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Abstract 

This licentiate thesis deals with the detection of incipient leakages in a 
pressurized system. The system in question is a pulverized coal injection 
vessel for a blast furnace process, but the methods can also be applied to 
other processes where a fluid is set under pressure. 

Fault detection and isolation is a potentially powerful tool for achieving 
security and effective maintenance in various types of processes. Applica-
tions in aviation and automotive technology are common, but there are also 
many examples of fault detection in general industrial processes, like electrical 
motors and hydraulic systems. 

The motivation for performing leakage detection in the coal injection plant 
is, apart from the cost of lost nitrogen, the inflammability of pulverized coal. 
Its ability to self-ignite in contact with air makes it inconvenient to handle. 
A leakage in a valve could, for example, allow air to enter the injection vessel 
with possibly catastrophic consequences. In fact, one of the prime motivations 
for this work was a fire in one of the injection vessels at SSAB  Tunnplåt  in  
Luleå.  

Non-linear physical gray-box models of the plant are developed. Values 
of the unknown parameters are estimated by identification. Observers are 
constructed for these models and the residual is shown to be an estimate of 
the leakage flow. 

Functions describing the expected time-domain behaviour of different leak-
ages are then developed, thus reducing the leakage isolation problem to pat-
tern recognition. The Generalized Likelihood Ratio is employed to compare 
the residual to the predefined typical leakage functions. 

When evaluating the residual, it is desirable to represent the essential 
dynamics concisely while removing irrelevant behaviour and noise. One way of 
doing this is to employ an orthonormal functional basis. Thus, in order to ease 
the computational burden while preserving the essential dynamic behaviour 
of a leakage, a truncated Laguerre series representation of the signals is used. 

Tests of the developed algorithms, both with and without the use of La-
guerre  spectra, have been successfully performed at SSAB  Tunnplåt, Luleå.  

111 



Contents 

Preface 	 vii 

Acknowledgements 	 ix  

Introduction 	 1 
1 Modeling 	  2 
2 	Disturbance reduction 	  3 
3 	Residual evaluation 	  4 
4 	Implementation 	  5 
5 	Human-Computer interaction 	  5 

Papers 	 9 

1 Model-Based Leakage Detection in a Pulverized Coal Injec- 
tion Vessel 	 11 

2 Model-Based Gas Leakage Detection and Isolation in a Pres- 
surized System via Laguerre Spectrum Analysis 	 37 

3 Control and Gas Leakage Detection in a Fine Coal Injection 
Plant: Design and Experiments 	 53 

V 



Preface 

This licentiate thesis is the result of a project supervised by Prof. Alexander 
Medvedev at the department of Computer Science and Electrical Engineering 
at  Luleå  University of Technology. The project was motivated by incidents 
of gas leakages in the coal injection plant at SSAB  Tunnplåt  AB in  Luleå.  

Funding has been provided by  Norrbottens Forskningsråd  in the framework 
of the Center for Process and System Automation (ProSA). 

The project has resulted in six publications in national and international 
conferences as well as journals. Three of these papers that cover the essential 
parts of the work are included in this thesis. 

Included papers 

1. A.Johansson and A.Medvedev: "Model-Based Leakage Detection in a 
Pulverized Coal Injection Vessel", IEEE Transactions on Control Sys-
tems Technology, in press. 

2. A.Johansson, W.Birk, and A.Medvedev: "Model-Based Gas Leakage 
Detection and Isolation in a Pressurized System via Laguerre Spectrum 
Analysis", in Proceedings of the 1998 IEEE International Conference 
on Control Applications,  vol.  1, pp. 212-215, Trieste, Italy, September 
1998 

3. W.Birk, A.Johansson, and A.Medvedev: "Control and Gas Leakage 
Detection in a Fine Coal Injection Plant: Design and Experiments", in 
Preprints of the 9th IFAC Symposium Automation in Mining, Mineral 
and Metal Processing, pp. 271-276, Colone, Germany, September 1998 

vii 



Other papers 

1. A.Johansson and A.Medvedev: "Model-Based Leakage Detection in a 
Pulverized Coal Injection Vessel", in Proceedings of the 1998 American 
Control Conference,  vol.  3, pp. 1742-1746, Philadelphia, USA, June 
1998 

2. A.Johansson, W.Birk, and A.Medvedev: "Control and Gas Leakage 
Detection in Pulverized Coal Injection: From Design to Experiments", 
in  Reglermöte  '98, Preprints, pp. 99-103, Lund, Sweden, June 1998 

3. W.Birk, A.Johansson, and A.Medvedev: "Model-based Control for a 
Fine Coal Injection Plant", IEEE Control Systems Magazine,  vol.  19, 
pp. 33-43, February 1999. 

viii 



Acknowledgements 

First of all, I would like to thank my supervisor, professor Alexander 
Medvedev. By offering me the position as PhD student at  LTU,  he made 
me realize what I wanted to do after graduation, namely five more years of 
school... 

Furthermore, my deep gratitude goes to my friend and colleague Wolfgang 
Birk, who has not only been a great support since I started my PhD studies, 
but also provided me with a style file for the layout of this thesis. 

Finally, the Control Engineering Group of  LTU  (including the two names 
above) has always constituted a friendly and inspiring environment.  

Luleå,  August 1999 
Andreas  Johansson  

ix 



To my parents 

xi 



Introduction 

Fault detection is the detection of unknown signals. Consider a vector of 
signals 

f(t) = [h(t) h(t) • • • fri(t)}T  

The signal f(t) represents a fault, e.g. friction in a broken bearing, mea-
surement bias in a sensor or, as in this thesis, the size of a leakage. It is 
assumed that the fault signals are chosen so that f, = 0 if and only if there is 
no fault. 

The purpose of a fault detection system is to produce an alarm signal that 
carries information about the fault vector, in its most elementary form just 
telling whether it is zero or not. It is common to distinguish between three 
different levels, although 'Fault Detection' is often used as the general term. 

Detection An alarm signal r(t) is produced, which is zero if there is no fault 
and nonzero otherwise. 

r(t)= 0 < 	> f (t) = 0 

The alarm signal thus only indicates whether a fault has occurred or 
not. 

Isolation The alarm signal is a vector with the same dimension as the fault 
signal and each element corresponds to an element in the fault vector. 

ri(t) = 0 	 f(t) = 0 

This means that the fault is isolated to a certain place or component. 
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Introduction 

Identification If the alarm signal is an estimate of the fault vector, then the 
term fault identification is often used. 

r(t) = f(t) 

The fault detection system then not only gives an indication about if 
and where a fault has taken place, but also gives the magnitude of it. 

The deceivingly simple equations above pose a number of problems that are 
the target of active research [PX97]. This thesis contains three papers that 
show how some of these problems can be dealt with in an implementation 
of a fault detection system. The three papers give a comprehensive overview 
of the major problems and solutions when developing and implementing a 
model-based fault detection system for a pulverized coal injection plant. 

The rest of this introduction briefly overviews the research problems of 
fault detection and some of the different approaches to solving them. Also, 
some comments are provided, based on the experiences from the coal injection 
plant. 

1 Modeling 

In general, the way to detect a fault is to recognize abnormal behaviour in the 
measurable output signals of the process. In order to do this, one must first 
know what the normal behaviour is. This calls for a model of the process. 

The model consists of knowledge of the plant behaviour, which can be 
obtained from three major sources. Depending on which source is used, the 
model will take different forms. 

Human knowledge Process operators have knowledge about how the plant 
reacts to inputs [Fra90]. This can be quantified to logical rules (fuzzy 
or otherwise) on plant behaviour. 

Measured data Identification techniques [SS89] can be applied to in-
put/output data in order to obtain an analytical model consisting of 
differential equations. Input/output data can also be used to train a 
neural network. 

Physical laws An analytical model can also be obtained by using knowledge 
of the physical laws governing the process. 
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Disturbance reduction 

The main difficulty in fault detection arises here. Since the redundancy 
of the model is utilized to detect faults, the model has to be more accurate 
than a model used for control purposes. 

To see this, consider the simple example of a quantity measured by two 
independent sensors. If the quantity is to be controlled, then the more reliable 
of the two sensors can be trusted or the two values can be combined to produce 
a better estimate. If, on the other hand, fault detection is to be performed, 
in order to detect a bias in either of the two sensors, then both sensors have 
to be trusted and compared to each other. 

There are two main approaches when an analytical model is sought: iden-
tification and physical modeling. To achieve a model that is suitable for fault 
detection purposes, it is often necessary to use a combination of these two. 
Control engineers are, however, often not equipped with enough insights into 
the physics of the process in question. Cooperation with other scientists (e.g. 
chemists, physicists) can thus be very rewarding. Although pure physical 
models are sometimes only qualitatively correct, due to poorly known param-
eters, the use of identification techniques to estimate such parameters has the 
potential to lead to very good models. 

Paper 1 of this thesis gives an example of how this can be done. A non-
linear, physical model is developed and unknown parameters related to the 
control valves of the process are estimated using identification. 

2 Disturbance reduction 

There exist essentially two ways of producing an alarm signal. An identifi-
cation algorithm or an observer can be used depending on whether the fault 
signal is multiplicative or additive, respectively. Connections between the two 
approaches exist [GF96] and in both cases the residual is used as the alarm 
signal. 

In case of fault isolation and fault identification, the purpose of the ob-
server is to decouple different faults and to reduce disturbances. If the model 
is physical, then a nonlinear observer may have to be used [MH89], but in 
the case of the coal injection plant model, a linear observer with nonlinear 
transformation of input and output signals is sufficient (paper 1) 

To obtain good filtering, high filter order may be desirable. The dynamical 
order of a Kalman filter is, however, less than or equal to the order of the 
process. Several methods can be used to overcome this limitation. 

• Implementation of a  postfilter  to achieve additional filtering of the resid- 
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ual [DF90, PX97] 

• Augmenting the model with a model describing the dynamics of noise 
and uncertainties [MD92]. 

• Augmenting the model with a fault model. If the fault is regarded as a 
constant i.e. 

f(t)=O 

then this leads to the concept of separate-bias observers [BAFK97] 

• Projecting the residual onto an orthonormal basis 

The latter approach is particularly suitable for the coal injection plant since 
the residual is limited in time due to the cyclic nature of the process. Further-
more, the residual is to be compared to a number of fault signatures, which 
can also be projected onto an orthonormal basis. Paper 2 of this thesis shows 
the results when a Laguerre spectrum representation of the signals is used. 

3 Residual evaluation 

Since the observer residual is always nonzero due to noise and modeling errors, 
some statistical or deterministic evaluation technique must be applied to it, 
in order to obtain a logical statement about if and where a fault has occurred. 
The evaluation algorithm generally computes some norm or other quantity of 
the residual and compares it to a threshold. If the threshold is exceeded then 
a fault is said to have occurred. 

In its simplest form the evaluation consists of a threshold directly on the 
residual. Significant improvement can be achieved by utilizing a model of the 
disturbance that makes the residual deviate from zero. 

In this thesis, the Generalized Likelihood Ratio (GLR) test [BN93] is 
employed. Although the method works well, the shortcomings of the prob-
abilistic approach are obvious. The problem lies in the simple modeling of 
the disturbance as a white, stochastic process. This is very unrealistic when 
taking into account that the main error source in a fault detection system 
often is modeling errors. In paper 1, it can be seen that, even though the 
models are very good, extremely low test levels (i.e. specified probability of 
false alarm) must be used in one case, to avoid false alarms due to modeling 
errors 

However, when using a Gaussian disturbance model, the probabilistic ap-
proach has the advantage of a small computational burden. In paper 2 it 
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Implementation 

is shown that when projecting the residual onto an orthonormal basis, the 
computations can be reduced even further. 

If model uncertainties are taken into account, this leads to a method 
where the detection threshold is adaptive and varies with the input signals 
[ANMS88]. A closely related approach is the use of model validation [TK96]. 

4 Implementation 

The core of the detection system is an observer, based on a process model. The 
model, whose purpose is to distinguish between the normal behaviour of the 
plant and the faults, is in some cases physical and nonlinear. Considering this, 
it is obvious that the implementation of a fault detection system demands a lot 
from the control system computer of the plant, both in terms of performance 
and programming capabilities. 

Modern control systems can often be programmed in high-level languages 
(such as  C  or Pascal), and if the computers are up-to-date then the processor 
and memory capacity is usually also adequate. Older systems may, however, 
be severely limited. 

In this case, additional hardware may have to be used. Paper 3 describes 
the implementation of a fault detection system (in addition to an LQG con-
troller) in the old (built 1984) coal injection plant at SSAB  Tunnplåt  AB 
in  Luleå.  When utilizing external hardware, the safety aspects become very 
important and therefore the controller has been implemented in one PC while 
another PC was performing fault detection and supervision of the controller. 

The new coal injection plant at SSAB  Tunnplåt,  built in 1998-99, has been 
equipped with a permanent installation of the fault detection and control 
system described in paper 3. It has been running successfully since June -99. 

A survey of other fault detection systems, ranging from simulation to 
full-scale implementation, can be found in  [IB  96]. 

5 Human-Computer interaction 

A rarely treated aspect of fault detection is Human-Computer Interaction 
[Pre94]. This is, however, very important since the fault detection system 
must interact directly with the operating personnel of the plant. 

The operators of a modern large-scale industrial plant have vast respon-
sibilities. The coal injection plant treated in this thesis is a part of a coal 
powder plant that processes the coal all the way from raw coal to the injec- 
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tion of the coal powder into the blast furnace. A number of other processes 
deliver other substances to the blast furnace and all of them, including the 
furnace itself, are handled from one control room. The operators (sometimes 
only one or two) in this control room monitor the entire plant and are respon-
sible for the production. A large part of the operators' attention is occupied 
by simple alarms indicating high temperatures, high oxygen levels and so on. 

Considering this it is obvious that care must be taken when designing a 
fault detection system. A system that generates false or redundant infor-
mation will be ignored or shut off. The conclusion is that when the fault 
detection system is designed, the top priority must be to minimize the risk of 
false alarms, rather than to detect small faults. A system that produces false 
alarms can be regarded as just a nuisance while, on the other hand, a system 
that prevents accidents and malfunctions (even if just a part of them) can be 
of great help. 
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Andreas.Johansson@sm.luth.se, Alexander.Medvedev©sm.luth.se  
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Abstract 

A method for detecting and isolating incipient leakages in the valves 
of a pulverized coal injection vessel for a blast furnace process is pre-
sented. Non-linear physical gray-box models of the plant are developed. 
Values of the unknown parameters are estimated by identification. Ob-
servers are constructed for these models and the residuals are used in 
a Generalized Likelihood Ratio test. The method is successfully tested 
with real leakages intentionally introduced in the plant. 

1 Introduction 

Fault detection and isolation is a potentially powerful tool for achieving secu-
rity and effective maintenance in various types of processes. Applications in 
aviation and automotive technology are common (see for example [Gus97]), 
but there are also many examples of fault detection in general industrial pro-
cesses, like electrical motors and hydraulic systems ([CLL97, GF88]). See 
[IB96] for a survey of recent simulations and implementations of fault detec-
tion systems. 

The basic terminology and techniques for fault detection can be found in 
the survey by Frank [Fra90]. State estimation by observers is often used. A 
number of different techniques exist, for example Unknown Input Observers, 
Dedicated Observers, Parity Space and Kalman Filter Methods. A survey on 
non-linear observers is given in [MH89]. Fault detection in non-linear systems 
is for example treated in [WF90] and [ZP94]. 

The fundamental question in fault detection is whether the nominal non-
faulty model should be accepted or rejected. This fact emphasizes the simi-
larities to model validation. The detection of abrupt and incipient faults can 
thus be interpreted as local and global model validation, respectively. 

This article concerns the detection of incipient faults (leakages) in the 
valves of a pressurized coal injection vessel in a blast furnace process. The 

1An abridged version of this article has been presented at the 1998 American Control 
Conference in Philadelphia, USA [JM98]. 
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blast furnace is used in iron making to reduce ore into hot metal. The reduc-
tion agent is coal, in the form of coke or coal powder, of which the latter is less 
expensive. Coal powder can also be easier used to control the temperature 
of the blast furnace. The prime drawback of coal powder is its inflamma-
bility. The ability to self-ignite in contact with air makes it inconvenient to 
transport. Any storage and transport has to take place under inert conditions 
and it has to be injected under pressure directly into the reaction core. For 
these reasons, it is of interest to have a reliable coal powder injection plant. 
A leakage in a valve could for example make it possible for air to enter the 
injection vessel with probably catastrophic consequences. In fact, one of the 
prime motivations for this work was a fire in one of the injection vessels at 
SSAB  Tunnplåt  in  Luleå.  

The article is organized as follows. The rest of Section 1 is devoted to 
a brief description of the plant. In Section 2 models of the plant are de-
rived. The models are physically motivated with unknown coefficients that 
are estimated from logged data. Models for the expected behavior of differ-
ent leakages in the time domain are also developed. Sections 3 and 4 deal 
with Fault Detection and Isolation, respectively. Fault detection observers are 
developed and the Generalized Likelihood Ratio is used to determine if and 
where a leakage has occurred. Section 5 shows the results from experiments 
in the plant and Section 6 gives the conclusions. 

1.1 The plant 

An overview of an injection vessel is shown in Fig. 1.1. In addition to the 
sensors in the figure, there is also a weighing equipment that measures the 
total mass of the content in the injection vessel. The injection process is cyclic 
and can be divided into the four phases shown in Table 1.1. 

2 Modeling 

The notation used in the sequel is summarized in appendix Appendix  B.  

2.1 Output transformation 

The pressure and total mass  (p  and m) of the vessel can be calculated from 
the masses of coal and nitrogen  (mc  and mN ) using basic physical principles 

A 	 A 
including the ideal gas law. With the definitions  y=  [m  pr  and  x  = 
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Figure 1.1: The injection vessel 
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Table 1.1: The injection cycle 
Phase Action Effect 

Charging Inlet valve is opened The vessel is filled with 
coal powder 

Pressurization Inlet and ventilation valves 
are closed. Fluidization and 
pressure control valves are 
opened 

The pressure rises to 950 
kPa 

Injection Flow control and shut-off 
valves are opened 

Coal powder is injected 
into the blast furnace 

Ventilation Ventilation valve is opened. 
All other valves are closed 

The vessel is depressur-
ized 

[ Mc MN ] 7'  the transformation can be expressed as  

y = h (x) ° 	RNTpc [ mc  ± mN   1 _, ,„, 
1" V PC-nIC 

Index  C  in the equation above refers to pure coal and not coal powder. 
The reason for this is that the nitrogen is assumed to fill out the space between 
the coal particles. Since  h (x)  is invertible, the coal and nitrogen masses can 
be considered measurable. The inverse transformation is given below.  

x = h —l-  (y) = [ 
mRNT pc -pV Pc  

RNT pc -P 
V pc -m  

1" RNT pc -P  

 

Upon entering the vessel, the nitrogen passes through the coal powder. 
Since nitrogen has much lower heat capacity than coal powder it is assumed 
to be momentarily heated to the temperature of the coal powder (60— 70°C). 
Therefore T is given the constant value of 338  K.  

2.2 Flow through Valves 

Expressions for mass flow of fluids through restrictions can be derived from 
Bernoulli's law. For an incompressible liquid the flow is 

q(Pi,P2) -= aflici(PilP2) = a-V2p (pi -192) 
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where pi is the pressure on the inlet side of the restriction and p2  is the 
pressure on the opposite side. The constant  p  denotes the density of the liquid 
and a is the minimum cross-section area of the flow. 

The major difference between a liquid and a gas is the compressibility of 
the latter. If the dynamic effects due to this property are neglected and the 
expansion process in the valve is assumed to be adiabatic, then the following 
expression holds for the mass flow of an ideal gas. 

q(131 7 P2) = afgas (1313 P2)  
i 

(
2,
P2

1 
 ) -Y 

A 
= api 

^y -1  -1 
2-y 	[1 — (/) 1  i 

 Pi 
P2 < ( 2 ) "Y-1  

RTi(-y —1) 	Pi 	 -y-I-1 
(1.2) 

( 2 ) 1-1  \ / 	2-y  
-y-I-1 	RTi (7+1)  Otherwise 

The constant  R  and  ry  are the molecular mass and the compressibility 
factor of the gas, respectively, while Ti  represents the temperature on the 
inlet side. 

For a control valve, the area a in (1.1) and (1.2) is a function of the input 
signal u, i.e. a = kg (u(t)) where  k  is a scaling factor and  g  (u) is called the 
characteristic function of the valve. In order to make the definition above 
unambiguous it is also stated that  g  (1) = 1. 

A common characteristic function is the 'equal percentage' [Va177]. For a 
valve with such characteristic, a certain increase in the control signal gives an 
increase in the flow that is proportional to the flow. This leads to an exponen-
tial function. Since an exponential function is always positive, a deadzone,  d,  
has to be included in the characteristic function. 

A 	ec(u—i) u >  d 
g  (u) = g,p  (u,  c, d)  t'- { 0 

	Otherwise 

2.3 The valves of the process 

The Pressure Control Valve (PCV) 

The flow of nitrogen through the PCV can be expressed as 

qN,P = kN,P f gas  (RN- ,  p)  gp (up) 

where pm is the pressure in the nitrogen net and up is the input signal to the 
PCV, while gp is the characteristic function of the PCV. 
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Since the nitrogen flow qN, p is measured by a flow meter, only the charac-
teristic function gp and the factor kN,p in (1.4) are unknown. These unknown 
factors can be isolated to give 

qN,P  kN, pgp (up) = 	 (1.5) 
fg. (PAr,  P)  

Fig. 1.2 shows the right side of (1.5) (circles) for one pressurization and 
injection. Since kN,p is constant, the circles also represent the scaled charac-
teristic function. It is obvious that the characteristic function is exponential, 
i.e. of the type 'equal percentage' (1.3), thus 

gp (up) = gexp  (up,  cp,  dp) 

An approximate value of the deadzone dp (•-•:_-,' 5%) can also be obtained from 
the figure. If the deadzone is excluded, the logarithm of (1.5) is linear in 
the parameters  cp  and ln (kN,p). These parameters can thus be produced by 
least-squares identification. Note that it is possible to show that a scale error 
in the flow meter will only affect the estimate of kN,p and not of  cp.  The value 
of kN,p will be estimated more accurately later. The identified characteristic 
function is also shown in Fig. 1.2. 

0.2 	0.4 	0.6 
	

08 
PCV Control signal 

Figure 1.2: Characteristic function of the PCV 
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Modeling 

The Flow Control Valve (FCV) 

Through the FCV, there is a flow of both nitrogen and coal powder, i.e. a 
two component flow. To simplify the model, the two flows are assumed to be 
independent, and the coal powder is regarded as a liquid. More accurate mod-
els are available [DCH85], but since the flow of coal powder is controlled and 
to be held constant, the accuracy in this aspect of the physical model is not 
of crucial importance. If the flow is characterized by small variations around 
an equilibrium point, then the non-linear plant behaves like a linear system 
around this point. A certain approximation of the unmodelled behaviour will 
thus be included in the identified model. 

The flow of coal powder is 

gC,F = kC,F hiq (197 PI) gF (UF)  

where pi- is the pressure in the injection pipe, uF  is the control signal for the 
FCV and gF  is the characteristic function of the FCV. The nitrogen flow is 

gr AT,F = kN,F fgas (137 PI) gF (uF) 

In drawings of the FCV, it can be seen that it has a deadzone, dF , of 
21%. Apart from this, the characteristic function is assumed to be linear. 

gF (UF)  = 012-de (uF dF) u0Ftherw>dFise 

The Ventilation Valve (VV) 

In order to obtain a smooth flow in the ventilation valve, it is controlled by a 
hydraulic feedback. Since this control signal is not measured, the VV has to 
be modelled as a closed loop. 

The flow through the VV goes to the fine coal silo, which is assumed to 
have constant pressure, and is thus a function of the pressure in the injection 
vessel only, i.e. qNy = f is7,v  (p)  The function f Ny  (p)  is simply taken to be 
a polynomial of order  J,  thus 

fN,V (19) := 	jP7  
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Table 1.2: Leakages 
Leakage Notation 

To the atmosphere 
From the nitrogen net  
To/from the injection pipe 
No Leakage 

A 
.Af  
I 
0 

2.4 Leakages 

Three different leakages are considered (Table 1.2). The set of leakages is 
defined as 

= {A, Ar,1,0} 

A leakage can be looked upon as the flow through a valve with an unknown 
control signal. The nitrogen leakage flow can thus be represented by  

ge = kefe(.) 	E 	 (1.6)  

where ki is an unknown time-varying factor and f£  (.) is a function of the 
pressures on each side of the leakage. The trivial leakage function for Event 
0 is  h=  0. The other leakage functions are 

.f.A(P,P.4) = fgas(P,PA) 

fN(PN,P) = fg.(PN-,P) 
fi(P,P1) = sign  (p  — pi) f gas  (max  (p,  pi), min  (p,  pi)) 

The last equation is due to the fact that a the pressure in the vessel can be 
higher as well as lower than the pressure in the injection pipe and thus the 
leakage flow can take place in both directions. 

2.5 Entire system 

Pressurization and injection 

During the pressurization and injection phases the material transport takes 
place through the PCV and the FCV. Therefore, the change in the coal and 
nitrogen masses of the vessel can be expressed as 

= —qc,F 

rhN 	-qN,F qN,p 	 (1.7) 
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The transformed input signal is defined 

UC,F 
- 

.9F(UF 
A 

U(V, w, y)  UN,F 
UN, p 

= f gas (13 Pi)  g  F (u F) 

f gas (PAr  P) P  (u  P)  

A 
where v = [ 	up J T  is the real input signal and w = { 	ply}T  repre- 
sents the measurable disturbances. Thus, the process model for pressurization 
and injection can be written as 

= Ax + Bu(v, w,  y) 

y  = h(x) 

where  
A  A [ ac 0  

B  = [ kC F 0  0  I 

I_ 	0 a N  u — kN,F  kN,p 

In principle, the variables ac and aN  should be equal to zero. But, in order to 
obtain extra degrees of freedom, they are considered to be unknown. When 
identifying, the parameter  ar  always takes a small negative value, which 
probably suggests inherent leakage in the vessel. The other parameter, ac 
takes on a small positive value, i.e. introducing an unstable mode. However, 
since this instability is very small and not physically motivated, it does not 
present any problem. 

Fig. 1.3 and Fig. 1.4 show a simulation of the entire non-linear system 
with input signals  UF  and up and output signals  p  and m. 

Ventilation 

During the ventilation phase, the only material flow is the nitrogen flow 
through the ventilation valve. Therefore 

7hc = 0 

75-1N = —qN,V = fAT,V  (p) 	 (1.9) 

The nitrogen flow can be accurately described by a first order polynomial. 
This means that (1.9) can be written 

YriN = —k0  — kic  (mc)  mN 	 (1.10) 

where 
RNTPc  

c  (mc)  = 
v pc —  mc  

The coefficients  ko  and k1  have been produced by least squares identification. 
Fig. 1.5 shows a simulation of the pressure during ventilation. 
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Figure 1.3: Simulation of the pressure in the vessel during pressurization and 
injection 

Figure 1.4: Simulation of the mass in the vessel during pressurization and 
injection 
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Figure 1.5: Simulation of the pressure in the vessel during ventilation 

3 Fault detection 

The leakage flow is modeled as an extra term added to the right hand side 
of (1.7) and (1.9). The purpose of the fault detection algorithm is thus to 
calculate this term. However, the presence of noise makes it necessary to 
utilize filtering. A properly designed observer should be able to distinguish 
between the slow dynamics of the process and the relatively fast dynamics of 
the disturbances. 

The nonlinear models developed in the previous section are of the Ham-
merstein type and thus linear observers can be used. 

3.1 Pressurization and injection 

When leakage is taken into account, equation (1.7) has to be extended with 
the term qL, that represents the net leakage of nitrogen into the vessel, thus 

rhN = — qN,F qN,P qL  

An observer for the system (1.8) is given by  

= Ai + Bu(v,  w, Y)  +  Kf  

=  h(4  

where  

(1.12) 

r 	,TA  r  
E 	L fc,  EN  j  = [ MC — mc 772,N 	N ] 7'  = h-1(y) — x 
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Since in this system the state variables are decoupled (i.e. A is diagonal), it 
is assumed that a diagonal observer gain matrix is sufficient.  

K  A  [ Kc  0  1  

I_  0  KN  
(1.13) 

Note, however, that when calculating the transformed input signal, u, the 
estimated state  'x  is used, thus introducing a dependence between the state 
variables, and therefore the full-order observer is used. A full-order observer 
also has a greater robustness to modeling errors (see Appendix Appendix A). 

With the definitions above, it can be shown that the residual e N  is the 
net leakage qL, filtered through a first order filter. This filter is given by 

1  
EN(t) =  p  — aN +  K  N q L(t) = 143(P)qL(t) 

where  p  is the differentiation operator. If the net leakage is assumed to be 
slowly varying in time, the residual divided with the static gain of the filter 
above is a good approximation of the net leakage corrupted by white noise. 

3.2 Ventilation 

1  
N4 (t) = 	E (t) 

HT  (0) 
(1.14) 

The net leakage qj. is introduced in the ventilation system in a manner similar 
to the leakage in the pressurization and injection system i.e. 

741N =  ±qN,V 

An observer for the ventilation phase process (1.10) is given by 

7;i1N=  —ko  — kiC (Mc) ihN KN e N  

The residual EN is then the net leakage filtered through a first order filter. 

1  
EN (t) = 

p ± kic  (mc)  -r 
, 	= 1193(P)qL(t) 

As before, the residual is divided with the static gain of the filter. 

1  
4L (t) = I-193  (0)

EN (t) (1.15) 
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4 Isolation of leakages 

The development of the models and the observers in the previous sections is 
performed in continuous time to facilitate physical interpretation. However, 
since the systems are of the Hammerstein type, it is a straightforward task 
to discretize the observers. In the following, all signals are assumed to be 
discrete, which is indicated by the new time-variable  n.  

The calculated leakage is assumed to be the sum of a scaled leakage func-
tion and a disturbance, i.e.  

(n) = kefe (n) + e (n)  

where 2  E G  and the term  e (n)  is stationary zero-mean white Gaussian noise 
with variance o-2, i.e.  e (n) E Ar  (0, cr). 

Actually,  e (n)  is not gaussian (probably due to unmodelled nonlineari-
ties), but this fact does not have any major influence on the results. When 
the transient behavior is excluded from the data, the residual is fairly near 
normal distribution, but the results are virtually the same. 

The factor  kt  in (1.6) represents the size of the hole through which the 
leakage flow takes place. This means that  kt  varies slowly in time when con-
sidering incipient leakages. If it is assumed to be constant during a reasonably 
long period of time (for example a process cycle), it can be estimated using 
the Generalized Likelihood Ratio. 

4.1 Leakage hypothesis testing 

To isolate the leakage flow L  (t) to a certain valve or place, an automatic 
method is necessary. It is also desirable to provide the user with an estimate 
of the physical size of the leakage and the confidence level of its detection and 
isolation. This motivates the use of the Generalized Likelihood Ratio (GLR) 
[BN93] for fault isolation. 

Four hypotheses (7-(0, liA, 7-1Ar and 7-(2-) are formed in agreement with the 
leakage events. The three leakage hypotheses are tested one by one against 
7-4 using the GLR. If 	is rejected in more than one of these tests, the 
hypothesis with the highest GLR is accepted. The likelihood functions for 
the hypotheses can be expressed as  

N 
(4L 

 = 	 (n) — kile  (n)  

nei cr'y  
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Cg  > 0 22 En=1  (n)  
0 	 Otherwise 

c2  
ln (At (ü)) = 
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where  
1 	L12_ 

—40  = 
v 27r 

The GLR for each leakage hypothesis is 

sup Pe (ü) 
At  (I.) 	ic'>° PØ (L) 

The restriction on  kt  comes from the fact that a negative  kt  would imply 
a leakage flow from a lower pressure to a higher. 

It can be shown that under the conditions above, the leakage likelihood 
function, Pt  (ü), is maximized by 

	 C't > 0 
izt =  arg  sup Pe  (ü) 	EL, g(n) 

ke>0 	 0 	Otherwise  

where 

(n) 	(n)  
n=1  

The logarithmic GLR can then be expressed as 

A threshold value, A, for  Ag  must be set. If  Ag  exceeds this value then the 
null hypothesis, 	, is rejected. The threshold is generally calculated using 
the probability of rejecting the null hypothesis when it is true, i.e. 

where  P  is the probability operator. The probability a is called the level 
of the test and is usually set to a value in the range of 0.1% 	a 	5%. 
In the case of the pressurization and injection system, however, the severity 
of the modelling errors causes the assumptions of stationarity and zero-mean 
conditions of the disturbance  e (n)  to fall. This makes it necessary to use very 
low levels to prevent a high rate of false alarms. For this reason, no test level 
is chosen but instead the threshold A is chosen on the basis of experimental 
data (Section 5). 
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Practical results 

Table 1.3: The means of emulating leakages 
Leakage Experimental means 

To atmosphere 
From the nitrogen net 

To/from the injection pipe 

Opening a safety valve slightly 
Opening the fluidization- and pressure 
control valves partly 
No experiment due to safety reasons 

Table 1.4: The leakages during pressurization and injection 
Cycle Conclusion Real Leakage 

1 Atmosphere Atmosphere 
2 Atmosphere Atmosphere 
3 No leakage No leakage 
4 No leakage No leakage 
5 No leakage No leakage 
6 No leakage No leakage 

5 Practical results 

In order to validate the methods developed in this paper, experiments on the 
plant were carried out. Different leakages were created during a period of six 
process cycles. The means of creating the leakages are shown in Table 1.3. 

The relevant signals were logged with a sampling time of 1 s and the net 
leakage was then calculated using (1.14) and (1.15). The logarithmic GLR, 
ln  (Ae  (ü)), for each leakage type and each cycle is shown as diagrams in Fig. 
1.6 and Fig. 1.7. The dashed line in Fig. 1.7 shows the threshold for GLR 
when a = 1% while the two dashed lines in Fig. 1.6 mark an interval for the 
threshold. Note that the hypothesis of leakage from the nitrogen net is absent 
in Fig. 1.6, since the pressure control valve, which connects the nitrogen net 
with the vessel, is open during pressurization and injection. There can, for 
obvious reasons, not be a leakage in an open valve. 

Table 1.4 shows the conclusions that are drawn for the pressurization and 
injection phases when the threshold for the GLR is placed anywhere between 
the dashed lines of Fig. 1.6. Table 1.5 shows the conclusions for the ventilation 
phase with level 1%. Included in the tables are also the real leakages. It can 
be seen that the right conclusions are drawn in all cases but one. In this case 
there were two simultaneous leakages (Atmosphere and Nitrogen net) that 
nearly cancelled each other. 
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El Leakage to atmosphere 

El) Leakage from nitrogen net 

II Leakage to/from injection pipe 
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Figure 1.6: The logarithm of the GLR for each leakage type and each exper-
iment during pressurization and injection 
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Figure 1.7: The logarithm of the GLR for each leakage type and each exper-
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Conclusions 

Table 1.5: The leakages during ventilation 
Cycle Conclusion Real Leakage 

1 Atmosphere Atmosphere 
2 Nitrogen net Atmosphere and 

nitrogen net 
3 Nitrogen net Nitrogen net 
4 Nitrogen net Nitrogen net 
5 No leakage No leakage 
6 No leakage No leakage 

6 Conclusions 

It has been shown that model based fault detection is a possible way of de-
tecting leakages in the valves of a pressurized system. A grey-box model for 
an injection vessel is developed and a method for detecting and isolating leak-
ages is suggested. Experiments with leakages in different valves of the plant 
showed the effectiveness of the method. 

7 Acknowledgments 

The authors want to thank the personnel of SSAB  Tunnplåt  in  Luleå  and in 
particular Robert  Johansson,  Ingemar  Lundström  and Bert Paavola for their 
time and effort. Financial support of the Center for Process and System Au-
tomation (ProSA) at  Luleå  University of Technology provided by  Norrbottens 
Forskningsråd  is also gratefully acknowledged. 

References 

[BM97] Wolfgang Birk and Alexander Medvedev. Pressure and flow control 
of a pulverized coal injection vessel. In Proceedings of the 1997 
IEEE international conferance on control applications, pages 127-
132, 1997. 

[BN93] Michele Basseville and Igor V. Nikiforov. Detection of Abrupt 
Changes. Prentice-Hall, 1993. 

29 



Model-Based Leakage Detection in a Pulverized Coal Injection Vessel 

[CLL97]  J.  Chai,  R.  Lyon, and  J.  Lang. Non-invasive diagnostics of motor-
operated valves. In Proceedings of the American Control Confer-
ence, volume 2, pages 2006-2012, 1997. 

[DCH85] John Frank Davidson, Roland Clift, and David Harrison, editors. 
Fluidization. Academic Press, 1985. 

[Fra90] Paul M. Frank. Fault diagnosis in dynamic systems using analytical 
and knowledge-based redundancy - a survey and some new results. 
Automatica, 26(3):459-474, 1990. 

[GF88] Wei  Ge  and Chong-Zhi Fang. Detection of faulty components via 
robust observation. International Journal of Control, 47(6):581-
599, 1988. 

[Gus97]  Fredrik Gustafsson.  Slip-based tire-road friction estimation. Auto-
matica, 33(6):1087-1099, 1997. 

[IB96] 	Rolf Isermann and Peter  Balle.  Trends in the application of model 
based fault detection and diagnosis of technical processes. In  IFA  C  
World Congress Proceedings, 1996. CD-ROM. 

[JM98] Andreas  Johansson  and Alexander Medvedev. Model based leakage 
detection in a pulverized coal injection vessel. In Proceedings of the 
1998 American Control Conference, volume 3, pages 1742-1746, 
1998. 

[MD92]  H. J.  Marquez and  C. P.  Diduch. Sensitivity of failure detection 
using generalized observers. Automatica, 28(4):837-840, 1992. 

[MH89]  E.  A. Misawa and  J. K.  Hedrick. Nonlinear observers - a state-
of-the-art survey. Journal of Dynamic Systems, Measurment and 
Control, 111:344-352, September 1989. 

[Va177] Control valve handbook. Fisher Controls, 1977. 

[WF90]  Jürgen  Wünnenberg and Paul M. Frank. Dynamic model based 
incipient fault detection concepts for robots. In Preprints of the 
11th IFAC World Congress, volume 3, pages 76-81, 1990. 

[ZP94] A. Zhirabok and 0. Preobrazhenskaya. Robust fault detection and 
isolation in nonlinear systems. In Proceedings of IFAC Symposium 
" S afeprocess ' 94" , pages 244-248, 1994. 

30 



Sensitivity analysis 

Appendix A Sensitivity analysis 

The close connection between observer order and robustness is well known 
[MD92]. In this particular application, however, a closer study has been 
made due to the nonlinear plant. 

The process model for the injection phase can be linearized around a 
working point giving 

= A11 x -I- Bat/ + 	 + ABlinv 	(1.16) 

A 
where  D  = [ 0 1 ]T. Furthermore 

A  
lm 	=  

[  AC A  
—  

ANC  
A  

[ 

rI
ACC A  Biin  = [ Bc  A  BCC  BNC 

AN 
 

CN ANN DN  L  Bcw BNN  

while AAlin  and ABlin  represent the uncertainties of Alin  and Blin. The 
explicit equations for calculating the elements of Alin  and Aim  are not shown 
here in order to save space. Important to note, however, is that both off-
diagonal elements of Alin  are non-zero. An identified model of the injection 
vessel during the injection phase also exists [BM97], which is very close to the 
linearized model. 

The fault detection observer can, in the same manner, be linearized to 

= Alin± BlinV K(X — 	 (1.17) 

where  K  is defined according to (1.13). The residual of the linearized observer 
can be expressed as  

e = G (P) (Du + Alinx + ABIv)  

where 
G(p)  (P  I 	+ -K)-1  

Since the off-diagonal elements of Alin  are very small, and thus (1.16) is nearly 
decoupled, it might be argued that a reduced order observer should be used 
instead. The reduced order linearized process model and the corresponding 
observer are then 

mN = ANNMN -F BNV 	AÄNX ABNV 

= ANNMN BNV Kl(mN — ihN) 
	

(1.18) 
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where AAN and ABN are the uncertainties of AN  and BN . The error process 
for the linearized reduced order system is thus 

fl -= G1  (P)  (D41, + AANx + ABNv) 

where  
1 

P  —  ANN  + 
If the input signal v is kept at the constant level vo, then the sensitivity of  ei  
parameter errors in BN , ael /aBN  can be calculated from the equation above. 
Corresponding sensitivities can be determined for AN  and the leakage qL. All 
these sensitivities will only differ by constant factors from 

S1  (p)  =L\  G1  (p)  

The sensitivity of E N  to the same parameters for the full order observer is 

S  (p)  = [ 0 1]C(p) [ 0 i lT  

Since incipient leakages are considered, it is desirable to have high sensitivity 
to low frequencies and low sensitivity to higher frequencies to reduce the 
impact of parameter variations. It will be shown below that even with the 
diagonal feedback gain matrix  K,  this can always be done better with the  full-
order  observer (1.17) than with the reduced-order observer (1.18), provided 
that Ann  does not have zeros off the diagonal. If a general feedback gain  
K  is used, even better results can be accomplished, but this has not been 
investigated any further. 

Proposition 1 Let Alin  be defined as above and let both off-diagonal elements 
of Alin  be non-zero. Then, for any  wo>  0 and K1  ANN ,  there exists a real 
diagonal  K  such that S  (p)  is asymptotically stable and 

I Is(Jw)1>Isi(iw)1 
Is(iw)1<lsi(iw)1  

o < W < 
(.4) >  wo  

(1.19) 

A 	 A 
Proof. Define the variables an = Acc — Kc and a22 =  ANN  —  KN  and the 

non-zero constants al  = ANN  — K1  and  b  -12 ANcAcN. Then the sensitivity 
functions can be expressed as 

1 
si(p) =  

S  (p)  = 	 — aii  2  
P  —  P  (ail + a22) + a11a22 —  b  
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The conditions for asymptotic stability of S  (p)  are 

aii + a22 < 0  

a11a22 — b > 0 

and the squared absolute values of the sensitivity functions are 

(1.20) 

(1.21) 

(jw)12  = 
1 

w2 _1_ 2 

2 	2 
L') 	aii 

Is(jw)12  =  (ana22  —  b  — CJ2)2  W2(all a22)2  

Straightforward calculations yield that (1.19) is equivalent to 

0(w) < 0, 0 < <  wo  

O(w) > 0, w >  wo  

where  
0(w) =A  (2(42  — a + 2b) — aiaii  + (aiia22  — b)2  

This is true if and only if 

0(wo) = 0  

u'
,

22
2  — 	+ 2b > 0 

(1.22) 

(1.23) 

Note that if an —+ —an and a22 —> —a22 then the left hand side of (1.20) 
changes sign while (1.21)-(1.23) remain intact and thus condition (1.20) can 
be replaced by 

an + a22 0 	 (1.24) 

A 
Define ( = aa22 —  b  and  e  A2  a 22 — 	Th +2b. 	e  condition 4  n 	 = 	 2  > 0, which 

is equivalent to  
e  > 2b — 	 (1.25) 

guarantees that an and a22 are real and finite. The definitions of Ç and  e  
imply that an = (( b)/a22 and 42  -=  e  + 4 — 2b, which, when substituted 
into (1.21)-(1.24), while combining (1.23) and (1.25), yields  

 

(1.26) 
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where  

A 
F((, e) = (2(e — 2b) — 2(bai +  em  + ewg(ai — 2b) — b2ai 

A 
E0  = max(0, 2b — 4) 

A 
= —( +  b  — ai  

Define the line 

where  k  > 0 and 
,--, A 

= MaX(Ect, b — a?)  

Obviously, ( > 0 implies that  e  > E0  on this line, since E1  > El:). It is also 
clear that Li and £2  do not intersect for ( > 0. 

Substitution of  e=  LA-) into F(<",  e)  yields 

f(() = k(3  + (2  (k2C4g E1  — 2b) + (kw?)  (2E1 + ai — 2b) — 241)) 

+ Eiw?)(Ei + ai — 2b) — aib2  

The constant E1  can take on the values 0, 2b — ai or  b  — ai. If E1  = 0 or 
El  = 2b — ai then 

f(0) = —41)2  < 0 

If, on the other hand, E1  =  b  — ai then 

1(0) = —3bwg(b — a?) — aib2  

In this case, due to the definition of E1  and E0, it follows that  b  — ai > 0, 
which implies that  b  > 0 and thus f(0) < 0. Note also that there exists a 
Z > 0 such that f(Z) > 0 due to the cubic term of f((). 

Since f(0) < 0, f(Z) > 0 and f(() is continuous, there must exist a  

E  ]0, Z[ such that f((j) = 0, and thus F((-0,t2(G)) = 0. All the conditions 
of (1.26) are thereby satisfied and the proposition follows.  Q. e. d.  

Appendix  B  Nomenclature 
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Nomenclature 

Variable Meaning 

ac ,  ar  Parameters of the pressurization and injection 
process  

cp  Exponential coefficient of the PCV characteris-
tic 

dp, dp Deadzones of the FCV and PCV  
ko,  k1  Parameters of the ventilation process 
kc,,F, kN,F, kN,p Parameters of the pressurization and injection 

process 
m Total mass in the vessel  
mc,  772,N  Masses of coal and nitrogen in the vessel  
p  Pressure in the vessel 
PA, PI, PM Pressure of the atmosphere, injection pipe and 

nitrogen net 

(IC,F Mass flow of coal through the FCV 

qL, ü Real and approximated leakage flow 

qN,F, qN,p, qNy Mass flow of nitrogen through the FCV, PCV 
and VV 

RN Gas constant for nitrogen 
pc Density of coal 
T Temperature in the vessel  
UF,  'Up Control signal for the FCV and the PCV 
V Volume of the vessel 
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Abstract 

This paper deals with gas-leakage detection and isolation in a fine 
coal injection vessel for a blast furnace process. Functions describing the 
expected time-domain behaviour of different leakages are developed, thus 
reducing the leakage isolation problem to pattern recognition. In order to 
lower the computational burden while preserving the essential dynamic 
behaviour of a leakage, a truncated Laguerre series representation is 
used. The Generalized Likelihood Ratio method is employed to compare 
the Laguerre spectrum of the residual with the Laguerre spectra of the 
predefined typical leakage functions. Tests of the developed algorithm 
have been successfully performed at SSAB  Tunnplåt, Luleå.  

1 Introduction 

Pattern recognition is a general problem in e.g. signal processing, identifica-
tion and fault detection, of which the latter is the topic of this article. Being 
able to single out the most probable cause of a non-zero residual by compar-
ing it with a number of possible fault signatures is the core of fault isolation. 
It is then desirable to represent the essential dynamics of a signal compactly 
while removing irrelevant behaviour and noise. One way of doing this is to 
employ an orthonormal functional basis. This paper is an example of the use 
of Laguerre functions. 

The application considered is a pulverized coal injection plant for a blast 
furnace process. Coal powder is very inflammable and can self-ignite in con-
tact with air. This motivates the development of a leakage detection system 
which can identify a faulty valve and thus facilitate maintenance and prevent 
accidents. Efficient maintenance is very important since a continuous coal 
powder production is crucial to blast furnace operation. A sudden loss of 
coal injection capacity may lead to chilled hearth, a condition that can have 
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serious consequences for the blast furnace. High performance pressure and 
flow control of the coal injection plant is reported in [BM971. 

The basic terminology and techniques for fault detection can be found 
in the survey by Frank [Fra90]. State estimation by linear and nonlinear 
observers is often used. Regarding linear systems, a number of different tech-
niques exists, for example Unknown Input Observers, Dedicated Observers, 
Parity Space and Kalman Filter Methods. A survey on non-linear observers 
can be found in [MH89]. Fault detection in non-linear systems is for example 
treated in [WF90] and [ZP941. 

Faults can be divided in two groups: abrupt and incipient faults. Incipient 
faults are often treated by identification techniques [Fra90], though, in this 
paper, an observer-based method is utilised, mostly due to the availability of 
reasonably good process models. 

The paper's outline is as follows. First, a brief description of the coal in-
jection plant is given. Then, a Hammerstein physical model and an observer-
based gas leakage detection technique is presented. The residual of the ob-
server is sensitive to particular types of faults in worn-out valves and is com-
pared to the expected behaviour of a number of leakages. The residual and 
the leakage functions are represented by means of their corresponding La-
guerre  spectra. Finally, the results of real time experiments performed at 
SSAB 'Punnplåt,  Luleå  are reported. 

2 Process description 

Fig. 2.1 shows the principal structure of a coal injection vessel. 
One vessel is depressurized, charged and pressurized while the other vessel 

is injecting coal powder. In this manner, continuous coal powder flow into 
the blast furnace is achieved. 

In Table 2.1, the nomenclature used in the sequel to refer to different 
process phases is summarized. 

In order to be able to distinguish leakages in different valves, a process 
model for the pressurization and injection phases as well as a model for the 
ventilation phase are developed [JM98]. These models are based on physical 
principles and therefore nonlinear. The plant dynamics can be represented 
by 

x(n +1) = Ax(n) + Bg(u(n)) 	 (2.1) 

y(n) = h(x(n)) 
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Ventilation 
Valve (W) 

Inlet Valve 

Pressure Control 
Valve (PCV) 	

Flow Control 
Valve (FCV) 

Process description 

Figure 2.1: Schematic drawing of an injection vessel 

Table 2.1: Process phases 
Phase Description 

Charging The pressure-less vessel is filled 
with coal powder 

Pressurization The injection vessel is set under 
pressure 

Pressure holding Standby until the other vessel 
has finished injection 

Injection The coal powder is injected into 
the blast furnace 

Ventilation Depressurization and ventilation 
of the vessel 
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Table 2.2: Leakages 
Leakage Possibleconsequence Notation 

To the atmosphere Loss of nitrogen A 
From the nitrogen net Over-pressurized vessel  Ar  
To/from the injection pipe Fire I 
No Leakage - 0 

where A and  B  are matrices containing identified values and the function  
g  is a non-linear transformation of the input signals. The state vector  x  = 
[  mc  mN ]T  represents the masses of coal and nitrogen in the vessel and 

i T 
the output vector  y=  [m pi is a nonlinear transformation of  x.  The 
transformation, which is physically motivated, is uniquely invertible and thus  
mc  and rnN  can be considered measurable. 

3 Fault detection 

The faults considered are three different leakages (Table 2.2). 

3.1 Leakage model 

The set of leakages is denoted .0 = {A,Ar,/, 0}. A leakage can be interpreted 
as the flow through a valve with an unknown control signal. The nitrogen 
leakage flow can thus be represented by 

= keft  (•) 	E 	 (2.2)  

where 14 is an unknown time-varying factor and  fe  (.) is a function of the 
pressures on each side of the leakage. The trivial leakage function for the 
event of 'No Leakage' is  h  = 0. The other leakage functions (IA, fAr and f2-) 
are developed from physical equations. 

3.2 Leakage detection 

The leakage flow is modeled as an extra term added to the right hand side of 
(2.1). The purpose of the fault detection algorithm is thus to calculate this 
term. However, the presence of noise makes it necessary to utilise feedback 
(i.e. observers) in order to obtain filtered estimates of the leakage flow. The 
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nonlinear models developed in the modeling section are of the Hammerstein 
type and thus linear filtering can be used. 

A linear observer for the system (2.1) is given by 

"i(n + 1) = 	+ Bg(u(n)) K ((n) 

where 

EN(n) 	=6 x(n)— x(n) 

= 

Since the state variables are decoupled (i.e. A is diagonal), it is assumed that 
a diagonal observer gain matrix is sufficient. With the definitions above, it 
can be shown that the residual EN is the net leakage qL, filtered through a 
first order filter, thus 

EN  (n)  =  H (q)  qL(n) 

where  q  is the forward shift operator. If the net leakage is assumed to be 
slowly varying in time, the residual divided by the static gain of the filter 
above is a good approximation of the net leakage whose measurements are 
corrupted by noise. 

1 
= H(1) 

eN (n) (2.3) 

4 Leakage isolation 

The calculated leakage is assumed to be the sum of a scaled leakage function 
and a disturbance, i.e.  

(n)  = keft  (n)  -I-  e (n)  

where  .e E G  and the term  e (n)  is stationary zero-mean white Gaussian noise 
with variance o-2, i.e.  e (n) E  A./(0, o-) 

Actually,  e (n)  is not Gaussian (probably due to unmodelled non-linearities 
), but this fact does not have any major influence. When the transient behav-
ior is excluded from the data, the residual is fairly near normal distribution, 
but the results are virtually the same. 

The factor k2  in (2.2) is a measure of the size of the hole through which 
the leakage flow takes place. This means that k.e varies slowly in time when 
describing incipient leakages. If it is assumed to be constant during a reason-
ably long period of time (for example a process cycle), it can be estimated 
using the Generalized Likelihood Ratio. 

43 

e(n) = [ ec(n) 



Model-Based Gas Leakage Detection and Isolation in a Pressurized System 
via Laguerre Spectrum Analysis 

4.1 Leakage hypothesis testing 

Four hypotheses (No, 7-(4, 7-(Ar  and 7-(1) are formed in agreement with the 
leakage events. The three leakage hypotheses are tested one by one against 
No using the Generalized Likelihood Ratio (GLR). If 7-i® is rejected in more 
than one of these tests, the hypothesis with the highest GLR is accepted. The 
likelihood functions for the hypotheses can be expressed as 

pe  41, 
 \ 
	
(q(  n) — kde (n)) 

) n=ia  

where (05,  is the scalar normal distribution density function with zero mean and 
unit variance. The GLR for each leakage hypothesis is 

sup 	( .ü)  

Ae  (eL) =  kt>° 	 
Po (4L) 

The restriction on Ice comes from the fact that a negative Ice would imply a 
leakage flow from a lower pressure to a higher. It can be shown that under 
the conditions above, the leakage likelihood function, Pt  (ü), is maximized 
by 

(4L,  .fe)  =  arg  sup Pe (ü) = max (0, 
ke>0 	 (fe,  le) ) 

where (•, .) denotes scalar product in RN,  i.e. 

N-1 

(fi, f2) = YT fl(m)f2(n) 
n=0 

where  N  is the time interval of the logged data set. The logarithmic GLR 
can then be expressed as 

{ 	
(4L,ft )2 	/7, 	4' \ 

ln (At  (ü)) = 	20-2  (ft ,f,) viz',  i  ti > 0 

o 	Otherwise 
(2.4) 

A threshold value, A, for At  must be set. If At  exceeds this value then the 
null hypothesis, 7-10  , is rejected. The threshold is generally calculated using 
the probability of rejecting the null hypothesis when it is true, i.e. 

P[Se (ü) > 

44 



Leakage isolation 

where  P  is the probability operator. The probability a is called the level of 
the test and is usually set to a value in the range of 0.1% 	a 	5%. In 
the case of the pressurization and injection system, however, the severity of 
the modelling errors causes the stationarity and zero-mean assumptions on 
the disturbance  e (n)  to fall. This makes it necessary to use very low levels 
of the test to prevent a high rate of false alarms. For this reason, no fault 
probability is chosen but instead the threshold A is chosen on the basis of 
experimental data. 

4.2 Laguerre analysis 

In order to decrease the extensive calculations implied by the GLR method, 
the analysis is carried out in the Laguerre domain. Laguerre coefficients (i.e. 
Laguerre spectrum) of a signal present a parsimonious way of describing its 
dynamic properties, when the signal exhibits a well-damped behaviour. 

The discrete time Laguerre functions in z-domain are [Wah91] 

Lk (Z) = 
z-V1 - a2 (1 - az)k 

 k  > 0, -1 <a <1 
z-a 

and constitute an orthonormal basis in H2  (Dc) where DC is the complement 
of the unit disc in the complex plane. Orthonormality is understood in the 
sense of the usual inner product in /2(R+) which is, for two real functions 
v and w represented by their corresponding z-transforms V(z) and W(z), 
defined as 

(v , w) = —
1 	

V (z)W (z)—
dz 

271-3 
where the contour F represents the unit circle and — denotes complex con-
jugate. The time-domain discrete Laguerre functions can be obtained via 
inverse z-transform, thus  

/ k  (n)  = 2-1  {Lk  (z)} 

The Laguerre coefficients of a function f are equal to 

fk - (f  /k)  

Then the Laguerre spectrum of f is defined as the set of fk ,  k  = 0, 	, cx). 
It is straightforward to show that the scalar product of two functions f and  

g  is equal to the scalar product of the Laguerre coefficients of these functions, 
i.e. 

(f,g)=  fkgk 	 (2.5) 
k>0 
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Thus, approximate values of leakage size and logarithmic GLR can be ob-
tained by replacing the scalar products by the scalar products of the truncated 
Laguerre series of the leakage functions. 

K-1 

fkgk  
k=0 

In order to obtain fast convergence of the Laguerre series of a function f, 
the parameter a should be chosen so that 1/a is close to the dominating 
time constant of f [Wah91]. The leakage functions f  are finite in time, and 
therefore 1/a is chosen to be of the same order of magnitude as the time 
interval of the logged data set. 

The quality of the approximations depends greatly on the number of La-
guerre  coefficients  K.  In this particular case, three coefficients suffice to get 
good results (see section 6). 

Note that since the leakage functions look similar from one process cy-
cle to another, the Laguerre-coefficients of these function can be calculated 
in advance, thus reducing the computational burden on the fault isolation 
system. 

4.3 Modified Laguerre spectrum 

Laguerre spectrum analysis is best suited for smoothly decaying signals. Since 
the finite-time leakage functions do not have this property, it is possible that 
a biased version of them could be approximated better by their truncated 
Laguerre spectrum. Define the biased finite-time signal f as 

- 	I f(n)— m f  0  n N  
f  (n)  = 

0 	Otherwise 

where m f  is an arbitrary number, for example the mean value or the final 
value of the finite-time function f  (n).  It can be shown that the scalar product 
of two functions f and  g  can be expressed in the Laguerre coefficients of I 
and  j  as 

K-1 
	

K-1 	 K-1 

(f ,  g) 	A:1k + Mg  E  Ask + Mf  E  g s +Nm fm9  
k=0 	 k=0 	 k=0 

where equality holds when  K  --> oc. The constant  sk  is the sum of Laguerre 
function number  k  over the time interval of f, thus 

N-1  

Sk 	E  ik(n) 
n=0 
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K-1  \ 

fkgk+ rn  I  7729  N  — >,....:  s?,  (  

K —1 

(f,g) 
k--=0 k=0 

(2.6) 

Implementation 

The scalar product can also be expressed in the Laguerre coefficients of the 
original functions f and  g  as  

Note that it can be shown that  

K —1 

lim E N 
K—+oo 

k=0 

and thus (2.6) approaches (2.5) as  K  --> oo. 
Since both the Laguerre coefficients of the leakage functions and also the 

sums of the Laguerre functions  sk  can be pre-computed, (2.6) gives a compu-
tationally efficient way of approximating the scalar products of (2.4), provided 
that the number of Laguerre coefficients is small. 

5 Implementation 

Leakage detection is a part of SafePCI, a PC-based system for control and 
monitoring of a pulverized coal injection plant. Since model-based control 
and leakage detection result in rather complex mathematical computations, 
the two tasks are divided and implemented in separate computers. An obvi-
ous advantage of this solution is an increased reliability. Fig. 2.2 shows the 
principal structure of SafePCI. 

The system hardware is connected to the coal injection plant via buffer 
amplifiers. Altogether 40 signals are sampled and 4 actuators manipulated. 

The leakage detection system is implemented as a computer program 
named PCIguard. PCIguard has the following features: 

• On-line gas leakage detection 

• Sampling and storing of all necessary signals for control and leakage 
detection. 

• On-line plotting of measured signals 

• Messaging in case of detected leakages, by sending facsimile transmis-
sions to the responsible personal. 

• Elementary process supervision in case of signals loss etc. 
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Figure 2.2: Hardware structure, data flow and used components 

6 Experiments 

The experiments have been performed at SSAB  Tunnplåt, Luleå.  Different 
leakages were artificially created during a period of six process cycles. 

The logarithmic GLR, ln (At  (ü)) , was calculated with (2.4) using (2.6) as 
an approximation of the scalar products. The approximation was done with  
K  = 3 and the mean of the signals as the bias. The resulting logarithmic 
GLR for each leakage type and each cycle is shown as diagrams in Fig. 2.3 
and Fig. 2.4. The dashed line in Fig. 2.4 shows the threshold for GLR when 

= 1% while the two dashed lines in Fig. 2.3 mark an interval for the 
threshold. Note that the hypothesis of leakage from the nitrogen net is absent 
in Fig. 2.3. The reason for this is that the pressure control valve, which 
connects the nitrogen net with the vessel, is open during pressurization and 
injection. There can, for obvious reasons, not be a leakage through an open 
valve. 

A Leakage to the atmosphere was created during pressurization and in-
jection for the first two process cycles. Thus, the right conclusions are drawn 
if the threshold for the logarithmic GLR is placed between the two dashed 
lines of Fig. 2.3. For the ventilation phase, leakage to the atmosphere was 
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Conclusions 

created during the first two process cycles and leakage from the nitrogen net 
during cycles 2-4. Fig. 2.4 shows that with level 1%, the right conclusions 
are drawn for all process cycles except the second one, where there were two 
simultaneous leakages that nearly cancelled each other. 

Fig. 2.5 shows a comparison of the results from pressurization and injec-
tion during the first process cycle (with leakage from the atmosphere) obtained 
with different numbers of Laguerre coefficients. Note that first three coeffi-
cients are sufficient to separate the two leakage hypotheses. In Fig. 2.6 an ex-
ample of a leakage function with different Laguerre approximations is shown. 
Although the fit is significantly improved when the mean is removed, still no 
curve is a very good approximation. Evidently, in this case, the time-domain 
appearance is of limited importance compared to the Laguerre-domain. 
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Figure 2.3: The logarithm of the GLR for each leakage type and each exper-
iment during pressurization and injection 

7 Conclusions 

Modelling and gas leakage detection in a pressurized system are discussed. 
It is shown that by use of model-based methods, leakages can be detected 
and isolated with high accuracy. Furthermore, representing signals by their 
Laguerre coefficients is a means of reducing necessary calculations, without 
significantly affecting the accuracy of the results. 
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Abstract 

This paper deals with design and implementation of a combined 
model-based control and gas leakage detection system applied to the 
pulverized coal injection plant at SSAB  Tunnplåt  AB in  Luleå,  Sweden. 
The structure and functions of the in-house control and process moni-
toring system SafePCI are described. SafePCI is experimentally tested 
and has successfully completed two weeks test operation. The evalua-
tion of the test operation indicate that combined model-based control 
and gas leakage detection is a major improvement for control systems in 
the process industry. Copyright ©1998 IFAC 

Keywords Model-based control, Fault detection, Pulverized coal 
injection 

1 Introduction 

On-line fault detection algorithms require high computational performance, 
and were, until recently, rather expensive to implement. Nowadays, personal 
computers reach a performance level and low price that the implementation of 
model-based control strategies combined with on-line fault detection functions 
becomes financially attractive for process industry. 

1.1 Process redesign 

The process industry often faces the fact that older plants do not meet the 
demands for increased production capacity, making improvements necessary 
either by a new plant purchase or a major reconstruction of the existing plant 
structure. To avoid high capital investment in equipment and simultaneously 
gain higher performance, a control system upgrade seems to be a reasonable 
course of action. Such an upgrade is not very expensive and, usually, gives 
good results. However, the existing equipment has to operate in a harder 
working mode which might lead to a higher fault risk. Typically, control 
valves become subject to an excessive wear after an improved control law 
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is enforced. The resulting leakages in the control valves can cause econom-
ical losses and hazards for operational staff. Therefore fault detection and 
monitoring become necessary. Introducing on-line fault detection in a control 
system also enables the operators to plan and prepare maintenance stops in 
advance. Hence, there will be less and shorter maintenance stops. 

The Center for Process and System Automation (ProSA) at  Luleå  Univer-
sity of Technology has established a network comprising four major Swedish 
process industry companies: AssiDomän,  Boliden,  LKAB,  and SSAB  Tun-
nplåt  AB. As a pilot project demonstrating benefits of combined model-based 
control and fault detection, the existing control system of a Pulverized Coal 
Injection (PC/) plant is upgraded. 

Since coal is 40% cheaper than coke, injecting pulverized coal instead of 
using coke is economically beneficial. According to [Ame98], the share of 
pulverized coal compared with coke as fuel will rise from 36% to 50% by the 
year 2015. Improving the performance of an existing PCI plant by upgrading 
the control system consequently leads to the above described scenario. In 
the case of SSAB  Tunnplåt  AB, the PCI plant has been put into operation 
in 1984 and now has reached its performance limits. Using a tighter control 
for the pulverized coal flow to the blast furnace will offer the possibility to 
maximize the pulverized coal injection rate. A gas leakage detection system 
assists to prevent hazardous situations, like fire in an injection vessel, and 
to economize plant operation by preventing excessive nitrogen consumption. 
The overall expected result is an increase of the plant availability. 

1.2 Process description 

A coal injection plant is a highly automated plant, where incoming raw coal 
is stored, ground, dried and finally injected into the blast furnace. During op-
eration, human interaction is only needed for set point adjustments. Fig. 3.1 
shows the structure of the plant, where only the injection vessels, distribu-
tor and the blast furnace are depicted. While one vessel is de-pressurized, 
charged and pressurized the other vessel is injecting pulverized coal. Thus 
a continuous pulverized coal flow is achieved. The control of the injection 
process is complicated due to the two phase nature of the injected flow (gas 
plus particles). In Table 3.1, the process phases of an injection vessel working 
cycle (Fig. 3.2) are summarized. 
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Figure 3.1: Coal injection plant (injection vessels, distributor and blast fur-
nace). 

Table 3.1: Process phases 
Phase Name Description 

A Charging The pressureless vessel is filled with 
coal powder  

B  Pressurization The injection vessel is set under pres-
sure  

C  Pressure holding Standby until the other vessel has fin-
ished injection  

D  Injection The coal powder is injected into the 
blast furnace  

E  Ventilation Depressurizing and ventilation of the 
vessel 
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Figure 3.2: Pressure and weight evolution during a working cycle. 

2 SafePCI - process control and monitoring system 

SafePCI is an in-house developed combined hardware and software package. 
It consists of two parts: PCIguard, the gas leakage detection and monitoring 
software, and PCIcontrol, the data acquisition and control software. PCI-
guard has been designed so that it can be run in a stand-alone mode, enabling 
off-line leakage detection with logged data sets. 

2.1 System functions 

The following system functions are available in SafePCI: 

• Control. Both coal injection vessel are controlled during pressurization, 
pressure holding and injection. 

• Gas leakage detection. Directly after each phase, all logged data is an-
alyzed. Leakages during pressurization, injection and depressurization 
can be detected and isolated. 

• Monitoring. A simple algorithm monitors all system activities. Mal-
functions in the control, data acquisition and communication are re- 
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ported to the operator or automatically lead to counter measures. 

• Simulator. Instead of running the leakage detection system versus the 
plant, it is possible to switch into the simulator mode and simulate 
plant dynamics. Leakages in control valves in combination with different 
control strategies can be simulated. 

2.2 System structure 

The system structure can be separated in two parts: hardware and software. 
The hardware consists of two computers: 

• Computer 1 builds up the link to the existing control system via the 
data acquisition device, logs data and controls the injection process. A 
serial connection via a RS-232 port is used to transmit the logged data 
to Computer 2. 

• Computer 2 writes the incoming data to hard disk and performs moni-
toring and leakage detection. All resulting messages are sent as facsimile 
transmissions via a modem. The modem is connected to the computer 
using a RS-232 port. 

Following the hardware structure, the system software can also be divided 
into two parts: PCIcontrol and PCIguard. PCIcontrol offers three opera-
tion modes: real-time, simulation and play-back mode. Switching the mode 
does not effect PCIguard since the transmitted data has mode independent 
characteristics. 

PCIcontrol is a revised version of the software RegSim0, [Gus95]. Com-
munication capability and a driver for the data acquisition device have been 
added. In PCIguard, not all activities are necessarily real-time, but some of 
them are event driven. If there are no events like received data, timeouts, 
messages or operator input through the command-line, the software is run-
ning in the stand-by mode. All tasks on this computer run in a time-sharing 
environment with priorities assigned to each task. The operator has the possi-
bility to change priorities and enable or disable tasks. A special off-line mode 
makes the software able to run in a stand alone version, as described above. 

Fig. 3.3 depicts the system structure and summarizes the data flow in 
S afeP CI. 
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Figure 3.3: System structure, hardware and software 

3 Process modeling 

In order to distinguish between leakages in different valves and control the 
plant, models describing the process dynamics, including both pressurization 
and injection, are developed. 

First, a non-linear physical model for a simplified vessel structure (Fig. 3.4) 
is  deriven,  for the purpose of gas leakage detection. The non-linear model is 
then linearized around a working point, yielding a linearized physical model. 
Finally, a linear model is identified from logged process data, to be used for 
controller design. 

3.1 Non-linear model 

The non-linear model is based on physical principles and is given by  

X  = Ax +  Bu 

y  = h(x)  

(3.1) 
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Figure 3.4: Schematic drawing of an injection vessel 

where A and  B  are constant real matrices obtained by identification. The 
input vector u is defined by 

fliq Pi) gF (us) A 
U — 	

j, 
 gas  (p, pi) gF  (us) 

fg. (PAr, P) 9P (up)  
where gs and gp are the characteristic functions of the FCV and PCV (see 
Fig. 3.4), respectively and fhq  and fgas  are functions describing the flow of 
liquid and gas, respectively, over a pressure drop. 

The state vector  x  = [  mc  mN  iT  represents the masses of coal and 

nitrogen in the vessel and the output vector  y  = [ m  p  ]7' is related to  x  
via the uniquely invertible transformation h(x), [JM98]. 

3.2 Linear models 

As mentioned before, the non-linear model is linearized around a working 
point. The models validity is restricted to the injection phase, see also [JM98]. 
The development of the identified linear model is discussed in [FM98]. Using 
the linearized model, the identified linear model can be validated and the 
physical nature of the coefficients in the identified model can be revealed. 
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4 System design 

The algorithms comprising the system design of SafePCI pertain to following 
three areas: control, fault detection and isolation, and monitoring. Apart 
from the monitoring, the adopted solutions are based on the results of former 
work. 

4.1 Control 

The primary control goals depend on the process phase. 

• Pressurization. The pressure has to rise from atmospheric level to the 
pressure set point for the injection phase. The pressure evolution is 
described by a ramp, which is the reference signal for the control loop. 
The controller accuracy is not an issue at this phase. 

• Pressure holding. Since the injection vessels are not completely tight, 
a controller is needed to hold the pressure at set point level during the 
stand-by. 

• Injection. As the primary control goal is to hold the pulverized coal 
flow to the blast furnace constant, the pressure stability is given less 
attention. Nevertheless, the goals are to hold the pressure in the vessel 
at set-point level and the mass of the injection vessel has to follow a 
ramp described by the set-point value for the pulverized coal flow. 

The controller design is based on the results presented in [BM97]. The main 
difference is not in the controller structure itself, but in the usage of the control 
scheme. Instead of controlling only one injection vessel, both injection vessels 
are controlled. Furthermore, the controller is also used during pressurization 
and pressure holding. Since the controller has been developed basing on the 
model of one injection vessel, it has to be validated with data from the second 
injection vessel before being used for both ones. The tests are applied in the 
same way as presented in [BM97], and have proven that the controller can 
be used without modification. Effectively a MIMO-LQG controller with feed 
forward is used, see Fig. 3.5. 

To accomplish the control goals during pressurization and pressure hold-
ing, a common controller or two separate controllers can be used for these 
phases. Since the performance requirements for the pressurization phase are 
lax, it can be shown that the above controller can be used without modifica-
tion. 
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Figure 3.5: Block diagram of the MIMO-LQG controller with feed forward 

4.2 Fault detection and isolation 

Three different types of leakages are considered (Table 3.2). The set of leak-
ages is denoted 

z , 
.0 = {A,N,1,0} 

A leakage can be interpreted as the flow through a valve with an unknown 
control signal. The nitrogen leakage flow can thus be represented by 

4£ = ke.f.e(') Ler (3.2) 

where  kt  is an unknown time-varying factor and ft (.) is a function of the 
pressures on each side of the leakage. The trivial leakage function for the 
event of 'No Leakage' is  h  = 0. The other leakage functions (IA, fAr and  fx)  
are developed from the non-linear physical model. 

Table 3.2: Leakages 
Leakage Possible consequence Notation 

To the atmosphere Loss of nitrogen A 
From the nitrogen net Over-pressurized vessel  Ar  
To/from the injection pipe Fire I 
No Leakage - 0 
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A linear observer for (3.1) is designed and it is shown that the observer 
residual is an approximation of the leakage flow ü scaled by a constant. 

The factor 1c£ in (3.2) is a measure of the size of the hole through which 
the leakage flow takes place. This means that  kt  varies slowly in time when 
describing incipient leakages. If ke is assumed to be constant during a rea-
sonably long period of time (for example a process cycle), it can be estimated 
using the Generalized Likelihood Ratio. 

Four hypotheses (7-(0, 7-1A, U.N. and 7-(/) are formed in agreement with the 
leakage events. The three leakage hypotheses are tested one by one against 
7-(0  using the Generalized Likelihood Ratio (GLR). If 'Ho is rejected in more 
than one of these tests, the hypothesis with the highest GLR is accepted. The 
GLR for each leakage hypothesis is 

sup P @L,) 
ke>0  

('L) 	170 ( -IL)  

where Pe is the likelihood function for hypothesis  Ne.  The restriction on lq 
comes from the fact that a negative ke would imply a leakage flow from a lower 
pressure to a higher. To complete the fault detection scheme, a threshold for  
Ae  (ü) is chosen. When this threshold is exceeded, the null hypothesis is 
rejected and a leakage has occurred. 

See also [JM98] for more details on the leakage detection scheme. 

4.3 Monitoring 

The monitoring algorithms are a part of PCIguard and have two purposes: 

1. Detection of control system malfunctions 

2. Evaluation of injection phases 

SafePCI is a supplement to the existing control system and is therefore not 
included in the security routines of the latter. Therefore, SafePCI needs its 
own monitoring functions. The following control system malfunctions have 
to be detected and reacted to: 

• Measurement equipment failures 

• Crash of the PCIcontrol computer 

• Controller wind-up 
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• Communication malfunction 

In all the above cases an alarm message is sent to the operational staff with 
the diagnosis and a suggested solution to the problem. If the malfunction 
influences the control, the counter measure is an automatic switch-back to 
the existing control system. To guarantee such a switch-back, both comput-
ers have to send a special formatted signal to the existing control system. 
PCIcontrol continuously sends a square wave of a specified frequency and 
PCIguard delivers a specified DC voltage value. If the existing control system 
does not received one of the signals, it will automatically switch back. 

Furthermore, every injection phase is automatically evaluated. The eval-
uation results are accumulated until a sufficiently high number of injection 
phases is completed. Then the results are transmitted to the operational staff 
in a facsimile message. The evaluation tables contain information on: 

• Standard deviations in mass and pressure 

• Maximum deviations in mass and pressure 

• Controller saturation rate 

• Mean values of mass and pressure residuals 

The injection vessels are represented separately in the table, facilitating com-
parisons between vessels and trend analyses. 

5 Experiments and Test Operation 

The operation period has been set to two weeks and should be continuous. 
Therefore, a thorough preparation period with experiments precedes the test 
operation. 

5.1 Experiments 

Before starting with the test operation, the controllers have to be validated 
during an experimental run, where the injection vessels are controlled under 
surveillance for one day. Furthermore, the malfunction scenarios that would 
not jeapordize plant operation are tested on the plant, whilst the more dan-
gerous faults are simulated. The following tests have been performed on the 
plant: 

• Set point changes 
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• Control of pressurization and pressure holding 

• Switching from one injection vessel to the other 

• Process phase independent start-up 

• Measurement equipment malfunction 

• Crash of PCIcontrol computer 

• Crash of both computers 

• Communication malfunction 

The leakage detection algorithms are tested in simulation mode, where leak-
ages with a given size can be introduced. There, the following tests have been 
performed: 

• Gas leakage to the atmosphere 

• Gas leakage from the nitrogen net 

• Gas leakage to the injection pipe 

• Several leakages at a time 

• Controller performance under existing leakage 

All single gas leakages are detected. Only if several leakages appear at the 
same time, fault detection can not be assured. Regarding the controller per-
formance, the new control strategy tolerates larger leakages and therefore can 
provide a stable coal flow to the blast furnace notwithstanding gas leakage in 
the plant. 

5.2 Test operation 

During two weeks, SafePCI had been connected to the coal injection plant and 
replaced the existing control system throughout nearly 400 injection phases. 
Fig. 3.6 and Fig. 3.7 show pressure and mass deviations, acquired during an 
injection phase for both vessels. For comparison, Fig. 3.8 shows the mass 
and pressure deviation during an injection phase when the injection process 
is controlled by the existing control system. 

In order to compare the existing control strategy with the model-based 
control strategy, the following performance measures are applied: 
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Figure 3.6: Pressure deviation for both vessels with the model-based control 
strategy (Example). 
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Figure 3.7: Mass deviation for both vessels with the model-based control 
strategy (Example). 
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Figure 3.8: Mass and pressure deviations with the existing control strategy 
(Example). 

• Standard deviation 

• Maximum deviation 

• Standard deviation of 1st, 2nd  and the last third of an injection phase 

• Maximum deviation of 1st, 2nd and the last third of an injection phase 

The performance measures are evaluated for the mass and pressure signals 
during the injection phase and are classified according to which injection 
vessel has injected. Fig. 3.9 shows a comparison between the existing and 
model-based control strategy with respect to standard deviation of the mass. 
Obviously, the model-based control strategy drastically improves the control 
performance. The mean values of the performance measures evaluated over 
all available injection phases are given in Table 3.3. Notably, although the 
pressure stabilization has a low priority and in fact is used to facilitate coal 
flow stabilization, the stabilization of the pressure has been improved, too. 

Concerning the leakage detection, no leakage has been detected during the 
test operation and an examination of the plant showed that no visible leakages 
occurred. Hence, no false alarm has been generated, what is a positive result. 
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Figure 3.9: Standard deviation of the mass for the model-based and the ex-
isting control strategy 

Table 3.3: Improvements 

Measure 
	

Pressure 
 

Mass 

Standard deviation 45.6% 82.5% 
Maximum deviation 20.2% 79.8% 
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Putting this together with the results from the experiments, the gas leakage 
detection is proven to work well. 

6 Conclusions 

The design and the implementation of a combined control and gas leakage de-
tection system are discussed. Experiments and two weeks long test operation 
have been carried out at the actual plant. The positive effects expected from 
simulation and short term experiments are confirmed by the test operation 
results. Introducing model-based control strategies combined with on-line 
fault detection function improves not only the control performance, but as 
well facilitates plant maintenance and security. More advanced fault-tolerant 
control strategies can take advantage of the on-line fault detection functions, 
so that control performance in the presence of malfunction can be maximized. 
Hence, the pulverized coal flow to the blast furnace can be maximized, and 
the costs for iron production be reduced. 
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