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RESUME

L’analyse multivariée (AMV) est utilisée couramment dans 1’industrie pour diagnostiquer les
problémes, suivre les procédés, et contrbler les systémes, et elle est devenue facilement accessible
via les logiciels commerciaux. Par contre, cette technique statistique aux moindre-carrés demeure
trés susceptible & la devise « garbage-in/garbage-out », notamment en ce qui concerne les
perturbations de procédé et les autres valeurs aberrantes. Les données de production sont souvent
assujetties aux valeurs aberrantes, a la dérive des instruments, et aux arréts et aux départs d’unités

d’opérations, et I’échantillonnage des produits est souvent peu fréquent.

La clientéle du secteur des pates et papiers, comme celle de bien des industries globalisées, exige de
plus en plus un meilleur produit & un prix plus compétitif. L’analyse de la vaste quantité de données
sur les procédés et sur les produits qui sont accumulés dans les serveurs informatiques représente
une stratégie importante pour atteindre cet objectif. Les procédés papetiers sont, de nature,
multivariés, c'est-a-dire que les interactions entre les variables sont tout aussi importantes que les
variables elles-mémes. Pour en extraire le bénéfice maximal, il faut donc modéliser ces variables en

groupes.

En prenant comme étude de cas une usine de pate thermo-mécanique (PTM) dans I’Est du Canada,
nous avons comparé plusieurs méthodes de sélection et de prétraitement des données brutes pour

maximiser le réalisme et 1’utilité des modéles AMV.

Nous avons tiré une conclusion importante : les modéles générés avec la variante de ’AMYV connue
sous le nom « Partial Least Squares » (PLS) ont été¢ améliorés en prétraitant les données, non
seulement pér rapport & leur signification statistique, mais également en termes de leur interprétation
physique. Nous avons donc recommandé une approche globale pour I’application de ’AMYV aux
données d’opérations industrielles, incluant une méthode systématique pour enlever les périodes
d’opération questionnables comme la production & la baisse ou les comportements aberrants, ainsi

que le filtrage de toutes les variables.

Le prochain défi était de développer une méthode pour corréler les opérations PTM a la qualité de la
pate et, ultimement, au papier en mettant I’emphase sur les principes fondamentaux tels I’énergie
spécifique et I’intensité de raffinage. L’usine dont il est question subit des variations importantes
dans la force et la porosité du papier bien connus pour étre affectés par les conditions de raffinage de
péte en amont. Les interruptions fréquentes des lignes de raffinage font varier énormément 1’énergie

spécifique et d’autres parameétres clés, dont plusieurs ne sont pas mesurés directement et doivent étre
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calculés a partir des mesures existantes. A cause de la basse fréquence des mesures, établir le lien
entre les variations dans les propriétés du papier et les caractéristiques de la péte tels I’indice
d’égouttement, la longueur de fibre, et le contenu en matiéres fines est difficile. Pourtant, les lignes
de raffinage sont riches en termes de données, avec de nombreuses variables qui sont mesurées
chaque seconde. Malheureusement, les données de qualité des copeaux de bois étaient extrémement

limitées et peu fréquentes, et ont trés peu contribué aux modéles AMV.

Une section importante, et parfois oubliée, de toute usine PTM est le raffinage des rejets. Le taux de
production aux presses, ainsi qu’aux raffineurs de rejets, change continuellement parce que 1’usine a
souvent des arréts et des départs sur les quatre lignes principales de raffinage. Pour compenser, les
opérateurs vont augmenter le taux de rejet quand une ligne est arrétée, ce qui fait changer la
distribution de longueur de fibres de la pate envoyée aux rejets. Cette situation, en combinaison
avec les arréts occasionnels des raffineurs de rejets eux-mémes, méne 3 un raffinage de rejets qui est

trés variable et moins bien contrdlé.

En utilisant ’AMYV et d’autres outils statistiques, il a été possible de relier la qualité du produit aux
opérations de PTM et de rejets, en tenant compte du nombre de lignes en opération, de I’dge des
plaques, et des délais de procédé. Les meilleurs modéles ont été obtenus sur une échelle de temps
plus courte (1 heure), avec un filtrage & moyenne pondérée pour aider & combler I’écart entre les

mesures d’opération rapides et les mesures de qualité lentes.

Nous avons développé une méthodologie détaillée et explicite pour I’application de ’AMV aux
données de production, & partir des résultats énumérés ci-dessus. Pour résumer, la méthodologie
consiste & définir les objectifs de la modélisation, examiner les données de production, créer une
structure de modéle basée sur les principes fondamentaux, prétraiter les données, bétir les modéles,

interpréter les résultats statistiques, et finalement identifier les limitations du modéle.

En suivant cette méthodologie, il a été possible d’utiliser I’AMYV pour corréler environ la moitié de
la variabilité dans la qualité du papier final aux opérations de raffinage. Les variables en amont qui
se sont avérées les plus marquantes sont 1’age des plaques, I’énergie spécifique (incluant I'énergie du
raffinage des rejets), la consistance de raffinage, le nombre de lignes PTM en opération, et la
variabilité de charge des moteurs représentée par I’écart-type. Le cas d’étude a donné des résultats
qui étaient non seulement significatifs statistiquement, mais qui étaient également interprétables par

rapport aux principes fondamentaux du procédé.



vii

Etant donné qu’aucun modéle n’a pu couvrir tous les scénarios de production, il semblerait qu’un
contrbleur adaptatif serait requis pour automatiser le procédé de raffinage PTM. Il est possible a
partir d’un modéle PLS de prédire de nouvelles valeurs Y & partir de nouvelles valeurs X. Par
contre, il y a une variation énorme entre les coefficients d’un mois a I’autre, en pourcentage de
Pordre de plusieurs centaines. De toute maniére, quelque soit le type de contrble de procédé
envisagé, il faudrait tenir compte des délais de procédé, du filtrage, et des moyennes dans le temps

pour bien capter la dynamique du procédé.
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ABSTRACT

Multivariate Analysis (MVA) is widely used for troubleshooting, monitoring and controlling
industrial processes, and has become easily accessible to plant engineers through desktop software
packages. However, this least-squares statistical technique remains highly susceptible to the adage
“garbage-in/garbage-out”. Production data are rife with outliers, instrument drift, starts and stops of

key unit operations, and often product quality sampling is relatively infrequent.

The pulp and paper sector, like many globalized industries, finds itself with an increasingly
demanding clientele who continually expect a better and cheaper product. An important design
strategy for addressing this objective is the analysis of the vast quantity of process and product data
accumulated in plant-wide data historians. Mill processes are multivariate, meaning that the
interactions between the variables are as important as the variables themselves. To extract the

maximum benefit, process relationships must therefore be modelled as a group.

Using a Thermo-Mechanical Pulp (TMP) newsprint mill in Eastern Canada as a case study, we
compared various ways of selecting and pre-treating raw process data to maximize the realism and
usefulness of the black-box pulp quality models. A major conclusion was that models generated
using an MVA variant known as Partial Least Squares (PLS) were significantly improved by pre-
treating the data, with respect to both statistical significance and physical interpretability. We
recommended an overall approach for applying MVA to industrial operating data, involving a
systematic method for removing dubious periods of operation such as low production and aberrant

process behavior, and filtering of all variables.

The next challenge was to develop a method for correlating TMP operations with pulp and,
ultimately, paper quality by focusing on process fundamentals such as specific energy and refining
intensity. The case study mill experiences variability in paper strength and porosity, which are
known to be affected by upstream pulp refining conditions. Frequent interruptions in the refining
lines greatly affect the specific energy and other key parameters, some of which are not measured
directly and must be calculated from other variables. Due to the infrequency of measurements,
linking paper variations to upstream pulp quality variables such as freeness, fiber length and fines
content is difficult. However, the mainline refining and reject sections are ‘data rich’, with many
parameters measured second-by-second. Unfortunately, data on the incoming wood chips were

extremely sparse, and were found to contribute little to the MVA models.
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A very important, and sometimes overlooked, part of any TMP mill is reject refining., Because the
case study mill experiences frequent starts and stops on the four main refining lines, the throughput
at the presses, and ultimately the reject refiners, is continually changing. Partly to compensate for
this, the operators increase the reject rate after a line stoppage, which changes the fibre length
distribution of the pulp entering the reject refiners. Combined with occasional stoppages of the
reject refiners themselves, this situation results in reject refining that is highly variable and less well

controlled.

Using Multivariate Analysis and other statistical tools, it was possible to link product quality back to
TMP and rejects operations, taking into account number of lines in operation, plate age and process
lags. The best MVA models were obtained by using a shorter (1-hour) data timescale, with a
weighted-average filter helped to bridge the gap between the faster readings and slower paper
quality trends.

Based on the above results, we have developed an explicit, detailed methodology for applying MVA
to production data which addresses these challenges. In summary, the methodology involves
defining the modelling objectives, examining product data, building a suitable model structure using
process fundamentals, pre-treating the data sets, creating models with MVA, interpreting the

statistical results, and finally identifying the limitations of the models.

Using this methodology, it was possible to use MVA to correlate roughly half of the variability in
final paper quality with the refining operations. The upstream variables that were the most
prominent in the models were: plate age; specific energy, including reject refining energy, which had
to be calculated from other variables; refining consistency, which also had to be calculated; number
of TMP lines in operation; and variability in motor load, as represented by the standard deviation.
The case study thus yielded results that were not only statistically significant, but also physically

interpretable with regard to known process fundamentals.

Because no single model was able to cover all process scenarios, it seems that some kind of adaptive
controller would be required to automate the TMP refining process. To this end, it is possible to use
PLS models to predict new Y values from new X values. However, there is an enormous change in
the coefficients from one month to the next, in the order of several hundred percent. Planned
experiments could help address this problem, but regardless of the process control application being
considered, accounting for data lags, data filtering, and time averaging is critical to capturing the

necessary dynamics.



CONDENSE EN FRANCAIS

L’analyse multivariée (AMV) est une technique statistique de longue date, qui crée des modeles
linéaires & partir des variables existantes. L’objectif est de simplifier le systéme en créant des

‘composantes principales’ qui captent le plus possible la variabilité dans les données initiales.

Grice a la révolution informatique, I’AMV est maintenant utilisée couramment dans 1’industrie pour
diagnostiquer les problémes, suivre les procédés, et controler les systémes. Elle est facilement
accessible via les logiciels commerciaux pour ordinateur personnel. Par contre, cette technique

statistique aux moindre-carrés demeure trés susceptible a la devise « garbage-in/garbage-out ».

Les données de production sont souvent assujetties aux valeurs aberrantes, a la dérive des
instruments, et aux arréts et aux départs d’unités d’opérations, et ’échantillonnage des produits est
souvent peu fréquent. En plus, ’AMV est une technique linéaire, tandis que beaucoup de
phénoménes de procédé sont non linéaires. Pour I'ingénieur chimiste, la combinaison des
informations provenant de plusieurs lignes de production en amont, pour faire un seul modéle
cohérent du procédé global, représente un autre défi quand on fait ce genre de modéle « boite

noire ».

La clientéle du secteur des pétes et papiers, comme celle de bien des industries globalisées, exige de
plus en plus un meilleur produit & un prix plus compétitif. L’analyse de la vaste quantité de données
sur les procédés et sur les produits qui sont accumulés dans les serveurs informatiques représente
une stratégie importante pour atteindre cet objectif. Les procédés papetiers sont, de nature,
multivariés, c'est-a-dire que les interactions entre les variables sont tout aussi importantes que les
variables elles-mémes. Pour en extraire le bénéfice maximal, il faut donc modéliser ces variables en

groupes, en utilisant une méthode comme ’AMV.

En prenant comme étude de cas une usine de pate thermo-mécanique (PTM) dans I’Est du Canada,
nous avons d’abord comparé plusieurs méthodes de sélection et de prétraitement des données brutes
pour maximiser le réalisme et 1’utilité¢ des modéles AMV, en éliminant par exemple les périodes

d’interruption de production.

Nous avons tiré une conclusion importante : les modeles générés avec la variante de ’AVM connue
sous le nom « Partial Least Squares » (PLS) ont été améliorés en prétraitant les données, non
seulement par rapport a leur signification statistique, mais également en termes de leur interprétation
physique. Nous avons donc recommandé une approche globale pour ’application de ’AMYV aux

données d’opérations industrielles, incluant une méthode systématique pour enlever les périodes
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d’opération questionnables comme la production a la baisse ou les comportements aberrants, ainsi

que le filtrage de toutes les variables.

Le prochain défi était de développer une méthode pour corréler les opérations PTM a la qualité de la
pate et, ultimement, au papier. Pour ce faire, nous avons mis 1’emphase sur les principes
fondamentaux tels ’énergie spécifique et I’intensité de raffinage. L’usine dont il est question subit
des variations importantes dans la force et la porosité du papier bien connus pour étre affectés par les
conditions de raffinage de pate en amont. Les interruptions fréquentes des lignes de raffinage font
varier énormément 1’énergie spécifique et d’autres parameétres clés, dont plusieurs ne sont pas

mesurés directement et doivent étre calculés a partir des mesures existantes.

A cause de la basse fréquence des mesures, il est difficile d’établir le lien entre les variations dans
les propriétés du papier et les caractéristiques de la péte tels I’indice d’égouttement, la longueur de
fibre, et le contenu en matiéres fines. Pourtant, les lignes de raffinage sont riches en termes de
données, avec de nombreuses variables qui sont mesurées chaque seconde. Malheureusement, les
données de qualité des copeaux de bois étaient extrémement limitées et peu fréquentes, et ont trés

peu contribué aux modéles AMV.

Une section importante, et parfois oubliée, de toute usine PTM est le raffinage des rejets. A ’usine
que nous avons étudiée, le taux de production aux presses, ainsi qu’aux raffineurs de rejets, change
continuellement parce que 1’usine a souvent des arréts et des départs sur les quatre lignes principales
de raffinage,. Pour compenser, les opérateurs vont augmenter le taux de rejet quand une ligne est
arrétée, de 30% a 40% environ, ce qui fait changer la distribution de longueur de fibres de la pate
envoyée aux rejets. Cette situation, en combinaison avec les arréts occasionnels des raffineurs de
rejets eux-mémes, méne A un raffinage de rejets qui est trés variable et moins bien contrdlé. A titre
d’exemple, a ’intérieur d’un seul mois, 1’énergie spécifique de raffinage des rejets peut varier entre
800 kWh/t et 1400 kWh/t environ.

En utilisant ’AMYV et d’autres outils statistiques, il a été possible de relier la qualité du produit aux
opérations de PTM et de rejets, en tenant compte du nombre de lignes en opération, de I’dge des
plaques, et des délais de procédé. Nous avons comparé trois échelles de temps : 1 heure, 8 heures et
24 heures. Les meilleurs modéles ont été obtenus sur une échelle de temps plus courte (1 heure),
avec un filtrage & moyenne pondérée pour aider & combler I’écart entre les mesures d’opération

rapides et les mesures de qualité lentes.
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Puisqu’aucun plan expérimental n’a été utilisé, car non pratique dans ce cas, il est possible que

certaines corrélations soient attribuables & la coincidence. Nous avons donc ajouté et enlevé

différentes variables et périodes de temps des modéles, pour mieux explorer leur validité.

Finalement, nous avons développé une méthodologie détaillée et explicite pour 1’application de

PAMV aux données de production, & partir des résultats énumérés ci-dessus. Pour résumer, la

méthodologie consiste & :

1.

10.

11.

12.

13.

définir les objectifs de la modélisation, surtout I’utilisation du modéle (diagnostic, suivi,

contrble) ;

examiner les données de production, surtout les données de qualité du produit final, pour

s’assurer que les tendances importances y sont bien représentées ;

choisir une échelle de temps, sur la base de la disponibilité des données, mais également en

tenant compte de la dynamique connue du procédé ;

créer une structure de modeéle basée sur les principes fondamentaux ;

enlever les valeurs aberrantes incluant les périodes de production a la baisse ;
synchroniser les variables entre elles ;

combiner les lignes en amont, pour créer un modéle global du procédé ;

appliquer un filtre & moyenne pondérée, pour éliminer le bruit, mais également pour

simuler la dynamique du procédé ;

modéliser le produit intermédiaire, a partir des variables de procédé en amont ;
modéliser le produit final ;

interpréter les résultats statistiques par rapport aux principes fondamentaux ;
identifier les causes possibles de la variabilité dans la qualité du produit final ; et

identifier les limitations du modéle, pour éviter le plus possible les résultats fondés sur la

coincidence.

En suivant cette méthodologie, il a été possible d’utiliser I’AMY pour corréler environ la moitié¢ de

la variabilité dans la qualité du papier final aux opérations de raffinage. Les variables en amont qui

se sont avérées les plus marquantes sont I’4ge des plaques, I’énergie spécifique (incluant I’énergie du
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raffinage des rejets), la consistance de raffinage, le nombre de lignes PTM en opération, et la

variabilité de charge des moteurs représentée par 1’écart-type.

Le cas d’étude a donné des résultats qui étaient non seulement significatifs statistiquement, mais qui
étaient également interprétables par rapport aux principes fondamentaux du procédé. De meilleurs
résultats seraient peut-étre possibles si les mesures en ligne étaient plus nombreuses, notamment

pour la qualité des copeaux et pour la consistance de raffinage des rejets.

La méthodologie pourrait se généraliser & d’autres procédés industriels ol I’on retrouve une matiére
premiére mal caractérisée, de multiples lignes de production, des arréts et de départs fréquents
d’unités d’opérations, et un échantillonnage peu fréquent des produits intermédiaires et finaux.

Voici quelques unes de nos recommandations:

e L’AMV étant une technique aux moindre-carrés, nous recommandons de prétraiter les
données tel que décrit ci-dessus. Les délais de procédé doivent notamment é&tre

synchronisés auparavant, sinon 1’algorithme va comparer des périodes de temps non reliées.

e Le choix d’échelle de temps doit tenir compte de I’objectif global de la modélisation. Il est
important de caractériser quelles sources de données sont « riches » avec de nombreuses
variables fréquentes, et lesquelles sont « pauvres », limitées aux échantillons instantanés et

peu fréquents.

* Quelque soit le type de contrdle de procédé envisagé, il faudrait tenir compte des délais de
procédé, du filtrage, et des moyennes dans le temps pour bien capter la dynamique du

procédé.

e Puisque ’AMYV est une méthode mathématique linéaire, il est important de s’assurer que les
variables sont choisies et les combiner ensemble de sorte que les principes fondamentaux du
procédé soient le plus possible représentés . Pour le cas d’étude, nous avons mis I’emphase
sur les notions de 1’énergie de raffinage, I’intensité de raffinage, la consistance de raffinage,

et I’dge des plaques.

e Il faut faire attention en interprétant les résultats AMV, par exemple, en insistant trop sur les
relations cause-et-effet. C’est doublement vrai pour les systémes avec des boucles de

contrdle.

Etant donné qu’aucun modéle n’a pu couvrir tous les scénarios de production, il semblerait qu’un

contrbleur adaptatif serait requis pour automatiser le procédé de raffinage PTM. Il est possible de
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représenter un modeéle PLS sous la forme d’une équation de régression classique, et donc de prédire
de nouvelles valeurs Y a partir de nouvelles valeurs X. Par contre, il y a une variation énorme entre
les coefficients d’un mois & ’autre, en pourcentage de I’ordre de plusieurs centaines. Ce serait
préférable d’avoir différentes séries d’équations pour chaque scénario d’opération connu, par
exemple de nouvelles plaques, sinon les changements abrupts pourraient perturber de fagon trop
importante le contrdleur. Notre expérience avec les données nous fait croire qu’il faudrait mettre a

jour les coefficients au moins une fois par jour pour bien suivre le procédé.

Aucun test & I’échelon ou sur le plan expérimental n’a servi pour générer nos modéles qui ont été
construits enti¢rement sur la base de données de production existantes. Il est donc impossible dans
tous les cas de savoir si chaque variable a bien été représentée. Prenant comme hypothése que des
expériences planifiées pourraient répondre a cette question, il faudrait tout de méme bien capter les
caractéristiques temporelles du procédé. L’objectif serait d’appliquer les délais et le filtrage aux
variables pour simuler en quelque sorte la dynamique du procédé, pour qu’elles soient bien

synchronisées entre elles et, encore plus important, avec les propriétés du papier final.



XV

TABLE OF CONTENTS

ACKNOWLEDGEMENTS. .....ooiriititrcetiereetiesesiesteststsesse et e e ssts st esessteessesstsnssaessenesenseseseeness iv
RESUME  ...oocuiitmcinetunerissessnssiasesssessssesssesssssassesessesas e sssessssesssesssssesssessssssssessssessssssmsssasessssessanassssens v
ABSTRACT ..o ieeiirreeeerirrerneerisesnesessessesssssassensesessesssssassessssesnssstosesessasseessssasnsestsressessesesssesessessasess viii
CONDENSE EN FRANGCALIS ...t sssssessesssssssssssssssssssssssssssssssssessssessessassassassssssssaseas X
TABLE OF CONTENTS ..ottt sissssest s sssesssssestessssssssnssssasesssssssssessssasssans XV
LIST OF TABLES ...ttt s et s s ssee s et s ssssse e ssnsesnsssastensssssssessesesasassensanes xvii
LIST OF FIGURES ....cooeeeireetrterecssneeseseesesasensrastsssstses st st ssnssasseessasnsnsssnasseseessenasassassssens xix
LIST OF APPENDICES .....ccccoiirteieetreteeeeeessesesesteaeeseseeresessesessesssssessaseenssassssnsasassasesesssansssesenaes XX
LIST OF SYMBOLS AND ABBREVIATIONS ......cccociviiiinenineeinesessessssssessssnssesssssassesesessens xxi
CHAPTER 1.0 INTRODUCTION......coniiimiisesesiriecersermmstesesesessersrsseesssessesesesssssssessenesssseseossacs 1
1.1, Problem StateMENnt. .. .. .covuveeerecriireeincrseecresteeesesrsesssssreste st seesaseesesestsseseesessesesersasnsasaane 1
1.2 ODJECHIVES .eeeneeireeeeriirecertre e ee st esee st et sae e s e en et st et st ear e s s nssnsaaensaseasssssnsansosenssess 2
CHAPTER 2.0 LITERATURE REVIEW ......cccevirirrienenniinnerrsennsnsesessnsssessessessansssesssassens 4
2.1. Multivariate ANalySiS.....ocuiiiiiccmiiiiiiieiiise e sesseese s sssessesssassssssseseseseanes 4
2.2, Paper Strength and Pulp QUAlity ........cccoiirirriieicecineereesesrt et senstsraesasaseenes 9
2.3. TMP Refiner Control and OPeration ..........cc.voecvveeriiienreeeisesseinnsessserssissssessesasssssssnsrens 13
24. MVA Applications in the Pulp and Paper INdUstry .........cccvvvvveerrnenrecerinnennrenienienssnnne 18
2.5. Challenges and Limitations of the MVA Techiique ........cccoveveeririenenenninninenenienncessenen 22
CHAPTER 3.0 OVERALL METHODOLOGICAL APPROACH........ccccoommiverreniesireenenene 25
3.1 Gaps in the Body of KNowledge.........covivceveeencnniniesie ettt seneesesre st eseseenens 25
3.2. Case Study: TMP Newsprint Mill .......cccccovvirerricrnrrcenrresrrreseresesesesesesesessesssessens 25
3.3. Materials and MEthOUS .......ccouvririiiicenninrt et cceee st set e et snsscsnssasessesssnensananas 27
3.4. Criteria for Evaluating Different MVA Models .........coceccrriivcvcinmnrcecninnnresnsesiisesseesssnenna 30
CHAPTER 4.0 PUBLICATION EXECUTIVE SUMMARY ......ccceiinirenrenrrrenerreneeesssssnnens 31
4.1. Presentation of PUBLICAtions ........c.cooceireiinininieece e 31
4.2. Links between PUDLICAIONS .......ccceevceueieierinirieninenietnretrecrnscrseressesesnsssseesssessssssssnssnees 32

4.3. SYNNESIS ....eeenirererererrerireeeeieeseestsseeeees e eessesse st essassaessessesseesse st e sesnsansssssesseesensassesnsesensans 34



xvi

CHAPTER 5.0 GENERAL DISCUSSION.......cccciimimiiriiinicnisisiissssesissssssssessesses 65

CHAPTER 6.0 CONCLUSION AND RECOMMENDATIONS .......cccocvinmminnnsmninnnriins 72



xvii

LIST OF TABLES

Table 2-1: Black-Box Modelling Methods ... 5
Table 2-2: Pulp and Paper Quality Parameters Relevant to Research Project........cccvveinnnne 10
Table 2-3: Controlled and Manipulated Variables for Mainline TMP Refining............coouinens 14

Table 2-4: Key TMP Operating Variables - Conical Refiners — Mainline and Reject Lines....14

Table 3-1: Fibre Property Measurements at Case Study Mill.........cccevvviivnininniinininnininn. 29
Table 3-2: Criteria for Evaluating MVA Models........cvivricinmnnnniimiecnmiiiemmnos 30
Table 4-1: Dependent (Y) variables used to generate PLS models........ccocveverieriernennnereceencns 37
Table 4-2: X variables used to generate PLS models.........cocoeecriiieeecinnnncninne e 39
Table 4-3: Results for PL.S models generated from refining line data, with different hours
EXCIUAEA e et et et e et s ae g s e s et aeataes 44
Table 4-4: Comparison of PLS results for different data filtering methods........ccccccocveveerecrnnns 47
Table 4-5: Rich vs. Poor Data Sources at Case Study Mill.......c.ccceveeevinnenrecreenennsecnvenesenenes 48
Table 4-6: Average process lags used in PLS model, based on cross-correlation curves for
average fibre length at various locations, for August 2003......ccccvivreininecreninesenineeesesenssssens 53
Table 4-7: Summary of PLS models obtained using hourly averages for month of August 2003

................................................................................................................................. 55
Table 4-8: Pulp Quality Model — TMP and reject refiner operating variables (X variables)
most associated with each dependent (Y) variable. August 2003........ccccovevvevririenrerreresenereesennens 56
Table 4-9: Pulp Quality Model - TMP and reject refiner operating variables (X variables)
most associated with each dependent (Y) variable. August 2003 ..........ccceenrvierenreieniensereereessnessenins 56
Table 4-10: Grid of PLS models, showing results for each. The first number in each box is the
Q2 obtained for the overall model, i.e., for all the Y variables taken together. Values above 40% are
in bold. The second figure is the corresponding number of principal components. ............cccuruuene... 58
Table 4-11: Summary of one-hour PLS models obtained for entire grid, showing range of

TESUIES e cecciiettre it r e br b st b et e et s e b e e e be e a e e s e R ae R bt s st s net e tesemesieeeneeeeeanes 59



xviii

Table 4-12: PLS regression coefficients for Bursting Strength in kPa/(g/m?), Paper Machine .64



Xix

LIST OF FIGURES

Figure 2-1: Three PLS equations solved simultaneously by iteration (Eriksson et al., 2001). ............. 9
Figure 2-2: TMP Control Parameters, Roche ef al. (1996). ......ccconirvvvvirnneinninninniiinnncnne, 13
Figure 2-3: TMP Motor Load Gain Reversion, modified from Owen et al. (1998)..........cecene. 17
Figure 4-1: Overall data pretreatment strategy applied to TMP historical data. ..........ccciienas 42
Figure 4-2: Hourly production rates for refining line 1 (expressed as metric tons per day) for
the month of AUZUSE 2003......cc.ccceerernircecceerneneeceressesersrremrmmrssesseesrsaesssssressrssssmsessassssessesssssssssesssosssses 43
Figure 4-3: Filtered vs. original motor load signals for August 2003, showing smoothing effect

of exponentially weighted moving average at different alpha

VAIUES. et e e bbb bbb s s b e E e b 46
Figure 4-4: Structure of PLS model showing X and Y variables........ccooeeccecencncvnninininiiicnnns 48
Figure 4-5: Statistical relationship between specific reject refining energy (calculated from

other variables) and pulp quality at the refined rejects outlet. 2a) bivariate plot, showing the cross-
correlation between reject specific energy and fibre length, August 2003. 2b) corresponding

multivariate score plot showing all the reject variables ..........cocvvvvieccniieninnncnn, 52
Figure 4-6: Calibration problem with TSI, Machine B, 1-h, August 2004...........ccccooeeervrreennee. 62

Figure 4-7: Component 1 loadings for Paper Strength, Machine B, 1-h, August 2004. Using
COITUPLEA TSI VAIUES ..ot ereccee st s s sees e e s s s e e sbe s nnanasnssbssusenaas 63

Figure 4-8: Component 1 loadings for Paper Strength, Machine B, 1-h, August 2004 Using

correct values. Q% =53% /5 COMPONENLS ......urverrerreessessansssesssessssssesssssasssssssessssssssssssssessasssssees 63
Figure 5-1: Proposed overall methodology for MVA modeling with multiple processing lines

and infrequent product SAMPLING. ....c.cvvivivrrierniiieriiesesrsssseniseessesesssesesessessessassassessessessssssssssesens 65
Figure 5-2: Data pre-treatment steps applied t0 TMP mill.......cccvvvveriirenrinienenesinniesesnnsnns 68

Figure 5-3: Generic representation of the case study mill.......cccovvviiiinniniincninniccnnninnenn, 70



XX

LIST OF APPENDICES

APPENDIX I: Summary of MVA Papers Reviewed............c.ooovviiiiiiiiiinn 86
APPENDIX II: Characteristics of Case Study ill........cooviiiiiiiiiiiiic e, 91
APPENDIX III: Chart of Operator Control ACtions..........cceoviviiiiiiiiiiiiiiiiicieiieeneee 98
APPENDIX IV: Partial List of Variables Used in MVA Models and P&ID Locations......... 106
APPENDIX V: International Peer-Reviewed Publication — “Multivariate Analysis of

APPENDIX VI

APPENDIX VII:

APPENDIX VIII:

APPENDIX IX:

APPENDIX X:

APPENDIX XI:

APPENDIX XII:

Refiner Operating Data From a Thermo-Mechanical Pulp Newsprint Mill.” -

2004 — Pulp and Paper Canada............cocoovrniiirineiiiinenicranninenennenens 121
Conference Paper — “Processing of Thermo-Mechanical Pulping Data to

Enhance PCA and PLS.” — 2003 —ESCAPE-13..........cccoeiiiiniiiiinnnnnn. 126
Conference Paper — “Representing TMP Process Fundamentals by Creating
Non-Linear Terms in Multivariate Analysis.” — 2005 - PAPTAC .............. 133
International Peer-Reviewed Publication — “Techniques for Pre-Treating

TMP Process Data for Multivariate Analysis.” — 2006 — Tappi Journal....... 139

International Peer-Reviewed Publication — “Impact of TMP Refining Line
Interruptions and Reject Refiner Operations on Pulp and Paper Variability.”
— 2007 — Tappi Journal........ccoiiiiiiiiiiii e e 147

International Peer-Reviewed Publication — “Spatial and Temporal

Resolution in the Data-Driven Process Modeling of an Integrated Newsprint
Mill.” — 2007 — Chemical Product and Process Modeling Journal (in

1 () S 166

International Peer-Reviewed Publication — “Extracting Process

Relationships from Historical Databases of Continuous Industrial

Processes.” — 2007 — Industrial & Engineering Chemistry (in

L= 51 T Ut 190

Details of Key MVA Modelling RUns...........coviveviiiienieciinencennninenn 219



LIST OF SYMBOLS AND ABBREVIATIONS

AQC:
ANN:
BDT:
CD:
CPI:
CSF:
DCS:
DIP:

DModX:
DModY:

EWMA:
GwW:
HDP:
PI:

MD:
MIMO:
ML:
MPC:
MVA:

NIPALS:

ODE:
P:
P200:
PC:
PCA:
PDE:
PLS:
RI:
RMS:
ROCE:
RTO:

Advanced Quality Control

Artificial Neural Network

Bone Dry Tons

Cross Direction

Chemical Process Industry

Canadian Standard Freeness

Distributed Control System

De-Inked pulp

Distance to Model for X variables

Distance to Model for Y variables

Exponentially Weighted Moving Average
Groundwood

High Density Pulp

Process Integration

Machine Direction

Multiple Input Multiple Output

Middle Lamella (bond between fibres, mostly lignin)
Model-Predictive Control

Multivariate Analysis

Nonlinear Iterative Partial Least Squares

Ordinary Differential Equation

Primary Wall (fibre layer containing fibrils in lignin-hemicellulose matrix)
Percent of fibres smaller than 200 mesh

Principal Component

Principal Component Analysis

Partial Differential Equation

Projection to Latent Surfaces (or Partial Least Squares)
Refining Intensity

Root-Mean Square

Return on Capital Employed

Real-Time Optimisation

xxi



S1:
S2:
S3:
SEC:
SEM:
SPE:
TEA:
TSI:

UHYS:

Outer Seconday Wall (fibre layer containing fibrils in helical structure)
Middle Secondary Wall

Inner Secondary Wall

Specific Energy Consumption

Scanning Electron Microscopy

Squared Prediction Error

Tensile Energy Absorption

Tensile Stiffness Index
Thermo-Mechanical Pulp

Ultra-High Yield Sulphite Pulp

Unit variance

Weighting factor for moving-average filter
Regression coefficient

time constant

xxii



CHAPTER 1.0 INTRODUCTION

1.1. Problem Statement

Existing Canadian newsprint mills must deal with ramifications of design decisions made in the past,
when energy was cheap, water was limitless, and mills had total control over wood chip supply.
Energy has become expensive, there are environmental limits on water use and discharge, and wood
supply is largely outsourced to independent sawmills for whom chips are merely a secondary by-

product of lumber.

Thermomechanical Pulp (TMP) mills are the main source of newsprint in Canada, which is an
important export product. Unlike other products, such as molten metal, newsprint cannot be melted
down and homogenised. Paper is made in real time, such that the sheet contains the history of the
process. Variability is therefore a major problem; with regard to paper strength, it is the weak link
that determines whether the sheets will tear during printing, thereby losing customers and ultimately

eroding the competitive position of Canada’s industry.

Due to globalisation, Canadian pulp and paper companies face increasing demands for better and
more consistent product quality, with a simultaneous expectation of improved Return on Capital
Employed (ROCE). Final paper quality is affected by seasonal variations, changes in incoming chip
quality and other external factors that are often beyond the control of the mill operator, but a1§0 by
many internal factors that are controllable, such as material flowrates, equipment settings, and the
application of mechanical energy. However, in order to design an automated controller that would
use real-time data to improve the process, we must first understand the inferential relationships

between the process variables.

The process challenges faced by many Canadian mills newsprint mills include:
¢ Little or no measurement of incoming wood chip quality.
+ Little or no buffering capacity for incoming chips.
o Frequent starts and stops of refiners, due to capacity mismatch relative to papermaking
section, or to exploitation of lower off-peak energy prices.
o Infrequent pulp quality measurements, limited to only a few parameters.
e Limited pulp buffering capacity upstream of the paper machines.

e Paper quality that is highly susceptible to variations in raw material quality.



1.2The purpose of this doctoral project was not to eliminate these industrial problems, which are
often built into the design of the mill. Rather, the goal was to identify ways to compensate for them,
through the exploitation of existing data, to create knowledge about process operations. Most
Canadian mills now have high-speed data historians into which are fed virtually all process and
operating data for the entire facility. These thousands of data ‘tags’ (instruments or measurement
points), some updated every few seconds, represent millions of new values each day. Most of these
data are never used. Mill personnel can try to establish relationships between the process variables
by considering only a few at a time, but this is an impossible task due to the inherent inter-
relatedness of the variables. Multivariate Analysis (MVA) has emerged as one way to address this
data explosion, because its automated pattern-recognition techniques are well-suited to detecting

useful patterns and relationships in large datasets.

1.2. Objectives
The research topic for this doctorate is “Inferential Relationships in Thermomechanical Pulp

Refining, Explored Using Multivariate Analysis”. The background to the hypothesis is as follows:

“Empirical statistical techniques such as MVA have been employed with mixed success in
the pulp and paper industry for such applications as TMP refiner control and paper
quality. The specific approaches by different investigators vary, and are not well-
described in the literature. It is unclear which non-linear first-principle relationships and
Sundamental models, if any, have been incorporated into the model development, nor
whether the spatial and temporal characteristics of data have been systematically

’

accounted for.’
The hypothesis itself is made up of three parts:

“By incorporating fundamental relationships and understanding the spatial and temporal
implications of mil data, MVA-based process models of the TMP and papermaking
processes can be developed that reflect measured process variability in a case study
context. The process models can be of good quality, and not require extensive process

testing such as bump tests and designed experiments.

“Using O and other measures of success for the MVA-based models, a general and

systematic procedure can be expressed based on the case study resulls.



process troubleshooting and process control applications.’

“If correctly developed and interpreted, the MVA-based process models can be useful for

3

The case study used is a Thermomechanical Pulp (TMP) mill in Eastern Canada, with conical

refiners and a feedstock of mainly black spruce and balsam fir. The overall project objective was to

create a step-by-step, methodical approach for carrying out MVA on TMP operating data, while

linking the statistical results with the underlying chemical and physical phenomena.

The main objectives were:

1

Basic Model Structure: To identify which combination of variables yields the best MVA

models for key pulp characteristics in a single TMP line, taking into consideration known
process relationships such as specific refining energy, refining intensity and plate wear in

the TMP mainlines and rejects.

Data Pre-Processing: To improve multivariate analysis results by using systematic methods

to deal with noise and outliers when extracting and pre-treating compressed historical data.

Modelling the Entire Mill: To establish a method for integrating different production lines

together, in a way that incorporates process lags and addresses the problem of frequent
starts and stops of the different TMP lines, and uses appropriate techniques such as
weighted-average filtering to bridge the gap between frequent (refining operation)

measurements and infrequent (pulp and paper quality) measurements.

Dealing with Process Dynamics: To determine the timescales, or combination of timescales,

that give the most appropriatt MVA models for linking the upstream TMP refining

operations, intermediate pulp quality, and final paper quality.

Limitations of MVA technique: To characterize the limitations of MVA when applied to
historical operating data, in the context of the case study application, but also in the more

general context.

Overall Methodology: To develop a structured overall methodology that optimizes the

potential for achieving good MVA results for troubleshooting product quality variations at a

TMP newsprint mill.

A detailed project methodology is provided in Chapter 3, including sub-hypotheses and expected

contributions to knowledge.



CHAPTER 2.0 LITERATURE REVIEW

2.1. Mulitivariate Analysis

Many sectors now face the problem of accumulating too many data for one person to absorb. Human
beings can generally only visualise two or three dimensions, which is inadequate for systems with
dozens or hundreds of inter-related variables. The advancement of computer technology has caused
us to become “data rich, but knowledge poor” (Fayyad, 2001), and has led to the new field of data

mining, whose purpose is to find useful knowledge in large databases.

In the Chemical Process Industry, the chief example of this problem is time-series operating data.
Hidden within large databases are interesting relationships between process variables, which could
serve to answer questions and guide decisions (Harmon and Schlosser, 1999). Of course, simply
having a large number of data is no guarantee. Industrial data may contain the wrong type of
information, for instance plentiful measurements on incidental equipment while other more critical

process values go unmeasured.

Several “black-box™ techniques are available to address this problem, which do not use first
principles but rather search for patterns in the raw process signals. The most prevalent are listed in
Table 2.1 (Shaw, 1999).

In pulp and paper, Multivariate Analysis (MVA) and Artificial Neural Networks (ANN) have been
proposed for numerous applications, notably to create ‘soft sensors’ capable of filling in process
values between real measurements, or to estimate parameters that cannot be measured directly
(Ingman, 2000). One reported disadvantage of ANN is the inability to extract process insight from

the results.



Table 2-1: Black-Box Modelling Methods

Black-Box Method

Principle of Operation

Artificial Neural
Networks

Computer algorithm mimicking interactions between neurons in the brain

Multivariate Regression

Statistical regression technique, in which Y variables are modelled directly on
X variables

Multivariate Analysis
(PCA, PLS)

Indirect regression technique, in which a small number of new “components”
are created from the original variables

Decision Trees

Series of logical operations that assigns probabilities to various process
outcomes

Genetic Algorithms

Computer algorithm mimicking Darwinian evolution, where “populations” of
possible outcomes compete for survival

Bayesian Networks

Directed graphical model, with nodes showing dependence relations among the
variables.

Markov Networks

Similar to Bayesian Networks except that model is undirected

Fuzzy Logic

Extension of Boolean logic, in which binary values are replaced with degrees of
truth

Cluster Analysis

Statistical technique for differentiating observations into groups, using
similarity coefficients based on distance between points

In contrast, MVA is a purely statistical technique that offers a window into the inner workings of the

process. While also a black box, it relies on fundamental statistics to reduce the dimensionality of

the data space in a rigorous and systematic way (Johnson and Wichern, 1992). In CPI applications,

the new dimensions or “latent variables” can often be associated with the fundamental chemistry and

physics of the system at hand (Bharati, et al., 2003; MacGregor et al., 1991). This ability to fit a

model using a small number of latent variables is the result of these process relationships, and not

inherent to the MV A method itself (Kresta 1994). Of course, the model captures all of the variation

when the number of components equals the number of original variables, but this is a trivial result;

the user must boil them down to a lower dimensionality for the technique to be worthwhile.

The more familiar ‘Multivariate Regression’ does not include any latent structure. The standard

model is given as follows (Burnham et al., 1999):

Y=XB"+E,

Where,

X is an (nxk) matrix of values for the independent variables;




Y is an (nxm) matrix of values for the dependent variables;
B is the (kxm) matrix of regression coefficients to be estimated;

E is the (nxm) matrix of random errors.

Multivariate regression requires that all variables be uncorrelated (i.e., statistically independent) and
that the data be free of error (Nobleza, 1997). The X variables are assumed to be fixed, known
constants. These are impossible conditions when using real process data, since many variables are
highly correlated due to process interactions or the actions of control systems, and measurement

error is commonplace.

MVA does not have these limitations. First proposed over a century ago by Karl Pearson (Pearson,
1901), vthe basic concept behind MVA is quite straightforward. However, it was only the advent of
modern computing power that has made it possible to apply this technique to millions of data points.
MVA addresses both latent structure and measurement error, because it seeks to plot the original
data on an entirely new set of data-driven coordinates, rather than simply model Y directly from X.
It falls into two main categories, Principal Component Analysis (PCA) and Projection to Latent
Surfaces (PLS). They differ in that PCA treats all variables as equivalent, whereas PLS
distinguishes between X and Y variables (Eriksson et al., 2001). The following summarizes when to

use PCA versus PLS:

e PCA is used to give an overview of the data set, to identify outliers, or to transform complex
signals into a more useful form (e.g., spectroscopic analysis). It is very susceptible to
modelling uninteresting correlations; a large number of variables which move up and down

simultaneously with, say, throughput will yield a strong but trivial model.

e PLS is used when there is an expected dependent/independent relationship among the
variables. PLS is also used when some of the most important variables are sparse or few in
number, and would otherwise be diluted by all the other variables. PLS is less likely to
yield trivial results; not only must there be correlations within each of the X and Y spaces

but, crucially, there must also be a relationship between each pair of X and Y components.

In both cases, a new set of orthogonal coordinates or ‘components’ is created which captures as
much as possible of the variation present in the original dataset, hopefully at a much lower
dimensionality. PCA works by finding the dimension vector which explains as much X-variation as
possible (Eriksson et al., 2001). This becomes the first component. The algorithm then finds a

second component which is orthogonal to the first, and explains as much as possible of the



remaining X-variation. The process continues until the researcher is satisfied or the incremental
increase in explanation is judged minimal. Essentially, PCA generates a new set of axes that match
the dataset better than the original coordinates did. Datapoints can then be projected onto the hyper-

planes defined by the components, to yield two-dimensional plots and other useful outputs.
In mathematical terms, PCA is a linear model that operates as follows (Johnson and Wichem, 1992):
= C‘onsider an (n x k) data matrix X (n observations, k variables).
PCA models this as (assuming normalised data):
X=TP"+E

Where,
T (nxm) 1s the scores of each observation on the new components;
P (mxk) is the loadings of the original variables on the new components;

E (nxk) is the residual matrix, containing the noise.

The product of the score vector and the loading vector is referred to as the ‘Principal Component’ or
PC. While this equation may resemble that for Multivariate Regression, it differs significantly in
that the T and P matrices are entirely new creations representing the latent structure. The T values, or
‘scores’, are the new co-ordinates of each observation as projected onto the PC. For time series data,
the score vector represents the value of the newly created latent variable at different points in time.
The P values, known as ‘loadings’, are the weights assigned to each original variable by the PCA
model. More precisely, the loading is the cosine of the angle between the PC and the original
variable axis. Thus the larger the loading, whether positive or negative, the more closely that

variable is related to the PC.

To equalise the impact of variables with different orders of magnitude, the variables are normalised
beforehand to have a mean of zero, and a standard deviation of one. The combination of unit
variance (UV) scaling and mean centring is commonly referred to as autoscaling (Eriksson, 2001).
For some applications it may be undesirable to normalise the data, such as for spectroscopic

analysis, but for process data it is routine because of the presence of different engineering units.

The classical approach to computing components is based on eigenvector and eigenvalue theory, and
is often referred to as the kernel algorithm. The eigenvectors of the original X correlation/cross-
correlation matrix give the coefficients of the PC’s, while the eigenvalues give the variance of each
new PC (Johnson and Wichern, 1992). With the kernel algorithm, all possible principal components

are computed at the same time. This can be computationally intensive, especially since only the first



few components are typically required to model the system; higher components often represent just
noise or other uninteresting results. Modern software packages therefore use a numerical method
known as Nonlinear Iterative Partial Least Squares. The NIPALS algorithm has the added
advantage that it can accommodate datasets with missing values (Eriksson, 2001). Note that MVA
does not require a multivariate normal assumption for the original variables (Johnson and Wichern,

1992), yet another advantage over multiple regression.

PLS provides a predictive equation for Y in terms of X by finding a set of orthogonal components
that maximises the level of explanation of both X and Y. This is done by fitting a set of components
to X as in PCA, doing the same for Y, and then reconciling the two sets of components to each other.
Thus Y is not modelled directly from X, but indirectly via the latent structure; one reported
advantage is that PLS does not over-fit the data like ordinary regression models (Kresta, 1994). In
mathematical terms PLS is described as follows (Johnson and Wichern, 1992):

X=TP"+E outer relation for X (like PCA)
Y =UQ"+F outer relation for Y (like PCA)

uy, = byt inner relation for components
Where,

X is an (nxk) matrix of values for the independent variables;

T (nxm) is the scores of each X observation on the new components;
P (mxk) is the loadings of the original X variables on the new components;

E (nxk) is the residual matrix for X, containing the noise.
Y is an (nx1) matrix of values for the dependent variables;

U (nxq) is the scores of each X observation on the new components;
Q (gqx1) 1s the loadings of the original X variables on the new components;

F (nx1) is the residual matrix for X, containing the noise;

by, is the regression coefficient.

The term by, is the regression coefficient for component number h. A plot of t, versus w, for each
component gives a visual representation of the correlation structure between the X-space and the Y-
space. The algorithm tweaks the X and Y models to optimise this inner relation, yielding new
parameters (w* and c) known as the ‘variable weights’ which play the same role as PCA loadings.
As shown above, the inner relation is normally a linear function, although the use of non-linear

equations is also possible (Zamprogna et al., 2002).



Commercial software uses an iterative algorithm which converges on the best MV A solution. For
PLS, it is a multiple iteration as illustrated in Figure 2.1 (Ericksson et al., 2001):

e find best PCA solution for X;

¢ find best PCA solution for Y;

¢ reconcile the two PCA solutions using the inner relation to obtain the best PLS solution.

e
Fisppre 472

Dise PLE prechioriom progedurs,

Figure 2-1: Three PLS equations solved simultaneously by iteration (Eriksson et
al., 2001).

PLS models serve to maximize the covariance between a set of X variables and a set of Y variables.
These are mathematical, not physical, distinctions: the decision as to whether a given variable is
included in the X set or in the Y set is entirely up to the PLS user. Cause-and-effect relationships
cannot be automatically assumed for X and Y in PLS (Johnson and Wichern, 1992). Such
relationships can only be determined using designed experiments, a condition not usually satisfied

when dealing with raw process data.

2.2. Paper Strength and Pulp Quality

Most of the newsprint in Canada is produced from virgin wood using thermo-mechanical pulping
(TMP). It is so named because of two main steps: pre-steaming, to remove entrained air from the
wood chips and induce lignin softening; and mechanical refining (Sidhu 2004). The chips are
washed beforehand to remove debris, to warm and soften the chips, and to regularise the moisture
content prior to primary refining. The specific energy required to make TMP pulp in two-stage

refining is in the order of 2 000 kWh/t (Smook, 1982).
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To be useable, newsprint must have certain characteristics. The first is strength, which in newsprint
is all important, given that the product must withstand tensions within the paper drying section at the
TMP mill, and later in the customer’s printing lines. There are numerous strength parameters for
newsprint, listed in Table 2.2. Another key characteristic is the paper’s ability to retain ink. The
newsprint must have the proper resistance to liquid penetration, to limit spreading and prevent
wicking (Lyne, 1991). A benchmark measurement for this property is porosity, often expressed as

permeability to air flow.

Table 2-2: Pulp and Paper Quality Parameters Relevant to Research Project

Parameter Units
THERMOMECHANICAL PULP

Canadian Standard Freeness mL
Average (length-weighted) fibre length mm
Fines content, defined as small enough to pass through 200 mesh % (mass)
screen (76 pm)

NEWSPRINT

Tensile Stiffness Index kNm/g
Burst Strength kPa
Tear Strength mN
Rupture Strength kN/m
Tensile Energy Absorption J/m*
Stretch o
Permeability to air mL/min
Linting %

Paper is a bonded fibrous network, composed mainly of cellulose, the world’s most abundant
biopolymer (Mark, 2001). Early work on paper physics was therefore borrowed from the textile
industry (Dodson, 1973). It has been claimed that the total performance of paper products can be
reduced to the question of how moisture and temperature interact with wood polymers on a
molecular level (Salmén, 1991). The strength of a wood fibre has been found to be approximately
20 times that of the strength of an inter-fibre bond (Niskanen, 1998), which has led some researchers
to declare that “paper is hydrogen bonds” (Pawlak, 2003). Nonetheless, in tensile failure as much as

55-65% of fibres are actually broken, as demonstrated in the landmark paper by Van den Akker et al.
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(1958). In other words, both fibres and fibre-to-fibre bonds are broken in the fracture of normal

papers (Dodson, 1973).

Stretch, burst and tensile strength are all related to the degree of bonding. The overall strength of the
bonds is determined not just by available bonding area, i.e., the area of fibre crossing, but also by the
fraction of that area in actual contact, which is 40-45% for unbeaten fibre and 70-75% for beaten
fibre (Pawlak, 2003). At a single fibre-to-fibre bond in paper, there may be as many as 10® hydrogen
bonds (Dodson, 1973). Hydrogen bonds are directional, form quickly, are readily reversible, and
have energy lying partway between those of covalent bonds and van der Waals forces (Niskanen,

1998).

Wood fibres are strong in tension, but weak under longitudinal or axial compression due to their
helically wound fibrillar structure. This is important, because fibres in wood undergo axial
compression during chipping, screw pressing and plug-screw feeding. They are further exposed to
bending and axial compression in pulp during pumping, mixing, dewatering and refining. These
deformations are later set during pulp drying, potentially affecting the final paper properties (Seth,
2006).

Strength variability is as important as absolute strength; an acceptable average strength with a large
standard deviation may still mean there are local spots that are insufficiently strong. Attaining
quality targets is critical to ensuring the weakest link does not fail, but reducing overall variability is
equally critical. Rheologically, paper has a long memory of its past history (Dodson, 1973), and
carmot be homogenised like a molten metal. Downstream customers adjust their printing lines to
accommodate the paper being used; changing characteristics can therefore lead to paper breaks, poor

printing quality and other problems.

Variation occurring at different frequencies corresponds to different levels of operation or control.
Notably, variations occurring in the 10 s to 10 s range must be addressed during design, and cannot
be compensated for later by the process controllers (Sell, 1995). This is critical for TMP mills, since

the residence time for a refiner falls within this range.

Another important newsprint characteristic is linting, the loss of small particles from the paper
surface. Amiri et al. (2003) describe an on-line device to measure Pulp Linting Propensity Index
(PLPI), an indicator of the quantity of ray cells, fibre fragments and shives in a paper sheet. The

authors found that linting was reduced by more uniform refining and higher specific energy.
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Final paper quality is directly impacted by intermediate pulp quality. Saltin and Strand (1995) found
that length-weighted fibre length was a critical factor to tear strength. For TMP, there is usually a
compromise between fibre length which is good for strength properties, and cut material which is
good for optical properties such as opacity (McDonald et al., 2004). Pulp quality is influenced by
many factors, including quality of the wood chips, pattern and wear of refiner plates, refiner
consistency, specific energy, plate gaps, and refining pressure and temperature (Metso, 2002).
Foremost among these is incoming chip quality, which is in turn affected by initial tree
characteristics, harvesting techniques, transportation methods and chipping operations, and other
upstream factors (Wood, 2001). The content of knots, rotten wood and dust in the incoming chips
can also impact pulp quality. Chip size is, however, much less important in mechanical pulping than
in kraft pulping, where a wide chip size distribution leads to wide variations in impregnation

effectiveness.

According to numerous authors, the single most important factor for pulp strength is wood species
(Rudie and Sabourin, 2002; Begin and Amiri, 2002; Marklund et al.., 1998; Yi et al.., 2005).
Sabourin et al. (2003) found that the morphological properties of a given wood species had a major
effect on pulp physical properties and specific energy consumption. For instance, paper produced
from spruce/fir pulp had higher tensile strength than those from pine pulps. Also, pine pulps had to

be refined to lower freeness to produce paper with comparable surface and printing properties.

In a five-year survey of European wood sources, Lundqvist (2003) found.that improved wood and
fibre use could offer large benefits in quality and efficiency. In particular, chips from pulp wood,
especially from thinning, could improve optical properties, while sawmill chips, especially from

large diameter timber, could improve strength properties.

Several on-line woodchip monitors are under development, though none is yet commercially
available (Smith et al., 2004). PAPRICAN is reportedly developing a chip monitor that calculates
size and shape distribution, based on digital imaging at the conveyor, but no details have been
published. The CRIQ has issued several articles about their unit, based on a red-green-blue colour
camera and near infra-red sensor, which they claim can help determine wood species and freshness
under appropriate conditions (Ding et al., 2005; Bédard et al., 2003; Laperriére et al., 2004;
Lanouette et al., 2003).
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2.3. TMP Refiner Control and Operation

High-quality pulp requires long, well developed fibres that are well separated. Proper refiner
operation is critical to this aim, to achieve maximum séparation but minimum cutting of fibres. The
residence time between refiner plates is typically 2-7 seconds. Most of the refining occurs when the
bars are directly opposite one another, and most of the work is done fibre-to-fibre (Sidhu et al.,

2004). Typical controlled and manipulated variables are shown in Figure 2.2 and in Table 2.3.

FEED RPM PRODUCTION RATE
- » SPECIFIC
PLATE GAP - MOTOR LOAD ENERGY
, - o QUALITY
REFINNG
DRUTION WATER
_ ccusmc'v * NTENSTY
F
t .
1
I . -WOOD DENSTTY
: SLHIP SZE
DISTURBANCES t -CHIP MOISTURE
I WOOD SPECIES
! -PLATEWEAR

Figure 2-2: TMP Control Parameters, Roche ez al. (1996).

Typically, TMP operators use freeness as the main indicator of pulp quality, adjusting the set points
for transfer screw speed, plate position, and dilution water flowrate (Cluett et al., 1995). However,
both Thode (1959) and Elsinga (2002) working over 40 years apart found that freeness was not a
good measure of pulp quality, because it depends on fibre properties as well as size classification.
Miles and Onholt. (2003) found that the specific energy required to reach a given freeness ié related
to amount of long fibre in the pulp. Modern control systems (e.g., Strand et al., 2001; Sidhu et al.,
2004) therefore use both freeness and fibre length as indicators, generating a window within which

the refiners should operate.
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Table 2-3: Controlled and Manipulated Variables for Mainline TMP Refining

Manipulated Variables
.1 1° & 2° Plate Gap
2 Chip Feed Screw Speed (throughput)
3 1° & 2° Dilution Rates

Controlled Variables
1 1°& 2°Consistency
2 1° & 2° Specific Energy Consumption
3 Freeness

4 Long Fibre content

Equipment Operating Parameters
1 Plate specifications
2 Change cycle of plates
3 Disc rotational speed
4

Steaming temperature

For conical refiners, specific energy and freeness are mostly affected by, in descending order:
consistency, production rate, conical gap and flat gap (Metso, 2002).  Some key operating

parameters are listed in Table 2.4.

Table 2-4: Key TMP Operating Variables - Conical Refiners — Mainline and

Reject Lines

Variable Unit
Motor load MW
Production rate t/d
Specific refining energy kWh/t
Flat plate gap mm
Conical plate gap : mm
Dilution flows L/min
Steam pressure drop across refiner (AP) kPa
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Variable Unit
Blowline consistency % solids
Plate age h
Reject rate %

Four main forces are involved in high-consistency refining. Compression forces contribute mainly
to the subdivision of the chips, whereas shear forces serve to fold and the fibres in order to make
them more flexible. If the sum of these forces varies, there will be unstable refining (Metso, 2002):
1. Centripetal force generated by the rotation of the disc.
2. Drag created by generated vapour, both forward and countercurrent.
3. Friction between pulp and plate segments
4

Squeeze between plates

Reject refining, because it treats the longest fibres, can have a major impact on strength and other
final paper properties. Croteau et al. (1993) found statistically significant relationships between
reject refining parameters (consistency and specific energy) and downstream pulp and handsheet
characteristics, which is very noteworthy considering that only 25% to 30% of pulp passes through
the rejects. Interestingly, paper strength properties were not shown to be related to the pulp

properties of the reject refiner stock, but this study was limited to bivariate statistics only.

Kangas et al. (2004) used Scanning Electron Microscopy (SEM) to study the surface morphology
and chemistry of spruce wood during TMP refining. Lignin-rich flake-like fines and ray cells arose
mainly during the first phases of refining, while fibrils containing more cellulose were formed later
during the peeling of cellulose-rich inner fibre wall layers. Flakes are known to enhance the light-
scattering properties of paper, while fibrils are important for strength properties. Fibrils originally
released originated from outer fibre wall layers, mainly P and S1, but at later stages they were peeled
off from the inner fibre wall layers (S2) as well. Fibrillar material was also generated during reject
refining. The authors concluded that the flake-like fines formed during mainline refining probably

consisted mainly of material from the middle lamella (ML) and primary (P) wall.

Pulp refining is a highly complex process using a biological feed material, so all fundamental
models to date have been semi-empirical (McDonald et al., 2004). Miles and May (1993) were
awarded the Wallenberg Prize in 1998 for their breakthrough in understanding the fundamental
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mechanisms of turning wood chips into fibre (May, 1998). They elaborated the concept of ‘Refining
Intensity’ (Miles, 1998), the energy delivered per refiner bar impact; for instance, a plate with a
coarser bar pattern has a higher refining intensity than with a finer pattern. This concept has
provided a major impetus to improving quality and reducing energy consumption in the manufacture

of mechanical pulps.

Excessive refining intensity can damage fibres, even when specific energy and freeness appear
normal, leading to reduced fibre length and tear strength (McDonald et al., 2004). Refining
intensity in the secondary stage has been shown to have a significant impact on softwood pulp
quality (Miles and Onholt, 2003; Lama et al., 2004). It is generally desirable to have lower refining
intensity in the second stage to avoid excessive fibre cutting. McDonald et al. (2004) found that by

matching refining intensity to wood characteristics, it is possible to optimise energy application.

The most recent work has focussed on forces rather than energy. Kerekes et al. (2006) found a
relationship between fibre characteristics and fractional bar coverage, which is the fraction of a bar
length that is supporting force. In particular, the authors emphasise the importance of gap size and
specific edge load, defined as the energy per bar crossing per unit length. These concepts help
explain why refining coarse fibres, which require greater normal forces and therefore experience

higher shear forces, leads to more surface fibrillation, fines and energy consumption.

McDonald et al. (2004) have proposed on-line control of refining intensity to minimise process
variations, by manipulating consistency or refiner speed. Refining intensity is a roughly linear
function of the disc rotational speed; the larger the plate, the higher the slope (Hsich and Wang,
2005). Refining intensity for a fixed consistency was found to be proponioﬁal to the rotational
speed squared (Miles and Onholt, 2003). These studies have been done on flat refiners; to date no

refining intensity equations have been published for conical refiners.

When refining intensity is too high, the freeness is achieved through fibre cutting instead of fibre
development, resulting in the type of gain reversion described by Owen et al. (1998) as shown in
Figure 2.3 (dialogue boxes added). The authors found that for motor load regulation at TMP

refiners, there was a rapid change in gain, both in sign and value, at a specific transition point.



17

Operating in this zone Possible explanations: collapse of pulp pad
reduces long fibre between discs; shift in microscopic mechanism
content by >40%, tear of refining

and strength by 20%,
and freeness
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Figure 1. Motor load versus plate gap: As plate gap is decreased a transition point can be reached where
the motor load drops rapidly and fibre cutting takes place.

Figure 2-3: TMP Motor Load Gain Reversion, modified from Owen et al. (1998).

Roche et al. (1996) found that TMP control schemes address specific energy, but not refining
intensity, because it is too hard to measure fibre mass flowrate. The authors’ main recommendation
is to control motor load by manipulating feeder speed, and stabilise blow-line consistency. For a
given plate configuration and disc rotation speed, refining intensity is largely a function of refining
consistency. This is an inverse relationship, since greater consistency means a longer residence time

between the refiner plates and hence more bar impacts for a given specific energy.

Miles and Onholt (2003) stated that TMP quality is more important than energy cost, yet the industry
has focussed on reducing specific energy. The authors suggest that the real limitation is actually the

inability to apply enough energy.

TMP refining tends to be controlled directly by the operators. Roche et al. (1997) did a survey of
pulp quality sensors on TMP lines, and found that only 12% of them were being used for closed-
loop control. There tended to be poor correlation between on-line and laboratory freeness, and the

importance of instrument drift and calibration were often ignored.

The refiner plates have a normal lifespan of about 2000 hours, during which time the bars on the

plate surface are gradually worn down, affecting the process dynamics. Less energy is required with
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an older plate, but the refining intensity is higher, because the plate gap is smaller resulting in a
shorter residence time (Croteau et al., 1993). Plate age displays both slow and fast effects on the
TMP refining process, because the plates wear down gradually over several thousand hours of
operation, and then are abruptly replaced with new plates. Lama et al. (2006) reported the effect of
plate age on a mathematical model of TMP motor load for a twin refiner. The authors attributed
these gain changes to unbalanced forces affecting older refiner plates, where grooves are less deep
providing less net space for steam to escape. The authors conclude with an overall recommendation

to recalculate the gains each time the nominal operating conditions change.

The presence of fines in the furnish is considered to aid in bonding, but fines produce less strength
than do the equivalent amount of whole fibres (Thode and Ingmason, 1959). Law (2005) stated that
the importance of fines to TMP strength has been overlooked, and that most intact fibres are far less
developed than was thought, meaning that fines do indeed contribute much to the overall bonding

capacity. Unfortunately, the measurement of fines in pulp can be quite problematical (Seth, 2003).

The TMP refining process has some extremely fast and some very slow process dynamics. For
example, the time constant of the model between the primary plate gap and the motor load is about
two minutes, but the time constant between the primary plate gap and freeness is approximately
ninety minutes (Sidhu et al., 2004). This large difference in the open-loop process bandWidth of the
process was due to the location of the pulp quality monitor after the latency chest, such that the
dynamics of the latency chest were lumped in the response of the quality variables. This is an

example of a problem built into the design of the mill.

2.4. MVA Applications in the Pulp and Paper Industry

Many authors have reported that MV A, when applied to paper production, can boil down a large
number of process parameters into a handful of meaningful latent variables (Strand et al., 2001;
Broderick et al., 1995; Lupien et al., 2001; Saltin and Strand, 1995; Shaw, 2001; Nobleza, 1997,
Winchell, 2005). Because of the nature or paper production, such black-box models are often
appropriate; sophisticated first-principle models may be highly accurate, but pose difficulties due to

the complicated mass and energy balances on which they are based (Alexandridis et al., 2002).

The three main applications of MVA in pulp and paper have been troubleshooting, process
monitoring, and inferential or “soft-sensor” control using PLS models (Strand et al., 2001; Kooi,

1994; Kresta et al.., 1994). Even though the process may be highly non-linear, the use of a linear
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model like MVA is often justified because most industrial refiners are operated over a very narrow

range of conditions (Cluett, 1995).

When using MV A on real process data, it is unrealistic to expect the type of goodness-of-fit one
finds in laboratory experiments, where it is possible to achieve R? well over 90% using precise
laboratory apparatus and an experimental design. Industrial models are much less precise, more in
the range of 50% or so. According to Champagne et al.. (2002), a typical soft-sensor in the pulp-
and-paper industry has 2-12 components explaining 40%-75% of the process variability.

Using daily averages, Saltin and Strand (1995) established the influence of certain TMP properties
on paper quality with Factor Analysis (a variant of PCA in which the component directions are
adjustable). In a previous study, the same authors had found five underlying phenomena that
accounted for some 80% of the variation in newsprint quality: fibre bonding; fibre length; unbonded
surface area; fibre orientation; and pressing. Using 100-150 variables, the 1995 study confirmed that

fibre length had a strong influence on tear strength.

Nobleza (1997) performed PCA on monthly averages for furnish, refining energy and quality
;Jariables from four TMP refining lines. The major contributors to strength variations were found to
be chip source and vchip size distribution. The author states that relationships normally obtained
through statistically designed experiments can just as easily be obtained from readily available mill
data, but this statement is probably too optimistic since many key variables are artificially held

constant by control loops and are thus invisible to the MVA technique.

Lupien et al.. (2001) used daily averages from a newsprint mill whose feed consisted of high-yield
sulphite, groundwood (GW) and deinked pulps (DIP). The objective was to maximise Tensile
Energy Absorption (TEA), tear strength and opacity. The parameters used included the proportion
of each type of furnish. The authors expressed surprise at their main finding, namely that two-thirds
of the strength variations were explained by paper machine variables. They attribute this to the fact
that the paper machine data were based on 30-second scans, whereas the pulp parameters were based
on only 4-6 lab analyses per day. This article highlights the extreme importance of considering the

nature of each data source when interpreting MV A results.

Browne et al.. (2004) applied Factor Analysis to monthly and weekly averages from an Eastern
Canadian TMP mill to establish relationships between furnish and pulp properties. A portion of the
variability in pulp properties was explained by wood freshness, as measured by the potential

brightness of the wood. When this potential brightness factor was high, typically in late winter or
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early spring, pulp brightness was higher and lower bleaching levels were required. Another portion
of the variability was due to the ease with which energy could be applied to the wood. When this
wood quality factor was high, typically in the summer months, tear strength also rose since higher

levels of specific energy could be applied before the onset of fibre cutting.

Elsinga (2002) applied Factor Analysis to operating data from newly reconfigured refiners,
following complaints from customers about paper linting. This paper differed in that planned
experiments were performed, using a factorial design for feed rate, feed consistency and reject rate.
This forced the process to behave under conditions that either might never have occurred, or that
might have taken a long time to occur if waiting for random chance. The author claims that such an

approach provides better, and quicker, results than simply using historical data.

Kooi (1994) created an inferential controller for wood chip refining, in order to predict the freeness
in real time from dozens of other variables, rather than waiting for infrequent measurements from
the latency chest. The controller could then adjust the manipulated variables, such as plate gap and
water flow, using this inferred, instantaneous freeness value. The author concedes that this proposed
method would not be able to detect changes in chip density or to correct for them. The controller is

described as self tuning, but it does not appear to have ever been tested on a real refiner.

Various articles by Strand et al.. (1998, 2001, 2005) provide a series of examples of MV A-based soft
sensors at North American TMP mills. Data from the wood yard, pulp mill process and paper
machine were used, along with on- and off-line pulp and paper quality measurements. Consistency
was predicted using a hybrid model, using mass and energy balances together with MVA. Specific
energy was controlled using refiner plate gap, both in the flat and conical zones, with set points
recalculated every time an on-line pulp quality sample was taken. The authors state that they
introduced variability as a separate parameter in their MVA, by creating a new variable representing
variance, but few details are given. They also favour the use of Root-Mean Square (RMS) for
Cross-Direction (CD) and Machine-Direction (MD) tear strengths. Advanced control at TMP mills
has reportedly shown a number of benefits, such as reduced freeness variation, reduced shive levels,
improved energy usage, reduced paper quality variation, increased refiner plate life, and increased
pulp strength. Under the new control regime, mill operators set pulp quality targets, instead of

changing individual refiner plate positions, feed screw speeds, and refiner dilution flows.

The above papers reported a very wide range of timescales, from monthly, weekly and daily

averages down to instantaneous readings (Nobleza, 1997; Lupien et al.., 2001; Saltin and Strand,
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1995; Shaw, 2001; Strand et al.., 2001; Browne et al., 2004). None of these papers offered any
explanation for the choice of timescale. In a non-TMP application, Bendwell (2002) justified the use
of 24-averages based on the long retention times in pulp-and-paper wastewater basins, suggesting
that the time constant of the system at hand should be considered when choosing a timescale. Rosen
et al. (2001) recommends a multi-scale approach, to allow trends at different frequencies to be

studied together.

Many authors report MV A applications for other pulp and paper systems, such as grade changes
(Kuusisto et al., 2002), wastewater treatment plant control (Bendwell, 2002) and chemical pulping
(Broderick et al.., 1993, 1994 and 1995; Wold and Kattenah-Wold, 2003). Ritala et al. (1991) report
success at addressing the problem of uncontrollable fluctuations in wet-end chemistry using a
computer-based diagnostic system for analysing different measured variables. Both PCA and PLS
have been applied to paperboard production, using data from on-line and laboratory measurements
(Ivanov, 2003). MVA has even been applied to the pulp and paper industry itself, using data from
thirty different mills (Tessier et al.., 2001) to compare paper quality at mills with similar

technologies.

Dayal et al. (1992) used ANN and PLS to develop an empirical predictive model for Kappa number.
Historical plant data were used, without any form of experimental design, meaning that the
technique depended on natural variation in the process to generate correlations. Roughly 44% of the
process variation was captured. One reported disadvantage of ANN was the inability to extract any

kind of process insight from the results.

Tessier and Broderick (2001) give several examples of MVA applications in pulp and paper, such as
the optimization of chip size distribution for an Ultra High Yield Sulphite (UHYS) pulp plant,
refiner pulp quality prediction and control, and the effect of refiner plate filing material on fibre
development. In some cases the variables were manipulated in designed experiments. An earlier
study by Broderick (1995) provided a graphical interpretation of PLS components for UHYS
handsheet properties.

Shaw (2001) describes two projects, the first of which was to improve CD stiffness at an uncoated
free-sheet machine while reducing cost. This data-driven optimisation project narrowed down
dozens of variables to 10 parameters, finding results that were in some cases opposite to the
prevailing wisdom at the plant. The second project, in the pulp mill, sought to increase production

without compromising quality by achieving 100% hardwood use with no peroxide. In this case, 12
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key parameters were identified from an initial 73. This paper underscores the importance of
correctly selecting those parameters to be included in the MVA analysis, an important decision

which from the outset will influence all results.

Croteau et al. (1993) applied time series techniques to analyse TMP operating data: cross
correlation, coherence, and coherent power. Power spectra were used to verify the adequacy of the
sampling interval. Their work highlights the importance of pre-conditioning data to deal with

randomly missing values, irregularly spaced observations, or interruptions.

Champagne et al. (2002) created a soft sensor for process stability and product quality in an
unspecified type of mill, which takes advantage of readily available data from the Distributed
Control System (DCS) and paper testing laboratory. Interestingly, the authors compared neural
networks and MVA for the same application, concluding that MV A was superior because it could
indicate via the residuals when the model was no longer valid. MVA also offered the advantage that
the contribution plots could immediately indicate the location of a problem, a key element in process

monitoring.

Two different papers (Sarimveis, 2001; Phung, 2003) describe the creation of soft sensors for final
paper characteristics that cannot be measured in real time, such as tissue softness and tear strength.
Neural nets were reported to have had the best correlation but were difficult to interpret. Phung

(2003) made several recommendations, notably to exclude outliers from the training set.

Using MVA applied to daily averages, Ortiz-Cordova et al. (2006) found significant correlations
between TMP operating variables and final paper quality. To deal with grade changes, the authors
recommend two approaches, namely to use an index when possible, otherwise to use only data for

one specific basis weight.

2.5. Challenges and Limitations of the MVA Technique

Multivariate statistics have been used to understand and ultimately reduce process variation in a
variety of industrial sectors (MacGregor et al., 1991; Mason et al., 2004; Kresta, 1994). MVA is
clearly a powerful tool, but it remains a black-box statistical technique, entirely data-driven, and

therefore highly susceptible to the problem of “garbage-in/garbage-out”.

The MVA user is confronted with a series of inherent challenges, and must make decisions right

from the start that will affect the final results. These challenges fall into three categories:
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o Those requiring process knowledge or chemical engineering insight in order to be
addressed, the most obvious being to select which variables to use among the hundreds
available in a modem industrial plant;

. Those requiring statistical, mathematical, or data-oriented solutions; or

. Those that are unavoidable, but must nevertheless be understood to ensure proper

interpretation of the final results.

A statistical analysis is only as good as the original data, and MVA tends to be slanted towards those
variables which were measured better or more frequently, as seen in Lupien et al. (2001). When
time series data are used, regardless of the type of process, the plots tend to ‘snake’ around the
component space, indicating that the process is never really in steady-state (Kettaneh-Wold and
Wold, 2003; Ivanov, 2003). Perfect steady-state data would be useless for MV A, of course, since
none of the variables would be changing and hence there would be no correlations. This raises
another key problem, which is that variations about steady-state can be relatively small, and may not

be much bigger than the measurement error.

Hodouin et al. (1993) emphasise that an MVA model only works within the domain where it was
calibrated, and Kresta (1994) reports that the process must continue to behave in a similar fashion as
the original dataset. These limitations are true of any black-box model. One solution is to

constantly and automatically update the model, i.e., make 1t adaptive (Rosen et al., 2001).

MVA is blind to variables that do not vary significantly, regardless of their actual physical
importance. For instance, if the temperature in a chemical reactor is kept constant, it will not
correlate with any other variable and will thus appear to be of no importance. Designed experiments

can be used to counter this problem (Elsinga, 2002).

Browne et al.. (2004) caution that care must be used when interpreting and assigning cause-and-
effect relationships to MVA results. Two unmeasured variables may be separate functions of a third,
unmeasured variable. This is especially true of variables affected by control loops, where
correlations found are often the exact opposite of reality, due to the action of the controller. Indeed,
Hodouin et al. (1993) report that MV A models created under closed-loop conditions cannot predict
open-loop behaviour, while Kresta (1994) reaches the complementary conclusion that open-loop

data cannot be used to model closed-loop schemes.

Among the mathematical challenges of using MVA are the fact that it is a least-squares technique,

and thus highly sensitive to outliers, whether caused by sensor malfunctions, start-up and shutdown
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of individual pieces of equipment, time lags, or other problems. MVA is likewise highly sensitive to
instrument drift, since this can appear as a long-term trend to which the algorithm blindly ascribes
statistical significance. This is important even when the drift is small, because normalisation of the

data inflates the impact of minor variations.

It has been shown that data compression can impact mean and standard deviation calculations
(Thornhill, 2004) and can therefore interfere with many types of data-driven analyses.” Kourti (2003)
found that data acquisition and storage, if done improperly, may distort historical data and make

them useless for MV A, and thus miss important phenomena.

Hodouin et al. (1993) experimented with various approaches for applying MVA to hourly averages
from mineral processing data, including the use of mass balance filters to enhance data quality and
the creation of new variables. However, the authors state that these data quality improvements
tended to be destroyed by the MV A modelling process, although no explanation was given as to how
this occurs. The authors recommended using multiple-input-multiple-output (MIMO) when the Y’s

are correlated with one another.

Zamprogna et al. (2002) developed a soft-sensor for a batch distillation column, using PLS as an
alternative to first-principle modelling. They emphasise the importance of selecting the most
appropriate model input variables, and correctly addressing lagged measurements. When performing
MVA, time lags must be taken into account beforehand. MVA is not a time-series technique per se,
and treats all observations as discrete events regardless of how far apart they are in real time. The
use of moving averages can counter this problem (Eriksson et al., 2001). Nobleza et al. (1990)
describe several time series analysis techniques using examples taken from the pulp and paper
sector. Two of these, power spectrum and cross-correlation, could be used in parallel with MVA to

extract useful insights about the production data.

The final challenge is that MVA results are difficult to interpret. In all cases, interpretations of the
MVA results are based on an understanding of the process fundamentals, since the actual outputs
from the MVA software are purely statistical (Saltin and Strand, 1995). The use of MVA for

studying TMP process data is thus a task appropriate for chemical engineers.
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CHAPTER 3.0 OVERALL METHODOLOGICAL APPROACH

3.1. Gaps iﬁ the Body of Knowledge

The various publications on industrial MV A applications, listed in Appendix I, share in common that
they provide few if any details on how the MV A analyses were actually done. Often the underlying
theory was described, but not the critical methodological decisions regarding how the different
variables were selected for inclusion in the study, what limits were placéd on the data used, or
whether there was any data pre-treatment such as filtering, trimming or data reconciliation. Other
gaps were methods for dealing with major data outliers, periods of start-up and shut-down,
instrument driff, and noise. Determining a detailed methodology for applying MVA to time-series

data from TMP newsprint mills is a useful and original contribution to the literature.

The question of temporal and spatial resolution is another gap in the current literature. There does
not appear to be a consensus on the appropriate timescale to be used for applying MVA to TMP
operations. Few of the papers give any justification for the timescale used, which can range from a
few seconds to monthly averages. Also, it is not always clear exactly what parts of the mill were

physically included in the PCA/PLS models.

The papers did not all find the same results from the perspective of linkage with engineering science.
For instance, in one study paper machine variables were found to be the most important, while in
another, chip properties were most important. This was probably due to the tendency of MVA to
zero in on those variables which were actually included in the analysis, or which were measured

better or more frequently, a major obstacle to obtaining accurate results.

Much fundamental work has been done over the past forty or more years to describe the physics of
cellulose, fibrils, wood fibres and paper. However, connecting the underlying physics with the
macroscopic properties of paper is difficult, due to its high degree of hydrogen bonding and extreme
sensitivity to moisture and temperature. Equally difficult is relating upstream conditions to final
product quality. Nevertheless, there is a solid basis in the literature upon which to erect
scientifically meaningful interpretations of MVA correlations between TMP pulp freeness, fibre

length and fines content and final paper strength, porosity and linting,

3.2. Case Study: TMP Newsprint Mill
The case study used for this project was a TMP newsprint mill in Eastern Canada which

experiences short- and long-term variations in final paper quality. The goal was to infer the



26

correlations and trends inherent to the mill operation using MVA, in order to determine which

upstream parameters were most likely linked to these quality variations.

The main characteristics of the case study mill are provided in Appendix II, including several
flowsheets and tables showing key process variables as well as time lags for the mainline pulp.
These time lags are idealised, and assume plug flow which is not the case in this type of mill. The
mill has a high-speed data historian into which virtually all process and operating data are
continuously fed; there are over six thousand data ‘tags’, each representing an instrument or

measurement point. Most of the process data from the mill are stored in compressed form.

The mill is equipped with ten Sunds Defibrator RGP-70-CD conical refiners, which have both flat
and conical refining zones. The plate gaps are controlled independently; the plates in the conical
part of the refiner are fixed, but the distance between these is adjusted by the displacement of the
rotor. There is no advanced process control on these refiners, and all key operating decisions are
made by the operators. Some operating variables at the refiners are measured every second, the
data historian’s lowest time increment, but pulp quality is only measured every few hours.
Appendix III contains a chart of typical operator control actions, based on discussions at the mill,

along with some relevant excerpts from the mill’s Operator Manual.

The mill has two paper machines: Number 4, a Dynaformer top-wire unit on a Dominion
Engineering Foudrinier; and Number 5, a Valmet-Dominion Sym-Former. The nominal production
capacities are 150 000 t/a and 195 000 t/a respectively. Both machines are relatively new, and make
42-g, 45-g and 48.8-g newsprint. Paper machine operating variables are updated every second; some
paper quality parameters are measured on-line in a continuous fashion, but those of interest to the

project are measured off-line at the end of every reel.

Discussions with mill personnel revealed that variability in final paper quality was a key concern,
notably for strength, porosity and linting, about which they have received customer complaints. It
is not enough for the mill to attain quality targets; variations must be kept in check to avoid
problems when the eventual customers use the newsprint in their printing lines. Mill personnel

stated that there was a clear correlation between mill paper breaks and customer paper breaks.

A major challenge in the case study mill was the constant starting and stopping of the TMP lines,
due to over-capacity relative to the papermaking section. When less pulp is needed, one of the four

refining lines is temporarily shut down; about 70% of the time the mill is operating with three or
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fewer refining lines. Automatic shutdowns triggered by excessive motor load, known as feedguard

events, represent another cause of production disruption. All four lines are operated the same way.

Overall, the mill has a number of data quality limitations, including a lack of measurements for
some key parameters, and infrequent measurements for others. As such, it provides a good example

of a situation where the data quality is poses serious challenges.

While the mill is very cooperative in allowing us access to their facility and information, they were
not interested in performing ‘bump’ tests or any other kind of experiment, or changing the
parameters of the data historian. This study was therefore entirely limited to historical operating

data, nonetheless an important source of insight available to the modern-day process engineer.

3.3. Materials and Methods

The software used in this project was Simca-P, version 10, which was designed especially for
chemical engineers by the Swedish supplier Umetrics. Data were obtained from the data historian at
the mill site, which uses using PI software from Osisoft Inc. A partial list of the data tags used in
this project appears in Appendix 1V, along with their locations on the mill’s P&ID diagrams. All
data pre-treatment was done in EXCEL prior to importing into the MV A software. Some additional

statistical tests were performed using the internal software developed by PAPRICAN.

The key fibre property measurements at the mill are shown in Table 3.1. Note that shives are not
measured by the Pulp Expert unit at this mill, and that laboratory shive measurements are very

infrequent (one grab sample per day).

The shortest time increment used at the mill in question is one second, which may be considered the
lower limit. The server has been on line for several years, so one year could be considered the upper
limit. It is possible to select virtually any time scale in between for analysing data for diagnostic
purposes. In the refining section of the mill, there are several frequencies which guided the choices:

» Instantaneous pulp quality readings for Line 1 are taken every 60-120 minutes, on average.

s Off-line, instantaneous paper quality testing is done on each reel, roughly every 45 minutes.

e The residence time of the latency chest is approximately 45 minutes.

e The mill operates on three daily shifts of eight hours.

e The average mainline residence time for the entire mill (once-through fibre) is

approximately 6.5 hours.
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Three time scales were therefore selected:

e 1 hour, which roughly corresponds to the pulp sampling frequency, the paper sampling

frequency, and the residence time of the latency chest.

* 8 hours, corresponding to one workshift, and is the same order of magnitude as the once-

through residence time of the entire mill.

e 24 hours, corresponding to one day, an obvious option used by many previous authors,
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3.4. Criteria for Evaluating Different MVA Models
Both quantitative and qualitative criteria were used to evaluate the different MVA models that were
created, as shown in Table 3.2, to maximise the likelihood of discerning differences between the

models that were created.

Table 3-2: Criteria for Evaluating MVA Models

Criterion Parameter Used | Type of Output
Q2 for overall model Quantitative
GOODNESS — _
Q” foreachY Quantitative
OF FIT
Predicted vs. Observed for each Y Scatter plot
COMPLEXITY Number of components required for a Quantitative
OF MODEL given Q? vanti
Relative prominence of X variables Ranking
REALISM OF - : :
MODEL Interpretability of components with Qualitative
regard to process fundamentals

Note that Q? is a measure of goodness of fit analogous to R?, but it is specific to predictive power; it
is the percentage of overall measured variance that is attributable to the model’s predicted values. It
is derived by separating the dataset into several segments, some used to create the components, and
others for testing the model. Unlike R’, which always increases when a model is made more

complex, Q” tends to plateau and then diminish sharply when there is over-fitting.

On the physical/chemical side, the models were evaluated with respect to whether they were
logically interpretable, i.e., interpretation of various PCA/PLS components, coherence of variables

that are correlated/anti-correlated, and so forth.

Over the course of the project, key results were presented to mill personnel for “real-world”

validation, an invaluable aid in ensuring that the findings had a solid foundation and were not mere
A

statistical manipulations. In fact, the mill’s Process Director appears as co-author on some of our

publications.
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CHAPTER 4.0 PUBLICATION EXECUTIVE SUMMARY

4.1.

Presentation of Publications

The following publications are presented as appendices to this thesis:

INTERNATIONAL PEER-REVIEWED PUBLICATION (Appendix V): Harrison R., R.
Leroux, P.R. Stuart (2004). Multivariate Analysis of Refiner Operating Data From a Thermo-
Mechanical Pulp Newsprint Mill. Pulp & Paper Canada, 105:4, pp. 24-27.

PEER-REVIEWED CONFERENCE PAPER (Appendix VI): Harrison, R., P.R. Stuart (2003).
Processing of Thermo-Mechanical Pulping Data to Enhance PCA and PLS. Proceedings from
ESCAPE-13 Conference, Lappeenranta, Finland. Printed in Computer-Aided Chemical
Engineering, vol. 14, 1025-1030.

PEER-REVIEWED CONFERENCE PAPER (Appendix VII): Harrison, R.P., R. Leroux, P.R.
Stuart (2005). Representing TMP Process Fundamentals by Creating Non-Linear Terms in
Multivariate Analysis. 91% Annual PAPTAC Meeting Preprints, D563-D568.

INTERNATIONAL PEER-REVIEWED PUBLICATION (Appendix VIII): Harrison R., P.R.
Stuart (2006). Techniques for Pre-Treating TMP Process Data for Multivariate Analysis. Tappi
Journal, 5(8), pp. 17-23.

INTERNATIONAL PEER-REVIEWED PUBLICATION (Appendix IX): Harrison R., A.A.
Roche, P.R. Stuart (2006). Impact of TMP Refining Line Interruptions and Reject Refiner

Operations on Pulp and Paper Variability. Accepted for publication by Tappi Journal on January
15, 2007.

INTERNATIONAL PEER-REVIEWED PUBLICATION (Appendix X): Harrison R., P.R.
Stuart (2006). Spatial and Temporal Resolution in the Data-Driven Process Modeling of an
Integrated Newsprint Mill. In review. Received by Journal of Chemical Product and Process

Modeling on December 7, 2006.

INTERNATIONAL PEER-REVIEWED PUBLICATION (Appendix XI): Harrison R., P.R.
Stuart (2006). Extracting Process Relationships from Historical Databases of Continuous

Industrial Processes. In review. Received by Industrial & Engineering Chemistry Research

Journal on December 18, 2006.
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The links between these publications are described below, along with their positions within the

overall methodological approach presented in Chapter 3.

4.2. Links between Publications

The first peer-reviewed article {(Appendix V), which appeared in the April 2004 issue of Pulp and
Paper Canada, was originally presented at the 2003 PAPTAC meeting in Montreal. The objectives
were to explore the limitations of MVA, and to identify which TMP variables were most useful for
modeling pulp quality. PCA and PLS were performed on daily averages over 34 consecutive
months, using different combinations of variables upstream and downstream from the primary and
secondary refiners. Pulp throughput dominated the results even within a relatively narrow range of
normal production rates. This paper corresponded to the initiation of Objectives #1 and #5 listed in

Section 1.2, and paved the way for the two conference papers that followed.

The conference paper in Appendix VI was presented at the European Symposium of Computer-
Aided Process Engineering (ESCAPE-13) conference in Finland. This was a preliminary
examination of the differences, if any, obtained in multivariate analysis results using different
timescales and averaging methods on compressed historical data. Overall, it was found that medians
gave slightly better results than averages (unfortunately the PI system used at the case study mill
cammot calculate medians). Low production points tended to dominate other variables. The optimal
timescale depended on the intended application. Generally, the same X variables are prominent
regardless of the timescale used, but the goodness of fit of the model was heavily influenced by the
sampling frequency of key process parameters. This paper, plus the detailed examination of MVA
challenges and limitations outlined in the Literature Review (Section 2.5 above) marked the

completion of Objective #5.

The conference paper in Appendix VII, presented at the 91" Annual PAPTAC conference in
Montreal, included an attempt to more accurately represent TMP fundamentals with a variety of new
non-linear variables constructed from measured variables. These included blowline consistency
derived from a mass/energy balance, steam pressure drop across the refiner, and hydraulic pressure
delta. The inclusion of standard deviation, variance, logarithm and other non-linear operators was
found to have little impact on the MVA models, at least for the parameters and time periods that
were studied.  This paper was a continuation of Objective #1. It also initiated certain elements of

Objectives #2 and #4.
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The second peer-reviewed paper (Appendix VIII) originally appeared as a Paprican University
Report, and was subsequently published by Tappi Journal in August 2006. This study presented a
straightforward method for selecting and pretreating TMP operating data, to improve statistical
tracking of pulp quality variations. This paper focussed on pre-selecting and pre-treating the raw
process data, including infrequently measured variables, to maximize the realism and usefulness of
the PLS black-box models. Key methods explored were ways of selecting low-production periods
for removal, techniques for identifying and eliminating major outliers using PCA outputs, and noise
filtering. A major conclusion of this work was that the PLS models were significantly improved by
pre-treating the data, with stringent removal of dubious périods of operation such as aberrant process
behaviour, and an aggressive Exponentially Weighted Moving Average (EWMA) filtering of all Y
and X variables. This approach, used in all subsequent work, marked the completion of

Objective #2.

The third peer-reviewed paper (Appendix IX), also submitted to the TAPPI Journal, presents a
straightforward method for combining individual TMP operations, including reject refining, into a
single statistical model for explaining quality fluctuations in pulp and final newsprint. This article
demonstrates the statistical correlations between TMP operations, pulp quality and final paper
quality, by focusing on process fundamentals such as specific energy and refining intensity.
Frequent interruptions in the four refining lines greatly affect the reject specific energy and other key
parameters, many of which are not measured directly and must be calculated from other variables.
Using Multivariate Analysis and other statistical tools, it was possible to link pulp quality back to
TMP and rejects operations, taking into account the number of lines in operation, plate age and
procéss lags. Furthermore, it was possible using MVA models to correlate roughly half of the
variability in final paper quality with the refining operations. One conclusion of this work is that
even better results would likely be obtained with more on-line measurements, notably for incoming

chip quality and reject refining consistency. This paper marked the end of Objective #1.

The fourth peer-reviewed paper (Appendix X) is under review by the Journal of Chemical Product
and Process Modeling. The study continues on previous work by comparing the use of different
timescales and combinations of unit operations to determine which yield the best simulations.
Because we are using real operating data, with no experimental design of any kind, it is possible that
some of the correlations found could be attributable to mere coincidence. We therefore used time-
series and other mathematical techniques to explore the validity of the models. This paper

corresponds to Objectives #3 and #4.
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The last paper, currently under review by Industrial & Engineering Chemistry Research Journal,
elaborates an overall methodology for applying MVA to TMP historical operating data. It is the

logical outcome of all six previous papers, and corresponds to the completion of Objective #06.

4.3. Synthesis

Pursuing this research project has involved collecting millions of datapoints and creating hundreds
of statistical models. Throughout, the results have been the subject of detailed discussions between
the student and the research supervisor, as well as with Mr. Alain Roche of PAPRICAN and
Dr. Martin Fairbank of Abitibi-Consolidated. While it is impossible to present all these results here,

the following text provides an overview of the progression of the project and its key findings.

The goal of this study was to use MVA to understand the correlations and trends that are inherent to
Thermo-Mechanical Pulp (TMP) mill operation, in order to determine which upstream parameters
are most likely linked to newsprint quality. The case study was a TMP newsprint mill in Eastern
Canada, which experiences short- and long-term variations in final paper quality. As is the case with
most MVA studies of existing operations, in the absence of a designed experiment all results were

dependent on the natural variability pre-existing in the dataset.

Modern mills are faced with a new challenge, namely a glut of process data captured by millwide
data historians. While theoretically a gold mine of information on the inner workings of the
different unit operations, in practice it is often difficult to show trends and relationships connecting
the different sections of the mill. Missing, sparse and/or poor measurements are partly to blame, but
another equally important reason is the multivariate nature of the TMP mill itself and the difficult

task of identifying and quantifying nonlinear relationships.

Studying one or two variables at a time is a fruitless task, because the operating parameters, pulp
measurements and final paper quality are connected in such a way that the interactions between them
are as important as the variables themselves. To be properly understood, the different variables in a
TMP mill must be studied in combination. One method is the statistical technique known as
Multivariate Analysis, or MVA. Like all so-called “black-box” methods, which rely only on inputs
and outputs, it has the pitfall of blindly attributing correlations between variables without any regard

whatsoever for the actual underlying process.

MVA works by reducing the dimensionality of large datasets, to make them more manageable and
hopefully more understandable. The advent of modern computing power has made it possible to

apply MV A to millions of data points, and it has been used in a variety of industrial sectors (Mason
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and Young, 2004) including pulp and paper (Strand et al., 2001; Lupien et al., 2004; Saltin and
Strand, 1995; Nobleza, 1997, Browne et al., 2004).

The case study mill has four operating TMP refining lines, two paper machines, and over six
thousand data collection points or ‘tags’, of which several hundred are directly relevant to the
papermaking process. At the start of the project, the data historian had been operating for almost
three years, with some process values logged every second. Thus, the choice of variables and time

periods for the project was virtually infinite.

The choice of timescale was likewise basically infinite. Previous papers on TMP operation had used
a variety of timescales, ranging from monthly averages to instantaneous readings (Lupien et al..,
2001; Saltin et al.., 1995; Shaw, 2001; Strand et al.., 2001). Theoretically, MV A models of the case
study mill could be created using yearly averages, or second-by-second data, or any time increment

in between.

The first order of business was to create some exploratory MV A models, using previously published
examples as a guide. For the most part, data pre-treatment was done in EXCEL prior to
downloading the data into the MVA software, SIMCA-P (version 10) from Umetrics AB. Starting
with daily averages on a single TMP refining line, various initial models were created to compare:

e Large versus small number of variables

¢  Principal Component Analysis (PCA) versus Projection to Latent Surfaces (PLS)

e  Summer versus winter

e High-production periods versus low-production periods

The quality variables used were pulp freeness and fibre length, measured by the on-line automated
PulpExpert unit at the outflow of the latency chest. Both are known to play a critical role in final
paper strength (Saltin and Strand, 1995; McDonald et al., 2001), the main newsprint characteristic of

interest to the mill.

One of the benefits of MVA is that it differentiates very clearly between those variables which
contributed much to the model, and those that contributed hittle. The results of the earliest models
allowed us to hone in on certain TMP refiner variables that were closely associated with freeness
and fibre length: throughput, specific energy and plate gap. At this stage, however, we only had a
preliminary notion of how to model a TMP refiner with MV A, which would later be improved as

other factors like data pre-processing were considered.
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Wood chips, being the main raw material, received much attention early in the project. The mill has
a maximum two-day chip pile inventory, such that there is little or no buffering of incoming chip
variability, making the entire process highly susceptible to fluctuating chip quality. The mill
operates on 100% wood chips, using a combination of black spruce and balsam fir. The mill has
minimal chip inventory, and a variety of outside chip suppliers. Often the exact source and
softwood species are unknown. Size, density, and humidity are measured in a lab using grab samples
collected every 8 hours at the chip silo feed conveyor, which feeds all four TMP refiner lines. Size
distribution is measured with a Gradex unit at the chip receiving lab; other parameters are measured

manually in the laboratory.

PCA on the TMP feed conveyor data yielded a combined Q of 20%. There was only one principal
component, very strongly correlated with season:
. Higher in summer: chips longer than 5/8 in.

. Higher in winter:. chips shorter than 3/8 in.; chip density; chip moisture.

These trends were already obvious from the raw data, and make sense physically. The interesting
point is the lack of any other components, indicating no other statistically significant correlations
between the chip properties. This may be partly due to the sparseness of the data, with few
measured parameters and only three grab samples per day. Little or no information was available on
the wood species, freshness of the wood, the age of the tree, chipper type or other factors which can

impact on final pulp quality (Nobleza, 1997, Wood, 2001).

No significant correlation was found between the measured chip characteristics and the mainline
pulp quality, other than the above-mentioned seasonal variations. These findings would indicate that
the chip quality data are too sparse and limited to be useful for this kind of statistical analysis, and
confirm the need for better measurement tools for incoming chips such as optical scanners (Smith
and Derby, 2004).- Note that several on-line woodchip monitors are under development in Canada,
though none is yet commercially available (Ding et al., 2005; Bédard et al., 2003; Laperriére et al.,
2004; Lanouette et al., 2003).

To better characterise the seasonal trend, latency chest pulp quality parameters were compared to the
average monthly temperature from a nearby Environment Canada meteorological station. A time lag
of 60 to 80 days was found, depending on the pulp parameter in question. For example, average
fibre length, which varied from 1.2 mm to 1.5 mm throughout the year, was compared to ambient

temperature in a cross-correlation plot. The highest coefficient, and hence greatest correlation,
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occured when temperature is shifted by about 80 days relative to the fibre length. This trend
confirmed statements by mill personnel that the most typical “winter” operating conditions occur in
March, and the most typical “summer” conditions are in August, a lag of about 60 days. This is
thought to be due to the time from tree felling to chip use. Theréfore, the time periods selected for
the rest of the study were the months of March and August over two consecutivé years, 2003 and

2004.

Before proceeding further, we had to select the definitive list of product quality variables for the
study. Several dozen measurements are done routinely at the mill on the ﬁnél newsprint. Some are
continuous, but those of chief interest are measured only once per reel by an off-line automated
Autoline unit. Based on conversations with mill personnel, internal discussions, review of the

literature, and our own MV A modelling to that point, we selected the parameters listed in Table 4.1.

Table 4-1: Dependent (Y) variables used to generate PLS models.

Variable Unit Time between
measurements

Paper Properties (Autoline)

Tear MD (index) mN/(g/mz) 45 min

Tear CD (index) mN/(g/m°) 45 min

Bursting strength (index) kPa/(g/m’) 45 min

TSI MD kNm/g 45 min

TSICD kNmv/g 45 min

Permeability to air (indicative of porosity) mL/min 45 min

Lint.ing (black adhesive patch examined for fine surface % 45 min

particles) — Top

Linting — Bottom % 45 min

Pulp Properties (PulpExpert)

Canadian Standard Freeness mL 60-120 min

Average fibre length (length-weighted) mm 60-120 min

5(1)12)6; Zg}?tsgzeﬂegrées n?)s small enough to pass through % (mass) 60-120 min

Pulp samples at the mill are automatically analysed roughly every 60-120 minutes, as shown in

Table 4.1. The sampling itself only lasts some 30 seconds, so these are grab samples and not
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composite samples. Along with the inevitable measurement error and calibration issues, this tends

to create much variability from one reading to the next.

Note that, in addition to freeness and fibre length, fines content was added to the list of pulp
characteristics, largely based on its pertinence to linting. Fines content has also been reported to be
critical to paper strength, since fine particles can enhance inter-fibre bonding when the fibres are

insufficiently developed (Law, 2005).

Even though they each receive exactly the same pulp feed, the two paper machines are of slightly
different design and are operated independently. We therefore elected to do separate models for
each machine. Likewise, past experience had shown that it is best té do separate MIMO models for
each group of related Y’s: paper strength (5 variables), permeability (1 variable), and linting
(2 variables).

Pulp refining is a highly complex process using a biological feed material, so fundamental models to
date have been semi-empirical in nature (McDonald et al., 2004). Excessive refining intensity can
damage fibres, even when specific energy and freeness appear normal, leading to reduced fibre
length and tear strength (McDonald et al., 2004). When the refining intensity is high, the desired
freeness is achieved through fibre cutting instead of fibre development, resulting in the type of gain
reversion described by Roche et al. (1996). In a conical refiner it is difficult to model refining
intensity directly, as no equations analogous to the Miles and May model have been published for
this type of refiner. The goal was therefore to model refining intensity indirectly, if possible, using

existing measured variables.

Refining intensity is defined as the specific energy delivered per refiner bar impact. For a given
plate configuration and disc rotation speed, it is largely a function of refining consistency (Roche et
al., 1996). This is an inverse relationship, since greater consistency means a longer residence time
between the refiner plates and hence more bar impacts for a given specific energy. Refining
intensity in the secondary stage has been shown to have a significant impact on softwood pulp
quality (Miles, 2003; Lama et al., 2004), so it is generally desirable to have lower refining intensity

in the second stage to avoid excessive fibre cutting.

At the case study mill, the individual plate ages are continuously logged in the data historian, and so
were readily available for use in the models. During their lifetime, the bars on the plate surface are
gradually worn down, affecting the process dynamics. Less energy is required with an older plate,

but the refining intensity is higher because the plate gap is smaller, resulting in more damaged fibres
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(Croteaun, 1993). Normally, therefore, one would expect shorter fibres and more fines associated

with older plates.

Based internal discussion, review of the literature, and our own MVA modelling we selected the

TMP refining parameters listed in Table 4.2.

Table 4-2: X variables used to generate PLS models

Variable Unit Time between
measurements

Production rate (proportional to feed screw rotational vd 1 second

speed)

Number of TMP lines in operation - 1 second

1° & 2° specific refining energy kWh/t 1 second

1° & 2° blowline consistency (calculated with simple 9% solids 1 second

mass/energy balance)

1° & 2° plate age H 1 second

Standard deviation of motor loads (1° & 2°) MW 1 second

Reject refining specific energy kWh/t 1 second

Reject plate age h 1 second

Tuming to the question of process dynamics, the first point to consider is that final paper quality is
tested using small strips at the end of each reel. This is unavoidable, because newsprint is sold in
long continuous sheets, which would be destroyed by intermittent cutting. This means, by
definition, that any MVA models constructed using these data will be limited to long-term
fluctuations in paper quality, and totally blind to shorter-term fluctuations such as would occur

within a single reel.

As it happens, newsprint variations tend to be long term, due to the buffering effect of control loops.
However, the question remains whether even these slower trends are adequately represented by the
data actually collected. Following the technique recommended by Croteau et al. (1993), we studied
the power spectra of all the paper characteristics of interest, using one-hour averages. We found that
three-quarters of the variability in tear strength occurred at a frequency below 0.1 cycles per hour,
i.e., at a time constant above 10 hours. Similar plots were found for all the paper parameters under
study. Over 95% of the variability was below 0.4 cycles per hour, i.e., longer than 2.5 hours,

probably due to control loops at the paper machine. These control loops maintain constant paper
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weight, thickness and moisture content, and reduce short-term variations in paper strength. These
results would suggest that the slower trends in final paper quality are indeed adequately represented,

and that this sampling frequency is sufficient for our purposes.

Theoretically, it—is possible to create MV A models using data extracted at 1-second increments. This
would have required some form of interpolation for intermittent measurements, such as the 2-hour
pulp quality grab samples, an extremely gross approximation. The use of the previous recorded
value is also of no use in this case, since MVA looks for variables which tend to move at the same
time, and would be “fooled” into thinking that a major process shift is occurring every two hours or
so. The same argument applies, to a lesser extent, to shorter averaging time scales such as 1 minute
or 10 minutes. To perform MVA at such a timescale, much more frequent pulp sampling would be
required. Residence times in the different unit operations would also have to be known to an
equivalent precision, to ensure that all time lags and time constants are accounted for during the data

pre-processing.

To avoid such extreme interpolation between real measurements, we selected three timescales for
the study. The shortest, a 1-h average, was selected because it is in the same order-of-magnitude as
the pulp sampling period (60-120 min) and the paper sampling period (45 min). It is also close to
the 45-min retention time in the all-important latency chests, the large holding tanks at the end of
each refining line where refined fibers are given the time to disentangle. The second timescale, an 8-
h average, was chosen to represent a typical workshift. It also corresponds roughly to the overall
once-through retention time of the entire TMP mill (6-7 h). The third timescale, a 24-h average,
simply represents one day of production and has been used by other authors (Ortiz-Cordoba et al..,
2006; Lupien et al.., 2001; Saltin et al.., 1995). The 8-hour and 24-hour means were calculated from
our own 1-h database, with production stoppages and other process upsets already removed, rather

than directly from the data historian where such outliers would have skewed the values.

When applying MVA to raw data from an industrial facility such as a pulp and paper mill, it is
critical to select and pre-treat the data adequately. MVA is a black-box statistical technique, entirely
data-driven. As a least-squares method it is inevitably drawn to overemphasising extreme values

such as large process fluctuations, at the expense of normal operating conditions.

Early in the project, some initial data pre-processing was carried out to compare various options,
including averaging methods. For instance, medians were found to give better MVA results than

means, possibly because they are less influenced by extreme values. Unfortunately, though, the data
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retrieval system at the case study mill did not offer this option, so the arithmetic mean (‘average’)

was used for the remainder of the project.

Some of the specific energy values encountered in the data historian were nonsensically high,
sometimes by two orders of magnitude. This appears to have been caused by automated calculations
using a near-zero values in the denominator. For the purposes of this project, therefore, all specific

energies were calculated directly from the values for motor load and throughput.

Freeness is often linearised by taking its logarithm, as was done in a previous MV A paper (Browne
et al., 2004). To determine whether linearisation of freeness data was appropriate for the TMP
operation being studied, MVA models using both the logarithm and the original values were
compared. Virtually no difference was found. The most likely explanation is that within our dataset
the freeness only varied betweeﬁ 200 and 250 mL, which is too small a range for the non-linearity to

show itself. We therefore used the original freeness values.

A major challenge in this study was the regular starting and stopping of the TMP lines, due to built-
in over-capacity relative to the papermaking section. Direct use of the raw data would have yielded
meaningless MVA results, since the algorithm would attribute most of the correlation to the
start/stop phenomenon, and not to actual changes in the process during normal operation. The main
cause of production disruptions at the case study mill is built-in overcapacity relative to the paper
machines. When less pulp is needed, one of the four refining lines is temporarily shut down, such '
that the mill is operating with only three or fewer refiner lines about 70% of the time. All four lines

are subjected to these shutdowns.

To counter this and other problems, we subjected the raw data to the step-by-step approach outlined

in Figure 4.1.
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Figure 4-1: Overall data pretreatment strategy applied to TMP historical data.

Using August 2003 as a reference time period, two options for dealing with low-production periods
were compared. As shown in Figure 4.2, removing periods where the mean production was below
the threshold was found to be inadequate. The mean in this case disguised short periods of low

production.

‘Minimum’ production, as opposed to mean production, refers to the smallest value recorded on a
second-by-second basis within any one-hour period. A threshold of 200 t/d was selected because the
TMP operators never intentionally operate the refiners below this rate. Using the more stringent
minimum test resulted in a much clearer picture of the overall periods suitable for further study

(Figure 4.2, bottom graph).
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To complete the comparison, PLS models were generated using the various datasets listed in
Table 4.3. The Q° shown is a combined metric for all three dependent (Y) variables, namely latency
chest freeness, fibre length and fines content; the results obtained would be different if each

dependent variable had been modeled separately.

PCA differs from PLS in that it treats all variables the same, rather than dividing them into X’s and
Y’s. Two PCA are particularly useful for identifying outliers, ‘score’ plots which show how each
observation fits within the model space relative to all the others, and ‘Distance-to-Model’ plots
which show how far each data point had to be projected to be included in the model. To eliminate
subjectivity in interpreting these plots, only points falling outside Hotelling’s T? (95-percentile) were
considered outliers. The Simca-P software shows this threshold as an ellipse on the score plot, and as

a horizontal line on the distance-to-model plot.

Table 4-3: Results for PLS models generated from refining line data, with
different hours excluded

Dataset Overall # of Comments
Q’ Comp.?

All hours 22% 5 Dominated by start-up & shutdown

- minus outliers’ 41% 5 Dominated by start-up & shutdown

Mean < 200 Start-up & shutdown still strongly evident
39% 5

removed

- minus outliers 39% 4 Start-up & shutdown still strongly evident

Min. < 200 o Minimal evidence of start-up & shutdown
40% 4

removed .

- minus outliers 41% 4 Option retained

" Rows marked “- minus outliers” indicate that both types of PCA outliers were removed.

2 The column identified as “# of Comp.” refers to the number of significant components found,

based on the best cumulative Q>

Thus, the PLS results for August 2003 confirmed that the best option was to remove a priori the
periods with minimum production below the threshold, and then take out the outliers using PCA.
However, the differences between some of the Q2 values are slight, and in the case of “Mean < 200
removed” there was no appreciable difference when the outliers were removed. It was therefore
necessary to investigate further by examining the actual nature of the datapoints that were removed

in each case.
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Using the MV A contribution plots for these points, it was possible to determine which variables had
caused them to break with the overall correlational structure. The few dozen distance-to-model
outliers were mainly due to changes in pulp parameters that were uncorrelated with the other
variables, or to fluctuations in steam pressure drop across the refiner, possibly indicating temporary
obstructions to counter-current steam flow between the refiner plates. Overall, this small number of

outliers appeared to represent unusual operating conditions.

To test the effectiveness of MV A for detecting known outliers, a PCA model was created using all
variables and datapoints, including low-production periods, for each of the four months under study.
The data points identified using Hotelling’s T ellipse (95-percentile) often corresponded to the
periods of low production, but not always. More importantly, some low-production periods were not

detected at all.

Exponentially Weighted Moving Average (EWMA) is the most widely used form of filtering in the
chemical process industries. Figure 4.3 shows plots of the original primary and secondary motor
loads for August 2003, overlaid by the filtered signals for two different values of alpha in EWMA.

Alpha is the weighting, between zero and one, given to the previous value in the sequence.

The lower value of 0.5 was the point at which smoothing started to become visibly apparent on the
plots. The upper value of 0.8 was chosen because it yielded the smoothed curve that fit the original
data the best, admittedly a somewhat subjective evaluation. At alpha values above 0.9, the curves
became visibly over-fit. Note that with an extreme alpha (> 0.99), all signals begin to resemble a

straight line.
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Figure 4-3: Filtered vs. original motor load signals for August 2003, showing

smoothing effect of exponentially weighted moving average at
different alpha values.

The results of the various PLS models for August 2003 are shown in Table 4.4, along with the
combined Q” value for the three dependent variables (freeness, fibre length and fines). In all cases,
components numbered 5 and above contributed little or no incremental gain to the overall goodness

of fit, and may therefore represent random noise in the data. The improvement in goodness of fit
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when EWMA is applied is striking, with a jump in Q” from 41% to 61% simply by using an alpha of
0.8.

Table 4-4: Comparison of PLS results for different data filtering methods

Filtering option Overall Q* # of Comp.’
No filtering 40.63% 4
Trim / winsorize 40.56% 4
EWMA, a=0.5 50.13% 3
EWMA, a=0.8 60.75% 2

" The column titled “# of Comp.” indicates the number of components required to achieve an
overall cumulative Q equivalent to that of the “No filtering” case.

Trimming and winsorizing are automated features of the Simca-P software (Umetrics, 2002), and
serve to remove extreme values. The trimming/winsorizing step entailed the removal of the top and
bottom 1% of values for each individual variable, and their replacement with the value at the cut-off
point. Since these features are routinely employed by MVA users, they were included in this study
for the sake of comparison. This option had little impact on the results. This was not surprising,
since intuitively this method does not seem suited to time series data, where the most extreme values

might be due to process shifts and not aberrant measurements.

In order to combine the four TMP refining lines and two paper machines into a coherent MVA
model, it was necessary to consider the quality of the data for each section. The final variables, with

all production lines combined together, are shown in Figure 4.4.
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Figure 4-4: Structure of PLS model showing X and Y variables.

As shown in Table 4.5, the data for pulp quality was relatively poor. In contrast to the pulp, for
paper the number of variables tested automatically is much higher, and there is a certain degree of
redundancy among the numerous strength tests. However, measurements are still relatively
infrequent. Tests are performed on a 30-cm wide strip at the end of each reel, again a small grab
sample, corresponding to a period of roughly every 45 minutes. For the purposes of this study, the
following paper parameters were used: tear strength, burst strength, TSI and permeability (porosity).

These were selected based on preoccupations at the case study mill, and known relationships with

the parameters tested in the pulp.

Table 4-5: Rich vs. Poor Data Sources at Case Study Mill

Data Source Frequency of Number of Variables Richness of
Measurement Data
Wood chip quality Grab sample A few physical Very poor
. every 8 h characteristics
TMP mainline operation Once per second | Large number of energy, Rich
pressure and flowrate
measurements
Reject refiner operation Once per second | Some key variables missing; | Rich
must be calculated
Pulp quality — latency Grab sample Limited to freeness, fibre Poor
chest every 60-120 length and fines
min
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Data Source Frequency of Number of Variables Richness of
Measurement Data
Pulp quality — stock prep. Grab sample Limited to freeness, fibre Poor
every 60-120 length and fines
min
Final paper quality Grab sample Many variables with much Intermediate
every 45 min redundancy, esp. for paper
strength

Sparser still are measurements on the incoming chips, tiny grab samples which are taken from the
main conveyor belt only every eight hours. Furthermore, the tests performed on the chips are
limited to density and moisture measurements, a rough size distribution, and rot content. 'Apart from
very long term trends, such as season-to-season, these chip data were far too limited to be useful for

predicting final paper quality.

In stark contrast, the mainline refining and reject sections are rich in frequent, plentiful data. The
refiners and ancillary equipment are highly instrumented, with many operating parameters measured
continuously. Fast variables, such as motor load, are logged in the data historian once per second,
providing a very large amount of process information. However, these data present some important
challenges:

¢  Certain critical operating parameters go unmeasured, e.g., refining consistency.

e  Variables are not in a form corresponding to known process fundamentals.

¢ Measurements are subject to instrument drift and calibration problems.

e Frequent start/stop of refiners.

¢ Gradual effect of equipment wear, such as plate age.

e Presence of process lags.

Some of these challenges, like instrument drift and equipment wear, are true of any TMP mill.

Others, like lack of refining consistency measurement, are specific to the case study mill.

Despite these challenges, it should be possible to exploit the richness of the refining data to model
pulp and newsprint quality. Because MVA is a linear technique, however, it is necessary to modify
the variables to correspond better to the underlying process. TMP refiner operation is dominated by
two non-linear terms: specific energy and refining intensity. Both must be calculated from other

variables.
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Specific energy is the central parameter of refiner operation. It must be high enough to ensure fibre
separation and defibrillation, but low enough to avoid excessive fibre cutting which can adversely
impact the strength of the final paper (Roche et al., 1996). Specific energy is not controlled directly,
but rather indirectly via the manipulated variables of throughput, dilution flow and plate gap. It is
relatively easy to calculate, since motor load is very accurately measured. Production rate is known

from the volumetric feedrate, although the latter is susceptible to fluctuations in chip density.

Refining intensity is much more difficult to measure in an industrial refiner. At the case study mill,
refining consistency is not measured directly in real time, but for Line 1 an on-line calculation is
made available to operators based on a simple mass/energy balance. By comparing the equation in
the DCS logbook to real production data, it was possible to deduce the coefficients and extend this

calculation to the other three lines.

A very important, and sometimes overlooked, part of any TMP mill is rejects réfining. Because the
case study mill experiences frequent starts and stops on the four main refining lines, the throughput
at the presses, and ultimately the reject refiners, is continually changing. Partly to compensate for
this, the operators tend to increase the reject rate from roughly 30% to 40% after a line stoppage,
meaning that the fibre length distribution of the pulp entering the reject refiners varies over time.
These adjustments are made manually and not automatically, so there tends to be a lag of several
hours. Combined with occasional stoppages of the reject refiners themselves, this situation results in

a highly variable and poorly controlled reject refining.

Unfortunately, the measurements at the reject refiners are insufficient to calculate the consistency,
which could serve as an indicator of reject refining intensity. However, it is possible to calculate the
specific energy at the reject refiners, by adding the motor loads of the two reject refiners (they
operate in parallel) and dividing by the throughput. The latter was estimated by simply multiplying
the reject rate (%) by the total production of the four main lines (t/d). The specific reject refining
energy that was thus calculated showed a very large variability from hour to hour, ranging from
800 kWh/t to over 1400 kWh/t. By looking at the original data, we concluded that this variability
was due to fluctuations in both the numerator (motor load) and the denominator (throughput).
Sometimes one of the two reject refiners was stopped, but the number of reject refiners in operation

was not always a function of the number of working TMP lines.

Though based on several assumptions, this estimate of specific reject refining energy showed

significant correlation with the pulp quality at the refined rejects outlet, much more so than the
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original variables did. This was true for both bivariate (cross-correlation) and multivariate (MVA)
statistical tests, as shown in Figure 4.5 for fibre length. Note that the calculated specific reject
refining energy dominates the MVA plot in 4.5b (second column from the right) despite the presence

of the original variables from which it was directly calculated.
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In each case, the amount of variability explained is not particularly high: a correlation coefficient of
31% in one case, and a Q” of 14.5% in the other. This is not surprising, since reject refining is only
part of the overall picture. The point is that these correlations, though small, are statistically

significant as indicated by the 95% confidence limits on both plots.

MVA is not a time series technique, and treats all observations as separate events. Process lags must
therefore be synchronized beforehand. At the case study mill, the process lags for the mainline pulp
are not constant because of changes in tank levels. However, for the purposes of this study the
monthly average lags between unit operations were used. These were estimated by comparing cross-
correlation curves, in this case for fibre length measured at different points in the process, as listed in

Table 4.6.

Table 4-6: Average process lags used in PLS model, based on cross-correlation
curves for average fibre length at various locations, for August 2003.

Location Lag

Based on cross-correlation curves:

Headbox feeder tank Oh
Disk filter feed -2h
Refined rejects outlet . 3h
Primary screen accepts -5h
Outlet of latency chests Sh

Assumptions, by simple extrapolation:

Final paper Oh
Reject refiners -Sh
Primary and secondary refiners -6 h

An attempt was made to link process lags to high density tank levels, but no statistically significant
relationships could be found, probably due to the small number of datapoints available for any given

tank level.

To model the final paper quality, it was necessary to combine all the different TMP sections into a

single model. Our reasoning was to mimic as closely as possible what the pulp itself actually
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experiences, namely a total mixing of all TMP refining lines, plus the reject lines, with process lags

and a dampening high-frequency fluctuations.

Initially, we created models in which the four TMP lines appeared separately. It became apparent
that this approach led to serious problems. The models were exceptionally hard to interpret, because
they tended to reflect the idiosyncrasies of the four individual lines, rather than the entire upstream
effect on the pulp and newsprint. Thus, one week Line 1 might dominate, whereas for a different

week it might be Line 3. Not surprisingly, these models tended to be weaker overall.

Before combining the four main TMP lines, each was first treated individually by removing all
shutdown periods. Any hour during which the minimum production rate was below the threshold
was systematically erased. The hour itself was not removed, but the values for production, specific
energy and consistency were replaced with blanks. Combining the four main lines, therefore,
consisted in taking the average of just those lines that were in operation for any given hour. This
technique completely eliminated the effect of starts and stops, while giving the correct weighting to

the lines in operation.

In the case of plate age this approach was unnecessary, because the plates do not age when the line is
shut down. The ages for all four lines were simply added together. In order to differentiate between
the different kinds of refiners, the four primary refiners were considered as one group, the four

secondary refiners as another group, and the two reject refiners as a third group.

Due to frequent grade changes, the original plots of the tear and bursting strengths showed abrupt
shifts not related to the upstream TMP process. This would have destroyéd any chance of linking
these two parameters to the refining section Dividing these two parameters by the basis weight, to
create an index, greatly reduced this effect, underlining the importance of studying the original data
before doing any MVA. Permeability was also clearly linked to basis weight, but in this case
indexing was not helpful so the models were limited to periods of 45-g/m’ production (roughly two-

thirds of the hours) but only for this parameter.

Using this approach, it was possible to link pulp quality back to the TMP operations, including the
reject refining, as shown in Table 4.7.  When using real process data, it is common to have Q°
values in the range of 40%, i.e., the model explains with statistical significance 40% of the Y
variance. The unexplained portion of the variance corresponds to unmeasured (or unmeasurable)

process variables that impact the paper quality.
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Table 4-7: Summary of PLS models obtained using hourly averages for month of

August 2003
PLS Model Number of Q’
Components
Pulp Quality (freeness, fibre length & fines content) 5 38%
Paper Strength (tear, burst & TSI) 3 47%
Porosity (permeability to air) 3 69%

Table 4.8 shows the TMP and reject operating variables associated with each of the dependent

variables, in other words which X variables were grouped by the PLS model with the Y variables.

For the most part, the trends that we found correspond to what would be expected for a typical TMP

operation.
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Table 4-8: Pulp Quality Model - TMP and reject refiner operating variables (X
variables) most associated with each dependent (Y) variable. August

2003.

Sampling location

Y variables

X variables showing strongest correlation
within PLS model

Higher freeness

Lower specific energy in reject refiners.

Outlet of
rejects tank

refined

Higher
length

average

fibre

Lower overall specific energy; lower refining
consistency; older plates.

Higher fines content

Higher overall specific energy; higher refining
consistency; newer plates; fewer TMP lines in
operation; higher motor load standard deviation.

Higher freeness

Lower overall specific energy; lower refining
consistency; older plates.

Primary screen

accepts

Higher
length

average

fibre

Lower overall specific energy; lower refining
consistency; older plates.

Higher fines content

Higher overall specific energy; higher refining
consistency; newer plates; fewer TMP lines in
operation; higher motor load standard deviation.

Using this multivariate approach, we were also able to find correlations between the upstream

operations and the final newsprint. Table 4.9 shows which TMP and reject operating variables were

statistically linked to each of the paper quality parameters. Again, the results are consistent with

expectations.

Table 4-9: Pulp Quality Model - TMP and reject refiner operating variables (X
variables) most associated with each dependent (Y) variable. August

2003.

Y variables

X variables showing strongest correlation within PLS model

Higher tear strength

Higher overall specific energy; higher refining consistency; newer
plates; more TMP lines in operation.

Higher bursting strength

Higher overall specific energy; higher refining consistency; newer
plates; more TMP lines in operation.

Higher TSI

Higher overall specific energy; higher refining consistency; newer
plates; fewer TMP lines in operation.

Higher
(permeability to air)

porosity

Lower overall specific energy, esp. at reject refining; lower refining
consistency; older plates; more TMP lines in operation.
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The next phase was to study the temporal and spatial resolution of the model structure. Building on
this previous work, we compared different timescales and combinations of unit operations, to
determine which yield the best process simulations. To answer this question, we planned series of
runs using data from different sections of the mill, different months, different years and different
paper machines. These are listed in Table 4.10. Each PLS model had exactly the same, but with
different Y’s depending on the trial.

The detailed results of each trial are given in Appendix XII. The first set of graphs are the timeplots
for each X and Y variable as used in the model. The next set of graphs are the PLS scores and
loadings for each individual scenario from Table 4.10. Possible interpretations of the different
components have been added to the plots, based on process knowledge and experience using the

PLS algorithm.
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The results of the PLS simulation technique for each process scenario are summarized in Table 4.11.
As we would expect, the best models were for the pulp sampled immediately downstream of the
refining section, followed closely by the pulp from further downstream. The only exception is
August 2004, where the downstream pulp shows a slightly higher Q*. The newsprint quality models
were somewhat poorer, very much so in some cases. Among the newsprint models, paper strength
gave the best models, with a greater number of components, indicating a higher degree of detail.

However, porosity and linting also showed fairly good models in many cases.

Table 4-11: Summary of one-hour PLS models obtained for entire grid, showing
range of results

Type of PLS Model | Number of Range of Q2 Dominant upstream parameters
(Y variables) useful (X variables)
principal
components
Pulp Quality — Outlet Plate age, specific energy,
of pulping section 4105 38% to 64% consistency, motor load variability
° ° | (Reject Specific Energy quite
prominent)
Pulp Quality — Feed Plate age, specific energy,
to papermaking 4105 33% to 68% consistency, motor load variability
section ¢ (Reject Specific Energy quite
prominent)
Paper Strength Specific energy, plate age, # of lines,
(both machines) 3t05 20% to 54% consistency, motor load variability
Porosity Plate age, specific energy, # of lines,
204 17% t0 63% instability, motor load variability
. Linting Specific energy, consistency, plate
(August 2004 only) 2t04 38%to0 52% | 2&°

There appears to be a link between the quality of the pulp models for a given month, and the quality
of the corresponding paper models, although this trend is by no means linear. It is well known that
certain pulp parameters are determinant for paper quality (Law, 2005; Saltin and Strand, 1995;
McDonald et al., 2001) but because of infrequent measurements taken by automatic samplers, an
occasional lack of direct correlation is to be expected. In fact, in some cases the paper models were

actually better than the corresponding pulp model.



60

In general, the 1-h models were the best (highest QZ) and most detailed (highest number of
components) followed by the 8-h models, and then the 24-h models. The 8-h models had a similar
overall structure to those for 1 h. However, there tended to be fewer components, indicating a less
detailed model. The dominant X’s (those with the highest PLS weightings, known as ‘loadings’)
tended to be very similar to the 1-h case, meaning that little or no new information about the process

could be gleaned at the 8-h timescale.

For the 24-hour averages, the Q% number of components and dominant X’s tended to be quite
similar to the 8-h case. However, the uncertainty bars are much larger, sometimes many times the
size of the PLS loading itself, no doubt because so few points were used to create the model. For
some of the 8-h and 24-h models, zero components were found, i.e., no statistically significant PLS
model could be generated. This is despite the fact that significant models had been generated using
the 1-h data. In such cases it seems that the use of the longer timescale destroyed the useful

information within the dataset, perhaps by filtering out any interesting trends.

In two cases, the Q” for porosity was highest at 8 h, but in two other cases the opposite was found,
namely the 8-h model was the poorest compared to the 1-h and 24-h models. When plotted against
time, porosity shows a great deal of variability, much more so than for strength or linting. It would
appear that this parameter’s idiosyncratic behavior from one month to the next determines which

time increment will yield the best model.

Because these were real operating data, with no experimental design of any kind, it is possible that
some of the correlations were attributable to mere coincidence. We therefore used time-series and

other mathematical techniques to evaluate the accuracy of our models.

Two examples of possibly coincidental results were considered. The first, involving a plate change,
appeared to be a genuine correlation with paper quality, based on various time-series analyses, and a

comparison of differently structured PLS models drawn from the same database.

The second example from Table 4.10 is “Paper Strength, Machine B, 1-h, August 2004”. The
original model had a Q2 of 37% with 4 components. However, it can be seen that there is a
calibration problem with Tensile Stiffness Index (TSI) during that month, as shown in Figure 4.6.
Only the ‘“Machine Direction’ values were affected (i.e., measured in the longitudinal axis of the
paper sheet), whereas the paper machine ‘Cross Direction’ (perpendicular) measurements seem

unaffected.
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The first component shown in Figure 4.7 makes it clear that coincidence is at play. Plate age
dominates, but all the other variables that are known to be critically important to the process (such as
specific energy) are greatly under-represented. This would suggest that the routine changing of the
plates that occurred during the month has been spuriously correlated to Tensile Stiffness Index. To
remedy this problem, we redid the model using only the data points before the calibration shift. The
results are shown in Figure 4.8. This not only improved the Q?, but also resulted in a much more
logical first component, in which the specific energies and consistencies are prominently correlated

with overall paper strength.



62

Ju&mp‘ in Mb measurement...does
not correspond to plate change or

any other obvious cause

Tensile Stiffness Index (kNm/g)

1 29 57 85 113141 169 197 225 253 281 309 337 365 393 421 449 477 505 533 561 589 617 645 673 701 729 757 785
Elapsed time in hours

Figure 4-6: Calibration problem with TSI, Machine B, 1-h, August 2004.
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Figure 4-7: Component 1 loadings for Paper Strength, Machine B, 1-h, August
2004. Using corrupted TSI values
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Figure 4-8: Component 1 loadings for Paper Strength, Machine B, 1-h, August
2004 Using correct values. Q*=53%/5 components

One goal for using MVA would be to automate the control of the TMP refiners to achieve the
required pulp quality. Data from the papermaking section (longer loop) could be used to update the
setpoints for pulp quality (shorter loop), as has been proposed in several commercial applications
(Strand et al., 2001). To this end, it is possible to represent a PLS model in the form of a classic
regression equation, even though this is not the real structure of the model but rather a one-off

derivation:
Y =Bo+ BiX; + BoXy + BaXs +

The results for our case study are given in Table 4.12, for August 2003. The coefficients for the
same month of the following year are also shown, along with the percent difference. There is an
enormous change, in the order of several hundred percent for many of the coefficients. Clearly,
then, an adaptive model of some kind would be required to control the process. Based on our
experience, we believe the coefficients would have to be updated at least once per day in order to
follow the process adequately. Also, it would be preferable to have several sets of equations to

cover known process scenarios such as new plates in the refiners.
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Table 4-12: PLS regression coefficients for Bursting Strength in kPa/(g/mz), Paper

Machine A.
Symbel | X variable Coefficients | Coefficients Percent
for August | for  August | difference
2003 2004 2004 vs.
2003

B, Constant 6.8E-01 1.6E+00 133.8%
B, Production rate 8.2E-05 4.6E-05 -44.6%
B, Number of TMP lines in operation 2.0E-02 9.4E-03 -54.0%
B 1° specific refining energy 1.4E-04 7.6E-05 -46.2%
B4 2° specific refining energy 2.3E-04 2.3E-04 -1.1%
Bs Reject refining specific energy 1.4E-04 -7.0E-05 -151.2%
Bs 1° blowline consistency -2.2E-03 -1.1E-02 384.1%
Bs 2° blowline consistency -1.5E-03 3.5E-03 -328.3%
Bo Standard deviation of motor load

1°) -3.6E-01 2.1E-02 -105.9%
Bio Standard deviation of motor load

2% 3.9E-01 2.7E-01 -29.9%
Bn 1° plate age -3.3E-06 1.4E-0S -509.9%
Bz 2° plate age 7.2E-05 -2.7E-05 -137.4%
Bis Reject plate age -5.6E-06 -2.0E-05 249.5%

Again, no bump tests or experimental design were used to generate our models. They were entirely

based on pre-existing production data. It is therefore impossible to know if each variable is correctly

represented. There might be an arbitrary split of coefficient weightings between two variables,

which works well for the case at hand, but would be erroneous under other circumstances.

It is

likely that this explains why the percent differences in Table 4.12 are so large; they contain not only

the difference between the different years, but also some random differences inherent to the method

used.
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CHAPTER 5.0 GENERAL DISCUSSION

Historical operating data, while a promising source of insight, can be difficult to use due to outliers,
noise, and the multivariate nature of the process itself. MVA is a cheap, non-intrusive method for
treating such data, but interpreting the results and avoiding findings that are merely coincidental can

be quite difficuit.

To address the MVA challenges outlined in the previous chapters, we have elaborated an overall
methodology for performing MVA modeling on systems with multiple processing lines and
infrequent product sampling. The major steps are illustrated in Figure 5.1, and described in the

paragraphs that follow.
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Figure 5-1: Proposed overall methodology for MV A modeling with multiple
processing lines and infrequent product sampling.

In summary, the methodology consists in defining the modeling objective, studying product data,
building a suitable model structure using known process fundamentals, pre-treating the data, creating

the models with MVA, interpreting the statistical results, and finally identifying the limitations of
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the models. The goal is to obtain results that are not only statistically significant, but also physically

interpretable.

Step #1 is to define the objective of the modeling activity, and clearly state the objective of the
model in the context of the process, whether it be estimating the product compositions in a
distillation column, or controlling a wastewater treatment plant. The modeler should use process
and other knowledge to determine whether data is available for the set of X variables likely to affect

the set of Y variables.

Step #2 is to study the dataset for final product quality, before doing any kind of statistical analysis.
Some data sources are ‘rich’, with frequent, plentiful data that represent well the underlying process,
while other data sources are ‘poor’, with infrequent grab sampling, often limited to a handful of
parameters. The richness of the product quality data must adequately reflect the trends of interest.
The most basic question is whether the right parameters are being measured. The type of equipment
used to obtain each measurement must be understood, along with its maintenance and calibration
schedules. Plotting each parameter over time can serve to highlight outliers, noise, missing data,
overly compressed data, and other problems. Power spectrum and other time-series techniques can
be used to ensure that measurement frequency sufficiently represents the variability of each key

parameter.

Step #3 is to choose a base timescale. Modern data historians update the values every few seconds,
but there is no point modelling at this timescale if the product quality parameters of interest are only
measured, say, every few hours. The base timescale must be a compromise between these two
extremes. As required, the user can also select multiples of the base timescale to represent slower
trends in the process, or to correspond to the time constants of certain parts of the plant. The
timescale choice must include a linkage with the overall objectives of the MVA model, such as
whether the goal is fast control applications (thus seconds or minutes) or more long-term product

quality control (hours) depending on the application.

Step #4 is to select key process variables which alone or in a non-linear combination represent best
the process fundamentals. The measurements taken directly from the process instruments are not
always ‘fundamental’, and since MVA is a linear mathematical technique it is important to ensure
that the variables are selected and combined in such a way that the actual underlying process is being

represented as much as possible. This step can require a profound understanding of the process
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being modeled. Merely choosing a list of convenient measurements and putting them together could

result in an MV A model that is statistically significant, but devoid of useful meaning.

Steps #5 through 9 relate to data selection and pre-treatment. These steps include systematically
removing dubious periods of operation such as low production and aberrant process behavior,
calculating derived variables that are representative of the process fundamentals, synchronizing the
data to account for process lags, combining upstream production lines, and filtering. A detailed

illustration of the various steps is presented in Figure 5.2.

Step #5 is to remove all periods of low production and other major outliers, otherwise they will
disrupt any useful information in the dataset. Significantly better PLS models were obtained when

mill data were pre-treated as follows:

e the most stringent removal of low-production periods, namely ensuring that no second-by-

second data point during the entire hour fell below the threshold, and

e major outliers identified on the PCA score and distance-to-model plots were systematically

removed.

Step #6 is to calculate the derived variables, based on the logic described above. For instance, in the
case study, specific refining energy and refiner consistency were not measured directly, and had to

be calculated from other existing variables.

Step #7, synchronization of process lags, is necessary because MVA is not a time-series technique,
and will automatically associate whatever data happen to appear within the same observation.
Process lags can be determined based on flowsheet knowledge, plus time-series techniques such as
cross-correlation curves. In the absence of plug flow, these remain gross approximations, however
for the case study they were deemed adequate given the slowness of the paper quality trends being

studied.
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Step #8 is combining the lines, which is necessary to avoid having idiosyncrasies in any one line
dominate the model; our reasoning was to mimic as closely as possible what the product itself
actually experiences, which in this case is a total mixing of all refining lines before proceeding to the

papermaking section.

In Step #9, filtering is applied. Merely using a one-hour average is already a form of filtering, but
we also applied EWMA filtering to all X and Y variables to smooth out spikes. The filtering
coefficient (o) should be selected to match roughly the overall residence time of the process, again

with the aim of mimicking what the product itself actually experiences.

Steps #10 and 11 are the creation of the MV A models for the intermediate and final product quality

(Y variables) based on the process variables (X variables). With modern software, this part is quite

straightforward.

Step #12 is the interpretatioh of the results with respect to process fundamentals. This is. without
doubt the most challenging part of the methodology, and requires a good deal of process knowledge
and insight into the underlying process principles. MVA models are statistical, and if not built and
interpreted carefully, can give no hint about linkages to the underlying physical phenomena which

are of value to the modeler.

Step #13 is to identify the root causes of variability in the final product quality. Using the models
based on process fundamentals, the purpose is to identify the upstream causes of the variability

encountered in the intermediate and final products, to the extent that the data will allow.

Because MVA is a “black-box” technique, it is very important to determine the limitations of the
results, Step #14, notably with respect to the operating regimes under which they were obtained. We
may also be able to identify data gaps which, if addressed, could shed more light on the causes of
product quality fluctuations. Adding or removing variables from the PLS models, dividing into
shorter time periods, and using time-series techniques can help determine whether the findings are

representative of the process, or merely the result of coincidence.

Although derived from our work on TMP newsprint data, the overall approach could be generalized
to other process applications. The TMP newsprint mill under study can be represented in a generic
fashion, as shown in Figure 5.3. It may thus be described as a two-step process, with a poorly
characterized raw material, multiple upstream processing lines experiencing frequent starts and

stops, and infrequent grab sampling of the intermediate and final products.
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Multiple processing lines, Multiple processing lines
with frequent starts and stops ~(virtually continuous operation)
RAW Proigiing INTERMEDIATE Prii‘:s”s]?ng FINAL
MATERIAL ~P] Step > PRODUCT = > Step —»PRODUCT
(wood chips) (Line 1) (puip) (Machine A) (newsprint)
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Typical timing between measurements

Figure 5-3: Generic representation of the case study mill.

Regardless of the application being considered, to capture the process dynamics adequately requires
an overall approach that accounts for data lags, data filtering, and time averaging. The goal is to lag
and filter the upstream variables in a sort of simulation of the process dynamics, so that they will be

synchronized with each other and, more importantly, the final product properties. °

Dynamics can be approximated by pure time delays, or time lags and time constants. For our case
study, we assumed a overall transport lag from chips to paper of 4-6 hours, and adjusted the filtering
coefficient accordingly. This is a highly idealized assumption, given the lack of plug flow, the
presence of recycle loops, and fluctuations in holding tank levels. Process knowledge, combined
with cross-correlation curves for key pulp parameters, served to estimate the time delay between
various measurement points in the flowsheet. We used averaged values for these delays, taken over
a period of days. For this application, it was unnecessary to represent the dynamics more accurately,
because the paper quality variations under study were mostly long term. If the modelling objectives

were more short term, it might be useful to try to link process lags to the holding tank levels.
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~ Other techniques for dealing with process dynamics with MVA could the use of a autoregressive
model structure, in which previous Y values are included as X variables. This is good for prediction,
but not good for troubleshooting. Another possibility would be to introduce lagged X variables,

which adds complications and may make the model difficult to interpret.

In short, any MV A modeling of industrial production data must deal with process dynamics. Other

observations arising from our work include:

e MVA is a least-squares technique, and thus highly sensitive to outliers. Process lags must
also be taken into account beforehand, otherwise the MVA algorithm will compare

unrelated time periods.

¢ The timescale choice must include a linkage with the overall objectives of the MV A model.
It is important to characterize which data sources are ‘rich’, with frequent, plentiful data,

and which are ‘poor’.

¢ Since MVA is a linear mathematical technique, it is important to ensure that the variables
are selected and combined in such a way that the process fundamentals are reflected as

much as possible.

e Care must be used when interpreting MVA results, such as assigning cause-and-effect

relationships. This is especially true of variables affected by control loops.

¢ No bump tests or experimental design were used to generate our models, which were
entirely based on pre-existing production data. It is therefore impossible to know how

accurately each individual variable was represented.

These results confirm that MVA is a powerful tool for studying process data when provided with a
suitable model structure, data that is free of major outliers and process disruptions, provision for the

process dynamics, and a framework for interpreting the results that relate to physical reality.
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CHAPTER 6.0 CONCLUSION AND RECOMMENDATIONS

Multivariate Analysis (MVA) is widely used for troubleshooting, monitoring and controlling
industrial processes, and has become easily accessible to plant engineers through desktop software
packages. However, this statistical technique remains highly susceptible to the adage “garbage in,
garbage out”. Production data are rife with outliers, instrument drift, starts and stops of key unit

operations, and often product quality sampling is relatively infrequent.

The pulp and paper sector, like many globalized industries, finds itself with an increasingly
demanding clientele who continually expect a better and cheaper product. An important design
strategy for addressing this objective is the analysis of the vast quantity of process and product data
accumulated in plant-wide data historians. Mill processes are multivariate, meaning that the
interactions between the variables are as important as the variables themselves, so to extract the

maximum benefit process relationships must be modeled as a group.

Using a Thermo-Mechanical Pulp (TMP) newsprint mill in Eastern Canada as a case study, we have
developed some general recommendations for the application of Multivariate Analysis to historical

operating data. These include:

. Data pre-processing techniques

. Methods for reflecting non-linearities in the MV A model
. Choice of timescale for the models

. General tests for possible coincidental relationships

One major conclusion was that models generated using an MVA variant known as Partial Least
Squares (PLS) were significantly improved by pre-treating the data, with respect to both statistical
significance and physical interpretability. We recommended an overall approach for applying MVA
to industrial operating data, involving a systematic method for removing dubious periods of

operation such as low production and aberrant process behavior, and filtering of all variables.

While data pre-treatment is clearly essential to successful application of MV A, these methods are
generally compromises, and there is no one single “best” data pre-treatment methodology. However,
in our study the models using pre-treated data were better, whether evaluated using statistical metrics

or qualitative tests.

Periods of low production and other major outliers must be systematically removed, otherwise they

will eclipse any useful information in the dataset.. MVA is a least-squares technique, and is
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inevitably drawn to modeling the most extreme trends in the data. Our case study provided a good
challenge in this regard, because of the poor quality of many of the data sources. Studying ordinary
timeplots is important, because normalisation inflates impact of minor variations. Unfortunately,
data on the incoming wood chips were extremely sparse, and were found to contribute little to the

MVA models.

Exponentially weighted moving average (EWMA) filtering was applied to all variables to smooth
out spikes. The filtering coefficient was selected to give a time constant of 4 h, which matches the
overall residence time of the mill, which is roughly 4 to 6 hours from chip feeding to final paper
rolling. The EWMA filtering has two advantages, the elimination of measurement noise, and

approximation of process dynamics.

One possible explanation for the success of EWMA filtering is that MVA is not a time-series
technique, and treats all datapoints as individual observations regardless of how close or far apart
they are in real time. Filtering with EWMA essentially overlays time-related information onto the
dataset, introducing a dynamic element not present in the original, unfiltered data. By providing the
algorithm with more information about the system, filtering improves its ability to find correlations
between X and Y variables. The filtering did not appear to affect which variables were the most
prominent, suggesting that even with a high level of filtering, the model was still representative of

the original data.

Synchronizing the variables at different points in the process is necessary because MVA will
automatically associate whatever values appear within the same ‘observation’. What we proposed
was to lag and filter the upstream variables to simulate the process dynamics, so that they will be
synchronized with each other and, more importantly, with the final paper properties. Process lags
were determined based on flowsheet knowledge, plus time-series techniques such as cross-

correlation curves.

In reality, transport lag from chips to paper is dynamic because of fluctuating tank levels. We found
it best to use average values, however, because the data proved too sparse to follow the tank
fluctuations over the short term. For the purposes of the case study there was no need to represent
the dynamics more accurately, because the paper quality variations under study were mostly long

term.

MVA models are basically a linear combination of the original variables. To reflect non-linearities

in the real process, it is best to create new variables that correspond to process fundamentals. For
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instance, it is well known that certain pulp parameters are determinant for paper quality, such as
specific energy, which is the central parameter of refiner operation. It must be high enough to
ensure fibre separation and defibrillation, but low enough to avoid excessive fibre cutting which can

adversely impact the strength of the final paper.

Refining intensity is much more difficult to measure in an industrial refiner. For a given plate
configuration and disc rotation speed, refining intensity is largely a function of refining consistency,
which was the parameter used in the case study. Finally, plate age is known to be a major factor,
since the refiner plates wear out gradually, changing the shape and depth of the grooves on their

working surfaces and thus the refining conditions experienced by the pulp.

The MVA user has a choice of timescales ranging from seconds to days. Based on the sampling
frequencies for pulp and paper quality, we selected a base timescale of one hour. To make sure this
was a valid choice, we performed power spectral density for key paper quality variables, and found
that most variability occurs at periods greater than 10 hours, which is logical considering that most

paper parameters are tightly controlled with control loops at the paper machines.

Using Multivariate Analysis and other statistical tools, it was possible to link product quality back to
TMP and rejects operations, taking into account number of lines in operation, plate age and process
lags. Use of a weighted-average: filter helped to bridge the gap between the faster readings in the
TMP section and slower paper quality trends. However, determining whether the correlations are
attributable to coincidence is by no means obvious. Without a Design of Experiment, there is no
way to ascertain whether the changes seen in two or more variables are fundamental or just

happenstance. However, we can at least double-check whether our models stand up to scrutiny.

To this end, we studied the evolution of the process over time within the model space, to see how it
behaved, and if any discrete events tended to dominate. We added and removed variables from the
models, to make sure that the components we found were not just associated with a single (possibly
coincidental) relationship. We also used a time-series techniques known as cross-correlation to

investigate the nature of the correlations in the models.

Combining the lines is necessary to avoid having idiosyncrasies in any one line dominate the model;
our reasoning was to mimic as closely as possible what the pulp itself actually experiences, which in
this case is a total mixing of all refining lines before proceeding to the papermaking section. To
validate this approach, we started with just a single refining line, then added all four lines together,

then added the rejects refining, and finally included the final paper quality. In all cases, the
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combined variables performed better, and were easier to interpret, than the multitude of original
variables. As discussed in Chapter 5, these findings could be generalized to other process
applications, in particular to other cases where multiple production lines feed into buffer tanks that

in turn feed multiple downstream lines.

A very important, and sometimes overlooked, part of any TMP mill is reject refining. Because the
case study mill experiences frequent starts and stops on the four main refining lines, the throughput
to the reject refiners is continually changing. The operators tend to increase the reject rate after a
line stoppage, from approximately 30% to 40%, meaning that the fibre length distribution of the pulp
entering the reject refiners varies over time. Combined with occasional stoppages of the reject

refiners themselves, this situation results in a highly variable and poorly controlled reject refining.

We found significant statistical correlation between reject refining specific energy and pulp quality,
notably for fibre length. It also featured quite prominently among the X variables for both the pulp
and paper models. The reject refining specific energy was not directly measured, and had to be
calculated from the motor loads of the two reject refiners and the rejects throughput. The values
fluctuated between 800 kWh/t and 1400 kWh/t within a single month. Though based on several
assumptions, this estimate of specific reject refining energy showed significant correlation with the

pulp quality at the refined rejects outlet, much more so than the original variables did.

Overall, our findings allowed us to address the mill questions related to paper quality and process
operation. With our approach, it was also possible to explain roughly half of the variability in final
paper quality, in this case strength, porosity and linting. This is quite remarkable, considering that
no paper machine operating variables were used, and that little or no data were available on
incoming chip quality. Of course, these results are correlational and not cause-and effect; it is
possible that both the TMP operations and the paper were being affected by a third, unmeasured

factor, such as changes in incoming chip quality.

Based on the above results, we developed an explicit, detailed methodology for applying MVA to
production data which addresses these challenges, as described in Chapter 5. Using this
methodology, it was possible to use MVA to correlate roughly half of the variability in the pulp
quality and in the final paper quality.

The lack of useful quality data for the raw material is a serious obstacle. Nevertheless, by
considering only one TMP line at a time, it was possible to link pulp quality back to the upstream

refining operations by means of multivariate statistics. The PLS models obtained were consistent
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with known process fundamentals, such as lower specific energy being associated with less fibre
development (higher freeness) and less fibre cutting (longer fibre length and lower fines). The case
study thus yielded results that were not only statistically significant, but also physically interpretable

with regard to known process fundamentals.

With regard to season, no major differences were found in the models for winter versus summer
months. Major seasonal swings could be seen when the entire year was studied using daily
averages, but at the shorter timescales, the two winter months (March 2003 and 2004) and the two

summer months (August 2003 and 2004) showed little in common.

As we would expect, the strongest models were for the pulp immediately downstream of the refining
section, followed closely by the pulp further downstream. The newsprint quality models were
somewhat weaker, very much so in some cases. There appears to be a link between the strength of
the pulp models, and the strength of the corresponding paper models, although this was by no means
consistent. Logically, the pulp quality must be related to the paper quality, since it is all the same
wood fibre, and the literature review provides many examples. However, the statistical results from

operating data do not always bear this out.

When comparing different timescales, the 1-h models were generally the strongest, followed by the
8-h models, and then the 24-h models. The 8-h models had a similar overall structure to those for 1
h, but tended to have fewer components indicating a less detailed model. For the 24-h models, the
uncertainty bars are very large, sometimes many times the size of the PLS loading itself, no doubt
due to the small number of observations used. The use of daily averages may not therefore be

appropriate for capturing the faster dynamics of the pulp refining process.

In some cases, the PLS model for porosity was highest at 8 h, but in other cases it was the 8-h model
that was the weakest. It would appear that this parameter’s idiosyncratic behavior from one month
to the next determines which time increment will yield the best model. This result would tend to

justify the multi-timescale approach used.

Even our best models only explained 40% to 60% of the variance in the pulp quality, meaning that
about half of the variance remained unexplained, and corresponds to unmeasured variables. Some of

the various on-line wood chip monitors under development should help to address this data gap.

Because no single model was able to cover all process scenarios, it seems that some kind of adaptive
controller would be required to automate the TMP refining process. To this end, it is possible to use

PLS models to predict new Y values from new X values. However, there is an enormous change in
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the coefficients from one month to the next, in the order of several hundred percent. Planned
experiments could help address this problem, but regardless of the process control application being
considered, accounting for data lags, data filtering, and time averaging is critical to capturing the

necessary dynamics.

Based on our experience, we believe the coefficients would have to be updated at least once per day
in order to follow the process adequately. Also, it would be preferable to have several sets of

equations to cover known process scenarios such as new plates in the refiners.

Finally, caution must be exercised before ascribing cause-and-effect to what are purely statistical
outputs. Interpretation of black-box models is not straightforward, and requires a profound
knowledge of the process in question. This caveat is relevant to other industrial operations facing

similar data challenges.



78

REFERENCES

Alexandridis, A., H. Sarimveis, A. Angelou, T. Retsina, G. Bafas (2002), A Model-Predictive
Control Scheme for Continuous Pulp Digesters Based on the Partial Least Squares (PLS)
Modeling Algorithm. Control Systems 2002.

Amiri, R., B. Begin, S. Deshaies, S. Mozaffari (2003). Effects of Wood and Pulp Quality on Linting
Propensity. Proceedings from International Mechanical Pulping Conference, Quebec City,

June 2-5, 2003, 49-58.

Bharati, M. H.; MacGregor, J. F.; Tropper, W. (2003). Softwood Lumber Grading through On-line
Multivariate Image Analysis Techniques. Ind. Eng. Chem. Res.; 42(21); 5345-5353.

Bédard, P., F. Ding, M. Benaoudia (2003). Amélioration de la gestion de la cour & bois par la

caractérisation en ligne des copeaux. Les Papetiéres du Québec, December 2003, 25-28.

Begin, B. and R. Amiri (2002). Experience avec le peluchage a ’usine de Bowater Gatineau. Les

Papetieres du Quebec, nov. 2002, 15-25.

Bendwell, N. (2002). Monitoring of a Wastewater-Treatment Plant with a Multivariate Model. Pulp
and Paper Canada 103(7): 43-35.

Brewster, D.B., M.J Kocurek, G.A. Dumont, C.W. Wells (1993). Pulp and Paper Manufacture, Vol.
10: Mill-Wide Process Control & Information Systems, 3™ Edition. Joint Textbook
Committee of the Paper Industry, TAPPI/ CPPA, 93-101.

Broderick, G., J. Paris, J.L. Valade (1994). Monitoring Composite Pulp Quality. 80" Annual
Meeting CPPA Technical Section, Montreal, B35-B40.

Broderick, G., J. Paris, J.L. Valade (1993). High-Yield Sulphite Pulping Based on a Plackett-
Burman Design. Pulp and Paper Canada, 94(9): T248-T251.

Broderick, G., J. Paris, J.L. Valade and J. Wood (1995). Applying Latent Vector Analysis to Pulp
Characterization, Paperi ja Puu, 77 (6-7): 410-419.

Browne, T., K. Miles, D. McDonald, J. Wood (2004). Multivariate Analysis of Seasonal Pulp
Quality Variations in a TMP Mill. Pulp and Paper Canada 105(10): 35-39.

Burnham, A.J., J.F. MacGregor, R. Viveros (1999). Latent Variable Multivariate Regression
Modelling. Chemometrics and Intelligent Laboratory Systems 48(2): 167-180.



79

Champagne. M., N. Bendwell, R. Monette (2002). The Application of On-Line Statistical Based
Soft Sensors for Process Monitoring and Control. Control Systems 2002 Conference, 170-174.

Cluett, W.R., J. Guan and T.A. Duever (1995). Control and Optimization of TMP Refiners. Pulp
and Paper Canada, 96(5): 31-35.

Croteau, A.P., G.C. Nobleza, A.A. Roche (1993). Elucidating Quality Variations Through Time
Sertes Analysis of Mill Data. Pulp and Paper Canada 94 (1): T25-T28.

Dayal, B., J.F. MacGregor, P.A. Taylor, R. Kildaw, S. Marcikie (1992). Application of Feedforward
Neural Networks and Partial Least Squares Regression for Modelling Kappa Number in 2
Continuous Digester. Control Systems 1992.

Ding, F., M. Benaoudia, P. Bédard, R. Lanouette, C. Lejeune, P. Gagné (2005). Wood Chip
Physical Quality and Measurement. Pulp and Paper Canada 106 (2): T25-T30.

Dodson, C.T.J. (1973). A Survey of Paper Mechanics in Fundamental Terms. Fundamental Paper

Mechanics Conference, Department of Mathematics, University of Lancaster.

Elsinga M. (2002). TMP Optimization Using Multivariate Analysis. IEEE Pulp & Paper Industry
Technical Conference 2002, 10-15.

Eriksson, L., E. Johansson, N. Kettaneh-Wold, S. Wold (2001). Multi- and Megavariate Data
Analysis: Principles and Applications. Umetrics Academy, Sweden, 2001.

Fayyad, U. (2001). Industrial Keynote Address: Data Mining and Databases. Second National

Conference on Scientific and Technical Data, National Academy of Sciences, U.S.A.

Harmon, L. and S. Schlosser (1999). CPI Plants Go Data Mining. Chemical Engineering, May
1999, 96-103.

Hodouin, D., 1.F. MacGregor, M. Hou, M. Franklin (1993). Multivariate Statistical Analysis of
Mineral Processing Plant Data. CIM Bulletin 86 (975): 230-34.

Hsieh, J.S. and T.S. Wang (2005). The Relationship Between Refiner Speed and Energy
Consumption in TMP and CTMP. Proceedings - 2005 TAPPI Engineering, Pulping, and
Environmental Conference 28-31 August, 2005, Philadelphia.

Ingman, L.C. (2000). Utilization of Neural Network Technology for Some Pulp & Paper Industry
Applications. TAPPI PCE & I Conference & ISA-PUPID 39™ Annual Symposium, 115-
120.



80

Ivanov, 1 (2003). Optimization of Paperboard Production and Prediction of End-Use Performance

Using Multivariate Analysis. Pulp and Paper Canada 104 (2): 28-31.

Johnson, R.A. and D.W. Wichern (1992). Applied Multivariate Statistical Analysis. Prentice Hall,

New Jersey.

Kangas, K., T. Pohler, A. Heikkurinen, M. Kleen (2004). Development of the Mechanical Pulp
Fibre Surface as a Function of Refining Intensity. Journal of Pulp and Paper Science,

30(11), 298-305.

Kerekes, R.J., Senger, J.J. (2006). Characterizing Refining Action in Low-Consistency Refiners by
Forces on Fibres. Journal of Pulp and Paper Science 32(1), 1-8.

Kooi, S. (1994). Adaptive Inferential Control of Wood Chip Refiner, Tappi Journal 77(11):185-194.

Kourti, T. (2003). Abnormal Situation Detection, Three-Way Data and Projection Methods; Robust
Data Archiving and Modeling for Industrial Applications. Annual Reviews in Control
27(2), 131-139.

Kresta, J. V., T. E. Marlin and J. F. MacGregor (1994). Development of Inferential Process Models
Using PLS, Computers and Chemical Engineering 18 (7):597-611.

Kuusisto, R., M. Kosenen, J. Shakespeare, T. Huhtelin (2002). Multivariate Control of Paper
Machine Grade Changes. Pulp and Paper Canada 103 (10):28-31.

Lanouette, R., M. Benaoudia, P. Bédard (2003). Amélioration de la stabilité des raffineurs et de la
qualité de la pate par un suivi des copeaux. Les Papetieres du Québec, December 2003, 29-
33.

Lama, 1., M. Perrier, P.R. Stuart (2004). Steady State Controllability Analysis for Variability
Reduction in a Thermomechanical Pulp Newsprint Mill. FOCAPD Conference, Princeton

University, New Jersey.

Lama, 1., M. Perrier, P.R. Stuart (2006). An Empirical Model for Predicting Motor Load Changes
Due to Plate Wear in TMP Refiners. Accepted for publication in Nordic Pulp & Paper

Research Journal.

Laperri¢re, L., C. Leduc, C. Daneault, P. Bédard (2004). Chip Properties Analysis for Predicting
Bleaching Agent Requirements for TMP Pulps. Tappi Journal 3(12), 23-27.

Law, K. (2005). An Autopsy of Refiner Mechanical Pﬁlp. Pulp and Paper Canada 106(1), T5-T8.



&1

Leiviskd, K., J. Gullichsen, H. Paulapuro (1999). Papermaking Science and Technology, Book 14:
Process Control. 73-81.

Lundgvist, S.0. (2003). The Eurofiber Project: Objectives, Layout and General Results. The
European Commission Community Research Fifth Framework Programme, Swedish Pulp

and Paper Institute, Eurofiber Seminar, May 2003.

Lupien, B. E. Lauzon and C. Desrochers (2001). PLS Modelling of Strength and Optical Properties
of Newsprint at Papier Masson Ltée, Pulp and Paper Canada 102(5): 19-21.

Lyne, B. (1991). On the Interaction of Liquids with Paper under Dynamic Conditions. Royal
Institute of Technology, Stockholm, Sweden.

McDonald, D., K. Miles, R. Amiri (2004) The Nature of the Mechanical Pulping Process. Pulp and
Paper Canada 105(8): 27-32.

MacGregor, I.F., T.E. Marlin, J.V. Kresta, B. Skagerberg (1991). Multivariate Statistical Methods in
Process Analysis and Control, AIChE Symp., Chem. Proc. Control IV, South Padre Island,
Texas, Feb., 1991, pp. 79-99, Y. Arkun and W.H. Ray, Eds., Amer. Inst. Chem. Eng., New
York.

Mark, R.E. (2001). Mechanical Properties of Fibers. Chapter 14, Handbook of Physical Testing of
Paper, Ed. 2. Empire State Paper Research Institute, College of Environmental Science and

Forestry, Syracuse, New York.

Marklund, A. (1998). Prediction of Strength Parameters for Softwood Kraft Pulps. Nordic Pulp &
Paper Research Journal, 13 (3): 211-219.

Mason, R.L., J.C. Young (2004). Multivariate Thinking. Quality Progress, April 2004, 89-91.

May, W.D. (1998). The Miles and May Model — a Presentation: The Marcus Wallenberg
Foundation, Symposia Proceedings 12, Mechanical Pulping Scientific Achievements, Oct.

1998.

Metso (2002). TMP Control Room Operator Manual, Sunds Defibrator RGP-70-CD conical
refiners, 2002.

Miles, K.B. and W.D. May (1993). Predicting the performance of a chip refiner: A constitutive
approach. Journal of Pulp and Paper Science 19(6), Nov. 1993, 268-274.



82

Miles, K.B. (1998). The Essence of High Consistency Refining. The Marcus Wallenberg
Foundation, Symposia Proceedings 12, Mechanical Pulping Scientific Achievements, Oct.

1998.

Miles, K.B., 1. Onholt (2003) Improving the Strength Properties of TMP. Proceedings from 2003
International Mechanical Pulping Conference, Quebec City, Canada: 179-186.

Nesbakk, T. and T. Helle (2002). The Influence of the Pulp Fibre Properties on Supercalendered
Mechanical Pulp Handsheets. Journal of Pulp and Paper Science 28(12), Dec. 2002, 406-
409.

Niskanen, K. (1998). Paper Physics. Book 16, Papermaking Science and Technology, Finnish
Paper Engineers’ Association, TAPPI Press.

Nobleza, G.C., Roche, A.A., Croteau, A.P. (1990). Time Series Analysis Techniques : A Practical
Tool for Mill-Wide Quality Improvements. Pulp and Paper Canada 91(7): 76-81.

Nobleza, G.C. (1997). Multivariate Analysis of TMP Mill Operation Data. 83" Annual Meeting,
Technical Section CPPA, B31-B36.

Ortiz-Cordova, M., A. Hagedom, J.-A.Orccotoma, J. Baril, B. Bégin, J. Paris (2006). Analyse de la
variabilité de la force de papier dans une usine intégrée de papier journal. Les Papetiéres du

Québec, mai/juin 2006, 16-20.

Owen, J. A. Roche, K. Miles (1998). A Practical Approach to Operator Acceptance of Advanced
Control with Dual Functionality. Proceedings from Control Systems 98, Porvoo,
Finland,184-194.

Pawlak, J. (2003). Course notes for WPS465: Paper Physics and Product Design, N.C. State,
Raleigh, North Carolina.

Pearson, K. (1901). On lines and planes of closest fit to systems of points in space. Philosophical

Magazine 2:559-572.

Phung, T. and N.G. Nguyen (2003). Data-Mining Application in Paper Quality Prediction on Paper
Machine. PAPTAC 2003, Montreal, Canada.

Pidd, M. (1996). Five Simple Principles of Modelling. Proceedings of the 1996 Winter Simulation

Conference, Coronado, Califorma, 721 - 728.

Riggs, J.B. (2001). Chemical Process Control, Ferret Publishing, Lubbock, Texas, 309-310.



83

Ritala, R. I. Penttinen, M. Holmberg (1991). Computer-Aided Wet Chemistry Diagnostics. TAPPI
1991 Papermakers Conference, 107-118.

Roche, A., J. Owen, K. Miles, R. Harrison (1996). A Practical Approach to the Control of TMP
Refiners. Proceedings from Control Systems *96, Halifax, Canada, 129-135.

Roche, A., 1.S. Jack, M. Savoie (1997). Successful Application of Process Control and On-line Pulp
Quality Sensors — A Survey. Pulp and Paper Canada, 98(12), T441-T444.

Rosen, C., J.A. Lennox (2001). Multivariate and Multiscale Monitoring of Wastewater Treatment

Operations. Water Research, 35(14), 3402-3410.

Rudie, A. and M. Sabourin (2002). Wood Influence on Thermomechanical Pulp Quality: Fibre
Separation and Fibre Breakage. Journal of Pulp and Paper Science, Vol. 28, No. 11, Nov.
2002.

Sabourin, M., J. Vaughn, M. Frith, J. Lauritzen, N. Wiseman and T. Fraser (2003).
Characteristization of Paper Properties from Spruce and Pine Thermomechanical Pulps:

Effect of Refining Intensity. Pulp and Paper Canada 104 (4): 37-42.

Salmén, L. (1991). Responses of Paper Properties to Changes in Moisture Content and
Temperature. STFI, Stockholm, Sweden.

Saltin, J. F., and B. C. Strand (1995). Analysis and Control of Newsprint Quality and Paper
Machine Operation Using Integrated Factor Networks, Pulp and Paper Canada 96(7): 48-51.

Sarimveis, H. T. Retsina (2001). Tissue Softness Prediction Using Neural Network Methodologies.
Pulp and Paper Canada 102:5, T136-T139.

Sell, N.J. (1995). Process Control Fundamentals for the Pulp and Paper Industry. Tappi Press,
Atlanta, 1995.

Seth, R.S. (2003). The Measurement and Significance of Fines. Pulp and Paper Canada 104 (2):
41-44,

Seth, R.S. (2006). The Importance of Fibre Straightness for Pulp Strength. Pulp and Paper Canada
107 (1): T1-T9.

Shaw, M. (2001). Optimization Method Improves Paper/Pulp Processes at Boise Cascade, Pulp and
Paper, March, 43-51.



84

Shaw, N. (1999). Capturing the Power of the Human Mind. Chemical Engineering, April 1999, 163-
168.

Sidhu, M.S., R. Van Fleet, M.R. Dion, D.W. Anderson, B.W. Weger (2004). Modeling énd

Advanced Control of TMP Refiner System. Proceedings from Control Systems 2004

Conference, Quebec City, 107-112.

Smith, S. D. Derby (2004). Chip Quality Measurement, Analysis Yields Better Downstream

Operations. Pulp and Paper, 78(10), 50-55.

Smook, G.A. (1982). Handbook for Pulp & Paper Technologists. Joint Textbook Committee of

the Paper Industry, TAPPI/ CPPA, 69-74.

Strand, B.C, T. Reichert, A. Filler, Z. Brooks, B. Nunn, D. Farmin, P. Poquette, P. Matcholf, B.
Bardwell, M. Jarell, G. Pattyson (1998). Control and Optimization of Mechanical Pulping
Systems, Pacific Simulation. Idaho, U.S.A.

Strand, W.C., G. Fralic, A. Moreira, S. Mossaffari and G. Flynn (2001). Mill-Wide Advanced
Quality Control for the Production of Newsprint, IMPC Conference, Helsinki, Finland, Vol.
2,253-262.

Strand, B.C., J. Straight, D. Cole, T. Collins, B. Norris (2005). Factors Affecting Energy Reduction
in the Production of Newsprint from Southern Pine TMP. (unpublished) '

Tessier, P., G. Broderick (2001). Example of Applications of Multivariate Statistical Analysis in
the Pulp and Paper Industry. 86™ Annual Meeting, PAPTAC, A225-A229.

Tessier, P., G. Broderick, P. Plouffe (2001). Competitive Analysis of North American Newsprint
Producers Using Composite Statistical Indicators of Product and Process Performance.

TAPPI Joumnal, 84 (3).

Thode, E.F. and W.L. Ingmason (1959). Factors Contributing to the Strength of a Sheet of Paper.
TAPPI Journal 42(1), 74-93.

Thornhill, N.F., M.A.A.; Shoukat Choudhury, S.L. Shah (2004). The Impact of Compression on
Data-Driven Process Analyses. Journal of Process Control 14(4): 389-398.

Umetrics (2002). UMETRICS AB, User Guide: Simca-P and Simca-P+ 10, Umea, Sweden.



85

Van den Akker, J.A., A.L. Lathrop, M.H. Woelker, L.R. Dearth (1958). Importance of Fiber
Strength to Sheet Strength. TAPPI Journal 41(8), 416-424.

Winchell, P. (2005). Using Multivariate Analysis for Process Troubleshooting. Pulp and Paper
Canada 106:7/8 (T149-152).

Wold, S. and N. Kettanch-Wold (2003). Improving Pulp and Paper Diagnostics and Knowledge by
Means of Multivariate Analytical Techniques (MVA). Pulp and Paper Canada 104:5
(T121-123).

Wood, J.R. (2001). Controlling Wood-Induced Variation in TMP Quality, Tappi Journal 84(6): 32-
34.

Yi, L., L, Laperriére and R. Lanouette (2005). Multivariate Analysis for the Development of a TMP
Simulation Model. Proceedings -~ 2005 TAPPI Engineering, Pulping, and Environmental
Conference 28-31 August, 2005, Philadelphia.

Zamprogna, E., M. Barolo and D. Seborg (2002). Development of a Soft Sensor for a Batch
Distillation Column Using Linear and Nonlinear PLS Regression Techniques. IFAC 2002,

15" Triennial World Congress, Barcelona, Spain.



APPENDIX I:

Summary of MVA Papers Reviewed

86



87

APPENDIX I: Summary of MVA Papers Reviewed

Author(s)

Type of
MVA

Purpose

Key Findings

Additional Comments

Troubleshooting of TMP Process

Saltin and Strand | Factor To establish the Fibre length had a strong
(199%5) Analysis influence of influence on tear
certain TMP strength, including CD
properties on tear strength
paper quality
Nobleza (1997) | PCA Compare furnish, | The major contributors
refining energy to strength variations
and quality were found to be chip
variables from source and chip size
four TMP distribution
refining lines
Lupien et al. PLS Maximise Tensile | Two-thirds of the MVA heavily slanted
(2001) Energy strength variations were | towards those variables
Absorption explained by paper which were measured better
(TEA), tear machine variables. or more frequently
strength and
opacity.
Browne et al. Factor Establish variability in pulp Care must be used when
(2003) Analysis relationships properties explained by interpreting and assigning
between furnish | wood freshness and ease | cause-and-effect
and pulp with which energy could | relationships to the results
properties be applied to the wood
Elsinga (2002) Factor Address Freeness is not a good Planned experiments were
Analysis complaints from | measure of pulp quality | performed, using a 3-

customers about
paper linting

factorial design for feed
rate, feed consistency and
reject rate

MVA for Inferential Control

Kooi (1994)

PLS

Create soft sensor
for freeness in a
wood chip refiner

Manipulated variables:
plate gap, water dilution
flow — input is plate
gap, output is freeness

Does not appear to have
ever been tested on a real
refiner

Strand et al.
(1998)

PLS

Implement soft

sensors at two
TMP mills

Success in decreasing
off-specification paper,
and eliminating the use
of costly Kraft pulp

Control strategy first tested
on a dynamic simulation,
then later on real process
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refiners

Strand et al. PLS Implement mill- | Full implementation of Soft sensors used for TMP

(2001) wide advanced soft sensor at the mainline, TMP rejects and
quality control Stephenville mill, with newsprint porosity;
(AQC) system reduction in variability modelled variability as a
which combines | of freeness, average fibre | new variable
all four TMP length and shives
lines

| Strand et al. PLS TMP refiner Millwide Quality Control

(2005) contro] at system including 4
Augusta refiner lines, primary
Newsprint screens and reject

Other Pulp & Paper Applications

Bendwell (2002) | PCA Implement Successful on-line Justified use of 24-averages
advanced control of process based on long retention
process control times in wastewater basins
of wastewater
treatment plant

Kuusisto et al Unspecified | Implement Improved performance

(2002) advanced over manual operation
process control
of grade changes

Broderick et al. PLS Implement UHYS handsheet Designed experiments

(1993, 1994 and advanced properties related to five

1995) process control latent variables: 1)
of chemical available bonding area;
pulping 2) fibre swelling and

bond strength; 3) fibre
length and network
continuity; 4) fibre
elasticity; 5) fibre
strength

Wold and PCA and Implement ‘Snaking’ of time series

Kattenah-Wold PLS advanced data around the

(2003) process control component space, as
of chemical process changes
pulping

Tessier et al. PCA Compare paper Mills with similar

(2001)

quality at 30
different mills

technologies cluser
together in two-
dimensional component
space for paper quality
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cannot be
measured in real
time

Ivanov (2003) PCA and Analyse process | Recommendations Author found it most
' PLS data from included setting ‘out effective to do PLS block
paperboard limits’ to avoid extreme analysis
production line values, and maintaining
residuals measured as
“Distance to Model”
(DModX) below 8 units
Ritala et al. Unspecified | Address problem | Report success at using a
(1991) of uncontrollable | computer-based
fluctuations in diagnostic system for
wet-end analysing different
chemistry measured variables
Tessier and PLS Several examples | Chip size distribution for | In some cases the variables
Broderick (2000) of MVA a UHYS plant, refiner were manipulated in
applications in pulp quality prediction designed experiments
pulp and paper and control, and the effect
of refiner plate filing
material on fibre
development
Shaw (2001) Unspecified | Improve CD Report $2 million U.S./ | Results in some cases
stiffness while year savings after data- opposite to prevailing
reducing cost at | driven optimisation wisdom at the plant
an uncoated free- | project
sheet machine
Champagne et al. | Neural Create soft Best to follow process Using DModX, can tell
(2002) networks sensor at using DModX, when MV A model is no
and PLS unspecified type | Hotelling’s T? (stability), | longer valid
of mill, to predict | and Contribution Plot
process stability | (source of problem)
and product
quality
Sarimveis (2001) | Neural Create soft Inferential sensors can be
networks sensor for tissue | very useful in improving
and PLS softness, which the performance of the
cannot be tissue machine
measured in real
time
Phung (2003) Neural Create soft $ benefit can predict %
networks sensor for tear Kraft required to attain
and PLS strength, which tear property required
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Marklund (1998) | PCA and Compared Beating treatment most Designed experiments.
PLS different wood important parameter for
species and Kraft pulp handsheet
geography (pine | properties
and spruce)
Pre-Processing of MVA Data
Hodouin et al PLS Statistical Authors recommend Included use of ‘mass
(1993) analysis of using multiple-input- balance filters’ to enhance
mineral multiple-output (MIMO) | data quality and the
processing data for PLS process creation of new variables
modelling, given that Y’s
are generally correlated,
emphasise that MVA
model only works within
the domain where it was
calibrated; models
created under closed-loop
conditions cannot predict
open-loop behaviour
Kresta (1994) PLS Develop of Open-loop data cannot be | Authors state that scaling to
inferential used to model closed- unit variance does not
process models loop schemes; must adequately account for
for various continue to behave ina - | error
industries similar fashion as the
original dataset
Zamprogna etal | PLS Create soft- Authors emphasise Used linear and non-linear
(2002) sensor for a | importance of selecting versions of PLS
batch distillation | appropriate model input
column variables, correctly
addressing lagged
measurements, and doing
individual PLS models
for each batch phase
Rosen et al PCA Wastewater MV A not suited to
(2001) treatment system | monitoring processes
with non-stationary
behaviour, hence need for
adaptive model
Kourti (2003) PCA/PLS Acquistion and Batch processes, start-ups
compression of | and grade transitions are
multivariate data | dynamic and require
for batch alignment and
processes synchronisation of 3-way
data
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APPENDIX II: CHARACTERISTICS OF CASE STUDY MILL
Prepared by R.P. Harrison, Ecole Polytechnique de Montréal / April 2005

Basic Information

Year of Construction:

1926

Grades:

42-g, 45-g and 48.8-g newprint

Feed:

100% wood chips (no DIP since 2000)
4% aspen, 96% black spruce and/or balsam fir

Wood chip suppliers:

External, numbering 15-20

Boilerhouse fuel:

Bark, heavy oil

Employees:

600

TMP lines:

10 Sunds Defibrator RGP-70-CD conical refiners:
e 4 lines of 1° & 2° refiners
e 2 reject refiners, operating in parallel

Pulp screens:

Centrisorter Type 110B (8)

High-density storage
tanks:

1x 200 BDT
3x 130 BDT

Paper machines:

No. 4: Dynaformer top-wire unit on Dominion Engineering

Foudrinier, capacity 150 000 t/a

No. 5: Valmet-Dominion Sym-Former, capacity 195 000 t/a

Bleaching:

Hydrosulphite, injected at 2° refiner




Refining Conditions - Sunds Defibrator RGP-70-CD Refiners

Main steps: 1. Steam pre-heating of chips at 180 kPa for 3 min
2. Primary refining at 350 kPa and 40-50% consistency
3. Secondary refining at 350 kPa and 40-50% consistency

Motor power : 18 000 HP (13 MW)

Rotor diameter: Flat section: 54 in. (137 cm)
Conical section: 16 in. (41 cm)

Angle of conical section: | 70°

Nominal distance 1.2 -1.4 mm for the primary refiner

between plates: 1.0 - 1.2 mm for the secondary refiner
Dilution water entry Flat section

points: Conical section (unused until January 2005)
Typical plate age: 2000 h

Plate direction change: Every 200 h

RGP 76 CD

valmet

ILHOS40 a4 Wy Cpo v

Cutaway diagram of a Sunds conical refiner (later model)



Chip/Fibre Retention Times - Nominal

These are approximations, based on the P&ID’s and discussions with mill personnel for
1000 t/d typical operation, with all lines in operation (reject, screen & cleaning loops
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excluded).
Plant Area Unit Operation Total Typical Typical
Equipment Operating Retention
Capacity Level Time

Chip Pile 3000 t per pile 2500t 60 h

Handling
Main feed to mill Time =0
(“Conveyor 018”)

TMP Plant TMP chip silo 45 minutes 50% 25 minutes
Chip washing ~ minutes - 5 minutes
1° ref. buffer hopper 3-5 minutes - 5 minutes
Refiners (incl. 2° ~ minutes - 5 minutes
hopper)

Latency chest 45 minutes Over 90% 45 minutes
HDP tanks 1 x 4.6 hours Highly 240 minutes
3 x 2.8 hours variable (* several
hours)
Levelling tank 45 minutes 80% 35 minutes

Paper « Cuvier pate pré- 8 minutes 75% 5 minutes

Machine mélangée » / «... récup.
des fibres »

« Cuvier pate 30 minutes 67% 20 minutes

mélangée » / « ...de la

machine »

Headbox ~ seconds 0

Former/Press/Dryer ~ minutes 5 minutes
TOTAL 6 h 30 min




Paper Quality Targets

Parameter 42 g PM 4: PM 4: PM §: PM 5:
45¢ 48.8¢g 45¢g 48.8¢g
Tear (mN) — max - 290 300 300 340
— min - 275 285 285 325
Burst (kPa) — max - 63 80 68 80
—min - 60 75 65 75
TSI MD (kNm/g) 8.1 8.1 8.1 8.1 8.1
TSI CD (kNm/g) 2.0 2.0 2.0 2.0 2.0
Permeability 350 300 300 300 300
(mL/min)
Paper Quality Targets
Parameter Target
Freeness 210 +10 CSF in 2° blowline
Average fibre length (Iength-weighted) 1.2-13 mm
Percent fines Not specified
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Overall Mill Flowsheet
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Flowsheet for Refining Line 1 Only
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Chart of Operator Control Actions
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APPENDIX IV:
Partial List of Variables Used in MVA Models and P&ID Locations
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Tag

Description in Pl Database

TMP REFINING LINE 1

52SIC110.PV PRODUC LIGNE 1 VIS 057 (production ligne 1, t/j)

CHARGE RAFFINEUR 1 (cons. élect. raff. 1, "énergie
52J1C139.Al appliquée”, MW)

CHARGE RAFFINEUR 5 (cons. élect. raff. 5, "énergie
52J1189.Al appliquée”, MW)

DIL MP Z CEN R1 LX10T (dilution centrale raff. 1,
52FIC116.PV L/min)

52FFC117.PV

DIL HP CYCL 1 LX10T (dilution cyclone raff. 1,
L/min)

52FFC166.PV

DIL MP Z CEN R5 LX10T (dilution centrale raff. 5,
L/min)

52FIC164.PV DIL HP Z CON R5 LX10T (dilution conique, L/min)
POSIT PLAQUES V RAF 1 (position zone verticale
52ZIC147.PV raff. 1, mm)
POSIT PLAQUES H RAF 1 (position zone conique
5271C148.PV raff. 1, mm)
POSIT PLAQUES V RAF 5 (position zone verticale
527I1C197.PV raff. 5, mm) .
POSIT PLAQUES H RAF 5 (position zone conique
52Z1C198.PV raff. 5, mm)
52PCA111.PV Pression boitier R1 (kPa)
52PIC105.PV Pression alimentation R1 (kPa)
52PCA161.PV Pression boitier R5 (kPa)
52PIC159.PV Pression alimentation R5 (kPa)
52ni100.Al Consistance calculée Raffineur 1 (%)
52ni150.Al Consistance calculée Raffineur 5 (%)
NIVEAU CU.DET.P531-401 (niveau cuve de détente
53LIC011.PV 1, %)
52KQC139.Al RAFF 1 VIE DES PLAQUES (h)
52KQC189.Al RAFF 5 VIE DES PLAQUES (h)

TMP REFINING LINES 2,3 & 4

5281C210.PV

PRODUC LIGNE PTM NO 2

52JIC239.Al

CHARGE RAFFINEUR 2




52FIC216.PV

DIiL MP Z CEN R2 LX10T 108

52J1289.Al

CHARGE RAFFINEUR 6

52FFC217.PV

DILHP CYCL 2 LX10T

52FFC266.PV

DIL MP Z CEN R6 LX10T

52F1C264.PV DILHP ZCON R6 LX10T
528IC310.PV PRODUC LIGNE PTM NO 3
52J1C339.Al CHARGE RAFFINEUR 3
52FIC316.PV DIL MP Z CEN R3 LX10T
52J1389.Al CHARGE RAFFINEUR 7

52FFC317.PV

DILHP CYCL 3 LX10T

52FFC366.PV

DIL MP Z CEN R7 LX10T

52FIC364.PV DIL HP Z CON R7 LX10T
528iC410.PV PRODUC LIGNE PTM NO 4
52J1C439.Al CHARGE RAFFINEUR 4
52FIC416.PV DIL MP Z CEN R4 LX10T
52J1489.Al CHARGE RAFFINEUR 8

52FFC417.PV

DIL HP CYCL 4 LX10T

52FFC466.PV.,

DILMP Z CEN R8 LX10T

52FIC464.PV DIL HP Z CON R8 LX10T
52KQC239.Al RAFF 2 VIE DES PLAQUES
52KQC289.Al RAFF 6 VIE DES PLAQUES
52KQC339.Al RAFF 3 VIE DES PLAQUES
52KQC389.Al RAFF 7 VIE DES PLAQUES
52KQC439.Al RAFF 4 VIE DES PLAQUES
52KQC489.Al RAFF 8 VIE DES PLAQUES
REJECT REFINING

PTM_taux_rejets.cal

Calcule du taux de rejets

53JIC639.Al CHARGE RAFFINEUR 9
53JIC689.Al CHARGE RAFFINEUR 10
53KQC639.Al RAFF 9 VIE DES PLAQUES
53KQC689.Al RAFF10 VIE DES PLAQUES
PULP QUALITY

Pex L1 CSF PulpExpert L1 CSF

Pex L1 _LMF PulpExpert L1 LMF




Pex_L1_P200 PulpExpert L1 P200 109
Pex L2 CSF PulpExpert L2 CSF
Pex_L2 LMF PulpExpert L2 LMF
Pex L2 P200 PulpExpert L2 P200
Pex_L3_CSF PulpExpert L3 CSF
Pex_L3 LMF PulpExpert L3 LMF
Pex_L3_P200 PulpExpert L3 P200
Pex_L4 CSF PulpExpert L4 CSF
Pex L4 LMF PulpExpert L4 LMF
Pex_L4 P200 PulpExpert L4 P200
Pex_AccTP_CSF PulpExpert AccTP CSF

Pex_AccTP_LMF

PulpExpert AccTP LMF

Pex_AccTP_P200

PulpExpert AccTP P200

Pex_rej CSF PulpExpert rej CSF
Pex_rej LMF PulpExpert rej LMF
Pex_rej P200 PulpExpert rej P200

Pex_alimFAD_CSF

PulpExpert alimFAD CSF

Pex_alimFAD_LMF

PulpExpert alimFAD LMF

Pex_alimFAD_P200

PulpExpert alimFAD P200

Pex_NivMP5_CSF

PulpExpert NivMP5 CSF

Pex NivMP5_LMF

PulpExpert NivMP5 LMF

Pex_NivMP5_P200

PulpExpert NivMP5 P200

PAPER MACHINE 4

MP4 Bob_Mere_Dechirure_ SM.MOY

MP4 Bob Mere Dechirure SM.MOY

MP4_Bob_Mere_Dechirure_ST.MOY

MP4 Bob Mere Dechirure ST.MOY

MP4 Bob_Mere_eclatement. MOY

MP4 Bob Mere eclatement. MOY

MP4_Bob_Mere_Elong_SM.MOY

MP4 Bob Mere Elong SM.MOY

MP4 Bob_Mere_Elong_ST.MOY

MP4 Bob Mere Elong ST.MOY

MP4_Bob_Mere_Permeabilite. MOY

MP4 Bob Mere Permeabilite. MOY

MP4_Bob_Mere_Rupture_ SM.MOY

MP4 Bob Mere Rupture SM.MOY

MP4_Bob_Mere_Rupture_ST.MOY

MP4 Bob Mere Rupture ST.MOY

MP4_Bob_Mere_TS|_SM.MOY

-MP4 Bob Mere TS| SM.MOY

MP4_Bob_Mere_TS|_ST.MOY

MP4 Bob Mere TSI ST.MOY

MX4_CAL_Scan_Avg

MP4 épaisseur

MX4_BW_Scan_Avg

MP4 grammage




MX4 Bright_Scan_Avg

MP4 brillance 110

MP4_PELUCHAGE_DESSOUS

MP4_PELUCHAGE_DESSOUS

MP4_PELUCHAGE_DESSUS

MP4_PELUCHAGE_DESSUS

mp4-811-ffic-0104 .pv

MP4 débit de cassé (L/min)

mx4_div_vit_calan_act

vitesse mp #4

STE_TESTPATE_CONS_EB_FOSSE_MP4.man

Consistance eau blanche fosse mp#4

PAPER MACHINE 5

MP5_Bob_Mere_Dechirure_SM.MOY

MP5 Bob Mere Dechirure SM.MOY

MP5_Bob_Mere_Dechirure_ST.MOY

MP5 Bob Mere Dechirure ST.MOY

MP5_Bob_Mere_eclatement.MOY

MP5 Bob Mere eclatement.MOY

MP5 Bob_Mere_Elong_SM.MOY

MP5 Bob Mere Elong SM.MOY

MP5 Bob_Mere_Elong_ST.MOY

MP5 Bob Mere Elong ST.MOY

MP5_Bob_Mere Permeabilite. MOY

MP5 Bob Mere Permeabilite. MOY

MP5_Bob_Mere_Rupture_SM.MOY

MP5 Bob Mere Rupture SM.MOY

MP5_Bob_Mere_Rupture_ST.MOY

MP5 Bob Mere Rupture ST.MOY

MP5_Bob_Mere_TSI_SM.MOY

MP5 Bob Mere TSI SM.MOY

MP5_Bob_Mere_TSI_ST.MOY

MP5 Bob Mere TSI ST.MOY

MX5_CAL_Scan_Avg

MP5 épaisseur

MX5_BW_Scan_Avg

MP5 grammage

MX5_Bright_Scan_Avg

MP5 brillance

MP5_PELUCHAGE_DESSOUS

MP5_PELUCHAGE_DESSOUS

MP5_PELUCHAGE_DESSUS

MP5_PELUCHAGE_DESSUS

mp5-ffic-104.pv

MP5 débit de cassé (kL/min)

MX5_Div_Vit_Calan_Act

vitesse mp #5

STE_TESTPATE_CONS_EB_FOSSE_MP5.man

Consistance eau blanche fosse mp#5

HD TANK LEVELS

53LR405.Al NIVEAU TOTAL HD.1 A4

53LR471.Al NIVEAU RESERVOIR HD 1
53LR411.Al NIVEAU RESERVOIR HD 2
53LR421.Al NIVEAU RESERVOIR HD 3
53LR431.Al NIVEAU RESERVOIR HD 4
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- Ligne de raffinage no.

Process
Integration

. Loc;aéis‘a_tic)n ?ﬁas a,gﬁé" ', -
ligne no. 1 de raffinage au PTM

Localisation des tag:

Copeaux_1_1/8 ) a’ Caractéristiques
Copeaux_3/16 ; @ - .. diverses des
ot ] v . o P

Couleurs;

bleu =X

rouge =Y

gris =non
disponibie

Localisation des tags. rév. 6, 16 juin 2004 211200 rov.

" Unités (1): silo de copeaux I Copeaux: [EwETE 14 po
e . Sen S ; P S Copeaux_3/16 % 316
. i 5 ; o L'Ste ,des k. Copeanx 38 v >38
- {ags.. S | Copeaux 5/8 % >5/8
Somidi e ! Copeaux_7/8 % >7/8

Copeaux_Camion administratif

Caractétistiques
diverses des
COPRAUX...

Copeaux_Caries % caries

Copeaux_Carte admivistratif

Copeaux_Copeaux adsinis tratif

Copeaux_Densite densite

opeaux_Densite_Vrac densité vrac

| Copeaux_Eclats % oversize

Copeaux_Ecorces Y écarces

Copeaux_Net administratif

Cepeanx_Numero adpanis tratif

 Copeaux_Origine administratif

Copeaux_Produit adwinis tratif

‘opeaux_Sciures % <316

; - [« ite ¥ siccité
Localisation des (ags, rév. 6, 16 juin 2004 g Localisation des tags. rév. 6, 16 juin b ki




: ‘tags {2); lavage des cdpeaux

52T1011.A1
{52T1031.Al)

Cuvier eau de
avage

Localisation des tags, rév. 6, 16 juin 2004

Cuvier eau de
lavage

Localisation des tags. rév. 6, 16 juin 2004

5@@ ...
& 0 7 sUr D aire  EaEm

Temp trémie

Pression préch. | |

I Produc. Ligne 1

}

Niveau préch.

Vitesse vis sortie |-

Débit vapeur raf. 1

Contr. énergie
Cons. Elect. R1

G H Posit plagues H

Dil. Central i
Temp raf. 1 il. Centrale |Y Posit plagues V

Posit stator

112

B,
9. aVae Ge ODea AR AL
Temp. Egoutteur 1
{Temp. Egoutteur 2)
[~ D —|
=
C - Temp eau lavage

Cuvier eau de

?m iavage

0 e 0 Desain: $24.1201 rav. D

5221144.A1 aid*
Laca/isaw—mwréw 16 juin 2004

& 06 Dassin: 5211202 yov. D

. Tags (3): réﬁineﬁr,primaife '

52TIC102.PV ¢ I T

52FIC104.PV ¢ §

52JCC139.PV | o
5241C139.A1

De 5211202 rev. D

B,
3 s o ) 20 ST
90°C
180 kPa
70 % 250 t/d
60
150 kg/h 80 rpm
14 MW
14 MW 0.9 mm
100°C 250 L/min 1.1 mm
10 mm <1 L/min >
é 00 Dassin: 5211202 rov. B



Noms (3): ,raff_ibédr:prim

Localisation des tags.

52PIC159.PV ¢

52FIC184.PV ¢

SFFCT7.PV ¢

S2FIC154.PV ¢
52TIC793.PV

52J1189.At
52TH68.A1

Informations techniques
tirées de Leask (7983}

&

Fig. 74, Sunds Dalibrator

R

r RGP 70 GO refinier.

ST pas SR e nesen;

N Energ. Spéc. L1 [ orce chamb A 3
& 8 [rotire plaques)
Energ. Spéc. R1 Force chamb B

Pousse piaques ens.)

Press chamb P
(réservoir hydrauligue]

gs {4 ramnineur seconacaire . 1AM
52PCB161.PV
52PCB111.PV
52PCA111.PVm
52PCA161.PV
i AwiasnlS | \oe | 52P1128.A1
520C128.PV
s oy T 5221C198.PV
5271194.A1 522IC197.PV
52FFC166.PV ¢
52FIC165.PV ¢

00 Dossln: 5211204 rev. |

113

?égs (3): raffineur primair

Unités.

“isulte) :

FAS BURYE RSN,

S2P1A143.A1

52XA1130.A1 3
52XIC130.A1 [§

B
I3 R R
& . . .
& :
o § 52PIB143.A1
L siprasa

(3): raffineur primaire
':(sufte) e S

2500 kWhA

1200 kWh/t 40 kPa

. Press raf. 1 atm
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: Tags. (4):raffineur secondaire ki
{suite}
200 kPa 370 kPa
220 kPa ’ .
§ u SUR LR DRSS i3
25 Lmin 300 kPa : i
| 524QC189.A1  52P1A193.A1 BRI
110 L/min 240 kPa ’ . ’ |
52XIC180.A1 E 52PiB193.A B
60 % n x = g ool
50 kg/h - . (ol 52PIP193.A1 B
90°C L
12 MW it i 0.9 mm
110°C 10 mm 1.1 mm
60 L /min
12 L/min
o gs. ré 00 Dasain: 5211204 rav.

Noms (4): raffineur secondaire 4 - : raffineur secondaire
e {suite} L o : - {suite) e

Press cham P £

Localisation des fags. rév. 6, 16 juin 2004 Localisation des tags, rév. 6, 16 juin 2004

521C178.A1 [ {8 & Charge vis cycl 5

52FIC177.PV ¢
y Diverses
Pex_L1 _Blan lectures par
Punité
Pex_L1_Bril Bulp Expert...
etc... 53LICO11.PV ¢ 8 (voir liste)

52NV013 éb pate cuv dét 1

53F1012.At m

53wWI012.A1

S3NIC013.PV

ocalisation des tag 6, 16 0 Dessin: 521-1206 rev.




; & z g&&'}.’u
SN
200 L/min
250 kPa 40 %
3.0 kL/min
Divers...
{voir tiste}
90 %
4.0th )
250 td 1%
a d é Dessin: 521-1206 rav.

. Tags (6): générateur de vapeur [N

% 52FRATO3.A

52PICT05.PV |

52P1706.Al ¢

52XIC811.PV

Lacalisation des tags. rév. 6, 16 juin 2004 521-1207 ray.,

_ Unités (6): générateur de vapeaf'
_1:,"' : » o g ; 4

.
év. 6, 16 fuin 2004

Dossln; 521-1207 rev. _

Lacalisation des ta

05:08 ‘|.Hn’~

m

05:27| 2 Ligne-:

78] 6m08| T

115

74 7i5.8] 730,

06/03/2062 | 05:27 | 2. Ligne-

0672002 |_06:27 | 2. Ligne- 1
0802002 | 05:47 | 4 Ligne-4 1 155

EZ T

4]
]
243 seel @
2N
]

78] 723.3{ 736
75] 723.4] 735

169] 748.1] 760.4! @

=
Pex L3 _Blan Brighiness (66 %}
Pex L1_Cons
Pex Li_CSF

Pex_L1_LMF

Congistency {1.5 %)
Freaness (230 CSF)
Long. moy. de fikre

{1.4mm}

Pex L1 _F20C  Fines trop petit
le

Pex_Li_PFC

Pex_l.1_PFL
Pex_Li_PFM
Bex_{L1_R100

Pex_L1_R14

i Pex_L1_ras

Pex_L1_R48

Poure. libre longue
{38 %}

Poure, Fibre moy. ——

Fracton {12%)

Fraction {147
Frachon {29

Fractori {

Noms (6): générateur de vapeur 'i

PTM vapeur générée

Dessin: 521-1207 rav. _

£

Dessin: 5311203-3 rov. 8
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Localisation des tags. rév. 6. 16 juin 2004

‘Tags (8): accepte épurateur

0 8): accepte énurate .
primaire’ primaire

Press accp
epur prim

“Eq

o ¥ ir wil o 4

wropmane 9
51*4 5* wl o e
cofle®; g o458,
3 i ] e
R B
sl sv)
-
—Duul i31-1203-3 rav. B 0 0 Dessin: 531.1203-3 rev. 8

~ Unités (8): accepte épurateur | Tags (9): Classage
- - primaire ‘ o

B Sl SsHicTe2.Pv

. 130 kPa .

Localisation des tags, rév. 6, 16 juin 2004

Locafisation des tags. rév. 6, 16 juin 2004
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- Noms (9): Classage [P 5 ) Unités (9): Classage

Localisation des tags, rev. 6, 16 juin 2004 Locafisation des tags, rév. 8, 16 juin 2004

Localisation des tags. rév. 6, 16 juin 2004 ca

200 CSF

Localisation des tags, rév. 6, 16 juin 2004 Localisation des tags. rév. 6, 16 juin 2004
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. Noms (11): Prod. Chim.. [ ~_Unités {11): Prod. Chim.

Localisation des tags, (év. 6, 16 juin 2 Localisation des tags. rév. 6, 16 juin 2004

Localisation des tags. 1év. 6, Localisation des

8 851.C5320.A1pg
]

S3LV301.Al §
Localisation des tags, rév. 6, Lacalisation des tags. rév. 6, 16 juin 2004




Pt con niv 3208
Sortie valv 3208

Cuve eau bl bro
Sortie valve 301

o] 0 e 00 Dessin: §31-1203 rev. £

53AIC453.PV

53LR405.A1

53NIC100.PV

Dassin: 531-1204 rev. E

3.0 pH

150

Desain: 531-1204 ruv. £

119

S5
Ta

 Unités (13): Cuvier d’eau blanche [

531-1203 rov.

Locafisafion des tags. rév. 6, 16 juin 2004

Tags (15): Pas montrés sur
les dessins |

53PIC308.PV Be

53PIC309.PV BN

811F1104.A1 :
3 8SFQ101.A1 B

{ 52X_130.A1_
split_L1.cal .

Localisation des tags. rév. 6, 16 juin 2004
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{s@% ~ Noms (15): Pas montrés sur [ ‘ Unités (15): Pas montrés o
= 17 les dessins »’ ~ sur les dessins

) \fz«:péu{eteauPTM:f : ] hiha‘sba papier: o _\.'apeur‘efeau PIM 0 Machines & papier:

PreaudiHP £  DsorTMMP 14 B . e

I Pr.eaudil [N | Déb casse MP 1-4 | : e 1200 kPa S B

Total pate therm, mec .

: . 280 kPa
Temp vap HP prp—

Split ligne 1
{calc.)

Localisation des tags, rév. 6, 16 juin 2004 Localisation des tags, rév. 6,
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MULTIVARIATE ANALYSIS OF REFINER
OPERATING DATA FROM A TMP
NEWSPRINT MILL

obert P. Harrison', Roger Leroux?, Paul R.
stuart
contact: paul.stuart@polymtil.ca)
1. Department of Chemical Engineering, Ecole
Polytechnique, Montréal (QC)
2. Abitibi-Consolidated Inc., Clermont (QC)

\BSTRACT

Process values upstream and downstream of the primary
nd secondary refiners at a TMP newsprint mill were obtained
or 34 consecutive months. Two types of multivariate analysis
vere performed on daily averages, Principal Component
wnalysis (PCA) and Projection to Latent Surfaces (PLS),
sing different combinations of variables. Although
tatistically significant models were obtained from the mill
ata, it is seems that the available chip data do not tell the
vhole story. Also, pulp throughput dominated the results even
vithin a relatively narrow range of normal production rates.
levertheless, it was possible to make a reasonable first
ttempt at a possible physical interpretation of the model
omponents.

NTRODUCTION

Many external factors such as seasonal variations and
hanges in incoming chip quality are beyond the control of the
"MP mill operator. These could conceivably be compensated
hrough controllable internal factors, but key pulp
haracteristics which could serve as quality targets are not
lways measured directly.

One option is to model in real time parameters that
annot be measured continuously, in order to apply inferential
ontrol (“soft sensor”) as reported in Strand [1] and
Isewhere [2, 3]. Before proposing any such control strategy,
lowever, it is necessary to understand the correlations and
rends which are inherent to the refining operation using
istorical data. ‘

The TMP newsprint mill under investigation has had a
iigh-speed PI data historian in place for 34 months, into which
irtually all process and operating data for the entire mill are
ed. The mill has over 6 000 data tags, some of which are
ipdated every 10 seconds, potentially representing millions of
-alues per day.

The resulting data explosion has created a daunting mass
if information, one for which the automated pattern-
ecognition techniques of multivariate analysis (MVA) are
ierfectly suited. Mill personnel have tried to establish
elationships between the process variables by considering
mly a few at a time, an impossible task, hence their interest in
o-operating with Ecole Polytechnique on a new approach.

Previous papers applying MV A to paper production have
hown that dozens or even hundreds of process parameters can
e boiled down to a mere handful of underlying “latent
rariables”, corresponding to unmeasured fundamental
haracteristics of the system [1, 4, 5, 6, 7, 8]. Using data from
he refiner section of a TMP newsprint mill, Browne [9] found
hat a portion of the variability in the pulp properties could be
xplained by two latent variables: the first related to wood
reshness, as measured by the potential brightness of the

wood; and the second to the ease with which energy could be
applied to the wood, typically higher in summer.

The primary purpose of this paper is to perform MVA on
daily average process data at this mill, to determinghow many
latent variables are required to adequately describe the
refining section.

METHODOLOGY
One of the mill’s four pulp production lines was selected
for study. Using the process and instrumentation diagrams,
key data tags were identified on and around the primary and
secondary refiners, including:
e  Chip quality data (grab samples at the TMP feed
conveyor, analysed in a laboratory): chip size
distribution, bulk density, humidity.
e Refiner operating data, such as: throughput;
specific energy imparted to the chips; energy split
between the primary and secondary refiner; vertical and
conical plate distances; dilution rates; levels, pressures
and temperatures in various units immediately connected
to the refiners; steam generation rate; voltage at chip
screw conveyors; specific hydrosulphite consumption.
¢  Equipment data, such as: operational hours elapsed
since refiner plates were last replaced; number of refiners
sending steam to heat recovery at any given moment;
number of “feedguard” events indicating refiner
blockages; refiner body temperature.
e  Pulp quality data in the Line 1 latency chest
(automated, on-line analysis of grab samples using Pulp
Expert system): fibre length distribution; freeness;
consistency; brightness.
e  Secason, represented by the average monthly
temperature measured at a nearby Environment Canada
meteorological station.

In all, some 110 data tags were included in the study.
Daily means were extracted for the full 34 months, viz.,
November 23", 1999, to October 1%, 2002. Other time scales
were investigated (1-hour, 8-hour) as well as alternative
averaging techniques (medians), but for this initial effort daily
averages offered the advantage of simplicity and
comparability to previous authors.

Different runs were devised, some using fewer variables
to allow comparison with previous authors. Other runs were
planned using all the available variables, to test the limits of
the MVA technique, which like any statistical method
generally benefits from having a large number of data points.

The first step for each run was to perform Principal
Component Analysis (PCA) on the entire dataset, normalised
to mean of 0 and variance of 1, to identify outliers and obtain.
an overall picture. Periods of unusually low production
(< 100 t/d) were excluded beforehand, as previous experience
had shown that these systematically produce major outliers.

Partial Least Squares (PLS) analysis, a form of
multivariate regression, was performed using two medium
fibre length fractions as the Y set, and upstream data as the
X set.

CHARACTERISTICS OF INCOMING CHIPS

The mill has a maximum two-day chip pile inventory,
such that there is little or no buffering of incoming chip
variability. During the 34 month period under study, chips
came from a variety of outside suppliers, and often the exact
source and species were unknown.



Chip characteristics are measured on grab samples from
every incoming truck shipment, and on instantaneous grab
samples taken every 8 hours at the TMP feed conveyor which
feeds all four refining lines. Size distribution is measured with
v Gradex unit at the chip receiving lab; other parameters are
aeasured manually.

PCA on the TMP feed conveyor data yielded a combined
% of 37% and Q* of 20%. The latter is the predictive power
>f the model, calculated by systematically removing a portion
»f the dataset and comparing to the model obtained from the
‘emaining data.

For the chip data, there was only one principal
:omponent, very strongly correlated with season:

e  Higher in summer: chips longer than 5/8 in.
e Higher in winter: chips shorter than 3/8 in.;
chip density; chip moisture.

These trends were already apparent from the raw data,
ind make sense physically; the interesting point is the lack of
my other components, indicating no other statistically
ignificant correlations between the chip properties. This may
»e partly due to the sparseness of the data, with only 3 grab
amples per day. .

Note that chip brightness was not measured. Little or no
nformation was available on the wood species, freshness of
he wood, the age of the tree, chipper type or other factors
vhich can impact on final pulp quality [8, 10]. This may
ccount for the low predictive power of the model.

TINAL PAPER QUALITY

Final paper quality is of paramount importance to the
nill, and can be influenced by many factors. In particular,
;altin [6] found that fibre length is a critical factor to tear
trength.

This conclusion was supported by PCA analysis of
ourly data from the mill, taken during a typical week in
:eptember 2002 when the chip supply was relatively constant.
“omparison of pulp quality variables and newsprint quality
ariables showed that the proportion of medium sized fibres
/as strongly correlated with important paper characteristics
uch as permeability, stretch, burst strength and tear strength.

Based on these results, the R28 and R48 fibre length
-actions were retained as the Y set for PLS analysis at the
sfiner section. Note that no daily pulp handsheet test data
rere available for the individual refining lines during the 34-
1wnth period.

‘CA ON SELECTED REFINER OPERATING DATA

An initial PCA was performed using only fourteen of the
10 available variables, to gain insight into the overall process
see Table1). The list was based on one used in a previous
udy [9].

The PCA yielded two principal components, with a
>mbined R* of 44% and Q* of 24%. There were no major
utliers, so all data points were retained in the model.

TABLE I: VARIABLES USED IN INITIAL PCA

SEASON Avg. monthly outdoor temp. 123
52FIC165.P Hydrosulfite consumption (L/m)
52XAI130.A  Specific energy — Line 1 (kWh/t)
Pex L1 Bla Brightness at No. 1 Latency Chest

Pex_L1 Con. Consistency at No. 1 Latency Chest (Log)
Pex L1_CSF Freeness at No. 1 Latency Chest

Pex L1_LMF Avg. Fibre Length at No. 1 Latency Chest
Pex_L1 P200 Fines Fraction at No. 1 Latency Chest
Pex_L1 R100 R100 Fraction at No. 1 Latency Chest
Pex 11 _R14  R14 Fraction at No. 1 Latency Chest

Pex L1 R28  R28 Fraction at No. 1 Latency Chest
Pex_L1_R48  R48 Fraction at No. 1 Latency Chest
CopDENS Chip Density at TMP Feed Conveyor
CopSICC Chip % Solids at TMP Feed Conveyor

Figure 1 is a score plot of the observations, in this case
daily averages. The ellipse indicates the 95% confidence
limit. The first component was strongly correlated with the
time of year, both in terms of average outdoor temperature and
calendar seasons, with some segregation between the three
different years under study. This component was also strongly
correlated with bleach consumption (higher in winter) and
pulp brightness (higher in summer). It therefore appears that
this component may be related to wood freshness, as reported
by Browne [9]. The outliers in the top-right corner correspond
to observations with higher fines and lower long-fibre
fractions.
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Fig. 1. Score Plot of 34-month Refiner Data with 14 Tags

Figure 2 is the corresponding loadings plot, showing how
the variables correlate with respect to the same first two
components. The second component was dominated by fines
fraction and fibre length, and to a lesser extent with Line 1
specific energy (these variables are in the dashed circles). As
no handsheet testing data were available, it is not possible to
relate this directly with strength properties, and so it is
difficult to conclude whether this corresponds to the second
component reported by Browne [9], despite the obvious
similarities.
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>CA ON ENTIRE REFINER DATA SET

The inclusion of all 110 tags led to a PCA with several
najor outliers, all of which were associated with periods of
ow production. When all data points with a production level
selow 150 t/d were removed, these outliers disappeared.
ncidentally, the study of low production days may merit
eparate investigation in the future, as these correspond
tart-up and shut-down days.

The final PCA yielded four principal components, with a
ombined R? of 44%, roughly the same as the previous case.
"he Q? value is much improved, however at 37%. This means
hat the model fit is about the same as before, but the
redictive power is much better when using a large number of
ariables. This could be an advantage when creating a soft
ensor, in order to give the controller the best chance of
uccess.

The score plot shown in Figure 3 shows the relationship
etween the first two components and time. Individual
bservations vary both between seasons and within a given
eason. Further investigation revealed that the individual
easons were segregated, for instance, the winters of 2000,
001 and 2002.
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ig. 3. Score Plot of 34-month Refiner Data with 110 Tags

The loadings plot in Figure 4 shows a possible
terpretation of these same first two components. Even
ough the low production points had previously been
moved, pulp throughput continued to dominate the PCA
sults. This is probably due to the large number of variables
at change when the throughput changes, such as dilution
»ws, screw feeder motor voltages and so forth. It may be
«cessary in the future to give these variables a lesser

weighting in the model (at present all variables have been
given equal weighting).

34-monthe of 1 day rev. 2 {incl. chip data) no. 2.M4 (PCA-X), Bad resicuals remalpd) 4
£LVp2)

POSSIBLE
INTERPRETATION e
Component 2: Chip s
brightness

0.0 +52P vs253L; 4

as2P a8sL

52t B JUYEIY . e a52F
B

iz}

AS21
W93
‘* [ b e s83p
K asF ASF aS2P
aszr AN

w
+ POSSIBLE INTERPRETATION -
Component 1: Throughput

Fig. 4. Loadings Plot with 110 Tags

The second and third components are very similar to the
two found earlier using the short list of 14 variables, although
it is difficult to say with certainty if they are the same. The
fourth component is less obvious, but appears to be related to
refiner plate gap. All these possible interpretations would
have to be verified either experimentally or through further
investigation.

PLS ON MEDIUM-FIBRE-LENGTH FRACTIONS

The complete list of variables was again used in
performing PLS analysis, with R28 and R48 for Y’s. All other
response variables were excluded. Three components were
found, with a combined R? of 43% and Q? of 40%. The PCA
results for the remaining ninety-odd X variables strongly
resembled those for the entire dataset.

The “variable importance plot” in Figure 5 ranks the
different X’s in terms of prominence in modelling the Y’s.
The first bar on the left, representing season, clearly
dominates, followed by two other parameters: dilution water
pressure and primary refiner plate position. The rest tend to
decline in importance gradually, probably due to the very high
degree of correlation between the X’s.
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Fig. 5. Variable Importance Plot of PLS Model

In spite of the strong seasonal variability in the chip size,
the different chip size fractions are not very prominent among
the X’s in the model. Other, more immediate operating
factors in the refining section tend to dominate medium fibre
length. However, the available chip characteristics were quite
limited, with no information whatsoever about wood species,



so it may simply be that chip quality is under-represented in
the model.

It is important to emphasise that in the absence of a
Jesigned experiment, it is scientifically impossible to assign
:ause-and-effect relationships to the PLS results. It may
imply be that certain X’s trend with the Y’s because both are
»eing affected by a third, hidden factor.

CONCLUSIONS

Although statistically significant PCA models were
»btained from the mill data, it is seems that the available chip
lata do not tell the whole story. As a result, chip quality is
yrobably under-represented with respect to refiner operating
yarameters.

Even though the low production points were removed,
sulp throughput dominated the PCA results. This occurs even
vithin a relatively narrow range of normal production rates.
The reason is the large number of process variables that are
lirectly or indirectly related to throughput.

Other than throughput, the inherent components that
vere obtained for the system appear to relate to:

e Summer vs. winter, bleach consumption and
pulp brightness;

e Fines fraction, fibre length, and specific energy;

¢ Refiner plate gap.

Using all the available data appears to have some
dvantages in terms of the predictive power of the model.
lowever, groups of variables which are highly correlated tend
5 dominate the model, such that it may be necessary to give
hem a lesser weighting in the future.

\OMMAIRE

Des valeurs de procédé en amont et en aval des
affineurs primaires et secondaires d’une usine de PTM ont
té obtenues pour une période de 34 mois consécutives. Deux
spes d’analyse multivariée ont été effectués sur des moyennes
surnaliéres, soit ['analyse des composantes principales
« PCA ») et la projection aux surfaces latentes (« PLS »), en
tilisant différentes combinaisons de variables. Bien que des
1odéles statistiquement importants ont été obtenus a partir
es données de l'usine, il parait que les données sur les
opeaux ne donnent pas un portrait complet. Aussi, le taux de
roduction de pdte a dominé les résultats, méme a I'intérieur
“une gamme assez restreinte de taux de production normaux.
‘éanmoins, il a été possible de faire un premier essai
aisonnable a une interprétation physique des composantes
es modéles.
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Processing of Thermo-Mechanical Pulping Data to Enhance PCA
and PLS

Robert P. Harrison" and Paul R. Stuart
Department of Chemical Engineering, Ecole Polytechnique de Montréal, Montreal, Quebec, Canada.

The purpose of this paper is examine what differences, if any, are obtained in multivariate analysis results
using different time scales and averaging methods on compressed historical data. The data describe the
operational performance of the refiner section of a modern thermo-mechanical pulp mill, a straightforward
case whose feed and intermediate products have understandable physical and mechanical properties.
Overall, it was found that medians give slightly better results than averages, and that goodness of fit of the
model is heavily influenced by the sampling frequency of key process parameters.

1.0 Introduction

Seasonal variations, changes in incoming chip quality and other external factors that can affect pulp quality
are often beyond the control of the thermo-mechanical pulp (TMP) mill operator. Many internal factors are
controllable, however, and could possibly be used to counteract these external forces. The ultimate goal is
to model in real time parameters that cannot be measured continuously, in order to apply inferential control
(“soft sensor”) as reported in Strand et al. (2001) and elsewhere (Kooi, 1994; Kresta et al., 1994). Before
proposing any such control strategy, however, it is necessary to understand the correlations and trends
which are inherent to the refining operation at the heart of the pulp mill, using historical data.

The Canadian TMP newsprint mill under investigation has had a high-speed PI data historian in place for
34 months, into which virtually all process and operating data for the entire mill are fed. The mill has over
6 000 data tags, some of which are updated every 10 seconds, potentially representing millions of numbers
per day.

This data explosion has created a daunting mass of information, one for which the automated pattern-
recognition techniques of multivariate analysis (MVA) are perfectly suited. The underlying principle of
MVA is that useful patterns and relationships not intuitively obvious lie hidden inside enormous, unwieldy
databases. Mill personnel have tried to establish relationships between the process variables by considering
only a few at a time, an impossible task, hence their interest in co-operating with Ecole Polytechnique on a
new approach. -

Final paper quality is of paramount importance to the mill, and can be influenced by many factors
(Wood, 2001). Principle Component Analysis (PCA) of pulp quality and newsprint quality variables at the
mill has shown that two pulp parameters, Medium Fibre Fraction and R48 Fibre Length Fraction, are
strongly correlated with important paper characteristics such as permeability, stretch, burst strength and tear
strength (Harrison et al., 2003). These two related parameters were therefore selected for the present study.

Previous papers on TMP operation that were reviewed used a variety of time scales, ranging from monthly
averages to instantaneous readings (Lupien et al., 2001; Saltin et al., 1995; Shaw, 2001; Strand et al., 2001).
The main purpose of this paper is to examine what differences, if any, are obtained in MVA results using
different time-scales and averaging methods.

¥ Author to whom correspondence should be addressed : robert.harrison@polymtl.ca

127



2.0 Methodology 128

One of the mill’s four pulp production lines was selected for study. Using the mill process and
instrumentation diagrams, key data tags were identified on and around the primary and secondary refiners,
including:

o  Chip quality data (grab samples at the TMP feed conveyor, analysed in a laboratory): chip size
distribution, bulk density, humidity.

s Refiner operating data, such as: throughput; specific energy imparted to the chips; energy split
between the primary and secondary refiner; vertical and conical plate distances; dilution rates;
levels, pressures and temperatures in various units immediately connected to the refiners; steam
generation rate; voltage at chip screw conveyors; specific hydrosulphite consumption.

¢ Equipment data, such as: operational hours elapsed since refiner plates were last replaced or
changed direction; number of refiners sending steam to heat recovery at any given moment;
number of “feedguard” events, indicating refiner blockages; refiner body temperature.

e Pulp quality data (automated, on-line analysis of grab samples using Pulp Expert system): fibre
length distribution; freeness; consistency; brightness.

Daily averages were extracted for the full 34 months, viz., November 23" 1999, to October 1%, 2002. To
investigate shorter time scales, mill personnel helped to identify a recent typical operating week in which
the chips were all from a single supplier, and no unusual production problems were encountered at the
TMP mill: September 16"-22", 2002.

The first step for each run was to perform PCA on the entire dataset, to identify outliers and obtain an
overall portrait. Periods of unusually low production (< 100 t/d) were excluded beforehand, as previous
experience had shown these to produce major outliers systematically. Partial Least Squares (PLS) analysis
was then performed using Medium Fibre Fraction (MFF) and R48 Fibre Length Fraction (R48) as the
two Y’s, and all other upstream data as the X’s. Where applicable, a lag was introduced between the X’s
and Y’s to account for the 45-minute residence time in the latency chest.

Of the many MVA outputs that can be generated using the Simca-P software, three dissimilar ones were
selected for comparison: Variable Importance Plot to rank the X’s in terms of importance to modelling the
Y’s; R? and Q? values for each of the two Y’s; and Observed vs. Predicted to examine how well the PLS
model can predict new Y’s based on the X’s.

3.0 Research Results

3.1 Establishing Time scales
Process data from the mill are stored in compressed form, i.e., only those values deviating more than £1%
from the previous stored value are kept. Compressed data can be extracted as:

e the actual stored data points, which will include significant time gaps, or

¢ interpolated, in which all time gaps are filled.

There are various other possibilities, such as for instance selecting the previous stored value.

The shortest time increment used at the mill in question is 10 seconds, which may be considered the lower
limit. The system has been on line for 34 months, so one year could be considered the upper limit. It is
possible to select virtually any time scale in between for analysing data for diagnostic purposes. In the
refining section of the mill, there are several frequencies which guided the choices:

e Instantaneous pulp quality readings for Line 1 are taken every two hours, on average.

e  Chip grab samples are taken from the TMP incoming conveyor every eight hours.

s  The mill operates on three daily shifts of eight hours.

There are also computer limitations; for instance, it is not feasible to extract 10-second interpolated data for
hundreds of tags over 34 months.

Figure 1 below illustrates the spectrum of available time scales in this case.
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Figure I: Range of possible time scales for system under study.

Three time scales were selected:
e 24 hours, encompassing three workshifts and three chip samples;
e 8 hours, corresponding to one workshift and one chip sample; and
e 1 hour, which is intentionally less than both the chip sampling frequency and the pulp sampling
frequency.

One must also establish the averaging method. In the PI-Datalink software, the “average” function is a
time-weighted mean, corresponding to interpolated data, whereas the “mean” function only uses the actual
data points, thereby giving greater weight to periods where there are significant changes in the process.
Both these options were used in the 8-hour case, along with the median value.

3.2 Overview of Entire Dataset

It has been shown that pulp refining data can be distilled into a small number of latent variables or
components using MVA (Broderick et al., 1995). In a previous study at the same mill (Harrison et al.,
2003) daily averages over several years yielded four major PCA components, the most important of which
was Line 1 throughput. The next two components appeared to be strongly related to seasonal variations in
chip quality, and the fourth to refiner plate gap.

An important outcome is that even when the low production points are removed, throughput continues to
dominate other variables when using multi-year data. This occurs even within a relatively narrow range of
normal production rates. This is probably due to the large number of variables that change when the
throughput changes, such as dilution flows, screw feeder motor voltages and so forth. In contrast, when the
period is reduced to just one week, the production rate becomes less influential so long as the major valleys
are removed.

In performing PLS analysis with MFM and R48 for Y’s, it was found that the PCA score plots for the
remaining hundred-plus X variables strongly resembled those for the entire dataset, which will greatly
facilitate the eventual physical interpretation.

3.3 PLS with Different Time Scales and Averaging Techniques

No major problems were encountered in performing PLS at the various time scales. Linear interpolation
was used for the chip and pulp quality data at the 1-hour time scale. The fit of all the models was
reasonably good, with R? values between 0.66 and 0.92, and Q2 values of 0.56 to 0.72. Of course, all the
runs were performed on only one week of data, meaning that the models’ ability to predict other weeks is
probably much lower.

3.4 Shorter Time Scales

With modern computers, it is possible to extract one week’s worth of data for hundreds of tags at 10-second
increments. This requires linear (or other) interpolation between compressed data points. It would also
require some form of interpolation for intermittent measurements, such as the 2-hour pulp quality grab
samples, an extremely gross approximation. The use of the previous recorded value is also of no use in this



case, since Simca looks for variables which tend to move at the same time, and is “fooled” into thinking130
that a major process shift is occurring every two hours or so.

The same argument applies, to a lesser extent, to shorter averaging time scales such as 1 minute or
10 minutes. To perform a PLS at such a temporal resolution, a much more frequent pulp sampling
campaign would be required. Residence times in the different unit operations would also have to be known
to an equivalent precision, to ensure that all time lags are accounted for during the data pre-processing.

In conclusion, shorter time scales can be used to model individual sections of the refining process, for
which frequent data is available, but in this case they were not appropriate for modelling the overall process
from chips to pulp.

4.0 Comparison of Different Data Processing Approaches

4.1 Relative Importance of X’s to PLS Model

Variable importance plots for 1-hour, 8-hour and 24-hour averages showed the same handful of X’s
dominating, regardless of time scale, though sometimes the relative order of the X’s would switch. Among
the rest of the X’s, the main difference was that chip size distribution had virtually no impact on the 1-hour
averages, supporting the notion that even shorter time scales would be of no use in this case. Overall, the
chip data resolved best at the 24-hour time scale, probably because the inherent variability of the grab
samples was partly compensated by the levelling effect of the averaging over three readings.

4.2 Goodness of Fit of PLS Model

PLS Q? values for the Medium Fibre Fraction variable were generated for each of the runs (Figure 2).
While the 8-hour average was not much better than the 1-hour average, the 8-hour median did show a
significant improvement. It appears that the median is a better representation of the 8-hour workshift than
the average, which may be unduly influenced by minor, short-term perturbations. Note that the median
MFM value was also used in this case. The “mean” averaging technique gives a poorer result, and is
probably not appropriate for this type of application.

One interesting outcome is that the 24-hour average fared the poorest. This means that this model predicts
individual days less well than 8-hour shifts. This may simply be a case of too few data points. When the
entire month of September was included, the Q° improved, but the important X’s changed radically,
meaning that it was no longer the same model.
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Figure 2: PLS O values for Medium Fibre Fraction.

4.3 Observed vs. Predicted

Another method of comparing the outputs is to plot the actual observations for-each time increment against
the value the model would have predicted if given the corresponding X data as an input. The degree of



scatter in Figure 3 shows that the 8-hour model comes closest to fitting the ideal 45° line. The most likely 131
explanation is that the 1-hour time increment is lower than that of the pulp quality readings, such that the Y
values for some of the hours are really averages of purely interpolated data only. The 24-hour average
shows significant and non-normally distributed scatter, probably due to the low number of data points.
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Figure 3: Real observation (ordinate) vs. PLS prediction (abscissa) for different time scales.

5.0 Conclusions

Overall, it was found that low production points tend to dominate other variables, and so must be treated
separately, and that medians give slightly better results than averages. Specific recommendations are to:
s Remove low production days using a percentile or threshold.
s  Use medians instead of averages, if possible.
e The optimal time scale depends on the intended application. Generally, the same X variables are
prominent regardless of the time scale used, but the goodness of fit of the model is heavily
influenced by the sampling frequency of key process parameters.
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\BSTRACT

Multivariate Analysis (MVA), a statistical technique for
ceating large datasets, is increasingly being used to
-oubleshoot TMP mills or to create ‘soft sensors’ for
dvanced process control. Despite the vast quantities of
rocess operating data now readily available via data
istorians, many fundamental variables go unmeasured, or are
aeasured only infrequently relative to the residence time in
1€ refiner. MVA models are linear, so any highly non-linear
arameters such as cross products must be accounted for
head of time. In this study, a variety of new variables were
atroduced into a PLS (Projection to Latent Surfaces) model of
ewsprint tear strength at an Eastern Canadian TMP mill.
‘hese new variables were constructed from existing ones,
ased on the fundamentals of the TMP process. Among the
ew variables were the standard deviation, variance, and
sgarithm of key TMP parameters, as well as non-linear
ombinations of several operating variables to reflect refining
atensity in a conical refiner. Creating indirect indicators of
=fining intensity in the MVA models gave promising resuits,
espite the lack of information on incoming chip
haracteristics.

NTRODUCTION

Multivariate analysis (MVA) techniques were applied to
istorical data from a TMP newsprint mill in Eastern Canada,
> better understand the correlations and trends that are
therent to the refining operation. These statistical techniques
erve to reduce the dimensionality of a system by creating a
andful of “latent variables” constructed from the original
ariables {1, 2, 3, 4].

One of the overall goals of this research project is to
orrelate final newsprint characteristics such as tear strength to
perations in the TMP section, to the extent possible when
sing real plant data. It is well established that average
:ngth-weighted fibre length is a critical factor with respect to
:ar strength [3], and so this parameter was retained as a key
ulp quality indicator, along with freeness which is the main
arameter used by the operators at the mill under study. The
iutial focus of this work has been on the primary and
zcondary TMP refiners and the latency chest pulp, but
ventually this work will extend to the paper section as well.

The specific goal of this article was to determine if it is
ossible to more accurately represent TMP fundamentals by
reating non-linear terms from the measured variables.

METHODOLOGY

The overall methodology for this research project was
described in an earlier paper [S]. In the present case, however,
we used some shorter timescales, namely 1-hoursipcrements
over a period of 2 to 4 days. Also, several new non-linear
variables were created from the existing ones, as described
below.

SEASONAL CHIP AND PULP QUALITY

The mill has minimal chip inventory, and a variety of
outside chip suppliers. Usually the exact source and softwood
species are unknown. Size, density, and humidity are
measured in a lab using grab samples collected every 8 hours
at the chip silo feed conveyor, which feeds all four TMP
refiner lines.

Multivariate analysis of these chip parameters over three
years, using daily averages, yielded very poor statistical
models. It was found that there was little or no correlation
among the measured chip characteristics other than a strong
summer-winter trend that was already well known to mill
personnel, with smaller, denser, wetter chips prevailing in the
winter. Furthermore, no significant correlation was found
between the measured chip characteristics and the mainline
pulp quality, other than according to seasonal variations.
These findings would indicate that the chip quality data are
too sparse and limited to be useful for this kind of statistical
analysis, and confirm the need for better measurement tools
for incoming chips such as optical scanners [6].

In order to better characterise the seasonal trend, latency
chest pulp quality parameters were compared to ambient
temperature, measured as the average monthly temperature
from a nearby Environment Canada meteorological station. A
time lag of 60 to 80 days was found, depending on the pulp
parameter in question. For example, average fibre length,
which varied from 1.2 mm to 1.5 mm throughout the year, was
compared to ambient temperature in a cross-correlation plot in
Figure 1. This plot shows how the coefficient of correlation
changes when a lag is introduced between the two variables;
the highest coefficient, and hence greatest correlation, occurs
when temperature is shifted by about 80 days relative to the
fibre length (the two shorter horizontal lines define the zone of
statistically insignificant correlation).

~80 days

COEFFICIENT OF CORRELATION
Ed
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Fig. 1. Cross-Correlation Plot of Average Fibre Length
versus Season

This trend confirmed an observation by mill personnel
that the most typical “winter” operating conditions occur in



March, and the most typical “summer” conditions are in
August, a lag of about 60 days. This is thought to be due to
the time from tree felling to chip use. Therefore, the time
periods selected for the purpose of this study were the months
of March and August over two consecutive years, 2003 and
/2004. In each case, the longest possible uninterrupted periods
of full production were used.

PLS MODEL

The section of the plant under investigation is illustrated
in Figure 2. The mull is equipped with Sunds Defibrator CD-
70 refiners, with independent control for vertical and
horizontal plate gaps, and multiple dilution points as indicated
by the bold arrows. There is no advanced process control on
these refiners; all key operating decisions are made by the
operators.
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%ig. 2. TMP Section. Dilution points are indicated by bold
irrows, and pulp sampling locations are indicated by stars.

PLS (Projection to Latent Surfaces) models serve to
naximize the covariance between a set of X variables, in this
ase operating data from the primary and secondary refiners,
nd a set of Y variables, namely the latency chest pulp quality.
‘he variables included in the model are listed in Table I, along
rith the non-linear operations that were applied to each.

TABLE I: VARIABLES USED IN PLS MODEL

"ARIABLE OR GROUP OF NON-LINEAR
'ARIABLES OPERATION
~Variables
> & 2° motor loads standard deviation
roduction rate (proportional to feed division
rew rotational speed) (specific energy)
' & 2° vertical plate gap none

' & 2° horizontal plate gap none

' & 2° dilution flows (multiple) none

& 2° steam pressure drop across cross product
finer

& 2° hydraulic pressure delta cross product

& 2° blowline consistency cross product
Variables

inadian Standard Freeness logarithm

rerage length-weighted fibre length | none

The decision as to whether a given variable is included in
the X set or in the Y set is left up to the user; in this case,
blowline consistency was placed among the X’s, since it is
used here as an indicator of low refining intengigy. Other
variables, such as plate age, were also obtained from the data
historian, along with the set points inputted by the operators.
While not used directly in the model, these served to
characterize the operating periods under study.

A major challenge in this study was the constant starting
and stopping of the TMP lines, due to over-capacity relative to
the papermaking section. To overcome this problem, the PLS
model was limited to periods of full production.

Is it well established that data compression can impact
mean and standard deviation calculations [7]. However, since
MVA is focussed entirely on trends, and not on absolute
values, this may not have much impact. In an upcoming series
of trial runs, the data compression will be removed to gauge
its real impact on this kind of MV A application.

CREATION OF NON-LINEAR TERMS

The components that make up MV A models are simply
linear combinations of the original variables. To accommodate
non-linearity in such models, new variables can be created
based on one or more of the original ones. The most obvious
example related to TMP is specific energy, which represents
the division of one original variable by another, namely motor
load by throughput. Using the two original variables alone,
without specific energy, yields a poorer statistical mode! since
in combination they correspond better to the process. -

Some of the specific energy values encountered in the
data historian were nonsensically high, sometimes by two
orders of magnitude. This appears to have been caused by
automated calculations over very short time periods using a
near-zero denominator value for throughput. Thus, for the
purposes of this project, all specific energies were calculated
directly from the one-hour averages for motor load and
throughput. This technique not only removes extreme values,
but also seems to smooth the specific energy curve compared
to data historian values.

Multivariate statistics have been used to understand and
ultimately reduce process variation in a variety of sectors [8].
With variability being such a key concern in TMP operations,
past authors have used the variance of certain key parameters
like motor load as a new variable in MVA modeling [1, 3].
The reasoning is that the degree to which the motor load
fluctuates is an indicator of process stability. The standard
deviation of this variable (the square root of the variance) is
readily available from the data historian, and so was included
as a non-linear variable.

Freeness is often linearised by taking its logarithm, as
was done in a recent MVA paper [9], to allow for easier
interpretation. To determine whether linearization of freeness
data is appropriate also for the TMP operation being studied,
both the logarithm and the original values were used. It
should be noted that it does not matter which type of logarithm
is used, since all variables are normalised before use in the
MVA model.

MODELLING OF REFINING INTENSITY

Refining intensity is defined as the specific energy
delivered per refiner bar impact. Excessive refining intensity
can damage fibres, even when specific energy and freeness



appear normal, leading to reduced fibre length and tear
strength [10). In other words, when refining intensity is high,
the freeness is achieved through fibre cutting instead of fibre
development, resulting in the type of gain reversion described
2y Roche et al [11].

' In a conical refiner it is difficult to model refining
intensity directly, as no equations analogous to the Miles and
May model have been published for this type of refiner. The
goal was therefore to model refining intensity indirectly, if
possible, using existing measured variables. As is the case
with most MVA studies of existing operations, results are
dependent on the natural variability pre-existing in the dataset.

For a given plate configuration and disc rotation speed,
refining intensity is largely a function of refining
consistency [11]. This is an inverse relationship, since greater
consistency means a longer residence time between the refiner
plates and hence more bar impacts for a given specific energy.
As a first approximation, blowline consistency was therefore
used as one of the indicators. The mill has no on-line
instrument to measure blowline consistency, but there is a
real-time, on-line calculation based on a mass/energy balance,
verified by off-line grab-sample measurements taken every 3-
4 hours. While these two sets of values do not match
perfectly, they were found to have a correlation coefficient of
about 0.5 with zero lag. The grab samples were far too
infrequent to be useful, so the on-line algorithm value was
used in the PLS model. S

Another parameter used to indicate low refining intensity
was the difference between casing pressure and steam inlet
pressure at the refiner. Higher casing pressure indicates more
backwards steam flow, retarding the outward pulp flow caused
by the rotation of the disks and hence increasing residence
time of fibres between the refiner plates. A third parameter,
the difference in “B” and “A” hydraulic pressures, is often
used as an indicator of refiner operating stability and was also
included for comparison.

Two combinations of these three parameters were
inserted in the PLS model, to see whether an empirical “low
refining intensity” factor was pertinent in describing
variability in the Y-parameters. The first, arbitrarily denoted
LR1], is the product of all three, and the second, LRIK, is the
cross-product of blowline consistency and steam pressure drop
across the refiner. The cross-product was used since this will
oe highest when all the original variables are higher than
asual, and lowest all are lower than usual. Clearly, the
qumerical values and units of these factors are meaningless,
sut the goal was to provide the statistical model with dummy
variables that indicated the most favourable refining
sonditions.

Refining intensity in the secondary stage has been shown
o have a significant impact on softwood pulp quality [12, 13],
ind it is generally desirable to have lower refining intensity in
he second stage to avoid excessive fibre cutting. Because of
he nature of multivariate statistics, which can tolerate both
.orrelated and uncorrelated variables, it was possible to
nclude both the primary and secondary refiner operating
rariables in a single model. Theoretically, any independent
peration between them should appear as separate
omponents.

PLS MODEL WITH NEW TERMS

The intial PLS model, using just the original variables,
was compared to updated models using the non-linear terms
for four different time periods, as presented in Tqhjg II. Note
that the plates have a normal lifespan of about 2000 hours.

TABLE H: TIME PERIODS STUDIED

DATE DURATION PLATE AGE
March 7-10, 2003 . | 80 h, full production ; ‘]‘ggg‘h
August 7-11,2003 | 100 b, full production | ). gggﬂ
March 12-14, 2004 | 40 b, ful production ; } 38(;7‘_‘}} B
August 8-12,2004 | 70 h, full production | .. Looo E

Using the original variables, fairly good PLS models
were found for freeness, with Q® values ranging from 26% to
2%. Q’ is a goodness of fit analogous to R?, but specific to
predictive power (it is the percentage of overall measured
variance that is attributable to the model’s predicted values).
The PLS models for average fibre length were much weaker
with Q? ranging from 23% to 27%. Secondary refiner
characteristics tended to dominate throughout. The models
derived from summer data were generally better. For August
2004, no statistically significant PLS model was found for
average fibre length, indicating that this variable did not
exhibit significant correlation  with the others; this was
possibly due to unmeasured and significant variations in chip
properties.

In general, it was found that replacing the three original
“low refining intensity” indicators with one or both non-linear
terms marginally increased Q* for the model, for both freeness
and average fibre length. Sometimes Q’ remained essentially
the same, indicating that the new terms captured the
information contained in the original variables but did not
improve the PLS model. Other approaches were also tried,
such as dividing the original variables instead of multiplying
them, or combining them with specific energy, but these were
found to have little or no correlation with the rest of the
dataset.

The PLS model for freeness for the August 2003 period
showed only a slight increase in Q* when the three variables
were replaced by LRIK (from 51% to 52%), but resulted in a
reduction in model dimensionality: the model changed from
having two components to having only one. This sort of
transformation can be a benefit in itself, by rendering
interpretation of the PLS model more straightforward. An
equivalently powerful model with fewer components probably
corresponds more closely to the basic elements of the system.
When both non-linear terms were added, Q° rose to 54%,
again with only one component.

For this last case, TableIIl lists the largest PLS
“loadings”, the weightings assigned to each original variable
by the PLS model. The loading for the Y variable, freeness, is
positive, as is the loading for dilution flowrate. This indicates
that these two variables tend to increase and decrease in
tandem, to the extent to which the model is significant. All
the other X variables are negative, indicating that they tend to




increase when freeness decreases, and vice versa. The largest
loadings, in absolute value, are LR1J and LRIK, indicating that
these two new terms contributed significantly to the model.

TABLE II: PLS LOADINGS FOR SELECTED
SECONDARY REFINER VARIABLES —

AUGUST 2003 PERIOD
VARIABLE | PLS LOADING
\-Variables
'® motor load -0.322287
'° specific energy -0.325208
itd. deviation of 2° motor load -0.26106
°dilution flowrate 0.224186
“reated term: LRIJ -0.365698
“reated term: LRIK -0.424421
"Variables
-anadian Standard Freeness [ 0.316793

Plate gap, though of major importance to the TMP
rocess, did not figure consistently in the models. In some
ases, only one of the four plate gaps was found to be
yrrelated with the pulp quality values, in other cases all four
ere found to be correlated, sometimes positively, sometimes
sgatively. It is likely that taken over a period of only a few
1ys, plate gap is more of an indication of operator decisions
an of the conditions affecting the fibres.

The standard deviation and variance of the motor load
nded to follow the trends in motor load itself, and so added
tle to the PLS models. It may be necessary to test these
iriable over longer time periods, or to find a more suitable
ay to represent the variability of the refining operation, such

the coefficient of variation.

Using the logarithm of the freeness, instead of the
iginal CSF value, made virtually no difference to the PLS

adel. It is likely that the freeness did not vary over a large
ough range.

‘SCUSSON OF RESULTS

PLS outputs must be studied carefully, to ensure that the
sults correspond to the known properties of the system at
nd. The PLS models from this study were consistent with
nected results, such as for instance, lower specific energy
ing associated with less fibre development (higher freeness)
1 less fibre cutting (longer fibre length).

However, for both the winter and summer examples, the
re length was found to be higher when the “low refining
snsity” variables were Jower, ie., when the refining
:nsity was presumed to be higher. This paradox is almost
tainly due to unmeasured fluctuations in incoming chip
perties affecting both the final pulp fibre length and the
iners themselves. This highlights the caution that must be

en when analyzing data taken under uncontrolled
ditions.

‘NCLUSIONS

Multivariate analysis (MVA) techniques were applied to
orical data from a TMP newsprint mill in Eastern Canada,
srder to determine if it is possibie to more accurately
-esent TMP fundamentals with a variety of new non-linear

variables constructed from measured variables. The new
variables were introduced into a PLS (Projection to Latent
Surfaces) model of pulp quality. It was found that the
incoming chip quality measurements were too}3parse and
limited to be useful in this kind of statistical exercise,
confirming the need for better analysis of incoming chips.

Creating indirect indicators of refining intensity in the

MVA models gave promising results. Blowline consistency
derived from a mass/energy balance, steam pressure drop
across the refiner, and hydraulic pressure delta were all found
to be significantly correlated with freeness and average fibre
length. Replacing these terms with their cross-products
yielded only marginal improvements to the models. No
significant differences were found between the summer and
winter models.
' The inclusion of standard deviation, variance, logarithm
and other non-linear operators was found to have little impact
on the MVA models, at least for the parameters and time
periods that were studied. Clearly there is a need to better
capture the variability of the TMP process for this kind of
statistical modelling, and this avenue of research will continue
to be pursued.

Some unexpected results were found, such as higher
average fibre length corresponding to higher refining intensity.
This is likely due to unmeasured fluctuations in incoming chip
characteristics affecting both the pulp quality and the refiner
operation, and highlights the extreme caution that must be
taken when using raw process data.
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SOMMAIRE

Des modeéles de type Projection aux surfaces latentes
(« PLS ») ont été batis & partir de données d'opération d'une
usine de papier journal dans ’est du Canada, dans le but
éventuel de modéliser la force du papier. Pour mieux
représenter les fondements du procédé PTM, notamment
Uintensité de raffinage dans les raffineurs coniques, de
nouvelles variables non-linéaires ont é1é créées a partir des
variables mesurées aux raffineurs primaires et secondaires.
Parmi les nouvelles variables on retrouve l'écart type, la
variance et le logarithme, ainsi que le produit de plusieurs
variables prises ensemble. Cette approche a servi & créer des
modeéles statistiquement importants, malgré le manque de
données sur les copeaux fournis a l'usine.
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Linking pulp variations to TMP operation
by better selection and treatment

of process data

ROBERT P. HARRISON anp PAUL R. STUART

Multivariate analysis (MVA) is

increasingly being used for
improving  operations, whether
through troubleshooting, process

monitoring, or advanced process con-
trol. This statistical tool is widely avail-
able to plant personnel via user-friend-
ly desktop computer packages, but it
is highly susceptible to “garbage-
in/garbage-out.”This paper uses histor-
ical data from a real mill to explore
ways to counter this challenge.

MVA reduces the number of vari-
ables within a dataset, to make it more
manageable and understandable. The
original variables are boiled down to a
smaller number of new variables, or
‘principal components, that typically
capture much of the variance of the
initial dataset [1]. Each principal com-
ponent is simply a linear combination
of the original variables. Often, the
principal components will corre-
spond. to hidden or latent variables,
inherent to the system, that are not
measured directly but have a physical
interpretation. Modern computing
power has made it possible to apply

MVA to millions of data points, and it
has been used in a variety of industri-
al sectors [2], including pulp and
paper [3-6].

MVA is a statistical technique,
entirely data-driven, It functions like a
black box, finding relationships
between input and output data only,
with no physical modeling of any
kind. As a least-squares method it
inevitably overemphasizes extreme
values such as large process fluctua-
tions, at the expense of normal oper-
ating conditions. When applying MVA
to raw data from an industrial facility
such as a pulp and paper mill, it is
therefore critical to select and pretreat
the data adequately.

CASE STUDY:
TMP NEWSPRINT MILL

IN EASTERN CANADA
The case study for this project is a
thermomechanical pulp (TMP)
newsprint mill in eastern Canada.The
mill experiences short- and long-term
variations in final paper quality. Over a
typical month, hourly averages for tear
strength, burst, and tensile stiffness

index (TSI) may vary +10%. Within a
calendar year, daily averages for these
same parameters may vary £12%-14%.
The goal of the study was to use MVA
to understand the correlations and
trends that are inherent to the mill
operation to determine which
upstream parameters are most likely
linked to pulp quality variations.

High-quality pulp requires good
quality fibers that are well separated.
Proper refiner operation is critical to
this aim, with maximum separation,
but minimum cutting of fibers.
Changes in incoming chip quality are
beyond the control of the TMP mill
operator, and are difficult to measure
[7]1.To a certain degree, these external
factors could theoretically be counter-
acted using controllable internal oper-
ating parameters such as chip feed
rate, specific energy, dilution water
flow, and plate gaps.

Typically, TMP operators use free-
ness as the main indicator of pulp qual-
ity, adjusting the set points for three
variables: transfer screw speed, plate
position (or hydraulic pressure), and
dilution water flow rate [8)].The spe-
cific energy required to achieve a
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given freeness is usually related to the amount of long fiber
in the pulp [9]. Modern control systems [3, 10] therefore
use freeness and fiber length as indicators, generating a win-
dow within which the refiners should operate.

At the case study mill, key pulp quality parameters,
including freeness, average fiber length, and fines content,
are measured using an automated on-line Metso
PulpExpert EXP sampler/analyzer. The mill operates on
100% wood chips, using a combination of black spruce and
balsam fir, but no substantial data were available on the
incoming wood chip quality or exact species mix. (Several
on-line woodchip monitors are under development in
Canada, though none is yet commercially available.)

The mill is equipped with Sunds Defibrator RGP-70-CD
conical refiners, with independent control of the gap
between the plates in both the flat and conical sections.
There is no advanced process control on these refiners;
key operating decisions are made by the operators. The
main steps are:

1.Steam pre-heating of chips at 180 kPa for 3 min
2.Primary refining at 350 kPa and 40%-50% consistency
3.Secondary refining at 350 kPa and 40%-50% consis-

tency
The latency chest has an approximate residence time of 45
min.The upstream equipment has a residence time of only
a few minutes, 50 in this regard the latency chest domi-
nates this section of the mill. The refiner plates have a nor-
mal lifespan of about 2000 hours.

Pulp refining is a highly complex process using a bio-
logical feed material, so fundamental models to date have
been semi-empirical [11]. However, no models have been
published specifically for conical refiners, hence the neces-
sity of the black-box approach used in this study. The MVA
models presented here are based on previous work that
focused on identifying key variables, and their combina-
tions, to best model the fundamentals of this system [12].

RELATING PULP VARIATIONS

TO TMP OPERATION

A variant of MVA called partial least squares (PLS) was
used to model latency chest pulp quality.As shown in Table
I, the pulp quality parameters which serve as theY variables
were freeness, average fiber length, and percent fines. We
selected a time increment of 1 hour, corresponding rough-
ly to the overall residence time of the system (around 50
min).The three dependent variables are measured every 60-
90 min on average, and so again a I-hour period is appro-
priate.

A major challenge in this study was the regular starting
and stopping of the TMP lines, due to built-in overcapacity
relative to the papermaking section. Direct use of the raw
data would yield meaningless MVA results, because the
algorithm would attribute most of the correlation to the
start-stop phenomenon, and not to actual changes in the
process during normal operation.

As is the case with most MVA studies of existing oper-
ations, results are dependent on the natural variability pre-
existing in the dataset. Designed experiments can be used
to counter this problem [13]. However, this study was lim-
ited to historical operating data which, though imperfect,
are an important (and inexpensive) source of insight avail-
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Variable Unit
X variables
1° and 2° motor loads MW
Production rate
{proportional to feed screw rotational speed) tons/day
1° and 2° specific refining energy kWh/ton
1° and 2° flat plate gap mm
1° and 2° conical plate gap mm
1° and 2° dilution flows {multiple) L/min
1° and 2° steam pressure drop across refiner (iP) kPa
1° and 2° blowline consistency (calculated) % solids
1° and 2° plate age h
Y variables
Canadian Standard Freeness mL
Average fiber length (length-weighted) mm
Fines content, defined as small enough
to pass through 200-mesh screen ]
(76 m) %{mass)

Table I. Variables used to generate partial least squares
(PLS) model of single thermomechanical pulp line at
case study mill.

Criterion Parameter Used1 Type Of Output
Goodness | Q? for overall model Quantitative
of Fit Predicted vs. observed Scatter plot
foreachY
Complexity of | Number of components Quantitative
Model required for a given Q?
Realism of | Relative prominence of Ranking
Model X variables ]
Interpretability of com- Qualitative
ponents with regard to
process fundamentals

'Q? is a measure of goodness of fit analogous to R?, but it is specific
to predictive power; it is the percentage of overall measured variance
that is attributable to the mode!'s predicted values. It is derived by
separating the dataset into several segments, some used to create
the model, others for testing it. Unlike R?, which increases when a
model is made more complex with additional principal components,
Q? tends to plateau and then diminish when there is overfitting.

Table Il. Criteria used for comparing MVA models.

able to process engineers.

The various MVA models generated in this study were
evaluated using two different, but parallel, approaches:
matbhematical, primarily based on goodness of fit; and phys-
ical, based on the interpretability of the components that
were found. Table 1I lists the criteria used in this project.

We subjected the raw data to the step-by-step approach
outlined in Fig. 1. We evaluated each of the preprocessing
steps to compare and contrast the results obtained. For the
most part, data pretreatment was done in Microsoft: Excel
before downloading the data into the MVA software:
SIMCA-P (version 10) from Umetrics AB.

Minimum production, as opposed to mean production,
refers to the smallest value recorded on a second-by-sec-
ond basis within that 1-hour period. A threshold of 200



tons/day was selected because the TMP operators never
intentionally operate the refiners below this rate.

We used principal component analysis (PCA)—the
other main variant of MVA—to identify potential outliers.
It differs from PLS in that it treats all variables the same,
rather than dividing them into Xs and Ys. In fact, PLS is a
combination of one PCA model for the Xs and another for
the Ys, each one tweaked to match each other (hence the
name “partial least squares”).

PCA “score plots” show how each observation fits with-
in the model space relative to all the others.The “distance-
to-model plots” show how far each data point had to be
projected to be included in the model. To eliminate sub-
jectivity in interpreting these plots, only points falling out-
side Hotelling’s T? (95-percentile) were considered out-
liers. The Simca-P software shows this threshold as an
ellipse on the score plot,and as a horizontal line on the dis-
tance-to-model plot [14]. To identify which variables
caused the outlier in the first place, we used the MVA “con-
tribution plots” This ability is one of the main advantages
of MVA over other black-box methods. :

Exponentially weighted moving average (EWMA) is
the most widely used form of filtering in the chemical
process industries. Trimming and “winsorizing” automated
features of the Simca P software [14] serve to remove
extreme values. (Winsorizing is statistical jargon for replac-
ing extreme values with the value at the cut-off point.)
Since these features are routinely employed by MVA users,
they were included in this study for the sake of compari-
son.

The periods under study were based on previous work
in which the significance of summer and winter periods
were examined [12]. Identical periods (March and August)
were used within two separate years (2003 and 2004).The
mill used normal refining plates during these periods.

- REMOVAL OF LOW-
PRODUCTION PERIODS

The main cause of production disruptions at the refiners is
built-in overcapacity relative to the paper machines. When
less pulp is needed, one of the four refining lines is tem-
porarily shut down, such that the mill is operating with
only three refiner lines about 70% of the time.All four lines
are subjected to these shutdowns. Automatic shutdowns,
called “feedguard” events, are triggered by excessive motor
load and represent another cause of production disrup-
tion. Also, the refiners are stopped every 200 hours to
change the direction of disk rotation, to prevent uneven

1) ) (3)
Sl et o etioos o rvenng [ "BLS
p'gg‘i‘ggg n using PCA of noise model
Data Pre- | Black-Box
Processing Steps g%t:glérzgs

Figure 1. Overall data pretreatment strategy applied to
TMP historical data.
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Figure 2. Hourly production rates for refining line 1
(expressed as metric tons per day) for the month of
August 2003.

wear of the refiner plates.

August 2003 was selected as the base case. Previous
work at the mill had shown stronger MVA models for sum-
mer data, possibly due to poorer chip quality in winter.The
two options for dealing with low production periods were
compared. On the basis of the mean throughput, 58 hours
were disqualified out of 768 for August 2003. Only remov-
ing periods where the mean production was below the
threshold proved inadequate, however (Fig. 2). The mean
in this case disguised short periods of low production.
Using the more stringent minimum test, a further 32 hours
were removed, which resulted in 2 much clearer picture of
the overall periods suitable for further study.

To complete the comparison, PLS models were gener-
ated using different datasets (Table III). The Q? shown is a
combined metric for all three dependent (Y) variables,
namely latency chest freeness, fiber length, and fines con-
tent. In other words, these models were built for a group of
dependent variables. The results obtained would be differ-
ent if each dependent variable had been modeled sepa- -
rately. ' '

Thus, the PLS results for August 2003 confirmed that
the best option was to remove a priori the periods with
minimum production below the threshold, and then take
out the PCA outliers. However, the differences between
some of the Q2 values are slight. In the case of “mean < 200
removed” there was no appreciable difference when the
outliers were removed. It was therefore necessary to inves-
tigate further by examining the actual nature of the data
points that were removed in each case.
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IDENTIFYING MAJOR
OUTLIERS

For each of the four months under
study, we created a PCA model using

all variables and data points, including

low-production periods, to test the
effectiveness of MVA for detecting
known outliers. The data points iden-
tified using Hotelling’s T? ellipse (95-
percentile) often corresponded to the
periods of low production, but not
always, and some low production
periods were not detected at all.

Some of the outliers detected
using the distance-to-model plot
occurred during normal production
periods, several hours after the last
shutdown. Clearly, other variables
were breaking with the model struc-
ture. Studying the contribution plots
revealed that, for these points, plate
gap and specific energy in the second-
ary refiner were higher than normal in
some cases, and lower than normal in
others. Several points showed higher
or lower specific energy in the pri-
mary refiner. These results are difficult
to interpret, because the residual low-
production periods could be adversely
affecting the model's overall validity.

Next, a PCA model was created
that excluded periods of low mean
production. The score plots revealed
far fewer outliers, corresponding to
periods where the minimum produc-
tion was below the threshold.The dis-
tance-to-model plots also showed
fewer outliers.

Finally, we created a PCA model
excluding periods of low minimum
production.This resulted in the model
with the fewest outliers. For August
2003, fewer than 10 outliers were
found on the score plot, with a further
32 found on the distance-to-model
plot. This explains why there was no
appreciable difference in when the
outliers were removed.

Using the MVA contribution plots
for these points, we could determine
which variables had caused them to
break with the overall correlational
structure. The few dozen distance-to-
model outliers were mainly due to
changes in pulp parameters that were
uncorrelated with the other variables,
or to fluctuations in steam pressure
drop across the refiner, possibly indi-
cating temporary obstructions to
counter-current steam flow between
the refiner plates. Overall, this small
number of outliers appeared to repre-
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Dataset Overall Q2 # of Comp.? Comments
All hours 22% 5 Dominated by start-up and shut down
- minus outliers’ 41% 5 Dominated by start-up and shutdown
Mean < 200 removed 39% 5 Start-up and shutdown stili strongly
evident
- minus outliers 39% 4 Start-up and shutdown still strongly
evident
Min. < 200 removed 40% 4 Minimal evidence of start-up and shut
down
- minus outliers 41% 4 Option retained

1Rows marked “- minus outliers” indicate that both types of PCA outliers were removed.
2The column identified as “# of Comp.” refers to the number of significant components

found, based on the best cumulative Q2,

Table lll. Results for partial least squares (PLS) models generated from
refining line data, with different hours excluded.

Data Pretreatment Step - Number of Hours Removed
Low production-periods,
| based on minimum throughput 90
PCA outliers, based on score plot 6
PCA outliers, based on distance-to-model plot 32
One-hour periods retained
for partial least squares (PLS) model 641
TOTAL 768

Table IV. Hours retained and removed fqrAugust 2003.

sent unusual operating conditions.
Even though they had little effect on
the Q2 they were therefore removed
before continuing to the next step of
data pre-treatment.

Table IV summarizes the final tally
of hours retained and hours removed
for August 2003, out of the original
768 one-hour periods.

FILTERING NOISE
Figure 3 shows plots of the original
primary and secondary motor loads
for August 2003, overlaid by the fil-
tered signals for two different values of
alpha in EWMA, (Alpha is the weight-
ing, between zero and one, given to
the previous value in the sequence.
The weighting of the current value is
one-minus-alpha. An alpha of zero
means there is no filtering.)

The lower value of 0.5 was the
point at which smoothing started to
become visibly apparent on the plots.
The upper value of 0.8 was chosen
because it yielded the smoothed
curve that fit the original data the
best, admittedly a somewhat subjec-
tive evaluation. At alpha values above
0.9, the curves became visibly overfit-

ted. Note that with an extreme alpha
& 0.99), all signals begin to resemble
a straight line.

At an alpha of 0.8 there is a notice-
able shift of the raw data to the right,
caused by the inertia of the moving
average. Plotting the cross-correlation
curves for filtered versus unfiltered
data showed this shift to be about 2
hours. However, since this shift
applies equally to all variables—both
X and Y—the accuracy of the model
should not be affected. Obviously this
shift would have to be taken into
account if filtered and unfiltered sig-
nals were used in combination.

Table V. shows the results of the
various PLS models for August 2003.
The combined Q? value for the three
dependent variables (freeness, fiber
length, and fines) is shown are for a
model with four components. In all
cases, components numbered 5 and
above contributed little or no incre-
mental gain to the overall goodness of
fit, and may therefore represent ran-
dom noise in the data. The improve-
ment in goodness of fit when EWMA is
applied is striking, with a jump in Q?
from 41% to 61% just by using an
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EWMA Motor Loads / alpha=0.5

OBSERVED VS, PREDICTED PLOT / NO FILTERING
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Figure 3. Filtered vs. original motor load signals for
August 2003, showing smoothing effect of exponential-
ly weighted moving average at different alpha values.

alpha of 0.8.

The trimming/winsorizing step entailed the removal of
the top and bottom 1% of values for each individual vari-
able, and their replacement with the value at the cut-off
point. This option had little effect on the results. This was
not surprising. Intuitively this method does not seem suited
to time series data, where the most extreme values might
be due to process shifts and not aberrant measurements.

The improvement in accuracy with filtering is apparent
in Fig. 4, which shows the observed vs. predicted plots gen-
erated for average pulp fiber length.The two plots show the
data clouds with and without EWMA for August 2003.

Table VI indicates possible interpretations for the
components for August 2003. These are based largely on
which X andY variables showed the largest PLS loadings,
i.e., the weights assigned to each original variable by the
PLS model. The larger the loading, the more that term
contributed to the PLS model. Motor loads and dilution
flow rates are often highly correlated with production
rate. For PCA modeling, this could be a pitfall. This one
dominant trend could eclipse other, more interesting cor-
relations. However, when using a PLS model, it is accept-
able to have highly correlated variables among the Xs,
because a component in the X space can only contribute
to the PLS model if it correlates with a trend among the
Ys, regardless of the number of underlying variables.

Conditions at the primary refiner seem to mostly cor-
relate with pulp freeness, whereas conditions at the sec-
ondary refiner more closely relate to fiber length and
fines.This is consistent with discussions we have had with
the TMP operators at the mill and with equipment suppli-
ers. Similar components were found when the data were
filtered, suggesting that the overall correlational structure
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Figure 4. Observed vs. predicted plots for fiber length
in the partial least squares (PLS) model, using differ-
ent filtering methods, August 2003 (diagonal is 1:1
line). The R value is that calculated by the PLS model.

Filtering option Overall Q? # of Comp.1
No filtering 40.63% 4
Trim / winsorize 40.56% 4
EWMA, a =0.5 50.13% 3
EWMA, o =0.8 2

60.75%

'The column titled “# of Comp! indicates the number of compo-
nents required to achieve an overall cumulative Q? equivalent to
that of the “no filtering” case.

EWMA = exponentially weighted moving average.

Table V. Comparison of partial least squares (PLS)
results for different data filtering methods.

of the dataset was not compromised by using EWMA.

Note that freeness is logarithmic with almost any other
variable. However, in a previous study [12], we replaced
freeness with its logarithm and obtained exactly the same
PLS models.The most likely explanation is that within our
dataset the freeness only varied between 200 mL and 250
mL, which is too small a range for the nonlinearity to show
itself. We therefore used the original freeness values.

Table VII compares results for the four different
months studied. Compared to the August 2003 base case,
March of that year showed a large number of start-ups and
shutdowns, with over a third of the hours being identified
for removal. The final PLS model was much weaker than for
August, possibly related to greater variability in incoming
chip quality (typically not well measured at Canadian
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newsprint mills). Again, the overall Q2
was significantly improved by using
EWMA. Furthermore, the prominent X
variables for March were different for
August, with the first component
being dominated by low specific ener-
gy in the primary refiner, which the
TMP operators often associate with
lower quality chips.

Apart from the fact that the mod-
els were stronger, the 2004 findings
were similar to those of 2003.
However, once again, which X vari-

ables were prominent differed from -

one month to the other. The process
clearly evolves over time, such that no
two months have exactly the same
coefficients. Using MVA for advanced
control would therefore require some
kind of adaptive controller, as report-
ed by other authors [3].

RECOMIMENDATIONS
The main focus of this paper was to
examine, in a systematic way, various
techniques for preselecting and pre-
treating TMP process data to increase
the realism and usefulness of PLS
black-box models for pulp quality. For
the purpose of this study, pulp free-
ness, average fiber length, and fines
content at the latency chest were
combined into a single statistical
model. The models were compared on
the basis of pure statistics, notably
goodness-of-fit, and on model inter-
pretability. Significantly better PLS
models were obtained when mill data
were pretreated as follows:

1.Low-production periods were
stringently removed so that no
second-by-second data point dur-
ing the entire hour fell below
the threshold.

2.PCA outliers on both the score
and distance-to-model plot were

removed using Hotelling’s T? (95-

percentile).

3.Aggressive EWMA filtering was
applied to all Xs and Ys.

While data pretreatment is clearly
essential to successful application of
MVA, these methods are generally
compromises, with no one single
“best” data pretreatment methodolo-
gy. However, in our study the models
using pretreated data were better,
whether evaluated using statistical
metrics or qualitative tests.

One possible explanation for the
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# Variables with Highest
PLS Loadings®

Possible Interpretation of
Component

1 X: 2° motor load {(-)
Y: freeness (+), fiber length {+), fines (-)

2 X: 2° plate gaps (+), 2° steam P (-}
Y: fiber length (+), fines (-)

3 X:2°dilution (+}, 1° plate gaps (+)
1° motor load {(-)
Y: freeness (+)

4 X:2°steam P (+), 2°
conical plate gap (-)
Y: fiber length (-}, fines (+)

| 'The parentheses show whether the loading was positive or negative, which indicates either a
positive or a negative correlation vis-a-vis the other variables. Caution must be exercised
when assigning cause-and-effect relationships to purely statistical outputs.

Impact of 2° refining energy on fiber
length

Older plates requiring tighter gap in
2° refiner, yielding shorter fibers and
more fines

Lower primary refining energy, yield
ing higher freeness

Higher refining intensity in secondary
refiner, cutting fibers, and generating
fines :

Table VI. Interpretation of partial least squares (PLS) componenis for

August 2003 mill data.
Overall Q2
Month Hours EWMA Dominant
Removed No Fiitering + = 0.8 X Variables

March 273 out of 768 23% 38% 1° energy, 1° dilution, 1°
2003 (36%) plate gaps

August 128 out of 768 M% 61% 1° and 2° energy, 2° plate
2003 {17%) gaps, 2° steam P

March 258 out of 768 56% 67% 2° energy, 1° plate gaps,
2004’ (34%) 1° and 2° consistency
August 170 out of 768 59% 68% 1° and 2° energy, 1° dilu-
2004 (22%) tion, 1° and 2° consistency

'"Maintenance on the PulpExpert unit during this month may have affected results.
EWMA = exponentially weighted moving average.

Table VII. Partial least squares (PLS) results for different months using
identical variables and data pretreatment.

success of filtering is that MVA is nor-
mally blind to time series data, treating
all data points the same regardless of
how far apart they are in real time.
Filtering with EWMA essentially over-
lays time-related information onto the
dataset, introducing a dynamic ele-
ment not present in the original unfil-
tered data. By providing the algorithm
with more information about the sys-
tem, filtering improves its ability to
find correlations between the depend-
ent and independent variables. EWMA
did not appear to affect which X and
Y variables were most prominent, sug-

gesting that even with a high level of

filtering, the model was still represen-
tative of the original data.

PLS outputs must be studied care-
fully to ensure that the results corre-
spond to the known properties of the
system. The PLS models from this
study were consistent with expected
results, such as lower specific energy
being associated with less fiber devel-
opment Chigher freeness) and less
fiber cutting (longer fiber length and
lower fines). Another observed effect
was plate age. However, caution must
be exercised before ascribing cause-
and-effect to what are purely statisti-
cal outputs, since both the Xs and the



Ys might simply be responding
together to an outside influence.

Different X variables were promi-
nent from one month to the other. It
would appear that the process
evolves over time, such that no two
months will yield exactly the same
model, even if the list of key parame-
ters remains constant. Unmeasured
fluctuations in incoming chip quality
is one plausible explanation, though
without better data this remains con-
jecture. Using MVA for advanced con-
trol would therefore require an adap-
tive controller, in which the variables
remain the same but the coefficients
are continually updated.

Even our best models only
explained 40% to 60% of the variance
in the Y parameters, meaning that
about half of the variance corre-
sponds to unmeasured variables. The
various on-line woodchip monitors
under development shouid help to
address this data gap. T«
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APPLICATION STATEMENT

This study presents a straightforward method for combining individual TMP operations,
including reject refining, into a single statistical model for explaining quality fluctuations in pulp
and final newsprint.

SUMMARY

Modern TMP newsprint mills face the double challenge of varying chip quality, and an
increasingly demanding clientele who expect better and more consistent product. This article
develops a method for correlating TMP operations with pulp and, ultimately, paper quality by
focusing on process fundamentals such as specific energy and refining intensity. The case study
i1s an Eastern Canadian newsprint mill which experiences variability in paper strength and
porosity. Frequent interruptions in the four refining lines greatly affect the reject specific energy
and other key parameters, many of which are not measured directly and must be calculated from
other variables. Due to the infrequency of measurements, linking paper variations to upstream
pulp quality variables such as freeness, fiber length and fines content is difficult. However, the
mainline refining and reject sections are data rich, with many parameters measured second-by-
second. Using Multivariate Analysis and other statistical tools, it was possible to link pulp
quality back to TMP and rejects operations, taking into account number of lines in operation,
plate age and process lags. Furthermore, it was possible using MV A models to correlate roughly
half of the variability in final paper quality with the refining operations. One conclusion of this
work is that even better results would likely be obtained with more on-line measurements,
notably for incoming chip quality and reject refining consistency.

CAPTIONS FOR IMAGES (SEE ATTACHED JPEG FILES)

Figure 1: Power spectrum for tear strength, generated from hourly measurements over one month
(August 2004).

Figure 2: Statistical relationship between specific reject refining energy (calculated from other
variables) and pulp quality at the refined rejects outlet. 2a) bivariate plot, showing the cross-
correlation between reject specific energy and fiber length, August 2003. 2b) corresponding
multivariate ‘loadings’ plot showing all the reject variables.

Figure 3: Structure of PLS model showing independent (X) and dependent (Y) variables. No
useable data were found for chip quality.
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Canadian TMP newsprint mills currently face a double challenge — varying chip quality, and an
increasingly demanding clientele who expect better and more consistent product. Companies are
now less vertically integrated, and have less direct control over the wood supply. Many chips are
now coming from outside sawmills, where they are seen as a secondary by-product, with little or
no attention paid to quality assurance. Unfortunately, many existing TMP mills have built-in
characteristics, such as limited chip storage, that make final newsprint quality highly susceptible
to disturbances. This situation only exacerbates other economic factors that are making it
increasingly difficult for North American newsprint mills to compete internationally.

To achieve more consistent paper quality, we must reduce the variability in the intermediate pulp.
Mills have certain expectations of productivity, however, and seek to maximize overall
equipment efficiency. Many mills therefore operate at or above nominal capacity virtually all the
time, leaving little or no ‘wiggle’ room to compensate for outside disturbances.

At the same time, mills are faced with yet another new challenge, namely a glut of process data
captured by millwide data historians. While theoretically this is a gold mine of information on
the inner workings of the different unit operations, in practice it is often difficult to show trends
and relationships connecting the different sections of the mill. Missing, sparse and/or poor

measurements are partly to blame, but another equally important reason is the multivariate nature
of the TMP mill itself.

Studying one or two variables at a time is a fruitless task, because the operating parameters, pulp
measurements and final paper quality are connected in such a way that the interactions between
them are as important as the variables themselves. To be properly understood, therefore, the
different variables in a TMP mill must be studied in combination. One method for doing this is
the statistical technique known as Multivariate Analysis, or MVA. Like all so-called “black-box™
methods, which rely only on inputs and outputs, it has the pitfall of blindly attributing
correlations between variables without any regard whatsoever for the actual underlying process.

Our goal was not to create a universal predictive model of the TMP process, which is virtually
impossible without planned experiments. Rather, the objective of our research is to develop a
methodology for identifying the probable main sources of variation in important paper
parameters, using routinely collected data. This article presents part of the solution, by proposing
a way to correlate TMP operations with pulp and, ultimately, paper quality via process
fundamentals such as specific energy and refining intensity. The case study is an Eastern
Canadian newsprint mill which experiences short- and long-term variations on the order of
+10-15% in final paper strength. Discrete events like primary/secondary refining line
interruptions, and changes in reject refiner operation, are an integral part of this case study.

Rich vs. Poor Data Sources

The impacts of pulp characteristics on final paper quality are well established. Newsprint
strength, for instance, is known to depend on pulp fiber length, while other parameters critical to
paper quality include freeness and fines content [1,2,3]. When using real mill data, however, it is
often a challenge to show these links statistically due to the infrequency of measurements.
Longer-term variations can be shown, such as weekly or monthly averages [4], but at shorter
timescales the correlations are much harder to demonstrate.



This is true of the case study mill, whose characteristics were described in an earlier paper [5].151
Pulp samples at the mill are automatically analyzed roughly every 60-120 minutes, as shown in
Table I. The sampling itself only lasts some 30 seconds, so these are grab samples and not
composite samples. Along with the inevitable measurement error and calibration issues, this
tends to create much variability from one reading to the next. Moreover, pulp is a highly
complex mix of organic compounds, both cellulosic and non-cellulosic, with a biological origin.

It therefore cannot possibly be fully characterized by a handful of infrequent, macroscopic
measurements.

One goal would be to automate the control of the TMP refiners to achieve the required pulp
quality. Data from the papermaking section (longer loop) could be used to update the setpoints
for pulp quality (shorter loop), as has been proposed in several commercial applications [6].
Before doing this, however, it is necessary to understand the impact of TMP operations on pulp
and paper variability. The variables used in this study are shown in Table II and Figure 3.

In contrast to the pulp, for paper the number of variables tested automatically is much higher, and
there is a certain degree of redundancy among the numerous strength tests. However,
measurements are still relatively infrequent. Tests are performed on a 30-cm wide strip at the end
of each reel, again a small grab sample, corresponding to a period of roughly every 45 minutes.
For the purposes of this study, the following paper parameters were used: tear strength, burst
strength, tensile stiffness index, and permeability to air (an indicator of porosity). These were

selected based on preoccupations at the case study mill, and known relationships with the
parameters tested in the pulp.

Sparser still are measurements on the incoming chips, tiny grab samples which are taken from the
main conveyor belt only every eight hours. Furthermore, the tests performed on the chips are
limited to density and moisture measurements, a rough size distribution, and rot content. Apart
from very long term trends, such as season-to-season, these chip data are far too limited to be
useful for predicting final paper quality. Better and more frequent measurement of the chips
would likely be extremely helpful, given the importance of wood species, growing conditions,
harvesting techniques and other factors on final paper quality [7,8].

In stark contrast, the mainline refining and reject sections are extremely rich in frequent, plentiful
data. The refiners and ancillary equipment are highly instrumented, with many operating
parameters measured continuously. Fast variables, such as motor load, are logged in the data
historian once per second, providing a very large amount of process information. However, these
data present some important challenges:

e Certain critical operating parameters go unmeasured, e.g., refining consistency.

* Variables are not in a form corresponding to known process fundamentals.

e Measurements are subject to instrument drift and calibration problems.

¢ Frequent start/stop of refiners.

o Gradual effect of equipment wear, such as plate age.

e Presence of process lags.

Some of these issues, like instrument drift and equipment wear, are true of any TMP mill.
Others, like lack of refining consistency measurement, are specific to the case study mill.

Another particularity of the case study mill is overcapacity in the pulp section relative to the
paper section. This results in frequent interruptions in each of the four main refining lines, which



greatly affects the reject refining specific energy and other key parameters. A method for dealing152
with this problem is proposed below.

Despite these issues, it should be possible to exploit the richness of the refining data to model
pulp and newsprint quality. First, though, we must determine if the sampling frequency of the
final paper is sufficient to be useable for MVA.

Frequency of Paper Sampling

As mentioned above, the final paper quality is tested using small strips at the end of each reel.
This is unavoidable, because newsprint is sold in long continuous sheets, which would be
destroyed by intermittent cutting. This means, by definition, that any MV A models constructed
using these data will at best be linked to long-term fluctuations in paper quality, as opposed to
shorter-term fluctuations such as would occur within a single reel. The question remains whether
these measurements properly represent long-term variations in paper quality, or have been
corrupted by the presence of short-term variations — the problem of aliasing. In other words, the
question is whether the long-term paper qualit; variations (e.g., of period greater than 2 hours)
are sufficiently large compared to the short-term variations (e.g., less than 2 hours) to allow one-
hour sampling to properly track the majority of quality variations.

Following the technique recommended by Croteau et al [9], we studied the power spectra of all
the paper characteristics of interest, using one-hour averages. We found that three-quarters of the
variability occurred at a frequency below 0.1 cycles per hour, i.e., at a time constant above 10
hours. Over 95% of the variability was below 0.4 cycles per hour, i.e., longer than 2.5 hours.
This would suggest that the slower trends in final paper quality are indeed adequately
represented, and that this sampling frequency is sufficient for our purposes. Figure 1 shows the
power spectrum for tear strength only, but similar plots were found for all the paper parameters
under study. There are two reasons for the long-term nature of these variations: the process, with
its numerous tanks, screens and recirculation loops, acts as a filter for the pulp quality variations;
and, control loops at the paper machines tend to stabilize the short-term fluctuations in basis
weight, moisture and caliper that would affect other paper properties.

It may seem paradoxical to use one-hour data to justify a one-hour time increment. Had we been
doing planned experiments, rather than using pre-existing data, no doubt we would have selected
a shorter sampling frequency, to be more conservative. However, such are the limitations when
using real operating data.

Integrating TMP Fundamentals into PLS Model

The main variant of MVA used to relate independent (X) variables to dependent (Y) variables is
known as Partial Least Squares, or PLS. As with any purely statistical method, without the use of
a designed experiment no causality can be inferred, just correlation.

MVA is a purely statistical tool, and is automatically drawn to the most prominent trends in any
dataset. Starts and stops of equipment, setpoint adjustments, routine calibration and other abrupt
shifts will tend to dominate the latent variables, or “principal components”, that are generated by
the MVA algorithm. It is therefore necessary to pre-treat raw process data before using MVA, if
only to remove periods of low production and other outliers, and filter out noise. A detailed
methodology for pre-treating TMP operating data was presented in an earlier TAPPI article [5].



Because MVA is a linear technique, it is also necessary to modify the variables to correspondl53
better to the underlying process. TMP refiner operation is dominated by two non-linear terms,
namely specific energy, defined as mechanical energy per metric tonne of pulp produced, and
refining intensity, or the specific energy per bar impact. Both must be properly controlled to
ensure good pulp quality.

Specific energy is the central parameter of refiner operation. It must be high enough to ensure
fiber separation and defibrillation, but low enough to avoid excessive fiber cutting which can
adversely impact the strength of the final paper [10]. Specific energy is not controlled directly,
but rather indirectly via the manipulated variables of throughput, dilution flow and plate gap. Itis
relatively easy to calculate, since motor load is very accurately measured. Production rate is
known from the volumetric feedrate, although the latter is susceptible to fluctuations in chip
density.

Refining intensity is much more difficult to measure in-an industrial refiner. It indicates how the
mechanical energy is applied, whether gradually over a large number of bar impacts, or suddenly
by just one or two jarring impacts. The latter situation is highly damaging to fibers [11,12,13].
For a given plate configuration and disc rotation speed, refining intensity is largely a function of
refining consistency [10]. This is an inverse relationship: higher consistency means a longer fiber
residence time between the refiner plates, and hence more bar impacts of lower refining intensity
for a given specific energy. At the case study mill, refining consistency is not measured directly
in real time, but for Line 1 an on-line calculation is made available to operators based on a simple
mass/energy balance. By comparing the equation in the DCS logbook to real production data, it
was possible to deduce the coefficients and extend this calculation to the other three lines.

The refiner plates have a normal lifespan of about 2000 hours, during which time the bars on the
plate surface are gradually worn down, affecting the process characteristics. Less energy is
required with an older plate to achieve a given freeness, but the refining intensity is higher
because the plate gap is smaller, resulting in more damaged fibers [9]. Lama et al [14] reported
the effect of plate age on a mathematical model of TMP motor load for a twin refiner. Plate age
displays both slow and very fast effects on the TMP refining process, because the plates wear
down gradually over several thousand hours of operation, and then are abruptly replaced with
new plates. At the case study mill, the individual plate ages are continuously logged in the data
historian, and so are readily available.

Importance of Reject Refining

A very important, and sometimes overlooked, part of any TMP mill is reject refining. Because
the case study mill experiences frequent starts and stops on the four main refining lines, the
throughput at the presses, and ultimately the reject refiners, is continually changing. Partly to
compensate for this, the operators tend to increase the reject rate from roughly 30% to 40% after a
line stoppage, meaning that the fiber length distribution of the pulp entering the reject refiners
varies over time. These adjustments are made manually and not automatically, and there tends to
be a lag of several hours. Combined with occasional stoppages of the reject refiners themselves,
this situation results in a highly variable and poorly controlled reject refining.

Unfortunately, the measurements at the reject refiners are insufficient to calculate the consistency,
which could serve as an indicator of reject refining intensity. However, it is possible to calculate
the specific energy at the reject refiners, by adding the motor loads of the two reject refiners (they
operate in parallel) and dividing by the throughput. The latter was estimated by simply
multiplying the reject rate by the total production of the four main lines. The specific reject



refining energy thus calculated showed a very large variability from hour to hour, ranging from!54
800 kWh/t to over 1400 kWh/t. By looking at the original variables, we concluded that this
variability was due to fluctuations in both the numerator (motor load) and the denominator
(throughput). Sometimes one of the two reject refiners was stopped, but the number of reject
refiners in operation was not always a function of the number of working TMP lines.

Though based on several assumptions, this estimate of specific reject refining energy showed
significant correlation with the pulp quality at the refined rejects outlet, much more so than the
original variables did. This was true for both bivariate (cross-correlation) and multivariate
(MVA) statistical tests, as shown in Figure 2 for fiber length. Note that the calculated specific
reject refining energy dominates the MV A plot in 2b (second column from the right) despite the
presence of the original variables from which it had been calculated.

In each case, the amount of variability explained is not particularly high: a correlation coefficient
of 31% in one case, and a Q of 14.5% in the other (Q’ represents the proportion of the Y
variance captured by the PLS model; it is similar to R? but decreases with overfitting). This is not
surprising, since reject refining is only part of the overall picture. The point is that these
correlations, while only explaining part of the picture, are nonetheless statistically significant as
indicated by the 95% confidence limits on both plots.

Process Lags

MVA is not a time series technique, and treats all observations exactly the same, whether they be
sequential or three weeks apart. Process lags must be synchronized beforehand, otherwise the
algorithm will blindly combine data for different moments in time into a series of muddled,
meaningless datapoints. At the case study mill, the process lags for the mainline pulp are not
constant because of changes in tank levels. However, for the purposes of this study the monthly
average lags between unit operations were used. These can be estimated by comparing cross-
correlation curves [15], in this case for fiber length measured at different points in the process, as
listed in Table II1.

An attempt was made to link process lags to High Density tank levels, which tend to fluctuate
significantly. However, no statistically significant relationships could be found, probably due to
the small number of datapoints available for any given tank level.

Linking Paper Quality Back to TMP Operations -

To model the final paper quality, it was necessary to combine all the different TMP sections mto
a single model. Essentially, we did to the data what occurs to the pulp within the real process,
i.e., combine all the main lines as well as the reject lines, add process lags, and dampen high-
frequency fluctuations.

Initially, we created models in which the four TMP lines appeared separately. It quickly became
apparent that this approach led to serious problems. The models were exceptionally hard to
interpret, because they tended to reflect the idiosyncrasies of the four individual lines, rather than
the entire upstream effect on the pulp and newsprint. Thus, one week Line 1 might dominate,
whereas for a different week it might be Line 3. Not surprisingly, these models tended to be
weaker overall.

Before combining the four main TMP lines, each was first treated individually by removing all
shutdown periods. Any hour during which the minimum production rate (i.e., smallest second-
by-second value over the entire hour) was below 200 t/d was systematically erased. The hour



itself was not removed, but the values for production, specific energy and consistency werel9>
replaced with blanks. Combining the four main lines, therefore, consisted in taking the average

of just those lines that were in operation for any given hour. This technique completely
eliminated the effect of starts and stops, while giving the correct weighting to the lines in
operation. :

In the case of plate age this approach was unnecessary, because the plates do not age when the
line is shut down. The ages for all four lines were simply added together. In order to
differentiate between the different kinds of refiners, the four primary refiners were considered as
one group, the four secondary refiners as another group, and the two reject refiners as a third

group. These total plate ages were then used as new X’s in the MVA model, to give the final
choice of X’s listed in Table II.

Due to frequent grade changes, the original plots of the tear and bursting strengths showed abrupt
shifts not related to the upstream TMP process. This would have destroyed any chance of linking
these two parameters to the refining section Dividing these two parameters by the basis weight,
to create an index, greatly reduced this effect, underlining the importance of studying the original
data before doing any MVA. Permeability was also clearly linked to basis weight, but in this case
indexing was not helpful so the models were limited to periods of 45-g/m” production (roughly
two-thirds of the hours) for this parameter only.

All variables, both X and Y, were further treated to remove outliers and noise. Using another
variant of MV A known as Principal Component Analysis (PCA), we identified datapoints that did
not fit the overall correlational structure. Often these outliers yield interesting clues about the
process, such as shifts in operating regime. In this case, however, our goal was to represent the
most typical TMP operation and relate it to slower trends in the paper, so the outliers were
systematically removed. To counter noise, all variables were also subjected to filtering. We used
an exponentially weighted moving average (EWMA) with an alpha value of 0.8, corresponding to
a first-order filter with a time constant of 4 hours — a rough approximation of the filtering of the
process.

Using this approach, it was possible to link pulp quality back to the TMP operations, including
the reject refining, as shown in Table IV. The Q7 value listed is a combined metric for that group
of dependent variables; the results obtained would be different if each dependent variable had
been modelled separately. Table V shows the TMP and reject operating variables associated with
each of the dependent variables, in other words which X variables were grouped by the PLS
model with the Y variables. For the most part, the trends that we found correspond to what would
be expected for a typical TMP operation.

Using this multivariate approach, we were also able to find correlations between the upstream
operations and the final newsprint. Table VI shows which TMP and reject operating variables
were statistically linked to each of the paper quality parameters. Again, the results are consistent
with expectations. One interesting result not reflected in the table is the presence of a link
between secondary plate age and strength (positive) and permeability (negative), exactly the
opposite of the other two plate ages. This could be attributable to coincidence, or to some outside

factor affecting the process. Again, it is important to highlight that MV A only finds correlation,
not causality.

It is important to note that the Q” values presented above represent the proportion of the Y
variance captured by the model, and not the statistical significance of the model per se. The latter
1s indicated by the 95% confidence limits on the PLS histograms. When using real process data,
it is common to have Q° values in the range of 40%, i.e., the model explains with statistical



significance 40% of the Y variance. The unexplained portion of the variance corresponds tol 56
unmeasured (or unmeasurable) process variables that impact the quality parameters, or to
measurement errors and noise, both of which are prominent in real operating data.

Discussion

Using historical TMP operating data, while a promising source of insight, can be difficult due to
outliers, noise, and the multivariate nature of the process itself. MVA is a cheap, non-intrusive
method for treating such data, although interpreting the results and avoiding findings that are
merely coincidental can be quite difficult.

Using MVA and other statistical tools, it was possible to link one-hour values for pulp freeness,
fiber length and fines content back to the TMP refining operations, including reject refining. To
get the best results, it was necessary to convert the existing variables into a form closer to the
process fundamentals by creating non-linear terms to represent specific energy and refining
intensity. It was also necessary to take into account number of lines in operation at any given
time, the gradual wearing of the refining plates, and process lags. Of all these factors, plate age
seemed to have the greatest effect on pulp parameters, even though actual plate wear 1s known to

be non-linear with time. Specific energy at the reject refiners also had a significant effect,
notably on fiber length.

Refining consistency, calculated from other variables, was found to trend almost always with
specific energy. As a result, the anticipated independence of specific energy and refining
intensity was not observed. To verify this point, it would be necessary to conduct planned

experiments in which specific energy is held constant, and the refining consistency is manipulated
in a controlled manner.

With the same approach, it was also possible to explain roughly half of the variability in final
paper quality, in this case strength, porosity and linting. This is quite remarkable, considering
that no paper machine operating variables were used, and that little or no data were available on
incoming chip quality. Of course, these results are correlational and not cause-and effect; it is
possible that both the TMP operations and the paper are being affected by a third, unmeasured
factor. This question will be the theme of our next article, along with a systematic comparison of
different timescales and sampling locations.

Such an approach could be used for a two-tiered control strategy, where paper monitoring results
serve to update setpoints for pulp quality at the TMP section. Because the TMP process is a
moving target, any such strategy would require an adaptive controller.

Recommendations

Using Multivariate Analysis and other statistical tools, it was possible to link pulp quality back te
TMP and rejects operations, taking into account number of lines in operation, plate age and
process lags. Furthermore, it was possible to explain roughly half of the variability in final paper
quality by creating MV A models of the refining operations based on process fundamentals such
as specific energy and refining intensity. Based on our results, it seems there is room for
improvement in the control of specific energy and the scheduling of plate changes. Another
conclusion of this work is that even better results would be likely obtained with more on-line
measurements, notably for incoming chip quality and reject refining consistency.
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Table L. Rich vs. Poor Data Sources at Case Study Mill.

Data Source Frequency of Number of Variables  Richness of Data
Measurement
Wood chip quality Grab sample A few physical Very poor
every 8 h characteristics
TMP mainline operation Once per second  Large number of Rich
energy, pressure and
flowrate
measurements
Reject refiner operation Once per second  Some key variables Rich
missing; must be
calculated
Pulp quality — latency chest ~ Grab sample Limited to freeness, Poor
every 60-120 min fibre length and fines
Pulp quality — stock prep. Grab sample Limited to freeness, Poor
every 60-120 min  fibre length and fines
Final paper quality Grab sample Many variables with  Intermediate

every 45 min

much redundancy,
esp. for paper
strength
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Table II. Variables used to generate PLS model of TMP mill.

Variable Unit
X-Variables

Production rate (proportional to feed screw rotational speed) t/d
Number of TMP lines in operation -

1° & 2° specific refining energy kWh/t

1° & 2° blowline consistency (calculated with simple mass/energy balance) % solids
1° & 2° plate age h

Standard deviation of motor loads (1° & 2°) MW
Reject refining specific energy kWh/t
Reject plate age h
Y-Variables — Pulp Properties (PulpExpert)

Canadian Standard Freeness mL
Average fiber length (length-weighted) mm

Fines content, defined as small enough to pass through 200 mesh screen oy

(76 pm) % (mass)
Y-Variables — Paper Properties (Autoline)

Tear MD (index) mN/(g/m’)
Tear CD (index) mN/(g/m®)
Bursting strength (index) kPa/(g/m’)
TSIMD kNm/g
TSICD kNm/g
Permeability to air (indicative of porosity) mL/min




161

Table 1. Average process lags used in PLS model, based on cross-correlation curves for
average fiber length at various locations, for August 2003.

Location Lag

Based on cross-correlation curves:

Headbox feeder tank Oh
Disk filter feed -2h
Refined rejects outlet -3h
Primary screen accepts -5h
Outlet of latency chests -5 h

Assumptions, by simple extrapolation:

Final paper 0h
Reject refiners -5h
Primary and secondary refiners -6 h

Table IV. Summary of PLS models obtained using hourly averages for month of August 2003.

PLS Model Number of Q
Components

Pulp Quality (freeness, fiber length & fines content) 5 38%

Paper Strength (tear, burst & TSI) 3 47%

Porosity (permeability to air) 3 69%




Table V. Pulp Quality Model — TMP and reject refiner operating variables (X variables) most
associated with each dependent (Y) variable. August 2003.

Sampling location  Dependent (Y) variable

Independent (X) variables showing strongest
correlation within PLS model

Higher freeness

Outlet of refined Higher average fiber
rejects tank length

Higher fines content

Lower specific energy in reject refiners.

Lower overall specific energy; lower refining
consistency; older plates.

Higher overall specific energy; higher refining
consistency; newer plates; fewer TMP lines in
operation; higher motor load standard
deviation.

Higher freeness

Primary screen Higher average fiber
accepts length

Higher fines content

Lower overall specific energy; lower refining
consistency; older plates.

Lower overall specific energy; lower refining
consistency; older plates.

Higher overall specific energy; higher refining
consistency; newer plates; fewer TMP lines in
operation; higher motor load standard
deviation.
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Table V1. Paper Quality Model — TMP and reject refiner operating variables (X variables) most

associated with each dependent (Y) variable. August 2003.

Dependent (Y) variable Independent (X) variables showing strongest correlation within
PLS model
Higher tear strength Higher overall specific energy; higher refining consistency;

Higher bursting strength

newer plates; more TMP lines in operation.

Higher overall specific energy; higher refining consistency;
newer plates; more TMP lines in operation.

. Higher overall specific energy; higher refining consistency;
Higher TSI ) el .
newer plates; fewer TMP lines in operation.

Higher porosity Lower overall specific energy, esp. at reject refining; lower
(permeability to air) refining consistency; older plates; more TMP lines in operation.
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SUMMARY

Like many globalized industries, the pulp and paper sector finds itself with an
increasingly demanding clientele, who continually expect a better and cheaper product.
An important design strategy being employed to address this objective is through an
analysis of the vast quantity of process and product data accumulated in plant-wide data
historians, in order to improve operations. Mill processes are multivariate, meaning that
the interactions between the variables are as important as the variables themselves.
Process relationships must therefore be modeled as a group, using an appropriate
simulation technique like Multivariate Analysis (MVA), with suitable data pre-processing
to account for process upsets and other disturbances. In a previous paper, using an
Eastern Canadian newsprint mill as an industrial case study, we showed that it was
possible to find statistically significant correlations between wood chip refiner operation,
intermediate pulp quality, and final paper quality using data-driven models. This was
true even though some important process parameters went unmeasured, process lags
changed with time, and the operation of key equipment items changed gradually with use.
The present study compares the use of different timescales and combinations of unit
operations to determine which ones yield the best MVA simulations. Because plant
operating data were used and experimental design was not practical, it is possible that
some of the correlations found can be attributable to coincidence. We therefore added
and removed variables and time periods to explore the validity of the models. The best
MVA models were obtained by using a shorter (1-hour) data timescale, although use of a
weighted-average filter helped to bridge the gap between these faster readings and the
slower paper quality trends.

167



INTRODUCTION 168

Globalization of the pulp and paper industry has resulted in customers expecting a better
and more consistent product, at competitive price. As a result of these expectations and
continued incremental increases in production, at older and smaller Canadian thermo-
mechanical pulp (TMP) mills, the quality control and production throughput objectives
are typically much higher than when the plants were initially designed.

Analyzing process and product data accumulated by plant-wide data historians is
difficult. The feed material is wood in the form of small chips, whose biological origin
guarantees complexity. The main process unit operations involve large amounts of
mechanical and thermal energy, and their chemistry and physics are not fully known or
described by models based on first principles.

Like many process systems, modern newsprint mills are multivariate, meaning that the
interactions between the process variables are as important as the actual variables
themselves. Univariate and bivariate statistics are therefore inadequate to describe
process interactions. The inferential relationships within the plant must be modeled as a
group using an appropriate simulation technique like Multivariate Analysis (MVA).

To meet customer requirements, newsprint must have certain properties such as opacity,
brightness, and the correct porosity in order to absorb ink adequately. Most importantly,
newsprint must be strong enough to withstand the stresses of the printing presses, where
paper can move at speeds exceeding 1000 m per minute over dozens of rollers. Strength
variability itself can be a major problem. To avoid paper breaks during printing, it is
necessary to limit the variations in strength over the length of the paper roll, and between
successive rolls.

Working with data from an Eastern Canadian newsprint mill, we showed in a previous
paper that it was possible to link the wood chip refining operation, the intermediate pulp
quality, and the final paper quality using data-driven models (Harrison et al, 2006b).
This was done using a variant of MVA known as “Projection to Latent Surfaces” (PLS), a
simulation technique in which an X set of variables is linked to a Y set. Unlike
traditional process simulators, there is no flowsheet connectivity of any kind implied by
the technique. PLS is entirely data driven, working on inputs and outputs only.

By carefully treating the process data, statistically significant correlations were found
even though some important process parameters were unmeasured, the process lags
changed with time, and the rotating metal plates in the chip refiners wore out gradually
over a period of months. An earlier paper (Harrison et al, 2006a) had described various
methods for pre-treating the operating data from a TMP mill, to counter problems such as
equipment shutdowns and production changes.

Building on these previous studies, the goal of the present article is to compare the use of
different timescales and combinations of unit operations, to determine which of these
yield the best MV A-based process models. When evaluating the models, we consider not
only mathematical metrics such as goodness-of-fit, but also the extent to which the model
can be interpreted physically. This is critical, since one of the objectives of the
methodology is to troubleshoot the process in order to identify possible upstream causes
of fluctuations in final product quality. Finally, to explore the validity of the models, we



added and removed certain variables and time periods, focusing on cases where thel69
correlations might be attributable to coincidence.

MODELING CHALLENGES

Some parts of an integrated modern newsprint mill, such as wood chip refining, are well
instrumented and have a certain degree of redundancy among the measurements.
Readings are collected and stored on a second-by-second basis in the data historian. In
contrast, many of the downstream operations are characterized by sparse or infrequent
measurements, sometimes with one hour or longer between readings. In certain cases,
variables that might be important to the process are not measured at all, due to economic
reasons or physical constraints. One of the biggest challenges in modeling newsprint
quality is therefore to select which variables to use among those that are actually
measured.

The variables and data sampling points used in this study are summarized in Table I and
Figure 1 respectively. The X variables are the operating parameters for the refining
section, where the individual wood chips are converted into pulp by adding mechanical
and thermal energy via large rotating plates within the refiners. The Y variables included
certain pulp characteristics related to paper quality, and the quality of the final newsprint
itself. Note that ‘linting’ (in Table 1) is the propensity to give off microscopic particles
detrimental to ink and glue retention.

One of the main process-related challenges of modeling the newsprint mill was the
frequent starts and stops of key unit operations. Along with other familiar data issues
such as process lags, instrument drift, calibration, outliers and noise, this made it
necessary to pre-treat the operating data from the TMP newsprint mill before performing
Multivariate Analysis. In our case, this data pre-treatment included outlier identification
and removal (using another MVA variant called “Principal Component Analysis”) and
filtering based on an exponentially weighted moving average (EWMA). The latter was
applied to the 1-h data only, with an alpha value of 0.8, which corresponds to a time
constant of 4 h.

TEMPORAL RESOLUTION: USE OF DIFFERENT TIMESCALES

Past papers on TMP production have used a wide range of timescales, from monthly,
weekly and daily averages down to instantaneous readings (Nobleza, 1997; Lupien et al.,
2001; Saltin and Strand, 1995; Shaw, 2001; Strand et al., 2001; Browne et al, 2004).
None of these papers offers an explanation for the choice of timescale. In a non-TMP
application, Bendwell (2002) justified the use of 24-hour averages based on the long
retention times in pulp-and-paper wastewater basins, suggesting that the time constant of
the system at hand should be considered when choosing a timescale. Rosen et al (2001)
recommended a multi-scale approach, to allow trends at different frequencies to be
studied together.

Even though the data historian contains values recorded every few seconds, creating
MVA models at this small timescale would require an inappropriate interpolation of the
pulp and newsprint quality measurements. Since these are taken every 45 minutes or
longer, interpolated values would be meaningless. Three timescales were therefore



selected for this study. The shortest, a 1-h average, was selected because it is close to the170
pulp sampling period (60-120 min) and the paper sampling period (45 min). It is also
close to the 45-min retention time in the ‘latency chests’, which are large holding tanks at
the end of each refining line, where refined fibers are given the time to disentangle.

Interestingly, the use of power spectra on 1-h averages showed that most of the
variability in final paper quality occurs at a time constant of more than 10 hours. This is
likely the result of control actions at the paper machine, where the pulp is spread, dried
and rolled into continuous paper sheets. Control loops maintain constant paper weight,
thickness and moisture content, and reduce short-term variations in paper quality. To
represent this longer timescale we chose an 8-h average, corresponding to a single
workshift. It also corresponds roughly to the overall once-through retention time of the
TMP-newsprint mill, typically 6-7 h from chip feeding to final paper rolling.

The third timescale, a 24-h average, represents one day of production and has been used
by other authors (Ortiz-Cordoba et al., 2006; Lupien et al.,, 2001; Saltin and Strand,
1995). The 8-hour and 24-hour means were calculated from a 1-h database with
production stoppages and other process upsets removed, rather than directly from the data
historian where such outliers would have skewed the values.

SPATIAL RESOLUTION: COMBINING DIFFERENT UNIT OPERATIONS

For this kind of analysis technique, far more complex than the choice of timescale is the
question of which variables to use, and in what linear and non-linear combinations. A
modern pulp and paper mill has thousands of data collection points, of which hundreds
are relevant to product quality. Some of the phenomena within the unit operations are
better represented by non-linear combinations of the measured variables; one example
being specific refining energy, which is the applied mechanical energy (kW) divided by
the pulp throughput (t/h). Combining several production lines, each of which is operated
independently, into a single coherent model must also be addressed.

Having explored these issues in previous work, we concluded that the best approach was
to aggregate the four wood chip refining lines into a series of global variables, as shown
in Table 1, some of which are non-linear combinations of the original measurements such
as specific energy and consistency (percent solids in the pulp). In this way it was
possible to model not just the pulp quality with statistical significance, but also some of
the major paper quality parameters as well.

For the present study, a systematic exploration of the model’s spz;tial resolution was
completed to determine how far downstream one can go from the most highly
instrumented part of the mill (TMP refining), and still be able to model the product
quality (pulp or newsprint) adequately. To answer this question, a series of runs were
designed using data from different sections of the mill, different months, different years
and different paper machines. These are summarized in Table II. Each PLS model had
the same X’s shown in Table I, but different Y’s depending on the trial: pulp at the outlet
of the pulping section (3 variables), pulp at the feed to the papermaking section (3
variables), newsprint strength (5 variables), newsprint porosity (1 variable), or newsprint
linting (2 variables). The sampling locations for all of these are indicated by the lower-
case Roman numerals on Figure 1 and Table II.



MVA models generate a series of ‘principal components’ that make it possible to171
represent the variability of the original dataset, but with fewer dimensions. Each
component is a linear combination of the original variables, and typically fewer than half-
a-dozen of them can capture most of the variability of the initial dataset. The first
component explains the most variability, then the second, then the third, and so forth.
Each component is statistically independent of the others, and often corresponds to an
underlying attribute or ‘latent variable’ of the system itself. The concept itself is
straightforward and was discovered over a century ago, but it is only with the arrival of
modern computers that treating large datasets in this way has become practical for
applications such as that described here.

For paper quality, earlier work showed that the first component was almost always
related to the difference between the two paper machines A and B. In other words, the
two paper machines were behaving independently. Even though they each receive the
same pulp feed at the same time, the two machines are of slightly different design and are
operated separately. We therefore elected to do separate MV A models for each machine.

RESULTS

The results of the PLS analysis for each run are given in Table II. The four different
months under study are shown on the left, along with the three time increments of 1 h, 8 h
and 24 h. Each column represents a different set of Y variables. The X set is the same
for all models. The first number in the table cells is the goodness-of-fit known as Q2
which represents the proportion of the Y variance captured by the PLS model; it is
similar to R? but decreases with overfitting. The second figure is the number of principal
components required to achieve that goodness-of-fit. The overall results for the entire set
of runs are summarized in Table III.

It is important to highlight that the Q? value represents the proportion of the Y variance
captured by the model, and not the statistical significance of the model per se. The latter
is indicated by the 95% confidence limits on the PLS histograms. When using real
process data, it is common to have Q2 values in the range of 40%, i.e., the model
explains, with reasonable statistical significance, 40% of the Y variance. The
unexplained portion of the variance corresponds to unmeasured (or not measurable)
process variables that impacted the quality parameters, or to measurement errors and
noise, both of which are prominent in real operating data. Note that the Q? value listed in
Table II is a combined metric for that group of dependent variables; the results obtained
would be different if each Y variable had been modeled separately.

As we would expect, the best models were for the pulp sampled immediately downstream
of the refining section, followed closely by the pulp sampled further downstream. The
only exception is August 2004, where the downstream pulp shows a slightly higher Q.
The newsprint quality models were less good, significantly so in some cases. Among the
newsprint models, paper strength gave the best results, and had a greater number of
components, suggesting a higher degree of model complexity. Porosity and linting also
showed fairly good models in many cases, but these results were inconsistent from one
month to another.



There appears to be a link between the quality of the pulp models for a given month, and172
the quality of the corresponding paper models, although this trend is by no means linear.

It is well known that certain pulp parameters are determinant for paper quality (Law,
2005; Saltin and Strand, 1995; McDonald et al, 2001). However, given the infrequency
of measurements taken by automatic samplers, it is to be expected that direct correlation
between the variables will not always be found when using real process data. In fact, in
some cases the paper models were actually better than the corresponding pulp models,
underlining the limitations of the pulp quality data.

To illustrate the concept of model interpretability, Figure 2 shows the first principal
component that was found for paper strength at Machine A for August 2003, using 1-h
averages. The histogram gives the PLS weightings, known as ‘loadings’, for each X and
each Y variable. The larger the loading, whether positive or negative, the more the
variable contributed to that component. Histogram bars in the same direction indicate
positive correlation, while those with opposite signs indicate negative correlation. In this
case, higher specific refining energy and refining consistency appear to have a positive
impact on overall paper strength. This is what one would expect, since pulp having been
more developed in the refiners would tend to have more surface micro-fibers and
therefore more bonding strength. Higher refining consistency is indicative of gentler
refining intensity, and hence fewer damaged fibers, which is also beneficial to paper
strength. However, any such interpretations remain conjecture, since MVA itself does
not provide definitive process insights. When the results make sense physically, it
greatly strengthens the argument that the model is reflective of process fundamentals and
not just mathematical happenstance.

In general, the 1-h data models were the best (highest Q%) and most detailed (highest
number of components), followed by the 8-h models and then the 24-h models. The 8-h
models had a similar overall structure to those for 1-h. However, there tended to be
fewer components, indicating a less complex model. The dominant X’s (those with the
highest PLS weightings) tended to be very similar to the 1-h case, such that little or no
new information about the process could be gleaned at the 8-h timescale.

For the 24-hour averages, the goodness-of-fit, number of components and dominant X’s
tended to be quite similar to the 8-h case. However, as shown in Figure 3, the uncertainty
bars are larger, sometimes many times the size of the PLS loading itself, no doubt
because so few points were used to create the model. We could have added more points
by modeling, say, a three-month period instead, but that would have destroyed the
relative comparison with the shorter timescales.

For some of the 8-h and 24-h models, zero components were found, i.e., no statistically
significant PLS model could be generated. This is despite the fact that significant models
had been generated using the 1-h data. In such cases, it seems that the use of the longer
timescale destroyed the useful information within the dataset, perhaps by filtering out
interesting trends. For instance, despite the fairly good 1-h model for March 2003
Machine B paper strength (Q” of 44% with 4 components), the corresponding 8-h model
had fewer components, a lower Q? and much larger 95% confidence bars. The 24-h
model had no components at all. Clearly, in this case the daily averages did not contain
the process variability that was present in the hourly averages.



In two cases, the Q® for porosity was highest at 8-h (Machine A, March 2003 and173
Machine B, August 2004). In two other cases, the opposite was found, namely the 8-h
model was the poorest compared to the 1-h and 24-h models. When plotted against time,
porosity shows a great deal of variability, much more so than for strength or linting. It
would appear that this parameter’s idiosyncratic behavior from one month to the next
determines which time increment will yield the best model. The underlying cause of
these erratic readings could be related to the process itself or to the measurement
technique.

EVALUATING LIMITATIONS OF DATA-DRIVEN MODELS

It is critical to understand the limitations of any technique before drawing conclusions
from the results. Like any purely statistical technique, MVA is only as good as the data
itself. Because we used plant operating data with its inherent characteristics, e.g. natural
and sometimes limited variability, influenced by feedback control loops etc., it is possible
that some of the correlations were attributable to coincidence. ' ‘

Determining whether the correlations are attributable to coincidence is by no means
obvious. Without a Design of Experiment, there is no way to be certain whether the
changes seen in two or more variables are fundamental or just happenstance. However,
we can at least double-check whether our models stand up to scrutiny. To this end, we
studied the evolution of the process over time within the model space, to see how it
behaved, and if any discrete events tended to dominate. We added and removed variables
from the models, to make sure that the components we found were not just associated
with a single (possibly coincidental) relationship. We also used a time-series techniques
known as cross-correlation to investigate the nature of the correlations in the models, as
described in Nobleza et al (1990).

The first example, identified by the double lines in Table 11, is “Paper Strength, Machine
A, 1-h, August 2003”. This was a good model, with a Q* of 47% and 3 principal
components. The PLS loadings were physically plausible, as was shown in Figure 2.

The corresponding score plot is shown in Figure 4. This plot shows how each one-hour
observation fits into the overall model, with component 1 as the abscissa, and component
2 as the ordinate. Each one-hour observation has been connected to the previous one by a
line, to show the overall time trend throughout the month of August 2003. Note the
prominent migration of the data cluster at 519 hours, which corresponds to 3 p.m. on
August 21, the moment when the old secondary refiner plates were replaced with new
ones.

The critical process-related question is whether the correlations found were real, or
simply due to coincidence. It is possible, for example, that the paper strength changed at
or around the time that the plates were changed, for a totally unrelated reason. For
example, the type of wood chips provided by the supplier might have changed at some
point during the month, or a piece of equipment might have undergone maintenance. If
so, the PLS algorithm would blindly attribute the change in paper strength to the plate
change, if they both occurred around the same time.

The first test made to explore this question was to remove the plate age from the model.
This caused the overall Q* to drop, which is typical when a well correlated variable is



removed. However, otherwise the overall structure of the components remained very 174
similar, suggesting that the correlations found with the other X parameters, such as
specific energy, were indeed genuine (Table IV).

We also added two key variables from the paper machine itself, namely paper machine
speed and the internal pulp recirculation rate, both of which could be expected to impact
paper properties. However, these two new variables were found to contribute very little
to the model. If would therefore appear that it is indeed the refiner variables that are
linked to the changes in paper strength.

The cross-correlation curve was plotted for two parameters that were prominent in the
original loadings plot, namely “2° Specific Refining Energy” and “Tensile Stiffness Index
- Machine Direction”. The original unfiltered data were used, i.e., without EWMA
filtering. As shown in Figure 5, this yielded a correlation coefficient in the range of 0.5-
0.6, confirming a significant link between these two variables. The fact that this
correlation is evident over a wide range of process lags is indicative of the slowness of
the paper quality trends.

Finally, the model was separated into two periods, as shown in Figure 6-a before 2° plate
change, and Figure 6-b after 2° plate change. In both cases, the models were poorer.
This would suggest that the plate change, and attendant changes in the other process
parameters, were relevant to the paper strength. Without the benefit of a designed
experiment or bump tests, however, this reasoning remains inductive only.

The second example from Table II is “Paper Strength, Machine B, 1-h, August 2004”.
The original model had a Q2 of 37% with 4 components. However, it can be seen that
there 1s a calibration problem with Tensile Stiffness Index (TSI) during that month, as
shown in Figure 7. Only the ‘Machine Direction’ values were affected (i.e., measured in
the longitudinal axis of the paper sheet), whereas the paper machine ‘Cross Direction’
(perpendicular) measurements seem unaffected.

The first component shown in Figure 8 makes it clear that coincidence is at play. Plate
age dominates, but all the other variables that are known to be critically important to the
process (such as specific energy) are greatly under-represented. This would suggest that
the routine changing of the plates that occurred during the month have been spuriously
correlated to Tensile Stiffness Index. To remedy this problem, we redid the model using
only the data points before the calibration shift. The results are shown in Figure 9. This
not only improved the Q, but also resulted in a much more logical first component, in
which the specific energies and consistencies are prominently correlated with overall
paper strength.

CONCLUSIONS

With careful data selection and pre-treatment, it was possible to create strong inferential
models for pulp and paper properties using process operating variables. The structure of
the models was coherent, and logically interpretable. As expected, the best models were
for the pulp immediately downstream of the refining section, followed by the pulp further
downstream. The newsprint quality models were somewhat poorer, very much so in
some cases.



There appears to be a link between the quality of the pulp models, and the quality of the 175
corresponding paper models, although this was not consistent. Pulp quality is expected to

be related to paper quality, but the statistical results do not always bear this out. This
highlights the importance of using a multivariate technique; trying to correlate, say, a
single pulp property with a single paper property for a single month using bivariate
statistics could be very misleading.

The 1-h models were generally the best, followed by the 8-h models, and then the 24-h
models. The 8-h models had a similar overall structure to those for 1 h, but tended to
have fewer components indicating a less detailed model. For the 24-h models, the
uncertainty bars were large, sometimes many times the size of the PLS loading itself, no
doubt due at least in part to the smaller number of observations. In some cases zero
components were found using 24-h data, meaning that the daily averages simply did not
contain the process variability found in the 1-h averages. To achieve the best possible
model, it is therefore important to capture some of the faster trends in the refining section
by using a shorter timescale, although use of a weighted-average filter helped to bridge
the gap between these faster readings and the slower paper quality trends.

For some cases, the PLS model for porosity was best at 8-h, but in other cases the 8-h
model was the poorest. This seems to be caused by this parameter’s idiosyncratic
behavior from one month to the next. This result would tend to justify the multi-
timescale approach.

As a general rule, different months yield models with different coefficients, even though
the model structure (choice of variables, timescale, etc) remains the same. In other
words, the coefficients evolve with time. An automation system based on the MVA
models would therefore require an adaptive controller of some kind.

Two examples of possibly coincidental results were considered. The first, involving a
plate change, appeared to be a genuine correlation with paper quality based on a
comparison of differently structured PLS models drawn from the same database. The
second, involving an abrupt shift in tensile stiffness, was almost certainly due to
coincidence. These examples highlight the importance of carefully studying all MVA
results with an understanding of the underlying processes, to avoid the pitfall of
haphazard correlations. Interpreting these black-box models requires a profound
knowledge of the process in question.
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Table 1. Variables used to generate PLS models of newsprint mill.

Time between

Variable Unit measurements
X-Variables — Wood chip Refining
S;gg(lil)ction rate (proportional to feed screw rotational vd 1 second
Number of TMP lines in operation - 1 second
1° & 2° specific refining energy kWh/t 1 second
iaicsi‘;llglrc;\;ngaizziistency (calculated with simple 9% solids | second
1° & 2° plate age h 1 second

- Standard deviation of motor loads (1° & 2°) MW 1 second
Reject refining specific energy kWh/t 1 second
Reject plate age h 1 second
Y-Variables — Pulp Properties
Canadian Standard Freeness mL 60-120 min
Average fiber length (Iength-weighted) mm 60-120 min
Fines content, defined as small enough to pass through % (mass) 60-120 min
200 mesh screen (76 pm)
Y-Variables — Paper Properties
Strength — Tear strength, Machine Direction (indexed) mN/(g/m’) 45 min
Strength — Tear strength, Cross Direction (indexed) mN/(g/m?) 45 min
Strength — Bursting strength (indexed) kPa/(g/m?) 45 min
Strength — Tensile Stiffness Index, Machine Direction kNm/g 45 min
Strength — Tensile Stiffness Index, Cross Direction kNm/g 45 min
Porosity (permeability to air) mL/min 45 min
Lint.ing (black adhesive patch examined for fine surface o, 45 min
particles) — Top
Linting — Bottom % 45 min
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Table III. Summary of one-hour PLS models obtained for entire grid, showing range
of results.

Type of PLS  Sampling Number of Range of Dominant upstream

Model Location useful Q? parameters
(Y variables) onFigure  principal (X variables)
1 components
Pulp Quality i Plate age, specific energy,
— Outlet of 4t05 38%to  consistency, motor load
pulping 64% variability
section (Reject Specific Energy quite
prominent)
Pulp Quality 1 Plate age, specific energy,
—Feed to 4t05 33%to  consistency, motor load
papermaking 68% variability
section (Reject Specific Energy quite
' prominent)
Paper 11 & 1v Specific energy, plate age, #
Strength 3t05 20%to  of lines, consistency, motor
(both 54% load variability
machines)
Porosity iit & iv Plate age, specific energy, #
2to 4 17% to  of lines, instability, motor

63% load variability

Linting it & 1v Specific energy, consistency,
(August 2004 2t04 38%to  plate age
only) 52%
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Table IV. Adding and removing variables from Papér Strength model, Machine A, 1-
h, August 2003.

PLS Model Variables Goodness  Number of Dominant upstream
added or of fit (Q?) principal  parameters
removed components (X variables)
Original n/a 47% 3 Specific energy, plate age,
model # of lines, consistency,
motor load variability
Without All plate ages 39% 3 Spectific energy, # of lines,
plate age removed consistency, motor load
variability
With paper Paper machine 46% 3 Specific energy, plate age,
machine speed & pulp # of lines, consistency,
parameters recirculation motor load variability

rate added
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Figure 1: Data sampling points. There are four parallel pulp lines, each with a primary

and a secondary chip refiner. These four lines are combined to feed the pulp preparation
section, which subsequently feeds two paper machines operating in parallel. The reject
refiners provide a third stage of pulp development to 30-40% of the pulp, key to final
paper strength.
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Figure 2: Component 1 loadings for Paper Strength, Machine A, 1-h, August 2003. The 182
Q* values indicate the incremental percentage of Y variability captured by that
component. The main relationships captured by this component correspond to know
process fundamentals, with higher specific refining energy (more fiber development) and
higher refining consistency (gentler refining intensity) correlating with stronger paper
(better fiber-to-fiber bonding).

X Higher specific

energy & | Stronger Y

conSistency“‘-u‘:“ s?® pesPNE g, .....'."Jl..A_ paper
b

0.40
D030
'(-50 0.20
S o10;
- 0.00
n.
Ao
0 .00
-0.30

Throughput-
1° consistency-
2° consistency-

1° plate age-

2° plate age-
Burst strength-
TS Index MD-
TS Index CD-

2° spec. energy-
Reject plate age-
tre

Number of lines-
-
ngt
Tear strength CD-

£
3
g
g
5

2° motor variability-

Reject spec. energy-




Figure 3: Component 1 loadings for Paper Porosity, Machine A, 24-h, March 2003. Note!l83
the large size of the uncertainty bars relative to the actual loadings, despite the high Q?
(43%) for this component.
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Figure 4: Component 1 & 2 score plot for Paper Strength, Machine A, 1-h, August 2003. 184
Note 2° plate change.
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Figure 5: Cross-correlation curve for 2° Specific Refining Energy vs. Tensile Stiffness 185
Index - Machine Direction. Machine A, 1-h, August 2003. Original data used without
EWMA filtering.
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Figure 6: Component 1 loadings for Paper Strength, Machine A, 1-h, August 2003. Split 186
into two periods: a) before 2° plate change, and b) after 2° plate change
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Figure 7: Calibration problem with TSI, Machine B, 1-h, August 2004. 187
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Figure 8: Component 1 loadings for Paper Strength, Machine B, 1-h, August 2004. Using 188

corrupted TSI values.
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Figure 9: Component 1 loadings for Paper Strength, Machine B, 1-h, August 2004 Using 189
correct values. Q*=53%/5 components.
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APPENDIX XI:

International Peer-Reviewed Publication — 2007 — Industrial &
Engineering Chemistry Research Journal (in review)
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EXTRACTING PROCESS RELATIONSHIPS FROM HISTORICAL

DATABASES OF CONTINUOUS INDUSTRIAL PROCESSES

Robert P. Harrison and Paul R. Stuart
NSERC Environmental Design Engineering Chair in Process Integration
Department of Chemical Engineering
Ecole Polytechnique, Montréal (QC)
contact: paul.stuart@polymtl.ca

SUMMARY

Multivariate Analysis (MVA) is a powerful and proven modeling tool that has been used
for studying production data in various industrial sectors. However, production data
are rife with outliers, instrument drift, starts and stops of key unit operations, and often
product quality sampling is relatively infrequent. Another challenge is cémbining
information from multiple upstream production lines into a single, coherent model of the
overall process. This paper outlines a systematic methodology for applying MVA to
production data which addresses these challenges. The case study is a thermo-
mechanical newsprint mill, a process with a poorly characterized raw material, multiple
processing lines experiencing frequent interruptions, and infrequent grab sampling of
intermediate and final products. In summary, the methodology involves defining the
modeling objective, examining product data, building a suitable model structure usiﬁg
process fundamentals, pre-treating the data, creating models with MVA, interpreting the
statistical results, and finally identifying the limitations of the models. Using this
methodology led to better MVA models, with respect to both statistical significance and

physical interpretability.



1. Introduction and Problem Statement 192

Multivariate Analysis (MVA) is a powerful and proven tool for troubleshooting,
monitoring, and controlling .processes in numerous industries, including pulp and
paper.'” While the usefulness of MVA is well established, few of the publications in this
area have given details on the selection and pre-treatment of process data beforehand.
Real production data are rife with outliers, instrument drift, starts and stops of key unit
operations, and other factors that that can lead to models that are poor and difficult to
interpret. Infrequent sampling of the intermediate and final products is another challenge.
Also, in cases with multiple upstream production lines, it is not at all evident how to

combine information from each line into a single, coherent model of the overall process.

This paper outlines an explicit methodology for applying MVA to production data from a
continuous industrial process. It is based on previous work in data pretreatment®, process
fundamentals related to papermakingg, and temporal and spatial resolution of MVA

models.'"” v

The sections that follow provide a background on the challenges encountered when using
MVA, an outline of the proposed methodology for addressing these challenges, and

finally a case study.

2. Challenges When Using MV A Technique

MVA is a purely statistical black-box technique that generates a small number of new
variables known as ‘principal components’ that capture much of the variability present in
the original dataset. In chemical engineering applications, these principal components
can often be associated with the fundamental chemistry and physicé of the system at
hand.

MVA falls into two main categories, Principal Component Analysis (PCA) and
Projection to Latent Surfaces (PLS). They differ in that PCA treats all variables as

equivalent, whereas PLS distinguishes between X and Y variables. PLS is generally used



when there is an expected dependent/independent relationship among the variables. In 193
8

mathematical terms, PLS is described as follows?

X=TP"+E outer relation for X
Y=UQ"+F outer relation for Y
u, = bpty inner relation for components

Where,
X 1s an (nxk) matrix of values for the independent variables;
T (nxm) is the scores of each X observation on the new components;
P (mxk) is the loadings of the original X variables on the new components;
E (nxk) is the residual matrix for X, containing the noise.
Y is an (nx1) matrix of values for the dependent variables;
U (nxq) is the scores of each X observation on the new components;
Q (gx1) is the loadings of the original X variables on the new components;
F (nxl) is the residual matrix for X, containing the noise;
by, is the regression coefficient.

The term by, is the regression coefficient for component number h. A plot of ty, versus uy,
for each component gives a visual representation of the correlation structure between the
X-space and the Y-space. Thus in PLS, not only must there be correlations within each
of the X and Y spaces but, crﬁcially, there must also be a relationship between each pair

of X and Y components, otherwise no model is found.

The ‘loadings’ are the weights assigned to each original variable by the model. The
larger the loading, whether positive or negative, the more closely the variable is related to
that principal component. The classical approach to computing components is based on
eigenvector and eigenvalue theory. In PCA, the eigenvectors of the original X
correlation/cross-correlation matrix give the coefficients of the principal components,
while the eigenvalues give the variance associated with each principal component. Using
this classical approach, all possible principal components are computed at the same time.
This can be computationally intensive, especially since only the first few components are
typically required to model the system; higher components often répresent just noise or
other uninteresting results. Modem software packages therefore calculate the

components numerically.

For this project we used Simca-P from the Swedish company Umetrics AB, one of the

world’s most widely used MVA packages-for treating process data. We were addressing



a design problem, not doing research on the MVA technique itself, and so felt that using a 194
commercially available software was appropriate. However, even when using a
commercial package the user is confronted with a series of challenges inherent to any
statistical technique, and must make decisions from the start that may affect the final

results. These challenges fall into three categories:

e those requiring process knowledge or chemical engineering insight in order to be

addressed;
¢ those requiring statistical, mathematical, or data-oriented solutions; and
e those that are inherent to the technique, and therefore unavoidable.

The first process-oriented decision is to determine the model structure. The user must
select which variables to use among the thousands that are typically available in a modem
industrial plant. A statistical énalysis is only as good as the original data, and MVA
emphasizes those variables that are measured better or more frequently.? The danger is

that some critical variables could be eclipsed by less important variables for which there

are more plentiful data.

The components that make up MVA models are linear combinations of the original
variables. Fortunately for a well controlled system, the range of the process is relatively
limited and it is possible in many cases to model most phenomena as linear.'! However,
wheﬁ required, new variables can be created based on one or more of the original
variables. This is the case, for instance, Where the ratio between two measurements (such
as applied energy divided by throughput, giving specific applied energy) is closer to the

fundamentals of the system at hand than the two original variables themselves.

Partial Least Squares (PLS) is used to maximize the covariance between a set of X
variables, such as upstream operating data, and a set of Y variables, such as product
quality. These are mathematical, not physical, distinctions. The PLS user must therefore

decide whether a given variable is included in the X set or in the Y set.

MVA is a least-squares technique, and thus sensitive to outliers, whether caused by
sensor malfunctions, start-up and shutdown of individual pieces of equipment, time lags,

or other problems. Direct use of the raw data typically yields poor MVA results, since



the algorithm attributes most of the correlations to the data outliers, and not to more 195
subtle changes in the process during normal o‘peratidn. MVA is likewise sensitive to
instrument drift, since this can appear as a long-term trend to which the algorithm
ascribes statistical significance. Because variables are usually normalized before use in
the MVA model, with mean of zero and standard deviation equal to one, even the

smallest trends can take on major significance.

Another decision the user must make is whether to use means, medians, maxima/minima,
discrete values, interpolated values, moving averages, standard deviations, or other forms
of the original data. Determining which timescales are appropriate is also of key
importance, and unfortunately, this is often based on the availability of data rather than
on process considerations. Process lags must be taken into account beforehand,

otherwise the MV A algorithm will compare unrelated time periods.

Noisy data present a different problem, because MV A is not a time-series technique per
se. Each fixed time period is treated as a separate observation or trial, unconnected to the
others, and thus the presence of spikes will result in a series of trials which bear little
resemblance to one other. Another critical question is how to best represent process
variability. Recorded values for the variables change with time, providing some
variability information to the model, but again MVA is not a time-series technique so the

link between consecutive time periods is lost.

Data management systems often use compression to save data storage space, by logging
only those values that differ from previously stored values by specified amounts. It has
been shown that data compression can impact mean and standard deviation calculations."
Ideally, the data compression specification in the data management system is removed,

but when using historical data this is not always possible.

MVA models based on process data depend on the recorded variability pre-existing in the
dataset.  MVA is blind to variables that do not vary significantly, regardless of their
actual physical importance. For instance, if the temperature in a chemical reactof were to
be kept perfectly constant by process control, it would not correlate with any other

variable and would therefore appear to be of no importance. Designed experiments can be



used to counter this problem,'® but this is often not possible or practical for operating 196

processes.

Care must be used when interpreting MVA results, such as assigning cause-and-effect
relationshipsm‘ This is especially true of variables affected by control loops, where the
correlations found are opposite to reality due to the action of the controller. MV A models

created under closed-loop conditions cannot predict open-loop behavior, or vice versa.'”

Many authors have emphasized that MVA models should only be applied within the
domain in which they are initially calibrated, i.e., assuming that the process will continue
to behave in a similar fashion as the original dataset.'® Past process data may not be
helpful in predicting future behavibr, a major pitfall. This is of course true of any black-
box model in which no scientific principles are used to guide the algorithm. In cases
where the process evolves slowly and gradually, adaptive controllers that update model
coefficients over time can be used to counter this limitation. However, sudden jarring

changes in operating regime may upset this approach.

.Finally, MVA results can be difficult to interpret, since it is often not obvious how to
assign meaning to components that the technique derives mathematically. Interpretations
of MVA results must be based on an understanding of the process fundamentals, since

the outputs from the MV A software are purely statistical."”

3. Criteria for Evaluating MV A Models

To evaluate and compare the various models obtained, we selected the metric Q% which
is a measure of goodness of fit analogous to R? but specific to predicti\;e power. It is the
percentage of overall measured variance that is attributable to the model’s predicted
values. It is derived by separating the dataset into several segments, some used to create
the components, and others for testing the model. Usually 5-10 iterations are used.
Unlike R?, which always increases when a model is made more complex, Q* tends to
plateau and then diminish sharply when there is over-fitting. The equation for calculating
Qs simply2 7.

Q’ =1-PRESS/SSX



Where,
PRESS = Predictive Residual Sum of Squares (summed for all iterations)
SSX = Sum of Squares

On the physical/chemical side, the models were evaluated with respect to whether they
were logically interpretable, i.e., relationship between the various PLS components and
-the original variables, coherence of variables that are correlated/anti-correlated, which

X’s were most prominent for modeling the different Y’s, and so forth.

4. Proposed Overall Methodology for Troubleshooting TMP Operations Using MVA

To address the MV A challenges outlined in the previous section, we have developed an
overall methodology for performing MV A modeling on systems with multiple processing
lines and infrequent product sampling. The major steps are illustrated in Figure 1. Each
step is described in the paragraphs that follow. An example illustrating this method(ﬂogy

appears in the section that follows.

Step #1 is to define the objective of the modeling activity, and cleariy state the objective
of the model in the context of the process, €.g., estimating the product compositions from
temperature measurements in a distillation column,18 or controlling a wastewater
treatment plant.19 The modeler should use process and other knowledge to determine

whether data is available for the set of X variables likely to affect the set of Y variables.

Step #2 is to study the dataset for final product quality, before doing any kind of
statistical analysis. Some data sources are ‘rich’, with frequent, plentiful data that
represent well the underlying process, while other data sources are ‘poor’, with infrequent
grab sampling limited to a handful of parameters. The richness of .the product quality
data must adequately reflect the trends of interest. The most basic question is whether the
right parameters are being measured. The type of equipment used to obtain each
measurement must be understood, along with its maintenance and calibration schedules.
Plotting each parameter over time can serve to highlight outliers, noise, missing data,
overly compressed data, and other problems. Power spectrum and other time-series
techniques can be used to ensure that measurement frequency sufficiently represents the

variability of each key parameter.

197



Step #12 is the interpretation of the results with respect to process fundamentals. This is 198
without doubt the most challenging part of the methodology, and requires a good deal of
process knowledge and insight into the underlying process principles. MV A models are
statistical, and if not built and interpreted carefully, can miss important linkages to the

underlying physical phenomena which are of value to the modeler.

Step #13 is to identify the root causes of variability in the final product quality. The
purpose of this step is to identify the upstream causes of the variability encountered in the

intermediate and final products, to the extent that the data will allow.

Step #14, because MVA is a “black-box” technique, it is very important to determine the
limitations of the results, notably with respect to the operating regimes under which they
were obtained. We may also be able to identify data gaps which, if addressed, could shed
more light on the causes of product quality fluctuations. Adding or removing terms,
dividing into shorter time periods, and using time-series techniques can help determine
whether the findings are representative of the process, or just coincidence between data

sets.
5. Application of Methodology to Industrial Case Study

To illustrate the methodology, we selected the example of a PLS model of bursting
strength at a Canadian TMP newsprint mill for the month of August 2003. The TMP
newsprint schematic is shown in Figure 2. It may be characterized as a two-step process,
with a poorly characterized raw material, multiple processing lines expériencing frequent

starts and stops, and infrequent grab sampling of the intermediate and final products.

Table 1 lists the variables used to create the MV A models. A key point is that the quality
data for the intermediate product (pulp) and the final product (newsprint) are too sparse
and limited to allow statistical modeling of paper quality using only pulp quality.
However, both are directly related to the pulp refining operations further upstream, for

which there is rich, plentiful, frequent data.



Step #3 is to choose a base timescale. Modem data historians update the values every 199
few seconds, but there is no point in using data at this timescale if the product quality
parameters of interest are only measured, say, every few hours. The base timescale must

be a compromise between these two extremes. As required, the user can also select
multiples of the base timescale to represent slower trends in the process, or to correspond
to the time constants of certain parts of the plant. The timescale choice must include a
linkage with the overall objectives of the MVA model, such as whether the goal is fast
control applications (thus seconds or minutes) or more long-term product quality control

(hours) depending on the application.

Step #4 is to select key process variables which alone or in a non-linear combination
represent best the process fundamentals. The measurements taken directly from the
process instruments are not always ‘fundamental’, and since MVA is a linear
mathematical technique it is important to ensure that the variables are selected and
combined in such a way that the actual underlying process is being represented as much
as possible. This step can require a profound understanding of the process being
modeled. Merely choosing.a list of convenient measurements and putting them together

could result in a weaker MV A model.

Steps #5 through 9 relate to data selection and pre-treatment, based largely on previously

published work.®  These steps include systematically removing dubious periods of
operation such as low production and aberrant process behavior, calculating derived
variables that are representative of the process fundamentals, synchronizing the data to
account process lags, combining upstream production lines, and filtering. These steps are

explained in more detail in the case study in the following section.

Steps #10 and 11 are the greation of the MVA models for the intermediate and final

product quality (Y variables) based on critical process variables (X variables). We used a
commercially available software, but the MVA algorithm is public knowledge so it is

also possible to calculate the components from scratch.



Table 1 also gives the sampling frequencies for the different variables. The key operating200
variables around the refiners are measured every few seconds (the data historian’s lowest
time increment), whereas pulp quality is measured only every 60-120 minutes. The final
paper is sampled on average every 45 minutes. We therefore chose one-hour averages as

the logical starting point.

Following the technique recommended by a previous author”® we studied the power
spectra of the paper strength parameters, using one-hour averages. As reported
previously,’ it was found that three-quarters of the variability occurred at a time constant
above 10 hours. Over 95% of the variability occurred at a time constant above 2.5 hours,
probably due to control loops at the paper machine. This is where the pulp is spread onto
the paper machine wire, pressed, dried, and rolled into continuous paper sheets. Control
loops on these machines maintain constant paper weight, thickness and moisture content,
and reduce short-term variations in paper strength. These results would suggest that the
slower trends in final paper-quality are indeed adequately represented, and that a

~ sampling frequency of 45 minutes is sufficient for our purposes.

Selecting which upstream variables to use was challenging. It is well known that certain
pulp parameters are determinant for paper quality.'”*'*? Specific refining energy is the
central parameter for TMP refining, and it must be high enough to ensure fiber separation
and defibrillation, but low enough to avoid excessive fiber cutting which can adversely

impact the strength of the final paper.?

The concept of ‘refining intensity’ is much more difficult to measure in an industrial
refiner. It indicates how the mechanical energy is applied to the wood fibers, whether
gradually over a large number of bar impacts, or suddenly by just one or two jarring
impacts. The latter situation is highly damaging to fibers.*** For a given plate
configuration and disc rotation speed, refining intensity is largely a function of refining
consistency®® (percent solids in the pulp). This is an inverse relationship: higher
consistency means a longer fiber residence time between the refiner plates, and hence

more bar impacts of lower refining intensity for a given specific energy.



Plate age is known to be a major factor in refining operations, since the refiner plates201
wear out gradually, changing the shape and depth of the grooves on their working

surfaces, and thus the refining conditions experienced by the wood fibers.?®

The model structure was therefore selected to address all of these critical process
fundamentals, by aggregating the four pulp lines into a series of global variables. Some

of these were non-linear combinations of the original measurements.

The main data pretreatment steps are illustrated in Figure 3. The first step is to remove
periods of low production and other major outliers, otherwise they disrupt useful
information in the dataset. The next step is to calculate the derived variables, based on
the process-oriented logic outlined above. | Spe.ciﬁc refining energy and refiner
consistency were not measured directly, and thus had to be calculated from other existing

variables based on mass and energy balance information.

Synchronization is necessary because MVA is not a time-series technique, and will only
associate data that appear within the same ‘observation’. Process lags were determined
based on flowsheet knowledge, plus time-series techniques such as cross-correlation
curves. At the case study mill, the process lags for the mainline pulp are not constant
because of changes in tank levels. However, for the purposes of this study the monthly

average lags between unit operations were used.

One of our goals was to avoid having idiosyncrasies in any one pulp refining line
dominate the model. Our reasoning was to mimic as closely as possible what the pulp
itself actually experiences, which in this case is a mixing of all refining lines before
proceeding to the papermaking section. Note that low production periods and other
questionable data had been removed before combining the process lines, to ensure that

the combined variables would only represent steady state operation.

Finally, filtering was applied to the raw data. Using a one-hour average is already a form
of filtering, but in addition, we applied EWMA filtering to all X and Y variables to
smooth out spikes. A filtering coefficient (o) of 0.8 was selected, corresponding to a

time constant of 4 hours. The goal was match the estimated overall residence time of the



plant, which is roughly 4-6 hours from raw material feed to final paper rolling. The202
EWMA filtering has two advantages: elimination of measurement noise, and

approximation of process dynamics

Using stored data for the key variables such as motor load revealed that the time between
recorded values was as high as 30 to 40 seconds in some instances, amounting to a loss in
resolution in the signal (the exception test limit was £1% and the compression test 1imif
12%). However, for the most part one-hour averages were used, so this was not expected
to have an impact on the results. Plotting each variable over time in EXCEL served to

ensure that there were no regular staggered patterns indicative of excessive compression.

An example of the MVA modeling results is shown in Figure 4. The model explains
roughly half of the variability in the paper strength (47%) using just three components,
down from dozens of variables in the original dataset. The unexplained portion of the
variability may be due to a variety of factors such as unmeasured factors affecting the
process, measurement error, noise, instrument drift, or a combination of these. Models
obtained using other time periods and other paper quality parameters gave equally

promising results, with Q? values ranging from 17% (in one problematic case) to as high
as 63%."°

The first component in Figure 4 shows a link between specific energy and refiner
consistency and paper strength. The second component is dominated by secondary plate
age, corresponding to the shift in process characteristics related to a change for newer
plates known to have taken place at hour 519 of the month in question. The third
component correlates overall throughput with an increase in tear and burst strength, but a
decrease in Tensile Stiffness Index (TSI). This component is more difficult to interpfet,

but in any case it only provides an incremental Q’ of 3% and so may not be pertinent.

Based on these results, it appears the model is both statistically significant and physically
plausible. To verify whether the model obtained using the proposed methodology was
indeed better, we compared PLS models for the before and after cases as shown in

Table 2. Exactly the same time period and Y variables were used (Paper Strength for



August 2003), but this time the X’s were the original variables from the data historian,203
with no prior data pretreatment. As shown in the table, the goodness-of-fit of the model
using our proposed methodology was almost twice that of the untreated case.
Furthermore, fewer components were required to capture that amount of process

variability, suggesting that the model was closer to the fundamentals of the system at
hand. |

Figure 5 gives an example of the difficulty of interpreting models using the original
variables. Again, the Y variables are the same as in Figure 4, but the X variables are
much more numeroﬁs. The similarities to Figure 4 are apparent, but in this case
Production Line 3 dominates, and Line 4 is almost absent from the model. The higher
components were even harder to interpret, and had the added problem of very large 95%-
confidence bars, often larger than the histogram bar itself, making their statistical

significance highly questionable.

6. Caveats About Applying MV A Models for Process Control

Several authors and companies have proposed control strategies for TMP newsprint mills
based on models generated using MV A techniques. An obvious questioﬁ 1s whether the
results of this kind of MVA analysis can serve to generate a robust Model-Predictive

Control (MPC) system.

For the purposes of prediction, it is possible to represent a PLS model in the form of a

classic regression equation:
Y =Bo+ BiXy + BaXp + BaXs + ..

The results for our case study are presented in Table 3. The coefﬁcients for the same
month of the subsequent year are also shown, and the percent difference between the
coefficients. There is an enormous change in some cases, in the order of several hundred
percent. Clearly, then, an adaptive MVA model of some kind would be required to

control the process.



Based on our experience, we believe the coefficients would have to be updated in the204
order of once per day in order to follow the process adequately. Also, it would be
preferable to have several sets of equations to cover known process scenarios such as new

plates in the refiners, otherwise the controller could be overwhelmed by sudden large
shifts.

No bump tests or experimental designs were used to generate our models, which were
entirely based on pre-existing production data. It is therefore impossible to know if each
variable is correctly represented. For instance, there might be an arbitrary split of
coefficient weightings between two variables, which works well for the case at hand but
would be totally erroneous under other circumstances. This may explain the large
differences in Table 3 coefficients; they contain not only the difference between the

different years, but also randomly assigned differences inherent to the method used.

Assuming that this situation could be addressed by performing planned experiments, it
would still be necessary to capture the process dynamics adequately. Regardless of the
‘process control application being considered, there would have to be an overall approach -
that accounts for data lags, data filtering, and time averaging. The goal is to lag and filter
the upstream variables in a sort of simulation of the process dynamics, so that they will

be synchronized with each other and, more importantly, the final paper properties.

Dynamics can be approximated by pure time delays or time lags and time constants. For
our case study, we assumed a overall transport lag from chips to paper of 4-6 hours, and
adjusted the filtering coefficient accordingly. This is a highly idealized assumption,
given the lack of plug flow, the presence of recycle loops, and fluctuations in storage tank
levels. We used averaged values for these lags, taken over a longér period. For this
application, it was unnecessary to represent the dynamics more accurately, because the
paper quality variations under study were mostly long term. If the modeling objectives
had been more short term, it might have been useful to try to link process lags to the

storage tank levels.

Other techniques for dealing with process dynamics with MVA could the use of a
autoregressive model structure, in which previous Y values are included as X variables.

This is good for prediction, but not good for trouble shooting. Another possibility would
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difficult to interpret.

In short, when studying industrial production data, dealing with process dynamics must

be a major part of any MV A modeling. -

7. Discussion

The methodology was applied as a case study to a thermo-mechanical newsprint mill,
with a poorly characterized raw material, multiple processing lines experiencing frequent

starts and stops, and infrequent product sampling. The main findings were as follows:

e MVA is a least-squares technique, and thus highly sensitive to outliers. We
recommend pre-treating the data, including systematically removing dubious
periods of operation such as low production and aberrant process béhavior,
calculating derived variables, synchroriizing the data, combining upstream

production lines, introducing process lags, and filtering.

e The timescale choice must include a linkage with the overall objectives of the
"MVA model. It is important to characterize which data sources are ‘rich’, with

frequent, plentiful data, and which are ‘poor’, with infrequent grab sampling.

e Regardless of the process application being considered, accounting for data lags,
data filtering, and time averaging is critical to capturing the necessary dynamics.
For example, in the case study the EWMA filtering coefficient was selected to

correspond to the estimated overall residence time of the plant.

e Since MVA is a linear mathematical technique, it is important to ensure that the
variables are selected and combined in such a way that the process fundamentals
are reflected as much as possible. For the case study, emphasis was placed on key
process flindamentals such as specific refining energy, refining intensity, refining

consistency, and plate age.

e No bump tests or experimental design were used to generate our models, which

were entirely based on pre-existing production data. It is therefore impossible to
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individual variable was represented.

With regard to process applications, the proposed methodology could make a better
statistical link between the decisions made by operators, and the impacts on final product
quality. By making the best possible use of real operating data, the model was able to
explain roughly half of the variability in the paper strength using just three combonents,
down from dozens of variables in the original dataset. This would suggest that the newly
created PLS components are themselves closely related to the underlying fundamentals of

the system.

This project focused on process troubleshooting, but the results could have implications
for process monitoring applications. For instance, the first component showed a strong
link between specific energy and refiner consistency with respect to paper strength. This
is consistent with current knowledge of fiber physics. However, the coefficients change
from one month to the next, so the degree to which the paper quality is impacted by these
parameters changes with time. By creating a statistical link using real operating data, it
should be possible to inform the operators of conditions where the paper is most sensitive
to changes in these parameters, notably refining consistency which is difficult to measure

and must often be calculated from other variables.

The second component was dominated by secondary plate age. This is not surprising,
and corresponds to known process ﬁindame_:ntals. However, the fact that the secondary
plate age had more impact than, say, primary or reject plate age could alert the operators
to a situation where final paper strength is being affected. Again, the degree to which a
known process parameter affects the final paper quality will vary from one month to the
next, so having a method for tracking such effects could be very beneficial to the

operators.

The statistically demonstrated influence of rejects refining on final paper quality is
another area where the project results could help improve the process. Generally, what

happens in rejects refining is the result of decisions made in other parts of the plant. The



extent to which these decisions are indirectly affecting final paper quality might be more207
apparent if the ever-changing statistical correlations were better known and available to

the operators.

Regarding to applications to process c.ontrol, it is possible to use this kind of PLS model
to predict new process butputs. However, in our case study there was an enormous
change in the coefficients from one month to the next, in the order of several hundred
percent. Clearly an adaptive controller of some kind would be required to automate the
TMP process. It would be preferable to have several sets of equations to cover known
process scenarios such as new plates in the refiners, otherwise sudden jarring changes in
operating regime could disrupt the controller. Based on our experience, we believe the
coefficients would have to be updated in the order of once per day in order to follow the

process adequately.

8. Conclusions

This paper outlines an explicit, detailed methodology for applying MVA to production
data from continuous industrial processes. In surhmary, the methodology involves
defining  the modeling objective, examining product data, building a suitable structure
‘using process fundamentals, pre-treating the data, creating models with MVA,
interpreting the statistical results, and ﬁnallyAidentifying the limitations of the models.
The case study yielded results that were not only statistically significant, but also
physically interpretable with regard to process fundamentals. Using this methodology led

to better MVA models, with respect to both statistical significance and physical
interpretability.
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Table 1. Variables used to generate PLS models of newsprint mill.

Standard

Variable Unit Time between Mean? .oy
measurements deviation’

X-Variables — Wood chip Refining

Production rate (proportional to feed screw

rotational speed) vd 1 second 990.9 143.0

Number of TMP lines in operation. - 1 second 3.49 0.64

1° specific refining energy kWh/t 1 second 1069.1 55.8

2° specific refining energy 910.1 59.0

1° blowline consistency (calculated with o o 1:

simple mass/energy balance) 7 solids I second 51.67 179

2° blowline consistency (calculated with

simple mass/energy balance) 49.33 3.09

1° plate age (sum of four refiners) h 1 second 40512 798.0

2° plate age (sum of four refiners) 3879.1 996.2

Standard deviation of 1° motor load MW 1 second 0.195 0.032

Standard deviation of 2° motor loads 0.441 0.096

Reject refining speciﬁc energy kWh/t 1 second 11623 130.0

Reject plate age (sum of two refiners) h 1 second 2117.8 816.1

Y-Variables — Pulp Properties

Canadian Standard Freeness mL 60-120 min 187.6 21.1

Average fiber length (length-weighted) mm 60-120 min 1.23 0.07

Fines content, defined as small enough to % (mass) . :

pass through 200 mesh screen (76 pm) ° 60-120 min 5.95 0.84

Y-Variables — Paper Properties

Strength ~ Tear strength, Machine Direction mN/(g/m?) 45.min 439 0.25

(indexed) ) ‘

Strength — Tear strength, Cross Direction mN/(g/m” .

(indexed) _ | gm) 45 min 6.36 0.36
2

Strength — Bursting strength (indexed) kPa/(g/m’) 45 min 1.53 0.11

Strength — Tensile Stiffness Index, Machine KNm/g .

Direction 45 min 8.27 0.39

Strength — Tensile Stiffness Index, Cross KNm/ .

Direction : 8 45 min 2.16 0.09

Porosity (permeability to air) mL/min 45 min 361.6 80.3

Linting (black adhesive patch examined for y ]

fine surface particles) — Top - 45 min 2.81 0.92

Linting — Bottom % 45 min 2.62 0.88

§ Based on hourly readings for the months of March and April in 2003 and 2004, after
removal of major outliers but before application of EWMA filtering.



Table 2. PLS modeling results before and after application of proposed
methodology, Paper Strength, August 2003.

212

Model Goodness Number of Interpretability

of fit (Q*) components

required

Original variables 25% 5 Very difficult due to idiosyncrasies of
used directly in PLS component loadings for separate
model production lines, as shown in Figure 5.
PLS model obtained 47% 3 Clearly interpretable as shown in
after applying . Figure 4. '
proposed
methodology

Table 3. PLS regression coefficients for Bursting Strength in
kPa/(g/m?), Paper Machine A.

Symbol X variable Coefficients Coefficients  Percent
for August  for August difference

2003 2004 2004 vs.

2003
o Constant | 6.8E-01  1.6E+00  133.8%
Pi Production rate 8.2E-05 46E-05  -44.6%
B2 Number of TMP lines in operation 2.0E-02 9 4E-03 -54.0%
Py 1°specific refining energy 1.4E-04 7.6E-05 -46.2%

Ba~ 20 specific refining energy 2.3E-04 2.3E-04 -1.1%
Ps  Reject refining specific energy 1.4E-04 -7.0E-05  -151.2%
Be 1° blowline consistency -2.2E-03 -1.1E-02 384.1%
Ps 2° blowline consistency -15E-03  3.5E-03 -328.3%
Po Standard deviation of motor load (1°) -3.6E-01 2.1E-02 -105.9%
Pro Standard deviation of motor load (2°) 3.9E-01 2.7E-01 229.9%,
P 1°plate age 33B-06  14B-05  -509.9%
Piz 2 plate age 7.2E-05 27E-05  -137.4%
P13 Reject plate age -56E-06  -2.0B-05  249.5%
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Figure 1: Proposed overall methodology for MVA modeling with multiple
processing lines and infrequent product sampling.

Figure 2: Generic representation of a thermomechanical newsprint mill.
Figure 3: Data pre-treatment approach used for case study.

Figure 4: PLS loadings for Paper Strength, Paper Machine “A”, August 2003.
Obtained using proposed methodology.

Figure 5: PLS loadings for first principal component, using original variables.
Paper Strength, Paper Machine “A”, August 2003.
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APPENDIX XII:
Details of Key MVA Modelling Runs
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4 : Rejol
o AwngAD
w 2 I___uwsg

o Bo SO 2V e
130 53 88 117 146 175 204 233 262 29t 120 149 278 40T 436 485 494
"

S S =
573 562 381 810 639 668 697 726 754 T8¢

Average Fitwre Length - August 2003

o

of i G : ] ¥ LR R
129 57 85 113141168 197 225 253 207 309 337 365 193 421 449 €77 305 533 $51 509 617 645 672 704 729 757 748
»

Parcent fines - Auguat 2003

420 87 65 112 141 169197 228 293 281 309 337 365 193 €21 448 477 55 5D3 361 399 617 K43 673 701 729 757 788
[
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August 2003 - Paper Strengths

MP seinte

P3 Dach s1
- MPS Dtch ST
e MPS dctate

129 57 88 133 %41 169 137 22% 253 201 309 337 365 393 421 449 477 306 533 $61 589 617 645 873 701 729 157 785

2.8

August 2003 . TSt

129 57 85 113 14y 169 197 225 253 281 309 337 364 393 471 448 477 506 531 361 509 617 448 673 701 720 757 78S
N .
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Auguist 2003 - Permeasbility.

3RE conic e

+ No data for this month

o
126 55 62 108 136 163190 217 244 271 298 375 352 370 406 431 450 447 514 S41 568 535 622 649 676 703 730 757 784
»

- £COLE
[ |




» Data pre-treatment
» PCA outliers removed
« Score Plot
« Distance-to-mode!

» EWMA with o = 0.8

" Deafinitve runa/3_graphs
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Plate age - March 2003 (eorrectad in EXCEL) Freeness - March 2003 {corracted in EXCEL}

. et § o off-line ' [T
3000 £ Rej age uniix March 1 -1 6 josiion

e oL B : :
1 30 39 82 117 348 174 204 233 262 281 320 349 378 407 436 <65 494 520 557 381 810 630 668 €97 728 755 Tee
.

13 61 01 121151189 211 241 271 301 331 361 391 421 451 499 S11 441 479 601 623 BTY Gt 72T 781 7
N .

Percent fines -March 2000 {correctad in

PulpExpert
offline
1-16

R

. Gl . : N en o o
129 57 A5 113 141 169 197 225 253 26 309 307 385 391 421 449 477 503 533 561 589 £17 645 673 701 T2 757 745 129 87 835 113 141 168 197 225 253 281 0B 137 I6H 390 421 449 477 505 323 561 589 637 645 471 701 729 757 78S
.

March 2003 - TSt {carrectad in EXCEL)

123 57 85 113141 169197 236 253 28) 309 227 365393 429 449 477 308 533 301 899 617 545 673 701729 747 728

"
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March 2003 . Permeability  {conucted in EXCELY

4 25 55 82 109136 162 190 217 244 271 208 325 352 378 406 431 460 487 514 54t 564 595 627 643 676 703 710 757 784
»

+ No data for this month

Deofnitve runs/3 graphs

écoLt
roverecrnions
MONIE)




+ UNIQUE: Only month with data for
Linting

+ Data pre-treatment
» PCA outliers removed
« Score Plot
« Distance-to-modei
« Only 97 points removed out of 786
e Thus 689 observations retained
« EWMA witha = 0.8

- Dofinitve nnsi_graphs @ scace
g FoUTTECINOUN
MORTEEA]
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™ TR WY 24 Y3 x7s =
hl vl atal 418 { a1c 410 416 | 4F
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B X % il s

130 59 88 117346 175 204 203 267 251 320 348 375 407 436 465 494 52 652 541 610 630 668 697 726 755 764
N

131 81 81 124 381121 299 247 271 301 331 363 391 42¢ 431 481 511 341 571 601 631 661 691 721 751 781
3

Ry SEn EWMA

e . L

132 €3 02 125136 127 298 249 280 311 347 373 404 435 <50 497 578 359 290 621 657 681 714 745 776
h

Motor Load Standard Deviallon - August 2004

fosp 2 3 | e WSDNMJ

Sec MLSD EWMA

S 32 B3 84 125 156 187 218 245 260 311 342 373 4DA 435 466 497 528 359 500 621 652 681 714 745 176
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(== P age weiit
- Soc age untin
Ao aga untix
P age EWMA
§ [ Sac age WA
= Rej 290 EWMA

A MR SR
130 59 88 117 148 175 204 233 262 201 320 349 378 407 436 464 424 473 357 561 610 630 668 97 728
»

£
756 T8¢

I -
g Limitte:
& Observations 1
o5 through 273 : T
e Obvious recalibration or
M other disturbances _
o R S R B S SO AR 2
129 57 83 113 147 169 197 225 253 261 309 337 365 392 427 449 477 505 533 561 529 €17 645 673 701 729 757 785

»

* Obvious recalibration or |
other disturbance i

’ 89 7

s

T

1 = ACSTP
ELY - 4 - Rejot

o Limit to: . S| Aweso
+x Observations 1 ;

through 273

Y- S % 5 2 S 2 IR &l
129 57 25 113149 189 197 735 253 281 305 337 385 393 421 449 477 503 £33 861 Sau 617 645 £73 701 779 757 78S
»

Aug 2004 - Basls Weights

Qriginal signal wifly no ﬁl(eﬁng

Lu
-
3 YR
o Corasponds exactly to ke
42 gim
» 45 gim?

48.8 g/m’

2 AR RS S0
+ 29 5 85 113 141 160 157 229 253 261 309 37 365 393 €21 449 477 505 533 961 32 617 645 673 701 729 757 725

N

G P SO R
Obvious relationship to BW...create INDEX

o i
131 8t 91 421151 151 291 241 271 301 2331 369 391 421 451 4B 511 541 571 60% 631 661 891 729 781 788
N




Aoul 2004 - Forces du papier

s indexed: each variable + BW

[~ WPaDacn sm
- MP4 Decn ST
MPadcmy
MPS Déen SU
~~ 4P Docn ST
= MP5 dctate

130 83 63 117 146 178 204 233 262 291 320 349 378 407 £36 465 434 523 542 501 610 630 668 897 726 185 Tas
N

Limit to:
Observations 1
through 318

128 $7 85 113 141 189 197 225 263 281 300 337 365 333 421 449 477 508 530 561 549
N

617645 673 701 128 787 788

August 2004 - Linting botiom MP4

Y 26 31 76 101126 131 376 201 226 251 276 307 326 381 376 403 426 451 476 501 526 861 576 €03 KIB €51 676 701 126 751 776
N
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Aug 2004 - TSt
Original variables NOT indexed

Interesting jump...does no!

i : correspond to plate change I" o——
EH or any other obvious cause. Mes SM
B Both paper machinas! ueas

No jump in CD measurernent

129 ST 85 113141 169 197 225 253 281 09 137 365 353 421 449 477 505 533 967 340 617 €45 673 701 729 757 768
n

Hard to d. take one signal
only as examgple

h

R
130 59 88 117 148 178 X

G
39 668 897 72 755 784

%xmdanty to BWgraph is
striking

Targata: s
300 ik i for 45 gon? o

350 mbiin for 42 ghtd .
T e QN

t 28 55 87 109 136 181 190 217 244 771 286 326 352 379 406 433 450 €87 514 341 568 50 622 649 676 700 730 757 Tue

"
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+* APPROACH: Separate dataset into
subsets based on BW

= For example: for MP4, use only hours
where BW was equal to 45 g/m?

* Definitive runsig graphs Qz
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700

g - MP ]
Only hours where BW = 45 g/m?

Augual 2004 - MP4 Permeabifity

18 35 52 €9 H6 103120137 154 171 143 208 227 230 256 373 240 307 374 341 184 375 307 409 426 443 460 477 43¢ 810
»
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Clusters: different plate scenarios
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Clusters: different plate scenarios
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Old reject plates generating fines
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|ntémreta(ion: 2* energy/consistency, 1° sfab ity - TSI
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Interpretation: gradual wear of 1° plates
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+ No data for this month
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TMP | Rej+ AlmFAD | Stisngth | Permasbility | Linting | Strengih | Permaabliky [ Linting ———
AccTP | + NivMPS
3 1) 4 A4-A 1-1-8 14-C 11D 11 A4-F 1:1-G 1-1-H '
| [ ars 2003 v Ii6A [ 188 | 18<C 130 19E | _18F 138G 13+ o 2 COMPONENTS
g hl 7 1-24-A 1241 1-24< 4-24-D 1-24. $.24F s -24-)
.00 12
h A | 248 EF: EE AE | 297 4G KEY | QF = 26%
-[Aoth 2003 FXY 3-8 3G 4 4E 3F e 3+ o "
h -24-A -24.f 24 2240 2-24- -24-F -24-G -24-1
h 4 1A -1-8 1-C -4-0 4 -E 1-F -1-3 4-H
Nars 7004 [0 h BA | 348 EF: 80 33E | 38F F] F]
4 h -24-A 24 24 .24-0 3-24-1 3-24-F -24C -24-H
h L4 44-A 4-1-8 44 A1 4-1-E 4-1-F A1 44H
Aout 2004 4-8-A 4-8-8 480 4-8-D 4-8-E 48-F 4-8- 48-H
3 4 h 4:24-A 4-24-8 424 4-24-0 4-24 4-24-F 424G 4-24-H

Use only hours where Basis Weight = 45 g/m?
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Interpretation: Simil
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* No data for this month

X Y Puip Y Paper ¥ Paper
PMe PMS
TP | Ral+ | AimFAD | Strengih | Parmaabllity | Linting | Siranglh | Permeatiiity | Linting
AccTP | + NIvMPS
h | 7 | A | 13 3< 4.0 T9E | 3F 11 ERE
Mars 2003 [8h | v | 18-A { 198 14C 180 18E | 13F 18.G 13
h| 7124 [ 124 1244 24 24, 12aF 124 2
7 [atA XF: < 10 TE XEd 21 EX
Roui 7003 8-A 4.8 8-C 8D | 23€ 0-F 28 -
24-A | 724 224C 24 24E | 224 2244 24
EFY EE: NS 3D 1 AF 313 AH
[ Wars 2004 7 334 X 8.C 0 X G 38-G 2
i ub| v [324a ] 324 24 24 324E | 3uF 3243 24
h ] 7 | 41A | 4 41T 410 4AE | anF 416 (EE
RouiZ004_{8h | 7 | 49-A | 48.0 44 480 | 48E | 48F 8.3 48
: h 424-A | 4208 | 424G 4240 | 426E | A24F 124G | 4-24-
Definitve nims/1-1

" Dafiitve runast-1
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racrTEGHNIOUY POLYTREMNIOUE]




X Y fulp ¥ Paper ¥ Paper
PMe oM
TMP | Rel+ | AUMFAD | Stangth | Parmesblilty | Uinting | Strength | Peceabiiity | Lining
AccTP | ¢ NivMPS
1A | 408 1AL 1.0 i€ § 1AF 116
Wars 2003 184 | 188 18 180 | 19- 187 134
aht < 1 124A | 3248 | 124 3230 (124 124F RE
8 h | 7 [ 24A | 211 1 R A E AF X
Aot 2003 |6 h 3A_| 258 G 8.0 88 6-F
Y ik 24 T
h 4-A_| 318 4. 1.0 1€ .
[ Mars 3004_RR bl S 0K e
® 24-A | 324 224G 3240 374 24-F
h | 7 | 414 | 18 41T 41D AE | 4AF
Aol 7004_[8h 4iA | 498 49T 43D 18- 4EF 43 A%
3 h 424-A | 424 4248 4241 424 4-UF 4-244 124
. Defnitve nuns/3-1

Maren 2004_Pulp ta Fina) Paper_i h_tes 1 _OUTLIERS REMOVED MS (FLS), 3-1-A Mar 18 to Apr 10048 Ry (rurni]

- Qxeum) ¢

5 COMPONENTS
K= 44%

247

X Y Pup Y Paper ¥ Paper
PMA PMS

TWF | Rai+ | AUmFAD | Strength | Parmwabiiity | Linting | Sirengih | Permabiiity | Linfing

AccTF | + NivMPS
1A | 118 19C 14 JEE 14F 14 LT
| Wars 2863 6 h 18-A |14 14.C 190 1BE | 19F 158G 18
ah | v T 124-A L 134 134 T 324 124 F 242 ETE)
2 hi~ AA | 248 -1C -1 2-1€ 21-F XK AH
[Aotit 2003 b SA_| 18% Xy 8.0 41 X3 XK S H
! ah] 7 ol 2-24- 2244 224 224, -74F 244 24-H
h{? 1A EX: 1-C EE EE: AF BX AR
Mars 2004 h 1< Riz.y EX 34C 8L 8-E 38-F KX 8-H
h 324A | 324 324 244 24E | 3I2F 24C -24:-H
. Wl ¥ | 41A]{ 418 LER: 415 i€ | 44 4 K
:[Aabi 7668 V1 4gA | iaa 435 440 4BE | 46F A8 FEY]
: D) 4244 | 4348 | 4-24< 424 424€ [ d24F | 424X 1241

Use only March 18 to April 1
(PulpExpert malfunction)

" Dofinitive runs/3-1
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March 2004_Pup 1o Final P ape:_t h_cev. |_OUTLIERS REMQVED.MS (PLS], 31-A Mac 1810 Apr ) only
1[Comg. 1yt{Comp. 2}

Interpretation: # lines & higher 1° instability —» more fines
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Interpretation: reject energy — reject CSF

March 2004 Pulp1o Final Paper_) h_rev: |_OUTLERS REMOVEDMS PLSY 3-1-4 Mar 1810 Apr 1 only
wit H

weelay

T
0.20 ]
) 4 '
' ! e N 1
[N it R 6 -1 g R N
: . N
T 5 —t ry T < [CRLANTN s paoe o rY
2,8 % § FogvEey g B3 [ i i g, Evgid §OF 3 S Bebny
BN ERHEEERNEEREE EERHUEEERE el g
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H ) i I A FA 2 H U O O & Fo
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March 2004 Pup (o FinatPager_t _sev. | OUTLERS REMOVED M5 (PLS), 318 iar 1810 Apr 1 onky ! X Y Puip VPaper Y Paper
VIP(Comp 9] PHa PMS
_ TMPE [ Re)+ | ANmFAD [ Strangth | Permasbility | Liniing smnm Parmeabliity | Linting
104 | AccTP | ¢ NivMPS
) 1A-A |13 1< 1.0 A€ | 1AF (EE 134
Mars 2003 |8 18-A | 108 18 140 18E | 19F 18 194
4k 3244 | 124 124, 124 24 124F 124 124
h v -1-A -1-8 24C 3-8 1| 1-F -1+ -1-H
Aotd 7003 _Lan 8-A X 28C XE: xE: 8F X -8-H
R [ 224A Londeide 724 2244 24E | 224F 2244 24
[l 4 A-A XE 31E B AE AF 0 E
Mars 2064 8 h 38A 390G 30 EX 57 3G 3+
) 3244 | 3248 | 3244 3.24-0 24 -24F -24.¢ 24
4 3 i 3 s h | 7 | a1A | 1B PEY: 44D A€ | anF FEK 44 H
1 ? ' E 3 i H g i £ Aot 2004 h i 7 | 48A 3.8 4-BC 430 42E 38-F 4.8-G 45 |
Vg o B H H H i E i 3 h 1244 | 434, 424 4240 | 424€ | d24F 474G {424
[ ] M 3 % H 3 H H B
cevd 3oz b i i .
o [ : Use only March 18 to April 1
ot Var O{var. Sac. 17)

= OefnfSve rune/3-1
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Interpretation: # lines — Reject CSF

Marcn 2004 Puip to Final Paper_b h_rev |_OUTLERS REMOVED ME (PLS), 318 Mar 18 10 Apr 1 anly
w t
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M3en2004_Pup 1o Finol Paper_| t_sev.

Interpretation: reject energy ~» fibre length

1_OUTLIERS REMQVED.M6 (PLS), 3-1-8 Mar 1410 Age t anly

LTI o
5o :
¥ om!
LI ! b ' N !
o [ ' .
04 [ 1 1 )
UL Voo '
R EE R Y
f 9§ % 2,8, & § §# 3 §8 ¥ (. 91219 ¢ V5
ERR SRS REEE R
i Eye, 8 2 2 1 7B B3 3o E
{ LA A A B A AT
[ & £ 3 Vo : I
.t Vi O, Soc. O1) Lo Lo

X Y Puip Y Paper Y Paper
PMa PMS .
TMP | Raj+ | AIMFAD | Suangth | Permesbiity | Linting | Strengih | Pamaabiity | Lintng |
AceTP |+ Nivipe

h 7 3:1-A 148 4 14D I1E 14-F 14-G
Mars 2003 h [ 1-8-A 148 1-8.C 18-0 148-E 1-8-F 128G
h] 7 1 324A | 3348 | 1.7a [ET3 Z4E | AuF 1244

& v A 2-1 4L -1-0 -1-E AF BE
| Aot 2003 h -8-A 248 248C 8O 28- -8-F -8-G
W v [32da 234 ad 24, 24, 2.24F 2244
h | 7] 314 3.1.8 1.2 -0 34.E 1-F -1

Mars 2004 [8h BA | 388 Bt EEY 38E_| 3aF 8
an] 7 1 328-A | 324 324.C 3240 324E | 3.24F -24<
h A9A | 418 rEY: FEE 4iE | dAF 416
Aot 2004_[8h aEA | a8 43¢ 43D 48 48-F 453
) 4724A | 4248 | 424C 244 A24E | 424F <

Use entire month
Definitve rune/3-1
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Interpretation: 1° instability —» more fines

Marcn 2004 _Puip 10.£inal Paper_1 h_rev. t_OUTLESS REMOVED.ME PLS), 3-1-8 Mar 1€ 10 Apr | anly
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Interpretation: 2¢ oonéistency — CSF, fibre length & fines

Mamch J004_Puip 10 Finat Paper_1 h_rev, |_OUTLIERS REMOVED MG PLS}, 318 M3r 1810 Apr 1 any
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4 _ ” L % .» et ’o o T T i S
Interpretation: reject energy, new plates — tear strength : ’ Interpretation: fewer lines, more stable 2° —» overall strength
up 10 FratPaper_| h_rev. I_OUTLIERS REMOVEDM? (PLS], 3!! Mar Puip to Final-Paper_1 h_rev. }_OUTUERS REMOVED M7 (PLS), !

1 e 1
l--———
b 0.40 f.
0.2 i L ‘
£ ey | = $ i :
o ¢ In : : 0.0, : »
24 5 T o o - A
;s 5 & ervers g F % s Ep: %, 2 & @B Vi i'% ¢ & f ¢ §'2.1%7 F Ea% ¥ T E B
S f r0T T OB P P8 B B P g Eiiii § ENY R i
SERHUERREREIRERE INHERRERHUERHEREN]
AR NS SRS 5 08 U5 BN B SR O 1 IR BERETIS NLAE N A 10NN LA O I A
i 1€ 8 OB B H vd 8''a 3 3 ' é ¥ OB, %! 2 3 3 8 3!
A I ng §18 § 8 ' . idlE REEEEL
to Var Dtver, Sac. 1) !l____| [S— vaobgr e 01 {:___...___....-..I

Interpretation: more lines, lower 1°, more stable 2° -> overali strength Reject ptate age dominates X's

Marh J004_Pup (0 Fingt Paper_1 b_rev. 1_OLTLIERS REMOVED M (PLS), 3-1-C
VIP{Comp %

wels)
bo
8

&

050, ) '

‘ TE B T § f£'%t.3 3 EA% % 31 % [ ey

i : 3 £ £ 2 4 1 3 X 5 z H F

AEEERHEERIERE 15 0 B T A ! P
13 0§ & &8 3. f 5 gfe 2 § 3 i [ 3 2 H H H S
I L N T A B 2 0 3 i ' 0 1 £ M H 4 H
S Pt g FINE S I | R I H P
! PR Iis 3 oo : é i ¢

_______: vuobhoss. 00 e ————— L Vot D {var. Sec, i}

X ¥ Putp Y Faper VPaper
P PMS
THie | Ra[+ | AUnFAD | Swengih | Permeaciity | Lintng | Sirangih | Permanbifity ] Tinting
AccTP | » NivkPs
3 1A | A8 _]_14< [EE: [EEN REY 11 TR -
Wars 2003 [8h A | 18- 13 131 18E | 16F 195G () . 4 COMPONENTS
R T24A | 1268 | 3244 1240|124 2F | 124 BIE] >
! 7 [ 34A | 118 1< 0 AL AF A AN QF = 46%
Aol 2003_{6h 3A | 298 X EF: aE |23 - aH
K hl 7 12724a ] 2:241 2244 ETY 224 -24.F -24< 24
hi 1A -1.8 1-C RE 1€ Erd -1-G AH
| Wars 7004 [an A | 3ad 8 &g BE | 38 ¥¥ X
h 24A | 324 24 240|334 240 34 24
.. RV | atA | 418 | 413 FXE: GE |41 (XX FXE
- Aot 004 oA | 488 | 48C [EE: o€ | aef s pxE:
h T24A | 4245 | a4 | 4240 | 474E | 42eF | 4246 | 43&H

Use only hours where Basis Weight = 45 g/m?

Definitive rne/3-1 g»« tcote
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Interpretation: Reject energy, 2° stability — permeability

Pidp 1o Fin] Pupes_) h_riea )_OUTUERS REMOVED 18 PLS), 310

1 1
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! ! ’l 1 1 : :

. L . et T
A R AN A R T ¢ IR
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i r SN B F S L B W 1 .g.o“lé‘ N S S B b 30
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! § X IR S ,v%' 1 ' 3 AR s &t

ot Vaormseny =t dood oo vuoyescon ‘= }l.. ~d

stability — permeability

T
1
i
u
- " i V 0
g © T ! i
., ! f 1 i
! ' i 3
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i ] . 1 1
b - T & T = £l Py LS
H E gt E IuF § Fgoio PP B OB OB Iai :0F 0§ B, %
s e bR b DB bt v R N U I R L I
URNE N N N S S I N I R S B IR AR I I N B
5 3 E H v H i
& : a [ S i @ (:'ﬁ' & & v e B g 3 g £
LI I i K ) Vo ] N
Var DV, s«“xw - ——— oL 1., vabve ) i

s
e

2° stability dominal
March 2004_Puip 10 Elnat Paper_1 h_rev. T_OUTLERS REMOVED. N3 (LS, 31.0 X X T T Parer FFaner
VIP(Cormp. Tt : 20 £Ms
TP | Raje | ATMFAD | Strangth | Permwability | Uioling | Stiangth | Pemesbility | Lindog
AccTP | » NivMPS
B h | <] 4ta | 14 i4< 110 A€ | aF 11 [ET]
[Mars2003 {8h { ¥ | 18.A | 18 13C 18 18: 1.8.F 18: 134
i 4 h (ETT NI 1245 1280|1246 | 124 124 124H
- h]“ -1-A -4-8 4G 21 21 1-F 214 A-H
£ [Aotn2003 jon | 7 | 28-A | 284 4 28.0 24 9-F 28- 8+
= : hl 7 [ 324 | 2348 | 226 ETY. 24F 24 2340
- h | « AA 1-8 1-C 34.0 3.1 A-F EE A
Wars 7004 {8 h 8-A {348 4C 24 3-F XX A
4 " 324A1 3248 | 324G 24 3244 24F 242 24H
= = h | 7 ] 4iA [ ai. 41T 43D 4 A41-F €1 44H
3oz H & H ¥ H g § 4 Aouit 2004 h| 7 ]asaT 228 48-C 44.p 48 44F ry 48-H
t § v & 3 E i Ed ] g i 0y 424-A | 4248 | 4.74C 428-0 | 4246 | a2a-F 424 4260
' s 3 Z i 2 I3 Fi Y i
[ I H 3 £ H
& ';'.' & & A
el Vir B{var Sec. 03]
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+ No data for this month

X Y Pulp ¥ Paper Y Paper
P4 PHS
TMP | Rals | AUMFAD Parmashiiity | Linting | Strangih | Parmashiity | Linting
AccTP | + NirMPS .
Tl A T [EE: A4E | 1F 116 AH
IMars 7003 [ah | 7 | 19A | 138 18 19 | toF 18 184
B Ah] 7 [134A ] 12 324 24 24F 1242 A24H
5 h 7 23 X KL 16 2.4.F 1 AH
- Aci 2603 |6h | ¢ | 2-8-A I §.5 8 | 28F 8.0 8-
3 ] 7 {22dA | 2724 2.24 24 Yo 744 1244
h 1A RE RE xE 3.1F G A
Mars2004_{6h | 7 | 39-A 38 6 X7 g -G 3
: 713 244 | 324 3240 4E | 3.24F 244 24-H
h 41 A48 410 AE | atF A1 2H
fActi 7004 |Bh | V| 44.A | 4dd 495 | 441 4-8-F 480 4BH
g ah 420 | 224 434 A24E | 424F 4234 4340

. Dafiitve runa/3.1
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Similar to 3-1-C

Marh 2004 Puip o Final Paper_T h_tev, 1_OUTIERS REMOVED M8 PLS). UuX
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Maven 1004_Pup io Final Paper_ | h_rev. )_OUTLIERS REMOVED M i (PLS). 3:1-6

X Y Puip Y Paper ¥ Paper Rav(oum)f
L) PMS W ayeum |
THP | Rej+ | ARMFAD | Sitangih | Permeabiiny | Linting | Strengih | Permendiily | Linting
AccTP | + NivMPS )
h | 7 U i4a | 44 14 14D 14.E 140 FXET
| Mars 2003 18:4 | 188 183 180 18E 18- 154 2 COMPONENTS
h 1245 | 124 i24E 1260_ | 124 124 124,
h | ¢ ] 244 1.0 -4 K 2.4-E 218 -1-H Q?=17%
|- [A0n 2003 |8n [ 7 | 38.a 8.8 8. 4D 23E 2.8 8N
[ 244 24 240 | 224 € 24H
N 94 AA -1-C -1-0 -1 316 A H
Mars 2004 h | 7 1 38-a 8-C 4.0 3-8. 3. -8+
N 7 3248 24 24-D 24 324G 24-H
- lih | 7 | 414 4L 4. PEE: 446 41+
Aoit 2004_[8 1 484 437 430 48-E 448G 48+
h 1248 4240 | 4340 | 42-E UG | 3H

Use only hours where Basis Weight = 45 g/m?

Definitve uns/3-1

aa
Dissimitar to 3-1-D

March 3004:P4p @ Fnal Papor,_| h_vev. 1 OUTUERS REHOVEDLM 10 (PLS), 30.6

1 wielConp..2}. \
{ L
1 ! 0 ]
0 ! a.20 t
1
ERE \ 3 oo
z %

we

Progucrentines
Socalgnes |
PenwySPERG)
Seroncuy 5 |
RepciPeRG
Primaeycensiswncy |
Prieves ytéiatddrvins | I
SecindurMLekides 3§
[e——
Phiesgosecondary
[AS—
Prosucrontignes
Nogelznes
PrimySPERS|.
Secandars PERG]:
ReectSFERG
Premrgconsniency
LT —
[r——
Patesgereit

Srcandutyconsaiancy
MPsEaRMerePxmeath] -
Secondarcomsistency [ H 5

PrimaeMUst2éecding
Secondu ML1Sdey 41
MPSBotbarsPucmeatil

Va O, Sc. 01 V3 O{Vie. Sec. 1)

+ No data for this month

X Y Pulp Y Paper Y Papec
Pma PHS B
TMP | Raj+ | ANmMFAD | Strangih | Permenbiiity | Linting | Stsngih | Permestiity | Linfing
AcctP | ¢ NIWMPS
B h v 1:1-A 1.4-8 146 110 A11-E 1-F REE 11k
Mars 2003 h [ 1-8-A 188 148-C 180 148-E 18-F 14-G 181
h 1244 | 1248 | 124 G24D_ [ 134 124F 124 32aH
h XY BE AL 4D A AF -G KR
Aoil 2001 h -8-A 8- -§-C 8-0 8- 8-F -8 BN
h 24-A | 2-24% 244 24 24-F 244
b {7 1A 1.8 -1-C -1-0 -1.F 1-G -1.H
Mars 2004 n [ -8:A 4.8 3-8C 381 -8-F 94 £:gal
h 24-A | 3.34 324% 324 24 F 24 3.24-
h a1A | 48 41C 41 AVE | 41F PXK 4H
“§ Aout 2004 h £:8-A 488 44C 48-0 48 49-F 44-G 4-3-H
dhi v [334A | 4248 | 434« 430 | 424E | 4-24F 4% 474
Definitive runs/3-1
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X Y Pulp ¥ Faper ¥ Paper
PM4 PMS
TMP | Rej+ AlUmFAD | Strangth | Parmesbiiity [ Linting Parmuabibity [ tinting
AccTP | + NIVMPS
Ll IEET W SEEY EEE: 14D [RE: 14 LRy
Mars 2003 7 13 | 154 18 18 184 184 184
4h] 7 | 1284 | 126 124 124 124 724% 124H
h ] V| 14A | 348 1.C 210 1 -G EET
{Aow 003 _J8h | 7 I 24-A X §G 9. Y 3G 9.
IT) 1244 | 224, 2242 224, 24E 2244 244
h | 7 ] iA 12 G 310 1€ 4G 1+
Mars 2004 [ah | 7 | 14-A 38 9.C 5 5 ¥ 8H
: £v: Y3 =24 rrea v -
. h ] 7 4-1-8 4-1C 410 441 4-1-H
Aot 2004 T 9 Tos LtuE - T T
: ah T24A | A48 | 424C | 424D | 424E | 424F | 424G | 424H

AUGUST 2004 Puip 1o Fin) Paper_| h_FILTERED MTHLAGS M16 [PLS), & 1A fest T3 pis only 88 Ravicuny]
Seum |

0% 5 COMPONENTS
ow Q2= 64%

2
- - - - o -
E € &
¥ ¥ H ¥ H 3
H 3 § £ H
& & K] 8 & & ] L 3
Comp i
o T R TG ERE S TATERE VARG
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Interprétation: énergies/consistances => peluchage?

ST 2004_Puip to Final Paper_) n_FILTERED WITHLAGS M1 2 (PLS). 4- 1€ AUGUST 7004 Pulp 10 Final Paper_) n_FILTERED VWTH LAGS M12(PLS), 4.1.E
LS I wielCi

b Y
) [
i y [
- . : T ! ]
. :

- - = m ) - T T Y * Py o T 9 = < s o Lid 1

1 i ¥ i g ta b H 2 i 1 T, %
BREEERERERIEIIR! PR OER OB OL O oElEig il O
PR I S T S S SR B Shy ¥ io: § 0§ §; & b gvspEgogh ]
IEREE B E I R R IS O (L N A A A R O
¢ : @ 3la g ! g g,. £ P i LR
1 [ t 1 (-1 1
! - <N D sec DY ‘u RO K Var © (Var, Sok. BN} || ! “. Zaud

X Y Puip Y Paper Y Papar
[LLY PME
YWP | Rej+ | ABWFAD | Strengih | Parmeabiiity | Linling | trangth | Fecmaabiity | Lintng
AccTP | + NivMPs

1A | 118 13C 110 [EY 11F 11.0 LEET)

Wars 2003 |8h | 7 | 14-A | 188 19-C 180 18% 14:F 18- 194
3 1244 | 1244 RETY. 124 124 24F 24C 24N

. Y j 24A 1.8 3C 4D E AF 3.6 Er
AoGt2001 {8 h 3-A 88 4-C 280 XY 8.F 8- -8-H
n 2.24-A | 224 2:24< 228, 224 2.24F 224 -24-H

h A 18 1C 310 1 AF 1-G AH

Mars 2004 |8 h A 3-8 r] 38.0 5 35.F -G A H
U Jaan] 7 [324.8 | 324 324 240 24E Ldeddei 24 24-H
4A | 448 44C 430 4 44F 410 PR

Aoli3004_[ah ATA | 486 43 480 4B E T 180 A4H
h] 7 | 4241 474 424 4280 | 424E | 424F 424 426-H

Limited to first 318 datapoints only
(Calibration problems with TSI)

. Definivie b1

3
3
4

REMCA FILESEFT RNl 1A UG

L " Do e - - . e :
Interprétation: énergies => fibres mieux défibrillées? - Interprétation: changement de plaques au rejets =» forces?
Pulg 10 Finai Pager_1 h_WTH LAGS_CCRRECTED TSI VALUES M5 (PL5), 4-1-F fest 318 poinis only 240G 21 uip o Final Paper_| h_WATH LAGS_CORRECTED TSI VALUES ME (PLS), 4. 1-F fist 318 points anty
K [ wrqomg, i}

I = N " L
' 5 l: !
) . i
¢ P
T ' X 1 ' i
! ! o ' i LA
! '
g sl e R - P TR e
; R EN I P05 b Bop oEoF o+ 8 0F BrEe:o3oionoaln
‘ BRI NI EE S S S T B A O L R -
§ ox0§ § B} B 2 ¢ 0l E(E o¢ME O 3§ i § ¢ F £ 08 8t ¢ 4 F PUejgi ;o3 0§ 3!
R B S N RLLE B O U AR L A A B S B O O B 1
! ; ) i i ; I H
' TN A T L I SR S N A A
[ . VO Sie0d) & ) R Vs Dfver Sec. 128} [, P




260

t
1
i
i
= 4
?nm & oate : :
1
e : o | e
0 ¥ ¥ ! i
1 %0 L=t '
g " " % TR = P T CRrarul r t——r 7
] ¥ ¢ T 3 § & £ & iy O T F oy zr3'y o5 3.3 3 & &y
3 3 0 3 £ ' A H 3 ¥ 302 3 1z ' »
S EREEE RN BEEERRRIEURRARRIE
4 w5 s [ 3 3 2 0¥ & 3 aF b -4 1
- A ioirz o3l i E; Pl Pttty 3o
R Popreow LB B ST TR O AN O
e Var O, S 1) [y} v olsiosan 1} . [

X ¥ P VPaper Y Paper
P4 s
TP | Rej+ | AWRFAD | Saength | Permeaniiity | Linting | Srengih | Fermeaniity | Cinting
AccTP | ¢ NIvMPS
i 144 | 148 T EER 17 TiF [EX AR
Mars 2003 4 1-B-A 1-8-1 18.C 18- 1.8 18-F 18-G 14-H
§ An | v _{i2a-A ) 1248 | 136 324, i2a.6 | 134F .24 124,
= - h 1-A 218 -1-C 1.0 -1.€ -1-F 14 -1-H
2 - 1 Aout 2003 K4 -8-A 18- -8-C -8-C 8-€ -8.F -8-G -8 -H
> b R 2244 | 124 744 E? 194E | 794F 24 24
1 i ! . ll h v -4-A 318 -1-C -1 1-E -1-F -1-G -1-H
] T ¢ t Mars 2004 h kA -8-A 388 8- 8- -8B -3-F -8-G 8-
] i ! Y | 4 h -24-A | 3-24-8 -24-C <24, .24 -24-F il 3-24-H
t -t # T h | 7 [ 4ta ] a1 | &z 41 1€ [ e | v Jatn
PP B'B1E I'§ry s Fo§ o¥pfofo:ozom [ Ragtzoed_[oh | 7 | 46A | T8 | 4d< 7 TR ¥ T e 5 [Er
L & (31 : s X 3: 3 3 OE §F os;rd & ¥ o2 0%y Rl 7V [424A] 4248 | a-24< a2a. A24E | 24T 424G | 4-24.H
IR RN RE S T U I A -2 O B O I
: AR S TR A N B A A g Use only hours where Basis Weight = 45 g/m?2
kS & 1
[ [ y L] 1 : S,,‘.
bl o VHORE By B bt Dot runa/d-1 D e

POLYTECHNIOW
MONIQEAL

Interprétation: énergie rejets = perméabilité? (semblable a

10

Y

AUG 2004_Pul o Finat Paper_1 h_WITH LAGS_CORRECTED TSI VALUES_MPS BW = 45.M4 (FLS), DI ,m(mn,’s Au(‘} 2004_Pup to Final P aper_) n_WMTHLAGS _CORRECTED 15! VALUES NP5 BW = 45.M4 (PLS), B- G
B Cogpeum) | we

e 2 COMPONENTS
o

1
080 60% | - !
| £ =
[R A
i : ' 1
b oo Lo
PR R S R R A < = §
» ELRRIEIE Ly ion b
3 3 3 Tz 1 i 3 ot ‘Itlﬁ‘l‘%l
g 2 i i, &0 8 : 9 % s g i
" 5 § /g i LS R T A A
i i i ‘ AR N BRI
Loimp No. [ P _l Vit Dvee See, 01 | _I . _.

Zrer) B 0 700t ¥ w1 AT LA FORSEC TED 191 VAL LE S T v 5




Interprétation: énergie 1%/fconsistances => perméabilité? ¢ 241-0)

- - 1
AUG 003 Pulp to Finat Pager_| n_WITH LAGS_CORRECTED.TSI VALUES MPS BW = 45.M4 (FLS], DG

1

w2l

awm{ - - 1 S : ¥ h . :
21} Changemant ! ¢t M
wal designe | T RO IO (IR
050 ] 1 }
5 = Vo2 v ¥ 1 Tl g, % V&
PROR OBve R oy b b B b
T S S S S TR S A R
i SR IR S A S -
R N S H S
|___' Var O {Var. Sec. DY) I.....! _(_.._I

261

X Y Pulp Y Paper Y Paper
Me 1S
ThP | Raj+ | AImFAD | Sirength | Permeabiilty | Linting | Strength | Permesbiity | Linting
AccTP | + NivMPS

§ h | 7 T A%A | 118 19C EXE? TAE | 1NE 13 3R
{Mars7003 |8h | v | 19.A | 128 15C 190 18E | 15F 13: 13H
i 4 R A24-A | 1248 | 124 124 124 124 F 242 244
: 7 1 z3A i 3L EE: A€ AF 4G A
‘Rolt 2003 8-A 4.5 249G 8.0 Y XT3 8.3 K
ah| v | 234-A | 2248 | 224% 24 34 24F 342 4+

7 -1-A KK EREC EE 3141 A-F 1-G 1)

Wars 2004 IEA | 350 I8C 50 387 15F 3G X

4 h 24.4 | 3248 | 3.24< 740 | 3242 24 4% o

7] 44-A | 218 a1 FRE: AE | aAF 416 4.9+

{Aoti 2004 |8 h 4TA | 408 43C 449G pxy T F 430 .00
' 2ah| ¥ [AAA] 42148 | 424< 420 | 4WE | dnF 424< 324K

AUGUST 2004 _Pup to Final Paper_1'n_FETERED WITH LAGS M15 (PLS], & hH Ravecany]
B oneum) |

" Note that 4-1-E had _ !
2 components !
|

on| [ 4 COMPONENTS
ol | e=38%

o AL = =, WOl v 2084 e 10 ¥ RLX HRGs

iy

[}

L

[l

)

A 9|

H H E] 3 g T " ~ T = T T T
H : g 3 E £ F1 % 7

LN TR T T N R R S S A &

i 5 1 oF & §F 8 I oz g0y ¥
H 2 H H s ¢ - » T & g g

3 & ¥ 3 E} T 3 H i bz El

2 & | I B § 213 -

3 i l“: '|l¥. L

1 U 1

. ot ng Q'

90 (Var. Sac DY) [ -

3
3 1 :
ooy .%
R b
it 8 B F (I i 1 & pigvoEg L
PoE ofgt i % I -Enili“ﬁ g,
i 8 7'gt: i H s L FUEL ZMd W
L S LA S B S - X A
: Vi iF f 3 dag a8 8y
¢ I LI B v by gy
' 1 1 ] hoy &' 1
1 1 | ' g 2 !l
Cw = Va O Soc. TN P e

AUGUST 2004_Pup to Final Faper_1 h FLTERED VATH
whe[Comp; :

X

az

weB]
& g
8

1
]
]
1
A

Produetion d kg

Hode lgres

Pumury SERG]

Seconssry SPERG

Reper SPEAGH

Prmary consitiency

Var D e Sec, 1)

Seconaaty consalone
vy ML skl 4

1
]
'
1
1
I
1
t
.

Sectntay M. sd v

Pa aga primacy

Pras age escondaty

HPS_PELUCHAGE,_ DESSL:




262

{4-1-E had no 4th component)

AURUST, 2004 Pulp 1o Finat Paper_1 n_FILTERED WATHLAGS M1 (PLS), &t

weiGomp., 3l

NSO IMHME S g
i

: e 1
QOSSITIGMMI SN

e LY

W dhe-my

j [ biepvezes st s
fewaed 62 1ng

o vy K

S
v s W Aang ]
: 4
3
] S
. a
>
Saunsitues krwig
98548 ey
Seges Sirpor g
¥
o Fimune s

saidom o

ity vorsmpery




X ¥ Pulp ¥ Paper ¥ Paper
PM4 PMS
THE RUMFAD | Strangth | Parmeability | Liniing | Sitengih | Pesmeability | Ciniing
+ NivMPS
i i rs r TR MY

Mats 2003 I 5 1 KT

i‘-?b L 122 EIE D18

h FET: 10 A€ B 1A
Aal(7003_|8h 78C 40 9 E 3. 84

h 724 724 22 224F 24 24

’ -1.C 10 4 -1-F -1-G -1H
+{ Wars 7004 55 3G 4.0 AE ITF 38 8
4 24 24C 24, 241 24F 334 241

h ) < 41 44C 4-1.0 4-1E 41F 4:1-G -4-H

Aout 2004 h | 7 44+ 4-8C 43.0 44 E 440.F 4.8 484 |
4 h 4248 4-24C 4-24. 4-24. 4.24-F 4-24-C 4241
- - DEFINITIVE RUNSI-8 £Ot
roovmecumou]

263

X ¥ Puip ¥ Paper Y Paper
PM4 PMS
TWP | Re] ¢ | AUmFAD | Strengih | Permeatiilly | Linting | Sirangih | Pesmaabilty | Liniing
AecTP | o NWMPS
3 h 138 [EEs 110 1.8 11F 1.1.G A4H
- F¥aars 2003 {0 h 13- 188 16C 190 19 16-F 184G 1aH
1 an| 7 THITR] 1244 124 3241 124 320.F 1-24<
h 1.8 1 X AE A XK
A0 2003_[8h X e 3D 3¢ 3-F KX
4 h 2-24- 24 24 . 24 2-24.F 24
h |~ EE: KL K AE AF EE
[ Mars 7604_[8h | 7 33 383 380 34 B 348-
4hi 7 24, 24 -24-D 241 -24-F 244
h v 41-8 41 4-1-0 41-E 41F 4:3-
{Aoi 2008_[8h 48 44% 48 PEE: 3 8.F 486
¥ 4] 7 4-24- 4244 4-24-0 4-24.E | 4-24F 4-244
DEFINITIVE RUNS/-8

e £COLE
rairTeCHNGHH
MRy

Mareh 7003 _Pup 1o Final Paper. i 'h to 8 h M4 (PLS], 184

%.

Komg o

o 7133 207

T8 s & FaPacar 1 bt v

Frasucton 4 igrvs

1

1
1 ),
U I
E H Bt B By E,

{ AR ]
i TR
g H IR S
H 2 dad & '
I L )

" h [ !
OO U, SR Ry V3% OV, S S S

s

et
Similar to 1-1-A

March 2003_Pup to Final Pager_i 1 (0 B hM4 (PLS), 184
weiComa 7|

too
0.80°
060
0.
0.0
000
o0
s
pr

wepl

Hil

o de sghes
Repat SPERS|
Fare 3g0 1t

Pax 0 C5F.

Pus e WP
Pax i PO

ey SPERG|

Prosucion 4 paes
Secondary SPERG|
Primaty coautmny
Primary b stf dar 4
ondary M_ 316 Jev
Slue sge pemacy
Pate age tecondury
Par_aceTP L SF
Pre_Acc TP
Pag_acc TP

Secandaiy consisins

&.
Var 0 (or, Sac. B

March 7003_Pulp io Final Papsr_1 h to 8 h.Ma (PLS), 1-8-A
welComo 31

«%B}

Producton 4 lgnee

ook s

Brimaty SPERG|

Sicondry SPERG,

Fae vge repr
Prx e CSF
Pur_re IVE
Pus ori FED

Pox_seetP_CF|
Pes_scc TP_LNE

£
ES
3
i

Svimaey consigircy
Secontary cuneitens
Primary WL 59 dev 4,
Secondary ML sic dev
Pate agx secondaly
Pyx_ActTP_FXID;

Var D far, Sec. Q1)




X Y fulp ¥ Paper Y Paper
PMs PMs
TP | Raj+ | ANWFAD | Stength | Permasbility | Linting | Strength | Permaabliity | Linting
AccTP | « HIVMPE
8 by v | A Logd 145 140 IRE [EX] 146 11
Mars 2003_{eh 18-A | 184 16 [EX 19} 18F 18- 184
y n 1243 T 1-24% 24 24 E | T2 124C 124+
L3 AR NEEX 1 EE: EE XK AE 74.G H
Aonl 7003 18 h 78.A IX: 3 9. XX 4F 78-G A+
nt v 1234 | 224 24 24 244 A 26-C 24
h AA | 31 A EE: A€ A XE e
[Mars 3664 |ah [ 7 | 38-A | 338 9. 5D Y 5F 4G FOR
! ) 24.A | 324 244 24 24 | 324F 244 24-H |
h aTA [ a8 PEE 410 4AE | 4k 1. 41H
Aoit7004_1ab | v [ 494 | a8 43 48D 49 | 48F 432G 43BH
o ) 424 | 4248 | 324 42 246 | 42F 4244 4240
@
: DEFINITIVE RUNS/1-8 g- tcoLe
POUTECHNIOU
AQNTREA

Si

i

milar to 1-1-B

wegr)

4]
1
PR T r v Yz = =z
PPRERE P r oo ionib s ERYE
T 3 wo & £ £ 3 ¥ i § 3. 92 2 9 € € ¥
2 : § 5 5§ § 8 2 = 3 'IE ¥y & = = %
EREEEE I B S LR A
i a £ 5 E E a I S S
: Vul};‘ar. Sec.0) !

X ¥ Ppulp ¥ Paper Y Paper
PM4 PMS
TMP ) Raj+ | AUMFAG | Stengih | Farmeabiiity | Linting | Strength | Pacmanbiiity ] Linting
AccTP | + NivMPS

[ 1A | 118 eint [EE [EFE BEEES [EE: AH
| [#ars 2603 v %A {18 19-C 1.8 14 18-F 14 33H
: h| 7 1 24-A [ 124 NS 1.24-0 1.24F 1241 1.24-H
R TA_| 118 2C 21 PEE KE3 B 1

AoGi2003 |8h | ¢ | 18.A | 2088 28 28 pXY: -F 8- N

) 348 | 2.24- 24 24, 24€ | 2.4F 2.244 24-

h 7 AA 3.1.8 4G 10 1LE A-F 1-G 1-H

.[Mars 2004_J8h $A | 38E 9T XS 35 &F 5 9H
4h| 7 ] 324-A 1 3-24.1 3.24 .24 24 24F 3-24C 241

h | 7§ ata | ad 410 41D 41E | 4tF 47 a4H

Roit 2004 {ah | 7 | 49.A | 48 484G 490 48E [ 48F [Ex 48H
ah A24A | 424 424< T2, 474 | 4 F 4.24% 4244
DEFINITIVE RUNS/-8 £Cow

rourvechnioud

264

Marh 2005_Puip fo Final Paper_1 h 10 8 AMS (FLS), 108 8 rivicom}
g4 [} )
2 i

Sompld}
omp2]

Conip No

we)

Com. 3
I
o 1
0% i
(%] [}
200 !
0.20-
-0.40.
A
PR T M CR T . =+ =
PEEE R OE P o; o PEGonLiLYERLOYLE
SRR SIS U O A I
AL A - TR
H i §§-§3". & & § & &
L 1
Va D(Var. Sec. 1) !

w 3
Simitar to 1-1-B (upside down)

n 2005 _Puip 1o Final Paper_T hto 8 h.M5 (PLS), 188
e

+ Zero components

Wheraas 4 components for 1-1-C

PouvTECKNIQUES




265

Y ¥ Pulp Y Paper ¥ Paper Macch 2002_Puip to Final Pager_i hto 8247 (PLS). 1.8.0 ] ,,Nmm,g
PMa PM5 M oxcum |
TP | Rajs | AImFAD | Sttength | Fermaubiilly | Uinting | Stwength | Parmeaiiity | Linting ' -
AccTP | o MivmPS
h | 7 | 14A | 118 Y AL | 1AF [EF 1AH
. [Mars 7603 7 [ 14-A | 198 19< 1.8.0 18E | 18F 18 15H [
' LY 1284 | 124 1244 & 24§ 124F 24 [ETE; 060
h | 7 B} EE AE |2 AF XE K
[ Aot 2063 h 8.C 8D EX: 8.F 8- Ex o
h 334 224 24 2407 | 234 24 050
h iV 1 XE: FE | 3AF X¥e AH deo
“[Mars 004 _[Eh | 7 38C TS 39E | 38k KX )
[ 4 245 24| -24-¢ 24.F 245 24-H 010
h | ¥ 41 43D 44E 4-1-F 41-G 4-tH a0
[ Aoat 2004 _[6h | 7 15C 43 40f | 48F 433 A9H o
3 4 h 424A | A74 4345 4240 | a24E | a74F | 4246|4240 dio
Just blocks where basis weight = 45 g/m?
- DEFINITIVE RUNS/1-8 gz £cour
souTECHAIOUH
MONIBEAL

] e
Amalgam of two components in 1-1-D
March 2602_Pup 1a Firal Pager_) h1o 8 h M7 (PLS), 180 X Y Pulp ¥ Paper Y Paper
wtiComg 1 PMS
THP | Rej+ | ARG | Stangth | Permanbiliy | Lintng | Strength | Permeatiily | Linting
AceTP | + NWMPS
h | 7§ t4A | 148 [EE: 140 " 114G R
Mars 3003_[8h | 7 | 18-A | 12 18C 140 154 19-G 18-+
R 1244 | 14 1244 124 ™ 1248 24K
- k4 1-A -1} -4-C 10 -1-E 1-G -1-H
¥ ;] Actit 2003 Cd A 3-8 8L 80 5.1 -8.Q 8-
- 7 f2zA] 224 -24-C 2.2 24 -24C T4
. v 1A 18 -1-C -1-0 1-E -1-G -1-H
| Wars 7604 Ll T 80 3L 8L 0. 8. S H
¥ ht 7 1324AT 334 24.C 3240 | 3244 24 244
P z % 4y o T < ¥ s = 5 _ T AAT| aE 41 410 FEN 414 PR
e i ; & g, g 1 3 § H 3 5 H Aci 2004 h 7 aaA 486 48 4-8-C 48-E 48C 48]
3 K 4 B @ 2 i Ed 3 2 4 H H AR 7| 4-24-A | 4248 | 424< 4245 [ 424 a4 424H
£ s 3 a $ b 3 kS 3
AL A T -
& 3 L i i
i & & & i
Ve Dfor, Soc. Q1) DEFINITIVE RUNS/1-8 - ECOVE
sonyrECHInGH
ity

+ No data for this period
X ¥ Papes Y Paper
PM4 £MS
TP Strangth | Parmeaniiity | Linting | Strength | Parmeanhity | Linfing
h L 110 (L v [EX 1-1H
[Mars 2003 [0 14T 140 19.F 13 (]
Ah| 7 24 24t [T 124 124
o AL 0 FAF Z¥ H
Aofil 2603 h {7 20 9. 8.F 8- -8
4h] ¥ -24-C 240 24F .24 244
h 3G 3.0 1F EE
| Mars 2004 Ll -8-C 19D 4-F 8-
L3 4 244 -24. -24-F 4G
7 41C a1 41F [RE
{Aofi 2004 [oh 48 4380 45-F 483
1 £ 434, +38.0 334F 4243
DEFIMTIVE RUNS/1-8 - §COLF DEFINITIVE RUNS/1-8 -+ oL
rocrrEcunoud FoLVIECHNIQU
MONTQCA)




March 2002_Pulp 1o Final Paper_) b o 8 hME (PLS). 1.8F B maycom)
n onem

March 003_Pulp to Final Paper_1 hio 8 BB (PLS), |8
welComp 2}

-]

26

Praetion 4 fones
o de lgnes.
Primaty SFERG|
Sacontury &
Ryject SPERG)
Primacy cansistency
Prievacy M 6xt dov d
Seconsury M stédey
[ETpe—
Plte sgbsacondiy
Flate ago rapt |
NP5 Bob Mare Daetry
WP Eob Meve Dechry|
45 ok s etz
5 Dok biare 19 S
1465 Bob Mera T3 ST

Secondary coisimee

Vo g |vei, Sée. O1)

266

March 2003 Puip to Final Paper_) hio B'h ME(PLS). 1-8F
wecfComp 1)

Produston 4 lgnes

No de ignas

‘Rinary SPERG]
Stuﬁivy‘ SFERG'

Rupct SPERO!

Primuy eshaistancy
Secondary Zonsislang
Seconduy WL sk dov
Fhatasge praty
Flate 3ga roconcary
as age sent

MPS Bob htara Dechiny
7% Bob: us; Deches|
WS Bob M ¢ eciavn|
MPE Zo Mers TS S
1495 Po Weye 15 5T

E
3
3
i
<
>

VY Diver, Sez 01

w:f)

March 2005_Pup to Final Paper_I 108 h.ME (PLS), 10.F
wclCamp. 3) :

Production 4 gres.
No do bonis
Primaty SPERG]
Secondory SPERG
Rejers SPERG
Primary.consiviency
Privary ML oxd dov ¢
Pl aga priuzey
Pixs 3ga sacondary
Praie 30 viat

4 Bk ere T3 ST,

Secondary ML s1deer
MPG Sob Mere Deehiry.
15 Eob More Dochve|
A Bob Mera actatem|
PS5 Bob Mare TS SH

VD (/e Sec. O

3 ¥ Puip Y Paper ¥ Paper
PM4 PMS
TP | Rej+ | ANMFAD | Sirengih | Permmability | Liniing { Strengih | Farmentility ] Liniing
AccT? | + NivwPs

h 1A-A | 118 (R 13T AE | F 2 1AH

Mars 2003 18A |15 18C 18-0 19.E | 19F 1-6-G 18H

h 1244|1348 | 124C 124 124 24F TSy 124

h ¥ | 214 18 4G D XE: A 10 1

| Aot 2003 _lah A | 288 18C 4.0 8-E 8-F 4G 8.+
g [ 248 | 224 24< 24, 24-€ | 2-24-F 24C 244
T A X)) 18 G RE: 18 EEd 10 A

- {Mars 2004 8 | 7 | 38-A 8.8 8- 40 4. &F 3 3H
. w7 I324A | 3248 | 3-24% .24, 24 324F 24C 244
: Ri v | atA] 418 4G 41D PRy 4AF 413 1
[:{Aoii 2004 [8h A9A | 488 4BC 490 (BE | 48F 430 48+
Rl ¥ [a24A {4248 | 424 44D |4 (e 424 a24H

Just blocks where basis weight = 45 g/m?

DEFIMTIVE RUNS/1-8

roLrTEcHNaU
MONTRE,

March 2003_Puip 1o Final Pages_} h fo 9 h.M83 (FLS), 1-8-0 B Rrvicum

& oem |

a &
Canp o




D

Am;i{;am“of: two curﬁponen"t«s in1-1-G o

March 2003_Puly 16 Final Paper_1 1 o 8 148 PLS), 1867
wic{Comp. 1)

No de lgnes
runary SPERDY

Producnon dignes
Secontary SPESS
Reject SPERG|
Frmary consisiore y
Secondary consistenc
Primaey M i3 der 4
Secondary ML1d dev
Plate age primary
Fhie age secondary
Pole:aga et
AP 2ot ars Permaat]

Var Dvar Sec: 01

267

March 2003_Puip 10 Final Pager_i h to B h.M9 (PLS}, 1-6-G
we[Comp. 3]

No de Tgnes
Fiimary PERE|

Secondary SPERG |-
Reect SPERG

Pl age primasy
e age e !

Producten d ighes |;

Erecay censistiney
Seconsary constenc
Prinay 3. 51 dov 4
Tecondary M. st dev [
Pote aqe seconcary |

MPS Bok Maca Pameat]

VD V. Sec O

X Y Puip ¥ Faper ¥ Paper
P PMS
THP | Rej+ | ANMFAD | Sangin | Pemeability | Lintng | Strength | Peroenbitty | Uinting
AceTP | o NivMPS

g h 1A |14 X 140 (R IREY 1.3 rweT
Marz2003 fah | 7 | @A | 194 [ET 185 18E_| 18F 18 154
h 124A | 1248 _| 1-24C 24 124E | 1.24F 174 pLg

h[ 7 ] 2tA | 248 AL A0 1€ A EX AH

(Aot 7003 {8h SA | 288 3C X XL 3. 4G 8+
§ W 7 ) 224A ] 2.24 .24 24 24 € | 2.24F 24 24
hy 7 | 34A L 348 AL B E AF 4G A H

[Mars 3004 [&n BA | 398 3c X3 XE: -F XX o
[y 3248 | 3248 | 324 24 3241 4E -24.C 24.H

7 J AR | a8 a1% 415 AE | aAF 441G A4H

Aoit 2004 [h | 7 | 48A | 480 48 48 48E | aaFf 456 a3 H
Ah| 7 [azaa | 424 4244 424 424 324F PETY I T

- DEFINITIVE RUNSH-8

+ No data for this period

tcoue
POLITECHNIDUY

. DEFINITIVE RUNS/H-8




X Y Pulp ¥ Paper Y Paper
M4

P PMS
TP | Rals | AUMFAD | Sitwngih | Permeabily | Cinting | Strength | Permeabily | Linting
AccTP | ¢ NimPS

) 14A | 144 145 110 I9E | AAF (KK 114

[ Fars 2663 |an 14A | 198 18 18.0 1 18F 18- 13
ahl 7 [ 134A | 1248 | 124C 24 124 E | 124F 1234 T2eH

1 . 2 v i " Z i

Agut 2003 el A ¥ PR a 5. ¥ X ﬁ:
An] 7 ] 2-28-A ) 2244 224L 24 .24, 24 24X 24}

i L 1.8 4C -1-0 -4-E 14 1.3 -4H
Hars 7004 A 3-8 38< EE 3 E 9.F 8- EET:]
h 24A | 3248 | 324 24 74 24F 242 3240

h ATA | a1C 490 49E [ 4aF 13 44T

Roat 2004 |0h CHA | a8 43 48T 48E | a8F FEX A8 H
ah 4R [ 424 T4 324 A24E | 4F 4244 42

tcoe
pouvrecHnioud

268

X Y Pulp Y Paper Y Paper
Pid PMS
TWE | Rej+ | AURFAD | Stength | Permaabiiity | Uiniing | Strangth | Permentitfly | Undng
AccTP | + NivMPS
n VA | 118 [RE 110 TAE | A4 110
“{Mas 7563 T8 h | 7 {19-A | 148 195 120 19 18:F 149G
q n A24A | 1208 | 124 128, 124 24F 3242
- hi7? B ZE K EE AF 10
J Ao z003 jeh | v § 38. XX 8T 50 3 E 9¥ 8
Ah| 7 1T 3.248 | 2.34C 24, 24€ | 2.24F 262
7 X EFS) 10 A€ AF G
Wars 2004 v 348 8T 55 ¥ IGF, 3G
[X KA 334, -24C 244 .24, 24.F 24-C
h 418 rEE 45 A1E | aiF 141G r)
 [Aaii 2063_{8h 43 453G 48 48E | ABE 45 LX)
| 213 4248_| 424G 424 T24E | 424F 124< CTaH

NIBEA

3
3
3
H
s

o 2 10T O USMICA FRESSRIRTI s vt 7503 s 12 P Sl d o

i
)
i
v
\
DT !
H 1
1 b : ] i '
1 i
: W 1 \ h H \ o
5 W : I [N : L :1
PRI w8, = T i1 = T B ! Py
PREEENE b o8l f eyt Ronlg g
P g 13 208 Ty o,z &0 &, X T
IR INEE I 3% BRI LS R T R T N
§olE p twi vy i EaVE T '
4 , 2 P 50.‘ .i" 2 ] H t ¢ '
% ! ! [’ [ :
L e e T T T Y —— e _————

August 2003_Pulp 1o Finat Papec_1 hio §h M4 [PLS) 284
weiComp. 2}

i ¥ F i & § §p OB OB
3‘%%”%%;5%%3-?5?335
LR I T O S O R A A
g M I T I & &

‘ LI O

VO (var Sae. 01}

August 2063_Puip io Final Paper_| ho'3 h M4 (PLS), 284
welComp 3

weR)

Producton & Igres:

No 6 ignne

ey BRG]

Secondury SPERG

Rescr SPERG)
o 30 rem
P st CSF
Pt LNF
P o PR

Primaty consutacsy.
Seconbwy sunsisies
Primasy ML s dor 4
Seconsary M. 310 dev
Futeage prommy
Plata age tecandary
P TP_CSF!
Pax_pce TR L |
Pax_kesTP FX0

Vo D Sac 01




. DEFINITIVE RUNS2-8

X Y Pulp ¥ Paper Y Paper
M4 PMS
Rej v | AWmFAD | Sength | Permeabitily | Liniing | Sirength | Parmeabiity | Linting
AccTP |+ Nivmps
14A | 118 14% 1.0 A1E | 19-F 116 11H
Mars 2003 18-/ 188 139C 150 18E | 18.F 180 18 H
K ) i24a | 124 244 1241 12 12%F 24 124
v 1 - +4-C 1.0 A-E A-F -1-G -1-H
AoDt 2663 4. 2.8.8 5L 6. X 6-F 8. X
hi 7 12244 -23-1 24+ 2-24 224+ -24-F -24.C 224
v 318 )-3C )-1-C -1+ A-F 1-Q 4-H
Mars 2004_|Bh 384 8C 4.0 4 3-F 80 XX
h 324A | 3240 24 240 24 | 324F 244 24
h | 7 | 4TA | 41D 43 410 A€ | aiF A 4
AcGA2004 |8h | ¥ | 48-A | 498 4a< 48D 48-E | 48F 185 Y
[ 474-A | 4244 2T 4240 |47 E | aaaF 4.24< 32
€.

core
rovrreciviour]
MONTR LAY

Froduction 4 lopes
Ko de kgt

Primary PERG
Siantary SPERE

RepctSPERG,

Erimary consivancy
T —.
Primasy ML s dwv &

rondary

Secondary M. sid der
Phia age primary

Var B {var, Sec. 01}

Doty age sapr

Sas_sinF 20 CF
Oex_simF AD_LME

Pes_afin?aD_£2D
Fox N A5_CSF
Pra o 15_LME
Pax_Nohes_Pn|

269

August 2003_Pulp 1o Finat Paper_i h 0.9 hi (PLS), 288

R7 (cum)
B ozeum)

Canp o

1
IS R T S S e~ wa
ssggwggsgg;g&.%.s,?.!.&
T 0F s % 0% % ¥ 2o 2 5,09 % o & f g7
£ 0: § § B &8 8 2 ¢ & 2 $°% 0t & 3 ; 3
H LI O R I A
D LR
Vor Ofvar. Soe. Q) .

G
X Y Pulp ¥ Paper ¥ Paper
P4 PMS
TR | Re} s | RimEAD | Strangth | Parmessiiity | Liming | Siwength | Parmaability | Linting
AccTP_ | o NiviPE
g 1AA | 198 314G 140 AE §10F 11:G 14H
Mars 7003 184 | 18- 18C 148D 15:E | 10F 18-
7 124A | 1241 124C 124 12 124F 724
. 7 T1A XE A0 E LF 216
‘Ao 2003 2-A 5 -8.C 80 £ 8-
24K | 234 245 244 TAE 24
Wl 7 [ 314 EE KX 4D | 3 16
<] Mars 2004 h | 7 G-A 8- 3-C -8-C 4-E 8-
g 4 h 244 | 3244 24C 24 IE 224G
) [EE W AEE FERS 410 AAE [EE
AcGt2004_]8h 18-A | 400 48C 480 PEE: 48-
h] VvV {43aA | 4248 | 434< 424 $£2UE T34<
. DEFIMITIVE RUNS/2-8 icae
" POLYTECHNIOUES
MONTE

August 2063 Puip fa Final Paper_) h 10 3 h M (PLS), 28C B rovioumt
H

B o) |

Comp tto




270

Virtually identical to 2-1-C

August 2003_Pulr 1o Finst Paper_I hto 8 1. MG (PLS), 2.8-C August-2003_Puig 10 Fmal Paper ) b ta B b MB (PLS), 28C
weciCamp. 1} welComp. 21
a.80-
0.60-
v
Eﬂ.m
§ ow
0]
0.4
1
R 060 J_
s e ——————r R S T
s 3 For o7& §F % F £ @ [ 1 £ 3 ¢ & fF § ¥ & £ 3
RS R R, f:%ﬁ%%%;%i%a«sa%?%
E s § 0§ P B OB o2 S T | R E ¢+ ¢ § F E ¥ oz 4 B i 35 % i 0§ 4
RS LN 0 B AR A A LN O NS R O A I AL I O O
£ a £ 3 5 0 3 -2 & £ & ] 5. * S s 3 1 3
LI I i1 3§ 18 LI i3 0§ 1 &
Va0, See. 1Y) Ve 0 {43 Soc. 1)

i3 Y Pulp Y Paper ¥ Paper August 2063_Puip 1o Fnal Paper_1 hito 3'h M7 (PLS), 2.80 RY(eunat
PMd : PMS
TMP | Rajs | AUmMFAD | Stength | Parmeability | Linting | Strength | Permenbliily | Linting
AccTP [ + NivMPS
N 1A | 148 (RIS 14D [EE 33 1 [EET w0
Mars 7003 184 | 188 14C 18D 18E [ taF 19 184
) 24A | 1248 | 1.24< 4240 | 124 | 124F 242 20H |
" n A | 318 AC AE | 21F 4G H
| Roit 3603 |oh | 7 | 28 | 288 3C 3.5 BE | 28F 4G 8 H
) 344 | 224, 24 D | 224 | 224F 24C 24t
n A | 348 4 4D 1€ | 3AF 1.0 K
Wars 2004_[0h 8.3 | 380 EE: 40 € | 38F xE -
h 244 3248 | 3.24< 24, 324E | 324F 244 3744 |
Al 7 | atAa | 448 49 44D 49.E | 4AF 43 AH
fRot12004_[8h | 7 | 48.A | 48F 3 441 45 | 48F 40 4BH
: R T3aA | 4748 | 4244 424D | 424E| azaF | a.24% 436H

Use only blocks where basis weight = 45
a/m?

. DEFINITIVE RUNS2-8

:’“;‘::“ 7mJIiPuln 1o Fnat Papes_1 1o 8 KMT (PLS] 2.80 X Y Puip Y Papar Y Paper
IComp. 0] PMS
TMP [ Rej+ | AIMFAG | Strengih | Permeabtity | Uinling | Strangth | Permeabiity | Liniing
: AccTP |+ MviPs
E N A T IR 141G 140 (RN 1A 113 KX
[Mars 7003 [Bh | 7 | 18.A | 188 18C 180 18€ | 13F 13- 18+
5 4R | 7 1324 | 1248 | 124 24 124E | 124F 244 324
= . TA_|_ 218 RE: KE AE BE AH
:,r . Aot 2003 h ] 7 8-A -8-8 Xy .80 238.E -8.F 8- 4-H
-0: 4h| 7 -24-A | 2-24- -24C -24-D ~ 244 -24-1
A | 3. 1C 10 TAE 10 A
- Mars 2004 v -8-A 8.1 8-C 8. X Ex 8-
: ) 244 | 324 24C 24.0 | 324 24C -24.)
- " = = S 3 T = h | 7 | 44A [ 414 4G 41D 414 o 4-AH
H £ & # g g H z ¥ H k3 i E IR0t 2004 [8h | ¥ | 48.A | 48 48 43D 3£ A A
H 3 % B ] 2 '§ 3 % 3 H ) & ' Wi 7 {a24a| 3248 | 424< 424D | 424E 4242 424
¢ 2 § § ¥ & : g 2 & 3 . f
5 L R O
: i LA A R i
& &
V¥ Do Sec BT} DEFINITIVE RUNS28 ~ £COL
Fouricumoug




+ No data for this period

DEFINITIVE RUNS/Z-8

-tcoLe
PORYTECHNIOUH

271

3 ¥ Pup ¥ Paper Y Paper
) £HS
TMP | Rai+ | AUMFAD | Strangth | Parmoability | Linting [ Strangth | Parmeabiiily ] Linting
AccTP | « HIrMPS

‘] R 19A | 148 13C 1.0 TAE | 1AF [EX 11H
Wars 2003 {8h | v | 18.A | 148 145 1380 18- 19F 130 18H

. n| 7 [32dA 24, 1.244 24 124.E | 1-4F 1-244 24|

g h (4 1A -1-8 -1-C 1. -1-E i -1-G 1-H

{Actezg03_Tun EA XE: 5-C X 3. 5.F 4.0 29
4 f 2244 | 224 224 24 224 s 7.34< 24K

. h 1 v 34 | 38 KEe AL A€ A F EX AT

{Mars 2004 |oh { 7 | 3.0 | 384 4L 80 X 4-F 4G 15:H
4 h 34A | 324 244 240 | 3344 24F 24 324H

h | 71 4A | a18 | arc 415 4AE | &1F 41 41 H

-TAoGt 2004 [8h, A9A | dup 4B C 490 A€ | 4eF 480 45H
bl v | 436A | 4748 | 424 4240 | 424 € | a2aF | 4244 4240

August 2003_Puip to Fina Paper_t hta 81 M8 (PLS}, 26

August 2003_Pulp 10 Final Paper_! hio 80 M8 (PLS), 76.F
whciComa. 2}

e

g = e N
n 3 ] 2 F § & 2 : £ B B
0533 LIRSS U S-S B I
H - : 0§ ¥ 5 2 & § 0§ % : %3 3
£ o2t 3 [ 2% 0§ & 3§ ¢ § 2

- * 3 o+ i 3 a F 2 3
i ¢ FI I i : 3 2 4
L I § ¢ § &8 B
V3 O (Var, Sec. ©1)

DEFINITIVE RUNS2-8

wgcoLs
FovTEHNOtH

August 2003_Puip o Finol Paper_t 110 8 h i8 (LS}, 26
wi(Conm. 1}

o do ke

Fise aga rit

Prsary SERG
PERG
Rajece SPERO|

Secontry

Prosuction 4 ke
Primacy consistency
Phua agn piiny

Frimary ML 15t doe 4

Sacondary consutenc
Secondary ML wid dus

NPE 208 Mars Dachre
A Zob Mer¢ Dectrs
S5 Bob e wetvien
NP5 Bob s TS S,
WP Bob Ware T3 5T,

Vor O {var. Sac. Q1)

X Y Pulp ¥ Faper ¥ Papet
PM4 PMS
TP | R+ | AGmFAG | Suengih | Fermaabiilty | Linting | Sttength | Parmantiily | Uinting |
AccTP | + NIvMPE

. h | v I 30A | 118 1AL 31D A€ | 1E A1 1SLH
TMars2000_[Bh | 7 | 138.4 | 148 1L 180 [EE 14-G 18+
g 4 n T4A | 1248 | 3264 .24 124 1244 124,
g AA |24 NE: 1. XY A
' [Aout 2003 -8-A_ [ 18- 8 3-0 4 8.1
| L) 244 | 224 -24.C 2244 24, Rks: 24

230 AR NSO N 1T 15 BE: e AH
| Mars 2004_l8h 39-A_| 34 5 8- XX 3G 3H

] 3244 | 324 24 241 24 24 24-H

h | 7 418 44C 410 aiE rEX aH
{ Aot 2004 8 h 156 48T 48- 45 E 43 48 H

) 434A | 4288 | 424C 4340 | 42E 424G | 424H

Use only blocks where basis weight = 45
gim?

DEFINITIVE RUNS2-8

Ecouc
roverechnicu)
i Al




August 003, Pup to Final Paper_i h 1o 85 MY (PLS), 286

B Ry icom}
B oxom ]

August -2003_Pulp to Finas Piper_t hio 8 h MB(PLS), 1.8
wheiComp. 2]

et

Noderias
Prinwy SERG|

Producton 4 lgrae

Secontuy PG

Rexa SPERG |

Prinuay coniaency
Frimyey ML v s ¢

Secondsry comsstene

Vir b {var, Sec. B

Secondiry ML sid dov

Eblaags primury

Piate aga ropt

MG Bot Mard Petmaad]

272

August 2009_Puip fo Final Paper_1 hto:d h M8 [PLSL 285
we(Comp. 1}

welh)
E]

e do tnes

Reget SPERG| § F——

Prodwron 4 i
Rimary RG]
Secondary SOERG|
Preray consiatency
Secondsry camsdlens
Primary M s dor &

Var B v, e 2ty

dury ML st v

Secont

s sge primay

Pate 350 10condany
P age mp
NPS Bab 492 Primasd)

X Y Pulp ¥ Paper ¥ Faper
PM4 PM5
TMF | Rel e | AimFAD | Strengih | Parmeaniiity | Linting | Strangth | Permentilly | Linting
AccTP_ | & RMPS
) 1A | 494 14-C 19D 5] 1A 114G 4.1
[Mara 2003 |8 h 13A | {e8 18-C 180 19E | 18F 188 19N
g Y240 7 T14A | f24- 1245 124 124€ ] 1-24F 374 124
" h ) 7 | 2K 18 214G EE: RE 3.F .G -
Aot 2603 [8h X Lx: 28 3D 4.6 5 5 -8.H
& ) 24-A | 224 2342 ET} 24 24 244 4R
T KA NEETY KX 31T Bl EE- A .G A
Wars 7004 _J18h 44 | 398 38.C 30 4£ 5.F X 8H
N " 244 | 3748 | 324 240 24 24F 24 334H
n {7 | dtA | add PER: [EX 4E | aAF rER ETH
Routz004 [Bh | 7 | 48.A | au8 48 430 48 | 4B EX a8 H
- [ i24.A | e 4744 FET] 4IAE | A24F 324 PRI
DEFINITIVE RUNS2-8
rawvrecminu
Wy Eyie

- - DEFINITIVE RUNS2-8

+ No data for this period




13 ¥ pup ¥ Paper Y Paper
PM4 PMS

THP | Rujv | AUMFAD | Suengin ] Fermeatility | Linting | Strengih | Parmespiiiiy | Cinttng
AccTP | o NivMPS

h 1A | 198§ 1C EY: € | A 116 TAH
[ Mars 7003_{9n 13-4 | 188 | 182 180 | 18E ] 18F 18 134
- A h 1364 | 1268 | 1244 240 [ 124 [ 124F | 924
h{ vV | 24| 218 4G 21 24 X3 34
Aot 2003 [0 h FEY) Y] 8 29 XX 3.6
Rl 7 12248 2244 245 | 324 | 394F 24
Ty iz 2 Ty rw: o 2
[ 7004 fa 394 1 3 3 34 ) 8.F -8 814
10 L 28 2 J;I 1 Ty L s
W] 7| ata | 418 | g 410 495 | air 43 4H
- [Rout2004_[ah | v | 48.A | 488 | 48 454 48E | aav 134 P
2 A24A | 4248 | 4734C_| 4240 | 424E | 424F | 424G | 424
’ .- DEFINITIVE RUNS3-8

273

X ¥ Pulp ¥ Papar ¥ Paper
PM4 PME
TP | Raj+ | AHMFAD | SGangth | Permeanility | Linting | Stiangth | Permesbiiity | Linting
AccTe |+ NivMPS
2 h | 7 [ 14.A [ 118 134G 110 [N KR [EE 1.4
[Wars2003 jah | 7 [ 18a | 198 18 RET: 1RE | 4BF 138G 134
: n{ 7 (1244 3.2 24C | 124 ARE [ 17aF | 172
h Y 1 23A 18 -G -1-D -6 1-F -1-G
JA0it 7603 |8 h 28-A | 298 8 n X 8-F 3-G
: ] 7 {22441 23 24, 2244 224E | 3245 244
h | v L XL 4G EE X U G
#iars 2004 [ah_| 7 § 33 FEY: 34C 30 I8E | 3aF 344
4 h Z48 248 24 24-8 3248 -24F 24
n | 71 a4 448 ] 44D FEY: 4AF
Agui2004 [ah 432- 4. 48.C 434 48E | 48F 480
) Y 4-28.A | 4248 | 8244 el du¥ 4-24<
PuipExpert unit off-line for first 16 days of
March 2004
DEFINITIVE RUNS/3-8

 COLE
G |
MONIREAL

March 300a_Pup to Finat Paper_i b 10 8 h M4 (FLS), 384

Fieu i hed havs

Productan 4 ey

Pote 1g¢ premwiy
Poie 190 rapt
P ecTR S

Pute sge sezondaiy

It
'
il
[}
J.
1
t
1
t
]
1
]

Fricry ML 3¢ 300 4
Secondary WL std des

Va3 (Y-S0 Qi — o )

March 2008_Pup b Final Paper_T h (o 8 h.M4 (PLS). 3.8
weclComp, 2]

iR}

P T e

FEREPEE VI IEAELLE

s 3y § i 03 ¢ ¢ % ¥ 3 0% 0% 0% o§ ;s

3 HI AN - A - A A

H i i1 13+ ; i &g
'M(‘ 23

Var U (v Sée. O}

X Y Pulp ¥ Paper ¥ Paper
M4 PM3
TWF | Rel+ | AWMFAD | Sirengih | Parmaabiiity | Cinting | Sirangth | Permeatiiity | Liniing
AceTP | + HyMPB

h i 1114l 148 141G 140 11 1-1F 114 110

[‘[Mars 2003 {8h | 7 | $8.A | 148 14 14 18 | 18F 1z JEX]
; Rl 7T i2da [ 1268 | 1-24< 124 124 24F 1246 [124H )

NN BT T AL B 24 2-4-H

T Rod 7003 {8 h 28-A | 280 5 80 239 28.H
: 4 h 2.24-A | 234 2:24< 2241 224 244 |

- [ SN BEETY T KX 3.1.0; 1

“YMars2004 [8h ] 7 | 38-A -8-8 8-C 3-8 34 384

: N 326 IO 324G |3 3244 241

FER W BEY: C 410 416 43H

:[A0in 2004 [oh | 7 | 4u.A | 4ad 48 43 480 4BH

[ A24A| 4248 | 424C | 4200 | A24E | 424F | 424< 424

. o
PulpExpert unit off-line for first 16 days of
- March 2004
DEFINITIVE RUNS3-8

< ECOLE
potvTECHNIGUH
MORIZLA




M

31 T004_Pulp 10 Finai Pager_1 b to 81 N5 (PLS), 368 Rartcuni]

Oeuni)

X Y Pulp ¥ Paper Y Paper
PMA PHs
TMP| Ral+ | AUMFAD | Suengih | Fermeabiily ] Lintng | Strength | Permesdiiity | Linting
AccTP | o Nivid
- Y TAA | 18 149G (K 0E | IAF 149G TAH
Mars 2003 |8 h 18-A | 1-8.6 18C [EX 16-E | 14F 186
[} F26A [ 124 1342 134 124 124 F 124
3 h A BY 1. XK E AF 1
Aot 7863 Toh TA 3-8 9.C EX X 5-F 30
[ ‘248 | 224 24C 2264 .24 224F L
h A | 3. i BE 1 E AF 4G
Wary 2004 |Bh ERY 4. -3 X - E-F XX
4 124-A | 324 pRs 24 24 24 F 24
h i ) 1A ] 418 49C 4L 4-1E 41-F 41
Ao 7004 |Bh R 8 480 A8E | 49+ 14
§ [ T24A | 424 42C 4740 | 424 E | a34F pETYy
DEFINITIVE RUNSG-8 coLe
rourTrcHNiou]
ST RE AL

274

we)

Marcn 2004 Pufp to Final Faper_) h to 8 h.MS (PLS), 368

¢ICama. 1} .

Productond igoas

No e igos

Friniry SSERG]

Sicondury SPERG

i

1

)

F 111108
[N I
& » § > ¥ g a1
i gl N
@0 &

Vae O {Var, Sec. 1)

Pex_ahnk 30 LME

Pes_atroFab_P0]

Pay_W165_CF|

Pas_H 165_L0F

Prx_Nke 342607200

Marcn 004, P 10 Final Paper_I'h 108 nMB (PLS). 30.C

Comp o

Marcn 2004_Pulp to Final Paper_1 b to BhME (PLS). 3-8.C
whefComp 1)

welth

Ne g iree
Srsmary SPERG|
Secondsey SFERG

Poducrcn & tgrer

- N r ¥ £ i § & W
g i o d §f Y5318 8
v % 3 & ; g 08 ¢ 2 B o3 0%
Proyog ¢ I I
L SR 1 LRI S S A S
Poio§ s i g & £ =
P8k i 3 3 3 &
Vae Otvar. See. D 1)

Mareh 2004_Pup o Finat Paper_1'h to 0 hM8 (PLS), 3.8.C
viciCamp 2}

)

Producton & bynes

e de g0

Fruory SPERS)|

Pesct SPERG]

Secontuy SPERG,
Py copsistency
conduy consiseic

Primary WL std dev £

Secondary M +10 dev
Fte aga prinary

e

VO Sae. D)

4494 Bcb Mara Dachiv|

404 Bed Marn Deehe|

P2 Bob My ectalem,

AFEEad Mare T S

P4 Dop Mere 75 5T




3 Y Puip ¥ Paper ¥ Paper
—— PME PMS
TMP | Raj* | AlimFAD | Strangth | Farmeshifity | Linting | Strangth | Permeabiiity | Linting
Accp | o NivmPS
h [E N BEET 4G 140 T | AaF 110 11
| Tiars 2003 Ja b 14A_| 148 1:8-C 13- 19€ | 18.F 133 18H
. [} K4 1248 | 1.70< 24, RETN I 1244 24K |
N K4 38 A 1.5 1€ AE XK A
Aol 2003 {Gh 4. 8 4.0 3. B F Xy 34 |
h[ 7 [224A | 2248 | 234 224 224 4F 24 24 |
h | 7 | 3tA| 31D AL - EEE: X
Mars 2004 h 8-A 4.6 -8-C 348-C -4-G 3.8+
bl 7 1324A | 3-24¢ -24-C 324.E | 244 324
[ A IR W YT 41T 410 4AE | A 41.3 TaH
Aoul 2004 h L4 48-A 4.8 48<C 4380 A8 4-8-F 48 4-4-H
8 [ 4244 | 324, 4.24¢ [ET 134 E | 42aF 4346 | azin

Use only blocks where basis weight = 45 g/m?

' DEFINITIVE RUNS/3-8 @‘—)ﬂcmz
PoLvrECHNTOUR
N MONISLA

March 2004_Pup 10 Final Pager. I hio 8 hM7 (PLS], 38.D
wc[Camp 1]

w1}

Posuctin 4 fgras |
Crimy S50
Secondwy FEPG |
R SPRG
Py consishncy
Secandary gonsatroc
Primary ML axd Jev 4
Secondary ML 31 dev
P
Pite aguascondar |
Frale 298 1ot
224 Eob Mess Parmaab :

Vi L, Soc. 01

275

M21Th 2004_Pup tn Final Paper_1'h 10 B h.M7 {PLS), 380

W oXeum)

R cun)]

X Y Puip ¥ Paper ¥ Paper
PMa PMS
TP | Raj+ | AImFAD | Suength | Permashiiity | Liniiog | Sirengih | Permeabiiily | Linting
AccTP | o NivMPS
KE W KT 1AL 140 [XY [EX] (XX X
. { Mare 7003 18A | 138 13L 180 12 13F 130 18H
’ h 1244 | 1248 | 124< 245__| 124 24 F 324 241
- h | 7 1A -1-8 -1-C 1.0 1€ 4-F. 1.0 2.1
[ Aol 2003 4 8-A 98 -8-C 8- -8.E XE3 8- -4
- h 24-A | 224 244 -24- 224 24F 24 24.-H
h L4 -1-A -4 1.C -1-D A-F BE
Mars 7004_|9h 3-A_ |38 KIS 5.0 8. 8.F X
hf 7 133¢A 328 24 24, LR 24F 244
h {7 ]41a | 418 441G 4.4-0 4-1€ 44-F 41
- [Acui200a |8 n 484 | 49 48C 430 48E | 44F 45
i R v | 424A | 4248 | 4-24< 470 | GIE | 424 F 4344

+ No data for this period

. DEFINITIVE RUNSB-8

rourTeckniaug
Qi

' DEFINITIVE RUNSG-8

X Y Pup Y Paper ¥ Paper
PML PMS
™™e Rej + AllmFAD | Sirength | Permaatility | Linting | Strangth | Pesmaeabliity | Linting
AceTP | & RivMPS
LIAEALL

D ST S T 11C 11D 144 141-F [EE 144

 {Mars 2003 J&h | < | 16-A | 19-8 18C 180 18E | 14.F [EX 19.H
: 7 Vi2aa [ 1248 | 124 1240 | 124.E | 124F FETY. 244
3 h [V 134 | 298 3 230 FEY A KE S
:{AoGt2003_|8h A | 285 9C 240 28E 8 ¥ 4 H
- (3 K4 . 224 2.245 [ 724 24F 244 -24.H
T KK Er: 1D 3.1 3 BE EE

Mar3 2008_[0h A | 38 34C 4.0 313 §.F 34 H
v 3244 4.8 | 324 24-0 | 3.244 T 3.24< 244

h {7 | a1-A { 418 c a1 1€ T a4F 4 A H

| Rodii 2004 7 | 48A | 438 48 185 48+ 4aF 432 A
§ [} 4244 3248 | 424G 47D | 424-€ | 4-24F 445 | 424




March 2004 _Pulp to Final Paper_t h 1o 8 h M8 {PLS). 3-8F

276

March 2004, Pup fo Finai Paper_t h 1o 8 hM8 (PLS), 3B8F
wic{Comp. 1}

wepty

Ne ce gaes.
Frenry SHRG
Reject SPERG|
Psa sge rees f |

Prodacion 4 igoet
Ssconduy SFERG
Peemiey consistency
Satsndary gosisten.
Secondaiy M. sté dev
Plar.age primusy
Fako sge secondary
NP5 Bk Mo Oechiva |
W5 Bob Mera Dache |
75 Bk Mere ncratenn|
M ZebMare TS S
S Bob et TS 5T,

BivarSee. DY

X ¥ Pulp Y Paper ¥ Faper
PM4 PMS
TWP | Re)v | ABmFAD | Stength | Parmaabiiity | LIning | Stangth | Permasbility | Limting
AccTP | » NivMPS

§ [ IAA [ 148 141G [ET: (XX A4-F (K 1A
Marg 2003_|ah 184|188 13C 130 A9E | 14F 19.0 [FE]
! Ah| 7 [174A | 1248 | 124C 1240 | 124E | 124F 1240 34-H
® 48 EX: 74D ] 248 | 21F 1 AN
] AoGt 2003 J8h | ¥ 8- -8 28 8- 8-F 8- 4+
i < 24 24 1240 ME 2244 24N
7 KE -G 390 1E AH
Wars 2004 5.8 -G 38 18E 60 IgH
3 K4 24 24C 3.24.0 24 2 24:H
n {7 4.8 ey 41 44-E 4:1-Q 41N
Aott 7084_|&h | 7 4.6 486 490 48 480 48H
[) 4248 | 4.24C 2240 | 424E 424G | 424H

Use only blocks where basis weight = 45 g/m?

| DEFNITIVE RUNSB-8

core
PoryTECHNIOUHS
MOH,

Mach 2004_Puip to Fifal Paper_1 hta 8 h.M3 FLS), 36.6

M3sch 2004_Fulp fo Final Pager_) h to 8 hMO (PLS), 3-8.G-
we(Comng. 1)

welt)

T " T o 53 = - 3
i H 5 ¢ H i H H H :
PEoERoR O OF s bbb
20 T N S T S S B S S S B
3 £ g « H 3 i LY 5 ¥ -
H 3 i H H H g i 2

& & & &

Var B v Sec, B}

X ¥ Pulp Y Paper ¥ Paper
] e PMS
Rej » | ABMFAD | Swenglh | Parmeability | Linting | Sirangin | Farmeaciiy | Linting
AccTP_| o NivMPS B
: [ I T W KE 145 14D A€ | 14F 1.4
[ Mars 3603 71 18A | 188 18.C 1.8 18E | 18-F 148 18.H
5 LY IR EET TN IR -24; 134 124% 24.F 1244 LS
P I 1 4L 240 AE AF -G 14
[Acut2003 Teh | 7 | 2.8 8.8 28C 2.0 3 -8.F 5.0 4-H
¢ ] Y T224A ) 2248 | 234 24 224 ¥IE 224 24,
) 1A XK 3G 1.0 4 AF -G AH
[ Mars 2004 n§ v [ 34 8- -8-C 8| -8-E 38-F 4-0 -8-H
h E) 24-A | 3248 ] 3248 242 24 E | 324F 245 24-H
- O SR Y Y 4C 440 41E | 4qF PEE A
[ Rotn7004 Jeh | 7 § a8A | 498 48C 420 48E | 48.F 13- 43H
& 4-24-A | 4248 | 4245 4240 [a24€ ) 324F 4344 i2aH

DEFINITIVE RUNS/3-8

owrrecnmicud




+ No data for this period

- DEFINITIVE RUNS/2-8

£coLe
FouTECHNGU

MONIBEA

277



278

X Y Pulp Y Faper ¥ Paper
TWP | Rej+ | AlMFAD | Strangth | Parmestiiity | Linting | Strength | Parmeabliity | Linting
AccTP | o NivMPS
h} <] 1A | 194 14:€ 11D 1:14 14:F 1A 1.4
Mar32063 18h | 7 | 18.A | 18 Y 13- 18E | V8¢ [EX 184
ah] v 113aA [ 124 12 124 124, 124F 1244 24
j h | 7 [21A EY: PXE: A XX EE
Aoni 2003 [8h | Y | 28A 8. 28 9-F 13- 3H
[ 24-A | 224 24, 24 24 -24-
h A B KX AF 4G B
) Mars 2004 n | 7 KXY EE: 39-C 38F 3-C 38%
L) 36-A | 3248 | 3.244 24 248 _| 324
W yn e Z reri
Aol 2004 [ T 4 43 FEX ey
P L LS TS p 2! (oI M
.. DEFINITIVE RUNSI48 ecou
v rourTecHniour
BHQNTTER

X Y Pulp ¥ Paper ¥ Paper
PG PMS
TP ) Rele | AIMFAD | Sirength | Parmeabiity | Liniing | Sirangtn | Permeabiity | Uinting
AccTP_| ¢ NivMPS

i [EX W EEET: 1< 110 [EX T 116 14

I Mars 3063 {8h | 7 | 18.A | 198 18.C 18D 1€ | 18 181 18H
] 7 | 326A] 3248 | 1.24% EETE, 124 124 F 124.C 1241 |

- h | 7 1 20A E 1 30 EE ¥ 244

fRoti7068 [8n | ¥ | 29-A | 388 8.C 5.0 X Xy 204

hi 7 {224 | 22 2:24. 24 2-24; 244 24

h | 7 T3 | 348 1 AD 1E 4G A

IWMars 7004 fah | v | 364 | 38% 3 330 3RE E) 35 H
: i h 24-A | 324 24-C 240 __| 3244 4F 24 34-H
B ] 7 deduineng 418 31 410 A€ | A F rER PEET]

n| 7R 48A L 488 FEY: PEY 48E | daF 438G 49K

4248 | 424C 4240 | 474€ | a2aF 324 424:H

Limited to

- DEFINITIVE RUNS&-8

(273 + 8B)

first 34 datapoints o—nly

" £COLE
(G |
MONIREA

August 2004 _Putg 10Fin3l Papee_L hto 8 h Md (PL5), 454

Rvfcuin]

om
ow
070

e T 56 Tuary S AMIA FILESDST-NIYPIE FOTIOIS e Ahogont T4 Fua 1o [l Fagwr A5 16 Showp.

1 E K i

: \ | i !

[ ¢ W0 ! :

y ' ) t
— N ! ' o - :
[ :' ) “@ = - ) PO P

PoEvE OB BVE ovex B0 f oRcNod HETYOR
FEE R S R g oy g s g e |

EEEENEBEEREEE IR EIEE

- g 5 3 § $.5 % dE P 1

I T PRI A LI

i & . 1 t

Y e cmm Ll VeSO J N S B I

+ Composantes plus hautes
= N'existe pas!

DEFINITIVE RUNSH-8

-
s,

EcH
MO NI RLA

ecoue
FoUyEChNIgud
MONIRLA

X Y Pup ¥ Paper ¥ Paper
[2.0) MS
THP | Rejs | AIMFAD | Suengih | Pasmaabiiity | Linting | Strength | Parmanbiity | Linting
AccTP | o MuMPS

h 194 11 190 TAE L 0F 13- 1:4H
Mar 2003_[Bh 18C 180 1€ | 18-F 18 134
Ah| 7 124 1240 | 126€ | 134F | 1242 1244
. h | ¥ 2-1:C 1-D 211 24F 24+ RE
Agit 2003 h | 7 28C 8.0 282 28-F 8. -8-H
[ 24 -24- 7246 | 2247 244 24-
B h : 11C -1-0 31 1-F -1 -1-H
Mars 2004 {86 38 K} IRE ey 8 YAT
h -24C 244 3324 24.F EYY. 24H
h e FEE [EE 41F 414 iR
TAci 7004 |8k | 7 498 43¢ 42D 45E [ 43 F 43 A8H
) TEE] 424C 3240 | 424-E | 424F | 424G | 424H

Limited to first 34 datapoints only

(273 + 8)
DEFINITIVE RUNSH-8




279

' Similar t; 1st component of 4-1-B

August 2004_Pulp tc Finat Paper_ 1 to § h 15 (PLS), 488 first 34.paints anly August 2004 Pulp:tn Final Pager.} 410 3 hM$ (PLS), 468 rst 34 gownts snly
[

wg

¥ 1
1
1
s 3 2 o9 9 = ] NS [
EiEEOBOPp i PfondyEoyE
T s 0% % f ¢ o3 BT o: #,% 2 g9 § € ¢
§ @+ P B o8 3oz 208 % oplyotofoaoa g
g a 3 & 5 : 3 E F o610y 3 L
? H & i H (? : H 1 & 8§ & & ¢
L ;
Var D {ver, Sae. Q1) {

ot o 131707, T T XTI

August 2004 Pulp 1o Fina Paper_| 1 1o 8N MS (PLS), 468 first 3¢ paints only
we(Come. 2 1

2 3.
T 2 % Ty 3 & 3§ e B s % ¢ o2 7 T g ) P
EEEEREEEREEHEE RN SRR RN RN R RN
i Y o ;s o: ot o8 oog o ' 2 &% 3 s o+ %% % 2 2 B or Y o £ g
R N N N §f§§s;§~§§ SRR A
¥ A T [ 2 S A H & £ H - A
L N | : & F & 3 g:
VarDivar. Sec. 011 . Var O /el See. 0 .

¢ Zero compaonents
X Y Pulp ¥ Paper ¥ Paper
M4 PMS
[YMF | Raj o | RImFAD | Strengih | Permeability | Linling | Sirengih | Fermenbility | Linting
AcCTP | + NIvMPS

. 11-A 144 11C 11-D 194 11-F 314 1-1-H
Mars 2003 h 18-A 1-844 18- 18D 1-8-E 18-F -8 1-8+
h 1-24-A 1-24-1 1-24< 1-24. 1-24-€ 1-24-F 1-24-C 4-24-1
h A .18 EE- BE EK 1-F -1-G A H
- | Aot 2003 7 9-A 8- -8:C 8.0 3. 4-F X 3-H
h -24-A -24. -24-C - 24 - 24, -24-F 244 24
d -1-A .4 -8 -1-C <40 A-E -1-F -1-G +1-H
[.-[ Mars 2004 h 3-8-A 34-8 -8-C 8.0 8-E 2-F -8 -8-H

i 3-24-A 3-24-8 -24-C -24. 24 - 24-F -244 24+ s
4-4-A 4-1-B wthwle 4-1-D 41 41-F 41-G 4-1-H
[ Acist 2004 7 | 48-A 4-8-8 4-4C 4-8-0 48-E 4-8-F 48-G 4-8-H
h 4:24-A 4-24 1 =28, 4-24. 4-24-E 4-24-F 4-24< 4-24-}

Limited to first 39 datapoints only
(318 + 8) .
DEFINITIVE RUNSH-S @ tcoLe . DEFINITIVE RUNS/M-8 @ £COLE
FOLYTECHNIQUE PFOVTECHROUE]




280

% Y Puip T Fapar Y Paper fuqust F004_Fulp 10 Final Paper_t b to 81 M7 (PLS),4-8.5 anly 45 g dats B Ravieum|
Pme 2]
TMF | Rej » | AWmFAD | Sirangth | Permaabiiity | Linting | Sirength | Pecmeatiity | Linting
AccTP | & NivMPS .
h | 7 | 1A | 118 [EEC (EE CEr N R 175 A b )
Mars 2003 |8h | ¥ | 18.A | 4a- 19C 180 V€ | ABE 146G 184 s
E) 1748 | 1248 | 123G | 124 1244 24F [ 1344 24 | om0
h 1A EE: K 10 1€ 1F 4G KEX
Agui 2001 _{8h 8- .6 4 30 XL 9.7 9.3 g+ a7
n 24-A | 224 -24C 224 224, 24 F 244 24K 080
) A RE: EES KX 1 E AF 1.0 A 450
Was 7004 18 h 8- 58 8 XX EE: 8 3 8+ i
h 244 | 324 -24-C 244 372 24 F 244 24 naf -
h 7 [ VA | _a1s 4AC G1E | A 416 1A 030
Aoit 2004 _[Bh a8.A | abe [EE: 4-4- 18€ | aaF 49 48+ o
Y 4244 | 4248 | .74 2 TUE | 424F | a2l 424 5

Only use permeability data for periods when oo
Basis Weight = 45 g/m? (rest deleted) .

DEFINITIVE RUNSH-8

Cane Ho

b o6 17230

tcoLE
PoLvTECHNiOL
MONIBEA

£

£

cugest 2004_Puip ta Final Paper_i hto 6N M7 (PLS), 4.8.0 cny 45 g data i . 53 Y Fap Y Paper ¥ Faper
viclComp 1) M4 PMS
TP § Rals | AmFAD | Stangih | Permwabiity | Linting | Sirength | Permasbiilty | Linung
AccTP | + NWMPE

R h : ATA_| 148 14 14D A€ | 1AF 130 A

Mars 2003 _|@h 13-A | 185 18< 180 18E { 14-F 136 | 18.A

4 b 1248 | 724 124 1244 1Z4.E | 124F 124 241

= [ B ST 1.8 3 AT XK AF, A H

H fAcinzoos [an | 7 I 284 4 3C 13- 4. 28F 9. 3-H

h 2.24-A 24, 224 224 2-24 .24 24-C 24

3.4-A EK: SEC EF EE: A KE K]

:[Mar3 2004 |8 h 3:8-A 8.8 $.C 30 9E | 34F rX A

e R L e e e e [ 324 248_| 324 241 A34E | 334F 242 -34H

- - = = & < " = r = = ry s N n§ VAl 438 FEP: rXE n A [Er “H

3 i & & H 3 E3 M H 2 F4 £ Aot 2004 W { 7 | d48-A 438 48C 480 44-E 4EF 43 G aaH

H ‘s " B ) 3 2 2 s a 3 S & nf v P 424A 1 4248 | 434 4237 TAE] 424F 424 424K
A T T O T O N A
H [ A - I T T ]
] H & £ E £ & = 3 E]
& & & ¢ g

; )]
Vu v Sec. D1y . DEFINITIVE RUNS/4-8 @ﬂcou
FoTTsONIGUG

August 7004_Pulp 1o Finat Pager_1 h io § 548 (PLS) 8.6 hto§ kMg (PLS), 4-8E

Qtcum)

i
)
pos : 1
P = T = ir

1 & ¥ i k] tox ]
R R
H 3! i £ g, g H 2 L 3 - g1
t H = 3 -2 Fogt & " 1,
i :x H I I B A ,.‘g g
d [ ' i 4 )
1 ' : (IS ]
I;-__..___-___:uum)s-nnn : ! ".--..:.'

]
t
1

T2, Fimens TN M) T RROIYIY




i3 Y Puip Y Paper ¥ Paper
PM4 PMS
T™P fej ¢ AUMFAD 1 Strength | Permasbiiity | Linting | Strangth | Permwablity | Linting
AccTe | o Nivmes,
LA RETM KXY AAD 14E | AAF [EX 149H
Mary2003_J8h | 7 180 13- 134
h 124 13244 124
td 210 KX AH
Aodt 2003 4 2-8-C 8- 8-H
< h 24 FETE. 244
h < 1-D 16 1
- [Marz700¢ [gh | 7 -8-D 4G 8-H
| 24h| 7 240 7iC 245
h| 7] a1 418 440 FEX 444
Aot 2604_[8h 43A 1 48D 490 PR AgH
[ 20A | 4248 | adic 1245 2244 PETE)
Limited to first 39 datapoints only
. (318 + 8)
i DEFINIIIVE RUNS/AS Qewu
rovrrecmaue]
MONTTEAL

281

August 706 Putp 1o Final Paper_) % 1¢ B h.M9 (PLS), 48F frst 36 points only

RIY (curn]
)4

0w Essentially ZERO components

Cemp No.

Faba on 132007 5%, 500 2004 3 hia Ao
- = =

August 2004_Puip to Final Paper_) hia 8 nMiD (PL5), 4.8 only 45 g ama B srvicun]
: LI {

Camp o

X Y Pulp Y Paper Y Paper
PR4 PMS
TMP | Reje | AlmFAD | Strangth | Pesemesbility [ Linling | Sirength | Permeability ] Linting
* NivMPS
L EY 118 14:D AAE 14-F 14-G 14H
. Mars 2003 4 A8-A 18C 180 18-E 1.8-F 148G 1-8-H
h 1:24-A -24C 1-24- 1-24-€ 1.24F 1-24< 1-24-H
3 v 1A 1 210 2-1. 1-F 1-G A-H
Aot 2003 4-A 24 2480 28 8-F -3-Q -+
h 2-24-A 24 2.24. 224 £ 2-24F 2.24-G -24-H
4 A 31C 3. 344 A -1 1H
‘[ Mars 2004 7 8-A I8 34-0 3-8 8-F 314G -8-)
T R4 324-A .24+ 3-24. 3-24. 3-24F 346 -24-]
I 41C 410 41E 4-1-F v 4-1-H
Aout 2004 h 48-A 48L 480 4-8-E 48-F 4-8-G 4-8-H
h 4.24-A 4-24-C 4-24-D 4-24-E 4-24-F piory 4-24-)
Use all periods, despite basis
weight fluctuations
DEFINITIVE RUNS/48 £COLE
frselio AN

Augusi 2004_Pulp to Final Paper_1 hto 8 10 {PLS), .06 ony 45 g dats
wclCamp, ]

i

Proatan digoes
e de thoes
Frirary FERG
Secondsty SFERG
Ragri SPERG,
Primary consiaiaecy
Setondary comsistenc
Primary 8 91d der 3
Secondury L st dev
Pole sge primacy
Pute age seconaary
Asn age
NP5 Bob hiars Parmasb]

Var D1/, Sac D1

cohur on 102,307 56 Tuants W IMC 11 CECTFINTIVE RUNEI P WAaggomt F04_TA05 e P Fapur_3 B 1o ¥ et

o o - S
Similar to 2nd component of 4-1-G

Augusi 2004_Putp fo Finak Paper_t b 1o 3 5. M10 {PLS), 486 only 45 g dats
wec{Camp. 2],

No debgoes

Reéxt SPERG|

Producron d igres
Fusy SPERC]
Secondsry SSERG
Privity consitancy
Secondary somsstenc
Preary 1 a1d ow
dary M 3 s
e age primery
uts age secordary
Paw age ops

5 Bk hiaws Pormasb|

Secon

VaDisar Sez. 1y




X Y Pulp Y Paper Y Paper
M4 PMS
AUmFAD | Suength | Fermeabiiity | Linting | Strengih | Permeabiity | Liniing
< NigMPS.
] 118 14LC 11 11.E 1AF 1.0
Mars 2003 188 13< 1-BE 148.F 18-
2% 124C 1.2 24-F 1:24C
218 -1-C - AF 1-G
Aot 2003 28.1 DL X 3.F rX
. 24, 2244 224 E 1 INF 24
-1-8 1 -1 -E A-F 1.0
[ Mars 2008 188 38C -8 4-F 9.0
4. 24 24 24F 24C
418 41C AA-E 4A-F 441G
- [ Aoit 200¢ 48 483 PEX: 48.F 48d
4748 | Tane A24E ] a2dF 4745

.\ DEFINITIVE RUNSH-8 Q £coLe

282

August 2004 Pulp 10 Fioa) Paer_t h 10 8 BM11 {PLS}, 484 K7 cum)
- oz(mm)_‘
1
LX)
D0
o870
080
L

MQNIREA

E . ; 0 .
Similar to 1st component of 4-1-H {no 2nd, 3rd or 4th component)

August 200_£uig ta Finat Pages_1 b io 8 A 11 {PLS), 4-B.H
weelComp. 1

Fraduston 4 1gnes
No delgnus

Aoy STERG]
Secondary SPERG
Repct SPERG
Prmary consisiency
Seconary consntenc

[S———
Suctrulary M. oo dev
Fur age xmary
Pirs 2gr spcendaty
Pute ap0 ot

WPE_PRLUCHAGE DESSD)!
MPS_PELUCHAOE_DECSU)

Varpar sec. D1

o on 11 2 S R Shuae




X Y Pulp Y Paper ¥ Paper
L) PMS
TP [ Re]+ | AmFAD | Strangth | Permeabiity | Linfing | Strength | Parmenbility | Linting
AccTP_| + NIvMPE
- 1A | 148 (KK 140 TAE | iE 134G REL]
{ Mars 2603 reww e v i — %
: b li2dal 124 24 24 1 24F 244 24
- ) ZAA | 214 1:C 1.0 24 A-F 1-G AH
L f Aol 7003 [8n 28-A | 23 3L 4 EX: B-F -9 3
Ah] v | 2244 24! 244 24 24 2.24F 32 24
h 1A | 3-8 G 30 AE IAF X A
Wais 2004 (61 T IEX: EE 9.0 34 39F B 3+
1 24 | 324 24< 24 24, 28-F 246 24-H
n A1A | 498 PEN: [EF: AVE | &AF 4. FEET]
Aoni 7004 |8 h a8A_| 48 pEY: 440 48E | 4DF 45 48H
. ah 424K [ 424 434G 424 A€ | a24F 473G | 424H
DEFINITIVE RUNS/1-24 Qmm
PourTeCHN
MONIELA

March 2002_Pulp 1o Final Paper_3'h to 24 hd (PLS), 1-244

Oourny

R2Y{cun}

T2 207 38 Tummars DNV

g
H

3
Cowp No

I

TRITI/E PG WY 24dsoh 2003 [Ag 5 Frvel Pages_3 h o 24 caz

March 2003_Pulp io Fynal Paper_&h to 26 hMA [PLS). 1:24.&
weComo. 3

e}

Producton 4 gnes

Ne 4 Jgnee

Reser SPERG|

Pimary censistncy

Sucandiny consisen:

Primacy WA 246 dun 4
Secondary B st dyv
Pl sge primaty |
Pute age secondsry

Var D¥at, Sec, Q1

Prass 3gs tent

Pex_tcTP_CSF.
Pov_AccTP LMF

Peare CSF

Pac_2e2TPF200

Pre ol AMF
Fue 1o PoW

283

X ¥ Puip Y Paper Y Paper
[2.0) PM5
TMF | Re)< | AimFAD | Strangth | Fermaability | Linling | Strength | Parmeabiity | Cinbng
AcETP | ¢ HUMPS,
B 4 AA | 148 14C 140 116 14F 148 1.1
|- [ #ars 7603 [ 146 18C 18- 18E | 14F 18- 18-
: bl EETYY METDM N 124 E 124F 1242 744
. h g 218 RE: FEE: EX AF 125 A H
[Acat2003 [ h 5.4 | 248 HC 284 3. 3.F 5 o+
: ) 34A |2 744 724 244 2AF 224 24
h [ 7 1A 1.8 AC 314 1€ -1.F 1-G AH
|-[Mars 2654 _{ah 13- 3.6 8 380 IFE F (XX 3
g ah] 7 {3244 [ 3248 | 324 324 324 2aF 24 -24-H
h 41-A | 418 [XE: [EX 41E | gaF 4 PR
{Aoi 2004 |8 h 48-A | 488 43 480 GBE | 4eF 42 43 H
g ) 424A 1 4248 | a2iC 2241 4IE | 424F 424 4 H

9.

MANLLE.

-ef)

is
i
i : : 2 : :

V& Ly : 4 ‘|. ' : . :;
it e e 13:: I .:; = ﬁ.l:h;;g ﬂlmF5 T
PREE OV I BE el BB D
I Oy ;o ozwE £ ogn Iofwgap § W how
% NS B 0 ] ;.§ O D NI K R
] g 3 i 31 H Léy & 3 1
LR TR T R A R N

b 4 : v-yum-'_s.g.my_-_.f! [ b s

March 2003_Pulp t0 Finat Paper_B 1 10 70 bt (PLS); 1,744
we[Comp, 3}

Proguctans e

No de fgnas

#imary SPERG)

Srconduy.SPERG|

Rean SPERG|

Primaty convistioey.

Secantaey covxbianc
Pimary WL, 518 dev &

Va0, Sac. DYy

e sge yrmmy

Seconduy M, 3 dev

Fute age socondary

ave age rept

Pua_2ceTP CSF
Pex_ACETP_LMF:

Pux_rey CSF

Pas_pecTP FX0

Pes 1 PO




» ¥ Pup ¥ Paper Y Papes
2 Pus
TUF | Re]s | ARMEAD | Stiength | Permasdiity | Linling | Strangih | Permesiity | Linling
2 NvMPS
h ] 7 1:1.8 14C 4-1-0 1€ 11-F 1-1.0 14H
A Mars2003 {sh |7 r [EY: 180 16E | 48 180 18H
ah] 7 1248 § 924 124, 1324 124F 126G | 1244 |
N h | ¥ = XE: K & AF 21 MPXET
- [Achr 2003 {8k | ¥ .98 8C T 8- 9-F 24 8.
i [ 9Kd 24 244 24, 224 324F 224 24
. h | < 1.8 AC 0 AE 1. 396 A
Mars 2004 _[8h | 7 398 ¥ 3.0 38E | 39F 332G Ex
3 1y K4 24 -24.C 24} 246 3-24-F 3244 24-H
T 4 418 PEY: 4 A€ | 41F 417 FEN)
Aot 2004 _16h | ¥ A58 48 4380 A8E | A9F 5.3 180
: h 4.2%. 424 4240 {424 E | a2eF 4.24G__| 4241
. DEFINITVE RUNS/H-24 Econr
) FouTEckNour

March 2003 Pulp 10 Finai Fager_B h 10 24 BN (PLS), 1-20-8

weelt)

ez § 2 2 r ¥ I 3 £ : B.M 5 B % g

PREEE sl iR

P B S - T T SR S S | 2 £ ¢ ¢

IS N N A A N A

3 <G E 3 i & PN B S S

& ;& 3 2 P8 q ~
wosean !

X Y Pulp ¥ Paper ¥ Papet
PMs PMS
TP | Rej+ | AUMFAG | Strangih | Patmeabiiity | Linfing | Sttength | Fermenbiitly | Linting
AccTP | + NivMPS

h] 2 | 1A | 118 14C 190 (SN IKEE S 140 AN

AMarsz003 {en | v | 18.A | 148 el 13, 18E | 14F 1-8-G 184
. 4 1 G24A | 1248 | 1.24C 1240|124 | 124F 1.24-C 24
. h| 7 1A 18 &t 2.1, . A -1-4 AH
[ Rout 2088 [8h 8.4 3 8- 3. Xy 4 A & H
3 ) F4-A | 224 744 260 | 2.24€ | 224 F 24 -24-H
h{ 7 1.A RE 1€ 4.0 -1 .E A-F 1 H

[ Mars 2004 _{8b 4.4 | 188 \8C FET 38E 3.F B 8-
o o Wl 7 |324A | 3248 | 324C 240 1244 -24-F 24 -24.H

th | 7 1 44A | 418 a1C 410 AAE | 4tk PEX 41H

Rout2008 18h | ¢ | 48A | a8 43c 4%, 48€ | 4iF 48 48+
24N i24A | 4248 | auC 4240 {42 T3F 4244 240
DEFINITIVE RUNS/1-24 @lcou

rouvTeckNious
MOMTRE AL

284

March 2003_Pulp to Final Faped_3 1 [0 24 A3 (PLS), 1-246 8 R7veun)

8 oxcum |

1248

:

SEEEEEEREREIEREEE

& & g.ﬁ‘.i El.lln,‘ &
Var D{Var Sec. ©1} .

+ Zero components

Like 1-1-C

@ ECOLE

povreckous
MO NI LA

DEFINITIVE RUNS/-24




X Y Pulp ¥ Paper ¥ Paper
PMS
TWMP | Fajv | AWMFAD | Strengin | Permanbiiity | Liniing | Strengih | Parmeabiity | Linting
AccTP_| + NvMPS
11A | 118 115G 140 A4E | 1AF 1.0 138
Mars 2003 ViteA | 148 13C T8E | 18.F 18 184
| 6] vV [12aa | 1248 | 124 1.24.¢ 12 24€ 124 24
: 730 KX EW: 5 KX AF 1.3 X
| Aobt 2008 LA Y xXE: EG 30 Ix: 9F xX: 35
g 24A | 2.248_| 2244 .24 2E ) 2287 24, EIE
AR | 348 1 X! 1€ AF KX M
[ara 7004 [an S-A | 3. 13C 9.0 € FE] EX: T
h] 7 T326A T 3244 24C 24, 4-E | 324 F 244 24-H
) A | a8 AAT 44D 4IE | st 44 AH
Aodt 2004_{8h 18 1 a8 48 4.8 43€ | anf 4 BN
n 4248 | 474 4338 | 4340 | 424-E | $24F | 424G | azen
Use only blocks where basis weight = 45 g/m?
" DEFINITIVE RUNS/.24 @ ecor
Fouechniour
. MONTREA

March 2003_Putp to Final Pager_B hito 24 h.M7 (PLS), 1240
wec(tama. 1}

weit]

+

i : £ & £ § 3§ 1 &£ i 5 v %
AR O A
H 3 H F 0 3 3
5’§§&§§§§;§K§
: i i P -

E I g

VarOpvar e, 01}

+ No data for this period

OEFINITIVE RUNS1-24

285

i4ach 2003_Pulp (o Final Pager_§h 1o 24 WM7 (PLS), 1-24.0 g R?V(Cum)}

X Y Pulp Y Paper Y Paper
P PMS
TMPE | Rej ¢ AlMFAD | Strength | Pasmeabitity | Linting | Strangth | Parmeability | Linting
AccTp | o NivMPS

N b TAA | 198 REE: 110 [EX [EE 141G (]
TR 2003 {eh 184 | 188 18:C 180 i 18-F 18.G 18 H
n 124A | 424 124:C 1:284 $.24 124F 124G [ 124K

¥ h ] 7 | 25A 1.8 241G 0 i 29F NEE A4
AQG 2003 [8h 3A_| 78 3 3.0 206 -F e ]
Wi 7 azaa] 234 224G 24 2241 4F 2

h L4 -1-A -1-8 141G 41 3-1E -F BEJ

‘[Mars 2004 T6h | 7§ 3.8°A 8- $-C 8- I8k X3 aH
hi v ]3.24A ] 324 24 24 324.E 3 F 24-H

h 1 < ] 1A ] 418 44C 410 41 [EED 444

- [Acti 2004 [ A5A [ el 43C 480 48E | 48F 48H
h 424-A | 4248 | 824C 24T 424K | 474 F 424G 1 424H
DEFINITIVE RUNS/1-24 @,‘ tcoue

PR

F3 Y Pulp Y Paper ¥ Paper
Py )

TMP Rej+ AllmFAD | Strength | Permasbllity | Linting | Strangth | Permeability | Linting

AccTP | + NivMPS
& 14-A | 144 R 140 14€ A4 1A REE
*| Mars 2003 18A [ i® 19.C 180 [ Yy - 13- 18+
§ 1264 |24 i34 1260 | 124 €f 1245 1:24¢ 124H,
AA | 218 1 10 AE Tt 21 H
| Aol 2603 $A | 21488 13- 5. X 28F 260 3K
B -24-4 | 2244 242 244 24 224 F 2.24.C 244
314 48 XE- NE: AE | 3AF 316 AH
-[Hars 2004 384 4.8 K 80 6€ | 38-F | 34 4H
| 264 L 324 344 24 26-E | 324F 334 244
- LA 1 1D 49.C 440 FEF WET] 41 44+
+| Aot 2064 ¢5A | 18 48C 4480 A8E | 40F 43 aaH
iy A20A | 4348 | 424C 4240 | 424E | 424F 4248 | 424K

rolrTEcHNIOUH
MONIBEAL

 €COLE
rouyTecimsous

" DEFINITIVE RUNS/H-24




286

* Zero components

X ¥ Pulp ¥ Paper Y Paper
PMa PMS
] ™F Rej+ AUnFAD | Strength | Permanhili Lintin Strength | Pecmeability Linting
Whereas 3 components for 1-8-F Raj o T Kiran T iy n o meabity o
. h | 7 TATA [ 14 1.1:C 71D A€ | 1AF 116 TAH
Mars 2003 [8h | ¢ | 18-A { 13 18C 180 1.8 18-F ke 18+
: AR 7 [ 248 | 1248 | 124« 1240 [ 124 124F 1244 128K
B n) v | 24A [ 318 EE: EF: 3NE | 24F YL 71
AoGt2083 {8 | ¥ | 2%-A XX 5 8L FEE: 8F 280 184
| n 7 - 24-A 244 -24 2-24 224 2-24F 244 224+
h | 7 1A EE -1-C 10 14E A:F EE 34-H
[Mars 2004_[ah { 7 | 394 | 396 8.C EE. 35.6 | 38F 4G 35 H
b7 1324A T 328 | 324 74-0__| 324, 24.F 246 3241 |
n] 7 | adA | ad 441G 44D 41E | aaF 41.0 A1H
- [Aot 004 [8h i5A | 438 48 480 286 | 48F 453 45H
‘ hW 7 142481 448 | 424 240 | d24€| 424 PETE R RETEN

Use only blocks where basis weight = 45 g/m?

" DEFINITIVE RUNS/1-24

. DEFINITIVE RUNS/1:24

ecoLe
FoLYTECHNIOUH pavvTRCsNIons
BARTREA MONIRLA

2
5

1.G

Woarch 2003_Puip to Find Paper_@ hto 24 n.u8 (PUST, 145 m?(nmv]i March 7003_Puip to Final Paper_8 h 10 3¢ M3 (PLS), 1-19G
m weiComp. 1)
. Qlicum) !

wrely

Proguciion & frat
Privaey SERS
Secondary PERC
Riject SPERG)
Pribewey consintensy
Pinary ML dov &
Secondary M. 3id dev
Phite a2 prmovy
Pore ege sevendarr
Pise age sz
S Db Metd Fomash

Secondary canactenc

VarDver Sec. Q1)

X ¥ fup ¥ Pager Y Paper
[ PMS .
TWP | Rajs | AUmMFAD | Strangih | Permesbility | Linfing | Strangth | Permaaniity | Liniing
AccTP |+ NMIVMPS
: [ AR Y 14 14 110 1-1E 14 14.G 144
Mars 2003 {88 18-A | 18 1L 149:0 18- | 18-F 13- e
ah| v [ 124A | 1268 | 124 1240 124 1.24F 1242 1.24-H
h {7 [ 23A 18 216 1.0 7A€ | 21F 21 S
Ao 2003 |Bh | ¥ | 28-A XE: 248G g 28 | 28+ X 28H
ni | 2248 <244 224 4D 224 224°F 24 224}
h Ll IEEEY -1-8 346 -1-D 34 1-Q 34-H
‘[ Mars 2004 [ah 38:4 58 33C 5.5 38 -8-G 3:8H
h] 7 §328A ] 3.24% 324 -24.L 324-E -24.C 3.24-
5 h | 7 {eia [T 4 1L 4t 41E 416 41K
 [Aott 2004 181 43-A | 488 43C 48D ABE rEX AEH
. an) v | 424 | 334 A2E PETY AE 4240 | 4244
DEFINITIVE RUNS/T-24 “4COLE DEFINITIVE RUNSH-24 ¢cca
PoLyTECHNIOLH POLYTECHNIGUS
MONLECA 14,




v Puip, ¥ Paper Y Paper
M4 PMS

TMP | Ry v | AUmFAD | Strength | Permeabilly | Linting | Strength | Parmeabiity | Linting
Accte_| + Nivmes

3 TLA | 1A 11 14D [EE BREE] 13- 11
Mars 2063 {86 18.A | 188 18 180 16E | 18.F 196 18
) J24A | 12af 244 1241 124 124F 124 134
4 71 218 4G 9E | 24F KW EF;
J Aot 2003 Z 288 e 2 X¥3
2 4.4 24
50 1
[ Mars 2604 [8n 8 398 33
) 1326A 1 324 24C
el <] 4an ] 418 4C
AQGL2004_[Bh 48-A | 48 4RL L8E | a8F
h a24A | 4248 | 474G 424E | a24F 4246 | 424
P
DEFINITIVE RUNSZ-24

- £GOLE
PoOLYTECHNIONH

287

* ¥ Pup Y Paper Y Papet
PM4 PMS
TMP Ra|+ AHMFAD | Strength | Permenblilty | Linting | Strangth | Permeability | Linting
AceTP | o NieMPS
X Bl v Al 148 LY 11D [EX 3AF -
[ Mars 2003 ok 18-A_| 138 149G 18D 15 185
Bl T {33aA | 1248 | 1344 244 13 124F
- ) -1-A KF: EX: 1.0 X ZAE
[ Acui2003 [8n E N 9E | 23F
ni v R223AY 2348 74, 224 2UF
bt 7 -1, -8 -1C -1-D % 34F
“fMars 2604 |8h | V | 38A | 39 X 380 34€ | 38+
3 ni 7 334A | 3244 24.C 240 28 E | 3.24F
: ) PR IE 41 410 43E | aAF
[ Ko 2004 [h | ¥ | a3- 438 43C 4. 43E | aaf
i R v 1 a3aA | a8 | 424G 424D [ 426 | a4k 424K
DEFINMTIVE RUNS2-24 6,' £COLE
! rovTEcHRion
MONLREA

{:‘33 w%ﬁ;%%%
o

Auguat 2002_Pulp (o Final Pager 8 b 1024 M3 (PLS), 2.24.4

T (NG W2 2Uhsgut

s Final Capar 3715 A haatg

X Y Pup ¥ Paper ¥ Paper
PM4 PMS
|'T9P [ Re]+ | AlmFAD | Susngih | Permashidty | Linting | Strangth | Parmesthity | Uindng
AccTP_| & NvMPS
W | 7 | 1A | 1A FEP 44D 13E | 4F 141G 11
Mare 2003 J8n | 7 ) 19.A | 18. 1ac 160 18 13-F 135 18:H
W17 Tio4a | 9248 | 124 24.0 1 134.6 | 124F 124G ] 1241 ]
bl v | 24.A [ 716 KP: 210 24E .G A
Roat 2003 (8h | 7 | 28 -9 9.0 25 Y AH
b v {724-A§ 2248 F 224C 240 | 224 24¢ 24}
A Y K BN 341 13
+[#ars 2004 |00 I8-A 39C 8.0 38E 38:G
4 h 1A ] 3248 | 324 .24.0 | 324 3.24<
h | 7 ] &1A ] a4d PEP: 44D FENS 41
Roul 2604 {81 18-A | 48 48< 480 48 428G
ah 424-A ] 424 4245 | 4240 | 424-E | 424F | 448
DEFINITIVE RUNSIZ-24 @uonc

MONTZEA

1
t
i
3
!
¥
1 : 1 '
N ' A4~ N o !
! N ' H - 1
0 N i J L [N L |
P e Y I S m
H 1 Ve g B R R 1 B Bty E
PREE LG DDl e b
TS, r 7 oEwE P'R OZa: o § hyR g ot B f
AR I A A L R I I AR I}
: o Twi o dly g0 P CodE F o !
& ! a yi o sls i z [ : ' '
! .
e n B L0 s L L Ll

Augucs 003_Pup to Finat Paper_8 b to T4 AM4.{PLS], 1768 B rviean!
B oxcum |




[}

.

. t

T T 8 % I Py TS %
i R E R
] 3 2 8 ¢ 0z 23 oE op,2 € 9 ¢ ¢ ¢
§ 2 £ § } § 0% oz 28 F o3t 1o%oio:o3
3 £ § © 2 ¥ = ¥ §F % T 2 3 3 ¢ %
i H] N I N S T N S
LI S |
Var0 e, Sec. 01) '

288

]
]
R R < T 2 s PR
FER R B i ny 3y LR
;;;.cgsa;;§=.§¥¢a§§§
IS *‘;§§-sg§‘§|:.§%§?%
& E.iﬁ.g- IR < &
Va0 See Bt l

X Y Pulp ¥ Paper Y Paper
L) PMS
TMP | Rej« | AmFAD | Suengih | Permeaniity | Linting | Suangih | Permeabiiity | Linting
AccTP | o NIYMPS

o I Y'Y 114 [EF: 14 1-1-€ 1-1-F 1A 1-1H

[Marsz003 [an [ 7 1 1.8-A | 1.8 19 18 13E | 18F 12-G 184
. B 7 i2aa | 3248 | 124C 240|124 24F 124G 24
h | 7 1 2 EE A KX IAE AF 4G AN

AoGt 7603 LAl Y 4.8 g ) 8-F 4G 8H

- ) 124-A | 2248 || 2-24< 240 | 3244 24F 24 34-
) 1A 1.8 XE -1 AF, 4G AN

Mars 2004 _[8h §-A 8.5 Xz 4.0 2. 8F 50 34H
R 7 | 324A ] 3248 | 324t 240 | 324E | 324F 246 | 3244

D] 7 ] 4t | 448 | aaL 443 AAE | 44F 44.0 A

Thotz004 |ah | 7 | 44A | 488 | 4ac 430 484 48F 448G A8H
W] 7 | 424K [ d2a8 | 424 4240 | 424 424F | 408 [ 426H
. DEFINITIVE RUNS(2:24 o ECOLE

August 7003_Pulp 10-Final @aper_B h (0'74 h M5 (PLS), 2:34.C

RO (euna]
Qticom }

010

NLREAL

August 2003_Pup 10 Final Pager_8 1 1o 74 A M3 (PLS) 2.24.C
wefComp 1

e}

Pynducten & fynes

o de igawe

Frursry SR

Becondsry SPERG

Regct SPERG,

Primary cesistecy

¢ T 4% ¥
H § [
iog 2 8
iof i
Var D{var, Sac 1)

Pite apa iuconcary

Aete age reiet

NP4 Bob Mare Dachrul

P4 Bob Mrva Deshrs|

P4 ot Mwrs acsren

M4 Bob Mare TSI SM

MP4 Bob pevs TS ST

X ¥ Puip Y Paper ¥ Paper
PMs 20
TWF | Rej+ | AImFAD | Strength | Farmeabiiity | Uniiing | Strength | Pacmeabiiy | Linting
2 KiuMPS
: h] 118 14C 140 14E | 19.F 1:1:G 1-1H
Hars 2003 4 188 148G 14D 186 | 10F 140 18H
: [ 4 1748 | 124C 124 124 128F 1244 1244
3 h i ¥ 2-1-8 -1-C 240 BE: AF -1-G +3-H
1 Aott 2003 h] v 1.8.8 -8-C Cws -8.£ 8-F 8- 8.4
: h{ 7 24, 2-24% 2-24. 34E | 224 F -24C 24
h |7 - -1.C Fan 18 1-F -1-G KE
:{Mars 2004_|ah 3.8 3C EXX 8L | 38.F EX 4
§ h 24 246 3744 74 | 3.24.F 244 24-H)
h i v 44 44 440 41E 41F 4:1-C 494
“[Aotn 7004 {80 | 7 188 48C 430 486 | a8F 480 434
hl 7 a24.a [ 4248 | 424C 424! $I4E | a2aF 424G | d34H

Use only biocks where basis weight = 45 g/m?

. DEFINITIVE RUNS2-24

POLITICHNOUL
SN 1oL,




Rugust 200%_Pup to Fina) Pager_B 110'24 n M6 (PLS), 2:26.0

R7thnm)§
Qo) s

X Y fuip ¥ Paper ¥ Paper
(210 ()]
TMP | Raj+ | ABmFEAD | Strength | Permeastiity | Linting | Sirengih | Parmashiiity [ Linting
AccTP |+ NivMPS g

h ) 7 [ 41A ] 18 396 140 14 IAF, 13- -UH

Wars 003 |8h | 7 | Y8.A | 188 19C 180 18E | 18F 180 48

: W 71 2ea | 1248 | i24c | 1240 24 | 124F | 1248 24
: 3 I A |71 A EE: AE AF 18 KEY
Aoit2003 |0 | 7 | 24 8.8 9. 3.0 5-F 8-G 841

h 7 {24a [ 224 7244 224 .24 § 224F | 224 244

7 | 34A | 398 KE* KE 5L AF 16 X

Mars 2004 7 | 38A | 9@ 8C 8.0 S $-F 8.6 4-H

h 244 | 324 24 240 24E | 32F 24 C 24}

h t ¥ | a4-A | 4 4L 41D 4 E AAF 414G 441H

Aot 7004 7 | 4s- | aue 4a-C €8 A5E | 4uf 480 48K

W 7 T 424a | 4248 | 434< 1240 | a2E ] a24F | 424G | 424
| DEFINITIVE RUNS/Z-24 CaLE

FouTEcuNiou]

X Y eulp Y Papec Y Paper
P4 PM5
TMP | Re)+ | AMFAD | Sirength | PermeabRily | Linting | Strengid | Parmasbiiity | Linting
AccTP | + NIVWPS
3 3 A I 1AL [EET AAE | VAF 13 AR
Mas2003 {8h | ¢ | 49.A | 188 158G (R 16E | 18F 18-G (]
h] 7 [12ea] 1248 | 1244 124 124 E L 1E 124 24
7 31A | 298 1-C XE: E¥ 21F -0 AN
[Acct7003 Tah | 7 | 28.A | 2.6 3-C 8D 8 il 8-G 3
hi 7 13244 ] 2.244 24 2240 3% -24-F 24 74-H
h | 7 ] atA | 346 4 EE: 1.8 Q0 16 EE]
fWwrs2008 [Bh | 7 1 346°A 3.5 3-C 3D 8 8-F 3G 334
an| ¢ | 324 [ 3248 | 3244 3240 24 24 F 24 784
B {7 1 aga | at 41 410 41E | eAF 41 PR
{{Aqii 2004 tah 1 v | 48A | 498 $ic 48T 48E | 48F 43 [EE]
h 424A | 4248 | d24C YR Y a24F | 474 424H
DEFINITIVE RUNS2-24

289

“August 2005 Pulp ta Final Paper_8 h to 24 h M8 [PLS), 2.24.0
weiComp V)

6k0
a0t -

weft]

Padren ey
e de ligogs
Aimary SPEPG
Sacendary SFERG. i
Primaay conyistancy
Secontiy consiionc
Primuy M st der 4
nhey M_std v
Flrn age prinaey
Sute age secondory
St gt
P4 Bed Mot Paumests

Secor

Va Divar, Sec. B

* No data for this period

DEFINMMVE RUNS2-24 @) £COLE
TECHNIOUT]
AAREAL

Pt
A0

August 2003_Pulp 10 Faai Paper_B hto 24 M7 (PLS), 24.F B ravisem!

B o |
R
0
0.70
050
0.501




‘Augusi 2003_Purp 0 Fnal Paper 8 h1o 24 h uT (PLS), 224.F
we|Comp 1)

weefty

o e ke
Raan SPERG

Fiaie age repl

Erimary SPERG]

Producien d s
Secondwy SPERG.
Primury censatasicy
Seconduey consmuenc
Prnary W wid din ¢
Teesntity ML si¢ o
Fhtnage primary
Pute sg¢ secandaey
MBS Beb Mies Dictry
NP5 Bes Mamy Dechito
PS5 Bl Mt actuem
M5 Eob Mare TS S
1S Bob Mere TS ST

Var 0. er. O

Aogust 2003_Puip 1o Final P aper_b h 1024 h M {PLS) 2246

4ugust 007_Pup 1o Final Papec_§ o 24 RS (PLS), 220G
we{Comp 2

W de gnas
Cominy 0]

Regct SPERG

Pracsan dgoes
Secondsey SPERG.
oy considarey
Secensuy consatane
Primary M. 51 dor
Secondory M, s1d dev
Plate sga primary
Pteage secandary
Flaw.age rop:
1455 Boh Mars Permat

Vo B fvsi.Sec O1)

290

X ¥ fulp ¥ Paper Y Paper
Pi¢ PMS____ |
TMP | Rej+ ARmFAD 1 Strangth | Permasbility Parmeability | Linting
AccTP | + NivMPS
N hl ] 414 1-14 1:4C 14D 1 1H
AMars 2005 fon | 7 | 18.A | 186 15 130 138G ExT
¥ an| 7 11244 | 12 1:24% 1240 | 324 244
h L4 1A 1.8 2.8 EE :1-G -1.H
[ Aoin 2008 & h 28-A 4 248 5.0 .4
2 20 I EETE R 24 24 -24C 24}
h 344 1.8 39c KE it AH
Mars 2004 190 15A 4.8 FEX: 30 39 8.F 3G 4
[ 24-A | 3248 | 3-24C 2. 324 24 24 24
h i 7 | 4vA [ a4 AL 41D 4AE | 8 415 FRET
Aolt 2004 18 h 404 [ 43D 485 440 48€ | aaf 48 184
' [) 474-A | 4248 | 424C 424 42E | a24F 424 4244 |

DEFINMIVE RUNS/2-24

Use only blocks where basis weight = 45 g/m2

ecoue
POLVTECHAIQIH
MONTUEA

August 2003_Pup to Final Paper:B h 10 20 hMB' {PLS) 2.24.6
wee{Comg. 1§ :

wely)

Prouction digees
N dalgnes

Prusry SERG)
Secosdary PERG
Rept SPER3|

Frimuy consiswne
Sevendary consatens
Prinary M. safdov 4
Secandury M. sid dev
Pate age primary
Sute sgesecondory
Paate 3gs it

NP Sob Mars Pamests

V0. See. Q1)

X Y Pup Y Paper ¥ Paper
L) oM
THP | Rejv | AImFAD | Sirangth | Parmeabiiity | Linting | Sirength | Fermasbiity | Uinting
Acctp | o NivMPS
n {7 | 43a | 44 14.C 110 A€ | AAF 14 1AH
Mars2003 [Bh | 7 | $3.A 14C 140 14 18.F 1.4.0 [EX]
i h] 7 24K 124 122 124E { 124 F 124 1244
: h] < 4-A 2:4:C 2-1; 2AE AF oY 24H
[Radt2003_[8h | 7 ¥ 28-A 28.C 23 248, 8-F 8 diniie
. A 224-A | 224, 224C 24 224E | 224F 2.24. 2.24.H
h A | 318 39< 3-1 34 VF EX 5
Mas2004_j8h | ¥ | 38.A ) 148 33C 8.0 303 18.F XX 38H
3 h[ 7 1324a| 3248 {334 24 IME ] 3347 24 324K
n | v {a1A | 418 PEY 440 1€ 1 4.1F el 4AH
{AoUn2004_[0n | ¥ | 48-A | 438 48 4380 A3€ | a0F 46 [ET]
. AN| 7 | 424-A | 4248 | 4.24C | 4240 | 4Z4E | A24F | 4240 | 424K
- - DEFINITIVE RUNS2-24 fcour
rouvvrenmioud
“ MOHN]1REAL




S

+ No data for

this period

i7"\, DEFINITIVE RUNS2-24 @ ..

291



292

X ¥ Pulp ¥ Paper ¥ Paper X Y Puip ¥ Paper Y Paper
PM4 PHS ) PMS
TP 1™ Ral+ TAHmFAD 1 Sirength | Parmastitity | Linting | Strangih } Permesbility | Linting TMP | Raj+ [ AImFAD i Strangth | Permeabliity | Linting | Stiength | Permeabiifty | Linting
AccTE | & RIVMES AccTP | o+ NivMPS

: h I8 | 198 34 [EX TAE | 4AF 146 A4H [l A W IR LB 130 AE [ 1AF 114G [EX]
| Mars 2003 _an 14A_| 196 18-0 16E | 18F 19:G [T [ [Mars2005 Jen | 7 | 18.A | 188 18C 18 19 | 19 186 184
¥ ah| 7 [ 12aal 1948 34 T26€ | 1-24F 124 2 : ahl 7 (12441 124 24, 24 T4E | 124F 242 24-4

8 nl v 1.} % 4. 1:F A-G 1:H . h '} v EX) 18 1. -1 - AF EE: 3-H
JAoar 7003 [ah | 7. 8.5 3.5 £ 8- EX a4t | [Aoaiz663_[8h 9.4 | 298 XY 8- XY AF 9.0 YOl
703 K4 241 2 224.€ | 234F 24.C 24 | [ 248 | 324 244 24D 24 24F | 224< 28-H

T A XE: % RE 1F 1-G AH n ] 7 34K KE: A 1D 1 AF 4G EEY

Wars 2004, * ks "3 ' are 2604 {ah | 7 4.8 8C 3.0 ¥¥ 3F .G 4+
Dy BT I 224, % ETr3 24 24 : o] 7 H326¢A) 3248 | 3-24% 240 24, 24§ | 3242 240

R R 41C 44 41E | ALE 41:G 4-1H O M a5 0 ANE 441G E] a3E | aF 11 aiH

Ao0r 70848 h 43-A | 488 449 435 A9E | a8 F 433 E) I Rout2064_oh | ¢ | 48-A | 498 49C 431 48E | aaF 43 4aH

i ahl ¢ | 2] add 4244 41, 44E | 424F 4.2< 43K % h] 7 { #2441 4268 | 42eC 4240 424, 4UF 4-24« 4%H

PulpExpert offline for first 16 days of March 2004

DEFINITIVE RUNS/3-24 ecoLe DEFINITIVE RUNSG-24
eI

MarTh 2004_Puip to Final Fager_0 h 10 24 h M3 (PLS}, 3-24-4 R (cuan
Sifeuy |

whel)

7 1 1
' 1 t 1 4 v
! 3 ! T |
! ) ! t b i
TN T e S e TS o (e
3, % 3 BBy
%g.ﬁ§§;§:£ R TR YR
s1r 0% fwi ¥ S5 R0
REREIIRE Diwad g
i i P g & ) 1
1 he g & ] ‘ |
1 L] 1 VoD ' ! ¢ ! H
[P, S J Y R S W B S

i v 32,101, Parmae# DN VSN T EOETSIITIZE PAUTISTRA WY, S 1008 1375 'm Pl ags 8 710 23 i

¥ Puip Y Paper Y Paper
i PM4 PME
L Ral > | AUrFAD | Siangih | Pecmeabiity | Linting | Sangth | Peccaatilly | Uiniiog
00 T D AccTP |« Nimes
P I h v 1A | 148 | 113 110 (EX EEEY
0w | [Mars 003 {an | 7 1 718.A | 188 | 18C 13D 19 134
on ' [ i26A | 124 244 124 [ i26G 124
& omluka = h{ v A-A 3-8 A-C -1-0 1-G -1H
@ TE B | /| Aot 2003 h{ v 14-A 98 4-C 8D re
£ om ' 5 ] H ; L) 244 | 2248 | 224 .2 244
-0 40: h ' 1 " ' y ! h . b7 | aa ¥ EN 30 4G
o8 N M 1 L R ' {Warz 2004 [an | 7 [ 384 " Y 50 T3
nm - : L. : :l i ' IL N an| 7 [324Af 3.2 324 24, -24.C
4 5 T h TN Yy i 440 440 44
Poi § B ogE £, 1 & § et Bl B3 B Aot 2004 | 8n | 7 L AGA | 468 | 48< 43 143G
) E Ewd f, 5 zLE Z SN Gy By RER hl v a9aa] &n 424 424 424
T 85 F twi 5': ! L - L 1
[EEHE I A TS ST U S0 B DR U S
L 5 & 3 H Ml §
ot d Twg i odnd 2 TqEE & !
t LI SRR & [ 1 s '
e B R B | DEFINITIVE RUNS/3-24 Q..
. "

eouTECHNIOUT)
MONTREAL




293

March 2002_Pulp 10 Final Pager 8 h to 24 h.Md (PLS). 3-24.8 B mvemy % ¥ Paip Y Paper ¥ Paper
: B anem | PMs PMS
nT———— TMP | Rej+ | AUMFAD | Stiangih | Permeablity | Linting | Strangth | Permaabiily | Linting
ActTP | + NivMP!
¢ | h ] v | 11A] 148 [EX: [EX 19E | 1AF [EE [EE
030 -1 Mars 2003 h ! V1 18A | 180 148.C 188 18 18F 184 184
00| . : 4 by 1244 | 1248 | 124« 324, A24E | 1.24F 24€ 124H |
anl, Essentially ZERO components : R 7 aaA | 248 | 3% T O N R W
0k B . -| Aout 2003 h [ 13- .8-€ 8. 8. 8-E 8-F 8- 28
g bl 7 1e24al 7248 { 2%E 24 224 24F 24 224
h | 7 1394 KE EE: AD A 1E 15 34+
|| Mars 2008 [80 | v 1 3.8 X 8. 8 39 318G 39H
g hl 7 132eA] 328 24 24D ] 324 24F 24, 324
) &1A | 448 5 440 1E | 4 43 1M
{Roit 3004 |Bh | 7 | 48-A | 488 pry: 480 Y 48 F 4. 4BH
R 7 1a3a{ aus | d2c 4240 | [ETY 424
§ &
i ]
o DEFINITIVE RUNSE3-24

Sarch 2004_Putp 1o Final Faper_§ o 24 hMS (PLS), 324.C ﬂw“““"; i X Y Pulp ¥ Paper Y Paper
Qxeum { M4 PMS
m— TP | Raj+ [ ANImMFAD { Sirength | Permeabiilly | Linting | Strengih | Permeabifly | Linting
. AceTP | ¢ NWMPS

| 19.8 314G 14D 14€ | 1A 140 19F

030 : Mars 2003 188 18.C 18- 12E | taF 1.8 18:H
a0 . N ) 1248 | 124X 1240112 134F 124 124
o Essentially ZERO components : - b 248 | 342 4D | Ak | Fak |74 XE
{'aci1 7003 |8 288 3-C 8.0 XY 3-F X B+

h 224 2244 2.24 224E | 724F 2744 2:24.

p h 34.8 1< AT 1 AF KE AH

Mars 7004 B h 381 36 4 8-F 3.0 Ex

T 3248 | 324 323 X 24% 246 1324

n K 4L 440 44:€ | 44F 41 EET

[Aeti 2004 [Rh a 439.C A8L 48E | 48F 435G 45+
o [ 4248 | 424G 424D [ 494 | a24F A28 | a2an

Use only biocks where basis weight — 45 g/m?

DEFINITIVE RUNS/3:24

Somelt),
ompi2]

tooue
roLrsRCheUr
MBSLRE

+ Zero components
X ¥ Pulp Y Paper Y Papet
M 5
TMP Rej + AllmFAD { Sirength | Permeabliity | Linting | Strength | Permeabliity | Linting
AccTP | + NivMPH

3 I I T N 1AL 14D 1A 1.4F 414 1:3H

.| Mars 2003 h v 18-A 1-8-8 14-C 1-8-0 14-E 18-F 184 18H

" 24 h -24-A 1-24-¢ 1.24C 1-24-0 1.24. 1-24F 1244 -24

h ] v 4-A 48 4L 4D 24 R -1 1

[ Aot 2003 h L -8-A 3-8 -8-C -8-D € 8-F 8. -8-H

hi 7 24-A -24. 244 -24. 24§ 24-F 24 .24.-|

e h 1A 3.1-8 1-C -1-0 BE A.F -1 -1-H

| Mars 2004 C4 1-8-A 3-8 148C -8-0 iy 8.F 8.1 8-
"l b -24-A -24-8 3-24C -24 - 3.24-1 -24F 24 -24-H

h A-1A 4-1-8 41-C 4.3 5 4-4-F 4-1-G 41H

7] Aodit 2004 h 4-8-A 4-4-8 48-C 480 48-E A8F 48 A-8H
N hi ¥ | a24a 4-24-8 4-24-C 424D A4-24. 4-24-F 4-24< 4-24-H
" DEFINITVE RUNSSB-24 L L. DEFINVTIVE RUNS3:24 @ ..

: EaotCioud i Fouritiaious




+ No data for this period

DEFINITIVE RUNS/3-24

rourTECHMOUH
MONIBEAL

March 2003_Puip to Final Paper_8 h 1o M h.i7 (PLS), 3-24-F

B Ry
B cigum

X Y Puip Y Paper
PM4
[7WP | Rals | AUmFAD | Stiangth | Permeabiiity | Linting | Siengih | Permwabiiity | Cinfing |
AccTP | o NiuMPS
n 14A | 1B 11C 110 TAE 17: A
] Mars 2003 h 1-8-A 188 18L 180 3-8 18- 1-8-H
- 4h) 7 -24-A ) 1-24-B 1244 124, 1-24. 124« 1-24-t
h 4 4R -1 1-C A0 AE 2:4-4 -
Aot 2003 |8 h 84 XY 8. [ Y 3 -8
4 h 24-A | 224 124G 24 2244 34
g b A X 1-C -1-0 A-E -1-G -1-H
| Mars 2008 [8h | 7 -8-A -85 -8 8- KR --H
[ 24-A | 324 322C 3324 24.E 3.24< 24
7 1aaa | 418 435 A FEY: T PR
Aoit2004 [8h | ¥ | 48-A | 488 43 480 43E 483 4
R A24-A | 3248 | 43T 434 424E | 42aF PETY: 4284 |

- DEFINITIVE RUNS/3-24

Use only blocks where basis weight ~ 45 g/m?

294

X ¥ Pulp ¥ Paper ¥ Paper
Pig PMS
TMP | Raj* | AUWFAD | Suength | Permeshiiity | Linfing | Strangth | Fermeabily | Liniing
AceP | s NyMPS

] LN CAR I W IR (RN 390 1T4E | (4F 146 [EET
Mars2003_[0h | 7 | 18A | 188 18 18D 18E | 19F 13- 1A |
ah] 7 124a] 1248 | 124C | 124 124€ | 124 124 244 ]

h X X XY 4.0 A AF FEE AH

| Aotit 2003 n] 7 -3 3-8 8. 90 X 28-F 3.3- 8-+

g | 7 123¢A [ 2948 | 224« 24 224€ | 124F 244 24

W AA 1B 1-C A0 AE TE 1:G AH

[Mars 2004 [ah A X} 8C 350 8. 3 8- KX

hl 7 {330A | 3248 | 32aC 3240 24 E | 2.24.F 24 24

h [ 7] atAa] ate 4G 440 4t Ty 4. 413

[Acht2004_J8h | 7 | deA | 486 498G 480 48£ | 44 F 48.G 48H

] 7 Tarea| a8 | a3ac 3240 | 424 E | 42aF 4244 [ELE

DEFINITIVE RUNS/3-24 @v ecous

MONIZLA)

Morch 1004_Puip o Final Paper 81 io 24 hMT (PLS). 3245
weeiComp. 1]

)

i i B B B fTo: oz o+ P o3
) g; g R T
¥ 0: § § 3 8 &t 5 2 3 +{

SN S S T R
: L ¢

Va0 {var. Soc. DAY

MRS End Mins Decnvu
NP5 Bab Mect Deciey
WS Bob Mere retwem|
K% tob taare 1S DA,
05 B30 ww1s TS ST

+ Zero components

DEFINITIVE RUNS/3-24




X Y Puip ¥ Paper Y Paper
Pue PMS
TP | Ra]+ | AUmEAD | Sirangin | Fermashility | Uiniing | Strengih | Permaaniity | Linting
AccTP |+ NivMPs
n 1A | 148 T3C 14D TAE | 1AF 141G 1AH
fMars 2083 o 7 154 | 1394 18-C 18D 18E { 18F 185 164
K Y B K57 1345 124 12 26F 24 24
h {7 134A -1-8 A< 40 1-E 2-1.F 16 1H
Aoii 7003 _[oh | 7 1284 | 288 BC 80 BE | 28F XX -9H
8 Bl 712240A | 224 244 -24. ERTE: -24F -24C 24+
R A |31 KE 1D AE | 39F 1.0 AN
Wars 3004 |0 h 4A | 388 5C 3D - I4F 8.6 3
) 34-A | 3248 | 324C 24 24E | 324F 244 24.+
h PEE N SE [EY: 41D 1€ | aAF 416 o
Roui 2004 [&n | 7 | 48.A | 488 EX s 4380 49€ | adF 430 [EE]
an 124.A ] 4248 | 4248 474 32E | AAF | 43aL 424
... DEFINITIVE RUNS3-24
FowvTecHMOUY
B i MONIEEA

295

+ No data for this period

9 o

rowvTecHiaig
MQANIREA




296

x Y Pulp ¥ Paper Y Paper X ¥ Pup Y Paper ¥ Paper
PM4 PMS 4.0 PMS
TP | Felv | AllmFAD | Skangth | Fasmasbility | Lintiog | Sirength | Permaability | Linoing TP | Raj+ | AIWFAD | Staengin | Permesbility | Cinting | Strangth | Pesmenbiily | Lintng
AccTP | » RiviPS AccTP | + NivMPS
1 1A | 1.8 [EF: 140 14 1AF 14 14:H K N A TN 14C [E] ] [EX3 113G 1N
[ Mare 7603 1o 1A | 184 18E 180 I8E | 10F 18G__| 18H | “[Mara 2003 T8h | ¥ | 19.A | 188 18.C 180 1A 18-F 13 134
: 7 1 T26A 175 124G 174 1248 | 134F 1244 ) : 10 124 | 124 324 1742 24
h | 7 -1-A 18 4L » h ] 7| 214 1.8 1L 4 1H
| Acutz003 ¥ 5. 4.6 - A Acit 2003 fun | v | 28- rx: X 8- 2
g ah] 7 {2248 | 224 224 ARl 7 122dA | 224 2244 24 24-H
hl v -1 BE: 4-C 1h 1A A 1. -1H
"{Mars 2004 [8h ¥ 7 8 88 -4-C [Mars 2004 J8h | < T 3.8.A 4 8- B H
h 24A | 324 24 [+ 2401 7 13948 | 324 EYY. 240 246 | 324F 240
n 41A | 318 £1C th ] 7| 41.A_| 418 43S 41D 40E | aaF PEr]
Foid 1004 P - Ak {Aoft 2004 {80 | ¥ L glladeel 48 48 448 48E | 19.F [EE]
¥ oloc lazaa | 4248 1 4240 : 24% 4.24-A 4208 | 4244 44D | 424 | GF 424 424H
: Limited to first 11 datapoints only
v : (273 + 24)
DEFINITIVE RUNSH-24 @ £cou DEFINITIVE RUNSH-24 o £
* FOLYTECHNIOUN, POLYTFCRNIOUS
MONIRLAL QUuILE,

% e R
Similar to 16t component of 4-1-A and 4-B-A...but note size of
. uncertainty bars X Y

ialp 1o Firal Paper_8 1 to 20 M5 (PLS): 4-14 st 11 points only

i
X1
B .
.90 g} !
o ox :
0.7 %D.m
" H v
0% v : X : ‘i ¢ il
vo sal Il =S R
v 0 ! . ! 1 H " !
§ S T 2 4 & GEY L T
- F LR P 3 1 ], &1 H
ot PRROE R Do a;:z"i" LA
F st 3 3 (Vg o§,5 d': My g0 2 g
o - i =l£ E OFwi ;:{ ».I; éi‘{.,%y Z‘:Kld ,:
% H & 1 & WE 3,8 é’"- I|“"f & ! '
b & 3 1 WE g, & ri: .o 1 : |
Can Ho. [P B quwa.&&ml---—! L VU

EIT AT 0 et O TSI LSO ATIVE PAIHSI24 NA S cant 3504 M 13 el Paper

]
t
L.
1
t
L1 4 i BN
: : ! : ' : K ( : : 1 :
i v ' p Lo -4 : ! fo T
S e T "5 F b0 % B B g g T R ] Ty 2y ) Y
PRERENM OB i BuL PR R Bl i bl oLeld biny b
IR IR AR I H A HE O T O SR SN O RO
13 LI H | ] & A1 H ] i £
3 tE R Slr o oFuz Fog b oSSy ow ' H S B 13 FOOF et oy 1
F [ I P N S B & , H 1 3 ni i1 §oohEE d !
' M EREL oy [ | ! A A 0w [ '
[ B VYo R, S N | L |, v.own.:n.m.--.".! [ e




X Y Pulp Y Paper ¥ Paper
(2] #M5.
TP | Rejs | AUMFAD | Sirangin | Permesbiifty Sirangih | Facmaabiily | Linfing
AccTP_| » NIWMPE
1A | 118 11-C 14T 1AF [EX 1H
| {Mars 2003 _[8n | 7 | 18-A | 198 18-C 13D 18F 13- 19+
1 B A28 | 124 1244 124D 1-24F 1244 124
Rl X T 1.8 1.C 40 -1-F -1:G -1-H
+] Aolt 2003 B 7| 29.A XX -8-C 8.0 -8-F 8-G 8H
h) v [724A ] 228 24 24 224F -24C 224
) ZFY 1.8 EF: 40 AE 1.5
{Mars 3604 [8h } V1 3a-A | 338 | 8L ET: 3BF 9
. h 24A | 3248 | 3.24< 24 324 324F 24
h] 7 | ata] a18 | 41c 410 41E | 41F 413
Ao 004 [6h | ¥ | a8-A_ ledd 483 433 48E | anF 48-
: b 7 {a2A ] s.248 F 3242 4200 | 426E | daeF 424

Limited to first 11 datapoints only
(273 = 24)

" DEFINITIVE RUNS/#-24

3 Y Pulp Y Paper ¥ Paper
L ) pus___ |
TP | Rej e | AHMFAD angth | Permeability | Linting | Strength | Permeablity | Linting
AccTP | ¢ NivPE -

CAR IR KXY 4G 110 AF 14 11H

Mars 2003 18h | 7 [ 18-A | 128 18C 160 | : | 1e.F 148G 134

! h| 7 [ 124A] 1248 | 124C -2¢. 24 24-H |
X N AR XY 48 EE- KE: G A
Aot 2003 Joh [ ¥ | 284 8B -4-C 8- 8- rr
h] 7 1224A -24. -24-C -24. 24 24
L X ST 11C 4D XX A
[Wars 2008 [eh | 7 [ 38-A X 5 50 X 4+
: h 24-A | 3243 74 24 24 244 24
n{ < | &tA| #1B PEFS 410 44 413 PEE;
Aot 2604 |0 h, 13A | 438 430 43E 44 46+
424-A | 4248 § 424C 4240 | 474E EETY 224

Limited to first 13 datapoints only
(318 + 24)

DEFINITIVE RUNS/4-24 L@)‘ $coLE
rourreCHnous]

297

- a90!

870

(00

Essentially ZERO components

August 2004_Puip 10 Final Paper_8 1 1o 24 h.MB (PLS], 4-1.8 rss 1 1 gaines. oety 8 Rev(oun)

g

a6
ug) )
g
03

0.18
200

-
CompfR]
ool
omd)
Conpis]
orgiB)
Compl7)

Bhiasan

MONTREAL

August 2001_Pulp to Finsl Paper_& h to 74 M (PLS); 41C Arst 13 points only

August 2004_Pulp 10 Final Paper_E 0 24 MT (PLS), 4-1.C frst 13 paints ordy
wht{Comp.. 1}

weeli

T TT T T T T T T s T T T
O O O O AR OO A -
H ;oo H 2 F i £ 3 3 i
(R N T TS - A N A I A
2 i F1 08 7% 3 § 3 3 3
T | i ¢ § 7 2
Var D{var. Sec Q1)

FIT 3 Tarery (M SRICA 11

x Y Pulp Y Paper Y Papet
(2] PMS
TP | Wal o | ABmFAD | Stungin | Permeasiiity | Liniing | Stuangth | Permeabiity | Linbng
AccTP | + NivwPs
LA RENWEEEY: [EY: 140 T1E | 3AF 116 340
Hars 7003 7T isa {138 18 180 18E | 1a.F 18- 18H
g 7 [ i2aa 32 i2ic 1280|246 124F 1742 124K |
7T 2dA |2l AL X} E | 24F 246 K]
[ Aot 7003 v 1 2%-a | 188 3 80 XY BE - &
7 T224a 224 24 24, 244 24 F 124G 24K
7344 1.8 E] 40 £ AF XX AN
{Wars 2004 ¥ 1 33a [ 198 38.C 8.0 EX 35 F 38 aH
g 1A 32 24 24 74 24F 24 24-H
ST NEY: AL 4.0 a1 aAF PEE AR
Aot 2004 CAR Y T 435 e 48E | 48F 43- A
24 h 424A | 1246 | a2ac] 424 424 424F 420G | 4241

Only use per-r-neability data for periods when
Basis Weight = 45 g/m? (rest deleted)

.. DEFINITIVE RUNS/-24

o ECOLE
rowvyecHmoud
HONIRLA




298

August 2004 Pulp 10 Faal Pagec_8 h to 24 hMB (PLS), 4-24.0 only 45 g data Mugust 2002 Pilg io Final Paper_B h (¢ 24 hMB (PLS), 4,240 only 45 g dats

welComo. 1)

et}

Productan 4 ignes,

Ng desormn

Priury SPERG]

Seconday SPERG.

Ruject SPERG |

Primsty consistency
Secondary conssienc
Primaty Wt s div &
Sconday ML old v
Plie sge peinary
Phete age secanGary
Flaie 3ge'rejer

NP4 B Miva Permisd

H g
£ 3
& 3
Carp Ne. Va0 (v, Sac. 0 1)
PR ATE T A PN

G
Similar to 2nd component of 4-1-D
Augusr 2004 Puip t Final Paper_B 1 to 34 hu8 (PLS), 424D only 46.g data % AT VFaper TPaner
weiComa. 2] PM4 PMS
TNP | Raf v | AImFAD | Sangth | Parmeability | Uinling | Stangth | Pecmaablifty | Linting
AccTP | + Nistaps

Y1 31A 148 1.1 110 11F [EX 140

{Marm 2003 fon | 7 [ 1A | 138 135 1.0. 14 19.4 160

] CY A T T 32ic | 1o AUE 24 24

L4 -4-A | 248 1 4.0 AF -1-G 1-H

Aol 2003 h {7 8-A_| 2488 -§-C 8.0 18.F 8.0 9.H

® 24 | 2.24 224 224 24F 244 24

7 34a | 3 4 KE: TAF XE A

L | Mars 2004 h |7 B-A 8.8 9-C 6. 3-F 8-G 8H

h{ v 1324a] 3248 -24C 24 24 F -24.C 24.-H

T T 3 ] = 5 Y Py 3 h | Y | a4 | 4Ad aqc 41D ANE 443 41H

14 z & g E £ i i k4 H H € £ Ao 2004 [8h | 7 | a8.A | 4e& 44C 445 AdF PEX: aBH

o8 2 b e i i oz 2 : [ B : [ A S TN G T S T A74F | a3e0 | 4deH
Pz i i 2 d A S
] I T S f~ I T L
é 4 L T i

L g ;
Vor Djpear Sec, 1) @
DEFINITIVE RUNS/4-24 tcoLe
POLTTRCHNGU
MO NIREAL

ponent of 4-1-E and 4-8-E

August J004_Pup 1o Finat Paper_§ 16 24 AME (PLS] 4.6

i 080 T ==
o . U . . o, .
a0 L%
1 £ 000
am ¥-om}- : )
Q40 ) H
o | H
000 ! . !
- ) ° 3 = ) RS
ERLE RO i oronipined o
PR I T A O - O B
AL A SR AR R SR O |
L R A
H H ' L S
Gomp Mo, e VIR S OY [ .‘-----.'

obes 7 VLIV ST Sam 0 YIMCA FILEAUTFIALVE RUNEIIA Y3 20Aarumt 2524 Prdp 1o F v Popa: 8 hin AT




ES Y Pulp ¥ Paper ¥ Paper
M PHS
TR | Re]+ | ANmFAD | Swangth | Permendiiity | Linling | Strengin | Permanbiiity | Liniing
AccTP | + NWMPS

[ h | 7 {14A [ 14 AAC AL TAE | 14F 14. [T
[ Mars 7003 Len 12-A 18- 13 18-£ 1. 184

ah 124A 2 132 124F 1244 24

s v 4.0 = - 1-F -1-G -1+
“{ Aot 7003 _[4h 8-A X 9E 9.F ¥ rEm

75 24K 240 2 4F 241 74

h A-A AD 34E S1F ERE: 1

‘[Wara2604_{on | 7 | 38.4 40 XX 4F 348G 3
) K4 -24-A 24 -24. 24F 3-24 24-H

nl v | a4 LE} 4AE 4AF 441G 44 H

Aot 7004 {8h | 7 ¥ 48 485 A4E I3 438G [EE]
ah [ETY C_ {2244 LR Ef uf |} 424 424.H

Limited to first 13 datapoints only
(318 + 24)
- DEFINITVE RUNS/M-24 ol
rOlVLE?;mWM

299

August 2004_Puip o Final Pager 8 110 74 h M10 (PLS), 4.4 frst 12 parts oaly.

Essentially ZERO components

RTY (cum)
aeumy

3 compin)

£
Z

X Y Puip ¥ Paper ¥ Paper
[0 PMS
TMP | Re]+ | AUmFAD | Sirangih | Permesditily | Linting | Sirength | ParmeabRy | Linting
AccTP | o NivMPS
W K RETWEREY 11C 1-1 144 14F [EX
. Mars 2003 h |7 1718 18-8 1-4L 140 14-0
h 1244 ] 24 1248 124D 124G
hy < 124, XE: 246 1 -
Aodt7003 feh } v | 18.A | 304 28 8.0 8-
-24-A | 2248 | 224 240 240
h 1Y A 1.8 1-C 1.0 -1-G
Mars 7004_{8h A | 388 8C 3.0 5.
nl 7 fa2aa] 3248 24 24 208
(O AR W 441G 4 41E | aaF 44.G
‘[Acttzo04_lah | 7 | sa-A | 4e8 44C 80 | 48E | 48F N
- 713 420A | 4248 | 324C | a2 AUE]| 42ar B 4246 Jaan
Only use permeability data for periods when
Basis Weight = 45 g/m? (rest deleted)
DEFINITIVE RUNSH-24 cout
eauyrecmiour]
WONTaEal

Simiar to 4-1-G and

4-8-G

August 2004_Puip 1o Final Paoer BN 10 24 hM 11 (PLS), 426G anly 45 g dsia
welComp. 3

i}

Producicn 4igows

e de lgner

Frimiry SPERG]

“Secondary RERG.

PRepet SPERGH

Py comitecy

Secondary consienc

Ve B(var, Sec. 1)

Prmary WL st der &

Pls vgo prinasy

Secondury WL e dev

Sl age ro:

e g8 sacondan

MPS Bod Maa Painead

Avgust 2004_Pulp 10 Final Faper_8 (o 24 AM 1T {PLS), 4-24. only 45 g data

Sheam)

R {cum)]

" Similar to 1—<nd 4-8-G

Auqust 2004_Pulp to Final Paper_§ 1 10 23 AM 1 {PLE), 4-24.G ony 45 g dma

weiComp. 7}

—

Prodicion 4 ignas

No de ignex

Ainary PER0]
Reon SPERG]

Secondwy SERG

Priary consisheecy
ondary consistenc
Primary b sad dor &

Sec

VDo, Sae 015

Seconduy M. 516 dev

Puts oge primary
o age rois

Pate age eacongary

NPS Bob Mara Parmazb)




300

3 Y Puip Y Paper Y Paper August 2004_Puip 10 Final Paper_8 1 t0 74 h.M 12 (PLS), 4-2¢H
PM4 PMS
TMP | Rej+ | AERPAD | Stangih | Permeabiiity | Linting | Sirengih | Permanbiity | Cinbng
AccTP | 4 HivMPS -
| h | 7 ] 4A [ 1t 1:4C 110 A4 H +o
Mars2003_[8h | 7 | 18-A | 148 18-C 180 104 . 00;
E 7 [ az4a | 134 124 260 __| 24.H | .
) XX X E¥: 4D 4K
[ TAot12003 |8h XT) 8 23 3. 5.4 o1
< An] v ] 224A [ 2248 24 24’ 24
n AR 1.8 3G 1D AN
Mar 2064 (6 h 34 95 39T 8-0 38H
4% .24-A_[ 324, -24% 24, 32
b 1A | 418 FEr: 4 CAH
 [Aoutz004_Jeh | ¥ | awa | 4as 48C 480 ik
i an) 7 | 424 | 4248 | 324G 424 424
. ® 5
. DEFINITIVE RUNS4-24 &w)- Camp Mo

£cone
PowTecHmOus]
MOKIREA

' Similar to 4-1-H and 4-8-H

Augusr2004_Pulp ic Findl Paper_8 hio 24 hM12 (PLS), 4244
wjComp. 1)

“Paducton Aigaes
o de fgnes

Pransry SPERGH
Secondary SPERS

Reptt SPEAG |

Pomaly canisteacy
Aoy L s e 4
Sucorntary M o dev
Piaia age-prmany
e g0 sacsncy
Pt ago refit

Seeonssry consatenc

NP5 PRUCHAGE DESSON
M5, FELUCHAGE DESR

Vae DY, Si

ki
4




