
A
B
C
D
E
F
G

UNIVERSITY OF OULU  P .O. B  00  F I -90014 UNIVERSITY OF OULU FINLAND

A C T A  U N I V E R S I T A T I S  O U L U E N S I S

S E R I E S  E D I T O R S

SCIENTIAE RERUM NATURALIUM

HUMANIORA

TECHNICA

MEDICA

SCIENTIAE RERUM SOCIALIUM

SCRIPTA ACADEMICA

OECONOMICA

EDITOR IN CHIEF

PUBLICATIONS EDITOR

Senior Assistant Jorma Arhippainen

University Lecturer Santeri Palviainen

Docent Hannu Heusala

Professor Olli Vuolteenaho

University Lecturer Hannu Heikkinen

Director Sinikka Eskelinen

Professor Jari Juga

Professor Olli Vuolteenaho

Publications Editor Kirsti Nurkkala

ISBN 978-952-62-0191-7 (Paperback)
ISBN 978-952-62-0192-4 (PDF)
ISSN 0355-3213 (Print)
ISSN 1796-2226 (Online)

U N I V E R S I TAT I S  O U L U E N S I SACTA
C

TECHNICA

U N I V E R S I TAT I S  O U L U E N S I SACTA
C

TECHNICA

OULU 2013

C 459

Mika Ruusunen

SIGNAL CORRELATIONS IN 
BIOMASS COMBUSTION – AN 
INFORMATION THEORETIC 
ANALYSIS

UNIVERSITY OF OULU GRADUATE SCHOOL;
UNIVERSITY OF OULU, FACULTY OF TECHNOLOGY, 
DEPARTMENT OF PROCESS AND ENVIRONMENTAL ENGINEERING

C
 459

AC
TA

M
ika R

uusunen

C459etukansi.kesken.fm  Page 1  Wednesday, August 7, 2013  8:12 AM





A C T A  U N I V E R S I T A T I S  O U L U E N S I S
C  Te c h n i c a  4 5 9

MIKA RUUSUNEN

SIGNAL CORRELATIONS IN 
BIOMASS COMBUSTION – AN 
INFORMATION THEORETIC 
ANALYSIS

Academic dissertation to be presented with the assent of
the Doctoral Training Committee of Technology and
Natural Sciences of the University of Oulu for public
defence in Arina-sali (Auditorium TA105), Linnanmaa, on
6 September 2013, at 12 noon

UNIVERSITY OF OULU, OULU 2013



Copyright © 2013
Acta Univ. Oul. C 459, 2013

Supervised by
Professor Kauko Leiviskä

Reviewed by
Professor Erik Dahlquist
Professor Matti Vilkko

ISBN 978-952-62-0191-7 (Paperback)
ISBN 978-952-62-0192-4 (PDF)

ISSN 0355-3213 (Printed)
ISSN 1796-2226 (Online)

Cover Design
Raimo Ahonen

JUVENES PRINT
TAMPERE 2013

 



Ruusunen, Mika, Signal correlations in biomass combustion – an information
theoretic analysis. 
University of Oulu Graduate School; University of Oulu, Faculty of Technology, Department of
Process and Environmental Engineering
Acta Univ. Oul. C 459, 2013
University of Oulu, P.O. Box 8000, FI-90014 University of Oulu, Finland

Abstract

Increasing environmental and economic awareness are driving the development of combustion
technologies to efficient biomass use and clean burning. To accomplish these goals, quantitative
information about combustion variables is needed. However, for small-scale combustion units the
existing monitoring methods are often expensive or complex.

This study aimed to quantify correlations between flue gas temperatures and combustion
variables, namely typical emission components, heat output, and efficiency. For this, data acquired
from four small-scale combustion units and a large circulating fluidised bed boiler was studied.
The fuel range varied from wood logs, wood chips, and wood pellets to biomass residue.

Original signals and a defined set of their mathematical transformations were applied to data
analysis. In order to evaluate the strength of the correlations, a multivariate distance measure based
on information theory was derived. The analysis further assessed time-varying signal correlations
and relative time delays. Ranking of the analysis results was based on the distance measure. The
uniformity of the correlations in the different data sets was studied by comparing the 10-quantiles
of the measured signal. The method was validated with two benchmark data sets.

The flue gas temperatures and the combustion variables measured carried similar information.
The strongest correlations were mainly linear with the transformed signal combinations and
explicable by the combustion theory. Remarkably, the results showed uniformity of the
correlations across the data sets with several signal transformations. This was also indicated by
simulations using a linear model with constant structure to monitor carbon dioxide in flue gas.
Acceptable performance was observed according to three validation criteria used to quantify
modelling error in each data set. In general, the findings demonstrate that the presented signal
transformations enable real-time approximation of the studied combustion variables.

The potentiality of flue gas temperatures to monitor the quality and efficiency of combustion
allows development toward cost effective control systems. Moreover, the uniformity of the
presented signal correlations could enable straightforward copies of such systems. This would
cumulatively impact the reduction of emissions and fuel consumption in small-scale biomass
combustion.

Keywords: analytical methods, biomass, burning, combustion gases, Jaccard's index,
measurements, multivariate analysis





Ruusunen, Mika, Signaalien korrelaatiot biomassan poltossa – informaatioteo-
reettinen analyysi. 
Oulun yliopiston tutkijakoulu; Oulun yliopisto, Teknillinen tiedekunta, Prosessi- ja
ympäristötekniikan osasto
Acta Univ. Oul. C 459, 2013
Oulun yliopisto, PL 8000, 90014 Oulun yliopisto

Tiivistelmä

Kasvava ympäristö- ja kustannustietoisuus ohjaa polttoteknologioiden kehitystä yhä tehokkaam-
paan biomassan hyödyntämiseen ja puhtaampaan palamiseen. Näiden tavoitteiden saavuttami-
seen tarvitaan mittaustietoa palamismuuttujista. Nykyiset palamisen seurantaan tarkoitetut rat-
kaisut ovat kuitenkin pienpolttolaitteita ajatellen usein kalliita tai monimutkaisia.

Tässä työssä tutkittiin mitattujen savukaasun lämpötilojen riippuvuussuhdetta tyypillisiin
kaasukomponentteihin, lämpötehoon ja tehokkuuteen. Tätä varten analysoitiin mittausaineistot
neljästä erityyppisestä pienpolttolaitteesta ja suuresta kiertoleijupeti-kattilasta. Puupolttoaineina
olivat klapi, hake, pelletti ja hakkuujäte.

Analyysi tehtiin alkuperäisillä mittaussignaaleilla ja niistä matemaattisesti muunnetuilla sig-
naaleilla. Riippuvuussuhteiden selvittämiseksi johdettiin informaatioteoriaan perustuva moni-
muuttuja-etäisyysmitta, jonka lukuarvolla mitataan signaalien samankaltaisuutta. Esitetty ana-
lyysimenetelmä sisälsi myös riippuvuuksien ajallisen muutoksen ja suhteellisten aikaviiveiden
arvioinnin. Tulosten arvojärjestys perustui etäisyysmitan arvoon. Riippuvuussuhteiden saman-
kaltaisuutta mittausaineistojen välillä vertailtiin 10-kvantiileilla. Analyysimenetelmän toimi-
vuus vahvistettiin kahdella tunnetulla koeaineistolla.

Savukaasun lämpötilojen ja palamismuuttujien mittaussignaaleissa oli samankaltainen infor-
maatiosisältö. Vahvimmat riippuvuudet olivat muunnettujen signaalien yhdistelmillä pääosin
lineaarisia ja palamisteorian mukaisia. Merkittävää oli, että tietyillä signaalimuunnos- ja pala-
mismuuttujapareilla oli sama riippuvuussuhde kaikissa mittausaineistossa. Tämä todettiin myös
simuloinneilla arvioitaessa savukaasujen hiilidioksidipitoisuutta lineaarisella, kiinteällä mallira-
kenteella. Mallin tarkkuus oli riittävä kolmella erityyppisellä kriteerillä jokaisessa mittausaineis-
tossa. Tulosten perusteella signaalimuunnoksilla voidaan arvioida palamismuuttujia reaaliaikai-
sesti.

Savukaasujen lämpötilojen potentiaali palamisen laadun ja tehokkuuden seurannassa mah-
dollistaa kustannustehokkaiden säätöratkaisujen kehityksen. Löydettyjä yleistettäviä riippuvuus-
suhteita hyödyntämällä niiden käyttöönotto lukuisissa polttolaitteissa helpottuisi. Pienpolton
päästöjen ja polttoaineen kulutuksen vähentyminen olisi tällöin kumulatiivista.

Asiasanat: analyysimenetelmät, biomassa, Jaccardin indeksi, mittaukset,
monimuuttuja-analyysi, palaminen, savukaasut
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Abbreviations 

S Matrix of feature subset, S = {xi, i = 1,…, mf} 

xi Feature vector 

y Target variable vector 

 

ANOVA Analysis of variance 

CFB Circulating fluidised bed 

DOE Design of experiments 

FTIR Fourier transform infrared spectroscopy 

LHV Lower heating value, MJ/kg 

PEMS Predictive emission monitoring system 

PCA Principal component analysis 

PCR Principal component regression 

RA Relative accuracy, % 

RMSE Root-mean-square error 

TDMI Time delayed mutual information 

TR 1 Measurement position for temperature at convection section 

TR 2 Measurement position for flue gas exit temperature 

 

Pellet 1 Data set of a 15 kWth pellet burner based on gasified combustion 

Pellet 2 Data set of a 15 kWth pellet burner based on direct combustion 

Stoker Data set of a 300 kWth stoker-fired boiler 

Stove Data set of a 5 kWth stove 

 

D Distance index 

E Expected value of a random variable 

I Mutual information 

Istat Multivariate statistical dependence 

H Entropy 

MC Moisture content of wood fuel, wet basis, % 

MWth Thermal output, MW 

T Temperature, K 

TC Exiting temperature at the boundary of a heat engine, K 

TH Entering temperature at the boundary of a heat engine, K 

Tconv Temperature signal: convection section, K 
filt

convT  Temperature signal: median-filtered, convection section, K 
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Tfg Temperature signal: flue gas exit, K 

 

a Model parameter 

cc Confidence coefficient 

i.i.d. Independent and identically distributed 

k Number of time windows 

kWth Thermal output, kW 

n Number of data points 

nat Unit of information, based on natural logarithm 

m Number of bins in a histogram 

mf Number of features in a feature subset 

p Probability distribution function 

pmf Probability mass function 

r Linear correlation coefficient 

sd Standard deviation of the modelling error 

vol.-% Volume percent of a gas component in a sampled dry flue gas 

 

ηc Combustion efficiency 

ηth Thermal efficiency 

τest Estimated mean value of  time delay 

 

CH4 Methane 

CO2 Carbon dioxide 

H2 Hydrogen 

N Nitrogen 

NO Nitrogen monoxide 

NOx Nitrogen oxides 

NO2 Nitrogen dioxide 

N2O Nitrous oxide 

O2 Oxygen 

OGC Organic gaseous compounds 

 

Ĥ  Approximated entropy 

RM  Arithmetic mean of reference measurement values 

d  Residual mean of observations pairs 
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1 Introduction 

Small-scale combustion of biomass has a significant role in decentralised and 

substitute energy production across Europe. It typically consists of burning wood 

in the form of logs, chips, forest residue and pellets. Also straw, grain, bio-oils, 

and organic waste are increasingly being used as fuel. The range of stoves, hot 

water boilers, and masonry heaters is versatile. Combustion in these devices 

produces a large share of the total emissions in the energy sector, including 

smoke, organic gaseous compounds (OGC) and fine particles (Saarikoski et al. 

2008, Hellén et al. 2008). Although biomass is conditionally regarded as a zero 

impact fuel with respect to carbon dioxide emissions, air pollutants from small-

scale heat production are a growing concern (Brunekreef & Holgate 2002, Kampa 

& Castanas 2008). On the other hand, there is a need for even smaller combustion 

units due to the trend towards low-energy houses (Brunner et al. 2009). The 

consequence is that small boilers are operating under varying process conditions, 

with strong disturbances present: a continuously changing heat demand and 

fluctuating fuel moisture content of wood fuel. In this regard, automatic 

monitoring and control is among the few primary measures for preventing 

emissions originating from biomass combustion (Nussbaumer 2003). One of the 

main aspects for successful reduction of emissions is real-time information about 

operating conditions. For this reason, indirect monitoring approaches have been 

studied to overcome the cost, availability, and complexity issues related to 

hardware sensors (Joseph 1999, Fortuna et al. 2007, Kadlec et al. 2009). It means 

that the target variables to be monitored are derived from the measurement of a 

single or multiple variables, typically using mathematical models. The concept 

has several established names such as inferential measurement, soft sensor, and 

Predictive Emission Monitoring System (PEMS) for combustion monitoring 

(Jahnke 2000). However, case-specific development efforts and integration of soft 

sensors in a control loop are required. This research concentrated on defining the 

basis for soft sensors to tackle the above-mentioned monitoring issues in biomass-

fired appliances. Specifically, signal correlations between measured flue gas 

temperatures and important combustion variables are generalised with 

measurement data from five different combustion units. 
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1.1 Biomass combustion 

Combustion of solid biomasses is a series of partly overlapping burning stages, 

where organic material in the presence of heat and oxygen converts into heat and 

gaseous combustion products. At the beginning, heat is required to maintain 

reactions such as drying and pyrolysis, while energy is released later during the 

exothermic oxidation of combustible gases and charring. 

1.1.1 Characteristics 

In small-scale batch combustion (stoves), the burning stages are mainly in series, 

whereas in continuous fuel feeding (automatic boilers and power plants) the 

different stages of combustion may take place simultaneously. The combustion 

phenomenon is generally considered as a nonlinear process with properties of 

changing dynamics and time-variant behaviour. The quality of biomass 

combustion is strongly influenced by the fuel properties, the combustor where 

thermal conversion takes place, and the process environment around it (Loo & 

Koppejan 2008).  

The rate of fuel feed and air supply affects the operating conditions in the 

furnace, together with the fuel properties: fuel type, moisture, particle size and 

shape, bulk density of the fuel (Yang et al. 2005a, Yang et al. 2005b) and other 

factors such as furnace design and materials, draught, and level of heat demand. 

These operating conditions in turn have an effect on the heat release rate, 

combustion and flue gas temperatures, and formation of gaseous and solid 

combustion products. Typical gaseous emissions in the flue gas include carbon 

dioxide (CO2), carbon monoxide (CO), nitrogen oxides (NOx), methane (CH4), 

hydrogen (H2), and OGC. As clean burning typically requires excess air to be 

introduced to the combustion zone due to non-ideal mixing and evaporation of 

fuel moisture, some oxygen (O2) is present in the flue gas. Nitrogen gas (N2) 

comes mainly with combustion air, including traces released from the fuel during 

combustion. Evaporated water from the fuel and air also exists in flue gas. On the 

other hand, solids in combustion products may include ash, traces of pyrolysis 

products, char, and particulate matter. 
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1.1.2 Monitoring methods 

Small-scale combustion units are typically equipped with a low number of 

sensors and actuators. The basic sensors include boiler supply/return water and 

flue-gas temperatures based on resistance sensing (for example Pt100 sensors) or 

potential difference, namely thermocouples. Recently, draught sensors and 

measurement systems indicating the height of the fuel bed have been utilised for 

stabilising control of combustion. On the other hand, the use of real-time oxygen 

(lambda) sensors for monitoring flue-gas oxygen concentration is increasingly 

seen in commercial combustion appliances (Loo & Koppejan 2008: 126). 

Utilisation of information about oxygen concentration aims to reduce the excess 

air introduced to combustion and thus increase the thermal efficiency (Section 

2.4). In practice, the challenges of this sensor type in biomass combustion relate 

to durability, due to flue gas particles that deposit on the sensor element and the 

price of the temperature control system for heating the probe. 

Many other direct measurement approaches for biomass combustion are 

currently being studied or have been published. For example, combustion quality 

measurements in the form of flame monitoring (Kortela & Majanne 1987, 

Docquier & Candel 2002, Manca & Rovaglio 2002) using cameras and other 

optical devices to detect light emitted from a flame have been demonstrated to 

show the ability to observe unwanted operating conditions. According to the 

related literature, demonstrations of flame-monitoring methods have focused 

mostly on large-scale power plants. In small-scale combustion units mainly 

photocells together with lamps have been applied (Vuorelainen 1978: 91). Also, 

infrared sensors positioned near the fuel bed (Padinger 2001, Loo & Koppejan 

2008: 141) have been reported. Michel et al. (2006) presented a passive optical 

method based on measuring several components of light spectra for flame 

monitoring. Obscuration of the optical devices may affect their usability in 

combustion monitoring (Docquier & Candel 2002). 

Solid-state gas sensors have attracted interest because of their cost-effective 

technology, for example, the monitoring of CO concentration in flue gas (Torvela 

et al. 1988, Good & Nussbaumer 1998, Ruusunen 2001a: 47 – 48, Eskilsson et al. 

2004). Measurement of other gas components such as methane (Andersson et al. 

2007, Butschbach et al. 2009) has also been studied. An example of such a 

method is a gas sensor array combined with a mathematical model to estimate 

CO, O2 and hydrocarbons in flue gas (Petersson & Holmberg 2005). Sensors of 

this type exhibit drifting due to erosion in reactive material and sensitivity to 
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other chemical compounds formed, as indicated for example by Unéus et al. 

(2005). On the other hand, drift compensation of the sensor signal is related to 

this measurement technology, as presented for example in (Hui et al. 2003). 

Direct measurement of the combustion temperature in the furnace has been 

studied as a replacement for an oxygen sensor in small-scale units (Grönroos 

1995, Hasler 1998, Padinger 2001, Korpela et al. 2008, Korpela et al. 2009). 

Also, a few commercial control systems have been deployed, utilising either the 

temperature in the combustion chamber of the pellet burner (see Section 3.2) or a 

flue gas measurement with temperature information from the structure of selected 

masonry stoves (Tulikivi green C10). There, measurement information is applied 

for controlling the amount of fuel feed or air supply into a furnace. 

Straightforward utilisation of temperature signals from the combustion zone has 

been discussed as being affected also by many other combustion parameters than 

those considered for monitoring (Kortela & Lautala 1981, Yang et al. 2004, 

Tissari et al. 2009, Kortela & Jämsä-Jounela 2010, Haapa-Aho et al. 2011). The 

sensed temperature level is also partly connected to the location of the 

temperature sensor in the combustion zone along the furnace, and the same 

applies to concentrations of gas components (Wiinikka 2005, Klason et al. 2008). 

Moreover, the response characteristics of a temperature sensor (thermocouple) 

may be significantly disturbed by varying operating conditions when positioned 

in the combustion zone (Tagawa & Ohta 1997). 

Sophisticated physical models have been developed to improve 

understanding of the combustion phenomena (Yin et al. 2008), including 

combinations of empirical and physical methodologies (Colannino 2006). 

However, their complexity and weak robustness against changing operating 

conditions result in the lack of practical applications in combustion monitoring 

and control (Ward et al. 2007: 367). Attempts towards more applicable physical 

models have been made to enable their usage for combustion analysis or control 

(Saastamoinen et al. 2005, Korpela et al. 2006, Menghini et al. 2008, Haller et al. 

2009, Persson et al. 2009, Kalpakas et al. 2009, Bauer et al. 2010, Kausley & 

Pandit 2010). Still, the models presented above depend either on multiple 

accurate measurements or case-specific process constants and special knowledge 

about the boiler structure and fuel properties. Generally, physical modelling has 

provided tailored solutions, mainly without model adaptation or properties that 

are applicable to varying and numerous grate combustion environments (Yin et al. 

2008). Despite that, physical modelling can be seen as an emerging methodology 
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(Scharler & Obernberger 2000, Boriouchkine et al. 2012) in the design of boiler 

structures and conditions in the combustion zone for cleaner burning of biomass. 

Much research has been performed on model-based monitoring of 

combustion emissions at large-scale units, especially nitrogen oxides, including 

applications for artificial neural networks (Briggs et al. 1997, Baines 1999, Chong 

et al. 2000, Horton & Shuman 2001, Tronci et al. 2002), neuro-fuzzy model 

(Ikonen et al. 2000), autoregressive models with exogenous inputs in work by Liu 

& Daley (1999), non-linear and linear regression models (Horton & Shuman 

2001, Havlena et al. 2002), kinetic models (Liu & Gibbs 2002), and linear 

Principal Component Analysis (PCA) (Liukkonen et al. 2010). Attempts have 

also been made to model CO emissions (Kortela & Majanne 1987, Havlena et al. 

2002) based on regression, with conclusions about challenges due to changing 

operating conditions in large-scale combustion. Another study on visualising the 

CO concentrations of a CFB boiler as a function of bed temperatures with linear 

PCA is presented in (Liukkonen et al. 2010). 

There have also been a few studies on modelling the combustion or thermal 

efficiency (Li et al. 2004, Drobnič et al. 2005, Rusinowski & Stanek 2007, Shieh 

et al. 2010). Another view for estimating thermal efficiency has been adopted in 

(Chandok et al. 2008) by modelling the flue gas exit temperature. Additionally, 

modelling of flue gas oxygen has been studied in large-scale units to provide 

redundancy, replacement or faster information for control purposes (Leppäkoski 

2006). 

Estimation of combustion power in large-scale units has been investigated in 

order to compensate variations in fuel quality (Kortela & Luukkanen 1980, Kuo 

1998, Karppanen 2000, Diez et al. 2001, Joronen & Niemi 2003, Kessel et al. 

2004, Hsi & Kuo 2008, Kortela & Jämsä-Jounela 2010), namely changes in lower 

heating value of the fuel. These approaches mainly rely on air supply and oxygen 

measurements or determination of energy and mass balances for the combustion 

process. 

Development of inferential combustion monitoring also for small-scale 

combustion processes has been studied to overcome the above-mentioned issues 

related to hardware measurement. It seems that simple measurements dominate 

the research approaches on this scale. For example, in (Modera 1986), utilisation 

of surface temperature in a wood stove has been studied for modelling the heat 

output. Work by Kuo et al. (1997) indicated in laboratory experiments with a 

small grate-fired furnace that it was mathematically straightforward to estimate 
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combustion power as a function of flue gas temperature and oxygen 

measurements. 

Another attempt to model the heat output, combustion emissions and 

efficiencies of a small pellet boiler was studied in (Morán et al. 2004). In this 

case, regression models were developed for the quantities through systematic 

combustion experiments with different species of pellet fuels. In the modelling 

that was established, the pellet feed rate and excess air factor were used as inputs 

for different model structures. Again, the authors stressed that the reliability of the 

results was strongly dependent on uncertainties in the pellet feed rate and fuel 

properties. 

Boman et al. (2005) studied combustion in a laboratory-scale fixed bed 

combustor. For this data, regression models with principal components, namely 

linear combinations of multiple measured signals, were identified for 

approximation dependencies between CO and CH4. In Šulc et al. (2009), the 

combustion emissions CO and CO2 concentrations of a small boiler were 

modelled with a neuro-fuzzy model, utilising oxygen measurement and the target 

variables. Clearly this approach would bring challenges in deployment of such a 

model in on-line monitoring due to the number of sensors or analysers needed. 

An indirect principle for monitoring CO2 based on temperature measurements 

and utilising neural networks, linear regression models, and aggregated fuzzy 

models (Ruusunen 2001a, Ruusunen & Leiviskä 2001b, Ruusunen & Leiviskä 

2004), has been presented for the 5 kWth (thermal output) batch combustion of 

wood (see process description in Section 3.1). Also, a local regression modelling 

approach with the principal components that were linear combinations of several 

temperature signals has been reported for monitoring flue gas oxygen (Ruusunen 

2006a) and heat output levels (Ruusunen 2009b, Ruusunen 2010) in a 300 kWth 

boiler (see Section 3.3). In these studies, modelling variables were selected in a 

process-dependent way (batch versus continuous combustion), resulting in 

dissimilar model structures for both units. Also, variations in fuel properties and 

heat output levels need to be adopted into the model structures with the chosen 

input signals. 

Although there are commercially available services to implement and 

maintain PEMS (Jahnke 2000), the design and maintenance costs of soft sensors 

and the required instrumentation still restrict their utilisation. Three potential 

issues related to data-based soft sensors are 
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– Model development. Implementation of data-based soft sensors is heavily 

based on manual efforts and experiences turn out to be case-dependent. 

Incorporation of process knowledge in modelling plays a vital role in 

successful applications. (González et al. 1994, González 1999, Kalogirou 

2003, Kourti 2005, Lin et al. 2007, Kadlec et al. 2009) 

 

– Maintenance of soft sensors. Performance degradation of a soft sensor may 

result in the course of time due to process and sensor drift, including changes 

in the process or in the underlying environment (González et al. 1994, Kourti 

2005, Kadlec et al. 2009). In that situation, the aim is to keep the model 

structure and its parameters updated regardless of the above-mentioned 

changes. This procedure, namely model adaptation, is typically needed in 

situations where operating conditions change (process parameters are 

constant, but dependent on the operating regime) or when the process exhibits 

time-variant behaviour (Narendra & Balakrishnan 1997, Johansen & Foss 

1997, Kalogirou 2003). Another common approach is to adapt model 

parameters with a periodical re-identification procedure based on reference 

measurement, or whenever it is available (Sastry & Bodson 1989: 110, 

Gustafsson 2000: 59–63). The question of model parameter identification in a 

closed loop has been discussed for example in (Hof 1998). Yet another real-

time approach for soft sensor adaptation is to check whether the model is 

capable to extrapolate or not (Bishop 1994, Končar 1997, Qin et al. 1997, 

Martin & Morris 1996, Kourti 2005, Juutilainen 2006: 51). The decision 

about maintenance need can then be based on thresholds and change 

detection algorithms (Gustafsson 2000, Ruusunen et al. 2005, Koskimäki et 

al. 2008a, Koskimäki et al. 2008b). 

 

– Software sensor in a control loop. The question about soft sensor 

performance in a control loop is raised when the related model approximates 

a target variable, and at the same time only partially describes the process. 

Then, a single process disturbance may affect multiple model parameters at 

the same time. The situation would occur when a soft sensor in the form of a 

mathematical model is used in the feedback control loop to replace the direct 

or missing measurement of a target variable It follows that if a process 

disturbance exists that is not accounted for by the model, it can lead to 

modelling error and further to poor control performance (González et al. 

1994, González 1999). In general, it has been argued that the soft sensor 
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output cannot be made simultaneously insensitive to both measurement noise 

and process disturbances. Any attempts to minimise one or the other of the 

sensitivities leads to worse performance at another frequency range (Goodwin 

2000). This conclusion has been related to feedback control in a way that the 

poor performance of a soft sensor inevitably leads to poor control 

performance (Albertos & Goodwin 2002). 

Promising results have been achieved by using sophisticated model structures and 

the informative sensors already existing in large-scale combustion processes. For 

this, however, careful selection and pre-processing of model identification data 

together with expert knowledge seems essential. Moreover, complex 

mathematical model structures may result, lowering their implementation 

potential for numerous small-scale combustion appliances. Typically, the soft 

sensing applications presented are also tailored to specific cases, with unique 

variables included and various model structures applied case by case. 

Additionally, the deployment of the models would often require advanced sensors 

and analysers that are not practical for small-scale combustion environments due 

to their investment cost or maintenance issues. Importantly, the utilisation of 

quantitative information about process inputs such as fuel feed rates and air 

supplies in both large and small combustion units may involve significant 

measurement uncertainties (Dias et al. 2004, Lerssi et al. 2004, Good et al. 2006, 

Persson et al. 2009).  

1.2 Assumptions and scope of the research 

The thesis concentrates mainly on data analysis to search for signal correlations 

between measured flue gas temperatures and target variables in small-scale 

boilers and stoves (Fig. 1). The selected target variables include measured signals 

of O2, CO2, NOx, combustion and thermal efficiencies, and burning rate, including 

the measured heat output and fuel feed rate. Sensors measuring temperatures 

above 1000 K are excluded from the data analysis as well as any process inputs 

(light grey text in Fig. 1). This is due to availability issues of the sensor signals 

(only two sensors available in a 5 kWth stove) and disturbances affecting 

temperatures in the combustion zone, namely fluctuations of the flame, together 

with large uncertainties related to process inputs, as stated in Section 1.1.2. Two 

sensor measurements are therefore selected at the specified temperature levels in 

each studied case. 
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Fig. 1. Scope of the work. 

Any assumptions about the nature or complexity of the underlying relationships 

between temperature signals and measured combustion variables were not made a 

priori. The main assumptions of the work are related to the data analysis 

procedure and assumed to be fulfilled within the presented analysis framework 

(Section 5.1). It is further assumed that the selected temperature signals enable the 

comparable study of correlations between the five cases under study. Supposedly, 

a transient formation of gaseous compounds along the horizontal axis of the 

furnace is avoided by selecting measurement positions after the combustion zone. 

Finally, the research focuses on data from five different kinds of combustion 

processes using wood chips, logs, biomass residues, and pellets as fuel. 

1.3 Problem statement and objectives 

The rationale for this research is presented as follows: small-scale combustion 

control lacks cheap, fast, and reliable measurements in operating conditions 

which would help to reduce emissions over a wide range of combustor types. 

Furthermore, knowledge about the practical usability of flue gas temperatures for 

on-line combustion monitoring is case-specific and generally missing. The soft 

sensor applications are case-dependent in small-scale energy production and 

require extensive model development efforts with numerous, varying, or 

uncertain measurements. (Section 1.1.2) 

The main research question based on the above-mentioned issues is: How and 

to what extent do the measured flue gas temperatures correlate with the target 

variables? Also, an important question for the development of practical soft 
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sensor applications is: Do these correlations hold constant despite the various 

types and scales of biomass combustion processes? 

In this thesis, the aim is to search and quantify correlations between 

temperature signals and the target variables to enable monitoring of biomass 

combustion. These correlations should be present similarly in different data sets, 

regardless of control actions and type of combustion processes in order to have 

generalisation capability. It is required for the dissemination of the results that 

functional dependencies are found and that they can be implemented 

straightforwardly in soft sensor development. 

1.4 Research hypothesis 

Independently of small-scale combustion conditions or combustor type, similar 

correlations are present between selected temperature signals or combinations of 

them, and target variables. The relationships between the variables can be 

generalised by analysing process measurements acquired from five different types 

of combustion units and with several solid biomass fuels. 

It is further hypothesised that data analysis makes soft sensor development 

straightforward and simple by indicating practical forms of correlations. Such 

correlations help to reduce efforts put into the construction of data-based models. 

This is the basis for transferable soft sensor applications, despite changes in size 

and type among combustion appliances or fuels, including varying operating 

conditions. An information-theoretic metric and performance criteria for software 

sensors are applied to quantify the significance and generality of the results. 

1.5 Methods 

In order to find general signal correlations between flue-gas temperatures and the 

selected target variables, the data acquired from various combustion devices is 

investigated. This data consists of temperature signals and measurements of the 

target variables. A data analysis framework including a non-parametric statistical 

method based on information theory is presented and utilised for this task. 

Together with the selected measurements, a set of mathematical quantities 

(features) is derived from the temperature signals and their combinations. Further, 

multiple combinations of features (feature subsets) are analysed for correlations 

with the target variables. Then, the possibilities of using an empirical model for 

monitoring of CO2 concentration are studied by simulations with the data sets. 



25 

The results of the data analysis are explained through combustion theory, model 

performance, and compared with the relevant literature. 

1.6 Contribution 

The author has made a contribution to the following topics: 

A) Propositions for the most relevant features calculated from temperature 

signals and their combinations that generally correlate with the target 

variables studied. 

B) Data analysis framework applying an information-theoretic approach, applied 

in a sliding time window and tailored to a multivariate time series. 

C) A method for time delay estimation and identification of time correlations 

based on an information-theoretic metric of statistical distance between 

signals, applied in sliding time windows. 

D) A soft sensor application utilising a generalised signal correlation for 

monitoring gas concentrations of carbon dioxide in solid biomass-fired 

processes. 

1.7 Structure of the thesis 

The thesis starts with a characterisation of physical and causal dependencies 

between temperatures and combustion phenomena when using solid biomass as a 

fuel. Next, the implemented experimental set-ups with the five combustion units 

for acquiring data to analyse are presented. After this, methods for analysing the 

data sets are described, as well the results and discussion originating from the 

findings. Finally, the conclusions based on results are given in Section 7. 
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2 Role of temperature in biomass combustion 

Combustion reactions release and require heat that can be sensed as temperature 

changes. The behaviour of combustion temperatures depends on the existence of 

these reactions and process parameters such as the heating value of the fuel, the 

amount of combustion air, and specific heat capacities of the involved reactants. 

The following sections present temperature characteristics for combustion 

processes that utilise solid biomass as a fuel. 

2.1 Fuel properties 

An average Lower Heating Value (LHV) for different species of wood fuels can 

be approximated, for example, with the following equation (Vuorelainen 1978: 

17): 

 , )5.21
100

1.19(LHV ⋅−= MC
 (1) 

where MC is the percentage of wood moisture content. The LHV, (MJ/kg), 

describes the maximum achievable energy during combustion, when subtracting 

the amount of heat needed to evaporate the water in the combustion air and the 

fuel. 

A higher LHV and smaller particle size may result in high CO concentration 

(Yang et al. 2005b). On the other hand, larger particles of biomasses produced a 

higher flame temperature during combustion experiments (Yang et al. 2005a). It 

has been also observed that the moisture content of the wood fuel has an effect on 

the maximum achievable flame temperature in the fuel bed, namely the adiabatic 

temperature, as shown in Fig. 2 (Nussbaumer 1989, Oman et al. 1999, 

Saastamoinen et al. 2000, Ruusunen 2008). 

Light material in terms of density tends to lose heat easily by radiation as it 

has a smaller heat capacity per unit volume. The combustion stoichiometry 

determines the bed temperature and a denser material has a higher maximum bed 

temperature because of less fuel-rich combustion conditions. (Yang et al. 2005b) 
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Fig. 2. Adiabatic (theoretical maximum) flame temperature dependence on moisture 

content (0% – 55%) of wood and excess air factor (horizontal axis) in combustion. 

Modified from (Nussbaumer 1989, Nussbaumer 2003). 

Drier biomass is related to a higher combustion temperature and in turn to a 

higher NOx concentration (Staiger et al. 2005). Basically, the fuel moisture 

content together with the primary air supply delimits the maximum temperature in 

the fuel bed (Yang et al. 2003, Yang et al. 2004). 

2.2 Gaseous emissions 

Sufficient temperature is needed for the ignition and combustion of biomass. For 

solid biomass, a temperature range of 653 K – 873 K from an external heat source 

usually enables the ignition of pyrolysis gases, depending also on the gas mixture 

content (Koistinen 1989). After this, an increasing part of the heat energy required 

to maintain ignition is provided by exothermic reactions during the combustion of 

pyrolysis gases. At this stage, the formation rate of combustible gas components 

is typically high. Increasing the temperature further enhances volatility deeper 

inside a fuel particle (Wahlroos 1980); see also the temperature effect on the 

burning rate in Section 2.3. 

If the temperature exceeds 1000 K in the combustion zone and the mixture 

ratio of released gas components and oxygen is correct, exothermic reactions 

occur in the presence of mixing effects and sufficient residence time. As a result 

of this, heat and gaseous products are formed (see Section 1.1.1). This is also a 

result of the char combustion that partly produces the same components. Most of 

the combustion phenomena are exhibited in the gas phase, yet charring may 
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release up to 50% of the energy content of the biomass in the related reactions 

(Koistinen 1989). 

The formation of CO2 is connected to reactions that mainly release heat 

(Wahlroos 1980, Andersson & Marklund 1998, Nussbaumer 2003). In the 

presence of fuel-rich conditions due to absence of oxygen, endothermic reactions, 

such as formation of CO, may result in a decrease in temperature in the 

combustion zone. On the other hand, the increase of air supply lowers the 

temperature if the minimum oxygen concentration needed for complete 

combustion exists. A decrease in combustion temperature is then mainly due to 

the cooling effect of inert nitrogen gas. (Loo & Koppejan 2008) 

Incomplete combustion reactions may produce CO. Generally, a low 

temperature in the combustion zone (T < 1000 K) favours the formation of 

combustible gas components. On the other hand, high temperature values may 

indicate the absence of oxygen since the cooling effect decreases at the same 

time. This situation may also lead to poor combustion quality. The formation of 

CO can also be case-dependent in terms of temperature and depend on the type of 

combustion unit and the operating conditions such as fuel properties and set 

points of control parameters. (Raiko et al. 1995, Saxena & Thomas 1995, 

Pettersson et al. 1996, Good & Nussbaumer 1998, Biollaz et al. 2001, Lundgren 

et al. 2001, Lundgren et al. 2004, Dias et al. 2004, Boman et al. 2005, Staiger et 

al. 2005, Sippula et al. 2007, Pettersson et al. 2010) 

Nitrogen oxides, NOx, are typically present in the flue gas as a result of 

reactions with oxygen mainly in the form of nitrogen monoxide (NO) and to a 

lesser extent also nitrogen dioxide (NO2) or nitrous oxide (N2O). Temperature has 

a dominating effect on formation of these compounds in small-scale biomass 

combustion. It has been widely concluded that the concentration of NOx 

compounds increases with higher temperatures in the combustion zone. These 

reactions are further enhanced in the presence of excess air, especially at 

temperatures above 1400 K. (Aho 1987, Andersson & Marklund 1998, Winter et 

al. 1999, Staiger et al. 2005, Loo & Koppejan 2008, Stubenberger et al. 2008) 

Methane is a common gas component in biomass combustion. In the presence 

of optimal mixture with oxygen, the ignition temperature may vary between 900 

K and 1000 K. Also the formation of OGC is temperature-dependent and most 

reactions leading to them are realised at temperatures above 1000 K. These 

compounds are closely related to conditions favouring the formation of CO, see 

above and experimentally obtained correlations for example in (Lundgren et al. 

2001) and (Boman et al. 2005). (Wahlroos 1980, Loo & Koppejan 2008) 
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2.3 Burning rate 

The burning rate of solid biomass is the amount of fuel burnt per time unit 

according to LHV (Jenkins et al. 1998, Nussbaumer 2003). This phenomenon can 

be seen as a summation of the volatile decomposition speed and burning rate of 

char. It has been concluded that the burning rate has a noticeable effect on the 

ignition time, namely the instant when a fuel particle or bed ignites and results in 

a sharp rise in combustion temperature. Adiabatic flame temperature, CO and H2 

emissions at the top of the fuel bed and the proportion of char burned also have an 

influence on the burning rate. (Yang et al. 2003) 

On the other hand, the heat release is the product of the burning rate, the heat 

capacity of the flue gas, and the current difference between combustion and flue 

gas temperatures. Then, the heat output level of a combustion unit is partly 

dependent on the magnitude of these temperatures or their difference. (Wahlroos 

1980, Kortela & Luukkanen 1980, Yrjölä et al. 2006, Ruusunen 2006a, Ruusunen 

2009b, Kortela & Jämsä-Jounela 2010, Ruusunen 2010) 

The primary air flow from below the grate has an effect on the burning rate 

by introducing oxygen to the fuel bed. The effect of primary air on the burning 

rate is proportional to the volume of air supply in a time unit (Friberg & Blasiak 

2002, Yang et al. 2005b, Ryu et al. 2006, Menghini et al. 2008, Haller et al. 

2009). It has been stated that above a certain amount of air flow, the burning rate 

starts to decline even though the air supply is increased, since it lowers the 

temperature in the combustion zone (Saastamoinen et al. 2000) and thus 

decreases combustion reactions (Friberg & Blasiak 2002, Yang et al. 2004). 

The evaporating water in a wet fuel bed may prevent the penetration of 

oxygen to the combustion zone more and decrease the burning rate. Then the 

combustion temperature will also be lowered by heat binding effect of steam. It 

follows that the heat release as a result of exothermic reactions is decreased due to 

the lower LHV of wood fuel. (Wahlroos 1980) 

2.4 Thermal and combustion efficiency 

Efficiency can be related to combustion quality and the ability of a boiler to 

capture the released heat (Vuorelainen 1961). The overall efficiency of the 

combustion process describes the share of energy captured from heat released 

from the fuel and that arriving with the air supply. Thermal efficiency (ηth) here 

covers the portion of heat that is captured from the flue gas during combustion. It 
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is the main factor influencing the overall efficiency and is assigned here as a 

measure of how effective the heat transfer of a combustion unit is. Thus it is the 

ratio of sensible and latent heats captured in boiler water or the structures of a 

combustion unit and the energy content of the fuel. In determining combustion 

efficiency (ηc), the unrevealed energy of gaseous compounds (CO, CH4, H2, and 

OGC) due to incomplete burning is calculated and subtracted from the available 

energy content of the fuel. (Loo & Koppejan 2008) 

The temperature of the flue gas has an effect on thermal efficiency. Typically, 

a higher temperature in the flue gas exit results in lower thermal efficiency due to 

a larger temperature difference between the flue gas and ambient air (Fig. 3, 

Wahlroos 1980). As the thermal efficiency is dependent on the effectiveness of 

heat transfer from the flue gas to the combustion unit, a higher flame temperature 

on the other hand has the potentiality to increase the effectiveness of the 

conversion process. (Vuorelainen 1961, Jenkins et al. 1998) 

The maximum achievable temperature resulting in combustion of a fuel is the 

adiabatic flame temperature. It is mainly a function of LHV, the fuel moisture 

content, and the amount of excess air (Fig. 2, Nussbaumer 1989). This is then 

reflected in the combustion properties (Law 2006: 14). The adiabatic temperature 

can be linked to Carnot’s cycle in the determination of maximum efficiency 

related to biomass fuels with different LHVs (Jenkins et al. 1998). In this 

theorem, the ratio of cold (exiting, TC) and hot (entering, TH) temperatures at the 

boundaries of a heat engine determines the theoretically achievable efficiency as 

 . 1
H

C

T

T−   (2) 

The low temperature of the flue gas may also affect thermal efficiency indirectly 

by promoting formation of tar and soot (Wiinikka & Gebart 2004). Thus the 

fouling of surfaces in the convection zone occurs, leading to a decrease in 

efficiency. (Wahlroos 1980, Drobnič et al. 2005, Good et al. 2006, Menghini et 

al. 2008, Loo & Koppejan 2008, Haller et al. 2009) 
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Fig. 3. An example of temperature dependence of flue gas on heat loss (1 – thermal 

efficiency) in a wood combustion unit as a function of (CO2+CO) concentration and 

flue gas temperature. Modified from (Wahlroos 1980: 313). 

On the other hand, combustion efficiency determines the quality of the thermal 

conversion process as a function of potential combustible gas compounds. In this 

context, it is closely related to operating conditions and formation of gaseous 

emissions (Fig. 3 and Section 2.2), according to the temperature levels in the 

combustion zone. Too low or too high a temperature may lead to a decrease in 

combustion efficiency. At low temperatures (T < 1000 K), the combustion 

reactions are hindered in the absence of heat and a non-ideal gas mixture due to 

excess air, whereas high temperature may indicate the lack of oxygen and lead to 

incomplete combustion, producing CO and other combustible gas components. 

(Vuorelainen 1978, Wahlroos 1980, Good et al. 2006) 
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3 Studied combustion processes 

In the following sections, the origins of data for analysis are introduced. This 

includes a description of the combustion processes under study and the 

instrumentation involved. Data for the analysis was obtained during experimental 

campaigns with five different types of combustion units. The device having the 

lowest heat output was a stove. In this case, the operating mode was manual fuel 

feed and batch combustion. The other systems were two types of pellet burners 

and a stoker-fired boiler where the fuel was fed continuously to the furnaces. 

Nominal heat output levels were 5 kWth, 15 kWth for both pellet burners, and 300 

kWth respectively. Additionally, a data set from a 220 MWth circulating fluidised 

bed (CFB) boiler was analysed. Combustion tests included typical situations such 

as start-ups, shutdowns, steady state operation, and fuel power changes. Boilers 

were run mainly with a combustion control, i.e. in closed loop operating modes. 

With the 300 kWth boiler, heat load changes were also applied to generate 

fluctuations of heat demand. 

3.1 Stove, 5 kWth 

The measurement set-up for wood log combustion, consisting of a batch-fired 

stove with a 5 kWth average heat output is presented in Fig. 4. The ambient air 

temperature was also measured. The grate area was 0.096 m2 and was installed 

0.1 m above the floor of the furnace. The height of the furnace was 1.5 metres and 

the total height of the device approximately two metres. 
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Fig. 4. Cross section and temperature sensor positions (TR 1 and TR 2) of a stove 

intended for batch combustion of wood logs, heat output 5 kWth. Height reported in 

millimetres. Modified from (Ruusunen & Leiviskä 2004). 

Combustion air was supplied from two air inlets, located on the level of the grate. 

The air intake was controlled manually by varying the opening angle of the 

dampers randomly around the basic control profile that was achieved by 

observing the temperature in the convection section (TR 1 in Fig. 4), measured 

with a shielded and ungrounded K-type thermocouple with a wire thickness of 1.5 

mm. The same sensor configuration was introduced for measurement of the flue 

gas exit temperature (TR 2). Additionally, actuators for the dampers were 

installed to enable automatic control. A load cell connected to the grate weighed 

the fuel mass continuously. The change in the fuel mass per time unit was then 

calculated to approximate the burning rate. A natural draught was present during 

the tests. 

Sensor readings were recorded with a data acquisition system. Measurement 

and control software was developed using the LabVieW™ program. The system 

included a measurement card and signal isolation modules for the sensors. The 

raw signals of the thermocouples were linearised with cold-junction 

compensation in the hardware module. At the same time, an infrared gas analyser 

(IR–702) measured the values of carbon dioxide (CO2) and carbon monoxide 

(CO). Oxygen content (O2) in the flue gas was similarly analysed with an IR–

2200 analyser and the nitrogen dioxide (NO2) with an AC 30 M NOx device. The 

gas sampling line was equipped with a flue gas drying unit to enable continuous 

use. The sampling frequency of the measurement data was set to four Hertz. An 

average of 20 samples was calculated and saved every five seconds. 
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The batches consisted of two randomly mixed wood species, namely aspen 

and birch, in the form of chopped firewood. One of the batches consisted solely of 

pinewood. The moisture content of the fuel was 9%, except during the test with 

pinewood where the water content was 30%. This equals LHVs of 17 MJ/kg and 

13 MJ/kg, respectively. The moisture was measured applying the weighing 

method, where random bulk samples of the logs were taken for weighing before 

and after the heating of the sample in an oven. The thickness of the wood particles 

varied between 2 – 15 cm and length 5 – 40 cm respectively. In each experiment, 

the logs were fed manually above the burning fuel bed at a random time instant 

after the previous feeding or ignition. Between the runs there was a 24-hour break 

to cool down the combustion chamber in order to alter the operating conditions. 

The ignition point and placing of the logs during fuel feeding were also varied 

randomly. Measurement data of 20 batches during six days was utilised in the 

analysis. More details about the test runs and properties of the fuel batches can be 

found in (Ruusunen & Leiviskä 2004). 

3.2 Two pellet burners 15 kWth, direct and gasified combustion 

Data from a commercial, domestic hot water boiler of 20 kWth was utilised in the 

study. The water volume of the boiler was 0.18 m3. Combustion tests with two 

types of burners installed in the boiler were conducted, both of them designed to 

produce 15 kWth at nominal heat output. In the burner with gasified combustion, 

the gasification of crushed pellets by partially oxidising the fuel was followed by 

combustion of wood gas. The other burner was based on direct combustion, in 

which the pellets were fed and burnt in a horizontal combustion pipe (Fig. 5). 

Measurement data was obtained from the reference tests made for both burners 

according to the EN 303–5 standard. Then, in both cases, the data from a six-hour 

period was acquired mainly at nominal heat output level. During the tests, the 

combustion control systems of the burners were in use. 

The selected temperature sensors (TR 1 and TR 2) were located inside the 

boiler as shown in Fig. 5. The sensors were shielded and grounded K-type 

thermocouples. The data acquired from these sensors was utilised in the following 

analysis. 
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Fig. 5. Hot water boiler, 20 kWth, together with an installed pellet burner applying direct 

combustion: crosscut, boiler depth and height in millimetres, with the temperature 

sensor positions utilised in the study (TR1 and TR2). Published by permission of HT 

Enerco Oy. 

Continuous flue gas analysis was established with a Testo 330–2 analyser that 

included O2, CO, and NO measurements. A calculated value for CO2 was 

provided by the analyser that was based on oxygen measurement and a fuel 

specific maximum value of 20.3 vol.-% for CO2. The gas components were 

measured continuously by the analyser after cooling and drying the flue gas 

sample. An energy meter (Kamstrup MULTICAL®) and indoor temperature 

sensor (Pt100) were also installed. The draught was stabilised with a combination 

of mechanical draught regulator and a controllable exhaust fan in the chimney. 

(Ruusunen et al. 2009a) 

The measured values were acquired continuously through a programmable 

automation controller (FieldPoint™) and using a direct connection from the flue 

gas analyser to the computer. For this purpose, software utilising LabVieW™ was 

programmed. The data sampling interval during test campaigns was one second. 

During the tests, wood pellets of eight millimetres in diameter were used as a 

fuel. The measured moisture content was 7.4% and LHV 17.5 MJ/kg. Fuel 

analysis complied with the CEN/TS standard. More details about the fuel 

properties and test environment are reported in (Ruusunen et al. 2009a). 
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3.3 Stoker-fired boiler, 300 kWth 

The experimental set-up consisted of a commercial 300 kWth stoker-fired boiler 

producing hot water, a fuel silo, a fuel feeding screw, and the instrumentation 

needed to monitor and control the unit. The boiler was connected to a heat 

exchange circuit that included an accumulator. It was further equipped with 

primary and secondary air supply fans. The volume of the water jacket was 1.3 

m3. Gaseous components in the flue gas were measured continuously along with 

the boiler temperatures and feedback controlled draught.  

The test with the boiler included combustion of woodchips made from birch 

with moisture content between 9% and 40%, measured as the amount of water in 

bulk samples applying the weighing method. The analysed LHV of the fuel varied 

from 17 MJ/kg to 10 MJ/kg. In addition, wood pellets with a moisture content of 

9% (LHV 17 MJ/kg) were combusted utilising the same device configuration. A 

schematic diagram and selected temperature sensor positions inside the boiler are 

presented in Fig. 6. 

Fig. 6. Schematic diagram, dimensions in millimetres, and selected temperature 

sensor positions (TR 1 and TR 2) at the fire side of a 300 kWth stoker-fired boiler. 

Modified from (Ruusunen 2010). 

The fuel was fed into the combustion chamber by the feeding screw. The gas 

analyser for CO2, O2, and CO was a URAS 10 E. The gaseous NOx components 

were measured with a RADAS 2 G analyser. The other combustible gas 

components, namely OGC, were analysed with a Multi-FID 100. The gas 

analysers were calibrated at the beginning of each test run. During the gas 

analysis, the sample gas was dried and filtered. 
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The continuous heat output measurement was based on a coriolis mass flow 

meter, together with the temperature difference between the supply and return 

water and the corresponding pressures. Temperature sensor TR 1 in the 

convection section of the boiler was a shielded and ungrounded K-type 

thermocouple with a wire thickness of 1.5 mm. Flue gas temperature TR 2 was 

measured at one point across the chimney as a mean value of five Pt100 sensors 

(Fig. 6). 

Data from the experiments was acquired continuously with a sampling rate of 

10 seconds. Test runs with the combustion unit consisted of a typical usage profile 

of a boiler with control. The operating range of the boiler varied between 30% 

and 100% of the nominal heat output during the experiments. Altogether 75 hours 

of test runs were included in the data analysis. More details on the test 

environment can be found in (Ruusunen 2010). 

3.4 Circulating Fluidised Bed boiler, 220 MWth 

The data for the analysis came from normal operation of the CFB boiler over 

three days. During this period the unit was operated at different loads producing 

heat and electricity. The soot blowing with steam was scheduled for midnight. 

The boiler’s own control system was in use with oxygen trim. Two different 

compositions of logging residue, wood chips and peat were burned, namely one 

during the first two days and the other on the last day. The measured moisture 

content (bulk samples, method SFS-EN 14774–2) of this fuel composition varied 

between 47% and 52%. 

The selected temperature sensors for the data analysis were located near the 

second superheater and after the economiser. The mean temperature levels of the 

flue gas in the data set were 800 K and 550 K respectively. A gas analyser 

(Gasmet™ DX-4000) based on Fourier Transform Infrared Spectroscopy (FTIR) 

was in position between the two temperature sensors (Pt1000), after the two 

cyclones. The measured gas components utilised in the data analysis were in this 

case CO2, CO, NO, and OGC volume percentages in the dry flue gas. The oxygen 

content in the flue gas intended for the control purposes of the unit was measured 

separately with an oxygen sensor and positioned nearer the furnace. The other 

process variables, namely heat output and boiler efficiencies, had been obtained 

from the measurement system of the boiler. A detailed description of the process 

conditions during the three days is reported in (Hansen-Haug 2011). 
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4 State-of-the-art methods for data analysis 

Many data analysis methods exist for exploring dependencies between variables. 

The ranking of candidate variables may be based on some selection criterion, 

model validation, or both. Often, the original variables are transformed or 

grouped prior to the analysis, referred to here as a task of feature construction. It 

may include logarithmic, square root or inverse transformations, as well as 

Principal Component Analysis (PCA) for data aggregation, see for example 

(Jolliffe 2002). Wavelet transforms (Daubechies 1990) and other mathematical 

functions, clustering (MacQueen 1967, Jain et al. 1999), and convolution of 

kernels (Guyon & Elisseeff 2003) have also been applied to transform and group 

original variables. These procedures lead to a set of features. 

Additionally, time delays between the studied signals are of concern in data 

analysis. The delays can be evaluated, for example, using standard cross-

correlation or a generalised version of it (Knapp & Carter 1976), or applying 

model and process identification (see Björklund & Ljung 2003) in the time or 

frequency domain. The information-theoretic approach, such as the maximisation 

of mutual information (I) between two signals (Mars & Arragon 1982, Fraser & 

Swinney 1986, Wen & Wan 2009), has been presented to further address potential 

nonlinearities in system dynamics. 

Feature selection is performed to rank and select the most potential candidate, 

namely a feature subset from the set of features that describes the target variable. 

This analysis stage is commonly categorised by two search strategies: filters and 

wrappers. In the former approach, feature selection is separated from model-based 

identification. In the latter case, modelling is performed to test different variable 

combinations as model inputs. In both strategies, several search approaches for 

ranking feature subsets are applied. These include an exhaustive search over the 

entire feature space, genetic algorithms (Holland 1975) as an example of global 

and random search strategies, and greedy algorithms such as forward selection 

and backward elimination or combinations of the latter in a stepwise style. 

(Guyon & Elisseeff 2003) 

Ranking and selection of features or variables is usually based on some 

criterion. The quality of candidates can be quantified for example by calculating 

the root-mean-square error (RMSE). This is the square root taken from the sum of 

squared differences between the analysed feature and the target variable, divided 

by the number of data points. Another possibility is the correlation coefficient (r), 

indicating mainly the fraction of variability in measurements that is captured by a 
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linear model (Anscombe 1973), namely the linear dependence between two 

variables. Moreover, residual analysis assessing properties of error values in 

terms of their distribution, independence, and variation can be applied to make a 

decision about the validity of the variables to be selected. Also, information-

theoretic criteria have been extensively utilised (Yao 2003). Mutual information 

and its functions are typical metrics that quantify the amount of common 

information that the signals share. The maximum entropy principle, as a measure 

of divergence between probability distributions, has been also utilised in data 

analysis (see for example Kapur 1989). Multiscale entropy has been utilised as a 

measure of complexity in time series signals (Costa et al. 2005), although it may 

also indicate changes in the standard deviation of a signal (Nikulin & Brismar 

2004). Related criteria are indices that measure statistical distance between the 

probability distributions of variables, for example Kolmogorov and Bayesian 

measures (Duch 2006). On the other hand, functions quantifying the distance 

between the variables, among others the Euclidean and Mahalanobis distance 

(Mahalanobis 1936) have been applied to obtain relevant variables for the 

analysis stage. Other metrics are, for example, the Jaccard index (Jaccard 1901), 

which is an estimated statistic of similarity between data sets, and the Hamming 

distance (Hamming 1950) for measuring the (dis)similarity of vectors or strings. 

In addition, sample statistics are also utilised, for example the mean and its 

numerous variants. 

Next, four frameworks are introduced and compared from the viewpoint of 

the data analysis task in this thesis. A typical data analysis framework is an 

identification that includes the construction of mathematical models to explore the 

dependencies and dynamics of a process (Söderström & Stoica 1989, Ljung 1999, 

Nelles 2001) for monitoring and control purposes. It therefore belongs mainly to 

the category of wrappers, as the evaluation of potential variables to be included in 

the final model structure is based on the goodness of the model. A review on the 

variable selection methods based on model identification, including a sliding 

window approach, is also addressed in (Ruusunen et al. 2006b). The identification 

category can further include the Design of Experiments (DOE) methodology (see 

for example Box et al. 1978) to search experimentally and systemically for 

dependencies between variables in order to construct statistically valid models. 

Identification may also include time series analysis based on modelling (Box & 

Jenkins 1970) or other techniques including the autocorrelation function, several 

types of Fourier transforms, and Wavelets. Further, classification methods have 
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been extensively applied in the area of process identification; see the survey by 

Kotsiantis (2007). 

Statistical analysis is here related to correlation analyses and several methods 

for analysis of variance (ANOVA), as well as statistical tests to explore bivariate 

or multivariate relations in a data set. Many of these methods need assumptions 

about normal and stationary data including equal variances when comparing 

changes in statistical values of the explored signals. Moreover, an assumption of 

linearity is generally required. 

Graphical analysis includes the methods that provide visualisation and 

summarisation for the data set. These include, for instance, scatter plots or 

different types of charts. A common property for these methodologies is 

exploration of data without quantitative criteria or model structures. 

The information-theoretic approach to data analysis means the utilisation of 

calculated quantities derived from information theory (Shannon 1948). Entropic 

data analysis (Pyle 1999: 401–482) is one way to apply these quantities. The 

analysis consists of calculating and comparing the information-theoretic 

quantities such as signal entropies and mutual information between the signals. 

These may include the estimation of transfer entropy between the studied signals 

to quantify also causality and its direction (Schreiber 2000). In addition, several 

feature selection algorithms utilising the information theory have been presented 

such as conditional, dynamic, and partial versions of mutual information (Cheng 

et al. 2008, Liu et al. 2009, Yuan et al. 2011). Many of these algorithms are 

inspired by Battiti (1994). Additionally, a multivariate version of the mutual 

information based feature selection framework, named minimal-Redundancy-

Maximal Relevance (mRMR), has been presented in (Peng et al. 2005). Methods 

based on the information-theoretic approach belong mostly to the filter category, 

and are often capable of also measuring the redundancy between the feature 

candidates. A typical selection strategy is to minimise the redundancy between the 

selected features within the subsets while preserving maximum relevance with a 

target variable. 

The main requirements for the study and applicability of the above-

mentioned frameworks are reviewed in Table 1, according to the literature 

presented above. The number of plus (+) signs rates the capability of an analysis 

framework to tackle each of the requirements. The non-parametric requirement 

refers to the distribution independence and time delay refers to the capability to 

estimate delays between the signals. Time dependence relates to evolving changes 

in correlation between the observed variables. The requirement for conditional 
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dependence is the property of two or more variables or features being relevant to 

a target variable together, but irrelevant when treated as individuals, also known 

as an XOR problem. 

Table 1. Estimated applicability of typical data analysis frameworks for the defined 

requirements. The frameworks are rated with plus signs from one (+) to three (+++) 

according to the increasing potential to meet a specified requirement. 

Requirement Identification Statistical Graphical Information theory 

Nonlinearity ++ ++ ++ +++ 

Multivariate ++ ++ + + 

Non-parametric + ++ +++ +++ 

Time dependence ++ + + ++ 

Conditional dependence + + + ++ 

Time delay estimation ++ + + ++ 

The information-theoretic approach is chosen for the analysis framework in this 

thesis, because it shows the highest potential with respect to the requirements 

stated above. It should be noted that the strict division of analysis methods into 

different categories is ambiguous. For example, PCA can be utilised for feature 

construction, process identification, and presentation of results in a graphical 

form. Similarly, clustering as an unsupervised algorithm can be connected to 

feature construction and to graphical analysis. 

Findings in a combustion case study (Ruusunen et al. 2006a) also support the 

selection of non-parametric data analysis based on the mutual information to 

quantify similarities in a combustion data. It is argued that both dynamical 

behaviour and nonlinear properties could be indicated with the same kind of 

approach as the time-delayed mutual information (TDMI) presented in (Kaneko 

1986, Fraser & Swinney 1986, Vastano & Swinney 1988, Nichols 2006). TDMI is 

a metric to quantify how much two signals, or a signal and its past values, share 

common information and how it changes as the time delay between them is 

varied. 
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5 Information-theoretic analysis of data 

5.1 Data analysis framework 

The utilisation of information theory for data analysis requires (Pyle 1999, Cheng 

et al. 2008, Vu et al. 2009, Kumar & Kumar 2011) that the 

– data is stationary and ergodic 

– signals are independent and identically distributed (i.i.d.) random variables 

– estimated probability mass functions (pmfs) describe the true distribution. 

As the data is fully utilised in the analysis, it also contains changes in the 

operating point of the combustion process. This indicates that the stationary 

assumptions for the whole data set could fail. On the other hand, the time 

dependence and the dynamics between the variables are of interest. Therefore, 

these properties are studied applying the data analysis in the sliding window. This 

decision is based on the assumption that the stationary property could still mainly 

hold within a short time window (Kaiser & Schreiber 2002). The assumption is in 

turn connected to the requirement that the data should be from an ergodic process, 

where the statistical properties of a data set can be derived from a single sample. 

It is further argued that time-evolving changes in correlation could be of use 

to determine signal drift or varying time constants. Calculation of mutual 

information in time windows or with sub-samples has been notified in (Kaiser & 

Schreiber 2002, Liu et al. 2009, Kumar & Kumar 2011). The effect of a non-

stationary signal in the calculation of its information content is discussed in (Vu et 

al. 2009). The conclusion is that instead of the true mutual information, the 

calculation may still quantify the strength of the dependence between the signals. 

Kaiser & Schreiber (2002) have also observed that although the small sample size 

already preserves the underlying probability distributions, statistical errors (such 

as violation against the i.i.d. assumption) in the calculation of mutual information 

are present. However, they still managed to simulate the time-dependent 

behaviour of theoretically derived mutual information. 

The data analysis approach for this study is presented in Fig. 7. The 

mathematical background is shown in the following chapter. Analysis starts with 

data preparation, where available data sets from the five combustion units are pre-

processed. At this stage, any clear measurement errors indicated by experiment 

diaries are removed. Also, the situations where some of the measurements have 

been temporarily not in use are cut off before the analysis procedure. These 
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mainly consist of the automatic calibration sequences of the flue gas analysers 

during the tests. 

Firstly, combinations of two and/or three temperature signals together with 

individual signals are applied. The two sensors are selected for analysis along the 

combustion units so that the temperature levels in the convection section (600 K < 

T < 1000 K) and flue gas (T < 600 K) are represented and consistent in the case of 

each unit. Additionally, filtered temperature signals from the convection sections 

are included as variables in the analysis. Temperature sensors residing in the 

combustion zone (T > 1000 K) inside the furnaces were not included in the 

analysis in order to avoid uncertainties caused by the heat radiation of the 

thermocouples and variation of the flame position according to the burning rate or 

fuel moisture (Section 1.2). 

After the data preparation, the analysis proceeds to the detection of time 

delays. The optimal time delay is determined for the available temperature signals 

with respect to each of the target variables. Also, the time-evolving dependencies 

of the signals are studied. Delays of all the signal combinations are then analysed 

in order to reveal possible conditional dependencies among the signals with the 

tested delay values. The best time delays according to (Eq. 9) for each of the 

temperature signals and their combination are then applied in further analysis 

steps. 

 

Fig. 7. General view of the applied data analysis framework. 

The next step, feature construction (Fig. 7) includes the formation of signal 

combinations and their transformations by utilising feature prototypes (Ruusunen 

2008). The details of this procedure are given in Section 5.3. The approach is 

motivated by the situation where a feature that individually would have no 

dependence on the target variable but is highly relevant together with another 

feature could appear, in other words it is conditionally dependent (Guyon & 

Elisseeff 2003, Cheng et al. 2008, Kumar & Kumar 2011).  

Another motivation for the prototypes is that features constructed from the 

original signals may often describe the target variable better (Kusiak 2001, Burns 

et al. 2004). Further, physical equations and basic transformations can be applied 

with this type of construction procedure. 
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In variable and feature selection, the aim is typically to rank and choose a 

subset where the redundancy between features is minimised while maximising the 

relevance with the target variable (Peng et al. 2005, Kumar & Kumar 2011). 

However, the selection of redundant variables or features may result in noise 

reduction and better class separation (Guyon & Elisseeff 2003). Either way, a 

useful feature combination for soft sensor applications should show minimal 

redundancies both with manipulated variables and unmeasured disturbances to be 

able to provide an accurate estimate about a target variable (González et al. 1994). 

Therefore, in this case too, redundant features are allowed. 

The need for estimating higher than two-dimensional conditional probability 

mass functions between features and the target variable is avoided with the 

feature ranking procedure presented here (Section 5.3), specifically applying (Eq. 

8). At this final stage of the presented analysis, conclusions are made about the 

strength of correlations between the temperature signals, features derived from 

them, and the target variables. 

Feature selection (Fig. 7) includes the task of ranking temperature signal 

combinations and/or their transformations that describe the target variable. The 

selection is based on exhaustive search; all individual features and all their 

combinations of two to three with the individual 110 features are analysed, 

resulting in 5995 and 215820 subsets, respectively. The analysis is traceable since 

the structure of every feature prototype and signal combination is known. 

Additionally, exhaustive search through all the combinations will reveal any 

conditional dependence among the proposed features. The search strategy is then 

repeatedly applied for every time window with four different signal 

transformations of each target variable, namely the natural logarithm, square root, 

power of two, and logarithm base 10. The described data analysis then leads to 

the calculation of 221925 feature combinations for each target variable and 

additionally for their four transformations. Although this results in a limited 

search space due to the finite number of features, a total of 1109625 distance 

indices are obtained at each analysed time window for the target variable under 

consideration. The same procedure is repeated for all five data sets with the 

obtained analysis parameters (Section 6.1.1). 

5.2 Mathematical formulation 

The theoretical basis for the applied data analysis method is presented here. This 

includes a description of the analysis procedure and derivation of a criterion for 
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comparing the relevancy of potential features to describe the combustion 

variables. 

Since the analysis procedure is based on the information-theoretic approach, 

representative probability mass functions (pmfs) giving a probability p(·) for each 

signal component (data sample) are needed for the calculations (Eq. 4 and Eq. 6). 

In this case, the estimation of pmfs is done using a binning approach with 

histograms. Histogram-based estimation is computationally efficient and non-

parametric, although it may produce large estimation errors if the bin width or 

sample size is not correctly determined (Pyle 1999, Kraskov et al. 2004). 

The sample size for constructing histograms is also related to the time- 

windowed analysis procedure, since the probability calculations are performed at 

discrete signal sequences of a finite length. For the reliable estimation of 

probability distributions with histograms, the shortest applicable time window 

equals the minimum permissible number of signal components. In this case, the 

determination of number of bins and length of time windows is based on the 

variability and convergence of signal entropy values. As the number of bins 

increases, variation of signal entropy is here observed similarly to variation in the 

measured values of a variable as the sample size is increased (Pyle 1999: 169). 

The chosen number of bins is the point where the signal entropy starts to 

converge to the steady state value; the same criterion is applied to determine the 

length of the time window (see Fig. 10). 

Consequently, utilisation of such a smoothing pmf estimator guarantees the 

normalisation property for the mutual information (Estévez et al. 2009). A 

normalised version of mutual information is applied here, since it provides a 

comparable metric between signal dependencies and makes it possible to scale 

obtained values between [0, 1] thus unifying the analysis results (Rajski 1964, 

Wong & Liu 1975, Pyle 1999, Jakulin 2005). For this, an information-theoretic 

interpretation (Yao 2003) of Jaccard index (Jaccard 1901) is applied. In this 

context it describes the similarity of two data sets, being a measure for mutual 

information between sequences of two signals divided by an average uncertainty 

over the whole data, namely joint entropy (Shannon 1948). The complement of 

the resulting quantity after the division operation fulfils the requirements for the 

metric of always being non-negative (D(xi,y) ≥ 0), symmetric (D(xi,y) = D(y,xi,)), 

and positive definite (D(xi,y) ≥ 0 & D(xi,y) = 0 if and only if xi = y): 
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where D(xi,y) is the similarity metric for values of i th feature vector xi and the 

target vector y, presented with mutual information I(xi;y) and joint entropy 

H(xi,y). A value of 0 ≤ D(xi,y) ≤ 1 is thus an approximation of the normalised 

similarity between a bivariate data set, namely the feature xi and the target vector. 

The mutual information of two discrete random variables is usually defined as  
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where p(·) denotes the probability distribution function of a discrete random 

variable or a pair of variables, and n is the number of signal components. As the 

natural logarithm is applied, the unit for information is nat. 

For counting dependencies between more than two variables with the selected 

metric, first the joint entropy for more than two variables is presented as a 

function of the multivariate generalisation of statistical dependence, Istat,, as 

introduced by Tononi et al. (1994). The notation is inspired by Watanabe’s total 

correlation (Watanabe 1960), and individual signal entropies (Shannon 1948). The 

joint entropy is here approximated by rearranging the equation of Istat by Tononi et 

al. (1994) as 
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where the approximated multivariate joint entropy ( )yS,Ĥ  is the sum of the 

entropies of individual features or signals xi and the entropy of target vector y, 

subtracted by the Istat,, namely the similarity between a feature subset S = {xi, i = 

1,…, mf} with a number of mf features and the target vector y. For the calculation 

of joint entropy (Eq. 5), the multivariate statistical dependence Istat(S;y) and 

individual signal entropies H(xi) are needed. The Shannon’s entropy of a signal 

vector (Shannon 1948) with n data points is adopted here as 
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The signal entropy H(y) for the target vector y is calculated accordingly. On the 

other hand, Istat(S;y) is approximated with the maximised relevance criterion 

presented by Peng et al. (2005). This criterion defines the average of all mutual 
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information values between individual features xi in subset S and the target 

vector, thus allowing the description of multivariate probability distributions 

using bivariate calculations (Peng et al. 2005): 
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where value |S| is the number of features, mf, in the subset S. The metric for this 

analysis is then formed by applying Istat(S;y) from (Eq. 7) to (Eq. 5) and following 

the notation of a normalised mutual information (Yao 2003) similarly to (Eq. 3) as 
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The resulting value 0 ≤ D(S,y) ≤ 1 is an approximation of the normalised distance 

measure between a feature subset S with a combination of mf features or signals, 

and the target vector y respectively. The distance measure is interpreted as 

follows: the values near zero indicate strong correlation, whereas increasing 

values towards one are related to independence between the signal vectors. 

The time delay between temperature signals and target variables is estimated 

prior to the data analysis (Fig. 7). The presented metric D(S,y) is utilised to search 

for time delay τ maximising the similarity between a feature subset and a target 

vector as 

 ( ) ( )( ) , ,min ττ
τ

+= nnDest yS   (9) 

where τ est is the estimated mean value of time delay from the feature subset S to 

the vector of a target signal y and n is a pointer for a signal component in the data 

set. Both positive and negative values for the time delay are allowed. 

For this study, the delay combinations of two and three signals, namely 

temperature in the convection section Tconv, median-filtered Tconv, and flue gas 

temperature Tfg are also estimated. It results in seven combinations, which 

includes the individual signal delays. 

The time delay estimation is performed with the signal combinations in order 

to also enhance the relevance of the features that are constructed from more than 

one signal. These results are then utilised at the beginning of feature selection, as 

the analysis proceeds with features that have been time-shifted forward or 

backward according to the estimated delay values obtained with (Eq. 9). 
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5.3 Feature construction and ranking 

For constructing the features, signal combinations of temperature measurements 

using different arithmetic operators are defined according to feature prototypes. 

This includes addition, subtraction, division and multiplication of the raw signals 

as well as their data transformations such as power and logarithmic versions of 

the signals (see Appendix 1 for predefined feature prototypes). The concept of 

feature prototypes has been utilised for data analysis earlier in (Ruusunen 2008), 

where 57 individual features were generated from three temperature signals. For 

this research, the size of the feature set including the prototypes was extended to 

110 to achieve a more inclusive search for relevant dependencies in the case of 

multiple data sets and target variables. 

The conditional dependencies are further tackled by an exhaustive search 

strategy, testing all signal combinations defined by the feature prototypes. 

Additionally, the permutations of two and three combined features were analysed. 

The analysis is performed with the two measured temperature signals 

obtained in each case (Section 1.2). The third variable used to construct feature 

prototypes is the median-filtered temperature signal measured from the 

convection section in each combustion unit. 

Feature construction (Fig. 8) includes here the generation of all the possible 

signal combinations before defining the features using the prototypes. The feature 

sets then cover all predefined signal combinations multiplied by 110 subsets for 

each of the five data sets. Also, transformed target variables are utilised in the 

analysis, as stated in Section 5.3. 
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Fig. 8. Flowchart for constructing feature sets. 

During the construction of the features and calculation of their related values, the 

validity check for signals is performed constantly. This includes the removal of 

infinite values and replacing the zeros with a small positive number in order to 

avoid invalid calculations. 

After all the feature values have been calculated, the analysis proceeds with 

feature selection. The applied procedure for ranking relevant features to describe 

dependencies is performed according to Fig. 9. The mean value of Eq. 8 is the 

ranking criterion for the features. The number of time windows k originates from 

the size of the data sample chosen during the determination of optimal analysis 

parameters. For example, if the length of an acquired data set is 10000 points 

without overlapping and the optimal window size is 500, it results in k = 20 time 

windows. The estimation of probability distributions and calculation of 

information-theoretic quantities is performed separately in each time window. In 
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the case of combinations of features in groups of two and three, the analysis is 

repeated similarly. Further, the data analysis with the four different 

transformations of the target signals is carried out in the same way. 

Fig. 9. Flowchart of the applied algorithm for feature ranking. 
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The mean values and related standard deviations for the D(S,y) are calculated 

with the assumption of a normally distributed sample of random variables. The 

number of individual values equals the number of time windows. Thus, the 

standard deviation of the D(S,y) describes the variability of the metric values 

across the time windows. 
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6 Results and discussion 

6.1 Estimation of analysis parameters and time delays 

6.1.1 Analysis parameters 

In order to estimate the (joint and marginal) probability distributions with 

histograms and to calculate the information-theoretic quantities, the following 

parameters of the data analysis procedure were studied 

– number of bins in histograms 

– sample size for time windows 

– overlapping ratio of the windows. 

These values were determined individually for each analysed data set. The 

evaluation was based on the calculated signal entropies of measured temperatures 

in convection sections and flue gases. Specifically, the standard deviation of the 

signal entropy was of interest. The selection criterion for the explored parameters 

was the convergence and stabilisation point of the entropy variation, namely its 

standard deviation, as a measure for representative sample size in windows. Then, 

the selected number of bins and sample size with the chosen overlapping ratio 

were utilised for the data analysis. Prior to the analysis, all the data sets were 

normalised to the range [0, 1], case by case. 

The selection of the analysis parameters proceeded as follows: the entropies 

of two temperature signals (Tconv and Tfg) were calculated in windows with 50 

sample sizes from 10 to 500. Simultaneously, bins from 1 to 30 were tested in 

histograms to estimate the probability distributions needed for Eq. 4 and Eq. 6. 

These calculations were performed in the resulting number of windows through 

each five data sets in the MATLAB® environment with a modified code of 

Marwan (2009). The standard deviation for the calculated entropies was obtained 

across the time windows. In addition, several overlapping ratios of the windows 

were tested with the current configurations. An example of the selection results 

and the selected analysis parameters are presented in Fig. 10 and Table 2, 

respectively. 

It was noticed that the length of the time window affected the standard 

deviation of calculated signal entropy with every data set. Illustratively, this is 

seen for example with the temperature signal Tconv of the CFB data set (Fig. 10a). 
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The different levels and convergence speeds in the standard deviation of entropy 

as a function of the increased number of bins and four different numbers of data 

points (n), namely window lengths are presented in Fig. 10a. For the flue gas 

temperature signal, Tfg, the standard deviation is generally higher with the same 

window length (Fig. 10b). 

With the above-mentioned selection criteria, it was argued that the sample 

size of 50 data points in 10 bins would be practical for the analysis of the CFB 

data set. Applying these parameters, the standard deviation of signal Tconv 

converged and stabilised to the level of 0.15 nat in comparison with other tested 

sample sizes and number of bins for this case. 

 

Fig. 10. Selection of sample size (n) and number of bins (m) for the analysis 

procedure. The convergence of standard deviation in signal entropy determines the 

number of bins and sample size in time windows: a) temperature signal from the 

convection section and b) measured flue gas temperature in the CFB data set. In this 

case, a sample size of 50 for the time window and 10 bins was applied. 

The convergence and stabilisation of the standard deviation was studied with 

similar analysis in each case. As a result, applying 10 bins for the estimation of 

pmfs was found feasible with each of the five data sets. Further, the sample sizes 

used in the sliding window analysis were identified as shown in Table 2. Finally, 

the analysis was performed in successive time windows, without the overlapping 

property (see also validation of the method in Section 6.5). 
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Table 2. Selected number of bins, time windows and related sample sizes, time span 

of windows, together with the total number of analysed data points. 

Data set Bins 

(m) 

Time span 

(s) 

Sample size 

(n) 

Time windows 

(k) 

Data points 

(n) 

Stove  10 1250 250 21 5250 

Pellet 1 10 250 250 48 12000 

Pellet 2 10 250 250 63 15750 

Stoker 10 1500 150 144 21600 

CFB 10 9000 50 29 1450 

6.1.2 Time delays 

All five data sets were analysed using the same procedure. Within the data set, the 

time delays between six target signals (raw values) and the corresponding 

temperature signals and their combinations were estimated. The applied time 

delay for the analysis or combination was selected according to the mean 

minimum distance value (Eq. 9, Fig. 11a) across the processed time windows 

(Fig. 11b). Time delays ranging from –20 to 20, including zero (initial delay), 

were tested. 

The procedure was performed in the form of an exhaustive search. Then, for 

each processed signal (Tconv, filtered Tconv, and Tfg), 41 calculated values (Eq. 8) 

were obtained to rank the relevancy of a delay value in the range. In the case of 

combining two signals in turn, the resulting number of D(S,y) values was 1681 

for each of the three signal pairs (Tconv and filtered Tconv, Tconv and Tfg, filtered Tconv 

and Tfg). Similarly, the combination of all three signals produced 68921 

permutations for delay values. Specifically, these numbers of operations were 

repeated in each of the five data sets for each of the six target variables in every 

time window. The analysis was performed with parameters described in Section 

6.1.1. 

An example of results after the time delay estimation is presented in Fig. 11. 

The relevancy of the delays was ranked in ascending order so that the delay value 

assigned to the minimum mean distance value was selected for the data analysis 

(marked with square box in Fig. 11a). It follows that in comparison to the initial 

delay (marked with a triangular box), a stronger correlation is expected between 

CO2 and Tconv when a delay of 12 seconds is calculated in the case of the Pellet 1 

data set. The following analysis was performed with shifted signal segments 

according to a delay of 12 seconds. 
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Additionally, indications of time-evolving dependencies between the 

temperature and target signals were investigated by observing the values of the 

metric (Fig. 11b) and estimated time delays (Fig. 12) minimising (Eq. 9) in each 

of the analysed time windows. With the Pellet 1 data set, a slight trend in the 

distance values is seen (Fig. 11b), probably due to accumulated coal particles 

burning at the bottom of the furnace during the test campaign. 

Fig. 11. Selection of time delays for the analysis: a) the D(S,y) value at time delays of 

from –20 to 20 with error bars indicating the standard deviation of it across the time 

windows. The delay of –12 s (square marker) resulting in a mean distance value 0.66 ± 

0.08 was selected. The triangular marker shows the D value of 0.82 ± 0.08 with an 

initial delay of zero. b) The distance values as a function of time windows using both 

presented delays. The procedure is illustrated with the data set Pellet 1 where the 

measured CO2 and the temperature in the convection section (Tconv) were applied. 

The trend seen with D values can be at least partly explained by the time-evolving 

change in time delay, maximising the correlation between the signals (Fig. 12). 

Time-dependent behaviour was present in particular between NO and Tconv 

dependence with this data set (see Section 6.2). In general, correlations between 

temperature and target signals seemed to be higher at the beginning of the data 

sets, namely at the start-ups of small-scale units. At this stage, a fast increase in 

temperature and target values is mostly related to the pyrolysis of biomass 

(Section 1.1.1). As the values of all variables are increasing continuously, the 

correlation is high. Also, the wall temperatures inside the combustion unit and 

operating conditions of sensors may still be stabilising. It was noted that other 

than random variation and the above-mentioned observations, the correlations 
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between features and target variables remained at the same level in the course of 

the analysed time windows after the start-ups. 

Fig. 12. Estimated values of time delays minimising D(Tconv ,CO2) in each of the 

analysed time windows, Pellet 1 data set. A linear regression line indicates a 

moderate, negative trend with a slope of –0.046 and correlation coefficient of –0.49 

during the six hours of a combustion test at nominal heat output. 

The obtained delay values for the signals under consideration, for example Tconv 

(Table 3), and for their combinations of two and three, were utilised in feature 

construction. The procedure resulted in the best delay configuration according to 

D(S,y) for every feature subset. It can be seen in the table that the estimated delay 

values for Tconv vary case by case. On the other hand, utilisation of the same 

measurement configuration with the Pellet 1 and Pellet 2 data sets resulted in the 

same magnitude of delays. The variation of the results among the data sets can 

thus be partially explained by case-specific measurement technology and the 

related differences in sensor dynamics due to unique time constants and shielding 

materials. The same conclusions apply to the other two individual signal delays. 

Generally, the Tconv signals have a faster response time in comparison to signals of 

target variables, whereas Tfg typically lags when compared with target variables. 

For example, with the Stove dataset the delay values minimising (Eq. 9) with the 

target variable CO2 were found to be –45 s, –40 s, and 45 s for Tconv, the median-

filtered signal (of 10th order), and signal Tfg respectively. These results clearly 

indicate that filtering the temperature signal or its distant location from the 

combustion zone affects the phase difference with the studied target signals. Of 

course, this conclusion is bound at least to the position and response dynamics of 

the reference measurements. 
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Table 3. Estimated time delay (s) between the temperature signal Tconv and the six 

target variables. The minus sign indicates the signal of the target being a lagging 

variable compared to the Tconv signal. kW equals burning rate (Stove), heat output 

(Stoker & CFB), and fuel feed rate (Pellet 1). 

Delay, Tconv  

Data set 

CO2 

(s) 

O2 

(s) 

NO 

(s) 

kW 

(s) 

ηc 

(s) 

ηth 

(s) 

Stove –45 5 –85 –45 –45 –30 

Pellet 1 –12 –12 –10 20 –20 –13 

Pellet 2 –10 –10 –9 N/A –8 –12 

Stoker –20 –30 –20 –150 –30 –20 

CFB –1080 –180 180 180 180 0 

The results of time delay estimation were validated at this stage by comparing 

them with D(S,y) values calculated using initial delays. It was noted that higher 

lower correlations were present when utilising initial delays (Fig. 11b). Moreover, 

among the ranked delays and their combinations, the D(S,y) values of features 

obtained applying these delays were constantly increasing. In comparison to 

estimated delay values for single variables, typically the same delays remained 

with the above-mentioned combinations between them. These arguments were 

additionally confirmed separately with selected signals by applying lag plots, 

namely plotting the scatter diagram between the delayed and present signal 

components of temperature and target variables. Basically, the validation results 

confirm that the statistical distance between the constructed features and the target 

variables can be strengthened in the tested cases by applying the presented 

method for time delay estimation. 

6.2 Gaseous emissions 

After performing the feature construction and ranking, the results were analysed. 

The statistical distance of the constructed features was studied by presenting the 

obtained values of D(S,y) as a function of the related variation across the analysed 

time windows (see example in Fig. 13). This included a visualisation of 

temperature signal dependencies according to their ranked relevancy and with 

respect to the target variables; an example in the case of CO2 is given in Fig. 14. 

Finally, the generalisation properties of the features producing the most similar 

functional dependencies (analysis example in Fig. 13 – Fig. 17) with the five data 

sets were illustrated and discussed with the other five target variables (Fig. 18 – 

Fig. 24). 
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For dependence with CO2 signals, the ranking order of the first ten single 

features according to the D value was 8, 109, 9, 77, 31, 74, 60, 97, 101, and 98 

(see also Appendix 1). For the combination of two, the first ten feature pairs were 

(8;109), (8;9), (3;8), (8;60), (8;42), (9;109), (8;55), (8;101), (8;93) and (3;109). 

Combinations including feature 8 seem to have paired also with features outside 

the single feature list of ten, indicating conditional dependence. For the 

combinations of three, the first ten feature subsets were (8;9;109), (3;8;109), 

(3;8;9), (8;42;109), (8;60;109), (8;9;60), (8;9;42), (8;55;109), (3;8;60) and 

(3;8;42). The related values (Eq. 8) for the listed features were obtained with the 

Stove data. This is shown clearly in Fig. 13; almost all of the indices related to 

features and calculated with the Stove data set are lower compared to the other 

data sets. The figure presents standard deviation as a function of D values for the 

110 single features with each of the five datasets. The target variable is the square 

root of measured CO2. It also depicts the location for feature number 77 (D = 0.49 

± 0.17) and the raw temperature signal Tconv (ranking number > 100, feature 

number 56) in the feature space (D = 0.52 ± 0.17). The standard deviation 

describes the stability of the metric’s value of each feature, along with the time 

windows. 
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Fig. 13. Standard deviation of D[xi, (CO2)
0.5] in the case of 110 single features, xi, as a 

function of the corresponding mean D values with each of the five data sets. The 

target variable is CO2. The large light grey mark indicates feature number 77 within 

each data set. The dark grey mark is assigned to the values of D[xi, (CO2)
0.5] for raw 

temperature signals in the convection sections (feature 56). The range of the x-axis 

starts from 0.4. A lower value of the metric indicates a stronger signal correlation 

between a feature and square root of CO2. 

With the Stove data, the batch combustion process of wood covers a wide range 

of operation conditions. Additionally, the signals exhibit a filtering effect due to 

the sensor shielding and signal conditioning of the gas analysers, including the 

mean value calculation for the temperature signals. This may then have had an 

influence on the metric: the information contained in the signals is more clearly 

present than with the other data sets. Also, the results show a similar behaviour of 

feature values between the data sets, since the variation levels seem to increase 

with a decreasing D value, even though the number of time windows applied 

differs considerably, depending on the data sets (Table 2). The features calculated 

from the Stove data set exhibit a similar dependency (Fig. 13). Also, feature 

number 77 has lower mean D values compared to raw temperature signals 
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(feature 56) measured from the convection section of each combustion unit. The 

largest difference in these features is with the CFB data set, where noisy signals 

were present. Then, the filtering effect may have had an impact on the metric’s 

values, since feature number 77 includes the median-filtered (10th order) version 

(and power transformation) of the temperature signal in the convection section. 

The measured CO2 values as a function of power transformed temperature 

signals (feature number 77) are presented in Fig. 14 with the five data sets. Both 

variables have been normalised to a range of [0, 1]. It is evident that a 

straightforward correlation between these variables is present. In the case of Pellet 

2 data sets, the variation of data pairs is not constant as it increases with higher 

values of the variables. 

Analysis that proceeds in relatively short time windows affects the 

comparability of the D values. This can be seen here especially with the Stove 

data, where the batch combustion of wood took place. When compared to the 

correlation between CO2 and feature number 77 with Pellet 1 data (Fig. 14), more 

variation is present within the dependence with the same variables in the Stove 

data. On the other hand, the calculated D values in the case of the Stove and Pellet 

1 data are 0.5 ± 0.17 and 0.61 ± 0.08 respectively, indicating the opposite. It was 

noted that with the Stove data, the dependence was evident during the combusted 

fuel batches, but varied significantly from batch to batch. Thus, it is important to 

check the nature of the statistical distance in order to assess the generalisation 

capability and functional dependence of a feature. It should be noted that for the 

CO2 signal, a more similar behaviour with feature number 60 was found with the 

same D value (0.5) in the case of the Stove data set as with feature number 77. 

However, the standard deviation for this particular feature was somewhat lower 

(0.15 versus 0.17). This indicates that usable information concerning the 

applicability of a feature is obtainable also via window-to-window variation of 

(Eq. 8). The same relation was observed with two and three feature combinations. 

Thus, at least in the analysed data sets the standard deviation of the metric seems 

to be a function of its mean value (Eq. 8). 



62 

Fig. 14. Square root of measured CO2 values as a function of signals generated with 

feature number 77. Both variables are normalised to [0, 1]. 

In order to analyse the generalisation properties of features, a quantile-quantile 

plot was applied. In this plot, a quantile is the point below which a certain number 

of data points are located. For example, a quantile of 0.1 is the point where 10% 

of the data is below and the remaining 90% above it. The number of quantiles is 
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10 in this case; altogether 50 pairs from the five data sets were presented in the 

same figure (Fig. 15). 

As an example, the dependence between the quantiles of feature number 8 

(ranked 1st) and the CO2 signal vary considerably from case to case, also 

exhibiting differences in curvature in comparison to linear fits (Fig. 15a). 

Linearity indicates similarity between two distributions. On the other hand, the 

same dependence described for feature number 77 (ranked 4th) shows consistent 

and near similar behaviour between the five cases (Fig. 15b). This can be seen as 

a short distance between the five regression lines. Additionally, these lines reside 

along the diagonal, indicating that the probability distributions of the variables 

resemble each other. Obviously, the results suggest that for the values of feature 

number 77 and the measured values of CO2, an assumption of a common 

distribution is justified regardless of the origins of the data, namely the type and 

scale of a combustion unit. Further, the mean RMSE with five data sets (0.04 ± 

0.04) is smaller with feature number 77 than for example with feature number 8 

(mean RMSE = 0.15 ± 0.14). The modelling error of linear fit quantifies the 

similarity degree of the quantiles in each case. Thus, it can be argued that, 

generally, feature number 77 has more potential to represent the behaviour of the 

CO2 variable than the other ranked features in the studied combustion units. 

Fig. 15. Quantile-quantile plots for CO2 values with a) signals of feature number 8 and 

b) signals of feature number 77. The markers are related to each of the five data sets 

similarly to other figures. Quantile pairs from 0.1 to 0.9 are presented (n = 9 in each 

data set). The black solid lines indicate the linear regression of quantiles with each of 

the data sets. The RMSE is the mean error of the five linear fits. 

The same study with feature space (Fig. 13) and quantile-quantile plots (Fig. 15) 

was applied in the case of another five target variables. This included the first ten 

features ranked according to (Eq. 8) with the corresponding transformations of 
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target variables and using the estimated delays. After this analysis stage, the 

selected feature signals were further plotted against the target variables. For this, 

the normalised data points [0, 1] were divided into 10 bins, according to the 

constructed feature signals. Then, the mean of the feature and target signals was 

calculated within each of the bins and visualised as scatter plots. The data in the 

bins was assumed to be distributed normally. Typically, the number of data points 

in the bins varies between 20 and 200, depending on the data set. The range of 

related temperature data (measured in the convection sections), i.e. the bin width 

with this number of bins is approximately 10 K. 

The dependence of the square root of CO2 and the power transformed 

temperature signal (feature number 77) with five data sets is presented in Fig. 16. 

The power transformation (by 1.5) of the temperature in the convection section 

was ranked 4th among the tested features according to the metric D(S,y). It was 

further identified as a potential feature for describing dependence in general (Fig. 

15). Logically, the result is expected since the fire-side temperatures are in any 

case closely related to the exothermic reactions of wood combustion (Section 2.2) 

and thus to the adiabatic flame temperature. 

It can be seen that variation remains at the same level when observing the 

standard deviations of the figure. Standard deviation was calculated in each bin 

for the target variable. This way the width of a bin may affect the magnitude of 

the standard deviation as well as differences in the dynamics of temperature 

sensors compared to gas analysers. Also, the number of data points is different in 

each bin, resulting in variation in the value of standard deviation. Other potential 

issues affecting the plotted curves are changes in operating conditions and fuel 

moisture content in each of the combustion units. 
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Fig. 16. Square root of CO2 signals as a function of feature number 77, ranking 4th. 

Each data pair represents the mean of the normalised signals in a bin. The number of 

bins is 10. Vertical solid lines are the calculated standard deviations for target variable 

values in a bin. The feature signals have been shifted according to estimated time 

delays. The standard deviation for the feature values in the bins is 0.02 – 0.04. The 

range of temperature values (convection sections) in the bins is approximately 10 K. 

A figure for the signal correlation between CO2 and feature number 8 is presented 

for comparison (Fig. 17). This feature was ranked first with (Eq. 8) among the 

tested features and their combinations as having the smallest statistical distance to 

CO2 in the Stove data set. A slight nonlinear dependence can be indicated with 

most of the data sets. Also, the curves are more scattered than in Fig. 16. This 

property was quantified with a quantile-quantile plot (Fig. 15a). For this feature, 

all three temperature signals were utilised, resulting in a decreasing trend as the 

values of the feature increase. 
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Fig. 17. Measured values of CO2 as a function of feature number 8, ranking 1st. Each 

data pair represents the mean of the normalised signals in a bin. The number of bins 

is 10. Vertical solid lines are the calculated standard deviations for the target variable 

values in a bin. The feature signals have been shifted according to estimated time 

delays. The standard deviation for the feature values in the bins is 0.02 – 0.04. The 

range of temperature values (convection sections) in the bins is approximately 10 K. 

Likewise, the correlation and generalisation capability of feature number 109 on 

measured O2 signals was analysed, and is presented in Fig. 18. There, the square 

root of the target variable is shown that minimises the D value (0.51 ± 0.13) with 

feature 109. The ranking of this feature was 1st. The ranking order for the first ten 

features was 109, 8, 52, 101, 93, 3, 9, 108, 13, and 107. Similarly, the top ten 

ranked feature pairs were (8;109), (9;109), (3;109), (8;9), (93;109), (108;109), 

(3;93), (3;8), (3;101) and (13;109). For combinations of three feature subsets, the 

following order was achieved: (8;9;109), (3;8;109), (3;9;109), (8;108;109), 

(8;93;109), (3;8;9), (8;13;109), (9;108;109), (8;105;109), (9;93;109). 

The curves show a consistent and decreasing trend, except for the CFB data 

set. In this case, the measurement position for the O2 variable was different than 

that of the temperature signals, i.e. it was located in the combustion zone. In 
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contrast, the CO2 had been measured in this combustion unit (CFB) from the 

convection section and showed a clear dependence (Fig. 16). 

Fig. 18. The square root of O2 as a function of signals generated with feature number 

109. Each data pair represents the mean of the normalised signals in a bin. The 

number of bins is 10. The vertical solid lines are the calculated standard deviations for 

the target variable values in a bin. The delay maximising the dependence between the 

variables and related to the feature in each case has been utilised. The standard 

deviation for the feature values in the bins varied between 0.01 and 0.04. The range of 

temperature values (convection sections) in the bins is approximately 10 K. 

The decreasing trend seen in the dependence between the difference of squared 

temperature signals and the square root of measured O2 values corresponds to a 

typical relation between flue gas temperature in the convection section and 

oxygen concentration (see for example Biollaz et al. 2001, Sippula et al. 2007, 

Haapa-Aho et al. 2011). Unlike the results obtained with these individual 

combustion tests, the feature presented here has the potentiality to generalise the 

signal correlation in the case of small-scale combustion. 

In comparison to ranking the results in the case of CO2, the first two features 

with O2 are the same. Additionally, four out of the first ten features are present 

with both target variables. This finding shows that signal dependencies reflect the 
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combustion phenomenon in this case, since the relation for the flue gas 

components (CO2 + CO + CH4) ≈ 21 − O2 typically applies in wood combustion 

(Vuorelainen 1961: 24). 

For the measured nitric oxides, feature number 101 (D = 0.54 ± 0.15) 

indicated a near linear correlation between untransformed values of the target 

variable across the tested data sets (Fig. 19). This feature was ranked first in the 

data analysis and exhibited uniform dependence curves in the different cases 

according to the quantile-quantile plots and the related RMSE. The ranking order 

for the single features was 101, 24, 52, 93, 77, 110, 31, 74, 90, and 109. In the 

same way, paired features were ranked: (52;101), (93;101), (52;93), (24;90), 

(77;101), (24;31), (24;74), (52;77), (11;101), (24;101). For the combination of 

three features the ranking was (52;93;101), (11;52;101), (11;93;101), (52;77;101), 

(52;101;109), (77;93;101), (93;101;109), (11;52;93), (23;31;90), and (24;74;90). 

From the figure it can be seen that no functional dependence for CFB data is 

present with this particular feature. In that case, the measurement position for the 

target variable differed from the location of the temperature sensor in the 

convection section. With this result it can be argued that temperature correlation 

does not hold true in the case of CFB and contrary to (Liukkonen et al. 2010), 

maybe due to an effective control strategy for minimising formation of nitric 

oxides, or because of biomass burned in the fluidised bed (Lyngfelt & Leckner 

1999). 

Also, the dependence curve with the Stoker data indicates a smoother slope 

than for smaller combustion units. On the other hand, uniform correlations exist 

among the three smaller units. The same kind of linear dependence has been 

indicated with mathematical modelling, for example, in a small (< 5 kWth) pellet 

reactor by Boman et al. (2005). It should be noted that the target variable in the 

case of the Stoker data was NOx in comparison to NO. Furthermore, the NO 

variable had been measured in the CFB data set near the combustion zone, in 

contrast to the locations of the temperature measurements. 
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Fig. 19. Measured nitric oxides as a function of feature number 101 with the five data 

sets. Each data pair represents the mean of the normalised signals in a bin. The 

number of bins is 10. The vertical solid lines are the calculated standard deviations for 

the target variable values in a bin. The delay maximising the dependence between the 

variables and related to the feature in each case has been utilised. The standard 

deviation for the feature values in the bins varied between 0.01 and 0.04. The range of 

temperature values (convection sections) in the bins is approximately 10 K. 

The measured NO value with the Pellet 1 data exhibited the most significant time- 

variant dependence with the temperature measured from the convection section, 

as indicated in Section 6.1.2 during time delay estimation. This change in 

dependence may be related to a situation where nitrogen conversion is not only 

temperature-dependent but also fuel-related, as the formation of NO and other gas 

components can be during wood combustion (Sippula et al. 2007, Janvijitsakul & 

Kuprianov 2008, Stubenberger et al. 2008). In particular, based on the data 

analysis here it can be concluded that formation of NO was related to the 

accumulation of char in the furnace (Pellet 1), since this phenomenon was not 

indicated in the other cases. This is because in char burning, the major contributor 

to the formation of NO is most likely the char-N (Glarborg et al. 2003). 
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It can be further noted that in the case of the nitric oxides, many of the 

features on the ranking list are also present with CO2 and O2, and vice versa. This 

finding is in line with the theory of wood combustion that connects the increase in 

flame temperature to a greater formation of nitric oxides (see Section 2.2), 

restricted to small-scale units. At least with feature number 101, the general trend 

of dependence is similarly an increasing trend. Hence, it follows again that 

information about temperatures and operating conditions in the combustion 

section of small-scale boilers is included with the measured signals of flue gas 

temperatures. 

6.3 Efficiency 

The calculated thermal efficiency (ηth) and combustion efficiency (ηc) were used 

as reference for the analysis. Two efficiency calculation principles were adopted 

(see Appendix 2), namely, applying the equations presented in (Vuorelainen 

1961) and (Good et al. 2006). The former was selected for reference since the 

equation also includes a methane component. In addition, experimental 

parameters in this equation have been identified for the same range as the varying 

flue gas temperatures in the analysed data sets. On the other hand, both 

calculation principles produced similar results with the mean difference being 

typically below 0.1%. In both methods, the specific heat capacities of the 

included gas components were assumed to be constant within certain ranges of 

temperature difference (Tfg – Tamb). During the efficiency calculations, the 

parameters were chosen for the range of 293 K – 573 K. It should be noted that in 

the calculation of the combustion efficiency, the effects of residual carbon left in 

ash and the humidity of combustion air have been omitted. During the efficiency 

calculation, the measured values of the flue gas components were applied to the 

equations. Typically, for indirect determination of thermal and combustion 

efficiencies, the uncertainty related to measurement and calculation procedures 

can be expected to be notably lower than for the direct method (Good et al. 2006). 

Also, efficiencies approximated in (Vuorelainen1961) deviated at most by ± 0.5 

percentage units in comparison to the theoretical calculation of the same 

quantities. 

The results for combustion efficiency are summarised in Fig. 20. A nonlinear 

dependence was indicated between the combustion efficiency and the square root 

of a median-filtered temperature signal in the convection section, feature number 

57 (D = 0.65 ± 0.1). This dependence was found outside the ten best features 
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according to the ranking, namely 79 (D = 0.62 ± 0.14), 68, 37, 24, 11, 36, 26, 85, 

39 and 21. It was identified by searching for the feature producing the most 

consistent maximum for combustion efficiency across the data sets. The feature 

has a notably lower standard deviation in comparison to the others. The ranking 

of feature number 57 was 19th. The similarity of the probability distributions 

between the cases was confirmed with a quantile-quantile plot as in Fig. 15, 

indicating that there exists mainly a shift in location between the quantiles of the 

five data sets with a mean RMSE of 0.08 ± 0.11 for the corresponding linear fits. 

The ranking with combinations of two features was (68;79), (39;79), (37;79), 

(36;79), (24;79), (11;79), (79;85), (26;79), (10;79) and (37;68). With three 

features the ascending order was (39;68;79), (37;68;79), (36;68;79), (11;68;79), 

(68;79;85), (10;68;79), (26;68;79), (24;68;79), (21;68;79) and (37;39;79). 

It can be noticed that, above the normalised temperature value of 0.7, the 

curve decreases sharply, whereas at values below 0.6 towards zero the decrease in 

combustion efficiency is smoother or the uncertainty of the efficiency increases. 

In general, the maximum value of the combustion efficiency appears with every 

data set at the normalised feature value 0.6 – 0.7. This means that for the analysed 

combustion units, the maximum combustion quality in terms of gaseous 

emissions is achieved when the square root of noise-filtered flue gas temperature 

in the convection section is between 60% and 70% of its maximum peak value. In 

particular, the correlation between the calculated combustion efficiency and the 

square root of the median-filtered Tconv signal closely resembles the typical 

dependence between incomplete combustion products (CO) and the amount of 

excess air in the flue gas (Vuorelainen 1978: 61, Eskilsson et al. 2004). This is 

seen clearly with the ‘Pellet1’ and ‘Stove’ data sets, both of which include a wide 

range of operating conditions. 
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Fig. 20. Correlation between the filtered temperature signals in convection sections 

and calculated combustion efficiency ηc (power of two) with the five data sets. Each 

data pair represents the mean of the normalised signals in a bin. The number of bins 

is 10. The vertical solid lines are the calculated standard deviations for the target 

variable values in a bin. The optimal time delay maximising the correlation between 

the variables in each case has been utilised. The standard deviation for the feature 

values in the bins varies between 0.02 and 0.03. 

The shape and the corresponding variation of the curves in Fig. 20 indicate further 

that normalised values above 0.7 may relate to a lack of combustion air. On the 

other hand, it can be inferred that at values below 0.6, too much excess air is 

introduced, resulting in a decrease in combustion efficiency due to a lower 

temperature in the burning zone in the case of the Stove and Pellet 1 data sets. 

These dependencies are directly related to the adiabatic flame temperature (Fig. 

2). This conclusion seems logical since too high a flame temperature in small-

scale wood combustion leads to higher emission levels (Tissari et al. 2009). In 

(Miyamoto et al. 1998), a correlation between CO and difference of temperatures 

at combustion zone and flue gas exit was noticed. Furthermore, Burns et al. 

(2004) indicated a subset of 14 features, formed on the basis of available process 
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data to predict the combustion efficiency of a CFB. In comparison, the presented 

single feature seems straightforward in the case of the CFB combustion unit. 

The square of calculated thermal efficiencies as a function of signals 

generated with feature number 66 (D = 0.52 ± 0.12) are presented in Fig. 21. This 

feature was selected to represent a general measure across the data sets, with the 

criteria of the D (ranked 2nd) and quantile-quantile plot analysis (smallest RMSE 

and similar quantiles between the cases). The ranking order of the first ten 

features according to the lowest D value was 67, 66, 80, 35, 19, 3, 41, 18, 48 and 

34. For the feature pairs, the order was (66;67), (67;80), (66;80), (19;67), (19;66), 

(35;67), (35;66), (18;67), (18;66) and (19;80). Similarly, in the case of three 

features the following ascending order was determined: (66;67;80), (19;66;67), 

(18;66;67), (35;66;67), (19;67;80), (18;67;80), (19;66;80), (18;66;80), (41;66;67) 

and (35 67 80). It can be noted that the presence of features 66 and 67 dominates 

within the combinations. When compared for example with the nomogram 

approximating this efficiency (Fig. 3), an unambiguous functional dependence 

can be characterised (Fig. 21). This indicates that, at least to some extent, the 

feature values are unaffected by operating conditions such as changes in heat 

output level, i.e. change in fuel feed or combustion air supply together with 

moisture content. 

A difference can be identified in the smaller feature values in the case of 

Stove and Pellet 1 data sets compared to other data sets (Fig. 21). This may be 

related to the wider range of operating conditions for these two combustion units, 

as seen in Fig. 20. 

The two last mean values of around 0.8 and 0.9 with the Stove data set 

include a few data points that deviate greatly from the others. The visual check 

revealed that with the majority of scatter points the dependence curve continued 

to increase smoothly, also at higher values of feature number 66. For this reason, 

the two mean values have been removed from the figure. 

A common minimum in the range of feature values 0.1 – 0.3 can be seen in 

each of the dependence curves (Fig. 21). Otherwise, it can be concluded after the 

analysis of generalisation properties that, at feature values higher than 0.4, the 

correlation is roughly linear in the case of small-scale combustion processes. On 

the other hand, a minimum and maximum for the CFB process according to 

feature 66 can be identified at points 0.25 and 0.75, respectively. 

Operating conditions with higher combustion efficiencies may relate to lower 

thermal efficiencies. For example, with the Stoker data set, the maximum 

combustion efficiency is at point 0.31 of the normalised value of feature number 
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66, which is almost the minimum of the calculated thermal efficiency. On the 

other hand, the same for the CFB data is in the ranges of 0.1 – 0.3 and 0.6 – 1. For 

the three small units, the maximum of the thermal efficiency equals high 

combustion efficiency, where feature number 66 values are close to one. The 

same kind of separate optimal conditions and a minimum in thermal efficiency in 

the case of a stove can be seen in the experimental results of Persson et al. (2009). 

Thus, when optimising the wood combustion process, the reduction of gaseous 

emissions may sometimes conflict with the operating conditions related to the 

maximum thermal efficiency of a combustion unit. To ensure the optimal control 

result, the real-time information on both variables is therefore highly 

recommended. 

The individual locations of measurement positions for the temperature signal 

may affect the similarity of the curves, especially the distance between 

temperature sensors of flue gas and convection section since both are included in 

the feature. Again, differences in sensor dynamics and gas analyser may also 

affect the variation of the values in each data point of the figure. 

Fig. 21. The square of thermal efficiency as a function of feature number 66. Estimated 

time delay values maximising the dependence between the variables in each case 

have been utilised. Standard deviation for the feature values in the bins varied 

between 0.01 and 0.04. 
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Importantly, thermal efficiency approximated here with feature number 66 (or 

41), is related to Carnot’s efficiency (Eq. 2) since  

 .11
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conv

fg
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−≈−=

−
  (10) 

Taking into account the transformation operator of calculated thermal efficiency 

(power of two) with feature number 66, which minimises the value of the metric 

(Eq. 8), the above formulation updates to the positive root of the feature as 
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It can be argued from (middle Eq. 11) that the obtained positive square root of 

feature 66 has roughly the similar notation given for thermal efficiency in the case 

of irreversible heat engine cycles (rightmost Eq. 11) that are related to more 

practical situations. This root squared efficiency approximating the irreversible 

heat transfer effect has been called after the two simultaneous inventors of the 

equation in 1957, namely the Chambadal-Novikov efficiency. It is supposed that 

the heat transfer results in heat losses but that otherwise ideal operating conditions 

are present during the heat cycles of an engine (for endoreversible 

thermodynamics see Callen (1985)). 

The efficiency values of root squared feature number 66 (middle equation in 

Eq. 11), Carnot (Eq. 2), and Chambadal-Novikov (rightmost notation in Eq. 11) 

as a function of temperature ratio TC/TH in the normalised range [0, 1] are 

presented in Fig. 22. 
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Fig. 22. Thermal efficiency according to proposed feature (*), Carnot (o), Chambadal-

Novikov (x) as a function of TC / TH ratio. The variables are normalised to [0, 1]. 

Clearly, the square root of feature number 66 produces higher values compared to 

the Carnot and Chambadal-Novikov efficiencies with corresponding ratios of the 

two temperatures. The difference of the three equations for thermal efficiencies 

was additionally analysed with the data sets utilised in this thesis similarly to the 

procedure presented in Section 5.1. Thus, based on the obtained values of D(S,ηth) 

the square root of feature 66 was ranked first (D = 0.52 ± 0.12), Carnot’s 

efficiency second (D = 0.53 ± 0.12) and the Chambadal-Novikov efficiency third 

(D = 0.54 ± 0.13). 

The ranking order based here on the statistical distance measure suggests that 

the proposed equation (left and middle in Eq. 11) is a practical inferential measure 

for thermal efficiency in biomass combustion rather than those intended for 

reversible or irreversible heat engine processes. This conclusion was further 

strengthened by comparing the generalisation properties of the equations among 

the five data sets, similarly to Fig. 15 and Fig. 17. Based on these results, 

temperature signals in the convection section and flue gas exit also contain some 

information about the adiabatic flame temperature. 

The first ten listed features include five prototypes associated with the 

division of the signals (67, 66, 80, 41 and 34). From these features, number 41 
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(ranking 7th, D = 0.54 ± 0.17) is in fact the inverse of the equation of thermal 

efficiency in energy conversion processes, namely the ratio of output and input 

heats, and equals theoretically (Eq. 2). The other features on the list (35, 19, 3, 18, 

48) include a difference operator between the temperature levels, connecting them 

to the magnitude of the wood-burning rate (Sections 2.3 and 6.4). This in turn is 

one of the major contributors to overall efficiency as with Pellet 1 case (Ruusunen 

et al. 2009a), and typically these efficiency curves for boilers are presented as a 

function of heat output (see for example Vuorelainen 1978: 244). All in all, the 

results of data analysis point out logically relevant feature prototypes according to 

combustion theory, describing the thermal efficiency of the aforementioned 

combustion units. 

6.4 Burning rate 

The functional dependence between heat release and temperature signals are 

presented here with the feature numbered 96 (Fig. 23) with a D value of 0.63 ± 

0.18. The ranking of the feature in the analysis procedure was 2nd. The ranking 

order of the ten features with the highest similarity was 15, 96, 106, 16, 75, 53, 

104, 94, 87 and 38. Most of these features were constructed with summation or 

product operators from among the signal combinations. Furthermore, the 

transformed temperature at the flue gas exit is the only variable applied with 

feature numbers 53 and 38. The first ten combinations of two were (15;96), 

(15;75), (15;106), (15;16), (15;104), (75;96), (96;106), (16;96), (15;58) and 

(75;106). For the combinations of three features, the ascending order was 

(15;75;96), (15;75;106), (15;16;75), (15;75;104), (15;96;106), (15;16;96), 

(15;96;104), (15;58;75), (15;16;106), (15;104;106). 

Interestingly, the different quantities of heat release can be represented with 

the same feature. This is seen clearly with heat outputs and fuel feed rate (Fig. 

23). In comparison to similar and near linear heat output dependencies with 

Stoker and CFB data as in (Persson et al. 2009) with small combustion units, the 

Pellet 1 data reveal a nonlinear correlation between the feature values and fuel 

feed rate level. On the other hand, the burning rate measured by weight changes 

of the grate (Stove data) exhibited large measurement disturbances that can be 

observed here as high values of standard deviation. However, an increasing trend 

in the burning rate can be indicated as a function of feature values.  
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Fig. 23. Heat outputs, fuel feed and burning rate as a function of feature number 96 (D 

= 0.63 ± 0.18 with CFB data set). An estimated time delay maximising the dependence 

between the variables in each case has been used. The standard deviation for the 

feature values in the bins is between 0.02 and 0.03. 

For the changes in fuel mass (burning rate) measured during the batch combustion 

of wood (Stove data), the square root of the feature 3 values also indicated 

correlation (Fig. 24). The disturbance related to the measurement environment, 

namely a floating grate, and approximation error due to calculation of the change 

in fuel mass can also be noted with this feature as moderate standard deviation 

related to the mean values of the target variable. 
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Fig. 24. Measured burning rate (change in fuel mass) as a function of the square root 

of feature 3 (black box) and feature 96 (white box) in the batch combustion of wood, 

presented with Stove data.  

A smoother functional dependence between the mean values of the burning rate 

and the square root of feature 3 (D = 0.68 ± 0.08, ranked 1st) can be seen in 

comparison to feature number 96 (D = 0.69 ± 0.07, ranked 39th) with the Stove 

data (Fig. 24). This finding is in line with the knowledge of temperature 

difference as a descriptive quantity concerning the convection heat transfer (see 

Section 2.3). Also, since the burning rate is partly related to the adiabatic flame 

temperature, some information on it has been captured with the difference 

between the temperature signals measured outside the combustion zone. 

However, the heat output is straightforwardly related to the summation of the two 

temperature signals, as opposed to the difference between them in the case of 

convection heat transfer at the fire side of the combustion unit, and the 

volatilisation rate, as in Fig. 24. 
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6.5 Validation of the analysis procedure 

The analysis framework presented in Section 5.1 was validated with a gas furnace 

data (Box & Jenkins 1970) and Boston housing data (Harrison & Rubinfeld 

1978). The gas furnace data contains 296 successive pairs of observed methane 

gas feed rate (input, x) and carbon dioxide in the flue gas (output, y). For the 

feature ranking, 187 signal pairs from the beginning of the data set were utilised. 

Feature candidates were taken from 10 past values of inputs and the output. An 

analysis was then performed to search for the best combinations of three and four 

lagged signals describing their dependence between the output signals. All 

combinations were tested together with the search of the best output lag, resulting 

in 230 feature sets. 

The size of the time window was set to 100 and the number of bins to 4 

accordingly, based on the determination of optimal parameters for the analysis 

(Section 6.1.1). The overlapping ratio for time windows was found to be 90%, 

resulting in a forward step of 10 data points after each analysed time span. 

Based on the analysis results, the utilised method was capable of identifying 

the same time delays in signal combinations as Estévez et al. (2009). There, the 

same three chosen features (y(t–1), x(t–4), x(t–5)) and four chosen features (y(t–
1), x(t–4), x(t–5), x(t–6)) produced the best modelling performance compared to 

other formerly presented methods. Significantly, the second best in ranking 

according to the calculated D metric was the delay combination y(t–1), x(t–3), 

x(t–4), and x(t–5). This matches exactly the results achieved when using mutual 

information as a metric for feature selection (Estévez et al. 2009). With this 

feature combination, the modelling results were slightly worse in comparison to 

the best features. Thus, at least in this case the ranking order also provided 

advance indication of the modelling performance with the selected features. 

The differences between the method introduced by Estévez et al. (2009) and 

the analysis framework presented here lie in the calculation of normalised I 

(minimum signal entropy versus multivariate joint entropy) and the ability to take 

into account conditional dependencies (pairwise I versus multivariate statistical 

dependence at a range of [0, 1]). Moreover, the exhaustive search procedure and 

analysis in short time windows are absent in (Estévez et al. 2009). 

It was further noticed with the time delay analysis (as in section 6.1.2) that a 

moderate time dependency in signal correlations was present. This occurred as a 

change in the estimated time delay of x with respect to time, when the analysis 



81 

proceeded in moving and overlapping windows towards the end of the data set, 

similarly to the results presented in Fig. 12. 

The method presented in Section 5.1 was further compared with linear 

correlation analysis by calculating it rather than the information-theoretic 

quantities during the procedure. It was noticed that correlation analysis produced 

the same optimal combinations as stated above. Additionally, these combinations 

were also correctly identified with both methods without windowing, applying the 

analysis to the whole data set at once. These results suggest that the dependencies 

between the input and output variables in the gas furnace data are linear; 

multivariate analysis for the linear dependencies is possible utilising aggregation 

of multiple pairwise correlations with (Eq. 8); and the presented analysis 

procedure in this thesis also manages to capture linear correlations. 

The Boston housing data set contains 506 housing values in the suburbs of 

Boston, y, together with 13 independently recorded variables x1–13, for example 

concentrations of NOx from the same area (Harrison & Rubinfeld 1978). The task 

here is to model the housing values using the optimal combination of other 

variables in the data set. The analysis in this case was performed with a window 

length of 30 observed values, without the overlapping property, according to the 

selection of optimal parameters for the analysis (Section 6.1.1). The number of 

bins chosen was five according to the convergence property of standard 

deviations of signal entropies. The data set was first randomly permutated and 

then a sample of 456 records was utilised. The analysis was then applied in 15 

time windows to search for the combinations producing the lowest mean value of 

D(S,y) and its standard deviation over the entire data set. Procedures for time 

delay estimation and feature construction were not used for this validation data. In 

this case, the best combination of four variables was found to be (x5, x6, x11, x13), 

similarly to model inputs selected with a cross-validated importance measure 

based on the parameters of a model (Tikka 2007). On the other hand, the best-

ranked combination with three variables (x5, x6, x13) matched the variables also 

indicated as potential inputs by Tikka (2007). In comparison, combinations in 

case of three (x3, x6, x13) and four (x2, x5, x6, x13) variables have been found (Dijck 

& Hulle 2007), where mutual information was utilised as a distance measure 

together with minimal redundancy filtering. Significantly, the variables x2 and x3 

differ there from the findings with (Eq. 8), and (Tikka 2007), where these 

particular features were excluded from the final structure of the model. 

In contrast, linear correlation analysis did not suggest the same combinations 

as the above results. The finding with linear correlation analysis is expected, since 
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there are known, highly nonlinear dependencies present in the Boston housing 

data. 

Based on the results obtained with the gas furnace and Boston housing data 

sets, the analysis procedure was robust to changes in time window length, 

overlapping ratio, and the number of bins. A sensitivity analysis was performed 

with several combinations of these parameters for both data sets (Fig. 25 and Fig. 

26). The sensitivity criterion was defined as the share of features remaining in 

rankings from 1st to 10th during perturbations of the analysis parameters. 

References for comparisons were obtained with the above-mentioned settings 

producing the best feature subsets. For example, if 8 out of 10 features remained 

the same in the comparison between the reference group of features and a new 

group, the similarity of features was then 80%. Both figures were generated with 

the TriScatteredInterp-function in MATLAB® applying the interpolation method 

of nearest-neighbour.  

Results of the sensitivity analysis with gas furnace data show robustness to 

the selection of window length and number of bins. In this case, similar ranking 

results were obtained if the number of bins chosen was between two and six. The 

selection according to the signal entropy analysis (Section 6.1) was four. In the 

same way, window lengths through the range of tests (sample size from 70 to 

130) produced similar feature groups with overlapping ratios above 75%. The 

sharp decrease in similar features is related to the length of the data set, with 187 

data points. With a low number of analysed time windows, the averaging effect is 

present and causes deviation between the feature groups. The variation of features 

in the group was between 60% and 100% with all the parameter combinations 

tested. 
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Fig. 25. Similar features (%) remaining on the ranking list from 1st to 10th as a function 

of analysis parameters with gas furnace data. Overlapping ratio a) 25%, b) 50%, c) 

75%, d) 100%. Number of bins varies from 2 to 15. The range of window lengths is 

from 70 to 130 data points. 

Sensitivity analysis for the Boston housing data revealed similarities between 

groups of features. This is seen as a smooth surface in the figures. The similarity 

of the feature groups was above 80% at the flat surfaces, regardless of the applied 

parameters for the analysis. The increasing overlapping ratio seems to produce a 

more consistent surface, although somewhat lower similarity percentage (mean 

value 80%) in comparison to similarities with zero overlapping ratios (mean value 

88%). With increasing overlapping ratios, the selection of bin number becomes 

sensitive to window length. Above five bins and below 40 data points in the time 

window tend to decrease the similarity percentage with the Boston housing data 

set. The same tendency exists if the number of bins is 2 – 4 regardless of window 

length. However, when applying five bins (the selection for the analysis in this 

case), the similarity of features was 90% or more with every tested overlapping 

ratio. Together with a window length of above 40 data points, these two analysis 

parameters have a minor effect on the similarity of the features in a group. 
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Fig. 26.  Similar features (%) remaining on the ranking list from 1st to 10th as a function 

of analysis parameters with Boston housing data. Overlapping ratio a) 0%, b) 50%, c) 

75%, d) 100%. The number of bins varies from 2 to 10. The range of window lengths is 

from 20 to 100. 

During the tests, the main effects on the analysis performance were due to the 

bias (compared to zero base level) and variation changes of the calculated D(S,y). 

However, in all the tested cases (perturbation of the defined analysis parameters 

by ± 30%), the conclusions about the best feature combinations remained the 

same, suggesting that the dominant error source with the analysis method is due 

to the bias of the distance measure. This property on the other hand plays a minor 

role in the feature-ranking task with relative comparisons, as implied by the stable 

results with the two validation data sets. 

The above results also support the selection procedure for the analysis 

parameters presented in Section 6.1. The uncertainty related to the utilisation of 

signal entropy as a selection criterion is acceptable as the variation within the 

feature ranking lists remains small, despite the wide range of applied analysis 

parameters (Fig. 25 and Fig. 26). 
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In the case of the two tested validation data sets, potential input combinations 

were found to focus on relative short time windows. This finding, and the results 

obtained in Section 6, thus strongly suggest that the information content of the 

data sets could be studied in short segments of time. Therefore, it may enable for 

example the analysis of the time-variant behaviour of the dependencies, as was 

found with the gas furnace and Pellet 1 data sets. 

6.6 Inferential monitoring of carbon dioxide content in flue gas 

6.6.1 Data-based soft sensors 

In general, attractive potential properties related to soft sensors include the 

following (González 1994, Goodwin 2000, Albertos & Goodwin 2002, Fortuna et 

al. 2007): 

– a method to provide information on barely measurable physical variables 

– cost-efficiency in contrast to hardware sensors 

– sensor fault diagnostics parallel with a model 

– real-time monitoring to avoid time delays with off-line analysers. 

Data-based soft sensors represent a common approach in inferential monitoring 

and control (Fortuna et al. 2007, Kadlec et al. 2009). Typical development stages 

of data-based soft sensors proceed iteratively and include at least the following 

(Fortuna et al. 2007: 28): 

– data collection, selection and pre-processing (Section 6.1) 

– identification of model inputs, outputs and delays (Sections 6.1 – 6.4) 

– identification of model parameters (Section 6.6.2) 

– validation, comparison to reference measurements (Section 6.6.2) 

– deployment and maintenance of the model. 

Parameter identification is an optimisation task so that model outputs would 

match the reference measurements, namely the values of a target variable. It 

includes formation of a specific objective function and its minimisation, subject to 

possible constraints. Optimisation methods range from the least squares and 

steepest descent methods to parameter identification and global random search 

approaches such as genetic algorithms (Holland 1975), see also Section 4 for 

search strategies. (Ljung 1999) 



86 

Validation is typically performed by comparing model outputs to measured 

values on independent, unseen validation data sets (Söderström & Stoica 1989). 

This procedure is critical in order to estimate the model’s capability to predict 

future outputs in order to assess its generalisation properties. The deployment 

decision is based on the results of the model validation procedure. On the other 

hand, computational cross-validation and bootstrapping methods re-use the data 

to determine the validity of the model (Hastie et al. 2009: 219–260). 

A performance specification for determining the quality of soft sensors for 

emission monitoring at stationary sources has been prepared by the US 

Environmental Protection Agency (2009). It states the criteria and required 

performance level for a soft sensor. According to the specification, the following 

four statistical tests have to be passed at three different operating levels in order to 

deploy and use a soft sensor for emission monitoring: 

– Relative Accuracy (RA) must be lower than 10%. The equation for the RA is 

expressed here as  

 ,100⋅
+

=
RM

ccd
RA   (12) 

where RM  is the arithmetic mean of the reference measurement values and d is 

the residual mean of observations pairs, cc is the confidence coefficient that is 

calculated using the corresponding t-value relating to Student’s t-distribution 

according to the number of n data points, and their standard deviation sd,  

 .025.0
n

s
tcc d=   (13) 

– Bias: if ccd ≤ , the soft sensor output is not significantly biased. Otherwise, 

the bias has to be eliminated in future predictions by multiplying soft sensor 

output with correction factor B: 

 ,1
PEMSx

d
B +=   (14) 

where PEMSx  is the arithmetic mean of soft sensor values at a certain operating 

level during the bias test. The other two criteria include 

– the F-test: if the critical F-value is smaller or equal to the calculated F-value 

at any of the tested operating levels, then it has failed the test. The calculated 
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F-value is obtained by dividing the bias-corrected variance of a soft sensor 

with the variance of a reference method. 

– Pearson’s coefficient of correlation between measured and modelled values 

has to be 0.8 or greater for the whole data set at every operating level tested. 

The criteria have been applied for example to the quality assessment of a soft 

sensor for nitric oxides in a large-scale combustion unit (Chien et al. 2005). In 

this work, the four criteria are applied to validate the modelling performance of 

the candidate model structures together with RMSE. 

6.6.2 Soft sensor application 

Utilisation of the data analysis results is illustrated with a simulation example in 

the MATLAB® environment. Here, the task was to find out if any potential 

features or their combinations were present in the ranking list of the first ten 

selections according to (Eq. 8). This included the search for a feature that would 

have a low modelling RMSE compared to the others and would fulfil the criteria 

for a soft sensor (Section 6.6.1) in all of the five cases of the combustion units 

analysed. The model structure was restricted to linear regression with principal 

components obtained with PCA, i.e. Principal Component Regression (PCR). 

Details and applicability studies of this model structure for soft sensing are found 

in (Qin et al. 1997, Boman et al. 2005, Ruusunen 2006a, Ruusunen 2009b, 

Ruusunen 2010: 121). With the PCR model structure, the possibility to form 

redundant and linear signal combinations was assumed in the case of multiple 

input variables. In this case, projection to principal components was obtained by 

applying eigenvector decomposition of the covariance matrix with the eig-

function available in MATLAB®. The target variable, CO2, was applied as an 

untransformed form to avoid possible issues related to back-transformation of the 

signals in modelling. 

The model identification procedure was implemented with the training data 

(Table 2) and then tested with an unseen data (the last 20% of the data points in 

each case) reserved for the purpose, for a similar data division strategy see for 

example (Hastie et al. 2009: 222). An exception was made with the Stoker data: 

the open loop experiments were removed and the remaining data was utilised for 

the identification task that included only tests with automatic combustion control. 

Also, for the test data set the closed loop runs with the boiler’s own control 

system were incorporated into the modelling. The selection of data range in the 
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Stoker case was made in order to have comparable results (automatic control 

systems in use) and to remove any bias caused by open loop experiments in the 

training data. Furthermore, at the beginning of the control tests with the Stoker 

data, the filtering configuration for the flue gas exit temperature had been 

changed. This resulted in more filtered signals compared to the step response 

tests. 

The model parameters were identified with the 10-fold cross-validation 

procedure. The number of folds determines how many segments a data set is 

divided into. The cross-validation proceeds through all the 10 folds until every 

segment has been used once as an independent validation data. This procedure 

included model construction for each of the 10 first-ranked single features and the 

the 10 first-ranked feature combinations of two and three. In addition, the models 

were constructed with raw temperature signals and their respective combinations. 

The general model structure was y = a1-mf·x1-mf, where a is the model parameter 

related to x, namely the projected feature signal with PCA, and mf is the number 

of features included in the model. The models were without a constant term. All 

the resulting principal components were included in the modelling task. In each 

case, the training data points were randomised with the randperm-function 

available in MATLAB® prior to the parameter identification, in order to make 

each data fold comparable and to achieve representative folds. At this validation 

stage, the parameter or set of parameters producing the lowest RMSE were 

selected for model testing. The models were identified and validated separately 

with each of the five data sets. Then, for each model structure, five testing results 

were achieved with certain model inputs and utilising the selected parameters. 

The same estimated time delays for the features were utilised as shown in Section 

6.1.2. 

The best models were selected according to the calculated criteria for soft 

sensors and RMSE, namely the number of tests passed and magnitude of the 

mean error across the five cases. The modelling results after simulations with 

testing data sets are shown in Table 4. The table also presents the results with the 

best model found among the applied raw temperature signals and their 

combinations as model inputs (a combination of features 57 and 58). It can be 

seen that the combination of two features (8 and 60) with a PCR model structure 

has the lowest expected RMSE among the tested models. The related standard 

deviation is an estimate of variation within the mean RMSE in the five data sets. 

This model failed the correlation test with Pellet 2 (r = 0.65) and CFB (r = 0.72) 
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data sets. The correlation with Pellet 2 data was below 0.8 for all the tested 

models. 

Table 4. Calculated test criteria (RA, Bias, F-test, correlation) for the developed soft 

sensors together with mean RMSE and its standard deviation of the modelling error 

with five independent testing data sets. Passed: the model has passed the test with all 

five data sets. Failed: the test has failed in one or more cases. 

Feature No. 

(Ranking No.) 

RA 

< 10% 

Bias test 

 

F-test 

Fcalc. < 2 

Pearson’s  

r  ≥ 0.8 

E (RMSE) 

vol.-% ± stdRMSE 

77       (4) Passed Passed Failed Failed 0.78 ± 0.48 

8;60    (4) Passed Passed Passed Failed 0.59 ± 0.37 

8;9;60 (6) Passed Passed Passed Failed 0.61 ± 0.40 

57;58  (>100) Failed Failed Failed Failed 0.78 ± 0.64 

In the case of Pellet 2 and CFB, the range of testing data values is narrow in 

comparison with the other data sets. Thus, the measurement noise in both target 

and feature signals may have had a relatively high impact on the correlation 

coefficient r. This was studied by filtering the signals of Pellet 2 and CFB with a 

median filter (10th order) that resulted in an increased correlation to an acceptable 

level with most of the tested features. Furthermore, it was noticed that, in general, 

the correlations with the Pellet 2 data sets were lower than with any of the other 

tested cases (Fig. 13) regarding single features. This additionally implies that at 

least a linear correlation between the measured CO2 and the calculated feature 

subsets exists more weakly with the Pellet 2 data. 

The transformation effect of the target variable was studied by comparing the 

RA and correlation criteria after modelling with and without the transformed 

target variable. It was noticed that the transformation of the CO2 signal had a 

minor effect on the ranking order. However, the model structure had not been 

optimised for transformed values of the target variable. 

Significantly, feature number 8 (ranking 1st) seems to have potentiality 

together with feature number 60 (ranking 7th). The result implies that conditional 

dependence at least to some extent has been identified by the data analysis 

procedure. This feature combination was ranked 4th among the paired features (D 

= 0.71 ± 0.07). As with this feature pair, the related standard deviation is notably 

lower than with the single features. 

The performance of the model applying feature number 77 as input seems to 

be at the same level as the raw signal combination (57 and 58). However, the 

model with feature 77 passes 2/4 tests in comparison to none with the feature 
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combination of 57 and 58. Also, the complexity of the model with respect to its 

parameters is less than that of utilising the combination of temperature signals. 

On the other hand, feature 77 is not present among the first 10 linear 

combinations of two or three features. 

The results of the PCR model testing with features 8 and 60 as inputs are 

presented in Fig. 27, without median filtering. The measured and modelled values 

are normalised to [0, 1]. The identification of model parameters was case-specific. 

On the other hand, the model structure was kept the same in every case. Time 

delays according to the estimation results were in use. The selected parameters 

were of the same magnitude as the Stove (–3.3·10-5 and 0.007) and Stoker (–

4.3·10-5 and 0.007) data sets; otherwise, the best parameters related to the models 

according to RMSE differed considerably. It can be noted that the presented 

model structure captures both large variations related to the Stove and Stoker data 

sets and the main trends at more stationary operating conditions (Pellet 1, Pellet 2, 

CFB). 
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Fig. 27. Measured (black solid line) and simulated (grey +) CO2 content in flue gas, five 

data sets. Model structure: PCR with feature numbers 8 and 60 as inputs, without a 

bias term. Model parameters identified separately in each case. Training and testing 

data for the simulation acquired during controlled combustion processes. Both 

quantities are normalised to [0, 1]. The total number of data points differs in the data 

sets. Simulations run with independent testing data sets. 

The analysis of the modelling error was conducted in each case by utilising a 

histogram together with a normal distribution fit (Fig. 28b). Additionally, normal 

probability plots were applied to check whether the error values had been 

normally distributed (Fig. 28c), similarly to a quantile-quantile plot. Trends in the 

errors were studied by plotting them as a function of time (Fig. 28a). 
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0 500 1000 1500 2000 250000.51
Pellet 1 (RMSE = 0.28 vol.-%)

0 1000 2000 3000 400000.51
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alised)

0 500 1000 1500 2000 2500 300000.51
Stoker (RMSE = 0.96 vol.-%)

0 50 100 150 200 250 300 35000.51
CFB (RMSE = 0.16 vol.-%)

Data point
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Fig. 28. Analysis of modelling error for CO2 content in the flue gases. a) Modelling 

error (model output – measured) of n samples. b) Histogram of the modelling error 

(white bars) and fit of theoretical normal distribution (solid line). c) Normal probability 

plot for modelling errors, correlation coefficient r shows the goodness of linear fit 

(dashed – dotted line).  

The error analysis showed that with CFB data the error values were almost 

similar to normal distribution (Fig. 28b and c). The same kind of behaviour was 

noticed with the Pellet 1 and Pellet 2 data sets, although with some constant 

deviation indicating a small bias. For the Stove and Stoker data, there were tails at 

both ends of the error distribution plot (Fig. 28c). This means that extreme values 

are present or some process behaviour has been neglected in the model structure. 

This finding is also supported by the correlations of linear fits (Fig. 28c) showing 

that the lowest values are related to the above-mentioned data sets. In these 

combustion processes, the heat output level changed between 10 – 100% at the 

time of data acquisition for the test data. On the other hand, the training data set 

a) Error plot
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b) Error histogram
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c) Error normplot
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contained values of the target variable only larger than 4 vol.-% or 1 vol.-% with 

the Stove data, whereas this restriction was not used with the testing data sets. 

This may have favoured the formation of extremes at small values. It follows that 

with this kind of model structure, the selection of training data may have an 

influence on model performance. 

The error plots indicated time-invariant behaviour in the tested cases (Fig. 

28a). It should be noted that a relatively short time range of between 0.5 – 16 

hours was reserved for the testing data. As time passes, the probability for sensor 

position change or deposition of it may increase. 

The deviation of error values from normality with the Stove data was larger 

than in (Ruusunen & Leiviskä 2004), where additionally fuel weight as model 

input and operation regime based modelling was applied. However, the RMSE of 

the presented model in this study was notably smaller with the Stove data, around 

0.7 in the same data range, than with the formerly developed fuzzy model (RMSE 

= 0.81). 

The measured fuel moisture content in the Stove case was approximately 9% 

in the range of the test data. The training data included one batch of wood with a 

moisture content of 30%. The error was also maintained at the same level when 

high moisture data was used as the testing data. The Stoker data for testing 

included fuel moisture levels of 40%, 37% and 17%. Interestingly, the model for 

this case was trained with data measured at 40% fuel moisture level. There are no 

major changes in model output in comparison with the measured CO2 variable 

(Fig. 27). The fuel moisture content varied with CFB data between 47 and 51%. 

The moisture was at the same level in the range of the training data. With the 

Pellet 1 and Pellet 2 data sets also, the moisture levels were almost constant as the 

wood pellets were burned in both cases. Based on the modelling results, the linear 

feature combination of 8 and 60 with the presented model structure seems to have 

robustness to fuel moisture changes and different operating conditions. 

The linear model structure indicates that the measured temperatures in the 

convection section and at the flue gas exit, together with the CO2 signal behave as 

a linear system. In fact, first order dynamics is present with the thermocouple 

measurements, but only in the presence of convective heat transfer: the heat 

radiation effect raises the response characteristics of the temperature sensor to the 

power of four (see for example Tagawa & Ohta 1997). On the other hand, the step 

response tests with gas analysers in the Stoker and Pellet 1 & 2 cases revealed 

first order dynamics for these measurement systems. Thus, a linear dynamic 

model of the first order could also be a potential choice with the selected features. 
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The results of time delay estimation (Section 6.1.2) were validated at this 

stage by identifying the selected models with and without knowledge about the 

delay values minimising the D(S,y). There, the RMSE with test data sets typically 

doubled in each case in comparison with the utilisation of the delay analysis (Eq. 

9). This implies that the estimation method has succeeded in finding better delay 

values than the initial ones. Furthermore, by applying the former measurements of 

temperature signals, prediction capability in time with respect to the analysis 

results (Table 3) can be expected. 

There are uncertainties related to the process measurements. Since it is 

supposed that the temperature sensors in the convection sections were exposed in 

three cases (Stove, Pellet 1, and Pellet 2) partly to heat radiation, some 

nonlinearities may have been captured in the measured signals. Furthermore, the 

measurement uncertainty of the gas analyser was affected by gas sampling and 

preconditioning. In that case, the sampling position from the flue gas ducts and 

delays with gas pumping may have influenced the measurements. In any case, the 

reported accuracy by the manufacturer for the gas analysers (Pellet 1, Pellet 2) 

was at maximum ± 10% of the measured values, whereas for the rest of the cases 

the accuracy limits were within ± 2%. In these measurement systems, calibration 

procedures were performed regularly. 

The filtering effect may affect the temperature measurements as well as the 

possibly varying (Tagawa & Ohta 1997) or long (Bauer et al. 2007) time 

constants of the sensors. The difference between the filtered (feature number 57) 

and raw values (number 56) was also observed in the data analysis as different 

magnitudes of dependencies. As the Seebeck effect causes the nonlinear response 

of thermocouples, the linearization of signals is often applied. In the presented 

processes, the data acquisition systems were equipped with linearization modules 

and compensations of cold junctions. It was thus supposed that these actions 

would minimise the related uncertainties. According to the typical sensor 

specifications (K-type), the expanded uncertainty for the sensors in the 

convection sections was ± 2% and for the flue gas temperatures around ± 1.5%. In 

this case, the reported uncertainty was obtained by multiplying the mean 

temperature values in both cases by 0.0075 and further with a coverage factor of 

two. In this way, an estimate of 95% confidence limits for the measurements with 

temperature sensors was approximated. 

According to the above findings, the generalisation capability of the 

presented model to reproduce the CO2 signal is evident. In all of the cases, the 

relative accuracy (Eq. 12) calculated with the test data set was below 5%. This 



95 

result was achieved with data acquired from closed loop processes. Thus, it 

includes actions to control the fuel feed rate and/or combustion air supply. For 

soft sensors these are present as disturbances, as well as changes in operating 

conditions, namely fuel moisture and heat output level. Therefore, it is argued 

based on the results that feasible monitoring performance can be achieved with 

the presented model structure and identification procedure. It then follows that the 

soft sensor could be utilised as a part of a practical control system, as real-time 

combustion tests applying soft sensors for controlling heat output has indicated in 

(Ruusunen 2009b). In general, a similar model performance can most likely be 

guaranteed in the same types of combustion units using wood fuel as 

demonstrated in these five cases, also including a large-scale combustion unit 

(CFB process). Obviously, a comparison of dependencies between the presented 

features and the target variables suggests that a linear model structure is relevant 

for representing the general correlation between most of the studied cases, 

especially in small-scale wood combustion. 

6.7 Remarks and future work 

The results of the presented data analysis are dependent on the choice of the 

parameters for the procedure (Section 5.1). This was confirmed by the 

perturbation of analysis parameters (Section 6.5). There, the results showed that 

the ranking order for the first 10 features changed with each target variable if the 

number of bins, overlapping ratio, or sample size was perturbed significantly. 

However, in that case the possibility of comparing the ranked features with 

combustion theory was typically missed. For example, Carnot’s efficiency was 

ranked among the top ten features out of the total of 1109625 subsets in the 

analysis of thermal efficiency, particularly with the parameters estimated in 

Section 6.1.1. The same was noticed with the two benchmark data sets (Section 

6.5), as potential features were found with the presented selection procedure for 

the parameters. Importantly, the analysis results in this study identified the feature 

sets that could be usable from a practical point of view, representing correlations 

mainly in functional form and robustly. These properties are highly favourable in 

the development of soft sensors with the capability of continuously monitoring 

the most important combustion variables. On the other hand, it would then seem 

that the requirements related to the calculation of information-theoretic quantities 

(Section 5.1) have been fulfilled at least satisfactorily, by applying successive and 

relatively short time windows. 
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The sensitivity of the analysis procedure to its parameter perturbations is 

related to stability in the feature selection results (Guyon & Elisseeff 2003, 

Alelyani et al. 2011, Schowe & Morik 2011). It would be interesting to quantify a 

metric of stability for the presented method. The basis for that would seem to be 

the estimation of an uncertainty bound for Eq. 8, as the use of histograms used in 

deriving the pmf makes it possible (Moddemeijer 1999). Also, the integration of 

the cross-validation procedure to the stability analysis would be an option. In the 

same way, performance assessment for the time delay estimation (Eq. 9) could be 

studied, for example utilising the Cramér-Rao bound in the determination of 

uncertainty for the delay estimator. This could include the study of the obtained 

standard deviation of the metric, also in the case of time delay estimation. 

In the presented algorithm for data analysis, redundant features were also 

allowed to form subsets. In contrast, many of the feature selection methods based 

on mutual information actually try to avoid redundancies (Battiti 1994, Peng et al. 

2005). As presented with the example of a soft sensor (Section 6.6), the 

redundancy that is natural for the multiple flue gas temperatures almost certainly 

increases information on the target variables. Thus, it is a matter for the model 

structure to fully utilise this knowledge. At least in this case, these conclusions 

agree with the widely cited comments on the utilisation of redundant variables as 

potential candidates (Guyon & Elisseeff 2003). In any case, the metric presented 

can also be applied to measure the independence between features (values near 

one). The redundancy analysis could also be extended to a multivariate case using 

Eq. 8. 

The metric D was aggregated using the mean of the values across the 

analysed time windows. For this, assumptions were made about the normality and 

stationary properties of these values. However, this may not be the case, as seen 

for example in Fig. 12. For this stage, a search for an optimal aggregation 

operator could be useful. In addition, systematic tests about the assumption of 

stationary as a function of robustness in the analysis results would be informative. 

In addition, to form the combined value for quantifying correlations with 

feature subsets, the mean estimator is applied. It followed here that feature subsets 

having more than one member exhibited higher values for the metric than the 

single features in many cases. On the other hand, numerous feature combinations 

were better than single features, according to the ranking based on the mean value 

of Eq. 8. This suggests that the normalisation of mutual information with joint 

entropy and focusing on the analysis in relative short time windows results in the 

assessment of conditional dependencies. 
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Features having similar correlations according to a quantile-quantile plot 

through the five combustion units were found among the first 10 features for all 

but one target variable (combustion efficiency, feature 57 with a ranking of 19th). 

These results occurred even if the ranking was based on the values of D(S,y) 

obtained by analysing the data sets separately. This implies that the fundamental 

correlations are clearly present. Still, much of the information revealed in the 

results was discarded in the feature ranking based on minimum values of the 

metric. This includes the values obtained for each data set separately and 

additionally for each analysed time window. Thus, a more in-depth analysis is 

supposed for example to search for the most informative data segments relating to 

data-based model identification. Also, the generalisation properties of each 

feature could be explored in more detail, for example by calculating the 

cumulative occurrence or the order of features on the ranking list if the analysis 

proceeds in successive time windows. 

As the analysis is free of assumptions related to the nature of the correlation, 

it results in the need to check functional dependencies separately. It would 

therefore be valuable to test a combination of the analysis procedure and for 

example a Gamma test (Končar 1997, Jones et al. 2007) to provide an estimate on 

the applicability of a feature directly for model development. On the other hand, 

if the D(S,y) were replaced by the correlation coefficient, the analysis procedure 

would resemble a scaled correlation analysis (Nicolić et al. 2012).  

The features were formed based on 110 prototypes and their combinations. 

One of the signals (feature number 57) was a filtered version of the measured 

temperature in the convection sections of the units. Thus it can also be regarded 

as a calculated feature. Typical methods were utilised to construct the features 

(Burns et al. 2004). These included arithmetic operations with single or multiple 

signals, combinations of these signals, and combinations with denoised signals as 

mentioned above. In addition, the mathematical operations pertaining to the main 

physical equations relating to combustion theory were included in the prototypes. 

Thus, domain-specific knowledge was incorporated in the analysis. Of course, 

this resulted in a finite number of feature subsets. However, the exhaustive search 

strategy ensured that every combination was tested. There are also many other 

ways to construct features, for example with guided perturbation of arithmetic 

operators with a genetic algorithm (Sorsa et al. In press). 

The relation of the presented distance measure with model uncertainty was 

preliminarily examined from the perspective of dependence changes between 

successive feature values. An indication of this correlation was found in certain 
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situations, obviously relating to varying time delays. This finding has been 

recently utilised in (Paavola et al. 2012), where the presented D index (Eq. 8) is 

calculated in a sliding window to obtain a measure for any changes of structural 

patterns in wireless network signals with an application for Model Predictive 

Control. 

A potential obstacle in the implementation of a data-based soft sensor is the 

availability of proper data for parameter identification. This issue and methods to 

compensate for it, such as noise injection and bootstrapping, have been discussed 

for example in (Fortuna et al. 2009). 

Uncertainty in the soft sensor output is mainly dependent on three factors 

(Goodwin 2000): measurement noise and process disturbance together with 

modelling error. If the modelling error fulfils the requirements for randomness, 

zero sample mean and normal distribution, then the uncertainty of the model 

output can be determined with the standard deviation of the residuals. This 

assumption was made in the case example, when calculating the expectation for 

standard deviation of the modelling error (Table 4). However, if the modelling 

error partly includes a deterministic error component, it can make the estimated 

model confidence meaningless when formed with a random noise assumption. 

Moreover, it is argued that the most suitable model for control may fail the typical 

validation tests, see for example the correlation test (Table 4). The work of 

Ninness & Goodwin (1995) addresses these issues and also surveys methods that 

favour deterministic disturbance descriptions in model uncertainty estimation. 

In this work, the data for the analysis was also applied to parameter 

identification of the soft sensor application. An independent data set consisting of 

20% of the data was reserved for the assessment of modelling performance. On 

the other hand, Douma et al. (2008) have pointed out that it is preferable not to 

reserve separate validation data set but to avoid overfitting by accurate noise 

modelling and accounting for parameter variance by using only an identification 

data set. According to them, reservation of the validation data set decreases the 

number of identification data, thus yielding a larger parameter variance.  

The bias-variance trade-off of the modelling error in the case study was 

accounted for by executing 10-fold cross-validation with randomised signals. 

Another possibility would be utilising a nested version, where the k–1 folds are 

reserved for cross-validation in the inner loop and the remaining data segment for 

testing in the outer loop. One segment at a time is used for testing while the 

remaining k–2 folds are utilised for the feature selection task inside the outer 

loop. Finally, the best feature candidates are tested with the k’th fold in the outer 
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loop. The motivation for the nested approach is clear, since in that case the bias of 

an estimator may have a large variance, although the bias is small unless tested 

effectively with independent data sets (Raudys & Jain 1991, Kohavi 1995, Jain & 

Zongker 1997). Furthermore, applying nested cross-validation to both feature 

selection and soft sensor development would probably help to increase 

automation in the learning procedure. 

The positions for temperature sensors in each unit were not an optimised 

subject for target variables. On the other hand, the Stove data included only two 

temperature signals. It was noted that by applying the presented analysis with 

different sensor positions in other cases, the results in terms of the index values 

and ranking order changed. This indicates that still more relevant features could 

be found by selecting the sensors based on the minimisation of calculated index 

value. However, for the generalisation potentiality of the results, the selection that 

is based on the same temperature levels in every combustion unit can be justified. 

Furthermore, the development of cost-effective monitoring and control systems 

for energy production in future also requires minimisation in the number of 

sensors. 

Individual sources of uncertainties challenge the comparison of dependencies 

between the combustion units. These include for example unique time constants 

of temperature sensors and gas analysers. In addition, changing combustion 

conditions may result in varying gas velocity, warming of the measurement 

system and its surroundings, including varying sampling intervals in the case of 

asynchronous data acquisition systems. 

In future, the study of generalisation of dependencies for fuel moisture 

content as indicated in the preliminary tests, fine particles as the formation 

correlates with the ratio of air factors (Lamberg et al. 2009) together with 

combustion efficiency (Brunner et al. 2008) and adiabatic flame temperature are 

also of interest. In addition, the target is to extend the same kind of data analysis 

to other temperature-related processes such as wood gasification and anaerobic 

digestion. Based on the conclusions with the studied biomass combustion units, 

mainly unexploited temperature measurements of flue gases reveal valuable 

information about the operating conditions for monitoring and control. 
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7  Conclusions 

This research focused on the data analysis of measured flue gas temperatures and 

combustion variables. The aim was to find signal correlations between the 

temperatures and the target variables that are important for the monitoring and 

control of biomass combustion. These included gaseous emissions in flue gas, 

namely carbon dioxide, oxygen, and nitrogen oxides. In addition, the burning rate 

of the fuel, heat output, and fuel feed rate were included in the analysis together 

with combustion and thermal efficiencies. Data sets acquired from five different 

types of combustion units ranging from 5 kWth to 220 MWth were analysed. 

An information-theoretic approach to analyse the multivariate time series was 

adapted for the task in question. In the method presented, mutual information that 

is normalised by joint entropy of the analysed multivariate data forms a measure 

for correlation. The analysis proceeds in short, moving time windows aiming to 

quantify similarities between signals. The method was successfully validated with 

two benchmark data sets. The time delays were estimated similarly. For the 

selection of analysis parameters, a method based on convergence of signal 

entropy was introduced. According to the analysis results, the following 

conclusions were found: 

– Temperature signals in convection sections and the flue gas exit carry 

information about the studied combustion variables, 

– The signal correlations are present similarly in different types of biomass 

combustion processes, especially in small-scale units, 

– The analysis procedure indicated the temperature signal combinations that 

can be related straightforwardly to combustion theory, 

– The similarity of the signal correlations seems to enable the monitoring of the 

target variables by applying a data-based model structure, independently of 

the type or scale of the combustion process and related control actions. 

It is argued that the results presented in this work serve the development of 

control systems intended to reduce gaseous emissions and increase thermal 

efficiency simultaneously. For this purpose, it is important to ensure the validity 

of the reference measurements and to take into account the changing response 

characteristics of temperature sensors due to positioning and drift. In future, the 

development of stability criteria for the analysis method and study of a few more 

combustion variables together with indirect control research are recommended. 
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Appendix 1 Feature prototypes 

Feature prototype (Feature) with related running number (No). Variable x is measured 

signal vector of temperature in the convection section, y is median-filtered 

temperature (convection section), z is the exit temperature of flue gas, target is the 

target vector. 

No Feature No Feature No Feature No Feature 

1 x–y 30 √(x) 59 x+y+z 88 (ln(z)+ln(y))·ln(x) 

2 x–z 31 √(y) 60 x+y–z 89 (ln(x)+ln(z))·ln(y) 

3 y–z 32 √(z) 61 ln(x)+ln(y)+ln(z) 90 √(x)+√(y) 

4 (x–y)·y 33 √(x)–√(y) 62 √(y)+√(z)+√(x) 91 √(x)+√(z) 

5 (y–x)·z 34 √(x)–√(z) 63 (x–y)/x 92 √(y)+√(z) 

6 (z–x)·z 35 √(y)–√(z) 64 (x/y)3 93 (x+y)·y 

7 (y–z)·z 36 √(ln(x)) 65 (y0.7–1)/0.7 94 (y+x)·z 

8 (z–y)·x 37 √(ln(y)) 66 (y–z)/y 95 (z+x)·z 

9 (x–z)·y 38 √(ln(z)) 67 (z–y)/x 96 (y+z)·z 

10 ln(x) 39 √(x)/y 68 (y–1–1)/–1 97 (z+y)·x 

11 ln(y) 40 x/z 69 x+y 98 (x+z)·y 

12 ln(z) 41 y/z 70 x+z 99 (x+z)·x 

13 x·y 42 (x·y)/z 71 y+z 100 (x–y)·x 

14 x·z 43 (x·z)/y 72 (x+y)/y 101 x+(y·y) 

15 x·y·z 44 (y·z)/x 73 (y+x)/z 102 y+(x·z) 

16 y·z 45 √(x)/√(y) 74 (√ (y)–1)/0.5 103 z+(x·z) 

17 ln(x)–ln(y) 46 √(x)/z 75 (z2.5–1)/2.5 104 y+(z·z) 

18 ln(x)–ln(z) 47 (y/x)2 76 (z+y)/x 105 z+(y·x) 

19 ln(y)–ln(z) 48 (√(x)·y)/z 77 (y1.5–1)/1.5 106 x+(z·y) 

20 ln(x)–ln(y)·ln(z) 49 (√(x)·z)/y 78 (x+z)/x 107 x+(z·x) 

21 ln(y)–ln(x)·ln(y) 50 (y·z)/√(x) 79 (y–2–1)/–2 108 x–(y·x) 

22 ln(z)–ln(x)·ln(z) 51 x2 80 (x+z)/y 109 y2–z2 

23 ln(y)–ln(z)·ln(z) 52 y2 81 ln(x)+ln(y) 110 x2·y2 

24 ln(z)–ln(y)·ln(x) 53 z2 82 ln(x)+ln(z) 111 target 

25 ln(x)/ln(y) 54 x2–y2 83 ln(y)+ln(z) 112 ln(target) 

26 ln(x)·ln(y) 55 x2–z2 84 (ln(x)+ln(y))·ln(z) 113 √(target) 

27 ln(x)·ln(z) 56 x 85 (ln(y)+ln(x))·ln(y) 114 target2 

28 ln(x)·ln(y)·ln(z) 57 y 86 (ln(z)+ln(x))·ln(z) 115 lg(target) 

29 ln(y)·ln(z) 58 z 87 (ln(y)+ln(z))·ln(z)   
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Appendix 2 Combustion and thermal efficiencies, 
reference calculations 

 

% Efficiency calculation adopted from (Vuorelainen 1961) 

% MATLAB® notation 

function [eff_th, eff_c] = eff_Q (MC,Ts,Ti,CO2,CO,CH4,O2) 

 

% Ts   = flue gas temperature, °C 

% Ti   = indoor temperature in the boiler room, °C 

% MC = moisture content of wood fuel, wet basis, % 

% CO2, CO, CH4, O2 = measured flue gas components, % in the dry flue gas 

 

% Hpa = Wood Fuel LHV, kcal/kg (MJ/kg);  

Hpa = 4510-50.95*MC; % ~ (19.1-((MC/100)*21.5); 
 
% Experimental constants 
C = 50*ones (length(Ts),1);                 % Carbon content, % dry basis 
Mc = (1-MC/100)*10*50;                    % Burned carbon, g/kg 
a1 = 0.000259; % Parameter values, a1-a8 @ 293 – 573 K 
a2 = 0.000064; 
a3 = -0.001106; 
a4 = -0.000692; 
a5 = 0.000041; 
a6 = 0.000690; 
a7 = 0.057980; 
a8 = 0.000463; 
M_H2O = 10*MC;                               % Water content in fuel, g/kg 
M_H2 = (1-MC/100)*10*6.15;            % Hydrogen content in fuel, g/kg 
H2 = 0;                                                 % Hydrogen content in dry flue gas 
  
% Qs1 = Thermal loss, % of fuel LHV 
% Effect of moisture in combustion air omitted 
Qs1=100*((Ts-Ti)./Hpa).*(((Mc.*(a1*CO2+a2*CO+a3*CH4+a4*H2+a5*O2... 
    +a7))./(CO2+0.99353*CO+0.99491*CH4))+a8*(M_H2O+8.9365*M_H2)); 
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Appendix 2 Combustion and thermal efficiencies, 
reference calculations (Cont.) 

% Qs2 = Loss due to unburnt gas components, % of fuel LHV 
Qs2 = (1.84*C.*(100-MC).*(30.2*CO+85.5*CH4+25.7*H2))./... 
(Hpa.*(CO2+0.9935*CO+0.9949*CH4)); 
  
% Thermal (eff_th) and combustion efficiency (eff_c) 

eff_th = 1 - Qs1; 

eff_c  = 1 - Qs2; 

 
%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
  
% Efficiency calculation adopted from (Good & al. 2006) 

% following the DIN 4702, MATLAB® notation 
NCV_dry = 20000-2442*0.06*9.01;                    % LHV, dry basis 
u_moist = 100*((MC.*10)./(1000-MC.*10));      % Moisture, dry basis 
  
% Thermal loss, % 
Qs11 = ((Ts-Ti).*(1.39+(122./(CO2+CO))+0.02*u_moist))./… 

((NCV_dry/100)-0.2442*u_moist); 
  
% Loss due to unburnt gas components, % 
Qs22 = ((CO./(CO2+CO))*11800)./((NCV_dry/100)-0.2442*u_moist); 
 

% Thermal (eff_th2) and combustion efficiency (eff_c2) 

eff_th2 = 1 - Qs11; 

eff_c2  = 1 - Qs22; 
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