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Abstract—Anomaly detection in industrial time series remains
limited by the unavailability of labeled data and weak multi-
variate fault signatures. This work evaluates whether quantum
kernel representations can change anomaly detection behavior
under these constraints. A controlled, data-centric benchmarking
protocol is defined to isolate the effect of kernel choice in a
one-class unsupervised learning setting. The classical OC-SVM
and the proposed OC-QSVM are compared under identical
preprocessing, dimensionality reduction and optimization con-
ditions across 10 SKAB industrial scenarios, each with 240
nominal training samples. Results show that despite both kernels
behaving similarly in direct deviation cases, clear differences
emerge in topologically complex scenarios. Reconstruction-based
models collapse to degenerate solutions with complete missed
detections, whereas kernel methods remain operational. In the
most discriminative scenario, the OC-QSVM achieves the highest
F1 score (0.733) and maintains bounded error across all cases.
Although aggregate performance remains comparable to the
classical kernel and exhibits higher false alarm rates, the results
suggest that quantum feature spaces can capture multivariate
anomaly structure not accessible through single-sensor statistics.
These results provide empirical data that quantum kernels alter
error distributions in low-data industrial settings and warrant
further investigation under real hardware conditions.

Index Terms—Quantum Machine Learning, One-Class SVM,
anomaly detection, quantum kernel, industrial time series data
and fault detection in the industry.

I. INTRODUCTION

Continuous monitoring of multivariate sensor data is re-
quired in industrial cyber-physical systems for predictive main-
tenance [1]–[5]. Incipient faults are still difficult to detect.
They do not reveal as large variations in individual data
signals [6], [7]. Instead, they emerge as weak perturbations
in multivariate correlations and remain embedded in nominal
noise [8]. This condition is further constrained by limited
labeled data and class imbalance [9], [10].

Classical anomaly detection methods are widely used [2],
[11], but supervised approaches rely on labeled fault data
that are often very limited in industrial settings [11], [12].
Unsupervised learning methods are therefore adopted to ad-
dress this limitation. One-class models and reconstruction-
based approaches are used to learn normal behavior [13], [14].
However, limitations are observed in both cases. Kernel-based
methods rely on Euclidean distance and may require large
datasets to obtain stable boundaries [15], [16]. Reconstruction-

based models may fail when anomalies do not shift the learned
error distribution. This motivates alternative representations
[2], [15].

Quantum machine learning provides a different formulation
[17], [18]. Data are mapped into high-dimensional quantum
state spaces, in which similarity is evaluated through state
overlap [9]. This mapping induces a different geometry in
the feature space [19]. In practice, hybrid quantum-classical
workflows are adopted, in which preprocessing and optimiza-
tion are performed using traditional methods. In this case,
feature mapping and kernel evaluation are implemented using
quantum circuits [20]–[22].

A research challenge remains in the controlled evaluation
of quantum kernels for anomaly detection. The existing body
of work often compares heterogeneous models or relies on ag-
gregate metrics that do not entirely capture error distributions.
The following research question is addressed in this work:
To what extent does replacing a classical RBF kernel with
a quantum kernel change the error distribution of one-class
anomaly detection under limited training data and varying
anomaly structures?

A data-centric benchmarking protocol is defined to isolate
the effect of kernel representation. The classical one-class
support vector machine (OC-SVM) and the proposed quantum
one-class support vector machine (OC-QSVM), both unsu-
pervised learning approaches, are evaluated under identical
preprocessing, dimensionality reduction and optimization con-
ditions. This design allows for a controlled comparison in a
low-data regime. Validation is performed on the SKAB dataset,
which comprises a representative industrial water-circulation
system with multivariate sensor data and annotated anomalies
[8], [23].

The paper is organized as follows. Section I-A reviews
related work. This is followed by Section II, where the
classical and quantum models are described. Section III then
presents the benchmarking protocol. Section IV reports the
experimental results and discussion. Section V concludes the
paper.

A. Related Work

Unsupervised anomaly detection has been traditionally
based on the One-Class Support Vector Machine (OC-SVM)



TABLE I
SYNTHESIS OF RELATED WORK IN ANOMALY DETECTION

Reference Algorithm Dataset Qubits
Feature

Low-
data

Metrics (Best)

Schölkopf et al. [24] OC-SVM
(Unsupervised)

USPS Digits Classical No Margin / Visual

Schütt et al. [25] PAO-ML (Supervised
Regression)

Liquid Water Classical Yes Error < 0.1
mHa

Park et al. [26] VQOCC [QAE]
(Semi-supervised)

MNIST,
F-MNIST

6–9 qubits Yes AUC: 99.9%

Kölle et al. [28] OC-QSVM [qIT, VS]
(One-class)

CC Fraud 2–20 qubits Yes AP, F1

Kölle et al. [29] OC-QSVM + Bagging
(One-class)

CC Fraud 2–20 qubits Yes AP, F1

Hdaib et al. [27] QAE + Hybrid
Classifiers (Hybrid)

KDD99,
IoT-23

– Yes –

Badami [2] QSVM (Supervised) SWaT, HAI 8 qubits No AUC: 99.1%

Cultice et al. [3] OC-QSVM (One-class) SWaT, HAI,
WADI

8–16 qubits Yes F1: 0.95

Tscharke et al. [10] QSVR
(Semi-supervised)

CC, KDD,
MNIST

5 features Yes AUC: 0.92

[24]. In this approach, a decision boundary is estimated to en-
close normal data using kernel mappings. This model defines
the reference for kernel-based approaches. Subsequent work
has addressed computational and representational constraints.
The PAO ML method introduces adaptive bases to reduce cost,
although kernel evaluation remains quadratic [25]. This lim-
itation persists across kernel-based extensions and motivates
the development of alternative feature representations.

Quantum machine learning has been explored as an alter-
native. Variational quantum classifiers use quantum encoders
and measurement schemes to detect anomalies [26]. Quantum
autoencoders have also been used for dimensionality reduc-
tion, combined with classifiers such as QSVM and QkNN
[27]. In these approaches, the effect of the quantum kernel
is not isolated. Evaluations on industrial datasets have been
conducted under different assumptions. QSVM was developed
and validated on NISQ hardware in a supervised learning set-
ting [2]. Quantum support vector regression was studied under
limited data, with performance degradation observed under
hardware noise [10]. Methods based on the Quantum Inversion
Test reduce kernel computation cost, although sensitivity to
noise remains a major shortcoming [28], [29].

Recent work has examined OC-QSVM in industrial envi-
ronments. Differences in kernel alignment relative to classical
functions were reported, which suggest changes in feature
space representation [3]. However, controlled comparisons
under unsupervised and low-data conditions remain limited.

Table I summarizes the methods, assumptions and limita-
tions across these studies.

B. Contributions

• An unsupervised OC-QSVM is proposed for one-class
anomaly detection using a quantum kernel based on the
quantum inversion test. The method is integrated into
a hybrid quantum-classical workflow in the low-data
regime.

• A data-centric benchmarking protocol is defined, where
OC-SVM and OC-QSVM are evaluated under repro-
ducible preprocessing, dimensionality reduction and op-
timization conditions to isolate the effect of kernel rep-
resentation.

• A controlled comparison is established under 240 nom-
inal training samples across 10 SKAB scenarios, with a
factorial design and repeated trials to ensure statistical
consistency.

• A scenario-level evaluation is defined using F1 Score,
FAR, and MAR to analyze error behavior under direct
deviation and topologically complex anomaly structures.

• An empirical assessment is provided showing that
OC-QSVM maintains non-degenerate detection and
bounded error behavior in complex scenarios, where
reconstruction-based models fail.

II. BACKGROUND

Classical machine learning is widely used across application
domains, with mature toolchains and stable performance in
both supervised and unsupervised learning. However, super-
vised methods are still constrained by data annotation cost,
unbalanced class and domain shift [1], [2], [30]. In con-
trast, unsupervised approaches are affected by the absence
of ground-truth data and sensitivity to noise and parameter
selection [1], [8].

A. Hybrid Quantum Classical

In the NISQ regime, gate-based quantum computing is
limited by qubit count, coherence time and hardware noise
[18]. These constraints restrict fully quantum approaches, lead-
ing to hybrid architectures that distribute computation across
classical and quantum domains [21]. In this setting, hybrid
workflows integrate quantum feature encoding with classical
preprocessing and optimization [20]. Quantum kernel methods
extend support vector models by mapping data into quantum
states and computing similarity through state overlap [18].
Kernel estimation is quantum but the optimization remains
classical. Alternative approaches use parameterized circuits,
including time series models such as QLSTM [18], [21], [31],
or quantum-inspired representations implemented in classical
systems [32], [33]. However, these hybrid approaches still
incur overhead due to data encoding and classical-quantum in-
teraction [34], [35], and training is affected by barren plateaus
[36], [37]. Hardware limitations further constrain scalability
and generalization [1], [35].

B. One-Class Support Vector Machine (OC-SVM)

The one-class support vector machine is an unsupervised
SVM variant used for anomaly detection [28], [29]. The model
is trained using only normal data to estimate a boundary that
captures nominal behavior. Deviations are treated as anomalies
[3], [27] in this regime. The origin of the coordinate system
is associated with the anomalous class, and separation from
it is maximized in a high-dimensional feature space [24],
[28], [29]. This geometric construction determines the decision



boundary used in the inference. The optimization minimizes
the norm of the weight vector w. It allows violations through
slack variables ζi or ξi, controlled by the parameter ν ∈ (0, 1],
which bounds the fraction of outliers and support vectors [24],
[28]. To avoid explicit computation in high-dimensional space,
the kernel trick is used. Similarity is defined as

k(xi, xj) = ⟨Φ(xi),Φ(xj)⟩ (1)

with common choices including linear, radial basis function
(RBF) and polynomial kernels [3]. The model is solved in
dual form using Lagrange multipliers. The decision for a new
sample is given by

Score(xnew) =

N∑
i=1

αi · k(xnew, xi) (2)

where the sign of the score determines whether the sample lies
within the normal region or is classified as anomalous [28],
[29].

C. One-Class Quantum Support Vector Machine (OC-QSVM)

The OC-QSVM extends the OC-SVM formulation to a
quantum feature space. The model remains unsupervised and
is trained solely on normal data without class labels [3], [28].
Samples are initially mapped into a high-dimensional space.
A boundary is then estimated to separate the data from the
origin of the coordinate system with maximum margin. The
decision function is preserved as

f(x) = sgn

(∑
i

αiK(xi, x)− ρ

)
(3)

where the kernel K defines the geometry of the boundary
[28]. The hyperparameter ν ∈ (0, 1] controls the fraction of
outliers and support vectors [40]. In this study, ν = 0.1 is used
to impose a conservative boundary, consistent with industrial
constraints [2].
Quantum Kernel via qIT. The classical kernel is replaced by
a quantum kernel based on state fidelity [2], [3]. Similarity is
computed in a quantum feature space as

KQ(xi, xj) = |⟨Φ(xi)|Φ(xj)⟩|2 (4)

This substitution changes the representation of similarity and
the resulting decision boundary [2]. The fidelity is estimated
using the Quantum Inversion Test (qIT), where UΦ(xi) and
U†
Φ(xj) are applied. In this case, similarity is obtained from

the probability of measuring the ground state [2], [3], [28]:

P (|0 . . . 0⟩) (5)

Dimensionality reduction. PCA, or any other technique, can
reduce the input data dimensionality to a smaller number
of components, which are mapped one-to-one onto available
qubits (in this work, 4 components are mapped to 4 qubits).
This configuration limits circuit depth and mitigates noise and
decoherence, preserving feasibility under NISQ conditions [2].

Shot noise and regularization. Kernel estimation is stochastic
and affected by shot noise, with deviation

σ ∝ 1
√
nshots

(6)

This noise may violate the positive semi-definiteness of the
kernel matrix and affect the optimization. Tikhonov regular-
ization is applied [38]:

Kreg =
K +KT

2
+ ϵI (7)

with ϵ = |λmin|+ 10−6, which stabilizes the solution [41].
Key differences between classical and quantum models are

summarized in Table II.

D. Classical OC-SVM versus OC-QSVM

Both methods operate under a one-class unsupervised set-
ting, where a boundary is estimated to enclose normal data
and separate it from the origin. The main difference lies
in how similarity is defined and how the feature space is
represented [2], [25], [28]. In the classical OC-SVM, similarity
is computed using kernels such as the RBF kernel, based on
a defined distance function (e.g., L2 Euclidean). In the OC-
QSVM, data are encoded into quantum states and similarity is
evaluated through state overlap in Hilbert space [2], [3], [28].
Entangling operations and data-dependent phase rotations are
applied within the quantum circuit. Pairwise interactions and
nonlinear correlations can be encoded in such a representation.
This change in representation also changes how the decision
boundary is constructed, particularly under limited data. Dif-
ferences between the models become more evident in low-data
conditions and in the presence of complex structures. Classical
methods rely on larger datasets to estimate stable boundaries.
In contrast, the OC-QSVM uses a different representation
of similarity that may capture multivariate relationships with
fewer samples [2], [10]. A structured comparison of these
differences is provided in Table II.

III. METHODOLOGY

Predictive maintenance in industrial cyber-physical systems
relies on continuous sensor monitoring to reduce failures and
downtime [1], [2]. Although abrupt faults can be detected by
threshold-based rules, detection of incipient faults remains a
challenge in Industry 4.0 and 5.0 settings [42], [43]. Such
faults do not clearly appear in a single sensor signal. They
tend to emerge as weak changes in multivariate correlations
and remain embedded in nominal noise [8]. The problem is
constrained by class imbalance, since anomaly data are scarce
and very difficult to label [9], [10]. Unsupervised models are
therefore used, but they often fail to separate noise from early
degradation, leading to high missed and false-alarm rates [2].
Quantum kernel methods have been examined as an alternative
in which data are mapped into high-dimensional quantum state
spaces to define decision boundaries [9].



TABLE II
OC-SVM (RBF KERNEL) VS. OC-QSVM (QIT KERNEL)

Characteristic Classical OC-SVM (RBF Kernel) Quantum OC-QSVM (qIT Kernel)

Representation Space Data are projected into a continuous space of infinite
dimension under a Euclidean metric [24].

Data are encoded into pure states within an exponential
Hilbert space. The representation is defined by quantum
state preparation [28].

Similarity Metric Similarity is computed analytically through a radial dis-
tance function [10], [28].

Similarity is estimated through quantum fidelity. State
overlap is measured using the Quantum Inversion Test [28],
[29].

Performance under Low Data A large number of normal samples is required to define
a stable decision boundary [2].

Generalization is achieved with a limited number of sam-
ples. Latent structures are captured through the geometry
of the Hilbert space [2].

Matrix Stability The kernel matrix is analytically positive semi-definite.
Convex optimization is preserved [24].

The matrix is stochastic and affected by shot noise. Regu-
larization based on the Tikhonov method is required [38].

Dimensional Dependence in NISQ High-dimensional feature sets are handled without major
computational constraints [2].

Gate noise limits the effective dimension in current hard-
ware. Dimensionality reduction is required prior to encod-
ing [2].

Time Complexity Quadratic complexity O(n2) is observed with respect to
the training set size [39].

Quadratic scaling is intrinsic. Linear scaling O(n) can be
obtained when combined with variable subsampling [12].

A. Dataset: Skoltech Anomaly Benchmark (SKAB)

The SKAB is used as the evaluation dataset [23]. It
represents an industrial water circulation system composed
of interconnected components, including valves, pumps and
rotating elements such as rotors. The system is monitored by
sensors that generate multivariate time series comprising ac-
celerometer, pressure, temperature, voltage, current and flow-
rate measurements. Ground truth anomaly labels are available.
The dataset contains more than 42,000 samples over 1,140
minutes and includes multiple fault scenarios [8]. In this work,
10 scenarios are selected, each with 300 samples. This leads
to 3000 samples for controlled comparison.

B. Experimental Batch and Scenario Structure

A subset of data files (D5 to D14) has been selected
to represent different detection conditions (Table III). The
scenarios are grouped into two categories. Direct deviation
cases present observable shifts in one or more sensor channels
and serve as a baseline for detection. Topologically complex
cases are characterized by gradual distributional changes or
inter-sensor correlations, in which no single channel exhibits
a dominant shift. This distinction allows examination of model
behavior under different anomaly representations.

TABLE III
DESCRIPTION OF SELECTED SKAB ANOMALY SCENARIOS.

Scenario Anomaly Description Sensors Max γs

Direct deviation scenarios

5 Sharp rotor imbal. behavior ACC1, ACC2 24.9
6 Linear behavior of rotor imbal. ACC1, ACC2 114.7
7 Step-like rotor imbal. behavior ACC1, ACC2 97.2
8 Impulse-like rotor imbal. behavior None 0.82
9 Exponential behavior of rotor imbal. ACC1, ACC2 94.1
11 Sudden increase in water amount ACC2, Thermo 2.93

Topologically complex scenarios

10 Slow increase in water amount Flow Rate, Thermo 3.45
12 Draining water until cavitation Flow Rate 44.5
13 Two-phase flow supply (cavitation) None 1.06
14 Water supply of increased temp. Thermocouple 3.82

C. Scenario Analysis

Scenario characterization is based on the structure of the
sensor signal. A normalized mean shift is computed for each
sensor s:

γs =
|x̄anom(s)− x̄norm(s)|

stdnorm(s)
(8)

This metric captures the mean displacement per channel.
Low γs values indicate anomalies characterized through dis-
tributional shape or inter-sensor correlations rather than mean
shifts.
Direct deviation scenarios. Scenarios 5, 6, 7, and 9 show large
accelerometer signal shifts, with γs > 20 in Scenario 5 and
γs > 80 in Scenarios 7 and 9. Scenario 8 presents an impulse
pattern with γs < 1, where detection depends on distributional
shape. Scenario 11 exhibits a weak multivariate shift across
ACC2 (γs = 2.93) and Thermocouple (γs = 1.21).
Topologically complex scenarios. Scenario 10 shows grad-
ual variation in Flow Rate (γs = 3.45) and Thermocouple
(γs = 1.84). Scenario 12 presents a strong shift in Flow Rate
(γs = 44.5), concentrated in the final phase. Scenario 13 has
no dominant signal (γs < 1.1), and the anomaly appears
only in multivariate correlations. Scenario 14 represents a
thermal gradient, with Thermocouple at γs = 3.82 and fluid
temperature at γs = 0.69. Table III summarizes the sensors
used and the maximum γs for all scenarios.

D. Data-Centric Benchmarking Protocol

The data-centric benchmarking protocol is presented in
Fig. 1. The workflow includes classical preprocessing and
dimensionality reduction, followed by quantum feature map-
ping, kernel estimation via qIT and one-class optimization.
The same pipeline is applied to all models to isolate the effect
of kernel representation. A unified one-class setting is defined.
Training uses only nominal samples, without anomaly labels.
For each scenario Di ∈ {D5, . . . , D14}, the first anomaly
timestamp tfault is identified. A training window of ntrain = 240
nominal samples is extracted before the fault. A test window



Fig. 1. Data-centric workflow for OC-QSVM with qIT kernel. The pipeline includes (i) classical preprocessing and dimensionality reduction, (ii) quantum
feature mapping and kernel estimation via qIT, and (iii) hybrid optimization including evaluation.

of ntest = 60 samples is centered around tfault, with anomaly
proportion nanom = round(ntest × ri), where ri is scenario
dependent. The same partition is used across all models. Pre-
processing is shared across methods. A StandardScaler
is fitted on the training data and applied to both splits. PCA
reduces the eight sensor channels to four components. For
the qIT kernel, a MinMaxScaler maps inputs to [−1, 1]
following [28]. Reconstruction models use temporal sequences
derived from normalized data. Data leakage is avoided. Six
models are evaluated under this protocol. The OC-QSVM with
qIT kernel is the proposed method. The OC-SVM with RBF
kernel is used as the classical counterpart [24]. Additional
baselines include Conv-AE, MSCRED, LSTM-AE and Iso-
lation Forest. Performance is evaluated using F1 Score, False
Alarm Rate (FAR) and Missed Alarm Rate (MAR) [8], [13],
[30], [35]. Metrics are computed on the test data partition
only. The protocol is reproducible with code and data available
online1.

E. Quantum Circuit Implementation

Quantum computations are executed using
AerSimulator from qiskit-aer (Qiskit 1.x) on
high-performance NVIDIA cuQuantum hardware equipped
with NVIDIA GPU 5090 (32 GB GDDR7 memory). No
physical native quantum device is used, so hardware noise
sources are not present. Results are therefore free from gate
errors, decoherence issues and crosstalk noise present in
current devices. A shared preprocessing pipeline is used
across all models. Data are standardized, reduced from eight
SKAB sensor channels to four components via PCA and
scaled to [−1, 1] for quantum encoding downstream. The
four components are mapped to four qubits. Data encoding
is performed through a parameterized feature map. Each
layer applies Hadamard gates, followed by single qubit
Rz(xi) rotations and pairwise Rzz(xi ·xj) interactions. Three
re-upload repetitions define a six-layer circuit across four
qubits.

1https://github.com/QuantumC3-FURG/oc-qsvm-benchmark

Kernel similarity is estimated using the Quantum Inversion
Test (qIT) [28]. Each entry is computed as K(x1, x2) =
P (|0 · · · 0⟩) after applying U(x1)U(x2)

†, with nshots = 1000.
The resulting matrix is used as a precomputed kernel in
the OC-SVM solver. Finite shots introduce noise of order
1/

√
nshots, which may affect matrix definiteness. Tikhonov

regularization is applied, Kreg = (K + K⊤)/2 + εI , with
ε = |λmin| + 10−6, to stabilize optimization. Kernel matrices
are cached across seeds to reduce computation. Each entry
is indexed by a composite seed. Average execution time is
approximately 2200 seconds per dataset file and seed under the
base configuration. This computational cost limits scalability
in current implementations.

F. Baseline Methods

The following baseline methods are included in the data-
centric benchmarking protocol. They are unsupervised models
used for comparison under the same evaluation conditions.

Convolutional Autoencoder (Conv-AE): Conv-AE is used to
model spatial and nonlinear dependencies in multivariate data.
The encoder compresses inputs into a latent representation
and the decoder reconstructs the data to the original space.
Anomalies are identified using reconstruction error: higher
values indicate deviations from learned normal patterns [44].
This formulation is the basis for reconstruction-based detection
in deep learning architectures.

Multi Scale Convolutional Recurrent Encoder Decoder (MS-
CRED): MSCRED models multivariate time series using
ConvLSTM layers and attention mechanisms. A signature
matrix is constructed from pairwise interactions among vari-
ables, capturing magnitude and interdependence. Anomalies
are detected through reconstruction error on these matrices
[45]. This approach shifts the focus from individual signals to
their covariance structure.

Long Short Term Memory Autoencoder (LSTM-AE):
LSTM-AE extends reconstruction-based detection to sequen-
tial data. The encoder compresses temporal patterns into
a latent vector, and the decoder reconstructs the sequence.

https://github.com/QuantumC3-FURG/oc-qsvm-benchmark


Anomalies are identified when reconstruction error exceeds
a threshold [46], [47]. This approach extends reconstruction-
based detection to temporal dynamics.

Isolation Forest (IForest): Isolation Forest detects anomalies
by recursively partitioning the feature space at random. Sam-
ples that require fewer splits to be isolated are assigned higher
anomaly scores. The method assumes that anomalies are rare
and distinct from normal instances. These samples are isolated
with fewer partitioning steps. This approach differs from
reconstruction-based models in that it relies on partitioning
behavior [48].

IV. EXPERIMENTAL RESULTS AND DISCUSSION

The experimental design used the chosen subset of SKAB
scenarios, each treated as an independent dataset (Table III). A
factorial design was defined across 6 models and 10 anomaly
scenarios. Each experiment was repeated five times to account
for inter-experimental variability. A one-way ANOVA was
calculated across repetitions, with a p-value consistently above
0.05. This confirmed that there was no statistically significant
variation across runs.

Aggregate results in Fig. 2 show that Conv-AE achieves
the highest mean F1 (0.744), whereas OC-SVM and OC-
QSVM obtain 0.670 and 0.629, respectively. Isolation Forest
presents the highest FAR (0.810), whereas Conv-AE shows the
lowest (0.010). LSTM-AE produces the highest MAR (0.603).
Although it does not achieve the highest mean F1, the pro-
posed OC-QSVM maintains a balanced trade-off between FAR
(0.330) and MAR (0.249). In contrast, reconstruction-based
models exhibit low FAR values but high MAR, which suggests
a failure to detect anomalies in some scenarios. Isolation Forest
shows the opposite behavior: low MAR (0.045) but very high
FAR. This pattern reflects a stable detection regime for OC-
QSVM, where both false alarms and missed anomalies remain
bounded across scenarios. Such behavior is consistent with
the one-class formulation under a low-data regime and aligns
with the data-centric protocol defined in Section III. A low
FAR associated with a high MAR corresponds to a degenerate
condition in which no anomalies are predicted. This effect is
observed in reconstruction-based models under topologically
complex scenarios. This effect motivates the scenario-level
analysis that follows.

A. Performance in Direct Deviation Scenarios

In direct deviation scenarios, detection behavior follows
the magnitude of the normalized mean shift γs (Table III).
Scenarios 6, 7 and 9 present large accelerometer displacements
(γs > 94), and all model families achieve high F1 values
(Table IV). In this regime, OC-QSVM achieves 0.898, 0.751
and 0.699, which remain close to OC-SVM and are lower
than those of reconstruction-based models. This pattern reflects
that strong mean shifts reduce the impact of the kernel
representation. A different behavior appears in moderate and
distributed cases. In Scenario 5 (γs = 24.9), OC-QSVM
achieves F1 = 0.705, below Conv-AE (0.976) but above
Isolation Forest (0.532). In Scenario 11, where the anomaly

is distributed across channels (ACC2 and Thermocouple),
OC-QSVM reaches F1 = 0.667, whereas Conv-AE achieves
0.930. However, reconstruction-based models maintain near-
zero FAR in these scenarios, albeit at the cost of higher MAR.
This may suggest a selective detection.

The most distinct behavior appears in Scenario 8, where
γs < 1 and no dominant mean shift is present. Reconstruction-
based models achieve high F1 (Conv-AE 0.976 and MSCRED
0.950). OC-QSVM achieves an F1 score of 0.460 in this
scenario. In this case, the anomaly is a short impulse; detection
depends on the transient distributional shape. The one-class
boundary defined by OC-QSVM does not capture this structure
effectively within the given sample window. Across direct
deviation scenarios, OC-QSVM maintains bounded FAR and
MAR values without degeneracy. In Scenarios 5–9 and 11,
MAR remains below 0.13 except for the impulse case. Also,
FAR values remain within a controlled range. In contrast,
Isolation Forest consistently yields high FAR (up to 1.000),
whereas reconstruction-based models achieve low FAR but
exhibit variable MAR. This behavior suggests that OC-QSVM
provides stable detection across varying mean-shift conditions.
Although it does not achieve the highest F1 score in dominant-
shift scenarios, it keeps a consistent balance between false
alarms and missed detections across all cases. This property
becomes more relevant when anomaly structure departs from
a single-sensor data channel, as explored in the following
subsection.

B. Performance in Topologically Complex Scenarios

Topologically complex scenarios reveal a different detection
behavior. Reconstruction-based models show a degenerate
classification pattern (F1 = 0.00, FAR = 0.000 and MAR =
1.000), which results in no anomaly detection. This behavior
is present in Scenario 10 for all reconstruction models and in
Scenario 14 for Conv-AE and LSTM-AE. The anomaly signal
does not shift the reconstruction error distribution beyond the
learned threshold under limited nominal training. Scenario 10
is the most discriminating case in this benchmarking dataset.
As shown in Fig. 3, the anomaly corresponds to a slow increase
in water amount in which the flow-rate declines gradually
through the anomaly segment. No accelerometer shift is ob-
served (γs = 3.45 on flow rate only), and reconstruction error
thresholds calibrated on nominal data remain insensitive to
the drift. In this setting, OC-QSVM achieves F1 = 0.733,
the highest among all models, with FAR = 0.141. Isolation
Forest reaches a similar F1 (0.725) but with much higher
FAR (0.529). OC-SVM achieves F1 = 0.700 with zero FAR
but high MAR (0.462). Only kernel-based models maintain
active detection in such a complex scenario. In Scenario 14,
OC-QSVM achieves F1 = 0.359, exceeding reconstruction
models that produce no detections, while remaining below
Isolation Forest and MSCRED. Scenario 12 shows a large
mean shift (γs = 44.5), but detection remains limited. OC-
QSVM achieves F1 = 0.314 with high FAR (0.848), as the
test window captures intermediate states before the dominant
signal change [23].



Fig. 2. Aggregate performance across scenarios 5–14. Mean ± one standard deviation across data files is reported for F1 Score (higher is better), FAR (lower
is better) and MAR (lower is better). The OC-QSVM is presented through a darker border.

TABLE IV
FULL BENCHMARK RESULTS ACROSS SKAB SCENARIOS 5–14. F1-SCORE (↑), FAR (↓), AND MAR (↓) ARE REPORTED. BOLD DENOTES THE BEST

RESULT FOR EACH SCENARIO. OC-QSVM† VALUES ARE AVERAGED OVER FIVE RANDOM SEEDS USING THE QIT KERNEL ON AERSIMULATOR .

Direct Deviation Scenarios Topologically Complex Scenarios

Scenario 5 6 7 8 9 11 10 12 13 14

F1-Score ↑

OC-QSVM† 0.705 0.898 0.751 0.460 0.699 0.667 0.733 0.314 0.704 0.359
OC-SVM 0.750 0.913 0.766 0.474 0.690 0.742 0.700 0.299 0.769 0.595
Conv-AE 0.976 0.923 0.944 0.976 0.923 0.930 0.000 0.900 0.867 0.000
MSCRED 0.592 0.950 0.783 0.950 0.865 0.606 0.000 0.000 0.867 0.519
LSTM-AE 0.727 0.727 0.643 0.091 0.700 0.296 0.000 0.588 0.455 0.000
Isolation Forest 0.532 0.609 0.581 0.522 0.519 0.543 0.725 0.462 0.378 0.635

False Alarm Rate (FAR) ↓

OC-QSVM† 0.451 0.123 0.268 0.215 0.359 0.459 0.141 0.848 0.205 0.230
OC-SVM 0.359 0.103 0.244 0.205 0.436 0.432 0.000 0.929 0.163 0.150
Conv-AE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.095 0.000 0.000
MSCRED 0.744 0.000 0.220 0.000 0.000 0.000 0.029 0.000 0.000 0.000
LSTM-AE 0.000 0.000 0.000 0.000 0.462 0.000 0.000 0.429 0.000 0.000
Isolation Forest 0.949 0.692 0.610 0.769 1.000 0.973 0.529 1.000 1.000 0.575

Missed Alarm Rate (MAR) ↓

OC-QSVM† 0.000 0.000 0.053 0.581 0.105 0.130 0.315 0.444 0.176 0.680
OC-SVM 0.000 0.000 0.053 0.571 0.048 0.000 0.462 0.444 0.118 0.450
Conv-AE 0.048 0.143 0.105 0.048 0.143 0.130 1.000 0.000 0.235 1.000
MSCRED 0.000 0.095 0.053 0.095 0.238 0.565 1.000 1.000 0.235 0.650
LSTM-AE 0.429 0.429 0.526 0.952 0.000 0.826 1.000 0.167 0.706 1.000
Isolation Forest 0.000 0.000 0.053 0.143 0.000 0.044 0.038 0.000 0.177 0.000

† OC-QSVM: mean over five seeds; qIT kernel with nshots = 1000 on AerSimulator (Qiskit 1.x); PCA to 4 components.

In complex scenarios, OC-QSVM maintains non-degenerate
detection while keeping FAR and MAR bounded. This behav-
ior is not observed in reconstruction-based models, which col-
lapse to MAR = 1.0 in the same scenarios, thus failing under
anomaly data distributed across multiple variables. The results

suggest that kernel-based representations remain responsive
when anomalies are not separable through single-sensor statis-
tics. A consistent advantage for the quantum model cannot
be established from these results. However, improved perfor-
mance in selected topologically complex scenarios suggests a



Fig. 3. Data partitioning for Scenario 10 (slow increase in water volume). The flow rate declines gradually across the anomaly segment, without producing
a shift detectable by reconstruction-error thresholds. Training uses 240 nominal samples preceding the test window.

Fig. 4. FAR and MAR distributions across scenarios 5–14. White circles
indicate the mean. Reconstruction-based models exhibit wide MAR distribu-
tions, with LSTM-AE and MSCRED reaching values of 100% in complex
scenarios.

possible benefit when anomalies depend on multivariate data.
This effect may be related to the representation induced in
Hilbert space, which remains to be examined in future work.

C. Error Distributions and Stability

FAR and MAR distributions in Fig. 4 differ across model
families. The stability of OC-QSVM across seeds is reported
in Table V. LSTM-AE and MSCRED show wide MAR data
distributions (reaching 100%). Conv-AE keeps a low FAR but
produces a MAR outlier at 100% in Scenario 10. Isolation
Forest exhibits a low MAR, with consistently high FAR across

all scenarios. The relative F1 analysis in Fig. 5 suggests that
OC-QSVM does not produce the worst result in any scenario.
In contrast, Conv-AE, MSCRED and LSTM-AE reach worst-
case results in at least one scenario. Isolation Forest reaches
FAR = 1.000 in Scenarios 9 and 12. Kernel-based models
maintain bounded error distributions across all cases [3], [28].
OC-QSVM presents a higher median FAR (≈ 29%) than OC-
SVM (≈ 23%), which may suggest a higher rate of false
positives under the qIT kernel in the one-class regime.

V. CONCLUSIONS

An unsupervised learning method, named OC-QSVM, was
introduced for one-class anomaly detection using a quantum
kernel based on the quantum inversion test. The method
was evaluated within a data-centric benchmarking protocol,
in which six unsupervised models were compared under
identical conditions across 10 SKAB scenarios. Training was
restricted to nominal data, which isolates the effect of kernel
representation in a low-data regime.

The research question investigated to what extent replac-
ing an RBF kernel with a quantum kernel affects the error
distribution in a low-data regime and under varying anomaly
structures. The results show that the effect depends on scenario
type. In cases of direct deviation, both kernels achieved similar
F1 scores. In topologically complex scenarios, reconstruction-
based models have not fully succeeded in multiple cases



TABLE V
OC-QSVM STABILITY ACROSS FIVE RANDOM SEEDS. MEAN ±

STANDARD DEVIATION IS REPORTED FOR F1-SCORE, FAR AND MAR
ACROSS SCENARIOS.

Scenario F1 ↑ FAR ↓ MAR ↓

Direct Deviation Scenarios

5 0.705± 0.010 0.451± 0.023 0.000± 0.000

6 0.898± 0.009 0.123± 0.011 0.000± 0.000

7 0.751± 0.025 0.268± 0.039 0.053± 0.000

8 0.460± 0.036 0.215± 0.014 0.581± 0.040

9 0.699± 0.011 0.359± 0.000 0.105± 0.021

11 0.667± 0.008 0.459± 0.019 0.000± 0.000

Topologically Complex Scenarios

10 0.733± 0.012 0.141± 0.025 0.315± 0.017

12 0.314± 0.003 0.848± 0.013 0.444± 0.000

13 0.704± 0.015 0.205± 0.019 0.176± 0.000

14 0.359± 0.023 0.230± 0.011 0.680± 0.027

Mean std 0.015 0.017 0.011

with MAR = 1.000, while both kernel methods maintained
detection. The OC-QSVM achieved the highest F1 Score in
Scenario 10 (0.733), which is considered the most discrimi-
native case in the benchmark.

Across all scenarios, the OC-QSVM maintained bounded
FAR and MAR and did not produce the worst result in
any metric. Scenario-level evaluation showed stable behavior
under both dominant and distributed anomaly structures. The
OC-SVM achieved lower median FAR (≈ 23% vs ≈ 29%)
with comparable F1. No consistent advantage in aggregate
F1 was observed for the quantum model. However, improved
performance in selected complex scenarios suggests a potential
benefit when anomalies depend on multivariate time series
structure.

The results are limited to simulation and a fixed feature map.
Future work will evaluate quantum hardware and alternative
encodings and extend the protocol to broader datasets to
further examine this effect.
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Fig. 5. Relative performance across SKAB scenarios 5–14 for (a) F1-Score, (b) False Alarm Rate (FAR), and (c) Missed Alarm Rate (MAR). The OC-QSVM
baseline is indicated by a dashed line (∆ = 0). Positive values correspond to higher values than the baseline. Negative values correspond to lower values.
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