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In this work, an input reconstruction scheme for detecting and isolating sensor, actuator, and process faults is proposed.
The scheme uses model-based and statistical-based FDI methods, which yields an improved analysis of abnormal operation
conditions in chemical processes. The main advantage of the proposed approach over existing works lies in the
reconstruction of system inputs and the subsequent estimation of fault signatures. This advantage is demonstrated through
simulation examples and the analysis of recorded process data from a reactive batch distillation column. © 2011 American
Institute of Chemical Engineers AIChE J, 58: 1513—-1523, 2012
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Introduction

Several factors render the monitoring of complex processes
in the chemical industry a difficult task. From the process per-
spective, it is the ever increasing complexity caused by increas-
ing levels of automation, process intensification, and optimal
operation at process constraints' for example. From the per-
spective of plant operators, difficulties arise from the out-of-
the-loop operation of such systems, which implies that opera-
tors are less engaged in interactions to control the process.”
Over the past few decades, an additional but not less important
factor relates to the introduction of stringent legislation on
emissions and process safety that require more advanced levels
of process automation and monitoring.

Meeting the increasing demand for more rigorous monitoring
of such complex systems requires, therefore, the development of
suitable and efficient methods that support both: (i) the monitor-
ing of dynamic operation by plant personnel and (ii) the ability
of effective fault detection and isolation (FDI). Significant pro-
gress has been achieved over the past few decades by introducing
approaches that use causal models for model-based fault detec-
tion and identification (MBFDI).“’5 The research literature has
proposed an alternative research direction that involves statisti-
cal-based techniques, which are collectively referred to as multi-
variate statistical process control (MSPC).*’ The main advantage
of MSPC is that it can handle the typically large variable sets
that are routinely measured at steady-state conditions but may
not work well if the process exhibits a significant dynamic
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behavior.® In contrast, MBFDI relies on causal models that accu-
rately describe complex dynamic behavior. However, the devel-
opment of such models is difficult, time consuming, and conse-
quently, expensive for large-scale systems.5

To overcome the limitations of individual approaches, several
contributions motivate a combination of MBFDI and MSPC,
e.g., Ref. 9. For MSPC-based fault diagnosis, Yoon & MacGre-
gor® as well as Gertler and Cao'” studied the incorporation of the
fault isolation capability of MBFDI. The general lack of an accu-
rate description of the dynamic process behavior using MSPC
remains with this approach, which has the potential to lead to
incorrect and misleading results. Sotomayor and Odload'' and
Ding et al.'* recently examined the incorporation of subspace
model identification (SMI) into MBFDI in order to handle the
modeling task for large-scale systems, which presents a frame-
work for monitoring the typically large number of highly corre-
lated variables, as described in Kourti,? using MBFDI methods.
Ding et al.'? suggested the design of a residual generator in the
parity space, where standard MBFDI methods are not applicable.
Sotomayor & Odload'' use a state space model for MBFDI
while addressing only simple sensor and actuator faults.

However, a scheme that efficiently uses individual techni-
ques from MBFDI and MSPC has not yet been proposed in
literature. This work introduces an input reconstruction
scheme for sensor, actuator, and process FDI to (i) directly
address dynamic process behavior by incorporating causal
models into the MSPC framework and (ii) the utilization of
statistical inference that is based on multivariate statistics by
the MBFDI approach. The utility of the proposed scheme is
demonstrated first through (i) an introductory example that
exhibits a simple actuator fault and (ii) a mechanistic model
of a continuous reactor that is prone to multiple fault
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conditions that involve a sensor bias and a simultaneously
occurring fault describing a complex parametric process fault
condition. Finally, the article presents the analysis of
recorded data from a reactive batch distillation unit for
which a complex process fault condition was recorded.

Motivation

This section motivates the rationale behind the proposed
scheme which uses a combination of MBFDI and MSPC
techniques. The next section describes the concept of input
reconstruction and how to use it for detecting and diagnosing
sensor, actuator and complex process faults. In the context
of the proposed scheme, the advantage of MBFDI relates to
the use of causal models, which are identified state space
models. This, consequently, addresses the problem of provid-
ing detailed mechanistic models for large-scale systems
directly.8 However, MBFDI requires a priori knowledge of
the dynamic properties of the specific fault conditions. More-
over, such mechanistic models are difficult to obtain for
large-scale systems.” On the other hand, MSPC-based pro-
cess monitoring is robust in detecting deviations from a
steady state operation, but conventional fault diagnosis using
contribution plots13 or variable reconstruction based contri-
butions'* may yield ambiguous and misleading results for
process fault conditions. This stems from the associated
complex interactions between recorded process variables,
which may suggest that a faulty variable affects several other
output variables at the same time.>'*

The proposed scheme is based on reconstructed process
inputs using measured outputs which can describe different
fault scenarios, such as sensor, actuator, and process faults.
The problem of existing first-principle models is circum-
vented by using subspace model identification (MSPC-based)
in order to create suitable process models. State observers
(MBFDI based) together with records of input/output varia-
bles use these models to track the process behavior with
respect to common cause variation, model uncertainty, as
well as fault conditions. The generated model residuals are
further analyzed to detect an abnormal behavior using a few
key performance indicators (KPI), i.e., by multivariate fault
detection indices (MSPC based). The next section describes
details of the observer-based input reconstruction (MBFDI
based) and associated monitoring statistics (MSPC based).

FDI Scheme Details

The scheme is based on stable discrete time-invariant
causal models in state-space form:

x(k+ 1) = Ax(k) + Bu(k) + Ew(k) 1)
y(k) = Cx(k) + Du(k) + Fv(k), 2)

where x(k) € R" is the state vector, y(k) € R' represents the
output vector, u(k) € R™ denotes the input vector, v(k) € R"
describes output uncertainties (e.g., measurement noise, or
sensor faults), and w(k) € R° represents uncertainty of states
(e.g., due to common cause process noise, or process and
actuator faults) for the kth sample.

Practical experience has shown that industrial processes
can be approximated with sufficient accuracy for specific
operation regions by Eqs. 1 and 2.'° Using recorded input/
output data, subspace model identification (SMI) methods
estimate simultaneously the appropriate system order, calcu-
late system matrices A, B, C, and D, and also extract statis-
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tical parameters describing the disturbance distribution dur-
ing normal operation.'® The accuracy of the identified model
is a crucial factor for the performance of any FDI-scheme,
particularly for preventing high false alarm rates. More pre-
cisely, the identification of sufficiently accurate models
requires recorded datasets that stem, in the ideal case, from
designed experiments and should provide an adequate level
of excitation in the considered input channels.

Model-based FDI approaches use Eq. 1 together with state
observers to create an estimate X(k) of the state variables
and evaluate the prediction error of the measured outputs
e(k) = y(k) — §(k).” Any significant increase in this error is
indicative of anomalous behavior. To increase the robustness
of the state estimation, the literature advocates the use of
unknown input observers (UIOs) in case of unmeasured dis-
turbances with known distributions described in E.'” For
FDI applications, input reconstruction or the estimation of
system inputs have also been proposed for the detection of
sensor and actuator faults,'®'

For a reconstruction of fault signatures, information about
the fault characteristic has to be supplied through the matrix
E for process and actuator faults and matrix F for sensor
faults. Moreover, in the presence of faulty sensor measure-
ments, the system has to be augmented with sensor fault
characteristics to achieve a robust state estimation. This
gives rise to define the input vector v(k) that describes a sen-
sor fault. More precisely, the sensor fault is described
dynamically by a matrix A,. Equation 3 shows that a sensor
fault is based on a state-space representation and includes an
unknown input vector &(k) € R with r < [. The dynamics
governed by A, determine how fast the additional states v(k)
can follow a sensor fault &(k) (e.g., step-wise, drifting, or
random-walk charakteristic). Following this argument, the
eigenvalues of A, should allow a reasonably fast system
response, while, at the same time, being significantly slower
than the sensor noise.

v(k+1) = A,v(k) + (k). 3)

During normal operation, the fault vector (k) can be con-
sidered to follow a zero mean Gaussian distribution. Aug-
menting the state vector by the fault vector &, the original
system described in Eqs. 1 and 2 becomes:

(33?13) - {‘3 :‘,]@+@u<k>
Xalkt1) As xa (k) B,

Lo 1l G) @
B, wi®

To describe the impact of additive sensor faults (k) upon
the outputs, F is set to the identity matrix since each sensor
fault affects only a single output variable. Consequently, a
prediction error that results from a sensor fault, will be com-
pensated through the observer by nonzero elements for v(k)
in the estimate X, of the augmented state vector in Eq. 4.

y(k)=Cx(k)+Du(k)+ Fv(k)= [C I](’V‘Eg>+nu(k) )

y(k) = Caxq(k) + Du(k). ©)
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Following Simani et al.,22 a full order UIO has the follow-
ing form

z(k + 1) = Gz(k) + TBu(k) + Ky (k) (7
X(k) = z(k) + Hy(k) ®

with z(k) € R" is the state vector of the UIO, X(k) is the
estimate of the state vector x(k) and F, T, H and K are the
design matrices of the observer that achieve the de-coupling
property. Necessary and sufficient conditions for the existence
of the observer are rank(CE) = rank(E) and detectability of
(A, C), with A; = A — E(CE)'CA.?* Following the rank
condition, the number of unknown inputs must not be greater
than the number of independent measurements. By choosing H
= E(CE)T,23 the matrix G derives from G = I — HC. The
observer gain K = K| 4 K, is calculated by placing poles to
achieve a stable matrix G = A — HCA — K;C and
subsequently solving K, = FH.

If the existence conditions of the chosen design approach
are met, the UIO generates state estimates that are robust
against sensor faults with the dynamic properties described
in A, and the distribution F among the outputs, as well as
process or actuator faults with the corresponding characteris-
tic E."”*> While the reconstructed sensor fault signature v(k)
is immediately available as part of the estimate of the aug-
mented state vector X,, the reconstruction of the propagation
of process or actuator faults w(k) is discussed next.

Apart from process noise, the vector w(k) in Eq. 1 can
also represent modeling errors, input uncertainty or process
faults."”?* This can be addressed by reconstructing w(k)
through inversion of Eq. 1 using robust state estimates:'""’

W(k) =ETR(k+1)— AR(k) —Bu(k)) = ET (R(k+1) X (k+1k))

)
where E = [E"E] 'E” represents the generalized inverse of E,
which is designed for specific fault scenarios, and X(k + 1|k)
denotes the deterministic model prediction of the state vector for the
sample k + 1 using the state estimate X(k) and the control input u(k)
from the previous step. In case of unmodeled behavior, this will lead
to a state prediction errore(k + 1|k) = X(k + 1) — X(k + 1|k) that
is being weighted using matrix E.

According to (1) and (2), both v(k) and w(k) are assumed to
be described by a zero mean multivariate Gaussian distribution
under normal operating conditions. Any significant change in
the first or second order statistics of either input vectors is there-
fore indicative of the presence of a sensor or process fault. Con-
sequently, we can calculate a Hotelling’s T* statistic, as defined
in (10), which is sensitive to “process and actuator faults”, as
they affect the state-to-input relationship. A second Hotelling’s
T? statistic can be constructed from estimates of v to detect “sen-
sor faults”. The covariance matrices for v and w, S,, and S,,,,,
can be estimated from normal operation condition (NOC) data.
The corresponding control limits can be determined from a F-
distribution based on the number of degrees of freedom, the
number of reference samples K and a given significance level o
(e.g., 1 or 5%). These statistics yield T%(k) < T,> during NOC
and T2(k) > T, for the existence of fault conditions.

T2 (k) = W (k)S,,,w(k) (10)

The following sections present case studies to demonstrate
the capability of the proposed scheme to detect various fault
conditions and the usefulness of the scheme in analyzing the
reconstructed sequences of vV and w for fault diagnosis.
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lllustrative Example

A simulation example is discussed first so as to illustrate
the calculation of T? statistics using input reconstruction for
an existing linear state-space model. The simulation model is
the discrete-time version of a fourth-order process'® and
defined through the following matrices:

0 1 0 0 0
A —32.624 —0.148 0 11.654 B_ 12.354
0 0 0 1 0
0.982 0279 0 -3.123 —9.115
1 0 0O
C=10 01 0 D =0;
0 0 0 1
(1)

From this continuous time version, the corresponding dis-
crete-time model matrices have been obtained using a zero
order hold with df = 0.01 sec. From the output variables,
only the third state variable cannot be measured. This pro-
cess has a single input and the corresponding actuator is
considered to be faulty here, which can be described by a
superposition of the nominal input u, according to Eq. 12.

u(k) = ug + Au(k) (12)

A period of 800 samples representing NOC was simulated
for a sinusodial input k - sin(wf) with @ = 2 and £k = 0.2
superimposed by gaussian noise with standard deviation ¢ =
0.05 The output measurements were also corrupted by Gaus-
sian distributed noise with standard deviation ¢ = 0.01 Here,
an UIO has been designed to achieve a stable state estima-
tion with eigenvalues of matrix G (see Eq. 7) placed at
eig(G) = [0.9564, 0.9569, 0.9568, 0.9439]", which is then
robust against deviations of the true input from the measured
nominal input u,.>* The results are listed in Appendix A and
the estimation results are illustrated in the top left and right
plot in Figure 1. This gives rise to set E = B and w(k) =
Au(k) in Eq. 1, since the unknown portion of the true system
input u(k) that superimposes the measured value is unknown
but has the same dynamic characteristic B.

The lower left plot in Figure 1 shows a violation of the
T*-control limit T1,8992 = 6.6466 for a significance of o =
99% within a test dataset covering 200 samples, in which an
actuator fault has been introduced after 100 intervals of pre-
ceding NOC. Using the input residual (9), the true system
input u(k) could be reconstructed leading to the description
of the fault signature Au(k) through the reconstruction w(k).

Simultaneous Sensor and Process Faults

In this example, we use a more complex simulation exam-
ple of a jacketed continuous reactor with a coolant recycle
and a first order chemical reaction A — B to demonstrate
the ability to detect the occurrence of a simultaneous sensor
and actuator fault condition. The reactor, as depicted in Fig-
ure 2, is affected by product accumulation on the reactor
wall, which depends on various operational parameters.

A 4th order linear reactor model is derived through linea-
rization of a nonlinear differential equation system at a sta-
ble steady state condition. A discrete version of the model
ist obtained through transformation using a sample rate of dt
= 1 sec. The state vector consists of the current jacket tem-
perature T}, the concentration c4 of substance A, the reactor
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Figure 1. State estimation results for state variables (top left and right), T2 statistic (lower left) for the detection of
the actuator fault and corresponding fault signature (lower right).

temperature T,, and the temperature T, of the coolant when
it returns into the jacket.

xX'(k) = [xi(k) xa(k) xa(k) xa(k)]

=[Tja(k) ca(k) Tr(k) Tja(k)] (13)
The system matrices A and C are defined as follows:
A —
_ 0 _uA 0 UA [oN
Vi Vipecp. Vipecre Vi
Q,
0 —F -k - SRfngz 0
UA __AH o_g+AH 0 dE_ UA
Vipacrpa pacpa T Vi pacpa T RTPZ Vipacpa
i (1 - )vhe) O 0 — i
(14)
B"=[0 0 0 by4] (15)
1 0 0 O
C=10 01 0 (16)
0 0 0 1

Therein, the subscript ¢ denotes the coolant liquid, A the
concentration of component A, j the reactor jacket, f the
feed flow and r the reactor. The superscript 0 denotes state
variables at the operation point, which has been chosen for
the linearization of the system. The reaction rate is defined
as kY = ko exp(—dE/RT?). The coefficient b, in Eq. 15
describes the impact of the external cooling liquid valve,

1516 DOI 10.1002/aic

Published on behalf of the AIChE

which is the control input, on the jacket return temperature
T;,. Furthermore, 15, denotes the heat exchanger time con-
stant and /. is the heat transfer efficiency. Equation 16
highlights that the only unmeasured state variable is the
concentration. It should be noted that the description of
complex process faults through the matrix E is not a trivial
task, since process faults may exhibit time-varying or non-
linear behavior. In this case study, the affected parameter
is the heat transfer coefficient U in Eq. 14 because of the
undesired product accumulation. Equation 17 illustrates this
in terms of the heat transfer coefficients o,,, which
describe the impact of the different liquids on both sides of

Qs
) e
B e N
Ca, Tr -1-1‘2
X
AH, <0
e T

Lot )

Figure 2. Schematic diagram of the continuous reactor.
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Figure 3. Inknown input w(k) reconstruction (top left), corresponding reconstruction of the changing heat
exchange coefficient (top right), T2-statistic for process fault detection (bottom left) and estimated sen-

sor fault signature v(k) (bottom right).

the reactor wall (1 - jacket side, 2 - inside reactor), on the
heat transfer, and the contribution of the reactor wall mate-
rial is included through wall thickness d and heat conduc-
tivity 4. When the product accumulates on the reactor wall,
it forms a layer with increasing thickness J;, and thus, the
heat conductivity 4;, and the parameter U degrades accord-
ing to Eq. 17. Consequently, the elements a;;, a3, a3;, and
asz of the system dynamic matrix in Eq. 14 vary, when the
layer thickness on the inner side of the reactor wall
changes.

o 1
+—+—
A0

1 1 o
= 1
U o A an

Next, the representation of this parametric fault is derived,
which is suitable for the integration into the system descrip-
tion of Eq. 4. Furthermore, in order to capture this changing
parameter, U = Uy + AU is defined, which describes that
the nominal value is being superimposed with the unknown
portion AU that relates to the variation of the accumulated
layer described by (d;, 4;). Using this definition, A can be
rewritten as A = Ay + AA so as to describe the resulting
impact of this changing parameter upon the original system
according to Eq. 19. Inserting this form into Eq. 14 gives
rise to:

x(k+ 1) = (Ag + AA)x(k) + Bu(k) (18)
x(k+ 1) = Aox(k) + AAx(k) + Bu(k), (19)
with

S

0 0
AA = v P (20)

rPACPA rPACPA
0 0

By multiplying the state vector with Eq. 20 yields:
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v (e (k) — x3(k))

(
0

Vs (1 (k) — (k) )
0

AAx(k) = @21

which, in turn, leads to the definition of the fault distribution
matrix E and the corresponding unknown input w(k) according
to the following decomposition:

1
Vipecre

Mxm) = | Y AvAM K - k).
Vipacra
0 w(k)

| ——
E

(22)

Thereby, a UIO can be designed to be robust against para-
metric uncertainty w.r.t. the heat transfer coefficient of the
reactor wall. Additionally, a fault on the third temperature
sensor is introduced. This sensor measures the temperature
of the coolant liquid before it returns into the jacket and is
thus important for the reactor operation because this mea-
surement is crucial for achieving a tight reactor temperature
control. With the number of unknown sensor faults r = 1,
the matrix A, in Eq. 3 reduces to a scalar and is chosen to
be a, = .5% (which corresponds to a time constant of
approximately one second), while the sensor fault distribu-
tion matrix is set to F = [0 0 1].

With the complete definition of the system being affected
by process and sensor faults according to Eqgs. 1 and 2, the
augmented form of Eq. 4 is derived and a stable UIO is
designed by placing the eigenvalues of matrix G (see Eq. 7)
at eig(G) = [-0.0987, —0.1005, —0.0963, —0.0996,
—0.0993]" to be robust against both unknown inputs gath-
ered in w,(k) = (w(k), (k)T The resulting observer can be
found in Appendix B.

For fault detection, a training dataset covering 800 sam-
ples of NOC by adding gaussian noise with standard devia-
tion ¢ = 0.01 to represent common cause process variations
w(k) has been simulated. From this dataset, the covariance
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matrix S,,,, is determined using the reconstructed process
fault propagation w(k).

Another set of 900 samples for non-NOC has been simulated,
in which a stochastic trend in the heat exchange coefficient is
introduced through w(k) and a simultaneous sensor drift that
begins after the process fault evolved for some time. The time
trends of the true fault propagation w(k) and the reconstructed
values as well as the heat exchange coefficient are illustrated in
Figure 3 (top left and top right). It can be seen that the departure
from NOC is detected timely through the the T*-control limit
Tl’gooz = 6.6424 for a significance of o = 99% (bottom left) and
that the reconstruction w(k) is robust against the simultaneously
occurring sensor fault. Furthermore, the estimated signature v(k)
for the sensor inaccuracy is shown in Figure 3 (bottom right). It
should be noted, that the estimated fault signatures accurately
represent the true fault signatures, since no further uncertainty
has been introduced into the system.

Process Fault Detection in a Reactive Batch
Distillation Unit

The section describes the application of the proposed moni-
toring scheme to a pilot-scale reactive batch distillation col-
umn. This process provides the integrated reaction and separa-
tion of methyl acetate. Because of this integration and opera-
tion in a semi-batch mode, the dynamic behavior is regarded
Complex.l’26 It is consequently desirable to prevent any major
disturbance, which results from an abnormal operation. More-
over, a timely detection and diagnosis of fault conditions is
essential for an appropriate operator intervention. The case
studied in this section describes a fault inside the cooling sys-
tem, which is a critical component for safe process operation.
The reaction carried out by this process is:

HAc + MeOH = MeAc + H,0, (23)

where methyl acetate (MeAc) is produced by the reaction of
acetic acid (HAc) and methanol (MeOH) supported by a
catalyst. Different fault scenarios for this process have been
studied in Lieftucht et al.'"* using a regression-based MSPC
approach. From the defined scenarios there, one specific
process fault is analyzed here so as to present a benchmark for
contrasting the performance of the proposed FDI scheme with
the MSPC approach in Lieftucht et al.'#

Plant operation

The plant operates in a semi-batch mode and consist of a col-
umn with two catalytic packings in the lower part and an inte-
grated separation packing in the upper part. A schematic flow-
sheet of this process is shown in Figure 4. The required amount
of Methanol is provided through an initial holdup in the reboiler,
whereas the acetic acid is fed to the column between reaction
and separation section. It follows from Eq. 23 that water accu-
mulates in the reboiler as a heavy fraction from the reaction,
which leads to a permanently drifting boiling point of the mix-
ture in the reboiler. Consequently, the process does not operate
in a steady state mode. However, the composition profiles along
the column height show only moderate variations despite this
nonstationarity and can, thus, be omitted from the analyzed oper-
ation conditions.*’

This process operates in an open-loop fashion with respect
to the product composition. For the conducted experiments,
the reboiler duty, the reflux preheating and the condenser are
under feedback control using regulatory PI controller and
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Figure 4. Schematic diagram of the reactive distillation
column with instrumentation.

switching control in order to maintain a constant heat flow, a
complete condensation or a constant reflux temperature level.
Multiple steady state operating points may arise at this plant,
from which only a few are economically feasible. Therefore,
monitoring the dynamic state of the system is pivotal and of
significant interest for detecting a deviation from NOC.?®

Process fault description

The condenser at the top of the column was affected several
times by an actuator fault. Process data of one of such incident
is analyzed here. During the column operation, the condenser
is typically used to control the pressure inside the column and
represents therefore a safety relevant part. The objective is to
use an appropriate amount of coolant such that total condensa-
tion of the passing steam can be achieved. This coolant flow,
as shown by this example, may fail abruptly. Since this flow is
not measured, this behavior may remain unnoticed until the
fault propagates through the column. Consequently, this may
lead to a deviation from the desired operation point.

The effects of this fault were locally restricted to the col-
umn head, as shown by the recorded variables in Figure 5.
The coolant inlet temperature remains constant for the whole
period of the fault, but the coolant and condensate outlet
temperatures increase both about 20°C. Since the reflux tem-
perature is controlled, it remains on the specified level de-
spite the increasing temperature in the reflux splitter.
Because less steam would condensate with higher tempera-
tures in the condensator, heavier fractions accumulate at the
top of the column, which causes a gradual increase in tem-
peratures in the splitting section. Moreover, the methanol
concentration measurement in the condensate increased.
This, however, is highly undesired, since it negatively affects
the process yield. Furthermore, the situation could become
critical once the temperature of the remaining coolant holdup
in the condenser becomes not sufficient for the complete
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Figure 5. Disturbance propagation affecting the column top.

condensation of teh rising steam. Consequently, the pressure
inside the column would start to rise rapidly and a plant
shutdown may be needed.

Model identification and fault detection

A dataset from normal operation, covering 3.9 h (1400 sam-
ples, with dt = 10 sec) of recorded process variables, has been
used to identify a state space model. This data set described
the process in a dynamically excited mode and was generated
for an advanced controller design.”’ The identified SMI model
was therefore expected to provide a good approximation of
causal relationships between the input and output variables.'?

Using a slightly reduced set of variables in comparison to the
complete set of recorded variables listed in Table 1, the applica-
tion of SMI suggests the inclusion of n = 6 state variables so as
to model the causal relationships between the m = 6 input and /
= 15 output variables. Because of the high redundancy of tem-
perature measurements in the reaction section, two measure-
ments (y; and y;0) were removed. The corresponding model
matrices are listed in Appendix C, together with information
about the accuracy of the model for the identification dataset.

The chosen assignment of input and output variables differs
partially from the mapping shown in Lieftucht et al.,"* which is
explained in detail. The temperature of the boiling holdup in the
reboiler has been included as an input variable since it represents
the changing composition due to the accumulation of water. The
flow of condensate is also used as an input variable, given that it
is proportional to the steam flow through the column.”® In addi-
tion to feed flow and reflux ratio, the feed temperature, and, more
important, the coolant inlet temperature is also included as an
input variable. The coolant flow itself, which is of importance for
the analyzed fault, could not be included as it was not measured.

The FDI scheme has been designed by applying the fol-
lowing procedure:

(1) Generation of a linear state space model using SMI.

(2) Design of a stable Luenberger-type state observer.

(3) Reconstruction of input variables for the NOC-dataset
and determination of input residuals.

(4) Covariance estimation of input residuals.

(5) Choice of a confidence level and control limits for the
T?-statistic.

After the scheme has been set up, process data has been ana-
lyzed including the variable recordings during the fault event.
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The T>-statistic has been evaluated using the estimated covari-
ance information from the NOC, together with the input resid-
uals, which were calculated using the measured inputs and the
corresponding reconstructions. In this example no specific
unknown input has been included to illustrate the generic fault
detection and diagnosis capability of the FDI-scheme. Therefore,
the UIO reduces to a conventional Luenberger observer.”” As
outlined in the left plot in Figure 6, the T* statistic violates its
control limit about 610 min into the data set, which is almost im-
mediately after the coolant flow broke down. Insignificant viola-
tions during NOC arise around 540, 580, and 590 min.

Fault diagnosis

The analysis of the same data in Lieftucht et al.'"* shows

that a large number of variables contributes to this event. The
6 main variables identified with a decreasing contribution
were: condensate temperature, y;3, separation section tempera-
tures yi, y», y3, to a lesser extent y;,, and the feed temperature
u>. In comparison to these reported results, the right plot in
Figure 6 highlights that two input residuals shows a significant
contribution to this event. It should be noted that the input
residuals show the deviation of the reconstructed inputs from
the measured values after they have been scaled to unit var-
iance (with respect to NOC-variations).

The two residuals which have the most relative contribu-
tion are (i) the coolant inlet temperature and (ii) the conden-
sate flow. Whereas the measured coolant temperature is con-
sidered too low, the steam flow is regarded to be too high,

Table 1. Recorded Process Variables of the Reactive Batch
Distillation Column

Type No. Notation Unit

Output Y1 V2 Temperatures 1---12 °C
Y13 Temperature condensate °C
Y14 Temperature coolant out °C
Yis Concentration MeOH mol/mol
Yie Concentration MeAc mol/mol
V17 Concentration H,0 mol/mol

Input 1y Feed flow acetic acid HAc mol/s
m Temperature reboiler °C
iy Temperature feed °C
i3 Temperature coolant in °C
us Reflux ratio %
Ug Condensate flow mol/s
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Figure 6. T? statistic during faulty operation condition (left) and fault diagnosis of the coolant fault using scaled

input residuals (right).

in order to explain the observed behavior of output variables
using the dynamic model.

A more comprehensive picture for fault diagnosis can be
generated using the spiderweb-illustration for key perform-
ance indicators.’ For the period of fault evolution, Figure 7
shows the corresponding snapshots. Each spiderweb shows
the deviation of the individual input residuals from their
nominal mean-free value. The last snapshot marks the situa-
tion right before the fault has been removed by reactivating
the coolant flow.

From this representation, a characteristic picture is generated,
which can be interpreted directly. These illustrations imply that
the measured output variables could be reconstructed, if

e the coolant inlet temperature (¢#s) would be much higher
(measured us is too low) and

e the uprising steam flow (represented by the condensate
flow ug) would be lower (measured ug is too high).

This analysis already restricts the root cause of this event
to the overhead condenser, since both variables pose inputs
of this subsystem. Moreover, in contrast to the MSPC-based
analysis, these inputs follow strict causal relations in a con-
ventional condenser:

e [f the coolant temperature increases, both coolant outlet
and condensate outlet temperatures increase.

e [f the steam flow decreases, the condensate tempera-
ture approaches the coolant inlet temperature closer than
before.

The described effects give rise to the possibility of a failing
coolant inlet temperature measurement (scenario A) or a
decreased coolant flow (scenario B). Subsequently, the root
cause is determined, once the operator varies the coolant flow,
which will have no effect on both the coolant outlet and con-
densate temperature. If a failing sensor would have been the
root cause, both outlet temperatures would have responded to
this action. An experienced operator can therefore use the
diagnostic information depicted in the spiderweb-illustrations
in Figure 7 to identify: (i) that the condenser subsystem is re-
sponsible for the violation of the T? statistic and (i) confirm
that the failing coolant flow is the root cause of this event by
appropriate intervention. The results show, therefore, that the
root cause of this event can be traced down before a critical
condition arises (due to insufficient cooling). The correspond-
ing period of fault recovery is illustrated through Fig. 8.
Therein, the shape of the polytopes clearly show that the pro-
cess comes back to normal operation condition.

Conclusions

This article has proposed an input reconstruction scheme
on the basis of MBFDI and MSPC techniques for detecting
and diagnosing sensor, actuator, and process faults. The util-
ity of the proposed scheme has been demonstrated using two
examples so as to simulate a sensor bias and multiple fault
conditions. In addition to the simulation examples, relying

t = 603min t = 607min t = 610min
U3 U us3 U us Uz
Uy % up Uy %— Uy Uy Uy
Us Ug Us Ug Us Ug
t = 613min t = 618min t = 623min

us Uz us3

Ugq Uy  U4q

11
’
|%I
=
e
=
-~
1

Uus Ug us

Uz us Uz

51

Ug us Ug

Figure 7. Spiderweb illustration of input residuals for process-monitoring during fault propagation.

1520 DOI 10.1002/aic

Published on behalf of the AIChE

May 2012 Vol. 58, No. 5§ AIChE Journal
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u3 Uz u3 Uz u3 Uz
Uy Uy U4 Uy U4 U1
\ R\
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t = 640min t = 643min t = 653min
us uz u3 Uz usz Uz
) % o % o )
us Ug us Ug us Ug

Figure 8. Spiderweb illustration of input residuals for process-monitoring during fault recovery.

on known system matrices, the proposed scheme has also been
applied to recorded data from an reactive batch distillation col-
umn. For this experimental application study, a process model
has been identified using subspace model identification.

The crucial factor affecting the performance of the pro-
posed approach is the sufficient accuracy of the identified
model, which depends on the availability of recorded refer-
ence data and a priori knowledge of the process operation.
While the fault distribution could be derived for the simula-
tion examples, the fault distribution is difficult to obtain for
industrial applications. This issue needs to be investigated
further. The application studies in this article, however, have
shown that the proposed approach offers a generic recon-
struction of measured system inputs, which, in turn, allowed
the detection of fault condition and a subsequent isolation of
potential root causes.

Each application study has demonstrated that the combina-
tion of techniques from both, the MBFDI and the MSPC do-
main, has the potential to improve the performance of the
individual approaches and helps to overcome their respective
limitations. The potential for ambiguous or misleading diag-
nosis results in MSPC has been circumvented through the
generation of input residuals. Morover, the use of multivari-
ate statistics simplifies the construction of monitoring statis-
tics. Finally, the generated polytope illustration forms a vis-
ual aid to support the operator during the presence of abnor-
mal situations.
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Appendix A: UIO First Example

The UIO for the first example are given below. The eigen-
values of the matrix G, that determine the dynamic of the
estimation error are placed at eig(G) = [0.9564, 0.9569,

0.9568, 0.9439]".

0.3079 —0.4616  0.0000
0.0001  —0.0001  0.0000
H=|-04616 0.6921 —0.0000 B1)
0.0192  —0.0288  0.0000
—0.0192  0.0288 1.0000
—0.0000 0.0002 —0.0031 0.0000 —0.0000
—0.0007 0.0010 —0.0681—0.0000 0.0000
G =10*- | 0.0001 0.0001 —0.0022 0.0000 —0.0000
0.0759 0.0000 3.3687 0.0004 —0.0005
—0.0759 —0.0000 —3.3687 —0.0005 0.0004
(B2)
[ 0.0007  0.0036  0.0000 ]
0.0007  0.0681  —0.0000
K1=10°-| 0.0004  0.0025 0.0000 (B3)
—0.0758 —3.3687  0.0005
| 0.0758 3.3687  —0.0004 |
[ 0.0014 —0.0022 —0.0000 ]
0.0312 —0.0468  0.0000
K2=10°-| 0.0010 —0.0015 —0.0000 (B4)
—1.5317 2.2966  —0.0005
| 1.5317  —=2.2966  0.0004 |
0.0022  0.0014  0.0000
0.0319  0.0213 0.0000
K=10%-| 0.0014  0.0010  0.0000 (BS)
—1.6074 —1.0721 —0.0000
1.6074 1.0721 0.0000
0.6921 0 0.4616 —0.0000 —0.0000
—0.0001 1 0.0001 —0.0000 —0.0000
T=] 04616 O 0.3079  0.0000  0.0000 (B6)
—0.0192 0 0.0288 1.0000  —0.0000
0.0192 0 —-0.0288 —1.0000 0.0000

Table C1. Simulation and Prediction Errors in Percentage
for the Identification Data Set

0.0000 —0.0000 —0.0067
0.0088 —0.0066 —1.3188
H=1_00000 00000 0.0050 (AD
~0.0067  0.0050  0.9999
0.9000 0.0100 —0.0000 —0.0004
G | 02487 1.0006 —0.0000 —0.0017 (A2)
= | —0.0000 0.0000 0.9564  0.0000
—0.0004 0.0001 0.0000  0.9569
[ 0.0983  0.0000  0.0075 ]
—0.0732  0.0066  1.3948
KI=1"00000 00436 0.0050 (A3)
| 00071 —0.0050 —0.9568 |
[ 0.0001 —0.0001 —0.0196]
0.0088 —0.0066 —1.3197
K2=1_"0.0000 0.0000 0.0048 (A4)
| —0.0064 0.0048  0.9567 |
0.0985 —0.0001 —0.0122
—0.0644  0.0000  0.0751
K=1 00000 00436 0.0098 (A3)
0.0007 —0.0002 —0.0001
1.0000 0 0.0000  0.0067
—0.0088 1.0000 0.0066  1.3188
=1 0.0000 0 1.0000  —0.0050 (A)
0.0067 0  —0.0050 0.0001

Appendix B: UIO Second Example

The UIO for the simultatneous fault condition and analytically
derived fault distribution in the reactor simulation are supplied
below. The eigenvalues of the matrix G, that determine the
dynamic of the estimation error are placed at eig(G) =
[—0.0987, —0.1005, —0.0963, —0.0996, —0.0993]".

1522 DOI 10.1002/aic

Variable Simulation error % Prediction error %
Vi 11.8835 3.6281
V2 13.8250 10.3154
V3 34.0772 6.9864
V4 7.4874 4.5371
Ys 6.7583 4.2542
Y6 6.8188 4.3213
7 10.3832 3.5716
Vg 7.1165 3.1296
Yo 15.6076 2.9699
Y10 6.3454 2.7418
Vi1 13.5711 5.2352
iz 8.8491 3.7594
Vi3 8.9292 48151
Vig 11.0556 8.1772
Yis 11.7371 8.8121
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Appendix C: SMI Results Third Example 3.9h of normal process operation, using the toolbox from?>’

These are the system matrices that stem from subspace with CVA-weighting.

model identification on a data set covering approximately

0.9880 0.0006 —0.0045 —0.0048 —0.0060 0.0112
0.0015 0.9926 —-0.0298 0.0109 —0.0221 0.0097
A 0.0029 0.0149 0.9998 —0.0300 0.0142  —0.0427 1
0.0101 0.0107 0.0224 09570  0.0211  —0.0255
0.0049 0.0028 —0.0051 0.0166 0.9999  —0.0034

0.0076 0.0087 0.0468 —0.0289 0.0487 0.9382

[ 0.0835 —0.0586 —0.0763 —0.0204 0.0112  0.0267 ]|
—0.0159 -0.0782 0.1645 —0.0121 -0.0306 —0.0808
B 0.0507  0.2527  0.3427 —0.0032 —-0.0231 —0.0394 )

0.1560  0.2380  0.1476  —0.0358 0.0114  0.0378
—0.1247 -0.0703 —-0.0208 —0.0091 0.0123  0.0349

| —0.1168  0.3603 0.1189  0.0020  0.0106  0.0567 |

[ 0.1241 —0.1057 0.2007 —0.0632 0.1870 —0.1278]
0.0827 —0.0754 0.1885 —0.0689 0.1580 —0.1420
0.0978 —0.2828 —0.0041 —0.0023 0.0872 —0.2375

—0.0299 —-0.0116 0.0588  0.0653 0.0681  —0.0918
—0.0357 —-0.0387 0.0469  0.0752  0.0535 —0.0949
—0.0349 —0.0625 0.0539  0.0720  0.0506 —0.0911
—0.1184 0.0151 —-0.0723 0.1538  0.0314 —0.0600

C=|-0.1408 0.0071 —0.0554 0.1423 0.0206 —0.0810 (C3)

—0.0660 0.1230 —0.1224 0.2030  0.0450 —0.0254
0.0046  0.1382  —0.1328 0.1970 —0.0053 —0.0146
—0.5079 —0.0492 —0.1698 0.0405 —0.0565 —0.0042
—0.1949 0.0691 —0.1157 0.0208 0.0192  0.0164
0.2582  0.1590 —0.0447 —-0.0763 —0.0319 0.1435
—0.3041 -—-0.0860 —0.0634 0.0992 —0.0529 —-0.1132
L 0.0603 —0.2490 0.2675 —0.0677 0.1607 —0.1112 |

[—0.0808 0.0558  0.2091 —0.0020 —0.0184 0.0072 T
—0.0586 0.0357  0.3557 —0.0215 —0.0436 —0.0880
—0.0267 0.0466  2.3382  0.0287 —0.0660 0.0373
0.0924  0.0239 —-0.0661 —0.0515 0.0249 —0.0012
0.0704  0.0251 0.1791  —0.0654 0.0376 —0.0134
0.0596  0.0196  0.1450 —0.0228 0.0529 —0.0163
—0.0572 -0.0143 —-0.4575 0.0102 —0.0506 0.0054

D= 1|-0.0776 0.0327 —0.1650 0.0202  0.0025 —0.0448 (C4)
—0.0847 —0.0420 -0.6462 0.0039 —0.0116 0.0363
—0.0792 0.0014  0.8427 —0.0024 —0.0594 —-0.0974
0.1268 —0.0051 —-1.6705 —-0.1355 —-0.0381 —0.0173
0.0753 0.0576  —1.9372 —0.0643 0.1691 0.1075
0.0652  0.0139 —0.0041 —0.0209 —-0.0321 —0.0602
—0.0607 0.0058  0.0762  0.0299 —0.0125 0.0692

L 0.0067 —0.0285 0.2780  0.0389  0.0499 —0.0246 |

The accuracy of the model can be described using simulation
and prediction errors according to Van Overschee & De Moor.*°

. . . . Manuscript received Mar. 2, 2011, and revision received May 18, 2011.
The results for the identification dataset are shown in Table Cl1.
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