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Lambda probe Instrument used for oxygen measurements 
Pyrolysis Process where combustible gases leaves the fuel 
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1 Introduction 

1.1 Aim 

The aim of this thesis is to develop the knowledge about nonlinear and/or adaptive 
solid fuel boiler control. The aim is also to make a study of implemented and 
published control strategies. Finally, the aim is to use one control strategy in a 
simulated environment to enhance the control of a real solid fuel boiler, Idbäcken in 
Nyköping. In order to do that, the following questions must be answered: 
 

1. Are there known nonlinear and/or adaptive control strategies that are being 
used/have been used and are they giving satisfying results? 

2. To enhance the existing control system, is it possible to replace parts of the 
system or the whole system with a nonlinear and/or adaptive control system? 

 
To answer the first question, a study of published papers will be carried out and an 
overview of existing nonlinear and adaptive control strategies will also be presented. 
This study will be the base for deciding which strategy to use when answering the 
second question. When it comes to the second question, the work is divided into five 
steps. 
 

1. The existing control system will be modeled to find out how good it is. 
2. The actual process will be modeled. 
3. If the process model is good enough, the model will be used in the control 

system. 
4. The model-based control system will be compared to the existing control 

system. 
5. The model-based control system will be validated using simulated data. 

1.2 Method 

In the study of previous work, papers from the IEEE Xplore scientific database was 
used together with internal documents at VUAB and industry specific research reports. 
 
The models were created with the help of Matlab, and especially by using the System 
Identification toolbox, the Neural Networks toolbox and Simulink.  

1.3 Vattenfall Utveckling AB, VUAB 

VUAB is the research and development company in the Vattenfall group. It is seated 
in Älvkarleby, Sweden. The automatic control unit of the company is interested in 
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evaluating if advanced control concepts are useful in the Vattenfall furnaces. The 
reason for this is economic and environmental demands. 

1.4 Project owner 

Svante Gunnarsson at the Division of Automatic Control is the project owner at 
Linköping University. Supervisor is Ingela Lind. Project owner and supervisor at 
VUAB is Mikael Svensson. 
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2 Overview – solid fuel boiler 
A solid fuel boiler furnace consists of a fuel intake system, a furnace and a flue gas 
duct. The fuel is transported into the furnace by the intake system, e.g. a screw. The 
first step of the combustion process is drying. All fuels are more or less wet and all of 
the water must be removed before the actual combustion may begin. The next step of 
the process is the pyrolysis where the fuel changes from solid state to gas state and the 
char is left in the bottom of the furnace. The third step is the combustion that takes 
place in two main areas; the char combustion takes place in the fuel bed and the 
combustion gas burning in the higher areas of the furnace. Primary air is added from 
below and secondary air is added from the furnace walls. The primary air is used both 
in the drying process and in the char combustion. The purpose of the secondary air is 
to enable the combustion of the gases. The wastes from the combustion are the flue 
gases and ashes. The hot flue gases pass through heat exchangers and over-heaters in 
order for the water to evaporate. The water vapor is a high-pressure product that may 
be used to generate electricity via a turbine. To control the combustion temperature, 
some of the cold flue gases may be fed back to the furnace and mixed with the 
primary air. The temperature of the bed is several hundred degrees Celsius while the 
flue gases coming from the heat exchange process are approximately one hundred 
degrees Celsius warm. 
 
One of the challenges in boiler control is to keep emissions of NOx and CO as low as 
possible. Too much air in the combustion process generates higher values of NOx 
while lack of air causes CO values to rise. The temperature of the combustion also has 
an effect on the emissions. The fine for excess NOx emissions is higher than for CO 
emissions, therefore the air-flow is often kept slightly lower than optimal in order not 
to risk high NOx emissions. Another challenge is to compensate for variations in fuel 
moisture. The calorific value of the fuel is fairly stable, but wet fuel consumes energy 
in order to dry. The practical effect of moisture variations is therefore variations in 
calorific value. 

2.1 Grate furnace 

In a grate furnace, the combustion takes place on an inclined flat surface, the grate. 
The grate can be fixed, which means that the fuel is pushed out on the grate and 
transported downward by gravity. The grate can also be partially moving or shaking to 
facilitate fuel transport. As seen in Figure 2.1, the three combustion phases overlap 
each other. Fuel is fed from the left, hopefully evenly distributed in width as well as in 
height. Primary air is pressed through the grate and the fuel bed, enabling the drying 
and the combustion. After the combustion, the ashes leave the grate to the right. A 
challenge is to control the fuel bed distribution for optimal combustion. If “holes” are 
created in the bed, air flows right through causing uneven gas distribution throughout 
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the furnace. Poor combustion conditions also generate coatings on the grate, which 
change control conditions. 

 

Figure 2.1 The figure shows the inclined flat surface in a grate furnace. The three phases 
of the combustion are marked. 

2.2 Fluidized bed boiler 

There are two kinds of fluidized bed boilers, bubbling (BFB) and circulating (CFB). 
Fuel is mixed together with sand in a combustion bowl. When air is added from 
below, sand and fuel are set in motion and the contents of the bowl may be described 
as a fluid. Since the fuel is moving around, an even fuel distribution and bed 
temperature is assumed. All three combustion phases continuously take place in the 
fluidized bed, and there are no specific zones for drying or evaporation. Discontinuous 
fuel transportation is just the same problem in a fluidized bed boiler as in a grate 
furnace. 

2.3 Idbäcken 

The studied furnace Idbäcken in Nyköping is a BFB boiler. As seen in figure 2.2 
below there are two fuel screws feeding the fuel into the furnace. From the bottom of 
the fireplace primary gas is added. The gas consists of fresh air and recirculated flue 
gases. Secondary and over fire air (OFA) is provided from the furnace walls and the 
hot flue gases pass through three over-heaters (OH1-3) and three economizers (Eco). 
They also pass through different filters to reduce emissions, e.g. catalyst and 
electrostatic filter and finally through a flue gas condenser. The primary air is pre 
heated by the flue gases. Several PI(D) controllers are used to control Idbäcken, see 
appendix A, and the process is rigorously monitored. Because of the comparatively 
modern and advanced control paired with the extensive data collection possibilities, 
the Idbäcken furnace is a favorable choice for the purposes of this thesis. 
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Figure 2.2 Overview of the BFB furnace Idbäcken in Nyköping. Air and fuel intake are 
marked as well as the different filters and heat exchange systems. 

2.4 Solid fuel boiler control problems 

2.4.1 Nonlinearities 

Saturations in dampers and signals are obvious non-linear phenomena in furnaces. For 
example, the flue gas recirculation used to decrease bed temperature has an upper and 
lower bound. The lower bound is zero, i.e. when the recirculation is turned off, bed 
temperature may continue so sink. The optimal combustion temperature may also vary 
due to shifting fuel properties and changing load. The variation in fuel distribution is 
another signal that may be regarded as non-linear with respect to moisture. 

2.4.2 Difficulties in measurement and control 

Fuel quality is given by moisture and calorific value. Moisture is not continuously 
measured in the existing control systems. Instead, the furnace control is adjusted to 
have reasonable performance in a moisture interval. The means to keep fuel moisture 
in the desired interval is to mix fuels with different moisture, e.g. demolition wood 
chips and ordinary wood chips. To determine fuel moisture, experience is a common 
tool while in some plants moisture is measured in each fuel delivery. One strategy to 
compensate for variations in fuel moisture is to use feedback of cold flue gases. Since 
the feedback never can be smaller than zero, temperature will continue to fall when 
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the fuel becomes too moist. This causes the delivered power to fall as well. Tests have 
shown that increasing the speed of the grate movements or increasing the flow of 
primary air in the grate furnace fuel bed, will not affect the temperature upwards, see 
[1]. Those are the control signals available today. There are methods to monitor the 
fuel moisture online, but none is so far implemented in an actual plant [2]. 
 
Fuel flow is affected by density and distribution, but fuel mass-flow is not monitored 
today. Variations in fuel flow have a major impact on the air to fuel ratio, and the 
variations cause increased levels of harmful emissions and decrease in power delivery. 
Discontinuous fuel transportation may result in oscillations that propagate through out 
the entire system [3]. 
 
Air-flow and fuel-flow are controlled to match each other aiming at optimal 
combustion conditions. The inlet air temperature may vary, but is not considered a 
major problem, and therefore no compensation is performed. The temperature is 
varying slowly compared to other combustion variations. 
 
Today the oxygen content (O2) of the flue gases is often measured at the end of the 
flue gas duct. The measurements are used to calculate the emissions of CO and NOx. 
There is a considerable time delay in the flue gas duct and therefore monitoring closer 
to the actual combustion is desirable. Tests have been carried out using a heatproof 
lambda probe inside the furnace [4]. The lambda probe is cheaper and much faster 
than conventional instruments and would substantially reduce the delay. 
 
The fuel bed temperature is not measured in grate furnaces today, but in fluidized bed 
boilers it is. Both IR detection [1] and image analysis via camera monitoring [5] have 
been tested to measure the bed temperature and the flame front position. In some grate 
furnaces bed temperature is measured but only for the sake of research and not for 
control. 

2.4.3 Disturbances 

Fuel moisture, fuel flow variations and inlet air temperature are considered as 
disturbances. Also grate coating is problematic and changes control conditions. In all 
control systems, measurements are more or less noisy and that is always an important 
disturbance. 

2.5 Control at Idbäcken 

2.5.1 Fuel control 

The aim of the fuel control is to keep the steam pressure at the desired level, which is 
fairly constant.  Since the load is varying, the control system must adjust the fuel feed 
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rate to match the changes. The first step in that process is to monitor the furnace and 
use the information in the control system. The signals monitored are steam pressure 
and temperature, produced power and oxygen content in the flue gases. These signals 
are fed into the controllers together with the demanded pressure signal, see Figure 2.3. 
The controllers deliver the control signals, and they are in turn used to build up the 
fuel screw frequency control signal. The control signals are over-heated steam 
pressure, O2, power and over-heated steam temperature left, right and total. The task 
of the oxygen controller is to keep the air/fuel ratio constant by adjusting the fuel flow. 
 

 

Figure 2.3 The fuel control system. The controllers use monitored signals from the boiler 
and the desired pressure to create the control signals. There are also different 
kinds of noise and delays added in the process. 

The control signals are disturbed before they reach the boiler. The most important 
disturbance is the varying density and moisture of the fuel. The speed of the screws 
decides the amount of fuel fed into the furnace per time unit, but if the density varies 
the actual amount of fuel will not correspond to the demand. When the moisture 
varies, the calorific value of the fuel will vary. This is of course a problem since the 
furnace will not behave in the desired manner. 
 
The sensors are not perfect and therefore the monitored signals are disturbed by 
measurement noise. This is of course a problem since the information provided is not 
accurate. Because of sensor dynamics and signal transmission, there will also be a 
time delay. Since the oxygen sensors are slow and placed in the flue gas duct, the 
measurements will be delayed. This means that the oxygen controller must use old 
information in the control, which could be bad for the control if there for example are 
rapid changes in the fuel flow. Then the oxygen content will deviate from the desired 
level for some time before the controller is presented with the information. 
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2.5.2 Air control 

The aim of the air control is to provide the optimal amount of air needed for the 
combustion and to keep the combustion temperature stable. It is based on the desired 
bed temperature, which is almost constant. The monitored signals are primary, 
secondary, over fire (OFA) and total air-flow, flue gas recirculation flow and bed 
temperature. The four controllers use these signals along with the desired bed 
temperature to create four control signals. The signals are primary air-flow, secondary 
air-flow, total air-flow and bed temperature. 

 

Figure 2.4 The air control system. The controllers use monitored signals from the boiler 
and the desired bed temperature to create the control signals. There are also 
different kinds of noise and delays added in the process. 

All of these directly control parts of the boiler system, but they are also added to form 
the total air control signal, see Figure 2.4. The ratio between the use of fresh air and 
re-circulated flue gas is used to control the bed temperature. 
 
There are some substantial nonlinearities in the air control system, mostly saturations 
in dampers and signals. One example is the flue gas recirculation used to decrease bed 
temperature. When the temperature decreases and the recirculation is zero, the control 
system will not be able to compensate for the decrease. 

2.5.3 Control dependencies 

Air and fuel control are closely related as can be seen in appendix A. The master 
signal created from the power and pressure control signals is the base for all other set 
points except for the bed temperature controller. This is the reason for the closely 
correlated control signals as will be discussed later. 

2.5.4 Non-minimum phase 

If the load increases, the response from the control system is to feed more fuel into the 
furnace and thereby increase the produced power. The large amount of cold and wet 
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fuel will cause the bed temperature to drop, which in turn results in decreased 
produced power. This is the opposite of the desired scenario and it will take some time 
before the temperature rises again. Eventually the large amount of fuel will start to 
burn causing the temperature to rise and the produced power reach the desired level. 
The theoretic reason for this behavior is that the system has zeros in the right half 
plane (in the continuous case). In control theory, this is known as a non-minimum 
phase system. A solid fuel furnace is such a system. 
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3 Some modeling and control strategies 
The first two parts of the chapter presents some different advanced modeling and 
control strategies. The third part is a discussion of the direction of the rest of the work 
based on the first two parts and the demands of the project owner. 

3.1 Modeling 

System identification is performed to fit a model to the system. The identification is 
carried out with the help of measured system inputs and outputs. For example, a 
parameterized mathematical model is then optimized and the goal is to resemble the 
outputs as well as possible when given the inputs. The model can also be identified 
online at regular time intervals to adapt to the current operating area. Previous work 
has shown poor results on linear system identification of a grate furnace [6] but the 
adaptive approach was not tested. Using some kind of model-based control strategy 
demands a higher computational capacity compared to for example gain scheduling. 
 
An Artificial Neural Network (ANN) can be used to model both parts of the boiler 
system or the complete boiler. An ANN may be trained with the help of measured data 
from the boiler process and can then be used in a control system. It is also possible to 
train the ANN online and update the parameters continuously to keep the performance 
within some quality measure. Creating an ANN is nothing but a nonlinear system 
identification process, resulting in a nonlinear model. The advantage of such a model 
is that it is able to explain the nonlinear behavior of the system. A disadvantage is that 
it is trained and updated numerically which makes it almost impossible to guarantee 
that an optimal solution is found. It is also problematic to make sure that the controlled 
system is stable since the characteristics for the nonlinear model is only known within 
the tested data ranges. As with linear models, the ANN can be used in model-based 
control systems and the computational power needed is at the same level as in the 
linear case. An O2 content estimator based on an ANN has been constructed and tested 
in a petrochemical boiler [9] with good result, and there are several controllers based 
on ANN used for boiler control [10], [11]. 
 
Fuzzy logic is a simple nonlinear method using a set of statements concerning the 
system behavior. The statements are weighted and according to the state of the process 
they are given different significance. The sum of the weighted statements constitutes 
the control output. The statements are based on knowledge and experience and the 
method can be applied to any kind of system. The computational challenge is 
comparatively small. If the statements are erroneous the control will fail. [7] 
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3.1.1 Grey- and black box models 

Almost always there is knowledge about limitations and properties in the system that 
is to be controlled. This information may be used in the system identification process 
and the result is then called a grey box model. A black box model is created without 
any knowledge about the physical relations in the system. Solid fuel boilers are well-
documented systems and therefore it is possible to use grey box models in the system 
identification. This has been tested [6], [12] with partially good results. The benefit of 
a grey box model is that the unknown part of the system is minimized and the idea is 
that the complete model should be more correct.  

3.2 Control 

A nonlinear system may be near linear in different operating areas. This could be used 
to control the system with different linear controllers in different operating areas. For 
example, a common PID controller can be used with different parameter sets. Linear 
interpolation may be used to combine the different sets of parameters. It is also 
possible to update the parameters online at each sample interval. A simple form of 
gain scheduling is used in the Idbäcken furnace. The PI controller for the steam 
pressure has two sets of parameters and the current difference between set point and 
process value determines which one to use. To enhance the gain scheduling, system 
knowledge is critical. If the system is well known, and suited for gain scheduling, the 
approach is easy to implement and demands no advanced technology. 
 
Prediction-based control is used to predict future system states. A method used in the 
industry today is Model Predictive Control (MPC). The method uses the current 
system state, the current control signals and a model of the system to calculate future 
control signals. The method operates in discrete time and a quadratic criterion with a 
finite number of terms is optimized at every new control signal value. Therefore it is 
computationally heavy, but has shown good results when used in systems with control 
signal limits. It is common in systems with large time constants since the calculations 
are performed online and the computer performance is the limit. [7], [8] 
 
An Extended Kalman Filter (EKF) is a part of a nonlinear observer, see Figure 3.1. 
The observer approach is used when the system states cannot be measured. Instead, 
the observer measures the control signals together with the system outputs and the 
states are estimated using a system model. A good model is critical. Then a 
linearization is performed and a time variable Kalman filter is calculated. The EKF is 
used to compensate for the error made in the state estimates. The use of an EKF is a 
high-level control approach. It may be difficult to guarantee stability in the system 
because of the use of a nonlinear state feedback and a nonlinear observer.  [8] 
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Figure 3.1 A block diagram of feedback from reconstructed states. 

Nonlinear Internal Model Control (IMC) is a good method to avoid reset windup when 
the system contains saturated control signals [8]. IMC is based on a system model that 
is given the same input as the actual system, see Figure 3.2. The difference between 
the model output and the system output is used as set point deviation in the controller. 
Nonlinear IMC takes into consideration that the control signal is limited. The 
advantage is that the integral effect of the controller is turned off when the control 
signal reaches the limit. Thereby reset windup is avoided. 
 

Figure 3.2 A block diagram of Internal Model Control, (IMC). 

Quota control is a nonlinear strategy that is common in combustion control [7]. The 
quota between two physical variables is the base for the control and the aim is to keep 
the quota constant. The two variables are separately controlled but the output of one of 
the control loops could for example serve as a variable gain for the set point of the 
other loop. The computational demand is low since the only task is to calculate the 
quota between two variables. 
 
There are more nonlinear control strategies, e.g. optimal control (mainly used for set-
point generation), exact linearization, genetic algorithms, and min/max selection 
control. These are not further discussed here. Their connection to furnace control was 
regarded low. 
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3.3 Control strategy selection 

To be able to enhance the control of a system, there must exist a potential for 
improvement. A system with large disturbances and unknown system dynamics is 
hard to control in a good way. To decide the potential for improved control, analysis 
must be performed to find out the condition of the current control system. This 
analysis must be performed before a new control strategy is tested. 
 
An interesting approach is linear system identification. Despite the fact that the system 
is nonlinear, a linear model might be good enough for model-based control. A linear 
model is often easier to interpret in terms of physical system characteristics than a 
nonlinear. In this thesis, this approach will be the first to be tested. 
 
Depending on the result from the system identification, a linear model of the system 
may be used in a Model Predictive Control (MPC) strategy. The method results in a 
nonlinear controller even though the model is linear. 
 
Solid fuel boilers are relatively slow and nonlinear processes. The control system must 
be able to handle changes in load and stationary operation at different load. On top of 
this, major disturbances originating from varying fuel moisture and uneven fuel 
distribution constantly occur. The existing control system of the Idbäcken furnace is 
based exclusively on PID controllers. Therefore, a natural choice of control strategy 
would be gain scheduling. The aim of the gain scheduling is to decide the controller 
parameters at different operating conditions with the help of some method, and then 
use the different parameter sets in accordance with the changing conditions. It is also 
possible to perform linear interpolation between the different parameter sets. The 
linear model may be used as a base for deciding the parameters, in the case of a good 
linear system identification result. 
 
Finally a nonlinear method may be tested. If there exists a potential for improved 
control and the results from the linear attempts above is not so promising, an Artificial 
Neural Network (ANN) may be trained. To perform the ANN training, no process 
knowledge is needed. That is both the benefit and the disadvantage of the ANN. It is 
easy to construct the model, but is almost impossible to analytically show that the 
result is optimal. Often no process knowledge is gained when training an ANN. 
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4 Literature survey 
This is a study of results concerning boiler control. In chapter 1.1, the following 
question was raised: 
 

Are there known nonlinear and/or adaptive control strategies that are being 
used/have been used and are they giving satisfying results? 
 

If there are some promising results to be found, that information could be useful in the 
rest of this work.  
 
In the study of previous work, the IEEE Xplore scientific database was used. The 
string “boiler control” was used for searching and then an ocular inspection of titles 
and abstracts was performed. Words of interest were for example “adaptive”, 
”nonlinear”, ”GPC”, ”neural network”, ”fuzzy logic”. Those words are related to 
advanced control strategies. The resulting papers were then examined to find out if 
they may be useful in this project. Some of the papers examined have not been 
published on IEEE, but the project owner recommended them. 
 
The papers may be divided into two main groups; those investigating artificial neural 
networks and others. When neural networks are involved, they are used as nonlinear 
models of some complex system. In some of the papers, a grey-box approach is used. 
The neural networks are also used in systems with online learning, i.e. the control 
system recognizes the changed conditions and adapts to the new situation. The neural 
networks are used because of their capability to catch nonlinear system characteristics 
and also to predict internal system behavior. 
  
The rest of the examined papers handle tuning methods for PID controllers, Model-
based Predictive Control (MPC) and different types of advanced controller design 
concepts. One strategy is also to use fuzzy logic to model the system and then tune a 
PID controller online. 

4.1 Results from previous studies 

The self-tuning PID controller discussed in [13] is interesting since fuzzy logic is used 
to describe the system. A look-up table is constructed with the help of fuzzy logic 
system rules. The table contains values of a parameter in relation to the set point 
deviation of the system and the rate of change of the deviation. The parameter value is 
then used to update the value of the PID-parameters. This makes the PID controller 
adaptive to changes in control conditions. No accurate system model is needed; 
instead the knowledge and experience of the plant operators and control engineers are 
used. The simulation results of the experiment show good performance compared to a 
standard PID controller. The overshoot is smaller and the disturbances caused by the 
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controller are also smaller. This approach is possible to apply to the complete system 
or to sub systems and it is computationally light compared to model-based predictive 
control. In the article, the controller is applied to a sub system of a power generating 
plant. 
 
In [14] several Multi Input Multi Output (MIMO) PID tuning methods are described. 
The methods are divided into parametric and non-parametric methods. A nonlinear 
model of an industrial boiler is used to simulate a real system and the different 
methods are evaluated. The methods differ in stability, sensitivity and robustness. The 
traditional strategy is to tune every single PID controller separately. Then the risk of 
detuning a previous control loop when tuning the next is obvious. If a MIMO tuning 
method is used, the result will be a compromise between all control loops. There was 
no comparison to single control loop tuning. The disadvantage of this method is that 
the system must be well known. These methods are interesting since the control 
system at Idbäcken consists of several PI(D) controllers that are today tuned 
separately. 
 
The paper [15] discusses the use of H∞ optimization approach. A robust controller is 
designed using H∞ loop shaping. The resulting controller is then reduced to a PI 
approximation. In comparison to the original PI controller, the new robust controller is 
faster and more exact. The original controller is controlling a subsystem of a real 
boiler and the simulation is performed using collected process data. The results are 
interesting since the control system at Idbäcken is decentralized and consists of several 
PID controllers. Using this controller design method, the control system robustness 
may be improved. 
 
Generalized Predictive Control (GPC) and Model-based Predictive Control (MPC) are 
methods used to predict the future behavior of the system or parts of the system. In the 
paper [16] a multi-model GPC algorithm is used. Before running the system, several 
fixed models are estimated at different operating points. When running the system, on-
line identification is used to continuously estimate a model. The model that gives the 
best performance at each instant is used, sometimes a fixed model and sometimes the 
on-line estimated model. The model is used to predict future behavior of the system 
and to use the information to enhance controller behavior. The results are positive and 
the controller is both robust and adaptive. Compared to the original PID controller the 
GPC method is much faster and has just a fraction of the original overshoot. The 
original PID is a part of the control system of a university boiler. The downfall of the 
method is that the disturbances must be well known. The method is very useful at 
Idbäcken as long as a model may be identified and the disturbances may be measured. 
Since there is a delay in the system from furnace to measurements, a prediction 
strategy would be useful. 
 



Vattenfall Utveckling AB  

  

 

 Page 16 (56) 

 

In [17] an ANN is used in an adaptive GPC approach. The network is trained to 
describe the system and then it is used for prediction of future system behavior. The 
benefit of using a neural network in this case is that it is computationally less 
demanding than conventional adaptive GPC with a long prediction horizon. With a 
long prediction horizon the conventional GPC becomes slow because of several 
computationally heavy steps. The theoretical performance of the controller was proven 
to be good within the range of the data used for training. This approach may be 
interesting at Idbäcken since the prediction horizon is long due to the delays. 
 
In [18] an ANN is used as an observer-based pole placement controller. Actual 
process data are used for training and simulation. The trained network estimates the 
state vector of the system and the state feedback is calculated. An extended Kalman 
filter performs the estimation. The controller performance is simulated and compared 
to a linear observer-based pole placement controller. The result of the comparison 
shows slightly better performance for the nonlinear controller. The benefit of this 
method is that it may be used with parts of the system as well as with the whole 
system. 
 
The rest of the examined papers contain variants of the previously discussed methods 
and they are therefore mentioned in a more compressed manner. In [19] a complete 
system is modeled using a neural network. The model is then inversed to create a 
controller. In [20] an ANN is trained to model the entire system and then used as a 
predictor in the control system. In [21] a recurrent ANN is used to predict a part of the 
system and to update the static gain in a PI controller. The controller performance was 
stabilized. In [22] some general results on the use of neural networks in boiler control 
are presented, e.g. in an IMC strategy. In [23] an ANN is used in an IMC approach to 
control part of a boiler system. In [24] an ANN is used in an adaptive GPC approach. 
In [25] different fuzzy logic based strategies are compared. In [26] a multivariable 
GPC approach is presented. In [27] a self-tuning min-max predictive controller is 
implemented and evaluated. In [28] a nonlinear SISO observer controller system is 
implemented and compared to a commercial PID controller. In [29] feedback 
linearization is applied to a nonlinear controller. In [30] a PID controller and a bilinear 
controller are compared. In [31] the H∞ optimization method is used to construct a 
robust controller. 
 
In this study most of the control strategies are simulated using real process data. Both 
the theoretically and practically evaluated strategies show good results, although some 
of the strategies are restricted to narrow operating intervals. 
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5 Data collection 

5.1 Experiment design 

The data were collected during two campaigns in late 2004 and early 2005. At both 
times several signals were logged, control signals as well as system outputs. At the 
first occasion some of the control signals were manipulated to provoke the system. 
This is a very common strategy used to uncover system dynamics. The idea is to 
freeze all but one of the control signals, i.e. the control system and the feedback loop 
is turned off. Then a signal step may be introduced at the remaining input. This 
hopefully results in some kind of step response at the output side of the system. The 
step response is logged and the procedure is repeated for every input channel. Instead 
of a step signal, a ramp may be used or some other signal shape that will reveal system 
behavior. An example of this could be to suddenly increase the fuel input, which 
would force the system to react in some way. At the campaign in 2004, different 
signals were altered to create steps. The signals were for example fuel flow, primary 
gas and total air. The steps were introduced at several times and they were both 
positive and negative. Some of the controllers were also switched to manual mode. 
This led to that some of the parameters in the system also had to be changed manually 
to compensate for the lost dynamics. Such parameters were calorific value, furnace 
under pressure set point, integral and proportional part of the steam pressure controller 
and ChlorOut. ChlorOut is a method to reduce coatings on the furnace interior [32]. 
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Figure 5.1 Step in total air and response in O2 content from 2004-12-02. A sliding Hamming 
window of width fifty samples is applied to the signals and the O2 signal is 
multiplied with ten and then fifty is added to enhance visibility. 

Figure 5.2 Step in total air and response in O2 and CO from 2004-12-16. A sliding Hamming 
window of width ten samples is applied to the signals to enhance visibility. The 
CO signal is divided by twenty and seven is added to the total air signal. The O2 
signal is multiplied with twelve and then fourteen is added. 
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The experiment theoretically gives system rise times and response times, reveals non-
minimum phase behavior, nonlinearities and so on. The conditions for a good result is 
that the altered signal is well chosen and that the amplitude of the alteration is 
appropriate to sufficiently excite the system modes. The problem with this kind of 
experiment is that it could have an enormous effect on the system behavior and in the 
case of the Idbäcken furnace it means that the power output could vary and large 
disturbances in the heat delivery system may occur. Since the furnace was connected 
to the heat grid throughout the whole campaign the control system had to be running 
through the data collection. This caused the different controllers to react to the steps 
introduced at different locations in the system. The complex reactions from the control 
system made it immensely hard to distinguish regular signal fluctuations from the ones 
caused by the steps. The amplitudes of the steps were moderate for the same reason; a 
furnace shutdown could not be risked. Under these conditions the dynamics monitored 
were not necessarily valid for the system. The influence from the control system 
dynamics could be substantial. As seen in the Figure 5.1 and 5.2 above, it takes some 
good will to reveal the step responses. In the figures, the signals are manipulated with 
a Hamming window to enhance visibility. The application of a sliding Hamming 
window has the same effect as a low pass filter. A Hamming window of width fifty is 
shown in Figure 5.3. 
 

Figure 5.3 A Hamming window of width fifty samples. The window is used to smoothen a 
time signal and the effect is the same as in low pass filtering. 
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The formula for the Hamming window coefficients is 

 
In Figure 5.3, n is fifty. 
 
During the second campaign a disturbance signal was added to four of the control 
signals in order to excite the system in a more subtle way. The four control signals 
were primary air, total air, fuel screw frequency and bed temperature. The signal was a 
PRBS signal (Pseudo Random Binary Sequence) and the idea was to introduce almost 
white noise with as many frequencies as possible on the inputs and thereby excite 
several modes of the system. The four different signals were created with the help of a 
random function producing a binary output. At a constant time interval all the signals 
either switched between minus one and one or remained unchanged. Unfortunately the 
PRBS signal did not contain enough frequencies, and was therefore not a good 
approximation of white noise, see Figure 5.4. The furnace was also this time 
connected to the heat grid and therefore the amplitude of the disturbance signal had to 
be moderate. The limit for the amplitude was ten percent of the original maximum 
signal amplitude. In the signal analysis part later in this chapter the correlation 
calculations show that the control signals was highly correlated even though the 
random signal was added. It was decided to make new measurements with 
uncorrelated interference signals. The code for the PRBS signal was updated to create 
white noise. The measurements were never carried out due to furnace summer 
shutdown, but it is possible to collect new data whenever the furnace is lit up again. 

[ 1] 0.54 0.46 cos 2 , 0,..., 1
1

kw k k n
n

π + = − ⋅ ⋅ = − − 
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Figure 5.4 Periodogram of the PRBS signals. The signal energy is mainly concentrated to a 
few frequencies.  

5.2 Sample times and delays 

There was not any fixed sample time in the data collection. The instruments only 
logged the signals when there was a significant change. The time interval for the 
change detection was assumed to be smaller then five seconds. The data were later re-
sampled to make the sample time constant. At the first campaign the data were re-
sampled with a sample time of five seconds and at the second campaign a sample time 
of twenty seconds was used. 
 
The instrument used for the CO content collection is placed in the end of the flue gas 
duct. The instrument measures several signals, one at each time and the time interval 
between every CO measurement is approximately thirty seconds [36]. The instrument 
also has an interior delay since the flue gas is extracted from the duct via a thirty-
meter long tube [36]. The CO signal is therefore not suited for control. Today it is 
used to monitor the environmental effect of the furnace. 

5.3 Periodic behavior 

The furnace shows a periodic behavior in most of the control signals. Also in the 
feedback signals the behavior can be found. An internal study at VUAB shows that the 
period of the fluctuations is about eighteen minutes [37]. The study does not analyze 
the causes of the periodic behavior, but a possible explanation is presented. As 
mentioned above, the control system consists of several PID-controllers working 
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together. Each of the controllers may be well tuned, but the coexistence can sometime 
create interference between the controllers. When the fluctuations get heavy the 
operators occasionally correct the PID-parameters to reduce the amplitude, but there is 
no way of knowing how great the influence of the action is [35]. In Figure 5.5 below 
the periodic behavior is shown for O2, steam pressure and total air controller outputs. 
A sliding Hamming window of width fifty samples is applied to the signals in order to 
only show large fluctuations. The signal means are also subtracted. 

Figure 5.5 Periodic behavior in three of the control signals; O2, steam pressure and total 
air. A sliding Hamming window of width fifty samples is applied to the signals 
and the signal means are subtracted. 

5.4 Immediate improvement 

Early in the data collection phase it was discovered that the fuel feeding system caused 
the entire system to fluctuate due to uneven fuel flow. The fuel transport system 
consists of a shaft that is filled with fuel and a fuel transport screw in the bottom. 
Above the transport screw there is another, smaller screw used for defining the filling 
interval. When the torque of the smaller screw drops below a predefined minimum 
value, the shaft is filled until the torque rises above another predefined maximum 
value. The difference between the minimum and maximum values was earlier 
relatively large. The main problem with this was that when the shaft was filled the 
density of the fuel in the bottom was considerably higher compared to when the shaft 
was almost empty. This led to that the amount of fuel fed into the furnace differed 
depending on the density. To avoid this the maximum and minimum values were 
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adjusted so that the difference became smaller. The effect was clear and the torque 
fluctuations were reduced as can be seen in Figure 5.6. 

Figure 5.6 Torque in fuel screw one. The fluctuations were reduced when the allowed 
interval was narrowed. 

5.5 Signal analysis 

The O2 content in the flue gases and CO emissions are related as can be seen in Figure 
5.7 below. The correlation between the O2 and the CO signal is about twenty seven 
percent with a two-minute delay. The formula for the raw correlation calculations is 
 

 
where m is the delay or lag. It is an estimation of the correlation between the two 
signals x and y. The raw correlation is then normalized, making the autocorrelation at 
zero lags equal to one. The delay originates from the different instrument locations. 
The CO sensor is placed far from the combustion in the flue gas duct and the O2 
sensor is placed closer to the combustion. 
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Figure 5.7 Correlation between O2 and CO. The two-minute delay originates mainly from 
different instrument placements. 

In Figure 5.8 and 5.9 the monitored CO and O2 signals are plotted. To enhance 
visibility, a sliding Hamming window of width twenty samples is applied to the 
signals and the O2 signal is multiplied with 200 and then 300 is subtracted. The CO 
signal is also delayed one minute. During the first 260 minutes, in Figure 5.8, the 
signals behave as expected; when the O2 is high the CO is low and vice versa. After 
that the CO signal starts fluctuating heavily with no visible change in the O2 signal. 
The same is true for the first 120 minutes in Figure 5.9, no particular provocation is 
visible in the O2 signal but the CO signal shows large variations. After that the O2 
signal mean level is raised and the CO peak level decreases dramatically. The reason 
for the dramatic change could be an attempt from one of the process operators to 
decrease the CO levels. The fact that the CO signal behavior sometimes is deviant 
from the O2 signal behavior is important when estimating models. The O2 signal is fed 
back and the control system aim is to keep it constant. The CO signal is not controlled 
and the high peaks could be the result of some disturbance in the system. 
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Figure 5.8 O2 and CO signals from 2005-03-09. A sliding Hamming window of width twenty 
samples is applied to the signals, and the O2 signal is multiplied with 200 and 
then 300 is subtracted to enhance visibility. The CO signal is also delayed one 
minute. 

Figure 5.9 O2 and CO signals from 2005-03-10. A sliding Hamming window of width twenty 
samples is applied to the signals, and the O2 signal is multiplied with 200 and 
then 300 is subtracted to enhance visibility. The CO signal is also delayed one 
minute. 
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The control signals used in the nonlinear identification are listed in Table 5.1. It is all 
the outputs from the individual controllers. The idea was to catch as much of the 
system dynamics as possible and to test the nonlinear approach. The correlation 
between the control signals was calculated and also the correlation between the control 
signals and the CO measurements. Even though the data from the second campaign 
were used, the correlations between the control signals were high. This reveals one 
serious weakness in the control system; the control signals have the same origin and 
depend on each other. The correlations between the control signals and the CO signal 
were in an interval of zero to thirty percent. 
 
Control signals Disturbed by the faulty PRBS signal 
O2 No 
Steam pressure No 
Power No 
Primary air-flow Yes 
Total air-flow Yes 
Secondary air-flow No 
Steam temperature after left over-heater No 
Steam temperature after right over-heater No 
Steam temperature after over-heater No 
Bed temperature Yes 

Table 5.1 Controller outputs used in the nonlinear identification. 

There are some different ideas regarding the origin of the CO peaks.  
 

1. The peaks are resulting from varying moist in the fuel. 
2. The density of the fuel varies causing the amount of fuel fed into the furnace 

to vary. There could also exist variations between the two separate fuel 
screws. 

3. The fuel screw is malfunctioning and moves slower at some part of the 
revolution causing the fuel flow to vary periodically. 

4. The control based on the fuel screw frequency is not accurate. The torque 
should be used instead. 

5. The variations are not due to the fuel flow, but to some phenomena in the air 
control system. An example of this could be the mixing of the primary air and 
the re-circulated flue gases. The mixing is performed using dampers and a 
rapid change in the control output resulting in a fast closing of the damper 
may cause, for example, a bulk of flue gases. 

6. Measurement issues; too long sample time, delays in the measurement 
instruments. 

7. The control system lacks system information and is not appropriately set for 
the task of controlling the furnace. 
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The comments on the ideas presented above are listed here: 
 

1. The first two points are possible explanations to the control problem, but an 
investigation is out of the scope of this work. 

2. See point one. 
3. The CO peaks appear non-periodically, see Figure 5.8 above. If the fuel screw 

was malfunctioning the effect would reasonably be periodic. 
4. The fourth point is interesting since the fuel screw torque theoretically could 

have a relation to the density of the fuel. The torque and the frequency of the 
fuel screw are about fifteen percent correlated and there is a periodic behavior 
in both signals. This leads to the suspicion that the fuel density is not shifting 
very much, alternatively that the fuel screw torque is not affected by shifting 
fuel density. The frequency control thereby seems to be correct. In Figure 5.10 
both of the signals are shown. A siding Hamming window of width twenty 
samples is applied to the signals to reduce high frequency components, and 
the signal mean is subtracted. 

Figure 5.10 Fuel screw frequency and torque. A sliding Hamming window of width twenty 
samples is applied to the signals to reduce high frequency components. The 
signal means are subtracted. 

5. The fifth point could be checked via the correlation between the derivative of 
the bed temperature controller output and the CO emissions. The correlation is 
about fifteen percent and the derivative shows the same periodic behavior as 
the rest of the system. The specific explanation can be ruled out. 

6. The sixth point is important to investigate. The time constant is as mentioned 
above somewhere between forty and sixty seconds. The sampling interval is 
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twenty seconds. The bandwidth from the linear ARX391 model was smaller 
than 0.01 rad/s, see Chapter 6 “Linear identification”. The sampling frequency 
should be at least twenty times larger than the bandwidth for stability reasons, 
which gives 0.2 rad/s. Translated to maximum sampling interval this gives 
about thirty seconds, which is larger than the used sample time. This simple 
calculation implies that the sample frequency is high enough. 

7. The seventh point is parted in two. As mentioned several times, the fuel mass-
flow is not measured which could have a substantial effect on the controller 
behavior. The other part is that the control system is complex and that the 
cooperation of the controllers is not optimal. 
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6 Linear identification 
The purpose of linear identification of a nonlinear process is to investigate how much 
of the system behavior that can be explained by a linear model. A linear model is 
easier to analyze than a nonlinear model and is often able to describe a near-linear 
system fairly well. The first step of the linear system identification process is to 
choose the inputs and outputs of the model. Fuel screw frequency and total air-flow 
were chosen as inputs since those signals are the products of the two main control 
loops respectively. In the same manner the oxygen content of the flue gases and the 
combustion bed temperature were chosen as outputs since they represent the major 
feedback signals. The reason for the two by two structure of the model was that it is 
easy to grasp and analyze. It is also possible to identify the two control loops 
separately, but then the joint information will not be visible. 

6.1 Signal analysis 

The inputs and outputs of the linear identification are closely related as can be seen in 
Table 6.2 below. In the table, the correlation in percent is given together with the 
delay peak value in minutes. Some of the correlation peaks occur several hours apart 
and there is probably no physical explanation to that fact. The correlation at more 
reasonable delays is although significant. The relation is also visible in the time plot, 
see Figure 6.1. The signal representation is presented in Table 6.1. 
 
Signal representation Signal Class 
u1 Fuel screw frequency Input 
u2 Total air Input 
y1 O2 Output 
y2 Bed temperature Output 

Table 6.1 Signal representations in the linear identification. 
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Signal Percent Delay, minutes 
u1 auto 100 0 
u2 auto 100 0 
y1 auto 100 0 
y2 auto 100 0 
u1 and u2 71 -2 
u1 and y1 43 0 
u1 and y2 36 -161 
u2 and y1 24 119 
u2 and y2 26 -167 
y1 and y2 11 -355 

Table 6.2 The correlation between the inputs is strong, but also the correlation between 
the inputs and outputs. The several hour delays between some signals probably 
have no physical explanation. 

The fact that the inputs are closely correlated is a drawback in system identification, 
since it means that the signals contain much of the same information. 
 

Figure  6.1 Time plot (with alterations in parenthesis) of the fuel screw frequency (minus 
ten), total air (minus thirty), O2 content (times five), bed temperature (minus 760) 
and the two disturbance signals (plus three on one of them). The signals are 
altered for enhanced visibility.  

An interesting observation is that the PRBS signal have some visible impact on the 
control signals as well as the output. The correlation between the inputs is very high 
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according to Table 6.2 above, although noise is added. The PRBS signal is not 
correlated to the inputs and outputs, but the autocorrelation is strong as can be seen in 
Figure 6.2. The left figure shows the PRBS for the total air signal, but the PRBS for 
the fuel screw has the same appearance. It is obvious that it is not a good 
approximation of white noise since it is strongly periodic. The autocorrelation for an 
approximation of white noise is high only at one point and low everywhere else. 
 

Figure 6.2 The autocorrelation for the total air PRBS signal (left) and the correlation 
between the two PRBS signals for total air and fuel screw frequency (right). 

The strong autocorrelation of the PRBS signal and also the strong correlation between 
the different disturbances might be the reason why the control signals are correlated 
despite of the disturbance. 

6.2 Linear identification of complete system 

In this basic identification an ARX (Auto Regression eXternal signal) model was 
used. It is a simple model structure, but it is good enough to give a hint about the 
possibility for linear identification. In Figure 6.3 below, a block diagram of an ARX 
model is shown. 
  

 

Figure 6.3 ARX (Auto Regression eXternal signal) model block schedule. 
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In the single input-single output case, the ARX model expression looks like 
 

 
where na is the number of zeros in the model and nb is the number of poles. nk is the 
delay between input and output and e(t) is the noise. na, nb and nk are chosen in the 
identification process. The identified model can for example be used for prediction of 
future system outputs. The predictor function is then 
  

 
Here θ is the parameter vector containing the optimized parameters 
 

1 2 1 2( , ,..., , , ,..., )T
na nba a a b b bθ =  

 
A data set from the second campaign was used and just the part where the PRBS 
signal was activated. In the identification process several different model orders were 
tested. The order is the same as the number of poles. Delays from one to nine samples 
were also tested. The postfix of the listed models in this chapter contains the order and 
delay of a specific model, i.e. ARX391 has three poles, nine zeros and a delay of one 
sample. The delay from a fuel step to the first reaction in O2 content is somewhere 
between ten to twenty seconds [35]. This implies that no delay should be used in the 
identification since the reaction takes place within the sampling interval. Models with 
no delay were estimated and the model fit was just above forty percent for both 
channels, but it is not physically correct to estimate time discrete models without 
delay. It would mean that the output reaction occurs in the same instant as the input is 
provoked. The models with delay between one and nine all had lower fit than the 
models without delay, but that is not reason enough to discard the models with delay. 
In table 6.3 the best linear models with delay are listed together with the model fit for 
each channel. The fit is calculated during simulation of the model. 
 
Model Fit channel 1, percent Fit channel 2, percent 
ARX361 18,9 38,7
ARX391 21,9 40,2
ARX491 19,0 44,7

Table 6.3 A list of the three best linear models and the output fit during simulation. 

A look at the uncertainty of the ARX391 model parameters reveals that some of the 
parameter values are extremely uncertain, which means that the variance is larger than 
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one tenth of the parameter value. The reason for this might be that the wrong model 
structure is used and that a nonlinear model should be used instead. It could also 
derive from the fact that the quality of the data used in the identification was poor or 
not sufficient. It is possible to reduce the model order and keep the most of the 
explanatory ability. A reduction of the model order to create more certain parameter 
estimations could also result in better generalization capacity for the model. When the 
ARX391 model was evaluated using a data set from 2005-03-10, the simulation fit 
was more then minus one hundred percent. It means that choosing the former signal 
value as the next signal value would be more correct then using the simulated value. 
 
It is more interesting to examine the correlation between the model residuals and the 
inputs. In Figure 6.4 and Figure 6.5 the correlation between the model residuals and 
the inputs is given for the ARX391 model. The correlation is very low between the 
bed temperature residuals and the inputs, which means that there is not much linear 
system behavior left unexplained. This is an indication of that this is as far as the 
linear system identification can reach. To explain more of the system behavior, a 
nonlinear system model is needed. The correlation between the O2 content residuals 
and the inputs sometimes almost reach as high as thirty percent for negative lags. This 
means that earlier residuals and present inputs are correlated. It is a sign of that the 
data were collected during feedback and not that the model is incomplete [38]. 

Figure 6.4 Correlation between residuals from O2 content and the two inputs. Lag in 
number of samples. 
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Figure 6.5 Correlation between residuals from bed temperature and the two inputs. Lag in 
number of samples. 

 

 

Figure 6.6 Simulated output from the best linear model, ARX391. 

Figure 6.6 visualizes the model output for the ARX391 model. The model fit is low 
but will not be much better using any other linear model. 
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Figure 6.7 Amplitude and phase diagrams of the ARX391 model. The amplitude is given in 
decibel and the phase in degrees. 

The bode and phase diagrams of the ARX391 model are shown in Figure 6.7. The 
diagrams showing the relation between fuel screw frequency and both of O2 and bed 
temperature, are not looking as expected. The other two diagrams, from total air to the 
outputs are more reasonable. The bandwidth of the model is between 0.01 and 0.001 
rad/s. The upper two bode diagrams might mainly be showing the dynamics of the 
inverse pressure and O2 PI controllers. This is an affect of the active feedback during 
the data collection. The correlation between the O2 content in the flue gases and the 
fuel screw frequency is about forty-three percent with no delay and the correlation 
between the fuel screw frequency and the steam pressure is about fifty-two percent. 
This means that when the monitored signals are fed back into the controllers, they are 
delayed versions of themselves. The system identification will then result in an 
inversed identification of the control system. The bode diagrams of models of the 
inverse pressure and O2 controllers, see Figure 6.8, has similarities to the 
aforementioned odd looking bode diagram. 
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Figure 6.8 Amplitude and phase diagram of the inverse pressure and O2 controllers. There 
are two parameter sets for the pressure controller since gain scheduling is 
used. 

 

Figure 6.9 Step responses for the ARX391 model. A unit step is introduced at time t=0. One 
channel at the time is excited. 
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The step responses of the ARX391 model are shown in Figure 6.9 along with the 
settling level. A step in fuel screw frequency results in a decrease in the O2 level as 
well as in the bed temperature. When a step in total air is performed, the O2 content 
increases and the bed temperature drops due to more cool air in the furnace bed. The 
heavy overshoot in the “wrong” direction for the O2 signal may be related to the fact 
that the control system is modeled and not the actual system. It might also originate 
from the fuel distribution system that uses a fan to blow the fuel from the fuel screw 
into the combustion bed. A step in fuel then creates a small step in air-flow into the 
furnace. In the case of the total air step, the reason could be that there is a bulk of 
unburned combustible gases just above the bed that burns when the excess air is 
added. The steps are introduced at time t=0 and one channel at the time is excited. 
 
The most important problem is that the feedback was working during the data 
collection. If the control system is fast and the furnace is a slow process, then the 
outputs will only be delayed versions of themselves since they are used in the 
feedback loop. This means that it is not the system that is identified, but the inverse 
control system. It is possible to perform system identification on closed loop systems 
but to implement direct identification, a good noise model is needed [33]. The ARX 
noise model is good enough in that aspect. In this case the structure of the individual 
controllers are well known. On the other hand, the complete control system is large 
and complex and the controllers influence each other. It is an advantage if the 
controller is badly tuned since the controller dynamics will be more visible. Another 
approach is to use the set point signal as input in the identification, which is called 
indirect identification. 

6.3 Time constant 

The time constant, the time for a step response to reach sixty three percent of its final 
value, for the system is somewhere between forty and sixty seconds [37]. From the 
step responses of the evaluated model above, the response seems to be immediate. The 
reason for that is that the first effect of a step in fuel will be visible in the O2 signal 
within ten to twenty seconds [35]. 
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7 Nonlinear identification 
The idea of this part of the work was to perform nonlinear system identification of the 
furnace in order to investigate the potential for nonlinear modeling. Since the results 
from the linear system identification were not so promising due to the active feedback 
during the data collection, another approach was chosen. It was to try to find a relation 
between some of the control signals and a signal that is not fed back into the control 
system. The purpose of this approach was to find new information that could be used 
in the control of the furnace and also to discover the system dynamics. The CO 
emissions were chosen since they sometimes rise extremely high, far above allowed 
values, see Figure 7.1. Since the goal is to keep the air-flow fairly constant and control 
the fuel flow to fit the air-flow, the answer to the CO peaks could be found in the fuel 
control. If there is a connection between fast changes in some of the control signals 
and the variations in the CO emissions, that information could be used in the control. 
The experiment could also implicate that there are significant disturbances present that 
cannot be compensated by the control system. 

Figure 7.1 The CO emissions from 20050309. The dashed line in the figure is the legal 
level. 
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7.1 Artificial neural network 

To train the artificial neural network, or more generally speaking, to perform the 
nonlinear system identification, a nonlinear extension of the System Identification 
toolbox was used. The expression for the nonlinear model is 
 

 
The components in the sum are called basis functions and the sum of these constitutes 
the nonlinear approximation of the system. ϕ is the vector of regressors containing 
previous values of input and output signals. α and β are scaling parameters and below 
they will be interpreted as the weights in the output and the input layer respectively. γ 
is a translation parameter that in the network will be known as the bias. The κ function 
is often a nonlinear function with an output between zero and one, but it can also be 
linear. A sigmoidal function of the form 
 

 
is very common. The reason for that is probably that the sigmoidal-based networks 
have shown good results and that they are easy to estimate. 
 

Figure 7.2 The sigmoidal function that is common in neural networks. 

The sigmoidal function provides a smooth crossover from zero to one, see Figure 7.2. 
In the example below a piecewise linear function is used, see Figure 7.3. d is the 
number of input nodes in the network and every input node represents a basis 
function. The structure of a network may be viewed in a block diagram showing the 
network nodes and connections. 
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In Figure 7.3, a one hidden layer feed forward piecewise linear neural network is 
shown. The formula for the network is 
 

 

 

Figure 7.3 A one hidden layer feed forward sigmoidal neural network. 

 
The benefit of this nonlinear model is that it can be translated, scaled and moved to 
approximate almost any reasonable function. The structure is also modular which 
makes it easy to implement. An interesting observation is that the model is linear in 
the parameter α. If β and γ are fixed, the ANN becomes a linear regression model. 
 
As with the linear models, the ANN can be used in predictive control. The predictor 
function for an ANN is 

 
The parameter vector θ is the target for the optimization and in θ all characteristics for 
every k:th basis function are stored, i.e. the α, β, γ and k. When training an ANN those 
model parameters are updated in a structured way and the goal is to get the model 
output as close as possible to the system output. For a thorough exposition of ANN, 
see [34]. The difference between linear and nonlinear models is that the linear models 
are linear combinations of the earlier inputs and outputs. The neural network is a 
nonlinear combination of the same signals.  
 
The models were estimated from data collected during the first day of the second 
campaign with the added PRBS signal. Only the part when the disturbance signal was 
active was used and if nothing else is said, all controller outputs in Table 5.1 are used 
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as inputs in the estimation. A simple Matlab function was created that estimated and 
stored eighty-one models of orders from one to nine with a two-sample delay. A linear 
estimation was performed where delays between one and nine were tested and the 
two-sample delay gave the best result. That is why two samples were used also in the 
nonlinear case. The answer in CO is delayed in relation to the inputs and that was 
confirmed in the estimation. The delay optimization was performed using a linear 
model structure due to the time factor. The nonlinear estimation of eighty-one models 
took about thirty-six hours. It would take nine times longer to test all delays between 
one and nine for those models. The models were then evaluated versus the 
identification data. In this step, the model with one pole and nine zeros, NARX192, 
showed the best result with approximately sixty-nine percent fit, see Figure 7.4. 
 

 

Figure 7.4 The nonlinear model NARX192 simulated output compared to the measured CO 
signal. The identification data set from 2005-03-09 was used in this simulation. 

 
The same procedure was, as mentioned, also performed using a linear model structure 
of the same order interval. The result from that test was much lower, around nineteen 
percent for the best model, see Figure 7.5. The result supports the idea that the system 
is best described by a nonlinear model. 
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Figure 7.5 The linear model ARX692 simulated output compared to the measured CO 
signal. The identification data set from 2005-03-09 was used in this simulation. 

 
For comparison, a nonlinear identification was also performed using a data set from 
the first campaign, without the PRBS. The data set from 2004-12-01 was chosen. 
During this campaign, the control system was provoked in different ways causing the 
furnace to perform in a restless manner. The result from this session was not much 
better, around thirty-six percent. 
 
A model with just three of the control signals was also identified. The idea was that 
since the control signals are so closely correlated, the information lost would be 
negligible. The data from the second campaign were used, the same set as for the 
models with all control inputs. The chosen inputs were the O2 control signal, the steam 
pressure control signal and the bed temperature control signal. The result of the test 
was low and the model fit of the best model was only thirty five-percent. There are 
structured ways of choosing regressors in system identification. In this case no such 
method was used, which might explain the poor result. 
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An idea was to filter the model output and the system output using a threshold 
function. This way the ability for the network to discover values above the permitted 
was tested. For environmental reasons, the maximum CO outlet is 250 ppm in the flue 
gases and this is often exceeded as can be seen in Figure 7.1 above. The threshold 
function was 
 

 
In the threshold function above, COt is the filtered version of the CO signal. An 
experiment was performed using the filtered system output as target and all controller 
outputs, see Table 5.1, as estimating data. The simulation output around eighty-three 
percent is high, but the question is if the result is useful in any way. Using this model, 
the CO peaks may be predicted. A deeper analysis has to be performed in order to use 
the information in the control system. 

7.2 Validation and generalization of ANN 

The generalization properties of the networks identified in the previous section were 
not good. The best model from the first test did not reach above zero percent fit when 
applied to a new data set, see Figure 7.6. The reasons for this might be that all of the 
system dynamics were not contained in the identification data, which means that a 
suboptimal model was estimated. It might also be because of varying disturbance 
behavior. To get better generalization results, a more thorough investigation must be 
performed when choosing the regressors. It is also possible to use online adaptive 
identification if a model-based control system will be implemented. As seen in 
Chapter 5.5, “Signal analysis”, there is great difference between the two data sets used 
in the identification. The dramatic change in the O2 level in the data set from 2005-03-
10, may be interpreted as a disturbance that was not present the day before. 
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Figure 7.6 Generalization test of the NARX192 model. The data set from 2005-03-10 was 
used. 

A model estimation was performed using all controller outputs, see Table 5.1, from 
both the data sets from March 2005. The resulting simulation fit is shown in Figures 
7.7 and 7.8. The fit is much lower then the fit received just using the first data set. The 
change in O2 level during the second day is probably the reason for that. That lack of 
information is a great disturbance in the system identification. 
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Figure 7.7 The nonlinear model NARX272 simulated output compared to the measured CO 
signal. All controller outputs from both 2005-03-09 and 2005-03-10 were used. 

 

Figure 7.8 The nonlinear model NARX272 simulated output compared to the measured CO 
signal. All controller outputs from both 2005-03-09 and 2005-03-10 were used. 
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8 Simulink model of existing control system 
A Simulink model of the existing control system is useful when evaluating the control 
system. The model could be used to test a control approach with fresh system data. A 
model of the fuel control system was begun but not finished. The reason for the 
stopped process was that the work had to be narrowed down due to limited time 
resources. In Figure 8.3, a block diagram of the model can be seen. The model is 
based on the existing fuel control system, see Appendix A. The O2 controller is 
finished but the steam pressure controller is not. To finish the model some further 
studies of the control system have to be carried out and the power controller together 
with the steam temperature controllers have to be added. Then the model has to be 
verified. 

Figure 8.1 The unfinished pressure controller. 

In the block diagram in Figure 8.1 the unfinished pressure controller model is shown. 
The inputs to the controller are the pressure set point, the monitored pressure and the 
power. The relation between the power signal and the two pressure signals is unknown 
in the model. The “If Action Subsystems” are used to simulate gain scheduling. 
 

Figure 8.2 The O2 controller. 

In Figure 8.2 the O2 controller is shown. The inputs are the O2 set point and the 
monitored O2 signal. The transfer function parameters are the real process parameters 
from the Idbäcken control system and the gain and constant were calculated from 
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signal analysis. In Appendix A, the fuel and air side of the control system are shown in 
a block diagram. 

 

Figure 8.3 Simulink model of the fuel control system. The model was never finished. 

The fuel controller in Figure 8.3 shows the pressure and O2 controllers together with 
the rest of the system. The MASTER signal is created as a product of the modified 
pressure controller output and the power signal. The fuel screw control signal is 
created from the MASTER signal but with compensation for O2 level, calorific value 
of the fuel and the fuel rate between the fuel screws. 
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9 Conclusions 
The aim of this thesis included two major questions. Those were: 
 

1. Are there known nonlinear and/or adaptive control strategies that are being 
used/have been used and are they giving satisfying results? 

2. To enhance the existing control system, is it possible to replace parts of the 
system or the whole system with a nonlinear and/or adaptive control system? 

 
The first question is answered in Chapters 3 and 4, “Some modeling and control 
strategies” and “Literature survey”. The scientific articles were found in the database 
IEEE Xplore. A fast search for “control” reveals that nineteen percent of the published 
articles contains that word. It is almost 238000 articles, but only 419 of those contain 
both “boiler” and “control”. This gives a rough hint of how little is done in the specific 
area of boiler control. The results are nevertheless interesting and the main result from 
the literature study is an overview of the area. 
 
The answer to the second question was divided into five steps as follows: 
 

1. The existing control system will be modeled to find out how good it is. 
2. The actual process will be modeled. 
3. If the process model is good enough, the model will be used in the control 

system. 
4. The model-based control system will be compared to the existing control 

system. 
5. The model-based control system will be validated using simulated data. 

 
The first step was begun but not finished due to time concerns. A Simulink model of a 
control system is only useful if there exists a good system model to simulate the 
control. The system identification did not deliver good enough models and the 
Simulink part was cancelled. 
 
The second step was performed using both linear and nonlinear system identification. 
The model fit was poor, both for the linear and nonlinear models. Some of the reasons 
for the poor model quality are explained in Figure 9.1 below. 
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Figure 9.1 The reasons for the poor model quality are for example disturbances in the fuel 
mass-flow. The deviation from commanded flow could be as high as thirty 
percent. 

A simple example shows how great the impact from the disturbances is. For simplicity 
reasons, consider a linear system G(s) controlled by a proportional controller with gain 
K=1 and set point r=0. Measurement noise and PRBS disturbance are modeled 
additive as in Figure 9.1. The fuel mass-flow disturbance is modeled as a variable gain 
k. If the linear system model looks like 
 

 
then the transfer functions from disturbances to output (with K=1) will look like this 

 
The set point is zero, which means that with no disturbances the output will be zero as 
well. The variable gain will alter the system poles and the amplitude of the output. In 
this example, the model is linear and the controller is simple. On top of this there is 
the nonlinearity of the system and the complexity of the PID controllers working 
together. The linear model fit was around forty percent and given this example it is 
understandable. The nonlinear model fit was around sixty nine percent, probably due 
to that the nonlinear dynamics were explained. 
 
Since the model fit increased with the use of a nonlinear model, the fuel density 
disturbance becomes more and more plausible. That information is just not visible to 
the control system, which gives the system an impossible task. Another important 
factor is the PRBS signal that was not a good approximation of white noise. 
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Steps three, four and five were never carried out because it would have been pointless 
to do so under the current circumstances. No model good enough was identified for 
reasons discussed above. 



Vattenfall Utveckling AB  

  

 

 Page 51 (56) 

 

10 Suggestions for continued research 
The CO control approach is interesting and the work in this thesis shows that the 
potential for nonlinear modeling of the Idbäcken furnace is substantial. The need for 
more information about fuel mass-flow is obvious, but provided with that information, 
the results should be better. To get better identification with a minimum effort, a good 
PRBS signal could be used. 
 
It is important to analyze what signals that are to be used in the identification. It takes 
more knowledge about the control system to make a good choice. If the right signals 
are used the result will probably improve. 
 
Since the furnace is a comparatively slow process, the use of online identification is an 
interesting approach. A first study of linear adaptive modeling together with predictive 
control performed at VUAB has shown promising results [37]. Using a nonlinear 
model the result may be even better. 
 
The fuel mass-flow is probably an important source of disturbance. If the fuel flow 
was monitored the control would most probably improve. 
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Appendix A – Block diagram of the Idbäcken control 
system 
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