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Abstract

During the past decade, the academic world has been extremely active in developing new algorithms and theories in the field of

artificial intelligence (AI) and intelligent systems. In most cases, however, emphasis has been placed more on theoretical frameworks

and mathematical bases than on what the individual AI techniques could offer and on how different techniques could be applied to

solve real industrial-scale problems. The reputation of intelligent systems has consequently suffered from an inability to transfer new

and sophisticated techniques to industrial applications with identifiable benefits. As a result, although a wide range of intelligent

control techniques has been available already for many years, most of the applications in the process industry are based on more

conventional techniques. Recently, as awareness of intelligent systems has grown, industrial problems and implementations

have fortunately received increasing attention. In this paper, an intelligent supervisory-level system implemented at one of the

major Finnish pulp mills to control a lime kiln fired with producer gas generated from biomass is presented. First, the major results

of a field study are summarised, with special attention paid to burnt lime quality aspects. Next, a novel linguistic equations

approach, which provides flexible methods for both modelling and control, is briefly described. The overall structure and main

functions of the developed control system are then described with the main emphasis on the control of temperature and lime quality.

Finally, the results obtained during the extended testing period of the system are presented and discussed. r 2002 Elsevier Science

Ltd. All rights reserved.
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1. Introduction

The widely used term artificial intelligence (AI) refers,
in the field of process engineering, to programs and
systems, that utilise intelligent implementation tech-
niques such as rule-based expert systems, fuzzy logic and
neural networks (NNs), to extend the power of
computers beyond the strictly mathematical and stat-
istical functions. Intelligent techniques facilitate the
creation of applications that have the ability to collect
knowledge and, after reasoning with this knowledge, to
resolve complex problems that require a certain degree
of intelligence if they have to be solved by a human
expert. These techniques also make it possible to extract
useful information about the process and its behaviour

from the large amount of data that is normally routinely
collected and archived in databases. This information
can then be used in an intelligent manner to develop
control systems that could never have been attained on
the basis of the heuristic knowledge of the domain
experts alone.
Applications based on expert system or fuzzy logic

approaches typically attempt to emulate the reasoning
process of an expert (or a set of experts) in a particular
field, and/or to replicate the actions of the operators
controlling the process (Frerichs, 1992; RayChaudhuri
et al., 1996). They, therefore, both rely for the most part
on rules of thumb, as well as on practical experience of
the process behaviour. The knowledge that is often
available only in a heuristic form is characteristically
represented and formalised in the programs as a set of
crisp and/or fuzzy if–then rules that are then executed in
parallel. Consequently, expert systems and fuzzy logic
are especially applicable when comparatively thorough
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understanding of the process is available and, on the
other hand, an exact mathematical model is either
impossible or prohibitively expensive to develop (Fa-
dum, 1993). Neural networks work in a very different
manner. Mathematically, they are merely a collection of
efficient algorithms used for approximating a non-linear
function (Stephanopoulos and Han, 1996). The most
important features from the practical point of view are
their ability to learn relationships from the historical
process data, and to use this learned knowledge for
predicting the future behaviour of the process (Bartos,
1997).
All these techniques offer enhanced opportunities and

more advanced task-oriented capabilities for solving
highly complex, non-linear industrial-scale problems
that are beyond the scope of conventional control
techniques or too costly or time consuming (Yeager,
1995). On the other hand, although each technique has
its own strengths and advantages, they also all have
weaknesses and practical limitations. Hence, a technique
superior for one specific type of problem may prove to
be inadequate for another type of problem (Brahan,
1993; Passino and .Ozg .uner, 1996). For this reason, in
addition to finding a critical need that can be met by the
techniques essential for the success in applying them in
complex industrial problems, is the knowledge of the
process, and, furthermore, that appropriate techniques
with specific capabilities and constraints are selected in
order to resolve the recognised problems (Chiu, 1997).
Growing interest has been shown in hybrid systems

that take advantage of the different intelligent tech-
niques in combination with more conventional tech-
niques (Boden, 1995; Funabashi et al., 1995; Zadeh,
1996). An example of this new era of the hybrid systems
is linguistic equations (LEs) approach introduced by
Juuso and Leivisk.a (1992). LEs provide a novel
technique for combining expertise and data in a way
that makes the development of intelligent systems easier
(Juuso, 1999a). In process control and modelling, the
LEs approach extends the possibilities provided by fuzzy
set systems. On the other hand, developed LEs-based
systems can be translated back to rules and fuzzy set
systems. Owing to their compact implementation, these
systems are used in case-based reasoning (CBR),
dynamic simulation and model-based control (Juuso,
1999b). The LEs approach have also been extended into
a flexible LECont concept, as have been reported by
J.arvensivu et al. (2000). The new concept provides a
compact environment for extending the properties of
control systems. Even a simple PI type of LE controller
easily outperforms conventional PID controllers, and
the operating area of the LE controllers can furthermore
be extended by incorporating higher-level structures for
selecting control objectives.
The intention of this paper is not to go into the details

of intelligent control techniques, but rather to focus on

the practical example of an industrial rotary kiln control
application that includes a certain degree of intelligence.
In this paper, the major outcomes of a field study carried
out at the Wisaforest pulp mill are first summarised. The
LE approach is then briefly described. The progress in
the development of the control system is next reviewed,
followed by a description of the structure and main
functions of the developed system. Finally, the dynamic
performance of the system and the results obtained so
far are presented and discussed.

2. Lime calcination in a rotary lime kiln

The recausticising plant is an essential part of
chemical recovery at a pulp mill. It uses dissolved smelt,
i.e. green liquor, from the recovery boiler as a raw
material, and consumes lime, i.e. calcium oxide (CaO),
to produce white liquor, which is an important chemical
used in pulping. It also produces lime mud, which
mainly consists of very fine, precipitated calcium
carbonate (CaCO3) particles, as a by-product. The
purpose of the lime reburning process is to convert the
mud back into lime for reuse in the causticising process.
The primary method used for the high-temperature
treatment has been, and is still even today, a rotary kiln
(Gorog and Adams, 1986; Adams, 1996).
A lime kiln is a large, cylindrical, direct-contact and

counter-flow heat exchanger with the length between 50
and 120m, and the diameter between 2 and 4m. The
mud is fed into the cold-end of the kiln and it then
moves down the gradient of the kiln as a result of the
inclination and rotation. The heat energy is supplied to
the kiln by means of a burner installed at the hot-end of
the kiln. The overall heat energy consumption of a
modern kiln operating at or near nominal capacity is
typically in the range 5.5–6.5GJ/tCaO. The fuels that are
most often burnt in lime kilns are natural gas and heavy
fuel oil. Non-condensable gases and other by-products,
such as methanol and tall oil, which are readily available
at pulp mills, are also sometimes used as an additional
energy source (Green and Hough, 1985). Some mills also
use alternative fuels such as biomass (Olauson, 1984;
Lyytinen, 1987).
Conceptually, the lime kiln can be divided into four

process zones. The zones are: drying the wet mud,
heating the dry solids up to the reaction temperature,
calcining the calcium carbonate into calcium oxide, and
subsequent agglomeration and sintration of the formed
CaO powder. During drying the residual moisture
present in the mud is removed thermally. After the
drying stage, the solids temperature starts to rise. The
temperature rise settles down when the calcination
reaction starts to consume heat energy. The calcium
dissociation reaction, described by Eq. (1), starts already
at about 8001C but in practice, a temperature of up to
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1050–11001C is required in the burning zone to increase
the reaction rate. The reaction heat required is 1786 kJ/
kg CaCO3 decomposed at 9001C

CaCO3ðsÞ þ heat-CaOðsÞ þ CO2ðgÞ: ð1Þ

After calcination, the burnt lime is in the form of a
very fine powder. Therefore, in order to produce a
usable product, it needs to be heated further up to about
10001C to achieve agglomeration of the fine CaO
powder into granules. However, undesired sintering of
the lime starts immediately when CaCO3 dissociates into
CaO (Hanson, 1993). Sintering has a detrimental effect
on the reactivity of the lime during slaking and
causticising due to the considerable decrease in the
specific surface area.

3. The problem

3.1. Characteristics of quality control of the burnt lime

The principal problem from the point of view of
process control in the kiln process at the Wisaforest pulp
mill, as in all other lime kiln processes, is that the quality
of the burnt lime cannot be measured on-line. At the
Wisaforest mill, however, the burnt lime is manually
sampled at 8-h intervals, and the residual CaCO3
content of the sample is then analysed in the laboratory
with a delay time of about 2 h. The other quality
measure of the burnt lime, i.e. the causticising efficiency,
is analysed only five times per week on the basis of a
composite sample. These laboratory analyses are of little
relevance from the control standpoint due to the long
time delays.
On the other hand, the extent of the calcination

reaction (Eq. (1)), which is determined in the laboratory
as the residual CaCO3 content of the produced lime,
depends strongly on the temperature profile in the
longitudinal direction along the kiln and on the solids
retention time in the kiln (J.arvensivu, 1998a; J.arvensivu
and Seaworth, 1998). The causticising efficiency, which
is a measure of the reactivity of the lime, also depends
on the temperature in the hot-end of the kiln especially.
As a general rule, the residual CaCO3 content decreases
and the causticising efficiency increases as the tempera-
ture increases, and vice versa (see Fig. 1).
Concurrently, the heat energy consumption increases

considerably. Moreover, if the so-called ‘‘over-burning’’
occurs, which typically involves a residual CaCO3
content of o1%, the reactivity of the lime will be
reduced due to undesired sintering (see Fig. 2). Subse-
quently, the amount of rejected lime produced from the
slaker and the amount of unreacted lime in causticising
increase. ‘‘Over-burning’’ is, however, a common
occurrence during manual operation due to the fact
that the kiln process is easier to operate at a higher

temperature than the optimum temperature with respect
to quality and energy efficiency.
In contrast, ‘‘under-burning’’ results in a high-

residual CaCO3 content and the lower CaO content
has to be compensated by larger additions of lime to the
slaker, which increases the amount of inactive material

Fig. 1. The residual CaCO3 content and causticising efficiency of the

burnt lime as a function of the hot-end temperature.

Fig. 2. The causticising efficiency as a function of the residual CaCO3
content of the burnt lime.

M. J .arvensivu et al. / Engineering Applications of Artificial Intelligence 14 (2001) 629–653 631



fed into the causticising process. In addition, ‘‘under-
burnt’’ lime typically has a porous structure and
therefore inferior filtration properties. Consequently,
in addition to energy efficiency aspects, proper control
of the temperature along the length of the kiln, and
especially in the hot-end of the kiln, is a prerequisite for
the production of high-quality lime that is reactive and
concurrently has a low filtration resistance.

3.2. Challenges in temperature control with producer gas

generated from biomass

In the Wisaforest mill, the primary fuel for the kiln is
generator gas produced through biomass gasification.
The wet sawdust, with a dry solids content of about
45%, is first dried to around 85% by the hot flue gas
from the recovery boiler. The dried sawdust, which has a
heat value of around 12MJ/kg, is fed into the circulating
fluidised bed gasifier where the volatiles are converted
into gas. The generated gas is then led into the kiln and
burnt in the air (Karjaluoto, 1985; Lyytinen, 1987). The
principal motivation for sawdust burning is the re-
duction in heat energy costs. One important advantage
is also that the use of non-renewable fossil fuel is
reduced, and hence also the overall balance of the
carbon dioxide (CO2) emissions can be reduced by
burning renewable biomass.
One negative aspect associated with the use of

sawdust (common to all bio-fuels) is the inconsistency
in the energy content and problems in regulating the
feedrate. Random changes in sawdust quality (i.e. in the
composition, moisture and/or size distribution) or in the
actual feedrate result in variations in the heat energy
input into the kiln. As a result, considerable fluctuations
in the temperature are a common problem, which also
causes undesired variation in the quality of the lime. An
example of the gradual change in sawdust quality is
illustrated in Fig. 3 as the increase in the temperature

close to 301C despite an almost 10% decrease in the set
point for the feedrate. The figure also shows the
considerable oscillations in the temperature during a
ca. 10-h period mainly caused by large manual changes
in the feedrate. Irregular variations in the energy input,
in conjunction with improper control, also creates
fluctuations in the excess oxygen content of the flue
gas which, in severe cases, cause a peak in the emissions
of reduced sulphur.
On an average, sawdust accounts for about 80% of

the total heat energy input into the kiln. Heavy fuel oil,
which has a heat value of about 41MJ/kg, is usually
burnt in addition to sawdust. Frequently, especially
during periods with a low production rate, sawdust is
burnt alone. Fuel oil alone is also occasionally used, e.g.
due to a shortage of dried sawdust or during repairs of
the gasifier. Changes in the fuel mixture, i.e. the ratio
between the burning of sawdust and fuel oil, have a
tendency to cause serious disturbances in the process.
Improperly managed changes increase the risk of
undesired temperature excursions, which have a detri-
mental influence on the service life of the refractory
bricks. Changes in the fuel mixture also often induce a
short-term imbalance between the fuel supply and the
flow of the burning air, which may result in a
considerable raise in the flue gas emissions (J.arvensivu
et al., 1999a).
The temperature during lime calcination is typically

monitored by means of a number of temperature sensors
installed along the length of the kiln. In the Wisaforest
mill, the temperature of the flue gas is measured by
means of a thermocouple installed next to the external
lime mud drier, after the kiln in the flue gas duct and
inside the cold-end of the kiln. These temperature
measurements are, however, more related to the flue
gas emissions and heat losses than the lime quality. The
temperature of the product in the kiln, which is an
essential temperature measure with respect to lime
quality, is measured by two pyrometers. Unfortunately,
these temperature readings are exposed to disturbances,
e.g. by dust formation, and are therefore not suitable for
control purposes. The temperature in the hot-end of the
kiln is also measured by a thermocouple mounted on the
front wall of the kiln. This thermometer gives a
reasonably accurate and reliable indication of the
temperature in the hot-end of the kiln. In addition to
radiation from the lime bed, the thermometer is also
influenced by the fuel mixture, i.e. the shape and
temperature of the flame, and the temperature of the
incoming secondary burning air.

3.3. Requirements for the control system

As outlined in the above, three different fuel
combinations, i.e. sawdust alone, sawdust and fuel oil,
and fuel oil alone, need to be considered when

Fig. 3. Example of large manual control actions, and a gradual

increase in the energy content of the sawdust.
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controlling the energy input into the kiln. First of all,
changes in the fuel mixture need to be managed such
that the total supply of energy, which can be estimated
on the basis of the fuel feedrates and energy contents, is
maintained as constant as possible during the change.
However, the excess oxygen content of the flue gas and
the temperature in the kiln needs to be monitored and, if
required, appropriate stepwise corrections to the fuel
supply have to be performed by the system in order to
avoid temperature excursions and emission peaks.
Furthermore, the fuel supply needs to be adjusted in a

feedforward (FF) manner during the production rate
changes. This is necessary in order to ensure smooth
operation of the process during the transient conditions,
in spite of the long time delays before the effects of the
change can be observed. A FF structure for the
rotational kiln speed is also essential, because it provides
a means to control the residence time of the solids
material. Furthermore, the temperature especially in the
hot-end of the kiln needs to be controlled in a closed-
loop manner by means of small corrections to the
sawdust feedrate or fuel oil flowrate.
An effective feedback (FB) control structure is

required in order to maintain the hot-end temperature
within the most favourable range for the lime quality.
Routines for the handling of severe disturbances caused
by random changes in the quality and/or actual feedrate
of the sawdust are also a necessity. In addition, the
performance of the kiln process has to be supervised
over long-term operation and, subsequently, the tar-
geted hot-end temperature needs to be modified on the
basis of the quality of the lime produced.

4. Linguistic equations approach

The linguistic equations (LEs) approach, in which
traditional fuzzy systems described by means of rules
and membership functions are represented by matrix
equations and non-linear membership definitions, pro-
vides a comprehensible tool for the modelling and
control of both data and knowledge-intensive applica-
tions (Juuso and Leivisk.a, 1992; Juuso, 1999a).

4.1. Linguistic equations-based steady state models

4.1.1. LE models

The LE model can be represented as follows:

AX þ B ¼ 0; ð2Þ

where matrix A defines the directions and strengths of
the interactions between variables X : Bias term B can be
used to shift the model from the origin, which is essential
in diagnostical systems. Systems are linearised by non-
linear membership definitions (NLMDs) and LE models
can be used in any direction (Juuso, 1999a). Coefficients

can be obtained from the data and/or based on the
experts’ knowledge of the process behaviour. The
FuzzEqu Toolbox in the Matlab–Simulink environment
provides routines for developing and for modifying the
NLMDs and generating the LE models (see e.g. Juuso,
2000).
The multiple inputs and single output (MISO) type of

steady-state LE models can be represented for a specific
output variable as follows:

lvjyiðkÞj ¼
Xn

j¼1

wij lvjxijðkÞj; ð3Þ

which is a special case of the matrix equation AX ¼ 0;
with the interaction matrix A ¼ ½wi1wi2ywin � 1� and
variables X ¼ ½xi1ðkÞxi2ðkÞyxinðkÞyiðkÞ�T: lvjyiðkÞj is the
linguistic value (LV) of the output of the model. lvjxijðkÞj
is the LV of the variable j ðj ¼ 1;y; nÞ applied as an
input in the model. wij is the real-valued weight factor
describing the direction and strength of the interaction
between the input variable and the output. Bias term B

can be included in the membership definitions of the
output variable, or integrated in the real-valued form as
it has been done in this application (see Eq. (6)).
The LVs of the input variable, lvjxijðkÞj; are deter-

mined by means of an NLMD, which transform the real
value (RV) of the variable into LV with the range
[�2+2]. The LVs �2, �1, 0, 1, 2 correspond to the
linguistic termsFvery low, low, normal, high and very
high, respectively. The NLMD consists of two second-
order polynomials that are monotonously increasing
and connected at the LV 0. The first polynomial
function is used for the LVs between [�2 0], and the
second for the LVs in the range [0 2]. The polynomials
can also be obtained from the process data by fitting a
second-order polynomial through the data points and/
or by using the process expertise.
When the polynomial functions have been defined, the

conversion of the real values (RVs) to the LVs can then
be done using the following equation:

lvjxijðkÞj ¼

2 if xijðkÞXxhlij ;

�bij þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
b2ij � 4aijðcij � xijðkÞÞ

q
2aij

;

�2 if xijðkÞpxllij ;

8>>>>><
>>>>>:

ð4Þ

where aij ; and bij are constants obtained directly from
the polynomials. cij is the RV of the variable corre-
sponding to the LV 0. xll and xhl are the RV of the
variable corresponding to the LVs –2 and 2, respec-
tively. Correspondingly, after calculating the LV of the
model output, lvjyI ðkÞj; it is converted to the RV, yiðkÞ;
using the following equation:

yiðkÞ ¼ ai lvjyiðkÞj2 þ bi lvjyiðkÞj þ ci; ð5Þ
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where ai; and bi are the constants of the polynomials and
ci is the RV corresponding to the LV 0. The conversion
technique described by Eqs. (4) and (5) has been used in
all LE applications.

4.1.2. Feedforward controllers

Feedforward (FF) control can be performed with
inverted LE models (Juuso, 1999a). Accordingly, the
model outputs, yiðkÞ (i ¼ 1;y; m), are applied in the
developed system for FF control purposes (see chapter
5.3), and are then checked with respect to the acceptable
range as follows:

FFMuiðkÞ ¼

yhli if yiðkÞ þ biXyhli ;

yiðkÞ þ bi if ylli oyiðkÞ þ bioyhli ;

ylli if yiðkÞ þ bipylli ;

8><
>: ð6Þ

where FFMuiðkÞ is the output of the FF control models
(FFMs) module linked to the manipulated variable i: bi

is a bias term, which can be used for fine-tuning
purposes. yll and yhl are the preset low and high limit
for the model output.

4.2. Multilevel adaptive MISO-typeLE controller

The LEs approach, which was originally used for
simulation and modelling, has also been expanded for
control purposes. The first direct LE-based controller
was implemented in 1996 for a solar power plant in
Spain (Juuso et al., 1997). The tests were started with a
single-equation controller (Eq. (3)). An operation con-
dition controller and a predictive LE controller with
braking and asymmetrical action were introduced in
1997 (Juuso et al., 1998). According to the tests carried
out, robustness of the controller was clearly demon-
strated: start-up, set point tracking, and also variable
operating conditions were handled efficiently (Juuso,
1999a).
The structure of the basic LE controller of the solar

power plant was reused in the kiln control with some
modifications. The asymmetricity designed for precise
set point tracking is not used because of the additional
uncertainty arising from long process and measurement
delays. In the kiln application, the LE controller was
extended to several controlled variables (see J.arvensivu
et al., 2000). This MISO-typeLE controller provides
special features for handling non-linearities, large
disturbances and changing operating conditions, which
cannot be met by the standard PID algorithms. A
schematic presentation of the controller is presented in
Fig. 4, and the fundamental principles of the controller
are described in more detail below.

4.2.1. Basic LE controller

A basic LE controller corresponds to a fuzzy logic
controller (FLC). All PI-type LE controllers use the

error, and the derivative of the error, calculated using
the following equations:

eijðkÞ ¼ mvijðkÞ � tvijðkÞ; ð7Þ

DeijðkÞ ¼ eijðkÞ � eijðk � 1Þ; ð8Þ

where eijðkÞ; eijðk � 1Þ and DeijðkÞ are the error, previous
error and derivative of the error of the controlled
variable, j ðj ¼ 1;y; nÞ; respectively. mvijðkÞ and tvijðkÞ
are the most recent moving average values of the
measurement and target over the predetermined time
interval.
A PI type of controller based on the LE approach can

then be represented in a general form by a single LE as
follows:

lvjDuijðkÞj ¼
weij

dij

lvjeijðkÞj þ
wDeji

dij

lvjDejiðkÞj; ð9Þ

which is a special case of matrix Eq. (2), with the
interaction matrix A ¼ ½weijwDeij � dij� and variables
defined as X ¼ ½lvjeijðkÞjlvjDeijðkÞjlvjDuijðkÞj�T: lvjDuijðkÞj
is the LV of the correction to the manipulated variable,
i; calculated on the basis of the controlled variables j:
lvjeijðkÞj and lvjDeijðkÞj are the LVs of the error and the
derivative of the error, respectively, calculated by means
of Eq. (3) (note: x is replaced in this case by e or De).
The controller shown in Eq. (9) can be obtained from

the general LE (Eq. (2)) by scaling the weighting factors,
weij and wDeij ; in such a way that the coefficient
corresponding to the correction to the manipulated
variable is either 1 or –1 (note: bias term B is 0 for a
feedback controller). The default value for both weights,
weij and wDeij ; is 0.5 (see below for a description of the
predictive braking action). dij is a constant (�1 or 1)
used for determining the direction of the control action,
i.e. if dij is 1 and the error is positive, then the output will

Fig. 4. Schematic presentation of the multilevel structure of the

adaptive MISO type of LE controller.
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be negative, and vice versa. After calculating the LV of
the correction, lvjDuijðkÞj; it is converted into the RV,
DuijðkÞ; according to the principle shown in Eq. (4)
(note: y is replaced in this case with u).

4.2.2. High-level control

High-level control is a natural area for fuzzy control
(Ostergaard, 1996; Juuso, 1999a). The weighting of
different control strategies should be based on the
operating conditions. This principle has earlier been
used in the fuzzy control of the flue gas fan (Juuso et al.,
1996), in which different control strategies were de-
scribed by fuzzy rules, and the weighting of the rules was
based on fuzzy logic.
In the present system, the output of the MISO-type

LE controller is calculated as the weighted average of
the corrections determined independently on the basis of
the controlled variables (j ¼ 1;y; n) as follows:

Dui ¼ sci

Xn

j¼1

wijDuij ; ð10Þ

where Dui is the FB correction to the setpoint of the
manipulated variable i: Duij and wij are, respectively, the
correction and weighting related to each of the
controlled variables j ðj ¼ 1;y; nÞ: sci is a coefficient
used for scaling the corrections in accordance with the
different operating conditions (see below for a descrip-
tion for the adaptive scaling). This approach is closely
related to the FLCs, i.e. each LE controller produces a
singleton value, Duij ; and the balanced correction is
obtained by the weighted sum method. In the present
system, the weights are defined manually for fine-tuning
purposes.
The output of each LE controller is already limited by

the NLMDs, but further checking of the acceptable
ranges is important in all applications with long process
delays. Therefore, the output of the controller, DuiðkÞ
ði ¼ 1;y; mÞ; is applied in the system for control
purposes only after checking it with respect to the
acceptable range as follows:

DSCuiðkÞ ¼

Duhli if siDuiðkÞXDuhli ;

siDuiðkÞ if Dulli osiDuiðkÞoDuhli ;

Dulli if siDuiðkÞpDuhli ;

8><
>: ð11Þ

where SCuiðkÞ is the output of the stabilising controllers
(SCs) module related to the manipulated variable i: si is
a manually adjustable constant [0.5 1.5], which can be
used for fine-tuning purposes. Dull and Duhl are the
preset low and high limit for the FB correction per scan
interval.

4.2.3. Predictive braking action

In addition to the functionality of the LE controller
described in the above, the predictive braking action

(PBA) is used to ensure smooth recovery after severe

disturbances. The PBA reduces the risk of oscillation
and large overshoot after a sizeable deviation in the
controlled variable(s), both of which are common
complications especially in processes with long dead
times. The PBA tested already in the solar application
(Juuso et al., 1998) is used in here with some
modifications.
The initial error, which is used in calculating the

braking rate coefficient (see also Eq. (16)), is determined
as the error at the turning point where the derivative of
the error changes from positive to negative, or vice
versa. The initial error is defined by the following
principle:

if Ieiðk � 1Þ ¼ 0 and eijðkÞpIelbij then

IeiiðkÞ ¼
0 if Deijo0;

eiðk � 1Þ if DeijX0;

(
ð12Þ

if Ieiðk � 1Þ ¼ 0 and eijðkÞXIehbij then

IeiiðkÞ ¼
0 if Deij > 0;

eiðk � 1Þ if Deijp0;

(
ð13Þ

if Ieiðk � 1Þa0 then

IeiiðkÞ ¼
0 if Ieijðk � 1ÞDeij > 0;

Ieiðk � 1Þ if Ieijðk � 1ÞDeijp0;

(
ð14Þ

where IeijðkÞ and Ieijðk � 1Þ are the new initial error and
the previous initial error, respectively. Ielb and Iehb are
the preset low and high boundaries for the initial error
(note: the braking action is activated only when a
relatively large deviation occurs, i.e. the error is above
Iehb or below Ielb). In Eqs. (12)–(14) moving averages of
the derivative of the error ðDeijÞ are used to filter out the
influence of fluctuations in the measurement. If the
target value of the controlled variable is changed, then
the initial error is correspondingly updated by the
following equation:

IeijðkÞ ¼ Ieijðk � 1Þ þ ðtvijðk � 1Þ � tvijðkÞÞ: ð15Þ

The braking rate coefficient is calculated after
obtaining the LV of the initial error, ðlvjIeijðkÞjÞ: In the
PBA used in the solar application, braking became
stronger when the controlled variable approached the
target value (Juuso, 1999a). This original procedure has
some problems when there are long measurement
delays. The PBA was therefore changed into the form

if IeijðkÞa0 then

brciiðkÞ ¼
bcij lvjIeijðkÞj

eijðkÞ
IeijðkÞ

if IeijðkÞ > 0;

bcijð�lvÞjIeijðkÞj
eijðkÞ
IeijðkÞ

if IeijðkÞo0;

8>><
>>:

else brciiðkÞ ¼ 0; ð16Þ
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where brcijðkÞ is the braking rate coefficient [0 2] related
to the controlled variable j: bc is a manually adjustable
braking constant [0 1] used for fine-tuning the force of
braking. In this case, braking reaches a maximum
immediately after the turning point, and then decreases
as the error declines and the controlled variable
approaches the target value (see the term e=Ie in
Eq. (16)). An example of the variation in the braking
rate coefficient is shown in Fig. 13.
In practice, brcijðkÞ is used to emphasise the influence

of the derivative of the error by means of the following
equation:

wDeji ¼ ð1þ brcijðkÞÞwDeji; ð17Þ

where wDeij is the weighting factor used in Eq. (9). An
example of the modified control surface is presented in
Fig. 14 (note: the control surface is modified only in
those parts where PBA action has been activated). The
principle used for determining the initial error and the
braking rate coefficient, as well as the influence of
braking, is also illustrated in Fig. 5 (see also Fig. 26).
Here the corrections introduced by constraint handling
(CH) (see chapter 5.6) must be taken into account as
well. In this case, it is especially important to reduce
additional control corrections after the error starts to
decrease because the stepwise corrections resulting from
CH have started to take effect.

4.2.4. Adaptive scaling of the calculated correction

Adaptation to changing operating conditions is
necessary in industrial processes (Juuso, 1999a). As the
basic level LE controller is implemented in a compact
manner, additional higher-level structures can be
introduced for adaptation purposes. The tests with the
solar-power plant already demonstrated this clearly.
Adaptation provides the sort of smooth operation that
is essential especially in the control of the lime kiln fired
with producer gas generated from biomass. Owing to

the wide range of different process conditions, on-line
adaptation should be based on gradual changes between
predefined controllers.
The operation condition controller introduced for the

solar-power plant (Juuso, 1999a) was later modified for
kiln control. The production rate and fan speed were the
working point (WP) variables, together with the
cumulative rate of corrections and control power of
the fuel that can be considered as indirect measurements
based on intelligent analyser techniques. In the present
system, the overall operating condition controller is
divided into tunable parts.
The operation of the LE controller is modified by

means of adaptive scaling, which is used to adjust the
control surface in accordance with the changing operat-
ing conditions of the process. It, therefore, extends the
accomplished working area of the basic LE controller.
Determination of the scaling rate coefficient is made on
the basis of WP, i.e. loading state of the process, power
of the control variable, and the cumulative rate of
control actions over the preset time period, using the
following principle:

lvjsciðkÞj

¼ w1 lvjwpiðkÞj � w2 lvjcpiðkÞj � w3 lvjcriðkÞj; ð18Þ

where lvjsciðkÞj is the LV of the scaling rate coefficient.
lvjwpi j; lvjcpij and lvjcri j are the LVs of the WP, the
control power and the cumulative rate of the correc-
tions, respectively. The LV of the scaling coefficient is
converted to the real value, sciðkÞ; which is then applied
by the basic LE controller (see Eq. (10)).
The LV of the WP is determined by the following

equation:

lvjwpi j ¼
Xn

j¼1

wijlvjxji j; ð19Þ

where lvjxij j and wij are the LVs of the variable, j ðj ¼
1;y; nÞ; used for describing the loading state of the
process and the corresponding weight factor [0 1],
respectively. The effects of the WP variables on the
scaling are shown in Fig. 16. The LV of the control
power can be determined by the same principle as
the loading state of the process. In this case, xij

stands for the variable related to the gain of the
manipulated variable. For instance variations in
the heat energy content of the fuel can be handled with
this technique.
The LV of the cumulative rate of the corrections is

determined by the following principle:

if DuiðkÞ > 0 then

lvjcriiðkÞj ¼
0 if lvjcriiðkÞjp0;
lv jcriðkÞj if lvjcriiðkÞj > 0;

(
ð20Þ

Fig. 5. Principle used for determining the initial error and braking rate

coefficient, and their influence on the behaviour of the controller (note:

continuous lines illustrate real process data).
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if DuiðkÞo0 then

lvjcriiðkÞj ¼
0 if lv jcriiðkÞjX0

�lvjcriðkÞj if lvjcriiðkÞjo0

(
: ð21Þ

(note: lvjcrij receive only values between 0 and 2). The
effects of the cumulative rate on the scaling are shown in
Figs. 15 and 17. According to Eqs. (20) and (21), this
scaling effect is active only following appropriate
directions.

5. High-level control system

5.1. Evolution of the control system

The control system described in this paper is a result
of the long-term development project carried out as a
co-operative effort between academic and industrial
parties. The time schedule of the project, which started
at the end of 1996 and was completed at the end of 2000,
is shown in Fig. 6. The figure presents the chronological
phases in the development of the system, and the

different methods applied during the development
project.
A comprehensive study of the process operation, and

application-specific requirements, constraints and con-
trol objectives were first carried out at the mill
(J.arvensivu, 1998a; J.arvensivu et al., 1999a). Next,
based on the results of the study, an overall control
scheme, which takes both the environmental and
operational requirements into consideration, was de-
signed. The proposed control scheme was then divided
into inter-related and hierarchically structured modules,
and further into consequential functional sub-modules,
which in practice specify the overall control scheme in
smaller and simpler functional entities. Furthermore,
each of the modules was specified and defined at two
different levels, i.e. the conceptual and the design level.
The specifications of the conceptual level were used to
define the modules at the abstract level. These design
specifications were used to describe the boundaries
between the modules and the functional requirements of
the modules, independent of the implementation-specific
considerations. The primary version of the modular
structure is presented e.g. in J.arvensivu and Seaworth
(1998).

Fig. 6. Evolution of the system.
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The design level has been used to specify the actual
implementation of the modules. The approaches applied
in each of the modules were determined primarily on the
basis of the required functionality, the availability of
process-specific knowledge, and the reliability of the
available process measurements (note: the design level
specifications have been periodically updated during the
project). After determining the overall structure of the
system and specifying the approaches and methods
required in each of the modules, different ways of
realising the designed system were evaluated. Gensym’s
G2, which is an object-oriented environment for
developing and deploying intelligent systems, was
selected on the basis of this evaluation.
The proposed control system was then incrementally

developed and implemented at the mill. A scaled-down
prototype of the system, marked with beta in Fig. 6, was
first developed and implemented at the mill (J.arvensivu,
1998b; J.arvensivu et al., 1999b). The beta version of the
system was used primarily to verify the selected
development environment, to test certain critical tech-
nical aspects such as interfaces, and to demonstrate the
core functionality of the system to the end users and also
to the mill management. The beta version was also
utilized in qualitatively evaluating the feasibility of the
proposed overall control scheme.
Encouraged by the promising results, the research

work was continued and new features were incremen-
tally developed and implemented in the system. The LE
controller was first installed for the hot-end temperature
control (see Sievola, 1999). The system was initially
tuned with a dynamic LE simulator (Juuso, 1999b), in
which the steady state LE modelling technique is
combined with non-linear autoregressive with eXogen-
ous (NARX) input-type structures. An extended testing
period of the developed pilot version of the system was
subsequently arranged (for the results, see J.arvensivu
et al., 2001a).
The outcomes of the analysis were then used, together

with the accumulated practical experience, in the design
and development of the final version of the system
intended for uninterrupted production use. The LE
approach was also extended to the FF controllers during
the development of the production version of the system.
This version is presented in this paper with some
references to the earlier versions of the system.

5.2. Overall structure of the kiln control system

In addition to basic instrumentation, the control
system of the lime reburning process at the Wisa-
forest mill consists of, on-line flue gas analysers, a
process automation system, and a supervisory-level
system. The instrumentation of the process includes
electromagnetic flow meters, radioactive density
meters, level indicators, pressure sensors and thermo-

couples. On-line analysers are used for measuring excess
oxygen and sulphur dioxide in the flue gas and the total
reduced sulphur (TRS) emissions. The automation
system, which is a DCS supplied by Honeywell–
Measurex, provides an interface to the instrumentation
and analysers, and also carries out pre-processing of
the raw measurement signals, handling of alarms, safety
interlocks and logic sequences, as well as basic-level
control loops.
The supervisory-level system is implemented using a

Windows NT workstation and a G2 software (for more
information about the software, see www.gensym.com).
The system is divided into hierarchically structured
functional layers. The lowest layer of the system
provides connections to the automation system and
carries out the application-specific calculations. The
next level in the hierarchy, i.e. the stabilising level,
executes high-level control actions by means of the inter-
related modules of the FFMs, SCs and CH, and is
designed to ensure stable operation of the process. In
practice, this is done by means of appropriate changes to
the set points (SPs) of the basic-level control loops,
which are implemented in the automation system.
The purpose of the highest level in the hierarchy is
to optimise process operation with respect to the
production capacity, environmental protection,
energy efficiency and burnt lime quality by determining
the optimum target values for the stabilising-level
controllers.

5.3. Integration of the stabilising-level modules

The FFMs, SCs and CH modules are executed
concurrently and, as a result, the new SPs for the
basic-level control loops are determined as follows:

uiðkÞ ¼ FFMuiðkÞ þHLCuiðkÞ þ BCuiðkÞ; ð22Þ

HLCuiðkÞ ¼ HLCuiðk � 1Þ þ DSCuiðkÞ þ DCHuiðkÞ;

ð23Þ

where uiðkÞ is the SP for the manipulated variable, i:
FFMuiðkÞ is the most recent output of the FFMs
module. HLCuiðkÞ is the high-level corrections to the
output of the FF model. This is calculated on the basis
of the latest FB corrections of the SCs module ðDSCuiÞ
and the stepwise correction of the CH module ðDCHuiÞ:
BCuiðkÞ is a bias correction, which can be adjusted
manually by the operators when the controller is
turned on. However, before enforcing the new SPs in
the DCS, they are checked with respect to the acceptable
range for the SPs in order to ensure safe operation, and
to protect the equipment against damage in the case of
erroneous measurements and/or other unexpected fault
situations.
The acceptable range for the SPs is calculated by the

system as a pipe around the most recent output of the
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FFM module ðFFMuiÞ; as shown in Eqs. (24)–(26)

uiðkÞ ¼

uhri if uiðkÞXuhri ðkÞ;

uiðkÞ if ulri ðkÞou; ðkÞouhri ðkÞ;

ulri if uiðkÞpulri ðkÞ;

8><
>: ð24Þ

uhri ¼
uhli if aiFFMuiðkÞXuhli ;

ð1þ aiÞFFMuiðkÞ if aiFFMuiðkÞouhli ;

(
ð25Þ

ulri ¼
ð1� biÞFFMui kð Þ if biFFMuiðk � 1Þ > ulli ;

ulli if biFFMuiðkÞpulli ;

(
ð26Þ

where uhl and ull are the predetermined high and low
limits, respectively. These limits, which are determined
by certain physical constraints, are set in order to
protect personnel and safeguard equipment. uhr and ulr

are the high and low boundaries, respectively. These
boundaries are changed in accordance with the actual
loading state of the process. ai and bi are constants used
to calculate the width of the range for acceptable SPs.
Table 1 gives the tuning-parameter values used for the
constants (ai and bi), and the high and low limits (uhli

and ulli ) in the current version of the system.
In the next section, the sub-modules that are related

to the control of temperature and lime quality are
presented in more detail. A more detailed description of
the sub-modules that are more closely related to the
control of flue gas emissions and heat losses is given in
J.arvensivu et al. (2001b).

5.4. Feedforward controllers

5.4.1. Feedforward control of the kiln rotational speed

The rotational speed of the kiln was maintained
constant for most of the time when the kiln process was
controlled manually by the operators, regardless of large
changes in the production rate and/or the loading state
of the kiln. For this reason, the filling rate of the kiln has
been varied in an uncontrollable fashion during manual
operation. It is, however, advantageous to moderate the

influence of the production rate on the filling rate by
altering the rotational speed of the kiln. An FF
controller was therefore applied for controlling the kiln
rotational speed already in the beta and pilot versions of
the system (J.arvensivu, 1998b; J.arvensivu et al., 1999b).
In the latest version of the system, the multiple linear

regression model applied in the pilot version has been
replaced by a non-linear MISO type of LE model
(described in more detail in chapter 4.1). The inputs of
the LE model are the 4-h moving average1 of the
production rate (t/h) and the torque of the kiln drive
(%). The production rate, which has a dominant
influence on the output of the model, is used to conform
to the designed relationship between production and the
rotational speed, obtained from the kiln manufacturer.
The torque of the kiln drive, which provides a reason-
ably accurate prediction of the loading state of the
process, has a smaller weight in the model. The torque
also gives a good indirect indication of undesired ring
formation in the kiln, because even a moderate ring
build-up will cause an abnormally higher load with the
production rate in question.
Fig. 7 shows how the SP for the kiln rotational speed

is altered by the LE model on the basis of the production
rate and rotational speed in order to keep the filling rate
in the kiln within the acceptable range (see also Table 2
for the tuning-parameter values of the LE model and
chapter 4 for definitions of the tuning parameters). For
instance, a 5 t/h increase in the production rate from

Table 1

Tuning-parameter values used for determining the acceptable range for

the SPs of the manipulated variables

ulr uhr a b

Lime kiln #2

Draught fan speed (rpm) 700 980 0.05 0.05

Kiln rotational speed (rpm) 1.4 1.7 0.05 0.05

Saw dust feed rate (%) 20 65 0.10 0.10

Fuel oil flow rate (kg/s)a 0.07 0.35 0.15 0.15

0.30 0.80 0.15 0.15

aLow range (0.07–0.35) is used when fuel oil is burnt in addition to

sawdust and high range (0.3–0.8) when only fuel oil is burnt.

Fig. 7. Output of the model applied for FF control of the kiln

rotational speed (rpm) as a function of the production rate and torque

of the kiln drive.

1 In the FF models, moving averages of the input variables are used

to avoid fluctuations in the model output in the case of short-term

disturbances in the input variables, and to handle the long residence

time of the solids in the kiln.
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Table 2

The tuning-parameter values used in the LE models applied for FF control of the kiln rotational speed and fuel supply

Feedforward control models; lime kiln #2

LEC-F21/2*-Model KRPM (i) FAN (i) Sawdust (i) Oil (i)

Description Eng-units Kiln rotational speed rpm Draught fan speed rpm Sawdust feed rate % Fuel oil flow rate kg/s

Input 1 Input 2 Input 1 Input 2 Input 1 Input 2 Input 1 Input 2

Input name (xij) 4 h-ave 4 h-ave 60min-ave 8 h-ave 60min-ave 2 h-ave 60min-ave 2 h-ave

KPROD (j) KLOAD (j) KPROD (j) CEPRESS (j) KPROD (j) KLOAD (j) KPROD (j) KLOAD (j)

Input conversion lv NLMD Coeff NLMD NLMD Coeff NLMD Coeff Coeff Coeff NLMD Coeff Coeff Coeff NLMD Coeff Coeff

aiðrv > c1Þ +2 40 0 100 �2.0 40 0 0 0.2 40 0 100 �2.0 40 0 100 �2.0
biðrv > c1Þ +1 35 5 88 6.0 35 5 �0.8 1.4 35 5 88 6.0 35 5 88 6.0

ci 0 30 30 80 80 30 30 �2.0 �2.0 30 30 80 80 30 30 80 80

aiðrv > c1Þ �1 25 0 72 2.0 25 0 �3.2 �0.2 25 0 72 2.0 25 0 72 2.0

biðrv > c1Þ �2 20 5 60 6.0 20 5 �4.0 1.4 20 5 60 6.0 20 5 60 6.0

Input high limit (xhl) 40 100 40 0 40 100 40 100

Input low limit (xll) 20 60 20 �4.0 20 60 20 60

Weight (wi) 0.8 0.2 0.8 0.2 0.8 0.2 0.8 0.2

Output conversion lv Coeff NLMD Coeff NLMD NLMD Coeff NLMD Coeff

aiðrv > c1Þ +2 1.7 0.025 950 15 80 1 0.8 0.0

biðrv > c1Þ +1 1.65 0.125 890 105 63 12 0.71 0.09

ci 0 1.55 1.55 800 800 50 50 0.62 0.62

aiðrv > c1Þ �1 1.45 �0.025 710 �5.0 39 2 0.53 0.0

biðrv > c1Þ �2 1.4 0.125 650 105 30 11 0.44 0.09

Output bias (bi) 0 0 0 0

Output high limit (yhl) 1.7 950 70 0.8

Output low limit (yll) 1.4 650 20 0.44
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30 t/h up to 35 t/h results in an increase of about
0.05 rpm in the rotational speed, assuming that the
torque follows the nominal curve. Correspondingly, a
reasonably large decline in the torque from 88% to 80%
decreases the rotational speed by about 0.025 rpm at a
production rate of 35 t/h.

5.4.2. Feedforward control of the fuel supply into the kiln

At the time when this project was started, the fuel
supply input into the kiln was controlled manually by
the operators. The manual control actions were not
always performed in an appropriate fashion, and
problems occurred especially during the production rate
changes and/or when rapid unpredictable variations
occurred in the heat energy content of the sawdust. An
FF controller based on three separate neural network
(NN) models, which were developed on the basis of the
data collected during the field survey, was therefore
implemented already in the beta version of the system.
The first model was used when sawdust was burnt alone,
while the second model was applied when fuel oil was
burnt in addition to sawdust. The fuel oil burning rate
was set manually between 0.1 and 0.3 kg/s when it was
burnt as a secondary fuel. The third model was used
when only fuel oil was burnt. The inputs used in models
1 and 3 were the moving-average value of the produc-
tion rate and the torque of the kiln drive. The inputs
used in model 2 were the production rate and the fuel oil
flowrate. Updated versions of these models were also
applied in the pilot version (J.arvensivu et al., 2001a).
In the currently used version of the system, the NN

models have been replaced by two MISO types of LE
model. The first model is used for sawdust when it is
burnt either alone or together with fuel oil, and the other
model is applied for fuel oil when it is burnt alone. The
first input of both models that has a predominant
influence on the output is the 60-h moving average of the
production rate, which is updated every 20min. The
second input is the 2-h moving average of the torque of
the kiln drive, which correlates satisfactorily with the
total amount of solids in the kiln. The torque, which is
updated at a 1-h scan interval, is used in addition to the
production rate in order to take into account unmea-
sured fluctuations in the actual lime mud feedrate into
the kiln, which can be caused, e.g. by drift in the flow
and/or density measurements, or holes in the filter
fabric.
When the sawdust model is applied and the flowrate

of the fuel oil is changed manually (i.e. only the sawdust
feedrate is controlled in closed-loop mode), the output
of the model is correspondingly altered in order to
maintain a constant energy input into the kiln, despite
the changes made to the fuel oil flowrate. This
straightforward calculation, based on the heat energy
content of the fuel oil and the sawdust, is used to replace
the third model applied in the beta and pilot versions.

For instance, an increase in the fuel oil flowrate from 0.1
to 0.2 kg/s results in a reduction in the sawdust feedrate
of about 9%. Figs. 8 and 9 show how the SPs of the
sawdust feedrate and fuel oil flowrate are raised when
the production rate and/or the torque increase, and vice-
versa (see also Table 2). The energy input is increased in
order to provide sufficient heat for drying and heating
up the lime mud to the reaction temperature, and for
calcining the increased amount of CaCO3 into CaO. For
instance, an increase in the production rate from 30 to
35 t/h results in an increase of about 13% and 0.09 kg/s
in the outputs of the sawdust feedrate and fuel oil
flowrate models, respectively, assuming that the torque
follows the nominal curve.

Fig. 8. Output of the FF control model for the sawdust feedrate as a

function of the production rate and torque of the kiln drive.

Fig. 9. Output of the FF control model for fuel oil as a function of the

production rate and torque of the kiln drive.
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5.5. Stabilising controller’s module

In addition to the FF models, the fuel supply is
controlled in an FB manner on the basis of the
temperature profile in the kiln. A multilevel adaptive
MISO type of LE controller, described in more detail
already in chapter 4.2, is used for the control of both
sawdust and fuel oil in the latest version of the system.
In the earlier versions, a comparable FB controller was
available only for the sawdust, and the fuel oil was set
manually at a level the between 0.1 and 0.3 kg/s
(J.arvensivu et al., 2001a).
When either sawdust or fuel oil is burnt alone, the

corresponding LE controller and LE model, which was
described in the previous section, are of course applied.
There are two different alternatives available when fuel
oil is burnt as a secondary fuel in addition to sawdust.
The LE controller of the sawdust is used for temperature
control, and the LE model of the sawdust is used for
compensating the changes in the loading state of the
process (i.e. in the same way as the earlier versions of the
system functioned). The other new and preferred
alternative is to use the LE controller of the fuel oil to
control the temperatures, while the LE model of the
sawdust is applied for FF control. When this new fuel
control version is applied, the FB part of sawdust
control and the FF part of fuel oil control are disabled.
This new version makes it possible to utilise the

advantages of fuel oil (i.e. a constant heat content) in FB
control while, at the same time, the relatively cheap and
environmentally friendly sawdust is used to supply the
major part of the required heat energy into the kiln
process. A schematic presentation of the temperature
control is presented in Fig. 10. The basic structure and
inputs used in the LE controllers implemented for
sawdust and fuel oil are similar, and the individual

functional requirements are taken into account by
means of the tuning parameters (see Table 3 for the
tuning-parameter values of the LE controllers and
chapter 4 for definitions of the tuning parameters).
The controller involved in the operation is executed at

5-min scan intervals, and the small corrections (Du)
required to maintain both the cold- and hot-end
temperature close to their target values are determined
on the basis of the linguistic values (LVs) of the error (e)
and the derivative of the error (De) of both of the
controlled variables (see Eq. 8). Because two controlled
variables are applied in the controller the actual control
action (i.e. the correction to either the SP of the sawdust
feedrate or the fuel oil flowrate) is calculated as a
weighted average of the independently determined
corrections. The inputs used for calculating the error
are the 4-min moving average of the cold-end tempera-
ture, and the 5-min moving average of the hot-end
temperature (see Eq. (6)). The 30-min moving average of
both target values is applied (note: all these values are
updated at 2-min scan intervals by the history calcula-
tion module of the system). The moving averages of the
measurements are applied instead of the latest readings
in order to avoid unnecessary and inappropriate control
actions resulting from short-term fluctuations in the
measurements. The moving averages of the target values
are applied in order to moderate the impacts of changes
in the target value on the controller performance. In this
particular case, robust behaviour of the controller is
more important than fast responses to changes in the
target value.
The non-linear membership definition (NLMD) for

the error, the derivative of the error and the initial error
of the hot-end temperature are illustrated in Fig. 11 as
an example of the relationships between the RV and the
LV applied in the controller. An example of the control
surface of the basic LE controller is given in Fig. 12. In
this figure the FB correction to the sawdust feedrate is
presented as a function of the error and the derivative of
the error of the hot-end temperature, which has the
dominant effect on the output of the controller.

5.5.1. Predictive braking action

In addition to the basic LE controller, the PBA is
automatically activated when the error either in the
cold- or hot-end temperature exceeds a certain value (see
Eqs. (11)–(13)). The braking rate coefficient (Eq. (15)) of
the sawdust feed controller is shown in Fig. 13 as a
function of the initial error and the error of the hot-end
temperature. The PBA action changes the control
surface locally. An example is given in Fig. 14.

5.5.2. Adaptive scaling

Possible changes in the operating conditions are taken
into account by means of the adaptive scaling coefficient
(see Eq. (17)). An example of the adaptation of the

Fig. 10. Schematic presentation of the stabilising-level control of the

fuel supply.
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Table 3

The tuning-parameter values used in the LE controllers applied for the sawdust feed and for the fuel oil flow rate control

High-level LE controller; sawdust feedrate (%)

LEC-FA-*

Description Eng.-units

CET (j) HET (j)

Cold-end temp. (1C) Hot-end temp. (1C)

Error Error change Initial error Error Error change Initial error

MV–TV eðkÞ � eðk � 1Þ leðkÞ MV–TV eðkÞ � eðk � 1Þ leðkÞ
MV 4min-ave

TV 30min-ave

MV 5min-ave

TV 30min-ave

lv NLMD Coeff NLMD NLMD Coeff NLMD Coeff Coeff Coeff NLMD Coeff Coeff

Input conversion

aiðrv > c1Þ +2 30 5 3.0 �0.5 32 6 30 2 3.0 �0.5 28 �2
biðrv > c1Þ +1 20 25 1.0 0.5 22 28 18 24 1.0 0.5 12 10

ci 0 0 0 0 0 0 0 0 0 0 0 0 0

aiðrv > c1Þ �1 �20 �5 �1.0 0.5 �22 �6 �22 �3 �1.0 0.5 �12 2

biðrv > c1Þ �2 �30 �25 �3.0 0.5 �32 28 �40 21 �3.0 0.5 �28 10

Input high limit (xhl) 30.0 3.0 32 30 3.0 28.0

Input low limit (xhl) �30.0 �3.0 �32 �35 �3.0 �28.0
letb=lehb �5/5 �5/5
Tuning point 20min-ave (?e) 30min-ave (?e)

Braking rate constant (bcjj) 0.5 0.5

Action direction (dij) �1 �1
Weight (wi) 0.3 0.7

Output conversion lv NLMD Coeff

aiðrv > c1Þ +2 0.5 �0.1
biðrv > c1Þ +1 0.15 0.05

ci 0 0 0

aiðrv > c1Þ �1 �0.15 0.1

biðrv > c1Þ �2 �0.5 0.05

Output high limit(uhl) 0.6

Output low limit (ull) �0.6
(Continued on next page)
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Input conversion

aiðrv > c1Þ +2 30 �2 3.0 �0.5 32 �6 30 �5.5 4.8 �0.9 30 �2.5
biðrv > c1Þ +1 13 11 1.0 0.5 14 12 10 6.5 1.5 0.6 12 12.5

ci 0 0 0 0 0 0 0 0 0 0 0 0 0

aiðrv > c1Þ �1 �13 �2 �1.0 0.5 �14 2 �12 5.0 �1.5 0.9 �15 3.0

biðrv > c1Þ �2 �30 �11 �3.0 0.5 �32 12 �35 5.0 �4.8 0.6 �35 9.0

Input high limit (xhl) 30.0 3.0 32 30 4.8 30.0

Input low limit (xhl) �30.0 �3.0 �32 �35 �4.8 �35.0
letb=lehb �5/5 �5/5
Tuning point 20min-ave (?e) 30min-ave (?e)

Braking rate constant (bcjj) 0.5 0.5

Action direction (dij) �1 �1
Weight (wi) 0.3 0.7

Output conversion lv NLMD Coeff

aiðrv > c1Þ +2 0.004 0.000

biðrv > c1Þ +1 0.001 5

ci 0 0 0.000

aiðrv > c1Þ �1 �0.001 7

biðrv > c1Þ �2 �0.004 0

0.000

5

0.000

7

Output high limit(uhl) 0.003

Output low limit (ull) �0.003

Table 3 (continued)

High-level LE controller; fuel oil flow rate (kg/s)

LEC-OIL-*

Description Eng.-units

CET (j) HET (j)

Cold-end temp. (1C) Hot-end temp. (1C)

Error Error change Initial error Error Error change Initial error

MV–TV eðkÞ � eðk � 1Þ leðkÞ MV–TV eðkÞ � eðk � 1Þ leðkÞ
MV 4min-ave

TV 30min-ave

MV 5min-ave

TV 30min-ave

lv NLMD Coeff NLMD NLMD Coeff NLMD Coeff Coeff Coeff NLMD Coeff Coeff
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scaling rate coefficient according to the process con-
ditions is presented in Figs. 15 and 16. Both figures are
based on a single three-variable LE (note: in the figures
one variable is assumed to be at its nominal value). The
production rate is the major variable used to describe
the loading state of the process (see Eq. (18)). Fig. 15
shows that the corrections made by the controller are at
their largest when the production rate is high, and vice
versa. This is because, at a high production rate, larger
control actions are required to correct the same
deviation in the controlled variable than at a low

production rate. The draught fan speed is the other
variable used to determine the loading state of the
process, i.e. the WP. The effect of the WP on scaling is
much weaker (see Fig. 16). The scaling down of the
control actions as the cumulative rate of the corrections
also increases is clearly demonstrated in Figs. 15 and 16.
This scaling is very important, because the effective
delay of the process is long.
The third tuning factor, the control power, is not

applied when determining the scaling rate coefficient of
the fuel oil flow controller. This is because the energy
content of the fuel oil does not change over time, and
hence the gain in fuel oil remains constant in this
respect. The situation is rather different in the case of
sawdust. Therefore, the control power factor is utilized
in the controller applied for sawdust. It is determined on
the basis of the consumption of burning air in the

Fig. 11. NLMD for the error, derivative of the error and initial error

of the hot-end temperature.

Fig. 12. Control surface of the basic LE controller of the sawdust feed

as a function of the error and the derivative of the error of the hot-end

temperature.

Fig. 13. Braking rate coefficient of the sawdust feed controller as a

function of the initial error and error of the hot-end temperature.

Fig. 14. Control surface modified by the braking rate coefficient as a

function of the error and the derivative of the error of the hot-end

temperature (braking rate coefficient is assumed to be 1).
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sawdust gasifier, which is related to the sawdust quality.
In practice, the factor is applied such that FB correc-
tions to the sawdust feedrate are scaled down when the
burning air consumption indicates that the quality of the
sawdust is high, and vice versa.

5.6. Constraint handling

On top of the LE controllers, structured natural
language rules and procedural reasoning are used to
check the status of the hot-end temperature and the
excess oxygen content of the flue gas at 10-min scan
interval. In the case of large deviations or fast changes in
the temperature or excess oxygen, the CH module is
activated to make appropriate stepwise corrections to
the fuel supply. Both the sawdust and fuel oil have their

own CH modules, which are enabled/disabled along
with the corresponding LE controllers.
Stepwise corrections are used to decrease the fuel

supply (often after severe disturbances) in order to
prevent extensive temperature excursions and to
guarantee protection of the kiln refractory linings from
excessive heat. Corrections that increase the fuel supply
are carried out in order to prevent a decline in the
temperature, e.g. due to rapid deterioration in sawdust
quality, down to the level at which substantial deteriora-
tion occurs in the lime quality. In general, the stepwise
changes carried out by the CH module are about 5–10
times larger than the corrections made by means of the
LE controllers. Reasonably large changes are used to
bring the process immediately back to within the safe
operating range. After each correction, the module is
blocked for a certain time in order to give the process
time to become stable after stepwise control actions. The
time lag depends on the cumulative amount of change
carried out by the module during the last few hours.
The CH module is also used to prevent the LE

controller from further increasing the fuel supply if the
excess oxygen content drops to too low a level. This is
done because, in a serious case, an insufficient amount
of burning air (indicated by the low level of excess
oxygen in the flue gas) leads to considerable energy
losses in the form of unburnt fuel, and also to an
increase in the risk of reduced sulphur emissions. The
LE controller is, however, returned to normal operation
when the excess oxygen comes back to within the safe
operating range.

5.7. Burnt lime quality optimisation module

Although the temperature in the hot-end of the kiln
especially and the quality of the burnt lime are closely
coupled, it is impossible to specify a constant tempera-
ture target that would guarantee optimal lime quality
over long-term operation. There are many factors that
influence the temperature readings, regardless of the
physical measurement principle used.
Burning of the fuel oil affects the shape and length of

the flame and therefore has a considerable influence on
the temperature measured by a thermometer mounted
on the front-wall of the kiln. Furthermore, more
secondary burning air, which is colder than the gas
coming from the gasifier, is pulled past the temperature
sensor, thus reducing the range of the temperature
readings. Therefore, when the heat energy obtained
from the sawdust is substituted by that from fuel oil, the
temperature target needs to be adjusted correspond-
ingly. The process conditions also have an impact on the
demand of the heat exposure and hence also on the
required temperature. Consequently, in order to ensure
a uniform, appropriate burnt lime quality, high-level

Fig. 15. Scaling coefficient as a function of the production rate and the

cumulative rate of the SP correction (draught fan speed is assumed to

be at the normal value).

Fig. 16. Scaling coefficient as a function of the draught fan speed and

the cumulative rate of the set point correction (production rate is

assumed to be at the normal value).
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adjustments to the target value of the temperature are
made by means of a top-level module.
The lime quality optimisation module replaces the

NN model, which was used in the pilot version of the
system for calculating the target value for the hot-end
temperature (J.arvensivu et al., 2001a). The module
determines the adjustments to the target value (TV)
according to the following principle:

riðkÞ ¼ TVCriðkÞ þHLAriðkÞ þ BCriðkÞ; ð27Þ

HLAriðkÞ ¼ HLAiðk � 1Þ þ DHLAuiðkÞ; ð28Þ

where riðkÞ is the new TV for the controlled variable, i

(in this case for the hot-end temperature). TVCriðkÞ is
the most recent output of the target value calculation
(TVC). TVCriðkÞ is calculated (with a 2-min scan
interval) on the basis of the 4-h moving average of the
production rate, and the 30-min moving average of the
fuel oil flowrate.
HLAriðkÞ is the high-level adjustment to the target

value. DHLAriðkÞ; which is the latest adjustment, is
determined on the basis of the most recent laboratory
analysis of the residual CaCO3 content, i.e. at about 8-h
scan intervals (see Fig. 17). This module also takes into
account any deviations between the target and measured
value during the inspected period. BCuiðkÞ is a bias
correction to the target value, which can be adjusted
manually by the operators.
Before the new TV is adopted by the high-level

control module, it is checked with respect to the range

for the acceptable target values. The low and high
boundaries for the target value of the hot-end tempera-
ture applied in the current version of the system are
5401C and 6601C, respectively.

5.8. User interface of the system

The user interface of the system consists of a graphical
user interface (GUI), implemented using the standard
functionality of the automation system, and an en-
hanced supervision system implemented by using MS
Visual Basic and Excel.
The standard GUI allows the users to monitor the

operation of the process on the basis of the current
values of the measurements, and to carry out routine
manoeuvres. For instance, the operators use it when
they make manual adjustments to the kiln production
and/or the target values. Furthermore, it provides a
display simultaneously showing the status of all the
high-level controllers. The display is used when a single
controller is switched on or turned off, and for
disconnecting the entire system, e.g. due to scheduled
maintenance.
The supervision system provides both the engineers

and kiln operators with complementary information
about the performance of the control system and the
operational conditions in the process. The operators can
utilise the supervisory system, e.g. when they are
monitoring the responses of the system during pending
changes in the production rate, and especially if they
want to keep an eye on the corrective actions of the
system during disturbances, and subsequently during
return to the normal operation. The users can also
utilize the system for proactively detecting detrimental
process conditions, such as blockage of the filter cloth,
and for resolving critical problems before they disturb
the productivity, and/or threaten product quality or the
environment.
Examples of informative trend charts and scatter

plots accessible through the supervision system are
presented in Fig. 18. As illustrated in the examples, the
target values, dynamically calculated boundaries and
preset limits are shown next to the measured values.
Trends are available for both short and extended
periods. The short trends (i.e. during the past 16 h),
which are based on two-minute moving-average values,
are intended for supervising the relatively fast changes
occurring in the process, such as fluctuation in the
temperatures. The extended trends (i.e. over the last
72 h), which are based on one-hour moving average
values and updated every 20min, are useful for super-
vising the gradual changes that occur in the process. In
the scatter plots, the current measurements are pre-
sented together with the recent and extended history.
The extended history of the measurements, i.e. two-

hour moving average value over the last 30 days, is

Fig. 17. High-level adjustments to the target value of the hot-end

temperature as a function of the production rate, burning rate of the

fuel oil and residual CaCO3 content of the burnt lime.
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shown in grey in the background of the plot. The recent
history, i.e. 2-min average values during the last 24-h
and the last 4-h periods, are presented in blue and red,
respectively. The recent measurement is shown in the
front of the history values as an enlarged red point
surrounded by a black circle.
A special radar chart is also presented for supervision

of the loading state of the process (see Fig. 18). In the
radar chart, each variable used to indicate the loading
state is presented on its own axis radiating from the
centre point. The points near the centre of the radar
stand for the low load, and the points far away from the
centre indicate excessive load with reference to the
specific variable.

6. Results

The system described in this paper was connected
on-line for the first time at the beginning of May 2000,
after a design, development and encoding phase
lasting for about five months. After the testing and
fine-tuning period (5/00–8/00), the ability of the system
to control the lime reburning process under varying
operational conditions was verified on basis of the
collected data. The lime mud feedrate, amount of

limestone fed into the kiln and feed storage level
during an operational period of over three months
(01.08.2001–08.11.2001) are presented in Fig. 19. The
figure indicates that the kiln process has been operated
for extended periods at a rate of more than 36 t/h, which
has been more or less the upper limit during manual
operation. It also shows that the storage level has
consequently been maintained well below the high limit
throughout the entire period. If the level rises above the
high limit, then the uneconomical old kiln #1 has to be
taken into operation, which is of course an undesirable
situation.
The hot-end temperature, residual CaCO3 content of

the burnt lime and the average runtime of the high-level
controllers are presented in Fig. 20. The temperature has
remained within the target value of 73%, except for
some sporadic points. Consequently, during the period
after implementation of the latest version of the fuel
control (i.e. both sawdust and fuel oil simultaneously in
the closed-loop mode), the residual CaCO3 content has
been maintained for most of the time between 1.5% and
4.0%, which is an adequate range from the point of view
of both energy consumption and burnt lime quality.
Histograms of the residual CaCO3 content during
manual operation (1/97–4/97), and after completion of
the latest version of the fuel control, are presented in

Fig. 18. Example of the supervision system’s user interface: (1) production rate, (2) draught fan speed, (3) sawdust feed rate, (4) hot-end temperature,

(5) energy consumption, (6) kiln load radar chart (variables in the radar chart are: kiln load, cold-end pressure, LMD temperature, draught fan speed,

TRS emissions, and excess oxygen content of flue gas).
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Fig. 21. According to the statistics, the proportion of
values between 1.5% and 4.0% has increased by more
than 25%-units (from 59% to 75%). Correspondingly,
the proportion of values above 5.5% and below 1.0%
has been reduced by approximately roughly 20% and
more than 85%, respectively.
In order to obtain a more detailed view of the

dynamic performance of the system, especially during
transient conditions and after severe disturbances, a
100-h period (marked with a dashed line in Figs. 19 and
20) is illustrated in Figs. 22 and 23. The example period
intentionally includes a considerable disturbance in the
process caused by a short-term stop in kiln rotation in
order to repair the conveyor after the kiln. It also
includes change in the fuel mixture and a 30-h period
with gradual changes in the production rate.
Fig. 22 presents the production rate and cumulative

runtime of the controllers (upper chart), and the draught
fan speed and kiln rotational speed (lower chart), during
the example period. The hot-end temperature and
residual CaCO3 content (upper chart), and the sawdust
feedrate and fuel oil flowrate (lower chart), are shown in
Fig. 23. The continuous lines in the figures represent the
actual SP of the manipulated variable, while the dashed

Fig. 19. Production rate (above) and feed storage level (below) during

a three-month operating period.

Fig. 20. Hot-end temperature (above), residual CaCO3 content of the

burnt lime (middle), and the runtime of the controllers (below), during

the examined period.

Fig. 21. Residual CaCO3 content of the lime during manual operation

(above) and after implementation of the latest version of the fuel

control (below).
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lines show the output of the FFM module (see Eq. (21)).
The difference between the continuous and dashed line
corresponds to the corrections made by either the SC or
the CH module (see Eq. (22)).
Changes in the fuel mixture are marked with f1–f4 in

the lower chart in Fig. 23, which shows how the sawdust
feedrate has been altered by the system when the
burning of fuel oil has been turned on or off by the
operators. During the examined period, only one cycle
with a markedly large deviation in the temperature was
recorded. It occurred after a severe disturbance caused
by stopping the kiln rotation. However, the temperature
stabilised relatively rapidly when the fuel control was
turned on. Furthermore, the temperature has been
sufficiently stable within a range of about 715–201C
during the pending production rate change and changes
in the fuel mixture, which verifies the ability of the
system to handle transient conditions.
Fig. 24 illustrates the period after the interruption in

kiln rotation in more detail at the 2-min average level
(see also Fig. 5). The figure shows how the system
responded to a rapid decline in the temperature by a
relatively large increase in the fuel oil flowrate, i.e. an
increase of over 0.03 kg/s in o1 h (see interval between
points 1 and 2). As a result of the increase in the fuel oil
flowrate, which raised the heat energy supply by nearly
5%, together with a stepwise decrease in the draught fan

Fig. 22. Production rate and cumulative runtime of the high-level

controllers (above) and the draught fan speed and kiln rotational speed

(below) during a 4-days operating period.

Fig. 23. Hot-end temperature and residual CaCO3 content (above),

and sawdust feedrate and fuel oil flowrate (below), during a 4-day

operating period.

Fig. 24. Example of a change in the fuel mixture; hot-end temperature

and excess oxygen (above), and sawdust feedrate and fuel oil flowrate

(below), during the transfer period.
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speed implemented by the CH module (see Fig. 22,
lower chart), the system was able to eliminate the decline
in the temperature. After the turning point (point 2 in
Fig. 24) the fuel oil flowrate increased only slightly and,
after point 3, the system no longer increased the
flowrate. The braking action has been effectively in use
between the points 2 and 3, and increased the effect of
the change in the error and diminished the influence of
the error. In addition, the scaling based on the
cumulative change in the fuel supply limited the further
increase in the fuel supply.
As illustrated in Fig. 24, both the predictive braking

action and adaptive scaling played a decisive role in
stabilising the process after the temperature excursion.
The fast response to the decline in temperature, and the
success in maintaining the temperature within the target
range after the excursion, demonstrate the system’s
ability to handle severe disturbances and to track the
target value after a large deviation in the controlled
variable.
A period that include a change in the fuel mixture

(marked with f3 in Fig. 23) is presented in Fig. 25. The
figure illustrates how the sawdust feedrate was immedi-
ately raised by the system from 44% to 54% when fuel
oil burning was turned off by the operators. As shown in
the figure, the temperature was under full control, and
the excess oxygen content of the flue gas maintained
above 2%, which is essential in order to ensure a low

emission level (note: during manual operation, changes
in the fuel mixture often caused serious disturbances in
the process). The figure also shows that the changes in
the fuel supply implemented by means of the FFM and
CH are much larger than the corrections made by the
SC module, which explicates the importance of the FF
control structure and the constraint handling capabil-
ities, in addition to the efficient FB control structure.

7. Discussion and conclusions

Substantial non-linearities, combined with the long
delay times inherent in many industrial processes, set
special requirements on the operation of high-level
controllers. In addition, adaptation to the forthcoming
changes in operating conditions is an essential require-
ment for control systems. Adaptation based on sophis-
ticated self-tuning algorithms is, however, seldom
utilised in industrial applications because these compli-
cated and theoretically perfect algorithms are usually
sensitive to process noise and unpredictable dis-
turbances. Consequently, understanding the wide range
of operating conditions and their consequences on the
behaviour of the process is, in many cases, critical for
the successful implementation and tuning of high-level
control systems.
A control structure that combines both feedforward

(FF) control models and high-level feedback (FB)
controllers, strengthened with certain capabilities for
adaptation and constraint handling, was developed and
tested in a demanding rotary kiln control application.
The advantage of combining both FF and FB control
approaches over pure FB control is that the FF
component does not have to wait for the influence of
load disturbance (such as a change in the production
rate) to appear in the controlled variables before it can
carry out the required control actions.
The FF control part of the system is founded on the

MISO type of steady-state models that are based on the
linguistic equations (LEs) approach. These non-linear
models rely on predetermined relationships that are
primarily obtained from the large amount of process
data. The directions and strengths of the inputs in the
self-explanatory LE models can be understood on the
basis of process expertise, which was also the primary
reason why the neural network (NN) models applied in
the earlier versions of the system were replaced by the
LE models. Moreover, the maintainability of the LE
models is enhanced compared with that of the NN
models.
The FB part of the system is based on a multilevel

adaptive LE controller structure. In the controller, a
basic MISO type of LE controller, which is compatible
with fuzzy logic controllers, is integrated with the
predictive braking action and adaptive scaling of the

Fig. 25. Example of a change in the fuel mixture; hot-end temperature

and excess oxygen (above), and sawdust feedrate and fuel oil flowrate

(below) during the transfer period.

M. J .arvensivu et al. / Engineering Applications of Artificial Intelligence 14 (2001) 629–653 651



calculated correction. The braking actions are closely
linked to the predictive switching control, whereas the
scaling of the control actions based on the operating
conditions extends the operation to adaptive fuzzy
control. The non-linearities and asymmetries inherent
in the process are taken into account by means of the
non-linear membership definitions (NLMD).
All these properties are combined in the same

controller structure. It therefore operates smoothly over
a broad operational area, since switching between the
special modes of the operation and adaptation of the
magnitude of the corrective actions are performed
simultaneously and gradually in accordance with the
varying operating conditions. Improved dynamic per-
formance of the process also provides a basis for
reducing the safety margins and, consequently, also for
determining the most advantageous target values for the
controlled variables. The gradual changes in the targets
provided by the process optimisation module are
beneficial for operation of the LE controllers.
The base of the developed control system (i.e. the core

of the system structure, FF models and FB controllers)
has been implemented in a compact form by utilising an
object-oriented (OO) programming approach that pro-
motes both the maintainability and expansionability of
the developed system. It also enables moderately easy
deployment of the functionality described in this paper
to other similar types of control application. The
constraint handling and process optimisation modules,
which are currently based on structured natural
language rules and procedural reasoning, should, how-
ever, be also packaged in an OO framework in order to
make implementation of this part of the system more
straightforward.
The developed system, which is the first industrial

application of the multilevel adaptive high-level con-
troller based on the LE approach, has been successfully
operated at the Wisaforest pulp mill. During an
extended testing period, over 95% of closed-loop
control of the plant’s available running time was
achieved. The results obtained during the test period
demonstrate the system’s ability to handle transient
conditions and constraints, and to maintain controlled
variables close to their target values despite disturbances
and gradual changes.
The operational benefits provided by the system are

also considerable. ‘‘Overburning’’ of the lime has been
reduced; a significant decline in the proportion of the
residual CaCO3 content of below 1.0% compared with
the corresponding value during the manual operation.
In addition, a reduction in ‘‘underburning’’ has been
attained, and the overall variation in product quality has
been reduced. The reduced variation in the lime quality
also improves downstream process efficiency. However,
the testing period was too short to obtain a precise
estimate of the operation of the recausticising process.

In addition, temperature excursions in the hot-end of
the kiln were uncommon during the test period. This has
reduced the thermal stress and an increase in the
refractory life can therefore be expected.
Periodic maintenance of the system and the major

measurements connected to it will, however, be essential
in order to guarantee proper functioning of the
implemented control system in the future.
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