3654

IEEE TRANSACTIONS ON CYBERNETICS, VOL. 50, NO. 8, AUGUST 2020

Error Correction Regression Framework for
Enhancing the Decoding Accuracies of Ear-EEG
Brain–Computer Interfaces
No-Sang Kwak

and Seong-Whan Lee , Fellow, IEEE

Abstract—Ear-electroencephalography (EEG) is a promising
tool for practical brain–computer interface (BCI) applications
because it is more unobtrusive, comfortable, and mobile than a
typical scalp-EEG system. However, an ear-EEG has a natural
constraint of electrode location (e.g., limited in or around the
ear) for acquiring informative brain signals sufficiently. Achieving
reliable performance of ear-EEG in specific BCI paradigms that
do not utilize brain signals on the temporal lobe around the
ear is difficult. For example, steady-state visual evoked potentials (SSVEPs), which are mainly generated in the occipital area,
have a significantly attenuated and distorted amplitude in earEEG. Therefore, preserving the high level of decoding accuracy
is challenging and essential for SSVEP BCI based on ear-EEG.
In this paper, we first investigate linear and nonlinear regression
methods to increase the decoding accuracy of ear-EEG regarding
SSVEP paradigm by utilizing the estimated target EEG signals
on the occipital area. Then, we investigate an ensemble method
to consider the prediction variability of the regression methods. Finally, we propose an error correction regression (ECR)
framework to reduce the prediction errors by adding an additional nonlinear regression process (i.e., kernel ridge regression).
We evaluate the ECR framework in terms of single session,
session-to-session transfer, and subject-transfer decoding. We
also validate the online decoding ability of the proposed framework with a short-time window size. The average accuracies are
observed to be 91.11±9.14%, 90.52±8.67%, 86.96±12.13%, and
78.79±12.59%. This paper demonstrates that SSVEP BCI based
on ear-EEG can achieve reliable performance with the proposed
ECR framework.
Index Terms—Brain–computer interface (BCI), earelectroencephalography (EEG), nonlinear regression, steady-state
visual evoked potential (SSVEP).
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I. I NTRODUCTION
RAIN–COMPUTER interfaces (BCIs) allow for interpreting and performing (a limited number of) user
intentions using only brain signals [1], [2]. BCI users can
harness brain states for controlling external devices (e.g.,
robot [3], wheelchairs [4], [5], and speller system [6]).
Among the various brain imaging techniques (i.e., fMRI [7],
fNIRS [8], and MEG [9]), electroencephalography (EEG) is
a well-established technique that provides valuable insights
into brain activities [10]–[13]. To efficiently generate user
intentions, the existing EEG-based BCI techniques generally
use BCI paradigms, such as motor imagery (MI) [14]–[16],
P300 [17]–[20], and steady-state visual- or auditoryevoked potential (SSVEP [21]–[23] and SSAEP [24], [25],
respectively).
Recent EEG-based BCI studies have demonstrated their
applicability in real life from the perspective of machine learning as well as a portable hardware system and non-hair-bearing
EEG (e.g., [26]–[34]). For example, ear-EEG [33], [34], which
is a noninvasive electrical brain activity-measuring method
using electrodes placed in or around the ear, has been increasingly developed due to its benefits over the conventional
scalp-EEG system (i.e., convenience, unobtrusiveness, and
mobility). The applications of ear-EEG include a hearing
aid [35], [36]; sleep monitoring [37], [38]; biometric identification [39]; epilepsy detection system [40]; and fatigue
estimation [41]. Furthermore, its availability with auditory
BCI paradigms, including auditory event-related potential
(ERP) [33], [42]–[44] and auditory steady-state response [34],
[42], [43], [45]–[47], has been investigated. Auditory BCI
with ear-EEG has shown reliable performance because it can
directly achieve a relatively clear EEG signal near the temporal
cortex.
Furthermore, an SSVEP paradigm combined with the
ear-EEG has shown great potential for practical BCI
systems [34], [41]–[43], [45]–[50]. SSVEPs are periodic
responses elicited by the repetitive fast presentation of visual
stimuli; they typically operate at frequencies between approximately 1 and 100 Hz, and they can be distinguished by their
characteristic composition of harmonic frequencies [51]. In
addition, BCI users can easily activate the SSVEPs according
to their intentions by concentrating their gaze on the specific
visual stimulus. However, the SSVEP BCIs based on ear-EEG
have difficulty in accomplishing scalp-EEG-like performance
because SSVEP strongly occurs in the occipital cortex. Note
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that a proper channel location is an essential factor for a
high decoding performance. Hence, the natural constraint of
electrode location is an inevitable limitation of ear-EEG.
Previous studies have inspected the deterioration of the
SSVEP quality in various ear-EEG electrodes. For example, Kidmose et al. [42] proposed an earplug-type ear-EEG
electrode. Three classes (10, 15, and 20 Hz) of SSVEP
performance, such as SNR, were measured in comparison
to scalp-EEG. On average, SSVEP qualities of ear-EEG at
the first harmonic frequencies were decreased from 30 to
10 dB. Looney et al. [49] found the SSVEP performance
to decrease by approximately 50% (i.e., capacity ratios for
scalp- and ear-EEG based on the estimated SNR and independent of the stimulus presentation) using ear-EEG with two
LED visual stimuli (i.e., 15 and 20 Hz). Looney et al. [34]
and Goverdovsky et al. [45] developed an earpiece-type of
in-ear EEG sensor. The response obtained from the in-ear
EEG was weaker than those obtained from the central regions.
Wang et al. [50] compared SSVEP of the occipital area with
that of the behind-ear area using a high-density EEG cap.
As a result, the ear-EEG exhibited a performance reduction of approximately 50% compared to that of scalp-EEG.
Furthermore, in other ear-EEG research, such as a carbon nanotube polydimethylsiloxane-based earphone-type EEG [43],
high-density ear-EEG [46], and dry-contact electrode earEEG [47], a decreased SSVEP amplitude compared to that
of scalp-EEG was reported.
Hence, this paper aims to enhance the deteriorated ear-EEGbased SSVEP decoding performance. Our main concept is to
utilize the estimated EEG signals on the occipital area based on
the linear and nonlinear regression models between ear-EEG
and scalp-EEG signals. Mikkelsen et al. [52] proved that large
portions of the scalp-EEG can be predicted from ear-EEG in
the alpha attenuation, auditory onset, and mismatch-negativity
response paradigms. They also formulated that the relation
between ear-EEG and scalp-EEG was linear based on the
mutual information theory [53]; note that the predictions based
on the mutual information theory eventually led to the multiple
linear regression (MLR) method used in our experiment.
However, usually, the prediction accuracy of the linear
regression model is degraded by the noise of the independent variables in the training data. To minimize this effect,
regularization techniques (e.g., l1 - and l2 -norm regularization)
can be used by adding the shrinkage quantity. Furthermore,
the linear method is a rough approximation of the real model
because many complex and interesting phenomena in nature
occur owing to the nonlinear phenomena. Furthermore, in
research related to BCIs, regularization, and nonlinear techniques, such as least absolute shrinkage and selection operator
(LASSO) [54], ridge regression (RR) [55], and kernel RR
(KRR) [56], are employed to demonstrate a more proper
interpretation and better results because EEG exhibits characteristics, such as noisiness, nonstationarity, multiscality, and
high dimensionality [57].
For more accurate and reliable predictions, the nonlinearity
property can be considered. Hence, to the best of our knowledge, this paper is the first attempt to enhance the ear-EEG
performance in the SSVEP paradigm and utilize the nonlinear
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relation between ear-EEG and scalp-EEG. Furthermore, we
are the first to propose an error correction regression (ECR)
framework for SSVEP BCI based on ear-EEG, which can estimate and correct the errors by adding an additional nonlinear
regression process. In addition, this is the first online study to
demonstrate that nonlinear prediction can be used for real-time
ear-EEG BCIs.
For this purpose, we investigate the signal estimation methods based on the regression methods (i.e., MLR, RR, and
KRR); here, we utilize l2 -norm regularization because l1 -norm
regularization generally causes the corresponding coefficient
to tend to zero when a high correlation exists between independent variables (e.g., ear-EEG signals in very adjacent
locations). We also investigate an ensemble regression (ER)based method to consider the prediction variability of the
above methods. Finally, we propose an ECR framework that
has an additional nonlinear regression process (based on KRR)
for estimating and correcting the errors of the previous regression process. While the concept of correcting the prediction
errors with machine learning is not new [58], [59], we correct the errors by estimating the errors based on the nonlinear
regression method by only using the ear-EEG system without
the scalp-EEG system. We evaluate the proposed framework
extensively in terms of a single session decoding, sessionto-session transfer decoding, subject-transfer decoding, and
online decoding.
The remainder of this paper is organized as follows. In
Section II, the experimental setup, data acquisition, signal
processing, and signal estimation methods and evaluation are
described. The numerical results and discussion are presented
in Section III and the conclusions and future work are outlined
in Section IV.
II. M ATERIALS AND M ETHODS
A. Experimental Setup
Eleven healthy subjects with normal or corrected-to-normal
vision and no history of neurological disease participated in
this paper (age range: 25–32 years; 1 female). We simultaneously recorded the EEG signals using two devices. To
acquire EEG signals in the occipital area, we used a BrainAmp
(Brain Products GmbH) with eight channels (PO7, PO3, POz,
PO4, PO8, O1, Oz, and O2); reference and ground electrodes
were placed at Fpz and FCz, respectively. Here, we call the
EEG signals scalp-EEG. To acquire ear-EEG signals, we used
the Smarting System (mBrainTrain LLC) and cEEGrid electrodes with 18 channels; reference and ground electrodes were
placed in the middle of the right ear cEEgrid (for a detailed
description of the system and electrode, see [33]). Both devices
applied a sampling frequency of 500 Hz, band-pass filter at
0.3–50 Hz, and a 60-Hz notch filter. We attached two cEEGrid
electrodes around both ears and then put an EEG cap on the
subject’s head; Fig. 1 shows detailed channel information and
the EEG device setup.
To induce SSVEP signals, we designed three flickering
visual stimuli on the LCD monitor (Samsung, SyncMaster
2494HM). Fig. 2(a) shows a visual stimulation; the size of
the stimuli was 8 cm × 8 cm. Each stimulus had frequencies
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for each class). The subjects were instructed to attend, randomly, to the specific visual stimuli. Visual and auditory cues
were given simultaneously. The auditory cue was provided to
capture the attention and concentration of the subjects. The
visual cue indicated the target class over 2 s with a yellow
box on the target stimulus. The subjects were then asked to
gaze at the corresponding stimulus for 6 s; during this time,
all stimuli blinked simultaneously [Fig. 2(b)]. In the third session (session 3), we acquired only the ear-EEG signals without
using scalp-EEG devices. We collected 60 trials in total (20 trials for each class). The instructions given to the subjects were
similar to those in sessions 1 and 2, except that we requested
them to concentrate on the stimulus for 3 s. Note that the
three sessions were acquired on different days. The dataset
(MATLAB file format) including the three sessions can be
downloaded at http://deepbci.korea.ac.kr.

(a)

C. Signal Processing

(b)
Fig. 1. (a) Channel locations of scalp-EEG and ear-EEG. (b) Appearance of
wearing the EEG devices.

(a)

(b)
Fig. 2. (a) Size, shape, and flickering frequencies of the three visual stimuli.
(b) Experimental procedure for sessions 1 and 2.

of 10, 8.57, and 7.5 Hz, which were calculated by dividing the monitor refresh rate by an integer (i.e., 60/6, 60/7,
and 60/8). The visual stimuli were presented to the subjects
using the Psychophysics Toolbox in MATLAB. During the
data acquisition, subjects sat in a comfortable chair, and the
distance between the subjects and the screen was maintained
at approximately 60 cm.
B. Data Acquisition
We acquired three sessions of SSVEP
and second sessions (called session 1 and
tively), we used both the scalp-EEG and
In these sessions, we collected 150 trials

data. In the first
session 2, respecear-EEG devices.
in total (50 trials

From the acquired EEG signals, we applied the fourth
Butterworth band-pass filter of [3–25] Hz to both scalp-EEG
and ear-EEG signals (note that we did not use other artifact removal methods). To model the relation between the
scalp-EEG (dependent variables) and the ear-EEG (independent variables), we modified the independent variables from
the original EEG signals using the time-delay samples (τ ). We
constructed the temporally embedded ear-EEG (X̃) by concatenating the past time samples of each channel. The size of the
time-delay samples was selected before training ECR framework; in this paper, we choose six representative time-delay
samples (τ = 0, 1, 4, 9, 49, and 99) to show how the decoding
trend changes. The dimensions of the independent variables at
a specific time were determined by [(τ + 1) samples × number of channels in ear-EEG]. For example, for τ = 99, the
dimension of the independent variables at a specific time was
1800 (100 samples × 18 channels). Then, we analyzed the
regression models between two EEG device signals and estimated the scalp-EEG signals using only the ear-EEG signals
(detailed description of the estimation methods is given below
in signal estimation methods). Finally, the predicted scalpEEG signals were used for classification; here, we employed
canonical correlation analysis (CCA)-based SSVEP classification method [60]–[62] to investigate the effect of the proposed
method (note that CCA is a simple SSVEP detection method
that does not require any training data for classification). CCA
is a multivariable statistical method that finds a pair of linear
combinations such that the correlation between two canonical
variables H and Z is maximized (note that we use H and Z
to prevent confusion with variables X and Y in the regression method). In SSVEP BCI research, CCA has been used to
decompose the EEG signals to extract stimulation frequencyrelated information. CCA finds the weight vectors, Wh and Wz ,
which maximize the correlation between the canonical variants
h = H  Wh and z = Z  Wz , by solving
 
E h z
max ρ(h, z) = √ 
Wh ,Wz
E[h h]E[z z]


E Wh HZ  Wz
=  
(1)
 
.
E Wh HH  Wh E Wz ZZ  Wz
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Overview of the proposed ECR framework.

The maximum of ρ with respect to Wh and Wz is the maximum
canonical correlation. As one dataset, we use EEG signals
H(t); here, H(t) comprises the estimated EEG signals only
or both the estimated EEG signals and ear-EEG signals. As
Zfi (t), we use the three reference frequencies (i.e., f1 = 10,
f2 = 8.57, and f3 = 7.5 Hz) of visual stimuli
Zfi (t) = (sin(2π fi t), cos(2π fi t), sin(2π(2fi )t), cos(2π (2fi )t))
(2)
where t is the number of sampling points divided by the sampling rate. The maximized canonical correlation ρ is used
for detecting the respective frequency of the stimulus that the
subject attended. The classification result C is recognized by
C = maxρfi .
fi

(3)

D. Signal Estimation Methods
Here, we describe five signal estimation methods. First, we
explain three signal estimation methods based on the existing
regression methods (i.e., MLR [63], RR [64], and KRR [65]).
Subsequently, we present a signal estimation method based on
the ensemble method ER of a linear combination of the three
regression methods. Finally, we describe an ECR-based signal
estimation method that can minimize the prediction error by
using an additional regression process. The ECR-based signal
estimation method is called ECR framework. Fig. 3 shows an
overview of the proposed ECR framework.
1) MLR-Based: MLR is the most common form of linear
regression analysis [63]. As a predictive analysis, MLR is used
to explain the relation between continuous dependent variables and two (or more) independent variables. The predictions

based on MLR, ŶMLR , can be written as
ŶMLR = BMLR X̃.

(4)

The least-square error can be used to optimize weight BMLR as
−1

BMLR = X̃ X̃  X̃Y  .
(5)
In this paper, the dimension of independent variables X̃ (i.e.,
temporally embedded ear-EEG) is (τ + 1)Nchear × S and that of
dependent variables Y is Nchscalp ×S, where Nchear is the number
of channels in ear-EEG, Nchscalp is the number of channels in
scalp-EEG, τ is the time-delay samples, and S is the number
of time samples.
2) RR-Based: RR (linear least squares with l2-norm regularization) is a technique for analyzing multiple regression
data that reduces the standard errors by adding a degree of
bias to the regression estimates [64]. The prediction based on
the RR method, ŶRR , can be written as
ŶRR = BRR X̃.
The RR coefficient BRR is

−1
BRR = X̃ X̃  + λI X̃Y 

(6)

(7)

where λ ≥ 0 is a ridge parameter that controls the strength
of the penalty term. Note that it becomes linear regression estimated using (5) as λ decrease to 0. On the other
hand, increasing λ will shrink coefficients to 0. We used the
MATLAB function ridge that returns a vector of coefficient
estimates for a multilinear RR of the responses in Y on the
predictors in X̃. In the training phase, we used ridge parameters ranging from 10−5 to 10−2 by generating ten points of
logarithmically spaced vectors.
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3) KRR-Based: KRR (i.e., the mean of a Gaussian process)
combines RR with the kernel trick to estimate a nonlinear
function of the input data [66]. It thus learns a linear function
in the space induced by the respective kernel and the data. For
nonlinear kernels, this corresponds to a nonlinear function in
the original space. We can compute a kernel function k(·, ·)
cheaply without ever explicitly forming a kernel feature space.
It computes the inner product of two data points (pi , pj ) in a
kernel feature space φ. In this paper, we use a Gaussian kernel
function


2
k pi , pj = e−(pi −pj ) /σ
(8)
where σ is the width of the Gaussian kernel function. The
kernel trick essentially uses the fact that we can express the
optimal nonlinear function as a linear combination of data similarities in a kernel feature space. For example, the prediction
of KRR-based method ŶKRR given a new data point x̃new can
be expressed as
⎞
⎛


k x̃new , x̃j αj ⎠
(9)
ŶKRR = ⎝
j

where j is an index variable that runs over all training data x̃j
and αj are dual coefficients obtained by
α = (K + λI)−1 Y 

ρMLR ŶMLR + ρRR ŶRR + ρKRR ŶKRR
.
ρMLR + ρRR + ρKRR

(11)

5) ECR-Based: ECR uses two regression processes. In the
first process, it estimates Ŷm , where, m indicates MLR-based,
RR-based, KRR-based, and ER-based signal estimation methods. We selected m that has a maximum of the averaged
correlation value between the estimated EEG signals and the
actual scalp-EEG, which was calculated using the training
data. Furthermore, errors E between the estimated EEG signals
Ŷm and the actual EEG signals Y were obtained by
E = Ŷm − Y.



k(x̃new , x̃l )αl

Ê =

(13)

l

where l is an index variable that runs over all training data xl
and αl is a dual coefficient obtained by
α = (K + λI)−1 E

(14)

where I is the identity matrix, λ denotes a ridge parameter,
and K is the square kernel matrix computed on all training data points. Note that we used different training data
for the two regression processes (see details in Section II-E).
The prediction based on the ECR framework, ŶECR , can be
written as
ŶECR = Ŷm − Ê.

(15)

We also used the Gaussian kernel function following (8) with
the width parameters ranging from 1 to 104 and the ridge
parameters ranging from 10−5 to 10−2 by generating ten
points of logarithmically spaced vectors (note that hereafter
we call the above methods MLR, RR, KRR, ER, and ECR,
respectively).

(10)

where I is the identity matrix, λ denotes a ridge (regularization) parameter, and K is the square kernel matrix computed on
the training data points. We used the ridge parameters ranging
from 10−5 to 10−2 by generating five points of logarithmically
spaced vectors. We also used a Gaussian kernel function with
the width parameters ranging from 1 to 104 by generating ten
points of logarithmically spaced vectors.
4) ER-Based: Prediction abilities of the above methods
differ according to different time-delay samples (τ ). For a stable prediction, we composed an ER consisting of the above
three estimation methods. From the calibration phase in each
method, averaged correlation values ρm (m indicates MLR-,
RR-, and KRR-based signal estimation methods) between the
estimated EEG signals and actual scalp-EEG were calculated
using training and validation data. ER is a linear summation of
the output of the three regression methods and is denoted by
ŶER =

previous regression process. Hence, the estimated errors Ê can
be expressed as

(12)

In the second regression process, we trained an additional
regression model based on KRR between the new temporally embedded ear-EEG X̃ signals and the errors E of the

E. Evaluation
We evaluated the proposed framework in terms of a single session decoding, session-to-session transfer decoding,
subject-transfer decoding, and online decoding. For evaluating the single session decoding performance, sessions 1 and
2 were used for single session performance. In addition, we
used a three-fold cross-validation to evaluate the models. We
equally divided the whole data into training, validation, and
test data to determine the parameters. Then, we performed a
second (inner) cross-validation to determine the out-of-sample
performance for a certain parameter configuration using the
training and validation data; here, we used ridge parameters in
the range 10−5 –10−2 and Gaussian kernel width parameters
in the range 1–104 by generating ten points of logarithmically spaced vectors, respectively. This inner cross-validation
was repeated for all parameter configurations, and the best
configuration was used to train the algorithm using the training data. Finally, the trained model was tested using the test
data. For training the model, we randomly selected 5% of
the total number of samples from the training and validation
data (i.e., 15 000 samples = 100 trials × 6 s × 500 samples/s × 5%); for testing the model, all samples of the test
data were used (i.e., 150 000 samples = 50 trials × 6 s × 500
samples/s). For session-to-session transfer decoding, we used
trained regression models in the single session evaluations. We
selected the models that have the highest correlation value in
the three-fold validation. We examined the four cases, from
session 1 to session 2 (session 1→2), from session 1 to
session 3 (session 1→3), from session 2 to session 1 (session 2→1), and from session 2 to session 3 (session 2→3).
For subject-transfer decoding, we transferred the regression
models of the best performing subject (i.e., Sub. 6) to others
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(b)

Fig. 4. Grand averaged accuracies of each method for 11 subjects according to the time window size (x-axis) using (a) session 1 and (b) session 2.
Gray bar [i.e., ear-EEG (N/A)], black bar filled with lines [scalp-EEG and ear-EEG (N/A)], and black bar without lines (scalp-EEG) used actual measured
signals. Colored bars show the accuracies from estimated signals without actual measured ear-EEG signals. Red boxes indicate the best accuracies among
the performances using only ear-EEG. Error bars are standard deviations. One asterisk indicates 5% significance level between ECR (purple bar) and the
corresponding method (Wilcoxon signed-rank test).

Fig. 5. Individual accuracies of ECR for single session 1. Six bars in a subject indicate six different window sizes from 1 s (left) to 6 s (right). Orange bars
show increased accuracy compared to ear-EEG (yellow bar) where no signal estimation methods are applied. Blue bars indicate the accuracy of scalp-EEG.

on session 1 data (i.e., best→others). We also tested to transfer the model of worst performing subject (i.e., Sub. 1) to the
others (i.e., worst→others). For online decoding, we tested the
ECR method with only the ear-EEG system (without wearing
the scalp-EEG) in a cue-based online manner using 2-s window size (30 trials in total). We also used trained regression
models in the session-to-session transfer evaluation.
III. R ESULTS AND D ISCUSSION
A. Single Session Decoding Performance
The single session decoding performance (when τ = 99) is
presented in Fig. 4, showing grand averages of each method
for 11 subjects according to the three time window sizes (i.e.,
2, 4, and 6 s). We observed more deteriorated performance
of ear-EEG than scalp-EEG when the time window size
was smaller when comparing the performance in measured
scalp-EEG (black) and measured ear-EEG (gray), which did
not apply any signal estimation method. The ECR showed
the best accuracy in the different time windows (marked as
red boxes in Fig. 4), also showing a significant difference
with the other methods; statistical significance was set at 5%
(Wilcoxon signed-rank test). Comparing the accuracies of earEEG when no method was applied, the averaged increments
were 14.79±7.92, 13.09±7.02, and 8.71±6.43% (in session 1)

at each time window size and 19.09±7.78, 14.12±4.75, and
10.10±5.83% (in session 2). The grand average in ECR of the
two single sessions at 6 s was 91.11±9.14%.
Fig. 5 shows an individual performance increase using ECR
according to the time window size in session 1. Although
there are high performing subjects (i.e., Subs. 5, 6, and 9)
in ear-EEG, performance decrease is inevitable compared to
that of scalp-EEG and the other subjects showed significant
deterioration.
The averaged correlation coefficient values between the
measured scalp-EEG and estimated signals from earEEG based on ECR were recorded as 0.5447±0.0500
and 0.5638±0.0690 for sessions 1 and 2, respectively.
Furthermore, correlation in ECR showed significant differences compared to those of the other methods (Wilcoxon
signed-rank test, <0.05) (see details in Table I).
Fig. 6 shows an example of how the ECR method functions in the time domain; the result was randomly selected in
session 1 for Sub. 5 at channel POz. In this example, KRR
was selected for the first regression process in the training
step; the correlation coefficient between the measured scalpEEG and estimated signals by KRR was 0.3210. The errors
between the two signals obtained by (12) were then measured. In addition, the second regression process estimated the
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TABLE I
P ERFORMANCE E VALUATION R ESULTS ON S INGLE S ESSION D ECODING U SING A T HREE -F OLD C ROSS -VALIDATION (W HEN τ = 99). AVERAGED
C ORRELATION B ETWEEN THE M EASURED S CALP -EEG AND THE E STIMATED S IGNALS OF E ACH M ETHOD WAS C ALCULATED U SING T EST DATA .
AVERAGED ACCURACY WAS G IVEN AT THE 6 S T IME W INDOW. I N THE ACCURACY R ESULTS , Both I NDICATES C LASSIFICATION R ESULTS U SING B OTH
ACTUAL M EASURED E AR -EEG S IGNALS AND E STIMATED S IGNALS . A ND O NLY I NDICATES T HAT OF U SING O NLY E STIMATED S IGNALS BASED ON
THE C ORRESPONDING M ETHOD . B OLD N UMBERS I NDICATE THE B EST P ERFORMING N UMBER . A STERISK M ARKS ON THE R ESULTS I NDICATE A
S IGNIFICANT D IFFERENCE (W ILCOXON S IGNED -R ANK T EST, <0.05) B ETWEEN ECR AND THE C ORRESPONDING M ETHOD

TABLE II
P ERFORMANCE E VALUATION R ESULTS ON S ESSION - TO -S ESSION T RANSFER D ECODING (W HEN τ = 99). AVERAGED ACCURACY WAS G IVEN AT THE
6 S T IME W INDOW; S ESSION 1 (T RAINING )→ S ESSION 3 (T EST ) AND S ESSION 2 (T RAINING ) → S ESSION 3 (T EST ) W ERE E VALUATED W ITH THE 3 S
T IME W INDOW. AVERAGED C ORRELATION B ETWEEN THE M EASURED S CALP -EEG AND THE E STIMATED S IGNALS OF E ACH M ETHOD WAS
C ALCULATED U SING T EST DATA (N OTE T HAT W E O NLY M EASURED THE E AR -EEG S IGNALS IN S ESSION 3). I N THE ACCURACY R ESULTS , Both
I NDICATES C LASSIFICATION R ESULTS U SING B OTH ACTUAL M EASURED E AR -EEG S IGNALS AND E STIMATED S IGNALS . A ND O NLY
I NDICATES T HAT OF U SING O NLY E STIMATED S IGNALS BASED ON THE C ORRESPONDING M ETHOD . B OLD N UMBERS I NDICATE THE B EST
P ERFORMING N UMBER . A STERISK M ARKS ON THE R ESULTS I NDICATE A S IGNIFICANT D IFFERENCE (W ILCOXON
S IGNED -R ANK T EST, <0.05) B ETWEEN ECR AND THE C ORRESPONDING M ETHOD

estimated scalp-EEG signals, finally, the ECR output showed
an enhanced correlation coefficient up to 0.5660. Fig. 6(c)
shows a reduced estimation error by ECR compared to KRR.
(a)

(b)

(c)
Fig. 6. (a) Example of the measured signals from the scalp-EEG (black) and
the estimated signals from KRR (green) and ECR (red) in the time domain;
the correlation of KRR (between the measured signals) is 0.3210 and ECR
is 0.5660. (b) Measured error of KRR (black) at the same time with (a) and
the estimated error by ECR (purple); the correlation is 0.5655. (c) Absolute
error of estimated signals from KRR (green) and ECR (red) in (a); mean
absolute error from KRR is 7.75 and that of ECR is 5.83. Note that this plot
is randomly selected from the Sub. 5 at channel POz. The correlation value
can differ.

error signals [Fig. 6(b)]; the correlation coefficient between the
measured errors of KRR and the estimated errors by ECR
was 0.5655. By subtracting the estimated errors from the

B. Session-to-Session Transfer Decoding Performance
We trained the regression models in the specific session
and tested them in completely new sessions within the same
subject (i.e., intrasubject variability). The decoding performances (when τ = 99) are given in Fig. 7 and Table II.
In the case of session 1→2, 80.85% of ear-EEG accuracy,
with no method applied, could be maximally enhanced up to
90.30% using ECR at the 6 s time window, and 2→1 increased
82.55% of ear-EEG to 90.73%. ECR showed the best accuracies in the different time windows. The grand average of two
session-to-session transfer decoding at 6 s was 90.52±8.67%.
In the case of session 1→3 [Fig. 7(c)], 69.39±15.54% of
ear-EEG was increased to 82.27±10.04%, and in the case of
session 2→3 [Fig. 7(d)], increased up to 83.33±11.85% at the
3 s time windows (note that we acquired an SSVEP trial with
the 3 s time window without scalp-EEG). ECR outperformed
the others in 2 and 3 s time window; however, KRR had higher
accuracy than the 1 s time window in session 1→3.
The outstanding ECR performance implies that the
prediction errors could be transferred beyond the session
within the subjects. In addition, the results with a small window size showed the applicability of a real-time system with
the reliable performance of the proposed framework.
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(a)

(b)

(c)

(d)

Fig. 7. Session-to-session transfer decoding performance of (a) session 1→2, (b) session 2→1, (c) session 1→3, and (d) session 2→3. One asterisk indicates
5% significance level between ear-EEG (gray bar) and the corresponding method (Wilcoxon signed-rank test).

C. Subject-Transfer Decoding Performance
We evaluated the subject-transfer decoding performances
(i.e., intersubject variability) by transferring the best performing subject’s regression models (best→others). We also found
performance increases by ECR. However, as expected, the
level of improvement was not sufficient for the above evaluations. The average accuracies of ECR were 68.44±14.22%,
81.59±14.31%, and 86.96±12.13% for the three time windows. Here, ECR sustained the significant differences (Fig. 8).
We also tested transferring the worst performing subject’s
model (worst→others). In this case, ECR did not show the
best accuracy (Table III); instead, KRR achieved the best
performance. Furthermore, the tendency of statistical significance decreased compared to that of best→others. We assume
that the worst subject’s error correcting model in ECR was not
suitable for other subjects to correct the prediction error. Note
that building an optimal transfer model is an important issue
and needs to be further investigated.

Fig. 8. Subject-transfer decoding performance on session 1: (a) best(Sub.
6)→others and (b) worst(Sub. 1)→others. Note that we excluded the results
of Subs. 1 and 6 for an impartial comparison. The gray bar (ear-EEG), black
bar filled with lines (scalp-EEG and ear-EEG), and black bar without lines
(ear-EEG) used the actual measured signals. The other colored bars filled
with lines show the accuracies acquired from both actual ear-EEG signals and
estimated signals from the corresponding method. Colored bars without lines
only show the accuracies from the estimated signals without actual ear-EEG
signals. Red boxes indicate the best accuracies among the regression methods.
Asterisk indicates 5% significance level between ear-EEG (gray bar) and the
corresponding method (Wilcoxon signed-rank test).

D. Online Decoding Performance
The online decoding performance of ECR was evaluated
using a 2-s window size. The results of accuracies and
information transfer rate (ITR) are presented in Table IV. ITR
was calculated as


 
1−A
60
log2 Nc + A log2 A + (1 − A) log2
ITR =
T
Nc − 1
(16)

average computational time T of 2.3079 s; we used a personal
computer (Intel i5-3330 CPU@3-GHz RAM: 32 GB). ECR
recorded an average accuracy of 78.79±12.59% and average ITR of 18.07±10.04 [bits/min]. Although ECR needed
more computational time due to the two nonlinear processes,
encouraging enhancement in accuracy and ITR demonstrates
the feasibility of online use of the proposed method.

where T is the time needed to classify user intention, N
is the number of classes, and A is the accuracy. While T
was 2.0015 s when ECR was not applied, ECR needed an

E. Spectral Analysis of ECR
Fig. 9 represents the averaged FFT plots within the same
stimulus frequencies to compare the SSVEP power of the
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TABLE III
P ERFORMANCE E VALUATION R ESULTS ON S UBJECT-T RANSFER D ECODING (W HEN τ = 99). AVERAGED C ORRELATION B ETWEEN THE M EASURED
S CALP -EEG AND THE E STIMATED S IGNALS OF E ACH M ETHOD WAS C ALCULATED U SING T EST DATA . AVERAGED ACCURACY WAS G IVEN AT THE 6 S
T IME W INDOW. I N THE ACCURACY R ESULTS , Both I NDICATES C LASSIFICATION R ESULTS U SING B OTH ACTUAL M EASURED E AR -EEG S IGNALS AND
E STIMATED S IGNALS . A ND O NLY I NDICATES T HAT OF U SING O NLY E STIMATED S IGNALS BASED ON THE C ORRESPONDING M ETHOD . B OLD N UMBERS
I NDICATE THE B EST P ERFORMING N UMBER . R ESULTS OF B EST P ERFORMING S UBJECT (S UB . 6) AND W ORST P ERFORMING S UBJECT (S UB . 1) W ERE
E XCLUDED IN THE A NALYSIS . A STERISK M ARKS ON THE R ESULTS I NDICATE A S IGNIFICANT D IFFERENCE (W ILCOXON S IGNED -R ANK
T EST, <0.05) B ETWEEN ECR AND THE C ORRESPONDING M ETHOD

(a)

(d)

(b)

(e)

(c)

(f)

Fig. 9. Averaged FFT amplitude plots of all channels for Sub. 6 (a)–(c) and Sub. 1 (d)–(f). (a) and (d) Results from single session 1 and (b) and (e)
session-to-session decoding (session 1→3). (c) and (f) Subject-transfer decoding. Blue, orange, and yellow lines indicate the scalp-EEG, estimated signals
using ECR, and actual measured ear-EEG signals.

measured scalp-EEG signals (blue), ECR-based estimated
EEG signals (orange), and measured ear-EEG signals (yellow)
for Sub. 6 (best performing subject) and Sub. 1 (worst performing subject); we selected the two subjects based on the ECR
accuracy at the 6 s time window. Most subjects with the scalpEEG showed reliable accuracies, which were quite higher than
the existing SSVEP research because we used only three target
stimuli with relatively large size. Sub. 6 showed quite distinct

SSVEP power in ear-EEG at the target frequency, whereas
the peaks of Sub. 1 in ear-EEG were greatly smeared out.
However, after the ECR was applied, the peaks were increased
at the target frequencies in all evaluations; in the case of Sub.
6, the harmonic frequency component also increased. In the
case of Sub. 1, there was also a power increase but not as high
as that of Sub. 6. Thus, it is also difficult to find the effects
at the harmonic frequencies.

Authorized licensed use limited to: Korea University. Downloaded on July 13,2020 at 01:30:14 UTC from IEEE Xplore. Restrictions apply.

KWAK AND LEE: ECR FRAMEWORK FOR ENHANCING DECODING ACCURACIES OF EAR-EEG BCIs

3663

(a)

(a)

(b)

(b)
Fig. 11. Decoding trends of (a) accuracy and (b) correlation according to
time-delay samples τ .

(c)
Fig. 10. Hierarchical cluster analysis using (a) scalp-EEG, (b) measured
ear-EEG, and (c) ECR-based estimated EEG.

F. Hierarchical Cluster Analysis
The hierarchical cluster analysis, which seeks to build a
hierarchy of clusters, can be used to extract and visualize the
characteristics of EEG signals efficiently [67], [68]. We present
the hierarchical cluster analysis results for three conditions
(i.e., scalp-EEG [Fig. 10(a)], measured ear-EEG [Fig. 10(b)],
and ECR-based estimated EEG [Fig. 10(c)]) to investigate the
variability of SSVEP dynamics across multiple subjects and
sessions. We constructed a heat map to illustrate the FFT
amplitude for the stimuli frequency. The hierarchical cluster analysis was applied to both dimensions of the heat map
to assess the intersubject and intrasubject variability (along
rows) and the similarity among channels and stimuli frequency
(along columns) with average-linkage dendrograms. We used
Euclidian distance metric for estimating the similarity. Three
subfigures showed similar result trends. Subjects with different
sessions were grouped together, indicating a smaller intrasubject variability than intersubject variability. Further, adjacent
channels with the same frequency were grouped together, indicating high similarity of the adjacent channels. However, it can
be still inferred that the proposed ECR framework enhances
the performance of ear-EEG; range of the FFT power in
Fig. 10(c) was increased compared with that of Fig. 10(b).

Fig. 12. Ratio of the selected regression method in ECR according to timedelay samples τ .

G. Decoding Trends
According to the number of time-delay samples (τ ) for
temporally embedded ear-EEG input features (i.e., different
dimensions of input features), decoding results of each estimation method with a 6 s time window showed different trends in
accuracy and correlation (Fig. 11). We tested different timedelay samples (e.g., τ = 0, 1, 4, 9, 49, and 99) using data
from sessions 1 and 2. In particular, performance degradation of MLR occurred gradually and then considerably when
τ was larger than 9. On the other hand, KRR showed an
increase in performance as τ grew. We conjecture that the
nonlinear characteristics of the input features are prominent
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Fig. 13.
Sub. 8.
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Spatial and temporal maps according to time-delay samples τ for

TABLE IV
O NLINE E XPERIMENTAL R ESULTS : TARGET S EQUENCE WAS R ANDOMLY
G IVEN A MONG THE T HREE C LASSES . N/A I NDICATES C LASSIFICATION
R ESULT W HEN ECR WAS N OT A PPLIED . PARENTHESIS I NDICATES
S TANDARD D EVIATION

BCI. Fig. 12 provides the ratio of the selected regression methods (i.e., MLR, RR, KRR, and ER) in the first regression
process in ECR. The total number of selected methods is 66
(3 cross-validations, 11 subjects, and 2 sessions). According
to τ , the selected method differed. When τ was 0, 9, 49, and
99, KRR was the most frequently selected. On the other hand,
ER was the most frequently selected when τ was 1 and 4.
Fig. 13 shows the spatial and temporal maps of the ECRbased estimated EEG signals according to different time-delay
samples. The SSVEP trials corresponding to f1 (i.e., 10 Hz)
class were transformed into the frequency domain using shorttime Fourier transform with 1024 samples of window length,
8 samples of hop size, and 4096 samples of FFT points. Then,
10-Hz components were averaged at each time point. The averaged amplitude at 10 Hz for all channels shows an increase
with τ . Further, three reconstructed channels in occipital area
(i.e., O1, Oz, and O2) tend to have a larger value compared
with reconstructed parietal–occipital channels (i.e., PO7, PO3,
POz, PO4, and PO8).
IV. C ONCLUSION

as the value of τ increases. ER showed stable decoding trends
until τ was 9. However, when τ was larger than 9, ER could
not avoid the impact of the large performance degradation of
MLR. ECR had the highest average accuracy and correlation
regardless of τ ; the correlation of ECR was slightly better than
that of the others, which resulted in enhanced accuracy. These
results show that the error correction process in ECR could
enhance the decoding performance of ear-EEG-based SSVEP

SSVEP combined with the scalp-EEG system has shown
great potential for promoting the communication ability [69],
assisting motor function [21], and controlling external
devices [70], as well as in percepting the video quality [71].
From the perspective of BCI users, ear-EEG has a significant opportunity to realize the real-life use of BCI application because it is a more convenient, unobtrusive, and
user-friendly device compared to the conventional scalp-EEG
system. However, due to its constraint of electrode locations, it
is difficult to achieve a reliable (scalp-EEG-like) performance
with the various BCI paradigms. SSVEP in ear-EEG could be
detected but with deteriorated signal quality through blurring
of the field by the head volume conductor [72].
Hence, this paper has presented a signal estimation method
for enhancing the performance of ear-EEG in SSVEP
paradigms using linear and nonlinear regression models.
Furthermore, we proposed a novel framework, ECR, that
can make more sophisticated predictions by estimating and
correcting the errors using the nonlinear regression method.
Consequently, ECR increased the correlation coefficient values between the estimated and measured signals, which means
an improvement in estimation accuracy. It thus significantly
increased the performance of SSVEP classification abilities.
We evaluated the proposed methods in terms of single session
decoding, session-to-session transfer decoding, and subjecttransfer decoding performance. In all cases, the ECR framework showed the best increases in SSVEP based on ear-EEG.
In particular, the performance improvement in a single session
was the highest. We also find that our proposed framework
could deal with both session-to-session and subject-to-subject
variability, achieving higher accuracy compared to using only
ear-EEG signals; however, building an optimal transfer model
needs to be further investigated based on the hierarchical
cluster analysis. The results in session-to-session transfer and
subject-transfer decoding are very significant for BCI studies
as they reduced the data collection time, calibration phase, and
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visual fatigue [73]–[77]. We also demonstrated a successful
feasibility of online control of the proposed method with a
short-time window size.
In this paper, we employed the CCA-based simple classification method because it does not need any training dataset
for classification. To further improve the performance, it is
necessary to incorporate more advanced SSVEP classification
methods (e.g., convolutional neural network [22], correlated
component analysis [23], and task-related component analysis [78]). Further, to enhance the practicality in real life, the
sampled sinusoidal stimulation method [79] can be used to
generate a number of visual stimuli. So far, this paper has
tested the performance of ear-EEG in an SSVEP paradigm.
Note that the proposed method is also applicable to other
types of BCI paradigms (such as alpha attenuation, auditory onset, and P300) with the corresponding classification
method.
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[76] S. Fazli, F. Popescu, M. Danȯczy, B. Blankertz, K.-R. Müller,
and C. Grozea, “Subject-independent mental state classification
in single trials,” Neural Netw., vol. 22, no. 9, pp. 1305–1312,
Nov. 2009.
[77] M. Krauledat, M. Tangermann, B. Blankertz, and K.-R. Müller,
“Towards zero training for brain–computer interfacing,” PLoS ONE,
vol. 3, no. 8, Aug. 2008, Art. no. e2967.
[78] M. Nakanishi, Y. Wang, X. Chen, Y.-T. Wang, X. Gao, and T.-P. Jung,
“Enhancing detection of SSVEPs for a high-speed brain speller using
task-related component analysis,” IEEE Trans. Biomed. Eng., vol. 65,
no. 1, pp. 104–112, Jan. 2018.
[79] X. Chen, Y. Wang, S. Gao, T.-P. Jung, and X. Gao, “Filter bank canonical correlation analysis for implementing a high-speed SSVEP-based
brain–computer interface,” J. Neural Eng., vol. 12, no. 4, Aug. 2015,
Art. no. 046008.

Authorized licensed use limited to: Korea University. Downloaded on July 13,2020 at 01:30:14 UTC from IEEE Xplore. Restrictions apply.

KWAK AND LEE: ECR FRAMEWORK FOR ENHANCING DECODING ACCURACIES OF EAR-EEG BCIs

No-Sang Kwak received the B.S. degree in
electronic engineering from the Seoul National
University of Science and Technology, Seoul,
South Korea, in 2013. He is currently pursuing the
Ph.D. degree in brain cognitive engineering with
Korea University, Seoul.
His current research interests include machine
learning, deep learning, and brain–computer
interface.

3667

Seong-Whan Lee (F’10) received the B.S. degree
in computer science and statistics from Seoul
National University, Seoul, South Korea, in 1984
and the M.S. and Ph.D. degrees in computer science
from the Korea Advanced Institute of Science and
Technology, Seoul, in 1986 and 1989, respectively.
He is currently the Hyundai-Kia Motor Chair
Professor and the Head of the Department of
Artificial Intelligence, Korea University, Seoul. His
current research interests include pattern recognition,
artificial intelligence, and brain engineering.
Dr. Lee is a fellow of IAPR and the Korea Academy of Science and
Technology.

Authorized licensed use limited to: Korea University. Downloaded on July 13,2020 at 01:30:14 UTC from IEEE Xplore. Restrictions apply.

