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ABSTRACT The authors h e b p  afizzy logic modelfor a wood 
chip reJinex In conjunction with an optimization technique, thzi 
model will either minimize energy consumption $a reJiner while 
mintaining the pulp propeaes within acceptabk limits or optimize 
pulp propwties within the reJiner operation range. There is a case 
study investigating the gem of  different operating conditions on chip 
reJining optimization. 
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o respond to increasingly de- T manding customers, it is neces- 
sary to improve pulp quality while low- 
ering manufacturing costs at the same 
time. Process control and optimiza- 
tion techniques can help achieve these 
goals. The development of optimiza- 
tion techniques requires a reasonably 
accurate mathematical description of 
the process, however. Unfortunately, 
such accurate models are unavailable 
for many pulp and paper processes 
including wood chip refining. 

Because the interactions between 
refiner operating conditions and pulp 
quality are complex, there is no sys- 
tematic and quantitative study and 
model. The few models that exist are 
generally empirical. They may only 
describe the relationships between a 
few variables while ignoring others. 
Years of industrial practice and re- 

search, however, have led to an accu- 
mulation of experience and knowledge. 
This knowledge comes from various 
sources and is available in different 
forms. There are qualitative descrip- 
tions, semi-empirical correlations, and 
heuristic rules. Because of its empiri- 
cal nature, this knowledge is often only 
valid for use in conditions close to those 
from which it came. Although the 
knowledge may be less accurate in 
different circumstances, it may still 
have some use, however. 

In this paper, we offer a fuzzy logic 
modeling and optimization approach 
which makes maximum use of avail- 
able knowledge sources. We use col- 
lection, reconciliation, verification, and 
consistent representation of different 
pieces of empirical knowledge to model 
a wood chip refiner and to optimize 
process operation and pulp quality. In 

Qian, Tessier, and Dumont are research associate, assistant professor, and profes- 
sor, respectively, at Pulp and Paper Centre, The University of British Columbia, 2385 
East Mall, Vancouver, BC, Canada, V6T 124. 

some instances, we consulted mill en- 
gineers and experts to verify the accu- 
racy and reliability of the knowledge. 
For other cases, we used mill records 
over different process operations, fi- 
ber property tests, and pulp quality 
data to test the consistency and valid- 
ity of the model. 

Relationships and interactions 
among refiner variables 

A set of equations representing the 
interactions among a set of variables 
describes the state of a wood chip re- 
fining system. Before building a model 
to simulate and to optimize the process, 
one must first identify the process vari- 
ables and the phenomena that occur. 

The interactions among wood chip 
refining process variables are ex- 
tremely complex. Pulp quality (gener- 
ally expressed in terms of freeness 
and fiber fractions) and handsheet 
properties (tear, burst, breaking 
length, scattering coefficient, etc.) de- 
pend upon intrinsic properties of the 
raw fibers such as fiber strength, 
length, coarseness, specific surface, 
etc. The thermal, chemical, and me- 
chanical treatment of wood chips in a 
pulp mill will modlfy these intrinsic 
properties. Figure 1 shows the inter- 
actions among these different groups 
of variables. These interactions show 
the most commonly used variables to 
represent a wood chip refining opera- 
tion. From a modeling point of view, 
we distinguish two classes of operat- 
ing variables. There are independent 
variables including operating condi- 
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tions and raw chip quality. These form 
the smallest set of variables necessary 
to describe the refiner operating con- 
ditions. There are also dependent vari- 
ables such as intrinsic fiber property, 
fiber characteristics, and pulp and pa- 
per quality. These derive from the in- 
dependent operation variables. 

Mill operators generally use the 
screw feeder speed, t,he dilution water 
flow rate, and the motor load as the 
three main operation variables to con- 
trol refiners. To facilitate the incorpo- 
ration and comparison of data from 
the literature and from different mills, 
we use another set of independent vari- 
ables here. These are production rate, 
refining consistency, specific energy, 
and plate wear. Besides these fourvari- 
ables, a number of other process vari- 
ables such as chip temperature, dilution 
water temperature, plate pattern, disc 
rotating speed, and energy split be- 
tween primary and secondary refiners 
can also affect refining. To simpllfy the 
investigation, we treated these vari- 
ables as constants during the refiner 
operation. 

To ascertain wood chip quality, we 
considered changes in wood chip mois- 
ture content and density but assumed 
that the wood species and chip sue 
distribution were relatively constant. 

Of the many tests useful to charac- 
terize the effects of refining on fibers, 
we selected fiber strength, length, 
coarseness, Bauer McNett fiber frac- 
tions, and shive content to differenti- 
ate fiber. 

Equation 1 shows the definition for 
a paper quality parameter, Q, from 
another investigator (1): 

Q = (TI/9)2’3(BL/8)”3(SC/800)4’3 (1) 

We prefer using a set of inequalities to 
indicate upper and lower bounds nec- 
essary for refiner pulp and paper 
properties. Usually, customers require 
different specifications depending upon 
the products. 

Chip quality 
Wood species 
Chip density (CD) 
Chip Size distribution 
Chip moisture content 

Fuzzy logic modeling 
and optimization 

A mathematical model describing the 
input to output relationships among 
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Intrinsic fiber property 
Fiber strength 
Fiber coarseness (FC) - Fiber length (FL) 

1. Interactions between different groups of variables 
I 

Operating conditions Fiber characteristics 
Production rate (PR) Fiber length distribution 
Specific energy (SE) Suriacearea 

I) Shive content Plate gap (PG) 
Plate age (PA) Fines 
Refining consistency (CN: Freeness (CSF) , Motor load (ML) 

Pulp & paper quality 
Tear index (TI) 
Burst index (BU) 
Breaking length (BL) 
Sheet density (SD) 
Brightness (BR) 

___ 

1. Some empirical equations of the chip refining process 

APG = -0.78ASE - 0.184APR - 4exp -5APA + 0.01ACN 
ACSF = -250ASE -104APR - 0.05APA 
ACSF = -200ASE - 32APR 
CSF = 1130exp{- 0.02 - O.O33FL[l + (2 - 0.11CN)SEI) 
TI = 0.103CD + 11.5FL - 57.9 
ABU = 1.2ASE - 0.1 1 APR - 0.0023APA 
BL = 0.1 1 SD + 5.8FL - 0.99FL’ - 7.01 
ASD = - 40.2AFL - 0.58ACD 
ASC = -0.56ASD - 16.8AFC 

the process variables would be useful 
for pulp quality optimization and con- 
trol. Unfortunately, such a sophisti- 
cated model does not exist. 
Nevertheless, earlier work does im- 
prove our understanding of the funda- 
mentals of chip refining. Major pulp 
and paper research institutes have 
studied fiber physics, developed em- 
pirical equations derived from pilot 
plant or mill data, and performed sta- 
tistical analyses based on common fac- 
tors (2-4). Using this information, we 
have developed a fuzzy logic model to 
optimize refiner pulp properties. 

In a previous paper (5), we pre- 
sented a new approach for the model- 
ing and optimization of poorly 
understood processes. The following 
description presents the basic ideas. 

Fuzzy logic modeling 
Equation 2 shows the form for empiri- 
cal and approximate equations which 
describe the empirical knowledge from 
different sources: 

f,(x) - 0 (2) 

where 
x = x,, 3, xm, a set of process vari- 

ables 

1 = 1,2, N. 
In Eq. 2, N is greater than m, because 
there are usually more equations than 
the number of process variables. This 
indicates a redundancy of information. 

We collected quantitative data, em- 
pirical equations, and qualitative de- 
scriptions from about 45 sources that 
relate chip quality and refiner opera- 
tions to fiber characteristics and pulp 
and paper quality. Because of the em- 
pirical nature of those relationships, 
however, some of them were impre- 
cise or even contradictory. We there- 
fore had to perform some kind of 
screening to remove conflicting infor- 
mation before using these different 
pieces of information in a fuzzy logic 
model. 

Consultation of domain experts pro- 
vides discrimination between knowl- 



2. CrisD constraint and fuzzv constraint 

Crisp constraint 

0.5 

I 4  10 

X 

edge sources and information telling 
what is inappropriate due to differ- 
ences in process configurations, feed 
stocks, or operation ranges. It is some- 
times difficult, however, even for an 
expert to identify an empirical state- 
ment of a system characteristic as ab- 
solutely right or wrong. Nevertheless, 
with experience and examination of the 
data collection and equation correla- 
tion, the expert can tell if one piece of 
information is more reliable and accu- 
rate than another. It is therefore pos- 
sible to assign a credibility factor, w,, 
to each equation. 

After weighting the approximate 
equations, it is possible to define a mem- 
bership function for each equation as 
follows: 

1-4 = exp[-w,f,*(X)I (3) 

where 

pi 
wi = credibility factor 

X 

= membership function from 0 to 1 

= vector of dimensionless process 

When fJX) = 0, membership is 1. This 
means the equation, fi, satisfactorily 
describes a relationship between the 
system variables, X. Alternately a 
membership lower than 1 indicates that 
the equation is not compatible with the 
other equations of the set. For the 
model to represent successfully the 
true process, it is necessary to remove 
equations with extremely low mem- 
berships from the set. 

We tested the memberships of the 
45 empirical equations in our model 
and removed 3 equations with mem- 
berships lower than 0.45 from the 

variables 

model. The 42 remaining empirical 
equations with memberships ranging 
from 0.7 to 1.0 formed the fuzzy model 
of the wood chip refining process. This 
fuzzy model constituted the basis for 
developing the simulation and optimi- 
zation. Table I lists some of the em- 
pirical equations. 

Equation 4 defines the average 
membership of all screened equations: 

- w l s  (’)) (4) 

fuzzy set changes gradually from 1.0 
to 0.0. This means it changes from fully 
allowable to completely forbidden. For 
example, the membership function of 
Eq. 6 represents the fuzzy constraint 
less than or approximately equal to 10 
with a tolerance, r = 2: 

pc(x) = 1/( 1 + exp[(x - 10)/2]] 

Figure 2 shows the difference between 
a crisp constraint and a fuzzy con- 

l N  l N  straint. The decisive constraint of the 
whole system depends upon the tough- 
est constraints in the system. Mem- 
bership of the general constraint, pc(X), 
is the least of all membership con- 
straints. 

(6)  

p~ = F I = I  cpt  = F I =  I 

where 

cl, = degree offuzziness &he model. 
The degree of fuzziness of the model 
indicates the consistency of the whole F~~ and decision 
set of empirical equations. When 
equals 1, the model is mathematically 
precise. Mtemately, a model with ~ 

less than is imprecise or conflicting. 

making 
There is usually not a clear definition 
of the process optimization objective. 

In a mathematically precise model, 
a set of variables, X”, can be the solu- 

A membership function of fuzzy sets, 
can represent it* When Operat- 

tion only when they completely satisfy ing the system at a set Of 

theequationset. Thusfi(X) = 0,where PG(’) gives a range from to to 
i a fuzzy model, how- denote degree of satisfaction with the 
ever, a set of variables, X’, is the solu- Objective- 

among the empirical equations or, mill managers make decisions in the 
equivalently, memberships presence of uncertainty and imprecise 

indicates: tives characterize such decision mak- 
ing. These include minimal production 

&(X”) = max &(X) ( 5 )  cost, best product quality, varyingpro- 
duction rate according to the orders 
from the sales department, minimal 
environmental and social effects, etc. 
In our approach, decision making is a 
fuzzy set, pJX). It comes from the 
compromising solution for the fuzzy 
model, pJX); the fuzzy constraints, 
pc(X); and the general fuzzy objective 
function, pG(X). Equation 7 shows that 
pJX) is equal to the smallest member- 
ship of the three fuzzy subsets: 

1,. . . , N. 

tion when it minimizes inconsistency Every day process engineers and 

of the remaining equations as Eq. 5 usually, perspec- 

Fuzzy constraints 
There are different types of process 
constraints. These include operating 
condition limitations and product speci- 
fications. A conventional approach for 
representing constraints is a crisp step 
function, pc. When a variable, x, is too 
close to the boundary, a slight distur- 
bance can result in totally different con- 
sequences. Process models operated 
on this kind of constraints would be- A solution, x3, provides process opti- 
have sensitively in those boundary re- mization. This m ~ m i z e s  the mem- 
gions* In the fuzzy logc bership of the general fuzzy set, p,,(X), 
approach, constraints are viewed as as Eq. indicates: 
“soft” constraints. When x moves away 
from the inside to the outside of a con- P,,(X 1 = max PJX) (8) 
strained region, the membership of the 

pJX) = min [pJX), pGWh pc(X)I (7) 
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The work above constitutes a system- 
atic approach to modeling and opti- 
mizing for poorly understood industrial 
processes. Figure 3 provides a sche- 
matic diagram for the approach. To 
solve this fuzzy optimization problem, 
we use a genetic algorithm (6). Ge- 
netic algorithms behave well in 
multimodal function optimization. In 
the poorly structured system with 20 
variables and 42 equations described 
later in this paper, it requires approxi- 
mately 25 min for the genetic algo- 
rithm to find the global optimal using 
a work station. 

Empirical equation 
screening 

VerXcation of the fuzzy model 

We compared the proposed chip re- 
fining model with a set of published 
data obtained in pilot-scale refiner 
runs (7'). The refiner was a normal 
single-stage thermomechanical 
process. Production was approxi- 
mately 12 tonslday. The feeding con- 
sistency was 20%. Figure 4 shows a 
comparison of the model prediction 
(solid lines) and the refiner data 
(circles). The model results are satis- 
factory in predicting the trend of 
changes of several main variables ad- 
dressing pulp and papermaking quali- 
ties such as freeness, shive content, 
breaking length, and long fiber con- 
tent. 

I Knowledge base 

Ref!ining process optimization 

To apply the proposed modeling and 
optimization system to the pulp and 
paper industry, we chose a 175 tons/ 
day TMP line in a western Canadian 
newsprint mill as a case study. The 
line uses hemlock and balsam and con- 
sists of two commercial refiners. The 
primary refiner operates under pres- 
sure, and the secondary refiner oper- 
ates at atmosphere pressure. Table I1 
shows the data representing the typi- 
cal operating conditions for the mod- 
eling and optimization. 

There were two different types of 
optimization. The first optimization 
tried to minimize the energy consump- 
tion while maintaining the same pulp 

I L 

Knowledge base 

3. Schematic of fuzzv-loaic based modelina and OPtimization of the wood chiD refinina Process 
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feedback 
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Fuzzy model b Mill operation 

Fuzzy constraints Fuzzy optimization 
and objectives set-point adjustment 
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4. Comparison between the prediction of the refining model and the pilot-scale refiner data 

2 300 4001 0 
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45 c I 
0 
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quality. The second was an attempt to 
improve pulp quality while keeping 
the operating conditions within cer- 
tain constraints. 

Energy consumption minimization 
Table I11 shows the first optimization 
simulation for the chip refining 
process. In Test I, we examined the 
possibility of reducing energy con- 
sumption by adjusting other operat- 

ing variables while maintaining a con- 
stant breaking length. We achieved 
this by slightly increasing the produc- 
tion rate. There was a reduction in 
tear index, however. Typically, for the 
same breaking length, a 4.5% increase 
in production rate resulted in an 8.2% 
decrease in tear index. 

In Test 11, we tried to minimize the 
energy consumption while maintain- 
ing the tear index at a level not below 
90% of the initialvalue. Table IV shows 
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II. Mill data from a TMP line 

Variable Typical value Operating range 0 

Production rate, 0.d. metric tons/day 
Specific energy, MW*h/o.d. metric ton 
Consistency, Yo 
Plate age, h 

Motor load, MW 
Dilution water flow rate, tons/h 
Chip feed rate, m3/h 

Chip moisture, Yo 
Chip density, kg/m3 

Fiber length, mm 
Fiber coarseness, mg/l00 m 

Long fiber content, % 
Middle fiber content, Yo 
Short fiber content, Yo 
Fines content, Yo 
Shives content, Yo 

CSF, mL 
Tear index, mN*m2/g 
Burst index, kPa*m2/g 
Breaking length, km 
Sheet density, kg/m2 
Brightness, Yo 
Scattering coefficient, cm2/g 
Opacity, YO 

175 
1.85 
25 
500 

13.5 
14.0 
117 

52.0 
325 

1.34 
16.6 

33 
17 
20 
30 
1 .o 

110 
9.6 
1.90 
3.1 
368 
52.1 
555 
97.2 

145-21 0 
1.20-2.20 

20-30 
e1 600 

8.0-15.0 
10-1 8 

100-1 50 

48-55 
300-350 

1 .0-3.0 
10-35 

29-36 
15-1 9 
17-24 
26-34 
0.0-1.5 

80-1 80 
6.6-1 1.5 
1.2-2.3 
2.0-4.3 
334-585 

49.7-55.5 
323-61 0 
96-98 

5 
0.05 

1 

0.5 
1 .o 
8 

2.0 
14 

0.2 
2 

3 
2 
2 
3 

0.3 

15.0 
1.3 

0.24 
0.55 

30 
1.3 
55 
0.4 

111. Energy consumption minimization 

Test I Test I1 

Goal or Goal or 
Variable Initial constraints Optimal constraints Optimal 

Production rate, 
0.d. metric tons/day 175 170 I PR 5 190 183 1705 PR I 1 9 0  186 
Specific energy, 
MW*h/o.d. metric ton 1.825 Minimization 1.78 Minimization 1.76 
Consistency, Yo 25 Fixed 25 2 2 5 C N I 2 8  26.7 

CSF, mL 110 
Tear index, mN*m2/g 9.6 
Burst index, kPa*m2/g 1.9 
Breaking length, km 3.1 

107 CSF2102 118 
8.8 TI 2 9.1 9.3 
1.9 BU 2 1.7 1.84 
3.1 BL 2 2.8 2.9 

IV. Pulp quality window the pulp quality window. In that, the 
I I subscript indicates the initial value of 

0.92 CSF,, I CSF 5 1.08 CSFo 

TI 2 0.95 TIo 

BU 2 0.90 BU, 

the corresponding variable. 
The Test I1 column in Table I11 

summarizes the results of the optimi- 
zation. CSF, tear index, and burst re- 
mained in the specified window while 

the production rate increased by 6% 
and the energy consumption decreased 
by 3.6%. These results came from in- 
creasing the inlet consistency from 
25% to 26.7%. Assuming the chip mois- 
ture was 52% before the refiner, the 
increase in consistency represents a 
13% decrease in the dilution water flow 
rate. In the case of the other proper- 
ties (sheet density, brightness, and 
scattering coefficient), the changes 
were within 2%. The price for the 3.6% 
decrease in specific energy was a 6.9% 
decrease in the breaking length, how- 
ever. 

In classic optimization problems, 
there is often a solution at the bound- 
ary of the constraint conditions. In an 
imprecise system, however, the risk of 
violating the constraints is high. In 
our approach described in the previ- 
ous section, we view constraints as soft 
restrictions and represent them as 
descending or ascending functions. 
When the system approaches the 
boundary too closely, the constraint 
functions have low fitness values, and 
the optimization procedure forces the 
system away from the constraint 
boundary. In this example, constraints 
are CSF < 1.08CSFo, TI > 0.95TIo, 
and BU > 0.95BUo. Table I11 indi- 
cates that the optimal solutions for the 
three variables are 1.076CSFo, 0.97TIo, 
and 0.97BUo, respectively. This ap- 
proach gives the process some degree 
of tolerance to cope with stochastic 
fluctuation of process variables. 

Pulp quality optimization 
Our objective was to maximize pulp 
quality while maintaining the manip- 
ulated operation variables within a 
desired range. It is obviously not pos- 
sible to improve all properties at the 
same time, however. Compromises are 
necessary. These should depend upon 
the customer's requirements. 

As an example, we tried to achieve 
a higher burst index while keeping 
freeness at a value no less than 90% of 
its initial value, as Table V indicates. 
The fuzzy optimization approach 
shows that it is possible to achieve this 
result by changing the specific energy 
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alone (Scheme I) or by changing both 
the specific energy and the consistency 
(Scheme 11). Table V gives the results 
of the optimization. In both cases, the 
burst index can increase by 8-9% with 
a decrease in freeness of less than 
10%. 

Manipulated variables 

Conclusion 

We have developed a wood chip refin- 
ing model based on fuzzy relation equa- 
tions that facilitates the maximum use 
of available empirical, imprecise, and 
even conflicting information and data 
from different sources. The model can 
serve as a simulation and optimization 
tool for the refiner process. It will ei- 
ther minimize the refiner energy con- 
sumption while maintaining a stable 
pulp quality window or optimize pulp 
quality within a reasonable operation 
range. It is possible to incorporate the 
model in a mill operation and control 
system as a consulting adviser to sug- 
gest which set points will be optimal 
as Fig. 5 shows. This will increase the 
potential savings in overall operating 
costs as well as decrease variations in 
pulp quality. 

The current model software is in C 
language. With implementation in a 
specific mill, the knowledge base and 
the process model require modifica- 
tion and screening according to local 
practical data. It is possible to develop 
a user interface for the convenience of 
the operator. When there is process 
data, the model can predict the process 
performance. When process objectives 
or product specifications change, the 
model can suggest setpoint adjust- 
ments. An interface to the existing 
mill DCS would also be necessary for 
the model to  respond to changes 
quickly. W 

System output 
Process b 

V. Maximization of burst index subject to freeness lower bound constraint 

Scheme I Scheme II 

Goal or Goal or 
Variable Initial constraints Optimal constraints Optimal 

Production rate, 
0.d. metric tons/day 175 Fixed 175 Fixed 175 
Specific energy, 
MW*h/o.d. metric ton 1.825 1.70 S SE I 1.95 1.85 1.70 I SE I 1.95 1.86 
Consistency, % 25 Fixed 25 2 2 I C N S 2 8  26.3 

CSF, mL 110 CSF2100 101 CSF2100 102 

Burst index, kPa*m2/g 1.9 Maximization 2.05 Maximization 2.07 
Breaking length, km 3.1 BL t 3.1 3.28 BL 2 3.1 3.1 9 

Tear index, mN*m*/g 9.6 TI 2 9.4 9.93 TI 2 9.4 9.49 

5. An integrated industrial control and optimization system 

I 
Control 
action I Quantitative 

measurement 
I 

Automatic control algorithm 

A 
Adjustment 

4 Fuzzy controller 

I 
Fuuy 

information 
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