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CHAPTERR 4  BLACK MODELS* 

*Thi ss chapter is based on the following publication(s): 

E.N.AI.E.N.AI. van Sprang, H. J. Ramaker, J~A. Westerhms, S.P. Gurden and A.K. Smilde, Critical evaluation of approaches for on-line 

batchbatch process monitoring, Chemical Engineering Science 57, pp. 3979-3991 (2002). 

H.-J.H.-J. Ramaker, E.N.AI. van Sprang, JA. Westerhuis and A.K. Smilde, Fault detection properties of global, local and time evolving 

modelsmodels for batch process monitoring, submitted. 

E.N.AI.E.N.AI. van Sprang, H.-J. Ramaker, H.F.M. Boelens, J-A, Westerhuis, D. Whiteman, D. Baines and I. Weaver, Batch process 

monitoringmonitoring using online A1IR spectroscopy, The Analyst 128, pp. 98-102 (2003). 
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StatisticalStatistical batch process monitoring 

4.11 General introduction * 
Batchh process monitoring as proposed by P. Nomikos & J.F. MacGrcgor [7] works 

withh data driven models such as PCA. An advantage of this approach is that there is 

noo fundamental knowledge of the process needed. The proposed approach is 

thereforee general applicable, which is an advantage especially with (bio) chemical 

processes,, which can often be very complex. 

Ann important step in batch process monitoring is the selection of historical 

batchh runs. This choice implicitly defines the normal or acceptable process variations. 

Afterr that, the selected batches are modelled to capture normal process variation. 

However,, the model choice is not straightforward since there are many models to 

choosee from as wil l become clear later. 

Thee content of this chapter consists of three sections. The first section 

discussess the evaluation of existing methods and approaches for batch process 

monitoring.. The performance of the different models is validated by means of 

analysingg six batch processes and performance indices are defined accordingly. The 

secondd section introduces two new models for batch process monitoring. The models 

aree discussed and compared against a benchmark model. For this purpose six batch 

processess are studied and the performance of the models is discussed using 

predefinedd performance indices. The third section is an application in which a 

regressionn model is used to monitor a batch polymerisation process. The process of 

interestt is monitored using both multivariate control charts as well as with traditional 

univariatee control charts. 

HJR/El'S HJR/El'S 
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4.22 Critica l evaluation of approaches for  on-

lin ee batch process monitorin g * 

4.2.11 SUMMARY 
Sincee the introduction of batch process monitoring using component models in 1992, 

differentt approaches for statistical batch process monitoring have been suggested in 

thee literature. This is the first evaluation of five proposed approaches so far. The 

differencess and similarities between the approaches are highlighted. The derivation of 

controll  charts for these approaches is discussed. A control chart should give a fast and 

reliablee detection of disturbances in the process. These features are evaluated for each 

approachh by means of two performance indices. First, the action signal time for 

variouss disturbed batches is tested. Secondly, the probability of a false warning in a 

controll  chart is computed. In order to evaluate the five approaches, five different data 

setss are studied: one simulation of a batch process, three batch processes obtained 

fromm industry and one laboratory spectral data set. The obtained results for the 

performancee indices are summarised and discussed. Recommendations helpful for 

practicall  use are given. 

4.2.22 INTRODUCTION 
Batchh processes are widespread in the chemical, pharmaceutical, food and bio-

technicall  industries. Batch processes are characterised by finite duration, non-steady-

statee behaviour, high conversions and, most importandy, the recipe-driven approach. 

Iff  during the development phase a completed batch run is known to have produced 

ann on-specification product, the most important process variables from that batch are 

storedd in a recipe. This recipe is then used for future batch runs, with an aim to 

consistentt production of the on-specification product. However, due to the 

complexityy of most industrial batch reactions the recipe-driven approach is not always 

sufficient.. Monitoring of batch processes is advantageous for several reasons: safety, 

costt reduction, quality control, fault diagnosis, fault detection, process improvement 

orr a better process understanding. 

*K*K  \rS in: K.N.M. van Sprang, H.-J. Ramaker, ]. A. Westerhuis, S.P. Gurden andA.K. Smilde, Critical evaluation of approaches for 
on-lineon-line batch process monitoring, Chemical Engineering Science 57, pp. 3979-3991 (2002). 
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Sincee the pioneering work of multivariate statistical process control (MSPC) 

forr batch processes by J.F. MacGregor & P. Nomikos [22] and P. Nomikos & J.F. 

MacGregorr [6], batch process monitoring (BPM) has been applied to several different 

processes.. Furthermore, commercial companies have developed BPM software and 

incorporatedd some of the proposed methods. There is a clear trend in the ascent of 

supervisoryy control and data acquisition systems (SCADA) and distributed control 

systemss (DCS) in process plants. The combination of these systems and BPM seems 

too be very promising. 

Thee main concept of BPM is to model the common-cause variation present 

inn batch runs obtained under normal operating conditions (NOC). This model is 

subsequentlyy used to determine whether a new batch corresponds to normal 

operatingg behaviour or not. Therefore, the monitoring performance depends heavily 

uponn this NOC data. 

Sincee the introduction of BPM in 1992, various researchers have proposed 

severall  variants and extensions to the original methodology proposed. S. Wold et al. 

[53]]  introduced a variant of multivariate batch modelling for monitoring and diagnosis 

purposes.. An alternative way of arranging the data is the most important feature of 

thiss work. S. Rannar et al. [31] used an approach based on a recursive multi-block 

(hierarchical)) PCA/PLS method. D.J. Louwerse & A.K. Smilde [38] extended BPM by 

thee use of PARAFAC (PARAllel FACtor analysis) and Tucker three-way models. 

Additionally,, improved control charts were developed using a modified PC A method. 

R.. Boqué & A.K. Smilde [40] used multivariate statistical procedures based on 

multiwayy covariates regression models. R.B. Martin & AJ. Morris [61] introduced a 

controll  chart based on a nonparametric method. B.M. Wise et al. [62], J.A. Westerhuis 

ett al. [42] and K.S. Dahl et al. [63] applied and compared several alternatives for 

multivariatee statistical analysis of batch process data. 

Thee aim of this chapter is to summarise and critically evaluate the different 

approachess proposed to statistical batch process monitoring in the literature so far. 

Fromm the proposed approaches a representative selection is made. Only approaches, 

whichh build component models of process data, are considered, that is, no regression 

modelss between process conditions and product quality data are compared. The focus 

iss on component models since the subject of regression models is a field of its own. 

Thee particular properties, advantages and disadvantages of each proposed approach 

aree investigated. This is the first systematic treatment of type I error and type II error 
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forfor a variety of methods, which is very useful for practice. The evaluation is 

performedd using five data sets covering a range of industrial and laboratory processes. 

Thee different approaches are compared by the use of two performance indices: the 

overalll  type I error and die Action Signal Time (AST). 

AA summary of each approach is given in the Section 4.2.3 using a uniform 

notation.. The similarities and differences in terms of how the data is modelled and 

usedd for on-line monitoring are highlighted. Furthermore, this section describes the 

derivationn of the control charts used for the D- and iPÊ-statistics. Section 4.2.4 

introducess and defines the two performance indices, the overall type I error and AST, 

usedd to evaluate and compare the approaches. Section 4.2.5 gives a short description 

off  the data sets studied. The results of the evaluation are given in Section 4.2.6. 

Finally,, conclusions are drawn and recommendations are given Section 4.2.7. 

4.2.33 THEORY 

4.2.3.11 Modellin g of normal operating conditions (NOC) 

Thee / process variables measured over K time points from a single NOC batch run are 

storedd in matrix X, (JxK). A common way of storing several NOC batch runs is to 

stackk each run in a three-way data array X (IxJxK). The different batches are denoted 

byy i — 1, , 7 and form the first mode of X. The process variables are denoted hyj — 

1,, ,] and form the second mode of X. The time points at which measurements are 

takenn are denoted by k - 1, ,K and form the third mode of X. Note that it is 

assumedd here that each batch is of the same length although, despite the recipe-driven 

approach,, this is not always the case. One solution to the problem of unequal batch 

lengthh is to use a 'maturity' variable as an alternative to time for the third mode axis, 

suchh as percentage of conversion (P. Nomikos &J.F. MacGregor [19], A.A. Tates et 

al.. [2]). Other possibilities are the use of dynamic time warping (A. Kassidas et al. [35]) 

orr the PARAFAC2 model (H.A.L. Kiers [64]). 

Variouss kinds of process variables are monitored during a batch run, for 

examplee temperatures, pressures, flow-rates or spectral data such as infrared 

absorbances.. The automation of modern batch processes facilitates the storing of 

processs variables within a database. The process variables are usually highly correlated 

and,, therefore, a multivariate approach is required. There are often only a few 

underlyingg phenomena driving the process. Latent variable methods, such as principal 
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componentt analysis (PCA), aim to extract these underlying factors from the data to 

formm a reduced-dimension subspace, thus making the large amounts of highly 

correlatedd data more comprehensible. The number of components, R, to use can be 

selectedd using different criteria such as cross-validation (S. Wold [26]). 

Priorr to building a latent variable model, preprocessing of X is performed, 

usuallyy in the form of centering and scaling. Centering is performed so that the actual 

modell  describes deviations from a mean. The process variables are typically measured 

inn different units and scaling is required to give each process variable equal influence 

priorr to modelling. 

4.2.3.1.1Nomikos4.2.3.1.1Nomikos & MacGregor (NM) 

Inn order to derive a component model, X is first matricized (H.A.L. Kiers [49]). P. 

Nomikoss & J.F. MacGregor [6] matricize X in the batch direction resulting in a matrix 

XX  (IxJK) where the second mode is nested within the third mode. Each frontal slice 

X^^ (IxJ) is placed next to X^+? (IxJ) as shown in Figure 14. 

Thee purpose of monitoring using the NM approach, is to detect deviations 

fromm the desired level of operation, which is the mean trajectory of the batches in 

time.. Therefore, in order to model the deviations from the mean trajectory, the mean 

trajectoryy is removed by centering the data across the columns of X/X/K. To account 

forr the difference in measurement units, slab-scaling (H.A.L. Kiers [49]) is used to 

givee each process variable equal variance. That is, all measurements for each process 

variable,, X7 (IxK), are scaled to unit sum of squares (R.A. Harshman & M.E. Lundy 

[65]).. An alternative to this form of scaling is tube-scaling better known as autoscaling, 

wherebyy each column of X/X/K is divided by its standard deviation. Although this way 

off  scaling is not preferred because it can disturb the multilinear nature of the data 

(R.A.. Harshman & M.E. Lundy [65]), there are indications that the difference between 

slab-scalingg and tube-scaling is not very crucial for batch process data (J.A. Westerhuis 

ett al. [42]). 

Thee preprocessed matrix X;X/K is used to build a PCA model. For the NM 

approachh the model is given by: 

X ' * ' * = T P ' + EE ( 38 ) 

wheree T (IxR) are the scores, P (JKxK) the loadings and E (IxJK) the residuals. 
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4.2.3.1.24.2.3.1.2 Wold, Kettaneh, Fridén & Holmberg (WKFH) 

S.. Wold et al. [53] matricize X in the process variable direction giving X ra J as shown 

inn Figure 40. 

Figuree 40 

Matrici^ngMatrici^ng of X according to WYFH. 

Eachh horizontal slice X,+i (J^K) is placed beneath the horizontal slice X, 

(/XJK).. Here the third mode is nested within the first mode. Each column (process 

variable)) of X w J is centered by subtracting its column mean and scaled by its standard 

deviation.. Note that this centering operation does not remove the mean trajectory of 

thee batches in time. This approach models the correlation between the process 

variabless and uses the score trajectories to monitor the process. The PCA model for 

WKFHH becomes: 

XX
nxnx'=TP'+E'=TP'+E  ( 39 ) 

wheree T (KIxK) are the scores, P (/xR) the loadings and E (Klxj) the residuals. 

4.2.3.1.34.2.3.1.3 Rannar, MacGregor & Wold (RMW) 

S.. Rannar et al. [31], describe an algorithm for adaptive batch process monitoring 

usingg hierarchical PCA. 

-89--



StatisticalStatistical batch process monitoring 

B**  = 

ii  i 

B * + i _ _ 

ii  i 

Figuree 41 
AdaptiveAdaptive batch monitoring according to KWM 

Thee concept of adaptive process monitoring is summarised in Figure 41. Here, X^ 

(IxJ)(IxJ) represents a frontal slice of X- First, a block scores vector, b*, which represents 

thee local variation at time point k, is computed. Then this block scores vector is 

placedd in the consensus matrix, B*, along with a super scores vector, tk-\, which 

summarisess previous process variation up to time point k-1. The block scores can be 

weightedd by the adaptive parameter, d. Using the consensus matrix, B*, a new super 

scoress vector, t*, is computed which now represents the total variation up to time 

pointt k. The same procedure is repeated for time point k+1 until the end of the batch 

run. . 

Thee adaptive nature of this approach is determined by the adaptive parameter 

d.d. If d is high, much weight is given to the current process measurement relative to all 

previouss variation. For d — °o this algorithm is equivalent to performing a PCA on 

eachh separate block, X* . In general, increasing d wil l lead to more variance being 

explainedd by the model. If d\% chosen to be zero, all super scores, t*, wil l be the same 

ass the first super score, ti , and the algorithm is not adaptive at all. An advantage of 

tuningg the adaptive parameter for each block would be that the model can then adapt 

too different stages in the process. Note that, as yet, there exists no theory on how to 

tunee d. Therefore, in this evaluation two values of d are chosen, 0.3 and 1.0, which are 

thee same as those used in the example by S. Rannar et al. [31]. 
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4.2.3.22 On-l ine moni tor ing 

Thiss section describes how to monitor the evolution of a new batch using the 

differentt approaches. Al l the approaches studied use the concept of projecting an 

observationn vector x*  onto a space defined by P. This projection results in scores t 

andd residuals e which are computed by: 

t X P C P ' P ) -11 ( 40 ) 

xxkk=i=i kkPP ( 41 ) 
e * = x * - x ,, ( 42 ) 

Thee content of the observation vector x^ and the size of the matrix P depend on the 

approachh chosen as wil l be explained. This can be seen as an important distinctive 

featuree between the different approaches. Each observation vector is preprocessed 

beforee projection using the means and scaling parameters obtained from the NOC 

data.. The features of the different methods wil l be discussed below. 

4.2.3.2.14.2.3.2.1 Nomikos & MacGregor (NM) approach 

Ass stated previously, the matrix P of the NM approach has dimensions (JKxK). To 

computee the scores tk and the residuals ê  according to equation (3)-(5), the 

observationn vector x^ must have the dimensions of (JKx\), This is depicted in Figure 

42. . 
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Pastt Current Future 
Measurementss Measurement Measurements 

Figuree 42 

On-lineOn-line monitoring according to the N&M approach. 

Thee observation vector consists of three parts: the past measurements, a current 

measurementt and the unknown future measurements. Take for example a 

measurementt at time interval k — 10. The vector x*  exists of the previous 

measurementss k — 1,...,9, the current measurement (k — 10) with size (J Xl ) and the 

futuree measurements k - 11,...,K. The latter is the basic problem of this approach, 

thatt is, the future behaviour of the new batch must be inferred somehow because the 

batchh run is not completed. 

P.. Nomikos & J.F. MacGregor [6] suggested two approaches to fil l in the 

unknownn part of x^: the zero deviations approach and the current deviations 

approach. . 

4.2.3.2.24.2.3.2.2 Zero deviations approach 

Thee unknown future measurements are assumed to behave at the desired level of 

operationn as defined from the NOC data. The remainder of the batch is assumed to 

havee zero deviations from the mean trajectory. 
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Forr a process disturbance, this can be seen as an optimistic scenario. If, for 

example,, a temperature is currently too high, its future evolution is assumed to return 

directlyy to the desired level of operation. 

4.2.3.2.34.2.3.2.3 Current deviations approach 

Thee current deviations approach assumes that the future measurements wil l continue 

too deviate from the desired level of operation at the same level as present at time 

intervall  k. 

Forr a process disturbance, this can be seen as a pessimistic scenario, because 

itt is assumed that a process variable which is too high/low wil l remain so for the rest 

off  the batch run. 

4.2.3.2.4Missing4.2.3.2.4Missing data approach 

P.. Nomikos & J.F. MacGregor [6] suggested using the missing data approach to 

overcomee the need for assuming the future evolution of a batch. 

RR » 

f f 
fcpj fcpj 

Figuree 43 

TheThe missing data approach. 

Usingg the missing data approach, the future process measurements are regarded as 

missingg values as shown in Figure 43. Only the part of the loadings P up until time 

pointt k are used to compute the scores and residuals. This part is denoted as P .̂ Thus 
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thee loadings P^ are now 'growing' in time and have dimensions (kJxR). The vector x^ 

necessarilyy has to be of the size (k]x\). Thus a current measurement is simply added 

too the past measurements in x^. The least squares solution is used to calculate the 

scoress t*. 

K=(mrX^K=(mrX  ̂ ( 43 ) 

Notee that only when k — K the term (P^P^)- is equal to identity (because P̂  is then 

thee same as P which is an orthogonal matrix). A poor monitoring performance can be 

expectedd in the early stage of the batch run, because the reduced space on which x*  is 

projectedd is not well defined. 

4.2.3.2.54.2.3.2.5 Rannar, MacGregor & Wold (RMW) approach 

Thee RMW approach builds local models on each frontal slice X^, giving K local 

models.. As can be seen from Fig. 2, this results in local loadings P^ (JxR). The 

observationn x^ (/xl) projected on the local reduced space spanned by P̂  corresponds 

too the measurement at time k. The super scores are computed in a slightly different 

wayy to that described in the paper by S. Rannar et al. [31]. 

^=xrp*(p>*r ''  ( 44 ) 

Thee difference between both approaches is that in this study the scores are rescaled so 

ass to carry the variance captured by the model, this being necessary for monitoring 

purposes.. Note that the scores for each component must be computed separately. 

Thereforee the observation vector is deflated to compute the score for the /*h 

componentt by: 

x (; +1)=*i r ) -u>**  ( 46 ) 

AA clear advantage of this approach is the fact that no fillin g in procedure is needed 

becausee only local models are used. However, the use of many different models does 

makee this adaptive monitoring algorithm computationally more complex. 
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4.2.3.2.64.2.3.2.6 Wold, Kettaneh, Fridén & Holmberg (WKFH) approach 

Withh this approach, PCA is performed on X^* / and to compute the scores t and 

residualss e according to equations 40-42, the observation vector x*  has dimensions 

(/Xl) .. Thus X£ is the measurement at time interval k, which can be projected on P 

(/xR).. The advantage of this approach is that no assumptions about future 

measurementss are necessary. 

4.2.3.33 Derivin g the control limit s 

Inn general, on-line monitoring of batch processes is done using two types of control-

charts:: the D-chart to monitor deviation within the model relative to the centerpoint 

andd the squared prediction error (SPE) chart to monitor deviations from the model. 

Notee that it is also possible to construct control charts for individual scores. In this 

sectionn attention is paid only to the D- and JPE-charts to avoid an abundance of 

results. . 

Statisticall  limits for the D and SPE statistics are derived from the NOC data. 

Thee I batches from the NOC data are projected on the model resulting in I values of 

thee D and SPE at each time interval. Statistical distributions for these test statistics are 

derivedd and used to compute control limits using a certain or value. 

4.2.3.3.14.2.3.3.1 D-statistic 

Thee Hotelling T2 statistic is called the D-statistic when a reduced space with R 

componentss is used instead of x^ with J or JK variables. In general, the D-statistic is 

givenn by 

^= ( t „ . A - t j ' s ; , ( t ^ - t J - ^ f ^ -~F (R I 7 -R)) ( 47 ) 
K{1K{1 -I) 

wheree tMw,k (Rxl) are the scores of the new batch at time interval k and tk (Rxl) 

containss the means of the columns of the score matrix T^ (7xR). S*  (RxR) is the 

variance-covariancee matrix of Tk and is an estimation of the variation across the 

batches.. Since the scores are linear combinations of a large number of variables, 

accordingg to the central limi t theorem the scores are independently normally 

distributedd across the batch direction. The test statistic Dk follows an F-distribution 

withh R and I-R degrees of freedom (N.D. Tracy et al. [14]). 
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Noticee that for the NM approach, t̂  = 0 since the data is column mean 

centered.. Furthermore, it is assumed that Ŝ  is constant in time and is equal to the 

variance-covariancee matrix of the scores calculated when all data is available, TM=K-

Forr die RMW approach, \ = 0 also, but die variance covariance matrix Ŝ  is 

noww calculated for each time interval k using the super scores T^ (7xR) of the NOC 

batchh runs. 

Forr the WKFH approach, the matrix T (KIxR) from equation 39 is 

rearrangedd to obtain a matrix T*  (IxR) for each time interval k, i.e. the I rows 

correspondingg to time interval k arc selected from T and used to form T^. Here t̂  is 

unequall  to zero and %k is the variance-covariance matrix of the score matrix T*. 

4.2.3.3.24.2.3.3.2 Squared Prediction Error (SPE) 

Forr all approaches the SPEk statistic is computed by: 

J J 

SttSttkk=Ys=Ysee\~\~ g%] ( 48 ) 

wheree e,*, is the prediction error of die process variable '̂ at time interval k. The control 

limit ss for the SPE are obtained by fitting a weighted ^-distribution to the reference 

distributionn obtained from the NOC data at each time point. In equation 48, 

parameterr b represents the degrees of freedom and parameter g the weight to account 

forr the magnitude of SPEk. These two parameters can be estimated in different ways. 

Inn diis study the estimation is done according to J.E. Jackson & G.S. Mudholkar [24], 

wherebyy g and h are functions of the eigenvalues of the residual variance covariance 

matrixx at each time interval k. In order to increase the number of observations 

availablee for each estimation, P. Nomikos & J.F. MacGregor [19] used a time window 

fromm k-2 to k+2. This approach is also used here. 

Notee that the use of a ^-distribution implicitly assumes normality of the 

errors,, which may not always be true in practice. However, as the parameters of the 

^-distributionn used to calculate the SPE limits are obtained direcdy from the 

momentss of the sampling distribution of the actual NOC data, this approximating 

distributionn is found to work well even in cases where the errors are not normal. 
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4.2-3.44 Summary 

Too evaluate the different approaches, it is important to realise that the approaches are 

conceptuallyy different. In the NM approach, a model is constructed which captures 

thee correlation between the process variables and the correlation of the process 

variabless in time. In this approach, each batch run is regarded as an object and has by 

constructionn the disadvantage that the future behaviour of the batch run is not known 

duringg on-line monitoring. 

Thee RMW approach captures the correlation of the process variables at a 

certainn time interval. Since the local models are constructed in a recursive way, the 

timee behaviour is included implicitly , the extent to which can be tuned using the 

parameterr d. 

Thee WKFH approach models the correlation patterns between the process 

variabless that occur during the NOC batch runs. By rearranging the scores, the 

dynamicc behaviour of the process is implicidy captured by the average score 

trajectories. . 

4.2.44 PERFORMANCE INDICES 
Thiss evaluation uses two performance indices to evaluate how well each approach 

performss in terms of fault detection. The two indices are the overall type I error and 

thee action signal time (AST). 

4.2.4.11 Overall type I error  (false warning) 

Thee first performance index used is the type I error. The type I error is related to the 

nulll  hypothesis (Ho) that the process is in-control. If Ho is rejected when it is true, a 

typee I error has occurred. Thus, 

GWsedd = P(type I error ) = P(reject H 01H0 is true) ( 49 ) 

Too calculate the actual value of a, P. Nomikos & J.F. MacGregor [19] used equation 

499 to calculate the probability of an overall type I error. 

VV false warnings 
Actuall  = P(overall type I error ) = -*=*  ( 50 ) 
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Inn the present section the following procedure is used to calculate «actual. One batch is 

removedd from the NOC data set and a model is built on the remaining 7-1 batches. 

Controll  limits for the D-chart and ^PE-chart are derived from this model. Then the 

leftt out NOC batch is monitored. As this batch is from the NOC data, it is assumed 

too be in-control over the entire trajectory and, therefore, a crossing of a control limi t 

iss considered to be a false warning. The procedure is repeated for every NOC batch 

andd the total number of false warnings for the NOC data is calculated. This leave-one-

outt approach is used so as to maintain independence between the monitored batch 

andd the NOC model. 

4-2.4.22 Action Signal T im e (AST) and type I I  error 

Too asses the type II error, it is common in statistical process control to use average 

runn length (ARL) curves to study the efficiency of a control chart. However, such a 

rigorouss analysis requires a large amount of data or a theoretical treatment. Both 

alternativess are not feasible in batch monitoring approaches. Therefore, in this study 

thee Action Signal Time (AST) is used to evaluate the detection power of a method 

andd serves as an indication of the type II error. The AST is defined as the time 

betweenn the introduction of an error and the out-of-control signal, as can be seen in 

Figuree 44. The signal is said to be out-of-control only if at least three consecutive 

pointss are outside the control limit . The choice of the number of observations that 

definee an out-of-control signal is according to practice, when action is only 

undertakenn after some consecutive points have been out of control. In this study, 

differentt batch processes are studied. Each process has a different batch run length. 

Too compare the AST of the different processes, the relative AST is used. The relative 

ASTT (RAST) is the ratio between the AST and the total erroneous time trajectory 

(RT)) of the batch run. The ET is the time period starting from the introduction of a 

disturbancee until the end of the batch run (see Figure 44). Note that there are several 

possibilitiess of defining the RAST with each definition having pros and cons. In this 

evaluationn a choice is made to use the given definition of the RAST. 
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Figuree 44 
TheThe Action Signal Time (AST). 

Notee that there is distinction between an out-of-control signal, defined as three points 

abovee the control limit, and a warning, defined as one point above the control limit. 

Inn ordinary hypothesis testing there is a clear relationship between the type II 

errorr and the type I error: by choosing a lower a, the type I error decreases and the 

typee II error increases. Due to die distinction between an out-of-control signal and a 

warning,, such a direct relationship is not present anymore between the type I error 

andd the AST. There will remain a tendency, however, for the AST to become larger 

whenn choosing a lower a, which also decreases the type I error. 

4.2.4.33 Summary 

Thee emphasis of the comparison lies on the detection of erroneous batches. 

Therefore,, the AST is the most relevant index of the two. The overall type I error is 

mainlyy a tool for confirmation whether the control limits are at an acceptable level. If 

thee type I error is not satisfactory, the user can raise or lower the limits until an 

acceptablee level of a is reached. 
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4.2.55 DESCRIPTION OF THE DATA 

Inn order to evaluate the different approaches for on-line monitoring, the approaches 

aree applied to five data sets. Each data set has different specific features as wil l be 

explainedd in the following. The NOC data sets are used to compute the overall type I 

errorr and disturbed batches are used to compute the AST. The time of disturbance 

occurrencee and the dimensions of the three-way data array for the studied data sets 

aree given in Table 3. 

Tablee 3 

KK Disturbed batches Time of disturbance 
Dataa set 1 

Dataa set 2 
Dataa set 3 

Dataa set 4 

Dataa set 5 

50 0 

36 6 
46 6 

67 7 

27 7 

9 9 

10 0 
8 8 

15 5 

201 1 

200 0 

100 0 
116 6 

58 8 

271 1 

Batchh 106 
Batchh 99* 
Batchh 50 
Batchh 41 
Batchh 46 
Batchh 47 
Batchh 14 
Batchh 17 
Batchh 24 
Batchh 49 
Batchh T 

1 1 
100 0 
56 6 
58 8 
94 4 
94 4 
1 1 
1 1 
1 1 

46 6 
138 8 

DescriptionDescription of the investigated data sets and disturbed batches. 
**  exact time of disturbance is known. 

Thee times of introduction of the errors for the different processes are given in Table 

3.. Out-of-control signals before the fault occurred are ignored. For data sets 1 and 5 

priorr knowledge of the exact time of disturbance is available. For the remaining data 

setss the time of introduction of the error is obtained after a thorough data analysis, 

usingg process knowledge, and discussion with the process engineers. 

4.2.5.11 Data set 1 

Dataa set 1 consists of a simulated emulsion co-polymerisation of styrene-butadiene. 

Thiss process is well described in P. Nomikos & J.F. MacGregor [6]. This data set 

consistss of 50 NOC batches for which 9 process variables are measured during 200 

timetime intervals. The following process variables are measured: two flow-rates, four 

temperatures,, density, conversion and rate of energy release. Two disturbed batches 

aree available to calculate the AST. The first has an initial organic impurity 
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contaminationn in the butadiene feed. The second has a similar, but larger, 

contaminationn halfway the batch run. 

4.2.5.22 Data set 2 

Dataa set 2 is an industrial (Du Pont) two-stage polymerisation process with 36 

selectedd NOC batches for which 10 process variables are measured during 100 time 

intervals.. One disturbed batch is available to calculate the performance indices, which 

wass known to have a poor end-product quality. This data set is described in P. 

Nomikoss &J.F. MacGregor [19]. 

4.2.5.33 Data set 3 

Dataa set 3 consists of an industrial (DuPont) polymerisation in an autoclave with 47 

NOCC batch runs. This data set is also referred to by K.A. Kosanovich et al. [7]. The 

polymerr is produced through five stages during these stages the process is monitored 

byy 8 process variables (six temperatures and two pressures) during 116 time intervals. 

Priorr to model building, the raw data is linearly interpolated to align the NOC 

batches,, this is described in R. Boqué & A.K. Smilde [40]. Three disturbed batches are 

availablee to calculate the AST. A univariate analysis of batch 41 clearly shows 

disturbancess for two pressure and four temperature measurements halfway the batch 

run.. This is probably due to an upset in the first stage of the process. For batch 46 

andd batch 47, univariate analysis shows disturbances at the end of the batch run for 

onee pressure and five temperature measurements. 

4.2.5.44 Data set 4 

Thiss data set is from an industrial (Shell) suspension polymerisation of 

polyvinylchloridee (PVC) in a batch reactor. The data set consists of 67 batch runs 

obtainedd under NOC and 15 process variables were measured for a period of 58 time 

intervals.. The NOC batches are aligned using the conversion as a maturity variable. A 

moree detailed description is given by A.A. Tates et al. [2]. The process variables 

consistt of: eight temperatures, condenser duty, agitator speed and power supply, two 

masss streams of cooling water, batch reactor level and pressure. Three disturbed 

batchess are available to calculate the AST. Analysis of univariate plots of the process 

variabless is used to study the disturbed batches. Analysis of batch 17 shows that the 

temperaturee and the amount of refrigerant water to the jacket are disturbed at the end 
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off  the batch run. Batch 24 shows disturbances for the batch level and the power 

supplyy to the agitator. Batch 49 reveals disturbances for the temperature and amount 

off  cooling water, and a temperature disturbance within the reactor. 

4.2.5.55 Data set 5 

Dataa set 5 consists of a laborator)' spectroscopic batch process of a two-step bio-

chemicall  conversion reacdon described in S. Bijlsma et al. [66] and can be obtained 

fromm the Process Analysis & Chemometrics website of the University of Amsterdam. 

Thee data set consists of 27 NOC batch runs measured at wavelengths 300-500 nm 

duringg 271 time intervals. One batch run with a pH disturbance at time interval 138 is 

availablee to compute the AST. 

4.2.66 RESULTS AND DISCUSSION 

Priorr to analysis, the number of principal components for each method is determined 

usingg cross validation (S. Wold [67]). I t is found that a three-component model is 

enoughh to explain common-cause variation for all approaches and also for all data 

sets.. This is in agreement with the number chosen by the authors for data sets 1 and 

5. . 

4.2.6.11 AST 

Thee results for the average AST for the control charts with a 95% confidence limit are 

givenn in Fig. 6. These results were obtained as follows. First, each of the disturbed 

batchess (see Table 1) is monitored using the SPE-chzn and the D-chart for each 

approach.. This results in 2 AST values for each disturbed batch and 20 AST values 

forr each approach. Although the fault could appear first either in me SPE-chart or in 

thee D-chart, from a practical point of view the control chart, which gives the shortest 

AST,, is of interest. Therefore using the shortest AST of the two charts wil l result in 

100 AST values (one for each disturbed batch) for each approach. As stated earlier, the 

relativee AST is used for comparing the AST of different processes. To obtain an 

overalll  picture of the RAST, the RAST is averaged out over the data sets for each 

monitoringg approach. A similar procedure is followed for the control charts with 99% 

confidencee limits. 
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Figuree 45 
TheThe average RAST found for 95 % confidence limits. 

Inn Figure 45, the results are divided in three groups. The first group is formed by the 

missingg data approach and the RMW approach (d — 0.3), for which die shortest 

averagee AST is seen. For data sets 1 and 2, P. Nomikos & J.F. MacGregor [19] also 

reportedd a superior performance for the missing data approach in terms of AST. As 

describedd earlier, however, for the first 10% of the batch run, the D-chart for the 

missingg data approach is not found to be useful as not enough data is available to 

obtainn a reliable score t and, hence, a reliable D. This leads to many false warnings in 

thee beginning of the batch run. There are three batches with a disturbance 

immediatelyy from the beginning. As will become apparent in the next section, both 

thee missing data and the RMW (d = 0.3) approaches give high overall type I errors 

andd so although a fault seems to be detected quickly by the D-chart, this could be due 

too the shortcomings of these approaches. 

Thee second group is formed by the NM current deviations and NM zero 

approach.. The third group is formed by the WKFH and RMW id - 1). Both groups 

aree generally found to perform well with a small difference in the AST. From Figure 

455 can be seen that the third group has a slightly larger AST. 

WKFH H 

RfcfW>!I=1 1 

i& 'O O 

c**se*yy tieuaftctts 

m*99 SMKJ dafla 
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AA similar pattern to that seen in Figure 45 is found for the control charts with 

99%% confidence limits and the results are not given here. The differences between the 

averagee AST for the 95% and 99% limits are small. This implies that the test statistic 

crossess both the 95% and 99%) confidence limi t at the moment of detection. 

Therefore,, the detection of a fault is not very sensitive to the exact confidence limi t as 

longg as reasonable values for these limits are chosen. 

Notee that using the NM approach, faults are generally detected in the SPE-

chart.. Only if the disturbance occurred at the beginning of a batch, then the D-chart 

sometimess signals faster than the SPE-cha.rt. Contrary, in the WKFH approach most 

off  the faults are detected in the D-chart. This is due to the different construction of 

thee models. 

4.2.6.22 Overall type I error 

Inn general, it is expected that Actual is slightly higher than apposed for the SPE. This is 

becausee the SPE limits are approximated from the NOC residuals and it is assumed 

thatt the residuals from a new batch come from the same population. In fact, the 

residualss from a new batch will generally be slightly higher than the NOC residuals 

sincee the N OC data is modelled in a least-squares way in which the residuals are 

minimised.. This is reflected in the overall type I error. The D-statistic is approximated 

byy a F-distribution, which takes into account the fact that the new batch is 

independentt from the NOC data (N.D. Tracy et al. [14]). 

Thee actual values for the overall type I error for the SPE using 95% 

confidencee limits are given in Figure 46. 
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Figuree 46 
ResultsResults for the overall type I error for the SPE95. 

Thee solid line represents the value for aimposed. Comments on Figure 46 are as follows: 

•• It is clear that the value for «actual is indeed slightly higher than aimposed. This is also 

inn agreement with the results found by P. Nomikos & J.F. MacGregor [19]. It 

seemss to be a general conclusion for these approaches, the data sets used being 

dissimilarr in nature. 

•• The RMW approach (d = 0.3 and d - 1) has the highest value for «actual for all data 

sets.. For this approach, where local models at each time interval k are used, the 

NOCC data is modelled relatively well and the NOC residuals are correspondingly 

low.. Thus, the difference between the NOC residuals and those for a new batch 

aree higher than for other approaches. 

•• The patterns obtained using 99% confidence limits for the SPE lead to the same 

conclusionss as when 95% limits were used. 
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Figuree 47 
ResultsResults for the overall type I error for the D95. 

Thee results for the overall type I error for the D-statistic using 95% confidence limits 

aree given in Figure 47. Comments on Figure 47 are as follows: 

•• The spectral data set (data set 5) gives different results from the engineering data 

sets. . 

•• The flactuai values of the RMW approach with d — 0.3 are far too high. The low 

valuee for the adaptive parameter d implies that a relatively high importance is 

givenn to the process history for that batch. This may mean that a false warning, 

suchh as a spike in the data, can continue to influence the D-chart over a length of 

timee and, dierefore, high values for the overall type I error are seen. The 

weightingg parameter d can be tuned in such a way that a,mposed equals aacmai, which 

mayy provide a method for determining the correct value to use for d. 
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•• The WKFH approach and the RMW approach with d — \ give reasonable values 

f o rr «actual-

•• In general, the filling-in approaches, NM current deviations and NM zero 

approachh have values for «actual, which are too low. 

•• The results found for the missing data approach must be interpreted widi care. It 

hass already been mentioned that the D-chart at the beginning of the batch is 

unreliable,, resulting in too many false warnings and, therefore, a high overall type 

II error. 

•• The patterns obtained using 99% confidence limits for the D-statistic lead to the 

samee conclusions as when 95% limits were used. 

4.2.77 CONCLUSIONS AND RECOMMENDATIONS 
Inn this section an evaluation is made of five different approaches for monitoring 

batchh processes. The theory behind each approach is explained together with the 

specificc features. The most important distinction between the approaches is the way 

inn which die correlation structures in the data, both between process variables and in 

time,time, are modelled, sometimes leading to a need to assume the future behaviour of a 

neww batch during on-line monitoring. To evaluate the different approaches, 

performancee indices were used and applied to five different data sets. Some 

recommendationss on using the methods are given as follows: 

•• The results of the evaluation presented here suggested that the NM current 

deviations,, NM zero- and the WKF approach on average give the lowest reliable 

AST. . 

•• The control charts for the NM missing data approach are found to be particularly 

unreliablee at the start of the batch and should, perhaps, be ignored until data from 

enoughh time points is available. 

•• The method presented in this study for estimating the overall type I error could 

bee used in practice to correctly set the confidence limits depending upon the 

monitoringg approach being used. This also provides a method for determining the 

correctt value to use for the adaptive parameter d in the RMW approach, i.e. d can 

bee tuned in such a way that apposed equals «actual-

•• The detection of a fault in the control charts is not very sensitive to the exact 

confidencee limit as long as reasonable values for these limits are chosen. 
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4.33 Fault detection properties of global, 

locall  and time evolving models for  batch 

processs monitoring * 

4.3.11 SUMMARY 

Thiss chapter treats the fault detection capabilities of alternative methods for batch 

processs monitoring. Two new methods are investigated and compared to an existing 

onee (the benchmark). A description of the models is given and the performance is 

discussedd by means of fault detection performance indices. The performance indices 

usedd are the overall type I error and the action signal time. In order to evaluate the 

performancee of the models in terms of the overall type I error and action signal time, 

sixx different batch process data sets have been used. The data set comprises four 

industriall  data sets, one simulated data set and a laboratory spectral data set. 

4.3.22 INTRODUCTION 

Batchh processes are very important in chemical, food and pharmaceutical industry. 

Thee flexibilit y of batch plants makes them interesting for the manufacturing of a large 

varietyy of products. In order to accomplish a consistent product quality, batch 

processess are recipe driven. This requires a high demand on the information 

technologyy systems used in batch plants. These technology systems are coupled to 

databasess containing e.g. historical data about previous batch runs like temperatures, 

pressuress etc. This historical data can be evaluated to give better insight process 

information. . 

Thee batch reactor itself is usually equipped with various sensors to measure 

processs variables like temperatures, pressures or agitator speed. If this batch is known 

too have produced an on-spec product, the variation of fhese process variables during 

thee batch run might be considered as allowable. Multivariate statistical methods can be 

usedd to capture the variation of this reference distribution for all successful batches. 

*HJR*HJR in: H-J. Ramaker, E.N.M, van Sprang J A. Westerhuis and A.K. Smilde, Fault detection properties of global, local and time 

evolvingevolving models for batch process monitoring, submitted. 
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Thenn the variation of the process variables for completely new batches is compared to 

thee reference distribution to see if the batch is in-control. 

Thee introduction of multivariate statistical process control applied to batch 

processess was done by J.F. MacGregor & P. Nomikos [22]. Their concepts have been 

evaluatedd (E.N.M. Van Sprang et al. [41]) and extended using different models (S. 

Woldd et al. [53], S. Rannar et al. [31], DJ . Louwerse & A.K. Smilde [38], R. Boqué & 

A.K.. Smilde [40]). Different commercial software packages based on these methods 

aree developed. A drawback of the approach described by Nomikos and MacGregor is 

thatt the future behaviour of a new batch must be estimated using a filling-in 

approach. . 

Inn this chapter, two new types of models for batch process monitoring are 

introduced:: local models and time evolving models. P. Nomikos & J.F. MacGregor [6] 

alreadyy suggested to use the time evolving model as 'the most valid method' to 

overcomee the filling-in requirement. There is no need to estimate the future behaviour 

off a new batch for both these models. The performance of the evolving and local 

modell is tested and compared to one of the most commonly used global models. Six 

differentt datasets are used for this purpose. Section 4.3.3 explains the concepts of 

statisticall batch monitoring using global, evolving and local models. The explanation 

off the performance indices used in this study is given in Section 4.3.4. A brief 

overvieww of the datasets used to test the different models is presented in the Section 

4.3.5.. The outcome of the performance indices after applying the models to the 

differentt datasets is presented in Section 4.3.6. Section 4.3.6.3 shows an example of a 

wrongg batch that is monitored using all three models. Then, in Section 4.3.7 

conclusionss are drawn. 

4.3.33 STATISTICAL BATCH PROCESS MONITORING 
Thee following notation is used: the number of batches is denoted by / = 1, I. The 

numberr of measured process variables is given byj = 1,....J and the number of time 

intervalss is denoted by k — 1, ,K. For a single batch run, the measurements o f / 

processs variables over K time intervals are stored in the matrix X ; (JxK). Matrices are 

denotedd as uppercase bold characters. Several batch runs can be stacked in a three-

wayy data array X (IxJxK) denoted as an uppercase underlined bold character. The 

batchess J form the first mode of X , the process variables J the second mode and the 
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timetime intervals K the third mode. The matrix denoted as X^ (/x/) represents a frontal 

slabb of X . 

Priorr to model building, X should contain batches that are known to have 

producedd an on-spec product under normal operating conditions (NOC). The choice 

whetherr a batch is NOC is not straightforward but should be supported by a 

combinationn of expert knowledge from process operators and statistical founding by 

thee model builder. It has important consequences once the data is assigned as NOC. 

I ff  so, X represent batches that are by definition statistically in-control and statistical 

parameterss are estimated based on these NOC batches. Besides NOC selection, the 

dataa in X needs to be properly pre-processed. Centring across the batch mode is 

appliedd to remove the non-linear behaviour of the trajectories in die data (P. Nomikos 

&&  J.F. MacGregor [6]). As a result, centring leads to modes describing deviations from 

aa nominal trajectory. Process variables are often measured in different units. To give 

eachh process variable an equal importance, the data is scaled to e.g. unit standard 

deviation.. Here, the data-array X is slab-scaled (H.A.L. Kiers [49]), but other types of 

scalingg exist. In the following, it is assumed that X is properly scaled, centred and 

representss NOC data. 

43-3.11 Modellin g 

Thee following section describes the three different methods for on-line statistical 

batchh process monitoring, The first method is based on global models with filling-i n 

off  current deviations. This is a commonly used method and has been well described in 

literaturee (P. Nomikos & J.F. MacGregor [6], E.N.M. Van Sprang et al. [41]). The 

otherr types of methods, based on local and time evolving models are new and will be 

introducedd in this chapter. 

4.3.3.14.3.3.1 J Global model 

First,, the properly scaled data-array X is matricized in the batch direction resulting in 

thee matrix X (IXJK) where the second mode of X is nested within the third mode. 

Thee two dots on top of X refer to the current deviations approach. A PCA is 

performedd on X to calculate the loadings P (JKxR), scores T (IxR) and residuals 

ËË (IxJK). This is illustrated in Figure 48. 
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Figuree 48 

ConstructionConstruction of X for the global model. 

Thee next step is to construct a matrix X^ (IXJK) at every time interval k. This is 

illustratedd in Figure 49: 
7K K 
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T,, X,P 
fej-Xj-tjP fej-Xj-tjP 

i,, Px 

e,, a V  P I , 

'v, , 

t ,, - X.P 
i c ^ x . - t P P 

t,, - p 1, 

t ,, « S, - Pt, 

X,=[X,, X, X, X,] 

JK K 

X22 - [X, X2 X2 X2 J 

./A" " 

X33 - [X, X2 X3 X3J 

JK JK 

x44 = [x, x2 x3 x 4] 

Figuree 49 

ConstructionConstruction ofKt for the global model to calculate the scores and residuals. 
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I tt can be seen that the frontal slabs of X form the matrix X^ . The part of X^ until 

timee interval k ( X ^ ) consists of X, ....X4 , while the remaining part (X!
k'

Jk:JK) is filled 

withh the frontal slab X^ . Then, the matrix X^ is projected on the loadings P to find 

thee scores Tk (ixR) and residuals Ek (IxJK). These scores and residuals form the 

referencee distributions for the test statistics D and SPE. 

Too derive these test statistics for a new independent batch x , at every time 

intervall  k a vector x^ (JKx\) is constructed in the same manner as X^ . This vector is 

projectedd on the loadings P to find the scores t̂  (Rxl) and residuals ë̂  (JKxl) as 

cann be seen from Figure 49. The calculation of the SPE and D-statistic is found in the 

firstt column of 

Tablee 4 as well as an overview of the notation used for the current deviations 

approach. . 

Tablee 4 

Globall  Evolving Local 

NOCC data 

Dataa (X) 

Loadingss (P) 

Scoress (T) 

Residualss (E) 

Covariance e 
matrixx (S) 

Neww batch 

Dataa (x) 

Scoress (t) 

Residualss (e) 

SPIW*? ? 

D~F(RJ-R) D~F(RJ-R) 

X,, (IXJK) 

PP QKxR) 

T,(IXR) ) 

E,(IxjK ) ) 

SA=t,fA(RxR) ) 

x,, QKxl) 

hh (Rxi) 

ë,, QKxl) 

efër r 
I(I-R)I(I-R) ... 

•• t S t 
R(/2- I )) * *  k 

K K 

n n 
R\ R\ 

xxtt axjk) 
P,, QkxR) 

T,(IxR) ) 

É,(IxJk) ) 

== T;f,(RxR) 

xxtt (Jkxl) 

ll tt (Rxl) 

KK Qkxl) 
-if--if-  cp 

I-R)I-R) _,- ,_ 
tt S t 

ff  j2 . \ * * * 

s, , 

X,, (ixj) 

P.öxR) ) 
TA(IXR) ) 

E,(lxj) ) 

== T,T,(RxR) 

*** Qxl) 

t** (Rxl) 

ê** öxl) 
èlê, , 

;; • t S t 
j2j2 j \ l* 0* l* 

OverviewOverview of the used notation for the different models. 

112--



Chapterr 4 • Black models 

Thee abbreviation 'cp' refers to the current part of a vector (or matrix) indicated by 

R,(jkR,(jk — J + l ) : Jk. That is, only the part corresponding to the ƒ process variables 

measuredd at time interval k are of interest. This notation is read as follows. Suppose a 

matricizedd matrix has 5 rows and 200 columns. The process variables (ƒ = 10) are 

nestedd within the time mode (K — 20) as a result of matricizing. Suppose only the 

measurementss at time k — 3 are of interest. In other words only die columns 21 until 

300 are of interest. This is denoted as 5, 21 :30 . 

Thee JPE-stadstic follows approximately a weighted chi-square distribution 

(G.E.P.. Box [23],J.E.Jackson & G.S. Mudholkar [24]) while the D-statdstic follows an 

F-distributionn (N.D. Tracy et al. [14]). 

4.3.3.1.24.3.3.1.2 Time evolving model 

Itt was shown for the current deviations approach that the 'future' part of the data is 

assumedd to behave according to the current measurement of the process variables. 

Thiss may be considered as a drawback and can be avoided by using a time evolving 

model.. For a time evolving model, a matrix X^ (Ixjfy is constructed from the k 

frontall slabs of X . This is illustrated in Figure 50: 

.Jk .Jk 

X . = X i i 

t,t, m Pj'ij 

Jk Jk 

t t 

1 1 x, , 

> > 
<, <, 

* 4 4 

'3 3 

71 1 
K K 

x2=[x,, x2] J-> J-> 

Jk Jk 

X X [X,, x2 x3] 

hh  p,>. 

Jk Jk 

X44 - [X, X2 X3 X4 J 

Figuree 50 

ConstructionConstruction of X^ for the evolving model. 
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Thee reversed arc on top of X^ refers to the time evolving modelling approach. It can 

bee seen that Xk is the matricized part of X until time interval k. Obviously, the size 

off  X^, increases with time. Another difference with the current deviations approach is 

thatt for every X^, a PCA model is built. This gives K different model loadings 

P̂ ^ (JkxR) as can be seen from Figure 50. The computational power of modern 

computerss is no impeding anymore to build these models. The reference distributions 

forr the test statistics are formed by T^ (TxR) and E^ (Ixjk). 

Thee scores t̂  (Rxl) and residuals ek (//èxl) for a new batch are 

foundd by projecting x^ (JkX\) on the corresponding loadings. xk is a vector that 

containss the measured process variables until time interval k. The second column of 

Tablee 4 gives an overview of the notation used and calculation of the test statistics for 

thee time evolving modelling approach. 

4.3.3.1.34.3.3.1.3 Local model 

Locall  models are built for each frontal slab of X . Therefore, the data matrix X, (Ixj) 

equalss the /è-th frontal slab of X . The arc on top of X^ refers to the local modelling 

approach.. The construction of X^ is depicted in Figure 51: 
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Figuree 51 

ConstructionConstruction ofXk for the local model. 
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Forr each data matrix X^ a PCA model is built that gives the scores T^ (IxR) and 

residualss EA (/><ƒ). This way of building models may be considered as straightforward 

andd simple while no filling in of the future part of a new batch is required. 

Thee measurement of the process variables at a certain time interval forms the 

vectorr x^ (/xl)- This vector is projected onto the model loadings PA to find the 

scoress tk (KXl) and residuals ek(jx\). The third column 

Tablee 4 of gives an overview of the used notation for the local modelling 

approach. . 

4.3.44 PERFORMANCE INDICES 
Inn this chapter two new models are compared to a well established method. In order 

too qualify each method, two performance indices are used: the overall type I error and 

thee action signal time (AST). The following gives a description of these two 

performancee indices. 

4.3.4.11 Overall type I error 

Inn this Chapter (4.3) the control charts for monitoring the SPE and D-statistic are set 

withh an imposed confidence level of 5%, that is 0ii d - 0.05. As stated before, an 

NOCC batch is by definition statistically in-control. Therefore, the overall null 

hypothesiss H0 is formulated as follows: H 0 is true if an NOC batch is in-control 

duringg the entire batch run. If this is not true, the null hypothesis is rejected and an 

overalll type I error has occurred. Such a batch is said to generate a false alarm. 

Itt is taken into account that approximately 5% of all the batches will generate 

aa type I error. In order to set the limits for the control charts, approximations have to 

bee made. That is, the scores are assumed to be normally distributed. This is 

approximatelyy true because of the central limit theorem. Also, the squared residuals 

aree approximately X distributed with an estimated degree of freedoms. The quality 

off these approximations might differ between die models. Therefore, it is useful to 

checkk the validity of these approximations by checking whether the value of Oit d is 

closee to the actual value of Of (Ctactuaj). 

Thiss procedure is accomplished by separately monitoring the NOC batches 

andd checking if indeed 5% of the NOC batches generate a false alarm. Let the 
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indicatorr variable Tt be one if a NOC batch has generated a false alarm and zero 

otherwise.. Then the value of (XddUül is calculated as follows: 

TtTt ' ( 51 ) 
OCOC = — 

I ff  the value of ö,
jr/W ~ 0(Id , it can be concluded the limits are quite good. This 

conclusionn can be drawn sharper if the number of batches is considerably large. 

Therefore,, as many batches as possible should be tested in order to obtain reliable 

results.. In this six different datasets are used with a total of 273 batches. The outcome 

off  the overall type I error per dataset varies significantly. For small data sets the 

standardd deviation of the overall type I error can be considerable . A global 

averagee of all datasets with a smaller standard deviation can be obtained by 

performingg a meta-analysis. 

Thee validity of the overall H0 is sequentially tested at ever)' time interval k. 

Thiss makes it the problem of a composite H0 . That is, because there is a possibility of 

5%% that an NOC batch generates a false alarm at every time interval, the probability 

off  rejecting the overall H0 is high. This is a well known problem and can be 

overcomee by adjusting the value of 0Ct fc/ according to the Bonferroni adjustment 

(G.W.. Snedecor & G.C. Cochran [68]): 

< w = ^^  ( 52 ) 

Thee price that must be paid for this adjustment of the control limi t is that die limi t 

becomess more conservative. 

Itt should be mentioned that the overall type I error is a useful tool to see 

whetherr caution is needed in a particular case. Often the actual overall type I error is 

largerr than the imposed one. In practice, limits are often simply adjusted to obtain an 

acceptablee value in cases where the overall type I error is too high. 
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4.3.4.22 Action signal tim e (AST) 

Thee second performance index used in this is die action signal time (AST). The AST 

iss related to the detection of a process fault. Preferably the AST is as short as possible 

andd diis can be related to the type of model used for batch process monitoring. The 

ASTT is defined as the time elapsed between the introduction of a process fault and the 

actionn signal above limits in the control chart. Here, the action signal is taken as three 

consecutivee points lying outside the confidence limit. The actual choice of the action 

signall is taken from a practical point of view. In a real process it is unlikely that the 

processs operator will take immediate action when a control chart gives one signal. 

Whenn comparing AST results for different datasets, there is the problem that 

eachh dataset has a different number of time points. Hence comparing absolute AST 

valuess over datasets is not meaningful. In order to make a meta-analysis possible a 

relativee AST (RAST) is calculated as the percentage of the total batch time K. For the 

differentt datasets used in this study, a total number of 13 faulty batches are available 

too test the detection ability of the various modelling types. For the same reasons as 

explainedd for the OT1 error, a global average of the RAST over all thirteen batches is 

taken.. This is necessary for a sensible comparison between the RAST for the different 

models. . 

4.3.55 MODEL VALIDATION DATA 
Sixx different types of datasets including NOC and faulty batches have been used to 

calculatee the OT1 error and AST. These datasets have been described in earlier work 

(E.N.M.. Van Sprang et al. [41]). Other references for a further detailed description of 

thesee datasets are given in the description of the datasets. This secdon briefly 

describess the most characteristic features of the datasets. An overview of the size of 

XX for the datasets is given in Table 5 as well as the occurrence of a disturbance in 

casee of the available faulty batches. 
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Tablee 5 

Dataa set (IxJxK) Disturbed batches Fault start 

Dataa set 1 ( 6 7 x 1 5 x 5 8) Batch 14 1 

Dataa set 2 (27 X 67 X 271) Batch 2 138 

Dataa set 3 (47 x 3 x 100) Wrong batch 1 1 

Batchh 14 
Batchh 17 
Batchh 24 
Batchh 49 

Batchh 2 

Wrongg batch 1 
Wrongg batch 2 

Batchh 106 
Batchh 99 

Batchh 41 
Batchh 46 
Batchh 47 

Batchh 50 

1 1 
6 6 

46 6 

1 1 

Dataa set 4 (50 x 9 x 200) Batch 106 1 
100 0 

Dataa set 5 (47 X 8 x 116) Batch 41 58 
94 4 
94 4 

Dataa set 6 (36 x 10 x 100) Batch 50 56 

DescriptionDescription of the data sets and disturbed batches. 

43.5.11 Dataset 1 

Thiss dataset comprises 67 batches from a former industrial PVC process of Shell. 

Fifteenn process variables were measured being mainly temperatures and pressures 

withinn die reactor and cooling system of the reactor. Three faulty batches are used for 

thee AST. A more detailed description of this process can be found in A. A. Tates et al. 

[2]. . 

4.3.5.22 Dataset 2 

Thiss data set is characterised by the spectroscopic measurements at 271 wavelengms 

off  a two step laboratory bio-reaction. One faulty batch with a pH-disturbance is used 

forr the AST. A detailed description of this reaction is given in S. Bijlsma et al. [66]. 

4.3.5.33 Dataset 3 

Thiss process describes the fat hardening process in a industrial batch reactor of 

Loderss Croklaan (the Netherlands). Only three process variables are measured: the H2 

floww and temperature and pressure in the reactor. Two faulty batches are used widi 

initiall  problems: the end-product quality of these batches was unsatisfying. More 

informationn can be found in A.K. Smilde & H.A.L. Kiers [39]. 
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4.3.5.44 Dataset 4 

Thiss dataset is used in the pioneering work of P. Nomikos & J.F. MacGregor [6] and 

iss a simulated styrene-butadiene polymerization process. Two faulty batches were 

simulatedd both with impurities of the feed. 

4.3.5.55 Dataset 5 

Thiss dataset is an industrial multi-staged polymerization of a polymer product by 

DuPontt (K.A. Kosanovich et al. [7]). Three batches with a process upset are available 

too calculate the AST. 

4.3.5.66 Dataset 6 

Datasett 6 is an industrial two-staged process from DuPont (P. Nomikos & J.F. 

MacGregorr [19]). One faulty batch that is known to have poor end-product quality is 

availablee to calculate the AST. 

4.3.66 RESULTS 
Thiss section discusses the outcomes of the performance indices for the three models 

describedd before. Also, a short evaluation is given about die chosen number of 

principall components as well of the amount of explained variation for each model. 

4.3.6.11 Modellin g 

Forr every model, the chosen number of principal components (PC) for each dataset is 

givenn in Table 6: 
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Tablee 6 

Datasett 1 
Datasett 3 
Datasett 4 
Datasett 5 
Datasett 6 
Average e 

Datasett 2 

E: : 

f f 

1 1 

k k 

Global l 
tplainedd variance 

(xl00%) ) 

II  IK 

ÉÉ t(K 
,=11 j=\ 

6 1% % 
75% % 
26% % 
4 1% % 
56% % 
52% % 

99% % 

f f 
) ) 

R R 

3 3 
2 2 
3 3 
3 3 
3 3 

3 3 

[•;> > 

k k 

Evolving g 
:plainedd variance 

(xl00%) ) 

67% % 
86% % 
30% % 
53% % 
64% % 
60% % 

99% % 

R R 

2 2 
2 2 
2 2 
2 2 
2 2 

2 2 

Local l 
3xplainedd variance 

f f 

1 1 

k k 

(xl00%) ) 

II I(Ê,,)2 
(=11 y=l 

ii  iiKf 

56% % 
68% % 
39% % 
60% % 
54% % 
55% % 

98% % 

OverviewOverview of the amount of explained variance and number of principal components for each model. 

I tt can be seen from this table that for the global model a number of 3 components is 

chosenn for all datasets except for dataset 3 where 2 components are chosen. This 

numberr of components described a sufficient part of the variation and this number of 

componentss resulted from cross validation methods (S. Wold [67]). The amount of 

explainedd variation at each time interval for dataset 1 is represented in Figure 52: 

Figuree 52 
AmountAmount of explained variance for dataset 1. 
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Thee calculation of the amount of explained variation at every time interval is given by 

thee equation in the first column of Table 6. It can be seen from Figure 52 that the 

explainedd variation is varying over rime. The changes in the curve are caused by the 

startt or ending of a different phase of the process. Apparendy some phases in the 

processs can be better described than others. The average amount of explained 

variationn over time for dataset 1 can be found in the first column of Table 6 and is 

61%.. Such numbers are also calculated for the other datasets 3,4,5 and 6 resulting in 

ann average of 52% as denoted in Table 6. The variation within some datasets is better 

explainedd than in others due to the differences in background of the datasets. The 

averagee amount of explained variation for dataset 2 is considerably higher compared 

too the other datasets. This is typical for spectroscopic data. This dataset was not 

consideredd in the calculation of the average over time and all datasets. 

Forr the evolving model two principal components were chosen to describe 

thee data. It requires an extensive analysis to decide on the number of principal 

componentss for each time interval k and this may be considered as a serious 

drawbackk of the evolving model. Because it is not the goal to perform this analysis, 

twoo principal components are chosen for all datasets. Figure 52 gives an impression of 

thee amount of explained variation over time for data set 1 using an evolving model. 

Thee equation to calculate this number is given in the fourth column of Table 6. 

Progressingg over time, the amount of explained variation steadily decreases. This can 

bee understood from the following. At every time interval new variation is added to the 

process.. In the beginning two components are still enough to capture the variation, 

butt by introducing more and more new events, the two components become less 

capablee of fitting the data. Yet, the average explained variation over time and datasets 

1,3,4,55 and 6 is 60%, which is sufficiendy enough. This number is higher than for the 

globall model (52%). For the same reasons as described before, the amount of 

explainedd variation is almost 100% for dataset 2. 

Forr the local model one principal component was chosen to describe the 

datasets.. As for the evolving models an extensive analysis is required to decide on the 

numberr of principal components for each time interval. Without going into detail, 

theree is a clear indication that taking more than one component results in over fitting 

thee data. This will be the subject of a follow-up. Again, the amount of explained 

variationn over time for dataset 1 is given in Figure 25. As for the global model, the 

amountt of explained variation fluctuates over time. The shape of both curves for the 
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locall  and global model is quite similar. The average amount of explained variation 

overr time and dataset 1,3,4,5 and 6 is 55%. This is remarkably high for just one 

principall  component. Apparently the underlying phenomena present locally at each 

timee interval can be well described by only one component. This makes the local 

modell  highly adaptive to changes within the process. Also for a local model the 

explainedd variation for dataset 2 is almost 100%. Due to the set-up of the simulated 

datasett 4, the amount of explained variation is low compared to the other datasets. 

Thiss is not only true for the local model but also for the evolving and global model. 

Thee representative ness of this simulated dataset can, therefore, be questioned. 

4.3.6.22 Overall type I error  and RAST 

Thee results found for the OT1 error and RAST for both the SPE and D-chart arc 

presentedd in Table 7 and 

Tablee 8. 

Tablee 7 

OT11 SPE D 

Evolvingg (2 pc's) 5% 11% 
Globall  (3 pc's) 6% 3% 
Locall  (1 pc) 7% 9% 

OverallOverall type I error for the various models (average over all datasets). 

Tablee 8 

RASTT SPE D SPE or  D 

Evolvingg (2 pc's) 39% 93% 36% 
Globall  (3 pc's) 49% 69% 48% 
Locall  (1 pc) 58% 82% 53% 

KASTKAST of the various models. 

Thee actual OT1 error for the global model is reasonable for the SPE-cha.it (6%) and 

D-chartt (3%). The same is true for the actual OT1 error of the J"Pr>chart (7%) for the 

locall  model, although the D-chart (9%) gives a slighdy too high OT1 error. This is 

mainlyy due to the contribution of dataset 4, which is the simulated dataset. For the 

evolvingg model, the JPH-chart gives a satisfying outcome for die OT1 error (5%) 

whereass the OT1 error for the D-chart is slightly too high (11%) although not 
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disturbingly.. Because the OT1 error for the models is more or less in the same range, 

itt is possible to compare the outcomes of the RAST. 

Forr a fixed alpha, the RAST not only depends on the type of model used but 

alsoo on the degrees of freedom associated with the hypothesis test performed. That is, 

iff a.t d is fixed then the RAST depends on the degrees of freedom that are 

estimatedd at every time interval for the chi-square distribution for the SPE. The 

residualss calculated for a global model are based on more data than for e.g. the local 

model,, therefore the degrees of freedom might be different. A study showed that die 

differencess in the estimated degrees of freedom for the different models for the chi-

squaree distribution were very small by comparing the ^-values (more variation over 

timetime than over methods). This result supports the idea that the RAST really shows the 

differencess between the models. 

Thee evolving model gives the fastest RAST for the SPE-chart. On the 

averagee it takes 39% of the batch time to detect a fault using this model. Together 

withh the good results for the OT1 error, the SPE-chatt works fine for the evolving 

model.. The RAST for the D-chart is high for all models. For the evolving model it 

evenn takes 93% of the batch time to detect a fault. It can be concluded from the 

resultss for the RAST error that most faults are detected in the i"PE-chart. This result 

willl be thoroughly discussed in Part II of this series. 

Thee column 'SPE' and 'D ' in 

Tablee 8 indicate how fast a fault is detected in the 'SPE' or 'D ' chart. Another 

aspectt is 'how fast is a faulty batch signalled' in general? This is irrespective of 

whetherr it is detected in the SPE or D-chart, since only the signalling itself is 

importantt for detection, not the particular chart in which this occurs. The last column 

of f 

Tablee 8 gives the answer to this question: irrespective of the type of chart, 

whatt is the RAST of the model, averaged over the faulty batches. Then it is clear that 

thee evolving model detects the fastest (36%), followed by the global (48%) and local 

modell (53%). Another aspect is, of course, fault diagnosis that might be easier in the 

SPE-ch&nSPE-ch&n than the D-chart. These aspects are covered in Chapter 0. 

4.3.6.33 Example of a faulty batch 

Inn this section an example is shown of a batch that is monitored using all three 

models.. For this purpose, batch 24 (see Table 5) is chosen from the first dataset. This 
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batchh contains a process fault at time interval six where the temperature in the top of 

thee condensor is too high. A univariate plot of this process variable is given in Figure 

53: : 
Gass temperature at top condensor I n t h l s figure t he s o l id 

liness represent the 30 

controll  limits and the 

dottedd line the average 

..••._... . value of the condensor 

'' • •. . temperature for all 

batches.. The limits 

reveall that there is a lot 

(—— of variation in this 

temperaturee signal 

aroundd time interval 9 

—— 15, but for this 

particularr batch this 

Tlinee variation starts earlier 
Figuree 53 t h a n n o r m a l Around 

UnivariateUnivariate chart of the temperature in the top of the condenser. 

timee interval 9, the 

temperaturee is corrected and behaves normal again. The control charts for the global, 

evolvingg and local model are given in respectively Figure 54, Figure 55 and Figure 56. 

'j 'j 

B B 

C-C-
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Tim ee [data points] 

Tim ee [data points] 

Figuree 54 
MonitoringMonitoring a wrong batch in the SPE and D-chzttfor the global model. 
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Figuree 55 
MonitoringMonitoring a wrong batch in the SPE and D-chartfor the evolving model. 
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Figuree 56 
MonitoringMonitoring a wrong batch in the SPE and D-chart for the local model. 

Thee upper graph of these figures represents the iPE-chart and the lower graph the D-

chart.. The dotted lines represent the 95% confidence limits and the solid lines the 

99%% confidence limits. The value of the D-limits is different for the three models. 

Thiss is because these limits are based on the number of principal components that are 

differentt for each model. The action signal for this fault is generated in the JPE-chart 

withh the same RAST for all three models. Notice that false warnings are generated by 

thee D-chart for the global model at time interval four and five. 

Thee iPE-limits for the different models reflect more or less the amount of 

explainedd variation. If this amount of explained variation is high, the limits for the 

SPE-ch&ttSPE-ch&tt are low. Considering the value of the limits of middle part of the SPE-

chartss for all models, the data can be well described. The end of the batch is more 

difficul tt to describe considering the increasing limits for all three limits. This is also 

reflectedd in the amount of explained variation. The beginning of the batch is well 

describedd by the local and evolving model where the global model seem to have 

troublee describing the first part of the data. All three models have difficulties 

describingg the data around time interval 10. 
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4.3.77 CONCLUSIONS 
Thee performance of three different models for batch process monitoring has been 

evaluatedd using two performance indices: the overall type I error and the relative 

actionn signal time. The results were obtained using six different datasets. The evolving 

andd local model needs no filling in procedure where the global model does. The 

followingg conclusions can be drawn: 

•• The OT1 error and the RAST for the evolving model and local model give 

satisfyingg results. For this reason these models offer good and simple alternatives 

too the well established global model using current deviations. 

•• Most faults are first detected in the iPE-chart by all three models. The reason for 

thiss is discussed in Part II of this. 

•• The evolving model gives the fastest detection of a fault and this is an advantage 

comparedd to the other models. A fine-tuning can be made by carefully selecting 

thee number of components for each time interval. This can also be considered as 

aa drawback. However, with a relatively straightforward way of selecting the 

numberr of components, the evolving model performs well. 

•• The use of a local model can be considered as easy and straightforward. For the 

samee reasons as for the evolving model, a fine-tuning can be made to select on 

thee number of components. This might further improve the results found for the 

locall model. 
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4.44 Batch Process Monitorin g Using On-

lin ee MI R Spectroscopy* 

4.4.11 SUMMARY 
Manyy high quality products are produced in a batch wise manner. One of the 

characteristicss of a batch process is the recipe driven nature. By repeating the recipe in 

ann identical manner a desired end product is obtained. However, in spite of repeating 

thee recipe in an identical manner, process differences occur. These differences can be 

causedd by a change of feed stock supplier or impurities in the process. Because of this, 

qualityy differences might occur in the end product quality or unsafe process situations 

arise.. Therefore, the need to monitor an industrial batch process exists. An industrial 

processs is usually monitored by process measurements such as pressures and 

temperatures.. Nowadays, due to technical developments, spectroscopy is more and 

moree used for process monitoring. Spectroscopic measurements have the advantage 

off  giving a direct chemical insight in the process. 

Multivariatee statistical process control (MSPC) is a statistical way of 

monitoringg the behaviour of a process. Combining spectroscopic measurements with 

MSPCC will notice process perturbations or process deviations from normal operating 

conditionss in a very simple manner. In the following an application is given of batch 

processs monitoring. It is shown how a calibration model is developed and used with 

thee principles of MSPC. Statistical control charts are developed and used to detect 

batchess with a process upset. 

4.4.22 INTRODUCTION 
Thee batch wise production of high quality products such as pharmaceuticals, polymers 

orr bio-chemicals plays an important role in process industry. A batch process is a 

recipee driven approach, that is, if a new process is operated in a similar manner as the 

previouss one, according to the recipe, it is expected that a similar end product wil l be 

obtained.. Since batch processes are often highly complex, it is not straightforward to 

maintainn identical operating conditions and (undesired) variations between the batches 

*EVS*EVS in: E.N.M. van Sprang, H.-J. Ramaker, H.F.M. Boelens, )^4. Westerhuis, D, Whiteman, D. Bairns and I. Weaver, Batch 
processprocess monitoring using on line A1IR spectroscopy, The Analyst 128, pp. 98 102 (2003). 
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mayy occur. There are many sources in a process that can cause these variations. As an 

example,, a different initial feedstock or a change in heat exchange due to impurities. 

Thiss uncontrolled variation may lead to poor quality end products or unsafe process 

situations.. It is therefore desirable to keep the batch-to-batch variation in-control. 

Thee batch-to-batch variation can be monitored using multivariate statistical 

batchh process control (MSPC). MSPC for batch processes or batch process 

monitoringg was initially developed by J.F. MacGregor & P. Nomikos [22] and, since 

thenn many extensions and applications have been presented in the literature (S. 

Rannarr et al. [31], S. Wold et al. [53], D. Neogi & C.E. Schlags [44], DJ . Louwerse & 

A.K.. Smilde [38], J.A. Westerhuis et al. [42], A.K. Smilde & H.A.L. Kiers [39]). A very 

convenientt tool is the use of on-line spectroscopic measurements for batch process 

monitoring.. It is a fast and, non-destructive measurement giving direct chemical 

insightt of die spectroscopic active compounds present in the system. This is in 

contrastt to engineering variables such as temperatures and pressures, which are 

indirecdyy related to die chemistry in the process. A list of examples of on-line 

spectroscopicc measurements can be found in the review of J. Workman in J. 

Workman,, Jr. et al. [69]. 

Inn the present study, batch process monitoring is performed. A batch 

polymerisationn process of poly(mediylmefhacrylate) (PMMA) has been monitored 

usingg mid infrared (MIR) spectroscopy and a calibration model, combined with die 

principless of batch MSPC. The calibration model and the statistical theory are 

explainedd in the following section before considering the experimental set-up and 

instrumentationn used. 

4.4.33 THEORY 

4.4.3-11 Calibratio n 

Projectionn to latent structures (or partial least squares, PLS) is a commonly used 

techniquee in spectroscopy to model a block of predictors X (spectra) and a block of 

responsee variables y (the concentrations), (P. Geladi [70]). PLS is a decomposition 

whichh maximises the covariance between the X (I x J) and y ( 7 x 1 ) block. The 

matricess X and y are decomposed into a number of R score vectors T (ƒ x R), loading 
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vectorss P (J x R) and q (R x 1), and residual matrices E (I x J) and f (ƒ x 1). The PLS 

decompositionn is given in matrix notation in equation 53 to 55. 

XX = T P + E ( 53 ) 

yy = Tq + f ( 54 ) 

TT = XW(P 'W) "1 ( 55 ) 

wheree the matrix W (J x R) is an orthonormal weight matrix. 

Usingg the model parameters W, P and q, the concentration y is predicted 

on-linee each time a new observation \mu, (ƒ x 1) is measured according to equation 58 

andd equation 59. 

t _ = x _ W ( p ' w ) 11 ( 56 ) 

)) = KA ( 57 ) 
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4.4.44 ON-LINE MONITORING 
Thee principle of multivariate statistical batch process monitoring (BPM) is used to 

monitorr the batch polymerisation reaction. Statistical batch process monitoring is 

dividedd in three phases according to the IT.A.-trajectory; the Initial phase, the 

Trainingg phase and the Application phase (H.-J. Ramaker et al. [71]). 

Thee first phase is the initial phase. This phase consists of measuring and 

collectingg historical process data from previous batch runs. In this study, the process 

measurementss are MIR spectra. An example of the measured process spectra is given 

inn Figure 57. 

Thee second phase 

iss the training 

phase.. In this 

phasee it is 

determinedd which 

off the historical 

batchh runs are 

assignedd as batches 

thatt are operating 

underr normal 

conditionss (NOC). 

Afterr the selection, 

aa process model 

basedd on a 

calibrationn set is 

developedd to predict the concentration during the evolution of the process. Since the 

modell is based on a calibration set which is representative for the batch process under 

NOC,, it can also be used for statistical batch process monitoring. The third phase, is 

monitoringg a new batch using the developed control charts in phase two. The model 

combinedd with a historical data set is used to determine the statistical control limits. 

Thee data set consists of batches that are operated under normal operating conditions. 

AA new batch is monitored by using equation 56. With every new observation x ^ a 

neww score vector tmlji(R x 1) is computed according to equation 57. The model 

parameterr P is used to compute model residuals e„«, (ƒ x 1) for each observation. 

timee [min] 

wavee number [cm-1 j 

Figuree 57 
MeasuredMeasured process spectra of polymerisation process. 
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ee =x - t P ( 58 ) 

Thee predicted concentration y (y = tOTJi.q ), the new score vector tmu and the residuals 

eetteattea are used to compute the monitoring statistics. 

Inn order to develop control charts with proper control limits, the historical 

NOCC batches must follow the same procedure, as a new batch would do. This results 

inn the vector y,- (N x 1), consisting of the predicted concentrations at each interval /. 

Thee matrices T (JY x R), consisting of the score vectors from me N batch runs at 

intervall  / and die residual matrix E, (Ar x J), which consists of the model residuals 

computedd corresponding to interval /'. The NOC matrices are used to develop three 

typestypes of control charts; the concentration chart, the D-chart and the SPE-chzrt. 

4-4.4.11 Concentration chart 

Thee control limits of the concentration chart are determined using the vector y,. The 

meann ( j ; ) and standard deviation (jy) are computed from y,-. The upper and lower 

controll  limits for each time interval /are given by 

^ / = I + W / 2 ) J ii ( 5 9 ) 
L C LL i^Ji-^^an^i ( 6 0 ) 

wheree / is the Student / value with N-l degrees of freedom with a OC/2 significance 

level.Thee concentration chart monitors deviations in the predicted concentration 

comparedd to die average monomer decrease. 

4.4.4.22 D-chart 

Thee D-statistic is the Hotelling statistic T2 in a reduced space K This statistic is a 

Mahalanobiss distance between the center of that space and the new obtained scores 

tw a.. The D, statistic for each interval; is computed by 

ö-fL-Tis-'fL-^-^^^RJ-R )) ( 61 ) 
VV ' / V •» 'f 1(1-R) K J 

wheree t; are the mean scores obtained from the historical score matrix T . The matrix 

S// (R x R) is the variance-covariance matrix computed with the historical score matrix 
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TT and F(K,I-K) represents the F-distribution with R and I-R degrees of freedom. The 

controll limits are obtained from die F distribution with 99 % significance level. 

Thee concentration chart and the F^ha r t are direcdy correlated. That is, the 

D-chartt defines a statistic based on the score vector and monitors the batch process in 

thee reduced space and the concentration chart monitors the concentration that is 

predictedd using the score vector. Therefore, the concentration chart and D-chart will 

givee more or less similar results. 

4.4.4.33 The SPE-chart 

Thee SPE, statistic is a residual statistic and equals the sum of squared residuals 

summedd over all wavelengths J at interval /'. 

SPE,=^SPE,=t̂ t m m (( 62 ) 

Thee SPE statistic follows a weighted %2 distribution with h degrees of freedom and a 

weightt g. The parameters h and g are estimated from the NOC residuals E , . If the 

SPE,, statistic is large, it means that the spectrum is different from the spectra of the 

calibrationn samples. This could mean that a new compound is present in the system, 

orr that the probe is fouling. 

4.4.55 EXPERIMENTAL 
Thee reaction of interest is a batch polymerisation of methylmethacrylate (MMA) to 

polymethylmethacrylatee (PMMA) via a free radical polymerisation process. 

Azobisisobutyronitrilee (AIBN) has been used as the free radical initiator. The reaction 

schemee is shown in Figure 58. 

CH, , 
l l 

CH„ „ 

CC = 0 
I I 

0 0 
CH, , 

AIBNN Initiator 

A A 

CH, , 
ii  J 

C-CH H 
i i 

0 0 

CH, , 

Figuree 58 
AIBNAIBN initiated polymerisation of methylmethacrylate. 

Thee polymerisation was 

performedd in a 500 ml reactor 

withh heating/cooling jacket 

underr a nitrogen atmosphere 

too prevent termination or 

inhibitionn by impurities. The 

reactionn was constandy stirred 
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usingg a magnetic stirrer and kept at a temperature of 80" C using a temperature 

controlledd water bath (Thermo NESLAB). An initial solution of 0.36 mole 

methylmethacrylatee in 0.89 mole toluene was heated at 80 "C prior to the start of the 

reaction.. The reaction was initiated using a solution of 0.9 mmole azobis-

isobutyronitrilee in 0.04 mole toluene. 

Thee reaction was monitored by collecting MIR spectra using the 

SpectraProbee Linx MI D spectrometer from SpectraProbe Ltd. (UK). The instrument 

utilisedd a two bounce silicon attenuated total reflection (ATR) crystal yielding spectra 

inn the range 1020 cnr1 to 1936 cm1. The detector is a patented MI D IR detector, 

whichh operates at room temperature and requires no cooling elements. The detector is 

aa fixed 128 pixel pyroelectric array, which SpectraProbe has developed for use in the 

Mi dd IR range and could collect radiation from 2.5 to 10 microns. Furthermore, the 

detectorr is currently fixed to see the 5 to 10 micron range. The detector uses a grating 

ratherr than an FTIR system to address die detector array. The spectral resolution of 

diee detector is in the range of 4cm-l @1020cm-l and 16cm-l@1923cm-l. Spectra 

weree collected over a four minute period and compared against a ten minute 

backgroundd spectra previously acquired in toluene as an auto-zero of the instrument. 

4.4.66 RESULTS AND DISCUSSION 

Ann example of die measured process spectra is given in Figure 59. The spectra are 

takenn from a single batch run prior to injecting the initiator and the bands of the 

spectroscopicc active compounds have been assigned according to A. Olinga et al. [72]. 

wavenumbcii  [cm- lj 

Figuree 59 
ProcessProcess spectra with band assignment according to A. Olinga et al. [72]. 
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AA PLS calibration model has been constructed to predict the monomer concentration 

duringg the polymerisation. The calibration model was based on 12 standard solutions 

withh known concentrations of methylmethacrylate (MMA) /polymethylmethacrylate 

(PMMA).. Each calibration sample was measured five times at 80 °C. 

Priorr to modelling, wavenumber selection and data pre-processing were 

performed,, resulting in the use of the wavenumber range of 1450 cm ' - lMO cm 1 . 

Thiss range was chosen to follow the decrease of MMA. Data preprocessing was 

appliedd by taking the first derivative spectra using a Savitsky-Golay filter (window size 

3)) and the number of PLS components was determined by cross validation. Three 

componentss were used in the PLS model and the concentration was predicted with a 

55 % precision. The calibration concentrations versus the estimated concentrations are 

givenn in Figure 60. 

Thee results of monitoring the 

monomerr concentration of 

batchh 1 are given in Figure 60 

wheree the decrease of the 

monomerr during the process 

iss shown. After the initial five 

measurements,, the initiator 

wass added to the system and 

thee reaction started. This is 

reflectedd by the decrease of 

thee monomer concentration in 

timee from this point. 

AA total of 18 batch 

runss obtained under normal 

operatingg conditions (NOC) 

weree available for developing 

statisticall control charts. One batch is used to validate the model and 2 batch runs 

withh known process perturbations were available for testing the control charts. A 

descriptionn of the faulty batches is given in Table 9. 
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Figuree 60 
StandardStandard concentrations versus the concentrations estimated 

byby the model. 
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Tablee 9 

Batchh no. 
~P P 

2 2 
3 3 

processs upsets 
normall  batch, no upsets 
differentt operating temperature 
smalll  addition of styrene in the system 

hatchhatch runs with known process upsets. 

Thee behaviour of the batch was analysed and checked under normal operating 

conditionss and the developed control charts used to study the behaviour. The batch 1 

measurements,, given in Figure 61, were monitored and are presented in Figure 62 A, 

BB and C. In Figure 62 A, the concentration chart is given with 99 % control limits. 

Thee first measurement prior to injecting the initiator is set as time t= l . It can be seen 

thatt the batch behaves within the specified limits and therefore is statistically in-

control.. The D-chart in Figure 62 B, which is related with the Concentration chart, 

givess a similar picture. Figure 62 C shows the normalised iTE-chart with 99 % 

controll  limits. From this figure it can be seen that the process has no unknown 

phenomenaa or unmodelled variation. The batch behaves under normal conditions. 

Thee control charts have been used to 

monitorr the perturbed batches given in 

Tablee 9. Batch 2 has been run at a lower 

temperaturee (70°C). The three control 

chartss are given in Figure 63 A, B and C. 

Thee Concentration chart and D-chart 

indicatee that the first measurement is on 

thee border of acceptable variation, the 

secondd measurement is clearly out of 

control.. The concentration chart shows 

thatt the monomer is decreasing very 

slowlyy indicating that there is a slow 

conversion.. The D-chart supports the 

concentrationn chart and shows that the 

processs is deviating from normal conditions as time evolves. The JPE-chart shows 

thatt no unmodelled or non-linear variation is detected. This is expected since the 

absorbingg compounds do not change and therefore the spectra fit the model. 
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Figuree 61 
TheThe methylmethacrylate (MMA) concentration 

duringduring a reaction. 
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Lii me [minj limee [mmj 

timee [minj 

Figuree 62 
MonitoringMonitoring batch 1 using statistical control charts. 

timee [minj Unit:: [nun] 

B B 

timee Immj 

Figuree 63 
MonitoringMonitoring batch 2 using statistical control charts. 
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Batchh 3 had small fractions of polystyrene added to the system. The results are given 

inn Figure 64 A, B and C. The fraction polystyrene is added after 10 minutes. It seems 

thatt the addition of polystyrene is affecting the process kinetics. This is shown in the 

concentrationn chart and the D-chart. The conversion of MM A is slowing down due to 

thee polystyrene addition. Polystyrene is a new compound in the system. A new or 

unknownn compound should be observed in the i'Pfi-chart. However, in this specific 

situation,, this is not the case. The i"PE-chart gives no out of control signal since 

polystyrenee absorbs around 699 cm-1. This wavenumber is not used in the current 

calibrationn model and is therefore not detected in the JTE-chart. 

00 2 0 4<l 60 «> 100 120 

timee [min] 

•!! S i ,:."' j "  C 
limee [mm] 

Figuree 64 
MonitoringMonitoring batch 3 using statistical control charts. 

AA.1AA.1 CONCLUSION 
AA batch polymerisation process was monitored on-line using mid infrared 

spectroscopyy with a Spectraprobe Linx spectrometer. The instrument is compact and 

easyy to hand over to an industrial process. A calibration model has been constructed 

andd used to monitor the decrease of the monomer concentration. The concentration 

iss predicted with a 5 % precision. Furthermore, the calibration model is used together 

withh the principles of statistical batch process monitoring and different batches are 

monitoredd using control charts. It has been shown that the control charts easily detect 

unusuall behaviour and that statistical process control is therefore a useful method for 

monitoringg batch-to-batch variations. 
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