
Automated Diagnosis of Car-Subsystems Based on Qualitative Models

Peter STRUSS, Andreas MALIK
Technical University of Munich, Orleansstr. 34, 81667 München, Germany

email: {struss, malik}@informatik.tu-muenchen.de
http: //wwwradig.informatik.tu-muenchen.de/forschung/qreason/

ABSTRACT

The paper presents objectives and results of a series of case stu-
dies in computer support for diagnosis, failure mode and effects
analysis, and the creation of repair manuals in the domain of au-
tomotive systems. Model-based prediction and diagnosis reflect
the requirements of these tasks. More specifically, qualitative
models of system components are necessary for both capturing
the available knowledge and achieving the desired coverage and
granularity of the analysis results. We describe models for parts
of the anti-lock braking system (ABS) the electronic diesel con-
trol (EDC), and a controlled electric motor. The summarized re-
sults of the case study demonstrate the necessity and utility of
qualitative models for the successful application of automated
diagnosis to industrial problems.

1 INTRODUCTION

Cars are a classical example for a class of technical systems that
comprises a large set of variants assembled from a repository of
basic components. Knowledge-based systems that support tasks
such as design, analysis, and diagnosis in this domain are worth-
less if they cannot solve this “variants’ dilemma”. In order to co-
ver all variants of a certain subsystem, such systems have to be
model-based. More specifically, they have to be based on 

• a compositional model.
This means that a device model is obtained by assembling inde-
pendent, context-free behavior models of components just like
the device itself is assembled from a set of components. Further-
more, safety requirements demand for high standards in covera-
ge and completeness of any automated analysis of causes and
effects of faults, thus ruling out the application of traditional ex-
pert systems which are based on purely empirical knowledge.

Failure mode and effects analysis (FMEA) aims at assessing the
potential impact and origin of malfunctions for a designed arti-
fact. Completeness and reliability of this step (which is often
mandatory by law or a customer’s requirement) is obviously cru-
cial under the aspects of safety, environment, and cost. Diagno-
sis as it happens in a garage or on-board is dealing with similar
problems and requirements, but related to an existing physical
artifact.

In collaboration with a major German supplier of car subsy-
stems, we carried out a series of case studies to explore the fea-
sibility of model-based support for the tasks of FMEA,
generation of diagnosis guidelines and automated diagnosis. As
subjects of the first two case studies, the anti-lock braking sy-

stem (ABS) and the electronic diesel control system (EDC), re-
spectively subsets of them, were chosen. The clear-cut success
criteria for the feasibility study were

• the automated model-based generation of significant parts 
of 

• an FMEA protocol for an EDC subsystem and
• the diagnosis guideline for an ABS subsystem and
• their comparison with the existing respective documents.

As a side-effect, the case study was expected to shed a light on
the relation between the kinds of knowledge underlying the two
tasks. Their very nature imposes additional requirements on the
kind of models. This is because they have to make statements
about classes of faults and symptoms rather than specific, indi-
vidual ones. A study of respective documents confirms this prin-
cipled consideration. Rather than starting diagnosis of a
particular instance from a set of precisely measured variables
(“signal for rotational speed of left front wheel equals 12.5 s-1”),
a diagnosis guideline for an ABS may list potential causes for
“signal for rotational speed of left front wheel is too high” (re-
presented by an errorcode stored in the control unit) or an even
more qualitative symptom observed by the driver such as “vehic-
le drifts to the left when brakes are in operation”. Similarly, an
FMEA for the EDC would link failure modes such as “pedal po-
sition sensor voltage too large, idle detection switch o.k.” with
failure causes like “potentiometer detuned towards upper
bound” (without necessarily specifying the exact pedal position
sensor voltage).

As a result, numerical models and methods are useless, and we
had to develop

• qualitative models 
in order to capture the available knowledge and to generate ap-
propriate results. Theories and techniques for qualitative mode-
ling have been developed in a subfield of Artificial Intelligence
(see [Faltings-Struss 92], [Weld-de Kleer 90]).

In the first two case studies, we successfully demonstrated the
utility for qualitative modeling and consistency based diagnosis
for tasks such as failure mode and effects analysis (FMEA) and
automated generation of repair manuals. The solutions are based
on static models. However, many subsystems of vehicles that de-
mand for automated diagnosis, such as the Anti-lock Braking
System (ABS) and the Electronic Diesel Control (EDC), are dy-
namic feedback systems. 

Dynamic systems are considered as the challenge for modeling,
particularly for qualitative modeling. Since the evolution of cha-
racteristics over time is the crucial aspect of such systems, it is



usually taken for granted that computational methods for pro-
blem solving necessarily involve simulation of the behavior of
the respective system.

Numerical simulation is intractable if there is only partial, or
qualitative, information about the system and its initial conditi-
ons. Qualitative simulation, designed for such cases, can be com-
plex due to ambiguity in the predicted set of behaviors. Anyway,
it would be good if one could get along without simulation. “If
you want to diagnose such dynamic systems, you need (qualita-
tive) simulation”. Our response to this prejudice was a third case
study checking our working hypothesis “you can achieve a lot
without simulation” in preparation of work on the ABS and
EDC.

The example we chose was a system involving an electrical mo-
tor, speed sensor, and controller. The example, although simpli-
fied, is taken from a real application problem where numerical
simulation alone could not meet requirements of fault prediction
and fault identification, a fundamental reason being that the in-
itial conditions for a simulation are unknown. It served as a pa-
radigmatic example for a feedback system, and the results
showed the feasibility of (on-board) diagnosis for this example.

The following section presents details and requirements of the
three application systems. Section 3 discusses some of the qua-
litative modeling techniques used for the case studies, whose re-
sult are summarized in section 4.

2 THE SCENARIOS FROM THE CASE STUDY

In order to obtain appropriate models, the existing documents
(FMEA protocols and diagnosis guidelines) were used as mani-
festations of requirements and knowledge and carefully analy-
zed. We present typical examples in the following subsections.

2.1 Diagnosis Guidelines for ABS

The purpose of the ABS is to prevent the wheels of the vehicle
from locking up in order to enable the driver to steer the car whi-
le using the brakes. This is achieved by a control unit that redu-
ces and increases pressure on the brake cylinders based on the
measured rotational speeds of the wheels through appropriate
actions of valves and pumps. Besides the hydraulic system, it

comprises a subsystem for sensing the wheel speeds and trans-
mitting the respective signals to the control unit. Although this
has been an important part of our case study (since a similar tech-
nology is used for measuring the rotational speed of the motor in
the EDC system, this allowed us to explore the re-usability of
models), we omit details here and concentrate on the actuation
part.

Table 1 shows the electrical topology of an ABS. Wire 30 (the
one at the top) is battery, wire 15 (below) is ignition and wire 31
(at the bottom) is ground. Whenever the ECU (A1) accesses one
of the three magnetic valves (VL, VR and HA) in the valve block
(Y2) by connecting the respective wire to ground (via pin 3 of
plug X2), the magnetic valve is activated, providing that the val-
ve relay (K1) is closed, thus establishing a connection to the bat-
tery.

The section of the ABS repair manual shown in Table 1 lists the
successive test steps to be performed by a mechanic if the error
code “magnetic valve VL defective” is present in the system’s
control unit. The term “check” more precisely means testing the
wires for shorts to battery or ground as well as for breaks. Essen-
tially, the measurements amount to verifying the valve’s connec-
tivity both to sink and source direction; else the valve relay, the
ECU or the magnetic valve itself are suspicious.

2.2 FMEA for the Pedal Position Sensor of an EDC

Figure 2 depicts a subsystem of an EDC, a pedal position sensor,
which transforms the position of the speed-pedal into two si-
gnals, vPPS and vIDS. A mechanical connection (consisting of
bowden-wire, springs, etc.) passes the angle of the speed pedal
(reflecting the speed desired by the driver) on to the electrical
components potentiometer and switch. Whilst the potentiometer
transforms the angle into a voltage by a continuous transfer-

Fig. 1. A simple electrical circuit for the ABS

Error Code No. 2 - “magnetic valve VL defective”

• check wires: from plug X1 pin 1 to valve relay pin 30, 
from valve relay pin 87 to plug X2 pin 2 and further on to 
battery.

• check the magnetic valve’s resistance: specific value is 
0.7 to 1.7 ohm

• check wire to ground, ECU ground pin and wire 31’s 
ground connection

• valve relay or ECU faulty

Table 1: Entry of a typical repair manual

+controller

potentiometer switch

vPPS vIDS gnd src

Fig. 2.The Pedal Position Sensor Subsystem of an EDC

mechanical
connection



function, the idle detection switch, acting as a backup, only di-
stinguishes between idle and drive position and has an input ang-
le interval of uncertainty, in which it may be in either position.
The potentiometer voltage corresponding to this switch-over in-
terval is a relevant system-parameter and specified during de-
sign.

Further components in the pedal position sensor are a power sup-
ply, electrical wires, and nodes connecting potentiometer and
switch to an evaluation unit and to the power supply.

A basic step in FMEA is to relate failure modes of a (sub-) sy-
stem and faults of its components that could possibly cause

them. For the subsystem discussed here, a typical FMEA consi-
ders the failure modes listed in Table 2.

As origins for these failure modes, the FMEA mentions the
failure causes of Table 3.

The lists suggest a number of distinctions that appear to be rele-
vant for the analysis. For instance, the range of the potentiometer
output voltage, vPPS, is partitioned into five intervals:

• below idle (only present under faulty behavior)
• idle (voltage when the pedal is in a position before switch-

over)
• switch over (voltage specified for the switch-over interval)
• drive (voltage in a position past the switch-over interval)
• above drive (again, only for faulty behavior)

This induces corresponding (classes of) failure modes of the po-
tentiometer (“slider beyond upper/lower bound”). In addition,
the “vocabulary” includes statements about deviations from ex-
pected values (“too high/low”) and the occurrence of values and
deviations (“always” not only refers to time, but implies “for all
angles”).

2.3 Diagnosis of a Controlled Electric Motor

The third example deals with a direct-current motor that is con-
trolled in a feedback loop (Figure 3). The actual speed ω of the
axis of motor M is measured by a revolution counter S. The re-
spective value ωm is fed to the controller C. Using knowledge
about the present measured motor speed and the desired speed d,
the controller adjusts the voltage v driving the motor.

The (differential) equations of the three participating compon-
ents are given in Table 4.

Measurement of speed is achieved inductively by means of
counting pulses generated by a ferromagnetic pulse wheel and an
inductive sensor. This sensor was modelled in greater detail in
the case-study, but will not be discussed here (for details see
[Malik-Struss 96]). 

The problem includes, along with the differential equations
stated above, a catalog of faults that are to be distinguished. Ex-
amples of these 26 considered faults are:

• flow constant of electric motor too low,
• inertia of motor too high,
• rotor of motor jammed,
• deviating constant of the controller, 
• a sensor pulse wheel with a wrong number of teeth, and
• constant or temporary slippage of the pulse wheel.

• vPPS out of lower bound (there is a minimal voltage 

below which a signal is assumed distorted)

• Likewise, but intermittent

• vPPS out of upper bound

• Likewise, but intermittent

• vPPS too low (detuned), vIDS o.k.

• vPPS too high (detuned), vIDS o.k.

• vPPS constant (inert) in idle interval

• vPPS constant (inert) in switch over interval

• vPPS constant (inert) in drive interval

• vIDS always off, vPPS = idle

• vIDS always on, vPPS constant

• pedal position sensor signal distorted

• vIDS always off, vPPS o.k.

• vIDS always on, vPPS o.k.

• vIDS intermittent in idle, vPPS o.k.

• vIDS intermittent everywhere, vPPS o.k.

• vIDS detuned switch over, vPPS o.k.

Table 2: Failure modes in an FMEA protocol

Component faults in the pedal position sensor

• Wires: broken/disconnected, shorted to ground, shorted 
to source, loose contact/transition resistance/signal distur-
bance

• Switch: internal fault (stuck at rest contact, stuck at make 
contact), worn-out contact (early switch over, late switch 
over)

• Power supply: empty, low, overcharged

• Mechanical connection: stuck at idle position, stuck at 
drive position

• Potentiometer: internal fault (slider stuck in idle posi-
tion, - switch over position, - drive position, slider beyond 
lower bound, slider beyond upper bound, detuned 
towards lower bound, detuned towards upper bound)

Table 3: Failure causes mentioned in an FMEA protocol
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Fig. 3.The control circuit with electrical motor



The clear-cut success criteria were defined as to how well the
diagnostic system can detect, isolate and discriminate among
this total set of faults.

It is obvious that not all of the stated initial causes can be distin-
guished merely by the effects on the input/output variables of the
components. For example, a pulse wheel with too few teeth will
cause the same deviation as a constant positive slippage.

We assumed conditions similar to on-board diagnosis. The dia-
gnostic system is situated in or near the controller and can in-
spect the measured rotational speed (ωm), the desired speed (d)
and possibly information about the derivatives of these quanti-
ties. The current (v) and the actual speed of the motor (ω) are not
measurable.

The goal was to analyze if, and to what extent, the applied mo-
dels and diagnostic algorithm are suitable for

• fault detection, i.e. to detect that a fault is present,
• fault localization, i.e. to detect where the fault lies,
• fault identification, i.e. to determine which fault is present.

3. MODELS WITH QUALITATIVE 
DEVIATIONS

The three case studies emphasize the need for qualitative models
by the nature of the available information as well as the qualita-
tive distinctions between classes of behavior models. The dia-
gnosis guidelines and the FMEA documents refer to open and
short circuits, low battery, etc. as opposed to exact figures on a
wrong resistance, for instance. Also in case of the electric motor,
many faults can only be characterized in qualitative terms (e.g.
slippage of the pulse wheel).

This section presents some important aspects of the models for
solving the tasks described above. (A more detailed description
of circuit models can be found in [Struss-Malik-Sachenbacher
96]).

A large group of fault classes and symptoms are characterized in
the documents by stating a qualitative deviation of a parameter
or variable from a value that would be expected under normal
conditions (for instance “vPPS too low (detuned)”).

If we analyze the set of possible faults of the motor, some of
which are listed in the section 2.3, we notice that they can all be

described by a deviation of parameters occurring in the equati-
ons of the respective component. For instance, the controller
constant can be too high, and a missing signal ωm is given by c
= 0. Note that the list of faults actually talks about classes of
faults, rather than specifying numerical distinctions. For examp-
le, it would be highly inappropriate to try to characterize slippa-
ge by exact figures. Characterizing parameters just by the
direction of their deviation appears to suffice for diagnostic pur-
poses and is necessary for FMEA. This is the basis for the mo-
dels we used in this case study. For each parameter x we
introduce

∆x = xact - xref

the deviation of the actual value from the nominal one, which
characterizes normal behavior. Only [∆x], i.e. the sign of ∆x,
matters. Deviation of parameters potentially produces deviations
in the system variables, some of which are observable in the dia-
gnostic situation or critical to the FMEA. 

In the dynamic case of the electric motor, these deviations of va-
riables could be defined as the difference between the dynamic
quantities corresponding to the actual behavior and a reference
behavior:

∆x(t) = xact(t) - xref(t).

However, determining ∆x(t) requires, besides a measurement of
xact(t), computation of xref(t) for the respective time point t, i.e.
simulation.

In our models, we chose fixed values of the variables as a refe-
rence which could be easily determined: the value of the equili-
brium state of the system under correct behavior of all
components, i.e.

ωref = ωm-ref = d,
vref = cC

-1 ∗ d,

and 0 for the derivatives. In particular, we obtain

∆ωm = ωm − d,

which can be determined from the measurements in the diagno-
stic scenario as defined earlier.

Deviations of sums and products can be reduced to qualitative
sums and qualitative products. With the definition of ∆x we ob-
tain the following rules:

[∆(a + b)] = [(a + b) - (a + b)ref] = [a + b - (aref + bref)] = 
[∆a + ∆b] = [∆a] ⊕ [∆b]

[∆(a ∗ b)] = [(a ∗ b) - (a ∗ b)ref] = [a ∗ b - aref ∗ bref] = 
[a ∗ ∆b + b ∗ ∆a - ∆a ∗ ∆b] = 

[a] ⊗ [∆b] ⊕ [b] ⊗ [∆a]  [∆a] ⊗ [∆b]

This allows us to derive a model in terms of qualitative deviati-
ons from the equational models of the respective components. 

For the motor, for example, this resulted in the models:

[T] ⊗ ∂ω ⊕ [ω] = [cM] ⊗ [v]
[∆T] ⊗ ∂ω ⊕ ∂∆ω ⊕ [∆ω] = [∆cM] ⊗ [v]  ⊕ [∆v]

(where ∂ω is an abbreviation for [dω/dt]). These models repre-
sent physical relations, and thus hold for both, correct and faulty
behavior. These generic qualitative models are combined with
the characteristic constraints on signs of parameters and their de-
viations. A too strong intertia of the motor would thus be descri-
bed as

[∆ωm] = [+]

whereas a totally jammed motor is represented by

[cM] = 0.

Motor M: T ∗ dω/dt = cM ∗ v − ω

Controller C: cC ∗ v = 2 ∗ d − ωm

Revolution counter S (black box): wm = cS ∗ ω

w rotational speed of the motor [s-1]

T inertia of the motor [s]

cM constant of the motor [s-1V-1]

v driving voltage [V]

cC constant of the controller [s-1V-1] (normally equal to cM)

wm measured rotational speed [s-1]

d desired rotational speed [s-1]

cS measurement coefficient [1] (normally equal to 1)

Table 4: Equations and constants of the control circuit



If faults are stated as parameter deviations, the resulting deviati-
ons of variables can be predicted by the model which is one in-
dependant subtask in FMEA. In the diagnostic situation,
symptoms are stated as deviating observables and the diagnostic
engine checks for the possible parameter deviations that might
cause them.

4 RESULTS OF THE CASE STUDIES

Our work is based on consistency-based diagnosis ([Struss-
Dressler 96]) which checks consistency of a behavior model
with a set of observations of the actual system behavior. This al-
lows for

• fault detection, if there is an inconsistency with the model 
of correct behavior,

• fault localization by suspecting all components whose 
models of correct behavior contribute to the inconsistency 
(“dependency-based diagnosis”),

• fault identification by refuting component faults whose 
models are inconsistent with the observations.

The models presented above and the ones for other system com-
ponents were used to generate information relevant to FMEA
and the diagnosis guidelines, respectively. 

4.1 ABS Diagnosis Guidelines

For producing diagnosis guidelines, the error codes that are pro-
vided by the control unit and used as entry points in the guideli-
nes were stated as the set of (qualitative) observations that
trigger the error code and in this form used as an input to the mo-
del. From this, the standard general diagnosis engine (GDE, [de
Kleer-Williams 86]), based on models of correct behavior only,
generated a set of diagnosis candidates under a single fault focus
in accordance with the single fault assumption underlying the
diagnosis guidelines. Hence, the result was a set of suspect com-
ponents to be checked in the repair shop. For the 11 considered
errorcodes for the ABS (which make about 60% of the entire set,
some of which are symmetric for the different wheels), 

• the set of components occurring in the actual diagnosis gui-
delines was completely covered by the automatically gene-
rated diagnoses. 

GDE generated additional diagnoses which were obviously
ignored in the diagnosis guidelines as unlikely or implicitly sub-
sumed by the checks (e.g. plugs by the adjacent wires). The for-
mer case could be handled by adding failure probabilities (even
in a rough, binary way), which we did not.

• The runtime required (in the order of 1 minute per error-
code on a SPARC20) is acceptable if the task of computer-
supported generation of the guidelines is considered.

A further step involved generation of multiple-fault candidates.
Although in our example only very unlikely ones were found,
this is an option for critical symptoms or for a second stage of
fault localization if no single fault can be localized.

Finally, fault models were used by the extended diagnosis engi-
ne, GDE+ [Struss-Dressler 89] to rule out failures of suspect
components that are inconsistent with the observations. This re-
sulted in a refinement of the existing diagnosis guideline, which,
for instance, always proposes to check a wire for short to ground
and battery and open circuit, no matter whether all faults could
possibly account for the error code.

In another experiment, a “diagnosis guideline” was generated for
an ABS that exists only as a blueprint, designed for a future car.
Thus, we demonstrated that such guidelines can be produced ear-
ly in the design phase and that the models and the diagnostic ap-
proach really solve the “variants’ dilemma”. Whilst the analysis
of the domain and the development of the model library took us
several months, entering the structural description of the new
ABS (by hand!) and generating the diagnoses was a matter of
one afternoon.

4.2 FMEA of the Diesel Control System

As for the FMEA, the task was to generate two columns of the
respective document for the pedal position sensor: namely the
appropriately linked entries under “failure mode” and “failure
cause” (see section 2.2). There are two possible directions for de-
riving these links. Starting with a given failure mode and deter-
mining the potential failure causes for it corresponds to GDE+
diagnosis as described for diagnosis guidelines generation. In
our case study, the system operated in the reverse direction: for
a given component fault (single fault as in the FMEA document)
the potential effects on the crucial output variables (vPPS and
vIDS) are predicted. For this task, we do not even need a diagno-
stic engine, but only the model-based predictor. In a loop, all sin-
gle component faults are “inserted” and the respective values of
the outputs are predicted by this model of the faulted subsystem. 

The section of the FMEA that dealt with the pedal position sen-
sor listed 26 relationships between fault modes and causes (co-
vering six A4 pages out of approximately 60 for the entire EDC),
disregarding the always applying possibility of a broken control
unit and effects of intermittent faults which have not yet been
included in our models. 

• 23 out of these 26 links were found by the automated 
system. 

• One additional cause was detected for one of the fault 
modes.

In many cases the generated results were more specific in men-
tioning the specific (classes of) faults, rather than summarizing
them by terms such as “internal errors”.

The cases not covered were related to bridge faults in the circuit.
Our model could not handle this properly, because the di-
stinctions between voltages did not suffice; for this purpose, the
qualitative values in the domain for voltage would have to be re-
fined or ordinal information about voltages exploited. 

• Runtime for generation of the entire list was about 20 
minutes.

4.3 Diagnosis of the Controlled Electric Motor

Although simple, the motor example constitutes a challenge in
three respects:

• It is a dynamic system. Is it possible to diagnose it without 
having to perform some kind of simulation?

• It is a continuous system. Is it possible to diagnose it based 
on a qualitative model?

• It is a feedback system. Is it possible to diagnose it using 
consistency-based diagnosis (especially dependency-based 
diagnoses) despite the fact that each observation in the feed-
back loop is dependent on all components in the loop?

The answer to the third question is that fault localization in feed-
back loops with limited observability, if possible at all, inevitab-



ly has to be based on fault models (which is necessary for fault
identification for even more obvious reasons, anyway). The ba-
sis is “physical negation” ([Struss-Dressler 89]), i.e. exonerating
components whose entire set of fault models is refuted by the ob-
servations.

The ultimate reason for a positive answer to the second question
is that a fault is nearly always defined as a cause of a qualitative
deviation from normal behavior. In our case, faults can be des-
cribed as qualitative deviations of actual parameter values from
the nominal ones.

The main question in this case study was the first one.

For static models, behavioral discrepancy is simply given by two
contradictory states, i.e. two different values of at least one va-
riable. For a system that changes state over time, a discrepancy
is obtained if there are two conflicting predicted/observed states
for the same time points. Usually, it is concluded that, in order to
detect this,

• we need simulation to derive a description of behavior over 
time, and

• we need numerical simulation, because different values 
establish a discrepancy only if they refer to the very same 
time point.

We tried to prove the hypothesis that model-based diagnosis of
dynamic systems does not necessarily require simulation.

The key idea to avoid simulation of models of the control circuit
is the following consideration: The essence of consistency-based
diagnosis is to refute (correct of faulty) behaviors that are incon-
sistent with the observations. In qualitative reasoning, behaviors
are sequences of qualitative states. If a model predicts a se-
quence different from the one we observe we have to obtain an
inconsistency. Predicting a sequence (or a tree) of states means
performing some kind of simulation (or envisionment). Howe-
ver, we can do with less: if we observe a single state that is not
consistent with the (dynamic) model of a particular behavior,
this suffices to establish an inconsistency and, hence, to refute
this behavior. For detecting this inconsistency, simulation is not
required. All we need is to check whether the observed states are
consistent with the respective behavior models

Using this efficient method of checking state consistency, the de-
scribed models proved remarkably successful for fault detection: 

• Out of 26 considered faults
• 24 were detectable merely by the qualitative values of the 

stated observable variables.

Furthermore, we showed that using a more refined model of the
revolution counter also improved fault identification.

A more detailed discussion of the models and the diagnostic ap-
proach and its preconditions can be found in [Malik-Struss 96].

5 SUMMARY

The case study demonstrates the utility of qualitative models in
situations where numerical models are not available or inappro-
priate due to the nature of the task and/or given information.
They provide a means for expressing and exploiting seemingly
informal knowledge, for instance about qualitative deviations of
behavior, on a firm theoretical ground in formal models. Since
qualitative models make explicit the essential distinctions only,
they cover types or classes of components rather than individual
ones, thus facilitating rather small model libraries.

ACKNOWLEDGMENTS

We would like to thank Anton Beschta and the members of the
MBSQR group Munich, Oskar Dressler, Florian Dummert and
Ulrich Heller, for their valuable contributions. This work was
supported in part by the German Ministry of Education and Re-
search (# 01 IN 509 41).

REFERENCES

[de Kleer-Brown 84] Johan de Kleer, John Brown, A Qualita-
tive Physics Based on Confluences, AI Journal, 1984.

[de Kleer-Williams 87] Johan de Kleer, Brian Williams, Dia-
gnosing Multiple Faults, AI Journal, 1987.

[Dressler-Struss 89] Oskar Dressler, Peter Struss, Physical
Negation: Integrating Fault Models into the General Dia-
gnostic Engine, in: Proceedings of the 11th International
Joint Conference on Artificial Intelligence (IJCAI’89),
1989.

[Dressler-Struss 96] Oskar Dressler and Peter Struss, The Con-
sistency-based Approach to Automated Diagnosis of
Devices, in: G. Brewka (ed.), Principles of Knowledge
Representation, CSLI, 1996.

[Faltings-Struss 92] Boy Faltings and Peter Struss, (editors)
Recent Advances in Qualitative Physics, MIT Press, 1992.

[Malik-Struss 96] Andreas Malik, Peter Struss, Diagnosis of
Dynamic Systems Does not Necessarily Require Simulation,
in: Working Papers of the 10th International Workshop on
Qualitative Reasoning (QR-96), AAAI Press, 1996.

[Struss 92] Peter Struss, What’s in SD? Towards a Theory of
Modeling for Diagnosis, in: W. Hamscher et al. (eds.), Rea-
dings in Model-based Diagnosis, Morgan Kaufmann
Publishers, San Mateo, 1992.

[Struss-Dressler 89] Peter Struss, Oskar Dressler, Physical
Negation - Integrating Fault Models into the General Dia-
gnostic Engine, in: Proceedings of the International Joint
Conference on Artificial Intelligence (IJCAI-89), Morgan
Kaufmann Publishers, San Mateo, 1989.

[Struss-Malik-Sachenbacher 96] Peter Struss, Andreas Malik,
Martin Sachenbacher, Qualitative Modeling is the Key to
Diagnosis, in: Proceedings of the IFAC’96, 13th World
Congress, San Francisco, 1996.

[Weld-de Kleer 90] Daniel Weld, and Johan de Kleer, (editors)
Readings in Qualitative Reasoning about Physical Systems.
San Mateo, 1990.


