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Did You Hear That? Detecting Auditory Events with EEGNet

George Ramzi1, Ian McLoughlin2, and Ramaswamy Palaniappan3

Abstract— The behavioural nature of pure-tone audiom-
etry (PTA) limits those who can participate in the test, and
therefore those who can access accurate hearing threshold
measurements. Event Related Potentials (ERPs) from brain
signals has shown limited utility on adult subjects, and a
neural response that can consistently be identified as a re-
sult of pure-tone auditory stimulus has yet to be identified.
The in doing so challenge is worsened by the nature of PTA,
where stimulus amplitude decrease to a patient’s lower
threshold of hearing. We investigate whether EEGNet,
a compact Convolutional Neural Network, could help in
this domain. We trained EEGNet on a dataset collected
whilst patients underwent a test designed to mimic a pure-
tone audiogram, then assessed EEGNet performance in the
detection task. For comparison, we also trained Support
Vector Machines (SVMs) and Common Spatial Patterns
+ Linear Discriminant Analysis (CSPLDA) on the same
task, with the same training paradigms. The results show
that EEGNet is capable of detecting hearing events with
81.5% accuracy on unseen participants, outperforming
SVMs by just over 5%. Whilst EEGNet outperformed
SVMs and CSPLDA, it did not, however, always show a
statistically significant improvement. Further analysis of
EEGNet predictions revealed that, with sufficient test rep-
etition, EEGNet has the potential to accurately ascertain
hearing thresholds. The implication of these results is for
a brain-signal based hearing test for those with physical or
mental disabilities that limit their participation in a PTA.
While this research is promising, future research will be
needed to address the complexity of test setup, the duration
of testing, and to further improve accuracy.

I. INTRODUCTION

Pure-Tone Audiometry (PTA) is a tool for the di-
agnosis and measurement of hearing acuity. Unlike
some alternative methods of audiometry, PTA allows
for the accurate diagnosis of frequency-specific hearing
loss. This is important for the calibration of hearing
aids, since modern devices allow for frequency-specific
amplification to accommodate a patient’s specific pattern
of hearing loss.

A. Pure-Tone audiometry

The PTA procedure is straightforward and can be
performed relatively quickly [1]. Patients are presented
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with a short tonal stimulus to one of their ears, and are
asked to press a response button when they perceive
a tone. Should they respond, the volume is decreased
and the test repeated until they can no longer detect the
tone. Stimuli may then be repeated to confirm that it was
inaudible, and the amplitude recorded as the patient’s
hearing threshold for that frequency in that ear. The
process repeats with a selection of tone frequencies,
before being repeated with the alternate ear (for more
detail on this, see Section II). The test has the benefits
of being both frequency-specific and easy to explain to
patients.

However, there are a number of reasons why a patient
may not be able to participate in such a test; Notably,
physical disabilities that limit the patient’s ability to
press a response button, psychological or cognitive dis-
abilities that make following the instructions of the test
difficult. Extremes of age may introduce both limita-
tions. The Auditory Brainstem Response (ABR) is an
auditory evoked response commonly used to diagnose
hearing loss in infants [2], and is capable of estimating
frequency specific hearing thresholds using brief tone
“clicks” [3]; however the response diminishes rapidly
with age and is most effective on infants [4]. Auditory
Steady State Response (ASSR) has also been used to
derive frequency specific thresholds, but using frequency
modulated tones as opposed to pure tones [5]. Both ABR
and ASSR are capable of use in adults, but hearing
thresholds estimated through both methods differ from
those measured through a standard behavioural PTA [6].
Notably, neither ABR nor ASSR use pure tones; both
methods use a modified tone that changes the frequency
specificity of the PTA. With this in mind, we aim to
create a test that utilised ERPs, but based on unmodified
pure-tones.

B. EEGNet

We investigated whether EEGNet, a Convolutional
Neural Network designed for classifying EEG data
with minimal hyperparameters, is capable of classifying
evoked potentials from PTA-like auditory stimuli. For
an overview of the base network and it’s architecture,
see [7]. EEGNet has seen several non-ERP applications
including the detection of auditory attention [8]. It has
also found use in a number of modified network designs,
including classifying a motor imagery task using Tem-
porally Constrained Sparse Group Lasso [9], detecting



SSVEP events using Filter Banks [10], the assessment
of depression using Long-Short term memory [11], and
detecting objects that were being observed in a Virtual
Reality environment with Gated Recurrent Units [12].
Whilst these authors all compared their systems against
an unmodified EEGNet it should be noted that the
authors did not all note the increased number of pa-
rameters their modifications introduced (increasing the
number of trainable parameters conflicts with one of
EEGNet’s original design intentions). In our system, the
base EEGNet network is adopted, as shown in Fig 1.
Inputs are 1 second of preprocessed 125Hz stacked 32-
channel EEG data. An output fully connected layer
and softmax function are added to provide a binary
classification output. Training uses the Adam optimiser
with an initial learning rate of 3e-03. All activations are
ELU (exponential linear units), dropout is applied for
both blocks, and batch normalisation between each layer
are applied as per [7].

We note that comparison between publications to as-
sess the usefulness of EEGNet in real-world applications
is exceedingly limited across most sensory domains.

II. DATA COLLECTION

This work builds upon our previous research outlined
in [13] with a similar process of data collection, as
outlined below.

A. Tone Generation

As with our previous work, this paper uses our
pseudo-audiometer system to generate tones. The design
of pseudo-audiometer was designed to closely mimic
the procedure of clinical audiometry, as outlined in [1].
This system generates tones from 40dB HL to -5dB
HL, decreasing in 5dB increments. The tones were
presented at 1000Hz, 2000Hz, 4000Hz, 8000Hz, 250Hz,
and 500Hz in that order for a duration of between 1
and 3 seconds, with a sampling frequency of 48kHz.
Generated tones are pure sine-waves, presented with a
minimum of 4 seconds of silence between presentations.

B. Participants

After our experimental design was approved by the
University of Kent Research Ethics Advisory Group (ap-
proval reference 0481819), we recruited 9 participants
for the experiment (6=M), with a mean age of 38±10.2.
Instructions were provided both vocally and in writing,
and all participants declared they were not aware of
any pre-existing health or hearing conditions that may
interfere with the experiment.

All participants participated in 8 trials spread over 2
days, 4 trials per day, with at least 5 minutes between
trials for participants to relax. Participants were sat in
a comfortable chair with their dominant arm resting

comfortably, and their dominant hand used to press a re-
sponse button during active trials, but not during passive
trials. All tones were presented through Sennheiser HD
380 pro circumaural headphones. Subjects were isolated
from visual or audible distraction.

C. Dataset

Data for all subject was collected using a StarStim
R32 32-channel EEG kit sampling at 500Hz. Each
trial contained exactly 60 tone presentations per ear.
With 9 participants, each participating in 8 trials, our
final dataset accumulated 8640 events, with half being
active and half being passive. Each event consists of 1
second of post-stimulus activity. The montage used for
recording contained the following electrode locations:
P8, T8, CP6, FC6, F8, F4, C4, P4, AF4, Fp2, Fp1, AF3, Fz,
FC2, Cz, CP2, PO3, O1, Oz, O2, PO4, Pz, CP1, FC1, P3, C3,
F3, F7, FC5, CP5, T7, and P7.

Tone presentations that a participant responded to are
designated as “positive” events, whilst tone presentations
without response are “negative” events. Due to the PTA
methodology, there are naturally far more positive events
than negative ones. This would lead to an unbalanced
data set, and hence we included a number of pre-
stimulus events (1 second of data pre-stimulus, where
no tone was presented). These are guaranteed to be
true-negative events, since no tone was presented, and
ensured a balanced data set for training. All data was
band-pass filtered from 0.5Hz to 40Hz to remove noise,
before being downsampled to 125Hz.

D. Cross Validation

For completeness, when assessing each classifier, we
performed cross validation using 3 different methods.

• K-folds Used as a benchmark, K-Folds is very
commonly used in machine learning and is helpful
for making comparisons; However, it does not
reflect any real-world scenario where such a system
could be used clinically.

• Leave-One-Participant-Out (LOPO) This closely
emulates a likely real-world scenario, in which a
participant has never participated in the test before
and therefore has no existing data to train with. We
use this to assess how well the classifier generalises
to unseen participants.

• Leave-One-Trial-Out (LOTO) This emulates a
scenario in which a participant has participated in
the test before and has previous test data saved in
the training data. It is worth noting that this sce-
nario, whilst useful for measuring and comparing
classifiers, results in the classifier training on almost
the entire dataset.



Fig. 1. An overview of the architecture incorporating EEGNet. Each convolution in the architecture operates over a single dimension, with
convolutions operating either spatially or temporally.

E. Classifiers

Our goal was to assess how viable EEGNet is for the
detection of auditory evoked potentials. To do this, we
chose to compare against two other common EEG clas-
sifiers: Support Vector Machines (SVM), and Common
Spatial Patterns paired with Linear Discriminant Analy-
sis (CSPLDA). Both are well used for EEG classification
tasks and BCI applications, and are also suited to live
classification tasks [14].

Every effort was made to ensure the comparison
against these classifiers was as fair as possible; each
classifier was trained with the same volume of data, with
identical splits in the dataset during cross validation.

It is worth noting that, unlike SVMs and CSPLDA,
EEGNet benefits from having some data separated for
“validation”. This separate data is used to evaluate the
network after each training epoch. During K-Folds,
1 fold was separated for use as validation data, in
Leave-One-Participant-Out 1 participant was used for
validation, and for Leave-One-Trial-Out 1 trial was used
for validation. To ensure the selection was fair, for
every cross-validation the participant/trial/fold used for
validation changed, just as the one used for testing
changed. For SVMs and CSP+LDA this validation data
was simply included in the training data.

III. RESULTS

After performing parameter optimisation on each clas-
sifier the optimal parameters were used to train and test
each classifier, following the cross validations mentioned
in Section II-D. The results are outlined in Table I and
visualised in Fig 2.

Across all cross validation methods EEGNet outper-
formed the SVMs with a consistently higher accuracy.
This may be due to the fact that EEGNet trained across
all channels, whilst SVMs only trained across a single
channel. We thus also trained an SVM for each paradigm
on the entire dataset (named ‘Flat’); since SVMs expect
a single vector, all channels were simply appended one
after the other. We see that the Flat SVMs performed bet-

TABLE I
AVERAGE ACCURACY AND STANDARD DEVIATION OF CROSS

VALIDATION RESULTS (BEST PERFORMANCE IN BOLD). SVM
SCORES ARE THE AVERAGE SCORE OF ALL CHANNELS. FLAT, IN

THIS CONTEXT, REFERS TO SVMS WHICH WERE TRAINED WITH

THE SIGNAL FROM ALL CHANNELS. σ REFERS TO THE STANDARD

DEVIATION OF CLASSIFIER PERFORMANCE ACROSS FOLDS.

Paradigm Classifier Accuracy σ

KFolds

LDA 0.5672 0.0128
SVM 0.7239 0.1678

SVM Flat 0.8093 0.0092
EEGNet 0.8267 0.0143

LOPO

LDA 0.5411 0.0573
SVM 0.7650 0.0332

SVM Flat 0.7888 0.0287
EEGNet 0.8153 0.0696

LOTO

LDA 0.5578 0.0597
SVM 0.7707 0.0404

SVM Flat 0.8038 0.0363
EEGNet 0.8107 0.0651

ter than SVMs trained on individual channels, but were
still outperformed by EEGNet across all paradigms.

IV. DISCUSSION AND CONCLUSIONS

We found that EEGNet consistently outperformed
both SVM’s and CSPLDA. However, a Wilcoxon
signed-rank test reveals that the improvement was not
always statistically significant. To test the performance
of EEGNet, we compared the results of EEGNet against
the results of both CSPLDA and SVMs.

It’s important to note that, due to the nature of pure-
tone audiometry, the distribution of errors is just as
important as accuracy; how errors are distributed directly
affects how these classifiers could be used in real-world
applications. As an example, if errors were distributed
mainly around the subject’s hearing threshold, the classi-
fier would only be useful if the errors near the threshold
were consistent across all subjects.

When examining the predictions made by EEGNet,
the errors are well distributed across all volumes. Since
the error distributed is even, test repetition can poten-
tially improve threshold accuracy. In fact, if pseudo-



Fig. 2. The optimal accuracy for each classifier on individual subjects. From this, we note that LDA+CSP demonstrates less inter-subject
variation than SVMs, while EEGNet has less overall and inter-subject variance than either SVM or CSPLDA. It should also be noted that LDA
and SVMs classified some subjects with below chance accuracy, with overall classification accuracy being elevated by other subjects.

audiometer was modified to more closely mimic an
audiogram, when it detects a subject did not hear a tone
it can increase volume and retest, mimicing the standard
procedure of an audiogram, and obtaining additional
data around the threshold.

The application of EEGNet for audiometry could
allow for audiometry to be performed on people who
cannot participate in behavioural audiometry, such as
those with physical disabilities limiting their ability to
press a response button. However, it has not been tested
with such participants, and also has some disadvantages.
Firstly, standard pure-tone audiometry requires very lit-
tle setup, and can be performed rapidly. Audiologists are
capable of making the pure-tone audiogram a relatively
fast test; by comparison our test is significantly slower.
Setup time is currently a 30-45 minute process, cleanup
is another 15 minutes, and each test takes approximately
12 minutes. With repetitions, test duration could be
1.5 hours or more. It may be possible to reduce the
setup time drastically using more EEG recorders with a
simpler setup such as the Emotiv Epoc [15], although
further work would be needed to allow classification
with the reduced number of channels provided by an
Epoc. Future research needs to investigate the ability
to predict thresholds with as few electrodes as possible
to speed up setup/cleanup times and reduce participant
discomfort.
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