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Electroencephalogram (EEG) is prone to several artifacts that often lead to misclassification of neural fea-
tures in Brain-Computer Interfaces (BCI) [1]. In recent years, deep learning (DL) techniques have been
successfully used to decode brain activities using EEG data [2]. Most of the proposed methods use a hand-
made preprocessing strategy to remove EEG noise before feeding the data into Neural Networks (NNs)
[2, 3]. In contrast, others do not explicitly mention the preprocessing performed.

We believe a dedicated NN-based preprocessing pipeline integrated with the downstream analysis pipeline
might significantly improve the overall system performance. This abstract reports our preliminary results
obtained with a 2D Convolutional Neural Network - cleanEEGNet, towards this goal. As an initial step, we
trained cleanEEGNet to detect noisy channels (i.e., electrodes with a low signal-to-noise ratio). We carefully
chose the model hyperparameters (such as kernel size and stride) to mimic the conventional detection of bad
channels performed via visual inspection. An open-source dataset from OpenNeuro [4] with annotated bad
channels is used to train and validate the network. As the proposed approach is the first work based on
NN for this task, we chose four state-of-the-art automated conventional methods for comparison: FASTER
[5], Clean Raw Data (CRD) [6], HAPPE [7], and HAPPILEE [8]. Finally, we made the source code freely
available on GitHub [9].

In EEG, bad channels manifest mainly due to a poor connection between the electrode and the scalp (e.g.,
electrode pop-out), or due to movement artifacts. The presence of such bad channels negatively impacts the
efficiency of overall artifact removal, and propagates noise information to all the channels. While some bad
channels are easy to detect upon visual inspection (such as flat-line channels), some others are more difficult
to identify. Therefore, researchers rely on statistical features such as power spectral density (PSD), kurtosis,
root mean square (RMS) variance, etc., to detect and interpolate/remove bad channels. Figure 1 shows a
sample segment of multi-channel EEG data of 5 seconds duration in which bad channels are highlighted in
red.

The main obstacle in solving the bad channel detection (BCD) problem using NNs is that the dataset is
highly unbalanced (i.e., non-proportional number of positive and negative classes). Thus, learning algo-
rithms need to be tailored to classify both classes well to correct the dataset bias.Unfortunately, synthet-
ically generating EEG signals (i.e., for data augmentation) is not an option without compromising neu-
ral information, since for every bad channel in the generated set there are many more good channels.
To correct the high bias in the dataset towards good

channels, we weighted the loss function such that

an error in classifying the less probable outcome is F"*M
considered worse than an error on the most probable ™

outcome [10]. Moreover, we used a two-factor loss

function, combining weighted binary cross-entropy :: Seale

(BCE) and soft F1 score, which is robust to the un- - N I
balanced dataset. Our analysis showed that this com-  *** . . % b
bination of cost functions improves both balanced Figure 1. Sample data of length 5 seconds (x-axis) with bad

accuracy and F1 score with respect to only soft-F1 channels *FP1’, and *AF7" highlighted in red. The channels in
score or only BCE-based optimization. black are good channels.
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Layer # filters | Shape Activation
Input - (1, 62, 330000)

Padding - 0,0,1,1)

Conv2D 8 (3, 256) RelLU
Depth-wise Conv2D 32 (3,3) RelLLU
Depth-wise Conv2D 64 (3,3) RelLU
Global Average Pooling | - - -

Dense 64 to 62

Table 1. cleanEEGNet architecture overview. The table does not show batch normalization, which is performed between every
convolutional layer and its activation.

The preliminary architecture we propose to solve BCD, cleanEEGNet, comprises of three convolutional
blocks and one linear layer, as shown in Table 1. In fact, our architecture resembles the well-known EEGNet
[2]. As mentioned above, cleanEEGNet is tailored to mimic visual inspection. The temporal kernel of the
first layer is set to 256 points, thus having a 0.5 s window with an overlap of 0.25s with the previous one
(stride at 128). The choices on these parameters are based on: 1) knowledge from a domain expert who
identifies bad channels via visual inspection, 2) temporal and spatial properties of the EEG signal. For
example, the Pearson correlation of channels spatially located close to each other is crucial in detecting a
noisy channel. The rationale is that noise components in EEG are usually uncorrelated to components of
neural origin; hence correlation can be a reliable metric. As an example, both FASTER and CRD pipelines
use inter-channel correlation features in their respective algorithms. Henceforth, we hypothesized that our
network would learn to distinguish good and bad channels with the aforementioned hyperparameters.

After the first layer, the other convolutional blocks are composed of depth-wise separable convolutions to
extract higher-order correlations without drastically increasing the computational burden (i.e., parameter
count). In sum, we perform an average on the time axis - to avoid learning the time distribution of bad
segments in the signal - and a linear classifier.

To train and benchmark the different bad channel removal pipelines, we used the data from the study [11].
EEG was recorded with a 64-channel Hlamp EEG system (g.tec, Shiedlberg, Austria) at a sampling rate of
512 Hz referenced using the linked ears configuration. The electrodes were positioned in the international
10-10 system.

Fourteen subjects (seven females) with a mean age of 23 years took part in the study that involved recordings
on three different days, resulting in 130 EEG files (See [11] for more details related to the experimental
protocol). All datasets are made freely available by the authors in OpenNeuro database [4]. However, for
this work, we could use 113 files mainly due to technical issues in importing European Data Format (EDF)
files. We used 11 subjects (90 files which are 80% of total files) for training and validation, and 3 subjects
(23 files, i.e., 20% of total files) for testing.

EEG data were filtered at 40 Hz to remove the 50 Hz line noise interference using the default EEGLAB filter.
Subsequently, high-pass filtering with the transition
edge [0.25, 0.75] Hz was employed to remove DC

Table 2. Performance Comparison

drifts using the EEGLAB clean drifts function [6]. Method | Precision | Recall | Yl Score | bACC
Moreover, before feeding data to the neural net- CRD 0.1959 | 0.2876 02331 | 61.60
work, we normalized it by using the average max HAPPE 0.1892 | 0.4268 0.2622 | 66.78
amplitude among datasets, such that the majority of | HAPPILEE 0.2968 | 0.3433 0.3184 | 65.02
the values stay in the [-1, 1] range. cleanEEGNet 0.52 0.59 0.55 72
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It is noteworthy that experts labeled only 415 channels out of 7006 channels as bad, resulting in a 6:94
positive class vs. negative class ratio. Given such imbalanced proportion, we used the following unbiased
metrics - balanced accuracy (bACC), Precision, Recall, and F1 score, which are defined as

Precision = (TP/((TP+ FP))) )
Recall = (TP/((TP+ FN))) @)
F1Score = ((2 x Precision * Recall) /(Precision + Recall)) &)
bACC = (1/2)* ((TP/(TP+FN))+((TN/(TN +FP)))) “)

where TP, TN, FP, FN indicate the number of true positives, true negatives, false positives, and false nega-
tives respectively.

We compared the classification performance of cleanEEGNet with the automated traditional approaches, and
we found an improvement of 17% in balanced accuracy and 72% improvement in F1 score, as summarised
in Table 2.

Among the conventional methods, the most recent algorithm HAPPILEE performs the best with a maxi-
mum F1 Score of 0.32. A possible explanation could be that HAPPILEE integrates both HAPPE and CRD
pipelines thereby providing a better estimation of bad channels. Moreover, the parameters were calibrated
using a validation set of 19 EEG files.

In sum, this paper presents the preliminary results of our ongoing work on a novel domain-specific NN
approach to clean EEG noise. As a first step, we focused on the bad channel detection task. We show that
our proposed method, cleanEEGNet, has successfully learned the task achieving a maximum F1 Score of
0.55. Even if it is seemingly low, cleanEEGNet shows a significant performance improvement compared to
the widely used traditional tools. Our ongoing work is to enhance the classification accuracy in detecting bad
channels and extend our model to identify bad segments present in the data. For this, we will use the Temple
University Artifact Corpus [12] with 310 EEG files annotated for 5 kinds of artifacts. In particular, our focus
is on building explainable Al models for denoising EEG by exploiting depth-wise separable convolutions,
as in [2]. Finally, we believe having an NN-based preprocessing pipeline could benefit the Deep Learning
EEG community and enhance the downstream analysis performance as proven in other domains such as
audio signal processing [13].
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Architecture Learning Performance Metrics
Layer # Filters Shape Activation » Bad Channels << Good Channels Precision = — 2
Input - (1, 62, 330000} . | TP+ FP
7  Weighted loss function
Padding - (0,0,1, 1) TP
Conv2D 8 (3, 256) RelLU « Combining binary cross-entropy (BCE) and soft- Recall = TP + FN
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Architecture of cleanEEGNet. Batch normalization is performed between every
convolution layer and its activation.
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