RULs, which means that the proposed method outperforms all
benchmark methods. This validates that the proposed model is
capable of capturing the complicated non-linear relations among
multisensor signals.
Compared with the latest HI-kernel method in [9], which
integrates kernel function for nonlinear extension, the DNN
model is much better to construct the HI for characterizing the
complex degradation mechanism of aircraft engines. In addition,
kernel method needs to specify the type of kernel function, while
DNN model provides more flexibility for degradation modeling
and prognostics. Moreover, the variance of the empirical PE
distribution by HI-DNN is also very small, thereby indicating
a stable RUL prediction of the proposed method. The small
variance also validates the effectiveness of the RMSprop-based
sampling algorithm for model parameter estimation.
E. DNN Architecture Selection
In general, there is no generic way to determine a priori for
the best number of neurons and number of layers of a neural
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network. In this article, we follow a heuristic approach [30],
which is a try-and-error process. Specifically, we use two to
four layers for trial. This is because a large number of layers may
result in overfitting of the models. For neuron configuration, we
select relatively smaller numbers for the first and last hidden
layers than the middle layers. The number of neurons in the first
and last hidden layers can be selected according to the number
of neurons in input and output layers respectively. We begin with
four layers and the iteration is stopped once the performance of
the model decreases.
VI. CONCLUSION
Multisensor data fusion was critical and challenging for
degradation modeling and prognostic analysis. Generally, a
composite HI was constructed for the RUL prediction. However,
most of the existing methods use a linear model for data-level
fusion, which is insufficient to capture the non-linear relations
of complicated engineering systems. Since DNN had a strong
capability to capture complicated nonlinear relationships, this
article developed a DNN-based data fusion model to construct
a composite HI. Specifically, we proposed a pair of adversarial
neural networks to enable the training procedure for DNN-based
data fusion model. In order to improve the stability of solution
from the nonconvex optimization, we proposed an RMSpropbased sampling algorithm to estimate the model parameters.
A set of simulation studies and a case study on a degradation
dataset of aircraft engines successfully validated the performance improvement of the proposed method in terms of the
RUL prediction. The future studies may include extension of
this approach to multiple failure modes under different operating environment and investigations of new fusion models for
nonmonotonic degradation signals.
Another interesting topic was the robustness under healing
effects. For example, unexpected errors, such as sensor failures,
are common in practice. Thus, a robust algorithm should be able
to provide an accurate RUL prediction in the presence of these
errors. The robustness analysis under healing effects is important
and will be investigated in the future.
APPENDIX A
The key idea of RMSprop is to keep a decaying average of
the past squared gradients within a fixed window of size d, that
is
  
  
E g 2 τ = γE g 2 τ −1 + (1 − γ) g 2τ ,
(A1)
where E([g 2 ]τ ) is the running average of the squared gradients
within the fixed window and g τ represents the gradient at
iteration τ ; Tieleman and Hinton [26] suggest that γ = 0.9.


∂J θ (τ )
∂okit
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Let  θ τ be the parameter-update vector at time τ , i.e.,
η
 θτ = 
gτ ,
E ([g 2 ]τ ) + ζ

(A2)

where η is the initial learning rate; ζ is a small value to avoid a
zero denominator. Then, the model parameters of DNN can be
updated by the rule
θ τ +1 = θ τ −  θ τ .

(A3)

The gradient of the loss function in terms of the model
parameters can be derived as follows:






K ∂J θ (τ ) ∂ok θ (τ )
∂J θ (τ )
it
1
=
k
∂bo
K
∂bo
∂o
it
k=1






K ∂J θ (τ ) ∂ok θ (τ )
∂J θ (τ )
it
1
=
K
∂okit
∂bl
∂bl
k=1






K ∂J θ (τ ) ∂ok θ (τ )
∂J θ (τ )
it
1
=
+ 2λ2 wo(τ )
k
∂wo
K
∂wo
∂o
it
k=1






(τ )
K ∂J θ (τ ) ∂ok θ (τ )
∂J θ
it
1
=
+ 2λ2 wl(τ ) ,
∂wl
K
∂wl
∂okit
k=1

(A4)
(τ )

(τ )

is
the
model
pawhere
θ = [w(τ ) , b ]
rameters
updated
at
iteration
τ;
okit =
k(τ )
[oki,t , oki,t+1 , oki,ni , oki,1 ] ;
and
oit = okit (θ (τ ) ) =
[oki,t (θ (τ ) ), oki,t+1 (θ (τ ) ), oki,ni (θ (τ ) ), oki,1 (θ (τ ) )] is the HI for
the sample k, which is constructed by using the model (θ (τ ) ) at
iteration τ . Equation (A5) shown at the bottom of this page,
⎡
⎤
∂J (θ (τ ) )


⎦ ,
g τ +1 = g w(τ ) , b(τ ) = ⎣ ∂J ∂w
(A6)
(θ(τ ) )
∂b

where g τ represents the gradient at iteration τ , τ = 2, 3, 4, . . .;
In the first iteration, the initialized model parameters are used.
Let ok· denote oki,t , oki,t+1 , oki,ni , or oki,1 , the gradients of ok· in
terms of each parameter at each layer can be derived as






∂ok· θ (τ )
(τ )
(τ )
k
k
=
o
θ
1
−
o
θ
·
·
∂bo






∂ok· θ (τ )
∂ok· θ (τ )
(τ )
L
=
h
θ
j1
o
∂wj1
∂bo







∂ok· θ (τ )  
∂ok· θ (τ )
o(τ )
(τ )
(τ )
L
L
h
θ
1−h
θ
=
w
i
i
i1
∂b0
∂bL
i

⎧







⎪
(τ )
(τ )
k
⎨ λ1 ck [1, −1] , 2(1−λ1 ) ok
,
θ
−
o
θ
−
β
[1,
−1]
it
i,n
i,1
ni −1
i
= 







⎪
⎩ 0, 0, 2(1−λ1 ) oki,n θ (τ ) − oki,1 θ (τ ) − β [1, −1] ,
ni −1
i





if oki,t θ (τ ) − oki,t+1 θ (τ ) ≥ α
otherwise
(A5)
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∂ok· θ (τ )

=

L
∂wji


∂ok· θ (τ )



∂ok· θ (τ )
∂bL
i






θ

(τ )

l+1(τ )



 ∂ok· θ (τ )





= wi

∂bli

hL−1
j



∂bl+1


1 − hli θ (τ )

× hli θ (τ )






∂ok· θ (τ )
∂ok· θ (τ )
(τ )
l−1
θ
,
=
h
j
l
∂wji
∂bli

(A7)

where l = 1, . . . , L − 1; hl. (θ (τ ) ) is the output of layer l
computed based on the model θ (τ ) at iteration τ .
APPENDIX B
Given a testing unit its , to extrapolate a partially degraded
signal of HI, oits ,· = [oits ,1 , · · · , oits ,nits ] , the posterior distribution of the parameters given oits ,· can be updated by


Γits |oits ,· ∼ N3 μits , Σits ,
(B1)
where


Ψits Ψits
+ Σ−1
σ2

Σits =

⎤
π0
⎥
⎢
= ⎣ ... ⎦
π nits
⎡

−1

, Ψits

⎤
10 · · · 12
⎥
⎢
= ⎣ ... . . . ... ⎦ , μits = Σits
n0its · · · n2its
⎡

!
Ψits oits ,.
−1
+
Σ
μ
.
σ2

Then, the cumulative distribution function (cdf) for RUL Tits
of testing unit its based on oits ,. can be estimated as
⎞
⎛
μits ,nits +t − μd
⎠ = ϕ (π (t)) ,
P (Tits ≤ t|oits ,. ) = ϕ ⎝ $
σi2ts ,ni +t + vd
ts
(B2)
where ϕ(·) is the cdf of the standard normal distribution. μits ,nits +t = π nits +t μits and σi2ts ,ni +t =
ts
π nits +t Σits π nits +t + σ 2 ; μd and vd are the mean and
variance of the failure threshold, estimated by calculating from
[o1,n1 , · · · , om,nm ] ; and π nits +t = [1, nits + t, (nits + t)2 ].
The RUL of unit its can be estimated by finding the time
t where the conditional probability equals to 0.5, i.e.,
P (Tits ≤ t|oits ,. ) = 0.5.
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