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Abstract— Cyber-physical systems (CPS) are intrinsically
hybrid and evolving over time, making their monitoring and
diagnosing inherently complex. They require adaptive models
capturing unexpected degradations and unforeseen behaviors.
Such systems can be modeled by hybrid automata that combine
continuous and discrete dynamics. This paper presents HyMED
(Hybrid Model Enrichment for Diagnosis), a method that
maintains and updates such models from multivariate time
series. HyMED detects unforeseen behaviors and embeds a
diagnoser estimating health modes. Focusing on the model
consistency evaluation step, this work shows how a comparison
step triggers updates, ensuring reliable models, as demonstrated
through a case study.

INTRODUCTION

Cyber–physical systems (CPS) modeled as hybrid sys-
tems are inherently complex, combining physical and digital
layers. Their dynamics involve both continuous evolutions
(physical processes) and discrete events driven by the outside
environment or operators. These systems exhibit multivariate
and multiscale behavior and are exposed to noise, delays, and
various sources of uncertainty. In practice, hybrid systems
are commonly represented using formal hybrid modeling
frameworks, such as Hybrid Automata (HA [1]). HA pro-
vides rigorous yet intuitive formalism for capturing both
discrete and continuous dynamics, and have been success-
fully applied across various domains including biology and
medicine, robotics and industrial processes, cyber-security,
and automotive systems ([2], [3], [4], [5]). Thanks to their
expressiveness and formal properties, HA are now standard
tools for diagnosis and control in hybrid systems.

Let us distinguish between the system (the real CPS under
observation) and its model (the HA that approximates its
behavior). While the system continuously evolves due to the
emergence of new behaviors, the addition of actuators and
sensors, or unforeseen faults and degradations, the model
remains fixed after the design stage. As a result, discrep-
ancies appear between the model and the system. These
evolutions pose major challenges for health monitoring, i.e.
diagnosis (estimating the current health state of the system)
and prognosis (estimating its future evolutions), as well
as maintenance; tasks which rely on the availability of an
accurate and reliable model of the system. Re-identifying the
full model at every deviation is computationally expensive,
time-consuming, and requires significant expert knowledge.

To address this limitation, we propose a methodology that
allows the model to be updated online as the system evolves,
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⋆LAAS-CNRS, Université de Toulouse, INSA, UPS, Toulouse, France

lhatte@laas.fr, echanthe@laas.fr, pribot@laas.fr

without complete re-identification or expert knowledge. The
proposed approach, named HyMED (Hybrid Model En-
richment for Diagnosis), updates the HA dynamically by
refining its structure and continuous dynamics whenever
new behaviors are observed. This update can involve the
addition of new states, or transitions, extending beyond
simple parameter tuning. The objective is to build resilient
models able to maintain diagnostic performance even when
unforeseen events or environmental changes occur. Such
adaptability is essential for accurate diagnosis and reliable
prognosis.

This paper focuses on the comparison step of the HyMED
methodology, strongly interleaved with a diagnosis step,
which determines whether the current model remains consis-
tent with the observed data, or needs structural updating. The
comparison step quantifies the similarity between observed
and expected dynamics across all system variables and uses
these indicators to guide the model update process. To
our knowledge, HyMED is the first updating framework
specifically designed for health monitoring, integrating a
diagnoser: HeMU (Heterogeneous system Monitoring under
Uncertainty).

The paper is organized as follows. Section I presents the
background on Hybrid Automata and introduces the HyMED
methodology together with its embedded HeMU diagnoser.
Section II details the proposed comparison step, discusses
related work, and highlights the contribution of this paper.
Section III motivates the choice of a calibrated similarity
threshold for the comparison step, and Section IV illustrates
the method on an evolving two-room thermal system, show-
ing how HyMED detects unforeseen behaviors and updates
the model accordingly. Finally, Conclusion summarizes the
main results and outlines future research directions.

I. BACKGROUND AND METHODOLOGY

A. Hybrid Automata

The Hybrid Automaton formalism formally describes hy-
brid systems that combine continuous dynamics with discrete
event driven transitions. An HA is typically defined as a tuple
(Q,X,E, F, T,Guard, q0, x0), where [1]:

• Q is the set of discrete states (called modes)
• X ∈ Rn is the continuous state space with n ∈ N

representing the number of continuous variables
• E is the set of discrete events
• F : Q×X → X describes the flows or laws of

continuous variables within each state
• T : Q×X×E → Q defines the set of transitions



Fig. 1: HyMED overall diagram

• Guard ⊆ Q×Q×X is the set of guard conditions for
each transition

• q0∈Q and x0∈X are the initial discrete and continuous
state.

A state denotes the pair (q, x) ∈ Q×X , combining the
discrete mode q with its continuous valuation x. The system
evolves according to the flow f(q, x) associated with the
current mode until a guard or external event enables a
transition t(q, q′), leading to the new state (q′, x′).

B. HyMED methodology

HyMED is an approach designed to keep HA models
consistent with real observed system behavior, even under
unforeseen degradations and faults. It is outlined in Fig. 1,
while this paper specifically focuses on the Comparison step.

HyMED starts with an observed system and its model HA,
previously identified. The goal is to monitor the health of
the system while enriching HA using multivariate time series
(TS) Znoisy = {z̃1, . . . , z̃n}, where each observation z̃i∈Rm

represents a vector of m variables.
The first step of HyMED is the Pre-processing phase,

where online noisy observations of the system Znoisy are
filtered online to obtain a denoised TS Z that improves
segmentation quality. These filtered data are then processed
by HeMU [6], a health-monitoring framework designed to
handle noise, missing data, and partial observability. Given
the model HA and the Z, the HeMU diagnoser continu-
ously estimates the current health state by simulating system
evolution and correcting predictions using observations. It
computes for each mode q a belief score ς(q), ς : Q→ R+

indicating how likely mode q is to be the current mode.
HyMED extends this static diagnosis task (Fig. 1, green

box) with enrichment capabilities. The Segmentation step [7]
partitions Z into segments S, each representing a coherent
system behavior. Segmentation is performed automatically
using an online change-point detection algorithm [7] that
monitors the multivariate signal and triggers a new segment
whenever a statistically significant shift in the dynamics of
at least one variable is detected, without requiring prior
knowledge of when or how the system evolves. A segment

is any subsequence S = {zinit, . . . , zend} ⊂ Z containing
|S| observations of the same m variables.

Each segment S, together with the diagnoser’s scores ς(q)
for each mode q ∈ Q, feeds the Comparison step, which
checks whether HA still reflects the system behavior. This
step constitutes the main contribution of this article and is
detailed in Section II. If the observed and expected dynamics
are consistent, the model is left unchanged; otherwise, the
Model Update procedure creates new modes and transitions,
and identifies the new continuous dynamics. Since the HeMU
diagnoser is derived from HA, it is updated accordingly.

HyMED thus iteratively maintains both HA and its HeMU
diagnoser, ensuring minimal yet sufficient modifications to
preserve model validity. For each new segment S, HeMU
continues from the previously computed scores and from the
last identified (or newly created) mode. To our knowledge,
it is the first diagnosis framework capable of automatically
updating an HA online from real system data to support
reliable health monitoring.

II. DETECTION OF UNFORESEEN BEHAVIORS

A. Related work

Validating a model, either to confirm identification accu-
racy or to trigger a model update, requires comparing system
observations with the model (or at least simulated data). In
the literature, the task is referred to as similarity detection,
dissimilarity detection, model validation, membership query
or accuracy verification. The main approaches include elastic
alignment methods, distance indicators, correlation scores,
and envelope-based consistency tests.

Concerning elastic methods for similarity detection, Dy-
namic Time Warping used in [5], [8], compares misaligned
or stretched time series. It is strongly efficient but computa-
tionally expensive and lacks a universal similarity threshold.
Cross-correlation, employed in [9] is another elastic method
that measures similarity under time shifts. It is useful for
identifying temporal dependencies when TS are misaligned.

Simpler approaches for similarity detection compute direct
distances between TS like in [10]. The Mean Squared Error
and Root Mean Squared Error (RMSE) are widely used as in
[2]. RMSE is especially interpretable, as it shares the same
units as the data. However, it is sensitive to noise and outliers.
The Mean Absolute Error (MAE), in contrast, is more robust
to outliers, since each deviation contributes proportionally.
All these indicators require thresholds, usually provided by
expert knowledge, to determine acceptable similarity.

Correlation scores such as Pearson’s coefficient (linear
correlation), Spearman’s rank correlation (monotonic rela-
tionships), and the coefficient of determination (R2) can be
used to assess similarity [11]. R2 has the advantage of being
scale-independent and does not require standardization, but it
is primarily effective for regression-type models. It captures
both the alignment and the shape of the dynamics, making
it suitable for model validation.

In [12] is constructed a tolerance tube of width ε around
simulated trajectories, that are considered consistent when
they remain within this envelope.



Since HyMED operates online, computational efficiency
is essential: each comparison must complete before the next
transition to avoid missing system behaviors. The method
must also handle multivariate and multiscale time series
without letting high-magnitude variables to dominate the
similarity measure. These requirements motivate the use
of lightweight, interpretable, and scale-robust metrics rather
than complex learning-based approaches.

We select the normalized MAE (Eq. (1)–(3)) as the simi-
larity indicator: (i) MAE is more robust to outliers than MSE
or RMSE, since each deviation contributes proportionally
rather than quadratically; (ii) the per-variable normalization
constrains residuals to [0, 1], making the indicator scale-
independent and preventing high-magnitude variables from
dominating the comparison; (iii) this boundedness is the
key hypothesis that enables the distribution-free threshold
derivation in Section III.

B. Comparison step

The HyMED Comparison Step (Alg. 1), aims to as-
sess whether the behavior of current observations is al-
ready represented within the hybrid automaton HA. The
algorithm takes as inputs the current observed segment
S = {zinit, . . . , zend} ⊂ Z, the hybrid automaton HA,
the belief scores ς(q) associated with each mode q ∈ Q, a
calibrated similarity threshold τMAE(S)∈R+, and the previ-
ous mode qprev determined from HeMU . The set of modes
Q is partitioned into two subsets (line 2): Q = Q+ ∪ Q0,
where Q+ contains modes with nonzero belief scores, and
Q0 contains modes with zero belief scores.

Algorithm 1 HyMED comparison step

Input: S, HA, ς , α, m, qprev

1: τMAE(S)←
√
ln(m/α)/2|S| ▷ Sec. III

2: Q+ = {q ∈ Q | ς(q) > 0}; Q0 = {q ∈ Q | ς(q) = 0}
3: for all q ∈ Q+ in descending ς(q) do
4: Ŝ ← simulate data (q, S, f(q, zinit))
5: Compute MAEmax(S, Ŝ) ▷ Eq. (3)
6: if MAEmax ≤ τMAE(S) then
7: return (NOUPDATE)
8: end if
9: end for ▷ Model needs updating

10: for all q ∈ Q0 do
11: Ŝ ← simulate data (q, S, f(q, zinit))
12: Compute MAEmax(S, Ŝ) ▷ Eq. (3)
13: if MAEmax ≤ τMAE(S) then
14: return (ADDTRANSITION(HA, qprev, q))
15: end if
16: end for
17: return (ADDSTATE(HA,S)),
18: (ADDTRANSITION(HA, qprev, q))

For every mode q∈Q+, we simulate the dynamics defined
by the flow f(q, zinit) to obtain a synthetic segment Ŝ
(simulate data(), line 4). The simulation is initialized using
the initial condition zinit (first observation of segment S),

and produces the same number of data points as S. This
guarantees temporal and dimensional alignment between the
observed and simulated trajectories.

The similarity between the simulated Ŝ and observed
segment S is quantified for each variable j ∈ {1, . . . ,m}
at time t via the normalized absolute residual:

rj(t) =

∣∣Sj(t)− Ŝj(t)
∣∣

maxt Sj(t)−mint Sj(t)
. (1)

The per-variable MAE is then simply the mean residual:

MAEj

(
S, Ŝ

)
=

1

|S|

|S|∑
t=1

rj(t), (2)

and the global similarity indicator (line 5) is the worst-case
MAE across all m variables, ensuring that a discrepancy in
any dimension is enough to trigger a model update when
needed:

MAEmax

(
S, Ŝ

)
= max

j∈{1,...,m}
MAEj

(
S, Ŝ

)
. (3)

The comparison step leads to three mutually exclusive
cases (Alg. 1, lines 7,14,18), formally defined as follows.

(i)NOUPDATE: if the diagnoser recognizes the current
behavior and the similarity indicator confirms it,

∃ q ∈ Q+ s.t. MAEmax(S, Ŝ) < τMAE(S), (4)

the model is left unchanged and the diagnoser resumes from
the accepted mode q.

(ii)ADDTRANSITION(HA, qprev, q): if a matching mode
q in HA exists but is unreachable according to the previous
mode qprev according to the diagnoser,

(∄ q ∈ Q+ s.t. MAEmax(S, Ŝ) < τMAE(S))∧
(∃ q ∈ Q0 s.t. MAEmax(S, Ŝ) < τMAE(S)), (5)

a new transition tnew is added from the last detected mode
qprev to q and its guard is learned. Various methods can
be used to learn the guards of hybrid systems, which is a
complex problem [13] that we are currently investigating. For
now, the guards are set to “true”, which, we acknowledge,
alters the semantics of HA and makes it a non-deterministic
switched system, which has a significant impact on the
diagnosability and verifiability of the model.

(iii)ADDSTATE(HA,S): if no existing mode in HA
matches the observations S,

∄ q ∈ Q s.t. MAEmax(S, Ŝ) < τMAE(S), (6)

a new mode qnew is created, its continuous flow f(qnew) is
identified via symbolic regression (SR) (PySR [14]), and a
transition tnew from qprev to qnew is added to the automaton.

SR is applied to each variable independently, searching for
analytical expressions restricted to polynomial and rational
functions of bounded degree, given by expert knowledge:
additions, multiplications, and standard elementary functions.
This constraint imposed on the model class limits the space
of hypotheses; it should reduce the risk of overfitting on
short segments and improving interpretability. To further



mitigate overfitting, PySR minimizes a complexity-penalized
loss, trading expression length against fit quality via a Pareto
front. Identifiability on short segments is not guaranteed in
general: a segment of length n < p (where p is the number
of free parameters of the learned expression) is underdeter-
mined. Regarding stability, the learned flow f(qnew) is not
constrained to be stable by construction; convergence of the
enrichment process therefore relies on the assumption that
the underlying system is itself stable within each mode.

Alg. 1 ensures that HyMED only updates the model
when necessary, preserving computational efficiency while
maintaining consistency between the evolving system and
its hybrid representation in health monitoring. To the best
of our knowledge, HyMED is the first approach to integrate
a diagnoser and selectively compare the observed segment
with the most probable modes of the model, rather than
exhaustively testing all modes. In contrast, methods such as
[5] perform comparisons against every mode of the model,
which quickly becomes computationally prohibitive for large
systems. By focusing on the most likely modes identified by
HeMU, HyMED achieves an efficient comparison process
tailored to diagnosis of evolving systems.

III. CHOICE OF A CALIBRATED SIMILARITY THRESHOLD

Industrial CPS are subject to multiple, simultaneous, and
heterogeneous noise sources: Gaussian noise, bias from sen-
sor miscalibration, drift, salt-and-pepper (sporadic outliers)
from communication errors, and heteroscedastic noise when
sensor noise depends on operating conditions. Deriving a
noise-adapted threshold would require identifying the noise
type and characteristics from nominal residuals via statistical
tests, each carrying minimum segment-size requirements
to be determined and their own false-positive rates. When
several noise types happen at the same time, the order
of detection and correction order impacts the computed
threshold value. These difficulties motivate a distribution-free
approach: we derive a formal lower bound on the calibrated
similarity threshold τMAE(S) used in Alg. 1 holds regardless
of the noise distribution, under a weak structural assumption
on the residuals.

A. Setup and hypothesis

The goal is to choose τMAE(S) such that, when the model
is correct, the probability of a false structural update is at
most α, a user-defined upper bound on the false update rate
per segment i.e P (MAEmax > τMAE(S)) ≤ α.

The Hoeffding inequality would provide such a bound for
independent and identically distributed (i.i.d.) residuals, but
consecutive residuals in HyMED share information through
the system dynamics, making the i.i.d. assumption too strong.
We instead rely on the weaker Martingale Difference Se-
quence (MDS) property: a sequence is an MDS if its past
does not help predict its future mean, while past values
may still influence future variance. Formally, (r̃j(t))nt=1 is
an MDS if:

E
[
r̃j(t) | rj(1), . . . , rj(t− 1)

]
= 0, (7)

almost surely for all t ≥ 1, where r̃j(t) = rj(t) − µj

and µj = E[MAEj ]. This condition tolerates temporal
dependence in variance. Its practical validity in HyMED is
discussed in the conclusion.

The MDS condition enables the Azuma–Hoeffding in-
equality [15], a generalization of Hoeffding’s inequality to
dependent sequences, under two hypotheses:

Hypothesis 1 (Boundedness): The normalization in
Eq. (1) guarantees rj(t) ∈ [0, 1] for all j and t by
construction, regardless of the noise distribution.

Hypothesis 2 (Martingale Difference Sequence): The
centered residual sequence (r̃j(t))

n
t=1 satisfies Eq. (7) for

all j.

B. Calibrated threshold derivation

Under these two hypotheses, the Azuma–Hoeffding in-
equality [15] states that for any bounded MDS (Dt) with
|Dt| ≤ c almost surely:

P

(
1

n

n∑
t=1

Dt ≥ u

)
≤ exp

(
−2nu2

c2

)
, ∀u > 0. (8)

Proposition 1 (Distribution-free bound on MAEmax):
Under Hypotheses 1 and 2, for any τ > 0, n = |S| samples,
m variables, and µmax = maxj µj :

P (MAEmax > µmax + τ) ≤ m · exp(−2nτ2). (9)
The probability that the worst-case MAE exceeds its

expected value by more than τ decreases exponentially with
n and grows at most linearly with m. The proof applies
Eq. (8) to each centered residual sequence (r̃j(t)) with c = 1
(Hypothesis 1), yielding P (MAEj > µj+τ) ≤ exp(−2nτ2)
for each j. Boole’s union bound over m variables gives
Eq. (9).

Under H0 (correct model), the normalized residuals satisfy
∀j, µj = 0, so µmax = 0 and Eq. (9) simplifies to
P (MAEmax > τ) ≤ m · exp(−2nτ2). Setting this bound
equal to α and solving for τ yields Eq. (10).

τMAE(S) ≥

√
ln(m/α)

2|S|
, (10)

depending only on m, α, and |S|, all known at comparison
time. This is a lower bound: values below carry no formal
guarantee on the false update rate and values above conser-
vatively ensure at most α false updates per segment. Unlike
a fixed threshold, it adapts to segment length: short segments
yield larger τMAE, tolerating more variability; long segments
yield smaller τMAE, enforcing stricter consistency.

IV. ILLUSTRATIVE EXAMPLE

A. Benchmark

To illustrate the HyMED methodology and validate its
comparison step, a simplified two-room thermal system is
used. The full scenario is available in the git repertory1.
The setup consists of two adjacent rooms R1 and R2 that
exchange heat through a door and, for R2, through a window

1gitlab.laas.fr/lhatte/hymed-comparison



Fig. 2: Nominal HA in blue, modeling a two-room heating
system and its enrichment in black

W to the outside environment. Each room (R1, R2) has a
heater (H1, H2). Despite its apparent simplicity, this example
captures key features of hybrid dynamical systems (modes,
exogenous events, added sensors and actuators during the
life-cycle) that make it well-suited for health monitoring
and model update. In the illustrative example, segment
boundaries coincide with known system events for evaluation
purposes; in general operation in HyMED, segmentation is
performed automatically without a priori knowledge.

Fig. 2 shows the initial HA (in blue), which contains two
modes Q = {onDOWC, offDOWC} corresponding to H1
being on or off with door open and window closed. Each
mode q ∈ Q is associated with continuous-time dynamics
ẋ = f(q, x), and transitions are triggered by hysteresis
thresholds on the air temperature Ta1

of R1. H1 is instru-
mented, and its core temperature is measured through Tc1 ,
while R2 initially has no active heating; its temperature Ta2

is observed but not controlled. Discrete events E = {window
open, window close, door open, door close, H1 on, H1 off,
H2 on, H2 off} may occur but are not instrumented, and
therefore appear as unmodeled exogenous events from the
diagnoser’s perspective.

Online measurements are segmented into segments
{S1, . . . , S13}. From S1 to S6, the system follows the nom-
inal behavior encoded in the initial HA, with H1 operating
under its hysteresis controller. A first exogenous change
occurs in S7 and S8 when the window is opened, causing a
temperature drop and triggering H1 to compensate. From S9

to S12, the window is closed again and the system returns to
nominal behavior. Finally in S13, H2 is activated, inducing
a temperature increase in both rooms and revealing a new
behavior not represented in the initial HA.

B. Focus on comparison and model update steps

The HyMED loop operates segment by segment, progres-
sively enriching the HA as new behaviors appear. Table I
summarizes, for each segment, the HeMU diagnoser scores,
comparison indices, and resulting decisions from Alg. 1. At
runtime, the current segment S and current HA are processed
by HeMU, which computes the belief scores ς(q) for all
modes q ∈ Q. These scores are shown in the fourth column
of Tab. I. The segment is then evaluated using Alg. 1 with

a calibrated threshold τMAE(S).
Case 1: NOUPDATE. Segments S1 to S5 constitute the

initialization batch. They allow HeMU to converge toward
the correct mode, yielding final scores ς(onDOWC) =
50 and ς(offDOWC) = 0, indicating that the last mode
of the batch is onDOWC. When S6 is processed, HeMU
identifies the current mode such that ς(offDOWC) = 50,
offDOWC ∈ Q+. The comparison step confirms the match:
MAEmax = 0.002 < τMAE(S6) = 0.095, so no structural
update is performed. The diagnoser’s initial state is updated
to offDOWC.

Case 2: ADDTRANSITION. A transition is added when
no Q+ mode satisfies the similarity constraint and at least
one mode in Q0 shows acceptable similarity, indicating that
the current behavior exists in the HA but is unreachable. This
occurs for segment S9. At this stage, the HA contains four
modes and HeMU assigns zero belief scores to all of them.
The comparison step evaluates modes in Q0 and detects
a strong similarity with onDOWC (MAEmax = 0.002 <
τMAE(S9) = 0.198). However, this mode is not reachable
from the last detected mode S3 b6b5bb3e (introduced at
S8). The algorithm therefore adds a new transition from
s3 b6b5bb3e to onDOWC.

Case 3: ADDSTATE and ADDTRANSITION. The final
case occurs when neither Q+ nor Q0 provides a satisfactory
match. This situation appears at S7:ς(offDOWC) = 50,
offDOWC ∈ Q+, is rejected since MAEmax = 0.769 >
τMAE(S7) = 0.153, and onDOWC ∈ Q0 is also rejected
with MAEmax = 10.725. The model is therefore considered
incomplete, and a new mode S3 a403157c is created. Its
continuous dynamics are learned from the segment data using
SR. The new mode is connected to the previously visited
mode offDOWC through a new transition, and becomes the
starting point for the next iteration.

For brevity, the description focuses on two representative
ADDSTATE events; the complete sequence of updates, from
S6 to S13, including the third added state, is reported in Tab. I
and illustrated in Fig. 2.

This case study shows that HyMED can detect unforeseen
behaviors and integrate new operating conditions by itera-
tively updating the hybrid model. Structural updates follow a
systematic process: (i) adding a mode and/or transition when
needed, (ii) learning the corresponding flow equations, and
(iii) learning guards. Each update is followed by processing
the next incoming segment.

C. Discussion on sensitivity analysis

To assess the robustness of the proposed framework, con-
trolled noise was injected into the signals during experiments.
The five noise types introduced in Section III were tested
independently, with varying characteristic parameters.

For moderate perturbations (Gaussian noise with a stan-
dard deviation of 0.2 and salt-and-pepper noise with outlier
probabilities up to 0.08) the comparison step produces an HA
structurally identical as in the noise-free case model (same
modes and arcs, different flows and guards). The learned
HA structure is faulty when the noise intensity increases:



TABLE I: Model validation and structural update for each
segment.

S τMAE(S) q (partition) MAEmax Decision
init:
S1–S5

– onDOWC (Q+) – –
offDOWC (Q0) –

S6 0.095 offDOWC (Q+) 0.002 NoUpdate

S7 0.153
offDOWC (Q+) 0.77 AddState,

AddTransonDOWC (Q0) 10.7

S8 0.038
onDOWC (Q0) 43.7 AddState,

AddTransoffDOWC (Q0) 10.7
s3 a403157c (Q0) ≫1020

S9 0.198 onDOWC (Q0) 0.002 AddTrans.

S10 0.066
onDOWC (Q+) 1.78 AddTrans.
offDOWC (Q0) 0.001

S11 0.103
s3 a403157c (Q+) 1854 NoUpdate
onDOWC (Q+) 0.003

S12 0.048
onDOWC (Q+) 6.0 NoUpdate
offDOWC (Q+) 0.001

S13 0.036

s3 a403157c (Q+) ≫1020 AddState,
AddTransoffDOWC (Q+) 0.70

onDOWC (Q0) 4.1
s3 b6b5bb3e (Q0) 25.6

(up to 0.4 for Gaussian noise and probability of outliers up
to 0.16) both produce incorrect structural decisions. Bias
noise systematically causes faulty updates, as a constant
offset directly shifts the MAE above τMAE(S) regardless of
its magnitude. This behavior comes from the nature of the
residuals:

rj(t) =
[
xtrue
j (t)− xmodel

j (t)
]︸ ︷︷ ︸

model error

+ ϵj(t)︸︷︷︸
measurement noise

. (11)

The similarity indicator MAEmax is blind to the origin
of rj(t): it cannot distinguish a genuine structural deviation
from a stochastic perturbation. When noise is sufficiently
high, the residual is dominated by ϵj(t) and the calibrated
threshold τMAE(S) is crossed even if the model is correct.

However, this sensitivity is not necessarily a limitation
in the context of health monitoring, which is the primary
application of HyMED. A sensor drift, for instance, pro-
duces a residual that grows deterministically over time; if
it exceeds τMAE(S), HyMED creates a new mode capturing
the drifted behavior. This new mode does not represent a
physical operating condition of the system but a degraded
observation condition: a sensor fault mode. From a diagnostic
perspective, the existence of this mode can serve as a trigger
for predictive maintenance. HyMED therefore does not aim
to suppress the influence of noise on the model structure, but
rather to integrate it faithfully. A model learned under noisy
conditions reflects the actual observation conditions under
which the system will be monitored, which is a desirable
property for health monitoring.

The calibrated threshold τMAE(S) controls the sensitivity
of this integration: a higher α absorbs more noise without
triggering updates, while a lower α captures finer deviations
at the cost of more frequent structural updates. For m = 2,
varying α from 0.01 to 0.1 changes τMAE(S) by a factor
of
√
ln(200)/ ln(20) ≈ 1.33, independently of the segment

length |S|. Overall, the approach tolerates realistic noise

while preserving the model structure.

CONCLUSION AND PERSPECTIVES

This paper presents the comparison step of the HyMED
methodology, a model-based method for health monitoring
of hybrid systems. HyMED continuously analyses online
time-series data to assess the consistency between the real
system and its hybrid automaton model, and triggers struc-
tural updates when unforeseen behaviors are detected. A
central element of HyMED is the HeMU diagnoser, which
guides the comparison and update decisions. Unlike existing
approaches, HyMED explicitly integrates a diagnosis rea-
soning process into the model update loop. Experimental
results on a two-room heating system illustrate its ability
to identify emerging behaviors and modify the HA structure
accordingly, highlighting its relevance for predictive main-
tenance and anomaly detection in evolving systems. Future
work will focus on automating guard inference to achieve
deterministic models and more reliable adaptation in real-
world settings, on evaluating HyMED on larger benchmarks
and . The calibrated threshold τMAE(S) lower-bounds the
false-update rate but is heuristic since the MDS assumption
is only approximate; tighter guarantees accounting for error
autocorrelation are also left for future work.
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