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Abstract: The study of emotion recognition via EEG is important due to the role emotion plays in decision making,
behaviour, mental health, human computer interaction and understanding of emotion from an EEG perspective.
Traditional machine learning methods use hand-crafted features and previously have not been able to cope with non-
linear brain cell activity patterns. While the deep learning architectures excel at building representations, the data and
compute power needed are often large. In this paper, a quantum kernel learning (QKL) approach for emotions
recognition using EEG data is suggested. The framework combines both the spectral preprocessing and the covariance-
based representations on the symmetric positive definite (SPD) Riemannian manifold and tangent space embedding and
quantum support vector learning. The signals from EEG are mapped into a structured covariance representation that is
able to maintain inter-channel statistical structures. The filters in quantum feature maps are parameterized quantum
circuits that lift classical EEG representations to exponentially larger Hilbert spaces, and thus offer a more powerfully
discriminative kernel where classical EEG cannot compete. The QSVM dual optimization problem is tackled in a classical
manner with the quantum kernel Gram matrix. A 32 channel 40 subject benchmark is used for the experimental analysis
with 97.5% classification accuracy and higher robustness against the degradation of the signals when compared to the
state of the art SVM, CNN-SVM, and CNN-QSVM baseline methods on all of the evaluation metrics.
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1. Introduction

Emoti . . cognition which are essential to emotional processing.
motions are a key component of human interaction,

cognition and behavior. Recognition of emotions has wide

Popular approaches to recognizing emotions in traditional
range of applications such as healthcare, affective

EEG systems include hand-engineered features derived
from time-domain statistics, frequency-domain band
power, time-frequency representations with short-time
Fourier transforms (STFT) or continuous wavelet
transforms (CWT). Such methods are intuitive and easy to
calculate, but are lacking in generalizability to situations
where there is inter-subject variability, a lack of
standardization in where electrodes are placed on the
scalp, and electromyographic (EMG) and
electrooculographic (EOG) signals contaminate the
recordings.

computing, neurorehabilitation, human-robot interaction,
and many others. The physiological modalities studied
into emotion recognition can be distinguished by
differences in their temporal resolution, their invasiveness,
their portability and the direct recording of the neural
processes involved in the emotion recognition process. The
high temporal resolution (milliseconds) of
electroencephalography (EEG), the non-invasiveness, its
portability, and its real-time recording of the neural
processes involved in emotion recognition are the
advantages of this modality of emotion. Such electrical

activity recorded over scalp electrodes reflects distributed  There are difficulties in using classical classifiers such as
computations  of neural activity related to the support vector machine (SVM) or linear discriminant
spatiotemporal components of valence, arousal and analysis (LDA) under the Euclidean assumption that does

not represent the geometry of EEG covariance matrices. In
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recent years, a number of deep learning architectures have
greatly advanced the automatic extraction of features from
EEG. The convolutional neural networks (CNNSs) capture
the spatial information in the filters across all channels of
electrodes and the long short term memory (LSTM)
networks learn the temporal information across different
EEG epochs [2].

The transformer approach is used to enable multi-channel
integration using self-attention mechanisms. However,
there are datasets that can be used for benchmarking that
have inspired grand results, but the deployment of deep
models requires huge labelled training sets, a substantial
amount of hyperparameter tuning, and the use of GPUs,
which are often lacking in clinical settings and for
embedded systems.

Also, the black-box quality of these models is an obstacle
for the interpretation by neuroscientific approaches. In
recent years, the idea of using quantum machine learning
(QML) has come of age, with the recent development of a
theoretical model of QML that can process high
dimensional data in an exponentially large Hilbert space
ignoring the classical methods via superposition and
entanglement [3]. In quantum kernel methods, the inner
product is computed in a feature space using quantum
circuits with parameters (PQCs), but these feature vectors
are not explicitly built, rather inner products are computed
implicitly. This quantum kernel trick is similar to the
classical kernel trick, but investigates an intrinsically more
interesting family of functions. Quantitative kernels may
be useful for datasets with more complicated class
boundaries, which benefit from complex nonlinear
relations, than those with linear or radial basis function
(RBF) class boundaries [4].

Although the use of QML for classification problems has
been gaining interest, the geometric structures EEG has not
been extensively explored to integrate with quantum
kernels. Most current applications of QML wused for
biomedical signals focus on the feature vectors extracted
from the raw data or on loosely pre-processed feature
vectors, disregarding the comprehensive Riemannian
geometry of the EEG covariance matrix.

This paper aims to fill the above void by presenting a
Quantum Kernel Learning (QKL) framework composed of
four key elements:
(i) spectral band decomposition and ICA
(independent component analysis) removal of
artifacts,
(ii) preservation of inter-channel relationships while
constructing the covariance matrix in a spectrally
appropriate way,
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(iif) embedding in a Euclidean space using Riemannian
tangent space projection, and

(iv) Quantum  kernel based support vector
classification. Main contributions of this work are:

Designing a complete EEG-to-quantum classification
pipeline by introducing Riemannian geometry as a bridge
for connecting to the quantum feature-embedding
approach (ZZFeatureMap)

(@) 2)introducing a quantum ZZFeatureMap approach
that leverages the structure of SPD manifolds to
represent inter-channel emotional correlates

(b) systematically evaluating against SVM, CNN-SVM
and CNN-QSVM baselines, demonstrating better
accuracy and noise robustness.

2. Literature Survey

2.1. Classical EEG Emotion Recognition

The study of emotion using EEG has taken three separate
methodological approach. Early studies were done with
such primitive feature extraction methods as statistical
moments, Hjorth parameters, sample entropy and spectral
band power on delta (14 Hz), theta (4-8 Hz), alpha (8-13
Hz), beta (13-30 Hz), and gamma (>30 Hz) bands and fed
to SVM, KNN, and naive Bayes classifiers. A number of
electrode pairs between hemispheres, namely, differential
asymmetry (DASM) and rational asymmetry (RASM),
were commonly used as valence indicators. Although
these methods were interpretable, they did not perform
well for fluctuating electrode impedances or in scenarios
between sessions, and therefore, were not practically used.

2.2. Deep Learning Approaches

Automatic feature extraction for EEG analysis was
significantly leap forwarded wusing deep learning.
Compared to this, to build a parameter-efficient spatial
filters, Lawhern et al. presented a compact and depthwise-
separable CNN (CNNnet called EEGNet) that learns
spatial filters directly from raw EEG [2]. The spatio-
spectral-temporal EEG tensors were concurrently
processed in 3D CNNs. For the temporal dynamics, we
designed a common Istm or gated recurrent unit (GRU)
networks which model epoch-level behaviour (with a
length of 1024 epochs) and selective weighted abstractive
attention networks  using  hierarchical attention
(hierarchical and sequential components), which
selectively weighted informative temporal segments.

They used multi-head self-attention over the electrode
channels, and achieved state-of-the-art performance on the
DEAP and MAHNOB-HCI benchmarks. A graph-based
CNN  representation neglected the  topological
relationships in the functional connectivity graph extracted

from EEG coherence or phase-locking
QOO
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value, the connectivity relationship represented by the
functional connectivity graph was used by graph neural
networks (GNNSs) [8]. Although accuracy has improved,
deep models are based on big labelled datasets (more than
1,000 trials per subject under fully data-driven conditions)
are lacking in uncertainty quantification, and do not
produce good cross-subject generalizability (due to a
domain shift).

2.3. Riemannian Geometry Methods

EEG
covariance matrices to be viewed as points on the SPD

Riemannian geometry framework allows the

manifold that is a curved, non-Euclidean space endowed
with the affine-invariant metric. As for classification of
Motor Imagery (MI) and Event Related Potentials (ERP),
Barachant et al. showed that Minimum Distance to
Riemannian Mean (MDRM) classification and Tangent
Space Logistic Regression (TSLR) significantly outperform
Euclidean SVM [9]. Because of the concept of the intrinsic
curvature of the manifold, Euclidean vectors exists which
are tangent space projection vectors with a reference point.
One of these is provided by the geometric mean of SPD
matrices (also called the Karcher mean). These approaches
are robust to electrode permutation and are also invariant
to linear spatial changes which is crucial for cross-subject
EEG analysis.

2.4. Quantum Machine Learning

Biamonte et al. gave a detailed review of QML, setting up
quantum extensions of the PCA, clustering, and
supervised learning using the quantum circuit model [3].
Havlicek et al. have shown experimentally, on a two-qubit
superconducting  processor, the potential for a
classification gain from a quantum-enhanced feature space
for a synthetic data set [4]. Schuld and Killoran laid a
formal ground for the insights to machine learning
algorithms based on quantum models by proving that
variational quantum classifiers can be compared to kernel
SVMs with quantum kernels computed from Hadamard
test circuits [5].

Liu et al. then gave a theoretical analysis to set conditions
for quantum kernels to have provable learning-theoretic
benefits. Candelieri et al. investigated the computational
power of the quantum kernels for a series of combinatorial
optimization classification problems and showed that they
can outperform classical kernels on some small problems
[7]. Systematic use of the Riemannian preprocessing to
emotion classification in EEG data, however, has been
missed.

3. Existing System

The existing emotion recognition systems using EEG
technology are mostly based on CNN and LSTM
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architectures. This is done by applying an end-to-end
trainable deep CNN to raw EEG channels to transform
them into spectrograms using either STFT or Morlet
wavelet transforms. Hybrid architectures involve applying
CNN to spatial EEG filtering, and using LSTM temporal
model or attention to learn temporal EEG dynamics.
Seeing the derivatives of ResNet and DenseNet with skip
connections [10], they're used to enhance the flow of
gradients in deep EEG models. CNN-QSVM baseline is a
quantum SVM based output layer for a CNN that directly
replaces the softmax output layer of the CNN by
computing a quantum SVM kernel within the penultimate
CNN embedding layer. This method brings in quantum
kernel computation, but leaves the data requirement and
interpretability constraints of deep CNNs untouched [11],
and it involves CNN features instead of covariance
representations which have more geometric rules.

Though these are reported accuracy levels of competition,
the following are the important drawbacks: Large amounts
of labeled training data (N > 500 training epochs per class
per subject) necessary and limit applicability in low data
clinical environments. CNN training requires strong
acceleration on multiple GPUs for throughput, and is
complex. Internal CNN representations cannot be
inspected by a neuroscientist or be theoretically accounted
for in terms of the features of the EEG signals. Separability
of features starts to significantly decline with the low SNR
in recording conditions (<15 dB).

The main aim of this work is to extend these concepts to
efficiently represent complex nonlinear inter-channel
relationship in high dimensional SPD
covariance structures, such as RBF and polynomial kernels.
To overcome all five shortcomings of CNN feature
extraction and the need for deep network training for the
classification, the proposed QKL framework utilizes the
geometrically ground Riemannian covariance
representations as features and classification purely based
on quantum kernel, obviating the necessity to train deep
network [12].

emotional

4. Proposed Work

4.1. System Architecture

The proposed framework QKL is composed of five
sequential modules: (1) signal acquisition and
preprocessing, (2) decomposing the signals into the desired
cognitive frequency bands, (3) construction of the SPD
covariance matrix on a Riemannian manifold, (4)
embedding in the tangent space and encoding the
quantum features, and (5) classification using a quantum
SVM. As can be seen in Fig. 1, the overall pipeline is
shown.
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Acquismion { = T T T

Fig. 1. Proposed QKL system architecture for EEG-based
emotion recognition.

4.2. EEG Signal Acquisition and Preprocessing

Dimensionalities of a raw (multichannel) EEG signal x €
RMCxT} has C=32 scalp electrode channels and T =512
time samples, recorded at 128 Hz over 4-second epochs.
Signal conditioning proceeds in three stages. First, a zero-
phase fourth-order Butterworth bandpass filter attenuates
DC drift and high-frequency muscle artifacts while
retaining the neurologically oscillatory
components in the delta, theta, alpha, beta, and gamma
bands. Second, independent component analysis (ICA)
using the FastICA algorithm decomposes the multichannel
signal into statistically independent sources; components
exhibiting frontal scalp topography and typical EOG-EMG
signatures are identified and removed by back-projection.

relevant

Third, the artifact-free continuous signal is segmented into
non-overlapping 4-second epochs, yielding approximately
600 epochs per participant across all emotional conditions.
Each epoch is then decomposed into five sub-band signals
using fifth-order Chebyshev Type I bandpass filters: delta
(1-4 Hz), theta (4-8 Hz), alpha (8-13 Hz), beta (13-30 Hz),
and gamma (3045 Hz). Covariance matrices are computed
independently for each sub-band and subsequently
combined in the tangent space to form a compact feature
representation encoding multi-band emotional dynamics.

4.3. Covariance Representation on the SPD Manifold

A representation of the covariant derivatives on the SPD
manifold [13]. The covariant representation of derivatives
on SPD manifold. In each (EEG epoch, frequency band)
pair sample SC is as follows:

C=@/T—1)&—pHx —u)' (1)

Here p is the temporal mean vector entry-wise, T
represents the transpose operation in matrix form. C is
strictly positive definite and, as can be verified [14], is
symmetric, when no two EEG channels are exactly linearly
dependent. The pointset of all € X CSPD matrices is the
Riemannian manifold PAC with the affine-invariant metric
tensor:
g.C(UV) = tr(CN-1}U CM~1} V) (2)
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for two vectors U and V at C that are tangent to C. This
metric can be used to test for congruence transformations
of the form € = ACA" ynder any invertible A and is also
robust with respect to spatial filtering and linear re-
referencing operations [15]. The geodesic distance between
two SPD matrices, C1and C—Z, with respect to the affine-
invariant metric is:

§_R(C_LC2) = |log(C_1*{~1/2} €2 C_1"{-1/2))|.F (3)

where |l I-F stands for the Frobenius norm and 109() is
the matrix logarithm. The Riemannian mean (Fréchet
mean) ¥ of a set of a SPD matrices {C_k} is the minimizer
of the sum of the geodesic distances on the manifold
squared by iteratively performing the gradient descent
update on the manifold [16].

4.4. Riemannian Tangent Space Embedding

Each matrix C (SPD) is mapped into the tangent space at
the Riemannian mean X by projecting with the help of the
well known logarithmic map:

5 = Log F(€) = IM1/2)} log(E~[—1/2) C E*{—1/2)) E*{1/2)}

where 109() in this case refers to the principal log of the
matrix obtained by eigen decomposition. The resulting
tangent vector S is a symmetric matrix in RMC X C}, The
elements in the upper triangle (including the diagonal) are
retrieved, and stacked to create a Euclidean feature vector:
v = vech(S) € R"d,d = C(C+1)/2 (5) where vech(-) ig

a half-vectorization operator.

The off diagonal elements are scaled by the product of %
so that the Frobenius inner product structure of tangent
vectors is preserved. For a 32-channel EEG signal, d = 528.
The concatenated feature vector across all 5 frequency
bands is then a final feature vector ¥V € ]F&"{Zﬁél—(]} which
contains all the inter-channel covariance structure in the
multi-band context [17].

4.5. Quantum Feature Embedding

Classical tangent vectors v are dimensionality-reduced to n
(equal to the number of qubits), phase encoded onto the

interval [=17.7] by normalising, and classical vectorised.
The quantum feature map is a parameterized quantum
circuit

U p@):le()) = Ug)0){& n} )

The circuit Y-% is based on the ZZFeatureMap architecture
- where data-encoding layers are repeated twice. Where
each layer contains
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(i) Hadamard gates, H, on each qubit to ensure uniform
superposition

(ii) Single qubit rotation gates, R z(v_j) , with each

qubit j corresponding to a different feature

component v
exp(i VU ZiZy, )

(iii) Entangling two-qubit gates,
applied to all pairs (jk) for which the phase
v;&V_K

~"Gets correlated via the ZZ interaction. Here
is a second-order encoding of the feature correlation
in the quantum state, in addition to the first-order
phase encoding. The kernel function in a quantum
computer is a function that represents the transition
probability from one state to an other when two
states are encoded

Ewivj) = (p(vDlew )2 = (01M@n}Ue* 1
(v U_plv DM@ n)12 ( %)

Estimate the kernel is done by first constructing the circuit
U @(vj) and then the adjoint circuit U-¢" 1 (v_i) and
measuring

(000....0|U_g" 1 (v_i) U_g(v_)|0)*{ @ n}|.

The first Hadamard-test approach involves evaluating
O(N2) circuits to fill all of the NxN elements of the Gram
matrix for training N samples.
measurement of the values of the kernel is performed
analytically with state vector inner products.

In simulation the

4.6. Quantum SVM Classification
A classical SVM optimizer is given the entries

K{ij} = KW Lv]j) of the
K € RMN x N}

quantum Gram matrix
obtained by plugging in vectors V- and
V_J. The dual soft-margin SVM goal is to:

max_al fai— (L2} {i.jlaeiajy iy jK(v_iv_j)

Assuming only the box constraint 0 = @ < Cfor a1 @,

and the equality constraint XI @Yl = 0 The Lagrange
dual variables ®-L the class labels Y- € {=L+1} and the
regularization hyperparameter C control the bias-variance
tradeoff. The initial decision function is:

flv) = sgn(X_ia iy iK(viv) + b)

where the sum is only over the support vectors (those or_i >
0), and b is the bias term recovered from the complemtary
slackness conditions of the KKT system. A quadratic
program (QP) is solved using the sequential minimal
optimization (SMO) algorithm, which breaks the QP down
into subproblems of two variables each that can be solved
analytically [18].
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A one-vs-one (OvO) multi-class strategy is adopted with
the four-class emotion recognition (happy, sad, calm,
excited) and a total of 2¥(Cn—1) = 6 pinary QSVM
classifiers is created. Finally, class predicted by the
majority voting from all the pairwise classifiers will be
decided as the final class. The inner cross-validation is
performed with respect to the hyperparameter C on the
training fold [19].

5. Results and Analysis

5.1. Experimental Setup

The experiments were carried out on the 32-channel (EEG
emotion) publicly available dataset of 40 participants. The
valence-arousal dimensional theory of emotion was
followed with 40 trials (1 minute in duration) conducted
for each participant under four emotional states — happy,
sad, calm and excited. This data set contains self-reported
arousal, valence and dominance ratings on a per-trial basis
for validation alignment. Data was randomly divided into
80% training set and 20% test set with focusing on the
stratified 5-fold cross-validation so as to obtain balanced
class with regard to cross-validated differentiations. The
baselines were: SVM using RBF kernel on the differential
entropy features; CNN-SVM when embedding features
using EEGNet; and CNN-QSVM when embedding using
EEGNet with RBF kernel as a quantum kernel.

5.2. Classification Performance

The proposed QKL framework performs with a 97.5%
accuracy, with SVM (88.2%) and CNN-SVM (92.4%)
gaining less than the proposed accuracy value, which is
attributed to (i) the SPD manifold representation capturing
inter-channel statistical geometry and (ii) the exponentially
large Hilbert space explored by the ZZFeatureMap
quantum kernel capturing higher-order feature correlation,
and (iii) strong regularization in the quantum feature space
provided by SVM margin maximization.

Table. 1 Performance Comparison of Emotion Recognition
Models

Accuracy (%) ‘ Precision (%) ‘ Recall (%)

Model
‘ 882 875 86.8
CNN-SVM ‘ 924 ‘ 91.9 92.0
CNN-QSVM ‘ 95.3 ‘ 95.0 94.7
Proposed QKL ‘ 97.5 ‘ 97.2 96.8

5.3. Confusion Matrix

The confusion matrix of proposed framework is given in
vol. Fig. 2. There is high classification accuracy throughout
all four emotion classes, with the highest number of
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misclassification cases being those between the emotion of
sad and happy (1 sample), which are known to have
communications between low arousal levels on the
negative side of the valence spectrum and high arousal
levels on the positive spectrum in the theta and alpha
bands, respectively [20].

Confusion Matrix - Proposed QKL Framework

Happy

Sad

True Label

Calm

Excited

Excited

Happy Sad Calm
Predicted Label

Fig. 2. Confusion matrix for the proposed QKL framework on the
test set.

5.4. ROC Analysis

A receiver operating characteristic (ROC) curve and area
under the curve (AUC) values for each emotion class is
shown in Fig. 3. As AUC values of all four classes are
greater than 0.98, they have good discriminative power.
The larger AUC for calm (0.991) than excited (0.983)
suggests that there are more distinct spectrals of alpha-
band synchronization in calm than in excited.

d

ROC Curves - One-vs-Rest Classification

Lo

o o
Y =

True Positive Rate
o
-

—— Happy (ABC=0.994]
—— Sad (AUC=0.98T)
—— Calm (AUC=0.591}
— Exgited (AUC=0 983)
=== Random (AUC=0.500)

o
~
",

00 K-
00 0z 0.4 0.6 08 10
False Positive Rate

Fig. 3. ROC curves for one-vs-rest classification across all emotion
classes

5.5. Comparative Analysis

Fig. 4 shows the grouped bar chart of accuracy, precision,
and recall of all the analysed models.

The proposed QKL model scores its best on all three
measures. The margin on top of CNN-QSVM (2.2% of
accuracy) proves that the use of Riemannian covariance
preprocessing brings independent performance benefits
over quantum kernel substitution.
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Classification Performance Comparison

100.0

Performance (%)
S
=

- Accuracy (%)
82.5 w== Precision (%)
= Recall (%)

CNN-SVM CHNN-OSVM Proposed

QKL

Fig. 4. Accuracy, precision, and recall comparison across classification
models.

5.6. Robustness to Noise

In this way, the robustness of the models is assessed when
the SNR changes from a clean data (clean signal) to
degradation (noisy signal), as shown in Fig. 5. The
proposed QKL framework achieves over 89%, consistent
with the results of other classifiers, significantly
outperforming the SVM (54.0%) and CNN-SVM (63.2%).
The ability of this manifold to withstand additive noise
perturbations that leave the manifold metrics Riemannian
is said to be the reason for its superior robustness, as is also
the case for the high dimensional representation of the
feature space of the quantum, which guarantees the
separation margins between the classes under feature
perturbation caused by noise.

Robustness to Noise - Accuracy vs SNR
100

- SVM
~@- CNN-SVM
... =&~ Proposed QKL
90 ~e._ —
e T Rt
B 3 e
- o -
2 e .. NS5
> 7 -
g e .
3 o b
g ~~ RS
\\\ o
SN ™
60 \\
~
\\
~
L]
50
0 5 10 15 20 25 30

Noise Level (SNR dB)

Fig. 5. Classification accuracy as a function of decreasing SNR
(noise robustness).

5.7. Discussion

The experimental results validate the effects of the
proposed QKL framework to model the nonlinear
dynamics in the EEG recording that imply an emotional
experience. It has 3 complementary factors which
contribute to its excellent performance. Firstly, the
Riemannian covariance representation is capturing the
geometry of inter-channel relationships of which Euclidean
feature spaces are missing. The affine-invariant metric on
the SPD manifold is also robust to both spatial filtering and
linear re-referencing, two common preprocessing steps

performed on the EEG signal that
QOO
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Euclidean methods are not directly able to deal with.
Secondly, quantum feature maps take advantage of the
exponentially large Hilbert space by applying entangling
ZZ interactions to distinguish in very fine-grained ways
between two emotional classes, whose boundaries are
interleaved in a non-linear fashion in the classical feature
space. Third, the SVM margin maximization is done in the
quantum kernel space which gives it good regularization
and hence prevents overfitting in the cross-subject
evaluation protocol. The noise robustness results show that
there is an important advantage for the practical
deployment of the product. Motion artifacts, impedance
changes of electrodes and electromagnetic interference are
common sources of noise and disturbance in clinical and
ambulatory EEG recordings.

The SPD covariance structure is a second-order statistic
calculated throughout the entire epoch and hence is
immune to additive noise when its mean value is zero; also
it adapts to changes in the geometry of the system until the
noise power begins to dominate. The quantum kernel also
enhances the separation margin between classes due to
superbly rich feature interactions which makes it less
sensitive to moderate noise perturbations for prediction.
One limitation is that the classical simulation of the
quantum kernel computation is limited to a small number
of qubits (n < 20) on high memory quantum simulation
hardware. However, O(N2) cost of constructing Gram
matrix puts its usage somewhat problem to good use only
on the handful of thousands of training samples. For scale-
up, noise-aware transpiration, and error mitigation
(readout error correction, zero-noise extrapolation) on real
quantum processors will be required. A potential
deterioration of quantum advantage, which was seen in
noiseless simulation, could be caused by the expected
NISQ-era constraint of a low qubit coherence time and
below-99.5% fidelity for 2-qubit gates.

6. Conclusion and Future Scope

This research proposed a new Quantum Kernel Learning
framework for EEG emotion recognition, based on the
combination of the covariance based Riemannian
representation, quantum feature embedding, and SVM.
The proposed system achieves 97.5% classification
accuracy on a 4-class emotion benchmark dataset,
outperforming the conventional SVM (88.2%), CNN-SVM
(92.4%), and CNN-QSVM (95.3%) baselines, and also
surpasses all baselines in precision and recall. Most
significantly, the framework maintains accuracy above
89% under signal degradation of up to 30 dB SNR
reduction, demonstrating its suitability for clinical and
ambulatory (real-world) monitoring environments. The
theoretical relationship between Riemannian geometry, the
tangent space embedding, ZZFeatureMap quantum
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circuits and the kernel SVM puts signal processing and
quantum computing into a uniform and coherent pipeline.
This illustrates an effective trajectory for biomedical signal
processing, neurological monitoring and brain-computer
interface science in the name of affective computing one
using the power of quantum phenomena.
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