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Abstract—In most industrials, the dynamic character-
istics are very common and should be paid enough at-
tentions for process control and monitoring purposes. As
a high-order Bayesian network model, autoregressive dy-
namic latent variable (ARDLV) is able to effectively extract
both auto-correlations and cross-correlations in data for a
dynamic process. However, the operating conditions will
be frequently changed in a real production line, which in-
dicates that the measurements cannot be described using
a single steady-state model. In this paper, a set of switching
ARDLV models are proposed in the probabilistic framework,
which extends the original single model to its multimode
form. Based on it, a hierarchical fault detection method is
developed for process monitoring in the multimode pro-
cesses. Finally, the proposed method is demonstrated by
a numerical example and a real pre-decarburization unit in
an ammonia synthesis process.

Index Terms—Multimode process, process monitoring,
switching autoregressive dynamic latent variable model,
EM algorithm

I. INTRODUCTION

FOR the purpose of efficient and optimal control, sys-
tem reliability and process safety, the real-time process

monitoring techniques have been widely studied in academic
research and applied in modern industries. Particularly, multi-
variate statistical process monitoring (MSPM) based methods
are rapidly developed since they require neither the principal
models nor the process knowledge and an increasing number
of measurements have been collected through the distributed
control system (DCS) [1]–[4]. The traditional MSPM such as
principal component analysis (PCA) and partial least squares
(PLS) have been proven to be effective to extract cross cor-
relations of the process variables and provide the warnings of
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the process malfunctions or sensor failures [5]–[11]. However,
it also leaves the dynamic relations among the measurements
un-modeled. In real industries, the processes are dynamic in
nature and the measurements are usually time-correlated so
that the static models are not applicable any more [12].

To deal with the dynamic process modelling and monitoring
problem, several approaches have been carried out. Ku et al.
first proposed dynamic extension modeling method for PCA,
which is referred to dynamic PCA (DPCA). It can eliminate
the impact of dynamic property for fault detection purposes
[13]. Inspired by the subspace model identification (SMI)
methods, Li and Qin developed an indirect DPCA model [14].
Later, Ding et al. combined SMI with data-driven method
and proposed an observer based fault detection scheme [15].
In addition, as the typical SMI models, canonical variate
analysis (CVA) and PLS are also used for dynamic modelling
and monitoring purpose [8], [16]. Furthermore, Kruger et al.
established an improved ARMA-PCA using the time series
model [17].

DPCA, subspace-based and time series models are efficient
to extract the auto-correlations (dynamic relationship) in data
while the cross-correlations (static relationship) are not de-
scribed explicitly. To solve this problem, Li et al. developed
a dynamic latent variable (DLV) model, in which both auto-
correlations and cross-correlations are respectively extracted
by the dynamic and static latent variables [12]. Besides, a
data-based linear Gaussian state-space model (LGSSM) is
also proposed to combine the dynamic and static latent vari-
ables into common latent factors [18]. However, the dynamic
characteristic in LGSSM is only described using a first-order
Markov random process so that the it makes the high-order
system dynamics implicit. Recently, Zhou et al. developed a
novel dynamic process model, which is called autoregressive
DLV (ARDLV). In ARDLV, the DLVs are restricted in a
low-dimensional subspace to capture both dynamic and static
relationship at the same time. Also, an AR model is used to
deal with the high-order dynamic process. It has been illus-
trated that ARDLV outperforms several alternative dynamic
modelling methods for process monitoring purpose [19].

However, ARDLV model is only sufficient for single sta-
ble dynamic processes. Indeed, the operating conditions of
many industrials would frequently change due to aging of
the equipment, fluctuations of raw materials and demands of
the market. For processes with multiple operating conditions,
which are called multimode processes, several researches have
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also been made. One approach is to build several predefined
models to match each corresponding mode, which is called
the model library based method [2]. Zhao et al. developed a
multiple PCA for multimode process monitoring purpose [20].
Chen and Liu proposed a mixture PCA model in which the
measurements are recognized to be a particular mode using
the clustering analysis [21]. Besides, some soft modelling
methods in the probabilistic framework are developed since
the transitions between two stable operation modes are not
well-modeled in the model library based method. Choi et al.
used a maximum-likelihood PCA mixture model for nonlinear,
dynamic or multimode process fault detection [22]. Ge and
Song proposed a mixture Bayesian regularization PPCA and
the number of latent variables will be learnt by a prior
super-parameter [23]. Zhu et al. proposed a robust mixture
PPCA with the Student t-distribution to deal with the outliers
and missing values in the multimode process [24]. GMM
based multimode modelling methods are also used for process
monitoring both in continuous and batch process [25]. Besides,
another type of methods is also used for the multimode process
modelling and monitoring, which is called the local-learning
model [26]. One of the representative method is the just-in-
time learning, which has been used for multi-grade process
modelling [27]. Ge and Song also developed an adaptive
local model approach for nonlinear multiple mode processes
[28]. The local-learning methods are quite flexible for any
multimode processes and the new mode of the process can be
easily incorporated into such model.

It is noticed that most existing multimode modelling meth-
ods still hold the assumption that the correlations of the
data in each single mode are static and leave the dynamic
properties un-modeled. For this purpose, Chen and Ge pro-
posed a switching linear dynamic system (SLDS) model [29],
in which LGSSM is extended to its multimode form. The
resulting model is used for fault classification. However, SLDS
cannot extract the dynamic correlations accurately in the single
mode, which is similar to LGSSM. Hence, a novel multimode
dynamic model is desirable to be developed using the ARDLV-
based method, especially for fault detection purpose. The
straightforward manner is to extend the basic ARDLV to
a mixture form. In such model, however, the number of
dynamic latent variables would increase exponentially with
the length of the time series, which indicates that this model
is invalid in practice [30]. Therefore, a switching ARDLV
model is designed in this paper. For the proposed method, each
single dynamic process can be modeled using an ARDLV and
different modes are switched automatically using a switching
scheme by a first order hidden Markov chain. Furthermore, a
multimode process monitoring scenario is developed based on
the switching ARDLV.

The remainder of this paper is structured as follows. The
ARDLV model is briefly revisited in Section II. Then, the
detailed derivation of the switching ARDLV model is de-
scribed in Section III, which is followed by the developed
process monitoring scenarios in next section. In Section V, a
numerical example and a real ammonia synthesis process are
illustrated to evaluate the performance of the proposed method
for multimode process modeling and monitoring. Finally, some

conclusions are made.

II. REVISIT OF ARDLV MODEL
In this section, ARDLV model is briefly revisited, which

severs as the preliminary of this paper. In a dynamic process
with M sensors, which is written as yk ∈ RM . The ARDLV
model is given as follows [19]

xk = Azk−1 +wk (1)
yk = Cxk + vk (2)

where xk ∈ RD is the dynamic latent
variable. And the stacked vectors zk−1 =[
xk−1

T xk−2
T ... xk−L

T
] T ∈ RDL contains

the past L values of the dynamic latent variable xk. And
its initial value zL follows a Gaussian distribution as
zL ∼ N(µL,VL). The dynamic evolution and observation
noises wk and vk are white Gaussian noises. Q and R
are their corresponding noise variances. Transition matrix
A ∈ RD×DL extracts the autocorrelation of dynamic latent
variables, which reflects dynamic information of the system.
Then, dynamic changes of the processes are transferred to the
observation space by the observation matrix C ∈ RM×D. The
graphical representation of ARDLV model is shown in Fig.
1. However, this model cannot handle the situations in which
the system converts from one stable operation condition
to another. For dynamic multimode process modelling and
monitoring purpose, a switching ARDLV model is developed
in the next section.
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Fig. 1. Structure of ARDLV model

III. METHODOLOGY
Based on the single ARDLV, a switching scenario is de-

signed in this section to describe a multimode process using
a unified model.

A. Model Structure
The switching ARDLV model is constructed as follows

sk−1 → sk : P (sk = j|sk−1 = i) , 1 ≤ i, j ≤ c (3)
xk = A (sk) zk−1 +wk (sk) ,wk (sk) ∼ N(0,Q (sk)) (4)
yk = C (sk)xk + vk (sk) , vk (sk) ∼ N(0,R (sk)) (5)

in which sk ∈ {1, 2, · · · , c} is the switching state
variable and it represents the ARDLV model used at
sampling time k. There are a total of c possible ARDLV
models in the switching system. The model definition
of the switching model is similar to ARDLV. The only
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difference is that the corresponding model parameters
such as A (sk) ,C (sk) ,Q (sk) and R (sk) at sampling
time k need to be selected from the parameter library
{A (1) ,A (2) , · · · ,A (c) ,C (1) , · · · ,C (c) , · · · ,R (c)},
which is on the basis of switching state variable sk. Hence,
sk is a crucial index for the switching system. In this
paper, an initial switching variable distribution π ∈ Rc×1

and a Markov transfer matrix K ∈ Rc×c are used to
express the dynamic switching relationship between multiple
ARDLV models. Among them, π is the prior probability
of different switching state at sampling time k = 1 and
the elements in transfer matrix K represents the prior
probability that the current state switches to another. In
summary, the model parameters of a switching ARDLV
model are Θ = {π,K,θ (s) , s = 1, 2, ..., c}, in which
θ (s) = {A (s) ,C (s) ,Q (s) ,R (s) ,µL (s) ,VL (s)} are the
parameter sets of c kinds of ARDLV models. The detailed
model parameters learning procedure is given in the next
sub-section.
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Fig. 2. Structure of switching ARDLV model

The graphic structure of the switching ARDLV is depicted
in Fig. 2. It can be seen that the first order hidden Markov
chain is used to describe the current switching state among
multiple ARDLV models.

Remark 1. The proposed model is a generalization of
the single ARDLV where only the serial correlations of the
latent variables are considered and of the single LGSSM(LDS)
model where the dynamic properties are described using an
AR (1) process. In general, both hidden Markov model(HMM)
and a restricted LDS(ARDLV) are combined in the switching
model for dynamic multimode process modelling purpose.
Here HMM is used to indicate the current switching state
and ARDLV comes into play which allow to impose certain
restrictions on the auto-covariance function and thus lead to
more parsimonious dynamic model.

B. Learning in switching ARDLV

To estimate the model parameters Θ using the training data,
the expectation-maximization (EM) algorithm is utilized. Be-
fore applying EM, the initial switching probability distribution
π and the switching transition matrix K are firstly defined.

At the beginning of a time series with multiple modes,
the initial switching probability of the observations can be
approximated by the following equation. π is the expected

probabilities in which the switching state is at sampling time
k = 1 [29]. And it is given as

π(i)=

Ntrain∑
p=1

φ [sp1 = i]

Ntrain
, i = 1, 2, ..., c (6)

It is assumed that there are Ntrain sequences of measure-
ments, which contain c mode. And φ [statement] equals to 1
if the statement is true and 0 otherwise. sp1 = i means that the
mode state is i at sampling time k = 1 for the pth sequence.

Similarly, all the elements in the switching transition dis-
tributing matrix K are given as

ai,j=

Ntrain∑
p=1

np−1∑
k=1

φ
[
spk = i, spk+1 = j

]
Ntrain∑
j=1

np−1∑
k=1

φ [spk = i]

, 1 ≤ i, j ≤ c (7)

where ai,j=P
(
spk+1 = j|spk = i

)
is the prior probability that

the mode state i at sampling time k switches to another mode
state j at the next sampling time for the pth sequence. np is the
number of samples of the pth sequence. The prior probability
is estimated by the proportion of expected number of transition
from state i to state j among the total expected number of
transition from state i.

The model parameters θ(s) for each ARDLV are obtained
utilizing the EM algorithm, respectively. In the E-step, the
posterior distributions of the latent variables are calculated by
the Kalman filter model, which is not totally equivalent to the
structure of ARDLV. Hence, ARDLV is modified as{

zk = Ā (s) zk−1 + w̄k (s)
yk = C̄ (s) zk + vk (s)

(8)

in which Ā (s)=

[
A (s)
I 0

]
∈ RDL×DL, C̄ (s) =[

C (s) 0
]

∈ RM×DL and the corresponding noise

w̄k (s) ∼ N(0, Q̄ (s)), Q̄ (s) =

[
Q (s) 0
0 0

]
. On the basis

of system (8), the expected sufficient statistics of dynamic
latent variables are determined as

ẑk|k = ẑk|k−1 +Kk (s) (yk − C̄ (s) ẑk|k−1) (9)

V̂k|k = V̂k|k−1 −Kk (s) C̄ (s) V̂k|k−1 (10)

E(ẑkẑ
T
k |Ys ) = ẑk|kẑ

T
k|k + V̂k|k (11)

E(x̂kx̂
T
k |Ys ) = x̂k|kx̂

T
k|k + V̂xk|k (12)

in which ẑk|k and V̂k|k are expectation and variance of the
augmented vector zk based on the observations up to and
including time k. V̂k|k−1 and ẑk|k−1 are the expected suffi-
cient statistics by one-step prediction results, which are given
as V̂k|k−1 = Ā (s) V̂k−1|k−1Ā(s)

T
+ Q̄ (s) and ẑk|k−1 =

Ā (s) ẑk−1|k−1. The Kalman gain matrix Kk (s) is calculated
as Kk (s) = V̂k|k−1C̄(s)

T
(C̄ (s) V̂k|k−1C̄(s)

T
+R (s))−1.

The vector Ys contains all the measurements in switching
state s. Using the result in equations (9) and (10), it is ready
to obtain (11) and (12). It is noticed that the expectation and
variance of dynamic latent variables xk, which is denoted as
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x̂k|k and V̂xk|k , can be found from ẑk|k and V̂k|k since zk is
the augmented vector of xk with L-1 previous samples.

In the M-step, the model parameters θ(s) are updated by
maximizing the expected log-likelihood. They are calculated
as

Ĉ (s) =

(
Ks∑
k=1

ykx̂
T
k|Ks

)(
E(x̂kx̂

T
k |Ys )

)−1
(13)

Â (s) =

(
Ks∑

k=L+1

U (s)

) (
Ks∑

k=L+1

E(ẑk−1ẑ
T
k−1 |Ys )

)−1

(14)

R̂ (s) =
1

Ks

Ks∑
k=1

(
ykyk

T − Ĉ (s) x̂k|Ks
yk

T
)

(15)

Q̂ (s) =


Ks∑

k=L+1

E(x̂kx̂
T
k |Ys )

−Â (s)
Ks∑

k=L+1

ET(x̂kẑ
T
k−1 |Ys )


Ks − L

(16)

µ̂L = ẑL|Ks
(17)

V̂L = E(ẑLẑ
T
L |Ys ) − ẑL|Ks

ẑTL|Ks
(18)

where Ks is the number of samples for switching state s and
U (s)=E(x̂kẑ

T
k−1 |Ys ) can be calculated using a backward

recursions manner, which is referred in [19].
After a few iterations between E-step and M-step, the

model parameters will converge. In summary, the algorithm
of learning switching ARDLV model is shown as follows.

Algorithm 1: Parameters Learning in switching ARDLV
1. Calculate π and K using equations (6) and (7).
2. For s = 1 : c, learning ARDLV parameter sets

θ (s) via making an iteration between equations (9) - (12)
and (13) - (18) until the convergence condition is reached.
3. Add the results to switching ARDLV parameters Θ =
{π,K,θ (s) , s = 1, 2, ..., c}.

The computational complexity of a single ARDLV
model with Ns samples is given as O(ms(3DLDL +
DLM+DD+2DM + 2MM)Ns), where ms is the number
of iterations. It is noticed that the computational complexity of
the other equations are omitted since the number of samples
Ns is not contained. Hence, it is not hard to obtain that the total
computational complexity of the switching ARDLV model is

O(
c∑

s=1
ms(3DLDL+DLM+DD+2DM + 2MM)Ns).

Besides, another important aspect of the data-based model
is to determine if the collected measurements are enough to
train the proposed model. Usually, we need roughly 10 times
as many samples as there are features in the model. And the
more complicated the model, the more its prone to over-fitting
and more samples are needed. Hence, the cross-validation or
other model validation techniques are also used to avoid over-
fitting. Since the proposed switching ARDLV is a set of linear
models, the 10 times rule is enough for model training and it is
not hard to achieve it since a huge number of measurements
can be collected from DCS system for process control and
monitoring purpose.

IV. DYNAMIC MULTIMODE PROCESS
MONITORING BASED ON SWITCHING ARDLV

In this section, the switching ARDLV based on-line process
monitoring method is proposed, especially for fault detection
purposes. When a test sample is available, the first task is to
evaluate which normal operating condition it belongs to so
as to avoid false alarms. Also, one potential scenario is that
the test data may not match any known operating conditions.
From fault detection perspective, it is thought that a fault
has happened. Hence, it indicates that the mode recognition
procedure would also play a role for fault detection. However,
such kinds of fault detection scenario may be less rigorous.
To provide a more parsimonious fault detection scheme, the
traditional T 2 and SPE statistics are also constructed for the
test data which has been clustered into a particular normal
condition.

In general, a hierarchical process monitoring scenario is
proposed in this paper. Firstly, it is determined to which normal
condition the test data belongs to in a probabilistic framework.
If it cannot be clustered into any known operating condition,
it will be treated as a major fault. Otherwise, the test data is
assigned to a particular normal mode, and it will be further
examined by the constructed T 2 and SPE statistics in this
mode. The proposed hierarchical detection method utilizes
three statistics (multimode p test, T 2 and SPE) while the
traditional method only uses T 2 and SPE statistics. Besides,
the threshold method can be used for fault detection, in which
only the multimode p test is used. Based on the properties of
multimode processes, the hierarchical detection method will
apply a more complete assessment for a production line with
multiple operation conditions. It is also noticed the proposed
hierarchical process monitoring method is not limited for
switching ARDLV, and it can also be used for the alternative
dynamic multimode process monitoring. It is assumed that
there are c different normal modes, which have been collected
and modeled as follows

Mode 1: normal conditions 1
Mode 2: normal conditions 2
...
Mode c: normal conditions c
At a particular sampling time t, the sample yt is collected

and its posterior probability of each mode is represented as

p (st |y1:t, Θ )=
p (st,x1:t)

p (x1:t)
(19)

It can be considered that the sample belongs to the mode
with maximum posterior probability, which is estimated as p∗t = max

st
p (st |y1:t, Θ )

s∗t = argmax
st

p (st |y1:t, Θ ) (20)

If the maximum value of the posterior probability is p∗t
and the corresponding operating condition is s∗t , it indicates
that the operating condition of yt is most likely to be s∗t
at present. Particularly, the estimation of posterior probability
p (st |y1:t, Θ ) can be quite complicated. Hence, a numerically
stable Gaussian Sum Filtering method is used here to obtain
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Fig. 3. Schematic of hierarchical process monitoring using switching ARDLV

an approximated estimation of the posterior probability by a
finite mixture of Gaussian distributions [31]

p (st |y1:t, Θ ) ∝ p (st,x1:t)

=
mix∑

it−1=1

c∑
st−1=1

 p (yt |zt, st ) p (zt |zt−1, st )
p (zt−1 |it−1, st−1 ) p (st |st−1 )
p (it−1 |st−1, y1:t ) p (st−1 |y1:t )


(21)

As long as the process is operating in a known normal
condition, the probability p∗t remains relatively stable with
a small variance in the vicinity of a certain mean. When
a test sample does not belong to any known mode any
more, the posterior probability is supposed to fluctuate greatly.
Therefore, it is considered that the process will not be in a
normal state when the posterior probability p∗t of the sample
is not within a preset threshold. The threshold is determined
according to the training sample set given a significance level
β, which is given as{

(1− β)Ntrain p∗t ≥ threshold
βNtrain p∗t < threshold

, 1 ≤ t ≤ Ntrain

(22)

where Ntrain is the total number of training samples.
Hence, if the posterior probability p∗t is under the threshold,

the result indicates that it does not belong to any known mode
and is mostly likely a fault, which is defined as a major fault
in this paper. Otherwise, the test sample will be classified into
a specific mode on the basis of equations of (19) - (21). After
that, the traditional T 2 and SPE statistics are constructed
based on the single ARDLV model to make a more detailed
detection.

Different from the traditional latent variables, the dynamic
latent variables in ARDLV are auto-correlated. Hence, the
monitoring statistics should also be adjusted to get rid of the
fault smearing. In addition, the statistics of different modes

s should be calculated separately. Using the prediction error
of dynamic latent variables and of the observations, T 2 and
SPE statistics in mode state s are given as

exk
(s) = x̂k

k (s)−A (s) ẑkk (s) (23)

Λ−1
ext

(s) = V̂k−1
k (s) (24)

T 2 (s) = exk
(s)

T
Λexk

(s)
−1

exk
(s) (25)

eyk
(s) = yk − C (s) x̂k−1

k (s) (26)

SPE (s) = eyk
(s)

T
eyk

(s) (27)

where exk
(s) are the innovation of dynamic latent variables,

which is independent with the previous dynamic variances.
eyk

(s) are the innovation of Kalman filter. Therefore, T 2

and SPE statistics can extract the correct fault information
without smearing from previous measurements.

For online fault detection, control limits of T 2 and SPE
statistics are required. As the process contains more than
one operating condition, different statistical limits are also
demanded. The control limits of each mode are approximated
by the χ2 distribution [32]

T 2 (s) ≤ T 2
lim (s) = χ2

α(D) (28)

SPE(s) ≤ SPElim(s) = gs · χ2
hs

(29)
gs · hs = mean(SPEnormal,s) (30)

2g2shs = var(SPEnormal,s) (31)

where D is the number of dynamic latent variables and
SPEnormal,s is the SPE statistic of the normal samples in
state s.

To sum up, the schematic diagram of the switching ARDLV
based method for fault detection is shown in Fig. 3 and the
detailed procedure is given in Algorithm 2.

Algorithm 2: The hierarchical process monitoring method
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1. Collect and normalize the training data set
{V } = {v(1)1:NSamp1

, v(2)1:NSamp2
, . . . v(c)1:NSampc

}
under the known normal working conditions.

2. Calculate the parameters π, K and learn the model
parameters θ (s) for each mode.

3. Calculate the posterior probability {p∗1, p∗2, . . . p∗Ntrain
}

of the training data set and estimate the threshold with the
significance level β .

4. Estimate the control limits SPElim (s) and T 2
lim (s) for

each normal mode.
5. For a new data sample yt, calculate the maximum

posterior probability p∗t using Gauss sum filtering algorithm
and obtain its corresponding working condition s∗t .

6. If the calculated posterior probability p∗t is under the
threshold , the test sample is treated as a major fault, which
needs an immediate action. Otherwise, go to the next step.

7. Calculate T 2(s∗t ) and SPE(s∗t ) statistics.
8. If any one of statistics of the test sample exceeds the

control limit, the sample is thought as a minor fault; otherwise
this sample is determined to be in normal condition.

V. ILLUSTRATIVE EXAMPLES

In this section, two examples are given to evaluate the
dynamic multimode modelling accuracy and the monitoring
performance of the switching ARDLV model. The first one
is a hypothetical example, as it is easier to understand why
the proposed method is better than several alternative models.
Then a real ammonia synthesis process is tested to demonstrate
the efficiency of the switching ARDLV in real applications.

A. Numerical example
In the numerical example, it is assumed that the process

consists of four kinds of normal operating conditions and each
mode is described by a third-order dynamic system, which is
given as

x(t) = B(s)x(t− 1) +D(s)x(t− 2) + E(s)x(t− 3) +w(t)
(32)

y(t) = C(s)x(t) + v(t) (33)

where y(t) ∈ R4 is the observation at sampling time t
and x(t) ∈ R2 is the dynamic LV at the same time. w(t)
and v(t) are the dynamic evolution and observations which
are both white Gaussian noises with distribution N(0, 0.01I).
Four different kinds of transition and observation matrices are
defined {B(s),C(s),D(s),E(s), s = 1, 2, 3, 4} to simulate
four normal modes of the process. In this paper, 1000 samples
of data are generated through equations (32) and (33) for each
mode, which makes 4000 samples training data set in total.
Then the switching ARDLV model is derived based on the
normal data. The time lag L is 3 based on the order of the
dynamic system and the number of dynamic latent variable
is chosen as 2 for each mode using BIC. For comparison,
several traditional dynamic multimode modelling methods are
also tested using the same data. Firstly, SLDS is used for
modelling and process monitoring purpose. Besides, GMM is
used as a multimode data classifier. After that, the ARDLV
is constructed for each separated model. Also, the ARDLV

model is tested as a representative of single model methods.
The number of modes in SLDS and GMM are both 3 and the
number of latent variables are chosen as 2 in SLDS and the
single ARDLV.

To test the performance of fault detection, 3 different faults
in different known modes and a fault in an unknown mode
are introduced. 1000 samples are generated in each mode.
In the known mode 1, all the test samples are normal. For
the known modes 2,3 and 4, the process starts in normal
condition at and the faults are introduced after 500 samples.
Mode 5 is an unknown mode. The detailed description of the
fault in the numerical example is listed in Table I. Hence,
a total of 5000 data samples are monitored using different
models. The significance level of the threshold is 0.001 and
the significance level of the statistics is 0.99. On the other
hand, different process monitoring scenarios are compared. In
this paper, we have tested three kinds of monitoring methods:
(I) hierarchical detection method (fault detection using p, T 2

and SPE), (II) traditional method (where the mode is selected
by p, but only T 2 and SPE are used for fault detection)
and (III) threshold method (where only p is used for fault
detection). In summary, the process monitoring results using
different models and different statistics are given in Table II. In
this paper, the overall false alarm rate and missing detection
rate are used. For the overall alarms, it is defined that the
alarm is declared when any one of the statistics has exceeded
its control limits. And the false alarm rate is the percentage of
regular samples considered as faulty ones for the normal part
(type I error) while the missing detection rate (type II error)
is the percentage of faulty samples regarded as regular ones
for the faulty part.

Firstly, it can be concluded that the process monitoring
performance is better for the proposed hierarchical process
monitoring scenario using the same model. It can be also
found that the false alarms of the threshold based method are
almost 0 for all the multimode models, which indicate that
the threshold will make a loose decision in the first round.
After that, a more parsimonious fault detection is made by
T 2 and SPE statistics for the well-recognized test samples
in each separated mode. Hence, the proposed hierarchical
process monitoring scenario outperforms the threshold based
method. Furthermore, if the posterior probability p∗t of the test
sample is not examined by a preset threshold and it is directly
classified into the corresponding mode and monitored by T 2

and SPE statistics. The process monitoring may be worse
since some test samples have been misclassified.

Next, the process monitoring performance with the same
monitoring method and different models are compared. Par-
ticularly, the final results based on the hierarchical process
monitoring scenario is shown in Fig. 4. It can be found that
the switching ARDLV model is better than several alternative
methods and it can basically detect all the listed faults timely.
The reason is not hard to interpret since the proposed method is
able to make an accurate modelling for a multimode process
by applying a switching system and the ARDLV model for
each separated mode, in which both auto-correlations and
cross-correlations can be extracted. By comparison, SLDS and
GMM are not as sensitive as the switching ARDLV model.
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TABLE I
PROCESS FAULT DESCRIPTION OF THE NUMERICAL EXAMPLE

Mode V ariable description Fault type T ime duration
1 − − 1− 1000
2 1st dynamic LV Step change by 0.07 1001− 1500
3 2nd dynamic LV Ramp change by slope of 0.0002 2001− 2500
4 1st dynamic LV Step change by 0.06 3001− 3500
5 − Structure change in B and C 4001− 5000

TABLE II
PROCESS MONITORING RESULTS IN THE NUMERICAL EXAMPLE

Mode Type Model Name
Detection Method

Hierarchical detection Threshold method Traditional statistics
False Miss False Miss False Miss

Multimode
Switching ARDLV 0.016 0.043 < 0.001 0.072 0.072 0.045

SLDS 0.018 0.180 < 0.001 0.318 0.018 0.180
GMM 0.030 0.155 0.007 0.234 0.026 0.219

Singlemode ARDLV 0.096 0.388 0.256 0.413 0.352 0.201
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Fig. 4. Process monitoring results in the numerical example

They cannot make a precise multimode classification or give
an exact modelling result for the single operation status. It
is noticed that the threshold test in the hierarchical detection
method can also be used as a detection layer even though
a single mode model is constructed. In such situation, the
threshold test is not used for selecting the mode. However,
it can still be used for fault detection purpose. That is, if
the posterior probability of a test sample exceeds a threshold,
it is thought as it belongs to the current model and can be

further tested using T 2 and SPE statistics. On contrary, if
the posterior probability is not within a preset threshold, it
indicates that the test sample cannot be described by the
current model and it will be treated as a major fault directly.
The process monitoring performance for the ARDLV model
is also not accurate enough, which indicates that the single
model is not proper to monitor a multimode process. Overall,
the proposed switching ARDLV model would provide a more
accurate dynamic multimode system modelling result and the
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TABLE III
DESCRIPTIONS OF DEVICES IN THE FLOWCHART

Tags Descriptions
15− F001 Feed Gas Separator
15− F002 Process Gas Separator
15− E001 Heat Exchanger
15− C001 Absorption Column

TABLE IV
DESCRIPTIONS OF THE SELECTED VARIABLES

Tags Descriptions
FI15001.PV The F low − rate of Feed NG
LI15001.PV The Level of 15− F001
PDI15001.PV The Pressure Difference of 15− F001
TI15001.PV The Temperature of Feed NG
TI15002.PV The Temperature of Process Gas at 15−

F002
LI15004.PV The Level 1 of 15− C001
LI15005.PV The Level 2 of 15− C001
LI15006.PV The Level 3 of 15− C001
LIC15010.PV The Level of Regeneration Column
AI15002.PV The Content of Residual CO2 in PG

process monitoring performance is superior in most cases.

B. The Pre-decarburization unit
The ammonia synthesis process is a common industrial

process, in which NH3 is the basic material for many indus-
tries, such as Urea synthesis. The pre-decarburization unit is
a crucial part for a real ammonia synthesis process. The main
function of this unit is to eliminate carbon dioxide (CO2) in the
original process gas (PG) as much as possible. The flowchart
of the pre-decarburization unit with all the instruments is
shown in Fig. 5. The main reaction is taken place in a CO2

absorption unit (15-C001) as

RNH2 + CO2 → RNH+COO− (34)

RNH2 +RNH+
2 COO− → RNHCOO +RNH+

3 (35)
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Fig. 5. The flowchart of the pre-decarburization unit

After that, the energy-exchanged and gas separator unit are
used to generate eligible PG for the next unit. The descriptions
of devices are listed in Table III. In real production lines, the

process operating conditions are often switched due to the
fluctuation of the raw materials.

In this paper, 10 crucial process variables are chosen for
multimode process modelling and monitoring, which are given
in Table IV. Through utilizing the measured data stored
in the DCS database in a real ammonia synthesis process,
three normal operating condition are selected, in which 1000
samples are collected in each mode. Hence, a total of 3000
samples are used to construct the switching ARDLV model.
The time lag L is determined as 2 by the parallel analysis.
The number of the dynamic LVs are chosen as 3 using AIC.
Also, the alternative models using SLDS, GMM and ARDVL
are built using the same data for comparison. The number of
modes are all chosen as 3, which is the same as the proposed
method. The number of state variables of SLDS and ARDLV
are also chosen as 3.

To evaluate the process monitoring performance using dif-
ferent models and statistics, four kinds of abnormal operating
conditions are used, in which 1000 samples are collected in
each mode. Among them, three of them belong to the known
mode and the fault occurs after 500 samples. The last one is
an unknown mode. The significance levels for all the process
monitoring scenario are also 0.99. The final monitoring results
are given in Table V. Also, the detailed process monitoring
results for different models are shown in Figure 6, which
is based on the proposed hierarchical detection method. The
results indicate that the same conclusions. That is, the process
monitoring performance is improved by the hierarchical de-
tection method for the same model. The proposed switching
ARDLV is also superior to several alternative methods in most
cases.

VI. CONCLUSION

In this paper, a new switching ARDLV model is proposed
for multimode process modeling and process monitoring pur-
pose. In the proposed model, a Markov chain is used to
indicate the current switching state and ARDLV is used to
impose certain restrictions on the auto-covariance function and
thus lead to more parsimonious dynamic model. Besides, a
hierarchical process monitoring scenario is constructed with
two layers of the detection index for multimode process
monitoring. Furthermore, the effectiveness of the proposed
method is illustrated by a numerical example and a real Pre-
decarburization unit in the ammonia synthesis process. The
final process monitoring results indicate the switching ARDLV
model outperforms several alternatives both in multimode
process modeling and monitoring.
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