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Abstract—Detection of epileptic seizures from EEG signals is 

well-studied topic for the last couple of decades. Lately, automated 

signal processing and machine learning methods were developed 

to detect epileptic seizures. However, most of the methods are 

tailored to subjects and require fine tuning of many parameters. 

In this study, we proposed to use Riemannian geometry-based 

signal processing method that already showed superior 

performance on brain-computer interface problems, to extract 

features. We showed that tangent space mapping features of EEG 

signals can be used to detect seizures with high accuracy and 

precision. 
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I.  INTRODUCTION 

According to the 2019 World Health Organization report, 
approximately 50 million people diagnosed with epilepsy, one 
of the most common neurological disease. It is also reported that 
proper diagnose and treatment can prevent 70% of the patients 
from having seizures [1]. Epilepsy patients have two or three 
times more premature death risk than healthy people [1], which 
highlights importance of diagnose and treatment of epilepsy. 
Detection of epileptic seizures and localization of seizures have 
vital importance for proper treatment [2]. 

Electroencephalography (EEG) is the most common way to 
monitor brain activity thanks to its non-invasiveness, low 
equipment cost and high temporal resolution [3]. EEG signals 
are recorded from scalp surface with electrodes, and it represents 
electrical potential differences between cortical surfaces. This 
allows to understand how different cortical areas behave during 
a task or event, making EEG the most preferred technique to 
monitor and capture beginning and end of the epileptic seizures 
as well as locating the affected area on the brain [4]. By 
monitoring EEG signals, it can be understood whether specific 
region of the brain is involved with seizure, or it is widespread.  

In general, hours of EEG recordings are taken from patients, 
and then experts visually examine all the recorded data to detect 
seizures and annotate them. This is an inefficient, time-
consuming, and exhausting process for both patients and 
experts. On the other hand, considering the duration of 
recordings, artifact and noise caused by daily activities of the 

patient, are present in EEG signals making it difficult to detect 
seizures automatically [5]. Further, seizure characteristics vary 
across subjects that prevent standardization in the signal 
processing and machine learning steps of automation [6]. Yet, 
for the last couple of decades, many research efforts have been 
put forward to automate seizure detection process [7, 8]. Time 
domain and frequency domain methods are used to extract 
features from EEG signals and neural networks are utilized for 
classification [9]. Though existing methods reach high accuracy 
in terms of detecting seizures, performance is highly dependent 
to fine tuning of parameters, resulting a low generalization 
capability across different subjects and recordings [4]. 

Here in this study, we used Riemannian geometry-based 
analysis which is becoming a state-of-the-art method in brain-
computer interface field, for feature extraction from EEG signals 
to detect whether a seizure is present or not. Rest of the paper 
organized as follows: in Section 2 we briefly introduced how to 
use Riemannian geometry on EEG signals. Section 3 explains 
epilepsy dataset and signal processing steps we followed. Signal 
processing and classification results were shared in Section 4, 
and we discussed outcomes of the study in Section 5. 

II. RIEMANNIAN GEOMETRY 

Riemannian geometry deals with smoothly curved 
(differentiable) spaces that behave like Euclidean spaces. EEG 
signals can be mapped into this geometric space with a suitable 
metric to create manifolds [10, 11]. For every point on the 
manifold, linear approximation of Riemannian manifold called 
‘tangent space’ that behaves like Euclidean space exists. Earth 
is the real-life example of this concept, where locally any chosen 
point has Euclidean properties but in large scale point to point 
metrics becomes smooth curves.  

Consider an EEG signal epoch with M channels and N time 
samples in it, where any ��� epoch represented as �� ∈ ℝ�×
. 
Such a signal can be used to estimate sample covariance matrix 
(SCM) as in (1), after preprocessing each channel in order to 
center around zero. Any SCM of EEG signals then will be 
symmetric along the diagonal have positive values and resulting 
matrices have �(� + 1)/2 different elements in it.  

  �� = �

�� �����  ∈  ℝ�×�  (1) 
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Any two point ��and �� that are belong to two EEG signal 
epochs, can be represented on Riemannian manifold as in Figure 
1. Riemannian distance between these two points calculated as 
follows [12]; 

��(��, ��) = ‖Log(������)‖! 

= "Log(��
�� �# ����

�� �# )"
!

= $∑ log� '���(� )�/� (2) 

where  ‖⋅‖! is Frobenius norm of matrix and '� is the 
eigenvalue of ������ and Log(⋅) is matrix logarithm in (2). 
Riemannian distance ��(⋅) returns the shortest curve between 
given two points and it is called ‘geodesic’. Geodesics can be 
used to find mean or ‘center of mass’ of the manifold, which is 
important and useful for two reasons; first, it allows to use 
minimum distance to Riemannian mean (MDRM) for 
classification [13]. Second, mean of manifolds can be used as 
reference points to project manifold back to Euclidean space 
with tangent space mapping (TSM). Riemannian manifolds can 
be projected to tangent space at a chosen reference point. 
Riemannian mean chosen as a reference point for tangent space 
mapping, since Riemannian mean of all the SPD matrices in 
manifold is the result of optimization problem in (3), where point 
+ will be the Riemannian mean that minimizes the sum of 
distances of , points of the manifold [14].  

  arg min+  2
3 ∑ ���(�� , +)4�(�   (3) 

Once the reference point + for tangent space is chosen, each 
SPD matrix can be mapped to tangent space 5(�) as follows; 

5(�) = 6� = 7889: ;Log <+�� �# ��+�� �# =>,   
    6� ∈ ℝ�(�?�)/�  (4) 

where 7889:(⋅) is vectorization operator that takes upper 
triangular part of the matrix. Figure 1 shows tangent space 
mapping of two points �� and �� with respect to reference point 
+. 

III. MATERIALS AND METHODS 

A. Dataset and Software 

In this study, we used an EEG dataset named as ‘TUH EEG 
Seizure Corpus’ provided by Temple University Hospital [15]. 
EEG recordings of this dataset were taken from 692 different 
subjects and total duration of the records is more than 1000 
hours. Although available channels and sampling rate varies 
across subjects, majority of the recordings were taken with 256 
Hz sampling rate and from at least 20 channels located according 
to international 10-20 system. All the records were annotated by 
experts with two labels: ‘background’ and ‘seizure’ and label 
information provided with a text file. In total, 7.4% of the 
recordings were belong to seizure class and rest was belong to 
background in other saying non-seizure class. Among all the 
available channels, we chose following 18 channels that are 
available across all the recordings: FP1, FP2, F7, F3, FZ, F4, F8, 
C3, CZ, C4, P3, P4, T5, T3, T4, T6, O1, O2. This helped to 
extract features from same locations and to have same feature 
space for all the subjects. 

For the Riemannian geometry analysis, python library 
named ‘PyRiemann’ was used [16]. Multilayer perceptron 
learner of ‘sklearn’ machine learning library in python was 
trained and tested with extracted features [17]. 

B. Feature Extraction and Classification 

The Signal processing has two main steps: preprocessing and 
feature extraction. For the preprocessing, we utilized 5th order 
IIR bandpass filter with 2-40 Hz cutoff frequencies, resulting 
EEG signals centered around zero and does not contain any 
powerline noise. Next, we used 6 seconds-wide sliding windows 
with 3 seconds overlap to divide EEG signals into epochs. 

For the feature extraction, each epoch of 18 channel EEG 
signal was used to calculate sample covariance matrix provided 
in (1). Riemannian manifolds were constructed, and Riemannian 
mean of the manifold was estimated using covariance matrices. 
Mean of the manifold was chosen as reference point for tangent 
space mapping for all the epochs. After projecting all the 
covariance matrices to estimated tangent space, feature vector 
created by using (4), resulting 171 features for each epoch. Main 
steps of the signal processing and feature extraction are 
summarized in figure 2. 

Additionally, shrinkage covariance matrices were calculated 
to create another manifold. Shrinkage covariance matrix helps 
to reduce outliers in covariance estimations and provide 
regularized covariance matrices that are centered to identity 
matrix. Considering diversity in the dataset where EEG 
recordings were taken from hundreds of subjects, introducing a 

 

Figure 1. Two black points represent P1 and P2 in Riemannian manifold. 
Mean of these points represented as point G. Their projection to tangent 

space represented as p1 and p2 blue points. 

 

 

Figure 2. Signal processing pipeline of tangent space mapping for raw 

EEG recordings. 
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regularization coefficient to covariance matrices would be 
helpful to exclude artefacts and outliers [18]. Shrinkage 
estimations on the covariance matrices were completed using 
(5), where @� is identity matrix, �A�BCDE is shrunk covariance of 
� and F is shrinkage coefficient. 

�A�BCDE = (1 − F)� +  F H:(�)
�  @�,   

  @� , � IJK �A�BCDE ∈ ℝ�×� (5) 

IV. RESULTS 

Here, we first compared covariance matrices of non-seizure 
and seizure epochs. Figure 3 shows heatmaps of average 
covariance matrices for both classes. Seizure related epochs 
have lower covariance values compared to non-seizure EEG 
epochs. This indicated that seizure related epochs have lower 
covariance between channels compared to non-seizure related 
epochs. 

TABLE I.  CLASSIFICATION PERFORMANCE OF TANGENT SPACE 
MAPPING FEATURES WITH DIFFERENT COVARIANCE MATRICES 

Covariance Matrices Accuracy Kappa 

SCM 98.91% 0.913 

SCM with feature selection 98.80% 0.907 
Shrinkage Cov. Mat. 98.63% 0.889 
Shrinkage Cov. Mat. with feature selection 97.76% 0.817 

 

Extracted TSM features are used for training and test of the 
classifier. Multi-layer perceptron classification results in table 1 
show accuracy and kappa score versus two different covariance 
matrix estimations. Sample covariance matrices yielded better 
results than shrinkage covariances. Furthermore, variance 
threshold as a feature selection method was applied to reduce 

number of features. Feature numbers were reduced to 55 from 
171, but it did not improve classification performance.  

We have used three different reference points to extract TSM 
features which are mean of all the points, mean of seizure class 
points and mean of non-seizure class points. Classification 
performances were similar as they were shown in table 2. 
Considering the imbalance between seizure and non-seizure 
class, results showed that TSM can be used to detect seizures 
with high accuracy and precision.  

TABLE II.  CLASSIFICATION PERFORMANCE OF TANGENT SPACE 
MAPPING FEATURES WITH DIFFERENT REFERENCE POINTS 

Reference point Accuracy Kappa 

Mean of the manifold 98.91% 0.913 
Mean of the non-seizure epochs 98.94% 0.916 

Mean of the seizure epochs 98.93% 0.916 

 

V. DISCUSSION 

In this study, we have adapted tangent space mapping 
approach of Riemannian geometry analysis to epileptic seizure 
EEG data in order to detect seizures. Our first aim was to 
investigate applicability and performance of Riemannian 
geometry analysis on seizure data. Thus, all the signal 
processing steps were kept as simple as possible. Once all the 
covariance matrices were calculated, they were used to estimate 
class means and Riemannian mean of the manifold. Extracted 
TSM features were used in classification step without any 
scaling or normalization operation. Classification performance 
reached a high kappa score as 0.9.  

When there is small number of epochs available, using 
shrinkage covariance matrices yields better decoding 
performance, because outliers and artefacts can be recentered to 

 

Figure 3. Heatmaps of average sample covariance matrices of non-seizure and seizure epochs. While brighter colors indicate higher covariance values, 
darker colors indicate lower covariance values as shown in colorbar at right-most. 
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identity matrix [18]. However, as we shared in table 1, use of 
shrinkage covariance matrices resulted in lower kappa scores. 
Since we have hundreds of different subjects with hours of 
recording, shrinking covariance matrices increased similarity 
between seizure and non-seizure epochs taken from the same 
subjects and resulted in lower classification performance.  

We have used three different reference points for TSM of the 
manifold. If we assume that data points were clustered into two 
separate groups in Riemannian manifold, choosing Riemannian 
mean of the manifold as a reference point gave better projection 
on tangent space. In addition, considering the imbalance 
between seizure and non-seizure we have estimated mean of 
both classes and used them as reference points for TSM. 
Although there were slight improvements on precision and 
kappa score when class means were used for TSM, classification 
performances were not significantly different (p>0.05) than each 
other. Since we have not employed any regularization parameter 
to align and recenter cross-subject epochs on Riemannian 
manifold, these results were expected. There are transfer 
learning methods available in Riemannian manifold to reduce 
cross-subject variabilities and increase separability between 
classes. It is worthwhile to utilize similar approaches on this 
dataset in future studies [19].  

The dataset we employed in this study, was used in a signal 
processing challenge back in 2020. One of the participant groups 
extracted time and spectral features and utilized an oversampling 
technique to balance classes. They used decision tree-based 
ensemble machine learning for the classification and reached 
67% overall accuracy [20]. Winner of the challenge employed 
bidirectional long short term memory network and applied blind 
source separation to extract features from EEG signals [21]. 
Additionally, rather than using unipolar channel data, 
participants of the challenge preferred to create bipolar channels 
from unipolar recordings. Here, we used unipolar raw EEG 
signals as they recorded and only filtered with 2-40 Hz band-
pass filter. Compared to these studies, Riemannian geometry 
analysis offers simpler signal processing pipeline. Despite 
having an imbalance between seizure and non-seizure epochs, 
no resampling or down sampling operations were employed. 
Still, classification with TSM features reached precision rate that 
is higher than any of the participants of the challenge.  

This study showed that tangent space mapping features of 
Riemannian manifold can be used to detect whether given EEG 
epoch has a seizure or not. Despite having many different 
subjects and varied recording qualities, high kappa scores were 
achieved using TSM features. 
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