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Abstract.

Objective. Common spatial patterns (CSP) is'aprominent feature extraction algorithm
in motor imagery (MI)-based brain-computer interfaces (BClIs). However, CSP is
computed using sample-based covariance-matrix estimation. Hence, its performance
deteriorates if the number of training trials is small. To address this problem,
this paper proposes a novel regularized covariance matrix estimation framework
for CSP (i.e. DTW-RCSP) basedion dynamic time warping (DTW) and transfer
learning.Approach. The proposed framework combines the subject-specific covariance
matrix (Xgs) estimated using the féwsavailable trials from the new subject, with a novel
DTW-based transferred covariance/matrix (Xprw) estimated using previous subjects’
trials. In the proposed Xprw, the available labelled trials from the previous subjects
are temporally aligned to the average of the few available trials of the new subject
from the same class‘using DTW. This alignment aims to reduce temporal variations
and non-stationarities between previous subjects trials and the available few trials from
the new subjectss Moreover, to tackle the problem of regularization parameter selection
when only few trials.are available for training, an online method is proposed, where the
best regularization, parameter is selected based on the confidence scores of the trained
classifierron upcoming first few labelled testing trials. Main results. The proposed
framework is evaluated on two datasets against two baseline algorithms. The obtained
resultsizeveal that DTW-RCSP significantly outperformed the baseline algorithms at
various testing scenarios, particularly, when only a few trials are available for training.
Significance. Impressively, our results show that successful BCI interactions could be
achieved with a calibration session as small as only one trial per class.

Burain-computer Interface, Transfer learning, Common spatial patterns,

Calibration time, Dynamic time warping.
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1. Introduction

Brain-computer interface (BCI) allows a direct communication to control an
electronic device using a person’s brain signals without any muscular means [1].
Electroencephalogram (EEG) is the most popular brain signals used in BCI asrit is
recorded non-invasively with high temporal resolution and low cost [2]/ Users’ mental
states are identified and converted to control signals in EEG-based BClIs by classifying
the features extracted from the recorded brain signals. In motor imagery (MI)-based
BClIs, these features are commonly extracted using common gpatial patterns (CSP)
algorithm [3].

CSP mainly aims to reduce the high dimensionality /ofithe ‘multi-channel EEG
signals by maximising the difference between variances of the two classes of EEG signals.
The quality of CSP features can be affected by several issuesy such as noise due to
movement artifacts, and non-stationarity of EEG signals. " Moreover, CSP is computed
based on covariance matrix estimation. Thus, it is likely to overfit when few trials are
available from the user to train the CSP-based BCLmodel [4, 5]. This issue leads to
one of the main challenges that prevents/BCI systems from being used in daily-basis
applications which is the long calibration time: Calibration time is the time required to
record sufficient number of labelled trials to train the CSP-based BCI model. Typically,
the calibration time is 20-30 minutes for,each single session. This long calibration time
leaves BCI users mentally exhausted before starting the real interactions.

For using a BCI system in daily life-based applications, it must be accurate
across sessions and subjects; and with the shortest possible calibration time. The
aforementioned challenges could be tackled at different stages by improving either the
BCI user training part [6, 7], orthe signal processing part. Regarding the EEG signal
processing part, developing‘aceurate and more robust CSP-based algorithms which can
be calibrated with the minimum possible training data is greatly desirable for MI-based
BClIs [8, 9].

Transfer learning could. be potentially used to reduce the calibration time of BCI
systems while the loss in the accuracy is minimised. Using transfer learning approaches,
shortage of labelleditrials from the current user can be compensated by incorporating
other sessions/Subjectsdata in the learning process [10]. Transfer learning can be applied
on different demains to improve MI-based BCIs. In raw EEG domain, previously
proposedstransfer learning algorithms are mostly based on either instance selection
[11] or importance sampling [12]. Available transfer learning algorithms on feature
domain tryito enhance CSP by improving either the estimation method of covariance
matrix [13} 14, 15] or the optimization function of CSP [9, 16, 5]. For classification
domaing-existing transfer learning algorithms use either domain adaptation techniques
[17], ensemble learning of classifiers [18, 19], or classifier objective function modification
[20].

To the best of our knowledge, none of these studies considered the temporal
variations between EEG trials of a new subject and those of previous subjects to
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reduce between-subjects non-stationarity during transfer learning. Moreover, most,of
the proposed algorithms in the feature domain require calculating multiple regularization
parameters which is computationally expensive.

This paper proposes a novel transfer learning framework in raw EEG /and, feature
domains, called DTW-based regularized CSP (DTW-RCSP). At first, in the raw EEG
domain, we transform previous subjects’ trials to be more similar to the target subject’s
few training trials using a novel alignment method in time domain based on DT'W, and
hence use these aligned trials to form the transferred covariance matrix. Then, in the
feature domain, we propose a novel regularization between the gubject-specific and the
transferred covariance matrices to improve the CSP covariance matrix estimation. The
output of our proposed DTW-RCSP framework is a new regularized CSP matrix which
is a combination of the subject-specific covariance matrix.and the transferred covariance
matrix from other subjects. Finally, to address the issue of regularization parameter
selection when very few training trials are available, we propose an online method based
on the upcoming first few labelled testing trials, where seme predefined regularization
parameters are evaluated based on the confidence scores of the trained classifier.

The proposed DTW-RCSP frameworkiis evaluated across different scenarios based
on the available subject-specific training trials using two datasets. The proposed DTW-
RCSP performance is compared against twoistate of the art algorithms, standard CSP
and Composite CSP (CCSP) [13].

2. Methodology

This section presents our prgposedntransfer learning framework (DTW-RCSP) to
improve the CSP features of EEG signals, when few trials from the target subject
and a group of trials recorded previously from other subjects are available. First, we
will give a brief description.about transfer learning definition. A domain d is defined by
its feature space X and,its marginal probability distribution P(X). Subsequently, for
each domain, its task.consists of label space y and objective classification function f.
This classification function can be learnt using the available training trials to find the
labels of the testing trials: Generally, two different domains might have different feature
space, different marginal probability distributions or both. Similarly, two different tasks
have either different/label space, different classification function or both.

Definition: Given source domain d,, source task t,, target domain d;, target task t;,
transfer learning aims to help improve the learning of the target classification function
fi inedy using the knowledge in d, and t,, where dy # d; or ty # t;. Where dy, # d;
means Py(X) # P,(X) or/and X, # X;. Moreover, t, # t; means y; # y, and/or
P, (y|X)= P;(y|X)[10]. For more information about transfer learning and its application
ineBCIL, the reader can refer to [21, 10].

In our proposed DTW-RCSP framework, the previously recorded EEG trials from
other subjects and sessions are pooled together as one single session s, and referred to

as the source domain. Subsequently, the source domain is presented as ds= (X%, y!)¥ iy
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where X% and 4! € {—1,1} respectively denote the EEG instance matrix and theselass
label of the i trial, and N points to the trials number. In each trial Xi c REXV | h is
the EEG samples contained in each trial and V' is the channels number: Similarly; the
set of labelled trials of the target subject, ¢, is denoted as d, = (X}, y;)Y , Avhere M is
the number of the available subject-specific trials.

2.1. Dynamic Time Warping-based Transfer Learning Reqularized CSP Framework
(DTW-RCSP)

To improve CSP covariance matrix estimation when few trials are.available for training,
regularization based transfer learning techniques could be uséd.. Regularized CSP works
by specifying a trade-off between the estimates obtained usingsfew target subject-
specific trials and informative estimates obtained using previously recorded trials from
other subjects/sessions [22]. In our proposed DTW-RCSP framework, the average CSP
covariance matrix g, for each class c is calculated as follows:

Srir. = (1 —7)Xss. + rEprw., (1)

where r is the regularization parameter{(On< r <1)./ Xprw, is the proposed DTW-
based transferred average covariance matrix of the aligned trials of class ¢ from other
subjects which will be explained in _2.2. 3gg, is the average covariance matrix of the
few subject-specific trials of class ¢ from the target subject. Xgg. is calculated as

I v Xi'X!
SSe Me ; tI'(X%TX”, ( )

where m, is the number of trials per-¢lass ¢, T is the matrix transpose function, and tr
is the trace function.

The regularization parameter r shrinks the subject-specific covariance matrix
towards the DTW-based transferred covariance matrix to neutralize the possible
estimation bias due to the availability of few training trials from the target subject. In
fact, ¥pTw, represents.the information on how the covariance matrix for the considered
intellectual condition should typically be. Finally the DTW-RCSP filters, Worw=cse,
are calculated by maximising the following objective function using joint diagonalization

3]:

W Sqp, W'
W = ; | 3
DTW-RCSP argvglax W(ETLRI + 2TLRz)VVT ( )

From_(1);ythe’ classical CSP can be considered as a special case of DTW-RCSP
frameworky when r=0.

2.2. Estimation of the Dynamic Time Warping Transferred Covariance Matrix

DTW has been initially proposed as a solution of the time distortion issue between two
time series in speech recognition problems in a non-linear fashion. DTW finds an optimal
alignment between two given sequences under certain restrictions to compensate the
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Page 5of 16

oNOYTULT D WN =

AUTHOR SUBMITTED MANUSCRIPT - JNE-103161.R1

Dynamic Time Warping-based Transfer Learning for Improving CSP in BCI 5

timing differences between them [23]. After-that, different research areas have applied
DTW such as object recognition, motion analysis, and classification of time,domain
signals including EEG, and ECG [24, 25]. For EEG, DTW is used as‘a dissimilarity
measure between two EEG segments after being optimally aligned. In_our previous
paper, DTW has been used to reduce subject-specific temporal variations between two
EEG segments [26].

In this paper, DTW is used for the purpose of transfer learning. Unlike the previous
EEG-based studies, the goal is to align a collection of EEG trials from.other subjects or
sessions to the average of the few available trials from the new target.subject. Thus, to
calculate Xprw,, the DTW-based transferred average covariance matrix, the following
steps are taken.

First the average of the available few trials of the farget subject from class c is
computed as follows:

X, = (1m) Y- X (4)

where X, and m, respectively refer to thé average andithe total number of the target
trials of class c.

Next, each trial from the source session'gets aligned to the average of the few target
trials from the same class, X, , usingsDTW\ To align X! Cc R"V to X, C R"™V, we
construct a distance matrix D"*" whete D(a,b) is the Euclidean distance between the
EEG signals of two time instances of a andyb.from X’ and X, respectively,

1%
D(a,b) = | > (Xildgw) ~ X (b,v))?. (5)
v=1
Thereafter, the elements ofX? and X;_ are mapped through the matrix D by finding
an optimum warping path,/whereby the cumulative distance between the two above-
mentioned EEG trialsiis minimised. Generally, a warping path, P, defines a mapping
between X! and X, and'its elements are presented as

P =[p(1), % p(k), .p(K)] h<K<2h—1 (6)

where p(k)=D (ag, by )hax' and by belong to {1,2, ..., h}, and remap the time indices of X?
and X, respéctively) A warping path requires to be subject to the following constraints:
1- Boundary conditions: p(1)=D(1,1) and p(K)=D(h,h). In other words, a; =b; =1
and a K= b K= h.

2- Continuity and monotonicity: 0< a—ar_1 <1 and 0< by —bp_1 <1.

3-Infaddition to the above mentioned constraints, there are some other global constraints
on the warping path. These constraints limit how far the warping path from the
diagonal path, could be. Global constraints are generally applied to prevent pathological
warpings, where a relatively small section from one time sequence being mapped to a
relatively large section of another, and to calculate the DTW distance matrix slightly
faster. The two most frequently used global constraints are the Sakoe-Chiba band [27]
and the Itakura parallelogram [28].
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Numerous warping paths can satisfy the above-mentioned conditions. Howeyerpwe
are interested in the optimum warping path, P*, with the shortest non-linear alignment
between X% and X, as follows [29, 30]

P* :argpmin (% Zp(k)) (7)
k=1

To reduce the computational time, P* is computed using dynamic programming to
assess the following recurrence [25], where the cumulative distance y(a,b)ds defined as
the distance between two time instances a and b from X% and XygnD(a,b), and the
minimum of the cumulative distances of the adjacent elements:

’)’(CL,b) :D<a7b)+mln[7<a - 17b —1),’)’(@—1,])),’7(&,()—1)] (8)
Given P*, X! is aligned to X, as:

Xi(ai, 1) Xi(a1,2) - Xifaf,V)
, Xi(as, 1) Xi(ab,2) - Xi(ay,V
xi o[y X e o

X (ax, 1) Xi(ajy2) e Xi(aj, V)

where [a}, a}, ..., a}] are the time indices,of X% forming the minimum warping path P*.
These time instances are the instancessghat will make X to be as much similar to X,

as possible given the above constraints. Subsequently the covariance matrix of X

Saligned
is calculated as follows:
L ( 'ZS li d)T '23 li d
27, — a. gne a' gne . <10)
aligne T
Setigned tr((Xlsaligned) Xlsaligned)

Finally, the proposed” DT'W-based transferred average covariance matrix of the
aligned trials from previous'subjects/sessions for each class ¢ is computed as

E]:)TVVC — (]‘/nc) Z 27;aligned7 (11)
=1

where n, is the totalnumber of trials of class ¢ from other subjects/sessions.

2.3. Regularization Parameter Selection

Typically, regularization parameter is selected from a set of predefined values by applying
cross-validation on the training data [31]. However, cross-validation becomes ineffective
and/in some cases impossible when we have very few training trials available from
the “target/ subject. Moreover, conventional optimization methods such as iterative
optimization methods, or heuristic methods such as evolutionary algorithms could also
be used to select the regularization parameter. However, a main drawback of using
these ‘techniques is that they require extensive computational time [32]. In this paper,
we address the above-mentioned challenge by selecting the best regularization value
using the classifier scores (i.e confidence scores) rather than the accuracy.

Page 6 of 16
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Algorithm 1: Offline method

Input: ¥prw,, Xgs, for each class ¢, A predefined values of r, K
cross-validation folds, and n.,, evaluation trials from the target subjeet

Output: Regularization parameter r*

for r =1y tor, do

for k=1: K do

for ¢ do

[

W N

L calculate Xrpgr, using (1)

calculate the corresponding DTW-RCSP features using«(3)
train the classifier
for tr =1:ng, do
calculate the classifier score C'S for each tr
L score,= CS,, * labely,

© 0w N o o»m

10 score=y ., "% scorey,
— s

K
11 score,=y ., SCOTey,

12 Score*= arg max score,
13 Return: r* assigned to the highest Score®

Figure 1. The proposed offline method to select the regularization parameter based
on the confidence scores of the,classifier on the training trials from the target subject

We propose using the classifieation scores to select the best regularization value
in two different ways, namely referredto as offline and online. The offline method is
applicable if we have sufficientlyrenotigh training trials available from the new target
subject. The offline method applies cross-validation on the training trials and selects the
regularization value that yields the highest summation of classification scores multiplied
by the true class labelsiof the corresponding evaluation target trials over the 10-fold
validations. Pleaseséeour algorithm in Fig. 1 for more details.

In online method, the few upcoming testing trials with known labels will be used
for selecting regularization value. Thus, among a set of predefined values, the selected
regularization value'is therone which yields the highest summation of the classification
scores multiplied by the true classification labels of the upcoming few testing trials.
Fig. 2 providesymore details on the proposed online regularization parameter selection
method. "The proposed online method can be used for any available number of training
trials, while the proposed offline method is not applicable if less than K training trials

are ‘available from the new target subject where K is the number of cross-validation
folds.
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Algorithm 2: Online method

Input: ¥prw,, Xgs, for each class ¢, A predefined values of r, and 7" upceming
labelled test trials from the target subject
Output: Regularization parameter r*
1 forr=ry tory do
2 for ¢ do
t calculateXrp g, using (1)

calculate the corresponding DTW-RCSP features using (3)
train the classifier

fortr=1:T do

L calculate the classifier score C'S for each tr

® I O otk

score,= CSy, * labely,

T
9 score,=y ,_; SCOT€y

10 Score’= arg max score,
11 Return: r* assigned to the highest Score*

Figure 2. The proposed online method to select the regularization parameter based
on the classifier confidence scores of the upcoming few labelled testing trials

3. Experiments

3.1. Data Description

In order to evaluate the proposed transfer learning framework, two datasets with 9 and
17 subjects were used.

1) Dataset 2a from BCI Cempetition IV (medium dataset) [33]: This dataset

includes 9 subjects’ EEG “data recorded using 22 electrodes. Each subject attended
two sessions of data reeording on two different days. A total number of 288 trials were
recorded from eachssuibject per session. Subjects were instructed to perform 4 motor
imagery tasks. Imthis paper, we used only trials recorded for right and left-hand motor
imagery (i.e. 144 trials)¢ Moreover, to imitate a real life situation where the training
and the testing trials of améw BCI user are recorded at the same session we used only
data from thesecond session.
2) Dataset from [34] (large dataset): This dataset includes 19 healthy subjects’ EEG
data recorded msing 27 electrodes. Two sessions at two separate days were recorded
for each subject without feedback. In this dataset , subjects performed hand motor
imagery, either left or right, versus rest condition. Each recorded sessions contained two
runs, each run consisted of 80 trials without feedback, half of the trials is MI and the
otherrhalf is rest condition. In this paper, only data from subjects who performed right
hand ‘motor imagery (17 subjects) were included. We did that to ensure the data used
for, transfer learning were neurologically relevant. Again, to fulfill the real life situation
mentioned before, only data recorded in the first session are used.

Page 8 of 16
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3.2. Data Processing

A single zero-phase elliptic bandpass filter ranging from 8 to 30 Hz was.used for, EEG
data filtration, since the range of frequencies that are mainly associated with/performing
motor imagery are included in this single frequency band. Then, the first’and thelast
three spatial filters of CSP/CCSP/DTW-RCSP are used to obtain the spatially filtered
signals as recommended in [35]. Thereafter, features are computed @asthe normalized
log band power of the spatially filtered signals. Finally, Linear support vector machine
(SVM) was used as the classifier.

For each subject, the investigated trials were divided into 3 sets, mamely training,
validation , and testing. The testing set consisted of the lagth50 trials’ for the medium
dataset, and the last 70 trials for the large dataset. For both datasets, the validation
trials are the 10 trials immediately before testing trials, and the/training set consisted
of the remaining trials. Validation trials will be used in thesproposed online method for
regularization parameter selection. To assess the perfermance of the proposed DTW-
RCSP framework, different scenarios have beenweonsidered when different numbers
of training trials from new target subjects were/ available. Moreover, the DTW-
based transfer learning covariance matrix isiestimated using all the available training
trials of the other subjects from the same\dataset, except the target subject in each
case. The optimum regularization parameter wag selected from the predefined set of
re€{0,0.1,--- ,1}.

The three proposed transfer learning=based regularized CSP algorithms (namely
DTW-RCSP-CV, DTW-RCSP-Off, and DTW-RCSP-On) were evaluated. These
algorithms are different on how the, regularization parameter is selected. For DTW-
RCSP-CV, the optimum regularization parameter is selected using 10 fold cross-
validation on training data of the target subject based on the classification accuracy. For
DTW-RCSP-Off and DTW-RCSP-On, the regularization parameter is selected using the
proposed offline and ‘enline methods respectively. The results compares the proposed
algorithms against two bageline algorithms, i.e. the commonly used subject-specific CSP
algorithm, and CCSP (the first method proposed in [13]). The regularization parameter
in CCSP is selected using cross-validation on the available training data of the target
subject. In faetpif DTW alignment is omitted from the proposed DTW-RCSP-CV, it
gets identical with CCSP.

4. Results and Discussion

The' first part of this section presents the results when 5 or more trials per class were
available from the target subject. Thus 10-fold cross-validation and our proposed offline
method could be used to select the regularization parameter using the available training
trials from the target subject. Fig. 3 compares the average classification accuracies
of the baseline algorithms (CSP, and CCSP) with the results of the proposed DTW-
RCSP-CV, DTW-RCSP-Off and Best-DTW-RCSP. Best-DTW-RCSP represents the



oNOYTULT D WN =

AUTHOR SUBMITTED MANUSCRIPT - JNE-103161.R1

Dynamic Time Warping-based Transfer Learning for Improving CSP in BCI 10

Using 5 trials per class from the new subject - Using 10 trials per class from the new subject
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Figure 3. Comparison of the ayerage classification results between the baseline
algorithms (CSP,"and»CCSP), the proposed DTW-RCSP-CV, and DTW-RCSP-Off
algorithms, and the/DTW=RCSP results if the best regularization parameter yielding
the highest test classification accuracy was selected (i.e. best DTW-RCSP). The
classification results weresealculated for different number of trials available for training
from the new target subject.

classification accuracy ifithe jbest regularization parameter yielding the highest test
accuracy could haye been selected from {0,0.1,...,1}. As shown in Fig. 3, for both
datasets the proposed DTW-RCSP-Off algorithm outperformed the CSP and CCSP
algorithms using, mostiiumber of training trials. Interestingly, DTW-RCSP-Off was
more successful/than DTW-RCSP-CV in selecting regularization parameters yielding a
higher average test classification accuracy.

Statistical paired t-tests revealed that for the large dataset using DTW-RCSP-Off
was signifieantly better than CSP when 10 trials were available for training from the
target subject (P = 0.04) and tended to be significantly better when 5 trials were
available (P = 0.09). Besides, DTW-RCSP-Off was significantly better than CCSP
when 5 trials were available with P value equal to 0.015. Moreover, DTW-RCSP-
CV'was significantly better than CCSP when 10 and 20 trials were available with P
values equal to 0.04 and 0.017 respectively. These statistical results suggested that our
proposed transfer learning algorithms performed significantly better than the baseline

Page 10 of 16
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Figure 4. Comparing average classification results of the proposed DTW-RCSP-
On(v), where v is the number of the validationgbrials used to select the regularization
parameter and can be 2,4,6,8,or 10, with those of DTW<RCSP with (r=1) and CSP
when 1,2, and 5 trials per class were availablé for training from the new target subject.

algorithms if a large number of previously recorded/data from other subjects were
available. Nevertheless, comparing the Best-DTW-RCSP results with those obtained by
DTW-RCSP-CV and DTW-RCSP-Off revealed that if better regularization parameters
could have been selected, the proposed DTW=RCSP algorithm could yield much higher
significant improvements.

Although the proposed, DTW-RCSP-Off algorithm improved the average
classification accuracy, the Best-DI'W-RCSP results showed that there was still room
for improvement. Moreover, DTW-RCSP-Off with 10-fold cross validation for selecting
the regularization parameter could not be viable if the number of the available training
trials from the target subject isless than 5 trials per class. Therefore, in such cases
our proposed DTW-RCSP-0On could be used where the first few testing trials (referred
to as the validation 'set, in this study) were employed to select the regularization
parameter. Apart from,the benefits mentioned above, using the first few testing trials
for selecting the regularization parameter could possibly reduce the negative impact of
non-stationarity between/the training and testing trials.

Fig. 4 shows the results of DTW-RCSP-On. The average classification accuracy
across all subjects from each dataset was reported when the subject-specific training
trials were as few as 1, 2, and 5 trials per class. The proposed DTW-RCSP-On, when
different ‘mumber of testing trials were used to select the regularization parameter, was
compared to CSP and DTW-RCSP with (r=1) (i.e. only Xprw was used for obtaining
features). /It is shown that using the proposed DTW-RCSP-On algorithm greatly
improved the average classification accuracy. Impressively, when only 1 subject-specific
trial per class was available for training, the proposed DTW-RCSP-On outperformed
CSP by an average 3.7%, 5.2%, 6.4%, 8.1%, and 8.7% for dataset 1, and 8.1%, 2.9%,
4.9%, 3.7%, and 4.2% for dataset 2 when using 2, 4, 6, 8, and 10 validation trials for
selecting the regularization parameter respectively. Moreover, in case of having only
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Figure 5. Classification aceuracy comparison for each individual subject in both
datasets when 1, 2, and’b trials were available for training from the new target subject.
(a) CSP versus DTW-RCSP-On(2) for medium dataset. (b) CSP versus DTW-RCSP-
On(2) for large dataset. (c) CSP versus DTW-RCSP-On(6) for medium dataset. (d)
CSP versus DTW-RCSP-On(6) for large dataset. ”v” in DTW-RCSP-On(v) refers to
the number of validation trials used for selecting the regularization parameter.

either 1 or 2 subject-specific trials per class, the classification results of DTW-RCSP
with (r=1) outperformed GSP (i.. only data from other subjects after DT'W alignments
were used to obtain features).

Fig. 5 providessmore imsight into the results of the proposed DTW-RCSP-On
algorithm compared to CSP. As shown in Fig. 5, although for a few cases the use
of DTW-RCSP-On led t6 small deterioration in the accuracy, for the majority of the
subjects a considerable improvements had been achieved. Indeed, in many cases the
improvement Was as large’as 20% to 35%.

Concerning statistical significance, A 6 (Number of trials= 1, 2, 5, 10, 20, and
40 trialsyper class)x 6 (Algorithms= CSP, DTW-RCSP-On (2,4,6,8,10)) repeated
measure ANOVA test was performed on the results of both datasets followed by post-
hoc analyses. For the large dataset, statistical results revealed that using different
algorithms had a main effect on the classification accuracy (P = 0.003). Based
on thespost-hoc analysis, DTW-RCSP-On with different number of validation trials
significantly outperformed CSP with P values equal to 0.001, 0.017, 0.046, 0.035, and
0.027 respectively for 2, 4, 6, 8, and 10 validation trials used to select the regularization
parameter. Interestingly, using the proposed DTW-RCSP-On(2) was significantly better
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Figure 6. Comparison between DTW-RCSP-On(v)hversus CSP trained with the
available training trials(t) plus the used number the validation trials (v) when 1, 2,
and 5 trials were available for training from the target'subject.

than using any other number of testing trials (i.e. /Piwalues of 0.038, 0.05, 0.025, and
0.036 for 4, 6, 8, and 10 validation trials). Similarly, for the medium dataset, the
statistical results revealed that using differenthalgorithms had a main effect on the
classification accuracy (P = 0.012). Based, on the post-hoc analysis, DTW-RCSP-
On with 2, 4, 6, 8, and 10 validation trials .to select the regularization parameter
significantly outperformed CSP with P values equal to 0.043, 0.043, 0.028, 0.022, and
0.023 respectively. However, fusing DTW-RCSP-On with 6, 8, or 10 testing trials to
select the regularization parameterswere not significantly different.

Another comparison was held to make sure that adding the validation trials used
by DTW-RCSP-On for selecting theregularization parameter to the training trials of
CSP would not achieve the game improvement as DTW-RCSP-On. Fig. 6 compares
the average classification results‘of the proposed DTW-RCSP-On algorithm with the
results of the CSP algorithm where the CSP was trained using the training trials plus
the validation trials™(ite. CSP(t+v)). Due to limitation of the space, we limited this
comparison to uging 2 and 6 validation trials, and 1, 2, and 5 training trials. Fig. 6
shows that in all casesyDTW-RCSP-On outperformed the corresponding CSP(t+v).

A 2 (Algorithms= CSP(t+v), and DTW-RCSP-On) x 2 (Number of validation
trials= 2, and,6)x3 (Number of training trials per class= 1, 2, and 5)) repeated
measure/ ANOVA tests were performed on the results of both datasets followed by post-
hoc analyses. For the large dataset, there was a main effect of using different number of
training trials with P = 0.024. Moreover, the ANOVA results showed that our proposed
DTW-RCSP-On tended to be significantly better than CSP(t+v) with P = 0.059.
Posthoc analyses revealed that using 5 training trials per class were significantly better
than using 1, and 2 trials with P values equal to 0.025 and 0.043 respectively. For
the medium dataset using different algorithms, different training trials and different
validation trials had main effects on the results with P values 0.042,0.034, and 0.013
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respectively. Thus, we can conclude that in the medium dataset our proposed DTW-
RCSP-On was significantly better than CSP(t+v) with p = 0.042. Posthoc analyeses
showed that using 5 training trials per class were significantly better ‘than 1, and 2
trials with P values equal to 0.016 and 0.023 respectively, and using 6 validatien trials
were significantly better than 2 withP = 0.034. In summary, our results showed that
the proposed DTW-RCSP based transfer learning framework led to improved CSP
features and hence improved BCI systems, particularly when a small subject-specific
training data were available. The proposed framework will significantly improve future
applications of BCI, such as BCI-based stroke rehabilitation, where_the 20-30 minutes
calibration time can be saved for real therapeutic interaction.

5. Conclusion

This paper proposed a novel DTW-based transfer learning framework on raw EEG and
feature domains to improve the CSP covariance matrix estimations and hence enhance
MI-based BCI systems. The proposed framewgrk minimises the temporal variations
between the EEG trials of other subjectsfand the few FEG trials of the target subject
using DTW. Then the temporally aligned, trials of ‘other subjects are mixed with the
few subject-specific trials in the CSP framework using a regularization parameter.

Our results suggested that applyingsthe proposed framework reduced calibration
time of the MI-BCI systems. Moreover, our proposed framework significantly
outperformed the subject-specific CSP and GCSP algorithms in many different scenarios
specially when data were available for transfer learning from a large number of subjects.

The proposed framework/uses only one regularization parameter which is not
computationally expensive compared to most of transfer learning-based regularized CSP
algorithms that use 2 regularization parameters. Besides, the proposed online method
required very slightly more computational time compared to CSP when the same number
of trials are used. Thus,with these two benefits and with using only two validation trials
the proposed DTW-RCSP-On could be potentially used for online applications.

Interestingly, | our "DTW-based transfer learning framework offered notable
classification accuraey increase for majority of the participants specially when only
few trials were availablerfor training from the target subject. However, the observed
improvement . for some subjects with initially very low BCI performance was not
pronoungéd. The possible reason might be having inseparable EEG signals between
two classes. In future, further investigation is needed to identify these participants
before transfer learning and possibly providing some human-training strategy.

In this paper the regularization parameters were selected using SVM scores.
Importantly, The proposed transfer learning framework (DTW-RCSP) is not limited
torthe SVM classifier, and it can be applied on any classifiers. It is good to note that
in the future other measurements could be used to select the regularization parameters
and their performance could be compared to what we proposed.
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