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Abstract: Varying production regimes and loading conditions on equipment often result in
multiple operating modes in process operations. The data recorded from such processes will
typically be multimodal in nature leading to challenges in applying standard data-driven
process monitoring approaches. Moreover, even if a monitoring approach is able to account
for the variability present in a training set comprised of historical process data, in order to
be robust and reliable the method will need to account for any new operating modes which
might emerge during production. Therefore, it is desirable to have a monitoring algorithm
that can both handle data multimodality in off-line training and, when implemented on-line,
can actively update in order to incorporate new operating modes. This paper proposes a
monitoring framework which combines an unsupervised clustering approach with a kernel-based
Multivariate Statistical Process Monitoring (MSPM) algorithm. A monitoring model is trained
off-line and is subsequently used to detect anomalies on-line. An anomaly might be indicative
of either a developing fault or a change in the process to a new operating mode. In the latter
case, the monitoring model can be updated to account for the new mode whilst still being able
to detect faults under this framework. The advantages of the off-line training procedure relative
to a standard kernel-based method are demonstrated via a numerical simulation. Additionally,
the monitoring performance in the presence of faults and the capability of updating the model
in the presence of new operating modes is demonstrated using a benchmark data set from an
experimental pilot plant.
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1. INTRODUCTION

In industrial process operations, multiple operating modes
often exist due to varying production regimes and load-
ing conditions on equipment. Often, the relationships be-
tween process variables recorded for one operating mode
will differ from those recorded for another mode. This
multimodality in recorded process data poses challenges
to standard data-driven process monitoring approaches.
This in turn increases the likelihood of false and missed
alarms as changes in operating modes either are detected
as anomalies, or necessitate control limits to be set more
conservatively. Therefore, various approaches in statisti-
cal process monitoring have been proposed for processes
with multiple operating modes. Kernel transformation has
played an important role in both multivariate statistical
approaches (Deng et al., 2017; Zhang et al., 2017) and
manifold learning (Song and Shi, 2018; Peng et al., 2017).
In particular, Kim and Kim (2018) investigated the influ-
ence of the scaling factor δ in Radial Basis Function (RBF)

kernels when used in the support vector data description
for multimodal data. However, few investigations are avail-
able for kernel-based methods regarding the influence of
data multimodality, including the heterogeneity in the co-
variance structures of process variables that exists between
operating modes. Currently, the most commonly followed
algorithm structure for monitoring processes with multiple
operating modes is to carry out data classification, build
monitoring models for each mode and fuse the result
(Zhang et al., 2018). Such localised modelling approaches
have been proposed using multivariate algorithms such as
Principal Component Analysis (PCA) (Zheng and Song,
2017; Zhang et al., 2019).

Tan et al. (2018) focused on the multiple operating modes
issue and addressed the covariance structure of each mode
in the kernel design, resulting in the Non-stationary Dis-
crete Convolution (NSDC) kernel. Kernel PCA using this
new kernel can improve the monitoring performance with-
out the need for localised models. Each data cluster cor-
responds with an operating mode when using this kernel.
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Therefore the data need to be clustered before training,
which can be achieved either by manual labelling or by
clustering analysis. Existing clustering algorithms, such as
K-means (Lloyd, 1982), expectation-maximization algo-
rithm (Dempster et al., 1977), and hierarchical clustering
(Murtagh and Contreras, 2011), often have limitations
when the number of clusters is unknown in advance (Xu
and Wunsch, 2005). However, by applying the Dirichlet
Process (DP), the clustering analysis can automatically
determine the number of clusters, allowing the data to be
suitably organized for training of the monitoring model.
DP is a nonparametric Bayesian method for statistical
modelling and clustering of data (Teh, 2011).

The main contribution of this paper is to propose a mon-
itoring framework in which the off-line training is fully
unsupervised and the monitoring model can be updated
on-line. The monitoring model is trained by combining
the DP-based clustering analysis with the kernel PCA
framework using the NSDC kernel. Using the incoming
data, new modes in process operations can be identified
by DP and the monitoring model can be updated accord-
ingly. This framework has the following advantages: 1) it
does not require prior knowledge of the data clusters in
historical data for training; 2) a unified monitoring model
is learnt to capture the heterogeneity of multimodal data;
3) this model can adapt to new operating modes as the
process operates.

The organization of the remainder of this paper is as
follows. An overview of the DP-NSDC framework is pre-
sented in Section 2. It begins with the theoretical basis
of DP in the clustering stage and the NSDC kernel in
the model training stage in the DP-NSDC algorithm.
Next, it presents the on-line implementation procedure
that identifies new operating modes and updates the mon-
itoring model in order to incorporate these new models.
Section 3 shows the performance of this framework. The
performance of the monitoring model obtained by the DP-
NSDC algorithm is verified using numerically simulated
data from a two-dimensional multimodal model. An ex-
perimental data set from a pilot-scale two-phase flow plant
with multiple operating modes and a manually induced
fault is used to test the monitoring framework with on-
line mode identification and model update. The paper ends
with discussions and a summary in Section 4.

2. METHODOLOGY

Fig. 1 presents an off-line workflow for unsupervised learn-
ing of monitoring models for processes with multiple op-
erating modes. The dashed boxes indicate the aspects
afforded the greatest attention in this paper. Firstly, the
DP-based clustering algorithm obtains the data clusters
corresponding to these operating modes, and the statistical
parameters associated with each cluster. Then, the moni-
toring model is trained using kernel PCA with the NSDC
kernel. The on-line updating procedure of this model will
be discussed later.

2.1 Clustering Analysis Based on Dirichlet Process Gauss-
ian Mixture Models

The Dirichlet Process Gaussian Mixture Model (DP-
GMM) is an unsupervised clustering algorithm that does

Fig. 1. Unsupervised training of the monitoring model

not require prior knowledge of the number of clusters. It
uses Gaussian Mixture Models (GMMs) (Reynolds, 2015)
to describe data and DP for generating clusters.

Gaussian Mixture Models. In a GMM, anm-dimensional
random variable x follows a Gaussian mixture model with
J components:

x ∼ N (µj ,Σj) with probability πj

s.t. πj > 0 ∀ j,

J∑
j=1

πj = 1
(1)

where ∼ denotes that the random variable on the left side
follows the probability distribution on the right hand side.
µj ,Σj are the mean vector and the covariance matrix of
the j-th Gaussian component, respectively. The mixture
proportion πj is the probability of drawing from the j-th
component.

DP-GMMs. In DP-GMMs, the sample x is drawn from
a GMM. The Gaussian components in this mixture have
parameters (e.g. µj , Σj and πj) and these parameters
follow the distributions generated by the Dirichlet Process
in a Bayesian way. According to the conclusions from
Escobar (1988, 1994), when the vector of mixture propor-
tions π = {π1, . . . , πJ} follows the Dirichlet distribution
(Forbes et al., 2011), a discrete distribution G(·) of Gaus-
sian means and variances is generated from a Dirichlet
Process specified by the base distribution G0 and the
concentration parameter α. Hence, a Dirichlet mixture of
Gaussian distributions can be written as:

G(·) ∼ DP (α,G0)

µj ,Σj ∼ G(·) for j = 1, . . . , J

π ∼ Dir(
α

J
, . . . ,

α

J︸ ︷︷ ︸
J

)
(2)

where µj and Σj are mean and covariance of the j-
th component, J is the number of components in this
mixture, and DP and Dir respectively stand for the
Dirichlet Process and the Dirichlet Distribution. In this
paper, the concentration parameter α is kept constant.

Given the prior distributions of these parameters, the key
Bayesian step is to obtain the posterior distributions using
data. The prior distributions placed over µj and Σj are
taken as a Gaussian distribution and an Inverse Wishart
distribution, respectively:
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Σj ∼ IW (ν0,Λ0)

µj |Σj ∼ N
(
u0,

Σj

κ0

)
(3)

where ν0 and κ0 are positive values. Eqn. (3) leads to
the joint distribution of µj and Σj being a Normal
Inverse Wishart (NIW) distribution parametrized with
Φ0 = {u0, κ0, ν0,Λ0} (Murphy, 2007):

(µj ,Σj) ∼ NIW (Φ0). (4)

This NIW distribution is considered as the base distribu-
tion G0 in DP (α,G0). The parameters Φ for G(·) will be
updated using samples of x.

Inference. When a set of samples X = {x1, . . . ,xN} ∈
RN×m is available, the inference step employs a vector
I = {I1, . . . , IN} ∈ RN×1 of cluster indices. For the i-th
sample xi, Ii takes a value between 1 and J , indicating the
Gaussian component which xi belongs to. Therefore, the
parameters for the DP-GMM are µj ,Σj and I along with
the hyperparameter Φ for the NIW distribution. These
parameters are to be inferred from the data. Görür and
Rasmussen (2010) proposed the following updating steps
based on Gibbs Sampling:

a. Updating the parameters of each Gaussian compo-
nent (µj ,Σj) for j = 1, . . . , J ;

b. Updating the vector I ∈ RN ;
c. Updating the hyperparameter Φ of the NIW distri-

bution.

Initialization: Φ0 and I0 are assigned and µj ,Σj are
sampled from G0 to generate an initial group of clusters.

a. Updating µj and Σj : can be implemented by sampling
µj and Σj from the updated posterior NIW distribution

NIW (Φ(j)).

b. Updating I: is equivalent to clustering the samples.
A sample x∗ is assigned to a cluster with respect to
the current clustering result of all other samples, i.e. the
cluster index I∗ is sampled given the existing clusters.
In DP, countably infinite clusters are assumed and the
probability of a sample x∗ being assigned to one of the
known clusters is:

p(I∗ = j|I
′
,µ1,Σ1, . . . ,µJ ,ΣJ , α)

=
njp(x

∗|µj ,Σj)

αG0(x∗) +
∑J

j=1 njp(x∗|µj ,Σj)
.

(5)

A new cluster is created for x∗ with the probability:

p(I∗ /∈ {1, . . . , J}|I
′
,Φ0, α)

=
αG0(x

∗)

αG0(x∗) +
∑J

j=1 njp(x∗|µj ,Σj)

(6)

where I
′
is the vector I excluding the cluster index of

x∗, nj is the number of samples in the j-th cluster and
G0(x

∗) is the marginal likelihood of x∗ that follows a
multivariate Gaussian distribution of which the mean and
covariance are a sample drawn from NIW (Φ0) (Görür and
Rasmussen, 2010). The number of clusters J will increase

when a new cluster is created and will reduce if a cluster
is empty and removed after updating.

c. Updating Φ: The subset Xj with nj samples {x(j)
1 ,x

(j)
2 ,

. . . ,x
(j)
nj } assigned to the j-th cluster. Hence, the posterior

distribution of (µj ,Σj) is derived based on the Bayes
Theorem:

p(µj ,Σj |Xj ,Φ0) ∝ p(X|µj ,Σj)p(µj ,Σj |Φ0)

= p(µj ,Σj |Φj)
(7)

where Φ0 denotes the parameters for the prior NIW distri-
bution u0, κ0, ν0 and Λ0 and Φ(j) for the posterior distribu-
tion, i.e. u(j), κ(j), ν(j) and Λ(j). The NIW distribution is a
conjugate prior for the multivariate Gaussian distribution
with unknown mean and variance. Therefore Φ(j) can be
obtained by comparing the posterior distribution in Eqn.
(7) with the standard NIW formulation. Φ(j) is calculated
by Eqn. (8) using Φ0 and Xj :

u(j) =
κ0

κ0 + nj
u0 +

nj

κ0 + nj
X̄j

κ(j) = κ0 + nj

ν(j) = ν0 + nj

Λ(j) = Λ0 +

nj∑
i=1

(x
(j)
i − X̄j)(x

(j)
i − X̄j)

T
+

κ0nj

κ0 + nj
(X̄j − u0)(X̄j − u0)

T

where X̄j =
1

nj

nj∑
i=1

x
(j)
i .

(8)

This procedure is carried out iteratively so that the joint
distribution of samples from each group of parameters in
the update stage will converge to the true joint posterior
distribution consistent with the data (Escobar, 1994).
Therefore the most probable number of clusters will be
determined automatically and the data will be clustered
as the updating steps iterate.

Parameter estimation for GMMs. By applying DP for
clustering analysis, multimodal data are clustered and
the statistical parameters of each cluster are estimated.
However, it is recommended to re-estimate the mean and
covariance matrix of a Gaussian component by the sample
mean and covariance of the cluster that is associated
to each Gaussian component (Chang et al., 2018), as
shown in Eqn. (9). These estimates are more likely to
be accurate especially when the sample size is sufficiently
large because the initialization of NIW distributions in DP
may introduce errors to the parameter estimation.

µ̂j = X̄j

Σ̂j =
1

nj − 1

nj∑
i=1

(x
(j)
i − X̄j)(x

(j)
i − X̄j)

T.
(9)

To summarize, the number of clusters, the assignment of
data to the clusters, and the estimation of the parameters
of the Gaussian distributions associated with each cluster
will be obtained by the DP-GMM clustering analysis.
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Σj ∼ IW (ν0,Λ0)
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)
(3)
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This procedure is carried out iteratively so that the joint
distribution of samples from each group of parameters in
the update stage will converge to the true joint posterior
distribution consistent with the data (Escobar, 1994).
Therefore the most probable number of clusters will be
determined automatically and the data will be clustered
as the updating steps iterate.

Parameter estimation for GMMs. By applying DP for
clustering analysis, multimodal data are clustered and
the statistical parameters of each cluster are estimated.
However, it is recommended to re-estimate the mean and
covariance matrix of a Gaussian component by the sample
mean and covariance of the cluster that is associated
to each Gaussian component (Chang et al., 2018), as
shown in Eqn. (9). These estimates are more likely to
be accurate especially when the sample size is sufficiently
large because the initialization of NIW distributions in DP
may introduce errors to the parameter estimation.
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To summarize, the number of clusters, the assignment of
data to the clusters, and the estimation of the parameters
of the Gaussian distributions associated with each cluster
will be obtained by the DP-GMM clustering analysis.
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Fig. 2. Flowchart for kernel PCA

2.2 Kernel PCA using the Non-stationary Discrete Convo-
lution Kernel

The flowchart of kernel PCA is presented in Fig. 2.
The original variable vector x is projected to a higher-
dimensional space and the kernel matrix K (K is now
the kernel matrix, not related to the K-means mentioned
earlier) is taken as the covariance matrix of projected
variables in it so that the nonlinearity in the original
variable space can be captured properly. Given the input
samples X = {x1, . . . ,xN} ∈ RN×m, each entry of K ∈
RN×N is calculated by kernel function k:

Ki,j = k(xi,xj) for i, j = 1, . . . , N. (10)

Similarly to the standard PCA, the principal components
z in the higher-dimensional space may be obtained by
applying eigenvalue decomposition to K (Schölkopf et al.,
1998):

Nλv = Kv

z =
N∑
i=1

viki
(11)

where v = {v1, . . . , vN} and ki = {K1,i, . . . ,KN,i}.
In this paper, the kernel PCA with a new type of kernel
that adapts well to multimodal data is adopted for training
the monitoring model.

Non-stationary Discrete Convolution Kernel. The NSDC
kernel derives from the convolution kernel structures that
are the covariances of the outputs in nonlinear regression
models. It was proposed in Tan et al. (2018) for dealing
with the multimodality in process data. The following
nonlinear regression problem using basis function f is
considered:

y =
H∑

h=1

whfh(x; θh) (12)

where x is the original measurement vector, y is the
projected feature in nonlinear space and θ denotes the
parameters in the basis function f . The weights wh are
independently and identically distributed with N (0, σ2

w).
Taking the projections of two samples x and x∗ as y and
y∗, the covariance of y and y∗ is a function of x and x∗:

cov(y, y∗) = k(x,x∗) = σ2
w

∑H
h=1 [fh(x; θh)fh(x

∗; θh)] . (13)

When the Radial Basis Function (RBF) is adopted, i.e.:

f(x; c, δ) = exp

(
− (x− c)TΣ−1(x− c)

δ

)
(14)

where c is the center of the RBF, δ is the scaling factor,
and Σ is the covariance matrix of x, it has been shown that

when c ∈ (−∞,∞) and the number of basis functions is
infinite, Eqn. (13) will result in the RBF kernel (Wilson,
2014). However, it also will be demonstrated later via a
numerical simulation that the RBF kernel might suffer
from over-fitting and under-fitting issues and cannot fully
account for the modes in the data.

In NSDC, by contrast, only samples in the training set X
are chosen as centers of basis functions. When the centers
c are such that c ∈ X with J operating modes, the kernel
function can be written as:

k(x,x∗) = σ2
w

∑J
j=1

[
exp

(
−dTΣ̂−1

j
d

δ

)

×
∑nj

i=1 exp

(
−2

(
c(i) − x+x∗

2

)T

Σ̂−1
j

(
c(i) − x+x∗

2

))] (15)

where d = x − x∗ and Σ̂j is the estimated covariance
matrix of j-th Gaussian component in DP-GMM. The
NSDC kernel makes uses of the samples Xj and the
covariance matrices Σj of each operating mode so that
the varying properties in different operating modes can be
captured.

In the original formulation by Tan et al. (2018), the data
clusters caused by multiple operating modes and their
parameters are assumed to be known a-priori, making it
a supervised learning approach. In this paper, the data
clusters and their parameters come from the DP-GMM
step in Section 2.1, making the kernel transformation using
this NSDC kernel fully unsupervised.

Anomaly detection. Anomaly detection requires a moni-
toring statistic. In this paper, Eqn. (16) takes the principal
components z from kernel PCA to calculate the monitor-
ing statistic T 2:

T 2 = zTD−1z (16)

where D = {λ1, . . . , λr} is the diagonal matrix of eigen-
values in descending order corresponding to the first r
principal components z.

The control limit of T 2 is used as the threshold for anomaly
detection. Due to the multimodality in x, K and z are not
necessarily centered for each and every operating mode,
making the zero-mean assumption of T 2 no longer valid.
Therefore, the lower control limit of T 2 is adopted and
an anomaly is detected by the monitoring algorithm if the
following condition holds for T 2:

T 2 < T 2
LCL. (17)

Given a confidence level, the lower control limit of T 2

is determined by the training data using kernel density
estimation. In this paper the confidence level is set as 95%.

2.3 On-line monitoring framework

The flowchart in Fig. 3 presents the on-line implementa-
tion of this algorithm with operating mode identification
and model update. The monitoring model is trained off-
line using historical data and then used for process moni-
toring for on-line anomaly detection. The training dataset
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Fig. 3. Flowchart for on-line implementation

is normalized all together before applying DP for data
clustering. It is not advisable to perform normalization
for each individual operating mode, as it will result in the
different data clusters overlapping about the origin. The
kernel PCA cannot obtain a good global model for such a
dataset which is normalized individually. Moreover, in the
on-line monitoring part of Fig. 3, the on-line data can only
be normalized with respect to the whole training set since
the current operating mode may be unknown in practice.

The detection of an anomaly means that the process has
moved to a new operating mode that was not present in
the training set. This could be a normal operating mode or
it could be a fault. At this stage, the process operator has
to intervene to classify the new mode as normal or faulty. If
the process has moved to a new operating mode, then the
data from the new operating mode will be incorporated
in the clustering stage along with the historical data. DP
will determine the data cluster for the new mode and
parameters associated to it. The kernel PCA with NSDC
kernel will then take the new cluster into account and
update the monitoring model. Otherwise a fault will be
detected if the operator does not confirm a new mode of
operation.

3. EXAMPLES

3.1 Numerical Simulation

Simulation model. The proposed unsupervised approach
for training a monitoring model is validated on the follow-
ing simulated two-dimensional example with four modes:

Mode 1:
x1 = e11 + 8

x2 = −0.2x1 + 5 + e12
(18)

where e11 ∼ N (0, 2.25) and e12 ∼ N (0, 0.25).

Mode 2:
x1 = e21
x2 = 1.5x1 + e22

(19)

where e21 ∼ N (0, 1) and e22 ∼ N (0, 9).

Mode 3:
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Fig. 4. Trend plot of the simulated data
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Fig. 5. Scatter plots of the simulated data

x1 = e31 + 9

x2 =
1

3
x1 − 4 + e32

(20)

where e31 ∼ N (0, 1) and e32 ∼ N (0, 0.25).

Mode 4:

x1 = e41 + 15

x2 = −x1 + 20 + e42
(21)

where e41 ∼ N (0, 0.25) and e42 ∼ N (0, 0.09).

The training data set is generated from four operating
modes. Fig. 4 shows the trend plot of x1 and x2 and Fig.
5 shows the scatter plot.

Performance. Figs 6 and 7 compare the control limits in
the original variable space generated by RBF kernels and
NSDC kernels with different values of the scaling factor δ.
In Fig. 6, sample S1 simulates an anomalous measurement
which does not belong to any of the four modes. It may
be observed that for higher values of δ the control limit of
standard kernel PCA with RBF kernels may be excessively
relaxed, leading to missed alarms, as samples such as S1
are not detected as anomalous. On the other hand, the
RBF kernel suffers from over-fitting issues when δ reduces
resulting in higher false alarm rates especially for Mode
2 (e.g. sample S2). In contrast, the DP-NSDC algorithm
(Fig. 7) is capable of generating satisfactory control limits
for all operating modes.
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dataset which is normalized individually. Moreover, in the
on-line monitoring part of Fig. 3, the on-line data can only
be normalized with respect to the whole training set since
the current operating mode may be unknown in practice.

The detection of an anomaly means that the process has
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the training set. This could be a normal operating mode or
it could be a fault. At this stage, the process operator has
to intervene to classify the new mode as normal or faulty. If
the process has moved to a new operating mode, then the
data from the new operating mode will be incorporated
in the clustering stage along with the historical data. DP
will determine the data cluster for the new mode and
parameters associated to it. The kernel PCA with NSDC
kernel will then take the new cluster into account and
update the monitoring model. Otherwise a fault will be
detected if the operator does not confirm a new mode of
operation.

3. EXAMPLES

3.1 Numerical Simulation

Simulation model. The proposed unsupervised approach
for training a monitoring model is validated on the follow-
ing simulated two-dimensional example with four modes:
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Mode 2:
x1 = e21
x2 = 1.5x1 + e22

(19)

where e21 ∼ N (0, 1) and e22 ∼ N (0, 9).

Mode 3:

0 50 100 150 200 250 300 350 400

Samples

-10

-5

0

5

10

15

20

V
a

lu
e

s

Variable 1

Variable 2
Mode 1

Mode 2

Mode 3

Mode 4

Fig. 4. Trend plot of the simulated data

-5 0 5 10 15 20

Variable 1

-10

-5

0

5

10

V
a

ri
a

b
le

 2
Mode 3

Mode 1

Mode 4Mode 2

Fig. 5. Scatter plots of the simulated data

x1 = e31 + 9

x2 =
1

3
x1 − 4 + e32

(20)

where e31 ∼ N (0, 1) and e32 ∼ N (0, 0.25).

Mode 4:

x1 = e41 + 15

x2 = −x1 + 20 + e42
(21)
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The training data set is generated from four operating
modes. Fig. 4 shows the trend plot of x1 and x2 and Fig.
5 shows the scatter plot.

Performance. Figs 6 and 7 compare the control limits in
the original variable space generated by RBF kernels and
NSDC kernels with different values of the scaling factor δ.
In Fig. 6, sample S1 simulates an anomalous measurement
which does not belong to any of the four modes. It may
be observed that for higher values of δ the control limit of
standard kernel PCA with RBF kernels may be excessively
relaxed, leading to missed alarms, as samples such as S1
are not detected as anomalous. On the other hand, the
RBF kernel suffers from over-fitting issues when δ reduces
resulting in higher false alarm rates especially for Mode
2 (e.g. sample S2). In contrast, the DP-NSDC algorithm
(Fig. 7) is capable of generating satisfactory control limits
for all operating modes.
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3.2 Experiment Case Study

Process description. The benchmark data set is gener-
ated from a pilot-scale two-phase flow facility for investi-
gating the transportation, separation, measurement, and
control of multiphase flows in the oil and gas industry.
This case study examined several normal operating modes
with different water and air flow rates and a fault mode
that was intentionally created by closing a manual valve.
The process variables measured and recorded continuously
by the SCADA system are used for validating the on-line
monitoring framework. Stief et al. (2018) have reported
these and other experiments and given a comprehensive
description of the facility.

Table 1 summarizes the process variables used in this
paper. The sampling interval for these measurements is
three seconds. Table 2 summarizes the operating modes
used. The training set includes data from Mode 1 and
Mode 2, plotted in Fig. 8. The test set comprises additional
data from Mode 1 and Mode 2, and data from the two
new modes (New 1 and New 2). Fig. 9 plots the trends of
process variables in the test set. After 1417 samples, the
air blockage fault was induced under operating mode New
2 by gradually closing the manual valve on the input air
line to the facility. The sequences of operating modes and

Table 1. Process Variables

No. Description

1 Inlet air flow rate

2 Air delivery pressure

3 Inlet water flow rate

4 Mixing zone pressure

5 Riser top pressure

6 2-phase separator pressure

7 2-phase separator outlet water flow rate

8 3-phase separator pressure

9 3-phase separator water level

10 Water coalescer level

11 Water tank level

Table 2. Normal operating modes

Mode number Mode 1 Mode 2 New 1 New 2

Input water (kg/s) 0.1 0.1 0.5 0.5

Input air (m3/h) 120 200 150 100
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Fig. 8. High density plot of training data
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Fig. 9. High density plot of testing data
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Fig. 10. Operating sequence for the test set
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(a) Monitoring performance: without update. Solid blue curve is the monitoring statistic T 2. Red-dashed line is its control limit. A1,C1:
anomaly detection. B1: returning to normal.
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(c) Monitoring performance: with update. Solid blue curve is the monitoring statistic T 2. Red-dashed line is its control limit. A2,B2:
monitoring model update. C2: fault detection.

Fig. 11. Monitoring results for the test set

the valve opening for introducing the fault are presented
in Fig. 10.

Performance. In this test, the monitoring model is
trained off-line using the proposed DP-NSDC algorithm.
The monitoring performance of the implementations with
and without model updates are compared in Fig. 11.

Due to the switching between existing modes and new
modes, the monitoring statistic goes below the control
limit at sample 501 (A1 in Fig. 11(a)), returns to normal
at sample 1090 (B1) and goes below again at sample
1224 (C1). It may be observed that the monitoring model
is sensitive to mode changes, making it qualified for
anomaly detection, but unable to distinguish between a
new operating mode and a fault in the process.

The monitoring performance in Fig. 11(c) has improved
due to the model update. At sample 700, the anomalies are
acknowledged as a new operating mode. The DP-NSDC
algorithm re-trains the monitoring model using the data
from this anomaly period and historical data to account for
the new mode. Hence the monitoring statistic returns to its
control limit as soon as the model has been updated (A2 in
Fig. 11(c)). The same update happens at B2. Such updates
can reduce the false alarms triggered due to the new mode,
e.g. for the period from sample 700 to sample 1090. Fig.
11(b) shows the number of clusters which DP obtained
before and after model update. Therefore, DP is capable
of identifying the emerging new mode using historical and

incoming data. Moreover, by incorporating the incoming
data, this framework can detect faults when the process
is running in the new mode that has appeared previously
in on-line operations, but not in the historical data used
for training, as shown by C2 in Fig. 11(c). Since the fault
was induced using the valve opening sequence in Fig. 10,
it was developing gradually over time. Therefore, a delay
exists between the fault induction and the fault detection.
Nevertheless, the proposed method can detect this fault
at its early stage before the variation in process variables
becomes visible (Fig. 9).

To sum up, this framework enables the monitoring model
to incorporate insights regarding operating conditions in
real-time and update when necessary while maintaining
sensitivity in anomaly detection. Additionally, it may be
observed in Fig. 11(c) that there is a short period of false
alarms around sample 1100 due to the transition between
New 1 and Mode 2. To account for the transition and avoid
false alarms is a subject of a future dynamic extension of
the algorithm.

4. DISCUSSIONS AND CONCLUSIONS

This paper has presented a framework for off-line training
and on-line implementation of monitoring algorithms for
processes with multiple monitoring modes. This frame-
work achieved the objectives presented in the Introduc-
tion Section: 1) the usage of DP has made the training
procedure unsupervised without the need for knowing the
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Fig. 11. Monitoring results for the test set

the valve opening for introducing the fault are presented
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for training, as shown by C2 in Fig. 11(c). Since the fault
was induced using the valve opening sequence in Fig. 10,
it was developing gradually over time. Therefore, a delay
exists between the fault induction and the fault detection.
Nevertheless, the proposed method can detect this fault
at its early stage before the variation in process variables
becomes visible (Fig. 9).

To sum up, this framework enables the monitoring model
to incorporate insights regarding operating conditions in
real-time and update when necessary while maintaining
sensitivity in anomaly detection. Additionally, it may be
observed in Fig. 11(c) that there is a short period of false
alarms around sample 1100 due to the transition between
New 1 and Mode 2. To account for the transition and avoid
false alarms is a subject of a future dynamic extension of
the algorithm.

4. DISCUSSIONS AND CONCLUSIONS

This paper has presented a framework for off-line training
and on-line implementation of monitoring algorithms for
processes with multiple monitoring modes. This frame-
work achieved the objectives presented in the Introduc-
tion Section: 1) the usage of DP has made the training
procedure unsupervised without the need for knowing the

2019 IFAC DYCOPS
Florianópolis - SC, Brazil, April 23-26, 2019

641



642	 Ruomu Tan  et al. / IFAC PapersOnLine 52-1 (2019) 635–642

number of clusters; 2) the NSDC kernel has improved the
ability of kernel PCA in accounting for the heterogeneity of
multimodal data, as presented in the numerical simulation;
3) the on-line model update has reduced the false alarms
caused by the new operating modes while making fault
detection for these new modes possible in the experimental
case study.

For future development, the dynamic adaptation of this
framework will be of interest as the method is currently
sensitive to the transition periods that are often observed
in real-life process operations.
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