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Abstract

Monitoring and diagnosis of cyber-physical sys-
tems typically rely on either quantitative simu-
lation models with system-specific parameters or
large amounts of training data. However, both ap-
proaches often struggle to generalize across sys-
tems that share the same physical structure but dif-
fer in configuration or operating conditions. To ad-
dress this limitation, we previously proposed a fault
detection framework based on Qualitative Simula-
tion (QSIM) that avoids instance-specific parame-
terization.

In this paper, we empirically evaluate the proposed
approach on a set of systems from several do-
mains. Across these case studies, we investigate
various faults and analyze the ability of our tech-
nique to detect deviations from nominal behavior.
These initial results suggest that QSIM-based diag-
nosis is a promising but model-sensitive direction
for parameter-independent fault detection, particu-
larly when faults produce clear qualitative devia-
tions from nominal behavior.

1 Introduction

Fault detection and diagnosis (FDD) is essential in order to
ensure the availability and reliability of cyber-physical sys-
tems (CPS) to prevent equipment damage, system shutdowns,
unnecessary operational costs, and potentially safety critical
scenarios. However, developing monitoring solutions that re-
main robust across various installations featuring different
configurations and operation environments continues to be
a challenge [Dowdeswell er al., 2020]. Let us consider the
building domain; smart buildings featuring identical archi-
tectural designs may exhibit different thermal dynamics due
to seasonal changes, degradation over time, or differing oc-
cupancy patterns [Genkin and McArthur, 2022]. Conven-
tional monitoring solutions, such as quantitative simulation
or machine learning approaches, often struggle with this vari-
ance. For example, temperature and humidity changes can
affect a building’s thermal resistance, which may cause rigid
quantitative models that rely on precise parameterization to

* Authors are listed in alphabetical order.

produce inaccurate results [Venkatasubramanian et al., 2003;
Katipamula and Brambley, 2005]. Data-driven approaches
face a similar challenge. Because buildings are unique, mod-
els trained for a specific building often generalize poorly on
others [Lu et al., 2019]. While transfer learning has been
explored to mitigate this issue, its effectiveness across het-
erogeneous buildings remains limited [Genkin and McArthur,
2022; Dou and Zhang, 2025].

This lack of generalization extends to the basic compo-
nents of a smart building. Let us consider a standard RC cir-
cuit as depicted in Figure 1, which is a fundamental build-
ing block in many sensors and control units. A quanti-
tative model tuned to monitor a circuit with a resistance
of R = 109 and capacitance of C = 0.001F may no
longer remain accurate when applied to an otherwise identi-
cal circuit with R = 15€). However, the underlying causal
physics remain unchanged: the circuit still obeys Kirch-
hoff’s laws and the relation ¢ = C - d{’;—f, independent of
the specific parameter values. Qualitative reasoning natu-
rally captures this invariance and provides an abstraction for
precise numerical parameters while focusing on the under-
lying structure and behavior of the system [Forbus, 1984;
Kuipers, 1989al.

(20—

Figure 1: Simple RC circuit consisting of a resistor R, a capacitor
C, and a switch sw1, and a battery bat.

In previous work [Das er al, 2025], we introduce
a fault detection approach using Qualitative Simulation
(QSIM) [Kuipers, 19861, in particular ASP-QSIM [Wiley et
al., 2013], to monitor CPS. We model the system under diag-
nosis using qualitative constraints encompassing the nominal
system behavior. Faults are detected by comparing the con-
formance of the qualitative behaviors generated by the sim-
ulation with the abstracted system observations. While our
previous work established the theoretical framework, its abil-
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ity to generalize across parameter shifts has not yet been sys-
tematically evaluated. In this paper, we address this gap by
conducting an empirical study of QSIM-based fault detection
in CPS under parametric variance. We demonstrate that our
QSIM framework is capable of detecting faults across diverse
parameterizations without any modification to the underlying
qualitative model.

The remainder of the paper is structured as follows. Sec-
tion 2 covers related work, while in the subsequent section we
discuss the fundamental theoretical background of our work.
Section 4 describes our evaluation setup, benchmarks and re-
sults. Afterward, we conclude the paper and elaborate on fu-
ture work.

2 Related Work

Qualitative reasoning is a well-established approach for mod-
eling and analyzing physical systems without requiring pre-
cise numerical values, thereby enabling reasoning about dy-
namic system behavior under incomplete knowledge [Travé-
Massuyes and Milne, 1995]. Early approaches include qual-
itative physics based on constraint relations [De Kleer and
Brown, 1984], Qualitative Process Theory (QPT) for model-
ing system behavior in terms of interacting processes [For-
bus, 1984; Bredeweg et al., 2009], and QSIM, which gen-
erates possible system behaviors from qualitative differential
equations (QDEs) [Kuipers, 1986; Kuipers, 1989b]. One im-
portant application area of qualitative reasoning is the mon-
itoring and diagnosis of dynamic systems. An early ap-
proach is MIMIC [Dvorak and Kuipers, 19911, which com-
bines qualitative simulation, behavioral tracking and model-
based diagnosis (MBD) [Reiter, 1987; de Kleer and Williams,
1987]. MIMIC utilizes qualitative and semi-quantitative
simulation to generate a hypothesis space of possible be-
haviors. This predicted behavior is compared to the ob-
served system behaviors over time. Diagnosis is performed
through a hypothesize-and-match cycle in which observa-
tions evoke fault hypotheses. Qualitative simulation is then
used to generate the predicted behavior of each hypothesized
fault. If the predictions of a fault model match further ob-
servations a possible abnormality has been identified. Rin-
ner and Kuipers (1999) extended the framework to enable
the monitoring of dynamic systems that exhibit both discrete
mode changes and continuous evolution. However, MIMIC
assumes that all possible fault models are explicitly repre-
sented and simulated a priori. Approaches by Lackinger and
Nejdl [Lackinger and Nejdl, 19911, Leitch et al. [Leitch et
al., 1993], and Subhramanian and Mooney [Subhramanian
and Mooney, 1994] used qualitative simulation to generate
behavioral predictions and identify fault hypotheses explain-
ing inconsistencies between predicted and observed behav-
ior. These approaches additionally emphasized synchronous
tracking, temporal consistency, and behavioral verification
over evolving qualitative state sequences.

In contrast to existing qualitative simulation approaches to
monitoring and diagnosis, we perform fault detection based
on a conformance relation over sets of behaviors generated by
qualitative simulation [Das et al., 2025]: faults are detected
when the observed system evolution cannot be explained by

any nominal behavior. This is realized by comparing a qual-
itative abstraction of the observation trace against the pre-
dicted behaviors using a conformance relation inspired by
Aichernig et al. [2009], who used conformance in the context
of test case generation. More generally, conformance-based
approaches compare observed traces against behaviors per-
mitted by a model or specification and have been studied in
the context of cyber-physical and hybrid systems [Mohaqgeqi
etal.,2014].

3 Preliminaries

In this section, we outline the fundamental concepts that form
the basis of our approach. We first provide a brief overview of
qualitative simulation using QSIM before putting it into prac-
tice within the ASP-QSIM framework. Finally, we describe
how qualitative simulation can be used for fault detection in
combination with conformance checking.

3.1 Qualitative Simulation (QSIM)

Qualitative simulation is a reasoning technique used to pre-
dict possible responses of dynamic systems when precise
quantitative data is unavailable. System variables are de-
scribed by qualitative magnitudes (e.g., positive, negative,
or zero) and qualitative directions of change (e.g., increas-
ing, decreasing, or stable) [Forbus, 1984]. One influen-
tial framework for qualitative reasoning is QSIM [Kuipers,
1986]. QSIM represents system dynamics using QDEs,
which describe relationships between system variables and
their derivatives in symbolic form. These equations capture
the structure of the physical system while abstracting away
from precise numerical values.

Definition 1 (Qualitative Differential Equation). [Kuipers,
1989b] A qualitative differential equation (QDE) is a tuple

Q == <‘/7Q707T>7

where V is a finite set of system variables, () assigns to each
variable in V a quantity space consisting of qualitative land-
marks and intervals, C'is a set of qualitative constraints relat-
ing the variables, and T is a set of transition rules specifying
how qualitative states may evolve over time.

Given a set of QDEs and an initial qualitative state, QSIM
generates the set of admissible qualitative behaviors. Each
behavior is a sequence of states such that every successor state
is consistent with the constraints and transition rules of the
QDEs.

3.2 ASP-QSIM

ASP-QSIM [Wiley et al., 2014; Wiley, 2017] is a declarative
framework for qualitative simulation based on Answer Set
Programming (ASP). Within this logic programming frame-
work, QSIM is represented as qualitative constraints, QDEs,
and transition rules.

To illustrate how qualitative models are encoded and sim-
ulated in ASP-QSIM, let us consider the simple RC cir-
cuit in Figure 1. The circuit consists of a resistor, a ca-
pacitor, and a switch controlling the charging and discharg-
ing process. The system is described by a set of qualita-
tive variables V/, including the battery voltage (battery_v),
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switch position (switch_pos), operating mode (mode), ca-
pacitor voltage (cap_voltage), its derivative (dcap_voltage),
current (current) and resistor voltage (res_voltage).

Each variable is assigned a quantity space defined by quali-
tative landmarks or symbolic values, such as {zero, half, full}
for capacitor voltage and {zero, half, max} for current and re-
sistor voltage. Adjacency relations define admissible quali-
tative transitions between neighboring regions. In this study,
landmarks are fixed per benchmark. In order to represent ris-
ing and falling trends, the derivative of the capacitor voltage
is modeled using both positive and negative landmarks. In
addition, the switch_pos and mode are modeled as control
variables, which determine the active operating regime of the
circuit. While qualitative variables evolve continuously be-
tween qualitative landmarks over time, control variables gov-
ern structural changes in the model by activating different sets
of constraints.

The qualitative dynamics of the system are captured us-
ing constraints and rules encoded in ASP-QSIM. Core con-
straints describe relationships that always hold. Exam-
ples include the constant battery voltage and the deriva-
tive relation deriv(cap_voltage, dcap_voltage). Addi-
tional constraints model proportional relationships, e.g.,
mplus(res_voltage, current), reflecting that the resistor volt-
age follows the current.

To model different operating regimes, ASP-QSIM employs
rule-based constraints with preconditions. In charging mode
(mode = charge and switch_pos = pos2), constraints such
as sum(res_voltage, cap_voltage, battery_v) are active. In
discharging mode (mode = discharge and switch_pos =
posl), different constraints become active reflecting the ab-
sence of the battery in the circuit loop. This enables ASP-
QSIM to capture both charging and discharging behaviors
within a unified qualitative model.

The initial qualitative state of the RC circuit is defined by
init () facts. In the discharging case, the switch is initial-
ized to pos! and the capacitor voltage is set to full, indicat-
ing a fully charged capacitor that releases energy through the
resistor. In contrast, in the charging scenario, the switch is
initialized to pos?2 indicating an initially empty capacitor that
is charged by the battery and the capacitor voltage is set to
zero. Therefore, the init () facts set the operating regime
from which the qualitative simulation starts.

The desired state of the simulation is defined by goal ()
facts. In the discharge scenario, the goal is for the capacitor’s
voltage and current to go close to zero, which indicates that
the capacitor is entirely depleted. The goal of the charging
scenario is for the capacitor voltage to reach full and the cur-
rent to reach zero, both of which signify the completion of
the charging procedure. Thus, the goal () facts specify the
qualitative end state that ASP-QSIM aims to reach from the
chosen initialization.

3.3 Fault Detection with QSIM

QSIM generates all possible qualitatively consistent behav-
iors of a system based on its qualitative model [Kuipers,
1986]. These behaviors capture the different ways in which
the system can evolve over time under the given qualita-
tive constraints including inherent ambiguities due to abstrac-

tion. Each behavior is represented as a sequence of qualita-
tive states, where each state assigns a qualitative magnitude
(gmag) and direction of change (gdir) to all system variables.

Our fault detection approach [Das et al., 2025] is based
on comparing the observed system behavior with the set of
behaviors predicted by the qualitative model. Intuitively, the
model defines the space of all admissible system evolutions
under nominal conditions and a fault is detected when the
observed behavior cannot be explained by any of these ad-
missible trajectories. The observed data obtained from sim-
ulation traces or sensor measurements is first abstracted into
a qualitative representation by mapping numerical values to
qualitative magnitudes using predefined landmarks. Values
are assigned either to landmarks or to intervals between adja-
cent landmarks. To capture transitions between sampled time
points, we introduce a small number of intermediate steps via
linear interpolation. Furthermore, we abstract away the di-
rection of change and focus only on qualitative magnitudes
as they provide more robust indicators under noise and mea-
surement uncertainty. Consecutive states with identical qual-
itative values are removed, yielding a compact (minimal) rep-
resentation of the observed behavior.

Let Byom denote the set of qualitative behaviors generated
from the model and B, the qualitative behavior derived from
observations. The system is considered nominal if there ex-
ists b € Bjom such that By = b, where = denotes qualita-
tive conformance between behaviors. In practice, we adopt
a bounded notion of conformance [Das et al., 2025], where
only a finite prefix of length m is considered. Thus, the
system is considered conformant if the first m qualitatively
distinct states of B,,s match those of at least one behavior
b € Biom; otherwise, a fault is detected indicating that the
observed behavior deviates from all admissible model behav-
iors. Those inconsistencies can arise from violations of qual-
itative constraints, unexpected changes in qualitative magni-
tudes, or missing state transitions.

Consider again the RC-circuit benchmark, whose quanti-
tative simulation behavior is shown in Figure 2. The mea-
sured variables, such as capacitor voltage, resistor voltage,
and current, are abstracted into qualitative magnitudes us-
ing the predefined landmarks and the intermediate refinement
step. This abstraction yields the observed qualitative behavior
Bqps, represented as a sequence of qualitative states and en-
coded as ASP integrity constraints. ASP-QSIM generates the
set of admissible nominal behaviors By, from the qualita-
tive model. Conformance is then checked by comparing B,
against Byon. Figure 3 illustrates one admissible qualitative
charging trace of the RC-circuit benchmark, while Figure 4
shows one admissible qualitative discharge trace.

4 Evaluation

The objective of this evaluation is to assess the effective-
ness of qualitative simulation and conformance checking for
parameter-independent fault detection across different CPSs.
More specifically, we examine whether qualitative models
capture system behavior with sufficient fidelity to enable re-
liable fault detection without requiring precise numerical pa-
rameter values.
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Figure 2: Quantitative simulation of the nominal RC circuit (with
R =100,C = 0.001F and Vo = 4.5 V) showing the charging
and discharging dynamics over time. Plotted signals include capac-
itor voltage (vc), resistor voltage (vr), current (¢), applied battery
voltage (Vipqt), switch position, and the capacitor-voltage derivative
dvc /dt. The switch transitions to the battery-connected position at
t = 0.1s, initiating capacitor charging, and returns to the discharge
position at ¢ = 0.6s, initiating capacitor discharge.

To this end, we conduct experiments on multiple bench-
mark systems from different domains and evaluate the ability
of the proposed approach to detect deviations between ob-
served behavior and the set of behaviors generated by the
qualitative model through conformance checking. Since pa-
rameter independence is a core goal of this work, both fault
detection and conformance checking are evaluated across
multiple parameterizations of each benchmark. The evalu-
ation thus assesses not only the applicability of the approach
across different domains and system types but also the ro-
bustness and reusability of a single qualitative model under
parameter variation.

4.1 Benchmarks

We evaluate our approach on a set of benchmark systems
from different physical domains, including electrical, me-
chanical, fluid, and thermal systems:

 Electrical: The electrical benchmarks consist of a DC e-
motor model, represented by a resistor and an inductor
connected to a voltage source via a switch, and a stan-
dard RC circuit capturing charging and discharging be-
havior (see Figure 1).

¢ Mechanical: As a mechanical benchmark, we con-
sider the qualitative spring—mass—damper formulation of
Coghill et al. [2008], in which a mass is connected to
a fixed support through a spring and a viscous damper
operating in parallel and is subject to an external force,
yielding damped oscillatory dynamics.

¢ Fluid: For the fluid domain, we use the classical bath-
tub model, which captures accumulation and flow dy-
namics through the interaction of inflow, outflow, and
water level [Kuipers, 1986; Forbus, 1984]. The sys-
tem consists of a reservoir with controlled inflow and
gravity-driven outflow through a drain. Our benchmark
instance was adapted from the ASP-QSIM implementa-
tion released by Wiley et al. [2014]. !

"https://github.com/timothy-wiley/aspqsim

e Thermal: We consider a benchmark heating system
for the thermal domain that includes a heating ele-
ment, a thermal volume, and a thermostat-based con-
troller [Wotawa e al., 2021]. The system regulates the
internal temperature by turning the heater on and off
based on the difference between the current temperature
and a desired temperature. The dynamics are controlled
by heat input from the heater, heat loss to the environ-
ment, and the resulting temperature evolution, resulting
in a first-order thermal process.

To obtain quantitative data for evaluating our fault detec-
tion approach, we generate simulation traces using Model-
ica [Fritzson, 1998] for both nominal and faulty system vari-
ants for each benchmark system. The injected faults represent
common physical failure mechanisms that cause deviations
from the expected system dynamics. For the electrical bench-
marks, we consider switching anomalies that alter the operat-
ing mode as well as parameter changes corresponding to short
and open circuit conditions. In the mechanical spring—mass—
damper system, actuator faults and variations in physical pa-
rameters such as mass, damping coefficient, and spring stiff-
ness are introduced to represent realistic defects. For the fluid
benchmark, i.e, the bathtub, we consider faults affecting the
inflow and outflow behavior, including blockages, leaks, and
altered flow relations. In the thermal benchmark, faults in-
clude heater degradation, complete heater failure, switching
anomalies, and external disturbances such as increased heat
loss. Let us again consider the RC circuit. For this bench-
mark, we considered the following faults:

* F1: Resistor short circuit: The resistor offers negligible
resistance, leading to excessive current flow.

o F2: Resistor open circuit: The circuit is interrupted, pre-
venting current flow.

* F3: Capacitor broken: The capacitor cannot sustain its
voltage dynamics.

» F4: Switch stuck open: The circuit remains permanently
disconnected.

» F5: Intermittent switch: Irregular switching causes un-
stable behavior.

* F6: Battery fault: Deviations in supply voltage lead to
abnormal circuit behavior.

In addition to physical faults, we introduce synthetic sensor
faults into the generated time-series data to model measure-
ment errors. These faults include:

1. Stuck: the signal remains constant after a fault onset.
2. Drift: a bias accumulates gradually over time.

3. Spike: isolated outliers in the signal.

4. Missing_nan: temporary signal dropouts.

For the RC circuit, we take into account the following sensor-
level perturbations in addition to physical faults:

* S1: Missing data (vc): Temporary dropouts in the ca-
pacitor voltage signal.

e S2: Drift (i) Gradual bias affecting the current mea-
surement.
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Figure 3: Qualitative behavior of the RC circuit showing the charging dynamics

e 83: Missing data (i): Intervals of unavailable current
measurements.

e S4: Spike (i): Isolated outliers in the current signal.

To capture various operating situations, parameter mod-
ifications are added for all the benchmarks for the nomi-
nal and fault models. For the RC circuit benchmark, we
vary the resistor, capacitor, and battery parameters. The
resistor parameter (R € {9,10,11} Q) determines the re-
sistance to current flow and directly influences the charg-
ing and discharging rate of the capacitor. The capacitance
(C € {0.0008,0.001,0.0012} F) defines the storage capac-
ity of the capacitor and affects how quickly the capacitor
voltage changes over time. The battery voltage (Vpqy €
{4.0,4.5,5.0} V) acts as the energy source driving the cir-
cuit and determines the maximum capacitor voltage reached
during charging.

By varying these parameters across nominal and faulty
model variants, we generate traces under different electrical
conditions while preserving the structural dynamics of the
system. Figure 5 shows the quantitative simulation behav-
ior of the RC circuit under fault F3 (capacitor broken) with a
specific parameter set, namely R = 10Q,C' = 0.001 F and
Vpat = 4.5V, while Table 1 contains the considered parame-
ter ranges for each benchmark.

4.2 Experimental Setup

Each benchmark is associated with a qualitative model as
defined in Section 3. These models are implemented us-
ing ASP-QSIM. We build upon the abstraction and confor-
mance framework introduced in our previous work [Das et
al., 2025].

For each benchmark, the quantitative time-series data gen-
erated from Modelica simulations [Fritzson, 1998] is first

down-sampled at a fixed rate and transformed into a qual-
itative representation. Each benchmark is evaluated under
multiple parameter settings, where only the numerical pa-
rameter values (e.g., resistance, capacitance, inflow rate, or
thermal resistance) vary while the qualitative model structure
and its landmark definitions remain fixed. This ensures that
both nominal and faulty simulation runs are abstracted into
the same qualitative state space allowing behavioral devia-
tions to be attributed to parameter variations or injected faults
rather than changes in the model itself.

We use a single benchmark-specific abstraction specifica-
tion implemented in the same JSON configuration file across
all evaluated parameter settings for each benchmark. This
file defines the qualitative variables, landmarks, and inter-
val boundaries used to map quantitative traces into qualita-
tive states. Hence, while the simulated numeric trajectories
vary with the parameter values, the qualitative abstraction it-
self remains unchanged throughout the evaluation. This de-
sign is intentional as the objective is to assess whether the
same qualitative model and abstraction can support confor-
mance checking and fault detection across different parame-
terizations without retuning the abstraction for each run.

In other words, labels such as zero, half, and full are
not redefined separately for each parameter setting; instead
the same benchmark-specific qualitative partition is used
throughout the evaluation. Values sufficiently close to a land-
mark are assigned directly to that landmark while values be-
tween adjacent landmarks are mapped to the corresponding
interval. This abstraction allows continuous system behavior
to be represented symbolically while preserving the relevant
structural changes in the trajectory. To capture transitions
that may occur between two sampled points, we introduce
a single intermediate step (n = 1) by linearly interpolating
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Figure 4: Qualitative behavior of the RC circuit showing the discharging dynamics.

Table 1: Benchmark parameter ranges and conformance results between the qualitative models and the corresponding nominal quantitative

simulation behaviors.

Benchmark Parameter Range Result
R resistance {9,10,11}

RC Circuit C capacitance {0.0008,0.001,0.0012} v
Vbat voltage {4.0,4.5,5.0}
R resistance {1.8,2.0,2.2}

DC e-Motor L inductance {0.04,0.05,0.06} X
Vbat voltage {10,11,12}
k spring constant {0.5,1.0,2.0}

. ¢ damping coefficient {0.3,1.0,3.0}

Spring-Mass-Damper 2(0) initial position {-0.5,0,0.5} v
#(0) initial velocity {-0.5,0,0.5}
Gin inflow {0.04,0.08,0.12}

Bathtub Ag drain area {0.002, 0.005,0.010} v
V(0) initial volume {0.10,0.20,0.40}
gin heater Power {8,10, 12}

Heating system Ay thermal resistance {4,5,6} X
V(0) target temperature {24, 25,26}

between consecutive measurements. This prevents qualita-
tive state changes, such as crossing a landmark, from being
missed due to coarse sampling.

After abstraction, the resulting qualitative trace is reduced
by removing consecutive states that are qualitatively identi-
cal, retaining only behaviorally distinct transitions. This re-
duction decreases redundancy and improves the efficiency
of the subsequent conformance check. The reduced qual-
itative trace is translated into ASP integrity constraints of
the form < not holds(p(t), var, gmag, _)., which enforce

that observed qualitative states appear in admissible trajec-
tories.These constraints enforce that the observed qualitative
states must appear in every admissible trajectory generated by
the simulation model. Conformance is checked by combining
the observed qualitative trace with the corresponding qualita-
tive model in ASP-QSIM and executing the reasoning pro-
cess using the underlying ASP solver. If at least one admis-
sible trajectory satisfies all imposed constraints, the observed
behavior conforms to the nominal model. Otherwise, the ab-
sence of a consistent solution indicates a behavioral deviation
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Figure 5: Quantitative simulation behavior of the RC circuit under
fault F3 (capacitor broken). The capacitor voltage (vc) follows the
applied battery voltage (Vpq:), while the current (7) and resistor volt-
age (vr) remain approximately zero due to the open-circuit fault.

and therefore a potential fault. The conformance check is ex-
ecuted for every benchmark and all considered parameteriza-
tions against the corresponding nominal qualitative behavior,
allowing faults to be detected under varying operating condi-
tions.

The evaluation is performed in two stages. First, we as-
sess whether the nominal quantitative simulation traces con-
form to the behaviors generated by the corresponding (nomi-
nal) qualitative model. Only if this nominal conformance can
be established, we proceed with fault detection by evaluat-
ing whether faulty quantitative traces violate the qualitative
conformance relation.

4.3 Results and Discussion

In this section, we first discuss the conformance results and
analyze the possible reasons why two of our qualitative mod-
els do not conform to their respective nominal quantitative
model. Second, we analyze the fault detection results on the
remaining benchmarks.

Conformance Results

Table 1 summarizes the conformance results across all bench-
marks. For the nominal scenarios of the RC circuit, bathtub
system, and spring-mass-damper model the observed behav-
iors conform to at least one qualitative behavior generated
by the model. This confirms that the qualitative models ac-
curately capture the expected system dynamics. For the DC
motor and the heating system we were not able to establish
conformance between the qualitative model and the simula-
tion.

Regarding the conformance result of the DC motor, the hy-
brid nature of the DC motor benchmark led to a failure to con-
form: the switch position is a discrete control variable while
current and voltages are continuous variables. The quanti-
tative trace contains both abrupt switching events and con-
tinuous motor dynamics but these were abstracted together
into a single qualitative trace and checked against one qualita-
tive scenario. This creates a mismatch in representation since
discontinuous mode changes and continuous state evolution
are forced into one uniform qualitative interpretation. As a
result, the abstraction becomes inconsistent around switch-
ing instants where rapid changes in system mode coincide

with continuous transient responses in the electrical vari-
ables. These inconsistencies lead to conflicting state con-
straints causing the ASP-QSIM conformance check to be-
come unsatisfiable.

During the conformance analysis of the heating circuit
benchmark, non-conformance was observed between the
quantitative simulation traces and the qualitative simulation
model. This mismatch remained even after improving the
quantitative-to-qualitative abstraction by selecting more suit-
able trace segments and refining the mapping from quantita-
tive values to qualitative landmarks. A likely reason for this
failure to conform lies in the qualitative simulation model it-
self, in particular in the encoding of the thermal balance rela-
tion. In the heating circuit, the temperature derivative is de-
termined by the difference between heat input and heat loss,
i.e., Tint = Qin — Qout- To model this, qualitative subtrac-
tion in the form of X = —Y, we added additional con-
straints to the ASP-QSIM implementation. However, this
formulation did not appear to be sufficient for representing
the heating balance relation adequately. We therefore refor-
mulated the relation using sum constraints in the equivalent
form ¢;, = Tint + qout- Even with this reformulation, exact
conformance was still not achieved. A possible reason is that
the correspondence mapping used for the sum constraints did
not capture the benchmark behavior accurately enough, espe-
cially during transient switching phases. We therefore assume
that a more direct qualitative subtraction relation of the form
Z = X — Y, which is currently not supported in the ASP-
QSIM implementation, may be necessary for modeling this
type of thermal balance more faithfully.

Fault Detection Results

We evaluated the QSIM framework on all fault scenarios
listed in Table 2 under varying parameterizations. Note that
we only consider the benchmarks where the qualitative model
conforms to the nominal system behavior. In case, we cannot
establish this conformance, we cannot use the qualitative sim-
ulation for fault detection.

The results indicate that the framework generalizes well
under parametric variation and is able to detect faults con-
sistently without requiring any modification to the underly-
ing qualitative model. Besides physical component faults,
we also considered sensor-related faults allowing us to assess
the robustness of the qualitative model across different fault
types. The results demonstrate that even in the presence of
these observation-level interruptions conformity checking is
still beneficial. In particular, drift and stuck flaws, which are
recognized as abnormal behaviors create systematic fluctua-
tions in qualitative magnitudes and derivative trends. Even
though they are typically isolated, spike faults create short
lived violations in the qualitative state sequence. Missing-
value defects (NaN intervals) reduce the quantity of visible
information but interpolation and subsequent qualitative ab-
straction allow the framework to detect deviations when miss-
ing segments affect important transitions between landmarks.
Overall, these results show that the approach is not only ef-
fective for detecting structural and parametric faults but also
robust to observation level imperfections making it suitable
for realistic settings with noisy or incomplete sensor data. In
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Table 2: Fault-detection results for the conforming benchmarks.
Physical faults (F) are Modelica fault models, while sensor-level
perturbations (S) are injected during post-processing. The reported
detection results hold for all parameter values considered.

Benchmark ID

F1 Low overflow threshold
F2  Extra drain leak

F3  Partial drain blockage
F4  Full drain blockage

S1  Outflow stuck

S2  Outflow drift

S3  Level spike

S4  Inflow drift

F1  Weak damper

F2  Stiff damper

F3  Actuator stuck at zero
F4  Low actuator gain

F5 Broken spring

Scenario Detected

Bathtub

Spring-Mass

—Damper  po Coulomb friction
S1  Force gain low
S2  Force stuck
S3  Force gain zero
F1 Resistor short
F2  Resistor open
F3  Capacitor broken
F4  Switch stuck open
RC Circuit F5 Intermittent switch

F6 Battery degraded

S1  Capacitor voltage missing
S2  Current drift

S3  Current missing

S4  Current spike

A R N R N N N N NN NN

the RC circuit benchmark, sensor faults affecting the current
and capacitor-voltage signals produced deviations consistent
with the expected qualitative behavior further confirming the
sensitivity of the model to observation level anomalies.

5 Conclusion

In this paper, we present a QSIM-based framework for fault
detection in dynamic systems using behavioral conformance
checking. Our approach relies on ASP-QSIM to generate ad-
missible nominal behaviors of the system and detects faults
by determining whether the observed trajectories conform to
any of the predicted behaviors.

We evaluated this approach across electrical, thermal, fluid,
and mechanical systems to demonstrate that qualitative con-
formance checking can successfully detect a broad range of
faults. The experiments further showed that a single quali-
tative model can support monitoring across varying parame-
terizations without modifications to the model itself, but only
to the procedure that abstracts the quantitative into qualitative
ones.

At the same time, the results highlight an important chal-
lenge in qualitative reasoning, i.e., deriving a suitable qual-
itative model that captures the behavior of the system under

consideration. In particular, from our five benchmark sets we
investigated, two qualitative models did not conform to their
respective nominal system behavior. This, however, is the
foundation of our fault detection method.Qualitative abstrac-
tion improves robustness to parameter variation but may miss
subtle faults that remain within the same qualitative regions
despite quantitative deviations.

In future work, thus, we plan on further evaluating our ap-
proach and plan on investigating larger, real-world CPS to de-
termine whether our technique scales. Additionally, we plan
on using qualitative simulation models of faults, similar to
previous work (e.g., MIMIC [Dvorak and Kuipers, 1991]),
to not only detect abnormal behavior, but also identify faults.
Currently, we work on determining whether we can leverage
qualitative simulation models and conformance checking for
weak supervision of machine learning approaches to mitigate
the cold-start problem.
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