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Abstract

Multiway principal component analysis has been shown to be a powerful monitoring tool in many industrial batch

processes. However, it has the shortcomings that all batch lengths should be equal, the measurement variables must be

normally distributed and that future values of the current batch must be estimated to allow on-line monitoring. In this

work, it is shown that multiway independent component analysis (MICA) can be used to overcome these drawbacks

and obtain better monitoring performance. The on-line MICA monitoring of batch processes is based on a new

unfolding method and independent component analysis (ICA). ICA provides better monitoring performance than PCA

in cases with non-Gaussian data because it is not based on the assumption that the latent variables are normally

distributed. The MICA algorithm does not require any estimation of future batch values and can also be applied to

non-equal batch length data sets. This article describes the application of on-line MICA monitoring of a sequencing

batch reactor (SBR). It is successfully applied to an 80L SBR for biological wastewater treatment, which is

characterized by a variety of disturbance sources with non-Gaussian characteristics. The SBR poses an interesting

challenge from the point of process monitoring characterized by non-stationary, batchwise, multiscale, and non-

Gaussian characteristics. The results of the bench-scale SBR monitoring clearly showed the power and advantages of

MICA monitoring in comparison to conventional monitoring methods.

r 2004 Elsevier Ltd. All rights reserved.
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1. Introduction

Sequencing batch reactor (SBR) processes have

demonstrated their efficiency and flexibility in the

treatment of wastewaters with high concentrations of

nutrient, nitrogen, phosphorous, and toxic compounds

from domestic and industrial sources. SBRs have a

unique cyclic batch operation, usually with five well-

defined phases: fill, react, settle, draw and idle. Most of

the advantages of SBR processes may be attributed to
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their single-tank designs and the flexibility allowing

them to meet many different treatment objectives, which

derives from the possibility of adjusting the duration of

the different phases. Real-time control of the SBR

process can contribute to this. A possible control

strategy is based on the identification of the endpoint

of a biological reaction. Switching to the next phase

shortly after the detection of the reaction endpoint

provides an optimum solution for both the process

performance and the economics of the plant. In fact, if

the duration of a phase is too short, the removal of the

pollutants is not complete and the quality of the effluent

will not meet the limits imposed by law. On the other

hand, cycles which are longer than necessary decrease

the capacity of the plant (volume of wastewater treated
d.
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Nomenclature

A mixing matrix

a the number of latent variables in PCA

B separating matrix for whitened vector z
Bd deterministic part of B

Be excluded part of B

d the number of variables

E expectation operator

E residual matrix

eðkÞ kth row of E

IICA the score matrix of MICA

I2 I2 statistic for MICA monitoring

I2
e I2

e statistic for MICA monitoring

m the number of latent variables in MICA

n the number of samples

k time index

P loading matrix

Q whitening matrix

S independent component matrix

Sd deterministic part of S

Se excluded part of S

sðkÞ the kth column vector of S

seðkÞ the kth column vector of Se

SPE squared prediction error

T score matrix

T2 Hotelling’s T2 statistic

U orthogonal matrix generated from the eigen-

decomposition of Rx
W separating matrix for original data vector x

Wd deterministic part of W

We excluded part of W

X data matrix (XARn�d in PCA, XARd�n in

ICA)

x d-dimensional column vector of data matrix

xjðkÞ the entry in the jth row and kth column of X
#x predicted data vector

z whitened data vector
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per day) or increase its operating costs; an aerobic phase

which is too long would also mean wasting energy for

aeration [1,2].

The SBR process is highly nonlinear, time varying and

subject to significant disturbances like hydraulic

changes, composition variations and equipment failures.

Small changes in concentrations or flows may effect

effluent quality and microorganism growth. Moreover,

compared to continuous wastewater treatment pro-

cesses, SBR operation data have the added dimension

of batch number, in addition to the measured variables

and sample times (batches� variables� time), that is, a

three-way matrix. Batch processes generally exhibit

some batch-to-batch variation in the trajectories of the

process variables. Normal variation is due to typical

variations in the operation whereas special variations

are due to exceptional phenomena [3]. However,

treatment performance, the key indicator of process

performance, is often examined off-line in a laboratory.

Even though operators are aware that there are some

problems in treatment performance, they cannot quickly

find out or deduct what the causes are and predict when

they will occur because most batch processes are run

without any effective form of on-line monitoring.

Therefore, on-line monitoring and fault diagnosis of

batch processes are crucial to detect faults that can be

corrected prior to completion of the batch or can be

corrected in subsequent batches. Early detection of

problems and correction of deviations by on-line

monitoring before the completion of the batch can save

the batch and reduce the number of rejected batches.

Several techniques using multivariate statistical ana-

lysis have been developed for on-line monitoring and

fault detection of batch processes. Nomikos and
Macgregor [5,6] have extended the multivariate statis-

tical process control (SPC) methods of Principal

Component Analysis (PCA) to batch processes, where

the method is called multiway PCA (MPCA). The key

idea of MPCA is to compress the normal batch data and

extract the important information by projecting the data

onto a low-dimensional space that summarizes both the

variables and their time trajectories. The progress of a

new batch is then monitored by comparing the

progresses of the projections in the reduced space with

those collected from normal batch data. Dong and

McAvoy [4] used nonlinear principal component analy-

sis (NLPCA) based on principal curves and neural

networks to monitor batch processes. R*annar et al. [7]

suggested an adaptive batch monitoring method using

hierarchical PCA to overcome the need of estimating the

missing data on trajectory deviation from the current

time until the end of the batch in PCA. There are many

papers related to the application of MPCA to industrial

batch monitoring [8–18].

MPCA has a fundamental shortcoming as it assumes

equal batch lengths and a Gaussian distribution of the

variables. Moreover, the necessity to predict the future

values of a batch in MPCA might cause false detection

because the predicted values that do not consider a

dynamic relationship may distort the data information.

To solve these problems, we will apply an on-line

monitoring method, called multiway independent com-

ponent analysis (MICA), to the SBR process. It uses a

simple unfolding method and applies the independent

component analysis [19,20].

This paper is organized as follows. The MPCA and

the MICA monitoring are introduced in the next section.

Then the on-line monitoring procedure of MICA is
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explained. The results of a bench scale SBR plant are

then given to illustrate the power and advantages of the

MICA monitoring in comparison to MPCA. Finally,

conclusions are given.
2. MPCA

MPCA is used for analysis and monitoring of batch

process data. The batch data are reported in terms of

batch runs, variables and times. Data are arranged into

a three-dimensional (3-D) matrix
%
XðI � J � KÞ; where I

is the number of batches, J is the number of variables

and K is the number of sampling times in a given batch.

It can be decomposed using various three-way techni-

ques, including MPCA. Multiway PCA is equivalent to

performing an ordinary PCA on a large 2-D matrix X

constructed by unfolding the three-way data as shown in

approach of Fig. 1 [4].

MPCA decomposes the three-way
%
X array into a

summation of the product of the score vector tr and the

loading matrix Pr plus the residual array
%
E that is

minimized in least-squares sense as

X ¼
XR

r¼1

tr#Pr þ E ¼
XR

r¼1

trp
T
r þ E ¼ #Xþ E; ð1Þ

where # denotes the Kronecker product (X ¼ t#P
is

%
X ði; j; kÞ ¼ tðiÞPðj; kÞ) and R denotes the number

of principal components retained. The first equation

in Eq. (1) denotes the 3-D decomposition while the

second equation displays the more common 2-D

decomposition.
I  Variable J

X1
1

K 

Batch

Time 

Approach A

1 J 2J

 

Loadings

S
cores

Fig. 1. Two unfolding methods. Approach A: unfolding tim
The statistics used for a MPCA are Hotelling’s T2 and

squared prediction error (SPE). If a new batch is good

and consistent with the normal batches, its scores should

fall within the normal range and the SPE or Q-statistic

should be small. The T2 and Q-statistics obtained at

end-of-batch for batch i are calculated as

T2
i ¼ tTnewS

�1tnewB
RðI2 � 1Þ
IðI � RÞ

FR;I�R; ð2Þ

Qi ¼ eieTi ¼
XKJ

c¼1

Eði; cÞ2; ð3Þ

where ei is the ith row of E, I is the number of batches in

the reference set, tr is a vector of R scores, S is the

(R � R) covariance matrix of the t-scores calculated

during the model development (diagonal due to the

orthogonality of the t score values), R is the number of

principal components retained in the model, FR;I�R is

the F-distribution value with R and I � R � 1 degrees of

freedom. Statistical limits on the T2 and Q-statistics are

computed by assuming that the data have a multivariate

normal distribution [21].

Wold [22] used another unfolding approach (ap-

proach B in Fig. 1) for modeling and diagnosis of batch

processes. This approach does not have the constraint

that the batch length should be equal and future-missing

values should be estimated. However, the mean center-

ing of the unfolding matrix required by this approach

cannot remove the batch process trajectory since it is

based on the batch monitoring around the mean of the

variables during all batches.

Two problems can arise with the MPCA method of

Nomikos and MacGregor’s approach when used for
Batch1 

Batch2 

Approach B

KJ

1 J

 K

K

2K

Loadings

S
cores

ewise [5] and approach B: unfolding batchwise [22].
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on-line batch monitoring: the occurrence of an incom-

plete data matrix and unequal batch length. The first

major problem arises when the monitoring is performed

at a time instant where the data matrix is not complete

yet. Nomikos and MacGregor [5] suggested three

different ways for variable trajectory estimation, i.e. to

complete the remaining of the batches: (1) zero

deviation, (2) current deviation and (3) PCA projection

method. The second problem of MPCA is that that the

length of the modeled batches should be the same. There

are many situations in which the total duration of the

batches or the duration of various phases (stages) within

the batches is not the same. To handle these problems

simply, another unfolding method has to be developed.
3. MICA batch monitoring

The fault detection method, which monitors the

process operation, is related to hidden information

latent in the multidimensional data. So, a key point is

how to extract the hidden information from the multi-

dimensional data set. In this paper, we adopt the

independent component analysis (ICA) technique. In

ICA, the latent variables are allowed to be non-

Gaussian and mutually independent. ICA seeks to

extract these independent components as well as the

so-called mixing process among them [19,23–26].

3.1. Independent component analysis (ICA)

To introduce the ICA algorithm, it is assumed that d

measured variables, xðkÞ ¼ ½x1ðkÞ;y; xd ðkÞ�T at sample

k can be expressed as linear combinations of m (pd)

unknown independent components s1; s2;y; sm:

xðkÞ ¼
Xm

j¼1

ajsjðkÞ ¼ AsðkÞ; ð4Þ

where xðkÞ is linearly mixed with m components of sjðkÞ:
The independent components and the measured vari-

ables have zero means. The relationship between them is

given by

X ¼ ASþ E; ð5Þ

where X ¼ ½xð1Þ; xð2Þ;y; xðnÞ�ARd�n is the data matrix,

A ¼ ½a1;y; am�ARd�m is the mixing matrix, S ¼
½sð1Þ; sð2Þ;y; sðnÞ�ARm�n is the independent component

matrix, EARd�n is the residual matrix, and n is the

number of samples. The basic problem of ICA is to

estimate the original components S or to estimate A

from X without any knowledge of S or A. Therefore, the

objective of ICA is to calculate a separating matrixW so

that the components of the reconstructed data matrix S,

given as

#S ¼WX ð6Þ
become as independent of each other as possible. Using

the ICA algorithm, we can obtain the rows of S whose

norm is 1. Compared to the PCA, the S andW matrix in

Eq. (6) may be considered as a loading matrix and a

score matrix, i.e. S can be regarded as the score matrix

T, while W can be treated as loading matrix P [25,27].

The initial step in ICA is whitening, also known as

sphering, which eliminates all the cross-correlation

between random variables. Consider a d-dimensional

random vector xðkÞ at sample k with covariance Rx ¼
EðxðkÞxTðkÞÞ: The eigendecomposition of Rx is given by

Rx ¼ ULUT: ð7Þ

The whitening transformation is expressed as

zðkÞ ¼ QxðkÞ; ð8Þ

where Q ¼ K�1=2UT: One can easily verify that Rz ¼
EðzðkÞzTðkÞÞ is the identity matrix under this transfor-

mation. After the whitening transformation we have

zðkÞ ¼ QxðkÞ ¼ QAsðkÞ ¼ BsðkÞ; ð9Þ

where B is an orthogonal matrix, as verified by the

following relation:

EfzðkÞzTðkÞg ¼ BEfsðkÞsTðkÞgBT ¼ BBT ¼ I: ð10Þ

We have therefore reduced the problem of finding an

arbitrary full-rank matrix A to the simpler problem of

finding an orthogonal matrix B, which then gives

#sðkÞ ¼ BTzðkÞ ¼ BTQxðkÞ: ð11Þ

From Eqs. (6) and (11), the relation between W and B

can be expressed as

W ¼ BTQ: ð12Þ

To calculate B, it is initialized and then updated so

that the projection, #sðkÞ ¼ BTzðkÞ; has to maximize non-

Gaussianity. Hyv.arinen (1999a) suggested a fast and

robust fixed-point algorithm for ICA that entails

maximizing the negentropy under the constraint

ofjjbi jj ¼ 1; where bi is the ith column of B. A detailed

description of the ICA algorithm based on maximizing

the non-Gaussianity to calculate B can be found in the

literature, Ref. [23]. After finding B, the demixing matrix

W can be obtained from Eq. (12).

The performance and interpretation of ICA monitor-

ing depends on the correct choice of the ordering and

dimension of the ICA model. The selection of a few key

ICs has at least two advantages: robust performance and

reduction of analysis complexity. One approach to

choosing the dominant components is to separate the

selection process into two steps:

Step 1. List and order all the ICs in the appropriate

order.

Step 2. Select the first few ICs in the list as the

dominant ones.



ARTICLE IN PRESS
C.K. Yoo et al. / Water Research 38 (2004) 1715–1732 1719
Unlike PCA, there is no standard criterion for

ordering of ICs, which complicates the ordering

procedure. A number of methods for ordering ICs have

been suggested. In the present study, we used the simple

approach of sorting the rows of the demixing matrix,W,

on the basis of their Euclidean norms (L2), where the L2

norm of row wi of W is:

arg
i

Maxjjwi jj2; ð13Þ

i.e., the ICs are sorted using an L2 norm in order to

show only those ICs that cause dominant changes in the

process.

Once the ICs have been ordered, it is necessary to

select the optimal number of ICs to be used for

monitoring. This step is crucial because selecting too

many ICs will magnify the noise and too small ICs will

not be insufficient to catch the dominant characteristics

of process, leading to poor monitoring performance.

The data dimension can be reduced by selecting the first

few rows of the ordered W based upon the assumption

that the rows with the largest Euclidean norm have the

greatest effect on the variation of S. This approach is

based on the idea that the dominant variation in a

process can be monitored by considering the cumulative

sums of only the first few dominant ICs. We used a

graphical technique to determine the number of ICs

similar to the SCREE test of PCA [19,28].

3.2. Multiway independent component analysis (MICA)

In order to obtain better on-line batch monitoring

performance, we developed an on-line MICA batch

monitoring method that used another unfolding method

and independent component analysis [19,20]. Similar to

MPCA, the key idea is to exploit the ability of MICA to

extract features from batch data by projecting the data

onto a low-dimensional space. Following is the basic

description of the MICA method (for detail, see the

appendix). First, the normal batch data
%
X ðIðbatchÞ �

JðvariableÞ � KðtimeÞÞ is unfolded to a matrix (I � JK)

as in Nomikos and MacGregor’s approach. Then mean

centering and scaling is done to remove the mean batch

trajectory and to attenuate the nonlinear dynamics.

After eliminating the batch trajectory, the unfolded

matrix (I � JK) is rearranged into a matrix with

dimension ðIK � JÞ as in the approach of Wold et al.

[22]. Fig. 2 shows this new unfolding method. Subse-

quently, ICA is used to extract the underlying factors

from this multivariate statistical data matrix ðIK � JÞ;
where XnormalðJ � IKÞ;W as well as Snormal are obtained

from the FastICA algorithm (Snormal ¼WXnormal). The

matrices B, Q, and A are also obtained by whitening and

the FastICA algorithm. The selected m rows of W

constitute a reduced matrix Wd (deterministic part of

W), and the remainder rows of W constitute a reduced
matrix We (excluded part of W). We can construct

matrix Bd and Be by selecting the columns from B whose

index corresponds to the indices of the selected rows of

W. Most of the information of the process variables

which capture linear and dynamic features of the

underlying correlation structure in the data is contained

in the total score matrix (IICAðIK � aÞ of the MICA

model in Fig. 2. Based on the MICA model, new on-line

data of a batch is projected into and compared with the

normal operating model in real-time. Then, new

independent matrices, Snewd and Snewe can be obtained

if new data, X, is projected onto Wd and We;
respectively.

This method gives two merits for on-line batch

monitoring. The future missing values do not have to

be estimated and the batch length of each batch does not

need to be aligned with other batches. Furthermore,

process faults will be detected more easily than in Wold’s

method since the major nonlinear dynamics are elimi-

nated by the batch trajectory elimination. Here, the

dimensions of the loading vectors of the MICA model

are small, the non-linear and dynamic features remain in

the projected data in MICA, that is, the ICA source

signals, whereas the loading matrices of MacGregor’s

approach are much larger because the loading matrices

include all linear and dynamic process characteristics.

The implementations of the monitoring statistics of

MICA are similar to those of the monitoring statistics of

MPCA. In MICA, three types of statistics are calculated

from the process model in normal operation: the D-

statistic (I2) for the systematic part of the process

variation, a second I2 metrics (I2
e ) based on excluded ICs

and the Q-statistic for the residual part of the process

variation [19]. The I2 statistic for sample k is the sum of

the squared independent scores and is defined as follows:

I2ðkÞ ¼ sðkÞTsðkÞ; ð14Þ

where sðkÞ is the kth column vector of S: Also, we can

calculate the I2 metric of the excluded independent

components, that is, the I2
e metric. The I2

e statistic can be

defined as follows:

I2
e ðkÞ ¼ seðkÞ

TseðkÞ; ð15Þ

where seðkÞ is the kth column vector of Se: Monitoring

the non-systematic part of the measurements provides

an additional fault detection tool, which can detect

special events entering the system. The I2
e statistic has

the further advantage that it can compensate for the

error that results when an incorrect number of ICs is

selected for the dominant part. The use of I2 and I2
e

statistics allows the entire space spanned by the original

variables to be monitored through a new basis.

The SPE statistic for the nonsystematic part of the

common cause variation of new data can be visualized in

a chart with confidence limits. The SPE statistic at
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Fig. 2. MICA monitoring method that combines a new unfolding three-way batch data and a feature extraction of ICA.
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sample k is defined as follows:

SPEðkÞ ¼
Xd

j¼1

ðxjðkÞ � #xjðkÞÞ
2; ð16Þ

where SPEðkÞ is defined as the sum of the squares of eðkÞ
[the columns of E in Eq. (7)], d is the number of

variables of data matrix X, xjðkÞ is the entry in the jth

row and kth column of X and #xjðkÞ is the predicted value

of the MICA model which is the entry in the jth row and

kth column of #X: #X can be calculated as follows:

#X ¼ Q�1BdSd ¼ Q�1BdWdX: ð17Þ

The SPE statistic is a measure of lack of fit with the

constructed MICA model. Thus the residuals account

for any variability which is not described sufficiently in

the database of normal batches. A new test batch with a

high SPE is not ‘modeled’ by the model and was not

represented in the normal batches. The appendix

describes the detailed on-line batch MICA monitoring

method (Fig. 2).
4. Materials and methods

The data used in this research were collected from a

pilot-scale SBR system shown in Fig. 3. A fill-and-draw

SBR with a 80-l working volume is operated in a 6 h

cycle mode and each cycle consists of fill/anaerobic(1 h),

aerobic(2 h 30min), anoxic (1 h), re-aerobic(30min) and

settling/draw(1 h) phases. The hydraulic retention time

(HRT) and the solid retention time (SRT) are main-

tained at 12 h and 10 days, respectively. Loading

amounts of chemical oxygen demand (COD) as

synthetic municipal-like sewage, NH4
+-N, PO4

3� per

cycle in standard conditions are 440, 60 and 95mg/l,

respectively.

The control of the duration/sequence of phases and

on/off status of peristaltic pumps, mixer and air supply

are automatically achieved by a Labview data acquisi-

tion and control (DAC) system. The DAC system

consists of computer, analog/digital interface cards,

sensors, transmitters and solid state relays (SSR).

Electrodes for pH, oxidation–reduction potential, dis-

solved oxygen (DO), temperature, weight and conduc-

tivity in Table 1 are installed and connected to the

individual sensors. The status of the SBR reactor is
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Fig. 3. Schematic diagram of bench-scale sequencing batch reactor.
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displayed on the computer and the sensor signals are

stored. A set of on-line measurements is obtained every

1min (360 times points per cycle). These measurements

of SBR reactor were stored for 70 days (280 cycles),

which constructed a database of historical information

[3]. Only the first 300 sampling time instants were used
to develop the model during normal operating condition

(NOC), since biological reactions in the settling and

drawing phases (corresponding to those of the last 60

time instants) were assumed as negligible. Moreover, the

sensor signals were unreliable due to the absence of

mixing.
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5. Result and discussion

5.1. MPCA analysis of historical SBR data set

Fig. 5 shows the Hotelling’s T2 and SPE charts of all

280 batches using the MPCA method with the six

original variables. The MPCA model for on-line

monitoring was developed from the historical data set

of the selected 144 batches to create a rather broad scope

of normal batches, where six abnormal batches (batch

number: 61, 69, 85, 86, 99 and 100) were excluded for

the NOC model. Four principal components were

retained by the cross-validation method, which explained
Table 1

Real-time measured variables of a SBR

No. Variables

1 Conductivity (mS)

2 Dissolved oxygen concentration (mg/l)

3 Oxidation reduction potential (mV)

4 pH

5 Temperature (�C)

6 Weight (g)
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Fig. 5. T2 and SPE plots of all 280 batches using the MPCA method

confidence limit.
approximately 81% of the total variability in Table 2.

The test data set that consisted of the remaining 130

batches were projected onto the reduced MPCA model

space. The T2 chart of Fig. 5 rarely exceeds its limit,

whereas the SPE chart is far above the 99% limit from

batch 190 on. It is well known that changes in the

relationships between variables, such as sensor faults,

tend to be detected on the SPE chart, while changes in

operating conditions, for example a grade change and an

evolution of new operating condition, are typically

identified on the T2 chart. However, the MPCA model

may not be valid because the NOC model is not

representative of the SBR process because it does not
150 200 250
umber

164

198  279

150 200 250

164

195

197

198

199

239
240

245

263

279

number

with the original variables. The dotted lines correspond to 99%

Table 2

Percent variance captured by MPCA model

MPCA model

PC

number

% Variance of

this PC

% Variance captured

total

1 31.3 31.3

2 23.2 54.5

3 15.18 69.68

4 11.39 81.07
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follow the Gaussian distribution due to the time-varying

characteristics of SBR process.

Fig. 6 shows that the density estimates of the first

score (t1) in MPCA does not follow the Gaussian

distribution but the ‘supergaussian distribution’ in which

random variables take relatively more often values that

are very close zero or very large. Thus, the T2 and SPE
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Fig. 8. On-line monitoring charts for normal batch 161: (a) T2 and SP

and SPE charts of MICA with 99% control limits (dashed).
charts of MPCA that are based on the assumption that

the data are Gaussian distributed may cause a false

result when used for monitoring. Note that the T2 and

SPE statistics do not depend on a certain distribution,

only their confidence limits. Because non-Gaussian data

may inflate the variance, it tends to reduce the T2

statistics. Typically, this increases the false alarm rate of
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the MPCA which a normal batch might be judged as a

non-conforming one. Obviously, this deteriorates the

reliability of the multivariate monitoring system and

makes it subject to unfavorable criticism. On-line

monitoring on multivariate methods is often an issue

of minimizing the number of false alarms while true

deviations are retained and detected. Robust limits can

be determined empirically using kernel density estima-

tion as used in this paper [29]. Moreover, if the batch

length of a new batch is different from the length of old

batches, the on-line monitoring method based on

MPCA cannot be applied. Actually, many real-world

data sets have a super-Gaussian distribution in which

the probability density of the data is peaked in the

middle and has heavy tails (large values far from zero),

when compared to a Gaussian density with the same

variance. This observation is the motivation of the ICA

model. ICA is sensitive to modes whose influences on the

measured variables follow a super-Gaussian distribution

with large tails and a pronounced peak in the middle.

5.2. On-line monitoring and fault diagnosis using MPCA

and MICA

MPCA and MICA models are used to monitor the

SBR process with a historical data set. Four principal

components were selected for the MPCA model while

four independent components were chosen for the

MICA model. To estimate the future values in Xnew;
we used the estimation method 2, which fills in all future

measurements with the current deviation from the

average batch. Then the MPCA and MICA models

are tested against a new batch using a 99% control limit.
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normal operating batch with the MICA model.
A new batch of SBR are monitored for every time point

k with the monitoring charts based on the MPCA and

MICA models.

Fig. 7 represents the loading plot of the MICA

method to see how the variables are interrelated. It is

important to point out that Fig. 7 only partly represents

the interrelation between the variables since the inter-

relation depicted in Fig. 7 is only representing 2 out of 4

dimensions. Two process variables (ORP, temperature)

give the same direction and are located in a similar

position in the reduced MICA model space, where they

show similar dynamic behavior within a batch as

illustrated in Fig. 4. The weight variable does not

correlate with the other variables since the weight only

increases in the filling phase and remains constant

irrespective of the operation status. Similar to the

MPCA method, the biological interpretation of MICA

is meaningful to the multivariate analysis of batch

processes in case of non-Gaussian distributions.

Fig. 8 shows the on-line monitoring results of the T2

and SPE charts of MPCA and the I2; I2
e and SPE charts

of MICA with 99% confidence limits calculated by the

kernel density estimation method for the normal batch

161. The MICA result shows that the I2; I2
e and SPE

statistics for this batch are within the control limits for

the whole duration of the batch run. Therefore, this

batch in MICA is assigned as being ‘‘in control’’ or

‘‘normal’’. But the T2 and SPE charts of MPCA exceed

the upper control limits two times, in the beginning and

around the 60th sampling time. It is due to the inexact

filling in the batch start period and due to the non-

Gaussian distributed data during the phase change

(from anaerobic to aerobic). On the other hand, the SPE
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chart of MPCA moves up and down four times from the

beginning of a batch to the end time of SBR process

since the operating conditions of SBR process have a

unique cyclic batch operation (anaerobic, first aerobic,
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Fig. 10. On-line monitoring charts of MPCA for abnormal batch nu

limits (dashed), (b) I2; I2
e and SPE charts of MICA with 99% contro
anoxic and second aerobic phases). The I2 chart of

MICA shows similar trend to the SPE chart of MPCA.

It illustrates that the selected independent components

in ICA can exactly extract the dynamic characteristics of
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the SBR operation, i.e. the extracted dynamic char-

acteristics of the SBR operation move from the SPE

chart of MPCA to the I2 chart of MICA. The control

limits of the I2 chart also result in wide confidence

intervals in the beginning of the batch and narrow

confidence intervals at the end of batch. The initial

conditions of startup in SBR have different values for

each batch. These cause some variations in the process

variables at the start of the batch. Then the SBR is

controlled using a set point trajectory until the end of

the batch. Therefore, variations are large in the start

stage of batches, whereas variations in the late stage of

batches are low. For this reason, the SPE control limits

of the MPCA and MICA models have wide confidence

intervals at the beginning of a batch and narrow

confidence intervals at the end of a batch. It shows that

the statistics of the MICA model represent the biological

phenomena and their relationships, which occur during

the batch. Moreover, contrary to the MPCA model, the

D-statistics of the I2 and I2
e charts have control limits at

each sampling time. These characteristics which consider

the confidence limits at every time of each batch increase

the on-line monitoring performance of the MICA

method.

Fig. 9 gives the time evolution of a normal SBR

operation: batch 161, where the phase trajectory of SBR

operation is given by the four phase names. The

anaerobic phase (t ¼ 0� 60min) starts from the right
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Fig. 11. Monitoring charts of individual ICs for abnormal batch num
middle side of the ICA plane, evolves through the lower

side of IC2 and ends in the middle of the ICA plane. The

first aerobic phase (t ¼ 61 � 210min) starts from the

middle of the ICA plane and evolves across the first

independent component axis (IC1). The anoxic phase

(t ¼ 210� 270min) starts in the first quarter of the ICA

plane and evolves across the first independent compo-

nent axis (IC1). And the second aerobic phase

(t ¼ 271� 300min) starts in first quarter plane of the

ICA plane and evolves within the first quarter ICA

plane. As previously mentioned, with the used unfolding

method, it is possible to monitor the progression of the

batch operation in a reduced ICA plane, where

statistical control limits allow to identify anomalous

process behaviors and their time intervals and possible

causes.

Fig. 10 represents the on-line monitoring results with

T2 and SPE charts of the MPCA model and the I2; I2
e

and SPE charts of the MICA model with 99%

confidence limits calculated by the kernel density

estimation method for an abnormal batch 245. The

DO concentration in the batch 245 in Fig. 13 increased

too early in the anaerobic phase because the air bubble

was beneath the DO sensor and returned to the normal

concentration during the aerobic phase because the

aeration got rid of the air bubble. Both the MPCA and

MICA methods show similar detection times in this

batch. However, the monitoring result of MPCA calls
50 200 250 300
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number

ber 245: IC1, IC2, IC3 and IC4 charts with 99% control limits.
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that the fault continues until the end of the batch. That

is, because the on-line monitoring method of MPCA

needs to predict the future observations in order to fulfill

the incomplete data sets, anticipating the future

observation might cause this lasting false fault detection.

However, the predicted value should consider the

dynamic relationship, otherwise, it may distort the data

information. On the other side, Fig. 10(b) shows that the

I2 chart of MICA detects a significant deviation from

the batch start time. Also both the I2
e and SPE charts of
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MICA can detect this fault during the anaerobic phase

and return within the control limits after the aerobic

phase. In most industrial productions where batch

processes are used, the occurrence of a fault means that

the batch is immediately rejected (e.g. in the pharma-

ceutical and food industry). However, this is not the case

in wastewater treatment since there is no (or little)

control of the influent flow and poorly treated water is

better than non-treated water. Thus, when a fault is

detected, the batch run will carry on and operators will
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use the information on the fault to correct the following

batch.

Fig. 11 shows the individual independent component

in the abnormal batch 245 to get a better understanding

of the batch operation. The low and high control limits

were calculated using the kernel density estimation

method with a 99% confidence limit. If a fault was

detected, the individual plot of ICs can be checked to get

a better understanding of fault sources. It is notable to

see that the fault is first detected in the first independent

component (IC1). From this fact, it is possible to

recognize the independent component in the individual

IC plots corresponding to a particular kind of faults and

to build a knowledge-based expert system for fault

diagnosis.

Once a fault or special event has been detected, it is

important to diagnose the event to find an assignable

cause. For this, contribution of each measurement

variable to the deviations observed in the monitoring

metric can be displayed. These contribution or diag-

nostic charts can be immediately displayed on-line by

the operator as soon as the special event is detected.
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Although they may not provide an unequivocal diag-

nosis, they at least will clearly show the group of

variables that are primarily responsible for the detected

deviations. In Fig. 12, contribution plots for the I2; I2
e ;

and SPE charts are displayed. From the contribution

plot for the I2
e and SPE charts at sample 45, we can

conclude variable 1 (conductivity), 4 (pH) as well as

variable 2 (DO) are primarily contributing to the I2; I2
e

and SPE statistics. Fig. 13 shows the univariate plots of

conductivity, DO, ORP and pH for normal batches and

batch 245. The DO concentration in the batch 245

increased too early in the anaerobic phase because the

air bubble was beneath the DO sensor.

5.3. On-line monitoring using multiple MICA sub-models

Although the MICA model uses another unfolding

method compared with MPCA, the monitoring results

according to time are not distorted since the time

correlation of the variables is attenuated by the mean

trajectory removal of variables at each time. If the time

correlation of variable is very strong, it may be
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appropriate to use separate models for each batch phase

[6]. This means that the data distribution can change

for each phase during the batch operation. This multi-

phase monitoring method can give us a faster detection

and easier fault isolation. Because the SBR consists of

several phases in each cycle, there are different statistical

properties for the different phases. Statistics between

variables that are valid at the start of a batch may not

hold towards the end of the batch. These characteristics

can be solved by constructing multiple sub-models

for multiphase. Figs. 14 and 15 show the loading

plots and on-line monitoring results of MICA using

four sub-models for the abnormal batch 245. Because

SBR is composed of several phase operation which is

more focused on the local behavior of the batch

process, the multiple sub-model approach could be

appropriate for the SBR process. The difference in

the statistical distribution structure in each phase

can be found in the loading plot in Fig. 14. It provides
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information about the detail change of statistical

relationships within each phase. As shown in Fig. 15,

on-line results of MICA with the four sub-models

show a more rapid detection capability and allow for

easier interpretation of SBR operation. It is able to

localize the cause of faults or disturbances and gives a

much clearer indication of the process disturbances or

faults.

In summary, the capability difference between the

MPCA and MICA methods mainly originates from the

extracted feature components. Both methods find

hidden information from the multidimensional data

set. While PCA looks for Gaussian components, ICA

searches for non-Gaussian components. If a data set

contains any non-Gaussian component, ICA can show

better feature extraction performance than PCA. There-

fore, ICA may improve the monitoring performance by

extracting the key hidden variables that influence the

process.
a)

d)

0 50 100 150
0

50

100

150

Sample Number

0 50 100 150
0

5

10

15

20

Sample Number

0 50 100 150
0

5

10

15

20

Sample Number

1st aerobic phase 

0 5 10 15 20 25 30
10

15

20

25

30

Sample Number

0 5 10 15 20 25 30
0

5

10

15

Sample Number

0 5 10 15 20 25 30
4

6

8

10

12

Sample Number

2nd aerobic phase 

I
I

re
s

S
P

E
I

I
re

s
S

P
E

abnormal batch number 245: I2; I2
e and SPE charts with 99%



ARTICLE IN PRESS
C.K. Yoo et al. / Water Research 38 (2004) 1715–1732 1731
6. Conclusions

The SBR poses an interesting challenge for process

monitoring of systems characterized by nonstationary,

batchwise, multiscale, and non-Gaussian characteristics.

An application for monitoring the progress on SBR

using the MICA method has been presented. The MICA

method allows to monitor the time progression of the

different batches in a reduced plane where statistical

control limits allow to identify anomalous process

behaviours and their time intervals and possible causes.

Since ICA is not requiring that the latent variables be

normally distributed, MICA can extract more important

underlying independent factors from correlated data

than MPCA. The application of the MICA monitoring

method to a SBR process has demonstrated its efficiency

and also showed better monitoring performance than an

MPCA approach.
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Appendix A. On-line batch MICA monitoring

Following are the detailed procedure of the on-line

MICA monitoring method [19,20].

A.1. Develop normal operating condition (NOC) model
1. Acquire normal operating data set during batch

operation.

2. Unfold XðI � J � KÞ to XðI � JKÞ:
3. The data XðI � JKÞ are normalized using the mean

and standard deviation of each variable at each time

in the batch cycle over all batches.

4. Rearrange the scaled XðI � JKÞ to XnormalðJ � IKÞ:
5. Whitening procedure

Znormal ¼ QXnormal: ðA:1Þ

6. ICA procedure:

obtain W; B; and Snormal from Snormal ¼WXnormal

¼ BTZnormal:

7. Calculate the norm of the row vectors of W

and separate W into the deterministic part

and the excluded part based on the magnitude

of norms. B and Snormal can be separated with the
same criterion:

W-Wd;We; ðA:2Þ

B-Bd;Be; ðA:3Þ

Snormal-Sd;Se: ðA:4Þ

8. Calculate I2; I2
e ; and SPE metrics:

I2ðnÞ ¼ sdðnÞ
TsdðnÞ; ðA:5Þ

I2
e ðnÞ ¼ seðnÞ

TseðnÞ; ðA:6Þ

SPEðnÞ ¼
Xd

j¼1

ðxjðnÞ � #xjðnÞÞ
2; ðA:7Þ

where n is a value from 1 to IK and #X ¼ Q�1BdSd ¼
Q�1BdWdXnormal:

9. Rearrange I2ð1� IKÞ; I2
e ð1 � IKÞ and SPEð1� IKÞ

to I2ðI � KÞ; I2
e ðI � KÞ and SPEðI � KÞ; respectively.

10.Obtain control limits of I2; I2
e and SPE metrics at

each time using kernel density estimation.

11.Obtain control limits of individual IC at each time

using kernel density estimation in order to identify

the cause of the faults.

A.2. On-line monitoring
1. For a new batch data until time k;Xnewðk � JÞ;
unfold it to xTnewð1� JkÞ: Apply the same scaling used

in modeling.

2. Scaled xTnewð1� JkÞ is rearranged into XnewðJ � kÞ:
3. Calculate snewdðkÞ and sneweðkÞ from snewdðkÞ ¼
WdXnew; sneweðkÞ ¼WeXnew:

4. Calculate I2
newdðkÞ; I2

neweðkÞ; and SPEðkÞ

I2
newdðkÞ ¼ snewdðkÞ

TsnewdðkÞ; ðA:8Þ

I2
neweðkÞ ¼ sneweðkÞ

TsneweðkÞ; ðA:9Þ

SPEðkÞ ¼
Xd

j¼1

ðxnewjðkÞ � #xnewjðkÞÞ
2; ðA:10Þ

where #xnewjðkÞ ¼ Q�1BdSnewd ¼ Q�1BdWdxnew:

A.3. Contribution plot

Once a fault is detected by the statistical monitoring

method, the key approach to fault isolation using the

MICA model is the use of contribution plots. The

following three equations is to calculate the variable

contribution for I2
newdðkÞ; I2

neweðkÞ and SPE(k):

1. Variable contribution for I2
newdðkÞ

xcdðkÞ ¼
Q�1BdsnewdðkÞ

jjQ�1BdsnewdðkÞjj
jjsnewdðkÞjj: ðA:11Þ
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2. Variable contribution for I2
neweðkÞ

xceðkÞ ¼
Q�1BesneweðkÞ

jjQ�1BesneweðkÞjj
jjsneweðkÞjj: ðA1:2Þ

3. Variable contribution for SPEðkÞ

xcspeðkÞ ¼ xðkÞ � #xðkÞ: ðA:13Þ
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