Journal of the Korea Academia-Industrial https://doi.org/10.5762/KA1S.2018.19.3.40
cooperation Society ISSN 1975-4701 / eISSN 2288-4688
Vol. 19, No. 3 pp. 40-45, 2018

On-line Process Data-driven Diagnostics Using Statistical Techniques
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Abstract Intelligent monitoring and diagnosis of production processes based on multivariate statistical methods has
been one of important tasks for safety and quality issues. This is due to the fact that faults and unexpected events
may have serious impacts on the operation of processes. This study proposes a diagnostic scheme based on effective
representation of process measurement data and is evaluated using simulation process data. The effects of utilizing
a preprocessing step and nonlinear statistical methods are also tested using fifteen faults of the simulation process.
Results show that the proposed scheme produced more reliable results and outperformed other tested schemes with
none of the filtering step and nonlinear methods. The proposed scheme is expected to be robust to process noises
and easy to develop due to the lack of required rigorous mathematical process models or expert knowledge.

2 oF Y I v EﬂolHOﬂ 719k A5 378 A 3 XJEP Alzglle 249 g 1EE e AES 2t
RS FA] A E DA 98 T shuE DFHI e, olek B2 FAlE 3 ool wAldhE 4 A
Aol AAAQ 2{dell F FIFE vAE Al 7|Igth & ATolA= v 374 diolElel 719k 97 S Alx sk
ol& Algeeld &4 HolHE &gl 1 s st Ik w3 9 dlolH e Az 29 ek nAdd iy
£ &80l A Aol viAE FFE AlEeold golA AAE 15708 574 ol el tial Hrietiek. 1 A3 ARt
W Ee] AEE W A3E Folon BE vl PERl A Aol gAY Ad EES AR B EE div
Y9 Ao BT AAE EHES T4 volEd 7w B ez T U 8k Rdlou) x4 Eld
Hlsto] e ez mdgo] ks 574 HlolH el ool Fstte e ek
Keywords : Diagnosis, fault, filtering, multivariate statistical methods, process data

1. Introduction on-line basis[1]. The diagnosis is to identify assignable

causes of the detected faults. Recently, massive process

Continuous monitoring of industrial processes is  measurement data can be easily obtained from most of
quite necessary in order to guarantee process safety production processes. It has facilitated the use of
and quality issues. Process faults or abnormal events  multivariate statistical approaches to fault diagnosis
should be detected and diagnosed as soon as possible.  problems[2]. Multivariate statistical techniques have
Based on the monitoring results provided appropriate  been utilized in practical issues including principal

remedial actions are determined and executed in an component analysis (PCA), partial least squares (PLS),
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and Fisher discriminant analysis (FDA) [3]-[5].

Nonlinear monitoring techniques have been also
developed as extended versions of linear methods.
They have the common things that input data are
mapped into nonlinear spaces and then these mapped
data are analysed. The use of such a kernel trick
enables us to develop various kernel methods such as
kernel PCA, kernel PLS and kernel FDA[6]. The
selection of linear or nonlinear techniques depends on
the problems of interest. In linear case, in general, data
can be modeled effectively by both linear and
nonlinear techniques. The use of a linear technique in
nonlinear case, however, may not represent most of
data correctly.

As data measurement and sensing technologies
advance, automated on-line data collection has become
popular. The availability of such massive data sets has
motivated the use of multivariate statistical approaches
to diagnosis problems. Diagnosis problems can be
treated as classification problems when there are lots of
historical data obtained from various faulty conditions.
The fault

diagnosis, in general, are considered to be easy to

multivariate ~statistical techniques for
implement, computationally efficient, and relatively
robust to noise[7]. When data analysis is performed,
redundant portions of data may cause masking problem
of underlying patterns. Thus preprocessing or filtering
of raw data is necessary in order to improve the
performance of data analysis. Combined with nonlinear
and triangular methods efficient preprocessing step can
be added to improve diagnosis results by removing
unwanted parts of raw measurement data.

This

diagnostic scheme based on nonlinear representation of

work proposes an multivariate statistical
raw measurement data. To capture fault patterns in
reduced spaces a triangular representation of process
data This

distinguishing

is combined with nonlinear methods.

diagnostic scheme is suitable for

different groups of faults. In this work, a preprocessing
or filtering step is added to eliminate unwanted parts of

the data. The adoption of a filtering task is expected to
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improve the performance of the diagnostic scheme. The
performance of the proposed diagnostic scheme is
tested and demonstrated using measurement data of a
simulation process.

This paper is organized as follows. First, a brief
review of proposed methods is presented. Then results
of a case study on the simulation process are shown to
demonstrate the performance of the diagnostic scheme.
In addition, the effect of selecting linear or nonlinear
methods is tested along with that of wusing
preprocessing step or not. Finally, concluding remarks

are given.

2. Method

Discriminant analysis is frequently used in a
classification problem, in which several groups of data
are known a priori and new observations are classified
into one of the groups. It has been seen in data mining
and pattern recognition to find a linear combination of
variables that separates several groups[6]. It is
necessary to find certain directions w, along which the
latent groups are discriminated as clearly as possible.
Actually, w can be obtained by solving w(Cy-ACy)=0

where C, represents between-group covariance matrix

and C, within-group covariance matrix. Linear
discriminant method can be stated:
fx)=w'x (1)
Then Rayleigh coefficient J(w) should be
maximized to determine w:
T
J(w) = wTC »W
wC,w )

On the other hand, nonlinear version of discriminant
analysis, called kernel Fisher’s discriminant analysis
(KFDA), is to perform the linear discriminant analysis
in nonlinear feature spaces[7]. Similar to linear
discriminant analysis, nonlinear discriminant vectors
are calculated by maximizing
v'S v

J(y)=
W) v'STy
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@ S‘b .
where Syand S, is between-group and total
covariance matrixes, respectively. Then, optimal
discriminant vectors are given by solving
Syw=1S'y 4)
There exist coefficients b; such that
M
=>bd(x,)=Ha
‘V Z.l k ( k) s (5)
where H=[®(x), ..., ®(x,)] and @¢=(b;,...,D,)"

The objective of preprocessing or filtering in this
work is to remove unwanted variation not related to the
fault patterns. When a preprocessing of the data is
done, filtered data can improve the performance of
subsequent tasks such as data representation and
classification. Here orthogonal signal correction (OSC)
is used for this purpose[8]. This preprocessing method
calculates the first principal score vector t from raw
measurement data X. The score vector t is then
orthogonalized with respect to group membership Y

producing correction vector t:

t ={I-YY'Y)'Y}t (6)

Then weight vector Wwos. is obtained such that
Xwosc:t*. Finally a new score vector can be calculated:
t=Xw,s.. These tasks are repeated until t has converged.
A loading vector p is computed, and the correction
term tpT is subtracted from X giving a residual. The
next components can be calculated in such a wayl[8].

A triangular representation method was developed to
extract from raw data useful patterns or features
efficiently[9]. It has predefined seven components that
play the role of geometric building-blocks for the
of Such

representation of a process trend enables us to capture

representation any data or trends.
important features of data so that unique trajectories or
maps of process abnormalities can be expressed in
different magnitude and time duration. Specifically the
qualitative state of x(t) is defined by x(¢), the 1%
derivative ' (t), and the 2™ derivative =’ (¢)[9].
There are seven basic triangular components, which are
determined by z'(t) and '’ (¢). The first component

is called constant because =’ (t)=0 and z'’ (t)=0. It
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represents uniform pattern during that time interval.
The linear increase (decrease) component means that
x' (t)=+(-) and z''(t)=0. The concave upward and
monotonic increase (decrease) component is given by
z' (t)=H-) and z’’(¢)=+ concave downward and
monotonic increase (decrease) component z’ (#)=+(-)
and ' (t)=-.

Preprocessing of Raw Fault Data

k. 4
Nonlinear Projection of Filtered Data
* -
Pattern Representation of Scores

-
On-lne & Off-ine Similarity Calculation

i
o — — —

| Diagnostic Decision Making

Fig. 1. Overall framework

As shown in the proposed framework of Fig. 1 raw
fault data is preprocessed or filtered to eliminate the
unuseful portion of the data when a fault is detected.
Then the filtered data is projected onto nonlinear
KFDA to obtain the scores for the fault data. And the
extraction of fault pattern is performed, which is
followed by comparing the extracted fault pattern with
the existing fault patterns. Finally diagnostic decision
can be made at that time sequence, and this process
can be repeated for the next time intervals.

The fault pattern vector at the jth time x(j) is given
by x()=[x1,X2, ...

vector X;/=[Xii,X2i, -..

x]", where x; is a fault element
,xn]T. Each of x; should be 0 or 1,
and the value of 1 represents the presence of the seven
basic triangular components. For example, suppose that
the fault patterns are observed as a sequence of 1-2-3
(i.e., constant, linear increase, and linear decrease).
The x; at the 1¥ sequence is given: X1=[1,0,0,0,0,0,O]T.
For others x,=[0,1,0,0,0,0,0]" and x5=[0,0,1,0,0,0,0]".
Overall, x(3)=[1000000 0100000 0010000]". On-line
fault pattern vector x(j) can be compared with off-line
fault library vectors yk(j) obtained from training data.
For this purpose, the distance between x(j) and the k™
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y(j) is calculated D, (j) = | y,(j)—=(j) | . Finally, a
diagnosis decision at the jth time is made based on the
which is  given by

similarity =~ measure,

K

5. =1/1D,() Y 1/D,(5)].

b=1

3. Results

The diagnosis performance of the proposed method
is demonstrated, in which simulation data obtained
from the Tennessee Eastman process is utilized. This
process is a common test-bed for continuous
processes[10]. It consists of five major units: reactor,
condenser, separator, compressor, and stripper. The
reactions in the reactor are as follows:

A+C+D—G, A+C+E—H, and A+E—F+3D—2F.
This process produces two products (i.e., noted by G
and H) from four reactants (A, C, D, and E) with inert
(B) and byproduct (F). A total of 53 process variables
are measured on-line. The gaseous reactants are fed to
the reactor, where the liquid products G and H are
formed.

In this case study fifteen different faults are tested
for a performance comparison purpose, which is listed

in Table 1.
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Fig. 2. A simulation process diagram

For each of the fifteen process faults training and

test data sets were generated and used as fault library

and on-line fault data, respectively. As an example,
Fig. 3 shows control charts for the training data of the
process fault 1. In these charts, an out-of-control signal
is detected around the time interval 600. These error
signal fluctuated quickly up and down during that time

intervals.

Table 1. List of process faults

Fault Description
1 A/C feed ratio, B composition constant
2 B composition, A/C ratio constant
3 D feed temperature
4 Reactor cooling water inlet temperature
5 Condenser cooling water inlet temperature
6 A feed loss
7 C header pressure loss
8 A/B/C feed composition
9 D feed temperature
10 C feed temperature
11 Reactor cooling water inlet temperature
12 Condenser cooling water inlet temperature
13 Reaction kinetics
14 Reactor cooling water valve
15 Condenser cooling water valve

The charts on other process faults, though not shown
here, showed a similar behavior. After the detection of
the fault it is necessary to find the on-line fault pattern.
Similarly the on-line fault patterns for the next

sequences can be determined.

Y

0

0 200 a0 600 800

Fig. 3. A control chart for process fault 1

The on-line pattern vector at the specific time
should be compared with the existing fault library

patterns. Finally the similarity values are obtained for
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each cause candidate, and a diagnostic decision can be
made to select as the assignable cause the cause
candidate with the highest similarity. Table 2 shows
the results of diagnostic success rate for the simulation
process. These values of the success rate are obtained
from the proposed scheme that utilizes filtering and
fault pattern matching of KFDA scores. In Table 2 the
success rate (%) of the fifteen faults are listed for the
training and test data sets. When the true cause of the
fault is 1, for example, the success rates for the
training and test data sets of the fault 1 are 98.6% and
96.9%. It means that only 1.4% and 3.1% of the

diagnostic decision are incorrect for the training and

terms of average success rate, furthermore, M3 yielded
the highest average value of 92.5% whilst M1 and M2
is 88.7% and 82.8%, respectively. Thus it can be said
that the proposed diagnostic scheme outperforms the
tested methods with linear and no filtering schemes. It
should be also noted that the performance of M1 is
better than that of M2 in all the test faults. The effect
of selecting linear or nonlinear methods is more critical
in the results than the preprocessing of raw data. It
may be due to the fact that nonlinear data cannot be

modeled well by linear methods.

Table 3. Results of three schemes

test data, respectively. It should be also noted that the Fault Sucess rate (%)
. . Ml M2 M3
success rates for the training data are higher than those 1 944 252 9.9
of the test data. Overall, the proposed scheme produced 2 93.1 88.6 96.0
. . . 3 95.5 90.8 98.2
. 0
reliable diagnostic results for the data sets: 94.7% 7 97 9.0 9.7
average success rate for the training data and 92.5% for 5 94.6 86.3 96.4
6 87.4 83.9 97.1
the test data.
7 90.7 83.1 96.3
8 80.0 72.9 90.5
Table 2. Results in success rate ° 838 76.3 862
No Success Rate (%) No Success Rate (%) 10 83.8 75 87.0
Training Test ) Training Test 11 86.0 81.3 89.6
1 98.6 96.9 9 88.3 86.2 12 825 739 854
2 97.1 96.0 10 89.5 87.0 13 90.2 85.3 90.9
3 99.0 98.2 11 92.0 89.6 14 88.1 83.6 90.3
4 98.3 96.7 12 88.1 85.4 15 86.7 78.1 89.7
5 98.6 96.4 13 933 90.9 Average 8.7 828 925
6 98.8 97.1 14 92.9 90.3
7 99.4 96.3 15 93.6 89.7
8 92.6 90.5 Avg. 94.7 92.5
4, Conclusion
As shown in Table 3, the results of the success rates
for the same test data were obtained from two different In this work the efficient representation and

methods of “M1” and “M2”. Here “M3” indicates the
proposed method, and the success rates of Table 1 are
reproduced in Table 3. For a comparison purpose,
“M1” is different with “M3” in that it did not filter the
raw data prior to performing KFDA and fault pattern
matching. Similarly “M2” did OSC filtering and
pattern matching,
analysis instead of KFDA. As shown in Table 3 M3 of

the proposed diagnostic scheme produced the best

but utilized linear discriminant

success rates for the fifteen test faults of this work. In
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matching of fault patterns in reduced spaces is
demonstrated using simulation process data. It does not
depend on certain mathematical models or expert’s
knowledge. Only multivariate process data is required
to make a diagnostic decision. In addition, the
preprocessing of raw process data was performed in
The

diagnosis results were obtained and tested from various

order to improve pattern matching results.
diagnosis schemes. Resultantly it turned out that the

use of filtering and nonlinear methods produced better
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performance of diagnosis success rate than others. The

proposed scheme is easy to implement because it

requires only historical and on-line measurement data

of processes.

(1]

(2]

(3]

[4

[}

(5]

(6]

[7

—

(8]

(9]

[10]

References

S. J. Qin, "Survey on data-driven industrial process
monitoring and diagnosis", Annual Reviews in Control,
36, pp. 220-234, 2012.

DOI: https://doi.org/10.1016/j.arcontrol.2012.09.004

S. Bersimis, S. Psarakis, J. Panaretos, "Multivariate
statistical process control charts: an overview", Quality
and Reliability Engineering International, vol. 23, no. 5,
pp. 517 - 543, 2007.

DOI: https://doi.org/10.1002/qre.829

Z. Ge, Z. Song, F. Gao, “Review of recent research on
data-based  process  monitoring”,  Industrial and
Engineering Chemistry Research, 52, pp. 3543-3562,
2013.

DOI: https://doi.org/10.1021/ie302069q

L. Eriksson, J. Trygg, S. Wold, “A chemometrics
toolbox based on projections and latent variables”,
Journal of Chemometrics, 28, pp. 332-346, 2014.
DOI: https://doi.org/10.1002/cem.2581

S. J. Qin, "Statistical process monitoring: basics and
beyond", Journal of Chemometrics, 17, pp. 480 - 502,
2003.

DOI: https://doi.org/10.1002/cem.800

L. H. Chiang, E. L. Russell, R. D. Braatz, "Fault
diagnosis in  chemical processes using Fisher
discriminant analysis, discriminant partial least squares,
and principal component analysis", Chemometrics and
Intelligent Laboratory Systems, 50, pp. 243-252, 2000.
DOI: https://doi.org/10.1016/S0169-7439(99)00061-1

G. Baudat, F. Anouar, Generalized discriminant analysis
using a kernel approach, Neural Computation, 12, pp.
2385-2404, 2000.

DOI: https://doi.org/10.1162/089976600300014980

J. A. Westerhuis, S. Jong, A. K. Smilde, “Direct
orthogonal signal correction”, Chemometrics and
Intelligent Laboratory Systems, 56, pp. 13-25, 2001.
DOI: https://doi.org/10.1016/S0169-7439(01)00102-2

J. T.-Y. Cheung, G. Stephanopoulos, “Representation of
process trends-part I. a formal representation
framework,” Computers and Chemical Engineering, vol.
14, pp. 495-510, 1990.

DOI: https://doi.org/10.1016/0098-1354(90)87023-1

J. J. Downs, E. F. Vogel, “A plant-wide industrial
process  problem,”  Computers  and  Chemical
Engineering, vol. 7, pp. 245-255, 1993.

DOLI: https://doi.org/10.1016/0098-1354(93)80018-1

45

Hyun-Woo Cho

<Research Interests>

[Regular member]

® Aug. 2003 : POSTECH., Industrial
Eng., PhD

® Aug. 2003~Aug. 2007 : GIT/UT,
Research Associate

®Sep. 2007 ~ Feb. 2011 : SEC,
Senior Engineer

eMar. 2011 ~ Current : Daegu
Univ., Dept. of Industrial. &

Management Eng., Professor

Intelligent Process Monitoring, Data Mining



