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ABSTRACT: This study benchmarks classification
pipelines for auditory Brain–Computer Interfaces (BCIs),
with the objective of detecting the modulation frequency
of amplitude-modulated sinusoidal auditory stimuli in
electroencephalographic recordings. For this purpose,
state-of-the-art Steady-State Visually Evoked Potential
(SSVEP) classification algorithms are adapted to the au-
ditory domain. This choice is motivated by the neuro-
physiological similarities between SSVEP and Steady-
State Auditory Evoked Potential (SSAEP), particularly
their shared mechanism of neural entrainment to peri-
odic stimuli, despite differences in stimulation frequen-
cies and the cortical regions involved. In this context,
both preprocessing strategies and classification models
are systematically assessed to identify optimal parame-
ter configurations. Among the filtering techniques exam-
ined, a narrow-band Bessel filter yielded the highest ac-
curacies, while the effect of temporal windowing was less
pronounced under narrow-band conditions but remained
beneficial for broader bandwidths. Riemannian-based
methods, particularly tangent-space classifiers, consis-
tently outperformed alternative approaches. Neverthe-
less, cross-subject classification proved more challeng-
ing due to pronounced inter-subject variability. These
findings provide practical recommendations for auditory
BCIs.

INTRODUCTION

Brain Computer Interfaces (BCIs) enable connected de-
vices control by analyzing brain signals. Reactive BCIs
use external stimuli to evoke brain responses [1]. Visual
stimuli are commonly used, such as flickering objects
at specific frequencies, generating Steady-State Visually
Evoked Potentials (SSVEPs) in brain signals, enabling
non-invasive detection of the stimulus frequency with
ElectroEncephaloGraphy (EEG) [2]. However, SSVEP
BCIs are not suitable for all users [3] or situations. Au-
ditory stimuli, using amplitude-modulated sounds, can
serve as an alternative or complement, producing Steady-
State Auditory Evoked Potentials (SSAEPs) [3, 4]. Thus,

two signals are required: the carrier wave, i.e., the stim-
ulus heard by the users, and the modulating sine wave
at a particular frequency. Frequency (and its harmon-
ics) which may be detected in brain activity [3]. De-
spite their potential, auditory BCIs remain significantly
less explored than their visual counterparts.

However, EEG signal classification remains challenging
due to substantial intra- and inter-subject variability [5].
In particular, differences in responsiveness to stimulation
can affect detection performance across participants, as
some individuals exhibit weak or no measurable evoked
responses, further complicating reliable classification [6].
These issues can be mitigated through appropriate pre-
processing strategies, including filtering, optimal window
selection, and dimensionality reduction. Because prepro-
cessing and classification are performed offline, the pro-
posed approach is not constrained by real-time or pseudo-
online requirements [7].

In this context, we aim to adapt state-of-the-art SSVEP
classification algorithms to the auditory domain. This
approach is motivated by the neurophysiological simi-
larities between SSVEP and SSAEP responses, particu-
larly their shared mechanism of neural synchronization
in response to periodic stimuli. However, these modal-
ities differ in their typical stimulation frequency ranges,
approximately 3 to 80 Hz for the visual domain [8, 9]
and about 1 to 200 Hz for the auditory domain [10], as
well as in the cortical regions involved [5]. The main
contribution of this work is the establishment of a bench-
mark comprising ten classification strategies for SSAEP-
based BCIs. These strategies incorporate preprocess-
ing steps such as filtering and windowing to facilitate
the extraction of modulation frequencies from amplitude-
modulated auditory stimuli in EEG signals. While recent
large-scale benchmarks have addressed motor imagery,
SSVEP, and P300 paradigms [11], no publicly available
SSAEP dataset currently supports comparative evalua-
tion.
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MATERIALS AND METHODS

Experiment and dataset:
The experiment consisted in recording EEG signals from
24 subjects, evenly distributed by age (18–40) and sex
(12 women and 12 men), in response to different types
of sound stimuli, including both pure tones and natural
sounds, at a loudness level of 50 phons (50 dB SPL at 1
kHz) per ear [12]. The experiment was conducted in ac-
cordance with the principles of the World Medical Asso-
ciation (WMA) Declaration of Helsinki on ethical princi-
ples for medical research involving human subjects, and
all participants provided informed consent. The experi-
ment is conducted in a single session, which involves two
10-minute runs with a 5-minute break, during which sub-
jects are exposed to 50 stimuli: 10 auditory stimuli of four
different sounds (a sinus, a Brownian noise, a cicada song
and a cat’s purr) modulated at 40 Hz [13], and 10 silence
stimuli. Stimuli are presented in a pseudo-random order,
avoiding consecutive repetition of the same stimulus. At
the beginning of the session, subjects complete several
assessments to evaluate their hearing ability, handedness,
musical knowledge, and mental state. Afterward, they
rate their experience and stimulus preferences. EEG data
are collected with a 24-channel cap (10-20 system) with
passive electrodes using OpenVIBE software [14], sam-
pled at 500 Hz. To reduce noise and artifacts, subjects
are asked to remain still with their eyes closed during the
recordings. For this study, the dataset includes only brain
signals in response to the sinus and the silence stimuli.

Evaluation methods:
Since the dataset contains only a single session, model
evaluation is performed in two ways [11]: Within-Session
(WS), analogous to a k-fold cross-validation and Cross-
Subjects (CS), similar to a Leave-One-Out evaluation.
The WS evaluation provides a more statistically robust
benchmark and is the most commonly used approach
[11].

Preprocessing:
For filtering and temporal windowing analysis, a classi-
fier with minimal hyperparameter tuning is chosen, the
Minimum Distance to Mean (MDM) algorithm. WS eval-
uation is conducted, and accuracy is averaged across all
subjects. The classification task is to detect the modula-
tion frequency carried by sinusoids compared to silence,
without modulation. Three commonly used EEG filters
are considered: two IIR filters (Butterworth and Bessel)
and one FIR filter [15]. The FIR filter is included despite
not being state-of-the-art, as it remains widely used due
to its numerical stability and ease of digital implementa-
tion. They are all centered on the modulation frequency,
40 Hz. The IIR filters are set to order 4, while the FIR fil-
ter uses a 0.1 Hz transition band (16500 taps, with a sam-
pling frequency of 500 Hz). Evaluation uses 2-second
non-overlapping windows. Thus, the optimal filter, iden-
tified in the Bandpass filtering Section, is applied for the
analysis of temporal windowing.

Pipelines:

To identify the best processing chain, multiple techniques
are evaluated across three main categories: 1) Spatial Fil-
tering, which includes spatial filtering techniques com-
bined with a classifier; 2) Riemannian, which lever-
ages the geometry of Riemannian manifolds; 3) Deep
Learning (DL) methods, particularly Convolutional Neu-
ral Networks (CNNs), which learn spatial and temporal
filters as feature extraction.

Spatial filtering The state-of-the-art for SSVEP clas-
sification mainly consists of linear spatial filtering meth-
ods, such as Canonical Correlation Analysis (CCA) [16]
and Common Spatial Pattern (CSP) [17]. CSP is often
paired with a Linear Discriminant Analysis (LDA) clas-
sifier (CSP+LDA), using the log-variance of the spatially
filtered signals as features. Despite its simplicity, this ap-
proach is robust, leveraging spatial patterns to enhance
interpretability.

Riemannian Riemannian pipelines use covariance ma-
trices, which are Symmetric Positive Definite (SPD) and
therefore, lie on the Riemannian manifold. This approach
offers geodesic distances better adapted to the Rieman-
nian manifold [18]. The algorithm computes the Rieman-
nian distance between the covariance matrix of the EEG
segment to assign and the centroids of the covariance ma-
trices of each class, the sample is then assigned to the cat-
egory associated with the nearest centroid. The distance
in the Riemannian space can be calculated by different
metrics, in particular, affine-invariant metrics have shown
strong performance in SSVEP paradigms [19]. Conse-
quently, those metrics are favored in classifiers such as
Minimum Distance to Mean (MDM) and Fisher Geodesic
MDM (FgMDM) [18].
A limitation of the Riemannian manifold is that it does
not directly support classical Euclidean-geometry classi-
fiers such as Support Vector Machines (SVMs) and Lo-
gistic Regression (LR). However, when data are not lin-
early separable, SVMs can exploit kernel functions (e.g.,
a Riemannian kernel) to enable linear separation, an ap-
proach referred to as RiSVM [20]. Additionally, data can
be projected onto the Tangent Space (TS) [18], becom-
ing pipelines such as TS+LR and TS+SVM. However,
TS projection produces high-dimensional vectors. Thus,
to improve classification performance, dimensionality re-
duction techniques such as Principal Component Analy-
sis (PCA) [21] or Kernel PCA (KPCA) [22] can be ap-
plied (TS+KPCA+LR).
In this study, all Riemannian algorithms are implemented
using the pyriemann Python library, while machine learn-
ing algorithms are developed with scikit-learn.

Deep Learning (DL) DL models, such as CNNs, offer
the advantage that they do not require manual feature en-
gineering [23]. In EEG analysis, CNNs can extract spa-
tial and temporal patterns directly from the data through
their convolutional kernels such as EEGNet [24], Shal-
lowConvNet [23] and GREEN [25]
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Due to limited EEG data [26] and the complexity of
DL models with thousands of trainable parameters, only
simple architectures (i.e. EEGNet, ShallowConvNet and
GREEN) are employed. The hyperparameters are ad-
justed to reduce the number of parameters to ensure stable
training and reduce overfitting. These models are selected
for their existing implementation in braindecode [23] and
compatibility with scikit-learn pipelines.

RESULTS

Preprocessing:

Bandpass filtering The Bessel filter outperforms both
the Butterworth and FIR filters, with optimal perfor-
mance at a 0.1 Hz bandwidth (Fig. 1). Performance drops
by about 10% per 0.01 Hz for narrower bandwidths,
while for larger bandwidths, the decline is slower (2%
per 0.1 Hz).

Figure 1: Effect of filter type and bandwidth on classification
performance, using 2-second non-overlapping windows. Re-
sults are averaged across all subjects.

Temporal windowing A 4th-order Bessel filter with a
0.1 Hz bandwidth centered on the modulation frequency
is used. Overlapping windows have little effect on clas-
sifier performance (Fig. 2), while increasing the window
size to 2000 samples (4 s) improves results. This behavior
reflects a fundamental trade-off: longer windows enhance
the covariance estimation [27], but reduce the number of
available training samples; conversely, shorter windows
increase the number of training instances at the expense
of less reliable estimates. Importantly, this trade-off is in-
fluenced by the filter bandwidth. Larger windows yield
an average performance gain of approximately 8% for
bandwidths above 0.5 Hz. In contrast, for narrower band-
widths, this advantage diminishes, with window lengths
between 1000 and 2500 samples (2–5 s) providing the
best performance. Windows between 750 and 1500 sam-
ples (1.5-3 s) offer a good balance between sample size
and class representation. Therefore, the window size is
fixed at 1000 samples (2 s) without overlap for the subse-
quent analyses.

Figure 2: Effect of window size for various overlapping con-
figurations and bandwidths (without overlap), using the optimal
Bessel filter (order 4, 0.1 Hz bandwidth). Results are averaged
across all subjects.

Artifact rejection No explicit artifact correction or
trial rejection procedure was applied in this study.
This choice is motivated by both methodological and
application-oriented considerations. From an application
perspective, the proposed framework is intended for fu-
ture real-time BCI systems, where online artifact correc-
tion and trial rejection remain challenging and may intro-
duce additional latency or instability.
Instead, artifact mitigation is primarily achieved through
experimental design and signal processing. Participants
were instructed to remain still, seated, and with eyes
closed during the experiment, thereby reducing common
sources of artifacts such as ocular and muscular activity.
In addition, a very narrow band-pass filter centered on
the modulation frequency (40 Hz) is employed. This fil-
ter strongly attenuates all spectral components outside the
frequency band of interest, resulting in substantial sup-
pression of most artifacts.
We also evaluated dedicated artifact rejection methods,
such as the Riemannian “potato” approach [19], which
removes outlier covariance matrices. However, this
method did not yield any measurable improvement in
classification performance in our setting. Furthermore,
more advanced artifact correction techniques (e.g., chan-
nel reconstruction) were avoided, as they may distort the
covariance structure and produce ill-conditioned matri-
ces, which is particularly problematic for Riemannian-
based classifiers.

Classification:
Since selecting appropriate hyperparameters is crucial for
optimal performance, a grid search is performed by eval-
uating all combinations of a predefined set of values for
each parameter (Tab. 1). For WS evaluation, a grid search
is conducted using 4-fold inner cross-validation and a
5-fold outer cross-validation, whereas for CS, a simple
leave-one-out cross-validation is performed.
Due to its computational cost, especially for DL models,
this process is applied to other machine learning models,
adjusting DL models based on these results. The fixed
hyperparameters for deep learning are listed in Table 2
for Within-Session (WS) and Cross-subjects (CS).
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Table 1: Hyperparameters Grid for WS evaluation paradigm.
Step Hyperparameters Values
TS - -

KPCA n_components [2, 8, 16, 24, 32, 40, 80]
kernel [linear, rbf]

LR C [0.001, 0.01, 0.1, 1, 10]

SVM C [0.001, 0.01, 0.1, 1, 10]
kernel [linear, rbf]

LDA - -
MDM metric [riemann, logeuclid]

FgMDM metric [riemann, logeuclid]
RiSVM C [0.001, 0.01, 0.1, 1, 10]

CSP n_filters [2, 4, 8, 12, 16]

Within-Session (WS) The accuracy varies signifi-
cantly depending on the classifier (Friedman test with
Bonferroni correction, p < 0.001) (Fig. 3a). The highest
accuracy is achieved by the RiSVM pipeline, which per-
forms similarly to other tangent space-based methods, as
well as GREEN and MDM algorithms. Lower accuracies
are observed with EEGNet, ShallowConvNet, FgMDM,
and CSP+LDA. EEGNet consistently yields the lowest
performance.

Cross-Subjects (CS) Again, classification results dif-
fer significantly across pipelines (Friedman test with
Bonferroni correction, p < 0.001) (Fig. 3b). The best-
performing algorithm is RiSVM. Similar to other tan-
gent space-based algorithms, its accuracy is significantly
higher than that of EEGNet, ShallowConvNet, FgMDM,
and CSP+LDA, except for TS+SVM, which has a lower
accuracy than the other tangent space-based methods and
does not differ significantly from CSP+LDA. The lowest
accuracy is obtained by EEGNet.

DISCUSSION

Using an appropriate filter can enhance classification per-
formance by over 15% (Fig. 1). The Bessel filter yields
the best results, while the FIR filter performs the worst.
However, accurately isolating the modulation frequency
is the most influential parameter. Bessel filters offer flat
group delay and smooth roll-off, helping to reduce noise
and preserve signal quality. Overlapping windows do not
impact classification performance (Fig. 2), but window
size does. This effect is related to filter characteristics,
diminishing as filter quality improves. For bandwidths
up to 0.5 Hz, longer windows enhance accuracy, aligning
with previous studies indicating that extended windows
improve covariance estimation by accumulating relevant
patterns [27]. In fact, narrow transition bands and band-
widths lead to FIR filters with long delays, which are
problematic for online implementations. Thus, a wider
bandwidth can be compensated by using a larger window.
However, excessively large windows may cause imprac-
tical delays and increase computational load. It should be
noted that these parameter settings may not be optimal for
all classification algorithms. The underlying assumption

Table 2: Deep Learning Models’ Hyperparameters.
Hyperparameter Value WS Value CS

General
Batch Size 16 16

Loss BCEWithLogits BCEWithLogits
Optimizer Adam Adam

Epochs 20 30
Learning Rate 0.0005 0.001

EEGNet
F1 2 2
D 12 12
F2 24 24

kernel_length 32 32
Batch Size 16 16

SCN
n_filters_time 2 2
n_filters_spat 8 12

pool_time_length 100 100
pool_time_stride 25 25

pool_mode mean mean
Batch Size 16 32

GREEN
n_freqs 5 5

kernel_width_s 0.1 0.1
hidden_dim 32 100

bi_out 24 24
Batch Size 16 32

is that, since most evaluated methods are based on Rie-
mannian geometry (e.g., distance-based approaches or
tangent space projections), optimizing performance with
the MDM classifier effectively maximizes class separa-
bility. This, in turn, tends to increase inter-class distances
both on the manifold and after projection into the tan-
gent space, suggesting that improvements observed with
MDM are likely to transfer to related approaches.

For both evaluation methods, most pipelines effectively
detect the modulation frequency. Riemannian-based
methods, especially those based on tangent space, consis-
tently achieve the highest accuracies and outperform oth-
ers, in line with the MOABB benchmark [11]. GREEN,
FgMDM and MDM perform slightly lower, but their re-
sults are statistically comparable. Although the latter
requires minimal hyperparameter tuning, it offers faster
training and maintains comparable robustness. GREEN’s
performance is expected, as it relies on covariance ma-
trices and TS projection. However, for practical use,
tangent space-based algorithms and MDM are prefer-
able to GREEN due to lower computational demands
and simpler training procedures. In contrast, deep learn-
ing models such as EEGNet and ShallowConvNet, along
with CSP+LDA, always achieve the lowest performance
due to the limited training data in the WS configura-
tion and the DL methods evaluation simplified to prior-
itize lightweight, easy-to-tune approaches like Rieman-
nian methods. CS classification (Fig. 3b) includes both
intra-subject variability and differences between sessions,
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(a) Within-session averaged accuracy across all subjects for each pipeline.

(b) Cross-subject averaged accuracy across all subjects for each pipeline.

Figure 3: Averaged accuracy across all subjects for each pipeline under both evaluation methods. Bar values represent the mean
accuracy ± standard deviation (%). *** indicates p < 0.001 (Wilcoxon signed-rank test with Bonferroni correction).

resulting in lower performance compared to WS results
across all pipelines, except for ShallowConvNet. Tan-
gent space models, except TS+SVM, continue to outper-
form other models, demonstrating their ability to general-
ize across sessions and subjects effectively. The average
performance drop across the different evaluations is 5%.
To the best of our knowledge, no study has conducted
a comprehensive benchmark of preprocessing strategies,
particularly band-pass filtering and temporal windowing,
in combination with classifier comparison for SSAEP-
based BCIs. While similar efforts exist for SSVEP, these
findings are not directly comparable to the auditory do-
main due to differences in stimulation frequencies [8–10]
and the cortical regions involved [28].

CONCLUSION

This study benchmarks classification pipelines for audi-
tory BCI, aiming to detect the modulation frequency of

amplitude-modulated sinusoidal sounds in EEG signals.
It assesses classification and preprocessing to determine
optimal parameters. Applying a narrow-band Bessel fil-
ter significantly improves performance and tends to min-
imize the impact of temporal windowing. On the other
hand, this can be compensated for later by broader band-
widths. Tangent space-based classifiers outperform other
models. As expected, cross-subject classification remains
more challenging due to higher inter-subject variability.
In future work, alternatives to sine carriers will be ex-
plored, looking for more pleasant sound stimuli. The de-
tectability of the modulation frequency will be assessed
using the same classification methods. Additionally, deep
learning tools, such as transformer-based models, will
be investigated and compared to Riemannian algorithms.
Although transformers are challenging to train within
sessions, cross-subject experiments with data augmenta-
tion could provide sufficient data.
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