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Abstract: An error-related potential (ErrP) occurs when people’s expectations are not consistent
with the actual outcome. Accurately detecting ErrP when a human interacts with a BCI is the
key to improving these BCI systems. In this paper, we propose a multi-channel method for error-
related potential detection using a 2D convolutional neural network. Multiple channel classifiers
are integrated to make final decisions. Specifically, every 1D EEG signal from the anterior cingulate
cortex (ACC) is transformed into a 2D waveform image; then, a model named attention-based
convolutional neural network (AT-CNN) is proposed to classify it. In addition, we propose a multi-
channel ensemble approach to effectively integrate the decisions of each channel classifier. Our
proposed ensemble approach can learn the nonlinear relationship between each channel and the
label, which obtains 5.27% higher accuracy than the majority voting ensemble approach. We conduct
a new experiment and validate our proposed method on a Monitoring Error-Related Potential dataset
and our dataset. With the method proposed in this paper, the accuracy, sensitivity and specificity
were 86.46%, 72.46% and 90.17%, respectively. The result shows that the AT-CNNs-2D proposed in
this paper can effectively improve the accuracy of ErrP classification, and provides new ideas for the
study of classification of ErrP brain-computer interfaces.

Keywords: attention-based convolutional neural network; brain-computer interface (BCI);
error-related potential (ErrP); multi-channel ensemble

1. Introduction

A brain—computer interface (BCI) is a system that does not rely on peripheral nerves
and can control external devices by directly decoding the users’ neuronal activity [1]. It can
help patients with limb movement difficulties to communicate with the outside world, as
well as help stroke patients restore motor function [2—4].

Electroencephalography (EEG) is currently the most commonly used method for
BCI systems to acquire signals. With the advantages of easy collection, high temporal
resolution, low cost, and non-invasiveness, EEG measures weak electrical potentials in the
brain through channels placed on the scalp [5].

However, due to some limitations of EEG signal, such as non-stationarity, nonlinearity
and low signal-to-noise ratio, a large amount of standardized data is difficult to obtain.
Therefore, the decoder usually misidentifies the intention of the subject, greatly limiting
the practical application of EEG-based BCI [6-8].

An error-related potential (ErrP) is a kind of event-related potential (ERP). When
the expectations of the subjects are inconsistent with the actual results [9] error-related
potential (ErrP) will be generated in the anterior cingulate cortex (ACC) [10]. The waveform
characteristics can be observed on average through multiple trails. A positive peak appears
about 200 ms after the feedback is presented, a large negative peak appears about 250
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ms and a positive peak appears about 320 ms [3,11]. Due to the different experimental
paradigm, the waveform characteristics will be slightly different. The waveform of channel
FCz obtained in this paper is shown in Figure 1.
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Figure 1. Grand average ErrP at channel FCz for correct, erroneous and different (error minus correct)
conditions. t = 0 corresponds to the stimulus presentation onset.

Studies have shown that ErrP is an inherent feedback mechanism of humans and can
generate in the brain without training [9]. What is more, the signal waveform will not change
significantly and the performance of the corresponding classifier will not reduce greatly after
a long period of time [12]. Additionally, some studies have found that ErrP can be detected in
a single trial [9], which means that ErrP can be combined with other BClIs to correct a BCI's
erroneous instructions, thus improving the BCI's overall performance [13-15].

In order to use ErrP to correct the BCI system instructions and improve the overall
performance of the system, a high-accuracy ErrP recognition is necessary. Therefore, the
accurate detection of ErrP from the EEG signal is crucial to improve the performance of
this type of BCI system. Much research has been carried out to classify ErrP signals.

There exist two categories of ErrP classification methods. One is based on a traditional
machine learning method, manually selecting the features of ErrP and then training a clas-
sifier. Another can automatically extract and classify signal features using a convolutional
neural network based on the deep learning method.

Ricardo and Millan et al. [16] chose two channels (FCz and Cz) and input them into
the Gaussian classifier for classification. Channels (FCz, Cz, or both) and time windows
used for classification were selected independently per subject based on the classification
performance.

Akshay Kumar et al. [17] subdivided each epoch of the data into 13 time windows
and calculated the average of the mean value of each time window. These mean values
were used as a feature set to train the linear discriminant analysis (LDA) classifier.

Praveen K et al. [18] took an electrode-averaged feature extracted from trials as a classi-
fication feature and then adopted an LDA classifier to classify correct and incorrect events.

The above traditional machine learning methods have made some achievements
by manually selecting the characteristic periods, frequency bands and channels of ErrP.
However, part of the effective feature information may be ignored by manually extracting
features. In addition, the generalization ability of the algorithm may be reduced, for
the performance depends on manually tuning parameters. To improve the accuracy and
generality of the ErrP classification algorithm, more researchers have focused on deep
learning methods that can automatically extract effective features in recent years.

Mayor Torres et al. [19] designed a new convolutional neural network named ConvNet
and proposed the inclusion of error-related potential activity as a generalized two-dimensional
feature set. They have made some performance improvements.
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Akshay Kumar et al. [20] adopted a convolutional neural network-based double
transfer learning method. The first stage aims to capture the global features of ErrP. In the
second stage, each subject is individually tuned to transfer from global features to local
features. This method outperformed the existing statistical classifier methods.

Nayab Usama et al. [21] used a multi-layer perceptron artificial neural network (MLP
ANN) to classify error and correct responses. They considered different brain regions and
the results showed that the frontal and central regions were the most significant.

These methods can learn the signal features automatically based on deep learning.
This kind of algorithm generally outperforms the traditional machine learning methods.
Although it embodies the great potential of the deep learning method in the ErrP pro-
cessing algorithm, it still cannot satisfy the demands in actual application. Current deep
learning has entered into the commercial stage in image classification tasks [22]. Some
researchers convert 1D electrocardiogram (ECG) signals into 2D images and then input
them to 2D CNN, showing better performance than 1D CNN [23,24]. Similar to the periodic
electrocardiogram, ErrP can recognize the peak information on the feature period with
naked eyes. This demonstrates that the deep learning-based image processing methods
have great potential for ErrP classification and our earlier research has also confirmed
it [25]. In addition, the current research mainly focuses on the selection of channels FCZ
and CZ, and the optimization of channel selection has received little attention. In fact, ErrP
features also exist in other areas of the anterior cingulate cortex, which is also conducive
to the final classification. However, due to the different signal characteristics of different
channels, the final classification contribution is different. How to integrate the information
of each channel effectively is also the key to improving the performance of the model.
As a common integration method, a majority voting algorithm is widely used, but its
combination strategy is too simple to highlight the “more valuable” channel with all the
channel classifiers having the same weight. Deep learning has become a powerful method
of learning, capable of automatically learning complex structures from data [26,27]. There-
fore, we adopt deep learning to learn the complex relationships between different channel
classifiers and tags, that is, assigning different weighting to different channel classifiers.

In this paper, we propose a multi-channel ensemble method for ErrP detection using
2D EEG images. We input the ErrP time-domain signal into the convolutional neural
network in the form of a 2D grayscale image. Then, we design the network architecture on
the grounds of signal characteristics of ErrP, and fuse the feature information of multiple
channels at the decision-making end. The advantages of the proposed ErrP detection
method are validated on the Monitoring Error-Related Potential dataset and the results
show that our proposed method outperforms other methods. The remainder of this paper
is organized as follows: the multi-channel ensemble method ErrP classification proposed in
this paper is introduced in detail in Section 2. The details of experiments are presented in
Section 3. Section 4 discusses the experimental results. Finally, the conclusion is presented
in Section 5.

2. Methods

The anterior cingulate cortex (ACC) is believed to be the brain region responsible for
the generating of ErrP, and ErrP waveform characteristics can be clearly observed on the
channels FCZ and CZ in the ACC [28-30]. Most researchers [19,31,32] usually manually
select the signals of these two channels and input them into the neural network in the form
of 1D data for classification. However, EEG signals usually contain a lot of noise, which
makes it difficult for neural networks to learn robust features, and manual selection of
these two channels will miss the feature information of other channels.

In this paper, we proposed a multi-channel ensemble method for ErrP detection using
2D EEG images. Figure 2 illustrates the overall architecture of our model. First, we selected
several channels from the anterior cingulate cortex (ACC) containing ErrP signatures. Then,
the 1D EEG signal of the selected channel was preprocessed and converted to 2D EEG
image, and input into the AT-CNN model, respectively. Each AT-CNN was classified to
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provide local decision information for that channel. A channel ensemble classifier was used
to integrate the local decisions of each channel to make the final decision. Since the signal
characteristics of each channel are different, each AT-CNN model needs the EEG data of
the corresponding channel for training. After the training, each model plays the role of
an expert.

Input EEG Signal X

Multi-channel
ensemble

DPrz(X1) Prci(X1) Pez(X1) Prez(X:) [T Prea(X1)

LRSI OTE R [peg(xq), Prea(X1), Pez(Xa), Prez(Xa), Prca(X1)]

Final decision

Figure 2. The overview of the proposed multi-channel ensemble method for ErrP detection using
2D EEG images.

The core component of the system is an AT-CNN model, which is proposed to fully
extract the spatiotemporal features of a 2D EEG image. We will introduce this deep model
in detail later.

2.1. Channel Selection

The ErrP signal feature appears in the ACC, and the ErrP feature can be observed in
multiple channels of the anterior cingulum belt layer. Obvious waveform features in the
channel FCZ can be observed, and the ErrP waveform feature around the channel FCZ
gradually weakens [12]. Selecting too many channels not only increases noise but also the
model inference time. Thus, selecting the appropriate channel can effectively utilize the
discrimination information provided by each channel and improve the ErrP classification
performance. In Section 3, we will discuss the effect of different channel group selection on
ErrP detection accuracy.

2.2. Data Preprocess

The raw EEG signal contains a lot of noise. To improve the signal-to-noise ratio, the
raw EEG signal is spatially filtered using common average reference (CAR) and then filtered
to [1-11] Hz using a third-order Butterworth band-pass filter. To eliminate eye artifacts
and other low-frequency artifacts, we use ICA for artifact elimination. After the above
operation, we use max-min normalization to normalize the signal and transform EEG
signals into EEG images by plotting each EEG signal as an individual 224 x 224 grayscale
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image including 0.2 s before stimulus and 0.8 s after stimulus, for a total of 1 s. Cropping
the first 0.2 s can make the neural network aware of the changes in the onset and offset
of EEG signal stimulus presentation, which is useful information for CNN. The plotting
operations are implemented using the Matplotlib library in Python. As shown in Figure 3,
we assume that the lower left corner of the image is the reference coordinate (0,0) and the
origin of the coordinate is located at the position of coordinate (0,124). The x axis is the
direction of the time axis, and the y axis is the direction of the amplitude. When we input
the neural network, we hide the x and y axes. The pixel of the waveform line is 0, and the
pixel of the remaining blank area is 255.

y

A
X i

Figure 3. ErrP elicited at channel FCZ for a signal trail. (The x and y axes are shown for the sake of
illustration, but actually, the x and y axes are hidden).

2.3. Attention-Based Convolutional Neural Network
2.3.1. Architecture

A schematic diagram of the AT-CNN structure is shown in Figure 4. The architecture
of AT-CNN is shown in Table 1. A module is repeated four times, each with a convolution
layer, ReLU activation function, batch normalization and pooling layer, respectively. A
convolutional block attention module (CBAM) is added after the above operation, which
can learn what and where to emphasize or suppress to improve the performance of the
CNN [33]. The fully connected layers are used at the end of the above layers to ob-
tain the final classification result. Dropout is used between the fully connected layers to
avoid overfitting.

The function of the convolution layer is to extract features from images. The operation
of the convolutional layer is defined in Equation (1):

x} = f(b]’ + Z wf]- * xffl) (1)
ieM;
where x}- represents the jth feature map of the I/th layer, f denotes the activation function.
ReLU is used in our network, M; denotes the set of input feature map, wf jis the convolution
kernel and b; is bias.
The batch normalization (BN) layer [34] is followed by each convolutional layer. BN

can effectively alleviate overfitting and make the network training process more stable. BN
is applied to each mini-batch, and the formula for mini-batch normalization is as follows:

0% -y
i A BV @
(’)g{) +e

(k) (k) (k)

2
where x;" is the ith element of the k-th dimension, p;” and 6’ are the mean and variance
of the input mini-batch, respectively, and vy and (3 are hyperparameters that are trained to
adjust the mean and deviation of normalized data.
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Table 1. Architecture of AT-CNN.

Module/Features Type Input Size Filters Kernel Size Stride Activation

M1 2D Convolution (224,224,1) 8 3,3) 1 ReLu
Batch Normalization (224,224,8)
Max Polling (224,224,8) 2,2 2

M2 2D Convolution (112,112,8) 16 (3,3) 1 ReLu
Batch Normalization (112,112,16)
Max Polling (112,112,16) (2,2) 2

M3 2D Convolution (56,56,16) 32 (3,3) 1 ReLu
Batch Normalization (56,56,32)
Max Polling (56,56,32) (2,2) 2

M4 2D Convolution (28,28,32) 64 3,3) 1 ReLu
Batch Normalization (28,28,64)
Max Polling (14,14,64) (2,2) 2

M5 CMAM (14,14,64)

M5 Flatten (1,12544)

M6 Fully-connected (1,12544) ReLu
Dropout (1,12544)

M7 Fully-connected (1,896) ReLu
Dropout (1,896)

M8 Fully-connected (1,64) Softmax
Dropout (1,64)

Input 2D AT-CNN OutPut
EEGImage ~~—-———-—-""-""""""—-"——-———————— — — — — — — —
224x224%1 282832 14x14x64  14x14x64

| 112%112+8  56+56+16

Convolutional Block Attention I\Iu(lule((‘BAM)

ErrP detected

No ErrP detected

Input Athnhnn &ahal Refined @ rouawy
Feature Module Feature
Module | @ aau
@ Sigmoid function
f ~
¥ g
( llﬂll.lll?l Attention Module (C AM) Spatial Attention Module (SAM)
— W
o9 — ——
\ “/M\-f
Input Corerohiion
Athninn Channel refined  Comwohuion

Feaiumre

Figure 4. The schematic diagram of AT-CNN identifying a 2D EEG Image. Inside the dotted line
is the proposed attention-based convolutional neural network. The convolutional block attention

module (CMAM) is added before the fully connected layer and it contains a channel attention module

(CAM) and a spatial attention module (SAM).
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The BN layer is followed by the max pooling layer. The main goal is to preserve
the main features while reducing the parameters. The maximum pool operation is used,
defined as follows:

x} = max (xj-*l),l € P 3)

where P; is the set of input feature map.

CBAM includes two independent sub-modules, a channel attention module (channel
attention module, CAM) and a spatial attention module (spatial attention module, SAM),
which can perform attention in channel and space dimensions. These two modules are
connected sequentially. Figure 4 depicts the calculation process of each attentional map.
The overall attention process can be summarized as:

FC-=M.(F)®F 4)

FS = M(F°) ® F° (5)

where ® denotes element-wise multiplication and F denotes input feature map.
CAM focuses on ‘what’ is significant given an input image, and the channel attention
is computed as:
Mc(F) = é(Ml(MO(Fffvg)) + M1 (Mo(Fpyax))) (6)

where 6 denotes the sigmoid function, My € R€/™Cand M; € R€*C/"M, and M; are
MLP weights that shared for both inputs and the activation function is ReLu. Fz,, and
F;.x represents the global average-pooled features and the global max-pooled features that
contain the spatial information of a feature map.

Unlike CAM, the SAM is focused on “where” is an information part. Spatial attention
was calculated as follows:

M;(F) = é(f7><7([1:§vg; F;vg]) @)

where 6 denotes the sigmoid function, f”*7 denotes a convolution operation with the
kernel size of 7 x 7. Fj,, and Fj,, represents average-pooled features and max-pooled
features across the channel that contain the channel information of a feature map.

The CBAM will benefit the model on two levels. First, CAM can help the model
focus on the rich and important part of the 2D EEG image, thus improving the detection
performance. Secondly, SAM, as a supplement to CAM, can help the model highlight the
area with the largest amount of information in the 2D EEG image.

The full connection layer is located behind the convolution layer and plays the role of
classifier in the whole convolutional neural network. Before the input of the FC layer, the
output characteristics of the previous layer are tiled into a one-dimensional vector form.
After the full connection layer, the prediction results are obtained. For the work in this
papet, two nodes are output, which respectively indicate that ErrP is detected and ErrP is
not detected from the EEG signal.

2.3.2. Loss Function

The loss function is used to calculate the difference between the predicted value and
the true value. The smaller the loss function, the better the model fits. The cross-entropy loss
is commonly used in binary classification. In this paper, we employ label smoothing [35].
As shown in Equation (4), C is the loss function that the optimizer uses to minimize it, N is
the number of all samples, p. is the output value of the neural network (between 0 and 1)
and y/, is the target label. Here, as shown in Equation (5), instead of using the original target
label y., we adjust the actual label y. to y. and set € to 0.1 (replace the exact classification
target from 0 and 1 to € and 1—¢). Label smoothing can prevent the model from pursuing
the probability of accuracy and improve the generalization performance of the model.

1 / /
C=-x Zf\il [yeLogpe + (1= ye) log(1 = pc)] ®)
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Ye=(1—¢)*yc )

2.3.3. Detailed Implantation

To meet the requirements of the experimental setup, the obtained ErrP dataset is
often unbalanced, such as the dataset with only 20% erroneous trials, which is introduced
in Section 3. To balance the dataset, a common approach is random undersampling,
randomly eliminating the majority class of data to balance the dataset, which may discard
a lot of useful information. Another common approach is random oversampling, which
randomly extracts samples from the minority class to replicate. However, this may lead
to overfitting. Studies have shown that random oversampling is more advantageous than
undersampling [36]. Therefore, we adopt random oversampling in this paper and the
minority class is randomly copied to the same as majority class.

During model training, we set 100 epochs in advance, and the initial learning rate is
0.001. We use cosine learning rate decay to dynamically reduce the learning rate, and the
optimizer uses Adam [37]. In addition, we also use early stopping [38]. If no decrease in
validation loss is observed within 20 epochs, the model training is terminated to avoid
overfitting. This model is implemented in Pytorch.

2.3.4. Performance Metrics

For evaluation, we refer to the EEG signal with ErrP as a positive sample, and the EEG
signal without ErrP as a negative sample. We use accuracy, sensitivity and specificity to
evaluate the system. These performance metrics are as follows:

TP + TN
A = 1
Uy = TP 1 FP + EN + TN (10)
i TN
Sepecifity = TN £ FP (11
e TP
SeI’ISIthIty = m (12)

where TP, FN, TN and FP represent the number of true positive, false negative, true negative
and false positive ErrP trials, respectively.

2.4. Multi-Channel Ensemble Approach

Some channels, such as FCZ or CZ, are available for ErrP detection. However, none
of these are fully accurate and classifiers may make mistakes under some circumstances.
Stacking of multiple different AT-CNN models will lead to performance improvement over
individual models.

Figure 5 shows our multi-multi-channel ensemble method. In our method, we divide
the multi-multi-channel ensemble model into two stages. one for providing the local
decision information of each channel, and the second stage for integrating the local decision
information of the first stage and making the final decision.

The training process of AT-CNN of each channel and ensemble classifier is divided
into two stages as shown in Figure 5. In the first stage, we divide the dataset into five
subsets of the same size, {A1, Ay, A3, Ay, As},where A; = {x;,y;}, i = 1,2,...5, x; is
referred to as all data of the ith subset and y; is the label of the corresponding subset. In
the first round, the union of { A, A3, A4, As} is used as the training set and A; is used
as the validation set. Given the input x;, AT-CNNSs in this stage make corresponding
predictions pgrz(x1), prcz(x1), ... pn(x1), where p,(x1) is a binary variable and Py (x1)
refers to the prediction result of the channel n. After the classifications in the first round, we
assemble the predictions of each AT-CNN model into P; = [pgz(x1), prcz(x1), ... pn(x1)],
which is merged with the corresponding label y1 to form a new dataset By, for use in the
second stage.
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Figure 5. The training process of AT-CNN of each channel and the ensemble model.

After five rounds, we obtain five new datasets, {B1, By, B3, B4, Bs },B; = {P;,yi},
i =1,2,3,4,5. A simple three-layer neural network is used in the second stage as the
ensemble model. The number of neurons in the input layer of the network is equal to the
number of classifiers, and they represent the features of the samples in the new dataset.
The number in the hidden layer is equal to 1/2 of the number of neurons in the input layer.
The output layer of the network contains a neuron whose output is 0 or 1, indicating that
ErrP is not detected and ErrP is detected, respectively.

Commonly used in the ensemble strategy is the majority voting algorithm [39]. The
majority voting method does not consider the performance difference of each classifier. If a
label receives more than half of the votes, it is predicted as the label. Due to the different
prediction performance of each channel classifier, and the nonlinear relationship between
each channel classifier and the sample label, the method of majority voting algorithm
cannot guarantee the reliability of the prediction. In contrast, our method can automatically
learn intricate relationships between different channels and requires very little engineering
by hand.

3. Experiments and Results
3.1. Datasets

Dataset 1: The dataset used in this work was derived from the BNCI Horizon 2020
project website under the name Monitoring Error-Related Potential [15]. The experimental
paradigm is shown in Figure 6. During the experiment, the user monitored the behaviors
of the cursor, and the subjects were asked to expect the cursor to move toward the target.
In order to obtain the ErrP signal, the experiment controlled the cursor with an error rate of
20%, that is, the cursor moved in the direction away from the target with the probability
of 20%.

The dataset contains six participants, involving two sessions and a period of time
between two sessions. Table 2 shows the time difference (in days) between the two sessions
for all subjects. In the experiment, the EEG signals of all participants were recorded at a
sampling rate of 512 Hz, and the acquisition process used 64 channels according to the
10-20 international standard.
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t+1

ey

2000ms .

Figure 6. Experimental paradigm. Two squares are displayed on the horizontal line in the center of
the screen; one is the cursor (green square), the other is the target (red square), and the dotted square
is the previous position of the cursor. The interval time of cursor movement is 2 s, and the cursor
moves away from the target with the probability of 20%.

Table 2. Time difference (in days) between the two sessions.

Subject 1 2 3 4 5 6
Days between two sessions 51 50 54 211 628 643

Dataset 2: To further verify the effectiveness of the algorithm, we designed a new
experiment. The dataset included eight subjects whose EEG signals were collected using
the NeuSen W Series wireless EEG acquisition system manufactured by Neuracle. As
shown in Figure 7, a white box appeared in the center of the screen. Two seconds later, a
blue box appeared randomly to the left or right of the white box. The subjects were asked
to expect the blue box to move to the position of the white box. The experimental control
error rate was 30%, which meant that the box had a 30% chance of moving away from the
white box. The experiment consisted of three blocks, with 30 trials in between each block
and 10 min between each block.

70%

50%
30%

50%

Figure 7. Experimental paradigm of dataset 2. A green square and a white box are displayed on the
horizontal line in the center of the screen. With the same probability, the green square appears either
on the left side or on the right side of the white box. After a 4 s interval, the green square moves, and
there is a probability of 70% that the green square will move to the white box, and a probability of
30% that it will move away from the white box.
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As for the dataset segmentation of training and evaluation models, we simulated the
practical application of the BCI system. In the development of practical BCI applications,
the data of the subjects will be collected firstly and used to train the model. Then, the model
will be applied to the future BCI system of the subjects Therefore, for dataset 1, the data
from the first session are used for model training and validation, and the data from the
second session are used for testing. For dataset 2, the first two blocks are used for model
training and validation and the last block for the test set. The experimental results are the
average of five repeated experiments. In order to better display the experimental results,
we will combine and analyze the two datasets in the subsequent experiments.

3.2. Performance of Different Channel Groups

We display and discuss the effect of choosing different channel groups on ErrP classifi-
cation accuracy. ErrP features are generated in the ACC, in which features of channel FCZ
are the most obvious, and the ErrP waveform features in the peripheral channels of channel
FCZ gradually weaken. Therefore, the principle of channel selection is: in the region of
ACC, with the FCZ as the center, selecting the channels around the FCZ. We considered
five channel groups, and the spatial positions of the channels contained in each channel
group are shown in Figure 8. The experimental results are shown in Table 3.
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Figure 8. Visualization of the five channel groups chosen in the regions of anterior cingulate cortex.
The five channel groups (A-E) illustrate the position of the 64 EEG electrodes on the scalp (small
circles, each reporting the standard designation). The channels forming the channel group are
highlighted in red.

Table 3. Performance results of different channel groups.

Metrics\ Group A B C D E
Accuracy (%) 80.85 £212 8236+114 8320+£1.63 8646187 83.59 +1.51
Specificity (%) 83.70 £236 8452+6.13 85.08£3.15 90.17+1.12 86.23 +1.41
Sensitivity (%) 55.53 £4.61 5638 +£594 6461 +£451 7246+345 66.35+2.67
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From Table 3, we can make some observations. Firstly, Group D (including channel
F1,FZ, F2, FC1, FCZ, FC2, C1, CZ and C2) has the best overall performance (the accuracy
difference to the control is statistically significant: p < 0.05), of which the accuracy is 86.46%,
sensitivity is 72.46% and specificity is 90.17%. Secondly, from Group A-D we found that
as the number of selected channels increases, the performance of the system increases
(the accuracy increases from 80.85% to 86.46%, specificity increases from 83.70 to 90.17%
and sensitivity increases from 55.53% to 72.46%). Thirdly, not all channel classifiers are
helpful for the final integrated performance improvement with the increasing of channel
group selection. This may be attributed to the fact that some channel classifiers are useless
interference information for the ensemble model.

3.3. Contribution of Different Techniques

The classification performance of the single-channel 2D EEG image may directly
affect the performance of the multi-channel ensemble. To evaluate the contribution of
different elements of the AT-CNN on system performance, we focused on Group D and
tested our proposed AT-CNN when some elements were omitted. We employed the same
hyperparameters (learning rate, batch size, etc.) for a fair comparison. Table 4 shows the
experimental results.

Table 4. Performance of AT-CNN when some elements are omitted.

Metrics\Technique (0 -2Pel NoBN  No CBAM No FCZ
Smoothing Oversampling

Accuracy (%) 82.71 81.88 83.12 83.64 86.46

Specificity (%) 85.28 87.30 86.58 91.06 90.17

Sensitivity (%) 46.45 57.21 61.93 45.97 72.46

To test the contribution of label smoothing, we used cross-entropy as the loss function.
We found that the accuracy dropped from 86.46% to 82.71%, and sensitivity dropped
significantly from 72.46% to 46.45%.

Similarly, we trained AT-CNN again; when the model lacked BN layers, CBAM, and
did not use the sample balancing training data, the accuracy dropped to 81.88%, 83.12%
and 83.64%, respectively.

The experimental results show that the AT-CNN proposed in this paper can achieve
good classification performance.

3.4. Multi-Channel Ensemble Based on Neural Networks

We integrated all the first stage predictions using a neural network. We first trained
nine different channel classifiers of group D, and then used five-fold cross-validation to ob-
tain the average performance. To verify the effectiveness of the proposed ensemble method,
we compared the majority voting ensemble method with our proposed ensemble method.

The experimental results are shown in Table 5. It is clear that the performance of
integrated multiple channel classifiers is better than a single-channel classifier, and our
proposed ensemble method performs better, with an accuracy rate of 86.46% and majority
vote method of 81.29%. The specificity of the majority voting method is higher than the
method proposed in this paper, but the sensitivity is only 46.65%, because the majority
voting method tends to predict the negative class. Our proposed ensemble method out-
performed the majority voting method by 5.27% and achieved a better balance between
specificity and sensitivity with the specificity of 90.17% and sensitivity of 72.46%; there is a
significant difference between model accuracies (p < 0.05)



Sensors 2023, 23, 2863

13 of 17

Table 5. The performance indices (%) of individual channel and ensemble methods.

Metrics\ Classifiers F1 FZ F2 FC1 FCZ FC2 C1 Ccz C2  Majority Voting Ours
Accuracy (%) 69.19 7481 76.85 78.61 8042 7712 66.08 80.18 77.72 81.29 £2.13 86.46 £+ 1.87
Specificity (%) 7257 80.15 8138 8540 8348 8412 6745 8478 8351 91.20 £2.41 90.17 £ 1.12
Sensitivity (%) 55.65 5345 30.72 4545 58.17 49.12 60.61 56.78 54.54 46.65 + 1.57 72.46 £ 3.45

We also noticed that the performance of each channel classifier varies greatly. Classifier
FCZ’s accuracy ranked first with 80.42% and classifier C1’s accuracy ranked last with 66.08%.
Each channel classifier tends to predict negative class, although we adopt an oversampling
strategy to increase positive samples.

3.5. Comparison with the Other Methods

In order to evaluate the proposed method, we compared the experimental results
with other papers, including the dataset contributor Chavarriaga et al. [16], the LDA
algorithm [18], the ConvNet algorithm [19], the CNN-based double transfer learning ap-
proach [20] and the MLP ANN [21]. To verify the advantages of 2D image classification over
one-dimensional signal classification, we added a reference model named AT-CNNs-1D.
AT-CNNSs-1D have network architecture very similar to AT-CNNs-2D, while the dimension
of the filter in the first stage is 1D, and the corresponding input signals are 1D EEG signals.

The data of sessionl are used as the training set and the validation set, and the data
of session 2 are used as the test set. The experimental results are shown in Table 6. The
accuracy of our method is 86.46%, the sensitivity is 72.46% and the specificity is 90.17%.
Our method achieved better results than other methods. There is a statistical significance
(p < 0.05) between our model and the best previous model (MLP-ANN), indicating that the
best model is AT-CNNs-2D.

Table 6. Performance indices of the different methods.

Methods\Metrics Accuracy (%) Sensitivity (%) Specificity (%)
Gaussian classifier [16] 70.41 +7.40 63.21 +9.06 75.81 4 6.84
LDA [18] 68.41 +5.43 63.15 +7.46 70.40 £5.95
ConvNet [19] 71.39 +£2.81 55.17 £ 3.84 76.92 + 3.64
Paper [20] 75.56 + 3.46 64.43 + 4.45 80.14 + 2.60
MLP-ANN [21] 82.17 £2.17 59.43 £1.31 85.61 + 1.96
AT-CNNs-1D 83.18 £1.32 6191 £3.17 86.70 £ 1.43
AT-CNNs-2D (proposed) 86.46 + 1.87 72.46. +3.45 90.17 £ 1.12

4. Discussion

Based on the results, it can be observed that the proposed multi-channel ensemble
method for ErrP classification outperforms the other methods.

An important reason for the achievements of our method is that we integrate informa-
tion from multiple channels of EEG signal. We considered five different channel groups of
channels, all of which were selected from the anterior cingulate cortex (ACC), an area of
the brain thought to be responsible for ErrP generation. From Table 3, we find that channel
group D (containing nine channels) has the highest classification accuracy of 86.46%, al-
though the number of channel group D is not the largest. It can be concluded that channel
group D performs better than group A (containing two channels), group B (containing
three channels) and group C (containing five channels), probably because the newly added
channels can provide helpful local information, thereby improving the performance of the
entire ErrP classification. The performance of channel group E (containing 15 channels) is
not as good as that of channel group D, indicating that as the number of selected channels
increases, the overall performance of the model does not always increase. We speculate
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that the reason may be that the newly added channels, such as channel F3, C3, etc., do
not have enough discriminative features, resulting in poor performance of the AT-CNN
model responsible for the decision of the channel. The local decision provided is not
accurate enough, which increases the noise of the second stage input and then reduces the
performance of the ensemble model.

An important component of our proposed system is AT-CNN. We conducted some
experiments to test the contribution of different elements of AT-CNN and different training
settings. From Table 4, we found that the different elements of AT-CNN and different
training settings we applied in this paper improved the performance of our system. The
use of BN can effectively avoid model overfitting, thereby improving the performance
of the system. In addition, using oversampling to balance the data can improve the
sensitivity of the system. The convolutional block attention module (CBAM) in AT-CNN is
very important for the performance of the entire system. The main reason is that spatial
attention can help the model to better learn the spatial locality features of 2D EEG image,
so that the model can focus on areas in the image that are easy to distinguish ErrP and
no-ErrP. Channel attention can help the model to better learn the relationship among
each feature channel. In addition, our proposed system uses label smoothing during
training to avoid the model fitting the data to extremes. Label smoothing is also helpful
for system performance improvement. Compared with using cross-entropy, after using
label smoothing in the training process, the model performance is better. The main reason
is that some labels in the training data do not match the actual ones and label smoothing
improves the generalization ability of the model.

Effective integration of prediction information from multiple channels is critical to
improve the performance of ErrP classification. We proposed a deep learning-based
ensemble strategy to integrate the decisions of different channel classifiers in the first stage.

From Table 5, we find that the performance of different channel classifiers varies
widely. The highest classification accuracy is channel FCZ, reaching 80.42%, and the worst
is channel C1, which is only 66.08%. We compared the two ensemble methods; the majority
voting method has a classification accuracy of 81.29%, and our proposed ensemble method
has a classification accuracy of 86.46%. The accuracy of the ensemble method is significantly
higher than the classifier of a certain channel, because the ErrP dataset is not large enough
due to the experimental design and practical application scenarios. When only a small
amount of data is available, it is easy for machine learning algorithms to find different
hypotheses that fit the training data perfectly, but perform poorly on the test data, whereas
our hypothesis of integrating multiple channel classifiers can effectively reduce the risk of
choosing the wrong hypothesis, thereby improving overall forecasting performance.

The classification accuracy of our proposed ensemble method improves by 5.27% over
the majority voting method. It may be that majority voting only considers the linear
relationship without considering the weight of each classifier. As for the characteristics
of the EEG signal itself, the signals between each channel have a certain relationship, so
the relationship between each classifier is not completely independent. Compared with
the majority voting, the proposed method uses a neural network to integrate the outputs
of different channel classifiers, which can automatically learn the complex relationships
among the different channel classifiers, leading to better and more stable performance.

The specificity of the majority voting method is higher than that of the method pro-
posed in this paper, but the sensitivity is only 46.65% because a single-channel classifier
tends to predict the negative class. Obviously, the performance of the majority voting
method is poor to some extent because the relationship between different channels and
labels is not a simple linear relationship. The method proposed in this paper achieves a
better balance between specificity and sensitivity, which proves that our proposed method
can learn the nonlinear relationship between multiple channels and labels, such as learning
which channels are more useful for classification. In addition, our method can make full
use of the information provided by the original data and reduce hand engineering.
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The comparison with other methods is shown in Table 6. Firstly, traditional methods,
such as Gaussian classifier [15] and LDA [18] perform worse than deep learning-based
methods (ConvNet [19], paper [20], MLP-ANN [21] and ours). This indicates that deep
learning-based methods can learn from the data itself and learn more discriminative
features. The method in paper [20] is better than ConvNet [19] and MLP-ANN [21],
showing that classification performance can be improved by using other subjects to learn
global features, and then finetuning model parameters to adapt to each subject. Secondly,
the accuracy of AT-CNNs-1D was 83.18% lower than that of AT-CNNs-2D (86.46%). The
result indicates that converting one-dimensional EEG signals into 2D waveform images
is more helpful to improve classification performance; for this purpose, 2D CNN is less
sensitive to noise than 1D CNN. Two-dimensional CNN is more conducive to capturing
the microstructural detail of the input data.

Thirdly, we can find that the sensitivity of all methods is lower than accuracy and
specificity, and the fluctuation range is relatively large. On the one hand, there are a few
samples containing wrong samples, so the positive and negative samples are unbalanced,
and the model tends to predict positive samples. On the other hand, the signal-to-noise
ratio of the EEG signal itself is low, so the ErrP feature is latent in the EEG signal, which has
a great impact on the recognition accuracy. Overall, the accuracy of our proposed method
is 86.46%, the sensitivity is 72.46% and the specificity is 90.17%, and our method achieves
the best classification performance compared to other methods. That is to say, it is more
advantageous to use 2D EEG images to detect ErrP. From the perspective of stability, our
method has the best stability, because we combine the decision results of multiple channels,
which reduces the variance and obtains more robust results.

5. Conclusions and Future Work

In this paper, we proposed an effective multi-channel ensemble method for ErrP
classification method using 2D EEG images. We used 2D EEG images as input data
after signal preprocessing and the effect of the noise in the signal was minimized. A
deep convolution network model named AT-CNN was proposed to effectively extract the
spatiotemporal features of 2D EEG images. The multi-channel ensemble approach then
takes predictions from multiple different channels as input to an ensemble model, which is
trained to combine multiple channel predictions to form a final prediction. We analyzed
the prediction results of multiple channels and compared the majority voting method with
our proposed multi-model ensemble method. The results show that the accuracy of our
proposed ensemble model outperforms other every channel classifier as well as the majority
voting method. Finally, we compared the proposed method with other methods; the results
demonstrate that our method has the best performance.

In terms of future work, we will aim to investigate transfer learning in the application
of ErrP. If the time interval between two sessions was too long, the ErrP characteristics of
the subjects would change greatly, thus reducing the detection accuracy. Transfer learning
provides a solution to eliminate the differences between the two sessions and improve the
detection performance of the model.

Author Contributions: Methodology, T.T. and Y.G.; Software, Y.G.; Investigation, T.T., Y.G. and YJJ.;
Writing—original draft, Y.G.; Writing—review and editing, T.T., Y.G., PL. and Y.J.; Supervision, Y.,
R.C. and G.X; Project administration, T.T. All authors have read and agreed to the published version
of the manuscript.

Funding: This paper was funded by Key Research and Development Program of Shaanxi (Program
No. 2020KWZ-003).

Institutional Review Board Statement: The study was conducted in accordance with the Declaration
of Helsinki, and approved by the Institutional Review Board of Xi’an Jiaotong University (XJTU
2022-02-022).

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.



Sensors 2023, 23, 2863 16 of 17

Data Availability Statement: Monitoring Error-Related Potential dataset at http:/ /bnci-horizon202
0.eu/database/data-sets (URL (accessed on 1 September 2022)).

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Vidal, J.J. Toward direct brain-computer communication. Annu. Rev. Biophys. Bioeng. 1973, 2, 157-180. [CrossRef] [PubMed]

2. Margaux, P; Emmanuel, M.; Sébastien, D.; Olivier, B.; Jérémie, M. Objective and subjective evaluation of online error correction
during P300-based spelling. Adv. Hum. Comput. Interact. 2012, 2012, 4. [CrossRef]

3. Bhattacharyya, S.; Konar, A.; Tibarewala, D.N.; Hayashibe, M.A. Generic Transferable EEG Decoder for Online Detection of Error
Potential in Target Selection. Front. Neurosci. 2017, 11, 226. [CrossRef]

4. Ang, KK, Guan, C. EEG-Based Strategies to Detect Motor Imagery for Control and Rehabilitation. IEEE Trans. Neural Syst.
Rehabil. Eng. 2017, 25, 392-401. [CrossRef]

5. Lépez-Larraz, E.; Sarasola-Sanz, A.; Irastorza-Landa, N.; Birbaumer, N.; Ramos-Murguialday, A. Brain-machine interfaces for
rehabilitation in stroke: A review. NeuroRehabilitation 2018, 43, 77-97. [CrossRef]

6. Zhang, X.; Hou, W.,; Wu, X.; Feng, S.; Chen, L. A Novel Online Action Observation-Based Brain-Computer Interface That
Enhances Event-Related Desynchronization. IEEE Trans. Neural Syst. Rehabil. Eng. 2021, 29, 2605-2614. [CrossRef]

7. Lawhern, V;; Hairston, W.D.; McDowell, K.; Westerfield, M.; Robbins, K. Detection and classification of subject-generated artifacts
in EEG signals using autoregressive models. . Neurosci. Methods 2012, 208, 181-189. [CrossRef] [PubMed]

8.  Chen, R.Q.; Xu, G.H,; Zhang, X.; Han, C.C.; Zhang, S.C. Multi-scale noise transfer and feature frequency detection in SSVEP
based on FitzHugh-Nagumo neuron system. ]. Neural Eng. 2021, 18, 056054. [CrossRef]

9.  Gehring, WJ.; Goss, B.; Coles, M.G.; Meyer, D.E.; Donchin, E. A neural system for error detection and compensation. Psychol. Sci.
1993, 4, 385-390. [CrossRef]

10. Pascual-Marqui, R.D. Standardized low-resolution brain electromagnetic tomography (SLORETA): Technical details. Methods
Find. Exp. Clin. Pharmacol. 2002, 24, 5-12.

11. Chavarriaga, R.; Sobolewski, A.; Millan, ].D.R. Errare machinale est: The use of error-related potentials in brain-machine interfaces.
Front. Neurosci. 2014, 8, 208. [CrossRef] [PubMed]

12. Kumar, A.; Gao, L.; Pirogova, E.; Fang, Q. A Review of Error-Related Potential-Based Brain-Computer Interfaces for Motor
Impaired People. IEEE Access 2019, 7, 142451-142466. [CrossRef]

13. Pfurtscheller, G.; Allison, B.Z.; Bauernfeind, G.; Brunner, C.; Solis Escalante, T.; Scherer, R.; Zander, T.O.; Mueller-Putz, G.;
Neuper, C.; Birbaumer, N. The hybrid BCI. Front. Neurosci. 2010, 4, 3. [CrossRef] [PubMed]

14. Parashiva, PK.; Vinod, A.P. Improving direction decoding accuracy during online motor imagery based brain-computer interface
using error-related potentials. Biomed. Signal Process. Control 2022, 74, 103515. [CrossRef]

15. Cruz, A.; Pires, G.; Nunes, U.J. Double ErrP detection for automatic error correction in an ERP-based BCI speller. IEEE Trans.
Neural Syst. Rehabil. Eng. 2017, 26, 26-36. [CrossRef]

16. Chavarriaga, R.; Millan Jdel, R. Learning from EEG error-related potentials in noninvasive brain-computer interfaces. IEEE Trans.
Neural Syst. Rehabil. Eng. 2010, 18, 381-388. [CrossRef]

17.  Kumar, A.; Pirogova, E.; Fang, ].Q. Classification of Error-Related Potentials Using Linear Discriminant Analysis. In Proceedings
of the IEEE-EMBS Conference on Biomedical Engineering and Sciences, Sarawak, Malaysia, 3-6 December 2018.

18. Parashiva, PK.; Vinod, A.P. Single-trial detection of EEG error-related potentials in serial visual presentation paradigm. Biomed.
Phys. Eng. Express 2022, 8, 015026. [CrossRef]

19. Torres, J.; Clarkson, T.; Stepanov, E.A.; Luhmann, C.C.; Riccardi, G. Enhanced Error Decoding from Error-Related Potentials
Using Convolutional Neural Networks. In Proceedings of the 2018 40th Annual International Conference of the IEEE Engineering
in Medicine and Biology Society (EMBC), Honolulu, HI, USA, 18-21 July 2018.

20. Kumar, A.; Pirogova, E.; Mahmoud, S.S.; Fang, Q. Classification of error-related potentials evoked during stroke rehabilitation
training. J. Neural Eng. 2021, 18, 056022. [CrossRef]

21. Usama, N.; Niazi, LK,; Dremstrup, K.; Jochumsen, M. Single-Trial Classification of Error-Related Potentials in People with Motor
Disabilities: A Study in Cerebral Palsy, Stroke, and Amputees. Sensors 2022, 22, 1676. [CrossRef]

22. Rawat, W.; Wang, Z. Deep Convolutional Neural Networks for Image Classification: A Comprehensive Review. Neural Comput.
2017, 29, 2352-2449. [CrossRef]

23. Ullah, A.; Rehman, S.U.; Tu, S.; Mehmood, R.M.; Ehatisham-Ul-Haq, M.A. Hybrid Deep CNN Model for Abnormal Arrhythmia
Detection Based on Cardiac ECG Signal. Sensors 2021, 21, 951. [CrossRef] [PubMed]

24. Rohmantri, R.; Surantha, N. Arrhythmia Classification using 2D Convolutional Neural Network. Int. ]. Adv. Comput. Sci. Appl.
2020, 11, 201-208. [CrossRef]

25. Gao, Y.X; Tao, T.F; Jia, Y.G. Error Related Potential Classification Using a 2-D Convolutional Neural Network. In Intelligent
Robotics and Applications. ICIRA 2022; Springer: Cham, Switzerland, 2022; Volume 13456, pp. 711-721.

26. Li, K.C; Lu, M.Y,; Nguyen, H.T,; Feng, SW.; Artemkina, S.B.; Fedorov, V.E.; Wang, H.C. Intelligent Identification of MoS;

Nanostructures with Hyperspectral Imaging by 3D-CNN. Nanomaterials 2020, 10, 1161. [CrossRef] [PubMed]


http://bnci-horizon2020.eu/database/data-sets
http://bnci-horizon2020.eu/database/data-sets
http://doi.org/10.1146/annurev.bb.02.060173.001105
http://www.ncbi.nlm.nih.gov/pubmed/4583653
http://doi.org/10.1155/2012/578295
http://doi.org/10.3389/fnins.2017.00226
http://doi.org/10.1109/TNSRE.2016.2646763
http://doi.org/10.3233/NRE-172394
http://doi.org/10.1109/TNSRE.2021.3133853
http://doi.org/10.1016/j.jneumeth.2012.05.017
http://www.ncbi.nlm.nih.gov/pubmed/22634706
http://doi.org/10.1088/1741-2552/ac2bb7
http://doi.org/10.1111/j.1467-9280.1993.tb00586.x
http://doi.org/10.3389/fnins.2014.00208
http://www.ncbi.nlm.nih.gov/pubmed/25100937
http://doi.org/10.1109/ACCESS.2019.2944067
http://doi.org/10.3389/fnpro.2010.00003
http://www.ncbi.nlm.nih.gov/pubmed/20582271
http://doi.org/10.1016/j.bspc.2022.103515
http://doi.org/10.1109/TNSRE.2017.2755018
http://doi.org/10.1109/TNSRE.2010.2053387
http://doi.org/10.1088/2057-1976/ac4200
http://doi.org/10.1088/1741-2552/ac1d32
http://doi.org/10.3390/s22041676
http://doi.org/10.1162/neco_a_00990
http://doi.org/10.3390/s21030951
http://www.ncbi.nlm.nih.gov/pubmed/33535397
http://doi.org/10.14569/IJACSA.2020.0110427
http://doi.org/10.3390/nano10061161
http://www.ncbi.nlm.nih.gov/pubmed/32545726

Sensors 2023, 23, 2863 17 of 17

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.
38.

39.

Chen, C.W,; Tseng, Y.S.; Mukundan, A.; Wang, H.C. Air Pollution: Sensitive Detection of PM2.5 and PM10 Concentration Using
Hyperspectral Imaging. Appl. Sci. 2021, 11, 4543.

Tao, T.F; Jia, Y.G.; Xu, G.H,; Liang, R H.; Zhang, Q.X.; Chen, L.T.; Gao, Y.X.; Chen, R.Q.; Zheng, X.W.; Yu, Y.H. Enhancement of
motor imagery training efficiency by an online adaptive training paradigm integrated with error related potential. J. Neural Eng.
2023, 20, 016029. [CrossRef] [PubMed]

Lopez-Larraz, E.; Iturrate, I.; Montesano, L.; Minguez, ]. Real-time recognition of feedback error-related potentials during a time.
Proc. IEEE Eng. Med. Biol. Soc. 2010, 2010, 2670-2673.

Iturrate, I.; Montesano, L.; Minguez, J. Task-Dependent Signal Variations in EEG Error-Related Potentials for Brain-Computer
Interfaces. . Neural Eng. 2013, 10, 026024. [CrossRef]

Gao, C,; Li, Z; Ora, H.; Miyake, Y. Improving Error Related Potential Classification by using Generative Adversarial Networks
and Deep Convolutional Neural Networks. In Proceedings of the 2020 IEEE International Conference on Bioinformatics and
Biomedicine (BIBM), Seoul, Republic of Korea, 16-19 December 2020; pp. 2468-2476.

Bellary, S.A.S.; Conrad, J.M. Classification of error related potentials using convolutional neural networks. In Proceedings
of the 2019 9th International Conference on Cloud Computing, Data Science & Engineering (Confluence), Noida, India,
10-11 January 2019; pp. 245-249.

Woo, S.; Park, J.; Lee, ].Y.; Kweon, 1.5. CBAM: Convolutional Block Attention Module. In Proceedings of the European Conference
on Computer Vision (ECCV), Munich, Germany, 8-14 September 2018; Springer: Cham, Switzerland, 2018.

Ioffe, S.; Szegedy, C. Batch Normalization: Accelerating Deep Network Training by Reducing Internal Covariate Shift. In
Proceedings of the 32nd International Conference on Machine Learning, Lille, France, 6-11 July 2015; pp. 448-456.

Szegedy, C.; Vanhoucke, V.; Ioffe, S.; Shlens, J.; Wojna, Z. Rethinking the Inception Architecture for Computer Vision. In
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Las Vegas, NV, USA, 27-30 June 2016;
pp. 2818-2826.

Thabtah, F.; Hammoud, S.; Kamalov, F.; Gonsalves, A. Data imbalance in classification: Experimental evaluation. Inf. Sci. 2020,
513, 429-441. [CrossRef]

Kingma, D.; Ba, J. Adam: A Method for Stochastic Optimization. arXiv 2014, arXiv:1412.6980.

Lee, C.; Overfitting, G.; Caruana, R.; Lawrence, S.; Giles, L. Overfitting in Neural Nets: Backpropagation, Conjugate Gradient, and
Early Stopping; MIT Press: Cambridge, MA, USA, 2001.

Sagi, O.; Rokach, L. Ensemble learning: A survey. Wiley Interdiscip. Rev. Data Min. Knowl. Discov. 2018, 8, €1249. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


http://doi.org/10.1088/1741-2552/acb102
http://www.ncbi.nlm.nih.gov/pubmed/36608339
http://doi.org/10.1088/1741-2560/10/2/026024
http://doi.org/10.1016/j.ins.2019.11.004
http://doi.org/10.1002/widm.1249

	Introduction 
	Methods 
	Channel Selection 
	Data Preprocess 
	Attention-Based Convolutional Neural Network 
	Architecture 
	Loss Function 
	Detailed Implantation 
	Performance Metrics 

	Multi-Channel Ensemble Approach 

	Experiments and Results 
	Datasets 
	Performance of Different Channel Groups 
	Contribution of Different Techniques 
	Multi-Channel Ensemble Based on Neural Networks 
	Comparison with the Other Methods 

	Discussion 
	Conclusions and Future Work 
	References

