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Abstract—Humans can transfer knowledge previously acquired from a specific task to new and unknown ones. Recently,
transfer learning has been extensively used in Brain-Computer Interface (BCI) research to reduce the training/calibration
requirements. BCI systems have been designed to provide alternative communication or control access through computers
to individuals with limited speech and physical abilities (LSPA). These systems generally require a calibration session in
order to train the BCI before each usage. Such a calibration session may be burdensome for the individuals with LSPA.
In this paper, we introduce a multimodal hybrid BCI based on electroencephalography (EEG) and functional transcranial
Doppler ultrasound (fTCD) and present a transfer learning approach to reduce the calibration requirements. In the hybrid
BCI, EEG and fTCD are used simultaneously to measure electrical brain activity and cerebral blood velocity respectively in
response to motor imagery (MI) tasks. Using the data we collected from 10 healthy individuals, we perform dimensionality
reduction utilizing Regularized Discriminant Analysis (RDA). Using the scores from RDA, we learn class conditional
probabilistic distributions for each individual. We use these class conditional distributions to perform transfer learning
across different participants. More specifically, in order to reduce the calibration requirements for each individual, we
choose recorded data from other individuals to augment the training data for that specific individual. We choose the data
for augmentation based on the probabilistic similarities between the class conditional distributions. For final classification
we use the RDA scores after transfer learning as features input to three different classifiers: Quadratic Discriminant
Analysis (QDA), Linear Discriminant Analysis (LDA), and Support Vector Machines (SVM). Using our experimental data,
we show that transfer learning decreases the calibration requirements up to %87.5. Also by comparing SVM, LDA and
QDA, we observe that SVM provides the best classification performance.
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Humans present the ability to draw knowledge from their previous
experiences and exploit such knowledge when learning future and
unknown tasks. They are indeed able to recognize similarities
between previously and newly encountered tasks, and they utilize
these similarities to learn a new task. Therefore, the notion of
similarity identification is very important for knowledge transfer and
for completion of newly encountered tasks with high accuracy and
speed [1]. Conversely, since the acquired knowledge and experience
could be specific to a task, if they are poorly related to learning the
new task, the human learner may not transfer the existing knowledge
and experience to the new task [2]. The same principles also apply
to machine learning. Traditional machine learning approaches create
models for certain tasks and make predictions about these tasks
without applying any knowledge transfer. Such techniques work on
a unique and isolated task and are based on labeled data [3]. Transfer
learning finds closely related source tasks and draw knowledge from
these tasks to predict a new target task with higher performance.
Such transfer learning techniques are beneficial especially when the
training data for the new task are not sufficient [4]. In this paper, we
propose to use transfer learning for multimodal hybrid noninvasive
brain-computer interfaces (BCI).
Noninvasive BCIs are designed to provide alternative communication and control access through computers to individuals with limited

speech and physical abilities (LSPA). More specifically, such BCIs
aim to help individuals with LSPA by allowing them to type on
a computer screen or control electronic devices such as prosthetics
limbs, wheelchairs or robotic agents using brain signals [5], [6], [7],
[8].
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Electroencephalogram (EEG) is the most preferred modality
to build such BCIs due to its cost effectiveness and portability.
However, EEG has usually low signal-to-noise ratio and it presents
nonstationarities due to background brain activities. Such an EEG
behavior would result in decreased performance for the EEG-based
BCIs. Previous studies combined EEG with other type of signals such
as electromyography (EMG) [9] [10] or near-infrared spectroscopy
(NIRS) [11] to design new approach of BCI called hybrid BCI. In
order to overcome the performance degradation due to changing EEG
behavior, we have developed a multimodal hybrid BCI that utilizes
both EEG and functional transcranial Doppler (fTCD) [12]. In this
hybrid BCI, EEG and fTCD are used simultaneously to measure
electrical brain activity and cerebral blood velocity respectively in
response to MI tasks for classification [13]. Our previous study showed
that the hybrid multimodal approach improves both the speed and
accuracy of the BCI compared to using EEG or fTCD only for the
BCI design [13].
In this paper, we propose to use a novel transfer learning approach
to decrease the training requirements for the multimodal hybrid
BCI. To assess the proposed approach, we formulated 3 binary
classification problems including right arm MI versus baseline, left
arm MI versus baseline, right versus left arm MI. In order to apply
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transfer learning, we extract features using Regularized Discriminant
Analysis (RDA) from EEG and fTCD data for three different
binary classification problems and learn class conditional distributions
for these features. Class conditional distributions are then used to
probabilistically identify similarities among the data collected from
multiple participants and to apply transfer learning. For probabilistic
similarities, we utilize various probabilistic measures including
Kullback-Leibler divergence (KL divergence), Bhattacharyya, and
Hellinger distances. We use the RDA scores for transfer learning and
as the final features for the classification. We compare three different
classifiers: quadratic discriminant analysis (QDA), linear discriminant
analysis (LDA), and linear support vector machine (SVM). Using the
data we collected from 10 healthy participants, we demonstrate that
the transfer learning can reduce the training dataset by up to %87.5.
Also we show that SVM provides the best classification performance
after transfer learning.

II. METHODS
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In this section, we introduce our experimental setup, pre-processing,
and feature extraction methods as well as the similarity measures
and the proposed transfer learning algorithm.

A. Experiment Setup

Fig. 1.

Stimulus presentation for the hybrid BCI system.

range of frequencies was computed instead of using all the power
spectrum values at all frequency bins. More specifically, the average
power over each consecutive 2 Hz of the EEG data was considered
as one feature while for the fTCD data, since it has a much higher
bandwidth (2.5 kHz compared to 40 Hz for EEG), the average power
over each consecutive 50 Hz for the fTCD data was considered as one
feature. A single features vector (EEG and fTCD feature vectors of
each trial) were obtained for each trial by concatenating the reduced
power spectrums corresponding to the 16 EEG segments and to the
2 fTCD segments respectively. Both EEG and fTCD feature vectors
were normalized separately across trials using min-max normalization
[17].

C. RDA Scores and Similarity Measures
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We collected EEG signals using 16 electrodes placed over frontal,
central and parietal lobes at the positions Fp1, Fp2, F3, F4, Fz, Fc1,
Fc2, Cz, P1, P2, C1, C2, Cp3, Cp4, P5, and P6 with the reference
electrode placed over the left mastoid. The signals are amplified
using a g.tec EEG system with g. USBamp. Collected data are sent
from the amplifiers to a laptop via USB 2.0.
Two 2 MHz transducers of a SONARA TCD system were used to
collect the fTCD data. The transducers are positioned on the left and
right sides of the transtemporal window located above the zygomatic
arch [14] [15]. The fTCD depth was set to the depth of the mid-point
of the middle cerebral arteries (50 mm) [14]. In this study, EEG and
fTCD are synchronized based on time stamps available from both
modalities.
16-channel EEG and two-channels fTCD data were recorded
simultaneously (under University of Pittsburgh approved IRB) from
10 healthy right-handed subjects with ages ranging from 23 to 32
years old. Each participant attended one data collection session of 25min duration. During data acquisition, each participant is observing
visual icons corresponding to right and left arm MI mental tasks
as well as baseline. In particular, as shown in Figure 1, left arrow
represents left arm MI and right arrow represents right arm MI while
the fixation cross in the middle represents the baseline. 150 trials are
randomly presented per user in total. Assuming equal probability,
we approximately have 50 trials per task. During each trial of 10-s
duration, a vertical red arrow selects randomly one of the 3 tasks
and the participant is instructed to perform the task selected by the
vertical arrow.

To transfer knowledge across participants, we measure the similarity
between the dataset under test and the other datasets. Various distance
measures are used in this study to measure distance between two
probability density functions P and Q including KL divergence,
Bhattacharyya, and Hellinger [18]. Instead of calculating similarity
using the EEG and fTCD concatenated feature vector corresponding
to each trial, we project this vector into a scalar value using RDA.
RDA is a commonly used method to classify objects in lowdimension [19]. RDA is the extension of QDA [20],
In this study, 10-fold cross-validation is used to optimize the
RDA parameters λ and γ within a range 0.1 to 1 with a step of
0.1 such that the area under the receiver operating characteristic
curve is maximized. This method is performed for the three binary
classifications. Using the RDA scores of trials corresponding to each
class, we estimate the pdf of each class using kernel density estimation
(KDE). During KDE we utilize rbf kernel and the kernel bandwith is
computed using Silverman’s rule of thumb. The similarities between
the pdf of the dataset under test and the pdfs of the other datasets
are computed. Five datasets which are most similar to the dataset
under test are chosen for transfer learning. In the results section, we
compare the performances of different distance measures.

EEG and fTCD data of each trial were segmented. Features
corresponding to each trial included power spectrum raw values
calculated using Welch method [16]. To reduce the number of features
obtained from each power spectrum, the average power over a narrow
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B. Pre-processing and features extraction
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D. Classification
Three classification tasks were formulated to test the performance
of the hybrid BCI using the suggested transfer learning algorithm
including right arm MI versus baseline (RA vs BL), left arm MI
versus baseline (LA vs BL), and right arm MI versus left arm MI
(RA vs LA). Linear SVM, LDA, and QDA were used to perform the
classification tasks and performance measures obtained from each
classifier were compared.
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E. Transfer Learning Algorithm

TABLE 1. Mean of accuracy among all participants and corresponding sensitivity and specificity for RA vs LA.

In this paper, we propose to use transfer learning to decrease the
training requirements for the hybrid multimodal BCI. The pseudocode
for the proposed algorithm is summarized in Algorithm 1. In this
algorithm, for each participant, we identify five datasets from the rest
of the participants with the most similar EEG and fTCD characteristics
for transfer learning. More specifically, we utilize the KDEs of the
class conditional distributions of the scores obtained from the RDA
projection of EEG and fTCD features. Assuming that N number of
trials are collected from each participant, each participant’s data are
separated into test set of size t trials and training set of size N − t
trials. Test and training sets are chosen to include equal number of
trials for each class. Then, training dataset and corresponding KDE
of RDA values are used to identify five datasets (from the rest of
the participants) that are most similar in a probabilistic manner to
the training set of each participant. Each participant’s training set
is then augmented with these most similar datasets (identified from
the rest of the participants) for transfer learning. In order to analyze
the effect of transfer learning for different training test sizes, t is
varied to take different values. Note that for the binary classification
problems that are defined above, we have N = 100. Accordingly t
is varied from 10 to 90 resulting in minimum training size of 10
samples (5 samples for each class).

III. RESULTS

Performance
measures
Accuracy
Specificity
Sensitivity

LDA
NT
TL
0.7244
0.7867
0.8395
0.8191
0.6191
0.7512

QDA
NT
TL
0.6656
0.7767
0.8023
0.7723
0.5404
0.7814

SVM
NT
TL
0.7311
0.7933
0.8140
0.8532
0.6553
0.7279

TABLE 2. Mean of accuracy among all participants and corresponding sensitivity and specificity for RA vs BL.
Performance
measures
Accuracy
Specificity
Sensitivity

LDA
NT
TL
0.74
0.7611
0.7725
0.7980
0.7140
0.7150

QDA
NT
TL
0.6933
0.7489
0.7075
0.7560
0.6820
0.74

SVM
NT
TL
0.7467
0.7711
0.78
0.84
0.72
0.6850

5 datasets identified as the most similar datasets) provide higher
performance than the case without transfer learning. For classification
using LDA, accuracy reaches %78.67, %76.11 and %77.11 for RA vs
LA, RA vs BL and LA vs BL, respectively for transfer learning. For
QDA, %77.67, %74.89 and %76.78 and for SVM %79.33, %77.11
and %77 accuracy were achieved for the same classification problems.
It can be noted that SVM achieves higher accuracy compared to QDA
and LDA. However, in terms of the accuracy difference between TL
and NT, the highest difference is provided by QDA for which the
classification is improved by %11.11, %5.56, and %6.11 for RA vs
LA, RA vs BL, and LA vs BL respectively compared to %6.23, %2.11,
and %2.89 for RA vs LA, RA vs BL, and LA vs BL respectively
given by LDA and %6.22, %2.44 and %2.11 given by SVM.
Considering Bhattacharyya as the distance measure to identify
top 5 datasets for transfer learning, Figure 2 presents the accuracy
values (averaged across participants) for three different classification
problems as the training set size changes from 10 to 90 trials. Transfer
learning results are compared to the no transfer learning results for
each binary classification problem. Results are evaluated using QDA.
This figure focuses on the influence of the quantity of information
available to train a classifier and effect of the training/calibration
data size on the classification accuracy with and without transfer
learning. Overall the accuracy values obtained by transfer learning are
higher than the case without transfer. Using this figure, we observe
that when the training size drops even down to 20 corresponding to
t = 80 test data size, transfer learning provides between %5 to %7
improvement in the accuracy.
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For the 3 binary classification problems, we first analyze the
reduction in training size requirements provided by three distance
measures used for transfer learning (TL) compared to no transfer
learning (NT). In particular, we statistically compared the accuracy
vectors of TL with minimum training size and NT using bigger training
set sizes than TL. For TL with 10 trials, we performed one-sided
Wilcoxon signed rank test [21] between the accuracy vector of TL with
10 trials and NT accuracy vectors obtained at training set sizes ranging
from 20 to 90 trials. Same statistical comparison was applied for the 3
distance measures. Using Bhattacharyya distance, at training set size
of 10, it was found that the performance of TL is comparable with the
performance of NT with 80 trials. In other words, instead of calibrating
the system with 80 trials in the NT case, same or higher performance
can be achieved when using TL and calibrating the system with
10 from the BCI user. This reflects a reduction in the calibration
requirements by %87.50. Using both Hellinger and KL-divergence,
the performance of TL at 10 trials was statistically comparable to
the performance of NT with maximum of 50 training trials which
reflects a maximum possible reduction in calibration requirements by
%80.00. By comparing the calibration reduction percentages of the 3
measures, we choose to present the results of Bhattacharyya distance
for three binary class classifications Considering the test set size,
t = 90 trials and training size N − t = 10 trials, accuracy, sensitivity
and specificity of the classification (averaged across participants)
for three different classification methods are presented in Tables 1,
2, and 3 for RA vs. LA, RA vs. BL and LA vs. BL classification
problems, respectively. During transfer learning, we also optimize
the trial length for each participant and the classification results are
presented for these optimum trial lengths (between 1 and 10 seconds).
We observe from Tables 1, 2 and 3 that all classification results
achieved using transfer learning (with the augmentation of the top
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IV. CONCLUSION
In this study, we extend our previous work on hybrid EEGfTCD BCI employing motor imagery mental tasks. In particular, we
developed a transfer learning approach with the aim of reducing the
calibration requirements as well as improving the system performance.
TABLE 3. Mean of accuracy among all participants and corresponding sensitivity and specificity for LA vs BL.
Performance
measures
Accuracy
Specificity
Sensitivity

LDA
NT
TL
0.7422
0.7711
0.7975
0.8060
0.6980
0.7275

This manuscript may contain privileged information.

QDA
NT
TL
0.7067
0.7678
0.65
0.7820
0.7520
0.75

SVM
NT
TL
0.7489
0.77
0.70
0.7520
0.7880
0.7925
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exploitation of the knowledge from the data. Our future work will
combine exploitation and exploration to improve the generalization
properties of the proposed multimodal hybrid system.

0.95

Average of accuracy

0.9
0.85

No Transfer RA vs LA
TL RA vs LA
No Transfer RA vs BL
TL RA vs BL
No Transfer LA vs BL
TL LA vs BL
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Fig. 2. Accuracy as a function of the number of trials in the training
set for each binary problem computed with and without transfer.

for each binary classification problem do
for each distance measure D do
Accuracy=(); Specificity=(); Sensitivity=();
for T s = 1 : 10 // Segment length (s) do
for n = 1 : 10 // participants do
Ni = number of trials from class i , i = 1, 2;
N= N1 + N2 ;
Estimate power spectrum features;

Get RDA scores s i = s1, ..., s Ni for class i ;
Estimate Pn (s i |xi ) using KDE;
end
for n = 1 : 10 do
Get distance between Pn (s i |xi ) and Pm (s i |xi )


for m = 1, ..., 10 - n ;
Select top similar 5 datasets to participant n;


T = TEn, TRn, ;
TEn : testing trials for participant n;
TRn : training trials for participant n;
for TEn = 10 : 10 : 90 do


Train the classifier using TRn, TRl , l ⊂ m
contains indexes corresponding to top
similar 5 datasets;
Test the model using TEn ;
Compute performance measures;
end
end
end
end
end
Algorithm 1: Pseudocode for the proposed transfer learning
approach.
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To achieve such aim, EEG and fTCD data of each trial were projected
into a scalar RDA score. The scores corresponding to each class
were used to learn class conditional distributions. Several distance
measures were used to identify similarities between class conditional
distributions among the data collected from multiple participants.
Performance of the proposed approach was evaluated using LDA,
QDA, and SVM classifiers with RDA scores used as input features.
Experimental results show that the training set size can be reduced
by up to %87.5 while achieving reasonable classification accuracy
values. The current work identifies the similarities and therefore uses
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