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Abstract: In this paper, we propose an adaptive method for dynamic predictive monitoring
of industrial processes based on dynamic latent variable (DLV) models. DLV models extract
dynamic latent variables with descending predictabilities and provide explicit modeling of the
dynamics. By exploiting these two characteristics, the proposed method provides predictions
conditional on fault-free data, such that potential faults lie in the prediction errors only. When
a fault has been detected, the prediction horizon will increase in real time to avoid using faulty
data for predictions. However, the prediction errors will grow as the prediction horizon increases.
Based on the descending order of the predictability built in the DLVs, a DLV’s prediction will
be adaptively turned off when its prediction error variance is greater than the variance of the
DLV. The DLV’s prediction will be resumed when the fault data period is over. In general,
the most predictive DLVs will survive the longest prediction horizon. In the limiting case when
all DLV predictions are turned off, the monitoring scheme uses the data mean for prediction,
which is equivalent to a static monitoring scheme. Case studies are provided to illustrate the
effectiveness of the proposed method.
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1. INTRODUCTION

For industrial processes, rapid fault detection and diag-
nosis are critical for safe and efficient operations. Due to
mass balance and first principles, the large amounts of
data collected from industrial processes are often high di-
mensional with strong inter-variable dependence and time
dependence. Therefore, latent variable models, such as
principal component analysis (PCA), partial least squares
(PLS) and canonical correlation analysis (CCA), have
been widely utilized to extract important information from
data. Process monitoring methods based on latent variable
models have also become one of the most active research
areas over the last two decades (MacGregor et al. (1994);
Bakshi (1998); Jiang et al. (2019)).

Latent variable methods divide the measurement space
into a principal subspace and a residual subspace. For
process monitoring, the Hoteling’s T 2 index and Q index
are typically constructed to monitor the variations in the
principal subspace and the residual subspace, respectively
(Qin (2012)). However, one drawback of the monitoring
methods based on PCA and PLS models is that the sample
are assumed to be independent in time, which is often not
the case in practice. When the underlying processes are
dynamic, it is no longer appropriate to directly apply these
methods to monitor the dynamic data collected from the
processes.

Although dynamic methods have been developed for dy-
namic process monitoring (Ku et al. (1995); Rato and Reis
(2013); Vanhatalo et al. (2017); Li et al. (2011)), they
all suffer from at least one of the following two issues.
First, the fault detection index T 2 is applied directly
to the principal components with dynamics. Second, the
dynamic components cannot be completely separated from
the static components through the extraction of dynamic
latent variables. Both of these issues lead to the violation
of the time independence assumption when constructing
the fault detection indices.

Recently, a dynamic predictive monitoring scheme has
been developed based on dynamic-inner principal compo-
nent analysis (DiPCA) and dynamic-inner canonical corre-
lation analysis (DiCCA), where predictions are calculated
through one-step ahead prediction and multi-step ahead
predictions to reduce uncertainties, leading to reduced
confidence regions without reducing confidence levels Dong
and Qin (2020). However, one limitation of this method
is that after certain prediction steps, the predictions of all
dynamic latent variables are shut down simultaneously and
replaced with mean predictions, where the determination
of the maximum prediction steps is dominated by the
least predictable dynamic latent variable. This mechanism
in fact sacrifices the prediction powers of the more pre-
dictable dynamic latent variables, which in turn makes the
monitoring method less efficient.
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Abstract: In this paper, we propose an adaptive method for dynamic predictive monitoring
of industrial processes based on dynamic latent variable (DLV) models. DLV models extract
dynamic latent variables with descending predictabilities and provide explicit modeling of the
dynamics. By exploiting these two characteristics, the proposed method provides predictions
conditional on fault-free data, such that potential faults lie in the prediction errors only. When
a fault has been detected, the prediction horizon will increase in real time to avoid using faulty
data for predictions. However, the prediction errors will grow as the prediction horizon increases.
Based on the descending order of the predictability built in the DLVs, a DLV’s prediction will
be adaptively turned off when its prediction error variance is greater than the variance of the
DLV. The DLV’s prediction will be resumed when the fault data period is over. In general,
the most predictive DLVs will survive the longest prediction horizon. In the limiting case when
all DLV predictions are turned off, the monitoring scheme uses the data mean for prediction,
which is equivalent to a static monitoring scheme. Case studies are provided to illustrate the
effectiveness of the proposed method.
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1. INTRODUCTION

For industrial processes, rapid fault detection and diag-
nosis are critical for safe and efficient operations. Due to
mass balance and first principles, the large amounts of
data collected from industrial processes are often high di-
mensional with strong inter-variable dependence and time
dependence. Therefore, latent variable models, such as
principal component analysis (PCA), partial least squares
(PLS) and canonical correlation analysis (CCA), have
been widely utilized to extract important information from
data. Process monitoring methods based on latent variable
models have also become one of the most active research
areas over the last two decades (MacGregor et al. (1994);
Bakshi (1998); Jiang et al. (2019)).

Latent variable methods divide the measurement space
into a principal subspace and a residual subspace. For
process monitoring, the Hoteling’s T 2 index and Q index
are typically constructed to monitor the variations in the
principal subspace and the residual subspace, respectively
(Qin (2012)). However, one drawback of the monitoring
methods based on PCA and PLS models is that the sample
are assumed to be independent in time, which is often not
the case in practice. When the underlying processes are
dynamic, it is no longer appropriate to directly apply these
methods to monitor the dynamic data collected from the
processes.

Although dynamic methods have been developed for dy-
namic process monitoring (Ku et al. (1995); Rato and Reis
(2013); Vanhatalo et al. (2017); Li et al. (2011)), they
all suffer from at least one of the following two issues.
First, the fault detection index T 2 is applied directly
to the principal components with dynamics. Second, the
dynamic components cannot be completely separated from
the static components through the extraction of dynamic
latent variables. Both of these issues lead to the violation
of the time independence assumption when constructing
the fault detection indices.

Recently, a dynamic predictive monitoring scheme has
been developed based on dynamic-inner principal compo-
nent analysis (DiPCA) and dynamic-inner canonical corre-
lation analysis (DiCCA), where predictions are calculated
through one-step ahead prediction and multi-step ahead
predictions to reduce uncertainties, leading to reduced
confidence regions without reducing confidence levels Dong
and Qin (2020). However, one limitation of this method
is that after certain prediction steps, the predictions of all
dynamic latent variables are shut down simultaneously and
replaced with mean predictions, where the determination
of the maximum prediction steps is dominated by the
least predictable dynamic latent variable. This mechanism
in fact sacrifices the prediction powers of the more pre-
dictable dynamic latent variables, which in turn makes the
monitoring method less efficient.
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In this paper, we propose an adaptive method for dynamic
predictive monitoring by adaptively turning on and off the
predictions of certain dynamic latent variables based on
the prediction horizons. In general, when a fault has been
detected, the prediction horizon will increase in real time
to avoid using faulty data for predictions, and the variance
of the prediction errors will also increase. By using the
descending order of the predictability built in the DLVs,
a DLV’s prediction will be adaptively turned off when its
prediction error variance is greater than the variance of
the DLV. The DLV’s prediction will be resumed when
the fault data period is over. When all DLV predictions
are turned off, the monitoring scheme uses the data mean
for prediction, which is equivalent to a static monitoring
scheme.

The remainder of the paper is organized as follows. Sec-
tion 2 introduces two dynamic latent variable methods:
DiPCA and DiCCA. Section 3 reviews the recently de-
veloped predictive monitoring scheme. Section 4 presents
an adaptive method for dynamic predictive monitoring.
The case studies on simulated dataset and the Tennessee
Eastman benchmark dataset in Section 5 demonstrate the
effectiveness of the proposed adaptive monitoring scheme.
Section 6 gives conclusions.

2. DYNAMIC LATENT VARIABLE METHODS

Dynamic latent variable (DLV) methods are developed to
extract a set of lower-dimensional dynamic latent variables
from high-dimensional time series data. Unlike traditional
latent variable methods such as PCA, which maximizes
static variance in each component, DLV methods focus on
the extraction of time-dependent components in the data.
Two alternative algorithms, dynamic-inner PCA (DiPCA)
and dynamic-inner CCA (DiCCA) have been proposed
using a covariance objective and a canonical correlation
objective, respectively. The objectives and model relations
of these two methods are briefly reviewed in this section.

2.1 Extracting one dynamic latent variable

Let {xk}k=N+s
k=1 represents a vector time series of m vari-

ables from time step 1 to N + s, dynamic latent variable
methods extract a latent variable tk as a linear combina-
tion of the original variables as

tk = xT
kw. (1)

where w is the loading vector. In other words, {tk}k=N+s
k=1

is a scalar latent time series extracted from the original
high-dimensional time series.

When there are time-dependent components in the data,
it indicates that there exists an auto-correlated latent
time series {tk}k=N+s

k=1 . That is, the current value of tk
depends on its past values. A general auto-regressive model
is adopted to describe the time dependence in {tk}k=N+s

k=1
as

tk = β1tk−1 + β2tk−2 + · · ·+ βstk−s + vk (2)

where s is the order of the AR model. It is straightforward
from (2) that the one-step ahead prediction of tk based on
its past values is

t̂k = β1tk−1 + β2tk−2 + · · ·+ βstk−s (3)

To extract a dynamic latent variable tk that is most pre-
dictable, or most dynamic, DiPCA maximizes the sample
covariance between tk and t̂k subject to ‖β‖ = 1 and
‖w‖ = 1, while DiCCA maximizes the sample correlation
between tk and t̂k.

Define the following matrices and vectors,

X = [x1 x2 · · · xN+s]
T

Xi = [xi+1 xi+2 · · · xi+N ]T i = 0, 1, . . . , s

Zs = [Xs−1 Xs−2 · · · X0]

t = Xw

ti = Xiw i = 0, 1, . . . , s

we have the following relation based on (3)

t̂s = β1ts−1 + β2ts−2 + · · ·+ βst0
= β1Xs−1w + β2Xs−2w + · · ·+ βsX0w

= Zs(β ⊗w)

(4)

where β = [β1 β2 · · · βs]
T and ⊗ represents the Kronecker

product.

The objective of DiPCA can be expressed as

max
w,β

tTs t̂s

s.t. ‖w‖ = 1, ‖β‖ = 1
(5)

and the objective of DiCCA can be expressed as

max
w,β

tTs t̂s

‖ts‖‖t̂s‖
(6)

Using relation (4), DiCCA objective can be further rewrit-
ten as

max
w,β

wTXT
s+1Zs(β ⊗w)

s.t. ‖Xs+1w‖ = 1, ‖Zs(β ⊗w)‖ = 1
(7)

Iterative procedures have been proposed to solve (5) and
(7). More details can be found in Dong and Qin (2018,?).

2.2 Extracting more dynamic latent variables

After the first dynamic latent variable is extracted, the
second dynamic latent variable can be extracted similarly
by solving the (7) with deflated matrices. The deflated
data matrix is calculated as

X := X− tpT (8)

where the loading vector p is defined as

p = XT t/tT t (9)

The deflations for Xs and Zs can be formed based on the
deflated matrix X. By extracting dynamic latent variables
sequentially, we also guarantee that the extracted dynamic
latent variables have descending order of predictability.
Complete algorithms for DiPCA and DiCCA can be found
in Dong and Qin (2018,?).

2.3 DLV model relations

Assume we extract a total of l dynamic latent variable and
define the following matrices,

T = [t(1) t(2) · · · t(l)]

W = [w1 w2 · · · wl]

P = [p1 p2 · · · pl]
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Assume we extract a total of l dynamic latent variable and
define the following matrices,

T = [t(1) t(2) · · · t(l)]

W = [w1 w2 · · · wl]

P = [p1 p2 · · · pl]

where the subscript i or (i) indicate the vectors associated
with the ith dynamic latent variable, by iterating (8), we
have

X = TPT +X(l+1)

It can be shown that T has orthogonal columns, which in
fact guarantees dimension reduction. In other words, the
number of dynamic latent variables required to exhaust all
the dynamics in the data is guaranteed to be smaller than
the number of original variables. In addition, we can prove
the following relation,

T = XR (10)

where
R = W(PTW)−1 (11)

Therefore, for a given vector xk, the score vector tk and
the residual vector x̃k can be calculated as

tk = RTxk

x̃k = xk −Ptk
(12)

Furthermore, the DLV models also provide a way to
describe the predictive relationship between the current
sample vector and the past, which can be expressed by
the following equations

t̂k =

s∑
i=1

Ditk−i (13)

êk = xk −Pt̂k = x̃k +Pv̂k (14)

where t̂k is the one-step ahead prediction of the score
vector tk, v̂k = tk−t̂k is one-step ahead prediction error of
tk, êk is the one step ahead prediction error of the sample
vector xk, and

Di = diag(βi1, βi2, . . . , βis)

When l and s are properly selected, there will be little or no
dynamics left in êk. Therefore, given the past information,
the prediction error êk contains all uncertainties in xk,
which serves as the basis of predictive monitoring scheme
developed in Dong and Qin (2020).

3. PREDICTIVE MONITORING SCHEME BASED
ON DLV MODELS

Many traditional statistical process monitoring methods,
such as PCA based monitoring methods, do not consider
dynamics or time dependence. In other words, the entire
sample xk is treated as unknown when monitoring. There-
fore, it is necessary to have large and conservative control
regions to cover all the normal operating conditions. How-
ever, when there are dynamics in the underlying processes,
the sample vector xk can be partially predicted by the
past values, which means that the uncertainties only lie
in the prediction error ek. By monitoring the prediction
error instead of the entire sample, it has been shown that
we are able to obtain more compact control regions with
improved monitoring performance. In this section, we will
briefly review the predictive monitoring scheme based on
DLV models.

3.1 Monitoring based on one-step ahead prediction

When samples from k−s, k−s+1, . . . , k−1 are all normal,
equation (12) gives one-step ahead prediction error of xk.
Further, it can be shown that ek can be rewritten as

êk = Pv̂k + x̃k (15)

with more clear physical interpretation, where

v̂k = tk − t̂k (16)

is the one step ahead prediction error of the latent score
vector tk.

Equation (15) indicates that the variations in êk can be
further decomposed into two parts: the dynamic variations
captured by v̂k that cannot be predicted from the past
values and the static variations captured by x̃k. Therefore,
the monitoring of êk can either be achieved by monitoring
v̂k and x̃k separately, or by monitoring with a combined
index. More details about fault detection indices and their
control limits can be found in Dong and Qin (2020).

3.2 Monitoring based on multi-step ahead prediction

The one-step ahead prediction is valid only when all
samples from k − s to k − 1 are fault-free. When a
fault occurs in any of these samples, the one-step ahead
prediction of tk will be invalid. To overcome this, multi-
step ahead predictions are utilized to generate fault-free
prediction.

Let tk|k−h denote the h-step ahead prediction of tk given
fault-free information up to time step k − h, we can
calculate tk as

t̂k|k−h =

h−1∑
i=1

Dit̂k−i|k−h +

s∑
i=h

Ditk−i (17)

Similarly to one-step ahead prediction, we have the h-step
ahead prediction errors êk|k−h and v̂k|k−h related as

v̂k|k−h = tk − t̂k|k−h (18)

êk|k−h = Pv̂k|k−h + x̃k (19)

Combined index φe, φv and φr can be utilized to moni-
tor êk|k−h, v̂k|k−h, and x̃k, respectively. For example, to
monitor êk|k−h, PCA can first be performed to obtain the
principal part ēk|k−h with le components and the resid-
ual part ẽk|k−h. Then to monitor ēk|k−h the associated

Hotelling’s T 2 index can be defined as

T 2
e = ēTk|k−hΛ

−1
e ēk|k−h

where Λe is the covariance matrix of ēk|k−h. It can be

shown that T 2
e approximately follows a χ2 distribution

with le degrees of freedom, which has an upper control
limit of χ2

α(le), with (1 − α) as the confidence level. As
ẽk|k−h contains little variance, squared prediction error
(SPE) index, which is also called Q index, is utilized to
monitor ẽk|k−h. The Q index is defined as

Qe = ẽTk|k−hẽk|k−h

We can show that g−1
e Qe approximately follows a χ2(he)

distribution with an upper control limit of χ2
α(he), where

ge =

∑
λ̃2
i∑

λ̃i

, he =
(
∑

λ̃i)
2

∑
λ̃2
i

λ̃i is the variance of the i
th entry in ẽk|k−h. By combining

the T 2
e index and the Qe index, the combined index φe to

monitor êk|k−h can be defined as

φe = T 2
e + g−1

e Qe

which approximately follows a χ2(le+he) distribution with
an upper control limit of χ2

α(le + he).
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4. ADAPTIVE METHOD FOR PREDICTIVE
MONITORING SCHEME BASED ON DLV MODELS

In this section, we present an adaptive method for dy-
namic predictive monitoring that automatically adjust the
prediction horizon and adaptively turns on and off the
predictions of different dynamic latent variables.

4.1 Prediction window for each DLV

According to the DLV models, the prediction of each
dynamic latent variable is performed separately. For the
jth dynamic latent variable, we have the AR prediction
model

tjk = βj1t
j
k−1 + βj2t

j
k−2 + · · ·+ βjst

j
k−s + vjk

To study the variance of the prediction error, we can first
convert the AR(s) model into a moving average (MA)
model with infinite order, that is,

tjk =

∞∑
i=0

ϕjiv
j
k−i, with ϕj0 = 1 (20)

where the MA model coefficients ϕji, i = 1, 2, . . . can be
obtained through the ARmodel coefficients βj1, βj2, . . . βjs.
Then it is straightforward from (20) that the variance of

tjk is

var(tjk) = σ2
j

∞∑
i=0

ϕ2
ji (21)

where σ2
j is the variance of the innovation sequence {vj,k}.

In addition, the h-step ahead prediction tjk|k−h and the

prediction error v̂jk|k−h can be expressed as

t̂jk|k−h =

∞∑
i=h

ϕjiv
j
k−i

and the variance of the h-step ahead prediction error
v̂jk|k−h can be calculated as

var
(
v̂jk|k−h

)
= var

(
h−1∑
i=0

ϕjiv
j
k−i

)
= σ2

j

h−1∑
i=0

ϕ2
ji (22)

Based on (21) and (22), we can define the prediction win-
dow as the maximum prediction steps where the variance
of the prediction error is smaller than 95% of the variance
of the dynamic latent variable. Mathematically, this can
be expressed as

max Hj

s.t. var
(
v̂jk|k−Hj

)
≤ 0.95 var(tjk)

(23)

where Hj is the prediction window for the jth dynamic
latent variable.

In general, more predictive dynamic latent variables sur-
vive longer prediction horizons. Since the dynamic latent
variables extracted by the DLV models are ranked with
descending order of predictability, their prediction win-
dows are also ranked in descending order. In other words,
the first extracted dynamic latent variable has the largest
prediction window, and the last extracted dynamic latent
variable has the smallest prediction window. Mathemati-
cally, we have

H1 ≥ H2 ≥ · · · ≥ Hl (24)

4.2 Adaptive predictions of the DLVs

When the prediction horizon is greater than the prediction
window of a certain dynamic latent variable, its prediction
should be turned off and replaced with its mean to ensure
the prediction performance. Therefore, for the jth dynamic
latent variable, we have the h-step prediction error as

v̂jk|k−h :=




h−1∑
i=0

ϕjiv
j
k−i h ≤ Hj

tjk h > Hj

(25)

The prediction is set to zero when h > Hj as we assume
data are preprocessed to have zero mean.

Because of the relation in (24), the predictions of dynamic
latent variables are sequentially turned off from the last
dynamic latent variable to the first dynamic latent vari-
able, as the prediction horizon increases. In the limiting
case where the predictions of all the dynamic latent vari-
ables are turned off, we are essentially use the mean to esti-
mate the dynamic latent variables. When this happens, the
adaptive dynamic predictive monitoring scheme reduces to
the static monitoring scheme.

4.3 Adaptive dynamic predictive monitoring scheme

Compare to the existing predictive monitoring method
that shuts down the predictions of all the dynamic latent
variables simultaneously, the proposed method selectively
turns of the predictions of certain dynamic latent variables
as the prediction horizon increases, to ensure good pre-
diction performance. When the fault data period is over,
the predictions of the dynamic latent variables should be
resumed to take full advantage of the predictabilities of
the dynamic latent variables.

In practice, when there are at least s consecutive samples
are detected as normal, we can resume one-step predictions
with all fault-free data and reset h = 1. Once the predic-
tion error v̂k|k−h is obtained based on (25), fault detection
index φv can be used to monitor v̂k|k−h, which captures
the dynamic variations. To monitor both dynamic and
static variations, fault detection index φe can be utilized
to monitor êk|k−h. It is worth noting that the calculation

of the residual sample vector x̃k does not involve t̂k|k−h.
Therefore, the monitoring of the static variations can be
performed without calculating t̂k|k−h.

The complete adaptive dynamic predictive monitoring
scheme is given in Algorithm 1.

5. CASE STUDIES

In this section, the proposed adaptive dynamic predictive
monitoring scheme is demonstrated on a simulated dataset
and the Tennessee Eastman benchmark dataset.

5.1 Simulated dataset

In this subsection, the proposed adaptive monitoring
scheme is tested on a simulated dataset generated from
the following dynamic latent variable model

tk = Atk−1 + vk

xk = Ptk +wk
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mate the dynamic latent variables. When this happens, the
adaptive dynamic predictive monitoring scheme reduces to
the static monitoring scheme.

4.3 Adaptive dynamic predictive monitoring scheme

Compare to the existing predictive monitoring method
that shuts down the predictions of all the dynamic latent
variables simultaneously, the proposed method selectively
turns of the predictions of certain dynamic latent variables
as the prediction horizon increases, to ensure good pre-
diction performance. When the fault data period is over,
the predictions of the dynamic latent variables should be
resumed to take full advantage of the predictabilities of
the dynamic latent variables.

In practice, when there are at least s consecutive samples
are detected as normal, we can resume one-step predictions
with all fault-free data and reset h = 1. Once the predic-
tion error v̂k|k−h is obtained based on (25), fault detection
index φv can be used to monitor v̂k|k−h, which captures
the dynamic variations. To monitor both dynamic and
static variations, fault detection index φe can be utilized
to monitor êk|k−h. It is worth noting that the calculation

of the residual sample vector x̃k does not involve t̂k|k−h.
Therefore, the monitoring of the static variations can be
performed without calculating t̂k|k−h.

The complete adaptive dynamic predictive monitoring
scheme is given in Algorithm 1.

5. CASE STUDIES

In this section, the proposed adaptive dynamic predictive
monitoring scheme is demonstrated on a simulated dataset
and the Tennessee Eastman benchmark dataset.

5.1 Simulated dataset

In this subsection, the proposed adaptive monitoring
scheme is tested on a simulated dataset generated from
the following dynamic latent variable model

tk = Atk−1 + vk

xk = Ptk +wk

Algorithm 1 Adaptive dynamic predictive monitoring
framework
1: Offline training. Build a DiCCA or a DiPCA model

on the training data. Calculate the prediction window
for each dynamic latent variable, the parameter matri-
ces for fault detection indices, and the corresponding
control limits.

2: Online monitoring. Begin with a sequence of s fault-
free samples and set b = s and h := 1, then

3: for k = s+ 1, 2, . . . do
4: Calculate x̃k, t̂k|k−h, v̂k|k−h, and êk|k−h.
5: Calculate the fault detection indices.
6: if an index exceeds its control limit then
7: Generate a fault alarm
8: Set h := h+ 1 and b := 0
9: else

10: Set h := h+ 1 and b := b+ 1
11: if b ≥ s then
12: Set h := 1
13: end if
14: end if
15: end for

where

A =

[
0.9 0 0
0 0.8 0
0 0 0.7

]
, P =




0.3310 0.1348 0.0965
0.7199 0.6843 0.3343
0.1671 0.2035 0.2004
0.9701 0.9814 0.9775
0.3281 0.7743 0.6446




vk is i.i.d. N(0, I) and wk is i.i.d. N(0, 0.22I). A total of
5200 consecutive samples are generated for training and
testing. The first 5000 samples are used as training data.
and are pre-processed to have zero mean and unit variance.
The last 200 samples are used as testing data, and are
shifted and scaled accordingly.

A DiCCA model is built using the training data, where
the order s is chosen as 1. Three dynamic latent variables
are extracted with descending order of predictability. By
solving (23), the prediction windows for the three dynamic
latent variables are calculated as H1 = 14, H2 = 6 and
H3 = 4. In addition, we obtained the parameter matrices
for fault detection index φr, and fault detection indices φr

and φe with different prediction steps.

To test the performance of the proposed adaptive dynamic
predictive monitoring scheme, we added step change faults
to the testing data as described in Table 1. As we can

Table 1. Step change fault information

Faulty samples Faulty variable Fault magnitude

51-60 1 1.5

81-90 2 1.5

111-120 3 1.5

141-150 4 1.5

171-180 5 1.5

see from Table 1, a step change fault of the same fault
magnitude is added to different measured variables at dif-
ferent time intervals. Fig. 1 summarizes the fault detection
results using φe, φv and φr indices, where the shaded areas
indicate the time intervals with faulty samples. Blue lines
plot the values of different fault detection indices, and the
red lines are the control limits. From Fig. 1 we can see that

φe is able to detect all the faults successfully; φv detects all
the faults successfully except the step change in variable
3; φr are able to detect faults in variable 3, 4, and 5, but
has difficulties detecting the step changes in variable 1
and 2 consistently. In other words, the indices φv and φr

complement each other, while φe combines the strengths
of the two. The reason behind this can be explained by
Fig. 2.
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Fig. 1. Fault detection results using φe, φv and φr indices
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Fig. 2. Contributions of 5 variables to 3 DLVs

According to Fig. 2, we can see that variable 3 has very
little contributions to all 3 DLVs. In other words, variable
3 contains mostly static variations, and does not contain
significant dynamic variations. Therefore, the abnormal
variations in variable 3 can only be detected by φr and
φe, but not by φv.

5.2 TEP datasets

In this subsection, the proposed adaptive monitoring
method is tested on the Tennessee Eastman Process data.
Fig. 3 shows the diagram of the stripper unit of the
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Table 2. Fault detection rates and detection
delays using φe, φv and φr

Fault
type

φe φv φr

rate Delay rate Delay rate Delay

IDV(1) 99.8% 2 89.1% 2 97% 2

IDV(2) 95.6% 35 95.8% 35 80.4% 42

IDV(5) 35.1% 0 42% 0 18.6% 1

IDV(6) 99.4% 0 99.1% 0 98% 16

IDV(7) 47.9% 0 50% 0 29.3% 2

IDV(8) 94.5% 17 89.3% 22 81% 17

IDV(10) 83.1% 23 67.6% 24 77.4% 29

IDV(11) 18.3% 155 26.6% 155 6.25% ×
IDV(12) 97.9% 2 94% 13 86.1% 3

IDV(13) 94.9% 44 95.5% 44 84.6% 73

Tennessee Eastman Process. A DiCCA model is built on
8 variables related to the stripper unit, which consists of
6 measured variables XMEAS(14-19) and 2 manipulated
variables XMV(8,9). The training data has 960 samples,
which are sampled at 3 minutes frequency. The order
of the DiCCA model is selected as 3, and the number
of dynamic latent variables is selected as 2. By solving
(23), the prediction windows for the two dynamic latent
variables are calculated as H1 = 86 and H2 = 37.

Fig. 3. The stripper unit of the Tennessee Eastman Process

Table 2 summarizes the fault detection results on faults
that are connected to the stripper unit using indices φe,
φv and φr. The results include both detection rates and
delays. To take into account of false alarms, the fault is
only considered successfully detected when a total of 7
consecutive samples are detected as faulty. If we cannot
find 7 consecutive samples that are detected as faulty using
a particular index, we use × to indicate that the fault
cannot be successfully detected. From Table 2 we can see
that in terms of detection delays, φv is more effective on
IDV(2, 5-7, 10, 11, 13), while φr is more effective on IDV(8,
12). By combining the strengths of φv and φr indices, the
index φe has improved performance on all fault types that
are connected to the stripper unit.

6. CONCLUSIONS

In this paper, we propose an adaptive dynamic predic-
tive monitoring method based on dynamic latent variable
models. By using the descending order of the predictability

built in the DLVs, a DLV’s prediction horizon is increased
with real time to avoid using faulty data for predictions,
and is adaptively turned off when its prediction error
variance is greater than the variance of the DLV. One-
step ahead predictions are resumed as soon as there are
s consecutive normal data samples. In the limiting case
when all DLV predictions are turned off, the monitoring
scheme reduces to a static monitoring scheme. Compare
to existing process monitoring methods, the proposed
method takes full advantages of the predictive power of all
the dynamic latent variables, which makes the monitoring
more efficient. Case studies on a simulated dataset and the
TEP dataset are used to illustrate the effectiveness of the
proposed method.
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