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A new approach for modeling and monitoring of the multivariate processes in presence of faulty and missing observations
is introduced. It is assumed that operating modes of the process can transit to each other following a Markov chain model.
Transition probabilities of the Markov chain are time varying as a function of the scheduling variable. Therefore, the tran-
sition probabilities will be able to vary adaptively according to different operating modes. In order to handle the problem
of missing observations and unknown operating regimes, the expectation maximization algorithm is used to estimate the
parameters. The proposed method is tested on two simulations and one industrial case studies. The industrial case study is
the abnormal operating condition diagnosis in the primary separation vessel of oil-sand processes. In comparison to the
conventional methods, the proposed method shows superior performance in detection of different operating conditions of
the process. © 2014 American Institute of Chemical Engineers AIChE J, 61: 477-493, 2015
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Introduction

Regime switching systems have been of a great interest in
the field of economics since 1990. It starts with Hamilton’s
study in 1988 where a nonlinear filter was developed to learn
about the changes in regime and find the maximum likeli-
hood estimation of the parameters.1 Later, he developed an
expectation maximization (EM) algorithm framework to find
the maximum likelihood estimation of the process parame-
ters with discrete shifts.” The shifts were modeled as the out-
come of a Markov process. The goal of this study was to
find the main changes of the asset prices from observable
events.

Since then, applications of switching Markov regimes
have been widely used in the field of economics. Bollen
et al. studied applications of the regime-switching models to
analyze the dynamic behavior of foreign exchange rates.
They found that the prices do not obey a Markov regime
switching behavior.? Ang et al. performed a similar study in
interest rates of United States, Germany, and the United
Kingdom and concluded that regime switching models have
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better forecasts in comparison to single-regime models.*
Pelettier introduced a regime switching dynamic correlation
model for the variance between different time series. It is
shown in their empirical case study that the developed model
has a better performance in comparison to the previous stud-
ies.” In the same year, Mount et al. showed that a stochastic
regime switching system is able to model the behavior of
wholesale electricity prices and the price spikes.6

The idea of considering time-varying transition probabil-
ities in regime switching systems was initially proposed by
Diebold et al.” They developed an EM algorithm framework
for parameter estimation in cases where the transition proba-
bilities are function of underlying economic fundamentals.
However, there are several limitations in their study. First, it
is assumed that the scheduling variable (economic funda-
mentals) can only accept some limited discrete values. In
other words, the transition behavior of the scheduling vari-
able between different operating modes, which is an impor-
tant factor in industrial processes, is not considered. Second,
they solve the problem considering only two possible hidden
modes for the process. Finally, their proposed optimization
procedure for the nonlinear terms is very dependent to the
initial values. Filardo et al. made a clear picture of the
advantages in considering time varying transition probabil-
ities over fixed transition probabilities afterwards.® Later,
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Otranto considered a specific multichain Markov switching
model where the transition probabilities are dependent to the
regime of other variables. This approach was successful in
predicting the regime of the analyzed variables.”

Although hidden Markov models (HMMs) and regime
switching systems have been widely studied in the field of
economics, their applications in the field of system identifi-
cation and fault detection are sparse. Discrete-time Markov
jump linear systems and sudden failures have been previ-
ously reviewed in literature.'® Jin et al. developed a solution
strategy for identification of switched Markov autoregressive
exogenous systems under the EM framework.'" Ghasemi
et al. proposed a parameter estimation method for a condi-
tion monitoring equipment with a certain failure rate struc-
ture. Hidden states (modes) were assumed to transit
following a hidden Markov model and observations were
assumed to be imprecise. They used a maximum likelihood
estimation framework to obtain the parameters.'> Wong
et al. proposed hidden Markov models as a generalization to
the mixture of Gaussian approach in order to model the
faults due to sensor malfunctions. They showed that these
types of faults can be detected more appropriately using a
HMM-based model.'? Jiang et al. proposed a new method
for fault detection of gear transition system. They modeled
the system behavior as a three state continuous time Markov
process. Parameter estimation was based on the EM algo-
rithm framework.'* The detailed proof of their mathematical
derivations is available in their article.

There has also been a great effort in handling the problem
of missing data in recent years. Deng et al. studied identifi-
cation of nonlinear parameter varying systems with missing
output data using particle filter. The model is appropriate for
the processes which work in multiple operating conditions.'®
Different approaches to handle the problem of missing data
using the EM algorithm is discussed in detail in literature."”
Multivariate process monitoring methods have also been
broadly reviewed in literature. Keshavarz et al. compared the
application of Bayesian and EM methods in multivariate
change point detection. 18

In this article, we propose a new modeling and monitoring
strategy for multivariate processes which follow a Markov
regime switching behavior with time varying transition prob-
abilities in the presence of missing and faulty observations.
Since the scheduling variable is usually a good indication to
the current operating mode of the process, transition proba-
bilities are considered to be time-varying as a function of the
scheduling variable. Therefore, transitions of the process
between different operating modes are taken into account by
defining the transition probabilities as distributions which are
function of the underlying scheduling variable. In compari-
son to conventional HMMs, this structure shows a far better
performance for the processes which have an asymmetric
time-varying transition behavior between different operating
modes, that is, when some of the modes are far from the
majority and the scheduling variable provides more flexibil-
ity in the modeling and filtering steps. Furthermore, a certain
structure is considered for the operating modes in the transi-
tion probability matrix as the operating modes can transit to
each other only in a logical manner, for example, normal,
abnormal, and then the faulty mode. This structure will
reduce the computational cost and provide an appropriate
framework for the industrial processes with continuous tran-
sitions from the normal to faulty modes.
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Since industrial data are usually subject to missing obser-
vations and unknown operating regimes, the problem is
solved under the EM algorithm framework. In the maximiza-
tion step (M-step) of the EM algorithm, the nonlinear inte-
rior point local optimization algorithm is adopted to find the
optimal value of some of the unknown parameters numeri-
cally. Since local numerical nonlinear optimization methods
are usually sensitive to the initial guess, the initial values of
the local optimization problem for the first iteration of the
EM algorithm are obtained from an optimization based on
the first few generations of the Genetic Algorithm (GA).
Other initial values for the unknown parameters in the EM
algorithm are obtained by assuming that the observations fol-
low a mixture of multivariate Gaussian distributions.

After the parameter estimation step, Hamilton’s filter is
applied to infer the hidden operating mode of the process for
the test dataset.” The accuracy of the algorithm is tested on
both simulation and industrial case studies and compared to
conventional HMMs. The industrial case study is the abnor-
mal operating condition diagnosis in the primary separation
vessel (PSV) which is an important early separation step in
oil-sands processes. The method shows satisfactory predic-
tions in recognition of different operating conditions of the
process.

The remainder of this article is organized as follows:
Problem Statement is the section where the model structure
and unknown parameters are introduced. Parameter Estima-
tion based on the Expectation Maximization Algorithm sec-
tion reviews the steps of the EM algorithm for parameter
estimation. Operating Mode Recognition section is the appli-
cation of Hamilton’s filter to infer the hidden operating
mode of the process. Results and Discussion section includes
the results of the simulation and industrial case studies and
Conclusion section concludes the article.

Problem Statement

The dataset for the process variables are considered as
follows

yir Yiz2o o YVIN
Y21 Y22 ot YN

Y: . . . . :(Yl,Yz,...,YN)
yer yp2 ' VPN

where P is the number of process variables and N is the
number of sample times.

The observable data (Cops) include Yo={Y;,...,Y, }, and
H={H,,...,Hy}, where H is the scheduling variable. The
missing data (Cpiss) include Yy ={Y,,,...,Y,,}, and the
hidden operating modes of the process at different sample
times, that is, /={Iy,...,Iy}. This hidden operating mode
corresponds to the operating condition of the process, for
example, normal, abnormal, and fault.

One could easily compare this terminology with the corre-
sponding terms in a state-space model. The introduced oper-
ating mode (operating condition) in this article, corresponds
to the states of a state-space model. Similar to a state-space
model, Observations (Y), which correspond to the process
outputs, are functions of the underlying states (Eq. 1). How-
ever, the dataset is only partially available (Yy). The transi-
tion probability matrix (Eq. 5) corresponds to the state, or
system matrix (A matrix) in the state-space representation.

February 2015 Vol. 61, No. 2 AIChE Journal



It is obvious that the union of Y, and Y,, is Y. The miss-
ing data (Y,;) might come from different sources such as
computer disconnections, sensor failures, and data collection
errors.'” Three main types of missing data have been intro-
duced in literature®: (1) Missing not at random (MNAR) (2)
Missing at random (MAR) (3) Missing completely at random
(MCAR). In the MNAR case, the probability of missingness
depends on the missing data. In the MAR case, the probabil-
ity of missingness does not depend on the missing data, but
depends on the observed data. In the MCAR case, the proba-
bility of missingness is independent of both the missing and
observed data. The missing data in the simulation case stud-
ies of this paper are assumed to be completely missed at
random.

Observations at the kth time step are assumed to follow a
multivariate normal distribution with mean vector y; and
covariance matrix X; given the operating mode i, that is

F(Yi|lk=1) ~ Np(w;, %) )

where
_ _ 1 _
oot Z =) L P (=5 0-0) "5 ) )

where 1 <k <N,1 <i<M, and M is the number of avail-
able hidden operating modes in the process.

7; is the initial state (operating mode) distribution of the
Markov chain (r;=P(I;=i)) and the time varying transition
probabilities are defined as a function of the scheduling vari-
able at the previous time step, that is

a(k);=P(lx=jlli-1=i,Hi-1) 2)

When i =j, o(k), follows the distribution in Eq. 3. Other-
wise, it follows the distribution in Eq. 4

2y,€xp (7(Hk27«71};H’>2>
o(k);= : 3)

1+exp (_‘(HAZ;I{H;)Z>
(k) 1.4 = 735 (1 —o1(k) ;) )

where 1 <k <N,1<1i,j<M,oy, is an indicator for the
validity of the scheduling variable in operating mode i, H; is
the mean value of the scheduling variable in operating mode
i, and y;;’s provide more flexibility in estimation of the distri-
bution for the transition probability o(k),;.

Having such distributions in Eqs. 3 and 4, continuous tran-
sitions of the scheduling variable, and consequently the pro-
cess, between different operating modes are taken into
account. One should note that in the case when H;—=H,;, «
(k); turns to a constant value and the transition probability
matrix behaves as a conventional Markov chain model.
When H;_; starts to deviate from H;, the distribution in Eq.
3 decreases, while the distributions in Eq. 4 start to grow,
that is, the probability to stay is the same mode decreases
and, as a result, the probability of transition to other modes
increases. This framework provides an appropriate structure
for modeling and monitoring of the processes with time-
varying asymmetric transitions between different operating
modes, that is, when some of the operating modes are far
from the majority and the scheduling variable can provide
more flexibility in the modeling and filtering steps. Industrial
examples of such cases are provided in the case studies of
this paper. Another advantage of considering such distribu-
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tions is the appearance of the linear constraints on y;;.;’s in
Eqgs. 6-8. Having such linear constraints, makes the optimi-
zation problem to find y;,,; analytically tractable using
Lagrange multipliers (Egs. 27, 28).

Moreover, the M X M transition probability matrix is
assumed to follow the structure in Eq. 5

(x(k)“ “(k)lQ 0 0 -
(k) py OC(k)PQ 0 0
“(k)(Pﬂ)l O‘(k)(ml)M
O‘(k)Ql “(k)QM
0 . 0 (k) g+ 1)0+1) (k) o+ 1)(m)

(6))

This structure imposes a logical transition between differ-
ent operating modes of the process, that is, the process can-
not enter the faulty modes right after leaving the normal
modes, and the abnormal modes are some intermediate
modes which have the capability to transit to both normal
and faulty modes. Also, from the faulty modes the process
can just transit to the abnormal modes. This transition behav-
ior is graphically presented in Figure 1. This structure makes
the model more appropriate for a wide class of process
industry applications where the process continuously changes
between different operating modes rather than sudden dis-
crete jumps from normal to faulty. Furthermore, it reduces
the number of required parameters and the computational
time in both parameter estimation and online operating mode
recognition (filtering) steps.

According to the structure introduced in Eq. 5, there are
three types of constraints on the parameters of the different
operating modes.

Constraints for the normal operating modes

=0
f1<i<P1<j<Q:0<y;<1, Y 3=1
Je1iA (6)

Constraints for the abnormal operating modes
=M
FPH1I<i<Q,1<j<M:0<7y;<1, Z =1 (D
J=LjA

Constraints for the faulty operating modes
ifQ+1 sis M71 SJ < Q : 'Vij:/xij:()
=M
FO+I<i<MQ+1<j<M:0<y;<1, Z y=1
J=OF LA
®)

These constraints are used later in the derivations of the
EM algorithm.

In summary, the unknown parameters to be estimated
from the EM algorithm are the mean vectors and covariance
matrices of the different modes (i; and X;), parameters of
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Figure 1. The diagram of operating mode transitions used for fault detection purpose of this article (normal
modes: 1 to P, abnormal modes: P + 1 to Q, faulty modes: Q + 1 to M).

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

the transition probabilities (y;’s and 7;;’s) and the validity of
the scheduling variable in different operating modes (o).
The mean value of the scheduling variable at different oper-
ating modes (H;’s) are assumed to be known from the histor-
ical data (find more information in Section Maximization
Step).

Parameter Estimation Based on the Expectation
Maximization Algorithm

EM algorithm finds the maximum likelihood estimation of
the unknown parameters by iteratively switching between the
expectation (E) and maximization (M) steps.21

In the E-step of the EM algorithm, the Q-function, which
is the conditional expectation of the complete data, is
calculated

0(010°Y=E, (o ¢y {102/ (Cabs, Cmiss[0) } ©)

where 0°'¢ is the vector of parameters for the previous itera-
tion, Cpss 18 the missing dataset and Cops is the observed
dataset.

In the M-step, the set of parameters that maximizes the Q-
function are calculated

0™ = argmax Q(0]6°'%) (10)
0

This procedure is iteratively repeated until some stopping
criterion is satisfied.

Expectation step

In the expectation step, the expected value of the
complete-data log-likelihood function is calculated. Observed
and missing data and the unknown parameters have been
previously introduced in the problem statement section

Q(0| Hold) :ECmiss\(ecld«,Coba) {logf(Cobs, Ciss | 6)}
=L ral 0 co) o8 (Vv Hin, vl 0)}

Using the chain rule, the probability density function in
Eq. 11 can be decomposed as follows

f(YI:N7H1:N7Il:N|0)
=f(Yin|Hin,D1n, O)P(Iin|Hin, 0)P(Hin|0)

an

12

Each term of Eq. 12 is explained in Egs. 13 to 15,
respectively
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N
f(YI:N|H1:N7II:N7H)ZHf(Yk|Yk—la YL, Hiw, i, 0)
k=1

N
=[Tr . 0)
k=1

13)

In Eq. 13, we have used the fact that given the model
identity /, the conditional distribution of Y is independent of
the scheduling variable H. Furthermore, Y, follows the multi-
variate normal distribution in Eq. 1 given the hidden operat-
ing mode at time k. Also

N
P(II:N|H1:Na O)ZHP(]ka*h s 7[17H1:N70)
k=1
N (14)
=P(I) [ [PUllc-1, Hi-1,0)
k=2

Equation 14 is derived based on the Markov property of

the model.

H; is independent of 0, and therefore, the last term in Eq.
12 can be considered as a constant in the Q function, that is

P(H,.y|0)=Const (15)

Following Egs. 12 to 15, the O-function in Eq. 11 can be
written as

N
Q(0|0°1d) :EIIthYMI(OOIdacobs) {Zlogf(YkUk, 9))
k=1

N
+ZlogP([k|lk_1,Hk_1, 9))+10gP(11)+10g(C0nst)}
=2

(16)
In the first step, the expected value in Eq. 16 is calculated
with respect to the hidden operating modes (/;), that is

Q(0]6°%)=
EYM‘(GO.AVC(MZ . .ZP(Il, o N[0 Cops)
1, Iy

N N (17)
{Zlogf(YkUk, 0)+Zlogp([k|lk—17Hk—17 9)
k=1 k=2

+logP(I;)+log(Const) }
Equation 17 can be further simplified as
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o(0]0™")=

M N
Y (09 Consad) {ZZP Ik_l|90
1 k=

i 1

obs)lng(Ykllk_l 0)
M N (18)
ZZ [l\_f7lk 1_l|0 obs)log%(k)

J=1k=1

P(I;=i]6, obs)logniﬂogConst}

In the next step, expectation is calculated with respect to
missing observations (Yy,), that is

0(0]6°)=
M N
J ZZP(U:"‘QOM’Cobs)logf(Yka:l} 0)
Yo i=1k=1
XP( my: m/{‘eol 0b571)de1:m/g

M M N
J ZZZF Ii=j, ;- 1—l|0 ; Cobs )loga; (k) (19)

Yo i=1 j=1k=

XP(le:mﬁ ‘00 ) CobSa I)dYWI[:nllf

M
+J D P11 =i]07, Cops ) logm;
Y,

m =1
XP(Yrysimy |0, Cops, )Y, m, +1og Const

Since the integration is with respect to the missing obser-
vations, Eq. 19 can be simplified as

0(0]0°)=
Mt
D logf (Yellk=i, 0)P(I,=i|6°, Cops)

i=1k=1

mg

+ZZP (L=i]0°, Cops)

i=1k=m
j (Yi[0%, Caps e =0)logf (Vi L=i, 0)dY,  (20)
M M N

+ZZZP IA—j,Ik 1—l|9

i=1j=1k=

+ZP (I, =i|6™

+log Const

obﬁ)IOg“lJ (k)

, Cobs)logm;

Assuming that Y, follows the multivariate Gaussian distri-
bution in Eq. 2 given the hidden operating mode at time %,
and using the properties of the expected value of the quad-
ratic form, the integral term in Eq. 20 can be derived as

[ (kaold obsa[k_l)logf(yk|]/\_l His i)dY/\’

l(ﬂ‘(zﬂqud) (21)

—— 2 log((2n)" %) -3
(= ) 2 (P )

Details of the derivation are provided in Appendix.
Finally, the Q-function is written as,
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0(010°%) Zngf Yilli=i, 0)P(I;=i]0°", Cons)

=1 1

M mg

+ZZP v_l|0 obs)

i=1k=m

(—%log((Zn) = |)—%( (21

(22)
()5S (u?“-m)))

M N
ZZP ]k—],lk 1_l|9

j=1k=1

+ , Cops )loga; (k)

P(I,=i|60° old Cobs)logm;

e I

i=

+log Const

Maximization step

In the maximization step, derivatives of the Q-function are
taken with respect to the unknown parameters and then set
to zero. For the parameters without an analytical solution,
the optimal value of the parameters are found following a
numerical optimization procedure.

In order to find the optimal mean vector of the different
operating modes, derivatives of the first two terms in Eq. 22
are taken with respect to y; and then set to zero. Using the
derivative properties of the vectors, the final result for the
mean vector of each mode is obtained as in Eq. 23. More
details are discussed in the Appendix.

ty mg
/J“ew:Zk:t YkP(]kzled obs +Z : OldP(I _l|0 Obs)
i N
Zk Pk =il0°, Cavs)

(23)

Derivatives with respect to the covariance matrix of each
mode are taken and set to zero in a similar manner. The final
result is presented in Eq. 24. Details of the derivations are
provided in the Appendix.

124 w w
k=1, (Y/~ .u:le )(Yk une ) P( _l‘eold obs)
Zk 1 P(L=i]0°", Cos)

() + (=) (2 = =) VP U= 110, Cons)

> PU=il0™, Cons)

(zi)new —

mp

+ k=m

(24)

The optimization problem to find 7; is constrained by Zf‘il T
=1 and as a results the Lagrange multiplier / is introduced

y M
7"V = argmax {ZP(II =i|0°%, Cops)logm; + 2 (Z n,~—1> }

i i=1 i=1
(25)
Taking the derivative of Eq. 25 with respect to the
Lagrange multiplier and n;, and solving the set of linear
equations, the expression in Eq. 26 is obtained
T =P (I, =i|0°, Cobs) (26)
Similarly, the optimization problem to find y;;; is con-

strained by Z/ 1 Vijizj= 1. Therefore, Lagrange multiplier A
is introduced
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M M N
Viji#i i=1j#£i=1k=2
y (27)
Xlog(a(k))+ 2 Z/”_l)}
j#i=1

where o;;(k) is introduced as a function of y; in Egs. 3 and
4. Taking the derivative of Eq. 27 with respect to y;;;; and
the Lagrange multiplier and then solving the set of linear
equations, the following result is obtained

M M N

ZA , PU=), I 1 =i|0°
Zi#izlzkzz Ik:J7Ik71:l|9

Due to the existence of the exponential function in transi-
tion probabilities (x;(k)), the unknown parameters ¢y, and
y;; cannot be obtained analytically when maximizing the cost
function in Eq. 29

obs )

(Vi)™ = (28)
Cobs)

(04, i) 1oty = argmax > > > "P(I,=j, 1,1 =0, Cops) ¥log(ay;(k))

OH; Vi

i=1j=1k=2

(29)

8.0 S Vii < 17 O Huin < OH; < O Hypax s yl/ 7é 0

Local nonlinear optimization methods to find the optimal
value of the unknowns (o, and 7;;) are very sensitive to the
initial values and it is possible that the optimization problem
converges to a local optimum rather than a global. On the
other hand, some of the moderate optimization techniques,
like GA, do not require initial values, and if some certain
criteria such as parallel searching, efficient interactions
between different search trajectories and intelligent steps
with appropriate step sizes are considered, the algorithm will
normally reach a global solution, or a better local one. How-
ever, these methods are time consuming if used for global
multivariate optimization of large databases in the presence
of missing observations.***

In this article, we will use the following procedure in
order to find the optimal value of the unknowns without ana-
lytical solution in the Maximization step. Similar procedures
have been previously introduced in literature.>** Using this
procedure, an intelligent random sampling for initialization
of some of the parameters in the EM algorithm is used.
Unlike previous initialization techniques, which provide
completely random initial values and select the one solution
with the largest likelihood,”® GA will provide the initial val-
ues based on the population’s fitness and a target sampling
rate. Consequently, the low performance initial values will
be generated with very small probabilities,” and it will be
more likely to have the appropriate initial values for the EM
algorithm.

1. At the first iteration of the EM algorithm, start the non-

linear optimization problem in Eq. 29 with only a few
generations of the GA.

2. Continue the optimization of the function in Eq. 29
with results of the GA as the initial values for the
local interior point nonlinear constrained optimization
algorithm (more details are available in the
references.”’-*®

. Having the optimal values from the previous step, con-

tinue the maximization step following Eqgs. 23, 24, 26,

and 28.

Save the calculated optimal values as 0°Y for the next

iteration which starts from step 2.

The initial values for the mean vectors and covariance
matrices (u; and X;) of the different modes in the EM algo-
rithm can be obtained from an initial solution based on a
mixture of multivariate Gaussian distributions assumption for
the observations (Yp). The initial values for y;;.; can be
selected to be equal to 0.5, assuming equal probability for
all the transitions. In the cases where operating modes of the
scheduling variable are unclear, the mean values of the
scheduling variable at each operating mode (H,’-s) and the ini-
tial values for the validity of the scheduling variable at each
operating mode (oy,) can be obtained assuming that the
scheduling variable follows a mixture of Gaussian
distributions.

The optimization problem will iterate between the E and M
steps until the convergence criterion is satisfied. The conver-
gence criterion in this article is set to be less than the absolute
value of the likelihood change in two successive iterations.'’

Furthermore, P([;=j,I;—1=i|0"%,Cops) and P(I;=i|6°",
Cobs) are required to complete the max1mlzation step in Egs.
23 to 29. These terms are calculated as follows

4,

if Y} is observed,

P(ly=j, -1 =i]0°, Cops) =
P(Iy=j, [, =ilY,, ..., Y, 0"1"7H1, . Hy)=
F, oo Y =), = =i, 0 Hy, ... Hy)XP (L=, [, =i|0" H,, ... Hy) _ 30)
S S W Yo llimj ey =1, 0 Hy o H)XP =) Ly =107 Hy, . Hy)
FLe=j, OYP (L =j|i—1 =i, Hj—1, 0" XP (I, =i|0°% H\, ... ,Hi—)
S S =g, M) P U=y =i, Hy, )X Py =110, H . Hy)
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if Y) is missing,
P(I=j, =1 =i]0°, Cops) =
P(Iy=j, I =i\0°d,H1, . Hy)=
P(Ly=jl—1 =i, 0™ H_)P(I;—, =i|0° H, . ..

(€29

JHis)

where in Eqs. 30 and 31, P(I=j|I;—1 =i, 0" H;_|)= oc,j(k)"ld7
F(Yilli=j, 0°) follows the multivariate normal distribution in
Eq. 1 with mean vector and covariance matrix y¢'¢ and ¢
obtained from the previous iteration, and P(l;—; —1|0°IUI Hl,
,Hy—>) is obtained through discrete-valued state propaga-
tion of Markov chain starting from the initial value of
P(I; =10, Cops) =7,
Finally, P(Ik—z|9 ld
tion of P([k—l I - 1—j|9
for [kflr that is

obs) can be obtained from summa-
,Cobs) Over all the possible modes

P(1;=i]0°, Caps) ZP(Ik—zIA 1=j10°, Cans) - (32)
Jj=1

Operating Mode Recognition

Online operating mode (state) recognition is needed for
fault detection. Through an online application, probability of
the hidden process modes given the observations
(P(Ig|Yx, ..., Y1,Hy,...,Hy)) can be calculated using Hamil-
ton’s filtering strategy2 as follows:

1. Calculate the joint probability of the modes /; and I;—;

given the information up to time k — 1

P([k7]k*1|Yk*Ia"'7Y17Hk*l>"'7H1):
(33)
P(Le|l=1s Hi=1 )P (=1 |Yi=1, - - s Y1, Hi=1y . .., HY)
where P(Ik‘[kfl,kal):OC,j(k), and P(Ik71|Yk71,...7Y1,Hk71

.,Hy) is the previous output of the filter.
2. Update the probability of the modes I, [;—; using the
new observations at time k

P, =1\ Yey ., Y1, Hyy oo Hy )=
P(Yi, Iy =1\ Yi=1y - -, Y1, Hyy ... HY) (34)
P(Ye|Yi=1,.. ., Y1, Hy, ... Hy)
where
P(Ye,le, Ie—1|Ye—1, ... Y1, Hyy .. HY)
=PYelle,lr=1,Yi—1, -, Y1, He,y ... Hy)
XP (L, Li=1|Yi=1, -, Y1,Hey . .., Hy)

=f(Ylli) P (I, =1 Y1, - - -

where f(Y|I;) follows the multivariate normal distribution in

Y\,Hp1,...,Hy)

Eq. 1 and P(Iy, It |Yi—1, ..., Y1,Hi=1, ..., H}) is known from
Eq. 33.
The denominator in Eq. 34 can be calculated as
PYi|Yi-1,--- Y1, Hy,y ... Hy)
M M

:Z Z P(Yi, I, I—1|Ye—1,.... Y1, Hy, ... Hy)

Li=1I_ =1

3. The output of the filter will be

M
Z P(li, Ii=1Yay o Y1, Hyy oo HY)
Pt

P(Ik|Yk,...,Y],Hk,...,H1)=

(35)
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Table 1. System Parameters to Generate the Simulation
Data

7p=1[0.25,0.25,0.25,0.25]
711=0.98,71,=0.5,7,;=0.5,7,,=0.95,7,3=0.3
731=0.2,73,=0.6,733=0.89,7,,=0.4, 7,4, =0.92
.“l:[573]’#2:[1078]7/13:[1179]7:“4:[181 16]

1 05 3 0.75
%= , 2=
05 25 0.75 4.5

4 04 2 06
Iy= DUES
04 55 0.6 0.5

OH, =57 OH, =47 O, :457 6H4=3

Results and Discussion

As previously stated in the introduction and problem state-
ment sections, the advantage of using the proposed structure
of this article over conventional HMMs can be very well
demonstrated when a process has an asymmetric time-
varying transition behavior between different operating
modes, that is, when some of the operating modes are far
from the majority and the scheduling variable helps in the
modeling and filtering steps by providing more flexibility.
Examples of such situations are demonstrated in the case
studies of this section.

A numerical case study

In this simulation case study, we consider a system that
operates in four operating modes which are normal (Mode
1), abnormal 1 (Mode 2), abnormal 2 (Mode 3) and fault
(Mode 4). Observations of each mode are assumed to follow
different multivariate normal distributions. The abnormal
modes (Modes 2 and 3) are assumed to be close to each
other and far from the normal and faulty modes as in Table
1. Operating modes of the process follow the structure pro-
posed in Figure 1. In order to test the validity of the algo-
rithm for missing observations, some observations (10%) are
randomly missed in the simulation at various sampling
instants. The missing data are assumed to be completely
MAR. The scheduling variable is assumed to linearly transit
between different operating conditions. Parameters used for
the simulation are presented in Table 1. Parameters y;3, 714,
V24> V345 Y41, and 743 can be further obtained from Egs. 6, 7,
and 8 respectively.

Following the expectation-maximization procedure intro-
duced in Parameter Estimation Based on the Expectation
Maximization Algorithm, the final estimated value of the
parameters from a training dataset including 8000 data are
obtained as presented in Table 2. As it is clear from this
table, the estimated parameters are close to true parameters

Table 2. Estimated Parameters from the EM Algorithm

79=10.25,0.25,0.25,0.25]

711=0.9912, 9,,=0.6633, 75, =0.6756, 7,,=0.9775, 7,,=0.2882
731 =0.3037, 73, =0.5379, 73, =0.8861, 7,, =0.3470, 7, =0.9397
11, =[5.1991,3.2050], 11,=[9.8667, 7.8267]

115=[10.8162, 8.7122], 11,=[17.0019, 14.9031]

o (12727 07264\ (34465 10722
"No2es 30525 )77 \ 10722 47376
47419 06518\ (26854 06330
06518 5.6666 )+ \0.6330 0.6890

=5.2613, 0, =4.1880, 6y, =4.3707, 61y, =3.4833
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of the process. Due to the nature of the industrial process
which is used in this article, with small sampling rates and
large number of operating modes, using such large training
datasets are more appropriate for the proposed method to
provide robust process identification results. However, size
of the training dataset might vary for other industrial appli-
cations according to their sampling-rate and number of oper-
ating modes.

In order to compare the performance of the proposed
method in operating condition diagnosis with conventional
HMMs,'>!3 first, another dataset including 8000 data are
generated from the same model in Table 1 for training pur-
poses. Since conventional hidden Markov models cannot
deal with missing observations, the complete dataset is
assumed to be observable and the performance is only com-
pared in the adaptive property of the new technique rather

than handling of the missing data. Next, a validation dataset
is generated from the same model, which is presented in Fig-
ure 2. Results of the filtering procedure to find the probabil-
ity of the hidden operating modes given observations based
on the proposed method of this article (Operating Mode Rec-
ognition section) are presented in Figure 3. Based on these
probabilities, true and the estimated operating modes of the
process are presented in Figure 4.

As presented in Figure 4, except for some very fast
changes in the dynamics of the process which cause some
false alarms (time instants around 1700 and 2700 for exam-
ple), the method is generally able to detect the true operating
mode of the process.

Results of the probability calculation and operating mode
recognition based on conventional multivariate HMMs are
presented in Figures 5 and 6.
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Figure 3. Probability of the hidden operating modes for the validation dataset using the proposed method of this

article.
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As presented in Figure 5, applying conventional HMMs,
the developed model is unable to distinguish between the
two close abnormal operating modes (Modes 2 and 3), that
is, probability of the observations given these modes is close
to each other and close to 0.5. Consequently, in Figure 6,
one could see that based on the probabilities in Figure 5, at
several time instants, operating mode 2 is incorrectly catego-
rized as 3.

This example illustrates one of the cases where applying
time-varying transition probabilities based on the distribu-
tions introduced in Eqgs. 3 and 4 can provide more accurate
predictions for the true hidden operating mode of the pro-
cess. As this example shows, existence of an accurate
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Figure 8. Different operating modes for the process variables (validation dataset).

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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Table 3. Estimated Parameters for the CSTRs in Series
Using the EM Algorithm

mo=[0.3333,0.3333,0.3333]
711 =0.9472,7,, =0.6301, 7,, =0.9142, 735 =0.9968,
11, =[0.0041,452.7567], 1, = [0.0033, 455.8058],

11;=[0.0023,461.5816]

s 9.2697X107%  —2.0526x107*
=
—2.0526x107* 0.5908
s 7.1064X107%  —2.1382%x107*
=
—2.1382x107* 0.7967
s 3.0473x1077  —1.8x1073
=
—1.8x1073 11.3670

o, =0.9089, 54, =2.7259, 514, =9.8989

scheduling variable can provide more flexibility to model
and monitor the process transitions between different operat-
ing modes.

A simulation study

In this example, the proposed method is tested on the two
continuous stirred tank reactors (CSTRs) in series introduced
by Henson et al.?’ The irreversible exothermic first-order reac-
tion A — B occurs in the two reactors in series. The feed
enters the first reactor with flow rate gy and temperature and
concentration C 4y and T respectively. The product of the first
reactor is then feed to the second reactor. A parallel flow (g.)
is used as the coolant. The process is illustrated in Figure 7.

The process works in open loop condition. Concentration
of the product C,, is the important output variable for con-
trol purposes. In the steady-state condition, C4y is around
0.05(me!).

Temperature of the first reactor (7)), which can provide a
preindication to the operating condition of the process before
receiving the final product, is selected as the scheduling vari-
able. It is assumed that there is no measurement for the cool-

ant flow rate (g.(-%)) and coolant flow rate is selected as
the disturbance with variance 10.

The main cause of the changes in operating condition of
the process is the sudden changes in the feed flow rate (gy).
In this example, the feed flow rate is assumed to vary
between 3 operating modes following the Markov switching
model given in Eq. 5. Normal (Mode 1) and abnormal
(mode 2) operations occur when the feed flow rate is around
its steady-state value, that is, qf(Model>:105.4(ﬁ) and
Gi(Mode;)=112.6(:-). The faulty mode occurs when feed
flow rate suddenly increases (g(modes)=134.3(-%)) and the
coolant flow rate is not enough to maintain a constant pro-
cess temperature. In such situations, the output temperature
(T,) suddenly increases. This is followed by a very low
product concentration (Cyy). Therefore, these two key varia-
bles (T, and Cy,) are selected as indicators of the operating
condition of the process. An example of the normal, abnor-
mal and faulty operating conditions of the process is illus-
trated in Figure 8. The output temperature is in Kelvin unit.
Parameters of the transition probability matrix, which cause
the switching behavior in the feed flow rate, are selected as
711=0.95,72,=0.7,75,=0.93,7y33=0.97, 641 =15, 61=13,
and oy3=10. Parameters 715, 723, and 7y3, can be further
obtained from Egs. 6, 7, and 8, respectively.

The scheduling variable and the disturbance to the process
are presented in Figure 9. Applying a moving average filter,
the scheduling variable is filtered to provide an overall indi-
cation for the transitions of the process between different
operating modes. According to the previous discussion on
the feed flow rate, in this example, the faulty mode is
selected far from the normal and abnormal operations of the
process. Similar to the previous example, this asymmetric
mode transition provides a condition to more clearly demon-
strate the advantage of the proposed method of this article
over conventional techniques.

The historical dataset including 8000 data points, which
are different but from the same model as Figure 8, is used
for training purposes. Similar to previous example, 10% of
the training data are assumed to be randomly missing.
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Figure 10. Probability of the hidden operating modes for the CSTRs in series based on the proposed method of
this article and the validation dataset in Figure 8.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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Results of the parameter estimation based on EM algorithm
introduced in Parameter Estimation based on the Expectation
Maximization Algorithm section are presented in Table 3.

In order to compare the performance of the proposed
method in this article and conventional HMMSs, both meth-
ods are tested on the data in Figures 8 and 9. The training
dataset to train conventional HMMs is the same as the his-
torical dataset that is used for parameter estimation in
Table 3. However, here, the complete dataset is assumed
to be observable since conventional HMMs cannot deal
with the missing observations. Therefore, the comparison
is made only in the time-varying property of the new
model.

Using the proposed method of this article, probability of
the different operating modes given new observations is pre-
sented in Figure 10. Based on these probabilities, true and

488 DOI 10.1002/aic
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estimated operating conditions of the process are demon-
strated in Figure 11.

As presented in Figure 11, similar to the previous case
study, other than some very fast changes in the process vari-
ables, the proposed method of this article is able to detect
the different operating modes of the process.

Results of the filtering and operating condition diagnosis
based on conventional HMMs are presented in Figures 12
and 13, respectively.

Comparing the results in Figures 11 and 13, one could
easily observe that the conventional method provides several
false alarms in detection of the faulty mode. This is another
good example to show the merit of the proposed method of
this article for the cases where the process operates among
asymmetric operating modes and adaptive transition proba-
bilities provide more flexibility for overall monitoring of the

February 2015 Vol. 61, No. 2 AIChE Journal
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Figure 13. True and estimated operating modes of the process for the CSTRs in series using conventional HMMs

and the validation dataset in Figure 8.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

process. In this example, existence of the scheduling variable
helps the model to adapt to the new modes. Therefore, the
new framework eventually enables the model to better detect
the faulty mode which behaves far from the normal and
abnormal modes.

An industrial case study

In this section, the proposed process monitoring strategy is
tested on the underflow of an industrial scale primary separa-
tion vessel (also known as the PSV unit) in the oil-sand
industry. Due to the high solid concentration and sand depo-
sition in the underflow, there is a concern of underflow plug-
ging that can cause process upsets and interruptions. The
schematic of the unit is presented in Figure 14.

The PSV unit is a cone shape vessel that separates the
feed. The feed stream, which usually contains water, bitu-
men, coarse sand, and fine, enters the unit. The lighter part
of the feed (bitumen) floats to the top section and creates the
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Primary Separation Vessel (PSV)
Figure 14. Schematic of the PSV unit.

[Color figure can be viewed in the online issue, which
is available at wileyonlinelibrary.com.]
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froth layer. Fines, water, and some bitumen aggregates are
pumped through the middlings stream for recycling purposes.
The underflow, which is also known as the tailings, contains
coarse solids and some bitumen. When the flow rate of the
tailings is below a critical value (critical minimum velocity)
coarse particles start to deposit and cause upset operating
conditions in the underflow. The complete plugging of the
pipeline is referred to as “sanding” in oil-sand industries.

The critical minimum velocity is a function of different
variables including carrier fluid’s density, carrier fluid’s vis-
cosity, coarse particle volumetric fraction, coarse particle
diameter, etc.’ Carrier fluid is a portion of the fluid which
contains fines. Therefore, the middlings stream is a good
indicator for the carrier fluid’s properties. On the other hand,
the tailings stream, which usually contains coarse particles,
is a good indicator for the depositing material’s properties.
Thus, the properties of these two layers play the key roles in
sanding detection.

Normal, Abnormal and Faulty dﬁerating Cond:rliiihé' -
T - —

= i

c

?

@

a

&

€

@

o

5 L 1 L
100 200 300 400 500 800 700

Z

c

&

=2

&

=]

h-l

= . " . . . .
100 200 300 400 500 600 700

@ \ Schedulling Variable

< T T T ~T]

2

©

8

>

2

g

w

100 200 300 450 560 560 3 700
Time . - )
Figure 15. A case of upset operating condition in the
primary separation vessel from historical
data.

[Color figure can be viewed in the online issue, which
is available at wileyonlinelibrary.com.]
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Table 4. Estimated Parameters for the Industrial Case Study
Using the EM Algorithm

mo=[0.3333,0.3333,0.3333]
711=0.9934, 7, =0.1987, 7,,=0.9887, 73, =0.9929,
1ty =[1.4483, 1.4965], i, =[1.2757, 1.5246], 15 =[1.1490, 1.4227]

o (00022 00003
"1 0.0003 0.0013
0.0041  —0.0018
22=
~0.0018  0.0032
0.0043 0.0014
23:
0.0014 0.0085

o, =4.681X10%, a5, =1.257X10%, oy, =3.7051x10*

Density of the middlings and underflow streams can be
measured through online analyzers. Since all the other neces-
sary variables which impact the critical minimum velocity
are directly, or indirectly, functions of these two variables,
the densities are frequently observed by the operators to infer
the operating condition of the process and avoid sanding
conditions. Therefore, these two variables are selected as the
sanding indicators. The tailings flow rate can also provide a
preindication to the operating condition of the process and is
selected as the scheduling variable in this study.

When the process approaches the upset operating condi-
tion, underflow and middlings densities start to gradually
increase. Since the tailings flow rate is in closed loop with
underflow density, when the underflow density exceeds some
high limit, the pump revolution per minute (RPM) starts to
increase to remove the deposited sand and return the opera-
tion to its normal condition. This causes a sudden decrease
in the middlings and underflow densities. If in the early
stage of such circumstances, the operators can be notified
about the operating mode of the process, they can add water
through the cone flush water (Figure 14) to assist the suspen-
sion of solid deposits and avoid complete sanding of the
pipeline. An example of an upset operating region which has
occurred in the past is presented in Figure 15.
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Figure 16. Validation dataset for the industrial case
study.

[Color figure can be viewed in the online issue, which
is available at wileyonlinelibrary.com.]

From Figure 15, one could observe that the abnormal (inter-
mediate) and beginning of the upset operating conditions,
which are denoted by a red circle, are close to each other and
far from the normal operation of the process. Existence of such
asymmetric behavior provides a good example to show the
merit of using time varying over fixed transition probabilities.

In this industrial case study, eight cases of upset operating
conditions similar to Figure 15, which have occurred during
a year in the historical data, are selected for the training pur-
poses. A case of an upset operating region which has
occurred in a month of a different year is selected as the test
dataset. During the online measurement process, some obser-
vations appear as “Not a Number” or “NaN” value in the
server. These observations are treated as the “missing obser-
vations” in this case study.
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[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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Following the proposed estimation method in this paper,
the parameters are obtained as in Table 4.

The validation dataset is presented in Figure 16. The upset
behavior occurs at the time period around 12,000 where the
densities suddenly start to decrease due to the reaction of the
pump to an abnormal event (red oval). Results of the operat-
ing mode recognition based on the Hamilton’s filtering algo-
rithm are presented in Figure 17.

In Figure 17, operating mode 1 is the normal, operating
mode 2 is the abnormal and operating mode 3 is the upset
operation in the process. As presented in Figures 16 and 17,
a sudden decrease in the density of the middlings and under-
flow streams, which is accompanied by an increase in the
underflow pump RPM, has ended to an alarm (operating
mode 3) during the online diagnosis application.

In order to compare the results with the case of conven-
tional HMMs, the same training and test datasets are uti-
lized. However, only the observed part is used since
conventional HMMs cannot deal with missing observations.
Results of the operating mode diagnosis based on conven-
tional HMMs are presented in Figure 18.

Again, it is observed from Figure 18 that a number of false
alarms appear in the predictions and the abnormal and faulty
modes are not clearly diagnosed from each other when using
conventional HMMs. The better performance of the proposed
method of this article (compare the results in Figures 17 and
18) can be understood from the behavior of the scheduling
variable (Flow rate) in Figure 16. One could see that in the
faulty mode, the scheduling variable suddenly increases and
helps in operating condition diagnosis. However, in the nor-
mal and abnormal operations, the scheduling variable cor-
rectly affects the transition probabilities to remain in the
normal and abnormal modes and avoid false alarms.

Conclusion

In this article, a novel approach for modeling and monitor-
ing of the time-varying multivariate regime switching systems
subject to fault and missing observations is introduced. Due to
the existence of the missing observations and unknown oper-
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ating modes, the EM algorithm is applied to find the unknown
parameters. Also, an optimization procedure is introduced to
reduce the sensitivity of the EM algorithm to its initial values.

The proposed method is tested on two simulations and
one industrial case studies and shows a superior performance
in detecting the different operating modes of the process in
comparison to the conventional methods. In general, applica-
tion of time varying transition probabilities, as introduced in
this article, provides better classifications for different oper-
ating modes of the process. This improvement can be more
clearly observed in the processes with asymmetric time vary-
ing transitions between different operating modes.
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Using the derivative properties of the trace, determinant and
inverse we obtain
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