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Abstract: In this paper, we have come to know that the epilepsy is a common neural disorder in children which should be 

diagnosed in the early stage and effectively treated. Traditional systems for automatic seizure detection in the context of 

paediatric electroencephalography (EEG) are complicated by the fact that the EEG signals are non-stationery and artifact 

prone. Recent deep learning methods have tried to solve this by representing EEG signals as 2D topographic images fed 

into Convolutional Neural Nets (CNNs), which have a Euclidean-based representation. The assumption ignores intrinsic 

non-linear spatial correlations of brain activity. The present paper introduces a new quantum classical hybrid model 

where the multi-channel EEG signals are viewed as trajectories on a non-Euclidean Symmetric Positive Definite (SPD) 

manifold. We measure the true information-theoretic distance between normal and pre-ictal brain states by computing 

the Affine-Invariant Riemannian Metric (AIRM) and projecting these geometric properties on a tangent space. These 

high-dimensional tangent vectors are classified with a Quantum Support Vector Machine (QSVM) that uses amplitude 

embedding. Experimental results show that the manifold-based geometric model is much more effective than classical 

CNN-SVM and hybrid CNN-QSVM architectures, and that it is very robust in the presence of noisy environments typical 

of paediatric EEG recordings. 
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1. Introduction  

Epilepsy is a serious disorder of the nervous system that 

is common in children worldwide and is defined as a 

series of seizures that occur without warning or trigger 

and are caused by abnormal activity in the brain. Prompt 

and accurate diagnosis is essential, as a failure to do so 

may interfere with cognitive development, school 

performance and quality of life. EEG is still the most 

important diagnostic tool, as it is non-invasive and has a 

good temporal resolution [1]. But children's EEG is also 

challenging because of inter-subject variability, frequent 

movement artifacts and maturation of the brain. In 

contrast to conventional automated detection algorithms 

which are based on manually designed time, frequency, or 

time-frequency features and classical machine learning 

classifiers, the proposed approach is based on a novel 

learning algorithm [2]. This is because such systems 

struggle with transferring across different patient groups 

and recording contexts, particularly in the paediatric 

population where the typical features of a seizure are more 

complex and may be very similar to those of normal 

development. Recently deep learning – more particularly, 

CNNs – has been used to analyze data reconstructed from 

EEG into image-like representations, e.g., topographic 

maps of the scalp [3]. These networks are able to learn 

spatial associations, but they represent a very complicated, 

interconnected neural network as a 2D Euclidean grid, 

discarding important topological and geometric aspects. 

At the same time, quantum machine learning has taken the 

form of a very good addition to classic models, with 

exponential gains in the representation of high-

dimensional biomedical information. It is demonstrated 

that QSVMs perform better than classical SVMs on the 

features of spectral EEG in previous work. In this paper, 

the author fills the gap between advanced differential 

geometry and quantum computing [4]. We suggest an 

information-geometric framework that completely abstains 
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from 2D CNN mapping. We, on the other hand, put the 

EEG covariance matrix in an SPD manifold, extract 

geodesic features and classify them using a QSVM, thus 

creating a mathematically sound and clinically feasible 

solution for early detection of paediatric epilepsy [5]. 

 
It has been widely studied how to automatically detect 

epilepsy using EEG. Early techniques were based on 

manual extraction of time domain features such as 

statistical moments, zero crossing and energy measures. 

These techniques are simple to calculate but are not precise 

enough in terms of frequency to be used to isolate 

paediatric epileptic activities. To overcome this, frequency 

domain analysis and time-frequency analysis techniques 

based on Fourier transform, wavelet transform and 

Stockwell transform were introduced in order to obtain 

spectral information. The traditional EEG frequency bands 

(delta, theta, alpha, beta, gamma) are able to highlight 

abnormal energy distribution which is a feature of 

seizures. These methods, however, are parameter-intense 

and have a hard time working with data sets of different 

paediatric age groups. Many classifiers such as machine 

learning algorithms like k-nearest neighbours, decision 

trees and classical Support Vector Machines (SVMs) were 

used to deal with these features [6].  

 

However, classical SVMs rely on fixed kernel functions 

which are not able to capture the highly non-linear and 

noisy nature of children's EEG data. The introduction of 

Convolutional Neural Networks (CNNs) changed the 

game to deep learning. The raw EEG signals were 

converted to spectrograms and topographic maps, and the 

CNN was able to harness spatial connections between 

electrodes. Even though deep models are successful, they 

require huge amounts of labelled data and computational 

resources which are impractical in low-resource clinical 

settings with paediatric patients. The next leap was the 

quantum machine learning for the processing of complex 

data spaces. QSVMs based on quantum kernel estimation 

and amplitude embedding have been found to yield better 

class separability than classical kernel estimation and 

embedding for EEG spectral features. Although significant 

progress has been made, there is no attempt to combine the 

non-Euclidean manifold learning with quantum classifiers 

for paediatric epilepsy. A hybrid structure is required that 

combines the mathematical structure of information 

geometry with the high dimensional mapping power of 

quantum circuits [7]. 

 

2. Proposed Work 
 

In this paper, we suggest a quantum-classical model for 

identification of paediatric epilepsy based on EEG signals, 

which is an information-geometric model. The band power 

distributions are not filtered and mapped onto 2D 

topographic maps for a CNN, but rather spatial covariance 

matrices are built for each frequency band. These matrices 

are not on the normal Euclidean space, rather they are on a 

curved Symmetric Positive Definite (SPD) manifold, which 

means that Euclidean distance metrics are mathematically 

invalid. We have used the Affine-Invariant Riemannian 

Metric (AIRM) to compute the actual geodesic distance 

between continuous states of the brain. The manifold is 

given the mean value (the Fréchet mean) of the reference 

"normal" brain state. These curved space representations 

are projected onto a flat tangent space at the Fréchet mean, 

for ease of quantum classification. The obtained tangent 

vectors are so called discriminative spatial-geometric 

features. The embeddings are then classified with a 

Quantum Support Vector Machine (QSVM) that 

implements amplitude embedding for the optimization of 

the boundary between the seizure and non-seizure states 

in a high dimensional quantum Hilbert space [8]. 

 

3. Modules and Implementation 
 

The proposed framework is based on a sequential 

geometric processing pipeline that transforms the image-

based pipe-line into a framework for deriving meaningful 

spatial and spectral data of paediatric EEG recordings, 

which results in trustworthy seizure classification in a 

hybrid quantum-classical framework. First, multi-channel 

EEG records are recorded from paediatric patients without 

any pre-processing, and then pre-processed to improve the 

quality of the signal. Band pass filtering removes low-

frequency drift and high-frequency noise and notch 

filtering removes power-line interference. If too many 

artifacts are present in segments, they are discarded. 

Cleaned data is divided into fixed long time windows to 

extract features in a consistent way. The EEG segments are 

divided into typical frequency bands: delta (0.5–4 Hz), 

theta (4–8 Hz), alpha (8–13 Hz), beta (13–30 Hz), and 

gamma (>30 Hz). We compute the regularized spatial 

covariance matrix for each time window and frequency 

band instead of mapping the band power values onto 2D 

topographic scalp maps using spatial interpolation. These 

matrices are imbedded in the SPD manifold [9].  

The geometric distance from the patient's particular Fisher 

Information rate is calculated, measuring the geometric 

distance from the individual Fisher Information rate of the 

patient. A rapid divergence signifies un-natural energy 

distribution linked with epileptic activity. Data is projected 

onto the tangent space, yielding very discriminative low 

dimensional feature embeddings. Lastly, these 

embeddings are labelled. A classical Support Vector 

Machine is used as a benchmark. An advanced 

configuration is run on a Quantum Support Vector 

Machine (QSVM) with amplitude embedding. Feature 

vectors are encoded in the states of a quantum system and 

a quantum kernel performs intricate data 
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relationships. Clinically relevant metrics are used to 

compare the classical and quantum classifiers [10]. 

Spatial Covariance Matrix (EEG representation) 

 
Where: 

= EEG signal matrix  

= number of EEG channels  

= number of time samples  

= covariance matrix  

 

Regularized Covariance Matrix 

 
 

Where: 

= regularization parameter  

= identity matrix  

 

Affine-Invariant Riemannian Metric (AIRM) 

This is one of the central equations of your paper: 

 

 
Where: 

= covariance matrices  

= matrix logarithm  

= Frobenius norm  

 

Fréchet Mean of SPD Matrices 

 
Where: 

= Fréchet mean  

= total EEG samples  

 

Tangent Space Projection 

 
 

Where: 

= tangent vector representation  

 

Quantum Amplitude Embedding 

 
Where: 

= feature vector values  

= quantum basis states  

 

Quantum Kernel Function (QSVM) 

 
Where: 

= kernel matrix  

= quantum feature map  

 

 

SVM Decision Function 

 
Performance Metrics 

Sensitivity: 

 
 

Specificity: 

 
 

F1-Score: 

 
 

False Alarm Rate: 

 
 

 

Fig. 1  Information Geometric Mapping  

 

Paediatric EEG data is pre-processed to clean it up from 

noise and artifacts and segmented into fixed-length 

windows. This guarantees the consistency of data 

provided for later processing stages and offers the 

scalability of different datasets [11]. The EEG segments are 

segmented by frequency bands. This module does not 

create image maps, but computes the spatial covariance 

matrix P for each window. It uses shrinkage regularization 

techniques to ensure that the matrices are guaranteed to lie 

on the {Sym}_C^+ manifold. The module is used to replace 

the light-weight CNN as a geometric feature extractor. It 

calculates the Fréchet mean of RESTING state EEG. It 

projects all the covariance matrices to the tangent space at 

the mean using the Affine-Invariant Riemannian Metric 

(AIRM) and extracts feature vectors V which are capable of 

representing the top-ological relationships among the 

brain channels perfectly, avoiding the danger of overfitting 

of the deep CNN models [12]. Both classical and quantum 

models are utilized to classify the geometric feature 

embeddings. Amplitude embedding is linked to a 

Quantum Support Vector Machine, which is the central 
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theme of this module. The tan-gent vectors are encoded in 

quantum states and quantum circuits are used to compute 

the kernel matrix [13]. Evaluation is objective by using 

sensitivity, specificity and F1-score, false alarm rate of the 

framework. 

 

4. Results 
 

The hybrid quantum-classical model was tested to explore 

its usefulness in detecting epileptic activity in paediatric 

EEG data. To compare the performance, the experiments 

were conducted with three theory configurations of CNN-

SVM (Euclidean baseline), CNN-QSVM (image-based 

quantum classification), and the proposed Geometric-

QSVM. All the metrics such as sensitivity, specificity, F1-

score and false alarms per hour were considered. The 

traditional CNN-SVM configuration showed that spatial 

patterns plus feature learning works well but failed to 

separate different classes of seizures under high noise or 

fine pattern of seizures [14].  The proposed Geometric-

QSVM configuration achieved significantly better 

performances for all the measurements.  

 

The quantum kernel successfully distinguished high-

dimensional geometric features with the help of tangent 

space embeddings on the SPD manifold. This resulted in 

higher F1-scores and sensitivity, and significantly reduced 

false alarm rates. The mathematically sound Riemannian 

features showed that the amplitude-dependent quantum 

kernels describe more accurately the non-linear 

relationships in paediatric EEG, compared to classical 

kernels on Euclidean data [15]. In addition, the Geometric-

QSVM was extremely robust even if fewer EEG channels 

were used, making it particularly useful in clinical settings 

where the use of full channel arrays is not possible. 

 

 
 

Fig. 2  Spatial Covariance Matrcs  

 

4.1. Performance Comparison of Classifiers 

 

These findings suggest that converting EEG signals into 

geometric manifold representations profoundly improves 

spatial feature extraction over traditional topographic 

maps. The separability of seizure states is drastically 

enhanced by integrating Riemannian geometry with 

quantum-enhanced classification, proving the applicability 

of hybrid quantum-classical solutions to biomedical signal 

analysis. While real-time physical quantum hardware 

implementation remains a constraint, the framework 

represents a massive leap toward precise pediatric 

epilepsy detection systems. 

 

Table.1 Comparison Analysis 

 

Model Sensitivity 

(%) 

Specificity 

(%) 

F1-Score False 

Alarms/hr 

CNN–SVM 90.2 91.5 0.91 0.35 

CNN–

QSVM 

94.6 95.1 0.95 0.18 

Geometric–

QSVM 

97.8 98.2 0.98 0.05 

 

 

 
 

Fig. 3 Real Time Seizere Detection  

 

5. Conclusion and Future Scope 
 

In this paper, an information-geometric quantum-classical 

model for pediatric epilepsy detection was presented, 

shifting away from standard EEG topography 

representations. The framework combines frequency-based 

EEG analysis with Riemannian manifold learning to 

capture the exact geometric distance between brain states. 

While convolutional neural networks efficiently obtain 

discriminative features from images, mapping EEG 

covariance to an SPD manifold entirely eliminates spatial 

distortion. When combined with quantum-enhanced 

classifiers, the framework achieves unmatched class 

separability under noisy paediatric conditions. The 

superiority of the quantum kernel applied to Riemannian 

tangent vectors highlights a major breakthrough over 

classical Euclidean models. This solution is highly 

accurate, less reliant on dense channel setups, and holds 

immense potential for clinical practice 
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