
































































































































































































































































































































Chapter 7 

Software Design and 
Implementation 

7.1 Introduction 

A substantial part of the work in this PhD-project is spent on the development of a tool 
for parameter estimation. As a result we have built a program package called spl ds, which 
is the acronym of 'simulation and parameter Identification in dynamical systems' . This 
program enables the user to (1) simulate dynamical systems, (2) to validate models, (3) 
to estimate unknown parameters in such systems when additional data from experiments 
about the system are known and ( 4) to get information about the reliability of the model 
and the estimated parameters. In order to make the software convenient to use, we 
extended the number of requirements by adding that the four above points should be 
realised in an environment that (5) is interactive, (6) is easy to use and (7) shows t he 
results by direct visualisation. 

In this chapter we give a description of the structure of the software, the major 
considerations that were taken into account and the decisions we made with respect to 
the construction of the software. By dynamical systems we mean systems of semi-explicit 
differential algebraic equations (DAEs), as introduced in (1.1). 

In Section 7.2 we will give an outline of the design principles of t he software, whereas 
its structure is presented in Section 7.3. The model equations are provided by the user 
via the modelfile. This file should meet certain specifications as discussed in Section 7.4. 
The experimental data are made available through the datafile, the corresponding char­
acteristics and specifications of this file can be found in Section 7 .5. 

After the model dependent parts (model and data) have been explained, we concen­
trate in Section 7.6 on the algebraic engine, which puts the modelfile into appropriate 
subroutines. The filter which takes care of handling the data is outlined in Section 7.7. 
Section 7.8 is devoted to the numerical engine: the part which contains numerical rou­
tines for solving the model and variational equations, optimising the criterion function 
and performing statistical analyses. The graphical user interface (GUI) and the database 
manager are the topics of the Sections 7.9 and 7.10, respectively. The last section of this 
chapter, Section 7.11, contains concluding remarks. 
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7.2 Design principles of the application splds 
The main purpose of the program is to solve a parameter estimation problem. I.e., t he 
program can be used to validate mathematical models of physical (chemical, biological, 
biochemical etc.) processes and compute the values of unknown parameters that appear 
in the description of these processes (cf. Chapter 6 and e.g. (BS92, BDB86, Hem72b]) . 
Of course, in order to determine such parameters, an unambiguous description of t he 
model describing the process should be available. In addition, sufficient experimental 
data are needed, and we assume that such data are available. 

We assume that the process can be modelled by a system of ordinary differential 
equations (OD Es) or a system of differential algebraic equations (DAEs). In fact, we 
assume that the process is described by an initial value problem (IVP) for a system of 
differential equations: 

dy 
dt 

y(to, 0) 

f (t, y, 0), 

= Yo(O), 

or, including the algebraic equations, by the system 

du 
J(t,u,v,O) , = dt 

0 = g(t, u, v, B) , 

u(to, B) = uo(B). 

(7.1) 

(7.2) 

Here the vector y(t, B) = ( ~~!: :? ) represents the variables in the model, which describe 

the state of the system for t > t 0. In the case of the differential algebraic equations t he 
vector y(t, 0) comprises two parts, u(t, B) and v(t, B). For each state variable in the first 
part, u(t,B), a differential equation is available. For each remaining variable an algebraic 
equation is given. Of course, a ll state variables in y(t, B) are a function of t ime, t ;::: to, 
and they depend on the (unknown) parameters B. The function y(t,B) is called the state 
vector, as it describes the state of the physical process at time t. 

To make the description of the program easier in this chapter we slightly adapt t he 
notation of C:hapter 1. In this chapter we write fi(t, y, ,O) (1 ~ i ~ nodq), for a differential 
equation and 9i(t,y,O) (1 ~ j ~ noaq) 1 , for an algebraic equation. With this notation 
we do not have to introduce the diagonal matrix A of (1.1) . This has certain advantages 
when specifying the model in Section 7.4. The notation ui(t, B) for a differential variable 
and Vj(t, B) for an algebraic variable such that y(t,B) = (u(t,B) ,v(t,B))T suggests that 
the order of the differential and algebraic variables is fixed. However , as in the model 
description the elements of the state vector are not numbered but identified by names, 

1T hroughout this chapter we use the typewriter font for reserved names, that are usually denoted 
by a single symbol in mathematical notation. 



Software Design and Implementation 151 

the ordering is not relevant. Also the order of the differential and algebraic variables is 
not substantial. 

In the description below, also the symbols for the dimensions n, m, N and K are 
replaced by noq, nop, nobs and nosid, respectively. The dimensions of u(t, ()) and v(t, ()) 
(cf. (7.2)) are denoted by nodq and noaq, respectively, such that nodq + noaq = noq. 
The system of ODEs, (7.1), can be seen as a special case of the system of DAEs, with 
noaq = O. 

To solve the differential equations, an initial vector u(to , 8) should be given. 'fhe 
program requires to provide a complete initial state y(t0 , 8). If algebraic equations are 
present (noaq > 0), this initial state should (approximately) satisfy the conditions de­
termined by these algebraic conditions. The initial state, y(t0 ,0) , i.e. the state vector at 
t = to, may depend on the parameter vector 8. The number of noq initial values (inde­
pendent init ial relations) determines a unique solution of the system of DAEs (ODEs). 

symbol meaning dimension 
t time, the independent variable 1 
y the state vector, y = (u,v)T noq (n) 
u the vector of state variables for which a differential nodq 

equation is given (a part of y) 
v the vector of state variables for which no differen- noaq 

tial equation is given (a part of y) 
8 the vector of unknown parameters nop (m) 
c a vector of known constants noc 

f a vector function oft, y and 8, that describes the nodq 
rate of change of u with respect to t . 

g a vector function of t, y and 8, that describes the noaq 
algebraic relations between the components of y. 

Yo the initial condition of the DAEs (possibly de- noq (n) 
pending on 8) 

R the (possibly nonlinear) constraints on 8 nosid (K) 

Table 7.1: Summary of the symbols in the model (between brackets in the last column 
the symbols as used in Chapter 1) 

The initial-value problem (7.1) or (7.2) is supposed to give a relevant mathematical 
description of the process under consideration. The set of equations (7.2), together with 
its initial values and possible constraints for the parameters, we call the model. Generally, 
we assume that lower and upper bounds for the unknown parameters are known, i.e. t he 
parameter vector satisfies: 
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Often there are additional constraints for the unknown parameters., as introduced in 
(1.27). The dimension of the vector R(O) is nosid. 

Besides a vector of unknown parameters we introduce a vector of known constants. 
This vector is denoted by C and has dimension noc. These constants are used for known 
quantities, that are constant during some part of the experiment, but may vary over 
different parts of the experiment. More details about t he use of these constants are given 
in Section 7.4. 

Starting the parameter estimation program, the user gets control over this application 
by means of the graphical user interface (GUI). This means that t he user gets some kind 
of a dashboard on the computer screen, and by moving the mouse and clicking the buttons 
he can steer the actions of the program. The GUI will show the results and it will take care 
of proper file management, call the necessary numerical routines and show the solution 
by visualisation on the screen. 

Before a numerical experiment can be performed, the user has to supply the model 
and the measurements. This information should be provided on two files: the modelfile 
and the datafile. The modelfile contains a description of the DAEs plus the initial values 
and the restrictions on the parameters, the datafile contains the measurements. 

7.3 Structure of the software 
In order to get a maintainable piece of software, the structure of splds is modular. In 
Figure 7.1 , we show a schematic view of its separate parts. T he parts are discussed in 
the following sections. 

The kernel of the system is the numerical engine, which performs all numerical com­
putations: it integrates the system of DAEs, performs the optimisation and analyses the 
final e:;tirnate :;tati:;tically. Thi:; part of the :;y:;tern is written in FOR:fRAN. In order to 
solve a parameter estimation problem, subroutines are required to specify the problem. 
Of course, these subroutines are different for each model. Hence, these subroutines are 
generated automatically by a separate module, the algebraic engine, which is written in 
the MAPLE V language. This module only requires the description of the problem: model 
equations, initial conditions and optional restrict ions on the parameters. By computer 
algebra, the algebraic engine derives the required formulae and generates the correspond­
ing FORTRAN subroutines. Thus, it delivers the model-dependent part of the FORTRAN 

source for the numerical engine. The source description of the model equations, together 
with the initial conditions and the parameter constraints are provided by the user and 
put into the modelfile. In order that the algebraic engine will be able to handle this 
information properly, it should satisfy a number of specifications that are described in 
Section 7.4. 

Besides the model description, the numerical engine requires the data from the ex­
periments. Such data should also be given on a separate file, called datafile, according 
to certain specifications that are described in Section 7.5. These data are checked for 
consistency and prepared for the numerical engine by another module called the filter. 
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This filter is partly written in NAWK (for text handling) and part ly in FORTRAN. Neces­
sary data from the model to give a proper interpretation of the data on the datafile are 
provided by the algebraic engine to the filter through the file names. 

After a check on the consistency of the experimental data, the data are stored in t he 
database, ready for use by the numerical engine. 

A third module in the system is the graphical user interface, or GUI. The tasks of 
this module can be divided into two parts: (i) interaction of the user with the system 
to steer the computational process and (ii) visualisation of results from the numerical 
engine. 

The communication between the different modules described above is taken care of 
by a fourth module, the database manager. By means of exchanging special messages, 
it regulates the flow of data between the database and the other modules. Section 7 .10 
gives a brief descript ion of the database manager. 

The modular structure has two additional advantages. First, separate modules can 
run at different machines and second, the applicat ion without the GUI is still of use when 
no machine with sophisticated graphics facilities is available. At t his moment the GUI 
only runs, in combination with a UNIX operating system and X-windows, on a Silicon 
Graphics machine, while all the other parts can be run on almost every machine which 
has MAPLE and a FORTRAN77 compiler. 

7 .4 The modelfile 
The modelfile contains the mathematical description of the process that will be analysed. 
In this section we describe how the model should be specified in the modelfile. 

The modelfile is written in the MAPLE language and it will be interpreted by t he 
MAPLE program. This means that the user has the disposal of the complete MAPLE 

language to express his problem in a mathematical form. However, generally only a very 
small part of the language is necessary to specify the differential(-algebraic) equations, 
the init ial conditions and the few other data t hat are necessary to formulate the model. 

First, we specify the contents of the modelfile as far as it will be understood by t he 
algebraic engine. This is done by enumerating the building parts of the modelfile and by 
indicating whether the parts are obligatory or optional. Second, we give a template of 
the modelfile in Table 7.3. Besides the typical lines that are found in the modelfile, t he 
user is free to use additional MAPLE language to help the mathematical formulation of 
the problem. As in Section 7.2 the typewriter font is used to indicate reserved words, 
Table 7.2 contains a list of these words and some of t heir propert ies. 

The lines that appear in the modelfile are used in order to: 

1. Define the list of state varia bles as Variables. This list corresponds to t he 
names of the components of the state vector, y(t,B). Instead of the variables 
y1 , .. . , Ynoq, the user is free to choose names that are more meaningful for t he 
problem at hand. 
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mode.U i-..---i algebraic engine 

numerical engine database filtcr.f ~ filtcr.nwk 

database manager 

GUI 

Figure 7.1: The structure of the application. 

The names of the actual variables (e.g. vari, 1 :::; i:::; noq) are free for the user to 
choose. The number of variables, noq, is known to the program by the length of 
the list Variables. 

2. Define the list of unknown parameters as Parameters, this list corresponds 
with the vector 8. The names of the parameters (e.g. parj , 1 :::; j :::; nop) are 
free for the user to choose, but they should be different from the variable names. 
The number of parameters, nop, is known to the program by the length of the list 
Parameters. 

3. Define optionally a list of constants as Constants. The length of this list will 
be identified as noc. The list contains the names for constants, introduced by t he 
user, and gives the opportunity to identify quantities that have a fixed value for 
one (part of an) experiment, but that may be different (but still fixed) in another 
(part of the) experiment. 

The names of the actual variables are free for the user to choose, but they should 
be different from the parameter and variable names. 

If such constants are introduced in the modelfi.le, each constant slhould be initialised 
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by the user with a (default) value. For each constant (e.g. named conk) this is 
done by assigning a value to Cdefault [conk]. In the datafile the user will have 
the opportunity to overwrite these values with different values for particular (parts 
of) experiments. In Section 7.5 we shall see how these constants can be used. 

4. Define optionally a list of constraints as SideCondi tions t hat should be satisfied 
by the parameter values . The length of this list will be identified by nosid. The 
list contains a name for each constraint of the form Ri(B) ::; 0, that is specified by 
the user (see (1.27)) . Besides these additional (possible nonlinear) constraints that 
are specified by the user, we have constraints of the form 

to indicate a feasible box region of the parameters. 

All names introduced in the above lists should be unique names, appearing only 
once in all four lists. 

5. Define the right-hand sides, f(t , y ,B) , of the differential equations in (7.1) or 
(7.2) , by assigning an algebraic expression (depending on the available Y[vari] , 
P[parj] , and C[conk] ) to the array elements f [varl] , for 1::; 1::; nodq. 

6. Define the algebraic equations, g(t, y, B) = O, of the DAEs by assigning an alge­
braic expression (depending on the available Y[vari], P[parj] , and C[conk] ) to 
the array elements g[varl] , for nodq + 1 ::; 1 ::; noq. 

7. Define the initial states, Yo(B), in (7.1) or (7.2) by assigning an algebraic expres­
sion (depending on P [par j] , and C [conk]) to t he array element YStart [ var i] , 
for 1 ::; i ::; noq. It is necessary to assign expressions to all possible YStart [ var i] , 
for 1 ::; i ::; noq. 

If the user forgets one of the above, required assignments, he will receive an error 
message. More assignments are optional. In the case that an optional specification 
is omitted, the program will use a default setting as given in Table 7.2. 

8. Determine the nop-dimensional rectangle in parameter space, where the unknown 
parameter vector resides. In the modelfile lower- and upper-bounds for the param­
eter values can be given .. Therefore arrays ParMin and ParMax are introduced, for 
which 

ParMin[parj] ::; Bj ::; ParMax(parj]; j = 1, · · ·, nop . 

If no values for ParMin and ParMax are specified , the default values ParMin[par j] = 
0 and ParMax[par j] = 1 are assumed, for j = 1, · · · , nop. 
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9. Define the additional constraints, that were introduced in SideConditions. 
These addit ional (possibly nonlinear) constraints in the parameter space are spec­
ified by assigning the expressions R(fJ), as in equation {l.27), to the array of ex­
pressions R[sidl] , with 1 = 1, · · · , nosid, where the index sidl is the name in 
the list of the 1-th parameter constraint. We call these additional constraints side 
conditions. Such expressions only depend on t he unknown parameters P [par j J 
and the known constants C [conk]. 

10. Indicate t he order of magnitude for t he components in the state vector , so that 

max lyi(t, fJ)[ :::=; YSize(vari]; i = 1, · · · ,noq. 
t,IJ 

These YSize-values are used for scaling purposes only and play a minor role in t he 
computations. If no YSize is specified , its elements are assumed to be equal to LO. 

A modelfile template 
In Table 7.3 we give a template of the MAPLE-text on the modelfile. The choice 

of most names used in the MAPLE text are at the user's discretion, except for the re­
served words as listed in Table 7.2. In this table, var1, vari, varnoq, par1, parj, 
parnop, con1, conk, conno c, sid1, sidl and sidnosid, are names that can be se­
lected by the user; RHSexpressionj , ALGexpressioni are algebraic expressions de­
pending on the independent variable t , the dependent variables Y [ vari] , the param­
eters P[parj] , and the constants C[conk] (with i=1, ... ,noq, j=l, ... ,nop, k=1, 
... ,noc). The RHSexpressionj corresponds with f j(t,y, fJ) , (j = l., ... , nodq), and de­
:>crilH:~:> the right hand ::;ide of t he j -t h differential equation. The i-th algebraic equation, 
gi(t,y,fJ), (i = l , ... , noaq) , is represented by ALGexpressioni. For all i = l , ... , noq, 
I NITexpressioni corresponds with the initial condition, Yi(to , fJ), of the i-th component 
of the differential-algebraic equations, and it may depend on P [parj] and C [conk]. 'fhe 
assignments to Cdef ault, Ysize, Par Min and ParMax are expressions for numerical values 
(floating or fixed point numbers) . 

Besides the standard constraints, ()min ::::; () ::::; fJmax, additional model constraints 
with respect to the unknown parameters can be added at the end of the modelfile. These 
side conditions, which are allowed to be nonlinear, are supplied in the form R[sidl] := 
SIDEexpressionl (with 1=1, ... ,nosid). Here, SIDEexpressionl is an algebraic ex­
pression, depending on the unknown parameters P [par j] and the known constants 
C [conk] , representing the expression Ri(fJ), the l-th component in equation (1.27). 'fhe 
number of side conditions (nosid) corresponds with the dimension of R(O). We assume, 
as we do for INITexpressioni, that SIDEexpressionl is (MAPLE-) differentiable with 
respect to 0. For RHSexpressionj and ALGexpressioni we assume (MAPLE-) differen­
t iability with respect to() and toy. 

A complete example of a modelfile is found in Appendix 6.A. 
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Reserved name 

Variables 
Parameters 
Constants 
SideConditions 
t 
y 
p 

c 
f 
g 
R 

YStart 
YSize 

Par Min 

Par Max 

Cdefault 

4 list of names 
btable of variables 

Assignment 

yes 
yes 
optional 
optional 
no 
no 
no 
no 
yes 
for DAEs 
optional 

yes 
optional 

op tional 

optional 

optional 

Default value 

R[si dl ]=-1.0, 
(1 ::; 1 ::; nosid) 

YSize[vari]=1.0, 
(1 ::; i ::; noq) 
ParMin[parj ] =O.O, 
(1 ::; j ::; nop) 
ParMax[parj ] =1.0, 
(1 ::; j ::; nop) 
Cdefault[conk]=0.0, 
(1 ::; k ::; noc) 

ctable of expressions, depen ding on Y. P and C 
dtable of expressions, depend ing on P and C 
• table of floating point numbers 

Type in 
M APLE 

list a 

list a 

list a 

list a 

name 
table b 

table b 

table b 

table c 

t able c 

tabled 

tabled 
table e 

table e 

table e 

table e 

Table 7.2: Summary of reserved names and default values in the modelfile 

7.5 The datafile 

157 

The datafile contains the measured values ( observations) obtained from the process stud­
ied. From equation (1.2) we see that the measured value, Yi , is relat ed to the point in 
t ime ti and the component Ci of the state vector, 1 ::; Ci ::; noq. In the datafile all infor­
mation about a single measured value should be given on one single line. So the data part 
of the simplest datafile consists of nobs lines, with on each line t hree numbers: t i , Ci a nd 
Yi· The numbers ti and Yi are floating point numbers, Ci is an integer that corresponds 
with the Ci-th variable in the list of variables. This integer can also be replaced by t he 
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Variables:=[varl,vari ,varnoq]; 
Parameters:=[par1,parj ,parnop]; 
Constants:=[conl,conk,connoc]; 
SideCondi tions:=[sidl,sidl,nosid]; 
Cdefaul t [conl] := constant! ; 
Cdefaul t[conk] := constantk; 
Cdefault[connoc]:= const antnoc; 
f [var1]: = RHSexpression1; 
g [vari]: = ALGexpre ssioni; 
f [varj]: = RHSexpre ssionj; 
g [noq] := ALGexpressionnoq; 
YStart[varl]: = I NI Texpressi onl ; 
YStar t[vari]: = I NI Texpressi oni ; 
YStart[varnoq] := I NITexpressionnoq; 
YSize[varl] := ysizel; 
YSize[vari] := ysizei; 
YSize[varnoq]:= ysizenoq; 
ParMi n[par1]:= parmi n1; 
ParMin[parj]: = parminj; 
ParMin[parnop] := parminnop; 
ParMax[parl]: = parmaxl ; 
ParMax[parj]: = parmaxj; 
ParMax[parnop] := parmaxnop; 
R[sid1]:= SI DEexpression1; 
R[sidl ]: = SI DEexpr essi onl; 
R[sidnosi d] := SIDEexpressionnosid; 

Table 7.3: The template of a modelfile. 

Chapter 7 

corresponding symbolic name that appears in the list Variables. T he lines correspond­
ing with a single experiment should appear in the order of increasing (more precisely: 
nondecreasing) t;. 

A sing le experiment 
In the simplest possible datafile, the data part is preceded by two lines: (1) a line con­
taining some identification of t his data set: an arbitrary string of at most 24 characters, 
and (2) a line containing only the word START and the value t0 . T his obligatory line 
denotes that the initial value problem starts at t = t0 . T he data part is closed by a single 
line, containing the word STOP and the value for tend, t he time at which the initial value 
problem ends. 

If the user wants to provide a weight wi for the weighted sum of squares (1.4), he 
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can do this by adding the real number wi as the 4-th number on the line for the i-th 
observation. If no weight is specified, it has the same effect as Wi = 1.0. 

In case the user wants to skip a measurement, he can inactivate the measurement by 
putting a 0 as the 5-th number at the end of the corresponding line. We give this number 
the name active. The default setting is 1, which means that the measurement is active, 
i.e. is taken into account during the computation. 

Multiple experiments 
Another important option is to take several experiments into account for the same model 
and the same parameters, but possibly with different values of the model constants 
as given in constants. In this manual we use the word experiment for a sequence of 
observations (measurements) ordered in time. In case of a para.meter estimation problem 
with a series of experiments the user should provide a series of data parts, each of which 
is preceded by a line containing the value t0 (to denote that a new initial value problem 
is considered, starting at t = t 0). In order to specify what values for the constants are 
used, the restart line can be immediately preceded by a number of lines which contain 
the word CONSTANT, the constant's name, and the constant's value. 

In this way, a datafile can contain measurements from many different experiments 
corresponding to the same modelfile. If some constants change from one experiment to 
the other, the corresponding measurements have to be separated by a constant block. 

It is also possible to change the model constants at distinct values tcont within the 
range of integration, to < tcont < tend . At such times, tcont, a discontinuity in the process 
of the experiment occurs and the change of constants is specified in the datafile: e.g. an 
amount of a certain reactant is added during the experiment or the temperature changes. 
So, each experiment may consist of different, distinct periods, where the constants have 
fixed values. Such periods during experiments are called experiment parts. 

At the beginning of every experiment the constants are set equal to their default values 
from the modelfi.le and adaptation will be made after every appearance of a constant-line 
in the datafile. 
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D atafile syntax 
Summarising we find the following syntax for the information on t he datafile. 

DATA_FILE: identificationJ ine ; EXPERIMENT _BLOCK 
EXPERIMENT _BLOCK: EXPERIMENT [ ; EXPERIMENT _BLOCK] 
EXPERIMENT: START _PART [ ; CONTINUAT ION ] ; stop_line 
CONT INUATION : CONTINUATION_PART [ ; CONTINUATION] 
START _PART: starLline [ ; CONST_PART ] ; DATA_PART 
CONTINUATION _PART: continue_line [ ; CONST _PART ] ; DATA_PART 
CONST _PART: constantsJ ine [ ; CONST _PART] 
DATA_PART: data_line [ ; DATA_PART ] 
identification_line: DATASET , data-set-name 
startJ ine: START , to [, experiment-name ] 
continueJine: CONTINUE , tcont 
stopJ ine: STOP , tend 
constantsJine: CONSTANT, conk , bi 
dataJ ine: t; , Ci , Yi [ , Wi [ , 0 I 1 ]] 
commentJine: #,a sequence of characters ending with carriage return 

In this syntax description, ';' means 'followed on the next line by', 
',' means 'followed on the same line by', '[ ]' means 'optional', 
and 'I' means 'or'. 

ti, Yi, w; and bj are floating point numbers; 
Ci, is a natural number; 
ci can be replaced by vari from the list Var iables ; 
conk is an element from constants in the model. 

data-set name and experiment name are sequences of at most 24 characters. The binary 
flag (Oil) on the data line denotes that the observation is active. All data lines in an 
experiment block, following a " START ; to ; name" -line, should be or dered in t ime such 
that i < j ~ ti ~ ti . Also the possible tcont should satisfy this ordering. Any such 
sequence beginning with a to is called an experimental sequence and can be identified by 
an experiment-name. 

A partial example of a datafile, containing the essential parts, is given in Ap­
pendix 6.B. 

7.6 Alge braic Engine 
A modelfile which satisfies the specification of Section 7.4 can be used as input for t he 
algebraic engine. A schematic overview of the interaction of the algebraic engine with 
its environment and its position in the overall application is given in Figure 7.1. T he 
algebraic engine generates the model-dependent part of the numerical engine. These 
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model-dependent parts are written to the file model.f. This file contains FORTRAN sub­
routines for the evaluation of: (i) the differential algebraic equations (1.1) , (ii) their 
derivatives with respect to the state variables and t he parameters ( cf. (1.6)) , (iii) t he 
initial conditions, (iv) their derivatives with respect to the parameters, (v) the discon­
tinuities within the experiments, (vi) the restrictions on the parameters and (vii) their 
derivatives with respect to the parameters ((1.27) and (1.28), respect ively) . The choice 
here for FORTRAN is motivated by the fact that its use is widely spread and can be eas­
ily integrated with robust, public domain numerical software routines. Both arguments 
make it available for a broader group of users. A disadvantage of FORTRAN is the memory 
allocation, which should be handled via hard upperbounds which have to be adjusted 
manually if the problem sizes exceed an a priori chosen maximum. 

The other part of the output of the algebraic engine is the file names. T his file contains 
the number of variables, parameters, constants and restrictions and their corresponding, 
user supplied names. The numbers of each of them are of interest for the array bound 
checks of the memory allocation. The names will be checked with the names of t he 
constants and variables which are present in t he datafile, and transferred to the database 
afterwards. 

7.7 Filter 
The purpose of the filter is twofold. First, it checks whether the datafile matches t he 
modelfile. Second, it puts the measurements in the database. For the first purpose 
we start with checking the for mat of the data file; whether it meets t he specifications 
of Section 7.5. Subsequently, we use the file names, which was created by the algebraic 
engine, to check the consistency between the modelfile and the datafile . All the constants 
and state variables in the datafile should be present in the modelfile. This part of t he 
filter is written in NAWK. 

For the second purpose, another part, filter./, is written and checks the array bounds 
for the number of measurements, experiment-parts and experiments. If one of these 
bounds is exceeded this filter gives an error message and the bounds for the memory 
allocation should be adapted. If the filter handles the datafile without error messages, 
then the information from the datafile is properly located in the central database. 

7 .8 N urnerical engine 
The numerical engine takes care of (i) the computation of an approximate solution of t he 
model equations and the corresponding variational equat ions, 1.1 and 1.5, respectively, 
(ii) minimising the criterion function (e.g. (1 .4), (2.4), (3.11) or (3.55)) and (iii) perform­
ing statistical analyses and investigate the nonlinearity, cf. Section 1.6 and Chapter 4. 

The numerical engine can be divided into two parts; (i) a part which depends on 
the parameter estimation problem and (ii) a problem-independent part. The problem-
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dependent part, model.j, comes from the algebraic engine as described in Section 7.6 and 
is linked together with the model-independent part of the numerical engine. The result 
is a binary program which performs the numerical work. Due to its tasks, the numerical 
engine is the most CPU time consuming part of the whole application. 

The problem-independent part also has a modular structure in itself for the same 
reasons as the whole application has a modular structure. The separate parts of the nu­
merical engine will be highlighted in the subsequent paragraphs. The measurements and 
constants from the datafile, which are necessary for the numerical engine, are obtained 
via the central database manager. 

A special BDF solver, which exploits the stiffness structure of the variational equa­
tions as described in Section 1.3, forms one of the modules of the numerical engine. This 
solver uses the model dependent part, model./, for evaluation of the right-hand sides of 
(7.1) or (7.2) and their derivatives. During the calculation, not only the model responses 
which correspond to the measurements are calculated, but also model responses for vi­
sualisation purposes are calculated. Every time the initial value problem is solved for a 
vector of parameters these results are sent to the GUI via the DB manager for direct 
visualisation. 

After the BDF solver calculated the discrepancies (1.9) and the Jacobian (1.11) for a 
given value of(), the Leven berg-Marquardt minimisation routine (Section 1.5) will do one 
step in t his iterative process in order to find an improved parameter vector which gives 
a smaller value for the least squares criterion, subsequently the model and variational 
equations will be solved with this improved parameter vector. Iterative procedures for 
total least squares, maximum likelihood or £1 -estimates will be dealt with in a similar 
way. The minimisation part also uses the model dependent part, model./, for evaluation 
of the parameter constraints (1.27) and their derivatives (1.28). 

Upon convergence of the Levenberg-Marquardt algorithm, linear statistical analyses 
in the vicinity of the calculated optimal estimated parameter vector, e, as described in 
Section 1.6, are performed. Intersections of the ellipsoidal confidence with the parame­
ter axes, as shown in Figure 1.1, can be studied via the GUI in combination with t he 
corresponding SVD decomposition. 

Derivation of nonlinearity measures as described in Chapter 4 is another part of t he 
numerical engine. One of the options is to compare ellipsoidal regions, as they can be 
derived from linear theory, with the corresponding results from Monte Carlo simulations. 
This and the other nonlinearity measures are tools to enable the user to investigate t he 
nonlinearity of the problem under consideration. 

7.9 Graphica l user interface (GUI) 
The graphical user interface (GUI) is designed in order (i) to make the whole application 
interactive in an easy way and (ii) to have the option to view the results immediately 
during the computation. The first item covers start ing/stopping a computation, adjust 
input parameters of the numerical routines (accuracy, maximum number of iterations) , 
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change upper and lower bounds for the parameters to be estimated, change the model file 
or the datafile. The second item concerns the visualisation of graphs of the best fit 
at that moment of the computation, follow a track in the parameter space during the 
minimisation and graphical representation of results of the statistical analysis. 

The part of the GUI which is relevant for the user is a 'dashboard' with buttons, scroll­
down menus, viewers and sliders to enable the user to steer easily t hrough the options 
and be able to use the software with hardly any instructions. It is also designed to 
change the problem formulation slightly, adapt the numerical accuracies, view numerical 
results, without typing long command lines, but pushing these buttons with the mouse 
and opening submenu's instead. This idea makes it much faster and easier to perform 
the many tasks due to immediate interfering with the computational process, without 
typing and without consult ing the manual, because the user interface is partially self 
explaining. 

The results from the model investigations are visualised on t he screen immediately and 
can be stopped by the user at any moment in order to change the initial parameters or its 
bounds, adjust numerical accuracy, adapt the data or even switch to a more sophisticat ed 
model. C.T .H. Everaars built the GUI, more details about the concept and the realisation 
can be found in [EHS95]. 

7.10 Database manager 

This central pa.rt of splds takes care of the communication between the different parts 
of the software package. By means of events it regufates the flow of data between the 
database and the other modules or satellites. 

A copy of all data that can be communicated between the different modules is put 
in the database. Therefore all information is stored double, which not only minimises 
communication when multiple processors are used, but also forms a backup if one of 
the parts stops or communicated data get lost due to external errors . Besides, it stores 
actual numerical results from the numerical engine and it delivers them to the GUI for 
visualisation, if required. 

The content of the database is grouped on behalf of their characteristics and commu­
nication frequencies . For instance, tasks - a special kind of communicated data- for the 
numerical engine from the GUI are put in one group. The content of each group can be 
changed by at least one module and this changed content is of interest for at least one 
other part. The database manager takes care of a proper administration of these events. 

The database manager is designed by R. van Liere, the general concept of this manager 
can be found in [Lie92, WL96], for more technical details see [LW96). 
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7.11 Concluding remarks 
In this chapter we started by giving a list of requirements for a parameter estimation 
tool, the relevance for such a tool is motivated by problems encountered in experimental 
sciences as described in Chapter 6. From these requirements we derived a top-bottom 
design for a modular setup of the software. The choices and decisions we made at the 
various stages and levels of the design have been motivated t hroughout the chapter . 
With respect to the input of the program - the model and the data- we gave detailed and 
precise specifications to obtain an unambiguous formulation. Much attention is paid to 
error detection in the program input. 

Problem-depended software is generated automatically, by using computer algebra, 
and merged with numerical routines needed to solve parameter estimation problems in 
dynamical systems. The tool is completed with a graphical user interface which makes 
it interactive, easy to use and enables the user to see the numerical results immediately. 
The data communication between the different modules is taken car€ of by a database 
manager. This choice for the communication keeps the overall application modular and 
enables the user to run different modules on different machines. 



Samenvatting 

Parameters in de beschrijving van tijdsafhankelijke fysische processen zijn grootheden 
met een praktische relevantie, omdat ze het model een vrijheid geven die gebruikt kan 
worden om de beschrijving met waargenomen feiten overeen te laten stemmen. Dikwijls 
zijn deze parameters onbekend en niet rechtstreeks te bepalen. Een manier om ze te 
schatten wordt in dit proefschrift behandeld. De dynamische systemen die we hier be­
schouwen worden gemodelleerd met behulp van differentiaal-algebraYsche vergelijkingen: 
de modelvergelijkingen. Orn de parameters te kunnen schatten, is een aantal metingen 
nodig dat betrekking heeft op de toestandsvariabelen van de onderliggende modelver­
gelijkingen. De oplossing van deze vergelijkingen is afhankelijk van de parameters, die 
zodanig worden gekozen dat de metingen en de uitkomsten van het model zoveel mogelijk 
met elkaar in overeenstemming zijn. 

Verschillende criteria kunnen worden gebruikt om de mate van deze overeenstemming 
te quantificeren. De keuze van zo'n criterium hangt af van de kennis en de aannames met 
betrekking tot de rneetfouten. Aanvankelijk zullen we uitgaan van norrnaal verdeelde fou­
ten met een gegeven covariantiematrix, hetgeen aanleiding geeft tot kleinste-kwadraten 
(OLS) schatters. Als de onafhankelijke variable (de tijd) ook onderhevig is aan meet­
fouten, dan gebruiken we de totale kleinste-kwadraten (TLS) methode. De OLS en TLS 
methoden worden behandeld in het eerste gedeelte van dit proefschrift. Hier ligt het 
accent op de numerieke aanpak van parameterschattingsproblemen in dynamische sys­
temen. Daarnaast worden de betrouwbaarheidsgebieden van de geschatte parameters 
bepaald en niet-lineaire restricties op de parameters beschouwd. 

Normaal verdeelde meetfouten met een onbekende covariantie matrix geven aanleiding 
tot de zogenaamde meest aannemelijke (ML) schatters, die algemener zijn dan kleinste­
kwadraten schatters. Wanneer een methode voor kleinste kwadraten reeds beschikbaar 
is, dan valt de berekening van de ML schatters relatief eenvoudig te implementeren. 
Hetzelfde geldt als de meetfout een Laplace verdeling heeft en de £ 1-norm van de fout 
geminimaliseerd wordt. Een bijkomend voordeel van de laatstgenoemde schatters is 
dat ze robuuster zijn, d .w.z. minder gevoelig voor uitschieters, dan kleinste-kwadraten 
schatters. 

Na deze verhandeling over schatters worden de belangrijkste verschillen tussen line­
aire en niet-lineaire regressie besproken, gevolgd door een beschrijving van verschillende 
methoden om de mate van niet-lineariteit uit te kunnen drukken. De niet-lineariteit 
kan gesplitst worden in een intrinsieke en een parameter afhankelijke niet-lineariteit. 
De eerste hangt af van de modelvergelijkingen en de gekozen experimentele opzet. De 
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tweede hangt af van de parametrisatie van het model en kan verminderd warden indien 
een geschikte herparametrisatie toegepast kan worden. In gevaJ van een geringe mate 
van niet-lineariteit kan men voor de berekening van de betrouwbaarheidsgebieden van 
de parameter schattingen volstaan met een lineaire benadering. Is daarentegen de niet­
lineariteit substantieel dan moeten rekenintensieve methoden aangewend warden om de 
paxameterruimte in kaart te brengen. 

Aansluitend wordt de aandacht verlegd naar het ontwerpen van optimale exerimentop­
zetten. Hierbij gaat het om het plannen van vervolgexperimenten, met het oog op 
modeldiscriminatie, het verkleinen van de betrouwbaarheidsgebieden van de geschatte 
parameters of het reduceren van de niet-lineariteit. 

De beschreven theorie wordt toegepast op een sca1a aan praktijkproblemen uit de 
ind ustrie, (bio-)chemie, econometrie en op een test pro bleem uit de literatuur. Voor elke 
toepassing is enige kennis op het gebied van het onderliggende fysische proces onontbeer­
lijk om tot een succesvol eindresultaat te komen. 

Gedurende het gehele onderzoek hebben de theoretische en rekenkundige aspecten 
enerzijds en de problemen uit de praktijk anderzijds een sterke wisselwerking op elkaar 
uitgeoefend. De verbinding tussen beide heeft geresulteerd in de totstandkoming van 
een softwa.repakket voor het oplossen van parameterschattingsproblemen. De beschreven 
theorie en de bijbehorende implementatie is getoetst aan de hand van ta! van praktijk­
problemen. Door de opzet van de software is het mogelijk om verschillende onderdelen 
paxallel op verschillende workstations te laten werken. Voor de communicatie tussen de 
software en de gebruiker is een speciale grafische interface ontwikkeld. 
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