Neurocomputing 403 (2020) 452-461

Contents lists available at ScienceDirect

Neurocomputing

journal homepage: www.elsevier.com/locate/neucom

A CNN-based comparing network for the detection of steady-state n
visual evoked potential responses Lt

Jiezhen Xing®"', Shuang Qiu®', Xuelin Ma®®, Chenyao Wu?®P, Jinpeng Li*",
Shengpei Wang®P", Huiguang He *>¢*

2 Research Center for Brain-inspired Intelligence and National Laboratory of Pattern Recognition, Institute of Automation, Chinese Academy of Science (CAS),

Beijing 100190, China

bSchool of Artificial Intelligence, University of Chinese Academy of Sciences, Beijing, China
¢ Center for Excellence in Brain Science and Intelligence Technology, Chinese Academy of Sciences, Beijing, China

ARTICLE INFO

Article history:

Received 1 July 2019
Revised 2 January 2020
Accepted 16 March 2020
Available online 5 May 2020

Communicated by Dr. Zhu Yu

Keywords:

Steady-State Visual Evoked Potentials
Brain-computer interface
Convolutional neural networks
Comparing network

Task-related component analysis

ABSTRACT

Brain-computer interfaces (BCls) based on Steady-State Visual Evoked Potentials (SSVEPs) has been at-
tracting much attention because of its high information transfer rate and little user training. However,
most methods applied to decode SSVEPs are limited to CCA and some extended CCA-based methods. This
study proposed a comparing network based on Convolutional Neural Network (CNN), which was used to
learn the relationship between EEG signals and the templates corresponding to each stimulus frequency
of SSVEPs. The effectiveness of the proposed method is validated by comparing it with the standard CCA
and other state-of-the art methods for decoding SSVEPs (i.e., CNN and TRCA) on the actual SSVEP datasets
collected from 23 subjects. The comparison results indicate that the CNN-based comparing network can
significantly improve the classification accuracy. Furthermore, the comparing network with TRCA achieved
the best performance among three methods based on comparing network with the averaged accuracy of
91.24% (data length: 2s) and 86.15% (data length: 1s). The study validated the efficiency of the proposed
CNN-based comparing network in decoding SSVEPs. It suggests that the comparing network with TRCA is
a promising methodology for target identification of SSVEPs and could further improve the performance
of SSVEP-based BCI system.

© 2020 Elsevier B.V. All rights reserved.

1. Introduction

Brain-Computer Interfaces (BCIs) are communication systems
that translate brain activities into computer commands without
making use of peripheral nerve activity or muscles [1,2]. There are
many applications such as spelling interfaces [3-5], playing com-
puter games [6,7] and other assistive devices [8-10]. And it can
provide environmental control capability for several disabled per-
sons to improve life quality [11-14]. Recently, electroencephalo-
gram (EEG)-based BCIs have achieved rapid progress in perfor-
mance, functionality and practicality [15-19]. There are several
typical EEG paradigms for BCIs, such as: sensorimotor mu/beta
rhythms through motor imagine (MI) [16,17], P300 [18,41], and
steady-state visual evoked potentials (SSVEPs) [19,26,40,43].
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SSVEP-based BCI system has been widely used due to its
high information transfer rate (ITR) compared with other EEG
paradigms [20,21]. SSVEPs are brain responses elicited by stimu-
lating the retina of the eyeball at a fixed frequency (1-100 Hz)
[22]. The distribution of SSVEPs in the spectrum is multiplied by
the frequency of visual stimulus. For example, when a 6 Hz fixed
modulation frequency stimulates the eyeball, peaks at frequencies
of 6 Hz, 12 Hz, and 18 Hz are observed in the spectrum [23].

So far, there are many methods for detecting SSVEPs. Based
on the frequency feature of SSVEP signals, power spectrum den-
sity analysis (PSDA) through discrete Fourier transform (DFT) was
widely used to detect target frequency of SSVEPs from each single
channel [24,25]. Canonical correlation analysis (CCA) is the most
popular method to detect SSVEPs tagged with frequency coding. It
maximizes the correlation between EEG and sine-cosine reference
signals in multi-channel [26]. Many modified CCA-based meth-
ods were proposed such as individual template-based CCA (IT-
CCA) [27], multi-way CCA (MwayCCA) [28], L1-regularized multi-
way CCA [29], and multi-set CCA (MsetCCA) [30], which showed
better performance than standard CCA through optimizing the ref-
erence signals. In addition, Chen et al. proposed a filter bank
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Fig. 1. The whole diagram of the experiment.

canonical correlation analysis (FBCCA) method to incorporate fun-
damental and harmonic frequency components to improve the de-
tection of SSVEPs [31].

In 2013, Tanaka et al. proposed a new method which can
extract task-related components from time-locked near-infrared
spectroscopy (NIRS) data, named task-related component analy-
sis (TRCA) [32]. TRCA can remove artifacts effectively to improve
signal to noise ratio. By maximizing the reproducibility of time-
locked activities across trials, the TRCA method showed good per-
formance in extracting task-related components. SSVEPs are known
as time-locked photic driving responses to repetitive visual stimu-
lus [33,34]. Considering the stability of the latency in SSVEPs, the
TRCA-based spatial filtering approach has great potential to im-
prove the SNR of SSVEPs. In a recent study, Nakanishi et al. ap-
plied TRCA as a spatial filter to improve the SNR of SSVEPs, and the
TRCA-based approach showed better performance than CCA [35].

Despite many examples of impressive progress to classify
SSVEPs [36-38], there is still room for considerable improvement
with respect to the accuracy. In recent years, convolutional neural
network (CNN) is one of the largest advances in machine learning.
CNNs allow automatic feature extraction within their layers, which
means learning feature by itself instead of manually designing
features. Moreover, SSVEPs has much abundant inner information.
CNNs have advantages in dealing with this internal information
compared with traditional methods. There are some advantages
that traditional technology does not have: good fault tolerance,
self-learning ability, good adaptive performance and high resolu-
tion. CNNs have better generalization than other methods. Thus,
CNN has been used for decoding brain signals in some recent stud-
ies. In [37], Cecotti proposed a CNN architecture, which simulates
FFT process, to classify time domain SSVEP signals. In 2017, Kwak
et al. proposed a classifier based deep CNN that used frequency
features as input for robust SSVEP detection and found highly
encouraging SSVEP decoding results for the CNN architecture [39].

In this study, we aim to use deep learning methods to improve
classification performance of SSVEPs. We combined advantages of
deep learning and CCA and proposed a CNN-based comparing net-
work to identify the target of SSVEPs. We designed templates to
represent the prior information of the SSVEPs, such as SSVEP fre-
quency, personal EEG pattern and so on. For our proposed net-
work, these templates and SSVEP samples are the two kinds of
inputs. Compared with [37], we use the frequency domain signal
as the SSVEP input of the network. The feature extraction process
begins with the frequency domain signal, so that our network can
extract deeper feature of SSVEPs than the frequency domain fea-
tures. Moreover, the network can learn the relationship between

the SSVEP sample and template designed according to the prior in-
formation. Then, it solves the classification task of SSVEPs accord-
ing to the relationship. Compared with other CNN methods [36-
39], that the comparing network learns is the relationship between
SSVEP sample and templates rather than the frequency feature of
SSVEP.

Furthermore, we developed three different kinds of templates
to build the comparing network. Each kind of template has four
classes corresponding to each class of SSVEP. The effectiveness
of the proposed comparing network was validated by compar-
ing it with the traditional method CCA and a CNN-based method
[39]. We proposed three kinds of templates, sinusoidal signal tem-
plate, individual average template and TRCA (task-related compo-
nent analysis) template, for the comparing networks. And compar-
ison among three kinds of templates was taken to evaluate the
performance of different kinds of templates. The performance was
evaluated using a four-target SSVEP dataset recorded from twenty-
three subjects.

2. Experiment
2.1. Subjects

Twenty-three healthy subjects (5 females, aged 20-28 years)
with normal or corrected-to-normal vision participated in the ex-
periment. Each subject was asked to read and signed an informed
consent in advance. This study was approved by Research Ethics
Committee of Institute of Automation, Chinese Academy of Science.

2.2. Stimulus design

This study used a sampled sinusoidal stimulation method
[44,46] to present the visual flicks on a 24-inch LED monitor with
resolution 1920 x 1080 pixels and a refresh rate of 60 Hz. The user
interface is shown in the stimulus part of Fig. 1. There are 4 stim-
ulus (4 cm x 4 cm), denoted by label 1, 2, 3 and 4. In order to
produce the visual stimulus for the SSVEP, the squares are blinking
at frequencies 7 Hz, 8 Hz, 9 Hz and 10 Hz. The stimulus sequence
s(f, i) can be generated by modulating the luminance of the screen,
where 0 represents dark and 1 represents the highest luminance.
The formula of s(f;i) is shown as follow:

s(f,i) = %{1 + sin [27 f(i/RefreshRate)]} (1)

where sin() generates a sine wave, and i indicates the frame index
in the sequence. The stimulus program was developed using Psy-
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Fig. 3. The shift window and shift size for splitting SSVEP.

chophysics Toolbox Ver. 3 (PTB-3) [45] under Matlab (MathWorks,
Inc.)

2.3. Data Acquisition

The EEG data were acquired by using a Synamp2 system (Neu-
roscan, Inc.) at a sampling rate of 1000Hz. The usable bandwidth
of the system was 0.1-100 Hz. Nine electrodes (Pz, PO5, PO3, POz,
P04, PO6, 01, Oz, and 02) were placed over parietal and occipital
areas according to the international 10-20 system (in the Data Ac-
quisition part of Fig. 1). The reference electrode was M1 located in
left ear mastoid. During the recording, impedances of all the elec-
trodes were maintained below 10KS2 . A notch filter at 50 Hz was
applied to remove power-line noise during recoding.

The experiment contains 20 blocks, and each block contains 20
trials (4 targets x 5) in a random order. As shown in Fig. 2, each
trial lasted for 7 s. Each trial begins with a cue for 2 s, which is a
red square at the target location with the same size as the stim-
ulus. Subjects were asked to shift their gaze to the target as soon
as possible. After the cue, visual stimulus starts to flicker for 5 s.
There is no break between trials. After each block, there is a break
for several minutes to avoid fatigue.

3. Method
3.1. Data preprocessing and input data organization

Data epochs comprising nine-channel SSVEPs were first ex-
tracted according to the event triggers. The frequency used is 7,
8, 9 and 10 Hz, so the data were filtered by a Butterworth band-
pass filter from 5 to 70 Hz. This ensures that all harmonics are in
the frequency band while removing noise. For easier analysis, all
data were down-sampled to 250 Hz. And then, the data were seg-
mented using a sliding window with a 40 ms shift size (Fig. 3).

The fast Fourier transform was adopted to transform the seg-
mented data to frequency domain. In the frequency domain, 128
points (5-68 Hz frequency band) were selected and standardized
by removing the mean and scaling to unit variance as the input
data for CNN and compare methods.
_x-p
T o

Xk

(2)
3.2. Comparing network
In our study, we designed a comparing network, inspired by

the CCA method. For the comparing network, the input layer has
two different input data Iggc and Ileppiqre- The network was used to

learn the relationship between EEG signals and the template cor-
responding to one of four frequencies (7 Hz, 8 Hz, 9 Hz, 10 Hz).

3.2.1. Template design
As for Iiempiare, We proposed three kinds of templates for the
comparing network.

(a) Sinusoidal signal template. (Corresponding to COM-SIN)

For frequency f, we design the sinusoidal signal s(f,t) € RNsx1
as sinusoidal signal template by the following equation:

Ny

s(f.t) =) sin(2nx ft) + cos(2n7 ft) (3)
n=1

where Nj, is the number of harmonics (N, = 3 ) Then, the sinu-
soidal signal above was processed using FFT and frequency band
selection to form the sinusoidal signal template % (size 128 x 1).

(b) Individual average template. (Corresponding to COM-IT)

This template was obtained by averaging multiple trials. Then,
the averaged data was transformed to frequency domain.

1 &
Xri=FFT| — ) Xx; 4
IT,i NT ; in ( )

where Ny is the number of training trials; x; is the EEG number of
different trials. The size of Xjp; is 128 x 9.

(c) TRCA (task-related component analysis) template. (Correspond-
ing to COM-TRCA)

TRCA is the method that extracts task-related components ef-
ficiently by maximizing the reproducibility during the task period
[32,42]. In previous study, Nakanishi et.al. used TRCA as a spatial
filtering to improve the SNR of SSVEP[35]. We assume that EEG
data consist of two parts: 1) task-related component s(t); 2) task-
unrelated component n(t). The observed EEG signal x(t) can be de-
scribed as:

Xj(t)zal,js(t)-i‘azljn(t), j=1,2,...,Nc (5)

where j is the index of channels, and a;; and a,; are mixing coef-
ficients. The problem is to recover the task-related component s(t)
from a linear sum of observed signals x(t) as:

Ne Ne
y@) = ZWij(f) = Z (wjay js(t) + wjay jn(t)) (6)
=1 i

The task is to recover the task-related signal s(t) from the ob-
served signal x(t). In reality, the correlation of the task-related
signals between different periods is very large, while the task-
independent signals are irrelevant. It is assumed that the corre-
lation coefficient of the task-related data in different periods is a
constant, while the correlation coefficient between the unrelated
signals and between the task-independent signal and the task-
related signal is 0. Then the solution to this problem is to maxi-
mize the covariance of the data between the trials.

x(h)(t) is the EEG data of h-th trial. And the estimated task-
related signal is y(")(t) . T is the duration of trial. The covariance
between hy, h; trials is :

Choh, = Cov(y(h1)(t),y(h2)(t))
Ne
= Y wjwj,Cor(x"(t), x™) (t)) (7)

J1:da
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All the possible combinations of trials are summed as:

N Ne N
X Gum= 2 X wiwy
hy =1 hy =1 j1.ja=1
hy#hy hy#hy (8)
hy hy
Cov(x; (£). x;2(t))
=wlSw

To obtain a finite solution, the variance of y(t) is constrained
as:
L\
Var(y(t)) = > wjwj,Cov(x;, (t), x,(t))
J1.j2=1
=wiQw =1 (9)
The problem can be solved by :

- wisw
w = arg M{nax wiQw

The optimal coefficient vector is obtained as the eigenvector of
the matrix Q'S .

The TRCA template has a spatial filter before FFT. For each tem-
plate, N trials were used to train the template. Firstly, the pre-
processed data was filtered by TRCA; secondly, we averaged the
filtered data; at last, FFT and frequency band selection were used
to form the TRCA template.

(10)

Nr
Rrrcns = FFT{ Nl 3 [TRCA(xn,i)l} (11)
n=1

The size of Xrpcy ; is same as that of X1 ; (128 x 9).
3.2.2. Architecture of the CNN

There are two CNN architectures used in the comparing net-
work, named CNN-1 and CNN-2. The CNN-1 is shown in Fig. 4. Two
convolutional layers are used to extract feature. The first convolu-
tional kernel (size 1 x 9) extracts 9 feature maps (C1), and each
map has 128 units. Then, the second convolutional kernel (size

_:.\

e}

Cl : C2

. ‘i —

5 i ®

| ..
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128%9 9@128x1 9@128x1 1152x1

Fig. 4. The architecture of CNN in compare network.

11 x 1) is used and the feature map (C2) which has the same size
as C1 is obtained.

In the first CNN layer, we convolute the data cross different
channels to focus on the spatial feature. The second CNN layer is
used to learn the frequency feature in the channel. After the ex-
traction of two CNN layers, a full connected layer is used.

The structure of CNN-2 is simpler, which is adopted to sinu-
soidal signal template. The size of sinusoidal signal template is dif-
ferent from the others (size 128 x 1). So just a convolutional layer
which convolutional kernel size is 11 x 1, and each map has 128
units.

3.2.3. The architecture of comparing networks

The architecture for different template is a little different from
others. As for COM-SIN and COM-IT, the comparing networks are
similar. As shown in Fig. 5(a), there are two kinds input data:
one SSVEP data and four templates. After the feature extracting by
CNN, the data is fully connected. The output layer has four nodes
corresponding to four class. However, the CNN used for template is
different. For COM-SIN, we adopt CNN-2, but for COM-IT, we adopt
CNN-1.

The architecture for COM-TRCA is shown in Fig. 5(b). The branch
Itemplate has the same architecture. But for branch Iggg, there are

-8Hz | | T-9Hz | |T—10Hz|

(] |
I
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Fig. 5. The architecture of comparing networks.
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Fig. 6. The architecture of convolutional layer.

four inputs that are filtered by TRCA. After CNN, the data is fully
connected and has four output nodes.

The gradient descent algorithm uses standard error backpropa-
gation to update the network parameters. Except the output layer,
the activation functions are ReLu. The output activation function is
Softmax. The dropout rate is 0.5, and L2 regularization (coefficient
is 0.5) is used.

3.3. Related method

3.3.1. Standard CCA

In SSVEP-based BCls, CCA has been widely used to detect the
frequency of SSVEPs [26]. CCA is a statistical way used to measure
the underlying correlation between two multi-dimensional vari-
ables. Considering two multi-dimensional variables X, Y and their
linear combinations x=X"Wy and y=Y"Wy, CCA finds the weight
vectors, Wy and Wy , which maximize the correlation between x
and y by solving the following problem:

E[WiXYTW |
maxr(x,y) = (12)
W Wy E[W{XXTWy |E[WEYYTWy ]

The maximum of r with respect to Wy and Wy is the maximum
canonical correction vector. In SSVEP detection, X refers to multi-
channel SSVEP signals and Y refers to reference signals that have
the same length as X. To detect the frequency of SSVEPs in an un-
supervised way, sinusoidal signals for frequency f; can be used as
the reference signals Yg:

sin(2 fin)
cos(2rm fin) 1 ) N
Y, = : M= e (13)
sin(2m Ny, fin)
cos(2r Ny, fin)

where Ny is the number of harmonics; N is the number of sam-
pling points.

To recognize the frequency of SSVEPs, CCA calculates the canon-
ical correlation vector ry, between multi-channel SSVEP signals and
the reference signals Yy at each stimulus frequency. And then, we
select the maximal correlation rp,,, ; from the canonical correla-
tion vector. The class of the SSVEP is the class of the maximal cor-
relation value rmgx Which is selected from all gy £

f=class{max r o}, i=1,2,...,Nf (14)

In a recent study, Nakanishi et al. applied task-related compo-
nent analysis as a spatial filter to improve the signal-to-noise ratio
of SSVEP [35]. After TRCA processing, CCA can be used for classifi-
cation.

3.3.2. CNN

In 2017, Kwak et al proposed a CNN-based classifier to de-
tect the dominant frequency of the EEG signal [39]. As shown
in Fig. 6, the CNN network has three layers, and each channel
has one or several maps containing frequency information for the
different channels (similar to [41]). The input data is defined as
Ije RNrs*New| where, N¢=128 is the number of frequency samples
and N.,=9 is the number of channels. A one-dimensional (1D) ker-
nel of 1 x N, is applied along the row. The first and second hid-
den layers are composed of N, feature maps, and each map in the
first layer has a size of Ng. Each map in the second layer is com-
posed of 128 units. The output of the second layer is connected to
a dense layer with 4 units, which represent the four classes of the
SSVEP signals.

3.4. Voting for result

In order to increase the training data, sliding window method
was used. Thus, we would get one output every 40 ms. It means
that we have a result every 40 ms. In order to apply in real-word
SSVEP-BCI, we consider to get one output every 1 s using two
method. One method is to get a final result every interval 1 s. The
other is that we integrated 25 continuous results and voted for the
final result. So that, the interval between two results was 1s.

3.5. Experimental evaluation

Based on the dataset, we evaluated the performance of our pro-
posed methods under different data length. In this work, the data
were segment using 7 lengths of sliding window separately (1 s,
155,25, 255, 3 s, 3.5s, 45s). The shift size was set to 40ms
for both time windows. It means that the overlaps are 0.96s and
1.96s respectively. Our data consists of 100 trials for each target.
Each accuracy is obtained by averaging the accuracies of three ran-
dom samplings. For example, if training set has 80 trials, we select
80 trials three times randomly, and the remaining 20 trials made
up testing set. We compared our result with CCA, TRCA and CNN
method proposed in [39]. The difference between different meth-
ods were tested with paired t-tests. The statistical significance was
set at p<0.05.

4. Result

The experiments were taken under the data length range from
1 s to 4 s with an interval 0.5 s. Table 1 shows the classification
accuracy with various length of data. As for the result, we take a
two-way repeated measures ANOVA to measure the effects of dif-
ferent factors. This result showed significant main effects of differ-
ent data length (Fg 132y = 61.11, p<0.0001), different classification
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Table 1

SSVEP classification accuracy by the data length.
Data length(s) 1 1.5 2 2.5 3 35 4
CCA 73.124+18.15***  80.88+16.78***  85.32+15.29** 88.06+13.92* 89.86+12.97* 91.15+12.02 92.13+11.22
TRCA 73.30+17.96***  81.07+£16.74***  85.40+15.41** 88.29+13.58* 89.87+13.02* 91.39+11.73 91.98+11.33
CNN 74.06+£19.62***  76.90+18.70***  81.57+17.01***  76.90+19.39***  78.64+18.01***  77.90+£18.22***  81.54+17.29***
COM-SIN 81.63+15.79***  84.31+£15.28***  88.18+13.40* 87.94+13.32* 89.59+11.97* 89.23+12.45* 89.53+12.96*
COM-IT 81.69+15.79** 84.33+15.29***  88.09+13.45* 87.87+12.96* 89.98+11.80* 89.14+12.73** 89.85+12.56*
COM-TRCA 86.15+14.81 89.39+12.66 91.24+11.79 91.87+11.01 93.36+9.67 93.09+10.68 94.31+8.27

The asterisks indicate significant difference between COM-TRCA and other methods by paired t-tests (x p < 0.01, % p < 0.001, xxx p < 0.001).

methods (Fs, 110) = 27.7, p<0.0001), and interaction effect between
factors (F(30' 660) = 22.76, p<00001 )

For each kind of data length, a one-way ANOVA is taken to
measure the effects of method. The results show that there is a
significant effect of different method (1s: F=33.22 p<0.0001, 1.5s:
F=27.05 p<0.0001, 2s: F=17.03 p<0.0001, 2.5s: F=26.91 p<0.0001,
3s: F=26.91 p<0.0001, 3.5s: F=30.96, 4s: F=21.04, p<0.0001) on
classification accuracy in each kind of data length. For each kind
of data length, we compared COM-TRCA and the other methods.
Pos hos analysis shows COM-TRCA has better performance for each
data length. Therefore, the COM-TRCA has the best performance no
matter how long the data is. The performance of TRCA has im-
provement than that of CCA, while the increase of accuracy was
less than 1%. In one previous study, Kwak et al reported that the
accuracy of CNN was much higher than that of CCA by 16%. How-
ever, in our study, CNN did not perform better than CCA based on
our recorded SSVEPs. It may not only due to the subject variance,
but also due to a “trial-dependent” issue which was caused by the
training and the testing data were from the same trial in Kwak
et al.’s study [39].

For each kind of data length, every method based on compar-
ing network (COM-SIN, COM-IT, COM-TRCA) significantly increased
the classification accuracy of SSVEPs compared with CCA, TRCA and
CNN (p < 0.001). Therefore, our comparing network showed bet-
ter performance in classification of SSVEPs. Based on comparing
network, three kinds of templates were applied to generalize the
characteristics of SSVEPs, and then, to learn the deep relationship
between templates and EEG input data. It indicates that combining
deep learning and prior information derived from SSVEP paradigm
would enhance target detections in SSVEP-based BCls. In addition,
the comparison of accuracy among three methods based on com-
paring network showed that the comparing network with TRCA
template (COM-TRCA) performed best in each case. Since data pro-
cessed by TRCA removed the task-unrelated EEG activities and in-
creased the ratio of task-related EEG activities, it could increase
the distance between target and not-target template feature values
and decrease the distance between target and target temple fea-
ture values. Therefore, Compared with COM-SIN and COM-IT, COM-
TRCA improved performance in target identification.

Furthermore, a one-way ANOVA to measure the effects of data
lengths for COM-TRCA. There is a significant effect of data length
(F = 21.48, p<0.0001) on classification results. As the length of the
data grows, the averaged classification accuracy increases. When
data length shorter than 2 s, classification accuracy increases faster
(about 5% improvement just with 1 s change). This is in consis-
tence with the finding in previous studies that the accuracy of
SSVEP detection increased as the data length increased [15,31,35].
More information is included in the samples with data length 2 s
than those with data length 1 s. So, the accuracies of 2 s were
higher than those of 1 s. But the accuracy rate does not increase
much when the data length is more than 2 s (increase 3% from 2 s
to 4 s).

For other methods, a one-way ANOVA is taken to measure the
effects of data lengths. The results show that the data length has
a significant influence on classification accuracy (CCA: F=66.99,

p<0.0001, TRCA: F=59.65, p<0.0001, CNN: F=15.20, p<0.0001,
COM-SIN: F=57.72, p<0.0001, COM-IT: F=39.46, p<0.0001).When
the data length growing, except CNN, the classification effect of
other methods is gradually improved. But CNN cannot maintain
this trend when data length is longer than 2 s. CCA and TRCA have
almost the same trend of change. When data length is 1 s, their
accuracies is the lowest. But the accuracy will increase rapidly. As
for COM-SIN and COM-IT, their changes are similar. When data
length shorter than 2 s, their classification accuracy has increased
rapidly, but when longer than 2 s, the accuracy increasing trend
slows down.

As the data length becomes longer, a single sample contains
more information. This is very beneficial to feature extraction and
classification, resulting in the increasing accuracy for the 5 meth-
ods. However, as for deep learning method, CNN, COM-SIN, COM-IT
and COM-TRCA, their performance can be affected by training set
size. If fewer samples are trained for the deep learning method,
they will not be trained appropriately. Under the influence of the
above two factors, the four deep learning methods cannot get the
same increase as CCA and TRCA, and the CNN even cannot keep
increase.

While the longer data length, the higher classification accuracy,
long data length is not suitable for BCI system to control other de-
vice. At present, many researches focus on the data length 2s and
shorter [26-30].

The performance of different methods is shown in Fig. 7, where
the classification confusion matrices of subject 3 is shown. The ac-
curacy of CCA is based on all data, and the others are based on
80 trials training in 3 random sampling. The data length is 2 s.
The values in diagonal of every matrix are the correct classification
rate and the others are the misclassification rate. Fig. 7(a), (b) and
(c) are the result from CCA, TRCA and CNN, respectively. Although
the correct classification is majority, there are many misclassifica-
tions. Fig. 7(d), (e) and (f) are the result from COM-SIN, COM-IT
and COM-TRCA, respectively. The misclassification is less than the
other three methods. Evidently, the proposed methods significantly
reduced the misclassifications, especially for COM-TRCA.

T-distributed Stochastic Neighbor Embedding (t-SNE) [47] was
used to embed the data into two dimensions for drawing a scatter
plot. Fig. 8 shows an example of visualization from one subject. As
revealed in Fig. 8(a), we can see maximum overlap in t-SNE visu-
alization for raw data. After extracting frequency feature, the sam-
ples of each class clustered into multiple block mass obviously but
still cannot be linearly separated, which can be seen in Fig. 8(b). As
the Frequency features are processed over the convolutional layers,
the separation between four classes after the first convolutional
layer is clearly visible in Fig. 8(c), and after the second convolu-
tional layer, separation becomes bigger in Fig. 9 (d). The output of
the third layer is linearly separable in Fig. 8(e). Thus, the visibility
of separation increases from raw data to the output of the compar-
ing network.

Fig. 9 shows the averaged SSVEP classification accuracy across
all subjects obtained by CCA, TRCA, CNN, COM-SIN, COM-IT, COM-
TRCA in three kinds of result output mode. A two-way repeated
measures ANOVA as used to measure the effect of different factor.
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Fig. 7. The classification confusion matrices. (a) CCA method; (b) TRCA method; (c) CNN method; (d) COM-SIN method; (e) COM-IT method; (f) COM-TRCA method.
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Fig. 8. An example of t-SNE Visualization for COM-TRCA: (a) raw data, (b) Frequency feature, (c) the output of first layer, (f) the output of second layer, (e) the output of

third layer from one subject. Every point represents a sample and every color represents one class of SSVEP.

For data length 1 s, the result showed significant main effects of Table 2

statistical ways (F(y, 44) = 46.01, p < 0.0001), classification method Different depth models  Accuracy

(Fs, 110) = 15.78, p < 0.0001) and interaction effect between fac- Viodel 1 9127212.06
tors (F(19, 220y = 9:305, p < 0.0001). For data length 1 s, the result Mool 2 010641178
showed significant effects of statistical ways (Fp, 44) = 67.38, p < Model 3 90.60+12.02
0.0001) and classification method (Fs, 119y = 22.5, p < 0.0001). Post Model 0 91.24+11.79

hoc pairwise comparisons reveal that vote method performed best
among three result output ways. Therefore, voting is an effective
method to increase the classification accuracy for SSVEPs.
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Table 3

SSVEP classification accuracy by the quantity of training data.
Trials quantity 30 40 50 60 70 80
TRCA 85.26+15.27  85.56+15.11  85.36+15.17  85.42+15.30  85.39+15.35  85.40+15.41
CNN 76.09+19.15  77.81+£18.45  78.59+18.62  78.88+18.39  80.00+17.95  81.57+17.01
COM-SIN 84.514+15.78  85.65+15.04  86.14+14.52  86.72+14.19  86.86+14.46  88.18+13.40
COM-IT 84.65+15.58  85.63+14.98  86.41+14.29  86.87+14.18  86.92+14.43  88.09+13.45
COM-TRCA 89.93+12.91 90.51+12.33 91.01+11.87 90.69+12.41 91.58+11.29 81.24+11.78
CCA 85.32+15.29

Based on the COM-TRCA, we have further studied the mod-
els with different depths under the condition of 80 training trails
and 2-s data length. Three different changes are taken based on
the COM-TRCA(marked as Model 0): 1) add a convolution layer for
channels after the C1 layer (convolutional kernel is 1 x 9), marked
as Model 1; 2) add a convolution layer for frequency after the C2
layer (convolutional kernel is 11 x 1), marked as Model 2; 3) Add
a convolution layer after the C1 and C2 layers respectively, marked
as Model 3.

Table 2 shows the classification accuracy of these four mod-
els. The differences between COM-TRCA (Model 0) and each other
models are not significant. Although Model 1 has 0.03% higher
mean accuracy than Model 0, the SD value of Modell is higher
than that of ModelO. The accuracies of Model 2 and 3 are lower
than that of Model 0. Since, Model 1, Model2, and Model 3 have
more convolutional layers than model 0, which result in that more
calculate costs. However, there is no significate improvement of
classification accuracy. Therefore, Model O is optimal model to clas-
sify SSVEPs based on COM-TRCA.

Table 3 shows the classification accuracy of different quantity
of training data with data length 2s. We conduct our experiment
in the situation that training data ranged from 40 to 80 trials and
the remaining data were used as testing data. Note that the CCA
method stay constant, since no training phase is required. In CCA,
the canonical correlations and synchronization index with refer-
ence signals are simply computed in order to find the maximum
value.

A two-way ANOVA showed significant main effects of classifica-
tion methods (Fs510) = 20.81, p < 0.0001), and quantity of training
data (Fi4ggy = 27.19, p < 0.0001), and a significant interaction ef-
fect between factors (classification methods and quantity of train-
ing data), F5o 440y = 6.338, p < 0.0001. The data in Table 1 shows
that as the amount of training data decreases, the accuracy of CNN,

COM-SIN, COM-IT, and COM-TRCA results will decrease, which is
expected. The smaller the amount of data, the less representa-
tive of the data, the lower the generalization ability of the trained
model, and the lower the accuracy of the corresponding test. The
results obtained by the TRCA method are almost unchanged and
are very close to the CCA results. CNN shows the worst perfor-
mance in either case. COM-SIN and COM-IT are similar in perfor-
mance. When the training amount is greater than 50, the classifi-
cation accuracies are signification higher than that of CCA. At 40
and 50, the result is higher than CCA, but the significance disap-
pears. For any amount of training data, COM-TRCA maintains the
best performance compared to other methods. When the amount
of training data decreases, the accuracy of COM-TRCA decreases,
but the change is small. Even at 30 training amount, COM-TRCA
can significantly improve the classification accuracy compared to
CCA. In summary, COM-TRCA has excellent performance in the case
of less training data. Therefore, it is feasible in practical BCI system
applications.

5. Conclusion and future work

In the present work, we proposed a novel architecture for
SSVEP signal classification, where the prior knowledge of SSVEPs
was taken into account. The results of this study indicate that com-
paring networks have better performance compared with standard
CCA, TRCA and CNN. Furthermore, the comparing network with
TRCA template had the largest improvement in SSVEPs classifica-
tion. This research has thus made certain encouraging attempts for
the application of deep learning in SSVEPs classification, and our
results will be of significant interest to the BCI community.

In this work, the CNN used to build comparing network is a
two-layer CNN structure. In the future, we will develop different
networks from the perspective of the architecture.
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