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Abstract
Hydro-ecological systems comprise complexeraction
among physical, chemicaknd biological procegs. Com-
positional modeling, i. e. creating a ®m®'s behavior mo-
del byaggregating models dfs constituents, isrucial for
making the modelingask feasibleHowever,the composed
model is often too fine-grained for @articular task, for
instance, in containingoo manyirrelevant intermediate
variables oobscuringthe basic interdependenciésr this
reason, thanodel may have to be transformed arsim-
plified. The paper presents a graph-oriented representation
for dynamic systems closelselated to existingprocess
languages, and set of syntactic operatortghat transform
such a model while preserving certain properties of the mo-
del. The formalism is motivated and illustrated by an exam-
ple takenfrom our work on modeling hydro-ecological
systems, but we also demonstréte utility for technical
applications.

Introduction

In our work on modeling complex ecologicalstems for

decision-support systems,naimber of important challen-
ges arises. lmparticular, ourefforts to obtain prediction
models for aal blooms Rio GuaibgSouthern Brazil),

have to address problems of:

» Compositional modeling, i. e. generating dehavior
model of a complex systerthrough aggregation of
models of its elementary constituents taken from a
library.

* Modeling of dynamic systems i.e. adequately cap-
turing theevolution ofthe systemand its phenomena
over time, which in our application comprisevariety
of processes fronthe flux of the river to chemical
reactions.

e Qualitative modeling in order to make the essential
distinctions onlythus enabling the modeling ofasses
of situationsand theexploitation of partial information,
since both knowledge abouhe relevanttypes of
processesnd informatiorabouttheir specific instances
is inherently impreciseandavailable measurements are
sparse w.r.t. time and space.

Several existing qualitative reasonirsgstems, such as
QPE ([Forbus 84]) and QPC/QSIM ([Crawford/
Farquhar/Kuipers 90]) haveeen built to satisfy these

needs,and wewere able to formulate models of relevant
processes in ourdomain using QPC.However, we
encountered several difficultiethat we consider to be

instances of general problems involved in compositional

gualitative modeling of dynamic systems. Severahein
are related to thgranularity of the model, seen from
different perspectives:

» Compositional modeling effects the structural
granularity and there is theotential of generating
overly detailed modelsThis is becausehe constituent
models inthe library have to be stated in termdanfal
variablesand parametergnly. The resultingmodel can
be inappropriate both from its cognitie@d atechnical
point of view. Many variablesand parametermay be
irrelevant from theperspective ofthe entiresystem or a
particular task andconcealthe elementary influence
structure of thesystem. Besides, sonmeasoningtools
exhibit exponential behavior in the number of variables,
so it is desirable to keep the model small.

* Models of dynamic systemsaffect the temporal
granularity of the model. It can be can beo fine-
grained, agairior bothhumans angbredictive engines,
if it captures allaspects ofthe dynamics. For instance,
rapid but minimal fluctuations of the concentrations of
some substancethat are basically held in chemical
equilibrium complicateahe long term prediction of the
behavior of the entire system.

* Qualitative modeling concerns thegranularity of
behavioral distinctions. Qualitative modelgan be too
weak to deriveall possible conclusionsThis does not
only concernthe domains of variablesnd parameters,
but also the qualitave description of functional

dependencies is limited to monotonic functions, as is the

case for many qualitative simulatorie analysis of
their counteraction ocomparison may lead to spurious
results.

Some research has been carried out to address these issues:

e Structural aggregation, particularly hierarchical
modeling responds to the firproblem byeliminating
internal variables and parameters.

» Behavioral approximation through distinction of time

scales (sometimes called time-scale "abstraction") aims



at suppressing the irrelevant details of temporal « amodeling languagefor specifying influences and
evolution ([lwasaki 92], [Kuipers 87]). « a set oflocal syntatic operatorsthat transforrmodels
» Hybrid modeling attempts to introduce more distinc- expressed in this language.
tions through (semi-)quantitative information. This is |n order to improve botithe predictivepower of the
mostly confined to possiblyepeated refinement of  models and the results of the operators, the confinement of
quantity spacesind algebraic operations (for instance qyalitative functional relationships to monotonic depen-
[Williams 88]). dencies onlyhas to beovercome. A common answer to
Our generalview on the task is adollows. Often the  ambiguityandinsufficient distinctions in quantitative mo-
following steps are distinguished and potentially supported dels is "Hybrid models byntegrating quantitative infor-

by different systems (Figure 1): mation!". Webelievethat thisseemingly obviousolution
* creation of a model library, i.e. representing primitive  is often inappropriate andobscuresthe fact that the

model fragments for a particular domain, expressive power dhe modelscan be extendedithout
* model composition i.e. aggregating appropriateodel having to leave the realm of qualitative descriptions.

fragments from the Iibrary to establish thmdel of a Our mode”ng |anguage extends tbmpressive power of
specific system (this is, for instance, the task of QPC),  |anguages like QPE/QPC in allowing for

* prediction/simulation, i.e. generating a description of « more distinctions between functional dependencies

the behavior of the entire system (e.g. QSIM’s job). (than just monotonic and algebraic ones) and
We propose to explicitly introduce a step of « more generalypes ofinfluence combinationghanjust
* model transformation that takes aninitial model linear combination).
generated by composition and transforms it into a model \we illustrate the application of the language using an
appropriate for a particular task (Figure 1). example from théydro-ecologicaldomain. We aim at a
formal characterization of model relations and
library creation task/ transformations is required a) f_or_ an autpmated solution
1 objectives to the problgmand b)for determl_nlng the impact of the
library transformation, i. e. the properties gainadd the pro-
perties preserved by the transformation, which is required.
model composition=| - = mode| The set of operators includes
! * » generation of strict abstractions of a model as well as
model model transformation  approximation of dynamic relationships through
! functional dependencies
prediction/simulation*- fraﬁs?or?n;zd These transformations are independent of the quantity
model spaces chosen for the variables and param@tecsntrast
- - — to [Williams 88]). The use of the operators is illustrated by
Figure 1: Overview of model-based prediction the ecologyexampleand, todemonstrate the versitility of

our formalism, by an example taken from a technical
domain. We continue by givinglarief introduction to the
hydro-ecology background.

This reflects our oppinionthat a representation of
knowledge relevant to modeling in scierasel engineeing
should distinguishhetweenbasic models and knowledge
how tomodify and use thesemodels and thatoth types

of knowledge should be represented in a formal and The Problem Domain
declarativeway. This isdifferent form other approaches to ) ) )
compositional modeling which presume sameway that In an international collaboratiobhetweenresearchers of

all elements needed for an adequate compositional modelBrazil, France andsermany, we have t,)eem;ammlng a
are already "pre-manufacturedhd simply need to be  Specific ecosystem, namethe Rio Guaiba inSouthern
collected fromthe library. We do nobelieve that it is Brazil, with the objective of analyzing andpredicting
feasible to produce in advana# kinds ofcombinations of ~ undesirable occurrences aifjal blooms.The modeling of
abstractions, approximationand simpifications of the  thecomplex hydrodynamicand thevarious chemical and

basic models. biological processes involved provided wih important
The presentation of ourwork focuses on the challenges for our modeling and reasoning techniques.
transformation step. This means, a®sume an existing Among the elementary conditiofisr the possibility of

certain properties. There ato contributions in this ~ Processes. Inthis paper, we will examine aypical
work: example of an interaction of two such processes.



Advection

Advection isthe transport of matter by directdidw of
water. Thecomplex hydrodynamics ithe bays ofthe Rio
Guaiba prevent us from usingliaear waterflow model
and we had ta@hoose a flexibleepesentation of spatial
distributionsand water transportation. By using compart-
ments, the elements of tapological partitioning of the
waterbody (describedelowand inmore detail in [Heller
95]), and by locating the transpoprocesses between
adjacent compartments, we also gain more generality.
The advective effect othe concentration cfome speci-
fic chemical constituent itwo adjacent compartments can
be easily determined the volumesare assumed constant
(requiring the neflow for each compartment to be zero).
A simple model under this assumption is discussed below.

Ammonia Dissociation

One of the most important constituents is ammonia,
appearing both ifree (NH;) and ionized form (NH).
Both formscan act as nutrienbut freeammonia inhigh
concentrations caalso exhibit toxiceffects, so we have to
studythe chemical equilibrium (NiH OH o NH;+ H,0)
established by the counteracting reactions of ionization
and dissociation.

Both reactionsare strongly influenced by the pH of the
location. To put it mor@recisely, ifthe ratiobetween(the
molar concentrationsof) NH; and NH, is below
10(PH9.26) then thedissociation reaction dominates ioni-
zation. Above the given reaction constant, the ionization is
predominant. Both reactions will bmodeled as a single
process with arate that islinearly dependent on the
difference betweerihe ratio NH/NH, and thereaction
constant (modeled gmsitively monotonic irthe pH, see
Figure 7).

Model Representation

We present a modeling language with fkexible
representation of functionahdintegrative influences and
we depict models inthis language by using a graphical
notation, which will help to illustrate theexamples
throughout the paper.

A system model consists offiaite set of variables with
continuous real-valued functions ovdime (or any
appropriate qualitative abstraction thereof) as domains.
There is a set of constraints on these functions,
represented by theexistence of "influence functions”
specifyingthe dependency of a variable on a set of other
variables.

Characterization and Combination of Influences

The basic influence function is a multivariate monotonic
function with multiple parameters. In particular, we want
to expresghat avariable, A,depends monotonically on a

set of other variables, {B B,, ..., By} (possibly with
different directioncoefficients, $ S, ...,S, O {+1, —1}).
Formally:

oo Mon(slvszvm%) tORrR
A() = f(Ba(t), Ba(t), ..., Bn(1)),

where f1Mones, s, . s, iff Oi0{1,2,...,n}
f(xlv e Ky X‘l) > f(Xl, ey X'a ey Xq) And (S D(i > S D(i')
with SO{+1, -1} (1<i<n) (simply "+" or =").

This allows for moregeneral forms of combinatiothan
the linear combination assumptionplicitly used in other
modeling languages (e. g. QPC, see
[Crawford/Farquhar/Kuipers 90]).

There areseveralways torepresent additional infor-
mation aboutthe influence function. The most important
one is a further restriction by a Lipschitz conditioreeen
linearity in one of the arguments. A Lipschitz condition in
the i-th argument is given by

CM O R [f (X1, oy %o oy %) = F (X s Xy ooy %) | < M OX =X |

and linearity in the i-th argument can be expressed as

Oa,b0OR (x=)O0((#i O x"=x'=x")) O
f (X1, oy @+, Xn) = A0 (X1, weoXiy e Xn) + T (Xg,0eny Dyey X0).

Graphically, we represent variables lpxes and the
influence functions by labeled arrovwwsd acombination
information box containing the direction indicators
S, S ..., Si. The basic elements dhis notation,called
influence diagram,are shown in Figure 2. The arrow
labels denotehe function restriction of thelependency
("Mon" for monotonicity, "Lin" for additional linearity
and"Lip" for the Lipschitz condition). For a function with
a single parameter, wese also strict identity ("1d") and
the following (proper) inclusions are valid:

Id O Lin OLip OMon.

Fy

A=1(By,B,,...

yBﬂ) 1
fDMon(slvsz ''''' )

S O{+,-}, FiO{Lin, Lip, Mon},
Ikisgn

Figure 2: Basic elements of influence diagrams




Decomposable Influences

Furthermore, certain influence functions can
decomposed ithe sensehattheyare known taconsist of
groups of influences combined additively or multipli-
catively. More precisely, a function [f Mon, s, .5y IS
said to be decomposable additively, iff

0ono{1,...,n-1} 0,0 Mon(%,_,,s) ., 0 Mon(sﬂ,...%)
OX1, o0 Xn DR T (Xq, X2p ey %) = F (X1, oy X) + T (Xie1, ooy %)

be

A special case ishe complete decompositioimto single
influences, which corresponds to the assumptiolinefr
combination.

We depict decomposed influences bgparating the
combination information. Compare Figure 3 for the
notation forcompletely additively decomposed influences.
The restrictions given at the arrows refemly to the
respective group of influencethus making e. g. linearity
a weaker condition in the decomposed case.

L Gl e,
A F_2|_>‘i - GZ C
s B et L&
A IF: Gl C_
B = n]c A) m ) f,OF (1<i<n)
= 2hA) 280D g ng a<jcm)

Figure 3: (Completely) additively
decomposed influences

Analogously we can decompose (single) influences
multiplicatively. For more sophisticated constructions,

intermediate variables have to be used. The graphical

notation useswo newcombinationsymbols (%" and"/",
see Figure 4).

PN L= G e,
A F, X / G, C
‘I x| B [T
' Xl [r
A Lo Gof ¢
n
[1fi(A) f.0OF, (1<i<n)
B = =1
m 0G; (Ijsm
J-Dlgj(ci) g;0G; (1<jsm)

Figure 4: (Completely) multiplicatively
decomposed influences

Integrative Influences

The discussed influences correspond ttee qualitative
proportionalities used in QPT ([Forbus 84]). To represent
the so-called "direct influences" of QPT, we need an
integrative influence, expressirthat thederivative of a
variable A is (monotonically) dependent on a group of

other variables B B, ..., B
dA(t
# = f(Bl (t), . Bn (t)), fO Mon(slvszvm%)

We useall of theconstructions of function restrictions and
decomposition discussed above. draphical display we
enclosethe combination information in a circle or a
rectangle with rounded edges, as is shown in Figure 5.

A
Fz ()
Sy
A, ENN
' l%&
A, |-
dB
o =f(ALA,. A L), fMon (SnS))
with the additional restrictions from the F

Figure 5: Integrative influences

In this way we can represent a qualitative abstraction (with
respect tothe functionsinvolved) of an ordinarydiffe-
rential equation in our modeling languaged in turn
extract a partially specified differential equation from a
diagram. Together with a mechanism ifostantiating and
composing model fragments, wanalso visualize models
written in QPE/QPC notation.

Process Models for the Domain Problem

Processesare described bypartial influence diagrams
(possibly with parameters) and additionahformation
about how to compose them with otlpeocessesacting on
common variables. A processiistantiated by giving the
parameters defined valuéisat can beobtained from the
systemdescriptionand aggregating the partial diagrams
into thesystem modelThe formal semanticdescribed in
the lastsection depend othe closedness dhe model. In
the cases discussdtere (transport anchemicaltrandor-
mation), we have apparently additive combination of
influences.

We developed models farediction tasks for both the
short and the long ternbehavior of hydro-ecological
systems. Here we wilpresentonly two simple ones to
study their interaction.

As a basic modeling decision, we divided the water body
of the river under consideration into compartments, i. e.



regions with similaflow characteristicsthat areassumed
to have homogenous parameter valldge partitioning is NH.{locatior]
a spatial abstractiothat preserves only topological infor-
mation (basically the neighborhood relatiorgand some

individual properties of the compartments (evglume). i
Variables areassociated with single compartments (e. 4 percentage. |Li rate. Lin[reaction-constart
ammonia concentration) or a set of compartments (e. |{dissoc[ocatior] > [IOd(I:Sa?%Cﬂ i< dissocfocatior]
the directed water flow between adjacent compartments) +

A simple generic process description for advection of Lin Mon

some constituent (e. g@mmonia)between twoadjacent
compartments sfc and des) is shown in the influence
diagram in Figure 6.

pH[location|

T

NH3[location]

. . Figure 7: Dissociation process without feedback
constituent X rate.adv Lin_ | constituen
S < [const,src,de$f “| [des} I However, the combination of the influences on the
n X concentration in the destination compartmentaasumed
to be additively decomposable from other influences.
Furthermore, a version of the dissociatipmocess
flow[src,dest '| without feedback will be used’he concentration of NH
will be treated as equaling the total ammogicen-

tration. Thus, we can neglect thess of NH by the
transformation. The resulting influence diagram is pre-
sented in Figure 7.

Figure 6: The advection process (simple version)

Unlabeled arrowsare to be read as bearing tigentity
label "Id". The boxes with a black shadow denote .
important state variableZhey represent concentrations. Model Composition

Thus, the transported amount of matter is obtained by we composehe advectivetransport of ionized ammonia
multiplication of thesource compartment concentration (which we treat as total ammonia, that NH; is assumed
with the (absolute)flow betweenthe compartments. The  not to besubject to advection) fromompartment "In" into
loss respectively gain in concentration is then calculated asa specificcompartment, X, androm X to compartment

a linear function (the linearitfactor being in eithecase "Out", with the dissociation takinglace inside compart-
the reciprocal of the volume of the respective ment X, we obtain the diagram in Figure 8.
compartment, which is assumed constant). _ So we benefit from being able tmmposethe system

It will instantiated for various chemical constituents, model from a simple structure descriptand alibrary of
const(ituent) and locations, src and dest Note that the  generic process descriptions (both described in detail in
semantics in the strisiense given ithe lastsections will [Heller 95]), butthe simulation of the resultinmodel is

be valid for the complete (composed) model only. unnecessarily complicated hige largedifference in the

(In) | compartment X ! (Out)
| |
Lin Lin Lin
NH4[In] (2 rate. n k N rate.
é.: >|Z adV[NH‘l’In’X] > NHA[X] HZ adV[NHzl,X,OUt] [~ _>
x X
\f‘ Lin \f‘
flow[In, X] L
: percentagd.-!" rate. Lin [ reaction-constan}. | | flow[X,Out]
o dissoc[X] = dissoc[X] i dissoc[X]

T

|

|

|

|

|

— I

X + :
) |

Lin Lin Mon :

|

NH3[X] pH[X] :
g m— |

Figure 8: Interaction of advection and ammonia dissociation




strength of the integrative influenceSome qualitative
simulation frameworks lack way to expresshe different
orders of magnitudand therefore even produce spurious
solutions by erroneous assessment of the counteraction.
For testing purposes, we transformed tbietained
influence diagram into the modeling languageQ8IM
([Kuipers 86]), like QPC would do. Unfortunately, we
loosethe causal information represented in ooodels,
which is partially responsible fosome problems of
efficiency. A part of the QSIM algorithm exhibits

exponential behavior in the number of involved variables.

Some variablesnight be irrelevant, e. goecause they
are not observable.The elimination of intermediate
variables for multiple influences is shown as (9b).

Analogous operators exist for integrative influences, on
some variable CFor an integrative influence on B there is
a restriction (at least in treemactics used): Banonly be
eliminated, if all of theinfluence originating from B are
linear (see 9c).

Partial decomposition of influencesan bepreserved, if
the relating function is linear. Forcompletely
decomposable influencethe operator has tiferm shown

From the misjudgement of the relative orders of in (9d).

magnitude of theeffects oftransport and transformation

also impossible behavior branches resulted. Even for originating from the

Various cases withadditional influences on C, not
intermediate variable B, are

slowly rising NH4 values, the ratio of the concentrations is considered in [Heller 95], but will not be discussed here.

hypothesized to be significantly out of equilibrium. For the

All of the operatorsabove reduce the number of

illustration of thiseffect, an extended example is given in variables, which is an advantage in itself.

[Heller 95].
We propose a solutiothat will will both reduce the
number of variablesand make use ofthe information

Another class of operators achiewke subsumption of
parallel influences i. e. of influences with thesame
sourceand destination and theame combinatiosymbol

about the different orders of magnitude in the effects of the (either "+" or -"). Figure 9eshowsthe decomposed case,

interactingprocesses toule out spurious solutiong.his
will be achieved by local syntactical operatdrans-
forming a given influence diagram.

Model Transformations

We developed a set tansformation operators simplify

influence diagrams in order tdentify the basic influence
structure in more complex interactionsChe goal is to
examine in a formalay the applicability of theso-called

time-scale abstraction. Time-scale abstraction, as intro-.

duced by Benjamin Kuipers ([Kuipers 87]), will formally
be treated as an approximation. In the forfrainework
of model relationsdeveloped in [Struss 92], abstraction

transforms a model into a strictly weaker version, whereas

approximation replaces one model agother onethat
may violate validity.

Abstraction Operators

An overview ofabstraction operators is shown in Figure 9

(on the next page).
If a variable specified in a modé&lagment is assumed
constant in the context of theomplete model, we can

eliminate it, because it unnecessarily complicates the

reasoning task. Thelimination of constantsis achieved
by the operator (9a). Thelass of functions on theght

handside is obtained biaking the maximum witlhespect
to set inclusion (remembeéhat IdC Lin O Lip O Mon).

The resulting model transformation is an abstraciwen
more precisely, dview" as defined in[Struss 92]). The
proof for this operatorand for the following onescan be
found in [Heller 95]).

which is the simplest one.

Time-Scale Abstraction as Approximation

To cope with widely separated time-scadesl tomake the
reasoning tasKeasible in cases where "fasthd "slow"
processesnteract, we intend tadentify subsystems (by
employingthe operators introduceabove)that can— un-
der certain conditions be substituted by functional de-
pendencies, while committingnly a neglectable appro-
ximation error. Thiscorresponds to the technique of
abstraction by time-scale" as defined in [Kuipers 87]. If
the elementary influence structure has one ofdhewing
forms, we usehe solution of the equilibrium equation as
substitute.

In Figure 10 we showwo operators acting oolosely
related structures, namely on direct linear self-stabilization
(10a) and on multiplicatively mediated linear self-
stabilization (10b). Bothare discussed in detail in
[Heller 95].

In the first case it is even possible to derive precise
bounds orthe approximation error committed, by analysis
of the underlying ordinary differential equation. In
general, the quality of the approximation increases with

the linearity factor of the stabilizing function (clasg) F

anddecreases witthe Lipschitzcoefficient ofthe transfer

function (class f) and the maximum variation of the

derivative of A.
So we profit from preserving the informatiabout the

function class restrictions (namely linearitgnd the

Lipschitz condition) while using the abstraction operators
shown in Figure 9. Atthis point the additional
information represented pays off.



9a) Elimination of (multiplicative) constants:

K
Lin =N
’%‘ A —>|S B
Al px B

9b) Elimination of intermediate variables (with multiple influences):

Fa O{Id, Lin, Lip, Mon}
SO{x, 1},
K constant

Fa' = max (Lin, R)
S' = sign(K)d {+,-}

Fi, F' O{Lin, Lip, Mon},
S, §'0{+-}
(l<isgn, 1gj<sm)

Fj = max(f,F),
S =S
(1<isgn, 1gj<sm)

9c) Elimination of intermediate variables (shown for a single integrative influence):

A F2>E) B | C | FsG)c

¥

9d) Variant for completely decomposed influences:

F =
A= A=
La = e
2[ ] B [-Feps] C 2 c
- Sh
i i
9e) Subsumption of parallel influences (decomposed case):
F .
F
N ’@E B » A |—>IS| B

Fa O{ld, Lin, Lip, Mon}
Fs O {ld, Lin}
Sa, S 04+, -}

F' = max (&, Fg)
S'=9

F O {Lin, Lip, Mon} (1<i<n)
Fs O{ld, Lin}
S, S O0{+,-} (A<i<gn)

F' =max (i, F) (1<i<n)
S'=SE (1<i<n)

F.i, R O{ld, Lin, Lip, Mon}

S =S 0{+-}
F'=max (f, R, Lin)
S$'=8(>=9

Figure 9: A selection of basic abstraction operators for influence diagrams




10a) Time-scale abstraction for linear self-stabilization:
Fs
@ Fa O{ld, Lin, Lip}
A FA \/T\ B A FA E B Fg O {ld, Lln}
Fa' = max(k, Fs)
10b) Time-scale abstraction for multiplicatively mediated
linear self-stabilization (with an additional influence):
Lin E
F X
A—plZ Q€A B A x| B FaO{ld, Lin, Lip}
Lin D X FeO{ld, Lin, Lip, Mon}
Fe Fp .
Fa' = max(R, Lin)
p P Fo' = max(Pp, Lin)

Figure 10: Two time-scale abstraction operators for influence diagrams

L. operator can be taken by formal reasonatgput local
Application to the Example Model information.

So the simplemodel onthe right handside of Figure
11 can beused for purposes of middlend long term
prediction with a substantial increaseeifficiency. In our
test runs with QSIM, we obtained much morfmcused
predictions (usually a single one instead of mitven 10
behavior branchesynd alltruly spurious solutionsvere
ruled out.

To usethis kind of approximatiorior the model given in
Figure 8, we have to identifthe elementary influence
structure of the fastesubsystem. Thereforé¢he variables
reaction-constant.dissoc[Adnd thenrate.dissoc[A] are
leiminated using the the operator from Figure 9b, which
yields the influence diagram on thieft hand side of
Figure 11.

The influence structurthat appearsnow in the lower
part of thefigure is a case of a multiplicatively mediated Another Example: Motor with Control Circuit
linear self-stabilization. It will be approximated by using )
the operator shown in Figure 10b, whiclustified by the We give ashort examplefor the use ofthe modeling
strong stabilization by the chemical reactiand the language and the transformatioperators in the technical
comparatively slowchanges in Nul(the effects differ by a domain. We havenodeled a directurrent motor with
factor of about 16 . The background knowledge about the control circuit (described in  more detail in
orders of magnitude of the influences can be attached to[Malik/Struss 96]). The influence diagrams of the
the model fragments bythe modeler(and propagated components were derived directly frothe following
consistentlythrough all abstraction operations), so the differential equations (fothe parameter descriptionsfer
decision aboutthe application of the approximation to the table below):

flow[In,A] flow[A,Out]
e e
X . X
NH.IN rate.adv | Ling '\ e Lin [ rate.adv
#] > (N, in.A] Y NHIA x| [NH4,A,0ut]
Lin flow[In,A] ]1 flow[A,Out] W
e e
Z X ) X
percentage] rate.adv | Lin\ Lin ™ ate.adv
dissoclA] NHin] X] [NH,in,A] G NHA] | [INHa.A.Out]
T X :
Llng \# Lin
Lin X
Mon -, HIA Mon
PHIA] >a| NHHA] I PHIA] || NH4[A] |
— —_— "——

Figure 11: The example model. Left side: after the elimination of intermediate variables,
Right side: after applying time-scale abstraction



vz ——m (controller)
Cc

W, = Q-9 (sensor)

dw _cylV - w

== (motor behaior)
dt T

driving voltage

rotational speed (of the motor axis)
measured rotational speed

desired rotational speed

controller constant

motor constant

motor inertia

slip (of the measuring pulse wheel)

vl Hg|e|2g|e|<

From a simple structure description, tHellowing
influence diagram will be derived (Figure 12):

Application of thedeveloped operatorsliminates the
constants (inclusivelyhe derived constant 1-S) from the
model (operator from Figure 9apdalso successively the
intermediate variables 2d, 24, ayv, dw/dt, and gv-w
(operators shown in Figure 9,through d)yielding the
simpler model in Figure 13.

In Figure 14 the result of further eliminatidaf w, and
then v) is shown:

=

Figure 14: The motor model after the second
simplification

Finally, subsumption of the resulting parallafluences
(operator 9e) identifies the elementary influence structure
as a (direct) linear self-stabilizatiothat can be
approximated by a functional dependency (see Figure 15,
TSA-operator from Figure 10a):

Lin

d - v dﬂ»EwI

Figure 15: The final time-scale abstraction of the
motor model

In the desiredcase (no slip: S = 0, controller constant
equals motor constantz & gy), the approximation error
can bebounded by %:T-c, ¢ being &ound on the
derivative of d, thus showing the response of riiwor
being dependergolely onthe inertia. For details refer to
[Heller 95].

Figure 12: Structure description and influence diagram of a motor with control circuit
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