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Abstract

Decoding Steady-State Visual Evoked
Potentials(SSVEPs)

Peipei Han

Steady-state visual evoked potential (SSVEP)-based brain-computer interfaces(BCIs)
have been widely investigated. Algorithms from the canonical correlation
analysis(CCA) family perform extremely well in detecting stimulus targets by analyzing
the relationship of frequency features between electroencephalogram (EEG) signals
and stimulus targets. In addition to CCA algorithms, convolutional neural
networks(CCNs) also improve the performance of SSVEP-based BCIs by generalizing
well on the frequency features of the EEG signals. To find a new method for speeding
up an online SSVEP decoding system, we have evaluated three CCA methods which
are standard CCA, individual-template CCA(IT-CCA), and Extended CCA, together
with the complex spectrum CNN(C-CNN). The results have proved that algorithms
requiring individual subject training highly outperform standard CCA.
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1 Introduction

In recent years, brain signal processing has become a popular area of research in
the field of signal processing. Along with the development of electroencephalogram
(EEG) recording devices, Brain-computer interfaces (BCIs) processing EEG sig-
nals have received widespread attention in neural engineering, neuroscience, and
clinical rehabilitation communities. Steady-state visual evoked potential (SSVEP)-
based BCI as one of the earliest BCIs is still one of the most promising types of BCIs
because they are non-invasive, easy to use, and relatively low-cost. In a typical
SSVEP-based BCI system, several targets flash at a different frequency where each
one associates with a command controlling outside devices. When the user gazes at
one of the targets, various algorithms can determine the target which the subject
is focusing on. Thus, SSVEP-based BCIs can be used as a special communication
system to help people with severe disabilities such as stroke, paralyze, and amy-
otrophic lateral sclerosis(ALS). To boost the performance of SSVEP-based BCIs,
researchers are working on two main directions: (1) improving the design of stim-
ulus, (2) improving EEG decoding algorithms. In this study, we mainly focus on
evaluating four target classification algorithms on a public dataset with 12 subjects.
The algorithms we evaluated are standard canonical correlation analysis(CCA), In-
dividual Template CCA(IT-CCA), Extended CCA which combines the standard
CCA and IT-CCA. Since convolutional neural networks(CNNs) have attracted
much attention and scored great achievements in the visual field, we have also de-
signed a CNN model to analyze the complex spectrum features of the EEG signals.
The source code can be found at https://github.com/peipeihan2020/SSVEP.git .

2 Background

2.1 Brain-Computer Interface(BCI)

A Brain-Computer Interface(BCI) is a system that provides a communication path-
way between the brain and electrical devices.[8]. BCIs can help people with severe
disabilities such as stroke, amyotrophic lateral sclerosis(ALS), or paralysis to act
by brain signals rather than damaged muscles. A BCI transforms brain signals
into commands that can be recognized by the electrical devices. For example, a
paralyzed person can control a motorized wheel-chair simply by brain activities
through a BCI system. Figure 1 presents five types of BCI applications [8] :

• The output of a BCI system can replace the lost output of the brain due to
injury or decease. For example, a person who lost speaking ability can use a
BCI system to spell the words on a computer.
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• A BCI output can restore the lost output of the brain. For example, a person
with spinal cord injury which causes paralyzed arms and hands can implant
a BCI system to stimulate the paralyzed limbs to make them work again.

• A BCI output might enhance the output of normal brain signals. For exam-
ple, a BCI system might be able to make people more concentrated during
study or work.

• A BCI output might supplement the output of brain activities. For example,
a normal person might use a BCI system to control a third robotic arm.

• A BCI output might improve the output of brain signals. For example, a
person with impaired arm movements due to stroke can use a BCI system
to control an extra device which helps to move the arms.

Figure 1: The basic design and operation of a brain-computer interface (BCI)
system. In this illustration, the BCI is shown in green. Electrical signals re-
flecting brain activity are acquired from the scalp, from the cortical surface, or
from within the brain. The signals are analyzed to measure signal features (such
as amplitudes of EEG rhythms or firing rates of single neurons) that reflect the
user’s intent. These features are translated into commands that operate applica-
tion devices that replace, restore, enhance, supplement, or improve natural brain
outputs[8]. (Modified from Wolpaw et al., 2002.) (Supplement image c© Stelarc,
http://stelarc.org ; Improve image c© Hocoma AG, www.hocoma.com .)
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As shown in Figure 1, a BCI system usually consists of signal acquisition as shown
in Section 2.1.1, feature extraction, feature translation, and applications as we
illustrated in Section 2.1.

2.1.1 Signal Acquisition

To transform the acquired brain signals to commands which can be used in outside
devices, the devices or technologies that are used to obtain brain signals must meet
some requirements:

• Must be safe.

• Must contain sufficient information for later decoding.

• Must be reliable.

Brain activity involves three types of processes: electrical, chemical, and metabolic,
all of which can be measured and recorded by modern brain imaging technologies.
Action potentials and other neuronal electrical phenomena allow for electrical
measurement of brain activity with electroencaphalography (EEG), magnetoen-
cephalography (MEG), electrocorticography (ECoG), or with microelectrodes im-
planted in the brain tissue. The chemical process of brain activity can be measured
by positron emission tomography(PET) which is still rather crude, involving the
injection of specially manufactured markers and have the poor temporal resolution.
Metabolic processes involve the utilization of energy which increases the demand
for glucose and oxygen. This change is accompanied by increased blood flow to the
region. The blood flow can be measured by functional magnetic resonance imag-
ing(fMRI) which gives good spatial resolution but moderate temporal details[8].
Among all these brain imaging technologies, noninvasive EEGs are widely used in
various BCI systems because of their high portability, high temporal resolution,
low cost, easy to use, and most importantly their non-invasiveness.
An EEG recording system consists of electrodes, amplifiers, analog-to-digital con-
verters, and a signal acquisition device. The EEG system measures the potential
difference between signal electrodes and a reference electrode and voltage differ-
ence between signal electrodes and the reference electrode using ground electrodes.
These electrodes are commonly placed at locations on the scalp based on the In-
ternational 10-20 system as shown in Figure 2, where ”10” and ”20” refer to the
distances between adjacent electrodes are either 10% or 20% of the total front-back
or right-left distance of the skull [4].
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Figure 2: The International 10-20 system for EEG [9]

2.2 Steady-state Visual Evoked Potential(SSVEP)

When a subject is presented with a visual stimulus, light information is recorded by
the photoreceptors of the retina and passed to the retinal ganglion cells which are
neurons that fire action potentials, in response to the visual stimulation. These
action potentials are propagated through the optic nerves to the visual cortex
and other regions of the brain, thereby can be captured at the occipital area of
the scalp using EEG which consists of the positive and negative deflections of the
visual-evoked potentials(VEPs)[10]. When the visual stimulus flicks at a repetitive
frequency of at least 4 Hz, these deflections generate a steady-state visual-evoked
potential(SSVEP) with frequency and phase locked to the stimulus[11]. Espe-
cially when the subject focuses on the stimulus for a short period time, enhanced
responce can be observed in the SSVEP, a study [12] has proved that voluntar-
ily attention directed to a spatial location enhances the evoked potentials. By
measuring the frequency and phase of the EEG signals, we can determine which
stimulus the subject is attending. This is the basis of SSVEP-based (BCI).

2.3 Filter

A filter in signal processing is a process that keeps wanted components and removes
undesired components from the signals. Filters can be classified into four types
based on their tasks in the frequency domain: high pass, low pass, band pass
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and band stop as shown in Figure 3. High pass filters remove or attenuate low-
frequency signals, low pass filters remove or attenuate high-frequency signals, band
pass filters only keep signals with frequency in the pass range and band stop filters
remove or attenuate signals with frequencies in the stop range [1].

Figure 3: Four Types of Filters [1]

Every digital signal comprises of a large number of sine and cosine waves with
different frequencies. A perfect filter keeps the pass-band frequencies of the signal
unchanged and removes the stop-band frequencies entirely from the input to out-
put. This means a flat frequency response in the pass-band, a zero roll-off response
in the stop-band, and an infinitely sharp roll-off in the transition band[13].
However, such perfect filters do not exist. There are two categories of filters which
can approximate the ideal behavior, each with advantages and disadvantages: the
Finite Impulse Response(FIR) filters and the Infinite Impulse Response(IIR) fil-
ters, where the impulse response indicates the output waveform corresponding to
the input signal presenting in the time domain.

2.3.1 Finite Impulse Response(FIR) filter [1]

The FIR filter is non-recursive filter: it calculates the output sample by accumu-
lating the current input sample of the signal together with previous input samples.

y(n) =
N∑
k=0

a(k)x(n− k) (1)

where n is the number of data point in the input signals. x(n) is the input signal.
N is the order of the filter(the maximum number of delayed elements used to
calculate the current output signal). y(n) is the output signal. a(k) is the weighted
coefficients. Because N is a limited number, the output can be a product of
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the input signal and a window of length N. The higher the order(N), the more
expensive the computation and the sharper the roll-off in the transition band will
be. Furthermore, the type of window influences the amplitudes in pass-band and
stop-band. The amplitude will present a ripple. In the pass-band, the amplitude
will be less than 1 but slightly different for every frequency. The larger the ripple,
the larger the amplitude differences will be, and the more the signal will degrade
at the output. In the stop-band, most undesired frequencies will in some amount
still be present in the output signal. The length of the window will also determine
the delay. When a signal is fed into an FIR filter, the output will have shifted its
phase compared to the input. The phase shift is equal to half the length of the
window, multiplied by the sample time; and each frequency in the signal will be
shifted with the same constant phase shift.
FIR filter advantages

• Its output is stable because it is non-recursive.

• Its delay is constant.

FIR filter disadvantages

• It uses lots of input to calculate the output, therefore inefficient and has a
large delay.

Zero Phase Filtering The delay in the output time history can be eliminated by
filtering the data ”forward and backward”. After the time history x(n) is filtered,
and the new output time history y(n) is created, it can be fed back into the filter.
The data points in y(n) are reversed in order in time to do this and fed into the
filter again. However, the calculation takes twice as long to perform and data is
eliminated at end of time trace.
In the context of EEG signal processing, FIR filters can be used for offline appli-
cations as high pass or low pass filters with a high order to attain a sharp roll-off
in the transition band since a large delay is allowed. These filters are especially
well suited if the phase characteristic of the signal is very important and can thus
be used for coherence and synchronous measures.

2.3.2 Infinite Impulse Response(IIR) filter [1]

An IIR filter is recursive which depends linearly on a finite number of input samples
and a finite number of previous filter outputs. In other words, it combines an
FIR filter with feedback from previous filter outputs. Mathematically, for some
coefficients a(k) and b(j):

y(n) =
N∑
k=0

a(k)x(n− k) +
P∑
j=0

b(j)y(n− j) (2)
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Where N is the order of the filter. As was the case with FIR filters, increasing the
order of the filter will improve the amplitude characteristics of the filter. Naturally,
there is a drawback to increasing filter order. More samples are used to calculate
output, therefore the filter is less efficient. This results in degradation of the phase
characteristic.
IIR filter advantages

• An IIR filter is very efficient, it uses only a few previous output values to
calculate the current output, therefore: An IIR filter has only a small delay.

IIR filter disadvantages

• An IIR filter can become unstable if coefficients are not well chosen.

• Because of the requirement of causality and an infinite impulse response that
converges to 0 for n => ∞, the impulse response cannot be symmetrical.
Therefore, the delay in output signals varies.

The use of an IIR filter is appropriate when a small absolute delay is required
or when strong requirements on amplitude characteristics are necessary. There is
only one type of FIR filter, while there are several types of IIR filters. In this
study, we have investigated three of them: the Butterworth, the Chebyshev, and
the Elliptic IIR filters.

• Butterworth IIR[14]
A Butterworth filter has a maximally flat pass-band [13] and rolls off towards
zero in the stop-band at the expense of a wide transition band from the
passband to the stopband and a poor phase characteristics. So Butterworth
filter is an appropriate choice when a maximally flat pass- and stop-bands
matter most and fall-off or phase characteristics contribute no or little to the
result. For example, Butterworth filters can be used in an EEG frequency
band analysis. The pass- and stop-bands are maximally flat, thus resulting
in a quality output signal for the different frequency bands. Furthermore,
a reasonably sharp fall-off can be reached by choosing an appropriate filter
order. On the other side, with poor phase characteristics, synchronization,
or other phase-related analysis is not recommended with this filter.

• Chebyshev IIR [14]
A Chebyshev filter has a constant ripple in the pass-band. The number of
ripples can be adjusted by filter order. The bigger the filter order, the more
ripple will be. In comparison with a Butterworth filter, the stop-band behav-
ior and fall-off of a Chebyshev filter are better. The same as the Butterworth
filter, the phase characteristic of a Chebyshev filter is also poor.
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Therefor a Chebyshev IIR filter is appropriate when certain ripples in the
passband are allowed and more emphasis is placed on good stop-band be-
havior and fall-off.

• Elliptic IIR [14]
An elliptic IIR filter has constant ripples in both pass-band and stop-band
which increase with filter order. In comparison with the Butterworth as well
as the Chebyshev, at a given order, the fall-off is better for an elliptic filter.
Therefore an elliptic IIR filter is most appropriate when the fall-off is very
critical.

2.4 Canonical Correlation Analysis(CCA)

Canonical correlation analysis(CCA) is a method for measuring the relationship
between two sets of multivariate variables[15]. It has been widely used to detect
the target frequency of SSVEPs because of its easy-to-use and computational ef-
ficiency. For two sets of variables, we can also calculate the pairwise correlation
from each set to determine their relationship. However, by doing so, it is relatively
computational expensive and very difficult to interpret the result. CCA instead
calculates the correlation of the linear combination of each set which is more ef-
fective and able to preserve most facets of the relationship[3].
Considering two sets of variables X and Y which have p and q variables, respec-
tively:

X =
(
X1, X2, ..., Xp

)T
Y =

(
Y1, Y2, ..., Yq

)T
and for convenience, suppose p <= q. CCA comprises the following steps:

2.4.1 The variance of Linear Combination of Multivariate[2]

Let the linear combination of X be U with coefficients a1, a2, ...ap corresponding
to the p X variables, where

U = a1X1 + a2X2 + ...apXp

=

p∑
i=1

aiXi
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The variance of U σ2
u can be calculated by:

σ2
u = E((

p∑
i=1

aiXi − U)2)

= E((

p∑
i=1

aiXi − E(

p∑
i=1

aiXi))
2)

= E((

p∑
i=1

aiXi)
2 − 2

p∑
i=1

aiXi)E(

p∑
i=1

aiXi) + E(

p∑
i=1

aiXi)
2)

= E((

p∑
i=1

aiXi)
2)− E(

p∑
i=1

aiXi)
2

= E(

p∑
i=1

p∑
j=1

aiajXiXj)− E(

p∑
i=1

aiXi)
2

=

p∑
i=1

p∑
j=1

aiajE(XiXj)− E(

p∑
i=1

aiXi)
2

=

p∑
i=1

p∑
j=1

aiajE(XiXj)− E(

p∑
i=1

aiXi)E(

p∑
i=1

aiXi)

=

p∑
i=1

p∑
j=1

aiajE(XiXj)−
p∑
i=1

aiE(Xi)

p∑
i=1

aiE(Xi)

=

p∑
i=1

p∑
j=1

aiajE(XiXj)−
p∑
i=1

n∑
j=1

aiajE(Xi)E(Xj)

=

p∑
i=1

p∑
j=1

aiaj(E(XiXj)− E(Xi)E(Xj))

=

p∑
i=1

p∑
j=1

aiajcov(Xi, Xj),

where U =
∑n

i=1 aiX̂i indicates the mean of U, and cov(Xi, Xj) = E((Xi −
E(X))(Xj − E(X))) denotes the covariance between Xi and Xj .

Similarly, let the linear combination of Y be V with coefficients b1, b2, ...bq corre-
sponding to the q Y variables, where
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V = b1Y1 + b2Y2 + ...bqYp

=

q∑
i=1

biYi

The variance of V σ2
v is:

σ2
v =

q∑
i=1

q∑
j=1

bibjcov(Yi, Yj),

where cov(Yi, Yj) = E((Yi − E(Y ))(Yj − E(Y ))) denotes the covariance between
Yi and Yj .

2.4.2 Covariance of Linear Combination of Multivariate

The covariance of U and V cov(U, V ) is:

cov(U, V ) = E((U − U)(V − V ))

= E((

p∑
i=1

aiXi −
p∑
i=1

aiE(Xi))(

q∑
j=1

bjYj −
q∑
j=1

bjE(Yj)))

= E(

p∑
i=1

q∑
j=1

aibjXiYj −
p∑
i=1

q∑
j=1

aibjXiE(Yj))−
q∑
j=1

p∑
i=1

aibjE(Xi)Yj +

p∑
i=1

q∑
j=1

aibjE(Xi)E(Yj)))

=

p∑
i=1

q∑
j=1

E(XiYj)−
p∑
i=1

q∑
j=1

(E(Xi)E(Yj))

=

p∑
i=1

q∑
j=1

(E(XiYj)− E(Xi)E(Yj))

=

p∑
i=1

q∑
j=1

aibjcov(Xi, Yj)

where U, V are the mean of U,V respectively, and cov(Xi, Yj) is the covariance
between Xi and Yj.
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2.4.3 Correlation of Linear Combination of Multivariate

The correlation between U and V ρ(U, V ) is:

ρ(U, V ) =
cov(U, V )√
σ2
u

√
σ2
v

=

∑p
i=1

∑q
j=1 aibjcov(Xi, Yj)√∑p

i=1

∑p
j=1 aiajcov(Xi, Xj)

√∑q
i=1

∑q
j=1 bibjcov(Yi, Yj)

.

2.4.4 Maximum Correlation

A bigger correlation indicates a higher similarity between two sets of multivariates.
CCA finds the weight vectors a and b which maximize the correlation between U
and V by solving the following problem:

ρ(U, V )∗ = max(

∑p
i=1

∑q
j=1 aibjcov(Xi, Yj)√∑p

i=1

∑p
j=1 aiajcov(Xi, Xj)

√∑q
i=1

∑q
j=1 bibjcov(Yi, Yj)

),

which can be simplified as:

ρ(U, V )∗ = max(
aT
∑

XY b√
aT
∑

XX a
√
bT
∑

Y Y b
).

To avoid the simultaneous explosion of a and b from both divisor and dividend,
we add two constraints aT

∑
XX a = 1 and bT

∑
Y Y b = 1. Therefore, it becomes a

constraint optimization problem and can be solved by Lagrangian:

ζ = aT
∑
XY

b− λ

2
(aT

∑
XX

a− 1)− θ

2
(bT
∑
Y Y

b− 1)

Differentiate it and get:

∂ζ

∂a
=
∑
XY

b− λ
∑
XX

a = 0

∂ζ

∂b
=
∑
XY

a− θ
∑
Y Y

b = 0

(3)

Multiplying ∂ζ
∂a

with aT and ∂ζ
∂b

with bT gets:

λ = θ = aT
∑
XY

b,

13



which is the covariance between X and Y . So this problem becomes to find the
maximum λ. We simplify equation 3 as following on the assumption that the
variance of X and Y is invertible:

(
∑
XX

)−1
∑
XY

b = λa

(
∑
Y Y

)−1
∑
XY

a = λb
(4)

Then transform it to a matrix:[
(
∑

XX)−1 0
0 (

∑
Y Y )−1

] [
(0

∑
XY∑

XY 0

] [
a
b

]
= λ

[
a
b

]
(5)

Let A =

[
(
∑

XX)−1 0
0 (

∑
Y Y )−1

]
, B =

[
(0

∑
XY∑

XY 0

]
and w =

[
a
b

]
.

Then convert equation 5 to:
A−1Bw = λw.

At this step, it becomes a finding eigenvalue and eigenvector problem.
The canonical correlation is a specific type of correlation. The maximum of ρ(U, V )
λ concerning a and b is the canonical correlation. Projections onto a and b are
called canonical variants. In SSVEPs, X refers to the set of multi-channel EEG
signals and Y refers to the set of reference signals that have the same length as X
which can be denoted by Yn ∈ R2Nh×Ns :

Yn =



sin(2nt)

cos(2nt)

.

.

.
sin(2hfnt)

cos(2hfnt)


, t =

[
1
fs
, 2
fs
..., Ns

fs

]
, (6)

where n is the number of reference signals, Nh is the number of the harmonics,
Ns is the number of samples, fn is the reference signal and fs is the sampling
frequency. To recognize the stimulation frequency of the SSVEPs, CCA calcu-
lates the canonical correlation ρn between the multi-channel EEG signals X and
the reference signals at each stimulus frequency Yn. The frequency of the refer-
ence signals with the maximum correlation is selected as the target stimuli of the
SSVEPs.
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2.5 Individual Template based CCA(IT-CCA)[3]

Unlike standard CCA which finds the maximum canonical correlation between the
EEG signals and the reference targets. IT-CCA recognizes the target stimuli of
the SSVEPs by finding the maximum correlation between the multi-channel EEG
data X and the test template X gathered during training time. For each target
i, the template X i ∈ RNc×Nt can be obtained by averaging N training trials as
X i = 1

N

∑N
h=1Xh, where Nc indicates the number of channels, Nt indicates the

number of EEG samples within the time window t and Xh is the EEG signals at
trail h. Then the reference frequency of the SSVEPs can be obtained by finding the
maximum canonical correlation between current EEG signals with the template
signals by calculating:

ρn = max(
aT
∑

XX b√
aT
∑

XX a
√
bT
∑

XX b
) (7)

2.6 Extended CCA-based method[4]

The extended CCA-based method combines IT-CCA and standard CCA approaches
to generate a canonical correlation vector for each target frequency. It obtains three
weight vectors from IT-CCA and standard CCA:

• Wx(X,Xn) is the weight vector for test EEG signals obtained by calculating
the canonical correlation between the test EEG signals X and the individual
template Xn, where n is the number of the target frequency.

• Wx(X, Yf ) is the weight vector for test EEG signals obtained by calculating
the canonical correlation between the test EEG signals X and the stimulate
signals Yf .

• WXn
(X

(n)
, Yf ) is the weighted vector for the individual template obtained

by computing the canonical correlation between individual template Xn and
the stimulate signals Yf .
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A correlation vector rn is defined as follows:

rn =



rn,1

rn,2

rn,3

rn,4

rn,5


=



ρ(X, Yn)

ρ(X,X)

ρ(XTWx(X, Yf ), X
T

nWx(X,Xn))

ρ(XTWXn
(Xn, Yf ), X

T

nWXn(Xn, Yf ))

ρ(X
T

nWx(X,Xn), XnWXn
(X,Xn))


(8)

where ρ(a, b) indicates the Pearson’s correlation coefficient between a and b. An
ensemble classifier r̂n is used to combine the five features and get the final target.

r̂n =
5∑
i=1

sign(rn,i)(r
2
n,i)

where sign() is used to retain discriminative information from negative correlation
coefficients. The target can be identified with maximum r̂.

2.7 Complex Spectrum Feature

2.7.1 Fourier Series[5]

A Fourier series is the representation of a periodic function as a (possibly infinite)
sum of sinusoidal functions.
The Fourier series of a periodic function f(x) is:

f(x) =
∞∑
n=0

ancos(
2πn

L
x) +

∞∑
n=0

bnsin(
2πn

L
x), (9)

where L is the period of the signal with the coefficients an and bn defined by the
inner products:

a0 =
1

2L

∫ L

0

f(x)dx,

an =
2

L

∫ L

0

f(x)cos(
2πn

L
x)dx, n > 0,

bn =
2

L

∫ L

0

f(x)sin(
2πn

L
x)dx.
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Since Fourier series decompose functions into sine and cosine functions, we can use
Euler’s formula einx = cos(nx) + isin(nx) to write a Fourier series in the complex
form with complex coefficients cn = αn + iβn:

f(x) =
∞∑

n=−∞

cne
inx (10)

2.7.2 Fourier Transform[6]

The Fourier series is defined for periodic functions so that outside the domain of
definition, the function repeats itself forever. The Fourier transform integral is
essentially the limit of a Fourier series as the length of the domain goes to infinity,
which allows us to define a function defined on (−∞,∞) without repeating. the
Fourier Transform transfers a time-based signal into a signal in the frequency do-
main. It decomposes any function into a combination of sinusoidal basis functions
as shown in figure 4.

Figure 4: Fourier Transform

The Fourier Transform of a function g(t) is defined by:

G(f) =

∫ ∞
−∞

g(t)e−2πiftdt (11)

where G(f) denotes the spectrum of g and f indicates the frequency.

2.7.3 Discrete Fourier Transform(DFT)[6]

The Fourier series and transform are related to continuous function f(x). How-
ever, when working with real data, it is necessary to approximate the Fourier
Transform on discrete vectors of data. The resulting discrete Fourier transform
(DFT) is essentially a discretized version of the Fourier series for vectors of data
f = [f1, f2, f3, ..., fn]T obtained by discretizing the function f (x) at a regular
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spacing δx.
The DFT is one of the most powerful tools in digital signal processing which en-
ables us to find the spectrum of a finite-duration signal. The discrete Fourier
transform (DFT) is given by:

f̂k =
n∑
j=1

fje
−i2πjk/n (12)

Thus the DFT is a linear operator that maps the data points in f to the frequency
domain f̂ :

f1, f2, ..., fn =⇒ f̂1, f̂2, ...f̂n.

2.7.4 Fast Fourier Transform(FFT)[6]

The time complexity of DFT is O(n2). For large n, the DFT is computationally
expensive and thus inefficient. Fast Fourier transform (FFT) utilizes fractal sym-
metry in the Fourier transform that allows an n-dimensional DFT to be solved with
serveral smaller dimensional DFT computations. Its time complexity is O(nlog(n))
which is much more efficient when n gets bigger.

2.7.5 Complex Spectrum Feature

The complex FFT representation was used to derive both magnitude and phase
related information of a signal. First, the input time-domain signal was trans-
formed into the complex FFT representation using the standard FFT. Next, the
frequency components of the real part and the imaginary part along each channel
were extracted between band-pass frequencies resulting in two vectors of the same
length. These two vectors were concatenated into a single feature vector as:

I = R(X)||I(X)

where R(X) contains the real part and I(X) contains the imaginary part of the
complex FFT resulting in a vector. The resultant feature vector was stacked
together to form a matrix[4].

2.8 Complex Feature-Convolutional Neural Network(C-CNN)

Convolutional neural networks (CNNs) have gained high success in computer vision
especially in image processing, where they can beat humans in some special tasks.
The success has inspired studies of applying CNNs to classify EEG signals. For
example, the study [16] uses frequency features as the input of two CNN classifiers
for SSVEP classification. In this study, we use the Complex Spectrum feature of
EEG signals as the input to a CNN model which is called the Complex Feature-
CNN(C-CNN)[4].
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2.8.1 Convolution Layer [7]

The convolution layer is the central block of CNNs. This layer performs a convolu-
tion operation which is a linear operation that involves the element-wise multipli-
cation of a set of weights with the input where the set of weights is called a filter.
The filter is usually designed to detect a specific type of feature in the input, then
the application of that filter systematically across the entire input image allows
the filter an opportunity to discover that feature anywhere in the image.

2.8.2 Dropout[7]

Dropout is one of the most popular regularization techniques and it is proven to
be highly successful. The algorithm is very simple. During training, at every step,
every neuron excluding the output neurons has a probability p(dropout rate) of
being ignored. During the test, neurons don’t get dropped anymore.

2.8.3 Batch Normalization(BN)[7]

Batch Normalization(BN) is a technique to address the vanishing/exploding gra-
dients problems. BN is usually applied before or after the activation function of
each hidden layer which consists of zero-centering and normalizing each input, then
scaling and shifting the result using two new parameter vectors per layer: one for
scaling, the other for shifting. In other words, this operation lets the model learn
the optimal scale and mean of each of the layer’s inputs[7].

2.8.4 K-Fold Cross Validation[7]

K-Fold cross validation is a very commonly used method in machine learning with
a small size of training data where K denotes the number of groups to split the
training data. To apply this method, first, divide the training data into K groups
with equal size. For each group i, train a model on the remaining K − 1 groups
and evaluate it on the group i. Each sample in the training data is given an
opportunity to be used in the hold- out set 1 time and used to train the model
K − 1 times. An example of a three-fold cross fold is shown in Figure 5.
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Figure 5: Threefold cross validation[17]

3 Experiments

3.1 Offline Experiment

3.1.1 Dataset

A public 12-class EEG dataset is used for offline experiments[3]. This dataset
was recorded in an online SSVEP experiment with 10 healthy subjects including
9 males and 1 female whom all have a normal or corrected-to-normal vision. All
subjects were seated in a comfortable chair 60cm in front of a 27inch ASUS VG278
LCD monitor with a refresh rate of 60Hz and a resolution of 1280×800 pixels in a
dim room. In the monitor, twelve flicking rectangles arranged in a 4×3 matrix(5cm
gap between each column and 1.5cm between each row) were presented to the sub-
jects. The frequencies of all the stimulus were started from 9.25Hz till 14.75Hz
with a 0.5Hz step increasing for each rectangle. Each flicker has the same phase in
the same row while 0.5π bigger than the previous row as shown in Figure 6. The
EEG signals were collected by eight Ag/AgCl electrodes attaching to the occipital
area of each subject and then amplified and digitized by a BioSemi ActiveTwo
EEG system (Biosemi, Inc.) with a sampling rate of 2,048Hz. All electrodes were
regarding the CMS electrode close to Cz. Each subject’s experiment consisted of
15 blocks. In each block, the subjects were asked to finish 12 trials for each target.
At the beginning of each trial, one of the 12 flickers became red as shown in Figure
6 at random order for 1s. Subjects were required to switch gaze to the red target.
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An onset event trigger was sent from the parallel port of the computer to the EEG
system and recorded on an event channel synchronized to the EEG data. After
1s, all the stimulation started to flick simultaneously for 4s. During this period,
the subjects are required to not blink their eyes to avoid introducing artifacts to
the EEG signals.
After the experiments, data epochs comprising eight-channel were extracted ac-
cording to the onset event triggers. All data epochs were down-sampled to 256Hz.
Considering a latency delay in the visual system, the data epochs were extracted
in [0.135s 0.135+d s], where the time 0 indicated stimulus onset and d indicated
data length used in the offline analysis. The 135-ms delay was selected towards
the highest classification accuracy.

Figure 6: Stimulus design of the 12-target BCI system. (A) The user interface
of a virtual keypad for a phone-dialing program. (B) Frequency and phase values
are specified for each target. The red square in (A) is the visual cue indicating a
target symbol ‘5’ in the experiment.

3.1.2 Setting up of Filters

The filters we have experimented within this project are Butterworth, Chebyshev,
and Elliptic which all have the same number of order 4 and pass-band between
6Hz and 80Hz. The maximum ripple allowed below unity gain in the pass-band
for Chebyshev and Elliptic filters is both set to 0.3. While the extra parameter
which is the minimum attenuation required in the stop-band of the Elliptic filter
is set to 1.

3.1.3 Setting up of IT-CCA and Extended CCA

The number of training trails to get individual templates for IT-CCA and Extend
CCA method are set to 14.
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3.1.4 Architecture of the CNN Model

The CNN model consists of four layers, an input layer, two convolution layers,
and a fully connected layer as shown in Figure 7 [4]. The input is the complex
spectrum calculated by FFT from EEG signals with shape(Nch, Nfc, 1), where Nch

denotes the number of channels and Nfc denotes the number of frequency data
samples. The input is passed to the first convolution layer Conv1 and convoluted
with a filter whose size is (Nch, 1). Then the output of layer Conv 1 is passed to
the second convolution layer Conv 2 after being batch normalized and regularized
by a dropout rate of 0.25. The filter size used in layer Conv 2 is (1,10). The
output of Conv2 is handled by the same process as the output of Conv 1 and then
passed to the output layer.
We train the model using the SGD optimizer, minimizing the categorical cross-
entropy loss function. Since the dataset is small, we apply 4-fold cross-validation
to the data and report the final result as the average of results from all the four
models.

Figure 7: Architecture of CNN model

3.1.5 Results

Figure 8 compares the individual accuracies of all the 10 subjects by applying the
CCA method using three different filters. The results vary tremendously among
all the users. Subject 8 outperforms all the others across all the window lengths.
Table 9 shows that subject 8 gains 96.5% accuracy when filtered by Butterworth
while subject 2 only attains 26.1% accuracy at window length 1s. On the other
hand, the accuracies of each subject from three different filters only have minor
differences which means that filters only have little effect on the CCA method.
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This can be justified by the average accuracies displayed in Figure 12(a) and Ta-
ble 1.

(a) CCA with Butterworth Filter (b) CCA with Chebyshev Filter

(c) CCA with Elliptic Filter

Figure 8: Results of CCA by using three different filters to preprocessing the data

Figure 9 presents the results of 10 individual subjects of IT-CCA by applying
filters Butterworth, Chebyshev, and Elliptic. For filters Butterworth and Cheby-
shev, subject 8 achieves the best accuracy while subjects 2 and 1 have the lowest
accuracy. And the results vary little between the two different filters. However,
for filter Elliptic, the results of individual subjects fluctuate at different window
lengths and quite lower than filters Butterworth and Chebyshev.
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(a) IT-CCA with Butterworth Filter (b) IT-CCA with Chebyshev Filter

(c) IT-CCA with Elliptic Filter

Figure 9: Results of IT-CCA by using three different filters to preprocessing the
data

Figure 10 displays the results of 10 subjects of the extended CCA method by the
same three filters: Butterworth, Chebyshev, and Elliptic. Subject 8 still attains the
best accuracy except at window length 0.8s by preprocessing with Butterworth and
Chebyshev filters and subject 2 and 1 get the lowest accuracies. For filter Elliptic,
subject 6 has the best result except at window length 0.2s.

24



(a) Extended CCA with Butterworth Filter (b) Extended CCA with Chebyshev Filter

(c) Extended CCA with Elliptic Filter

Figure 10: Results of Extended CCA by using three different filters to preprocess-
ing the data

Figure 11 presents the results of the 10 subjects of C-CNN with the same three
filters: Butterworth, Chebyshev, and Elliptic. Subject 5 and subject 8 gain the
highest accuracy alternatively and there are not many differences between the two
subjects. Subject 2 hast the lowest accuracy.
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(a) C-CNN with Butterworth Filter (b) C-CNN with Chebyshev Filter

(c) C-CNN with Elliptic Filter

Figure 11: Results of C-CNN by using three different filters to preprocessing the
data

Figure 12 and Table 1 present the average accuracies getting from CCA, IT-CCA,
Extended CCA, and C-CNN by using Butterworth, Chebyshev, Elliptic Filters
to preprocessing the EEG signals, respectively. The number of harmonics is set
to 2 for all four methods and all three filters. As seen in Figure 12, for CCA,
there is no much difference between the three filters except that results from the
Elliptic filter are slightly lower than Butterworth and Chebyshev filters. However,
for IT-CCA, Extended CCA, and C-CNN, results from Elliptic are dramatically
lower than Butterworth and Chebyshev filters.
Take, subject 1, for example, Figure 13 compares the difference between the orig-
inal EEG signals and the frequency domain representation of the same EEG sin-
gals of subject 1 with the filtered signals. Figure 13(b) indicates that noises in
the original EEG signals dominate the frequency domain. After being filtered by
Butterworth and Chebyshev, most noises are removed as shown in Figure 13(d)
and 13(e) while after being filtered by Elliptic, the noises are not removed much as
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shown in 13(h). This might explain why filters Butterworth and Chebyshev out-
perform Elliptic when using method IT-CCA, Extended CCA, and C-CNN since
noises affect the calculation much more than standard CCA.
From table 1, for CCA, Butterworth slightly outperforms Chebyshev on window
length 0.2s and 0.4s, but underperforms Chebyshev on window length 0.6s, 0.8s,
and 1.0s. For IT-CCA, Chebyshev outperforms Butterworth only on window
length 0.2s, and the same happens in Extended CCA. For C-CNN, Butterworth
works better than Chebyshev on all window lengths, especially on window length
1.0s, Butterworth gains almost 5% higher accuracy than Chebyshev. Since Elliptic
filter has a better fall-off but more ripple in pass-band and stop-band, Comparing
with the Butterworth and the Chebyshev filters. We conclude that the fall-off
is not critical when classify SSVEPS using CCA, IT-CCA, Extended CCA, and
C-CNN. The Butterworth filter has the flattest pass-band and it outperforms the
Chebyshev and Elliptic filters overall, so the pass-band contributes more than
stop-band in methods CCA, IT-CCA, Extended CCA, and C-CNN.
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(a) CCA (b) IT-CCA

(c) Extended CCA (d) C-CNN

Figure 12: Results of CCA, IT-CCA, Extended CCA, and C-CCN by using three
different filters to preprocessing the data
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(a) Original Signals (b) Original Frequency Signals

(c) EEG Signals of Butterworth (d) Frequency Signals of Butterworth

(e) EEG Signals of Chebyshev (f) Frequency Signals of Chebyshev

(g) EEG Signals of Elliptic (h) Frequency Signals of Elliptic

Figure 13: EEG Signals and the Frequency presentation of the EEG Signals of
Subject 1
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Window Length
Method Filter 0.2(s) 0.4(s) 0.6(s) 0.8(s) 1.0(s)
CCA Elliptic 14.4±3.2% 25.5±8.7% 38.3±14.7% 44.7±15.5% 60.8±20.8%

Butterworth 15.2±3.6% 26.3±9.1% 40.0±15.4% 46.5±15.9% 63.1±21.6%
Chebyshev 15.1±3.6% 26.2±9.3% 40.4±15.7% 46.8±16.0% 63.5±21.7%

IT-CCA Elliptic 22.3±7.0% 19.2±8.6% 22.0±11.5% 17.4±8.0% 16.9±9.8%
Butterworth 26.1±13.3% 50.2±18.4% 64.4±19.3% 65.8±16.4% 82.3±14.4%
Chebyshev 27.0±13.3% 49.6±18.5% 63.5±18.8% 64.6±15.7% 81.9±16.5%

Extended
CCA

Elliptic 47.4±11.5% 47.5±16.1% 43.1±17.0% 39.6±16.3% 44.0±19.7%

Butterworth 54.6±13.3% 72.3±10.9% 85.6±10.6% 78.6±9.0% 94.4±5.8%
Chebyshev 55.2±13.0% 71.9±11.4% 83.6±12.3% 77.6±9.7% 92.7±8.2%

C-CNN Elliptic 9.1±2.0% 6.9±1.0% 6.7±0.8% 6.0±0.7% 5.7±1.0%
Butterworth 34.4±9.4% 58.5±15.2% 79.2±16.6% 74.4±11.2% 84.8±20.0%
Chebyshev 33.6±9.4% 57.6±15.4% 78.7±17.3% 74.0±11.7% 84.5±19.4%

Table 1: Results of CCA, IT-CCA, Extended CCA and C-CCN using preprocessing
filters Elliptic, Butterworth and Chebyshev

After investigating the impacts of three filters Elliptic, Butterworth, and Cheby-
shev, we then experiment with the different numbers of harmonics to see how the
harmonics affect methods CCA and Extended CCA. We use the Butterworth filter
here to gain higher accuracy. As shown in Figure 16 and Table 2, the number of
harmonics does not contribute much. This indicates that small changes in the tar-
get frequency signals contribute little to the final results. Although the difference
between the results is very tiny, 2 harmonics outperforms the others and gains the
highest average accuracy(mean ± std). The same pattern can be observed from
the individual results as presented in Figures 14 and 15.
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(a) CCA with 1 Harmonic (b) CCA with 2 Harmonics

(c) CCA with 3 Harmonics (d) CCA with 4 Harmonics

Figure 14: Individual Subject Results of CCA and 4 Different Number of Harmon-
ics
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(a) Extended CCA Method with 1 Har-
monic

(b) Extended CCA Method with 2 Har-
monics

(c) Extended CCAMethod with 3 Harmon-
ics

(d) Extended CCA Method with 4 Har-
monics

Figure 15: Individual Subject Results of Extended CCA Method and 4 Different
Number of Harmonics
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(a) CCA (b) Extended CCA

Figure 16: Results of CCA, Extended CCA by using 4 different number of har-
monics

Window Length
Method Number of

Harmonics
0.2(s) 0.4(s) 0.6(s) 0.8(s) 1.0(s)

CCA 1 14.6±3.4% 25.0±8.7% 37.2±15.1% 43.3±15.9% 60.2±21.8%
2 15.2±3.6% 26.3±9.1% 40.0±15.4% 46.5±15.9% 63.1±21.6%
3 14.5±3.1% 25.7±9.1% 39.6±15.6% 46.0±16.0% 63.0±21.6%
4 14.0±3.5% 25.2±8.8% 39.0±15.5% 45.8±15.9% 62.6±21.3%

Extended
CCA

1 53.5±12.9% 71.5±11.3% 84.5±10.8% 77.6±9.1% 93.1±7.0%

2 54.6±13.3% 72.3±10.9% 85.6±10.6% 78.6±9.0% 94.4±5.8%
3 54.9±12.7% 72.0±11.0% 84.8±11.4% 78.5±9.2% 93.5±7.2%
4 54.8±12.8% 71.7±11.2% 85.1±10.8% 78.6±9.2% 93.8±6.8%

Table 2: Results of CCA, and Extended CCA using 1,2,3,4 number of harmonics

Figure 17 and Table 3 gives the averaged accuracy(mean ± std) across all subjects
with different window lengths from 0.2s to 1s. The number of harmonics and filter
are set to 2 and Butterworth, respectively. As shown in Figure 17, methods trained
on individual subjects highly outperform standard CCA, in which Extended CCA
wins. Overall the average accuracy increases monotonically from window length
0.2s to 1s for all methods, except Extended CCA and C-CNN drop on window
length 0.8s which also duplicate in individual results of the 10 subjects as shown
in Figure 18(c) and 18(c). During experiments, all the subjects are required to gaze
at the targets without blinking or doing any other movements. Since the results
drop at window length 0.8s, this might indicate that when users keep gazing at a
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flicking target, they might be distracted or feel tired as time passing which might
introduce noises to the EEG signals.
For the Extended CCA method and C-CNN, Figure ??, Tables 5 and 7 present the
detailed results of the 10 subjects where 9 of them decrease with window length
0.8s comparing with window length 0.6s. The reason might be that signals with
window length 0.8s include more noises than window length 0.6s. On window
length 0.2s, Extended CCA gains 54.6% average accuracy(mean ± std) which is
dramatically higher than C-CNN which only has an accuracy of 34.4%. C-CNN
slightly beats IT-CNN by 8.3%, followed by standard CCA which only gains 15.2%.
For longer window lengths, Extended CCA defeats C CNN from both average
accuracy(mean±std) and computational expense and it gains the highest average
accuracy(mean ± std) 94.4% on window length 1.0s. Table 8 presents a detailed
comparison.

Figure 17: average accuracy(mean ± std) from CCA, Extended CCA, IT-CCA,
and Complex Spectrum CNN.
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Window Length
Method 0.2(s) 0.4(s) 0.6(s) 0.8(s) 1.0(s)
CCA 15.2±3.6% 26.3±9.1% 40.0±15.4% 46.5±15.9% 63.1±21.6%
Extended CCA
Method

54.6±13.3% 72.3±10.9% 85.6±10.6% 78.6±9.0% 94.4±5.8%

IT-CCA 26.1±13.3% 50.2±18.4% 64.4±19.3% 65.8±16.4% 82.3±14.4%
C CNN 34.4±9.4% 58.5±15.2% 79.2±16.6% 74.4±11.2% 84.8±20.0%

Table 3: Results of CCA, IT-CCA, Extended CCA, and C-CNN

(a) CCA (b) IT-CCA

(c) Extended CCA (d) C-CNN

Figure 18: Individual Subject Results of CCA, IT-CCA, Extended CCA, and C-
CCN
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Window Length
Subject 0.2(s) 0.4(s) 0.6(s) 0.8(s) 1.0(s)
S1 10.5% 14.5% 20.5% 23.0% 28.6%
S2 9.9% 13.8% 16.9% 20.9% 26.1%
S3 13.1% 21.4% 33.7% 42.1% 60.1%
S4 17.0% 30.2% 50.9% 58.8% 79.6%
S5 13.7% 19.4% 28.2% 37.8% 52.6%
S6 17.8% 35.3% 58.1% 63.3% 86.7%
S7 15.1% 26.8% 39.4% 48.5% 69.0%
S8 22.4% 45.1% 68.7% 74.3% 96.5%
S9 18.0% 29.7% 44.4% 48.1% 66.7%
S10 14.3% 26.4% 39.5% 48.2% 65.3%
mean ± std 15.2±3.6% 26.3±9.1% 40.0±15.4% 46.5±15.9% 63.1±21.6%

Table 4: Results of Individual Subject from CCA

Window Length
Subject 0.2(s) 0.4(s) 0.6(s) 0.8(s) 1.0(s)
S1 38.5% 60.6% 69.0% 65.3% 87.5%
S2 34.1% 50.0% 69.0% 58.3% 83.3%
S3 43.3% 66.7% 75.0% 77.8% 87.5%
S4 62.3% 75.8% 94.0% 83.3% 100.0%
S5 55.6% 73.5% 89.3% 81.9% 100.0%
S6 66.7% 84.1% 95.2% 88.9% 97.9%
S7 57.1% 72.0% 84.5% 80.6% 93.8%
S8 80.2% 88.6% 100.0% 83.3% 100.0%
S9 61.1% 81.8% 94.0% 86.1% 95.8%
S10 47.2% 70.5% 85.7% 80.6% 97.9%
mean ± std 54.6±13.3% 72.3±10.9% 85.6±10.6% 78.6±9.0% 94.4±5.8%

Table 5: Results of Individual Subject from Extended CCA Method
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Window Length
Subject 0.2(s) 0.4(s) 0.6(s) 0.8(s) 1.0(s)
S1 10.7% 22.7% 31.0% 38.9% 58.3%
S2 13.1% 28.0% 34.5% 34.7% 56.2%
S3 14.3% 34.1% 56.0% 58.3% 79.2%
S4 25.4% 52.3% 69.0% 73.6% 87.5%
S5 28.2% 50.8% 63.1% 69.4% 81.2%
S6 34.5% 68.2% 86.9% 81.9% 95.8%
S7 21.4% 44.7% 61.9% 65.3% 77.1%
S8 57.9% 87.1% 95.2% 86.1% 100.0%
S9 35.3% 62.1% 75.0% 77.8% 95.8%
S10 19.8% 51.5% 71.4% 72.2% 91.7%
mean ± std 26.1±13.3% 50.2±18.4% 64.4±19.3% 65.8±16.4% 82.3±14.4%

Table 6: Results of Individual Subject from IT-CCA

Window Length
Subject 0.2(s) 0.4(s) 0.6(s) 0.8(s) 1.0(s)
S1 25% 42.4% 60.8% 60.6% 64.9%
S2 15.1% 27.4% 39.7% 47.2% 33.3%
S3 38.2% 67.7% 84.4% 79.4% 80.1%
S4 34.5% 61.1% 85.3% 80.5% 97.2%
S5 43.1% 75.6% 95.4% 83.3% 98.5%
S6 39.2% 67.7% 92.2% 82.0% 99.4%
S7 30.5% 51.2% 77.3% 76.5% 91.9%
S8 49.4% 77.2% 94.4% 82.5% 98.6%
S9 40.3% 67.3% 88.7% 81.2% 96.7%
S10 28.3% 47.0% 73.2% 71.1% 87.6%
mean ± std 34.4±9.4% 58.5±15.2% 79.2±16.6% 74.4±11.2% 84.8±20.0%

Table 7: Results of Individual Subject from C-CNN
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Method Order of average
accuracy(mean± std)

Training Order of Efficiency

Extended CCA
Method

1 Yes 3

C CNN 2 Yes 4
IT-CCA 3 Yes 2
CCA 4 No 1

Table 8: Comparison of CCA, IT-CCA, Extended CCA and C-CNN (The higher
the number, the lower the order.)

4 Discussion and Future Work

In this study, we proved that subject-dependent training methods perform much
better than standard CCA which requires no training. The quantity of pass-
band of preprocessing filters contributes more to the final results than the ripple
of stopband and the fall-off. The number of harmonics has no influence on the
classification methods and the longer the window length, the more accurate the
results.
The Extended CCA method gains 94.4±5.8% average accuracy(mean±std) in the
offline dataset at the cost of longer calculation time which would extend the waiting
time in online experiments. CNN using complex spectrum features of EEG signals
as input also performs better than standard CCA. Comparing with Extended CCA
and IT-CCA, the training process is much more complex and computationally
inefficient. However, after pertaining to the best model, the evaluation process
is much computational efficient than all the other three methods. Besides the
four methods we present in this paper, there are still several other methods from
the CCA family such as Filter Bank CCA(FBCCA), the cluster analysis of CCA
coefficient(CACC), a phase constrained CCA (PCCA) method, etc. In the future,
given time and resources, we plan to explore these methods, together with more
CNN models.
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Appendix

Individual Subject Results

Experiments with Filters

Window Length
Subject 0.2(s) 0.4(s) 0.6(s) 0.8(s) 1.0(s)
S1 10.5% 14.5% 20.5% 23.0% 28.6%
S2 9.9% 13.8% 16.9% 20.9% 26.1%
S3 13.1% 21.4% 33.7% 42.1% 60.1%
S4 17.0% 30.2% 50.9% 58.8% 79.6%
S5 13.7% 19.4% 28.2% 37.8% 52.6%
S6 17.8% 35.3% 58.1% 63.3% 86.7%
S7 15.1% 26.8% 39.4% 48.5% 69.0%
S8 22.4% 45.1% 68.7% 74.3% 96.5%
S9 18.0% 29.7% 44.4% 48.1% 66.7%
S10 14.3% 26.4% 39.5% 48.2% 65.3%
mean ± std 15.2±3.6% 26.3±9.1% 40.0±15.4% 46.5±15.9% 63.1±21.6%

Table 9: Results of Individual Subject from CCA with Butterworth Filter

Window Length
Subject 0.2(s) 0.4(s) 0.6(s) 0.8(s) 1.0(s)
S1 10.1% 14.1% 20.4% 22.7% 28.7%
S2 10.2% 13.2% 16.6% 20.6% 26.0%
S3 12.9% 22.2% 34.3% 42.3% 60.0%
S4 17.0% 30.3% 51.5% 59.4% 80.6%
S5 13.5% 19.3% 29.7% 39.0% 54.2%
S6 17.5% 35.3% 58.9% 64.1% 87.8%
S7 14.9% 26.7% 39.8% 48.6% 68.8%
S8 22.7% 45.8% 69.4% 74.4% 96.4%
S9 17.9% 29.5% 44.8% 48.4% 67.6%
S10 14.1% 25.5% 39.1% 48.4% 65.0%
mean ± std 15.1±3.6% 26.2±9.3% 40.4±15.7% 46.8±16.0% 63.5±21.7%

Table 10: Results of Individual Subject from CCA with Chebyshev Filter
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Window Length
Subject 0.2(s) 0.4(s) 0.6(s) 0.8(s) 1.0(s)
S1 10.3% 14.2% 19.7% 23.0% 27.9%
S2 10.0% 13.4% 16.3% 19.8% 26.5%
S3 13.0% 21.5% 32.2% 38.9% 55.8%
S4 15.5% 29.2% 47.0% 56.7% 79.3%
S5 12.6% 19.4% 27.3% 35.0% 50.1%
S6 16.7% 33.7% 55.7% 62.3% 84.2%
S7 14.5% 26.1% 38.2% 45.8% 63.5%
S8 21.3% 43.7% 66.1% 71.3% 92.8%
S9 16.4% 28.9% 43.7% 47.6% 65.4%
S10 13.4% 24.4% 37.1% 47.0% 62.6%
mean ± std 14.4±3.2% 25.5±8.7% 38.3±14.7% 44.7±15.5% 60.8±20.8%

Table 11: Results of Individual Subject from CCA with Elliptic Filter

Window Length
Subject 0.2(s) 0.4(s) 0.6(s) 0.8(s) 1.0(s)
S1 10.7% 22.7% 31.0% 38.9% 58.3%
S2 13.1% 28.0% 34.5% 34.7% 56.2%
S3 14.3% 34.1% 56.0% 58.3% 79.2%
S4 25.4% 52.3% 69.0% 73.6% 87.5%
S5 28.2% 50.8% 63.1% 69.4% 81.2%
S6 34.5% 68.2% 86.9% 81.9% 95.8%
S7 21.4% 44.7% 61.9% 65.3% 77.1%
S8 57.9% 87.1% 95.2% 86.1% 100.0%
S9 35.3% 62.1% 75.0% 77.8% 95.8%
S10 19.8% 51.5% 71.4% 72.2% 91.7%
mean ± std 26.1±13.3% 50.2±18.4% 64.4±19.3% 65.8±16.4% 82.3±14.4%

Table 12: Results of Individual Subject from IT-CCA with Butterworth Filter
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Window Length
Subject 0.2(s) 0.4(s) 0.6(s) 0.8(s) 1.0(s)
S1 11.5% 20.5% 33.3% 41.7% 52.1%
S2 13.5% 25.0% 33.3% 33.3% 52.1%
S3 13.9% 35.6% 56.0% 58.3% 79.2%
S4 26.2% 53.8% 70.2% 68.1% 87.5%
S5 31.0% 48.5% 58.3% 65.3% 83.3%
S6 33.7% 67.4% 84.5% 79.2% 100.0%
S7 24.6% 46.2% 59.5% 62.5% 79.2%
S8 57.9% 85.6% 94.0% 84.7% 100.0%
S9 37.3% 59.8% 75.0% 76.4% 93.8%
S10 20.2% 53.8% 70.2% 76.4% 91.7%
mean ± std 27.0±13.3% 49.6±18.5% 63.5±18.8% 64.6±15.7% 81.9±16.5%

Table 13: Results of Individual Subject from IT-CCA with Chebyshev Filter

Window Length
Subject 0.2(s) 0.4(s) 0.6(s) 0.8(s) 1.0(s)
S1 12.3% 11.4% 15.5% 9.7% 6.2%
S2 14.7% 14.4% 14.3% 12.5% 16.7%
S3 14.3% 12.9% 11.9% 12.5% 6.2%
S4 20.2% 19.7% 16.7% 12.5% 12.5%
S5 27.8% 35.6% 53.6% 31.9% 33.3%
S6 31.7% 34.8% 28.6% 33.3% 33.3%
S7 19.4% 12.9% 25.0% 18.1% 22.9%
S8 31.0% 21.2% 16.7% 12.5% 6.2%
S9 29.8% 15.9% 17.9% 18.1% 18.8%
S10 21.8% 12.9% 20.2% 12.5% 12.5%
mean ± std 22.3±7.0% 19.2±8.6% 22.0±11.5% 17.4±8.0% 16.9±9.8%

Table 14: Results of Individual Subject from IT-CCA with Elliptic Filter
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Window Length
Subject 0.2(s) 0.4(s) 0.6(s) 0.8(s) 1.0(s)
S1 38.5% 60.6% 69.0% 65.3% 87.5%
S2 34.1% 50.0% 69.0% 58.3% 83.3%
S3 43.3% 66.7% 75.0% 77.8% 87.5%
S4 62.3% 75.8% 94.0% 83.3% 100.0%
S5 55.6% 73.5% 89.3% 81.9% 100.0%
S6 66.7% 84.1% 95.2% 88.9% 97.9%
S7 57.1% 72.0% 84.5% 80.6% 93.8%
S8 80.2% 88.6% 100.0% 83.3% 100.0%
S9 61.1% 81.8% 94.0% 86.1% 95.8%
S10 47.2% 70.5% 85.7% 80.6% 97.9%
mean ± std 54.6±13.3% 72.3±10.9% 85.6±10.6% 78.6±9.0% 94.4±5.8%

Table 15: Results of Individual Subject from Extended CCA with Butterworth
Filter

Window Length
Subject 0.2(s) 0.4(s) 0.6(s) 0.8(s) 1.0(s)
S1 40.5% 54.5% 65.5% 62.5% 77.1%
S2 33.7% 50.8% 64.3% 56.9% 79.2%
S3 46.0% 70.5% 69.0% 73.6% 87.5%
S4 61.1% 79.5% 94.0% 81.9% 100.0%
S5 57.5% 72.7% 86.9% 83.3% 100.0%
S6 65.5% 84.8% 95.2% 87.5% 97.9%
S7 55.6% 69.7% 85.7% 80.6% 91.7%
S8 81.7% 87.9% 98.8% 84.7% 100.0%
S9 61.9% 78.8% 94.0% 84.7% 95.8%
S10 48.8% 69.7% 82.1% 80.6% 97.9%
mean ± std 55.2±13.0% 71.9±11.4% 83.6±12.3% 77.6±9.7% 92.7±8.2%

Table 16: Results of Individual Subject from Extended CCA with Chebyshev Filter

45



Window Length
Subject 0.2(s) 0.4(s) 0.6(s) 0.8(s) 1.0(s)
S1 32.9% 29.5% 22.6% 26.4% 37.5%
S2 29.4% 28.0% 23.8% 15.3% 20.8%
S3 32.9% 23.5% 21.4% 20.8% 14.6%
S4 54.8% 53.8% 47.6% 41.7% 56.2%
S5 52.4% 64.4% 59.5% 62.5% 62.5%
S6 61.5% 75.8% 78.6% 70.8% 85.4%
S7 51.6% 58.3% 47.6% 44.4% 47.9%
S8 63.9% 54.5% 48.8% 37.5% 29.2%
S9 50.4% 44.7% 39.3% 40.3% 41.7%
S10 44.0% 42.4% 41.7% 36.1% 43.8%
mean ± std 47.4±11.5% 47.5±16.1% 43.1±17.0% 39.6±16.3% 44.0±19.7%

Table 17: Results of Individual Subject from Extended CCA with Elliptic Filter

Window Length
Subject 0.2(s) 0.4(s) 0.6(s) 0.8(s) 1.0(s)
S1 25.0% 42.4% 60.8% 60.6% 64.9%
S2 15.1% 27.4% 39.7% 47.2% 33.3%
S3 38.2% 67.7% 84.4% 79.4% 80.1%
S4 34.5% 61.1% 85.3% 80.5% 97.2%
S5 43.1% 75.6% 95.4% 83.3% 98.5%
S6 39.2% 67.7% 92.2% 82.0% 99.4%
S7 30.5% 51.2% 77.3% 76.5% 91.9%
S8 49.4% 77.2% 94.4% 82.5% 98.6%
S9 40.3% 67.3% 88.7% 81.2% 96.7%
S10 28.3% 47.0% 73.2% 71.1% 87.6%
mean ± std 34.4±9.4% 58.5±15.2% 79.2±16.6% 74.4±11.2% 84.8±20.0%

Table 18: Results of Individual Subject from C CNN with Butterworth Filter
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Window Length
Subject 0.2(s) 0.4(s) 0.6(s) 0.8(s) 1.0(s)
S1 23.8% 40.7% 59.3% 63.4% 62.5%
S2 14.4% 26.3% 37.1% 43.3% 36.2%
S3 37.0% 65.8% 84.0% 78.8% 86.4%
S4 34.4% 59.1% 85.1% 80.4% 97.8%
S5 42.8% 74.4% 95.3% 83.2% 97.9%
S6 38.9% 67.3% 91.7% 82.1% 99.2%
S7 30.7% 50.2% 77.7% 75.6% 90.7%
S8 48.5% 77.1% 94.7% 82.5% 98.5%
S9 38.5% 67.8% 88.4% 79.4% 96.2%
S10 27.1% 47.5% 73.3% 71.1% 79.6%
mean ± std 33.6±9.4% 57.6±15.4% 78.7±17.3% 74.0±11.7% 84.5±19.4%

Table 19: Results of Individual Subject from C CNN with Chebyshev Filter

Window Length
Subject 0.2(s) 0.4(s) 0.6(s) 0.8(s) 1.0(s)
S1 8.4% 6.1% 5.5% 6.6% 6.0%
S2 7.8% 7.0% 7.5% 5.7% 6.7%
S3 8.0% 6.7% 6.4% 5.7% 5.7%
S4 7.1% 5.7% 5.8% 5.2% 4.7%
S5 11.4% 8.9% 7.2% 7.1% 7.4%
S6 7.9% 5.8% 5.6% 5.4% 3.8%
S7 7.6% 7.3% 7.2% 6.8% 6.3%
S8 12.0% 7.9% 7.9% 6.2% 5.6%
S9 7.9% 6.5% 6.3% 5.9% 5.1%
S10 12.9% 7.7% 7.0% 5.1% 6.1%
mean ± std 9.1±2.0% 6.9±1.0% 6.7±0.8% 6.0±0.7% 5.7±1.0%

Table 20: Results of Individual Subject from C CNN with Elliptic Filter
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Experiments with Harmonics

Window Length
Subject 0.2(s) 0.4(s) 0.6(s) 0.8(s) 1.0(s)
S1 10.8% 14.0% 18.6% 20.9% 27.4%
S2 10.6% 14.3% 17.7% 21.1% 26.8%
S3 11.8% 21.6% 31.0% 39.1% 56.7%
S4 17.3% 31.1% 50.5% 57.2% 78.8%
S5 11.0% 16.6% 22.0% 30.0% 42.8%
S6 19.6% 34.6% 58.1% 63.0% 86.4%
S7 15.2% 24.2% 36.0% 45.5% 66.2%
S8 20.5% 42.5% 62.9% 70.7% 94.3%
S9 15.0% 24.8% 38.3% 41.0% 60.6%
S10 14.7% 25.9% 37.3% 44.4% 61.9%
mean ± std 14.6±3.4% 25.0±8.7% 37.2±15.1% 43.3±15.9% 60.2±21.8%

Table 21: Results of Individual Subject from CCA with 1 Harmonic

Window Length
Subject 0.2(s) 0.4(s) 0.6(s) 0.8(s) 1.0(s)
S1 10.5% 14.5% 20.5% 23.0% 28.6%
S2 9.9% 13.8% 16.9% 20.9% 26.1%
S3 13.1% 21.4% 33.7% 42.1% 60.1%
S4 17.0% 30.2% 50.9% 58.8% 79.6%
S5 13.7% 19.4% 28.2% 37.8% 52.6%
S6 17.8% 35.3% 58.1% 63.3% 86.7%
S7 15.1% 26.8% 39.4% 48.5% 69.0%
S8 22.4% 45.1% 68.7% 74.3% 96.5%
S9 18.0% 29.7% 44.4% 48.1% 66.7%
S10 14.3% 26.4% 39.5% 48.2% 65.3%
mean ± std 15.2±3.6% 26.3±9.1% 40.0±15.4% 46.5±15.9% 63.1±21.6%

Table 22: Results of Individual Subject from CCA with 2 Harmonics
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Window Length
Subject 0.2(s) 0.4(s) 0.6(s) 0.8(s) 1.0(s)
S1 10.3% 13.2% 19.0% 21.9% 27.4%
S2 10.4% 13.9% 16.8% 20.7% 27.4%
S3 13.0% 21.8% 33.4% 42.0% 59.7%
S4 15.6% 30.2% 51.0% 58.0% 79.6%
S5 13.2% 19.5% 28.5% 37.6% 52.9%
S6 16.9% 34.8% 58.5% 63.1% 86.5%
S7 13.9% 25.3% 38.1% 47.1% 67.9%
S8 20.8% 44.9% 68.1% 74.4% 96.5%
S9 17.2% 29.1% 43.8% 47.6% 66.7%
S10 13.4% 24.5% 39.1% 47.8% 65.7%
mean ± std 14.5±3.1% 25.7±9.1% 39.6±15.6% 46.0±16.0% 63.0±21.6%

Table 23: Results of Individual Subject from CCA with 3 Harmonics

Window Length
Subject 0.2(s) 0.4(s) 0.6(s) 0.8(s) 1.0(s)
S1 9.8% 13.3% 18.4% 21.7% 28.1%
S2 9.5% 14.0% 16.4% 20.4% 26.9%
S3 12.0% 21.7% 32.5% 41.4% 58.9%
S4 15.2% 28.6% 49.8% 57.8% 79.3%
S5 13.2% 19.5% 28.8% 37.5% 52.4%
S6 17.1% 33.6% 57.3% 62.8% 85.8%
S7 13.1% 23.2% 35.8% 46.8% 66.7%
S8 21.7% 44.3% 67.8% 73.7% 95.8%
S9 15.9% 29.2% 43.9% 47.7% 66.9%
S10 12.4% 24.2% 39.0% 48.0% 65.3%
mean ± std 14.0±3.5% 25.2±8.8% 39.0±15.5% 45.8±15.9% 62.6±21.3%

Table 24: Results of Individual Subject from CCA with 4 Harmonics
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Window Length
Subject 0.2(s) 0.4(s) 0.6(s) 0.8(s) 1.0(s)
S1 39.7% 60.6% 65.5% 65.3% 79.2%
S2 34.9% 50.8% 69.0% 56.9% 83.3%
S3 43.3% 64.4% 75.0% 76.4% 87.5%
S4 60.7% 76.5% 94.0% 83.3% 100.0%
S5 51.6% 71.2% 86.9% 77.8% 97.9%
S6 66.7% 87.1% 92.9% 88.9% 97.9%
S7 55.2% 68.2% 83.3% 80.6% 91.7%
S8 80.6% 88.6% 100.0% 83.3% 100.0%
S9 56.3% 81.1% 92.9% 84.7% 95.8%
S10 46.4% 66.7% 85.7% 79.2% 97.9%
mean ± std 53.5±12.9% 71.5±11.3% 84.5±10.8% 77.6±9.1% 93.1±7.0%

Table 25: Results of Individual Subject from Extended CCA method with 1 Har-
monics

Window Length
Subject 0.2(s) 0.4(s) 0.6(s) 0.8(s) 1.0(s)
S1 38.5% 60.6% 69.0% 65.3% 87.5%
S2 34.1% 50.0% 69.0% 58.3% 83.3%
S3 43.3% 66.7% 75.0% 77.8% 87.5%
S4 62.3% 75.8% 94.0% 83.3% 100.0%
S5 55.6% 73.5% 89.3% 81.9% 100.0%
S6 66.7% 84.1% 95.2% 88.9% 97.9%
S7 57.1% 72.0% 84.5% 80.6% 93.8%
S8 80.2% 88.6% 100.0% 83.3% 100.0%
S9 61.1% 81.8% 94.0% 86.1% 95.8%
S10 47.2% 70.5% 85.7% 80.6% 97.9%
mean ± std 26.1±54.6±

13.3%
72.3±10.9% 85.6±10.6% 78.6±9.0% 94.4±5.8%

Table 26: Results of Individual Subject from Extended CCA method with 2 Har-
monics
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Window Length
Subject 0.2(s) 0.4(s) 0.6(s) 0.8(s) 1.0(s)
S1 40.9% 57.6% 67.9% 65.3% 79.2%
S2 34.9% 50.0% 65.5% 56.9% 83.3%
S3 42.9% 67.4% 73.8% 79.2% 87.5%
S4 62.3% 75.8% 94.0% 81.9% 100.0%
S5 54.0% 73.5% 88.1% 83.3% 100.0%
S6 67.9% 84.1% 95.2% 87.5% 97.9%
S7 56.0% 72.7% 84.5% 80.6% 93.8%
S8 78.6% 87.9% 100.0% 83.3% 100.0%
S9 62.3% 81.1% 94.0% 86.1% 95.8%
S10 49.2% 70.5% 84.5% 80.6% 97.9%
mean ± std 54.9±12.7% 72.0±11.0% 84.8±11.4% 78.5±9.2% 93.5±7.2%

Table 27: Results of Individual Subject from Extended CCA method with 3 Har-
monics

Window Length
Subject 0.2(s) 0.4(s) 0.6(s) 0.8(s) 1.0(s)
S1 38.5% 58.3% 69.0% 65.3% 81.2%
S2 35.7% 48.5% 66.7% 56.9% 83.3%
S3 43.7% 66.7% 75.0% 79.2% 87.5%
S4 62.7% 76.5% 94.0% 83.3% 100.0%
S5 55.6% 72.7% 88.1% 83.3% 100.0%
S6 66.7% 84.1% 95.2% 84.7% 97.9%
S7 58.3% 71.2% 84.5% 81.9% 93.8%
S8 79.0% 87.1% 100.0% 83.3% 100.0%
S9 60.3% 81.1% 92.9% 87.5% 95.8%
S10 47.2% 70.5% 85.7% 80.6% 97.9%
mean ± std 54.8±12.8% 71.7±11.2% 85.1±10.8% 78.6±9.2% 93.8±6.8%

Table 28: Results of Individual Subject from Extended CCA method with 4 Har-
monics
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