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performance on industrial processes are becoming increasingly significant. Consequently, controller mainte-
nance is critical to guarantee routine operations of industrial processes. The workflow of controller maintenance
generally involves the following steps: monitor operating controller performance and detect performance
degradation, diagnose probable root causes of control system malfunctions, and take specific actions to resolve
associated problems. In this article, a comprehensive overview of the mainstream of control loop monitoring
and diagnosis is provided, and some existing problems are also analyzed and discussed. From the viewpoint of
synthesizing abundant information in the context of big data, some prospective ideas and promising methods
are outlined to potentially solve problems in industrial applications.
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1. Introduction

In a typical continuous process industry facility, the number of
control loops can be about between 500 and 5000 [1]. In contrast to
the wide applications of controllers, only a small portion of industrial
controllers operates at healthy states, as pointed out by some existing
investigations [1]. It is therefore necessary tomonitor industrial control-
lers and evaluate their closed-loop performance. However, the labor
cost of manual monitoring is huge due to the large number of control
loops, and thus achieving online and automated controller monitoring
is an urgent demand from a practical perspective. To this aim, the tech-
nique of controller performance assessment (CPA), the objective of
which is to detect performance degradation by analyzing routine
closed-loop operating data, has gained considerable attention from
both academia and industry in recent decades [2,3].

Detection of performance degradation is a prerequisite to improve
controller performance. Then an important step afterwards is to
diagnose probable root causes, which furnishes useful information for
further maintenance. In general, possible causes of performance
degradation can be enumerated as controller problems, equipment
malfunctions and external disturbances. For controller problems, there
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is a need of intelligent guidelines about controller maintenance, and
for problems like equipment malfunctions and external disturbances,
it is imperative to report the corresponding faults timely such that spe-
cific actions can be taken to fix the related problems. From a pragmatic
standpoint, an Orient–Decide–Act–Improve workflow should be
followed, which includes the following steps [1]:

• Orient: detect control loop performance degradation.
• Diagnose: diagnose root causes of control system problems.
• Act: repair andmaintain the control system according to the diagnosis
results.

• Improve: assess whether closed-loop performance is improved.

In this article, basics and current progresses in the field of controller
monitoring and diagnosis are comprehensively revisited. Even though
the existing review articles have made an excellent summary of CPA
techniques [4–6], this article aims at a coverage of the state-of-the-
arts particularly for diagnostic purposes, including controller problems,
external disturbances and valve breakdowns. In addition, somepractical
impediments that discourage wide and effective applications of CPA in
practice are also discussed. As a consequence, there is a great demand
of synthesizing necessary process knowledge and achieving automated
operation of CPA in industrial applications. To this end, somepotentially
newdirections and prospects of controllermonitoring andmaintenance
are also presented.

The remainder of this paper is organized as follows. Section 2 gives a
systematic revisit of both basics and state-of-the-arts of control loop
monitoring. In Section 3, major causes of poor controller performance
ustry Press. All rights reserved.
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as well as methodologies of control loop diagnosis are summarized. In
Section 4, practical impediments of CPA in practical operations are in-
vestigated. Some promising directions and prospects in the era of big
data for prompting development of CPA techniques are outlined in
Section 5. Concluding remarks are provided in the final section.

2. Survey of Basics and State-of-the-Arts of Control LoopMonitoring

2.1. Background information

The main objective of control loop monitoring is to detect closed-
loop performance degradation of industrial controllers in time using
routine operation data. Themost common approach to loopmonitoring
is to compare the performance of the monitored loop with that of a
benchmark:

η ¼ Jben
Jact

ð1Þ

The performance benchmark Jben can be the performance of either
some optimal controllers designed for theoretical objectives, or the
monitored controller during the golden periods when it was operating
at satisfactory statuses. For most performance indices, for instance, the
variance of controlled variables and integral errors, Jben is smaller than
that of the current controller performance Jact, and hence the perfor-
mance index η is scaled to be in the range of [0,1], where values close
to 0 indicate poor performance.

2.2. Minimum Variance Controller (MVC) benchmark

The celebrated Harris index is defined as the output variance ratio of
the MVC to the monitored controller [2,7]:

ηHarris ¼
trace ΣMVð Þ
trace Σy

� �

trace ΣMVð Þ ¼
Xd−1

i¼0

traceðΦiΣaΦT
i Þ

ð2Þ

where d is the order of the interactor matrix of the plant transfer func-
tion matrix, Σy is the process output covariance matrix, ΣMV is the
covariance matrix achieved by MVC and Σa is the covariance matrix of
the innovation of the unmeasured disturbance. To calculate ΣMV, the
process outputs should be filtered by the interactor matrix, and {Φi}
are the closed-loopMarkovmatrices from the innovations to thefiltered
process outputs [3,8]. It should be emphasized that the plantmodel or at
least the first d Markov matrices of the plant model are required to
derive the interactor matrix [8,9]. However, in SISO cases ηHarris can be
calculatedwithoutmuch difficulty if the process delay is known a priori.

The closed-loop performance can be improved if feedforward con-
trol is implemented together with feedback control in the presence of
measured disturbances, and the MVC benchmark can be extended to
the FBC/FFC (feedback/feedforward control) benchmark in such cases
[10,11]:

ηFBC=FFC ¼
trace

Xd−1

i¼0

Φa
i Σa Φa

i

� �T þXd−1

i¼0

Φb
i Σb Φb

i

� �T
" #

trace Σy
� � ð3Þ

where Σa and Σb are the covariance matrices of the innovations of
measured and unmeasured disturbances, respectively, {Φi

a} and {Φi
b}

are the Markov matrices from measured and unmeasured disturbance
innovations to the filtered process outputs.

Due to the ease of implementation, MVC-based methods are very
common approaches to loop monitoring in the process facilities, and
associated practical applications can be found in [12–15]. In practice,
the Harris index is usually combined with other loop performance indi-
ces such thatmore elaboratemonitoring information can be provided. A
very successful industrial application of MVC and FBB/FBC benchmarks
was reported by Jelali [13], where a CPA tool Control Supervisor was
built to monitor control systems in a rolling mill.

2.3. Performance benchmarks based on advanced controllers

Compared to MVC-based benchmarks, advanced control-based per-
formance benchmarks are proposed to evaluate controller performance
considering controller effort limitations. Achieving a balance between
the closed-loop performance and controller effort is an important
concern for linear quadratic Gaussian (LQG) regulators [16–18]. The
objective of LQG is formulated as:

J λð Þ ¼ Var ytð Þ þ λVar Δutð Þ ð4Þ

where λ is a positive penalty factor for aggressive controller move-
ments. By altering λ in the range of [0 +∞], various optimal solutions
of Var[yt] and Var[Δut] can be calculated, and then a trade-off curve
displaying the optimal Var[yt] against the optimal Var[Δut] is provided
to show the achievable control region. Recently, the LQG benchmark
was extended to industrial batch processes [19].

The trade-off curve can also be obtained based on model predictive
controllers (MPC) [20]. Since the dynamics of disturbances are usually
time-variant, the control objective of MPC can be designed to reject
step disturbances or random-walk disturbances to avoid changing con-
trol strategies frequently. This is a very common approach in industrial
applications, and the resulting controllers usually have satisfactory per-
formance for most disturbances in these scenarios. The performance
curve of MPC controllers usually lies above that of LQG controllers.
The reason is that actual disturbances may be quite different from
random-work or step types, rendering MPC suboptimal to reject actual
disturbances. Nevertheless, this trade-off curve is usually closer to the
performance of actual controllers compared to overly ideal benchmarks
and hence can yield more reasonable monitoring information.

The advanced-control based benchmarks are suitable to industrial
applications where controller effort limitations are important concerns
for controller design. This superiority has been invalidated through
industrial applications such as level control and more complicated
pilot-scale CSTH processes [20,21], where the achievable output
variance Var[yt] can be directly obtained from the curve for a given con-
troller effort Var[Δut]≤α. However, process models and disturbance
models should be known a priori, and such information is not always
available in practice. Besides, the relatively high computation cost may
also increase the implementation cost.

2.4. Control loop monitoring based on historical data based benchmarks

Historical-data based benchmarks are built using historical operat-
ing data during the periods when the control system was operating
with desirable statuses. A straightforward approach to the performance
assessment is to monitor the variance/covariance of relevant process
variables. Based on generalized eigenvalue analysis, Yu and Qin pro-
posed a statistical method for MIMO processes, and bottom loops re-
sponsible for the performance improvement/degradation can also be
isolated [22,23]. Except for traditional performance indices such as the
output variance, a new benchmark method based on the Hellinger dis-
tance that measures the similarity between two different probability
density functionswas proposed, and thismethodhas improved applica-
bility to nonlinear processes [24]. Another historical-data based
approach is to resort to a pre-specified reference model, which can be
based on historical controllers with satisfactory statuses. Li et al.
proposed a relative performance index that is defined as the ratio
between the exponentially weighted-moving-average of squared error
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(EWMASE) of monitored controllers and that of the reference model
[25].

In industrial applications, the usability of historical-data based
benchmarks has been validated in both industrial single loops such as
flow loops [25], and more complicated MIMO processes such as power
boilers [22,23]. A major advantage is that the implementation cost is
usually less compared to optimal-control based benchmarks. Neverthe-
less, a practical concern is that appropriate historical data that defines
performance benchmarks must be pre-specified, which may require
certain field experience. To overcome this problem, a novel framework
for integrating data mining with CPA was proposed recently to auto-
matically select proper historical data segments to establish bench-
marks, which is meaningful for applications of CPA in practice [26].

2.5. Performance assessment of PID controllers

In the process industries, more than 90% of controllers are PID
controllers, and thus accessible benchmarks should be applied to
these industrial controllers with restricted structures. In general, the
control objectives can be divided into two categories: stochastic control
objective and deterministic control objective [27]. The stochastic
performance is related to the ability of rejecting unmeasured stochastic
disturbances, which can be assessed by the output variance. Various
studies obtained the minimum achievable output variance by PID
controllers based on the optimization problem:

σ2
PID ¼ min

PID
σ2

y ð5Þ

This optimization problem is usually non-convex, to which various
optimization methods have been applied [28–31].

The deterministic performance is mainly related to setpoint tracking
performance and measured disturbance rejecting ability. Yu and Wang
established the lower bound of the integrated absolute error (IAE) for
input load disturbances based on the direct synthesis method [32].
Huang et al. established empirical formulations of the lower bound of
IAE and the rising time for first order and second order plus time
delay models (FOPDT, SOPDT) subject to step setpoint changes [33].

Since IMC-tuning rules are commonly applied in practice, the design
objective of which is to enable the closed-loop response approach a
FOPTD model [34–38], a practical yet simple approach is to apply IMC
benchmarks [39–41]. Such benchmarks have been applied in real indus-
trial applications such as thermal power plants due to the relatively low
implementation cost [41], because there is only one user-specified
parameter that is the desired closed-loop time constant. A practical
choice of this parameter is to make it equal to the process delay and
the corresponding benchmark can well approach the best achievable
performance of PID controllers.

2.6. Performance assessment of MPC controllers

The controller movement of MPC is determined by the optimization
problem [42]:

J tð Þ ¼
XN2

j¼N1

e t þ jð ÞTΓe t þ jð Þ þ
XNu

j¼1

Δu t þ jð ÞTΛΔu t þ jð Þ ð6Þ

where e is the control error and Δu is the change in the manipulated
variables. The matrices Γ and Λ are weighting matrices to achieve a
balance between the closed-loop performance and robustness. A
straightforward approach to performance assessment is to examine
how well the objective (Eq. (6)) is achieved:

η tð Þ ¼ Jopt tð Þ
Jact tð Þ ð7Þ
where Jact(t) is the actual performance that is calculated from operating
data, and Jopt(t)is the optimal design objective that is calculated from
Eq. (6) [43,44]. This approach is easy to implement and the applicability
has been validated in real industrial MPC applications such as the recy-
cle surge drum level control in the Shell's hydrocracker unit [44]. Yet
this controller monitoring method may fail to reveal abnormal
controlled variables or manipulated variables.

Approaches that can determine source process variables of perfor-
mance degradation have been proposed recently to deliver more
elaborate monitoring information. In [45], the MPC performance
was evaluated by the covariance benchmark proposed by Yu and Qin
[22,23]. In [46], MPC monitoring was integrated into the framework of
multivariate statistical process control (MSPC), and the PCA and PLS
based monitoring methods were applied successfully to the real con-
densate fractional process. This method can isolate troubled source pro-
cess variables. Nevertheless, it should be emphasized that the historical
data for establishment of MSPC models should be pre-specified, which
requires certain expert experience.

A fundamental question about MPC lies in that the performance is
closely related to the process models and disturbance models involved
in the optimization Eq. (6). Therefore a more pragmatic approach to
performance assessment of MPC is to evaluate the model quality, and
it is preferred to isolate the model-mismatch channel if possible. The
basic idea is to investigate the divergence between currently applied
models and actual models by analyzing operating data with
appropriate excitations, and associated successful applications were
reported in real process facilities such as refineries [47–50]. However,
external excitation signals or careful routine data selection may be
involved, which may require additional human interventions.

3. Survey of Methodologies for Control Loop Diagnosis

3.1. Possible causes of performance degradation

3.1.1. Controller problems
In the process industries, a significant portion of controllers are

linear-model based. In spite of the wide-spread process nonlinearity,
local linearization is still appropriate if the controlled process operates
in a limited operating region [51–53]. Nevertheless, process dynamics
variations are inevitable due to operating condition changes, and in
such cases controllers may not reach the design objective, which results
in performance degradation.

Improper tuning parameters are another cause of controller prob-
lems. There is a balance between the closed-loop performance and the
loop robustness. Excessively conservative tuning would make the
controller movements sluggish, which may result in unsatisfactory dis-
turbance rejection ability and setpoint tracking ability. Overly tight
tuning makes the controller movements aggressive and deteriorates
loop robustness, sometimes even violates hardware restrictions or
destroys loop stability.

3.1.2. Equipment malfunctions
Sensors with failures can hardly reflect real statuses of controlled

processes reasonably. Controllers based on unreliable sensor informa-
tion tend to trigger improper actions on the controlled process and
result in poor performance.

In the process industries, valves are themost commonactuators. The
input–output behaviors of an actual control valve are not perfectly line-
ar and may contain nonlinearities such as hysteresis, dead band and
dead zone. For an abnormal valve, the nonlinear property is significant,
and hence self-sustained oscillationsmay arise within control loops and
further deteriorate its closed-loop performance.

3.1.3. Fault or disturbance propagation
Disturbance propagations are mainly due to direct or indirect

connectivity between different control loops such as recycle and heat



955X. Gao et al. / Chinese Journal of Chemical Engineering 24 (2016) 952–962
integration. If some loops exhibit abnormal behaviors, then the faults
would propagate to other loops through energy, material or informa-
tion flows [54–57]. For a healthy control loop with well-designed
controllers and normal equipment, external disturbances caused by
secondary propagations may still introduce unwanted deviations
from the desired operating statuses and deteriorate the closed-loop
performance.

In particular, oscillations are the most common plant-wide distur-
bances in the process industries [58,59], which may originate from
faults within bottom control loops such as value stiction and excessively
tight controller tuning. As a consequence of fault propagations, dis-
turbed loops would oscillate at similar frequencies with the oscillation
source.

3.2. Diagnosis of controller problems

3.2.1. Detecting improper tuning of controllers
Response data under setpoint or load disturbance changes are rather

common in practice, and improper tuning can be detected by analyzing
some key patterns of such data. For conservative tuning detection, an
idle index is defined based on the time period when the correlations
between the input increments and output increments are positive
under step changes in load disturbances [60,61]. Later, this approach
was extended by combining with an area index of the control signal to
simultaneously detect abnormal sluggish and oscillatory behaviors
[62]. In [63], the improper controller tuningwas detected by evaluating
the areas of load disturbance response data before and after the peak
value.

The closed-loop impulse coefficients from load disturbance or
setpoint changes to process outputs are useful to diagnose improper
tuning. If the controller movements are sluggish, the impulse response
takes a long time to vanish and has some features of pure exponential
decay or overdamped behaviors, while for controllers with aggressive
movements, the impulse response would embody underdamped
features [64]. The autocorrelation function (ACF) is another useful tool
that enjoys better applicability for routine regulatory data. Howard
and Cooper utilized a second-order transfer function to fit the ACF
coefficients and a damping factor can be calculated accordingly, based
on which improper tuning can be detected [65].

3.2.2. Detecting model mismatch
A common approach to model mismatch detection is model re-

sidual analysis. If the model mismatch exists, the residual sequences
would not be white and contain predictive components. In [66,67], a
comparison between the model residuals and the actual innovations
was utilized to detect model mismatch and a large divergence indi-
cates model mismatch. Huang et al. proposed a two-model diver-
gence method to detect abrupt changes of model parameters
[68–70]. A local hypotheses approach was also adopted, and a
major advantage is that minor changes in model parameters can be
detected [71,72].

Correlation analysis is another method to detect model mismatch.
Webber and Guapa proposed a closed-loop correlation based method
to detect model mismatch [73]. For MIMO cases, the MVs are usually
correlated with each other, which would increase the difficulty in isola-
tion of the problematic single SISO model. A partial correlation analysis
based approach to this issue was proposed by Badwe et al., and success-
ful industrial applications in a kerosene hydrofiner unit were also
reported to demonstrate the applicability [74].

3.3. Diagnosis of external disturbances due to propagations

3.3.1. Oscillation detection
The commonly data-driven applied methodologies to detect oscilla-

tions can be categorized into time-domain and frequency-domain
approaches in general. A summary of these methods is presented as
follows:

(1) Zero crossings of integrated absolute error (IAE) [75]. The IAE is
defined as:

IAEi ¼
Zti
ti−1

je tð Þjdt ð8Þ

where ti−1 and ti are two consecutive instants of zero crossings.
The central idea in detecting oscillations based on IAE is that if
the control error signal e(t) is periodic, IAE should not vary too
much over time.

(2) Filtered ACF functions of error signals [76]. The filtered ACF is the
inverse Fourier transformation of the filtered two-sided power
spectrum. Important properties of oscillatory signals such as
the period, power and regularity can be extracted from these
filtered ACFs and serve as valuable indicators of oscillations.

(3) Discrete cosine transformation (DCT) [77]. Based on DCT, im-
pacts of random noise can be alleviated and components with
different varying frequencies can be isolated from themonitored
signal. The regularity of the zero crossings of these isolated
components was exploited to detect possible oscillations.

(4) Modified empirical mode decomposition (EMD) [78]. EMD can
decompose the monitored signal into fast-varying fluctuations
and non-constant trends. These fast-varying fluctuations must
be consistent with the properties of intrinsic mode functions
(IMF) [79], and zero-crossings of the cumsum can be utilized to
detect oscillations.

(5) Correlation analysis on the power spectrum [80]. An important
feature about the plant-wide oscillations is that disturbed loops
will oscillate at similar frequencies with the source in spite of dif-
ferent phases. Therefore disturbed loops with a common oscilla-
tion source may share apparent similarities in spectral shapes,
which can be further revealed via correlation analysis on the
power spectrum.

(6) Spectral principal component analysis (SPCA) [81]. SPCA can be
applied to extract the dominant components of power spectrums
of disturbed process variables. These dominant frequency-
domain components correspond to the dominant oscillation pat-
terns in the time domain and can be utilized to detect plant-wide
oscillations.

(7) Spectral independent component analysis (SICA) [82,83]. ICA
pursues mutually independent components, and an advantage
is that the shapes of these extracted dominant components in
the frequency domain can be closer to peaks and thus the corre-
sponding oscillation patterns in the time domain are more
similar to sinusoidal shapes.

(8) Spectral envelope method [84]. The spectral envelope is defined
as:

λ ωð Þ ¼ supβ≠0
β� f ωð Þββ�Vβ

� �
ð9Þ

where V is the covariance matrix of the collected process vari-
ables, f(ω) is the power spectral density of the collected process
variables, and λ(ω) is an indicator of plant-wide oscillations in
the frequency domain.

3.3.2. Isolating the oscillation sources
The nonlinearity analysis is practical for oscillation source isolation

provided that the root causes are nonlinearity within abnormal loops
such as valve problems. The reason is that the plant can be conceived
as a natural low-pass filter and nonlinear oscillation waveforms would
become more and more linear and sinusoidal when propagating to
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other loops, because the plant dynamics tends toweaken the harmonics
and phase coupling [85,86]. Therefore behaviors of the loop nearest the
sources should exhibit the most nonlinear properties. This method has
been applied successfully in real process industries like oil refineries
and paper mills due to the clear physical meaning and ease of
implementation [86,87].

Another approach is to resort to analysis of causality and connectiv-
ity information between process variables [88,89]. Data-driven analysis,
such as cross-correlation analysis [90], Granger causality analysis and
transfer entropy analysis [91–93], are all applicable for this issue. The
applicability of thesemethods has been illustrated by various successful
industrial applications such as the Tennessee Eastman (TE) process.
Nevertheless, some process knowledge is still necessary to capture
correct connectivity information [94].
3.4. Diagnosis of valve problems

3.4.1. Description of valve problems
The I/O behaviors of sticky valves are not strictly linear and embody

nonlinearities such as hysteresis, dead band and backlash [95,96]. A typ-
ical model of sticky valves was proposed in [95], and the corresponding
I/O behaviors are shown in Fig. 1.

In practice, the valve position data (MV) may not be available. To
cope with this issue, a pragmatic approach is to analyze the relation be-
tween process outputs (PV) and controller outputs (OP), and the asso-
ciated data-driven methodologies can be classified into PV–OP pattern
methods, nonlinearitymeasuremethods and nonlinearity identification
methods in general.
Fig. 1. A typical model for sticky valves.
3.4.2. PV-OP pattern methods
The PV–OP patternmethods diagnose valve stiction based on behav-

ior patterns of PV and OP. It is not recommended to investigate the PV–
OP plot directly, because the nonlinearities of sticky valve movements
would be weakened by process dynamics. The PV–OP shape will be
more similar to ellipsoids than the pattern in Fig. 1 [75], which fails to
provide reasonable information about valve stiction.

Various approaches allow formore efficient features from the PV–OP
behavior to detect valve stiction. Yamashita analyzed qualitative sign
changes of the two-dimensional signal PV against OP to detect valve
stiction in flow loops [97], and recently this approach was used in
level loops [98]. In [99], a curve fitting method was proposed: once a
better fit of triangular wave was detected, the valve was determined
to be sticky. Horch utilized the cross-correlation function (CCF) between
PV and OP to design the detection policy: if the CCF is odd, it is more
likely that the valve has stiction problems [100].

3.4.3. Nonlinearity measurement methods
The PV from a loop with valve problems can be deemed as a nonlin-

ear time series, which exhibits evident phase coupling between
different frequency components. A valve is signaled as sticky if PV is
examined to have significant nonlinear features.

A surrogate time series has the same power spectrum with the test
series, only with its phase coupling removed by randomly specifying
the phases [85,86,101]. A measure of nonlinearity index is defined
based on a comparison between the prediction errors of the surrogate
time series and the tested time series, and valve stiction is detected
when the tested series is observed to be much more predictable than
the surrogate one.

The cumulant-basedmethods can distinguish whether or not a time
series is generated by a linear system driven by Gaussian white noise
[102,103]. The index bicoherence is defined as follows:

bic2 f 1; f 2ð Þ ¼ E jX f 1ð ÞX f 2ð ÞX� f 1 þ f 2ð Þj½ �2
E jX f 1ð ÞX f 2ð Þj½ �2E jX f 1 þ f 2ð Þj½ �2

ð10Þ

where X( f) represents the Fourier transform at frequency f. If the value
bic2( f1, f2) is significantly greater than 0, then the analyzed time series is
determined to be nonlinear, hereby inferring possible valve stiction.

3.4.4. Nonlinearity identification methods
For nonlinear identification methods, the controlled process togeth-

er with sticky valves can be approximated by a Hammerstein model.
The linear part of the model describes the process dynamics, whilst
the nonlinear counterpart is used to approximate the sticky valve and
provides useful information for valve stiction detection. Common to
the majority of nonlinearity identification methods is to use a parame-
terized nonlinearmodel to approximate the sticky valve.Widely applied
models include one-parameter models that approximate the stick band
[104], two-parameter models that approximate the stick band and slip
jump [99,105], three-parameter models with the additional parameter
being the constant gain [106] and point-slope models that approximate
asymmetric sticky valve behaviors [107]. The outputs of the nonlinear
model can be regarded as the “virtual MV.” Then linear dynamic models
such as ARMAmodels with the “virtual MV” as the inputs and PV as the
outputs, are established to approximate the process dynamics.

4. Problems about CPA in Practical Applications

Even though the technique of CPA has experienced quick progresses
in the past decades, there are still obstacles that increase difficulties in
industrial applications. In this section, some practical implementation
problems worthy of special attentions are discussed.

4.1. Large gaps between performance benchmarks and actual controllers

Performance assessment of monitored controllers can be made
based on a comparisonwith a benchmark: if the deviation from the per-
formance benchmark exceeds a predefined threshold, performance
degradation is indicated. Nevertheless, theoretical benchmarks may be
unrealistic and unachievable for actual controllers, which are mainly
due to the following factors:

• Lack of consideration about structure limitations of actual controllers.
A significant number of CPA algorithms assume that the benchmark
can be based on optimal controllers without structure limitations.
However, this assumption is not always consistentwith industrial con-
trollers with limited structures, and hence the performance of actual
controllers can hardly reach theoretical performance benchmarks.
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• Lack of considerations about robustness and safety. In practical applica-
tions, robustness and safety are important concerns about controller
design. There is a balance between robustness and closed-loop
performance, and performance of well-designed controllers with
careful considerations about loop robustness may still be far from
ideal performance benchmarks.

As a consequence, a huge gap between benchmarks and actual con-
troller performancewould arise, and the status ofmonitored controllers
can hardly be evaluated reasonably. Since practical well-tuned control-
lers still exhibit large deviations from these theoretical benchmarks, it is
confusing to determine whether or not low performance indices are
really due to poor control.

4.2. Excessively high implementation cost

A practical issue is the configuration cost of performance bench-
marks. In practical applications, a threshold value that defines the ac-
ceptable distance from the controller performance to performance
benchmarks is required to determine poor control. If the gaps between
performance benchmarks and actual controller performance are overly
large, the thresholds must be carefully configured to effectively distin-
guish poor control. Since different controlled processes exhibit discrep-
ant process dynamics, the thresholds of different loops may have
significant divergence with each other and thus must be separately
configured, which would result in unacceptable implementation cost
considering the large number of control loops in process facilities.

Another concern is the establishment cost. A significant portion of
performance benchmarks require prior process information about pro-
cessmodels or even disturbancemodels. Such information is not always
known a priori in industrial applications and thus system identification
experiments are required. In practice, identification experiments are
conducted manually to guarantee production safety, and therefore
extra labor costs are inevitable. However, it should be emphasized
that most efforts of controller design is spent on the process modeling,
especially on these identification experiments, and hence the establish-
ment cost of performance benchmarks may be overly high because it is
usually no less than that of controller design.

4.3. Difficulty in achieving automated operation in a long term

In industrial applications, practical implementation of controller
monitoring system should require only little or nomanual interventions
after initial configurations. A significant portion of benchmarks are
based on linear models. However, the actual case is that most industrial
processes exhibit nonlinear or time-varying properties to some extent,
and process dynamics variations are common due to factors like raw
material changes, operating condition switches and equipment aging.
Hence, the established linear-model based performance benchmarks
are not always applicable in the presence of process dynamics varia-
tions. To preserve the effectiveness, extra work is required to maintain
implemented benchmarks, which may involve re-conducting identifi-
cation experiments to derive the process models and disturbance
models under new operating conditions, and re-configuring thresholds
in determining poor control. Obviously, such manual interventions are
not beneficial for automated operation of controller monitoring in a
long term.

5. Prospects of Control Loop Monitoring and Maintenance in Big
Data Era

5.1. Demands of process information for industrial applications of CPA

From a practical standpoint, the key in achieving wide industrial ap-
plications of CPA lies in the following two aspects. First, the implemen-
tation cost must be acceptable considering the huge number of control
loops in process facilities. Second, automated operation and mainte-
nance of CPA should be achieved and manual interventions should be
as few as possible. However, these requirements may not always be
fulfilled according to the practical issues summarized in the last section.
To overcome these obstacles, it is necessary to synthesize important
process information and further establish a process knowledge base
giving support to controller monitoring, diagnosis and maintenance.
Here important process information includes:

• Process models. Process models are necessary prior information for
establishing reasonable benchmarks with small gaps from actual
controllers. In addition, such information is also required to attempt
controller maintenance.

• Relevant information that reflects changes of process dynamics. Such
information is useful in detectingmodel-mismatch problems and pro-
viding guidelines to re-adjust implemented performance benchmarks
or controllers.

• Normal operating patterns of equipment. For detection of equipment
malfunction, a concise and pragmatic approach is to compare the be-
havior of the monitored equipment with normal operating patterns.

• Topology information among process variables. Such information
plays an important role in fault propagation analysis and root cause
diagnosis of plant-wide disturbances.

5.2. Extraction of key process information from big data in an automated
manner

With wide applications of computer control and information sys-
tems, a large amount of data can be available. Not only the data volume
is enormous, there is also a variety of data sources, such as equipment-
level process measurement data, process-level quality measurement
data and product-planning-level scheduling data that are related to
economic decisions [108]. From these massive data sources, valuable
process information is possible to be extracted, which paves the way
to large-scale applications of CPA in the process industries:

• Build process models. Since historical operating data may contain
proper excitations to the controlled process such as setpoint changes,
process models are possible to be built using such data without
conducting specific identification experiments.

• Extract information that reveals process dynamics changes of indus-
trial processes. Such information can be acquired from process data
related to operating condition switches such as scheduling data and
supervisory data.

• Extract topology information between process variables. Data-driven
methods such as causality analysis methods and identification-based
methods are common approaches to extraction of topology informa-
tion, which are mainly based on analysis of historical operating data
with proper excitations.

However, it should be noted that such useful process information is
hidden and compressed in massive data, termed as data rich but infor-
mation poor, and thus more effective analytic techniques should be
adopted. A recent review discussed some restrictions of traditional
analytic methods currently applied in the process engineering and
highlighted the potential of applying new techniques, such as newly de-
veloped methods in the field of machine learning, to solve problems in
the big data era [108], and progresses in this direction have been report-
ed in a significant number of studies latterly. In [109], deep learningwas
utilized to establish soft-sensor models, and a major advantage is that
this new technique has better ability to extract more complex correla-
tions between process variables than traditional approaches. In [110],
deep belief networkwas also utilized to develop the classifier of process
data and build the scheduling models that are specific to each crude oil
type and operating mode, and it has been illustrated that the recently
emerged deep belief network has better ability to provide more
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accurate classification than the traditional neural network. In thefield of
CPA, a new monitoring method based on the technique of slow feature
analysis (SFA) was proposed recently, which enjoys improved accuracy
for determining root causes of performance degradation [111].

Finally, there is an urgent demand of proper organization of the ex-
tracted information to establish a process knowledge and decision sys-
tem. As depicted in Fig. 2, an Orient–Decide–Act–Improveworkflow can
be achieved with the aid of this system. With more and more process
data available, this system is enriched by process information extracted
from massive process data using appropriate data processing and
analytic methodologies, which is beneficial for an automated workflow
of controller monitoring, diagnosis and maintenance.
Fig. 2. The Orient–Decide–Act–Improve workflow of controller monitoring, diagnosis and
maintenance based on information extracted from massive process data.
5.3. A prospect of big-data based scheme of CPA

5.3.1. A pragmatic workflow of controller monitoring, diagnosis and
maintenance based on key process information

Establishing a controller maintenance system that can complement
the overall function of controller monitoring, diagnosis and mainte-
nance is an ambitious goal of CPA. From a practical standpoint, this
system should be easily implemented and can effectively detect perfor-
mance deterioration of industrial controllers. Afterwards the diagnostic
procedure within this system is triggered: bottom loops responsible for
poor performance are isolated, and then the root cause is diagnosed. For
equipment problems, a work report is created such that associated
malfunctions can be fixed, and for controller problems, the system is
able to provide instructive guides about controller maintenance.

For the purpose of promoting large-scale applications in the process
industries, this system should have the following characteristics. First,
the practical implementation cost must be acceptable. Second, this
system should need manual interventions as few as possible to guaran-
tee automated operation. In more detail:

• For controller monitoring, the gap between performance benchmarks
and industrial controllers must be narrowed to reduce the initial con-
figuration cost and evaluate controller performance more reasonably.

• For controller diagnosis, an automated diagnostic procedure that can
distinguish the impacts caused by external disturbances, equipment
malfunctions and controller problems must be achieved.
• For controller maintenance, this system can cope with problems due
tomodelmismatch or improper tuning, and achieve on-line automat-
ed controller retuning in the presence of process dynamic variations.

To reach these goals, necessary process informationmust be synthe-
sized due to the following reasons. First, establishing performance
benchmarks more suitable for actual controllers requires more process
information such as process models. Second, necessary process infor-
mation is required to distinguish different impacts on poor control
and diagnose root causes of performance degradation. Third, useful in-
formation such as processmodels is indispensable to perform controller
maintenance. Big data brings in promising opportunities because useful
information such as process models and diagnostic information is
contained in massive process data, which is possible to be effectively
mined by big-data based analytics techniques. In addition, there is a
potential to establish a process knowledge and decision system giving
support to these summarized targets.

A pragmatic workflowof controllermonitoring, diagnosis andmain-
tenance based on this knowledge and decision system is depicted in
Fig. 3. For controller monitoring, a reasonable benchmark that is acces-
sible by industrial controllers is established to evaluate controller
performance, and once a significant deviation between monitored con-
trollers and the benchmark is observed, poor control can be effectively
detected. Then a two-stage diagnostic procedure is triggered. In the
first stage, the impacts of external disturbances and faults within mon-
itored loops must be distinguished. Since faults propagations are the
main cause of external disturbances, plant-wide disturbances such as
plant-wide oscillations should be detected, and further the disturbance
source is isolated with the aid of causality and connectivity information
between different process variables. After determining the source loop
of poor control, whether it is the monitored loop itself or other loops
that are plant-wide disturbance sources, the next stage is to find the
root cause. Both equipment and controller malfunctions can be respon-
sible for the anomaly. To detect possible equipment malfunctions, key
indices related with equipment performance such as the valve stiction
index and sensor performance index are investigated, and associated
work reports are created such that specific actions can be taken. For con-
troller problems, it is necessary to make sure that the current operating
controller matches the proper linear model, and instructive guides
about controller redesign are provided to achieve controller mainte-
nance. After associated actions towards possible malfunctions are
taken, the maintenance effect is evaluated to determine whether con-
troller performance is improved.With the aid of big-data based process
knowledge and decision system, this workflow is possible to be imple-
mented automatically, which is possible to pave the way to large-scale
industrial applications of CPA.

5.3.2. Practical issues of extracting process models from historical process
data

In the remainder of this article,more emphasiswould be put on con-
troller monitoring and maintenance since there are already relatively
more mature solutions to controller diagnosis issues including plant-
wide disturbances and equipment malfunctions according to the
previous reviews. It should be noted that process models are very cru-
cial prior information for control loop monitoring and maintenance.
Such information is possible to be mined from massive historical
process data and thus time-consuming identification experiments are
not necessary [112–114].

However, not all operating data is informative enough for identify-
ingmodels. To guarantee the accuracy of identifiedmodels, data quality
assessment is necessary and routine operating data for identification
must be selected with great care. Specifically, the noise issue deserves
more attention. The impacts of deterministic factors such as MVs or
measured disturbance variables (DV) on the processes for modeling
are of primary interest. However, the monitored process may also be
influenced by undeterministic factors, such as unmeasured DVs and
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random noise. Therefore in cases of low signal-to-noise ratios, where
the process is dominated by nondeterministic factors, the correspond-
ing data is not suitable for identification. Another practical issue is the
closed-loop identifiability. Since the controlled processes operate
under closed-loop conditions for the most time, not all operating data
satisfies the closed-loop identifiability condition. In general, a higher
order of controllers or a larger process delay is beneficial for closed-
loop identification if there are not disturbed signals in the loop. Howev-
er, this condition is not always fulfilled in practice. Most operating data
is not suitable for identification because they are sampled from loops
with steady states and constant setpoints. More technical details about
the closed-loop identifiability can be found in [115–118]. In big data
era, there is a potential to apply big-data based techniques combined
with field experience to extract features from historical operating data
with high quality, and apply these key features to achieve online data
quality assessment and select proper operating data for identification.

The time cost in identifying models is also a very practical concern
for the online controller monitoring and maintenance. In the context
of closed-loop identification, the method based on matrix decomposi-
tion is especially suitable for CPA [119–121], because thismethod can si-
multaneously identify feedforward channel models (process models)
and feedback channel models (controller models) using relatively low
computational cost. Nevertheless, real-time closed-loop identification
may still be difficult due to the considerable computational burden. In
practice, conducting identification is necessary only when the process
dynamics manifests significant deviations from previously identified
models. Therefore, process dynamics variations should be monitored
in a real-timemanner to determine the proper timing for identification.
A new process monitoring scheme based on SFA suffices to detect
variations of process dynamics and operating conditions concurrently
[122–124]. Due to the ease of implementation, the SFA-based monitor-
ing technique can be combined with the matrix decomposition-based
method to achieve online closed-loop identification in a cost efficient
way.

What one should bear in mind is that, the identified linear models
essentially approximate the local dynamic property of the controlled
process around a specific operating point. Sincemost industrial process-
es have nonlinear or time-variant properties to some extent, process
models identified using operating data sampled from different operat-
ing periods or conditions may have evident divergence. Finally numer-
ous process models describing process dynamics at different operation
points can be obtained because the huge routine operation data may
cover various operating conditions. These process models should be
stored and organized reasonably in a knowledge base, which allows
for effective indexing and searching. For example, they could be
searched and sorted according to time labels (the time when the data
for identification are sampled), operating condition labels (the operat-
ing conditionwhere the data for identification are sampled) and quality
labels (the quality and reliability of identified models), and therefore
the process model can be matched efficiently given some descriptions
of certain attributes.

5.3.3. A promising solution to long-term automated controller monitoring
and maintenance

A significant portion of performance benchmarks are established
based on linear models. Nevertheless, actual monitored processes may
exhibit significant nonlinear properties, and setpoints are also possible
to exhibit variations to some extent, implying that the process dynamics
can hardly be accurately described by a single linear process model. A
more reasonable strategy to approximate the process dynamics is to
rely on a set of linear models, with each element representing the
locally linearized model at a specific operating point. If performance
benchmarks are designed based on such a model set, the significant
performance gap introduced by process dynamics variations can be
effectively narrowed or even eliminated.

Hence, an accessible and reasonable performance benchmark based
on the min–max principle is adopted [125]:

Idx� ¼ min
c∈C

max
g∈G

Idx Gcl c; gð Þ½ �
� �

ð11Þ

where c∈C denotes some practical restrictions about actual controllers,
for example, controller must belong to the PID type and the parameters
should fulfill some limitations to avoid aggressive tuning,G is themodel
set utilized to approximate the controlled process with the operating
point varying in a limited range, and Gcl(c,g) is the closed-loop transfer
function formed by the controller c and the locally linearized model g.
The rationale for this robust-like approach lies in that, it is practically
desirable to attain only one time-invariant controller applicable to
situations with operating points varying in a limited range given the
additional labor and time cost of controller retuning and redesign.

For the benchmark,whatwe are concerned is robust and satisfactory
performance for all possible locally linearized models in a limited oper-
ating point range rather than optimal performance for a specific operat-
ing point. In contrast to the revisited theoretical but unrealistic
performance bounds, the derived benchmark conforms better to the
physical truth and thus is possibly reached by appropriately designed
industrial controllers. For healthy controllers, their performance must
be comparable to this benchmark, and hence poor performance can be
effectively detected once low performance indices are observed. There-
fore, thresholds of different loops can be configured in a unifiedmanner,
and it is even possible to use an identical value to set the default
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thresholds for different control loops, which would save much labor
cost in the initial configuration.

Based on this accessible benchmark, long-term automated operation
of controller monitoring and maintenance is possible to be achieved as
well. It deserves attention that satisfactory controller tuning parameters
can be derived based on the optimization problem (11), which means
that the benchmark provides maintenance guides for poorly operating
controllers. In practice, it is possible that the process shifts frequently
in long term operation and new operating conditions are continuously
created. For practical implementation, the model set G should well ap-
proximate the current process dynamics, which is not difficult to
achieve since G actually approaches the process dynamics in a limited
operating point range and enjoys improved tolerance on model uncer-
tainty. If all extracted process models are properly organized in the
knowledge base and enable intelligent search, automated update of
the model set G can be achieved without much difficulty. Even though
only the process model at the current operating point is available, the
model set G can be estimated via field experience, and the resulting
benchmark is still applicable. Hence automated operating of controller
monitoring andmaintenance can be achieved in the presence of process
dynamics variations.

A promising framework of the automated controller monitoring and
maintenance is illustrated in Fig. 4. Process models at different operat-
ing points can be extracted from the corresponding routine operating
data, and such information can be properly organized in the process
knowledge base. By automatically updating the model set G with pro-
cess models from recent operating conditions, on one hand the imple-
mented benchmark can achieve self-adaption and preserve facticity in
the presence of process dynamics variations, on the other hand instruc-
tive controller maintenance guides are provided online and automated
controller maintenance becomes possible.
Fig. 4. The sketch of the implementation of automated controller monitoring.
6. Concluding Remarks

In this article, typicalmethodologies of controllermonitoring and di-
agnosis are reviewed, and the existing problems that would prevent
wide applications of CPA in industrial enterprises are summarized as
well. From a practical standpoint, there is an urgent demand that CPA
can operate automatically with long-term effectiveness. To achieve
this ultimate goal, it is necessary to integrate process knowledge. Big
data provides favorable circumstance for the development of CPA be-
cause useful process knowledge is possible to bemined frommultilayer
data with effective analytic techniques. Such valuable information
should be properly organized to provide guides for CPA. In the end, a
new framework of controller monitoring, diagnosis and maintenance
is proposed, which provides potential solutions for industrial applica-
tions of CPA.
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