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cannot perform well in processes with multiple operating modes. To monitor multimode processes effectively,
this paper proposes a novel process monitoring scheme based on orthogonal nonnegative matrix factorization
(ONMF) and hidden Markov model (HMM). The new clustering technique ONMF is employed to separate data
fromdifferent processmodes. ThemultipleHMMs for various operatingmodes lead to highermodeling accuracy.
The proposed approach does not presume the distribution of data in eachmode because the process uncertainty
and dynamics can bewell interpreted through the hiddenMarkov estimation. The HMM-basedmonitoring indi-
cation named negative log likelihood probability is utilized for fault detection. In order to assess the proposed
monitoring strategy, a numerical example and the Tennessee Eastman process are used. The results demonstrate
that this method provides efficient fault detection performance.
© 2016 The Chemical Industry and Engineering Society of China, and Chemical Industry Press. All rights reserved.
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1. Introduction
Fault detection is one of the most important tasks for successful
operation of chemical processes. Multivariate statistical process
monitoring (MSPM) is growing popular due to large amount of data
from large-scale chemical processes. MSPM techniques, such as princi-
pal component analysis (PCA) and partial least-squares (PLS), have
been intensively investigated and widely applied to chemical process
monitoring with success [1–3]. To overcome the limitations, such as
nonlinearity and dynamics of processes, improvements on traditional
methods and other complementary MSPM have been proposed, such
as ICA, KPCA, DPCA, SVDD and manifold-learning methods [4–9].
However, it should be noted that these approaches often assume that
the process operates in a single mode, while complex chemical
manufacturing processes often work in multiple modes. Consequently,
mode shifts greatly confine the scope of applications of conventional
techniques.

For monitor processes with multiple operatingmodes, Chen and Liu
[10] proposed a mixture principal component analysis model detector,
which is a group of PCAmodels. Zhao et al. [11,12] handled the process-
es with multiple PCA models and multiple PLS models. These ap-
proaches constructed multiple models for different operating modes
to carry out the monitoring task. Based on this idea, Liu [13], Yoo et al.
[14], Ng and Srinivasan [15], Khediri et al. [16] and Zhu et al. [17] came
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up with other techniques. Yu and Qin [18] developed a finite Gaussian
mixture model and used the Bayesian inference-based probability
index for process monitoring. Ge and Song [19] presented a mixture
Bayesian regularization method of PPCA. These methods integrated
monitoring results of different operating modes in a probabilistic
manner.

In contrast to above traditional approaches, hidden Markov model
(HMM)-based methods have not been explored widely and deeply in
multimode process monitoring. Yu [20] applied HMM to model
complicated data distribution with nonlinear and multimodal features
and developed two HMM-based process monitoring quantification
indications. Rashid and Yu [21] presented a HMM based ICA approach
for processes with multiple operating modes and inherent system un-
certainty. The hidden Markov model was built to estimate dynamic
mode sequence. Then the local ICA models were developed to charac-
terize different operatingmodes for online processmonitoring purpose.
Ning et al. [22] incorporated HMMand thewindow-based SPAmonitor-
ing method in a single framework where HMM is adopted to identify
the operating mode.

In this paper, a novel process monitoring scheme based on HMM is
proposed for multimode processes. First, a new clustering method
named orthogonal nonnegative matrix factorization (ONMF) is used
to divide data of different modes. Then, multiple local HMMs are con-
structed for various operating modes. Because hidden Markov model
is a powerful tool to describe a stochastic sequence, the proposedmeth-
od does not presume the distribution of sample data in each operating
mode. Furthermore, build a HMM for everymodewith highermodeling
accuracy. During online monitoring period, the monitored samples can
be classified into proper modes by comparing the relevance with every
ustry Press. All rights reserved.
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HMM. At last, the HMM based monitoring indication named negative
log likelihood probability (NLLP) is used for fault detection in every
mode. The effectiveness of the proposed approach is shown by a numer-
ical example and the Tennessee Eastman (TE) process.

2. Method

2.1. Orthogonal nonnegative matrix factorization

Orthogonal nonnegative matrix factorization (ONMF) works well
for clustering tasks in document clustering field and is equivalent to
K-means clustering in the sense that they share the same objective func-
tion [23,24]. ONMF can be viewed as approximate matrix factorization
techniques with both nonnegative and orthogonal constraints, which
is formulated as the following optimization problem:

min
U;V

X−WHk k2 ð1Þ

subject to W ≥ 0,H ≥ 0,HHΤ=I

where X ⊂ Rm × n, W ⊂ Rm × k, H ⊂ Rk × n, and the entries of matrices
X, W and H are nonnegative.

The factor matrices W and H have the following explanation. When
columns of original data matrix X are data points in m dimensional
space, columns in W are treated as basis vectors and every row in H
represents encoding that means the extent to which each basis vector
is utilized to reconstruct original data vector.

2.2. Hidden Markov model

Hidden Markov model (HMM) is a probabilistic model extended
fromMarkov chains to generate the statistically inferential information
on a series of state sequences [25]. In general, it contains finite numbers
of hidden states, where each state outputs an observation at certain
time point. Each hidden state is characterized by two sets of probabili-
ties: a transition probability between two states and an observation
probability distribution. Not like Markov chains, HMM are doubly
stochastic processes: the stochastic transition between one state to
another state and stochastic output observations generated at each
state. A HMM has the following key ingredients [25].

(1) The hidden states

S ¼ S1; S2;…; SNf g ð2Þ

where N denotes the number of hidden states.

(2) State transition probability distribution

A ¼ aij
� �

; 1 ≤ i; j ≤ N ð3Þ

where aij=Pr(qt+1=Sj |qt=Si) ,1 ≤ i , j ≤ N, and qt is the hidden state at
time t.

(3) The observations

Ο ¼ Ο1;Ο2;…;ΟMf g ð4Þ

whereM represents the number of distinctive observation per state. M
is infinite when the observation space is continuous.

(4) The observation probability distribution

B ¼ bi Kð Þf g ð5Þ

where bi(K)= Pr(OK |qt=Si) ,1 ≤ i ≤ N ,1 ≤ K ≤M.
(5) Initial hidden state probability distribution

π ¼ πif g ð6Þ

where πi=Pr(qt=1=Si), 1 ≤ i ≤ N.
The three main components of a HMM are the state transition prob-

abilitymatrixA, themeasurement probability distributionmatrix B, and
the initial state probability distribution π. For convenience, a compact
notation is used to indicate the complete parameter set of the model:

λ ¼ A;B; πð Þ ð7Þ

In a HMM, the following three basic problems need to be solved:
training parameters of HMMs, calculating the probability of one
observation sequence, and finding a state sequence that matches the
observation sequence perfectly. There are three basic algorithms,
namely the Baum–Welch algorithm, the forward–backward procedure
and the Viterbi algorithm [25].

3. ONMF Based Local HMM for Multimode Processes Monitoring

For multimode process fault detection, this work implements a
monitoring procedure based on local HMM models. This method is ap-
plied by combining the ONMF clustering algorithmandHMMalgorithm
introduced in the preceding section. To design the monitoring scheme,
the dataset is first separated using ONMF clustering approach. This
allows us to divide different groups of datasets with similar characteris-
tics. Then, for each class of data a local HMM is constructed to describe
the underlying data distribution. At last, the new observation samples
are monitored by determining their proper mode label and then
computing the monitoring indicator in the correct HMM model.

3.1. Offline modeling

When ONMF is applied to clustering, dimension k refers to the
number of clusters. Let each column of the data set Y( J × T) (where J
is the number of variables and T is the sample number) be treated as a
data sample, then after the factorization, each column of W( J × k)
represents a cluster center and elements of every column of H(k × T)
are the cluster indicator.

After the clustering task, multiple local HMMs are constructed for
different modes.

3.2. Local HMM for mode identification and fault detection

In a HMM, negative log likelihood probability (NLLP) presents how
well a new observed data sample matches the probability distribution
of HMM trained by a data set. Thus it can be employed for both mode
identification and fault detection. After local HMM models are built for
each mode, a data sample must have minimal NLLP in the local HMM,
which corresponds to the mode it belongs to. For fault detection,
when the data sample is normal, the NLLP is small since it follows the
HMM distribution perfectly. On the other hand, the NLLP of a fault
data sample should be larger than usual one. Therefore, NLLP can act
as an effective monitoring index for evaluating process states.

This quantization indication is developed by calculating the proba-
bility P(yt ∣λ) of one observation sample yt, given the HMM model λ.
This mathematical problem can be solved by the forward–backward
procedure.

For a data set Y( J×T)=[y1,y2,… ,yT], define a forward variableαt(i),
which is the probability of the partial observation sequence (until time
t), and state Si at time t, given the model λ.
αt ið Þ ¼ P y1; y2;…; ytf g; qt ¼ Sijλð Þ ð8Þ



Fig. 1.Monitoring results of kernel K-means based local SVDD for Case 1.
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We can solve αt(i) by inductive steps as follows.

α1 ið Þ ¼ πibi y1ð Þ ð9Þ

where 1 ≤ i ≤ N.

αtþ1 jð Þ ¼
XN
j¼1

αt ið Þaij

2
4

3
5bj ytþ1

� � ð10Þ

where 1 ≤ t ≤ T−1 and 1 ≤ j ≤ N.

P yt jλð Þ ¼
XN
i¼1

αT ið Þ ð11Þ

As a result, NLLP is computed as

NLLP ¼ −lg P yt jλð Þ ð12Þ

During online process monitoring stage, compute NLLP of the
monitored sample in every local HMM. Then the sample can be located
in the proper HMM with the minimal NLLP. At last, compare its NLLP
against the threshold in the local model to determine whether this
data sample is normal or not.

3.3. The proposed monitoring procedure

The monitoring procedure based on the proposed method includes
two stages: offlinemodeling and online process monitoring. The proce-
dure is summarized as follows.

Offline modeling:

(1) Collect data samples when the process is under normal condi-
tion. The pre-processing of dataset is implemented.

(2) Use ONMF for the clustering job.
(3) Build local HMM models for each mode and utilize the Baum–

Welch algorithm to obtain the parameters of HMM, namelyλ=(A,B,π).
(4) Calculate the NLLP of normal samples in every local HMM and

determine corresponding threshold for NLLP by the KDEmethod
with a confidence bound.

Online process monitoring:

(1) For every monitored data sample, compute NLLP in every HMM
and determine proper local HMM with minimal NLLP.

(2) Locate the sample in suitable HMM, and compare its NLLP
against the threshold of local HMM to decide whether it is
normal or not.

4. Illustrative Examples

4.1. A numerical example

A multivariate linear system is first used to demonstrate the effec-
tiveness of the proposed method, and its performance is compared
with the kernel K-means clustering based local SVDD method [16].
The simulation process is a three variablemultimodal process, originally
suggested by Yu and Qin [18].

x1
x2
x3

2
4

3
5 ¼

0:3723 0:6815
0:4890 0:2954
0:9842 0:1793

2
4

3
5 s1

s2

� �
þ

e1
e2
e3

2
4

3
5 ð13Þ

where [s1,s2]Τ denotes Gaussian distribution data sources and
[e1,e2,e3]Τ are zero-mean white noises with standard deviations of
0.01. Three operating modes and corresponding data sources are listed
as follows.

Mode 1 : s1 : Ν 10;0:8ð Þ; s2 : Ν 12;1:3ð Þ
Mode 2 : s1 : Ν 5;0:6ð Þ; s2 : Ν 20;0:7ð Þ
Mode 3 : s1 : Ν 16;1:5ð Þ; s2 : Ν 30;2:5ð Þ:

ð14Þ

For each operating mode, 100 samples are generated and total 300
samples are used as training data.

To show the performance of the proposed monitoring method,
the test data are generated in the following two faulty situations.

Case 1: the system is initially running at mode 1, and then a bias
error of 4 is added to x1 from the 101st through 200th samples.

Case 1: the system is initially running at mode 2, and a drifting
error of 0.04(l-100) with l denoting the serial number of test samples
is applied to x2 between the 101st through 200th samples.

In this numerical simulation, 300 normal data samples from three
operating modes are collected for offline modeling training. The
confidence level is chosen as 98% for both approaches so that the
proposed method can be compared with its counterparts fairly.

In Case 1, measurement x1 is contaminated by a bias fault of some
magnitude in 101–200 samples. Fig. 1 shows that the K-means based
SVDD method fails to provide a satisfactory monitoring consequence
due to its miss fault detection performance. In contrast, as shown in
Fig. 2, NLLP detects all faults from samples 100–200 while they hardly
trigger false alarms for the normal observation from samples 1–100.
In Case 2, the capability of detecting a drift fault is tested with two
monitoring approaches. Fig. 3 depicts the monitoring results of the
K-means clustering based local SVDD method. The drift fault can
only bewell captured until the 140th sample. It means that operators
catch the fault with a time lag of about 40 samples. As a comparison,
the monitoring performance is improved by utilizing our proposed
method according to Fig. 4. It is able to detect the drift fault with a
delay of about 30 samples.
4.2. The Tennessee Eastman process

The ONMF based local HMM monitoring method is applied to the
Tennessee Eastman (TE) process developed by Down and Vogel [26].
The process consists of five major unit operations: a reactor, a product
condenser, a vapor–liquid separator, a recycle compressor, and a prod-
uct stripper. Overall 41 measured output variables and 12 manipulated



Fig. 3.Monitoring results of kernel K-means based local SVDD for Case 2.

Fig. 4.Monitoring results of ONMF based local HMM for Case 2.

Fig. 2.Monitoring results of ONMF based local HMM for Case 1.
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variables are involved in this process. The decentralized control scheme
developed by Richer is employed to generate closed-loop data [27].

In this paper, modes 1 and 3 are adopted to evaluate the effective-
ness of the proposed method. Total 60 h normal data samples are
collected from each mode as the training data. The sampling time in-
terval is 0.03 h. A total of 31 variables, which contains 22 continuous
process measurements and 9 manipulated variables, are utilized to
conduct process monitoring.

First, the training data samples of modes 1 and 3 are separated by
ONMF. Dimension k is chosen as 2 because the number of clusters is 2.
After the calculation, the matrix W has the meaning of cluster centroids
so the two columns (w1 and w2) of W represent two clustering centers.
Then the matrix H acts as the cluster indicator. The clustering results are
presented in Fig. 5. The red dots mean data samples of mode 1 while
blue ones are those from mode 3. It is clear that ONMF has the ability to
do clustering job well.
Fig. 5. Clustering results of data samples frommodes 1 and 3.
The monitoring results of the ONMF based local HMM method are
compared to those of the kernel K-means clustering based local SVDD
approach [16]. The same training data set is selected for both methods.
The thresholds of monitoring indices are obtained under 99% confi-
dence level to guarantee a fair comparison. In the online monitoring
part, 14 different faults of two modes are all tested. The test data set in-
cludes 1000 data samples where the first 200 samples are normal ones
and process faults are introduced from the 201st sample to the end. The
fault detection results of the two approaches are listed in Table 1. It is
Table 1
Monitoring results of 14 faults in TE mode 1

Fault Kernel K-means based local SVDD ONMF based local HMM

False detection
rate/%

Fault detection
rate/%

False detection
rate/%

Fault detection
rate/%

1 1.5 99.875 1 99.875
2 1.5 99.5 1 99.375
3 1.5 0.75 1 1
4 1.5 1.375 1 100
5 1.5 0.875 1 1
6 1.5 100 1 100
7 1.5 100 1 100
8 1.5 97.875 1 98.125
9 1.5 3 1 5
10 1.5 82.875 1 89.875
11 1.5 90.75 1 98.625
12 1.5 44.5 1 44.625
13 1.5 97.625 1 97.875
14 1.5 99.5 1 100
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obvious that our proposed method has higher fault detection rates in
most cases. For example, for fault 4, the fault detection rate of kernel
K-means based local SVDD is 1.375%, while that of ONMF based local
HMM is 100%. The monitoring results of the proposed approach for
faults 10 and 11 are also much better. Table 2 gives similar results. The
proposed method is quite successful in detecting faults 4 and 11.
Table 2
Monitoring results of 14 faults in TE mode 3

Fault Kernel K-means based local SVDD ONMF based local HMM

False detection
rate/%

Fault detection
rate/%

False detection
rate/%

Fault detection
rate/%

1 0.5 99.875 0.5 99.875
2 0.5 98.5 0.5 98.625
3 0.5 2.25 0.5 3.375
4 1 1.5 0.5 100
5 1 100 0.5 100
6 0.5 100 0.5 100
7 1 100 0.5 100
8 1 97.75 1 97.75
9 1 22.25 1 28.5
10 1 90.125 1 90.625
11 1 84.75 1 98
12 1 99.5 1 99.5
13 1 89.5 1 90.625
14 0.5 99.875 1 100
5. Conclusions

A novel monitoring approach combining ONMF clustering and hid-
den Markov model (HMM) is developed for multimode processes. For
complex chemical processeswithmultiple operatingmodes and system
uncertainty, the proposed method employs ONMF to classify data
samples of diverse modes. The process uncertainty and dynamics can
be well interpreted through the hidden Markov estimation. Then the
quantification indication NLLP is responsible for fault detection. The
case studies on a numerical example and the TE process show that
the proposed method can effectively deal with multimode process
monitoring problem. Since a transition stage always exists in various
operating modes in actual processes, transitional modes will be the
future research direction.
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