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With the development of science and technology, automatic
control systems have been widely integrated into complex
industrial processes such as chemical, polymers, metallurgy,
power systems, and semiconductor manufacturing. In order
to meet the ever increasing demands for high production
e
ciency and product quality as well as for economic
and ecological operations, today’s industrial processes have
become more complex and their degree of automation
is signi�cantly growing. 	is development calls for more
system reliability, dependability, and safety. Associated with
this, process monitoring and control receive considerably
enhanced attention, both in the engineering and in the
research domains. However, practical processes still continu-
ously pose new challenges due to quality requirements, safety
and complex dynamics, performance evaluation, diagnosis,
andmaintenance, especially the Key Performance Indicators-
(KPI-) relevant issues that call for more accurate and e
cient
operations which challenge the existing process monitoring
and control technologies andmeanwhile urgently push scien-
tists and engineers to develop newmethodologies to solve the
above unsolved issues for complex practical plants.	erefore,
the establishment and development of new model-based or
data-driven process monitoring and control technologies are
urgent issues in both theory and applications.

	is special issue provides a forum for researchers and
practitioners to exchange their latest achievements and to
identify critical points and challenges for future investigation
on the modeling, monitoring, and control of complex prac-
tical systems. 	e papers published in this issue provide the

latest advances of model-based and data-driven approaches,
particularly the novel theoretical-supported ideas and algo-
rithms with practical applications. In total, 21 submissions
have been received and carefully evaluated a�er a rigorous
review process. Six of them, that is, 28.6% of all the submitted
papers, have been selected covering the subject from dierent
perspectives.

	emanuscript “A SubspaceMethod Aided Data-Driven
Fault Detection Based on Principal Component Analysis” by
L. Ma and X. Li focuses on developing an alternative fault
detection technique for identifying the system models. 	e
paper proposes a subspace method aided data-driven fault
detection based on principal component analysis. 	e basic
idea is to use principal component analysis to identify the
system observabilitymatrices from input and output data and
construct residual generators.	e advantage of the proposed
method is that we just need to identify the parameterized
matrices related to residuals rather than the system models,
which reduces the computational steps of the system. 	e
proposed approach is illustrated by a simulation study on the
Tennessee Eastman process.

	e paper “Active Fault Tolerant Control Based on a
Novel Tracking Dierentiator for Elevating Stage Control
System” by H. Mao et al. is concerned with the speed sensor
faults in elevating stage control systems. In this paper, an
active fault tolerant control approach based on a novel track-
ing dierentiator is proposed, a novel tracking dierentiator
based on a hyperbolic tangent function is constructed, and a
continuous smooth switching tactic based on an exponential
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function is designed. 	e simulation results show that the
fault diagnosis method is simple and e
cient, the designed
tracking dierentiator is fast and eective, and the eect of
the fault tolerant control based on smooth switching strategy
is also satisfactory.

	e paper by X. Yang et al., entitled “Parameter Identi�-
cation and Control Scheme forMonitoring Automatic	ick-
ness Control System with Measurement Delay,” focuses on
the automatic thickness control system. Due to the unavoid-
able time delay and the changing parameters of the system,
this paper proposes an identi�cation and control scheme
for monitoring the automatic thickness control system that
can handle time delay and parameter uncertainty. 	e cross-
correlation function is used to estimate the time delay of the
system, while the system parameters are identi�ed using a
recursive least squaresmethod.	e time delay and parameter
estimates are then further re�ned using the Levenberg-
Marquardt algorithm, so as to provide the most accurate
parameter estimates for the complete system. Simulation
results show that, compared with the standard Proportion
IntegrationDierentiation controller approach, the proposed
approach is not aected by changes in the time delay and
parameter uncertainties.

	e paper entitled “Remaining Useful Life Estimation
Based on Asynchronous Multisource Monitoring Informa-
tion Fusion” by Y. Hu et al. focuses on the performance of
remaining useful life estimation for the degradation process
with multiple monitoring sensors. In this paper, an asyn-
chronous remaining useful life fusion estimation algorithm
is presented for the hidden degradation process with multi-
ple asynchronous monitoring sensors based on multisource
information fusion. Due to the noise correlation introduced
by the synchronization process, GA algorithm is adopted in
this paper to update the estimate of unknownmodel parame-
ters in the EM algorithm. Simulation results demonstrate that
fusion of multisource monitoring information frommultiple
asynchronous sensors can reduce the uncertainty in the
systems and therefore improve the estimation preformation.

	e paper “Providing De�nitive Learning Direction for
Relation Classi�cation System” is authored by P. Qin et al.
In this paper, several strategies are proposed to integrate
entity pair information into the application of deep learning
in the relation classi�cation task, in which way to provide
de�nitive learning direction for neural networks. Without
external linguistic features, this paper adequately exploits the
implicit value of the information provided by entity pair and
further improves the performance of relation classi�cation
system. Aiming at the characteristic of relation classi�cation
task, the paper specially designs an entity pair based atten-
tion mechanism which employs entity pair information to
adaptively generate attention weights. Experimental results
on the SemEval-2010 Task 8 dataset show that the method
outperforms most of the state-of-the-art models, without
external linguistic features.

	e manuscript “Self-Adaptive Arti�cial Bee Colony
Algorithm for Continuous Function Optimization” by M.
Tang et al. focuses on balancing the exploration and exploita-
tion of arti�cial bee colony algorithm. 	e paper proposes
a self-adaptive arti�cial bee colony (SABC) algorithm where

a modi�ed search equation is applied to guide the search of
new candidate solutions in the employed bee phase and the
onlookers phase. In addition, the good point set method is
introduced to produce the initial population and scout bees.
	e experimental results tested on a set of 12 benchmark
functions show that the proposed SABC algorithm has better
search ability when compared with several other ABC-based
algorithms.
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In view of the speed sensor faults in elevating stage control system, an active fault tolerant control approach based on a novel tracking
differentiator is proposed in this paper. First, the analytical redundancy relationship between the velocity and displacement signals
in a dual closed loop control system is used to detect a fault. When the deviation between the differential of normal displacement
sensor signal and the fault speed sensor output exceeds a certain threshold value, a fault can be considered to occur. Secondly, after
a fault is detected, the output of the fault sensor is replaced immediately with the differential signal of the output from a normal
sensor to ensure the safety of the postfault system. In the process of signal differential, considering the drawbacks of the traditional
method which uses inertial element to approximate differentiator and complex parameter tuning of Han’s Tracking Differentiator
(TD), a novel tracking differentiator based on hyperbolic tangent function (Tanh-TD) is designed. Thirdly, in order to avoid the
switching vibration and improve the reliability of FDD, a continuous smooth switching tactic based on exponential function is
constructed. The simulation results show that the fault diagnosis method is simple and timely, the designed tracking differentiator
is fast and effective, and the effect of the fault tolerant control based on smooth switching strategy is also satisfactory.

1. Introduction

As one kind of the most popular machinery in art perfor-
mance, elevating stages have the function of delivering the
actors and changing scenery as well as stage forms quickly to
meet the needs of repertoire expression.The essential control
variables of an elevating stage are position and speed. In
order to realize a closed loop control with high precision, the
photoelectric encoder is used to collect real-time position and
velocity data. However, due to aging, disturbance, collision,
and other factors, the encoder is prone to malfunction.
Once the encoder fails, the fault influence will spread rapidly
through the feedback loop, which will either produce sub-
stantial measurement errors or directly change the output
properties, leading to system performance degradation and
even jeopardizing the stability of the whole system, and
resulting in loss of life and property. So the safety and
reliability problems caused by encoder faults have attracted
more and more attention in the stage machinery technology
[1–3].

The fault tolerant control (FTC) theory has been used as
one kind of new technique aiming to improve system reliabil-
ity since 1980 and now has become an effective tool to tolerate
the failures of the suspension system [4–8]. A control system
that can accommodate the faults of system components auto-
matically while maintaining system stability with a desired
level of overall performance is denoted as a Fault Tolerant
Control System (FTCS) [9]. Generally, there are two kinds
of methods in FTC: Passive Fault Tolerant Control (PFTC)
and Active Fault Tolerant Control (AFTC) [9–11]. In PFTC,
component failures are assumed to be known a priori, and the
control system takes all these failure modes into account in
the design stage. As PFTChas tomaintain the system stability
under various component failures, the controller design has
to be conservative. So it is very difficult for PFTC to be opti-
mal from the performance point of view. In contrast, AFTC
calculates fault information online with a Fault Detection
and Diagnosis (FDD) block and redesigns a controller for
the faulty system. It is able to deal with unforeseen faults
and has the potential to achieve optimal performance for
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different system operating scenarios. Compared to PFTC, the
AFTC method has a better overall performance and is more
flexible in design, so it is used more widely [12–16]. In AFTC,
the model-based method, the knowledge-based method, the
data-based method, and other methods can be adopted [17–
20]. The model-based method needs an accurate model for
the system. It is a hard work, especially for a more complex
system. The knowledge-based method needs more prior
knowledge of faults and more experience from an operator.
For lack of prior knowledge system, it has a limited scope
of application. Considering that many kinds of faults will
affect and change the features of process data, the data-based
method has been widely used in recent years.

Several research papers on speed or position sensor FTC
have been published. As to the position sensor faults in a
Doubly Fed Induction Machine (DFIM), Abdellatif et al. [21]
analyzed the fault effects on the direct torque control. In order
to avoid system interruption, an AFTC technique based on
angle tracking observer reconfiguration control is adopted.
In [22], an effective fault detection and fault tolerant control
strategy for an induction motor is proposed for the abrupt
faults of speed sensor. The described approach can detect the
encoder’s healthy state and adjust the weight of the speed
obtained from the encoder and that of the speed estimated
based on MRAS. Akrad et al. [23] have made a AFTC study
for position sensor faults. Based on the combination of one
actual sensor and two virtual ones (one two-stage extended
Kalman filter and one back electromotive-force adaptive
observer), a voting algorithm parameterized with reliability
coefficients is proposed for each sensor within a whole
speed range so as to select an appropriate input of speed and
position for the control loop.

Just asmentioned above,most of the researches for sensor
fault AFTC are based on the observer method, which belongs
to the model-based method. For the speed sensor faults
in an elevating stage machinery control system, this paper
proposes a novel AFTC method by referring to the idea of
signal reconstruction, which is a kind of data-based method.
First, with the analytical redundancy relationship between
velocity and position in the dual closed loop system, through
comparing the differential of normal displacement sensor
with the output signal of speed sensor, a fault can be detected
to occur when the residual exceeds a certain threshold. After
the fault is detected, the output of the fault sensor is replaced
immediately with the differential signal of the output from
a normal displacement sensor to ensure the safety of the
postfault system. In this process, how to design an effective
differentiator is the key problem. Therefore, an effective dif-
ferentiator based on hyperbolic tangent function is designed.
Meanwhile, in the switching process, a continuous smooth
switching tactic is implemented to reduce the switching tran-
sients and improve the reliability of FDD.Themain contribu-
tions of the paper are (i) presenting an effective fault diagnosis
and fault tolerant strategy for sensor faults; (ii) constructing
a novel tracking differentiator based on hyperbolic tangent
function; and (iii) designing a continuous smooth switching
tactic based on exponential function.

V PPosition
controller

Velocity
controller Drive Motor Elevating

stage

Incremental
encoder

Absolute encoder

P0

− −

Figure 1: Block diagram of the elevating stage control system.

2. Structure of the Elevating Stage
Control System

As a high frequency application device in a theater, elevating
stage undertakes the important scenery task to transport
stage props and staff. Due to its large size, it is commonly
driven by two or more motors. In order to achieve the
precise location, speed, and even the synchronization control
between different motors, the system contains position and
speed sensors to form a dual-loop feedback structure. Two
signals which are measured by an incremental encoder and
an absolute encoder, respectively, are used to feed back to a
Variable-Frequency Drive or PLC and then compare with an
expected value. Under the guidance of controllers, the system
achieves its required control target. Figure 1 is the block
diagram of an elevating stage control system for one motor.

In this system, due to the external disturbance, improper
installation, or other uncertainties, the encoder which is
usually installed on the motor spindle is prone to precision
decrease and even to failure. When a sensor fault occurs in a
double closed loop structure, the fault influence will spread
rapidly through the feedback loop. As a result, the overall
control system for the elevating stage will be further affected.
So if the fault can be diagnosed quickly and compensated
effectively, the control precision and reliability of the overall
system will be guaranteed.

Considering the sensor failure, using the redundant
information to realize compensation is the basic idea of
AFTC based on signal or information reconstruction. In the
block diagram of the elevating stage control system, velocity
and displacement variables have an analytical redundancy
relationship with each other. Here, it is assumed that only one
of the two sensors fails at one point. Taking an incremental
encoder fault as an example, a feasible way to compensate
is to replace the fault signal with the differential of the
displacement signal. It is similar to an absolute encoder fault.
The integral of speed signal can be used to substitute the
fault position signal. It means that the deviation between the
reconstructed signal, that is the differential or integral signal
of the output from the nonfaulty sensor, and the signal from
the faulty sensor can be used to detect whether a failure hap-
pens or not. Once a fault is detected, the reconstructed signal
will be utilized to substitute the fault signal to realize an active
fault tolerant control. And that is the basic idea of this paper.

It should be pointed out that, according to the practical
experience in engineering, the probability of the incremental
encoder failure is higher, and the differentiator design for an
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incremental encoder fault is more complex than that for an
integrator. So this paper mainly deals with the incremental
encoder faults.Then how to design an effective differentiator?
What strategy can be used to diagnose the faults and how
to realize the switching? These are the critical problems. The
next section will discuss the detailed researches for these
problems.

3. Tracking Differentiator Design Based on
Hyperbolic Tangent Function

The differentiator design is the key problem to obtain the
differential of the displacement output and realize the recon-
struction for the fault speed sensor. As an ideal differentiator
is physically unachievable, the inertial element 1/(1 + 𝑇𝑠)
is usually adopted to approximate it. Where the inertial
time constant 𝑇 is smaller, and the approximate precision is
higher. However, the noise effect is amplified more seriously
at the same time and it can even submerge the really
useful differential signal. ANonlinear TrackingDifferentiator
(NTD) is proposed byHan [24–26]. NTD can not only obtain
a satisfactory differential signal, but also track the original
signal properly even in the presence of noise.Thismethod has
its strong theory support in mathematics and good feasibility
in engineering. So NTD has attracted much more attention
[27–30] since it came into being. In construction of TD,
the selection of comprehensive control function is the key
problem. There are many literatures investigating different
control functions to improve tracking and differential effects
from the aspects of rapidity and accuracy [31–33]. In these
methods, there exist more or less some drawbacks, such
as complex functional form, tedious parameter setting, and
output chattering. Through investigating the relationship
between various forms of the comprehensive control function
and the performance of TD, it is not difficult to draw the
principles of selecting the comprehensive control function.
First, in order to reduce the chattering caused by controller
switching to ensure the rapidity of simultaneous tracking,
the control function should have the characteristics of linear
function when it is close to the equilibrium point and should
have the nonlinear characteristics when it is far from the
equilibrium point. Secondly, the function form should be
smooth and continuous, and the parameter setting should be
as simple and feasible as possible. Based on these principles,
the paper uses the hyperbolic tangent function to design the
tracking differentiator.

The following lemma needs to be given and proved for
designing the tracking differentiator based on the hyperbolic
tangent function.

Lemma 1. Consider the following system Σ1:
�̇�1 (𝑡) = 𝑧2 (𝑡) ,
�̇�2 (𝑡) = 𝑢 (𝑧1 (𝑡) , 𝑧2 (𝑡)) , (1)

where 𝑢(⋅) is a comprehensive control function and 𝑧1(𝑡) and𝑧2(𝑡) are the states of system Σ1.

We design

𝑢 (𝑧1 (𝑡) , 𝑧2 (𝑡)) = −𝑎1 tanh (𝑏1𝑧1 (𝑡))
− 𝑎2tanh (𝑏2𝑧2 (𝑡)) , (2)

where 𝑎1, 𝑎2, 𝑏1, 𝑏2 > 0 are the tracking and filtering parame-
ters, respectively, and tanh(⋅) is the hyperbolic tangent function.
Then the system Σ1 is asymptotically stable at the equilibrium
point (0, 0) and can meet the following conditions:

lim
𝑡→∞

𝑧1 (𝑡) = 0,
lim
𝑡→∞

𝑧2 (𝑡) = 0. (3)

Proof. Consider the Lyapunov function candidate:

𝑉 (𝑧1, 𝑧2) = ∫𝑧1
0

𝑎1 tanh (𝑏1𝑥) 𝑑𝑥 + 12𝑧22 . (4)

For 𝑎1 > 0, 𝑏1 > 0, and when 𝑧1(𝑡) > 0, 𝑥 ∈ (0, 𝑧1],
then we have 𝑎1tanh(𝑏1𝑥) > 0. If 𝑧1(𝑡) < 0, 𝑥 ∈ [𝑧1, 0),
then 𝑎1tanh(𝑏1𝑥) < 0, so according to the integral mean value
theorem, we have

∫𝑧1
0

𝑎1 tanh (𝑏1𝑥) 𝑑𝑥 = 𝑎1 tanh (𝑏1𝜉) ⋅ 𝑧1 > 0, (5)

where 𝜉 is between 0 and 𝑧1.
So we have∫𝑧1

0
𝑎1 tanh(𝑏1𝑥)𝑑𝑥 > 0.

And similarly when 𝑧2 ̸= 0, (1/2)𝑧2
2
> 0, so 𝑉(𝑧1, 𝑧2) > 0.

Taking the time derivative of 𝑉(𝑧1, 𝑧2), we have
�̇� (𝑧1, 𝑧2) = 𝑎1tanh (𝑏1𝑧1) �̇�1 + 𝑧2 ⋅ �̇�2

= 𝑧2𝑎1tanh (𝑏1𝑧1)
+ 𝑧2 (−𝑎1tanh (𝑏1𝑧1) − 𝑎2tanh (𝑏2𝑧2))

= −𝑎2𝑧2tanh (𝑏2𝑧2) .
(6)

Correspondingly, for 𝑎2 > 0, 𝑏2 > 0, 𝑎2𝑧2 tanh(𝑏2𝑧2) ≥ 0. If
and only if 𝑧2 = 0, �̇�(𝑧1, 𝑧2) = 0.

According to the Lyapunov theory, the system Σ1 will be
asymptotically stable at the equilibrium point.

Theorem 2. Consider the following system Σ:
�̇�1 (𝑡) = 𝑥2 (𝑡) ,
�̇�2 (𝑡) = −𝑅2 [𝑎1 tanh (𝑏1 (𝑥1 (𝑡) − V (𝑡)))]

− 𝑅2 [𝑎2 tanh(𝑏2 𝑥2 (𝑡)𝑅 )] ,
(7)

where V(𝑡) is the input signal, [𝑥1, 𝑥2] ∈ 𝑅2 is the state vector,𝑅 is a real constant gain (𝑅 > 0), and parameters 𝑎1, 𝑎2, 𝑏1, 𝑏2
are positive. For any bounded input V(𝑡), the solution of systemΣ can meet the condition

lim
𝑅→∞

∫𝑇
0

𝑥1 (𝑡) − V (𝑡) 𝑑𝑡 = 0, (8)

where 𝑇 is a constant gain (𝑇 > 0). Then the system Σ is a
tracking differentiator based on the hyperbolic tangent function
(Tanh-TD).
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Figure 2: Block diagram of the active fault tolerant control.

The related proof is given in the Appendix.
The theorem illustrates that the solution of Σ can fully be

close to the input signal V(𝑡) in any limited time 𝑇 when 𝑅 is
large enough, and the differential of the input signal 𝑥2(𝑡) can
be effectively obtained.

4. Active Fault Tolerant Control for Speed
Sensor Faults

4.1. Active Fault Tolerant Control Scheme. The block diagram
of the active fault tolerant control for speed sensor faults
is shown in Figure 2, where 𝑦 is the actual output of the
incremental encoder and 𝑦 is the constructed signal pro-
cessed by Tanh-TD. The system includes three key modules:
(i) signal reconstructionmodule based onTanh-TD; (ii) Fault
Detection and Diagnosis (FDD) module, and (iii) Decision-
Making and Switching (DMS) module. The working process
of the AFTC scheme can be described as follows.

Step 1 (FDD). The residual signal is generated through com-
paring the differential of the displacement signal processed by
Tanh-TD with the speed signal collected by the incremental
encoder. When the residual exceeds a certain threshold, a
fault can be determined to occur, and the fault indicator
quantity changes from 0 to 1.

Step 2 (DMS). Once a fault is detected, the fault information
provided by FDD will be given to DMS module, which
executes the fault tolerant actions according to the predefined
trigger logic. It will replace and isolate the fault sensor output
signal with the differential of the displacement signal to
realize the fault tolerant control.

In this process, the rapidity and reliability of FDD are very
important. It is the foundation of the follow-up to achieve
fault tolerance. Among various influencing factors of FDD’s
reliability, the residual decision is the most critical one. If the
residual decision is inappropriate, a missing or false alarm
will occur, which directly affects the effect of fault diagnosis
and the implementation of the fault tolerant control.

Meanwhile, the effects of DMS depend on the type of
Controller-II to some extent. As a feedback signal of the
inner-loop, the output of DMS has a negative influence on
the control performance because of the switching vibration.
Therefore it is necessary to choose a robust and effective
controller to avoid such drawback. However, in the actual

elevating stage control engineering, the most widely used
controller is PID which is usually embedded in a PLC or
Variable-Frequency Drive. Our goal is to keep the existing
hardware conditions unchanged. So how to avoid the adverse
effects of switching vibration based on the existing hardware
conditions is another problem needed to be solved in this
paper.

4.2. Residual Decision for the Incremental Encoder Fault Diag-
nosis. Due to the existence of measurement noise and system
noise in the actual system, the fault-free residual may not be
equal to zero, and a fault residual is not a constant, and it may
deviate from the normal range. So it is necessary to introduce
an effective residual decision method. Considering the single
sample set method has a low reliability, and the sliding data
window method will generate a long time delay due to too
many samples, this paper adopts the Sequential Probability
Ratio Test (SPRT) method. This method does not need to
determine the number of observation groups in advance but
increases the amount of data in the process of inspection until
a predetermined missing alarm and false alarm rate requires
to stop the inspection. The algorithm is shown as follows.

First, a residual signal is generated

𝑒 (𝑘) = 𝑦 (𝑘) − 𝑦 (𝑘) . (9)

The observed random residue variables 𝑒 = [𝑒1, 𝑒2,. . . , 𝑒𝑚] are assumed to obey the normal distribution𝑁𝑚(𝜃, 𝛿).
Consider the following hypothesis test models:

𝐻0: 𝑒𝑖 ∈ 𝑁(0, 𝛿), 𝑖 = 1, 2, . . . , 𝑚, fault-free
𝐻1: 𝑒𝑖 ∈ 𝑁(𝜃1, 𝛿), 𝑖 = 1, 2, . . . , 𝑚, 𝜃1 ̸= 0, fault

The probability distribution density functions are, respec-
tively,

𝑃 (𝑒𝑖 | 𝐻0) = 1√2𝜋𝛿 exp(− 𝑒2
𝑖2𝛿2) , (10)

𝑃 (𝑒𝑖 | 𝐻1) = 1√2𝜋𝛿 exp(−(𝑒𝑖 − 𝜃1)22𝛿2 ) . (11)

As the observed variable 𝑒𝑖 is independent from each
other, we can define the likelihood ratio as follows:

𝐿 (𝑚) = 𝑃 (𝑒 | 𝐻1)𝑃 (𝑒 | 𝐻0) = 𝑚∏
𝑖=1

𝑃 (𝑒𝑖 | 𝐻1)𝑃 (𝑒𝑖 | 𝐻0)
= exp( 𝑚∑

𝑖=1

2𝜃1𝑒𝑖 − 𝜃2
12𝛿2 ) .

(12)

Then we have the following: if 𝐿(𝑚) = 𝑃(𝑒 | 𝐻1)/𝑃(𝑒 |𝐻0) > 1,𝐻1 is true; otherwise,𝐻0 is true.
Correspondingly, the log-likelihood ratio of (12) is

𝜆 (𝑚) = ln (𝐿 (𝑚)) = 𝑚∑
𝑖=1

2𝜃1𝑒𝑖 − 𝜃2
12𝛿2

= 𝑚∑
𝑖=1

𝜃1𝑒𝑖𝛿2 − 𝑚∑
𝑖=1

𝜃2
12𝛿2 = 𝜆 (𝑚 − 1) + 2𝜃1𝑒𝑚 − 𝜃2

12𝛿2 .
(13)
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SPRT uses the probabilities of missing alarms and false
alarms to create the thresholds of acceptance and rejection of
the null hypothesis. The false alarm probability 𝑃𝐹 is defined
as the probability that 𝐻0 is rejected even though it is true.
The missing alarm rate 𝑃𝑀 is defined as the probability that𝐻0 is accepted when it is actually false. Then the thresholds
are

𝑇 (𝐻0) = 𝑃𝑀1 − 𝑃𝐹 ,
𝑇 (𝐻1) = 1 − 𝑃𝑀𝑃𝐹 .

(14)

A fault is detected based on the following rules:

𝜆(𝑚) ≤ ln𝑇(𝐻0), 𝐻0 is accepted, and system is
normal.
𝜆(𝑚) ≥ ln𝑇(𝐻1),𝐻1 is accepted, and system is under
fault.

When ln𝑇(𝐻0) ≤ 𝜆(𝑚) ≤ ln𝑇(𝐻1), the information is not
sufficient to make a decision, and sampling continues.

In view of the plus or minus uncertainty of 𝜆(𝑚) in the
recursive process, the detection time delay will be created
when 𝜆(𝑚) is near to zero. As the effectiveness of real-time
detection will decrease, an improvement is made as follows:

𝜆∗ (𝑚) = {{{
𝜆 (𝑚) , 𝜆 (𝑚) > 0,
0, 𝜆 (𝑚) ≤ 0. (15)

4.3. A Reliable and Smooth Decision-Making Switching Design
Based on Continuous Exponential Function. After a fault
is detected, it is necessary to take immediate measures by
switching the differential of the displacement signal of the
encoder to ensure the stable operation of the system. This
is just the fault tolerant control design. From the strategy
analysis of fault detection mentioned above, we can see that
it has two problems in this process. First, the vibration will
occur when the system is switching from the fault signal𝑦 to the reconstruction signal 𝑦. It will directly affect the
AFTC performance. Although a robust controller can be
adopted as mentioned in Section 4.1, other measures should
be considered when the controller structure is difficult to
change. Secondly, the uncertainty of FDD exists when the
residual signal 𝜆(𝑚) falls in the scope (ln(𝑇𝐻0), ln(𝑇𝐻1)).
Generally it is believed no fault happens. However, a small or
medium fault may have happened. That means the reliability
of FDD is very low in this range. While the FTC strategy is
only triggered when a fault is indicated with a high reliability,
that means when 𝜆(𝑚) exists in (ln(𝑇𝐻0), ln(𝑇𝐻1)), the
system is in an unsafe condition. So in order to reduce the
switching vibration transient and improve the reliability of
FDD, the paper designs a continuous exponential function to
realize a smooth and flexible switching. The specific design
process is introduced as follows.

First, we construct an exponential function:

𝛼 = 11 + exp (−𝑙 (𝜆 − ln𝑇 (𝐻1))) , (16)

where 𝛼 is defined as the reliability factor. ln𝑇(𝐻1) is the
larger threshold, and 𝑙 is the approximate slope. When 𝜆 >
ln𝑇(𝐻1), 𝛼 ≈ 1, and when 𝜆 < ln𝑇(𝐻1), 𝛼 ≈ 0. So 𝛼 ∈ (0, 1).

Then, we design a function of 𝜆 which is related to 𝛼 as
follows:

𝑓 (𝜆) = 𝛼𝑦 + (1 − 𝛼) 𝑦. (17)

From (17) and the fault diagnosis strategy mentioned
above, we know the following:

(i) 𝑓(𝜆) is a mixed signal combined with an actual output𝑦 and a reconstruction output 𝑦.
(ii) When 𝜆(𝑚) ≤ ln𝑇(𝐻0) ≤ ln𝑇(𝐻1), which is fault-

free, 𝛼 ≈ 0, so 𝑓(𝜆) ≈ 𝑦; now the output is the actual signal
from the incremental encoder.

(iii) When 𝜆(𝑚) > ln𝑇(𝐻1), which is fault, 𝛼 ≈ 1, 𝑓(𝜆) ≈𝑦; now the output is a reconstruction signal from the dif-
ferential of the displacement signal of the fault-free absolute
encoder.

(iv) When ln𝑇(𝐻0) ≤ 𝜆(𝑚) ≤ ln𝑇(𝐻1), the output is the
mixture of 𝑦 and 𝑦. Particularly in this range, as 0 < 𝛼 <0.5, it shows that the actual output accounts for a relatively
large proportion. That is, when the fault diagnosis result is
uncertain, the system should use the actual output as far as
possible. It also accords with the actual logical strategy.

So through the above analysis, (17) can be specifically
expressed as follows:

𝑓 (𝜆)

=
{{{{{{{{{

𝑦, 𝜆 > ln (𝑇 (𝐻1)) , 𝛼 ≈ 1,
𝛼𝑦 + (1 − 𝛼) 𝑦, ln (𝑇 (𝐻0)) < 𝜆 < ln (𝑇 (𝐻1)) ,
𝑦, 𝜆 < ln (𝑇 (𝐻0)) , 𝛼 ≈ 0.

(18)

Now, the DMS module in Figure 2 can be substituted by
function 𝑓(𝜆). It realizes a mixed continuous output of the
reconstructed signal and the actual signal at different propor-
tions based on the size of fault diagnosis reliability. Compar-
ing to the direct switching inDMS, the vibrationwill not exist
in 𝑓(𝜆) smooth switching. Moreover, the high performance
requirements for Controller-II can be reduced. Furthermore,
the design of the smooth function improved the reliability
of FDD relatively and realized the integrated design for the
reliability of FDD and FTC.

4.4. Steps of Active Fault Tolerant Control. According to the
above analysis, we can get the implementation steps of AFTC
based on signal reconstruction.

Step 1. Specify the false alarm rate 𝑃𝐹 and the missing alarm
rate 𝑃𝑀 and compute the threshold values 𝑇(𝐻0) and 𝑇(𝐻1).
Step 2. Comparing the actual output of the incremental
encoder 𝑦with the reconstruction signal 𝑦, we can obtain the
residual signal 𝑒(𝑘) from formula (9) and acquire 𝜆(𝑚) from
formula (13).

Step 3. Implement the fault diagnosis and fault tolerant
control based on the different size of 𝜆(𝑚) with the aid of
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formula (17); especially when ln𝑇(𝐻0) ≤ 𝜆(𝑚) ≤ ln𝑇(𝐻1),
the fault indicator output is 𝛼, which is a number between 0
and 1. The system will continue to increase the sample data
for inspection. And at the same time, the feedback signal of
inner-loop is the mixture of 𝑦 and 𝑦.
5. Numerical Simulations and Results Analysis

5.1. SimulationModeling. In view of the vector control for AC
motor in stage machine engineering, the model for the AC
motor can be approximately equivalent to that for the DC
motor with vector transformation [34]. So under the rated
excitation condition, themathematic model can be expressed
as follows:

𝐺 (𝑠) = 1/𝐶𝑒𝑇𝑚𝑇𝑙𝑠2 + 𝑇𝑚𝑠 + 1 , (19)

where the torque coefficient 𝐶𝑒 is 0.1925V⋅min/r, the elec-
tromechanical time constant 𝑇𝑚 is 0.075 s, and the electro-
magnetic time constant 𝑇𝑙 is 0.017 s. Two conventional PI
controllers are adopted, respectively, in the inner and outer
control loop.

5.2. Tanh-TD Effective Verification. In order to verify the
effectiveness of Tanh-TD, the tuning of parameters 𝑅, 𝑎1, 𝑎2,𝑏1, 𝑏2 is the key point. Considering that the differential and
the tracking roles are the same in the operation process of
the comprehensive control function, we can set 𝑎1 = 𝑎2 = 𝑎
and 𝑏1 = 𝑏2 = 𝑏, so the number of the tuning parameters is
reduced to 3, that is 𝑅, 𝑎, and 𝑏. Although the reduction of
adjustable parameter number will reduce the freedom degree
of Tanh-TD parameter optimization to some extent, it makes
the choice of parametersmore convenient.Thus, by analyzing
the meanings of parameters and doing a large number of
related experimental tests, we give the tuning guidelines as
follows:

(i) Parameter 𝑎: as the amplitude of the comprehensive
control function, the larger the value is, the larger the
control energy is, and the faster the tracking speed is. But
when it increases to a certain value, the rapidity of tracking
slows down. At the same time, from the perspective of
limited energy, the value should not be too large. So the
recommended value interval is [1, 20].

(ii) Parameter 𝑏: as the slope of the approximate linear
interval of the comprehensive control function, the smaller
the value is, the more smooth and wider the linear range is,
and the faster the tracking speed is, but an overshoot will
occur. So the choice must be balanced between the tracking
speed and the stationarity. The proposed interval is [0.1, 10].

(iii) Parameter 𝑅: as a system time scale, the larger the
value is, the faster the tracking speed is. In view of its ampli-
fication effect on noise, it should not be too large. According
to the tracking and filtering performance requirements, the
proposed value interval is [1, 50].

Now, the two different types of TD algorithm, DTD [35]
which is the classical discrete TD and MTD [32] which is
a new modified nonlinear-linear tracking differentiator, are
chosen to compare with Tanh-TD by using unit-step and sine

Table 1: Parameter setting.

TD Parameters
DTD 𝑅 = 30, ℎ0 = 0.01, ℎ = 0.001
MTD 𝑅 = 30, 𝑎 = 𝑏 = 5, 𝑚 = 3
Tanh-TD 𝑅 = 30, 𝑎1 = 𝑎2 = 10, 𝑏1 = 𝑏2 = 1

Table 2: The filtering effect.

TD SNR
DTD 11.4379
MTD 17.2052
Tanh-TD 17.8132

Table 3: Types of sensor faults.

Fault type Mathematic expression
Constant gain 𝑦 (𝑘) = 𝑦 (𝑘) + 𝑐1
Locked 𝑦 (𝑘) = 𝑐2
Constant deviation 𝑦 (𝑘) = 𝑐3𝑦 (𝑘)

signal with noise as the input in Matlab/Simulink environ-
ment. The noise signal is white with mean to 0 and variance
to 0.001. The parameters of three types of TD are showed
in Table 1. It needs to be pointed out that the parameters of
the three methods are all optimal. The simulation results are
showed in Figures 3 and 4.

Figure 3(a) shows the step signals with noise and the
tracking results of DTD, MTD, and Tanh-TD. Figure 3(b)
displays the comparison of differential signals obtained from
the three types of TD. As shown in Figure 3, Tanh-TD has
a fast tracking and better differential effect than DTD and
MTD. As showed in Figure 4, the differential effect for sine
signal is also satisfactory.The filtering effect of the three types
of TD for sine signal is given in Table 2. The Signal to Noise
Ratio (SNR) of Tanh-TD is obviously higher than those of the
other two methods.

5.3. Encoder Fault Type Description. In order to simulate the
faults of the incremental encoder, we should analyze the fault
causes and fault types in practical engineering first. Generally
speaking, as the faults of a general sensor, there are three types
of faults in the encoder [36]:

(i) Constant gain fault: it may be caused by circuit
parameter drift or precision decline.

(ii) Locked fault: it may be caused by hardware damage.
(iii) Constant deviation fault: it may be caused by code or

information losing.

The fault types and their corresponding mathematics
descriptions are showed in Table 3.

5.4. Simulation Results and Analysis. In order to verify the
proposed fault diagnosis and fault tolerant control strategy,
we carry out the related simulations under different scenarios.
The simulation parameters are designed as follows: themotor
speed is set to 100 rpm, and the position is 2000m. The
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Figure 3: Comparison of different TDs for step signal inputs.
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Figure 4: Differential results comparison of different TDs for sine
signal inputs.

different types of faults, constant gain fault (𝑐1 = 5), locked
fault (𝑐2 = 93), and constant deviation fault (𝑐3 = 3) occur
at 3∼5 s, 7∼9 s, and 12∼15 s, respectively. The fault diagnosis
and fault tolerant control strategy specified in Section 4.4 is
employed, where 𝑃𝐹 = 0.01, 𝑃𝑀 = 0.01, and 𝜃0 = 0.0885.

The simulation results are showed from Figures 5–9.
Figure 5 shows the speed sensor output with faults.

Figure 6 displays the residual and fault indicator. From
Figures 5 and 6, it can be seen that when different types
of faults occur at 3 s and 7 s, the residue increases sharply,
which causes the fault indicator to change from 0 to 1. That
means the faults are detected immediately. And when the
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faults disappear at 5 s and 9 s, the fault indicator returns to 0. It
should be pointed out that the fault indicator will not change
to 1 immediately especially when the constant deviation fault
occurs at 12 s. Through the amplification of details, we find
that it occurs at about 12.4 s due to the residual signal 𝜆(𝑚)
falling in the scope of (ln(𝑇𝐻0), ln(𝑇𝐻1)). That means the
unreliability of FDD exists under this circumstance.

In order to verify the effectiveness of smooth and flexible
switching strategy based on the reliability factor 𝛼, we com-
pare it with the traditional switching based on sign function.
The simulation result is showed in Figure 7. By zooming out
the details, we can see that the traditional method acting
at about 12.5 s has a certain delay and switches violently
which corresponds to the fault indicator, while the method
proposed in this paper based on a flexible switching strategy
is smoother and more reliable.

Figures 8 and 9 show, respectively, the speed and position
outputs with and without FTC based on a flexible switching.
From Figure 8, we can see that when the sensor fails at
different time in a closed loop control system without FTC,
the output shows a level of oscillation, while when the FTC is
implemented after a fault is detected, the output shows good
stability and smoothness. It also verified the effectiveness of
the proposed FTC.

6. Conclusions

This paper focuses on the fault detection and tolerant control
of the speed sensor—incremental encoder—for an elevating
stage control system. An AFTC method based on tracking
differentiator is proposed. From the analysis and simulation,
it is confirmed that (i) using the redundancy relationship
between velocity and displacement signal in a dual closed
loop system to construct a fault tolerant strategy is simple
and convenient. (ii) Compared to the traditional DTD and
the new MTD, the novel tracking differentiator design based
on hyperbolic tangent function is effective. It has faster
tracking speed and higher differential and tracking accuracy.
Its filtering effects are also satisfactory. (iii) In implementing
the fault tolerant switching strategy, the designed reliability
factor 𝛼 based on smooth function reduces the transient
vibration and improves the reliability of FDD and realizes an
integrated design for the reliability of FDD and the FTC.

The next problems to be solved are (i) the experimental
verification and the engineering practice of the proposed
method and (ii) from the perspective of the whole system,
how to integrate the absolute encoder fault into the AFTC
framework.

Appendix

Proof. In order to verify the theorem, we can rewrite (7) as
follows:

�̇�1 (𝑡) = 𝑥2 (𝑡) ,
�̇�2 (𝑡) = 𝑅2𝑢(𝑥1 (𝑡) − V (𝑡) , 𝑥2 (𝑡)𝑅 ) . (A.1)
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When the input signal is constant, V(𝑡) = 𝑐, it can make
variable substitution as the following:

𝑡 = 𝑡𝑅 ,
𝑥1 (𝑡) = 𝑧1 (𝑡) + 𝑐,
𝑥2 (𝑡) = 𝑅 ⋅ 𝑧2 (𝑡) .

(A.2)

Then we have

𝑑𝑡 = 𝑑𝑡𝑅 ,
�̇�1 (𝑡) = �̇�1 (𝑡) ⋅ 𝑅 = 𝑥2 (𝑡) = 𝑧2 (𝑡) ⋅ 𝑅,
�̇�2 (𝑡) = 𝑅2�̇�2 (𝑡) = 𝑅2𝑢(𝑥1 (𝑡) − 𝑐, 𝑥2 (𝑡)𝑅 )

= 𝑅2𝑢 (𝑧1 (𝑡) , 𝑧2 (𝑡)) .

(A.3)

Obviously, it equals the next equations:

�̇�1 (𝑡) = 𝑧2 (𝑡) ,
�̇�2 (𝑡) = 𝑢 (𝑧1 (𝑡) , 𝑧2 (𝑡)) . (A.4)

That is the lemma. So it can be easily proved.
Next, considering the general situation when the input

signal V(𝑡) is a bounded, integrable, and time varying func-
tion, 𝑡 ∈ [0, 𝑇], for a given scalar ∀𝜀 > 0, there exists a
continuous function 𝜑(𝑡) ∈ 𝐶[0, 𝑇], satisfying:

∫𝑇
0

V (𝑡) − 𝜑 (𝑡) 𝑑𝑡 < 𝜀2 . (A.5)

For this 𝜑(𝑡), there also exists a series of simple function𝜑𝑛(𝑡), 𝑛 = 1, 2, . . ., which is uniform convergence to 𝜑(𝑡). It
means that there exists an integer𝑁0, when𝑀 > 𝑁0, |𝜑(𝑡) −𝜑𝑀(𝑡)| < 𝜀/4𝑇. So we have the following equation:

∫𝑇
0

V (𝑡) − 𝜑𝑀 (𝑡) 𝑑𝑡 ≤ ∫𝑇
0

V (𝑡) − 𝜑 (𝑡) 𝑑𝑡
+ ∫𝑇
0

𝜑 (𝑡) − 𝜑𝑀 (𝑡) 𝑑𝑡
< 𝜀2 .

(A.6)

As 𝜑(𝑡) is continuous and [0, 𝑇] is divided into limited
subintervals 𝐼𝑖, 𝑖 = 1, 2, . . . , 𝑚, assume that𝜑𝑀(𝑡) is a constant
in 𝐼𝑖. So for every subinterval, ∃𝑅0 > 0, when𝑅 > 𝑅0, we have

∫
𝐼𝑖

𝑥1 (𝑡) − 𝜑𝑀 (𝑡) 𝑑𝑡 < 𝜀2𝑚, 𝑖 = 1, 2, . . . , 𝑚. (A.7)

It implies that ∫𝑇
0
|𝑥1(𝑡) − 𝜑𝑀(𝑡)|𝑑𝑡 < 𝜀/2. Thus when 𝑅 >𝑅0,

∫𝑇
0

𝑥1 (𝑡) − V (𝑡) 𝑑𝑡 < ∫𝑇
0

𝑥1 (𝑡) − 𝜑𝑀 (𝑡) 𝑑𝑡
+ ∫𝑇
0

𝜑𝑀 (𝑡) − V (𝑡) 𝑑𝑡 < 𝜀.
(A.8)

So lim𝑅→∞ ∫𝑇
0
|𝑥1(𝑡) − V(𝑡)|𝑑𝑡 = 0.
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The model-based fault detection technique, which needs to identify the system models, has been well established. The objective of
this paper is to develop an alternative procedure instead of identifying the system models. In this paper, subspace method aided
data-driven fault detection based on principal component analysis (PCA) is proposed. The basic idea is to use PCA to identify the
system observabilitymatrices from input and output data and construct residual generators.The advantage of the proposedmethod
is that we just need to identify the parameterized matrices related to residuals rather than the system models, which reduces the
computational steps of the system. The proposed approach is illustrated by a simulation study on the Tennessee Eastman process.

1. Introduction

The safety, stability, and efficiency of dynamic systems have
always been a matter of great concern in the field of com-
plex industrial processes. Fault detection plays an extremely
important role in improving the safety of processes and
attracts more and more attention in the field of process
monitoring systems.

During the past three decades, a model-based fault detec-
tion technique for linear time invariant (LTI) systems has
been well established [1–4]. But in some complex systems and
large-scale industries, it is difficult to obtain accurate mathe-
matical models. With the development of the computer and
information industry, Big Data has attracted more and more
attention. Actually, industrial processes have large amounts
of operating data which contain abundant information about
the system. Subspacemodel identificationwhich uses process
data to identify system models comes into being under this
kind of background. There are several methods of subspace
algorithms, such as MOESP [5], N4SID [6], and CVA [7].
In a typical SMI, the identification procedure comprises two
steps. Firstly, the extended observabilitymatrix Γ𝑓 and a block
triangular Toeplitz matrix 𝐻𝑓 are identified from input and
output data. Then, 𝐴, 𝐵, 𝐶, and 𝐷 are calculated from the

identified observability matrix and the Toeplitz matrix. Fault
detection using this method usually comprises two steps: (1)
system identification and (2)model-based fault detection.

Residual generation and residual evaluation are essential
for model-based fault detection. Fault detection can be
achieved if residuals are obtained. Parity space approach
(PSA) [8] is the simplest andmost widely used amongmodel-
based fault detection methods. We noticed that there is a
close bond between the two methods by comparing PSA and
SMI.The residual could be calculated by some parameterized
matrices related to Γ𝑓 and 𝐻𝑓. So, it is feasible that we only
need to use the first step of SMI to identify parameterized
matrices instead of the system models, which reduces the
calculation steps. To the best of our knowledge, Ding and
his coworkers subtly associated SMI with fault detection and
proposed a subspace aided approach [9–11]. But most of
these SMI methods are biased under the errors-invariables
(EIV) situation. Wang and Qin [12] proposed a subspace
identification approach based on PCA that gives consistent
model estimates under the EIV situation. Inspired by their
work, we propose subspace method aided data-driven fault
detection based on PCA in this paper. Figure 1 shows the
difference between the proposed approach and the classic
model-based approach.
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Figure 1: Model-based approach and the proposed approach.

In this paper, the main contribution of this proposed
approach lies in the direct identification of the parameterized
matrices by PCA. As long as these matrices related to
residuals are identified, we can construct residual generators.
The proposed approach is illustrated by a simulation study on
the Tennessee Eastman process.

The rest of the paper is organized as follows. Section 2
gives the preliminaries and problem formulation. The iden-
tification of parameterized matrices is presented in Section 3.
Section 4 illustrates a simulation study on the Tennessee
Eastman process. Finally, the conclusions are presented in
Section 5.

2. Preliminaries and Problem Formulation

2.1. Process Descriptions. The form of the state space repre-
sentation of a discrete time LTI system is given by

𝑥 (𝑘 + 1) = 𝐴𝑥 (𝑘) + 𝐵𝑢∗ (𝑘) + 𝑝 (𝑘)
𝑦∗ (𝑘) = 𝐶𝑥 (𝑘) + 𝐷𝑢∗ (𝑘) , (1)

where 𝑥 ∈ 𝑅𝑛, 𝑢∗(𝑘) ∈ 𝑅𝑙, 𝑦∗(𝑘) ∈ 𝑅𝑚, and 𝑝(𝑘) ∈ 𝑅𝑛 denote
the vectors of the state variables, noise-free inputs, noise-
free outputs, and process noise, respectively. The available
input measurements 𝑢(𝑘) and output measurements 𝑦(𝑘) are
described by [13]

𝑢 (𝑘) = 𝑢∗ (𝑘) + 𝑜 (𝑘)
𝑦 (𝑘) = 𝑦∗ (𝑘) + V (𝑘) , (2)

where 𝑜(𝑘) ∈ 𝑅𝑙 and V(𝑘) ∈ 𝑅𝑚 represent the input and output
noise. The following assumptions are introduced:

(i) The system is observable and controllable.

(ii) 𝑜(𝑘), V(𝑘), and 𝑝(𝑘) are assumed to be zero-mean,
normally distributed white noise; that is,

𝐸{{{{{
[[
[
𝑝 (𝑘)
𝑜 (𝑘)
V (𝑘)

]]
]
[𝑝 (𝑗)𝑇 𝑜 (𝑗)𝑇 V (𝑗)𝑇]}}}}}

= [[[
[

𝑅𝑝𝑝 𝑅𝑝𝑜 𝑅𝑝V
𝑅𝑇𝑝𝑜 𝑅𝑜𝑜 𝑅𝑜V
𝑅𝑇𝑝V 𝑅𝑇𝑜V 𝑅VV

]]]
]
𝛿𝑘𝑗 𝛿𝑘𝑗 = {{{

1, 𝑘 = 𝑗
0, 𝑘 ̸= 𝑗.

(3)

(iii) All the noise is assumed to be independent of the
past noise-free input 𝑢∗(𝑘) and initial state 𝑥(1). They
satisfy

𝐸{{{{{{{
𝑢∗ (𝑘) [[[

[

𝑝 (𝑗)
𝑜 (𝑗)
V (𝑗)

]]]
]

𝑇}}}}}}}
= 0, for 𝑗 ⩾ 𝑘. (4)

(iv) System matrices 𝐴, 𝐵, 𝐶, and 𝐷 and system order 𝑛
are unknown.

We define the following vectors andHankel matrices.The
subscripts 𝑝 and 𝑓 represent the past and the future, where𝑝 ⩾ 𝑓 ⩾ 𝑛.

𝑢𝑝 (𝑘) =
[[[[[[
[

𝑢 (𝑘 − 𝑝)
𝑢 (𝑘 − 𝑝 + 1)

...
𝑢 (𝑘 − 1)

]]]]]]
]
∈ 𝑅𝑙𝑝,

𝑢𝑓 (𝑘) =
[[[[[[
[

𝑢 (𝑘)
𝑢 (𝑘 + 1)
...

𝑢 (𝑘 + 𝑓 − 1)

]]]]]]
]
∈ 𝑅𝑙𝑓,

𝑦𝑝 (𝑘) =
[[[[[[
[

𝑦 (𝑘 − 𝑝)
𝑦 (𝑘 − 𝑝 + 1)

...
𝑦 (𝑘 − 1)

]]]]]]
]
∈ 𝑅𝑚𝑝,

𝑦𝑓 (𝑘) =
[[[[[[
[

𝑦 (𝑘)
𝑦 (𝑘 + 1)
...

𝑦 (𝑘 + 𝑓 − 1)

]]]]]]
]
∈ 𝑅𝑚𝑓,
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𝑈𝑝 = [𝑢𝑝 (𝑘) 𝑢𝑝 (𝑘 + 1) ⋅ ⋅ ⋅ 𝑢𝑝 (𝑘 + 𝑁 − 1)] ∈ 𝑅𝑙𝑝×𝑁,
𝑈𝑓 = [𝑢𝑓 (𝑘) 𝑢𝑓 (𝑘 + 1) ⋅ ⋅ ⋅ 𝑢𝑓 (𝑘 + 𝑁 − 1)]
∈ 𝑅𝑙𝑓×𝑁,

𝑌𝑝 = [𝑦𝑝 (𝑘) 𝑦𝑝 (𝑘 + 1) ⋅ ⋅ ⋅ 𝑦𝑝 (𝑘 + 𝑁 − 1)]
∈ 𝑅𝑚𝑝×𝑁,

𝑌𝑓 = [𝑦𝑓 (𝑘) 𝑦𝑓 (𝑘 + 1) ⋅ ⋅ ⋅ 𝑦𝑓 (𝑘 + 𝑁 − 1)]
∈ 𝑅𝑚𝑓×𝑁,

𝑋 (𝑘) = [𝑥 (𝑘) 𝑥 (𝑘 + 1) ⋅ ⋅ ⋅ 𝑥 (𝑘 + 𝑁 − 1)] ∈ 𝑅𝑛×𝑁,
𝑍𝑝 = [𝑌𝑝𝑈𝑝] ∈ 𝑅

(𝑙𝑝+𝑚𝑝)×𝑁,

𝑍𝑓 = [𝑌𝑓𝑈𝑓] ∈ 𝑅
(𝑙𝑓+𝑚𝑓)×𝑁.

(5)

By iterating (1) and (2), we can get

𝑦𝑓 (𝑘) = Γ𝑓𝑥 (𝑘) + 𝐻𝑓𝑢𝑓 (𝑘) − 𝐻𝑓V𝑓 (𝑘) + 𝐺𝑓𝑝𝑓 (𝑘)
+ 𝑜𝑓 (𝑘) . (6)

The vectors V𝑓(𝑘) ∈ 𝑅𝑙𝑓, 𝑜𝑓(𝑘) ∈ 𝑅𝑚𝑓, 𝑝𝑓(𝑘) ∈ 𝑅𝑛𝑓, and𝑢𝑓(𝑘) ∈ 𝑅𝑙𝑓 have similar structures to 𝑦𝑓(𝑘). If we use Hankel
matrix instead of the vectors to describe the system, (6) can
be written as

𝑌𝑓 = Γ𝑓𝑋 (𝑘) + 𝐻𝑓𝑈𝑓 + 𝐸𝑓
𝐸𝑓 = −𝐻𝑓𝑉𝑓 + 𝐺𝑓𝑃𝑓 + 𝑂𝑓. (7)

The matrices 𝑉𝑓 and 𝑂𝑓 are defined similarly to 𝑌𝑓.

Γ𝑓 =
[[[[[[[
[

𝐶
𝐶𝐴
...

𝐶𝐴𝑓−1

]]]]]]]
]
∈ 𝑅𝑚𝑓×𝑛,

𝐻𝑓 =
[[[[[[[
[

𝐷 0 ⋅ ⋅ ⋅ 0
𝐶𝐵 𝐷 ⋅ ⋅ ⋅ 0
... ⋅ ⋅ ⋅ d

...
𝐶𝐴𝑓−2𝐵 𝐶𝐴𝑓−3𝐵 ⋅ ⋅ ⋅ 𝐷

]]]]]]]
]
∈ 𝑅𝑚𝑓×𝑙𝑓,

𝐺𝑓 =
[[[[[[[
[

0 0 ⋅ ⋅ ⋅ 0
𝐶 0 ⋅ ⋅ ⋅ 0
... ⋅ ⋅ ⋅ d

...
𝐶𝐴𝑓−2 𝐶𝐴𝑓−3 ⋅ ⋅ ⋅ 0

]]]]]]]
]
∈ 𝑅𝑚𝑓×𝑛𝑓.

(8)

2.2. Residual Generation andEvaluation. Residual generation
and residual evaluation are essential to design a fault detec-
tion system.Themain idea of this paper is to generate residual
from input and output data. How to generate and evaluate
residual is introduced in the following section.

Moving 𝐻𝑓𝑈𝑓 to the left of the equation, (7) can be
rewritten as

𝑌𝑓 − 𝐻𝑓𝑈𝑓 = Γ𝑓𝑋 (𝑘) + 𝐸𝑓. (9)

Taking Γ⊥𝑓 ∈ 𝑅𝑚𝑓×(𝑚𝑓−𝑛) as the orthogonal complement ofΓ𝑓, we can obtain

(Γ⊥𝑓 )𝑇 Γ𝑓 = 0. (10)

Since 𝑋(𝑘) is unknown, we multiply (Γ⊥𝑓 )𝑇 on both sides
of the equation to eliminate the effect of the unknown state
[14]. Then, we can get

(Γ⊥𝑓 )𝑇 (𝑌𝑓 − 𝐻𝑓𝑈𝑓) = (Γ⊥𝑓 )𝑇 𝐸𝑓. (11)

So, the residual signal

𝑅 = (Γ⊥𝑓 )𝑇 (𝑌𝑓 − 𝐻𝑓𝑈𝑓) = (Γ⊥𝑓 )𝑇 𝑌𝑓 − (Γ⊥𝑓 )𝑇𝐻𝑓𝑈𝑓. (12)

We noticed that the residual is closely related to the
extended observability Γ𝑓 and a block triangular Toeplitz
matrix 𝐻𝑓. Therefore, if we want to obtain the residual, the
key step is to identify (Γ⊥𝑓 )𝑇 and −(Γ⊥𝑓 )𝑇𝐻𝑓. In Section 3, how
to identify these parameterized matrices will be introduced
in detail.

Once these parameterized matrices are identified, we can
get residual signal.Then, the fault detection can be completed
by residual evaluation. Let 𝑟(𝑘) be the residual vector at the
instant 𝑘, defining the testing statistic [15]

𝐽 = 𝑟 (𝑘)𝑇 Σ−1res𝑟 (𝑘) Σres = 𝑅𝑅𝑇(𝑁 − 1) , (13)

whereΣres is the covariance matrix of the residual matrix in
the fault-free case. Note that when there is no fault, 𝐽 ∼ 𝜒2(ℎ),
where 𝜒2(ℎ) is the chi-squared distribution with ℎ degrees
of freedom. We set 𝐽th = 𝜒2𝛼(ℎ) as threshold and define the
detection logic as

𝐽 = {{{
< 𝐽th, no fault

> 𝐽th, a fault is detected. (14)

Besides the chi-squared distribution, kernel density esti-
mation is also utilized to determine the threshold [16].
It is assumed that the measurements follow a Gaussian
distribution. The threshold 𝐽th can be calculated by 𝑃(𝐽 <𝐽th(𝛼)) = 𝛼, where 𝛼 is confidence level.

𝑃 (𝑥 < 𝑎) = ∫𝑎
−∞
𝑝 (𝑥) 𝑑𝑥 = 𝛼

𝑝 (𝑥) = 1𝑁ℎ
𝑁∑
𝑘=1

𝐾(𝑥 − 𝑥𝑘ℎ ) ,
(15)
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where 𝑥𝑘 is the 𝑘th sample of 𝑥,𝑁 is the number of samples,ℎ is a smoothing parameter, and 𝐾(⋅) is a kernel function.
Given a proper confidence level, we can get the threshold𝐽th. In this paper, we set 𝛼 = 0.95. After the statistics and

threshold are deduced, the fault detection can be realized
according to the above detection logic.

3. The Identification of
Parameterized Matrices

Based on the knowledge that has been introduced in the
previous sections, we know that the identification of matrices
related to residual is the key step in this approach. In
this section, we discuss the issue of how to identify these
matrices. Wang and Qin proposed a subspace identification
approach based on PCA. We will briefly introduce it. When
the process is corrupted by process noise and measurement
simultaneously, they use instrumental variables𝑍𝑝 to remove
the noise, because the past data𝑍𝑝 is uncorrelatedwith future
noise. According to these assumptions, we can get

lim
𝑁→∞

1𝑁𝐸𝑓𝑍𝑇𝑝
= lim
𝑁→∞

1𝑁 (−𝐻𝑓𝑉𝑓𝑍𝑇𝑝 + 𝐺𝑓𝑃𝑓𝑍𝑇𝑝 + 𝑂𝑓𝑍𝑇𝑝) = 0.
(16)

If we utilize𝑍𝑓 to represent residual instead of𝑌𝑓 and𝑈𝑓,
(11) can be expressed as

(Γ⊥𝑓 )𝑇 [𝐼 | −𝐻𝑓] 𝑍𝑓 = (Γ⊥𝑓 )𝑇 𝐸𝑓. (17)

Multiplying (1/𝑁)𝑍𝑇𝑝 on both sides of the equation, we
can get

1𝑁 (Γ⊥𝑓 )𝑇 [𝐼 | −𝐻𝑓] 𝑍𝑓𝑍𝑇𝑝 = 1𝑁 (Γ⊥𝑓 )𝑇 𝐸𝑓𝑍𝑇𝑝 . (18)

From (16), we know

1𝑁 (Γ⊥𝑓 )𝑇 [𝐼 | −𝐻𝑓] 𝑍𝑓𝑍𝑇𝑝 = 0. (19)

Equation (19) indicates that (1/𝑁)𝑍𝑓𝑍𝑇𝑝 has zero scores.
From the rank condition

rank ( lim
𝑁→∞

1𝑁𝐸𝑓𝑍𝑇𝑝) = 𝑙𝑓 + 𝑛, (20)

we know that when 𝑁 → ∞, (1/𝑁)𝑍𝑓𝑍𝑇𝑝 has 𝑚𝑓 − 𝑛 zero
scores. Performing PCA on the process data,

lim
𝑁→∞

1𝑁𝑍𝑓𝑍𝑇𝑝 = 𝑃𝑇𝑇 + �̃��̃�𝑇. (21)

When𝑁 →∞,

[ Γ⊥𝑓
−𝐻𝑇𝑓Γ⊥𝑓] = �̃�𝑀, �̃� = [

�̃�𝑦
�̃�𝑢] , (22)

where 𝑀 ∈ 𝑅(𝑚𝑓−𝑛)(𝑚𝑓−𝑛) is a nonsingular matrix, �̃�𝑦 is
the first 𝑚𝑓 rows of �̃�, and �̃�𝑢 is the last 𝑙𝑓 rows of �̃�.

(1) Generate 𝑍𝑓 and 𝑍𝑝 with fault-free data(2) Perform PCA on (1/𝑁)𝑍𝑓𝑍𝑇𝑝(3) Calculate Γ⊥𝑓 and −𝐻𝑇𝑓Γ⊥𝑓 according to (22)(4) Construct residual 𝑅 according to (12)(5) Calculate Σres = 𝑅𝑅𝑇/(𝑁 − 1) in the fault-free case(6) Generate 𝑌𝑝 and 𝑈𝑝 with on-line operating data(7) Construct residual 𝑅 according to (12), then calculate
the testing statistic 𝐽 by (13)(8) Determine the threshold 𝐽th(9) Evaluate the residual according to the detection logic

Algorithm 1: SMI-PCA fault detection.

The nonsingular matrix 𝑀 is unit matrix in our paper. The
matrices Γ⊥𝑓 and −𝐻𝑇𝑓Γ⊥𝑓 can be obtained according to (22),
and then the residual can be generated. The algorithm from
data to realize fault detection can be summarized as the steps
shown in Algorithm 1.

4. Simulation Study on the Tennessee
Eastman Process

In this section, we apply the proposed approach to Ten-
nessee Eastman (TE) process. Three indices are used—fault
detection rate (FDR), false alarm rate (FAR) [17], and fault
detection time (FDT)—to demonstrate the efficiency of the
proposed approach. The fault detection time is the first time
instance with the testing statistic 𝐽 above the thresholds 𝐽th.

FDR = No. of samples (𝐽 > 𝐽th | 𝑓 ̸= 0)
total samples (𝑓 ̸= 0) × 100

FAR = No. of samples (𝐽 > 𝐽th | 𝑓 = 0)
total samples (𝑓 = 0) × 100.

(23)

4.1. TE Process. TE process model is a realistic simulation
program of a chemical process that is widely accepted as
a benchmark for control monitoring studies [18]. The TE
model that we used was downloaded from http://depts
.washington.edu/control/LARRY/TE. The flow diagram of
the process is shown in Figure 2. The process contains five
major units named reactor, condenser, compressor, separator,
and stripper.

There are 53 measurements, 12 of which are manipulated
variables and 41 are process variables. The 12 manipulated
variables are listed in Table 1. In this paper, the other 9
manipulated variables except for XMV(5), XMV(9), and
XMV(12) are taken as inputs. The dimension of the TE
dataset is very large. To overcome the curse of dimensionality,
the 41 process variables are divided into eight blocks [19]. We
choose the input feed block as outputs, which are shown in
Table 2. Table 3 shows the 20 process faults of TE process.

In our simulation, these data are acquired in the case of
Mode 1.The operating time is set to be 36 h.The total number
of samples is𝑁 = 3601.The faults are introduced at 8 h,which

http://depts.washington.edu/control/LARRY/TE
http://depts.washington.edu/control/LARRY/TE
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Figure 2: The Tennessee Eastman process.

Table 1: Process manipulated variables.

Variable name Variable number
D feed flow XMV(1)
E feed flow XMV(2)
A feed flow XMV(3)
A and C feed flow XMV(4)
Compressor recycle valve XMV(5)
Purge valve XMV(6)
Separator pot liquid flow XMV(7)
Stripper liquid product flow XMV(8)
Stripper steam valve XMV(9)
Reactor cooling water flow XMV(10)
Condenser cooling water flow XMV(11)
Agitator speed XMV(12)

means that the fault occurs after 800 samples. 𝑝 and 𝑓 are
both set as 10.

4.2. Simulation Results. The process is simulated with 20
different faults. For the sake of simplicity, we only take some
typical faults to show. The first type of fault is step change in𝐴 and 𝐶 feed ratio (IDV1). Figure 3 shows the testing statistic𝐽 based on residual vectors for input feed block.The blue line
is the testing statistic 𝐽 and the threshold 𝐽th is shown by a red
line. The second type of fault is a random variation change in𝐴, 𝐵, and 𝐶 feed composition (IDV8).The simulated result is
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Figure 3: Detection of IDV(1).

shown in Figure 4. Figure 5 shows the testing statistic of the
third type of fault which is a sticking fault in reactor cooling
water valve (IDV14).The last fault (IDV17) shown in Figure 6
is an unknown fault. The type and process variables of fault
are not known.
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Table 2: Input feed block process measurements.

Variable name Variable number
A feed (stream1) XMEAS(1)
D feed (stream1) XMEAS(2)
E feed (stream1) XMEAS(3)
A and C feed XMEAS(4)
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Figure 4: Detection of IDV(8).

Based on the fault detection method, if the testing
statistics exceed the threshold, the fault is detected. We can
see from Figures 3–6 that all the testing statistics 𝐽 exceed
the threshold 𝐽th after 800 samples. The four faults have been
detected.

In addition to the simulation results, the FDR, FAR, and
FDT shown in Table 4 are also obtained to demonstrate the
efficiency. Besides the comparison between SMI-PCA and
SMI-PCA KDE, we also compare them with the classic PCA
in order to better reflect the advantages of this proposed
method. According to the study of Mahadevan and Shah
[20], the FDR of 𝑇2 and 𝑄 for PCA are listed in the table.
The maximum fault detection rate has been highlighted in
boldface. We can see that most of the fault detection rate of
our proposedmethod is higher than PCA.The fault detection
rate of using kernel density estimation to calculate the
threshold is slightly higher than the chi-squared distribution.
Most of the faults can be detected well and they have high
FDRS and low FARS. But for some faults, that is, IDV(3), (5),(9), and (15-16), the efficiency of fault detection is very poor.
This may be caused by a very small change in the variables,
which is also a common problem in the TE process fault
detection.There is nomeaning to calculate the fault detection
time if the faults cannot be detected, so the fault detection
time is indicatedwith “∗” in the table.The fault detection time
of SMI-PCA and SMI-PCA KDE is the same because of their
similar detection rate.
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Figure 5: Detection of IDV(14).
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Figure 6: Detection of IDV(17).

5. Conclusions

In this paper, subspace method aided data-driven fault
detection based on PCA has been presented. This method
is to identify the parameterized matrices using PCA and
construct residual generators with the input and output
data. A simulation study on the TE process demonstrates
the availability of this method. It indicates that the method
proposed in this paper has better effects than PCA on
fault detection rate and is suitable for linear systems which
are observable and controllable. Moreover, the problem of
threshold is also discussed in this paper. The fault detection
rate of using kernel density estimation is slightly superior to
the chi-squared distribution.



Journal of Control Science and Engineering 7

Table 3: Process faults.

Variable number Process variable Type
IDV(0) Normal operation Step
IDV(1) 𝐴/𝐶 feed ratio, 𝐵 composition constant Step
IDV(2) 𝐵 composition, 𝐴/𝐶 ratio constant Step
IDV(3) 𝐷 feed temperature Step
IDV(4) Reactor cooling water inlet temperature Step
IDV(5) Condenser cooling water inlet temperature Step
IDV(6) 𝐴 feed loss Step
IDV(7) 𝐶 header pressure loss-reduced availability Step
IDV(8) 𝐴, 𝐵, 𝐶 feed composition Random variation
IDV(9) 𝐷 feed temperature Random variation
IDV(10) 𝐶 feed temperature Random variation
IDV(11) Reactor cooling water inlet temperature Random variation
IDV(12) Condenser cooling water inlet temperature Random variation
IDV(13) Reaction kinetics Random variation
IDV(14) Reactor cooling water valve Sticking
IDV(15) Condenser cooling water valve Sticking
IDV(16) Unknown Unknown
IDV(17) Unknown Unknown
IDV(18) Unknown Unknown
IDV(19) Unknown Unknown
IDV(20) Unknown Unknown

Table 4: TE process: fault detection for test data (%).

Fault PCA SMI-PCA SMI-PCA KDE
FDR(𝑇2) FDR(𝑄) FDR FAR FDT FDR FAR FDT

IDV(1) 99.2 99.8 100 4.25 800 100 5.63 800
IDV(2) 98.0 98.6 99.46 3.88 800 99.5 5.25 800
IDV(3) 0 0 11.97 3.75 ∗ 14.52 5.12 ∗
IDV(4) 4.4 96.2 100 4.62 800 100 6 800
IDV(5) 22.5 25.4 14.92 4.37 ∗ 17.43 5.75 ∗
IDV(6) 98.9 100 100 4.62 800 100 6.12 800
IDV(7) 91.5 100 100 4.75 800 100 6.12 800
IDV(8) 96.6 97.6 97.70 3.62 811 97.81 5.12 811
IDV(9) 0 0 12.4 3.62 ∗ 14.49 5.12 ∗
IDV(10) 33.4 34.1 81.56 3.62 811 82.82 5.12 811
IDV(11) 20.6 64.4 98.67 3.62 811 98.78 5.12 811
IDV(12) 97.1 97.5 43.35 3.62 811 46.76 5.12 811
IDV(13) 94.0 95.5 98.81 3.62 811 98.85 5.12 811
IDV(14) 84.2 100 99.82 3.62 801 99.86 5 801
IDV(15) 0 0 5.18 3.62 ∗ 6.25 5.12 ∗
IDV(16) 16.6 24.5 4.46 3.62 ∗ 5.9 5.12 ∗
IDV(17) 74.1 89.2 91.41 3.62 811 91.88 5.12 811
IDV(18) 88.7 89.9 30.63 3.62 811 32.49 5.12 811
IDV(19) 0.4 12.7 99.75 3.75 801 99.75 5.12 801
IDV(20) 26.4 43 89.25 3.62 811 90.08 5.12 811



8 Journal of Control Science and Engineering

Compared with the traditional model-based fault detec-
tion method, prior knowledge of model mechanisms is
not needed and only the parameterized matrices related to
residuals rather than the systemmodels need to be identified.
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Deep neural network has adequately revealed its superiority of solving various tasks in Natural Language Processing, especially
for relation classification. However, unlike traditional feature-engineering methods that targetedly extract well-designed features
for specific task, the diversity of input format for deep learning is limited; word sequence as input is the frequently used setting.
Therefore, the input of neural network, to some extent, lacks pertinence. For relation classification task, it is not uncommon that,
without specific entity pair, a sentence contains various relation types; therefore, entity pair indicates the distribution of the crucial
information in input sentence for recognizing specific relation. Aiming at this characteristic, in this paper, several strategies are
proposed to integrate entity pair information into the application of deep learning in relation classification task, in a way to provide
definitive learning direction for neural network. Experimental results on the SemEval-2010 Task 8 dataset show that our method
outperforms most of the state-of-the-art models, without external linguistic features.

1. Introduction

With the increasing amount of information being available,
it becomes harder to obtain the content we want. Under this
circumstance, people tend to get the answer to the question
directly rather than find the answer from text by themselves.
As a result, some well-designed data-driven approaches have
become mainstream [1–3]. To meet this need, vast amount of
unstructured text data should be transformed into structured
knowledge that is more accessible for further processing.
Relation classification [4] is one of the key technologies in this
procedure. It has wide applications in the field of information
retrieval [5], question answering [6], and knowledge base
completion [7]. Given a sentence annotated with two entities,
the relation classification system is to recognize the correct
relation type from a predefined relation set. For example, for
the annotated sentence.

“The Pulitzer Committee issues an official [𝑐𝑖𝑡𝑎𝑡𝑖𝑜𝑛]𝑒1
explaining the [𝑟𝑒𝑎𝑠𝑜𝑛𝑠]𝑒2 for the award,” the relation type
between entity citation and reasons in this context isMessage-
Topic(e1, e2).

In order to cope with the variety of natural language,
many complicated statistical and analysis methods should be

considered [8, 9]. Currently, deep learning method [10] has
occupied themost influential position in dealingwith relation
classification task. The powerful learning capability of deep
neural network enables it to deeply mine the implicit and
crucial information of input sentence, without the assistance
of external linguistic features. Convolutional neural network
(CNN) performs well in capturing vital local information,
and the advantage of time efficiency is obvious [11–13]. By
comparison, Recurrent Neural Network (RNN) is better
at modeling sequence information and has the capability
to remember long-distance context information [14, 15].
Considering that the inputs of task are text sequences and
the occurrence order of entity pair is one of the key factors,
we adopt RNN as the main network. Long Short-Term
Memory (LSTM) [16] and Gated Recurrent Units (GRU)
[17] are two effective models among current RNN variants;
moreover, due to low computational cost of GRU under the
same performance, we select GRU to model our sequence
information.

Entity pair is the prerequisite of relation classification,
which guides the computer to discover the discriminative
information. Moreover, the occurrence of entity pair indi-
cates the main difference against other NLP tasks. Based on
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this property, traditional feature-based methods specifically
extract the features located in the text segment between or
near entity pair; kernel methods [18] are devoted to the
structural similarity of the shortest dependency parts within
entity pair. Obviously, the learning direction is manually set
so that classifier can avoid the interfere of noise context as far
as possible. However, in most cases, text sequence is directly
regarded as input for deep learning method, which naturally
introduces noise for relation classification. Consequently, for
deep learning method, how to take full advantage of entity
pair information is the key point. The prevailing solution is
to integrate position feature into text sequence to highlight
the words close to entity pair and achieves good effect. But,
semantic knowledge involved in entity pair has not been fully
utilized. It is noteworthy that, sometimes, the relation type
can be determined directly from the meaning of entity pair.
Observing the following instances, the expression patterns
of these two entity pairs are both “A of B”, but the relation
types are different. In other words, without the semantic
information of entity pair, it is impossible to recognize the
correct relation class.

I was attacked by a [𝑓𝑙𝑜𝑐𝑘]𝑒1 of [𝑝𝑖𝑔𝑒𝑜𝑛𝑠]𝑒2 today.
(Member-Collection(e2, e1))

He decided to pad the [ℎ𝑒𝑒𝑙]𝑒1 of [𝑠ℎ𝑜𝑒𝑠]𝑒2 with a
shock absorbing insole and heel pad. (Component-
Whole(e1, e2))

Therefore, how to better leverage entity information to guide
the learning direction of deep neural network is of practical
value for relation classification task.

In this paper, we propose several strategies to incor-
porate entity pair information into deep neural network,
in a way to provide definitive learning direction for rela-
tion classification task. In terms of sequence modeling, we
employ the bidirectional GRU (Bi-GRU) as our main body.
This structure can effectively alleviate the biased problem
of unidirectional version (later inputs are more dominant
than earlier inputs). With respect to entity pair, due to
variable length, we firstly transform them into the high-level
fixed-length embedding. Considering the occurrence order
cannot be overlooked, we adopt a unidirectional GRU to
model entity pair information into a fixed-length embedding.
Several strategies have been attempted to integrate entity
pair information into sequence modeling. First, we concate-
nate entity pair embedding with the intermediate feature
embeddings, including word embeddings and the generated
sentence representation by Bi-GRU.Despite a simple strategy,
the practicability has been validated bymany previous works.
Zeng et al. [11] concatenate the automatically learned lexical
vector and sentence level vector generated fromCNN into the
final sentence embedding to classify relation type;Wang et al.
[19] connect the random-initialized aspect embedding with
hidden vectors and word input vectors to rationally finish
aspect-level sentiment classification. Second, we employ an
entity pair-based attention mechanism to rationally allocate
attention over words of input sentence. Recently, attention
mechanism is a mature technique to enhance deep neural
networks and has a wide range of applications [20, 21]. It

is initially proposed for sequence-to-sequence learning. In
addition, attention weights are computed under the adaptive
prior knowledge; in other words, the prior knowledge for dif-
ferent input sentences is different. Inspired by this, according
to the characteristic of relation classification task, we treat
entity pair information as the adaptive prior knowledge to
calculate attention weights, in a way to instruct Bi-GRU to
better complete the mission.Through a series of experiments
on the SemEval-2010 Task 8 dataset, it is demonstrated that
the proposed methods effectively improve the previous per-
formances of RNNand its variants;moreover, we compare the
visualization of our entity pair-based attention mechanism
and the original attention technique for relation classification.
The comparable results intuitively reveal that the proposed
entity pair-based attention mechanism yields more rational
distribution.

The contributions of this paper can be summarized as
follows:

(i) Without external linguistic features, this paper ade-
quately exploits the implicit value of the information
provided by entity pair and further improves the
performance of relation classification system.

(ii) In order to adopt entity pair information to provide
definitive direction for neural network, the utilization
of entity pair information is from two different angles:
concatenation operation and attention mechanism.

(iii) Aiming at the characteristic of relation classification
task, the paper specially designs an entity pair-based
attentionmechanismwhich employs entity pair infor-
mation to adaptively generate attention weights.

2. Related Works

Deep neural network has received increasing attention in
the field of NLP, including relation classification task. The
current successful deep learning structures all have been
attempted to be tackled with relation classification task.
Socher et al. [22] adopt a recursive neural network to extract
features via the constituent parse tree of sentence. Zeng et
al. [11] expand the concept of local receptive fields to natural
language and employ a convolutional neural network to
model sequence; moreover, the position feature is proposed
to indicate the relative position of tokens and entity pair.
Similarly, the external linguistic features are incorporated
into both models to further enhance the performance, such
as POS, grammatical relations, and WordNet hypernyms.
By comparison, our model merely depends on the input
sentences annotated with entity pair. Zhang et al. [23] adopt
Bidirectional LSTM as main network to alleviate the bias
problem of unidirectional RNN; equally, we also leverage the
bidirectional structure, but LSTM is substituted by GRU in
consideration of computational cost.

Concatenation operation is the common strategy for deep
learning method to combine external features. Zeng et al.
[11] concatenate the sentence embedding from CNN and the
lexical feature embeddings into a compositional embedding
and feed it into a full-connected layer to recognize relation
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Figure 1: The structure of concatenation operation. As showed above, two substrategies are applied. With the obtained high-level entity pair
embedding, substrategy A concatenates it with word embedding and position embedding; substrategy B adopts concatenation operation
between sentence level embedding and entity pair embedding, where the compositional embedding is directly used to classify relation type.

type; Xu et al. [24], respectively, train four LSTMs to model
word sequence, part-of-speech tags, grammatical relations,
and WordNet hypernyms and then concatenate these four
high-level feature representations into a global representation
for the input instance. In addition to relation classification
task, the same concept has been utilized to other NLP tasks.
Wang et al. [19] propose an attention-based LSTM for aspect-
level sentiment classification, where aspect information is
converted into the aspect embeddings and connected with
word embeddings and hidden vectors to provide crucial
information for sentiment classification. Based on the same
strategy, we parameterize the sentiment knowledge of entity
pair into entity pair embedding and, respectively, adopt
the concatenation operation into input layer and hidden
layer to provide definitive learning direction for relation
classification.

When we are reading, we tend to pay more attention
to the words or phrases that are crucial for understanding;
furthermore, for different purpose, the distribution of our
attention is not quite the same. On this basis, attention
mechanism is proposed to teach deep neural network to
automatically calculate the attention distribution of input.
Naturally, for different NLP tasks, different prior knowl-
edge should be provided. Initially, attention mechanism
is implemented in the sequence-to-sequence problem, like
machine translation, parsing [25], and question answering
[26]. The prior knowledge is provided by the tokens before
the predicted token.However, for sequence-to-label problem,
including document classification and relation classification,
this idea is not workable. Aiming at this issue, for document
classification task, Yang et al. [27] randomly initialize a
unique vector, and the attention weights are calculated by
dot product operation between this vector and corresponding
word-level feature vectors. Following this idea, Att-BLSTM
[28] is adopted for relation classification task. However, it
is not persuasive that a random-initialized vector is capable

of providing the adequate and reasonable prior knowledge;
particularly, it is prone to overfitting when training set is in
small scale. To overcome this dilemma, we employ the entity
pair information to generate rational prior knowledge for
detecting relation types. It is because, in most cases, different
entity pairs have different relation types. More importantly,
the semantic knowledge of entity pair can, to some extent,
limit the search scope of relation types.

3. Methodology

Given a sentence annotated with entity mentions 𝑒1 and 𝑒2,
relation classification system is to select a relation type of the
highest confidence from a predefined relation set. In general,
we adopt the bidirectional GRU to modeling input text
sequence. To be specific, in terms of the input layer, we first
convert words into word embedding; then, with respect to
the hidden layer, two standard GRU, respectively, mine latent
features from the opposite directions and generate high-
level vector representations; finally, sentence representation
is synthesized in the output layer and utilized to determine
the ultimate relation type.The semantic knowledge carried by
entity pair plays a vital role in providing definitive learning
direction for deep neural network. Moreover, considering
the occurrence order, the unidirectional GRU is adopted to
parameterize entity pair into high-level embedding. In order
to use this information to assist relation classification, two
strategies are presented: concatenation and entity pair-based
attention mechanism. Figures 1 and 2, respectively, depict the
framework of the proposed methods.

3.1. Sequence Modeling. For relation classification, the avail-
able information of input consists of word sequence 𝑆 =
{𝑤1, 𝑤2, . . . , 𝑤𝑛} and entity pair [𝑤𝑒1, 𝑤𝑒2]; correspondingly,
word embedding and position feature are employed to,
respectively, reflect the information. Word embedding is
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Figure 2: The overview of entity pair-based attention mechanism. With the generated entity pair embedding, the information distribution
of word-level representations is measured by the dot product of entity pair embeddings and Bi-GRU word-level embeddings.

the distributed representation of word, which involves the
semantic and syntactic information; particularly, the charac-
teristic of low-dimension is beneficial to deep neural network.
For word 𝑤𝑖 presented in sentence, we look up the word
embedding matrix 𝑊𝑒 ∈ R𝑑𝑒×|𝑉| and extract the specific
column to represent 𝑤𝑖 as 𝑥𝑖; for words that cannot find the
corresponding word embedding, we randomly initialize vec-
tors for them. Position feature indicates the relative distance
[𝑝1𝑖 , 𝑝2𝑖 ] from 𝑤𝑖 to entity pair [𝑤𝑒1, 𝑤𝑒2]. 𝑝𝑖 ∈ R𝑑𝑝 is the
vector representation of directional distance variable, which
means the distance of word (distance on the left is negative
value; otherwise it is positive value). Therefore, the overall
input representation of 𝑤𝑖 is 𝑥∗𝑖 = [(𝑥𝑖)𝑇, (𝑝1𝑖 )

𝑇, (𝑝2𝑖 )
𝑇].

Gated Recurrent Units (GRU) is a mature neural network
for modeling sequence information, which adopts the adap-
tive gating mechanism to alleviate the dilemma of vanishing
and exploding of traditional RNN. Two gates are defined: the
reset gate 𝑟𝑡 and the update gate 𝑧𝑡. Under the control of these
two gates, related information is prone to be remembered
and noise information tends to be filtered by well-designed
gates. For input text sequence, the hidden state ℎ𝑖 of 𝑖 step
is calculated by a linear interpolation between the previous
hidden state ℎ𝑖−1 and the intermediate hidden state ℎ̃𝑖:

ℎ𝑖 = (1 − 𝑧𝑖) ℎ𝑖−1 + 𝑧𝑖ℎ̃𝑖. (1)

The function of the update gate 𝑧𝑖 is to define how much
previous memory should be retained and how much new
information should be added. 𝑧𝑖 is determined by the input
of 𝑖 step and the previous state ℎ𝑖−1:

𝑧𝑖 = 𝜎 (𝑊𝑧𝑥∗𝑖 + 𝑈𝑧ℎ𝑖−1 + 𝑏𝑧) , (2)

where 𝜎(⋅) denotes the logistic sigmoid function.The calcula-
tion of intermediate hidden state ℎ̃𝑖 is controlled by the reset

gate 𝑟𝑖. It decides how to combine the new input with the
previous memory.

ℎ̃𝑖 = tanh (𝑊ℎ𝑥∗𝑖 + 𝑈ℎ (ℎ𝑖−1 ⊙ 𝑟𝑖) + 𝑏ℎ) . (3)

Analogously to 𝑧𝑖, 𝑟𝑖 is jointly determined by the input of 𝑖
step and the previous state ℎ𝑖−1:

𝑟𝑖 = 𝜎 (𝑊𝑟𝑥∗𝑖 + 𝑈𝑟ℎ𝑖−1 + 𝑏𝑟) . (4)

Standard GRU, also called unidirectional GRU, analyzes the
input according to the word order and regards the last hidden
output as the final text representation. However, when the
length of input sequence is relatively long, it is inescapable
to forget some crucial information. Thus, inspired by CNN,
the final text representation can be computed by combining
hidden states from all the time steps. From this perspective, in
order to alleviate the unbalanced distribution of information,
bidirectional structure is adopted. For every word in input
sentence, Bi-GRU calculates two hidden states

⇀ℎ𝑖 ∈ R𝑑ℎ and↼ℎ𝑖 ∈R𝑑ℎ , respectively, from forward and backward direction.
Thus, the final hidden state of 𝑤𝑖 is represented as

ℎ∗𝑖 = [
⇀ℎ𝑖 ,
↼ℎ𝑖] . (5)

3.2. Entity Pair Embedding. Each instance is annotated with
two predefined entity mentions, and in most cases entity
mentions can be found in the vocabulary of word embedding.
Therefore, firstly, we transform entity pair into a series
of word embeddings. In the SemEval-2010 Task 8 dataset,
every actual relation type has two subtypes, like Component-
Whole(e1,e2) and Component-Whole(e2,e1). Therefore, con-
sidering that the occurrence order of entity pair also reflects
vital information and entity mentions are not of fixed length,
we regard entity pair as a sequence

𝑆𝑒 = {𝑤𝑒1, sp, 𝑤𝑒2} , (6)
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where sp represents the split symbol whose embedding is
randomly initialized and in the same dimension with word
embedding. Then, we adopt a unidirectional GRU to model
entity pair.

𝑢𝑎 = GRU (𝑆𝑒) . (7)
Particularly, because entity pair sequence is in relatively short
length, we just use the output of the last hidden state as the
entity pair embedding 𝑢𝑎.

3.3. Concatenation. The high-performance of deep neural
network comes from its powerful ability to mine the latent
features of input. However, because of this, the generated
feature representations are uninterpretable. Consequently,
there exist difficulties to incorporate external information
into the neural network. A prevailing and simple solution is to
generate the embeddings of external features and concatenate
them with the intermediate vector representations. It is note-
worthy that external embeddings should be simultaneously
learned with deep neural network, in a way to unify the
semantic space. Inspired by this, we design two subscenarios
to integrate entity pair embedding into sequence modeling
process.

(i) Concatenation in Input Layer. In order to indicate the
influence of entity pair on the text sequence, position feature
is proposed to identify the relative position of entity pair so
that the words close to them are highlighted. However, this
identification is merely in the structure level, which means it
cannot demonstrate the semantic level influence of entity pair
to other words. For the sake of using the specific information
to targetedly adjust the semantic level of input layer, Wang
et al. [19] concatenate the aspect embedding and each
word embedding into a new input word-level embedding
for aspect-level sentiment classification task. Following this
idea, for every input representation 𝑥∗𝑖 , the entity pair-level
compositional input representation 𝑤ep

𝑖 is represented as

𝑥ep𝑖 = [𝑥∗𝑖 , 𝑢𝑎] . (8)

(ii) Concatenation in Output Layer. Besides combining entity
pair information indirectly from word level, we also attempt
to directly integrate entity pair embedding into the high-level
sentence representation. In the previous work, Zeng et al.
[11] employ CNN to generate sentence level representation
and then connect the lexical level embedding with it to
jointly predict relation type. Similarly, first, from the set of
hidden output sequences 𝐻 = {ℎ∗1 , ℎ∗2 , . . . , ℎ∗𝑖 , . . . , ℎ∗𝑛 }, we
adopt the max-pooling operation to obtain the sentence level
representation 𝑠, and the 𝑗th dimension of 𝑠 is computed as
follows:

𝑠𝑗 = max
𝑖
ℎ∗𝑖𝑗, ∀𝑗 = 1, . . . , 2𝑑ℎ. (9)

Subsequently, the generated entity pair embedding 𝑢𝑎 is
directly concatenated with 𝑠𝑗 to form the compositional
sentence representation 𝑠∗:

𝑠∗ = 𝑠𝑗 ⊕ 𝑢𝑎, (10)
where ⊕ denotes the concatenation operation.

3.4. Entity Pair-Based Attention Mechanism. The concatena-
tion strategy mentioned above is a straightforward idea. In
this section, we attempt to utilize the entity pair embed-
ding to adjust the information distribution of the original
intermediate vectors rather than directly add information
to them. Attention mechanism is a specific technique for
deep neural network, which is aimed at teaching computer
to automatically pay attention to the vital part of input.
From the bionics aspect, the starting point of this mechanism
is rational, because when people are reading an article or
watching a picture, it is natural to purposefully concentrate
on the valuable part and alleviate the interference of the
rest as far as possible. It is noteworthy that the premise
is that the purpose should be provided by enough prior
knowledge. Attention mechanism is initially proposed and
applied in the field of question answering, machine trans-
lations, speech recognition, and image captioning. It can
be easily found that these application tasks belong to the
sequence-to-sequence problem. For different input sequence,
the calculation of attention weight vector is injected with
different prior knowledge; thus, there is explicit purpose. As
for relation classification task, it is defined as a sequence-
to-label problem, which cannot provide the discriminable a
priori knowledge under the same setting. Faced with this
demand, entity pair-based attentionmechanism leverages the
entity pair information to adaptively offer prior knowledge
for the calculation of attention weight vector.

For each output ℎ∗𝑖 of Bi-GRU from the matrix 𝐻 =
{ℎ∗1 , ℎ∗2 , . . . , ℎ∗𝑛 }, we first apply a nonlinear transformation
operation and obtain 𝑢𝑖:

𝑢𝑖 = tanh (ℎ∗𝑖 ) . (11)

Then, we combine the entity pair embedding 𝑢𝑎 with 𝑢𝑖 to
determine the importance of 𝑤𝑖 for recognizing the relation
type. The contribution of 𝑤𝑖 is computed by dot product
between these two vectors; in order to obtain the normalized
attention weight distribution, we apply a softmax operation:

𝛼𝑖 =
exp (𝑢Τ𝑖 𝑢𝑎)
∑𝑖 exp (𝑢Τ𝑖 𝑢𝑎)

. (12)

Based on a set of attention weight 𝛼𝑖, we adopt two different
schemes to calculate the final sentence representation 𝑠∗:

(i) Vector sum: in this strategy, the columns of hidden
output matrix 𝐻 are aggregated by the vector sum
operation weighted on attention weight 𝛼𝑖:

𝑠∗ = ∑
𝑖

𝛼𝑖ℎ∗𝑖 . (13)

(ii) Max-pooling: The max-pooling operation is to select
themost striking feature in the specific feature dimen-
sion. Despite commonly being used in CNN, it is also
applicable to compute the global sentence representa-
tion of RNN [23]. With the attention weight, the final
sentence representation 𝑠∗ is formulated as follows:

𝑠∗𝑗 = max
𝑖
[𝑎𝑖ℎ∗𝑖𝑗] , ∀𝑗 = 1, . . . , 2𝑑ℎ, (14)

where 𝑠∗𝑗 is the 𝑗th dimension of 𝑠∗.
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3.5. Classification and Regularization. Due to the transfor-
mation of above layers, the obtained sentence representation
𝑠∗ is capable of representing the input sequence and directly
used to determine the relation type. First, we need to calculate
the probability distribution of each candidate relation type
𝑦 in the predefined relation set; thus, a softmax operation is
applied as follows:

𝑝 (𝑦 | 𝑠∗) = softmax (𝑊𝑐𝑠∗ + 𝑏𝑐) . (15)

Then candidate relation type 𝑦 with the highest probability
value is designated as the predicted relation type 𝑦:

𝑦 = argmax
𝑦
𝑝 (𝑦 | 𝑠∗) . (16)

The whole model is trained in end-to-end way via gradient
backpropagation, where the objective function is the cross-
entropy error, and the goal of training is to minimize the
cross-entropy error between 𝑦 and 𝑦:

loss = −∑
𝑖

∑
𝑗

𝑦𝑗𝑖 log𝑦
𝑗
𝑖 + 𝜆 ‖𝜃‖2 , (17)

where 𝑖 represents the index of sentence and 𝑗 denotes the
index of candidate relation type. Besides, 𝐿2-regularization
is also applied, where 𝜆 is the 𝐿2-regularization term and 𝜃
stands for the parameter set.

Because of limited scale of training data, deep neural
network with a great quantity of parameters is prone to
overfitting.Therefore, dropout [29] is also leveraged to obtain
more robust parameters. We exert the dropout rate 𝜌𝑤 on
the input embedding layer, 𝜌𝑎 on the entity pair embedding,
and 𝜌𝑐 on the output layer. In addition, we also adopt Max-
norm to avoid the blow-up ofweights caused by huge learning
rate. After a gradient descent step, the neural network is
optimized under the constraint ‖𝑊‖2 ≪ 𝜀, where 𝜀 is a
tunable hyperparameter decided by validation set.

4. Datasets and Experimental Setup

We have validated and analyzed the practicability of our
proposed method on the SemEval-2010 Task 8 benchmark
(https://docs.google.com/document/d/1QO CnmvNRnYwN-
Wu1QCAeR5ToQYkXUqFeAJbdEhsq7w/preview) [30]. This
benchmark is the commonly used relation classification
dataset, which consists of 10717 sentences annotated with
two entity mentions and a unique relation type. The whole
dataset is previously divided into two parts: the training
dataset of 8000 instances and the test dataset of 2717
instances. In terms of relation type, there are 10 predefined
relation classes which include 9 actual classes and the other
class. It is noteworthy that, due to the occurrence order
of entity mentions, each actual class has two subclass, for
example, Message-Topic(e1,e2) and Message-Topic(e2,e1). In
other words, not only should the relation classification system
focus on the difference between relation classes, but also
the distinction induced by direction should be concentrated
on. Therefore, there exist 19 relation classes. Naturally, the
official evaluation metric judges the performance with

Table 1: Hyperparameter settings.

Hyperparameter Value
𝑑𝑒, 𝑑𝑝 300, 10
𝑑ℎ 100
𝜌𝑤, 𝜌𝑎, 𝜌𝑐 0.6, 0.2, 0.5
𝜀 3
Learning rate 10
Batch size 20

macroaveraged 𝐹1-score that takes directionality into
account.

The words of input sequence are directly initialized by
the pretrained word embedding set GoogleNewsvectors-
negative300.bin (https://code.google.com/p/word2vec/). It is
learned by Mikolov’s word2vec tool and contains 300-
dimensional vectors for 3 million words and phrases; thus,
the vast majority of words in this benchmark can yield cor-
responding word embedding. With respect to out-of-vo-
cabulary words, word embeddings are initialized from a
Gaussian distribution U(−𝜖, 𝜖), where 𝜖 = 0.01. For the
parameters matrices of the proposed model, we employ a
Gaussian distribution to randomly initialize them. As for
some hyperparameters, they are determined by a cross-
validation procedure on a validation set which consists of
800 randomly selected examples. In addition, our end-to-end
model is trained via AdaDelta [31] with amini-batch size.The
detailed settings are presented in Table 1.

5. Results and Discussions

This section presents a series of comparative experimental
results and the detailed analyses to demonstrate the effec-
tiveness of the proposed models. Firstly, compared with the
previous works, we present the overall performance with the
same relation classification benchmark. Subsequently, some
concrete analyses from different angles have been elaborated
to reflect the influence derived from the injection of entity
pair information. Particularly, some visualization results are
showed to reveal the superiority of the proposed attention
mechanism against previous strategies.

5.1. Overall Performance. Table 2 has listed some represen-
tative relation classification systems. It is obvious that, in
recent years, a variety of deep learning methods are in the
dominant position and reveal their superiority of analyzing
text sequence. In order to further promote the performance,
some methods have combined the complicated human-
designed features to assist the deep neural network; however,
without external linguistic features, the proposedmethod still
yields better performance.

(i) SVM [32] is the only one feature-engineeringmethod
mentioned in this paper, because, to some extent,
it represents the best performance of traditional
method, where 16 types of linguistic features are
combined to generate the representation of input text
sequence. Still, deep learning method is capable of

https://docs.google.com/document/d/1QO_CnmvNRnYwNWu1QCAeR5ToQYkXUqFeAJbdEhsq7w/preview
https://docs.google.com/document/d/1QO_CnmvNRnYwNWu1QCAeR5ToQYkXUqFeAJbdEhsq7w/preview
https://code.google.com/p/word2vec/
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Table 2: Comparison with previous relation classification systems on SemEval-2010 Task 8 benchmark. Symbol “∘” means the experimental
result is implemented by us. In the last line of the form, the performance of two strategies described in Section 3.4 is presented; they are
represented asMax-pooling and Sum.

Model Additional information 𝐹1-score
SVM
(Rink and Harabagiu 2010)

POS, Prefixes, Morphological, WordNet, Dependency Parse,
Levin Classed, ProBank, FrameNet, NomLex-Plus,

Google N-Gram, Paraphrases, TextRunner
82.2

MVRNN
(Socher et al. 2012)

Word embedding, syntactic parsing tree
+POS, NER, WordNet

79.1
82.4

CNN
(Zeng et al. 2014)

Word embedding, position feature
+WordNet, words around nominal

78.9
82.7

BRNN
(Zhang and Wang 2015) Word embedding 82.5

CR-CNN
(Santos et al. 2015)

Word embedding
+position feature

82.8
84.1

SDP-LSTM
(Xu et al. 2015)

Word embedding
+POS, GR, WordNet embedding

82.4
83.7

BLSTM
(Zhang et al. 2015)

Word embedding
+position feature, POS, NER, WNSYN, DEP

82.7
84.3

Att-BLSTM
(Zhou et al. 2016)
Att-BLSTM∘

Word embedding, Position Indicator

Word embedding, position feature

84.0

83.5
Bi-GRU + InConcat Word embedding, position feature 83.9
Bi-GRU + OutConcat Word embedding, position feature 84.6
Bi-GRU + EAtt + Max-pooling Word embedding, position feature 83.5
Bi-GRU + EAtt + Sum Word embedding, position feature 84.7

obtaining the same performance without any external
features.

(ii) MVRNN [22] is the pioneer, to the best of our
knowledge, to utilize deep neural network to solve
relation classification. The recursive neural network
extracts latent features on the syntactic parsing tree
of input text sequence and, simultaneously, additional
parameter matrices are trained to modify the mean-
ings of neighboring words. With several linguistic
features, it achieves an 𝐹1-score of 82.4%. Our model
directly uses text sequence as input, which effectively
avoids the noise fromwrong syntactic parsing results.

(iii) CNN [11] andCR-CNN [12] both adopt convolutional
method to model sequence information. The con-
volutional parameters are shared by different local
windows, in a way to reduce the number of param-
eters. CNN first proposes position feature, and it
is similarly adopted in CR-CNN and the proposed
method. Despite the efficiency of CNN, considering
the importance of sequence information, particularly
the occurrence order of entity pair, we employ a
recurrent model, bidirectional GRU.

(iv) BRNN [33] and BLSTM [23] adopt the same bidi-
rectional structure as our model. The difference is
that we utilize the standard GRU for both directions,
which not only alleviates the vanishing and exploding
problem of RNN but also has lower computational
complexity than LSTM.

(v) In SDP-LSTM [24], input text sequences are before-
hand transferred into the shortest dependency paths
with entity pair as the endpoints. A part of noise
information is indeed removed; however, the error
from the analysis of Dependency Parsing is naturally
propagated into the identification of relation types.
In addition, several manually annotated linguistic
knowledge is incorporated to improve the perfor-
mance. Yet, without external features, the proposed
method still obtains the best 𝐹1-score of 84.7.

(vi) Att-BLSTM [28] equally introduces attention mecha-
nism into the relation classification system. The prior
knowledge merely comes from a unique randomly
initialized vector, while our model adequately inte-
grates entity pair information to adaptively calculate
attention weights. It is noteworthy that Att-BLSTM
utilizes Position Indicator [34] to annotate entity pair
rather than position feature. In order to compare
under the same condition, we reproduce its idea
with position feature [11]. Under this circumstance,
we obtain the improvement of 1.2% in 𝐹1-sore. The
comparison results demonstrate the superiority of
our method, which reflects that entity pair informa-
tion effectively improves the performance of relation
classification. Meanwhile, the practicability of the
proposed three integration strategies is also proved.

Although all three proposed methods achieve good perfor-
mances, there still exist some property differences among
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Figure 3: Attention visualization comparison between original attention mechanism and entity pair-based attention mechanism. “Att”
denotes the attention mechanism which employs a random-initialized vector to generate attention weights; “EAtt” stands for the proposed
entity pair-based attention mechanism.

them. First, only in the view of the overall 𝐹1-score, entity
pair-based attentionmechanismhas themost prominent per-
formance. Compared with concatenation operation, entity
pair-based attention mechanism employs the entity pair
information to adjust the original information distribution,
in a way to instruct system to model relation classification
task in a definitive direction. The reason of its superiority
may be originated from the inexistence of the space incon-
sistence which is inevitable during concatenation operation.
However, the gap between Bi-GRU + OutConcat and Bi-
GRU + EAtt is not obvious, which indicates the above-
mentioned inconsistence does not have obvious negative
influence. Second, similarly in the concatenation operation,
Bi-GRU + OutConcat has distinct advantage against Bi-
GRU + InConcat. It is because the addition of entity pair
embedding in input layer can, to some extent, lead to the
bias of word embedding information, and these impacts
are propagated into the subsequent calculation and thus
influence the performance.

For entity pair-based attentionmechanism, two strategies
are applied to generate final sentence representations, vector
sum, and max-pooling operation. As proved in previous
works, for Bidirectional RNN structure without attention
mechanism, two strategies are capable of obtaining similar
performance. However, as presented in Table 2, vector sum

operation reveals distinct superiority. The interpretation of
this phenomenon is that attention mechanism has similar
function to max-pooling. More concretely, attention mech-
anism is to assign soft weights for word-level information;
however, max-pooling operation can be treated to allocate
hard weights, which means “1” for the most important infor-
mation and “0” for the rest. With the joint application, the
information loss is aggravated and therefore causes negative
influence.

5.2. Visualization of Entity Pair-Based Attention Mechanism.
As previous works with attention mechanism, the practica-
bility of the proposed attention mechanism can be intuitively
reflected by the attention weight distribution of some specific
examples. Similarly, we present some comparison results in
Figure 3. For better visual effect, the actual attention weight
𝛼𝑖 is adjusted according to the formula (𝑒𝛼𝑖 − 0.98). In
addition, the entity pair is annotated with angle brackets in
horizontal coordinate. These 6 histograms can be divided
into two cases: histograms (a)∼(c) demonstrate that two
attention mechanisms give the highest attention weight for
different words, but histograms (d)∼(f) present the case that
the same word is assigned the highest weight but the numeric
values are different. In the first case, combining the annotated
sentences with the relation types, it is easy to find that entity
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pair-based attention mechanism assigns the feasible weight
distribution for words, especially for the trigger word [35]
(the words that convey the most obvious information for
recognizing relation type), such as “advertised” for Message-
Topic(e2, e1) and “element” for Component-Whole(e1,e2). For
the second case, despite the same highest-weight words,
entity pair-based attention mechanism is capable of giving
more distinctive weight for trigger words; in other words,
entity pair-based attention mechanism has more excellent
capability to enlarge the distinction between correct relation
type and noise options.

6. Conclusion

The powerful learning capability of deep neural network
enables it to well finish various NLP tasks merely from word
sequence as input. Even so, for relation classification, the
noise information of word sequence still, to some extent,
brings negative impact. Considering the annotated entity
pair reflect crucial information for the importance con-
tribution of words, we propose three strategies, including
two concatenation operations and entity pair-based attention
mechanism, to employ the implicit semantic information
involved in entity pair to provide definitive learning direction
for neural network. The experimental results of SemEval-
2010 Task 8 benchmark demonstrate the effectiveness of the
proposed strategies. Entity pair-based attention mechanism
achieves the best 𝐹1-score because the attention weights are
adaptively calculated from entity pair information. Despite
the suboptimal performances of concatenation operation, the
gaps are not obvious and the superiority is still distinct against
most of the previous works. In conclusion, without external
linguistic features, the proposed strategies effectively apply
entity pair information to instruct deep neural network to pay
more attention to significant semantic information, in a way
to further improve the performance of relation classification
system.
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pur, “Extensions of recurrent neural network language model,”
in Proceedings of the 36th IEEE International Conference on
Acoustics, Speech, and Signal Processing, ICASSP 2011, pp. 5528–
5531, cze, May 2011.

[16] S. Hochreiter and J. Schmidhuber, “Long short-term memory,”
Neural Computation, vol. 9, no. 8, pp. 1735–1780, 1997.

[17] K. Cho, B. vanMerrienboer, C.Gulcehre et al., “Learning Phrase
Representations using RNN Encoder–Decoder for Statistical
Machine Translation,” in Proceedings of the 2014 Conference on
Empirical Methods in Natural Language Processing (EMNLP),
pp. 1724–1734, Doha, Qatar, October 2014.

[18] D. Zelenko, C. Aone, and A. Richardella, “Kernel methods
for relation extraction,” Journal of Machine Learning Research
(JMLR), vol. 3, no. Spec. Issue Machine Learn. Methods Text
Images, pp. 1083–1106, 2003.

[19] Y. Wang, M. Huang, x. zhu, and L. Zhao, “Attention-based
LSTM for Aspect-level Sentiment Classification,” in Proceedings
of the 2016 Conference on Empirical Methods in Natural Lan-
guage Processing, pp. 606–615, Austin, Texas, November 2016.

[20] D. Bahdanau, K. Cho, andY. Bengio,Neuralmachine translation
by jointly learning to align and translate, 2014.

[21] T. Luong, H. Pham, and C. D. Manning, “Effective Approaches
to Attention-based Neural Machine Translation,” in Proceed-
ings of the 2015 Conference on Empirical Methods in Natural

https://arxiv.org/abs/1504.06580
https://arxiv.org/abs/1510.03820


10 Journal of Control Science and Engineering

Language Processing, pp. 1412–1421, Lisbon, Portugal, September
2015.

[22] R. Socher, B. Huval, C. D. Manning, and A. Y. Ng, “Semantic
compositionality through recursive matrix-vector spaces,” in
Proceedings of the 2012 Joint Conference on Empirical Methods
in Natural Language Processing and Computational Natural
Language Learning, EMNLP-CoNLL 2012, pp. 1201–1211, kor,
July 2012.

[23] S. Zhang et al., “Bidirectional long short-term memory net-
works for relation classification,” PACLIC, 2015.

[24] Y. Xu, L. Mou, G. Li, Y. Chen, H. Peng, and Z. Jin, “Classifying
relations via long short term memory networks along shortest
dependency paths,” in Proceedings of the Conference on Empir-
ical Methods in Natural Language Processing, EMNLP 2015, pp.
1785–1794, prt, September 2015.

[25] O. Vinyals, L. Kaiser, T. Koo, S. Petrov, I. Sutskever, and G.
Hinton, “Grammar as a foreign language,” Advances in Neural
Information Processing Systems, pp. 2773–2781, 2015.

[26] S. Sukhbaatar, A. Szlam, J. Weston, and R. Fergus, “End-to-end
memory networks,” in Proceedings of the 29th Annual Confer-
ence on Neural Information Processing Systems, NIPS 2015, pp.
2440–2448, can, December 2015.

[27] Z. Yang, D. Yang, C. Dyer, X. He, A. Smola, and E. Hovy, “Hier-
archical Attention Networks for Document Classification,” in
Proceedings of the 2016 Conference of the North American
Chapter of theAssociation for Computational Linguistics:Human
Language Technologies, pp. 1480–1489, San Diego, California,
June 2016.

[28] P. Zhou, W. Shi, J. Tian et al., “Attention-based bidirectional
long short-term memory networks for relation classification,”
in Proceedings of the 54th Annual Meeting of the Association for
Computational Linguistics, ACL 2016, pp. 207–212, deu, August
2016.

[29] G. E. Hinton, N. Srivastava, A. Krizhevsky, I. Sutskever, and R.
R. Salakhutdinov, Improving neural networks by preventing co-
adaptation of feature detectors , Computer Vision and Pattern
Recognition,.

[30] I. Hendrickx, S. N. Kim, Z. Kozareva et al., “SemEval-2010 task
8,” in Proceedings of the the Workshop, p. 94, Boulder, Colorado,
June 2009.

[31] M. D. Zeiler, ADADELTA: an adaptive learning rate method,
2012.

[32] B. Rink and S. Harabagiu, “Utd: Classifying semantic relations
by combining lexical and semantic resources,” in Proceedings
of the 5th International Workshop on Semantic Evaluation,
Association for Computational Linguistics, 2010.

[33] D. Zhang and D. Wang, “Relation classification via recurrent
neural network,” Neural and Evolutionary Computing, 2015.

[34] P. Qin, W. Xu, and J. Guo, “An empirical convolutional neural
network approach for semantic relation classification,” Neuro-
computing, vol. 190, pp. 1–9, 2016.

[35] W. Xu and C. Zhang, “Trigger word mining for relation extrac-
tion based on activation force,” International Journal of Commu-
nication Systems, vol. 29, no. 14, pp. 2134–2146, 2016.



Research Article
Self-Adaptive Artificial Bee Colony for Function Optimization

Mingzhu Tang,1,2 Wen Long,3 Huawei Wu,2 Kang Zhang,1 and Yuri A. W. Shardt4

1School of Energy and Power Engineering, Changsha University of Science & Engineering, Changsha 410114, China
2Hubei Key Laboratory of Power System Design and Test for Electrical Vehicle, Xiangyang 441053, China
3Guizhou Key Laboratory of Economics System Simulation, Guizhou University of Finance & Economics, Guiyang 550004, China
4Department of Chemical Engineering, University of Waterloo, ON, Canada N2L 3G1

Correspondence should be addressed to Wen Long; lw227@mail.gufe.edu.cn

Received 16 February 2017; Revised 19 April 2017; Accepted 28 May 2017; Published 14 August 2017

Academic Editor: Shen Yin

Copyright © 2017 Mingzhu Tang et al. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

Artificial bee colony (ABC) is a novel population-based optimizationmethod, having the advantage of less control parameters, being
easy to implement, and having strong global optimization ability. However, ABC algorithm has some shortcomings concerning its
position-updated equation, which is skilled in global search and bad at local search. In order to coordinate the ability of global and
local search, we first propose a self-adaptive ABC algorithm (denoted as SABC) in which an improved position-updated equation
is used to guide the search of new candidate individuals. In addition, good-point-set approach is introduced to produce the initial
population and scout bees. The proposed SABC is tested on 12 well-known problems. The simulation results demonstrate that the
proposed SABC algorithm has better search ability with other several ABC variants.

1. Introduction

Population-based optimization algorithms, such as whale
optimization algorithm (WOA) [1], flower pollination algo-
rithm (FPA) [2], bacterial foraging optimizer (BFO) [3],
cuckoo search algorithm (CSA) [4], fruit fly optimization
(FFO) [5], gravitational search optimizer (GSO) [6], and
chemical reaction optimization (CRO) [7], havemany advan-
tages over classical optimization methods and have been
successfully and broadly applied to solve global continuous
optimization problems in the last few decades [6].

In this paper, we used the advantage of ABC, presented
by Karaboga [8], which mimics the hunting behaviors of
honey bee swarm. Simulation results show that ABC is supe-
rior to many other population-based optimization methods,
namely, genetic algorithm (GA), evolution strategies (ES),
and particle swarm optimization (PSO) [9, 10]. ABC has
caused wide attention and applications since its invention in
2005, owing to its simplicity and fewer control parameters.
However, ABC faces some challenging problems, namely, low
precision and slow convergence. As a result, many improved
versions of ABC have been proposed to overcome these

shortcomings. Zhu and Kwong [11] presented an improved
Gbest-guided ABC (denoted as GABC) through combining
the global best (Gbest) individual with the position-updated
equation to enhance the ability of local search. Luo et al.
[12] presented an improved position-updated equation by
using global best individual information to generate offspring
individuals. Inspired by DE, Gao et al. [13] developed an
improved ABC variant applying the bees search only near
the global best one to enhance the exploitation. Xiang and
An [14] developed a modified position-updated equation to
accelerate the convergence speed. Moreover, chaotic opti-
mization mechanism is introduced to avoid being trapped
in local minima. Li et al. [15] presented an improved ABC
variant based on inertia weight and accelerating factors and
to coordinate the ability of global and local search. Gao and
Liu [16] developed twomodified position-updated equations,
namely, “ABC/best/1” and “ABC/rand/1.” Kang et al. [17]
developed a hybrid method which combines ABC algorithm
and pattern search method to speed up convergence. Gao et
al. [18] presented an improved version of ABC (denoted as
CABC) based on a modified position-updated equation. In
addition, the orthogonal experimental design is introduced.
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As we know, for an optimization algorithm, both global
and local search are necessary and they should bewell coordi-
nated to obtain better global performance [11]. Different from
the previous work, the position-updated equation ismodified
by self-adaptive adopting of the previous and global best
solution to generate new candidate offspring to coordinate
the ability of global and local search. Moreover, the good-
point-set approach is used to generate initial population.The
proposed SABC is tested on 12 benchmark global optimiza-
tion problems.The experimental results show that our SABC
algorithm is superior to basic ABC and other ABC variants.

The remainder of this study is organized as follows. The
standard ABC is described in Section 2. The improved ABC
called SABC algorithm is proposed and analyzed in Section 3.
In Section 4, 12 benchmark global optimization problems are
used to test the proposed SABC algorithm. Finally, Section 5
summarized the conclusions.

2. Artificial Bee Colony

ABC is metaheuristic optimization method inspired by
hunting behavior of honey bee swarm. At the initialization
step, generate randomly 𝑁 solutions to construct an initial
population:

𝑥𝑖,𝑗 = 𝑙𝑖,𝑗 + rand (0, 1) ⋅ (𝑢𝑖,𝑗 − 𝑙𝑖,𝑗) , (1)

where 𝑖 = 1, 2, . . . , 𝑁, 𝑗 = 1, 2, . . . , 𝑛; rand(0, 1) is a uniformly
distributed random number; 𝑙𝑖,𝑗 and 𝑢𝑖,𝑗 are the lower and
upper bounds for the dimension 𝑗, respectively.

In onlooker bee stage, food source is chosen by probabil-
ity 𝑝𝑖

𝑝𝑖 = fit𝑖∑𝑁𝑖=1 fit𝑖 , (2)

where fit𝑖 denotes the fitness value of
→𝑋𝑖 and is defined as

fit𝑖 =
{{{{{{{

1
1 + 𝑓 (→𝑋𝑖) , 𝑓 (→𝑋𝑖) ≥ 0
1 + 𝑓 (→𝑋𝑖) , 𝑓 (→𝑋𝑖) < 0,

(3)

where 𝑓(→𝑋𝑖) denotes the objective function values of the
decision vector →𝑋𝑖.

A candidate food source position →𝑉𝑖 = (V𝑖1, V𝑖2, . . . , V𝑖𝑛)
can be generated from the old one →𝑋𝑖 = (𝑥𝑖1, 𝑥𝑖2, . . . , 𝑥𝑖𝑛) as

V𝑖𝑗 = 𝑥𝑖𝑗 + 𝜙𝑖𝑗 (𝑥𝑖𝑗 − 𝑥𝑘𝑗) , (4)

where 𝑗 = {1, 2, . . . , 𝑛} and 𝑘 = {1, 2, . . . , 𝑁} are randomly
selected individuals; 𝑘 is different from 𝑖; and 𝜙𝑖𝑗 is a random
uniformly distributed number in [−1, 1].

Pseudocode of basic ABC is given in Algorithm 1.

3. Self-Adaptive Artificial Bee Colony (SABC)

3.1. Population Initialization. Note that, for ABC algorithm,
in order to find the existing area of optimal solutions faster,
initial population should cover the whole search space.
Good-point-set method is widely applied to generate many
uniformly distributed candidate individuals [19]. Therefore,
we apply good-point-set technique for producing initial
population of ABC to maintain diversity of population.
The pseudocode of good-point-set technique is given in
Algorithm 2.

The uniformity properties of random method and good-
point-set method are compared as given in Figure 1 and
it displays the 80 points on a unit square generated using
random number generator and good-point-set approach.

From Figure 1, the candidate individuals produced
through good-point-set technique aremore uniform than the
candidate individuals produced by random method. Thus,
good-point-set method is preferred technique for generating
initial population.

3.2. Modified Search Equation. On the basis of the position-
updated equation depicted by (4), the offspring individual is
produced through moving the previous individual towards
(or far away from) another individual chosen randomly in
population. Nevertheless, the randomly chosen individual is
a good individual or a bad one; the probability is the same.
Therefore, the offspring individual could not be guaranteed
to be better than the previous one. In addition, the coefficient𝜙𝑖𝑗 in (4) is a random number over the range [−1, 1] and 𝑥𝑘𝑗
is a randomly selected solution from population. Thus, the
position-updated equation depicted by (4) is skilled in global
search and bad at local search [11].

For the sake of enhancing the performance of ABC, one
active research trend is to investigate its position-updated
equation. As mentioned above, the characteristics of the
search equations of ABC have been extensively investigated.
ABC researchers have suggested many empirical guidelines
for modifying search equation during the last decade. It
has been clear that some search equations can speed up
the convergence [11–13], and some others are suitable for
the global search [20]. Indubitably, these experiences are
extremely helpful for improving the performance of ABC.
“ABC/rand/1” and “ABC/best/1” are invariably employed in
lots of ABC variants and their characteristics have been
commendably investigated. The equations of “ABC/rand/1”
and “ABC/best/1” are stated as [16]

“ABC/rand/1”: V𝑖,𝑗 = 𝑥𝑖,𝑗 + 𝜙𝑖𝑗 (𝑥𝑟
1
,𝑗 − 𝑥𝑟

2
,𝑗) (5)

“ABC/best/1”: V𝑖,𝑗 = 𝑥best,𝑗 + 𝜙𝑖𝑗 (𝑥𝑟
1
,𝑗 − 𝑥𝑟

2
,𝑗) , (6)

where 𝑟1 and 𝑟2 are randomly selected from {1, 2, . . . , 𝑁}, and𝑟1 ̸= 𝑟2 ̸= 𝑖. 𝑥best,𝑗 is global best solution position vector
and 𝑗 ∈ {1, 2, . . . , 𝑛} denotes 𝑗 dimension. 𝜙𝑖𝑗 is a uniformly
distributed random number in [−1, 1]. The “ABC/rand/1”
search equation is one of many often used in the paper. In
“ABC/rand/1” equation, all positions are randomly chosen
in population and, consequently, it does not have any bias
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(01) Initialize the parameters.
(02) Initialize N solutions to construct an initial population.
(03) Evaluate the fitness values of each solution.
(04) cycle = 1.
(05) Repeat
(06) Generate a offspring individual by Eq. (4) and evaluate its quality.
(07) Compare and select the better one.
(08) Calculate probabilities through Eq. (2).
(09) Produce randomly a number in [0, 1].
(10) Generate a offspring individual by Eq. (4) and evaluate its quality.
(11) Compare and select the better one.
(12) Memorize the best solution achieved so far.
(13) cycle = cycle + 1.
(14) Until cycle=Maximum cycle number

Algorithm 1: Pseudo-code of basic ABC algorithm.

(01) Set the population size𝑁; the decision variables dimension 𝑛, 𝑖 = 1, 𝑗 = 1.
(02) For 𝑖 = 1 to 𝑛 do
(03) For 𝑗 = 1 to𝑁 do
(04) 𝑎 = 2 ∗ 𝑛 + 3;
(05) While 𝑝 ∼= 𝑎 do
(06) Set individual counter 𝑘 = 2.
(07) For 𝑘 = 2 to 𝑎 − 1 do
(08) If mod(𝑎, 𝑖) == 0 then
(09) 𝑎 = 𝑎 + 1;
(10) Else
(11) 𝑝 = 𝑎;
(12) End if
(13) End for
(14) End while
(15) 𝑟(𝑖) = 2 ∗ cos(2 ∗ 𝑝𝑖 ∗ 𝑖/𝑝);
(16) 𝑥(𝑖) = mod(𝑟(𝑖) ∗ 𝑁, 1);
(17) End for
(18) End for

Algorithm 2: Good point set method.

Random method
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Figure 1: 80 points in the unit squares generated through random and good-point-set approaches.
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in particular positions and randomly selects new positions.
Therefore, they often show better global search ability with
slow convergence. “ABC/best/1” has faster convergence based
on global optima position. However, they are more likely to
fall into local optima.

In the ABC algorithm, appropriate coordinate of global
search and local search is very important for obtaining the
optima effectively. In order to bring about a balance between
global and local search abilities of ABC, we first introduces
a parameter 𝜆, which coordinates the effect of previous
position on the current one, by modifying (4) to

V𝑖,𝑗 = 𝜆𝑥𝑖,𝑗 + (1 − 𝜆) 𝑥best,𝑗 + 𝜙𝑖,𝑗 (𝑥𝑟
1
,𝑗 − 𝑥𝑟

2
,𝑗) , (7)

where 𝜆 ∈ [0, 1] is utilized to influence the balance between
global and local search abilities of individuals, the indices 𝑟1
and 𝑟2 are randomly selected from {1, 2, . . . , 𝑁}, and 𝑟1 ̸=𝑟2 ̸= 𝑖. 𝑥best,𝑗 is global best solution position vector and 𝑗 ∈{1, 2, . . . , 𝑛}denotes jdimension.𝜙𝑖𝑗 is a uniformly distributed
random number.

Note that the parameter 𝜆 is crucial in balancing the
abilities of global and local search. When 𝜆 is equal to 1,
(7) becomes (5). When 𝜆 decreases from 1 to 0, the global
search ability of (7) will also decrease correspondingly.When𝜆 takes 0, (7) is (6).The search performance of algorithm will
adaptively adjust through changing the parameter 𝜆. From
(7), with a large value of 𝜆 in the early stage, individuals are
admitted tomove in all directions of solution space, instead of
moving towards the best individual. A small value of 𝜆 allows
the population to converge to the global optimal solution
in later stage. Therefore, a well-tuned 𝜆 is very important.
The parameter 𝜆 in this paper is calculated according to the
following function:

𝜆 = 𝑇 − 𝑡𝑇 , (8)

where t denotes number of iterations and T denotes a pre-
defined maximum number of iterations. Thus, the improved
position-updated equation developed by (7) is able to balance
the abilities of global and local search of SABC.

3.3. Rank Selection. As we know, the roulette wheel selection
mechanism is employed in classical ABC. This selection
strategy makes more chance to select individuals with higher
fitness [14]. To keep population diversity better, a rank-based
selection mechanism is introduced in this paper. Selection
probability pi is defined [21]:

𝑝𝑖 = 1𝑁 + 𝑎 (𝑡) 𝑁 + 1 − 2𝑖𝑁 (𝑁 + 1) , 𝑖 = 1, 2, . . . , 𝑁. (9)

𝑎 (𝑡) = 0.2 + 3𝑡4𝑡max
, (10)

where𝑁 is the population size, 𝑎(𝑡) is parameters, 𝑡 is current
iteration, 𝑡max is maximum iteration.

3.4. The Proposed SABC Algorithm. The flow chart of pro-
posed SABC algorithm is presented in Figure 2.

4. Simulation Results and Comparisons

4.1. Benchmark Test Functions. To evaluate the performance
of SABC, 12 benchmark test problems from [14, 15, 22] are
used and are shown in Table 1.

4.2. Comparison between SABC and Basic ABC Algorithm.
In SABC, population size N is 40, limit is 100, and the
maximum iteration is 1000. Each experiment is repeated
30 runs independently. The experimental results of SABC
and basic ABC are given in Table 2 regarding the best, the
mean, the worst, the standard deviation (St.dev), and the
convergence iteration (CI).

As seen from Table 2, SABC is able to obtain global
optima for three functions (f 6, f 8, and f 10). Moreover,
in seven functions (f 1–f 4, f 9, f 11, and f 12), the results
obtained by SABC are pretty near to global optimal solution.
Compared with ABC, SABC can obtain much better results
than ABC on 12 functions, that is, f 1–f 12. The convergence
performance of SABC and basic ABC on 12 functions are
drawn in Figure 3 so as to show the performance of SABC
more clearly.

4.3. Comparison between SABC and ABC Variants. SABC
is compared against four high-performance ABC algo-
rithms under three performance evaluation criteria: Mean,
St.dev, and CI. These selected ABC variants such as Gbest-
guided ABC (denoted as GABC) algorithm [11], an efficient
and robust ABC (abbreviated as ERABC) algorithm [14],
improved ABC (abbreviated as IABC) algorithm [15] and
prediction and selection ABC (denoted as PSABC) [15]. The
parameters settings are the same as those of ERABC [14] and
PSABC [15] together with SABC. The comparative results
have been shown in Tables 3 and 4. The results provided
by other algorithms were directly taken from the original
references for each approach.

From Tables 3 and 4, compared to GABC, SABC could
achieve much better “mean” and “standard deviation” results
than GABC on 11 problems except for function f 7. For the
function f 7, SABC algorithm obtained similar results. In
addition, the convergence iteration obtained by SABC is
smaller than those of ABC, except for function f 7.

As can be seen from Tables 3 and 4, with respect
to ERABC, SABC obtained better “mean” and “standard
deviation” values on two functions (f 3 and f 4) and similar
results on four test functions (f 6, f 8, f 9, and f 10). However,
ERABC algorithm provided better results on six problems
(f 1-f 2, f 5, f 7, and f 11-f 12) than SABC.

From Tables 3 and 4, compared to IABC, SABC obtained
better results on five functions (f 3, f 5, f 6, f 11, and f 12) and
similar solutions on four functions (f 7, f 8, f 9, and f 10).
However, IABC provided better solutions on three functions
(f 1, f 2, and f 4) than SABC algorithm.

In comparison with PSABC, in Tables 3 and 4, SABC
provided better solutions on four test functions (f 3, f 5, f 6, and
f 11) and similar results on five functions (f 7, f 8, f 9, f 10, and
f 12). However, the PSABC algorithm found better solutions
on three functions (f 1, f 2, and f 4).
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Table 2: Experimental results of SABC and ABC in 𝑓1–𝑓12.
Number Dimension Methods Best Mean Worst SD CI

f 1
30 ABC 4.6231𝐸 − 10 7.1171𝐸 − 10 1.1766𝐸 − 09 4.0299𝐸 − 10 982

SABC 4.1163𝐸 − 25 1.1061𝐸 − 24 1.5769𝐸 − 23 1.8645𝐸 − 24 467

50 ABC 1.1506𝐸 − 05 6.1887𝐸 − 05 1.3418𝐸 − 04 6.4204𝐸 − 05 1000
SABC 1.4239𝐸 − 25 6.0779𝐸 − 24 1.5665𝐸 − 23 4.3555𝐸 − 24 567

f 2
30 ABC 7.1038𝐸 − 07 2.1352𝐸 − 06 1.8472𝐸 − 05 1.6161𝐸 − 06 1000

SABC 2.2631𝐸 − 17 4.3501𝐸 − 17 6.8724𝐸 − 17 5.9788𝐸 − 18 988

50 ABC 1.4589𝐸 − 03 2.5687𝐸 − 03 4.7673𝐸 − 03 7.2431𝐸 − 04 1000
SABC 8.3862𝐸 − 13 3.2128𝐸 − 12 7.0340𝐸 − 12 2.6239𝐸 − 12 951

f 3
30 ABC 2.3747𝐸 + 02 4.0476𝐸 + 02 7.3452𝐸 + 02 1.8433𝐸 + 02 1000

SABC 1.1928𝐸 − 24 4.6715𝐸 − 24 8.3532𝐸 − 24 2.9293𝐸 − 24 393

50 ABC 1.0263𝐸 + 03 1.3498𝐸 + 03 1.8414𝐸 + 03 3.1333𝐸 + 02 1000
SABC 3.7284𝐸 − 24 8.7797𝐸 − 24 1.8362𝐸 − 23 5.5293𝐸 − 24 565

f 4
30 ABC 19.2342 21.7466 24.3791 1.6750 1000

SABC 3.7668𝐸 − 13 1.5260𝐸 − 12 4.4526𝐸 − 12 8.9061𝐸 − 13 952

50 ABC 48.3573 56.7818 70.2795 9.5092 1000
SABC 1.0362𝐸 − 12 2.5018𝐸 − 12 6.5874𝐸 − 12 1.8606𝐸 − 12 983

f 5
30 ABC 1.0598 2.4438 4.6864 1.3676 1000

SABC 1.0148𝐸 − 04 1.9505𝐸 − 04 3.7937𝐸 − 04 2.7217𝐸 − 04 999

50 ABC 18.4882 23.7003 28.5976 4.8506 1000
SABC 1.2218𝐸 − 01 2.3657𝐸 − 01 4.1856𝐸 − 01 1.1026𝐸 − 01 1000

f 6
30 ABC 8.5740𝐸 − 20 2.2257𝐸 − 19 3.2408𝐸 − 19 8.3640𝐸 − 20 588

SABC 0 0 0 0 97

50 ABC 1.7016𝐸 − 02 3.3668𝐸 − 01 9.6818𝐸 − 01 3.7865𝐸 − 01 985
SABC 0 0 0 0 108

f 7
30 ABC 8.9359𝐸 − 02 1.8702𝐸 − 01 2.6427𝐸 − 01 5.6650𝐸 − 02 1000

SABC 7.8137𝐸 − 03 1.4728𝐸 − 02 3.6362𝐸 − 02 6.9294𝐸 − 03 1000

50 ABC 1.9388𝐸 − 01 4.3249𝐸 − 01 8.9758𝐸 − 01 3.1615𝐸 − 01 1000
SABC 5.9068𝐸 − 02 8.4158𝐸 − 02 1.0092𝐸 − 01 1.7730𝐸 − 02 998

f 8
30 ABC 3.7327𝐸 − 08 1.4133𝐸 − 05 4.2206𝐸 − 05 2.4312𝐸 − 05 956

SABC 0 0 0 0 109

50 ABC 5.59127 6.47346 7.19213 0.81286 1000
SABC 0 0 0 0 253

f 9
30 ABC 1.4010𝐸 − 05 3.2429𝐸 − 05 5.0576𝐸 − 05 1.8280𝐸 − 05 1000

SABC 4.4409𝐸 − 15 7.9906𝐸 − 15 1.1546𝐸 − 14 9.3294𝐸 − 16 802

50 ABC 2.6146𝐸 − 02 5.1473𝐸 − 02 8.5138𝐸 − 02 3.0367𝐸 − 02 1000
SABC 1.5099𝐸 − 14 1.5099𝐸 − 14 1.5099𝐸 − 14 0 817

f 10
30 ABC 8.3116𝐸 − 08 4.9243𝐸 − 03 1.4773𝐸 − 02 8.5290𝐸 − 03 1000

SABC 0 0 0 0 243

50 ABC 2.1268𝐸 − 05 1.8178𝐸 − 02 5.4485𝐸 − 02 3.1443𝐸 − 02 1000
SABC 0 0 0 0 624

f 11
30 ABC 2.3733𝐸 − 12 7.2076𝐸 − 12 1.4228𝐸 − 11 6.2224𝐸 − 12 1000

SABC 1.0582𝐸 − 24 3.7213𝐸 − 24 7.4688𝐸 − 24 2.2940𝐸 − 24 546

50 ABC 7.9534𝐸 − 08 1.8292𝐸 − 07 3.2155𝐸 − 07 1.2480𝐸 − 07 1000
SABC 1.5732𝐸 − 19 2.2735𝐸 − 19 3.9719𝐸 − 19 8.7756𝐸 − 20 681

f 12
30 ABC 2.3336𝐸 − 10 6.4815𝐸 − 10 1.3293𝐸 − 09 5.9458𝐸 − 10 1000

SABC 2.3648𝐸 − 18 4.6324𝐸 − 18 7.2155𝐸 − 18 1.3751𝐸 − 18 696

50 ABC 6.3245𝐸 − 07 2.2850𝐸 − 06 5.5056𝐸 − 06 2.7894𝐸 − 06 1000
SABC 4.4409𝐸 − 15 6.8094𝐸 − 15 7.9936𝐸 − 15 2.0512𝐸 − 15 834
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Generate an offspring (Vi) using (7)

Generate an offspring (Vi) using (7)

Figure 2: Flow chart of proposed SABC algorithm.

4.4. Effects of Limit on the Performance of SABC. To inves-
tigate the impact of limit, four different test functions with𝐷 = 30 are used. They are Sphere (f 1), Rastrigin (f 8), Ackley
(f 9), and Griewank (f 10). Five different values of limit (i.e.,
50, 100, 150, 200, and 250) are used to optimize the four
high dimensional test functions.Themean values (mean) and

the standard deviation values (St.dev) are shown in Table 5.
The box plots of different limit values for four functions are
presented in Figure 4.

From Table 5, parameter limit is able to influence the
performance of SABC. When limit is equal to 100, SABC
achieves better performance for three functions (f 1, f 8, and
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Figure 3: Continued.
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Figure 3: Convergence curve of SABC and basic ABC for twelve functions (𝐷 = 30).
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Table 3: Performance comparison of GABC, ERABC, IABC, PSABC, and SABC on test functions 𝑓1–𝑓12 (Dim = 30).

Number GABC ERABC IABC PSABC SABC

f 1
Mean 6.2643𝐸 − 16 0 0 0 1.1061𝐸 − 24
St.dev 1.0859𝐸 − 16 0 0 0 1.8645𝐸 − 24
CI 986 842 322 336 467

f 2
Mean 1.3019𝐸 − 10 2.1049𝐸 − 233 0 0 4.3501𝐸 − 17
St.dev 4.6859𝐸 − 11 0 0 0 5.9788𝐸 − 18
CI 1000 1000 30 22 988

f 3
Mean 1.0939𝐸 + 04 1.2202𝐸 − 20 1.4344𝐸 + 04 6.1069𝐸 + 03 4.6715E − 24
St.dev 2.5670𝐸 + 03 0 2.7291𝐸 + 03 1.6947𝐸 + 03 2.9293E − 24
CI 1000 998 999 1000 393

f 4
Mean 12.6211 2.7073𝐸 − 08 1.207E − 197 8.591𝐸 − 115 1.5260𝐸 − 12
St.dev 2.6556 1.2604𝐸 − 07 0 4.705𝐸 − 114 8.9061𝐸 − 13
CI 1000 985 1000 1000 952

f 5
Mean 7.47961 1.5450E − 06 26.4282 1.5922 1.9505𝐸 − 04
St.dev 19.0926 7.5654E − 06 1.3956 4.4066 2.7217𝐸 − 04
CI 1000 999 1000 1000 999

f 6
Mean 6.4499𝐸 − 16 0 3.8463𝐸 − 10 5.7169𝐸 − 16 0
St.dev 1.1126𝐸 − 16 0 2.3239𝐸 − 10 8.2549𝐸 − 17 0
CI 997 20 999 671 97

f 7
Mean 8.4786𝐸 − 02 9.7185E − 05 1.9609𝐸 − 02 2.1514𝐸 − 02 1.4728𝐸 − 02
St.dev 2.7907𝐸 − 02 6.7013E − 05 9.3459𝐸 − 03 6.8816𝐸 − 02 6.9294𝐸 − 03
CI 983 797 1000 997 1000

f 8
Mean 3.3165𝐸 − 01 0 0 0 0
St.dev 1.8165𝐸 − 01 0 0 0 0
CI 1000 143 84 80 109

f 9
Mean 7.7828𝐸 − 10 1.0066𝐸 − 15 8.8817E − 16 8.8817E − 16 7.9906𝐸 − 15
St.dev 2.9817𝐸 − 10 6.4863𝐸 − 16 0 0 9.3294𝐸 − 16
CI 1000 93 156 188 802

f 10
Mean 6.9655𝐸 − 04 0 0 0 0
St.dev 2.2609𝐸 − 03 0 0 0 0
CI 1000 58 684 834 243

f 11
Mean 5.8570𝐸 − 16 1.5705E − 32 7.1096𝐸 − 12 5.5312𝐸 − 16 3.7213𝐸 − 24
St.dev 1.1349𝐸 − 16 5.5674E − 48 5.2513𝐸 − 12 8.6858𝐸 − 17 2.2940𝐸 − 24
CI 938 105 1000 625 546

f 12
Mean 2.1724𝐸 − 07 1.3498E − 32 4.7831𝐸 − 08 6.0601𝐸 − 18 4.6324𝐸 − 18
St.dev 5.6676𝐸 − 07 5.5674E − 48 2.0359𝐸 − 07 5.6064𝐸 − 18 1.3751𝐸 − 18
CI 996 105 995 567 696

f 10). For the Ackley function (f 9), the effect of limit on the
performance of SABC is very little. FromFigure 3 andTable 5,
parameter limit = 100 is a suitable choice in SABC algorithm.

5. Conclusion

An improved version of ABC, called SABC, is developed by
using good-point-set initialization employed to enhance the
population distribution, rank-based selection strategy used
to enhance the global search ability, self-adaptive position-
updated equation applying for balancing the exploration and
exploitation. The proposed SABC is tested on 12 well-known
global optimization problems. The simulation results show
that our algorithm is superior to the conventional ABC and

other ABC variants. The further work includes the studies
on how to develop SABC to deal with those constrained and
engineering design problems.
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Table 4: Performance comparison of GABC, ERABC, IABC, PSABC, and SABC on test functions f 1–f 12 (Dim = 50).

Number GABC ERABC IABC PSABC SABC

f 1
Mean 1.2546𝐸 − 05 0 0 0 6.0779𝐸 − 24
St.dev 6.0511𝐸 − 09 0 0 0 4.3555𝐸 − 24
CI 1000 934 726 628 567

f 2
Mean 2.3671𝐸 − 05 1.2627𝐸 − 226 0 0 3.2128𝐸 − 12
St.dev 6.1989𝐸 − 06 0 0 0 2.6239𝐸 − 12
CI 1000 1000 61 74 951

f 3
Mean 4.1236𝐸 + 04 1.0937E − 141 4.6927𝐸 + 04 3.0118𝐸 + 04 8.7797𝐸 − 24
St.dev 5.8269𝐸 + 03 5.9904E − 141 7.3584𝐸 + 03 4.1073𝐸 + 03 5.5293𝐸 − 24
CI 1000 1000 1000 1000 565

f 4
Mean 45.3075 1.3695𝐸 − 08 25.5055 19.6683 2.5018E − 12
St.dev 4.3151 5.0911𝐸 − 08 5.6662 6.3094 1.8606E − 12
CI 1000 992 999 1000 983

f 5
Mean 25.7164 1.1000E − 03 47.0287 34.4913 2.3657𝐸 − 01
St.dev 31.75811 3.7000E − 03 0.8601 30.3412 1.1026𝐸 − 01
CI 1000 983 1000 1000 1000

f 6
Mean 5.6529𝐸 − 09 0 1.8434𝐸 − 05 1.1674𝐸 − 15 0
St.dev 3.6854𝐸 − 09 0 1.7466𝐸 − 05 1.4114𝐸 − 16 0
CI 1000 44 1000 1000 108

f 7
Mean 2.4609𝐸 − 01 9.4755E − 05 8.8306𝐸 − 02 6.5309𝐸 − 02 8.4158𝐸 − 02
St.dev 4.7278𝐸 − 02 6.5181E − 05 2.5540𝐸 − 02 1.7705𝐸 − 02 1.7730𝐸 − 02
CI 1000 979 998 966 998

f 8
Mean 2.1733 0 0 0 0
St.dev 1.0728 0 0 0 0
CI 1000 173 172 140 253

f 9
Mean 1.1137𝐸 − 04 1.2434𝐸 − 15 8.8817E − 16 8.8817E − 16 1.5099𝐸 − 14
St.dev 3.8873𝐸 − 05 1.0840𝐸 − 15 0 0 0
CI 1000 109 306 365 817

f 10
Mean 1.0470𝐸 − 03 0 0 0 0
St.dev 2.7482𝐸 − 03 0 0 0 0
CI 1000 71 696 836 624

f 11
Mean 9.3017𝐸 − 11 9.4233E − 33 5.4223𝐸 − 07 1.0252𝐸 − 15 2.2735𝐸 − 19
St.dev 7.9664𝐸 − 11 2.7837E − 48 2.9821𝐸 − 07 1.5815𝐸 − 16 8.7756𝐸 − 20
CI 1000 113 999 979 681

f 12
Mean 8.8776𝐸 − 07 1.3498E − 32 2.4156𝐸 − 05 5.0541𝐸 − 18 6.8094𝐸 − 15
St.dev 1.5324𝐸 − 06 5.5674E − 48 4.3568𝐸 − 05 1.5350𝐸 − 16 2.0512𝐸 − 15
CI 999 123 998 959 834

Table 5: The experimental results of SABC with different limit values.

Function Limit = 50 Limit = 100 Limit = 150 Limit = 200 Limit = 250

Sphere (f 1)
Mean 1.6723𝐸 − 22 1.1061E − 24 2.5730𝐸 − 23 1.7838𝐸 − 20 3.1027𝐸 − 19
St.dev 9.1091𝐸 − 23 1.8645E − 24 1.4855𝐸 − 23 1.7195𝐸 − 20 7.3276𝐸 − 19

Rastrigin (f 8)
Mean 1.8629𝐸 − 14 0 0 2.0400𝐸 − 14 6.6501𝐸 − 14
St.dev 3.2113𝐸 − 14 0 0 1.9637𝐸 − 14 7.7353𝐸 − 14

Ackley (f 9)
Mean 1.5328𝐸 − 14 7.9906E − 15 8.4720𝐸 − 15 9.4136𝐸 − 15 1.8826𝐸 − 14
St.dev 4.4680𝐸 − 15 9.3294E − 16 1.8026𝐸 − 15 3.3117𝐸 − 15 8.7152𝐸 − 15

Griewank (f 10)
Mean 4.8762𝐸 − 12 0 5.9952𝐸 − 16 8.6898𝐸 − 12 5.9682𝐸 − 07
St.dev 1.1261𝐸 − 11 0 1.5413𝐸 − 15 4.5680𝐸 − 11 2.2794𝐸 − 06
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Figure 4: Box plots of different limit values for function f 1, f 8, f 9, and f 10 over 30 independent runs.
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An asynchronous RUL fusion estimation algorithm is presented for the hidden degradation process with multiple asynchronous
monitoring sensors based on multisource information fusion. Firstly, a state-space type model is established by modeling the
stochastic degradation as a Wiener process and transforming asynchronous indirectly observations in the fusion period to the
fusion time. The statistical characteristics of involved noises and their correlations are analyzed. Secondly, the estimate of the
hidden degradation state is obtained by applying Kalman filtering with correlated noises to the established state-space model,
where the synchronized observations are fused. Also, the unknown model parameters are recursively identified based on the
Expectation-Maximization (EM) algorithm with the Generic Algorithm (GA) adopted to solve the maximization problem. Finally,
the probability distribution of RUL is obtained using the fused degradation state estimation and the updated identification result of
the model parameters. Simulation results show that the proposed fusion method has better performance than the RUL estimation
with single sensor.

1. Introduction

Modern engineering systems are becoming large in scale,
huge in investment, and more and more sophisticated in
structure with the development of science and technology. As
a result, once an accident occurs in these systems, it would
cause tremendous damage and enormous loss of property
[1]. As time goes on, degradation of equipment in systems
will inevitably occur due to complex operating environment
and many other reasons, which leads to the reduction of
system reliability and safety [2, 3]. Consequently, it is of great
importance to predict the RUL of the system components
in order to correctly evaluate the health state of the system
and make appropriate maintenance plans to ensure the safe
operation of the system and increase economic returns.

The complexity of the system itself and the running
environment makes it hard to establish a mechanism model
for RUL estimation. In recent years, theRUL estimation based
on monitoring data attracts a lot of research attentions due
to its wide application range and the ability to quantify the
uncertainties of the estimation results [4, 5]. Si et al. in [6]

reviewed the statistical data driven approaches for RUL
estimation.The existingmethods were classified into two cat-
egories: direct condition monitoring data based approaches
and indirect condition monitoring data based approaches,
which can be further divided into stochastic filtering based
methods [7–10], covariance based hazardmodel methods [11,
12], Wiener-process-based methods [13, 14], Gamma process
based methods [15, 16], and Markovian-based methods [17]
and others.

Although there are fruitful researches on RUL estimation
based on stochastic modeling with monitoring data, most of
works are specific to single sensor. However, the complexity
of the system itself and the running environment makes
the RUL prediction have large uncertainties. At the same
time, the information from single source tends to be quite
limited. In response to the above issues, multiple sensors are
usually utilized to monitor the condition of the system in
order to reduce the uncertainties of the system and improve
the accuracy of the RUL estimation [3]. Wei et al. in [18]
proposed amultisensor information based Remaining Useful
Life estimation method with anticipated performance for a
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Figure 1: Observations from multiple sensors.

kind of stochastic linear degradation withWiener properties.
The degradation process as well as the RUL distribution with
a random thresholdwas identified recursively by adopting the
distributed fusion filtering and a two-stage parameter estima-
tion approach. Meanwhile, the sensor selection problem was
also discussed by quantitatively analyzing the benefits of the
fusion manipulation. Dong and He in [19] presented a hid-
den semi-Markov-model basedmethodology formultisensor
equipment health diagnosis and prognosis. Sensor fusion
was implemented by adjusting the weight assigned to each
sensor based on the discriminant function analysis. A new
health indicator was constructed in [20] by fusing the mutual
information of multiple features extracted from the vibration
signal to predict the RUL of Machinery. Li and He in [21]
proposed a methodology to predict the RUL of both wheels
and trucks by fusing data from three types of detectors,
including wheel impact load detector, machine vision sys-
tems, and optical geometry detectors. Although multisource
information is used in the above works to improve the
performance of RUL estimation, observations from multiple
sensors were assumed to be collected at the same time, that is,
time consistent as shown in Figure 1(a). However, in practical
engineering, observations from multiple sensors are usually
not aligned in time due to different sampling periods, distinct
initial sampling time, and many other reasons [22, 23]. This
results in that multisensor observations are not synchronous
but asynchronous as shown in Figure 1(b) and poses new
challenges to the RUL estimation.

Consequently, motivated by the above discussions, the
asynchronous RUL fusion estimation problem is studied in
this paper. We assume that the hidden degradation which is
modeled asWiener process with unknownmodel parameters
is observed by an arbitrary number of asynchronous sensors,
whose sampling frequencies and initial sampling times are
all arbitrary.The asynchronous sensor observations are firstly
synchronized to the fusion time and then fused using the
Kalman filtering technology to get the fused estimate of the
latent degradation state with the correlations between various
noises introduced by the synchronization process analyzed.
The unknown model parameters are also recursively identi-
fied using the synchronized observations based on the EM

algorithm with the maximization problem solved by GA.
Finally, the RUL is derived based on the fused estimates of
the latent degradation state and unknown model parameters
and the simulation example is provided to demonstrate the
feasibility and effectiveness of the proposed algorithm.

The organization of this paper is as follows. The fusion
estimation problem of RUL for stochastic degradation pro-
cess with multiple asynchronous sensors is formulated in
Section 2. The proposed asynchronous RUL fusion esti-
mation algorithm is derived in Section 3. Section 4 gives
simulation results and conclusions are drawn in Section 5.

2. Problem Formulation

Wiener process is widely used to model the stochastic
degradation of a system attributed to its good mathematical
characteristics such as the infinite separability. In general,
a linear Wiener-process-based degradation model can be
represented as

𝑋(𝑡) = 𝜙 + 𝜂𝑡 + 𝜎𝐵 (𝑡) , (1)

where𝑋(𝑡) is the random variable representing the degrada-
tion at time 𝑡, 𝜙 is the initial degradation state, 𝜂 and 𝜎 are,
respectively, the drift and diffusion coefficient, and 𝐵(𝑡) is the
standard Brownianmotion reflecting the stochastic dynamics
of the degradation process.

We assume the degradation process (1) is observed by
a number of 𝑀 asynchronous sensors. Denote 𝑡𝑘−1 and𝑡𝑘, respectively, as the previous and oncoming fusion time
instants. Since these asynchronous sensorsmay have different
sampling periods and the sampling intervals may even be
nonuniform, more than one measurement could probably
be obtained by a given sensor during the fusion interval(𝑡𝑘−1, 𝑡𝑘]. Denote 𝑡𝑚𝑘 as the time when the latest measurement𝑦𝑚𝑘 , which is the nearest to 𝑡𝑘, is observed by sensor𝑚, where𝑦𝑚𝑘 is the indirect observation of the degradation process
described by

𝑦𝑚𝑘 = ℎ𝑚𝑥 (𝑡𝑚𝑘 ) + V (𝑡𝑚𝑘 ) , (2)

where 𝑥(𝑡𝑚𝑘 ) is the realization of 𝑋(𝑡) at time 𝑡𝑚𝑘 and V(𝑡𝑚𝑘 ) ∼𝑁(0, 𝑟𝑚) is the observation noise.
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Consequently, the objective of this paper is to predict the
distribution of RUL of degradation process (1) based on the
cumulative measurements 𝑌𝑘 = {𝑦𝑖𝑘 , 𝑘 = 1, . . . , 𝑘, 𝑖 =1, . . . ,𝑀}, where the RUL of a system at time 𝑡𝑘 is defined
as

ℓ𝑘 = inf {ℓ𝑘 : 𝑋 (𝑡𝑘 + ℓ𝑘) ≥ 𝜔 | 𝑋 (0) < 𝜔} , (3)

where 𝜔 is the predefined threshold level.

3. The Proposed RUL Fusion
Estimation Algorithm

3.1. Fusion Estimation of the Degradation State. From the
degradation process (1), we know that the transition of the
degradation state satisfies

𝑥 (𝑡𝑗) = 𝑥 (𝑡𝑖) + 𝜂 (𝑡𝑗 − 𝑡𝑖) + 𝑤 (𝑡𝑗, 𝑡𝑖) , (4)

where 𝑤(𝑡𝑗, 𝑡𝑖) = 𝜎(𝐵(𝑡𝑗) − 𝐵(𝑡𝑖)) ∼ 𝑁(0, 𝜎2(𝑡𝑗 − 𝑡𝑖)). By
substituting (4) into (2) with 𝑡𝑗 and 𝑡𝑖 in (4) replaced with𝑡𝑘 and 𝑡𝑚𝑘 , respectively, it follows that
𝑦𝑚𝑘 = ℎ𝑚𝑥 (𝑡𝑘) − ℎ𝑚𝜂 (𝑡𝑘 − 𝑡𝑚𝑘 ) − ℎ𝑚𝑤 (𝑡𝑘, 𝑡𝑚𝑘 ) + V (𝑡𝑚𝑘 )

= ℎ𝑚𝑥 (𝑡𝑘) − ℎ𝑚𝜂 (𝑡𝑘 − 𝑡𝑚𝑘 ) + 𝜉𝑚𝑘 , (5)

where 𝜉𝑚𝑘 = V(𝑡𝑚𝑘 ) − ℎ𝑚𝑤(𝑡𝑘, 𝑡𝑚𝑘 ). Then, by defining 𝑦𝑘 =[𝑦1𝑘 , . . . , 𝑦𝑀𝑘 ]𝑇, 𝜉𝑘 = [𝜉1𝑘, . . . , 𝜉𝑀𝑘 ]𝑇, ℎ = [ℎ1, . . . , ℎ𝑀]𝑇, and
V𝑘 = [V(𝑡1𝑘), . . . , V(𝑡𝑀𝑘 )]𝑇, the asynchronous indirect obser-
vations {𝑦1𝑘 , 𝑦2𝑘 , . . . , 𝑦𝑀𝑘 } collected from 𝑀 asynchronous
sensors in (𝑡𝑘−1, 𝑡𝑘] can be regarded as an augmented mea-
surement at 𝑡𝑘 with

𝑦𝑘 = ℎ𝑥 (𝑡𝑘) − 𝜂𝑇𝑘ℎ + 𝜉𝑘, (6)

where

𝑇𝑘 = [[[
[

𝑡𝑘 − 𝑡1𝑘
d

𝑡𝑘 − 𝑡𝑀𝑘
]]]
]
,

𝜉𝑘 = V𝑘 + [[[[
[

ℎ1𝑤(𝑡𝑘, 𝑡1𝑘)...
ℎ𝑀𝑤(𝑡𝑘, 𝑡𝑀𝑘 )

]]]]
]

(7)

and correspondingly

cov {𝜉𝑘} = cov {V𝑘} + cov {𝑤𝑘} (8)

with

cov {V𝑘} = [[[
[

𝑟𝑗1
d

𝑟𝑗𝑀
]]]
]
,

cov (𝑤𝑘) =
[[[[[[[[
[

ℎ1ℎ1𝜎2 (𝑡𝑘 − 𝑡𝑘1) ℎ1ℎ2𝜎2 (𝑡𝑘 − 𝑡𝑘2) ⋅ ⋅ ⋅ ℎ1ℎ𝑀𝜎2 (𝑡𝑘 − 𝑡𝑘𝑀)
ℎ2ℎ1𝜎2 (𝑡𝑘 − 𝑡𝑘2) ℎ2ℎ2𝜎2 (𝑡𝑘 − 𝑡𝑘2) ⋅ ⋅ ⋅ ℎ2ℎ𝑀𝜎2 (𝑡𝑘 − 𝑡𝑘𝑀)... ... ... ...
ℎ𝑀ℎ1𝜎2 (𝑡𝑘 − 𝑡𝑘𝑀) ℎ𝑀ℎ2𝜎2 (𝑡𝑘 − 𝑡𝑘𝑀) ⋅ ⋅ ⋅ ℎ𝑀ℎ𝑀𝜎2 (𝑡𝑘 − 𝑡𝑘𝑀)

]]]]]]]]
]
.

(9)

Obviously, we see that cov{𝜉𝑘} is a function of parameters{𝜎2, 𝑟𝑚, ℎ𝑚}, and we denote it as cov{𝜉𝑘} = Σ𝑘(𝜎2, 𝑟𝑚, ℎ𝑚) for
simplicity.

From (4), we can directly have

𝑥 (𝑡𝑘) = 𝑥 (𝑡𝑘−1) + 𝜂 (𝑡𝑘 − 𝑡𝑘−1) + 𝑤 (𝑡𝑘, 𝑡𝑘−1) . (10)

It follows that

cov {𝑤 (𝑡𝑘 − 𝑡𝑘−1) , 𝜉𝑚𝑘 }
= cov {𝑤 (𝑡𝑘 − 𝑡𝑘−1) , −ℎ𝑚𝑤 (𝑡𝑘 − 𝑡𝑚𝑘 )}
= −ℎ𝑚𝜎2 (𝑡𝑘 − 𝑡𝑚𝑘 ) ,

(11)

cov {𝑤 (𝑡𝑘 − 𝑡𝑘−1) , 𝜉𝑘} = −𝜎2
[[[[[[[[
[

ℎ1 (𝑡𝑘 − 𝑡1𝑘)
ℎ2 (𝑡𝑘 − 𝑡2𝑘)...
ℎ𝑀 (𝑡𝑘 − 𝑡𝑀𝑘 )

]]]]]]]]
]

𝑇

= −𝜎2 (𝑇𝑘ℎ)𝑇

(12)

Then, by applying the Kalman filtering with correlated
noises to the degradation process (10) and the augmented
observation equation (6) [24, 25], the optimal estimate of the
degradation state 𝑥 at time 𝑡𝑘 can be obtained in a recursive
form as follows.
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Firstly, the predicted estimate and its error covariance are
given by

𝑥𝑘|𝑘−1 = 𝐸 {𝑥 (𝑡𝑘) | 𝑌𝑘−1} = 𝑥𝑘−1|𝑘−1 + 𝜂 (𝑡𝑘 − 𝑡𝑘−1) ,
𝑃𝑘|𝑘−1 = var {𝑥 (𝑡𝑘) | 𝑌𝑘−1} = 𝑃𝑘−1 + 𝜎2 (𝑡𝑘 − 𝑡𝑘−1) . (13)

Secondly, the updated estimate and its error covariance
are got by fusing the asynchronous indirect observations𝑦𝑘 =[𝑦1𝑘 , . . . , 𝑦𝑀𝑘 ]𝑇 in (𝑡𝑘−1, 𝑡𝑘] as

𝑥𝑘 = 𝑥𝑘|𝑘−1 + 𝑃𝑘 [ℎ − 𝜎2𝑇𝑘ℎ𝑃𝑘|𝑘−1 ]
𝑇 (𝑀𝑘 (𝜎2, ℎ𝑚, 𝑟𝑚))−1 (𝑦𝑘 − ℎ𝑥𝑘|𝑘−1 + 𝜂𝑇𝑘ℎ) ,

𝑃𝑘 = 1
1/𝑃𝑘|𝑘−1 + [ℎ − 𝜎2𝑇𝑘ℎ/𝑃𝑘|𝑘−1]𝑇 (𝑀𝑘 (𝜎2, ℎ𝑚, 𝑟𝑚))−1 [ℎ − 𝜎2𝑇𝑘ℎ/𝑃𝑘|𝑘−1]𝑇 ,

(14)

where 𝑥𝑘 = 𝐸{𝑥(𝑡𝑘) | 𝑌𝑘}, 𝑃𝑘 = var{𝑥(𝑡𝑘) | 𝑌𝑘}, and

𝑀𝑘 (𝜎2, ℎ𝑚, 𝑟𝑚) = cov {𝜉𝑘}
− (cov {𝑤 (𝑡𝑘 − 𝑡𝑘−1) , 𝜉𝑘})𝑇 (cov {𝑤 (𝑡𝑘 − 𝑡𝑘−1) , 𝜉𝑘})𝑃𝑘|𝑘−1 . (15)

Remark 1. Note from (8), (9), and (12) that we know that𝑀
is also a function of unknown parameters {𝜎2, ℎ𝑚, 𝑟𝑚}.
3.2. Unknown Parameter Fusion Identification. As we know,
in real applications, the only information we have is the
indirect observations 𝑌𝑘 = {𝑦𝑖𝑘 , 𝑘 = 1, . . . , 𝑘, 𝑖 = 1, . . . ,𝑀}
from the 𝑀 asynchronous sensors, in that, to obtain the
fused estimate 𝑥𝑘 of degradation state according to (13)
and (14), we need to estimate unknown parameters Θ ={𝜂, 𝜎2, ℎ𝑚, 𝑟𝑚} at first. In this paper, the EM algorithm is
implemented to identifyΘ based on the online asynchronous
sensor observations.

EM algorithm is a widely used iterative algorithm for
maximum likelihood parameter estimation with unobserved
latent variables. Each iteration of EM algorithm involves two
steps: the expectation step (E-step) and themaximization step
(M-step). In the E-step, a function for the expectation of the
log-likelihood is established based on the current estimate
of the unknown parameter. In the 𝑀-step, the parameter
estimate is updated through maximizing the expected func-
tion found in the 𝐸-step, and then the updated parameter
estimate is utilized to determine the distribution of the latent
variables in the E-step of next iteration. By this way, EM
algorithm iterates between the two steps until convergence
[14, 18].

The joint log-likelihood function at time 𝑡𝑘 is defined as

𝐿𝑘 (Θ) = ln𝑝 (𝑦𝑘, 𝑥𝑘 | Θ)
= ln𝑝 (𝑥𝑘 | Θ) + ln𝑝 (𝑦𝑘 | 𝑥𝑘, Θ) , (16)

where {𝑦𝑘, 𝑥𝑘} is the complete data set. Based on the Gauss
white noise assumptions, we have 𝑦𝑘 ∼ 𝑁(ℎ𝑥𝑘 − 𝜂𝑇𝑘ℎ,Σ𝑘(𝜎2, 𝑟𝑚, ℎ𝑚)) and 𝑥𝑘 ∼ 𝑁(𝑥𝑘−1 + 𝜂(𝑡𝑘 − 𝑡𝑘−2), 𝜎2(𝑡𝑘 − 𝑡𝑘−1));
further it follows that

𝐿𝑘 (Θ) = ln
{{{{{

1
√2𝜋𝜎2 (𝑡𝑘 − 𝑡𝑘−1) exp{−

[𝑥𝑘 − 𝑥𝑘−1 − 𝜂 (𝑡𝑘 − 𝑡𝑘−1)]22𝜎2 (𝑡𝑘 − 𝑡𝑘−1) }}}}}}
+ ln {(2𝜋)−𝑀/2 Σ𝑘 (𝜎2, 𝑟𝑚, ℎ𝑚)−1/2 exp {−12 (𝑦𝑘 − ℎ𝑥𝑘 + 𝜂𝑇𝑘ℎ)𝑇 (Σ𝑘 (𝜎2, 𝑟𝑚, ℎ𝑚))−1 (𝑦𝑘 − ℎ𝑥𝑘 + 𝜂𝑇𝑘ℎ)𝑇}}

= −12 ln [2𝜋𝜎2 (𝑡𝑘 − 𝑡𝑘−1)] −
[𝑥𝑘 − 𝑥𝑘−1 − 𝜂 (𝑡𝑘 − 𝑡𝑘−1)]22𝜎2 (𝑡𝑘 − 𝑡𝑘−1) − 𝑀2 ln (2𝜋) − 12 ln Σ𝑘 (𝜎2, 𝑟𝑚, ℎ𝑚)

− 12 (𝑦𝑘 − ℎ𝑥𝑘 + 𝜂𝑇𝑘ℎ)𝑇 (Σ𝑘 (𝜎2, 𝑟𝑚, ℎ𝑚))−1 (𝑦𝑘 − ℎ𝑥𝑘 + 𝜂𝑇𝑘ℎ) .

(17)
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As we said, the EM algorithm consists of two steps: E-step
andM-step in each iteration.

(i) E-step

𝜗 (Θ | Θ̂𝑙𝑘) = 𝐸𝑋(𝑡𝑘)|𝑌𝑘 ,Θ̂(𝑙)𝑘 [ln𝑝 (𝑦𝑘, 𝑥𝑘 | Θ)] ∝ −12
⋅ ln (𝜎2) − 12𝜎2 (𝑡𝑘 − 𝑡𝑘−1) [𝑥2𝑘

(𝑙) + 𝑥2
𝑘−1|𝑘

(𝑙)

− 2𝑥𝑘𝑥𝑘−1|𝑘(𝑙) − 2𝜂 (𝑡𝑘 − 𝑡𝑘−1) (𝑥(𝑙)𝑘 − 𝑥(𝑙)𝑘−1|𝑘)
+ 𝜂2 (𝑡𝑘 − 𝑡𝑘−1)2] − 12 ln Σ𝑘 (𝜎2, 𝑟𝑚, ℎ𝑚)
− 12 [𝑦𝑇𝑘 (Σ𝑘 (𝜎2, 𝑟𝑚, ℎ𝑚))−1 𝑦𝑘
− 2𝑦𝑇𝑘 (Σ𝑘 (𝜎2, 𝑟𝑚, ℎ𝑚))−1 ℎ𝑥(𝑙)𝑘
+ 𝑥2
𝑘

(𝑙)ℎ𝑇 (Σ𝑘 (𝜎2, 𝑟𝑚, ℎ𝑚))−1 ℎ
+ 𝜂ℎ𝑇𝑇𝑘 (Σ𝑘 (𝜎2, 𝑟𝑚, ℎ𝑚))−1
⋅ (2𝑦𝑘 − 2ℎ𝑥(𝑙)𝑘 + 𝜂𝑇𝑘ℎ)] ,

(18)

where 𝑥(𝑙)
𝑘
= 𝐸{𝑥(𝑡𝑘) | 𝑌𝑘, Θ̂(𝑙)𝑘 }, 𝑥2𝑘(𝑙) = 𝐸{𝑥2(𝑡𝑘) |𝑌𝑘, Θ̂(𝑙)

𝑘
} = (𝑥(𝑙)

𝑘
)2+𝑃(𝑙)
𝑘
, 𝑥(𝑙)
𝑘−1|𝑘

= 𝐸{𝑥(𝑡𝑘−1) | 𝑌𝑘, Θ̂(𝑙)𝑘 },
𝑥2
𝑘−1|𝑘

(𝑙) = 𝐸{𝑥2(𝑡𝑘−1) | 𝑌𝑘, Θ̂(𝑙)𝑘 } = (𝑥(𝑙)𝑘−1|𝑘)2 + 𝑃(𝑙)𝑘−1|𝑘,𝑥𝑘𝑥𝑘−1|𝑘(𝑙) = 𝐸{𝑥(𝑡𝑘)𝑥(𝑡𝑘−1) | 𝑌𝑘, Θ̂(𝑙)𝑘 } = 𝑃(𝑙)
𝑘,𝑘−1|𝑘

+
𝑥(𝑙)
𝑘−1|𝑘

𝑥(𝑙)
𝑘
, and

𝑥(𝑙)𝑘−1|𝑘 = 𝑥(𝑙)𝑘−1 + 𝑃(𝑙)
𝑘−1𝑃(𝑙)
𝑘|𝑘−1

(𝑥(𝑙)𝑘 − 𝑥(𝑙)𝑘|𝑘−1) ,

𝑃(𝑙)𝑘−1|𝑘 = 𝑃(𝑙)𝑘−1 − 𝑃(𝑙)
𝑘−1

(𝑃(𝑙)
𝑘|𝑘−1

)2 (𝑃
(𝑙)
𝑘|𝑘−1 − 𝑃(𝑙)𝑘 ) ,

𝑃(𝑙)𝑘,𝑘−1|𝑘 = 𝑃
(𝑙)
𝑘
𝑃(𝑙)
𝑘−1𝑃(𝑙)
𝑘|𝑘−1

,

(19)

where 𝑥(𝑙)
𝑘|𝑘−1

, 𝑃(𝑙)
𝑘|𝑘−1

, 𝑥(𝑙)
𝑘
, and 𝑃(𝑙)

𝑘
can be calculated

from (13) and (14) with Θ = {𝜂, 𝜎2, ℎ𝑚, 𝑟𝑚} replaced
with Θ(𝑙)

𝑘
= {𝜂(𝑙)
𝑘
, (𝜎2)(𝑙)
𝑘
, (ℎ𝑚)(𝑙)
𝑘
, (𝑟𝑚)(𝑙)
𝑘
}, respectively

[24].
(ii) M-step: at time 𝑡𝑘, the estimate ofΘ for the 𝑙+1th EM

iteration is calculated by

Θ̂𝑙+1𝑘 = argmax
Θ

𝜗 (Θ | Θ̂𝑙𝑘) . (20)

In order to get the value of Θ̂𝑙+1𝑘 ,GA [26, 27] is adopted
to solve the maximization problem of (20). GA is a

heuristic algorithm inspired by the process of natural
selection, which is widely used for solving optimiza-
tion problems. The evolution of GA is an iterative
process. It starts with an initial population, usually
generated randomly, and the fitness of each individual
in the population is evaluated, where the fitness
function is the objective function of the optimization
problem being solved. The new generation, which is
used for the next iteration, is then formed through
bioinspired operators, such as selection, mutation,
and crossover, based on the fitness. Generally, the
algorithm terminates when either a maximum num-
ber of generations has been generated or a satisfactory
fitness level has been reached for the population.

The iteration of the EM algorithm is terminated if the
convergence condition |Θ̂(𝑙+1) − Θ̂(𝑙) ≤ 𝜍| is satisfied, where𝜍 is a preset threshold.
3.3. RUL Fusion Estimation. From (3), we can see that the
RUL is defined as the first passage time of stochastic degra-
dation process 𝑋(𝑡). As we know, the first passage time of
Wiener process is inverse Gauss distribution, and thus the
probability distribution function 𝑓(ℓ𝑘 | 𝑌𝑘) of RUL can be
obtained by

𝑓 (ℓ𝑘 | 𝑌𝑘)
= (𝜔 − 𝑥𝑘) 𝜎2 + 𝑃𝑘𝜂√2𝜋 (𝑃𝑘 + 𝜎2𝑡𝑘)3

exp{−(𝜔 − 𝑥𝑘 − 𝜂ℓ𝑘)22 (𝑃𝑘 + 𝜎2ℓ𝑘) } ,
(21)

where 𝐸{ℓ𝑘 | 𝑌𝑘} = (𝜔 − 𝑥𝑘)/𝜂 and var{ℓ𝑘 | 𝑌𝑘} = ((𝜔 −𝑥𝑘)𝜎2 + 𝑃𝑘𝜂)/𝜂3.
4. Simulation Results

In this section, a simulation example is provided to illustrate
the feasibility and effectiveness of the proposed asynchronous
RUL fusion estimation algorithm.

The stochastic degradation is formulated by (1) with 𝜙 =0, 𝜂 = 0.3, and 𝜎2 = 0.01. We assume the degradation process
is monitored by two asynchronous sensors with sampling
periods 𝑇1 = 0.16 hours and 𝑇2 = 0.22 hours. The fusion
period is 𝑇𝑓 = 0.2 hours. The observation coefficients of the
two sensors are ℎ1 = 1.03 and ℎ2 = 0.76 with measurement
noise variances 𝑟1 = 0.46 and 𝑟2 = 0.55, respectively.
Obviously, the two sensors are asynchronous because of
different sampling frequencies.

The proposed asynchronous RUL fusion estimation algo-
rithm is used to estimate the RUL of the hidden degradation
process. Figure 2 gives the actual degradation path and the
estimated one. It can be seen from Figure 2 that the estimated
degradation path has good ability to track the actual changes.

In the simulation, the failure threshold 𝑤 is set to 11.3,
and the true failure time (i.e., the first passage time) of
the degradation path given in Figure 2 is at 40 hours. To
illustrate the effectiveness of the proposed fusion algorithm,
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the Probability Distribution Functions (PDFs) of RUL at
different time instants are compared in Figure 3, where the
PDFs drawnby solid lines are obtained by fusing observations
from both of the asynchronous sensors, while the dashed and
the dot dashed lines are results of single sensor 1 and sensor
2, respectively. In order to show this more clearly, the PDFs of
RUL at a specific time (36 hours) are also given in Figure 4.
It can be seen from Figures 3 and 4 that at each fusion time
instant the fused PDF ismore concentrated than that of single
sensor. Meanwhile, the mean of the fused estimate is nearer
to the true RUL (denoted with the asterisk). This means
that the fused estimate has smaller estimation error as well
as smaller error variation, in other words, better estimation
performance, than the estimate obtained from single sensor
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Figure 5: Comparison of the proposed algorithm and the approach
in [18] under synchronous scenario.

observations. Meanwhile, it can be noticed in Figure 3 that
the estimation error decreases with the increase of time.

In addition, it can be seen from Figure 1 that “syn-
chronous” can be regarded as a special case of “asyn-
chronous.” Therefore, the proposed asynchronous fusion
estimation algorithm is compared with the synchronous
fusion estimation method in [18] under synchronous sce-
nario in Figure 5, where 𝑇1 = 𝑇2 = 𝑇𝑓 = 0.2 hours. From
Figure 5, we can see that the proposed algorithmoutperforms
the fusion algorithm in [18], since it has smaller mean error
and more concentrated PDFs of RUL.
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5. Conclusion

In this paper, an asynchronous RUL fusion estimation
algorithm has been proposed for the latent degradation
process with multiple asynchronous monitoring sensors.The
asynchronous indirect observations are firstly synchronized
to the fusion time and then fused using the Kalman filtering
technology to get the estimate of the latent degradation
state with the correlations between the involved noise con-
sidered and the unknown model parameters identified by
the EM and GA. Finally, the fused estimate of the latent
degradation state and the updatedmodel parameters are used
to get the probability distribution of the RUL. Simulation
results demonstrate that fusion of multisource monitoring
information from multiple asynchronous sensors can reduce
the uncertainty in the systems and that improves the RUL
estimation preformation.

Due to the noise correlation introduced by the synchro-
nization process, GA is adopted in this paper to update the
estimate of unknownmodel parameters in the EM algorithm.
Further work can focus on deriving an analytical solution by
decollating the involved noises.
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The thickness of the steel strip is an important indicator of the overall strip quality. Deviations in thickness are primarily controlled
using the automatic gauge control (AGC) system of each rolling stand. At the last stand, the monitoring AGC system is usually
used, where the deviations in thickness can be directly measured by the X-ray thickness gauge device and used as the input
to the AGC system. However, due to the physical distance between the thickness detection device and the rolling stand, time
delay is unavoidably present in the thickness control loop, which can affect control performance and lead to system oscillations.
Furthermore, the parameters of the system can change due to perturbations from external disturbances. Therefore, this paper
proposes an identification and control scheme for monitoring AGC system that can handle time delay and parameter uncertainty.
The cross-correlation function is used to estimate the time delay of the system, while the system parameters are identified using a
recursive least squares method. The time delay and parameter estimates are then further refined using the Levenberg-Marquardt
algorithm, so as to provide the most accurate parameter estimates for the complete system. Simulation results show that, compared
with the standard Proportion Integration Differentiation (PID) controller approach, the proposed approach is not affected by
changes in the time delay and parameter uncertainties.

1. Introduction

The ever-increasing demand for product quality is the key
issue for today’s complex industrial processes. As a complex,
large-scale process, the hot strip mill process is a typical
example, where it is necessary to maintain deviations in strip
thickness to within an acceptable range, using automatic
control loops and subsystems. The final strip thickness is the
most important variable to consider in the thickness control
subsystem. The monitoring automatic gauge control (AGC)
approach is an efficient way to implement control for such
loops. However, difficulties with this approach include the
inevitable time delay [1] due to the physical distance between
the thickness detection device and the process, as well as
system uncertainties caused by changes in operating con-
ditions or external disturbances.These issues will lead to con-
trol performance degradation, which can lead to oscillations
in the overall process [2]. In order to ensure product quality

and guarantee that the rolling process is sustainable, reliable,
and stable, it is important to monitor the complete rolling
process in real time, especially for conditions that may affect
product quality and equipment safety [3, 4]. Therefore, in
order to improve the performance, it is necessary to accu-
rately identify the time delay and parameter uncertainties in
the monitoring AGC system.

Time-delay estimation is an area of active research that
seeks to develop efficient and accuratemethods for estimating
time delay from industrial data. Time-delay estimation can be
divided into four broad categories [5]: time-delay approxima-
tion methods, explicit time-delay parameter methods, area
and moment methods, and higher-order statistics methods.
Of these methods, the area and moment methods are most
commonly used for industrial data. A common area and
moment method is the cross-correlation function, which
can be used to estimate the delay between two signals [6].
The accuracy and speed of this approach make it very
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suitable for automated industrial implementation. Other
approaches include fitting estimated models to the data set to
backcalculate the optimal time delay [5, 7], using MATLAB’s
delay function to compute the values, using support vector
machines [7, 8], performing nonlinear optimization using the
steepest descentmethod [9], and using step tests to determine
the values.

Similarly, online, parameter estimation is a common
area of research that focuses on determining the system
parameters as the conditions of the system change. A com-
mon approach is to use a recursive method to estimate the
parameters after every new sample of information arrives.
Such an approach has the advantage that it will track the
process changes quickly. A common implementation of the
recursive method is the recursive least squares approach,
which uses a linear regression framework to update the para-
meter estimates [10–12]. Othermethods include optimization
methods using stochastic gradient descent methods [8],
implementing a variable search regions [13, 14], and various
neural network identification methods [15, 16].

Finally, various methods have been proposed to handle
time delays and uncertain process information, including the
Smith predictor [17–19], soft-sensor-based control [20, 21],
and robust fault-tolerant control [22–24]. Of these methods,
model-based control methods, such as the Smith predictor
and internalmodel control, can effectively compensate for the
influences of time delay, but they are not suitable for complex
systems with parameter uncertainties.

For the rolling mill process, first-principle models are
hard to determine precisely due to the complex nature and
harsh operating conditions of the process. For this reason,
model-based monitoring and control methods are hard to
implement for such complex systems. However, for many
complex industrial processes, process data is easy to obtain
and PID-based control is still widely used. Therefore, it is
advantageous to use data-driven identification [25] and con-
trol methods [26, 27] that can use the process data efficiently
while maintaining, as much as possible, the existing control
structure.

Therefore, the objectives of this paper are: to develop a
framework for handling uncertainties in the process model;
to investigate the use of the cross-correlation function and
recursive least squares to obtain parameter estimates, which
are then refined using nonlinear optimization, such as the
Levenberg-Marquardt method; and to test the proposed
results using a simulated hot steel rolling mill process.

2. Monitoring AGC System Analysis

2.1. General Description of AGC System. In hot/cold tandem
rolling mills, in terms of product quality, the key unit is
the finishing mill group, which consists of 5 mill stands in
cold rolling and 7 mill stands in hot rolling. The strip passes
through a roll gap in each stand and comes in contact with a
pair of work rolls that are driven by an electricmotor from the
main drive system and are supported by a pair of backup rolls
with a larger diameter. As shown in Figure 1, there are two
hydraulic reduction devices on each side of the top backup

AA

A HAGC cylinder

Figure 1: The mechanical structure of finishing mill stand.

roll, which indirectly screw down onto the rolled strip via
force transmission between the backup and work rolls.

The hydraulic reduction device is a strip gauge control
system that includes the mechanical parts such as servo
amplifier, servo-valve, hydraulic cylinder and electrical parts,
such as a digital controller and sensors.Thus, it can be defined
as a typical electromechanical-hydraulic coupling system
[28], also known as the automatic gauge control (AGC) sys-
tem. There are several control methods for the AGC system,
which can be divided into direct/indirect thickness measure-
ment control structures, which mainly depend on whether
the thickness deviation can be obtained by X-ray thickness
sensors or model calculations.

The monitoring AGC system is usually used at the last
rolling stand, where the thickness deviation can be directly
measured by the X-ray thickness gauge device and then
can be used as system output in thickness control loop.
However, due to the physical distance between the thickness
detection device and the rolling stand, a measurable time
delay is unavoidable, which can result in control performance
degradation that in extreme cases can lead to control system
instability.

2.2. Mathematical Model of the Monitoring AGC System.
Figure 2 shows the structure of the monitoring AGC system,
which consists of two control loops: a Hydraulic Automatic
Position Control (HAPC) inner loop and an X-ray thickness
monitoring outer loop. Figure 3 shows a block diagram of the
monitoring AGC system.

As shown in Figure 3, let the expected strip exit thickness
be ℎ0 and the actual exist thickness measured by the X-ray
thickness gauge be ℎ. Thus, the thickness error Δℎ defined
as ℎ0 minus ℎ is fed back to the monitoring AGC system to
adjust the roll gap to eliminate the thickness error.The output
from the PID controller is fed into the Hydraulic Automatic
Position Control (HAPC) system.
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Figure 2: The structure of the monitoring AGC system.
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Figure 3: Block diagram of the monitoring AGC system.

Since the AGC and HAPC systems contain many mech-
anical and electrical components that interact in a complex
manner, the resulting model can be quite complex. However,
since the inertia of most of the components is very small,
the transfer function of the HAPC closed-loop system can
be described by a simple first-order plus dead time (FOPDT)
model:

𝛿𝑆
𝛿𝑆𝑅 = 1

𝜏1𝑠 + 1 , (1)

where 𝛿𝑆𝑅 is the adjustment of the roll gap set point value
and 𝜏1 is the time constant of the HAPC system. Based on the
actual system, the relationship between the thickness and the
roll gap can be approximated as a FOPDT model [29]

𝛿ℎ
𝛿𝑆 = 𝑀

𝑀 + 𝑄 × 𝑒−𝜃𝑠
𝜏2𝑠 + 1 , (2)

where 𝛿ℎ represents the exit thickness, 𝑀 is the mill stand
stiffness, 𝑄 is the plastic stiffness coefficient of the strip, 𝜏2 is
the time constant, and 𝜃 is the time delay in the monitoring
AGC system. This time delay is a result of the distance

between the X-ray thickness gauge device and the last stand
and can be defined as

𝜃 = 𝐿𝑥
V𝑚

, (3)

where 𝐿𝑥 is the distance between the X-ray thickness gauge
device and the last stand and V𝑚 is the exit speed of the steel
at the last stand.

Using block diagram algebra, the transfer function for
the overall process can be written as

𝑦 (𝑠)
𝑢 (𝑠) = 𝛿ℎ

𝛿𝑆𝑅 = 𝛿𝑆
𝛿𝑆𝑅

𝛿ℎ
𝛿𝑆 = 𝐾 𝑒−𝜃𝑠

(𝜏1𝑠 + 1) (𝜏2𝑠 + 1) , (4)

where 𝐾 is the overall gain of the process, 𝑦 is the exit thick-
ness of the steel, and 𝑢 is the roll gap adjustment set point.

The process described by transfer function (4) is the
ideal process without any perturbations due to external
disturbances or internal uncertainties. Also, the time delay
can vary due to changes in steel characteristics. Therefore,
during the course of operation, it is important to monitor the
process and determine if the parameters have changed their
value. If so, it is necessary to update the values of the model
parameters in order to minimize plant-model mismatch.

3. Parameter Identification and
Control Algorithm

In order to perform both identification and control of the
process within the same structure, a novel 4-step approach is
used. Figure 4 shows a block diagram of the key components
of this approach. The 4 main steps are as follows:

(1) Time Delay Estimation. Using the available offline
input and output data, compute the time delay using
the cross-correlation method.

(2) Parameter Identification I (Recursive Least Square
(RLS) Method). Using the recursive least squares
method, identify the process parameters given the
time delay from Step (1).

(3) Parameter Identification II (Levenberg-Marquardt
Algorithm). Using the Levenberg-Marquardt (LM)
algorithm, obtain the refined model parameters
and time delay. The residual, that is, the difference
between the predicted output, 𝑦𝑚(𝑘), and the actual
online output, 𝑦(𝑘), is used as the objective function
in order to obtain a better estimate of the model para-
meters, including the time delay.

(4) Control Action Determination. Calculate the final
predictedmodel value, 𝑦(𝑘), using the best parameter
estimates from (3). Feed back this value to the
controller to implement the next control step.

Thus, without changing the existing PID controller, the
impact of time delay and parameter uncertainties on the
monitoring AGC system is resolved and better closed-loop
control is achieved.
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ŷ(k)

z−d𝑚

ym(k)

The cross-correlation
function method dm

The recursive least
square method ai, bi

Figure 4: An identification and control scheme for the monitoring AGC system.

3.1. Process Model. In order to obtain a model that can easily
be used for recursive least squares analysis, the model given
by (4) will be discretized assuming a 1-second sampling rate.
Also, it will be assumed that an autoregressive error term
driven by Gaussian, white noise will be added to the process
to model the disturbances. The autoregressive component of
the model will have the same form as the denominator of
the process model; that is, the final model will be an auto-
regressive model with exogenous input (ARX) [25], which
can be written as

𝐴 (𝑧−1) 𝑦 (𝑘) = 𝑧−𝑑𝐵 (𝑧−1) 𝑢 (𝑘) + 𝜀 (𝑘) , (5)

where 𝑦(𝑘) is the process output, 𝑢(𝑘) is the process input,𝜀(𝑘) is a Gaussian white noise disturbance, and

𝐴 (𝑧−1) = 1 + 𝑎1𝑧−1 + 𝑎2𝑧−2 (𝑎0 = 1)
𝐵 (𝑧−1) = 𝑏1𝑧−1 + 𝑏2𝑧−2 (𝑏0 = 0) . (6)

𝑎1, 𝑎2, 𝑏1, and 𝑏2 are the parameters to be identified and 𝑑 is
the discrete time delay. It should be noted that the discrete
and continuous time delays are related by

𝑑 = ⌊ 𝜃
𝜏𝑠 ⌋ , (7)

where 𝜏𝑠 is the sampling rate and ⌊⋅⌋ is the round-down func-
tion.

It should be noted that ARX models are one of the few
classes of discrete models that can be directly solved using
linear regression [30]. This implies that it will be possible
to use recursive least squares to estimate the parameter esti-
mates.

3.2. Time-Delay Estimation Using the Cross-Correlation
Method. The cross-correlation method can be used to obtain

the delay parameter accurately [7, 25]. In this method, the
cross-correlation between the input and output signals is
computed for different lags between the signals in order to
determine the time delay.

Given two signals 𝑢(𝑘) and 𝑦(𝑘), the cross-correlation
between 𝑢 and 𝑦 at a lag of 𝜏, denoted by 𝑅𝑢𝑦(𝜏), is defined as
[25]

𝑅𝑢𝑦 (𝜏) = 1
𝑁
𝑁∑
𝑘=1

𝑢 (𝑘) 𝑦 (𝑘 + 𝜏) . (8)

In order to determine the best value, 𝜏 will be computed
for a series of values ranging from 1 to 𝑛, where 𝑛 ⋘𝑁. The first nonzero lag will correspond to the time delay.
In order to improve the accuracy of the computation, the
cross-correlation between the signals will be computed in the
Fourier (or frequency) domain [31]. Furthermore, it can be
noted that using the frequency domain for determining the
time delay is common in signal processing. Algorithm 1 gives
the procedure used for estimating the time delay.

Algorithm 1 (algorithm for estimating the time delay using the
cross-correlation method).
Step 0. Get the offline input, 𝑢(𝑘), and output, 𝑦(𝑘), data.
Step 1. Compute the discrete Fourier transform of 𝑢(𝑘) and𝑦(𝑘).
Step 2. Calculate the cross-correlation function between the
transformed signals as a function of different lags.

Step 3. Compute the inverse discrete Fourier transform of the
cross-correlation function and find the discrete time point 𝑘
corresponding to its maximum. The estimated time delay, 𝜃,
would then be

𝜃 = 𝑘 − 𝑁
2 + 1 𝜏𝑠. (9)
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3.3. Parameter Estimation I: Recursive Least Square (RLS)
Method. Since in the monitoring AGC system, sensors and
the thickness gauge device can provide real-time process
information, it is possible to use the recursive least square
(RLS) method to update the system parameters.

In order to use the RLS method, it is first necessary to
cast themodel given by (5) into the standard linear regression
problem [25]:

𝑦 (𝑘) = 𝜑𝑇 (𝑘) 𝛽 (𝑘) + 𝜀 (𝑘) , (10)

where the vector, 𝜑𝑇(𝑘), is defined as

𝜑𝑇 (𝑘)
= [𝑦 (𝑘 − 1) , 𝑦 (𝑘 − 2) , . . .

𝑢 (𝑘 − 1 − 𝑑) , 𝑢 (𝑘 − 2 − 𝑑)] , (11)

the parameter vector, 𝛽(𝑘), is defined as

𝛽 (𝑘) = [𝑎1, 𝑎2, 𝑏1, 𝑏2]𝑇 , (12)

and 𝜀(𝑘) is a Gaussian signal.
The RLS method can be written as [10]

𝛽 (𝑘) = 𝛽 (𝑘 − 1) + 𝐾 (𝑘) [𝑦 (𝑘) − 𝜑𝑇 (𝑘) 𝛽 (𝑘 − 1)] , (13)

where 𝐾(𝑘) is the gain computed using

𝐾 (𝑘) = 𝑃 (𝑘 − 1) 𝜑 (𝑘)
𝜆 + 𝜑𝑇 (𝑘) 𝑃 (𝑘 − 1) 𝜑 (𝑘) . (14)

𝜆 is the forgetting factor and 𝑃(𝑘) is the inverse of the regress
or matrix, which can be recursively computed using

𝑃 (𝑘) = 𝜆−1 [𝐼 − 𝐾 (𝑘) 𝜑𝑇 (𝑘)] 𝑃 (𝑘 − 1) (15)

The forgetting factor, 𝜆, represents the weight assigned
to previous errors. The smaller the value, the greater the
influence of the current values on the final estimate. In the
proposed approach, 𝜆 = 1 since it is desired to implement a
standard, linear regression algorithm without any weighting
for past values; that is, all past errors are to be considered
equally.

Algorithm 2 summarizes the steps for implementing the
RLS method in the proposed framework.

Algorithm 2 (estimating the process parameters of the moni-
toring AGC system using the recursive least square method).

Step 0. Set the initial values for 𝛽(0) and 𝑃(0).
Step 1. Get the offline data for input, 𝑢(𝑘), and output, 𝑦(𝑘).
Step 2. Compute 𝛽(𝑘) using (13) and update 𝐾(𝑘) and 𝑃(𝑘)
using (14) and (15).

Step 3. Increase 𝑘 by 1, and go to Step 1 until 𝛽(𝑘) has
converged.

3.4. Parameter Estimation II: Levenberg-Marquardt (LM)
Algorithm. The Levenberg-Marquardt (LM) algorithm is the
most widely used nonlinear least squares algorithm, which
combines the advantages of both the gradient descent and the
Gauss-Newton methods.

Consider the general least squares minimization problem
that can be formulated as

min 𝑓 (�⃗�) = 0.5∑
𝑘

𝑟2𝑘 (�⃗�) , (16)

where 𝑟 is the residual and 𝑥 is a vector of size 𝑛. Let the
residual vector, 𝑟(𝑥), be defined as

⃗𝑟 (�⃗�) = (𝑟1 (�⃗�) , 𝑟2 (�⃗�) , . . . , 𝑟𝑚 (�⃗�)) (17)

then the objective function, 𝑓(𝑥), can be rewritten as

𝑓 (�⃗�) = 0.5 ‖ ⃗𝑟 (�⃗�)‖2 . (18)

Let the Jacobian matrix, 𝐽, of 𝑟 with respect to 𝑥 be defined as

𝐽𝑗𝑖 = 𝜕𝑟𝑗
𝜕𝑥𝑖 , (19)

where 𝑗 = 1, 2, . . . , 𝑚 and 𝑖 = 1, 2, . . . , 𝑛. It follows that the
gradient of 𝑓(𝑥), denoted by ∇𝑓, can be written as

∇𝑓 (�⃗�) = 𝑚∑
𝑗=1

𝑟𝑗 (�⃗�) ∇𝑟𝑗 (�⃗�) − 𝐽 (�⃗�)𝑇 ⃗𝑟 (�⃗�) (20)

and the Hessian, denoted by ∇2𝑓, is given as

∇2𝑓 (�⃗�) = 𝐽 (�⃗�)𝑇 𝐽 (�⃗�) + 𝑚∑
𝑗=1

𝑟𝑗 (�⃗�) ∇2𝑟𝑗 (�⃗�) . (21)

When the residuals are small or the gradient of 𝑟𝑗 is small,
then the second term in (21) reduces to zero and the Hessian
can be written as simply

∇2𝑓 (�⃗�) = 𝐽 (�⃗�)𝑇 𝐽 (�⃗�) . (22)

In order to obtain a solution for the optimization problem,
let us consider a second-order Taylor series expansion of ∇𝑓
around 𝑥0. That is,

∇𝑓 (�⃗�) = ∇𝑓 (�⃗�0) + (�⃗� − �⃗�0) ∇2𝑓 (�⃗�0) . (23)

Setting (21) to zero yields

�⃗�𝑖+1 − �⃗�𝑖 = (∇2𝑓 (�⃗�𝑖))−1 ∇𝑓 (�⃗�𝑖) . (24)

After substitution of (22) into (24), then Hessian matrix
can be solved. However, such a näıve implementation can
encounter numerical stability problems. Therefore, the Lev-
enberg-Marquardt algorithm replaces the Hessian by

𝐽𝑇𝐽 + 𝜆 diag (𝐽𝑇𝐽) , (25)



6 Journal of Control Science and Engineering

Table 1: Parameters of the monitoring AGC system.

Parameter Value Descriptions
𝑀 5,800 kN/mm Mill stand stiffness
𝑄 31,006 kN/mm Plastic stiffness coefficient of strip
𝜏1 0.01 s Time constant of the HAPC system
𝜏2 0.5 s Time constant of the first-order inertia
𝐿𝑚 6m Distance between the X-ray thickness gauge device and the last stand
V𝑚 12m/s Exit speed of the steel at the last stand
ℎ0 2.0mm Thickness set point
𝜏𝑠 0.1 s Sampling time

where diag is the function that takes the diagonal entries of
the matrix and 𝜆 is a tuning parameter. Thus, (24) becomes

�⃗�𝑖+1 − �⃗�𝑖
= (𝐽𝑇 (�⃗�) 𝐽 (�⃗�) + 𝜆 diag (𝐽𝑇 (�⃗�) 𝐽 (�⃗�)))−1 ∇𝑓 (�⃗�𝑖) . (26)

In the Levenberg-Marquardt algorithm, the tuning parameter
is automatically updated based on the size of the current and
previous errors. If the error increases, increase the value of 𝜆
by 𝛾 and try again. If the error decreases, decrease the value
of 𝜆 by 𝛾 and keep the current values and perform a new
iteration. New iterations are computed until the error stops
decreasing or some relative tolerance, 𝜀, has been reached.

In the problem at hand, it is desired to obtain optimal
parameter and time-delay values by minimizing the residuals
of the process; that is,

𝐽 (𝛽, 𝑘) = ∑ 𝑒2 (𝛽, 𝑘)
𝑒 (𝛽, 𝑘) = 𝑦 (𝑘) − 𝑦𝑚 (𝛽, 𝑘) , (27)

where 𝑒(𝛽, 𝑘) is the residual between the predicted output,𝑦𝑚(𝛽, 𝑘), and the actual output 𝑦(𝑘). The implementation
of the LM algorithm for the proposed problem is shown as
Algorithm 3.

Algorithm 3 (refining the process parameters and time delay
of the monitoring AGC system using the Levenberg-Mar-
quardt algorithm).
Step 0. Set the initial values for the tolerance, 𝜀, and the values
of 𝛾 and 𝜆.
Step 1. Calculate the predicted output and the residual vector𝑟, using the online values of 𝑢(𝑘) and 𝑦(𝑘).
Step 2. Calculate the Jacobian matrix, 𝐽, using (19).
Step 3. Compute 𝑥𝑖+1 − 𝑥𝑖 using (26). Compute the current
value of the objective function using (27).

Step 4. Check if 𝐽(𝑥(𝑘)) < 𝜀. If yes, stop the algorithm. If no,
let 𝑥(𝑘+1) be the new weight and threshold and calculate the
target performance function as 𝐽(𝑥(𝑘+1)) = 𝑥(𝑘+1)𝐽(𝑥(𝑘)).
Step 5. Check if 𝐽(𝑥(𝑘+1)) < 𝐽(𝑥(𝑘)). If yes, let 𝑘 = 𝑘 + 1 and𝜆 = 𝜆/𝛾 and go to Step 1. If no, do not update the weights

𝑥(𝑘+1), let 𝑥(𝑘+1) = 𝑥(𝑘) and 𝜆 = 𝛾𝜆, and go to Step 3 until
𝐽(𝑥(𝑘)) < 𝜀.
3.5. Control Action Implementation. Once the LM algorithm
has optimized the residuals between the predicted output and
the actual exit thickness to obtain the time delay and the
systemparameters which are close to the real system, the real-
time estimated thickness without time delay can be obtained.
This real-time estimated thickness can then be fed back to the
controller.

This method greatly reduces the impact of time delay
on the system. Moreover, the LM algorithm can identify the
system parameters online, which results in better control
performance for monitoring AGC system.

4. Case Study

To verify the feasibility and effectiveness of the proposed
algorithm for handling parameter uncertainties and time
delay in the monitoring AGC system, in this section, a case
study is presented based on an actual finishing mill. All
parameters, shown in Table 1, are based on actual industrial
parameters for a finishing mill.

4.1. Time-Delay Estimation. Using the rolling process input/
output data, an initial estimate of the time delay can be
obtained using the cross-correlation function method. Fig-
ure 5 shows the process data, while Figure 6 shows the cross-
correlation function for the given data.

As shown in Figure 6, the cross-correlation function
reaches a maximum around 13,953 samples on a total length
of 27,920 samples. The sampling time is 0.1 s. Using (3), the
time delay can be estimated as 0.5 s. Note that using 𝐿𝑚, V𝑚,
and (3) gives a similar result, suggesting that the time delay
obtained using the cross-correlation method is accurate.

4.2. Initial Parameter Estimation Using RLS. Once the time
delay has been preliminarily estimated using the cross-corre-
lation method, an initial estimate of the parameters can be
obtained using RLS. The initial value for 𝑃, 𝑃(0), is set as106𝐼 and 𝜃(0) = [0, 0, 0, 0]. Figure 7 shows the estimated
parameters using RLS as a function of time and their con-
vergence speeds. As shown in Figure 7, the estimated param-
eters are 𝑎1 = −0.8188, 𝑎2 = 0.0000, 𝑏1 = 0.0259, and 𝑏2 =0.0026. These values and the estimated time delay are then
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Figure 5: Process Data: (a) 𝑢(𝑘) and (b) 𝑦(𝑘).
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Figure 8: Refined process parameters using the LM algorithm.

used as the initial guess for the final parameter estimation
stage using the LM algorithm.

4.3. Final Parameter Estimation. Since, in the actual process,
the parameters of the system change, it is necessary to
update the system using the LM algorithm to obtain accurate
parameter estimates of the current system. For the purposes
of this simulation, a disturbance signal is added at the 5,000th
sample.

The parameter values are set as follows: threshold, 𝜀 = 0.1,
proportion coefficient, 𝜆 = 1, and 𝛾 = 0.5. The initial values
of the time delay and parameter values are obtained using the
cross-correlation method and RLS.

Figure 8 shows the evolution of the parameters as a
function of sample time. Firstly, it can be noted that the
parameter estimates converge to a given value. Secondly, it
can be seen that the proposed method is able to update the
process parameters as soon as the change has occurred. At
the 10,000th sample, the new process values are 𝑎1 = −1.2242,𝑎2 = 0.3128, 𝑏1 = 0.0245, and 𝑏2 = −0.0105.

Figures 9 and 10 show the comparison between the
measured and estimated thickness for 10,000 samples. It is
quite clear that the estimated thickness, 𝑦𝑚(𝑘), tracks well the
actual output, 𝑦(𝑘), as shown in Figure 11. These figures all
show the effectiveness of the proposed overall method.

4.4. Control Implementation. The final step is to consider the
complete system and see its impact on the overall control
structure.

Figures 12 and 13 show a comparison of the proposed
system with the standard PID control. It can be seen that
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Figure 9: Measured and estimated output 𝑦(𝑘).

the PID control results experiencemore and larger deviations
than the proposed system.

Since the process model changes at the 5,000th sample, it
is convenient to consider the performance of the controllers
before and after this point. For the PID controller, the
variance of the output is 0.0274 before 5,000 and 0.0301 after.
As expected, the variance has increased, since the controller is
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Figure 11: Comparison between 𝑦(𝑘) and its estimate, 𝑦𝑚(𝑘).

no longer properly designed given the changes in the overall
system. This mismatch will lead to an increase in the output
variance.

For the proposed new approach, the output variance
before 5,000 is 0.0218 and 0.0165 after. Firstly, it can be
noted that the variance in the first part is lower compared
with the PID control loop, which implies that, even in the
best design conditions, there still exists some plant-model
mismatch that the new approach can identify to improve
the overall performance. Furthermore, in the second part,
the performance of the proposed new approach is not only
lower than in the first case but also much smaller than the
PID variance. This shows the key strength of the proposed
new approach that it can effectively handle new conditions
without requiring any external intervention.
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Figure 12: Comparison between proposed algorithm (red) and PID
control (blue).
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Figure 13: Detailed comparison between proposed algorithm (red)
and PID control (blue).

Thus, the simulation results show that the proposed
approach can effectively monitor the changes of the system
parameters and time delay, separate the time delay from the
actual data, and feed back the thickness without time delay to
the closed-loop, which can greatly reduce the impact of time-
delay and parameter uncertainty on themonitoringAGC sys-
tem.This implies that the proposed system implements better
control than the standard PID approach. This improvement
can be attributed to the fact that the PID approach cannot take
into consideration parameters uncertainty when the system
changes, so that the deviations with PID control are larger
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than when using the proposed algorithm, where such factors
are taken into account.

5. Conclusions

This paper proposes a new identification and control frame-
work for the monitoring AGC system in the rolling process.
The framework consists of three steps: time-delay estimation
using the cross-correlation function; initial parameter esti-
mation using recursive least squares; and refined parameter
estimation using the LM algorithm. The final time delay and
model parameters are then used for controlling the process.
Simulations based on actual values from a steel rolling mill
show that the proposed framework provides better control
than the traditional PID control-based approach. Future
work will consider examining additional estimationmethods
in order to determine the best parameters and develop a
method to combine fault monitoring with parameter iden-
tification and control.
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