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Abstract

The present paper reports a comparative evaluation of four multivariate statistical process control (SPC) techniques for the on-line monitoring
of an industrial sugar crystallization process. The process itself is challenging since it is carried out in multiple phases and there exists strong
non-linear and dynamic effects between the variables. The methods investigated include classical on-line univariate statistical process control
batch dynamic principal component analysis (BDPCA), moving window principal component analysis (MWPCA), batch observation level
analysis (BOL) and time-varying state space modelling (TVSS). The study is focused on issues of on-line detection of changes in crystallization
process operation, the early warning of process malfunctions and potential production failures; problems that have not been directly addressed
by existing statistical monitoring schemes. The results obtained demonstrate the superior performance of the TVSS approach to successfully
detect abnormal events and periods of bad operation early enough to allow bad batches and related losses in amounts of recycled sucrose t
be significantly reduced.
© 2005 Elsevier Ltd. All rights reserved.
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1. Introduction and robustness. The issues of the on-line detection of changes
in process operation, early warning of process malfunctions
Sugar crystallization occurs through the mechanisms of and potential production failures have not been directly ad-
nucleation, growth and agglomeration. The impact of op- dressed by the existing models.
erating conditions on these activities is not always well- In this paper, an empirical statistical approach is adopted
understood. It can be characterised as a non-linear, non<or the development of a statistical model based on the avail-
stationary process. Significant research has been carried ouaible process measurements. Techniques investigated include
into the development of first principles modeBeyo de moving window principal component analysis (MWPCA,
Azevedo, Chdio, Gonalves, & Bento, 199/to describe Lennox, Montague, Hiden, Kornfeld, & Goulding, 2001
the process. More recently hybrid models based on both firstbatch observation level (BOWVold, Kettaneh, Friden, &
principles and neural network models have been proposedHolmberg, 1998 batch dynamic principal component
(Georgieva, Feyo de Azevedo, Goncalves, & Ho, 2003a analysis (BDPCAChen & Liu, 2002 and time-varying state
Georgieva, Meireles, & Feyo de Azevedo, 20D3towever, space modelling (TVSSimoglou, Martin, & Morris, 2002a,
these models have been developed for process state estim&002h). These approaches assume that the available data
tion, the prediction of crystal size distribution (CSD) and for captures the underlying process operating conditions. Then
various control objectives including tracking, optimisation multivariate statistics such as Hotelling’é and the squared
prediction error (SPE) are to be calculated along with their
appropriate control limits. These metrics and associated
E-mail addressegetia@det.ua.pt (P. Georgieva), e.b.martin@ncl.ac.uk control limits are then us.e.d fo.r the on-line mo_nltorlng of
(E.B. Martin), julian.morris@ncl.ac.uk (A.J. Morris), sfeyo@fe.up.pt the process and the classification of a batch as in- or out-of-

(S. Feyo de Azevedo). specification.
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2. Process operation Table 3

Constant (for each batch) data

The batch cycle of white sugar production is divided into Notation

several sequential phases. During the first phase, the parm,
is partially filled with a juice containing dissolved sucrose Pur
(termed liquor). The liquor is concentrated by evaporation, sy
under vacuum, until supersaturation reaches a predefinecfseed
value (typically 1.15). At this stage, seed crystals are intro-
duced into the pan to induce the production of crystals. This  The brix of the solution is the concentration of total dis-
is the beginning of the second (crystallization) phase. As wa- solved solids (sucrose plus impurities) in the solution and is
ter is evaporated, the dissolved sugar concentration increasesneasured by a refractometer. Supersaturation is not a mea-
resulting in crystal growth. As evaporation takes place, fur- sured variable but can be determined from the available mea-
ther liquor or water is added to the pan to maintain the level of surements.
supersaturation and increase the volume. For economical rea-
sons, towards the end of this phase, the liquor is replaced by
other juices of lower purity (termed syrup). The third phase 3. On-line multivariate statistical process control
consists of tightening which is principally controlled by evap- (SPC) techniques
oration capacity. At the end of a batch, the panis filled with a
suspension of sugar crystals in heavy syrup, whichis dropped Batch process modelling and monitoring has been al-
into a storage mixer before centrifugation. Present pan con-ways a challenging problem in chemical engineering due
trol involves the manipulation of the feed flow rate of sugar to the presence of non-linear behaviour and serial correla-
liquor/syrup and the vacuum pressure. The process objec-tion, correlated and/or collinear data, varying batch lengths
tive is to obtain sugar of high quality, which is measured in and multi-product production. Current state of the art empiri-
terms of the purity, shape and CSD at the batch end. CSD iscal techniques include the bi-linear approaches of multi-way
guantified by the mass averaged crystal size (MA) and the principal component analysis (MPCA) and multi-way partial
coefficient of variation (CV). The desired values for MA are least squares (MPLSNomikos and MacGregor (1994hd
0.5-0.6 mm and for CV: 28-32%. the tri-linear methodologies of PARAFA®(o, 1997 and
PARAFAC Il (Wise, Gallagher, & Martin, 200andSmilde,
1992. Although the above bi-linear and tri-linear techniques

Process variable

Temperature of the feed water
Purity of the liquor/syrup

Initial time for introducing syrup
Initial time of seeding

2.1. Available measurements

have been successfully applied to batch processes, they ex-

The industrial unit is equipped with 15 sensors. The on- perience a number of limitations. For example, they do not
line recorded physical measurements relating to a batch aréncorporate the process dynamics and with the exception of

summarised iMmables 1 and 2Measured input and output
measurements, respectively, afable 3those variables that

PARAFAC I, the duration of the batches are assumed to be
constant. Moreover, for on-line monitoring, itis required that

are constant for each batch. These are all known to be reliablethe whole batch trajectory is known or is predictable. This re-

measurements. quirement results in certain assumptions being made in order
to in-fill the unknown future values of the batch trajectory. Fi-
Table 1 nally, all these techniques are linear and to a greater or lesser

Measured variable input data

extent fail to capture the non-linear nature of a batch process.

Notation Process variable To overcome the issues of data in-filling and unequal batches,

F Liquor/syrup feed flowrate alternative approaches have been proposed.

Bt Brix of the feed

Ti Temperature of the feed 3.1. Moving window principal component analysis

Fw Water feed flowrate

Fs Steam flowrate . . L. .

T. Steam temperature Moving window principal component analysis was pro-
Ps Steam pressure posed byt ennox et al. (2001)Typically measurements from
lagit Intensity of stirrer current a batch process are arranged in a three-dimensional ma-
Puac Vacuum pressure trix X (NB x NV x NT) where NB, NV and NT are the

Tvac Vacuum temperature number of batches, variables and time instafis).( 1a).

Table 2 The three-dimensional matrX can be transformed to a bi-
aple

Measured variable output data

dimensional matrix by unfolding over the batch dimension
(NB x (NV x NT)) as shown irFig. 1b. A scaling is usually

Notation Process variable applied to the unfolded matriX before an ordinary PCA
Bsol Brix of the solution _ analysis. The mean of each columnXfs subtracted from

Tm Temperature of the solution  each data element of this column. This way of mean cen-
L Level in the pan

tring is very important since it results in the removal of the
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Fig. 1. Moving window principal component analysis (MWPCA).

main non-linear componentin the data. Furthermore, by scal- Hotelling's T2 is calculated using thieretained PCA scores:
ing the variables in each column ¥f the differences in the

measurement units between variables can be handled to allowx = XnewPx (2)
equal weight to be given to each variable at each time inter- _, T

val. A PCA model is then developed on a moving window of " =4S, ©)
data. Having selected the length of the moving windv ( wheret, are thek retained PCA scores ar8is their covari-
MWPCA then develops N¥-L+1 PCA models for each  ance matrix. The SPE is then calculated as follows:
time interval by decomposing the (NBNV) matrix X. into

a systematic and noisy part: SPE= e,e,T (4)

X =TiP] +E 1) €= *nell —PiP)) (5)

whereTy andPy are the matrices of thieretained principal 3.2. Batch dynamic principal component analysis
component scores and loading, respectively, whilis the
matrix of the residuals. The number of the retained principal The MWPCA approach does not capture the dynamic
componentsk, is usually determined by the means of cross- behaviour within a batch proces€hen and Liu (2002)
validation. For the application considered, the order of the proposed batch dynamic principal component analysis, in
moving window was selected to he=2 which takes into an attempt to explain the batch process dynamics. They sug-
account the desired previous data over two past sample in-gested the use of lagged variables to incorporate process dy-
tervals. For each of the NF L +1 PCA models the loading  namics. More specifically in BDPCA, each batch is isolated
matrix Py, is stored. from the othersKig. 2a). A matrixXj, (NT x NV) is formed
Having performed a PCA analysis, a set of on-line moni- for each iv batch. Then each of the NV variables is lagged
toring tools can then be developed. Typically these tools aretimes resulting in an lagged;, [(NT —d) x (NV x (d+1))]
Hotelling’s T2 and squared prediction error control charts. matrix (Fig. 20). The covariance matrix of the laggeq,
Consider that a new batcthew is to be monitored. Then,  matrix, Sy, is then calculatedRig. 2c). The procedure is
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Fig. 2. Batch dynamic principal component analysis (BDPCA). (a) (b)

Fig. 3. Batch observation analysis (BO).
repeated for all NB batches, resulting in N&§ covariance
matrices. The elements in each of tBg matrices are a  For setting up an on-line monitoring scheme, the scores of
measure of the dynamic relationship between variables inthe retained PLS scores are then rearranged over the batch
Batch iv. Having calculated these dynamic correlations for dimension resulting in a [NB (NT x k)] matrix, Fig. 3c and
all NB batches an average covariance matBx, is then  their mean and standard deviation calculated for each sample

calculated based on the N&, covariance matrices(g. 2d): point and storedRig. 3d.). In an on-line situation, when a
NB new sample is obtained, the scores are initially calculated
Sag= (NT —d — 1) =1Sv 6)  and then scaled using the mean and the standard deviation
NV(NT — d) of the corresponding sample point. These scaled scores are

The average covariance matrigyg, expresses the av- plotted against their control limits in univariate score plot
erage dynamic relationships between the process measurecharts. Similar to the previous approachiEsand SPE charts

ments. A PCA model is then developed based S can also be constructed.

(Fig. 2e). The resulting BDPCA model is finally used to cal-

culate theT? and SPE statistics for monitoring purposes. 3.4. Time-varying state space modelling

3.3. Batch observation level A different approach to batch process modelling and

monitoring is currently under investigation, introduced by
To overcome the problem with unequal batch lengths an Simoglou et al. (2002a)namely time-varying state space
alternative monitoring approach was proposed\mld et al. (TVSS) modelling. The state space model developed takes
(1998) termed batch observation level. In BOL, the origi- the form:
nal three-way data are unfolded over the variables dimen-

sion Fig. 3a). A dummyy-variable that can be a time in-  +1 = Cotr + wi ©)
dex or a batch maturity index is then specifie_d._Data are y — H,t, + e, (10)
scaled and a partial least squares (PLS) analysis is then per-
formed between the unfolded matr& and the dummyy wheret are the system statgsare the available process mea-
vector: surementsy and e are the state and output residuals with

- covariance matrice® andR, respectively. FinallyC and
X=TiP +E () H are the state space model matrices, which are assumed to
y=Tec+f @8) be time-varying since they aim to describe a non-stationary

process. To develop the mod&)and(10)), the data are ini-
wherec is the regression vector gfonto the PLS scores  tially unfolded and scaled as in MWPCA. The procedure to
Ty (Fig. 3), andf are the PLS model residuals. The number compute the TVSS matricé3andH then proceeds through
of PLS latent variables to be retained are selected as those thathe identification of the system states. For a time intetre&l
provide an adequate description of both ¥handy spaces. the past and the future of the system is defined as shown in
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Fig. 4. Time-varying state space model.

Fig. 4a. The pasty) of the process is associated with the past final CSD properties. Eleven batches were identified as be-
process measurements of all batches at kingto a specific ing in-specification whilst three had MA values out with the
lag (inFig. 4a the time lagK, was set to a value of two past  specification range.
sample intervals to encapsulate the relevant past data):
4.1. D re-pr in
pe=Dayiz s yidl' (11) ela pre-processing
Prior to developing the statistical models it was necessary
to make decisions related to the selection of the crystallization
phases and the process variables to be included in the moni-
toring model. The phases to be modelled were selected to be
fi=1yyig1 ytJrL]T (12) the crystallization phase and the tightening phase. The initial
. . i operations before seeding (charging and concentration) were
‘Now, by applying any one of either partial least squares, g | ded from the analysis because their objectives are to feed
principal component regression (PCR) or canonical variate 5 certain initial quantity of juice into the pan and to concen-
analysis (CVA) between the pagll) and the future(12) a6 it until a predefined level as soon as possible. Therefore,
of thgz process, new Iaten'g varl'ables can be calculated whichia main effect of these stages on the next operations is the
provide a reliable approximation of the true system states. {ine it takes to reach the same initial conditions (supersatu-
PCR scores capture the variability between process measureyiion set point) for the crystallization period. Moreover, in

ments while PLS and CVA latent variables are those linear ;5 ctice, no specific faults are observed during this phase of
combinations of the past that include the information re- process operations.

quired to predict process future. The result of applying ei- * the yariables included in the analysis were vacuum pres-
ther a PCR, PLS or CVA analysis is a weighting matiix  gre steam flowrate, steam pressure, steam temperature, brix
which is used to identify the system states through the pastt the solution, supersaturation and temperature of the so-
vectorpy: lution. To control the supersaturation around the metastable
(13) zone, process operators periodically open and close. the re-
spective liquor/syrup and water flow valves. Thus, in the
Once the system states have been identified the state spacavailable data set, there are periods where both feed flowrates
matrices can be computed using a least squares solution (seare equal to zero. Building a statistical model based on this
Simoglou et al., 200Xfor more details). data set results in the model being trained on data where
In the next section, the four multivariate techniques (BOL, the feed flow rates are zero. However, if for a new batch,
MWPCA, BDPCA and TVSS) are applied and compared process conditions force operators to open one of the feed
with the univariate SPC for the ‘on-line’ performance moni- valves for control purposes, then for this particular time
toring of the sugar crystallization process. point the statistical model will move outside of the limits
resulting in a possible false alarm. The feed variables were
thus excluded which does not result in a loss of informa-
4. On-line SPC of sugar crystallization tion since their effect directly impacts on the other process
variables (Brix of the solution and the supersaturation) in-
Data from 14 industrial runs were available from a sam- cluded in the data set. A calculated variable (supersatura-
pling period of 4 months. Batches were discriminated as be-tion) was also included as a critical sugar crystallization
ing ‘in-specification’ or ‘out-of-specification’ based on the parameter.

The future f) of the process are the current and future process
measurements of all batches Fig. 4a the future horizor,,
is set up to a value of one):

t;=Jdp,
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Fig. 5. Time series plots and control limits of out-of-spec Batch 1.

4.2. On-line univariate SPC

Figs. 5—7show the most significant variables for the three
bad batches along with univariate3o, control limits. For
Batches 1 and 3, the variables lie within the univariate con-
trol limits for most of the batch run. Those observations that
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marginally lie out with the statistical limits, for example, time
point89inFig. 5a, are very close to the statistical control limit
and it was concluded that they were statistically spurious sig-
nals (on average one in hundred observations will lie outside
the 99% action limits). It is observed that only Batch 2 has
variables that exceed the univariate control limits. It was only
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Fig. 6. Time series plots and control limits of out-of-spec Batch 2.
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Fig. 7. Time series plots and control limits of out-of-spec Batch 3.

in this particular case, that the application of univariate SPC  In general, it can be seen that the four methods identify

could detect periods of out-of-specification operation. periods of out-of-specification operation during the run in
all three batches for both SPE aii@ control charts. It is
4.3. On-line multivariate SPC only for the T? metric of BDPCA, Fig. 10e, where there

is no out-of-control signal for Batch 3. Thus, by applying

The multivariate SPC techniques of MWPCS, BOL, BD- multivariate SPC as opposed to univariate SPC periods of
PCA and TVSS discussed in SectiBnvere then used to  out-of-specification operation can be detected. The SPE and
‘monitor’ the real process data. All the approaches com- T2 control charts for Batch 2 (not included in this paper but
pared are linear, can deal with unequal batch lengths andavailable in the authors graph set) lead to similar conclusions
to a greater or lesser extent can describe the underlying batctfs for the other two batches. Since the univariate control
process dynamics. Having built and validated the four models charts clearly detected out-of-specification operation for
from in-specification process data, the next step was to eval-Batch 2 €ig. 6), it was decided to illustrate only the batches
uate their ability to detect the out-of-specification batches for which the univariate approacr; was not efficient.
and provide information as to the variable(s) responsible for  In Fig. 82, the MWPCA based” control chart for Batch
the out-of-specification signal. The results are summarised in1, there is a period of out-of-specification operation around
Figs. 8-11 T2 and SPE control charts are shown alongside time point 89. The univariate control charts indicated out-
their corresponding contribution plots. The contribution plot 0f-specification operation for the time period 88—-90. More
(Miller, Swanson, & Heckler, 1998shows the contribution ~ specifically, the univariate control charts of vacuum pressure
of the original seven process variables toTRer SPE value  (Fig. 5a) and solution temperaturgif. 5) move outside the
for the maximum out-of-control value. For examp}'@_ 8 limits for these time pOintS. In the multivariaﬁ control
shows how th@? statistic would evolve in an on-line manner ~ chart, out-of-specification operation is detected earlier and
with MWPCA for out-of-specification Batch T2 takes its  takes its maximum value at time point 89. TRecontribu-
maximum value at time point 89, arg. 8 shows theT? tion plot for time point 89 FFig. 8b) indicates that variable 1
contribution plot for this particular point. In all the control ~ (vacuum pressure) is responsible for the out-of-control sig-
charts, the values shown were scaled so that the run-time conhal. This conclusion is in accordance with the univariate SPC
trol limits were equal to unity for the whole batch run. This contzrol charts.
way of presenting the control charts is more user-friendly for T control charts for the other three methods for Batch
process operators. It also allows the four statistical methods®, TVSS €ig. %), B?PCA €ig. 10r) and BO Fig. 11a)
to be compared on a common basis as the degree to whichProvided maximumr= out-of-control signals for the time
the T2 and SPE statistic exceed the limits can be quantified. Period around point 345. Univariate SPC provides an out-of-
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Fig. 8. MWPCA based on-line monitoring for out-of-spec Batches 1 and 3, variables: (1) vacuum pressure, (2) steam flowrate, (3) steam pressure, (4) ste
temperature, (5) brix of the solution, (6) supersaturation and (7) temperature of the solution.

control signal for the brix of the solution for this time period temperature and the brix of the solution are mainly responsi-
Fig. Bb. However, the fault is not detected as early as for the ble for the out-of-control signal. The respective contribution

multivariate control charts and the level of excursion outside plots for BDPCA fig. 1) and BOL Fig. 11b) also indi-

the limits is smaller for the univariate control charts. The cate that the brix of the solution is mainly responsible for the
contribution plot for TVSSFig. %) indicates that the steam  out-of-control signal.
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Fig. 10. BDPCA based on-line monitoring for out-of-spec Batches 1 and 3, variables: (1) vacuum pressure, (2) steam flowrate, (3) steam pressure, (4) st
temperature, (5) brix of the solution, (6) supersaturation and (7) temperature of the solution.

Similar conclusions can be drawn for the monitoring of exceeds the limit. With the exception of BDPCA, all the
Batch 3. The multivariate SPC techniques provide an earlier MSPC approaches provided an alarm indicating that super-
warning of the process faults than univariate SPC with the saturation is responsible for the out-of-control signal. This
T2 statistic clearly exceeding the control limits. For example, conclusion is in agreement with the respective univaritate
in Batch 3 there is a time period around point 155 whEre ~ SPC chart.
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Fig. 11. BO based on-line monitoring for out-of-spec Batches 1 and 3, variables: (1) vacuum pressure, (2) steam flowrate, (3) steam pressure, (4) steam
temperature, (5) brix of the solution, (6) supersaturation and (7) temperature of the solution.

The four multivariate monitoring techniques of MWPCS, process variables more clearly than the other three ap-
BOI, BDPCA and TVSS exhibit similar performance and proaches. For example, according to the control charts in
capability in terms of distinguishing between in and out- Fig. 9a and c, an abnormal situation arises around time in-
of-specification behaviour. However, the TVSS approach terval 325-375. Examining the time trajectories of the mea-
captures the underlying dynamic relationship between the sured variables for Batch 1, it is observed that for the same
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