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ABSTRACT

TARGET IDENTIFICATION WITH DEEP LEARNING FOR SSVEP-BASED
BRAIN-COMPUTER INTERFACE SPELLERS

OSMAN BERKE GUNEY
ELECTRONICS ENGINEERING M.S. THESIS, JULY 2022

Thesis Supervisor: Assist. Prof. Dr. Hiiseyin Ozkan

Keywords: Deep learning, Brain-computer interface, BCI, Steady state visually
evoked potentials, SSVEP, Speller, Ensemble, Transfer learning, Unsupervised

adaptation

Target identification in brain-computer interface (BCI) spellers refers to the elec-
troencephalogram (EEG) classification for predicting the target character that the
user intends to spell. When the visual stimulus of each character is tagged with a
distinct frequency, the EEG records steady-state visually evoked potentials (SSVEP)
whose spectrum is dominated by the harmonics of that tagging frequency. In this
setting, we address the target identification and propose three novel methods, which
are a deep neural network (DNN) architecture, an ensemble method, and an unsu-
pervised adaptation of the proposed network. Our DNN is trained exclusively for
the information transfer rate (ITR) maximization, in two-stages with user-specific
labeled data. The first stage obtains a global model and the second fine-tunes it
to the user. The SSVEP signals are processed through convolutions across the
sub-bands of harmonics, channels, time, and classified at the fully connected layer.
We achieve 265.23 bits/min and 196.59 bits/min ITRs on the publicly available
and widely used benchmark and BETA datasets, respectively. These ITRs are the
highest ever reported performance results in the literature to date.

Our ensemble method prioritizes the user comfort over the I'TR by not requiring
any additional data from new users and classifies the instances based on a weighted
linear combination of our DNNs trained with previously collected data from sev-
eral individuals (training subjects). The proposed ensemble method attains 155.51
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bits/min ITR on the benchmark dataset and 114.36 bits/min ITR on BETA. In
order to achieve both the ITR maximization and user comfort goals, our third un-
supervised method pre-trains the DNN with data of the training subjects and then
adapts to the new user while utilizing her/his unlabeled data. The adaptation is
accomplished by minimizing a new loss function that we also propose, which consists
of self-adaptation and local-regularity terms. We observe ITRs of 201.15 bits/min
and 145.02 bits/min on the benchmark and BETA datasets, respectively. These
results show that both our ensemble and unsupervised methods outperform the

state-of-the-art alternative user-comfort-oriented techniques, such as ttf-CCA and
OACCA.



OZET

GUDHP TABANLI BEYIN-BILGISAYAR ARAYUZU HECELETICILERI ICIN
DERIN OGRENME iLE HEDEF TESPITi

OSMAN BERKE GUNEY
ELEKTRONIK MUHENDISLIGI YUKSEK LISANS TEZI, TEMMUZ 2022

Tez Damgmani: Dr. Ogr. Uyesi Hiiseyin Ozkan

Anahtar Kelimeler: Derin 6grenme, Beyin-bilgisayar arayiizii, BBA, Gorsel
uyarilmis duragan hal potansiyelleri, GUDHP, Heceletici, Topluluk 6grenmesi,

Aktarim o6grenmesi, Gozetimsiz uyarlama

Beyin-bilgisayar arayiizii (BBA) heceleticilerinde hedef tamima, kullanicinin hecelet-
mek istedigi hedef karakteri tahmin etmek igin elektroensefalogram (EEG) sinyal-
lerinin sitmflandirilmasina kargilik gelmektedir. Her karakterin gorsel uyaricisi farkh
bir frekansla etiketlendiginde, EEG, spektrumu bu etiketleme frekansinin har-
moniklerinin baskin oldugu gorsel uyarilmig duragan hal potansiyelleri (GUDHP)
sinyallerini 6lger. Biz bahsedilen bu durumdaki hedef tanimlama problemini ele al-
maktayiz ve bu problem i¢in bir derin sinir agi (DSA) mimarisi, bir topluluk modeli
ve Onerilen agin gozetimsiz bir uyarlamasi olan toplam ti¢ adet yenilik¢i yontem 6ner-
mekteyiz. Kullaniciya 6zel veriler kullanilarak iki agamada egitilen DSA mimarimiz
bilgi transfer hizin1 (BTH) enbiiyiitme amaci ile gelistirilmistir. Ilk asamada global
bir model elde edilir ve ikinci asamada elde edilen modelin kullaniciya uyarlanmasi
yapilir. GUDHP sinyalleri harmoniklerin alt bantlari, kanallar, zaman boyunca kon-
voliisyonlar yoluyla iglenir ve tam baglantili katmanda siniflandirilir. Bu yontem ile
beraber, herkese acik ve yaygin olarak kullanilan benchmark ve BETA veri setlerinde
sirasiyla 265.23 bit/dk ve 196.59 bit/dk BTH degerleri elde etmekteyiz. Bu BTH
degerleri literatiirde bugiine kadar raporlanan en yiitksek BTH degerleridir.

Topluluk yontemimiz, yeni kullanicilardan herhangi bir ek veri gerektirmeyerek
kullanici rahathigina BTH’ye gore oncelik verir ve verileri, birkag¢ kisiden once-
den toplanmig veriler (katilimer verileri) kullanilarak egitilmigs DSA mimarilerimizin
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agirlikli dogrusal kombinasyonu ile simflandirir.  Geligtirdigimiz topluluk modeli,
benchmark veri setinde 155.51 bit/dk BTH’ye ve BETA veri setinde 114.36 bit/dk
BTH’ye ulagir. Uciincii denetimsiz yontemimiz, hem I'TR maksimizasyonu hem de
kullanici konforu hedeflerine ulagmak igin katilimci verileriyle DSA mimarisinin 6n
egitimini yapar, sonrasinda 6n egitimi yapilmis modeli yeni kullanicinin etiketlen-
memis verilerini kullanarak yeni kullaniciya uyarlar. Uciincii denetimsiz yéntemimiz
BTH enbiiytitme ve kullanici konforu hedeflerine ulagmak amaciyla, katilhime1 veri-
leri ile 6nceden egitilmis DSA mimarimizi kullanicinin etiketsiz verilerini kullanarak
kullaniciya uyarlar. Uyarlama kendi kendine adaptasyon ve yerel-diizenlilik terim-
lerinden olusan yeni geligtirdigimiz kayip fonksiyonunu minimize ederek gerceklestir-
ilir. Bu yontemimiz ile benchmark ve BETA veri setlerinde sirasiyla 201.15 bit/dk
ve 145.02 bit/dk BTH degerlerini gézlemliyoruz. Bu sonuglar, hem topluluk hem de
gozetimsiz yontemlerimizin, ttf-CCA ve OACCA gibi giincel en iyi alternatif kul-
lanici konforu odakl tekniklerden daha iyi performansa ulagtiklarini gostermektedir.
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1. INTRODUCTION

Brain signals can be translated to external commands by means of brain-computer
interfaces (BCI) [1], which have received increasing attention in recent years [2]
and led to substantial progress in many applications such as gaming [3], stroke
rehabilitation [4], and cursor control [5]. Another prominent application is the BCI
speller [6] that assists patients with severe motor disabilities (e.g. amyotrophic
lateral sclerosis), so that they can communicate by spelling via solely brain signals
without muscular activity. BCI speller research is recently more focused on the use
of steady-state visually evoked potentials (SSVEP) in EEG (electroencephalogram)
signals [7,8] as the SSVEP is of relatively higher signal-to-noise ratio (SNR) than,
for instance, the event related potentials (ERP) in P300 spellers [9]. Consequently,
BCI SSVEP spellers achieve higher information transfer rate (ITR) with ease of
system configuration [10,11].

The steady-state brain response to a visual stimulus flickering at a certain frequency
induces the SSVEP signal that is characteristically dominated in its spectrum by the
harmonics of the applied input flickering frequency. This enables the use of SSVEP
in BCI speller designs [12]. In the experimental paradigm of BCI SSVEP spellers,
a matrix of certain alphanumeric characters, each of which flickers at a unique
frequency, is presented on the computer screen (Fig. 1.1), and the subject attends
to the character that she/he intends to spell. The goal is to predict (i.e. identify)
the intended (i.e. targeted) character based on the received SSVEP signal while
managing the trade-off between the prediction accuracy and the signal duration
such that the maximum ITR is achieved. Since the frequency spectrum is typically
exploited up to almost 100 Hz with the largest harmonic, high temporal precision
and at least 200 Hz sampling rate are necessary. Hence, EEG is a popular and
appropriate choice for its high speed acquisition with a non-invasive and low cost

implementation [13].

We address the target identification in BCI SSVEP speller systems as a multi-class
classification problem, and propose novel algorithms for each of the following three

scenarios. Firstly, we propose a deep neural network (DNN) architecture to the
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Figure 1.1 A typical system setup of a BCI SSVEP speller is illustrated. A ma-
trix of thumbnail images of certain alphanumeric characters with IDs j € M =
{1,2,--- M}, e.g., M =40, is visually presented to the user on the screen. Each
character is contrast-modulated in time by a sinusoid of the assigned unique fre-
quency Fj, e.g., Fj € {8,8.2,---,15.8}, thereby generating a flickering effect during
the T, e.g., T'=1, seconds of visual presentation. For example, the character “C”
flickers at 10 Hz as illustrated above. If the user wishes to spell a character y € M
and attends to the corresponding thumbnail, then the steady state brain response
(when sensed with EEG from particularly the occipital region, cf. the topographic
map representing the user) manifests the multi-channel SSVEP signal x that is
dominated in its spectrum by the harmonics {kFy} of the input frequency F,, as
also illustrated above in the case of y =“C”. The goal is the target identification for
spelling that is to predict the target character y as ¢ based on the received multi-
channel SSVEP signal x with C' channels, e.g., C'=9 or C' = 64.

goal of ITR maximization. The proposed DNN processes SSVEP signals in time
domain as an end-to-end system from the EEG to the prediction of the targeted
character, and we train this DNN with two-stages. In the first stage, the DNN is
globally trained using all the available SSVEP data, then in the second stage, the
globally trained DNN is fine-tuned individually to each person who wants to use the
system separately, using the labeled data of the corresponding person. Our proposed
DNN architecture significantly outperforms the state-of-the-art as well as the most
recently proposed techniques in the literature. We achieve impressive ITRs with
only 0.4 seconds of stimulation, 265.23 bits/min and 196.59 bits/min, on the two
publicly available large scale benchmark [14] and BETA [15] datasets that consist
of the EEG data of 105 subjects with 40 target characters. To our best knowledge,
these are the highest ever I'TRs reported on these datasets.

Although our proposed DNN is the best performing method, its training requires

labeled data from each individual who wants to use the system, performance is

not the only criterion that needs to be considered. There are also other factors,
2



such as users’ comfort, that one should take into account for convenient daily-life
use. Because of the labeled data requirement, to be able to use our proposed DNN
for each person who wants to use the system as the first time, additional EEG
experiments must be conducted for data collection, which is typically extensive
and burdensome. To remove the hassle of long and tiring data collection periods,
we have also proposed an ensemble-based classification method. Our ensemble-
based method uses transfer and ensemble learning approaches such that models
that have been previously trained on different subjects! provide the ensemble and
are transferred to the new user. The target characters are then decoded based
on a weighted combination of the predictions of k£ many selected models from the
ensemble. As the model, we have used our proposed DNN architecture, since it
significantly outperforms the state-of-the-art methods with the highest ITR, when
the user-specific training is used. We tested the performance of our ensemble-based
method on same datasets (i.e., the benchmark [14] and the BETA [15] datasets).
Our ensemble-based method achieves 155.51 bits/min on the benchmark dataset,
and 114.36 bits/min on the BETA dataset. To the best of our knowledge, among
the methods that do not require the user specific data from each new user, and do
not utilize any sort of user-specific adaptation, these I'TR values are the highest ever

reported performance results on these datasets.

Even though our ensemble-based method is the best performing method within its
category (i.e., among the methods that do not utilize any user-specific adaptation),
its performance is far behind the performance of our proposed DNN trained using
user specific labeled data. This fact actually shows that the user-specific adaptation
is in fact a must. However, as discussed, the users’ comforts must also be considered.
To be able to satisfy both requirements (i.e., the performance and the users’ com-
fort), we have proposed another method that firstly transfers a global DNN model
that is trained using the data of all available subjects to the new user. Then, our
method adapts the global DNN model to the user in an unsupervised fashion by uti-
lizing the user’s collected unlabeled data, which are accumulated as the user uses the
system. For the DNN model, again we have used our proposed DNN architecture.
In the adaptation phase, our proposed novel custom loss function that consists of
the self-adaptation and local-regularity terms is minimized. The performance eval-
uation of this method, is conducted on the same datasets. Our adaptation method
achieves 201.15 bits/min on the benchmark dataset, and 145.02 bits/min on the
BETA dataset. The results show that to the best our knowledge, our adaptation

method similar with our other methods is the best performing method within its

In this thesis, we use the words “user” and “subject” interchangeably but with a slight difference in
the meaning. “User” typically refers to the end-user of a BCI system whereas “subject” refers to the
participants of an EEG experiment conducted for data collection and development purposes.
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category.

All of our proposed methods can be straightforwardly extended (as it is not specific
to spellers) to general BCI systems for the broader purpose of translating brain
signals to external commands. Therefore, we believe that our techniques will produce
a great impact and immensely valuable use in a plethora of real-life applications of
SSVEP-based BCIs such as rehabilitation, control, and gaming.

The rest of the thesis is organized as follows. In Chapter 2, related methods in
the literature that were developed for the identification problem in SSVEP-based
BCIs are discussed. In Chapter 3, we provide problem statement. In Chapter
4, a description of both the benchmark and BETA datasets is presented. The
details of our proposed DNN architecture, and its experimental results on the used
datasets are in Chapter 5. Chapter 6 presents our ensemble based method and its
experimental results. In Chapter 7, we give the explanations and details of our
loss function proposed for the unsupervised adaptation as well as its performance
evaluation results on the datasets. We conclude the thesis in Chapter 8 with a final

discussion.



2. RELATED WORK

In this chapter, we discuss the prominent target identification methods developed for
the SSVEP-based BCI speller systems. These methods can be grouped into four dif-
ferent categories based on utilized training strategies and data availabilities. These
categories are: 1) both transfer and training free algorithms, 2) algorithms with
supervised training, 3) training free and transferred algorithms, and 4) algorithms
with unsupervised training. The expression “transferred” indicates that there exist
some data collected previously from some subjects with the EEG experiments, and
the models trained using these data are transferred to a new user. The expression
“trained” indicates that the algorithm is adapted for the new user, and the expres-
sion “supervised” indicates that this training/adaptation requires label information.
In the following, the methods in each category will be explained under separate

subsections.

2.1 Both Transfer and Training Free Algorithms

The methods from the “both transfer and training free algorithms” category rely on
mathematical formulations/models of the SSVEP signals, hence they do not need
any data. Because these methods are free of any data requirement, they are practical
and they can be used directly in new applications of the SSVEP based BClIs, where
the previously collected data either is limited or not available or collecting the labeled
data from the user is not feasible. However, their performances (i.e., ITR and target
identification accuracy) are generally much worse than the algorithms from the other

categories.

One of the conventional target character identification methods from this category is
based on the power spectrum density analysis (PSDA) of the received SSVEP signal

[16], in which the SNRs of the components of the stimulus frequencies are calculated
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and then the frequency of the highest SNR is selected as the final prediction. The
minimum energy combination (MEC) method [17] linearly combines the SSVEP
signals from multiple EEG channels to enhance the identification performance by
minimizing the energy of the undesired SSVEP component. Another method is
the canonical correlation analysis (CCA) (we call this method as “Standard-CCA”
throughout this thesis) in [18], which measures the maximal correlation between the
SSVEP signal (of the optimal channel combination yielding that maximum) and the
reference of a flickering frequency of interest (of the optimal harmonics combination
yielding that maximum). Then, the frequency of the largest maximal correlation is
selected as the final prediction. Standard-CCA generally demonstrates better ITR
performance than PSDA and MEC methods [18,19].

As an improved extension of Standard-CCA, a method called filter bank canonical
correlation analysis (FBCCA), which is the best performing method in this category,
was proposed in [20]. In FBCCA, the Standard-CCA algorithm is run in parallel
on the multiple SSVEP signals obtained by applying a filter-bank (multiple band-
pass filters) first and the results are combined afterwards. The reason of FBCCA
performance improvement over Standard-CCA is that the filter-bank approach eval-
uates the contribution (to the identification) of each harmonic degree separately by
using various sub-bands in the spectrum. This is supported in [21] by that, as the
degree increases, the harmonic magnitude drops but the SNR does not necessarily
decrease since the noise reduces faster. We refer to the seventh figure of [21] for
a demonstration, where it is shown that the harmonics up to 50 Hz maintains a
relatively high SNR. We also observe this -by inspection- in our own signal analysis
(cf. the spectrum example provided in Fig. 1.1 in the case of the harmonics of 10
Hz up to the 3rd degree). The filter-bank approach has become a standard proce-
dure thereafter and many researchers have followed by utilizing it to increase the

performance [7,8,11,22].

2.2 Algorithms with Supervised Training

EEG signals are well-known to exhibit data statistics that can drastically change
from one person to another [23,24], because of this fact, incorporating with indi-
vidual labeled data provides a significant ITR performance improvement [25]. The
methods in this category requiring the labeled data from each user, show much

better accuracy and I'TR results than the methods in other categories. Therefore,
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many extensions of the Standard-CCA that incorporate with the individual data,
such as L1-MCCA [26], ITCCA [27], MwayCCA [28], MsetCCA [29], PCCA [30],
CACC [31], as well as a combination of Standard-CCA and the ITCCA method
yielding Extended-CCA [25, 32] are proposed to improve the performance of the
Standard-CCA. Among those methods, Extended-CCA and its improved version
m-Extended-CCA are reported to outperform the others [11,33].

The correlated component analysis (CORRCA) [8] maximizes the correlation be-
tween the multi-channel template signals (which are calculated by averaging the
SSVEP signals across multiple trials in the training set for each frequency) and the
multi-channel test signal, and then the frequency of the highest correlation yields
the final prediction! [8]. The maximization in CORRCA [8] is with respect to a
single projection across channels, whereas the maximization in Standard-CCA [18§]
is with respect to two projections one of which is across channels and the other
is across harmonics in the references. As for the several extensions of CORRCA,
the filter bank approach is used in FBCORRCA [8], the information from other
correlation coefficients is exploited via carefully fusing them with exponentially de-
caying weights in HFCORRCA [34], and spatial filters of all stimulus frequencies
are utilized in TSCORRCA [8] yielding the best performing extension.

A method called task related component analysis (TRCA) is used for BCI SSVEP
spellers in [7]. The formulation models the SSVEP signal as a task-related informa-
tion signal that is linearly contaminated with noise. It is shown in [7] that TRCA,
when used for suppressing the noise in SSVEP by maximizing the inter-trial covari-
ance, delivers higher I'TR performance than the Extended-CCA method. TRCA
can be enhanced by the filter bank approach along with spatial filters yielding the
Ensemble-TRCA (eTRCA) technique [7]. A multi stimulus scheme (ms-eTRCA) is
further incorporated in [22] which is an advancement over the methods Extended-
CCA and eTRCA.

There exist a few deep learning studies that are related to SSVEP signal classifica-
tion and BCI spellers [35-41]. These studies aim to improve the current state with
the joint learning of temporal and spatial EEG features via deep neural networks.
The joint feature learning not only generates high level representations through cas-
caded layers but also helps to alleviate the need for a separate preprocessing step.
In addition, DNNs allow the inference of nonlinear interactions between such fea-
tures and the stimulus decoding, which is typically not explored in the conventional

techniques.

1Since each character corresponds by design to a unique frequency, we use the phrases “target character”
” ”

or “frequency” and “identification” or “prediction” or “classification” interchangeably depending on the
context.
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A convolutional neural network (CNN) is designed in [35] to suppress the non-
task-related signals in an ambulatory context of SSVEP signal classification. Their
network of three layers of multiple feature maps processes the data in the frequency
domain and yields a better identification performance than the CCA based meth-
ods. The CNN of [36] is composed of temporal and spatial processing layers that are
followed by pooling and fully connected layers (FC). It performs favorably compared
to the baselines of linear discriminant analysis and random forest in the case of hand
movement classification with low frequency EEG (non-SSVEP). A recurrent neural
network and a CNN are compared in [37] against various traditional approaches
such as k-nearest neighbor classification, adaboost, decision trees and SVM (to-
gether with feature selection), where the CNN (a single convolutional layer, pooling
and FC) has been concluded to outperform. The networks of [37] learns higher
level representations starting from power spectral density based EEG features. In
contrast, the proposed CNN (a single convolutional layer followed by pooling, batch
normalization and FC) in [38] is an end-to-end system (input is raw signal) without
preprocessing, and shown to perform better than the approach of [37] for partic-
ularly the dry EEG. The idea of fine tuning the pre-trained model with transfer
learning for subject specific adaptation has been observed in [40] to largely improve
the identification performance. One further conclusion in [40] is that their CNN
outperforms the conventional approaches such as CCA, FBCCA and TRCA. An-
other DNN (Conv-CA) is designed in [41] for the speller application and reported
to deliver a better target identification performance than the method eTRCA [7].

2.3 Training Free and Transferred Algorithms

The algorithms in this category transfer the models or the template signals obtained
based on the available/existing subjects’ data to the new user. Because these algo-
rithms do not require any user data, they are free of the hassle of long and tiring
data collection periods. Hence, the methods in this category are much more practi-
cal than the methods in “Algorithms with Supervised Training”, and since they are
data-driven approaches, their performances are superior than the performances of

algorithms from “Both Transfer and Training Free Algorithms”.

One of the earliest proposed methods from this category is tt-CCA [42], in which
the target character is predicted based on the correlation coefficients between

the received test signal and the template signals that are formed in the train-
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ing/construction phase of the method. For each target character, all of the training
subjects’ data (having the same label with the corresponding target character) are
averaged to form a template signal. Then, CCA is applied between this template
signal and the synthetic reference signal (formed with the frequency and its harmon-
ics of the target) so that the channel combination giving the maximum correlation
is selected as a channel. After completing this for all target characters, the signals
and channel combinations are transferred to the new user. At the stage of predict-
ing the intended character of the new user instance, tt-CCA calculates and com-
bines three correlation coefficients for each target character, and the one having the
maximum combined correlation coefficient is selected as the prediction. The first
correlation coefficient is the maximum CCA coefficient between the new instance
and the synthetic template signal. The channel combination giving this maximum
CCA coefficient combines channels of the new instance and the template signal, and
then the correlation coefficient between them is calculated as the second. For the
third coefficient, the same procedure is applied, but with the transferred channel

combination.

Combined-tCCA [43] follows a similar approach with the tt-CCA method, except
that it uses different correlation coefficients that are defined in [25] for the supervised
setting. Rather than employing user-specific coefficients, those of [25] are modified

in [43] by only using transferred signals and channel combinations.

In the ttf-CCA [44] method, channel combinations are learned for each subject sep-
arately using individual templates. After reducing all such subject-specific channel
combinations to a certain number of common combinations, for each target charac-
ter, correlation coefficients between the new instance and the corresponding template
signal (constructed with the same way in the tt-CCA method) are calculated. The
maximum of these coefficients as well as the one between the new insance and the

related synthetic template signal reveals the final prediction.

2.4 Algorithms with Unsupervised Training

The user-independent methods (i.e., methods from “Both Transfer and Training Free
Algorithms” and “Training Free and Transferred Algorithms” sections) are free of
preparation and so appealing in the sense of the user comfort, but they underperform
on the ITR side as the EEG statistics vary inter subjects largely [23,24]. This
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shows that user-specific adaptation is in fact a must. However, the user comfort
is also another important point that needs to be considered. The methods, such
as online tt-CCA (ott-CCA) [42], adaptive combined-tCCA (adaptive-C3A), and
online adaptive CCA (OACCA), in this group aim to satisfy both the user comfort
and the detection performance with using or transferring a user-independent method

and adapting it in an unsupervised fashion.

The ott-CCA method [42] is the online unsupervised extension of the tt-CCA
method, where the template signals used in the tt-CCA method are updated using
the unlabeled new user data. It has been observed that ott-CCA increases the per-
formance of the tt-CCA method when the signal length is more than 1 second [42].
A very similar approach is followed by the adaptive-C3A method, which is the online
extension of combined-tCCA [43]. Adaptive-C3A updates the used template signals
in combined-tCCA in an unsupervised manner. It is reported that the adaptive-C3A

method improves the performance of the combined-tCCA method [43].

One recent method called online adaptive CCA (OACCA) [45] follows a bit different
approach than the ott-CCA and adaptive-C3A methods. The OACCA method does
not adapt the transfer-based method instead it adapts the CCA method to the new
user by introducing the new user-specific channel and harmonic combinations. The
new user-specific channel and harmonic combinations are found by the methods

introduced in [22] and [46] using the calculated combinations for the previous trials.
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3. PROBLEM DESCRIPTION

During a trial in a BCI SSVEP speller session (illustrated in Figure 1.1), the subject
is visually presented a matrix of M alphanumeric characters each of which flickers
at unique frequency Fj:je M ={1,2,---,M} (in Hz), e.g., Fj € {8,8.2,---,15.8}
with M = 40. Then, she/he is asked to concentrate on the target character with the
identification number y € M that is to be spelled. The brain response, as a result
of the stimulation by the intended target character y flickering at the frequency
Fy, is measured with EEG as the multi-channel SSVEP signal x € RE*Nt . Here,
C' is the number of channels and N; =T x Fs is the number of samples in each
channel (with 7" and Fs being the signal or stimulation duration in seconds and
the sampling frequency in Hz, respectively). The measured SSVEP signal x mostly
comprises of the frequency components Arcos(2rF't+¢y) (where t = n/Fy due to
sampling) at the harmonics F' = kF), (integer k) of the stimulation frequency Fy,.
The entire spectrum (up to typically 100 Hz as far as the information content,
which is corrupted by the noise and interfered with other ongoing processes in the
brain, is concerned) is spanned, but the components of the harmonics are larger,
Le., Agp, >> Ap >0 for F'# kF, [11,12] (cf. also the spectrum example in Fig.
1.1). Then the target identification problem in this setting can be perhaps solved
by the detection of the peaks across harmonics up to a certain degree in the Fourier
spectrum of the SSVEP signal. Namely, one can decide for the character whose
harmonics are most covered by the spectrum. However, the harmonics are generally
not observable in the spectrum as orthogonal components since the signal duration T’
yields only a low frequency resolution dw = 7?—1255 rad in normalized radian frequency
and 0F = ‘;—fF s = % Hz in cyclic frequency (where T is short). Therefore, the
information in the harmonics of Apspcos(2nkdFt+ ¢psp) (where t =n/Fs due to
sampling) do leak onto the entire Fourier spectrum of the SSVEP signal due to the
correlation between the harmonics and the spectrum components. If one still insists
on using Fourier spectrum based decoding, then at least 5 seconds of stimulation
duration (i.e., T'=15) is required in the case of a total of 40 characters that flicker at
unique frequencies with 0.2 Hz increments. However, please note that a BCI SSVEP

speller system is typically designed for enabling a severely motor disabled individual
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to communicate flawlessly at a fast rate which requires a high speed accurate speller.
Therefore, the main design goal is to maximize the ITR [47] that is a function of
the target identification accuracy and the stimulation duration. If the prediction is
perfectly accurate, then the trial-by-trial spelling of a length-I word requires T" x [
seconds which is equivalent to the ITR logy M GT—O bits/min, i.e.,

1-P17.60
ITR(P,T) = (logy M + Plogy P+ (1— P)log, [ })

M-1"T
60
(3.1) = (log, M)T (when P=1) .

Note that the prediction accuracy 0 < P <1 is almost never perfect; nevertheless,
if the identification method is optimal (with the minimum possible error rate, i.e.,
1 —P), then the P can be improved only by requesting a longer stimulation via
increasing T (resulting in a larger amount of data). However, in this case of length-
ening the stimulation duration, the trials of the spelling slow down and consequently
the ITR does not necessarily improve. For example, the long stimulation 7' = oo,
results in the perfect accuracy P =1 that is, though, 0 ITR. Hence, when the iden-
tification method is optimal, it is not possible to expedite the spelling while also
improving the P since the two are incompatible. This requires to manage a trade-off
between P and T for the ITR maximization. On the other hand, when the target
identification is itself not optimal, improving the P is possible without increasing
the T" up to the point where the trade-off starts dominating. The I'TR maximization
for a fixed T is equivalent to accuracy maximization, our strategy is to minimize
the 1 — P for each T', and observe the pair (P*,T7%) that yields the maximum ITR.
In addition to ITR maximization, the user comfort also needs to be considered for

the convenient daily use.

In this respect, we formulate the character identification as a multi-class classifica-
tion problem based on the available data. There are three different problem setups
based on the available data types, which are “Supervised Training Setup”, “Training
Free and Transferred Setup”, and “Unsupervised Training Setup”. In each problem
setting, different classification goals are prioritized because of their nature, as ex-

plained in the following subsections.

3.1 Supervised Training Setup
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In the supervised training setup, there are D, many available labeled data of the
user for training a user-specific model: {(Xi,yi)}ZD:“l. And there is a set of labeled
data from a set of subjects {{(x{,y?)} 2%}t where Ny, is the total number training
subjects, and Dy is the total number of the EEG instances from the s’th subject.
These available subjects’ data are used to ease and improve the training of the
user-specific model. The models trained in this problem setup generally show very
promising I'TR results at the expense of a tiring data collection period as detailed in
Chapter 2. We propose a DNN architecture (Chapter 5) that is trained and tested

in this setting.

3.2 Training Free and Transferred Setup

In this problem setup, we do not have any available data from the user, but we
have the data of some other existing subjects: {{(x7,y7)}2%}. The models are
generated using the subjects’ data and then directly transferred to the new user.
As there is not any data of the user, the methods trained in this setting are much
more convenient for the user, but they underperform on the I'TR side. We propose

an ensemble based method that is trained and tested in this setting.

3.3 Unsupervised Training Setup

In this setting, there is not any available labeled data of the user, but we have some
unlabeled data of the user, which is accumulated as the new user uses the system:
{(x;)}2* . These unlabeled data are used to adapt a model that is generated using
the available data of the subjects: {{(x{,y?)}25}¥,. In this problem setup, both
the user comfort and ITR performance are tried to be satisfied. Since there is
not any labeled data, the long and tiring EEG data collection experiments are not
conducted; and the I'TR performance is considered with adapting the methods using
the accumulated unlabeled data of the user. We introduce a new loss function that

allows adaptation in this unsupervised setting.
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4. DATASETS

To test the performance of all the our proposed methods, we have used the publicly
available and widely used two large scale datasets, which are the benchmark [14]
and the BETA [15] datasets. The details of the each dataset are presented in the

following.

4.1 The Benchmark Dataset

The benchmark dataset has been recorded in BCI SSVEP speller experiments with
35 healthy subjects. Each experiment consists of 6 blocks, i.e., sessions. The reason
of collecting the data with several blocks is to provide a break time to the subjects.
During a block, the subject is shown on the screen! (Figure 4.1a) a matrix (5 x 8) of
40 target characters flickering at various frequencies (in the range 8 — 15.8 Hz with
0.2 Hz increments) with at least 0.57 phase difference between adjacent frequencies.
The EEG data is recorded through 64 channels. Each block includes 40 random-
order trials (one trial per each target character). Each trial starts with a visual cue
that is displayed for 0.5 seconds on the screen to guide subject’s gaze to the desired
target, and then conducts the stimulation for 5 seconds that is followed by an offset
of 0.5 seconds. The EEG is downsampled to 250 Hz. Average visual latency of the
subjects is approximately estimated as 140 ms in this dataset. We refer to [14] for
further details.

IFigure 4.1a is taken from [14].
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(a) The character

matrix layout for

the stimulus presentation in the ex- (b) The character matrix layout for
periments of the benchmark dataset is the stimulus presentation in the exper-
shown. iments of the BETA dataset is shown.

4.2 The BETA Dataset

The BETA dataset and the benchmark dataset are similar, but also have certain
important differences. We note the differences in the following (the remaining at-
tributes are the same). This BETA dataset has been recorded with 70 healthy
subjects. Each experiment consists of 4 blocks. The flickering target characters are
shown in the form of a keyboard? (Figure 4.1b). The experiments are conducted
outside of the laboratory environment, resulting in a lower SNR compared to the
benchmark dataset. Hence, the target identification is more challenging in this case.
The stimulation lasts 2 seconds for the first 15 subjects and 3 seconds for the re-
maining subjects. Average visual latency of the subjects is approximately estimated
as 130 ms in this dataset. We refer to [15] for further details.

2Figure 4.1b is taken from [15].
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5. PROPOSED SOLUTION IN THE SUPERVISED TRAINING

SETTING: A DNN ARCHITECTURE

In this chapter, we present our proposed DNN architecture, which processes SSVEP
signals in time domain as an end-to-end system from the EEG to the prediction
of the target character. The proposed DNN strongly outperforms (with uniformly
the highest ITR results for all signal lengths) the state-of-the-art as well as recently
proposed deep learning techniques. It consists of 5 layers, each layer has a specific
purpose. In the following, we detail the layers of the proposed DNN and discuss its
performance evaluation results on the benchmark [14] and the BETA datasets. The
text in this chapter and Fig. 1.1 and 5.1 are mainly from our publication about our
DNN architecture [48].

5.1 The Proposed DNN Architecture

Our DNN architecture operates as an end-to-end system which receives the
multi-channel SSVEP signal x and processes it in a feed-forward manner to
the final prediction §. The proposed DNN (Figure 5.1) consists of 4 convolu-
tional layers and 1 fully connected layer. Hence, we have the processing x —
preprocessing: [x(M), ... x| x| 5 x 5z w2y o253 s =)= argmaxs;,
where the preprocessing is for generating the sub-bands of harmonics [x(l), . ,X(N S)]
that are combined in the first layer to produce the x which is processed in the second
layer for spatial filtering to produce the z;. Here, Ny is the number of sub-bands
and r is the corresponding index. Downsampling follows in the third layer, yielding
Z9, then features are extracted in the fourth layer as z3 passing to the classification
in the fully connected layer to produce the prediction § = argmaxs; (s € [0, 1M1

is the softmax output).
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Figure 5.1 We propose a DNN architecture (with 4 convolutional and 1 fully con-
nected layers) for the target identification problem in SSVEP-based BCIs. The
proposed DNN strongly outperforms the state-of-the-art and recently proposed tech-
niques uniformly across all signal durations 7' € {0.2,0.3,---,1.0}, but in particular
delivers impressive information transfer rate (ITR) results that are 265.23 bits/min
and 196.59 bits/min in as short as T' = 0.4 seconds of stimulation with C' =64 chan-
nels on the two publicly available benchmark and BETA datasets. To the best of
our knowledge, our ITRs are the highest ever reported performance results on these
datasets.

Remark: We point out that since there is only one nonlinear activation (ReLu)
in the proposed DNN; it can be reduced to a single hidden layer network with the
ReLU activation at the hidden layer. However, that would only lead to a non-
intuitive complicated network. In our DNN, the information flow is natural through
an intuitive and conceptually simple design. Therefore, we present the DNN as the

composition of 5 functionalities, i.e., layers.

In the following, we describe our proposed DNN. For each layer, we first motivate
its use and then provide its definition. Next, the training scheme and the further

details are explained.

5.1.1 First layer for harmonics (sub-bands) combination

Under the stimulation by the target character flickering at the frequency Fj,, the
contributions of the harmonics to the generation of the SSVEP signal might vary
from one harmonic to another. For example, a lower order harmonic generally has
a larger magnitude compared to a higher degree one [11]. Nevertheless, since the
higher order harmonics tend to be less (for example, compared to the alpha band
around 10 Hz) interfered with other ongoing brain activities, they tend to manifest
perhaps surprisingly a relatively high SNR [21] (as we also observe by inspection in
the spectrum example of Fig. 1.1 in the case of the stimulation frequency 10 Hz up
to the 3rd degree). We also refer to the study [21] for a general SNR investigation
of SSVEP harmonics. However, it is not straightforward to assess which harmonic

is more informative in the SSVEP classification, and hence how to normalize in
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the spectrum across the harmonics could be a fairly difficult task. This issue is
handled in the literature by processing several sub-bands of the SSVEP spectrum
separately, but then the results are fused in a rule based manner or are fused based
on a fairly restrictive model, e.g., [11,20]. Therefore, how to choose the weight of a
certain harmonic is not sufficiently addressed in the literature due to their manual

handling.

In our DNN design, we opt to stay agnostic about this normalization of harmonics
and instead let the network decide about the normalization weights by training in
a data driven manner. For this purpose, we band-pass filter (denoted by G,, with
MATLAB filtfilt function) the SSVEP signal x € RE*Y in each channel (multiple
times 1 <r < Nj), where the lower cut-off is » x min{F;} —e Hz (e.g., ~ 8 Hz for
r =1 in both of the datasets [14,15]) and the upper cut-off is 6 x max{f;} +¢€ Hz
(e.g., ~ 90 Hz in both of the datasets [14,15]) with € being a small margin. The filter
is designed as (using MATLAB designfilt function) zero-phase Chebyshev-Type 1
with filter order 2 and 1 dB pass band ripple. Hence, each filter G, excludes the
harmonics of the degree that is less than r while including the rest up to the 6’th
degree (the maximum degree is set to 6 since beyond 100 Hz in the EEG is typically
noise in BCIs). This yields the filtered output x(M e RE*N that includes a specific

sub-band of harmonics.

The first layer of our DNN (with the weights wy € RYs*1) linearly combine these
sub-bands for a normalization across the harmonics as x = zf;l wgs)x(s)7 where the
input to the layer is [x(l), v x™ ,X(NS)] € REXNexXNs (i e, a volume of 9 x 50 x 3
in the case of C =9, Ny =50=T x Fs with T'= 0.2 seconds, Fs = 250 Hz, and
N, = 3) whereas the output is x € RE*M (i.e., a plane of 9 x 50 x 1 when C' =9
and Ny = 50). Hence, (if desired) our DNN has the capability to amplify the higher

order harmonics by choosing the corresponding weights relatively high.

5.1.2 Second layer for channel combination

The SSVEP signal is a multi-channel signal. The channels, on the one hand, bear
valuable distinct information from the brain regions that they sense from but, on
the other, produce signals that are also largely correlated. A combination across
channels shall be considered to extract and accumulate the whole information while
discarding the redundancy or non-informative variations. Also, multiple combina-
tions are probably needed since extracting the information living in one subspace
(of the complete channel space) can suppress the one living in another subspace.
18



The required combinations might be even more than the number of channels as
those informative subspaces are not necessarily orthogonal, requiring in return a
nonlinear processing of combinations. The existing CCA analyses in the literature
(such as [8,11]) allows a separate channel combination for each and every single
test instance. Here, we criticise this since it not only A) creates an unnecessarily
large degree of freedom and in return a large detrimental effect due to the induced
strong proneness to overfitting, but also B) risks suppressing, in each case of the
test instances, valuable information that can be extracted by other but not utilized
combinations. To alleviate the issue B, those techniques incorporate multiple combi-
nations -for each and every testing again- by fusing the correlation coefficients of the
CCA analysis, but this further worsens the issue A. Even then, the number of com-
binations is limited by the number of channels due to linearity, and the coefficient
fusing is typically rule-based without a data-driven learning or is based on a simple
fitting to a rather restrictive model. Further, a regularization step is generally not

incorporated though it is certainly needed.

In the following, we explain from another perspective to motivate our approach.
Since the neural circuitry and nonlinear processes that are involved in brain to
generate the SSVEP responses vary from lower degree harmonics (as well as in-
termodulations) to upper degree ones [49], we certainly expect that different brain
regions are more responsive to different harmonic degrees which necessitates the
use of multiple channel combinations. Moreover, a different combination might be
more appropriate to emphasize a certain stimulation frequency and its harmonics
while suppressing the others which further necessitates multiple combinations for

each classes.

Unlike the state-of-the-art methods, in our DNN design, we use the same set of
multiple channel combinations that is common for all of the instances. This set
in our study includes as many combinations as the number Ny of sub-bands for
each stimulation frequency Fj, yielding in total, for instance, N, = 120 = Ny x M
combinations when Ng =3 and the number of characters is M = 40. We emphasize
that if the number N, of channel combinations is more than the number C' of
channels, then one needs nonlinear processing (to avoid degeneracy and) to make use
of the combinations effectively. Overall, this setting keeps the parameter complexity
at a manageable level and mitigate the overfitting when compared to using a separate
combination for each and every single test instance as in the existing techniques of
literature. At the same time, our setting is also sufficiently powerful since we can
use combinations as many as needed. To this end, the second layer (parameterized
over the weights w, € RE*V ch) of our DNN combines the channels by receiving the

input plane x € RE*M and returning the plane z; € RV*Nen ie.. z; = x'w,, where
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x’ is the transpose of x. In order to achieve nonlinearity, we also apply the ReL.U

(rectified linear unit) activation but postpone it until the end of the third layer.

5.1.3 Third layer for filtering in time, downsampling and nonlinearity

This layer has two functions. First, it applies a filter of size 2 in time (with also a
full third dimension along the depth) with stride 2, thereby halving the dimension
(downsampling by 2) and reducing the parameter complexity in the network. This
operation can be considered to represent the anti-aliasing filtering that is commonly
used with downsampling. The filtering in this layer additionally serves for roughly
adjusting the spectral bandwidth for each information flow over the channel com-
binations in the network. Hence, multiple such filters (as many as the number of
channel combinations, i.e. N, = 120) are used. Second function of this layer is
applying the nonlinearity. Note that when we have N, > C, the input plane of this
third layer z; € RNt xNew is rank-deficient with a rank at most C even if x € RE*Nt
(producing z; = x'w,) is full rank. This defeats the purpose of producing multiple
channels combinations in the previous layer. Hence, to tackle the rank-deficiency
and enable the effective use of the channel combinations, the nonlinear ReLLU acti-

vation is applied after downsampling to produce the output plane zs € R(Nt/2)xNen,

5.1.4 Convolutional fourth and fully connected fifth layers

The fourth convolutional layer filters the input zs with multiple finite impulse re-
sponse filters (FIRs, each being of length 10 with also a full third dimension along
the depth) to produce the features in z3 that is finally classified by the following fully
connected (FC) layer. Hence, the very first input x is predicted as § = argmaxs;
(s €[0,1)™*! is the softmax output of the FC layer). The FIR filters in the fourth
layer are expected to achieve frequency responses that are tuned to the spectral pat-
terns of each stimulation class (1 FIR for each sub-band per each M =40 classes,
yielding in total 120 filters when we have Ny = 3 sub-bands) for extracting powerful
features. Hence, in these two layers, all of the FIR filters as well as all of the FC

weights are optimized.
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5.1.5 Two-staged training and further details

The proposed DNN is initialized by sampling the network weights from the Gaussian
distribution with 0 mean and 0.01 standard deviation, except that all of the weights
in the first layer are initialized with 1’s. The exception of the first layer is due to
an intuitive choice for assigning equal weights to the sub-bands initially without
affecting the order of magnitudes of the input filtered signals. We train the network
in each iteration based on the training batch data {(Xi,yi)}iD:bl, where Dy, is the

number of trials in the batch, by minimizing the categorical cross entropy loss

1 D

5.1 —
(5.1) Dy 2=

—log(siy,) +Awl|?

via the Adam optimizer [50] with the learning rate v = 0.0001 (without decaying),
where A is the constant of the L2 regularization which we set as A = 0.001, s; €
[(),l]MXl is the softmax output for the instance x;, s;4, is the y;’th entry of s;
and the final prediction is §j; = argmaxs; ;. Here, w represents all the DNN weights.
Dropout layers are incorporated between the second and third, third and fourth, and

fourth and fifth layers with dropout probabilities 0.1, 0.1, and 0.95, respectively.

We also point out that the total number of trainable parameters in our proposed
DNN can be found by N +C’Nch—|—2]\73h + 10N02h + %NchM (each term is for a layer
including the output layer), which yields 413,883 parameters in the plausible setting
of Ng=3,C=9,N,, =120,T = 0.4 sec, fs = 250 Hz with M = 40. Since there are
at most 8400 training instances in the considered datasets, which is low compared
to the parameter complexity, we opt for a relative strong regularization by using a

large dropout probability (0.95) in the last layer.

We train the network in two stages. The first stage takes a global perspective
by training with all of the data (in the training set) whereas the second stage
re-initializes the network with the global model and fine-tunes it to each subject
separately by training with only the corresponding subject data (of the training
set). Hence, each subject has her/his own model. Most of the existing studies do
either develop only a local model (e.g., [7,8]) or only a global model (e.g., [35]),
which indicates that our introduced two-stage training is also a novel contribution
to BCI SSVEP spellers. We observe that this idea of transfer learning with two-
staged learning, since it takes into account the inter-subject statistical variations,
provides significant ITR improvements. In the following section of the performance
evaluations, we study with two datasets independently. Namely, the global model of

the first stage training is obtained for each dataset separately rather than training
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a single global model based on the union of the two datasets.

5.2 Performance Evaluations

We test our DNN on publicly available two datasets, which are the benchmark [14]
and the BETA [15] datasets. The state-of-the-art techniques have been previ-
ously tested on these datasets; and in our evaluations, we compare against specif-
ically those that have been reported to perform well. In particular, we compare
against 7 methods: Conv-CA, ms-eTRCA, eTRCA, TSCORRCA, m-Extended-
CCA, Extended-CCA and CORRCA. In our comparisons, we follow the same test

procedures for all these methods.

As explained in Chapter 4, the BCI SSVEP speller experiment consists of several
blocks, so that the subject can have a break between two blocks. For example,
there are 6 and 4 blocks in the benchmark and BETA datasets, respectively. In our
performance evaluations, we conduct the comparisons (following the same proce-
dure in the literature) in a leave-one-block-out fashion. We train on 5 (or 3) blocks
and test on the remaining one and repeat this process 6 (or 4) times to test on
each block in the benchmark (or the BETA) dataset. For each signal duration T
in the range T € {0.2,0.3,---,1.0}, we report the mean classification accuracy and
ITR along with the standard errors. We take into account a 0.5 seconds gaze shift
time while computing the I'TR. We test with the pre-determined set of 9 channels
(Pz, PO3, PO5, PO4, PO6, POz, O1, Oz, and O2) again for fair comparisons since
these channels have been used in the compared methods, but we also test with all
of the available 64 channels to fully demonstrate the efficacy of our DNN. In fact,
we observe improvements with 64 channels over the pre-determined set. Confusion
matrices are also presented for further insights into our classification results. Ad-
ditionally, we analyze the effect of the number of sub-bands and channels on the
identification performance. We also report the topographic channel distributions to

demonstrate the weight of each channel’s contribution to the our DNN performance.

Since the available data shrinks in the second stage of our DNN training, to achieve
a better regularization, the probabilities of the first two dropout layers are increased
to 0.6 for the benchmark dataset [14] and to 0.7 for the BETA dataset [15]. A larger
dropout probability is used for the BETA dataset as it is smaller in size (per subject)
and more noisy (Chapter 4). The number of epochs (without early stopping) are
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Figure 5.2 The mean classification accuracy on the left and the mean information
transfer rate (ITR) on the right are presented across all 35 subjects in the benchmark

dataset, together with the standard errors indicated by the bars.
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Figure 5.3 The confusion matrix of the proposed DNN with 64 channels on the

benchmark dataset at 0.4 seconds of stimulation.

1000 and 800 in the first stage for the benchmark dataset and the BETA dataset,

In the second stage, the

respectively, where the batch size is 100 for the both.

number of epochs (without early stopping) are the same and 1000 for both of the

datasets and the batch sizes are 200 and 120 for the benchmark dataset and the

BETA dataset, respectively. All the other settings of the proposed DNN are exactly

stages and also between the two datasets.

the same between the two
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Figure 5.4 The mean classification accuracy on the left and the mean information
transfer rate (ITR) on the right are presented across all 70 subjects in the BETA
dataset, together with the standard errors indicated by the bars.

5.2.1 Results

The proposed DNN is observed to achieve 265.23 bits/min (~ 84% accuracy with 64
channels) and 244.45 bits/min (~ 80% accuracy with 9 channels) maximum ITRs
(cf. Figure 5.2, and the corresponding confusion matrix in Figure 5.3 with 64 chan-
nels and 0.4 seconds of stimulation) on the benchmark dataset, and 196.59 (~ 70%
accuracy with 64 channels) bits/min and 188.45 (~ 68% accuracy with 9 channels)
bits/min on the BETA dataset (cf. Figure 5.4, and the corresponding confusion
matrix in Figure 5.5 with 64 channels and 0.4 seconds of stimulation). These results
are achieved in only T'= 0.4 seconds of stimulation with using Ng = 3 sub-bands.
The fact that we observe such impressive results with the same exact setting in both
of these independent datasets is particularly important and thereby providing further
reassurance about the robustness of our presented results. In fact, across all stimu-
lation durations, the proposed DNN strongly outperforms all the other techniques
in terms of both the accuracy and ITR, in both datasets.

In the rest of our performance evaluations, we fix the stimulation duration to T'= 0.4
seconds as it yields the maximum ITR in both of the datasets. Also, we continue
with reporting only the accuracy since it is a direct performance measure with a

more intuitive interpretation and the I'TR is an invertible function of the accuracy.

As reported in Table 5.1, for both of the datasets, using Ny; = 3 sub-bands with
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Figure 5.5 The confusion matrix of the proposed DNN with 64 channels on the

BETA dataset at 0.4 seconds of stimulation.

1

5 neither improves the

9 channels improves the accuracy by about 2 —2.5% compared to using Ny =

C:

sub-band only. Whereas using 2 more sub-bands with N,

accuracy nor does it degrade. This indicates that the first three harmonics should

be taken into account differently by an appropriate combination as we do in the first

layer of the proposed DNN, and harmonics beyond the third degree can be grouped

and processed together. Therefore, we continue with using Ng = 3 sub-bands in the

following.

Table 5.2 reports the accuracy with 3 (O1, Oz, 0O2), 6 (O1, Oz, 02, POz, PO3,
PO4), 9 (Pz, PO3, PO5, PO4, PO6, POz, O1, Oz, 02) channels as typically used

in the literature, and 32 channels (all channels from occipital, parietal, central-
parietal regions and C3, C1, Cz, C2, C4, FCz) as well as all 64 channels. Both of

using all 64 channels or 32 channels improve the accuracy but that also reduce the
practicality from the user’s point of view. Second, our DNN also works fairly well

with 3 and 6 channels, which indicates that our algorithm can also be successfully

used in the more practical systems where only few channels can be used. Overall,

using 9 channels is a reasonable choice in this trade-off between the accuracy and

0.4 seconds

practicality. Hence, we offer the proposed DNN with the settings of T’

9 channels.

= 3 sub-bands and C =

of stimulation, Ny

Table 5.3 presents the mean classification accuracy (along with the standard error)

0.4

We observe that

achieved by the proposed DNN for stages of our training, in the setting of T’

3 sub-bands and C' =9 channels.

using only the first stage (our global model) or using only the second stage (directly

second of stimulation, Ny

training our individual models) perform comparably on the BETA dataset but the

25



Table 5.1 The mean classification accuracy (%), with the standard error, of our DNN
is reported versus varying number of sub-bands with 9 channels and 0.4 seconds of

stimulation.
Benchmark BETA
1 sub-band 77.89+2.89 64.98 +2.25
2 sub-bands 78.80 £2.92 66.84 £2.17
3 sub-bands 79.894+2.81 67.52+2.17
4 sub-bands 79.86 +2.89 67.54+2.12
5 sub-bands 79.96 +2.82 67.66 £2.17

Table 5.2 The mean classification accuracy (%), with the standard error, of our DNN
is reported versus varying number of channels with 3 sub-bands and 0.4 seconds of

stimulation.
Benchmark BETA
3 channels 51.04 £4.09 42.73+2.60
6 channels 74.55+3.12 58.86 £ 2.49
9 channels 79.894+2.81 67.52+2.17
32 channels 82.70 £2.63 70.214+2.05
64 channels 84.544+2.08 69.54 +2.07

latter delivers a better performance on the benchmark dataset. On the other hand,
using both stages sequentially as proposed by first obtaining a global model and then
fine tuning it for each individual model outperforms using only the first stage or using
only the second stage on both datasets by 26% on average. This demonstrates the
efficacy of our training approach. The same table also records the required running-
times per epoch in each case, when run on an NVIDIA GPU (Tesla V100 Volta with
memory 32GB). We observe that the second stage training takes negligible time,
compared to the first stage taking ~ 30 minutes in the case of the benchmark dataset
with 1000 epochs (it takes longer in the case of the BETA dataset). Note that this
processing unit is specialized for deep learning algorithms, hence the running times
for the first stage would scale up to several hours (completing all 1000 epochs for
a single stimulation duration) on a standard computer of daily use. As for the test
time (with 7'= 0.4 seconds of stimulation and C' =9 channels), the classification of
a single instance takes about 0.008 seconds with our DNN whereas, Conv-CA and
m-Extended-CCA require about 0.026 and 0.019 seconds, respectively, on the same

machine.

5.2.2 Statistical Significance Analyses
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Table 5.3 The mean classification accuracy (%) of our DNN is reported along with
the standard error for the stages of our training. Running-times per epoch are also
provided below each line.

Benchmark BETA
Only first stage 46.93 + 3.30 38.44+2.12
(~ 1.80 sec.) (~2.25 sec.)
Only second stage 56.39 +4.08 34.454+2.43
(~0.055 sec.) (~0.05 sec.)
Two-stage 79.89 £2.81 67.52+2.17
(~ 1.855 sec.) (~2.30 sec.)

This part presents our statistical significance test results. Although we achieve a
better performance with 64 channels, the 9 channels version of our technique is
considered in the following for fairness, since all of the other compared methods use
9 channels. Also, we present ANOVA results where the effect of number of channels

and sub-bands are investigated.

For a specific stimulation duration 7', we conduct 7 paired t-tests each one of which
analyzes the performance difference, observed in Fig. 5.2 and Fig. 5.4, between our
proposed DNN (9 channels) and one of the 7 compared algorithms. These tests are
repeated for each T € {0.2,0.4,0.6,0.8,1}, and the unadjusted p-values are reported.
We call an observed difference “statistically significant” (*) if the p-value is less than

% (applying “single” Bonferroni correction by 1/7 since we have 7 comparisons for

« fodd : s ” : : 0.05
each T') and “statistically highly significant” (**) if the p-value is less than =3
(applying “double” Bonferroni correction by 1/35 since we have 35 comparisons in

total across all methods and 7" choices).

In the case of the benchmark dataset: In terms of the accuracy (Fig. 5.2),
the least significant difference between our DNN (9 channels) and the compared
methods is observed with (1) Conv-CA (**p = 3.40 x 1071Y) for T'=10.2, (2) eTRCA
(**p = 1.04 x 1079) for T = 0.4, (3) Conv-CA (**p =5.96 x 10~%) for T = 0.6, (4)
eTRCA (p=0.76 x 1072) for T = 0.8, and (5) Conv-CA (p=6.81 x 1072) for T = 1.
Here, for T'= 0.8, the difference with e TRCA is not significant; but it is significant
(*) with Conv-CA and ms-eTRCA, and highly significant (**) with all the others.
For T'=1, the difference with Conv-CA, ms-eTRCA and eTRCA are not significant;
but it is significant (*) with TSCORRCA, and highly significant (**) with all the
others. In terms of ITR (Fig. 5.2), the least significant difference between our
DNN (9 channels) and the compared methods is observed with (1) Conv-CA (**p =
7.38 x10710) for T =0.2, (2) eTRCA (**p =3.60 x 10~7) for T = 0.4, (3) Conv-CA
(**p =2.55 x 107%) for T'= 0.6, (4) eTRCA (*p =0.27 x 1072) for T'=0.8, and (5)
e¢TRCA (p =4.94x1072) for T'= 1. Here, for T = 0.8, the difference is significant
(*) with ms-eTRCA and eTRCA, and highly significant (**) with all the others. For
27



T =1, the difference with Conv-CA, ms-eTRCA and eTRCA are not significant; but
it is significant (*) with TSCORRCA, and highly significant (**) with all the others.

In the case of the BETA dataset: In terms of the accuracy (Fig. 5.4), the least
significant difference between our DNN (9 channels) and the compared methods is
observed with (1) Conv-CA (**p =5.13 x 10713) for T = 0.2, (2) Conv-CA (**p =
3.58 x 10713) for T = 0.4, (3) Conv-CA (**p =3.49 x 10719 for T'= 0.6, (4) Conv-
CA (*p =3.80x 1077) for T = 0.8, and (5) Conv-CA (x*p = 3.64 x 10~7) for
T =1. In terms of ITR (Fig. 5.4), the least significant difference between our
DNN (9 channels) and the compared methods is observed with (1) Conv-CA (**p =
3.88 x 10712) for T =10.2, (2) Conv-CA (**p = 1.50 x 10713) for T'= 0.4, (3) Conv-
CA (**p=1.75x10710) for T = 0.6, (4) Conv-CA (**p=3.84 x 10~10) for T = 0.8,
and (5) Conv-CA (**p=1.32x 1077) for T'= 1. Thus, the difference (in terms of
both accuracy and ITR) is always highly significant (**) with all the other compared
methods and for all 7"s.

On the other hand, a one-way repeated measures ANOVA reveals a main effect
of the number of sub-bands on the accuracy (Benchmark: F(4,136) = 30.271,
p < 5.18 x 10718; BETA: F(4,276) = 39.793, p < 2.64 x 10720) with our proposed
DNN in Table 5.1, where a paired t-test indicates a highly significant difference
between using 1 sub-band and 3 sub-bands (Benchmark: p = 3.05 x 107?; BETA:
p=16.55x10713). Similarly, the number of channels (Table 5.2) has a main effect on
the accuracy (Benchmark: F(4,136) =86.007, p < 2.82 x 1073¢; BETA: F(4,276) =
162.24, p < 3.23 x 10_71), where a paired t-test indicates a highly significant dif-
ference between using 9 channels and 64 channels (Benchmark: p = 5.29 x 107%;
BETA: p = 3.89 x 10%). The training strategy (Table 5.3) also has a main ef-
fect (Benchmark: F(2,68) = 87.466, p < 1.58 x 10~19; BETA: F(2,138) = 218.08,
p < 1.901 x 10~3), where a paired t-test indicates a highly significant difference be-
tween employing only the second stage and two-stage (Benchmark: p=1.13 x 10713;
BETA: p=2.93 x 10737).

5.2.3 Error Patterns

Considering the inter-class confusions presented in Figure 5.3 and Figure 5.5,
we observe two prominent error patterns. The first pattern is that there exists
a pronounced rate of error diagonally along the two lines Firue = Fpredict £ 0.6,
but this pattern completely disappears at even the adjacent closest neighbors of

Firue = Fpredict £0.2 or Firye = Fpredict 2= 0.4. This is surprising as one would expect
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to confuse the target character with the character of the closest frequency. The rea-
son we discover for this finding is the following. Firstly, we define the mean absolute
distance Mp(i,j) between two contrast modulating sinusoids with frequencies Fj,
F; from the set {8,8.2,---,15.8} and phases 6;, 0; from the set {0,0.57,7,1.57} as
the following.

1 TxR—-1
(5.2) MD(Z?J):TXR kz_% ‘S<Fi>9i>k)_S(Fj>9jvk>’?

where R = 60 Hz is the refresh rate of the monitor, k is the discrete time index,
T is the stimulation duration, and the contrast modulating sinusoid is defined as
s(F,0,k) = 3(1+sin(2nFk/R+0)) (see the dataset descriptions in [14] or [15]).
The distance between the samples, which multiply the luminance of the charac-
ter thumbnails as shown in Figure 1.1, from two contrast modulating sinusoids
with the frequencies F; and F3 is the smallest when the frequencies are chosen as
F5 = F1 +0.6 whereas it is the largest when chosen as Fo = F1 +0.2 or F1 £0.4. This
is demonstrated in the matrix of distances in Figure 5.6, and please see the strong
correlation between the pattern in the Figure 5.6 and the pattern in the confusion
matrices of Figure 5.3 and Figure 5.5. Consequently, during stimulation, the lumi-
nance variations falling onto the retina and the corresponding early projections to
the visual cortex are maximally similar when the frequencies are F} and F} +0.6
and maximally dissimilar when the frequencies are F; and F;+0.2 or F1 £0.4. This
similarity appears to reduce the discrimination power, hence negatively affects the

performance.

This first pattern is perhaps best understood with the vertical intermodulations
(IM) resulting from the layout used in the character matrix, which emerges in our
study as the second error pattern that is uniformly observed in the confusion matrix
(Figure 5.3) of the benchmark dataset. The source of confusion by this second error
pattern is the well-known IM phenomenon (cf. [51] and the references therein) which
generates the IM components in the SSVEP spectrum at the integer multiples of
the spatially nearby flickering frequencies that the subject is exposed to. If an IM
is generated that is close to the frequency of a non-target character and also close
to the one of the target character itself, then there seems to happen an error due to
confusion. Since this is consistently and strongly observed in the confusion matrix
(Figure 5.3) of the benchmark dataset, we present as an important finding of our
study that the vertical IM, together with the first pattern of sinusoidal distances, has
an important effect on how the errors happen in an emphasizing-the-first-pattern
(if the IM exists) or suppressing-the-first-pattern (if the IM does not exist) man-

ner. Namely, the relatively large rate of confusion in the first pattern between the
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Figure 5.6 The matrix Mp of the mean absolute distances for any pair of contrast
modulating sinusoids with frequencies {8,8.2,---,15.8} that are used for frequency
tagging in the BCI SSVEP spellers of both the benchmark and BETA datasets. The
distance is the smallest when two frequencies are 0.6 or 0.8 Hz apart, and the largest
when 0.2,0.4 or 1 Hz apart.

frequencies F; (predicted frequency) and Fy (true frequency) is persistent, A) only
when the target character (Fy for F5 = F1+0.6) is on the first, second or the third
rows of the character matrix (Figure 4.1a) and also B) only when the target char-
acter (Fy for Fo = F1 —0.6) is on the third, fourth or fifth rows. We attribute this
to the interference by the fifth degree vertical IM generated in both the cases A
and B: In the case A, the confusing predicted frequency F} can be obtained as the
5th IM F} =3 x Iy — F2” — Flz, and in the case B, F can be obtained as the 5’'th
IM F} =3x Fy— F$' — F$2. Here, I}, or uy, are the kth lower /upper adjacent fre-
quency in the character matrix for k =1 or k = 2. For example, the true (target)
frequency F» = 14.2 Hz (character “O” on the second row in Fig. 1.1 and Fig. 4.1a)
has the two lower neighbors Fi! = 14.4 Hz and F$?> = 14.6 Hz, generating the 5'th
degree IM of case A as 3 x Fy — Fl — F{2 =3 x 14.2— 14.4 — 14.6 = 13.6 Hz. Since
this IM component appears in the received EEG signal and when this existence is
strong enough, it is predicted as the true frequency, i.e., F1 = 13.6 Hz (character
“3”), which actually corresponds to the most frequent error (16 times of confusion
14.2 Hz vs 13.6 Hz) in Fig. 5.3. Such errors can be visually traced by noting the
colored patterns below (case A) and above (case B) the diagonal of the confusion
matrix in Fig. 5.3. Note that we do not observe a detrimental IM when the target
character is on the first or second rows in the case A and if it is on the fourth and
fifth rows in the case B, namely, if it does not have two vertical adjacent neighbors.

Also, a detrimental IM is not observed horizontally or also not observed at lower
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Figure 5.7 Upper row (and the lower row) presents the topographic map of the 3
channel combinations, in no particular order, learned by the proposed DNN in the
case of the benchmark (and the BETA) dataset.

degrees (lower than 5) because of not that the horizontal and lower degree IMs are
not generated (they are certainly generated) but that they are not any close to the
frequency of the target character. Hence, an error does not happen in that spe-
cific way. We emphasize that the intermodulation effect is specific to the character
matrix used in the stimulation. For this reason, we do not observe the same exact
second pattern in the keyboard presentation of the BETA dataset (cf. Figure 5.5)
as the characters are shuffled on the matrix. These two error patterns can provide

key insights to the matriz and stimulation design in future studies.

5.2.4 Topographic Maps

Lastly, we study the importance of the electrodes (i.e. channels), in terms of their
contribution to the target identification accuracy, by analyzing the channel combi-
nations learned by the proposed DNN. For this purpose, we concentrate on only
3 combinations (since analyzing all 120 combinations given by the network would
not be practical) such that for instance a large weight (in absolute value) in the
combinations for a channel indicates a high importance. In the current setting, our
network learns 120 channel combinations in its second layer (cf. Figure 1.1) for the
best achievable accuracy but does not rank them with respect to their importance

to the accuracy. Hence, currently, it is not possible (without a post-component
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analysis of the 120 combinations which is not in the scope of the presented work)
to immediately choose the most important 3 combinations out of those 120 ones.
Nevertheless, in this part only, in order to have the network determine the 3 com-
binations, we set the size of the second layer output as 1 x 50 x 3 instead of the
original size, and then train the network based on the entire set of available data
when fed with all available 64 channels. Based on this approach, Figure 5.7 presents
the topographic maps' of the 3 channel combinations (without ranking them) that
are learned by the proposed DNN in the both datasets. In Figure 5.7, each channel
has a color closer to red (blue) if it has proportionally higher (lower) weight in the
absolute value. We first observe that the channels that are recommended in the
study [53] are also mostly covered by our network, which is an independent veri-
fication of a previous result. Therefore, this indicates that our network does not
or limitedly overfit. Additionally, the important channels are more concentrated in
the case of the benchmark dataset, whereas they are spread more in the case of the
BETA dataset. We attribute this to the low SNR of the BETA dataset. Therefore,
unlike [53], when the SNR is low, we tend to recommend more channels from the
parietal region (such as P1, P2). Whereas we strongly recommend the channels
Oz and Pz as they are shared by the both datasets. Also, our topographic maps
are complementary to each other indicating the necessity of combining the chan-
nels, and that is to be nonlinearly because a totally linear approach could exploit

combinations as many as the number of channels.

1 The maps are generated by EEGLAB [52].
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6. PROPOSED SOLUTION IN THE TRAINING FREE AND

TRANSFERRED SETTING: ENSEMBLE-DNN

In this chapter we present our ensemble based method that does not require any
labeled or unlabeled data from the new user, so that the new user immediately can
start to use the system. Our ensemble based method trains an ensemble of DNNs
with previously existing data from different training subjects. Then, this ensemble
is transferred to the new user, and thereafter the weighted combination of the con-
stituent DNNs are combined for making predictions. A certain similarity metric (as
explained in the following section) from the training subjects to the new (test) user
is also used before the prediction for determining the most representative DNNs.
We have used our proposed DNN architecture, since it significantly outperforms
the state-of-the-art methods with the highest ITR, when the user-specific training
is used. In the following, we provide the details of this ensemble based method,
and its performance evaluations’ results on the benchmark [14] and the BETA [15]

datasets.

6.1 Ensemble-DNN

To construct the ensemble, we have used a training strategy that is similar to the
training of our DNN in one aspect as the both utilize a two-stage approach, but
completely different in another aspect. The fundamental difference is that here
there is no user-specific training. Namely, we use two-stage training to construct
an ensemble of classifiers based on all the available data from all subjects except
one subject that is reserved for testing. Since the data of the reserved subject does
not join the training phase, the proposed ensemble method is free of user-specific

training. In the DNN architecture, we use our suggested setting, i.e., we have used
three sub-bands and nine channels (Pz, PO3, PO5, PO4, PO6, POz, O1, Oz, 02),

33



'{ Fine-Tuned Model ‘
(fw)

Fine-Tuned Model ‘
(fw)

Training

_
First Stage Training

A‘ Fine-Tuned Model ‘
(wvep)

Second Stage Training

Fine-Tuned Model reesesssessnnt bssssenssseenn N 5
(fww) 3 OIS
o
s
2 i)Yz _é
o o ]
Fine-Tuned Model V2 S 8 2
............................... N £ 9 £
(fw(Z)) 8 % ............. g
. 2 £ Lo
° &
2 ; i
. 5 PN VINer)
o [
New User + Fine-Tuned Model } ............ R N 2
(Fw(nen)

Figure 6.1 The proposed ensemble based method is illustrated. As a model, our
DNN structure is adapted. In the training phase, previously collected data of Ny,
different subjects are used to train a global model first. Then, this global model is
fine-tuned to each subject which results in Ny, different fine-tuned models (fw(n)).
In the testing phase, most representative k£ fine-tuned models are chosen based on
the similarity between the new (test) user data and the subject data used to train
fw(n). The predictions of these k& models are combined in weighted manner via
giving proportional weights to the models based on their similarity, to make the
final prediction 7. Please refer to the text for the details of our method. In our
experiments, we have observed that our method is significantly superior over the
state-of-the-art alternatives in terms of both the target identification accuracy and
information transfer rate.

whose physical locations on the skull also are labeled in Fig. 6.1. The details of the

training/construction of models ensemble are as follows.

In the first training stage, the data of a specific subject is excluded to be used in
testing and the model is trained with all the available data of the rest of the subjects
using the same values of the DNN’s parameters in Chapter 5. Specifically, the first
layer weights of the DNN architecture are initialized with unity, and initialization of
other layers’ weights are via sampling from Gaussian distribution with 0 mean and
standard deviation 0.01. To prevent the network from overfitting, several dropouts
layers are used, which ignores some of the neurons during the training. In these
dropouts layers, 0.1, 0.1, and 0.95 dropout probabilities are applied between second
and third, third and fourth, and fourth and fifth layers, respectively. The network is

trained based on the training batch data to minimize the categorical cross entropy
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loss that is defined as

12 )

5, 3~ los(sia) +Alw

where A = 0.001 is the weight of the L2 regularization, D is the number of trials in
the batch, s; 4, is the y;’th index of the softmax output for the instance x;, y; is the
true label, and w is the weights of all the layers in the DNN. In the second stage,
the global model learned in the first stage is fine-tuned to each subject except the
excluded one in the first stage. The network is re-initialized to be trained by only
the corresponding subject data, with the weights learned in the first training stage.
Hence, we obtain 34 (69) fine-tuned models that will be used to classify data of the
test subject in the case of the benchmark dataset [14] (BETA dataset [15]).

The details of the selection of the subject-specific models, whose decisions are used
to determine final prediction, are explained next. As discussed, we determine these
subject-specific models based on the similarities between the training subjects’ data
and the user’s data. The idea behind this selection process is that the fine-tuned
networks of the training subjects, whose statistics are more similar to the statistics
of the new user, should provide more reliable predictions because the statistical
variation is minimized among similar subjects. In the calculation of the similarity,
a training subject’s instances labeled with the final target character prediction of
the corresponding subject’s fine-tuned network are used rather than all of his or
her data; because using all the data would be computationally costly. Also, we
assume that the subject’s instances having the same label as the model’s character
prediction is the most similar instances among all the subject’s data, so it is enough

to use only those instances to measure the similarity.

We let fy(n) be the model with the parameters w(n) that is fine-tuned to the nth
training subject, and ¢, be the final target character prediction of that subject
e, gn = fwn)(x). Here,
X = [X(l), . ,X(NS)] e RE*NexNs ig the multi-dimensional brain response, measured
by EEG using C' channels/electrodes with Ny sample points (i.e., Ny =T x Fj is the

number of time samples with Fs sampling frequency in Hz and T signal length in

specific model to the new user preprocessed instance x

seconds), and preprocessed with Ny many band-pass filters. We also denote the n!”
training subject’s individual template for the i target character by X!, which is
basically mean of the instances having the i*? label. To measure the similarity (pn)
between the user and the n** training subject, a correlation-based metric is used

to measure the similarity as most techniques in the literature (cf. Chapter 2) are

LFor the ease of exposition, in this chapter we denote the preprocessed instance by x.
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Algorithm 1 Target identification of our method for a preprocessed test instance
X

1: for n=1 to Ny do

2: Un = fw(n)(x): prediction of the n'" model.

3: Determine the corresponding training template data f%"

4: X, = Zé\]:sl Wgs) (n)x(s): output of the sub-bands combination layer of the nth
model to the z.

5: xin =y N, wi) (n)igg”(s): output of the sub-bands combination layer of the

n'" model to the XU

6: Calculate the similarity p, using equation (6.1) and (6.2).

7. Sort py, in descending order to get the indices I (the most similar subject index
is I(1), the second most similar subject index is 1(2) etc.).

8: Find the final prediction § using equation (6.3).

correlation-based, showing correlation is an appropriate metric for measuring the

similarity.

The utilized correlation metric is the summation of two correlation coefficients. The
first one (p,, 1) is the correlation between the n'" subject’s template XU» and the
user instance x. The second one (p,, o) is the correlation between the instance x
and the artificial reference signal Y9 that is formed for the 9" target character.
The artificial signal Y € R2Vn XNt wwhere Ny, is the number of harmonics (we use 5
harmonics, i.e., N, =5), is constituted for each target character. And, each artificial
reference signal is composition of the sinusoidal signals with the corresponding target

character tagging frequency and its harmonics.

The first correlation coefficient p,, ; measures the direct similarity between the nth

subject and the new user. In the second correlation p,, 5, the correctness of the
n'* subject network’s prediction is aimed to be measured. We have intuitively
assumed that if the subject’s network classify correctly the new instance, the second

correlation between the corresponding subject and the new user will be high.

Furthermore, all the variables (x, X, Y) are multi-dimensional, so we can not cal-
culate the correlation coefficients between these variables directly. And, spatial
similarity should also be measured between the subjects and the user, as the spatial
characteristics can be significantly different between the individuals. We calculate
the correlation coefficients using a channel combination W((;*) e RE*1 selected from
the channel combination layers of the subjects’ networks, which are expected to de-
scribe spatial characteristics of the subjects. Using similar notation with Chapter
5, the channel combination weights from the second layer of the nt" subjects’s net-
work are denoted by w.(n), i.e., we(n) = {wgl)(n),wg) (n), ...,WéNCh)(n)} € RO Nen,

where N, is the number of channel combinations that equals to 120 in our case

36



(Fig. 5.1). Please also note that the channel combination layer comes after the
sub-bands combination layer in the DNN (Chapter 5, Fig. 5.1), so the learned
weights in the channel combination layers are for the inputs, whose sub-bands are
combined by the sub-bands combination weights that are denoted by wg(n) (i.e.
ws(n) = {ng)(n),wg)(n),...,ngS)(n)} € RNsx1) " Therefore, to use the learned
channel combinations effectively and to get benefit from preprocessing step also in
the calculation of the similarity, we use the user instance x, and the n'® subject’s
template X,, by combining their sub-bands with w(n) in the calculation of the sim-
ilarity p,. After combining the sub-bands of the input x with w4(n), the resulted
variable is denoted by x,, i.e. x, = >N w (n)x().  Similarly, we denote the
resulted variable after the sub-bands combination of the n'* subject’s template by

<l
X,

Also, a harmonic combination wy € R2¥2*1 ig needed in the second correlation
coefficient p,, 5, to combine the harmonics in Y. This harmonic combination wy is
(%)

found by CCA for the given channel combination we¢ ’. With these parameters, we

define a correlation vector pn(w((;*)), which is:

e

wi) = [pn71<wﬁ*))] 4 [p(<w£*>>Tn,(wg*>>w,ﬁf> |
pua(we) s (wy)TY )

4

(*)

The channel combination w¢ ' is selected from w.(n) to maximize the summation

of the correlation coefficients term, as follows:

2
(6.1) wi) = argmax Y (pp(wi))?,
wg) cwe(n) k=1

Then, with the found Wg*), the similarity p, between the nt" training subject and

the user is the summation of the correlation terms:

2
(6.2) Pn = Z(pn,k(wg*)))Z‘
k=1

After obtaining p,’s for each training subject and sorting in the descending order

(I keeps the order and I(1) gives the index of the most correlative/similar subject),
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the final prediction is made by k most similar subjects:

k
(6.3) g = argmax Y pr; 1910 = 1),
i€{l,...,M} j=1
where 1(.) is the indicator function which equals to 1 if the condition is satisfied,
otherwise 0. The parameter k is a hyperparameter, which can be chosen empirically
or by cross-validation using training subjects’ data. However, since the new user’s
statistics are different from training subjects’ statistics, using cross-validation might
not be reliable. Choosing by hand empirically is also not feasible as the best k
could vary for each new user. Overfitting could also effect detrimentally. Therefore,
we opted to follow a more sound strategy. After calculating the predictions for
all k€ {1,2,---, Ny} using (3), the value with the largest prediction confidence is
chosen. Here the confidence is measured with the weight difference between the most
weighted character and the second most weighted character. We call this proposed
ensemble selection strategy as “Dynamic Selection” in the rest of the chapter. All

the steps to classify the preprocessed test instance x are presented in Algorithm 1.

6.2 Performance Evaluations

To test the performance of our method, we have used leave-one-subject-out pro-
cedure. Namely, for each dataset, the data of one subject is excluded, and the
data of the remaining subjects are used to train the DNNs. Then, the proposed
method performance is evaluated on the data of the excluded subject and this pro-
cedure is repeated for each available subject in the dataset (35 and 70 times for
the benchmark and BETA datasets, respectively). We compare our method against
the tt-CCA, combined-tCCA, ttf-CCA, and FBCCA methods and report the mean
target identification (i.e., multiclass classification) accuracy and ITR along with the
corresponding standard errors (across leave-one-out folds). Same leave-one-subject-
out procedure is used while evaluating performances of tt-CCA, combined-tCCA
and ttf-CCA methods. Additionally, we compare our dynamic ensemble selection
procedure with the weighted combination as well as the majority voting procedures

to demonstrate effectiveness of the proposed dynamic selection procedure.
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Figure 6.2 The mean classification accuracy on the left and the mean information
transfer rate (ITR) on the right are presented across all 35 subjects in the benchmark
dataset, together with the standard errors indicated by the bars.

6.2.1 Results and Discussion

In the benchmark dataset (Fig. 6.2), our proposed method achieves the maximum
ITR 155.51 bits/min (78.61% target identification accuracy at 0.9 seconds of signal
length). We have also presented the performance findings of the ttf-CCA, tt-CCA,
Combined-tCCA and FBCCA methods in the same plots. Our results indicate that
the proposed ensemble method significantly outperforms all the other compared
methods within the range of stimulation (i.e., signal length) of [0.2,1] seconds. This
range is the most used range in the literature, probably because the prolonged ex-
posure to flickering stimulus in the SSVEP experiments quickly becomes too tiring
for the subjects [54]. Hence, the shortest stimulation duration is certainly preferable
where one also needs to achieve a sufficiently high ITR. In this sense, our proposed
method is significantly superior. In the BETA dataset (Fig. 6.3), our proposed
method achieves the maximum ITR 114.36 bits/min (64.34% accuracy at 0.8 sec-
onds). Similar to the benchmark dataset, we also demonstrate that our method
significantly outperforms the other techniques in the BETA dataset as well. To the
best of our knowledge, among the methods that do not require the user specific data
from each new user, and do not utilize any sort of user-specific adaptation, these

ITR values are the highest ever reported performance results on these datasets.

Fig. 6.4 shows the mean target identification accuracy comparisons among k£ mod-

els used in the weighted combination and majority voting procedures, as well as
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Figure 6.3 The mean classification accuracy on the left and the mean information
transfer rate (ITR) on the right are presented across all 70 subjects in the BETA
dataset, together with the standard errors indicated by the bars.

shows the our dynamic ensemble selection strategy’s mean classification accuracy.
The results reveal that our proposed dynamic ensemble selection strategy performs
better than the weighted combination and the majority voting procedures’ best per-
formances among various k values. Also, in the same figure, better performance of
the weighted combination procedure than the majority voting procedure shows the

effectiveness of the weighting the classifiers based on their similarities.

It is also possible to make predictions with the global model (the first stage training
model without the second stage), but as illustrated in Table 6.1, the accuracy and
ITR results are observed to be lower than the proposed ensemble method. Compar-
isons are given for only 0.8, 0.9 and 1 seconds as we generally observe the highest
ITRs at these signal lengths. Our proposed ensemble approach greatly enhances
the global model in terms of the ITR and accuracy. The poor performance of the
global model can be perhaps explained best by the significant statistical difference
between most of the training subjects and the test subject. Fig. 6.5 demonstrates
this fact by showing a relationship of the global model mean accuracy with the
mean and standard deviation of that of the selected subject-specific models, whose
selection is determined by our dynamic selection algorithm. There are total of 35
(70) dots, each of which represents a subject, on the left (right) in Fig. 6.5 for the
benchmark (BETA) dataset. Our ensemble method is expected to consistently select
more models for the test subjects whose statistics are very similar to the statistics

of many training subjects. Global model performances on these test subjects are
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Figure 6.4 The mean classification accuracy of our dynamical ensemble selection
procedure, as well as the weighted combination and the majority voting procedures
for varying k values, are presented on the benchmark dataset (on the left) and the
BETA dataset (on the right) at 1 seconds of signal duration.

Table 6.1 The mean target identification accuracy (on the first rows) and the ITR
comparisons (on the second rows) between the proposed ensemble method and the
global model (of our first stage training without fine-tuning) are presented in both
the benchmark and BETA datasets.

Benchmark BETA

Ensemble Global Ensemble Global

80.88 70.61 66.83 56.58

1 sec 151.75 123.31 113.50 88.12
78.61 68.58 64.34 54.56

0.9 sec 155.51 126.58 114.36 89.22
74.40 64.42 61.07 51.94

0.8 sec 153.62 123.54 114.09 89.21

also expected to be high, as the average statistical similarity is higher. This is the
reason for the observed relation/trend in Fig. 6.5, where it is demonstrated in the
cases of that our dynamic selection methodology uses a consistently higher number
of subject-specific models (i.e., if the standard deviation of & is low and the mean of
k is high), the global model accuracy is observed to be also high. And, since in most
of the test subjects, the mean of k is low and the standard deviation of £ is high,

the global model performance on average is not as good as our ensemble method.
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Figure 6.5 While each dot represents one test subject, the x-axis shows the average
number of classifiers that our ensemble model selection method uses to classify the
test subjects’ data, and the y-axis shows the standard deviation of the number of
used models across the instances of test subjects. The color map shows the accuracy
rate of the global model on test subjects. The left figure is for the benchmark dataset,
and the right figure is for the BETA dataset.

6.2.2 Statistical Significance Analyses

In this part, we present our statistical significance test results. In a similar way
explained in Section 5.2.2, for each T € {0.2,0.4,0.6,0.8,1}, we conduct 4 paired
t-tests, pairing our proposed “Ensemble-DNN” method with the compared methods
in Fig. 6.2 and Fig. 6.3. We report unadjusted p-values, and the observed dif-

ference is called as “statistically significant” (*) if the p-value is less than % and
“statistically highly significant” (**) if the p-value is less than %. For the “sta-

tistically significant” case, we apply “single” Bonferroni correction by dividing 0.05
by 1/4, since for each T' there are 4 comparisons. And for the “statistically highly
significant” case, we apply “double” Bonferroni correction by 1/20, since across all

methods and T choices there are 20 comparisons.

In the case of the benchmark dataset: In terms of the accuracy (Fig. 6.2) the
least significant difference between our “Ensemble-DNN” method and the compared
methods is observed with (1) ttf-=CCA (**p=9.40 x 107?) for T = 0.2, (2) ttf-CCA
(**p="7.37x107%) for T = 0.4, (3) tt-CCA (**p=5.82x 1076) for T = 0.6, (4) ttf-
CCA (p=0.27x107"1) for T =0.8, (5) ttf-CCA (p = 0.48) for T =1.0. For T = 0.8,
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the difference with ttf-CCA is not significant; but it is highly significant (**) with
all the others. For T'= 1.0, the difference with ttf~-CCA is not significant; but it is
significant (*) with tt-CCA and highly significant (**) with all the others.

In terms of ITR (Fig. 6.2), the least significant difference between our “Ensemble-
DNN” method and the compared methods is observed with (1) ttf-CCA (**p =
1.91 x 1079) for T'=0.2, (2) ttf-CCA (**p =1.38 x 1077) for T'= 0.4, (3) ttf-CCA
(**p =5.72x 107%) for T = 0.6, (4) ttf-CCA (p =0.18 x 10~ !) for 7' = 0.8, and
(5) ttf-CCA (p =0.43) for T =1. For T = 0.8, the difference with ttf~-CCA is not
significant; but it is highly significant (**) with all the others. For T = 1.0, the
difference with ttf~CCA is not significant; but it is significant (*) with tt-CCA and
highly significant (**) with all the others.

In the case of the BETA dataset: In terms of the accuracy (Fig. 6.3) the
least significant difference between our “Ensemble-DNN” method and the compared
methods is observed with (1) FBCCA (**p=6.89 x 10-21) for T'= 0.2, (2) FBCCA
(**p =3.21 x 10722) for T'= 0.4, (3) FBCCA (**p =4.96 x 10~17) for T = 0.6, (4)
FBCCA (**p=2.03 x 1071) for T =10.8, (5) tt-CCA (**p=1.43x1075) for T = 1.0.

In terms of ITR (Fig. 6.3), the least significant difference between our “Ensemble-
DNN” method and the compared methods is observed with (1) Combined-tCCA
(**p = 6.55 x 10710) for T = 0.2, (2) Combined-tCCA (**p = 1.05x 10718) for T =
0.4, (3) tt-CCA (**p=1.21x10716) for 7= 0.6, (4) ttf-CCA (**p=2.21 x 10~11) for
T =0.8, and (5) tt-CCA (**p =2.48 x 1076) for T =1. In both accuracy and ITR,
the difference with all the other compared methods for all T', is always “statistically
highly significant”.
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7. PROPOSED SOLUTION IN THE UNSUPERVISED

TRAINING SETTING: A NEW LOSS FUNCTION

This chapter describes our adaptation based method that has been proposed to
satisfy both user comfort and high performance. Our adaptation based method
adapts the global DNN, defined in the previous chapter (Chapter 6). Because the
global model is trained with the previously collected data of the subjects and is
transferred to the new user, it does not require labeled data from each new user.
This model is then adapted to the new user by utilizing the accumulated unlabeled
data. The adaptation is achieved by minimizing the proposed custom loss function,
which is detailed in the following. Also, we provide experimental results of the
proposed method on the benchmark [14], and the BETA [15] datasets.

7.1 Proposed Loss Function

In this section, we explain our proposed novel loss function for unsupervised adap-
tation of the global DNN fy (using similar notation with the previous chapter, we
denote the global model as fy, where w keeps the network parameters) to the new
user in the SSVEP based BCI systems. The model is adapted to the new user by
minimizing the proposed loss using collected unlabeled data of the new user, in an
expectation-maximization (EM) framework fashion. The proposed loss mainly con-
sists of two terms, which are self-adaptation loss (sl) and local-regularity loss ().
In the following subsections, we explain and give functionalities of the each term

separately.
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7.1.1 Self-Adaptation Loss (sl)

In the presence of the true labels (y;) of the new user’s data, the model fy can be
adapted to the new user by minimizing standard cross entropy loss, as explained in
Chapter 5:

1 Du

(7.1) - Zlog Siyi )
Dy i

where D,, is the total number of the new user’s data (Chapter 3). However, in the
unsupervised setting we do not have the true labels, so instead of the true labels,
predictions (g;) of the model could be used. Then, we can adapt the model fy to the
new user in an unsupervised fashion by minimizing the —Zfzul log(s; 3,)/Du. But
here, the parameters w of the model is updated at each iteration ¢, so the responses
of the network are changed over iterations. Let w’ to be the updated parameters at
the iteration ¢, and let the s! and y! to be the network soft response and the network
prediction respectively, for the input x; at the iteration t using the updated network

t

parameters w', i.e, s' = f+(x;) and §! = argmax;s! .. Therefore, in an EM fashion

]
at each iteration t, the predictions of the model at prev1ous iteration (yZ 1) could

be used as pseudo-labels, with this idea the self-adaptation loss (sl) becomes:

1 Du

(7.2) = ——Zlog S; gt 1)

uzl

The effectiveness of minimizing such loss functions using the pseudo-labels have
been shown in many unsupervised [55] and semi-supervised [56-58] settings. In ef-
fect, minimizing this loss function favors the network to have decisions boundaries
between classes that are well separated by minimizing the class overlaps [56]. As
discussed in [56], the minimization of this loss is equivalent to “entropy regulariza-
tion” framework, which aims to get benefit from the unlabeled data in the maximum

a posterior scheme, proposed in [57].

Also, the effectiveness of the minimization of sl term (Equation 7.2) in the neural
network models with dropout layers [59] (please note that our DNN model also
utilizes the dropout layers) may be understood in an another way, as explained in
the following. The dropout layer was proposed in [59] to reduce the overfitting.
When the dropout layer is used in any model, during the training phase, the model
fw gives the output only using its subpart that means during the training, instead
of the full model, only the subpart of the model produces the outputs. However the

model fy, gives the response using the whole full model during the test phase, and
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Figure 7.1 A global model’s representative decision boundaries is shown on the
left. Different shapes are for different classes. After adapting the global model by
minimizing our proposed loss Lo, that is shown on the bottom, a representative
new decision boundaries on the right is presented. Our proposed loss consists of two
terms: self-adaptation loss (L) and local-regularity loss (£;;). The adapted global
model by minimizing our proposed loss achieves 201.15 bits/min and 145.02 bits/min
ITR results, on the benchmark and BETA datasets, respectively. These results show
that our proposed method provides significant I'TR performance improvements over
the state-of-the-art alternative methods.

the responses produced using the whole model are better than (i.e., has less error)
the responses produced using the subpart of the model [59] (cf. Figure 11 in [59])
in general. And, while generating pseudo labels, the whole network is used; but
during the minimization of the loss term the subparts of the model are used. By
this strategy, because of the mentioned quality difference between the predictions
of the model inferred during the training and testing, the model performance is

generally increased.

Although minimizing self-adaptation loss is effective, it does not take into account
the structure of the data, which could improve the performance; so combining self-
adaptation loss with the loss term that exploits the data structure is intuitive. In the
following, we explain the proposed local-regularity loss that exploits data structure

in detail.

7.1.2 Local-Regularity Loss (Il)
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It is intuitive to assume that very correlative instances should have the same label
(Fig. 7.1). Actually, similar ideas have been used and its effectiveness has been
shown in many different areas, such as metric learning [60,61], and kernel learning
[62]. With this idea, to force the model fy to output the same predicted target to

the correlative /similar instances, we propose the local-regularity loss (Il), which is:

1 Duq

Ly=—— Z Zlog Si,gr, j)
Dy =k
where I; is the set of indexes that are sorted in descending order based on the
correlation coefficient values, i.e., the index of the most correlative instance to the
instance ¢ is I;(1). The minimization of this loss enforces fyw to give the same pre-
dictions to the closest instances. The similarity between the instances is determined
via the correlation-coefficient, because it is known that the correlation-coefficient
is a suitable metric to measure similarities for the SSVEP signals, as most of the

methods explained in Chapter 2 rely on the correlation-coefficient.

In this loss term, actually it is assumed that for each instance, there are & many
closest instances among D, many total instances, and the instance should share the
same label with them. However, practically it could not be the case. For example,
the new user could intend to spell character ‘A’ more than character ‘B’. Therefore,
the number of closest instances should be different for each instance. With this idea,

the [l term becomes:
1 Duq B

Ell = Z Zlog S’L,y[ e )

Dy i ki i
where k; is the number of closest instances to the instance ¢. Here, the difficulty
is to determine k; properly. However, it is natural to think that the correlation
coefficient values between the instance 7, and the real neighbours of the instance ¢
(i.e., instances that should share the same label with the instance i) are similar and
high compared to the correlation coefficient values between the i instance, and
the other instances. Therefore, there is a significant drop between the highest k;’th

correlation coefficient value and the highest k; 4+ 1'th correlation coefficient value':

|p(Xi X, (1))

>0

-

(7.3)

where ¢ is a predetermined threshold. When the drop is higher than the 9, it is

TAs explained in the previous Chapter, we cannot calculate the correlation coefficient between two in-
stances directly by p(x;,x;), since the instances x are multidimensional. We calculate this correlation by
combining the channels of the instances with a channel combination. However, for ease of explanation,
throughout this section, the correlation coefficient calculation is given as p(x;,x;). The details of selecting
the channel combination and other implementation details are explained in the “Implementation Details”
section (Section 7.3).
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considered significant, and we take the instances as the actual neighbours of the

instance ¢, until this significant drop occurs.

Also, as mentioned in the sl term, the network is updated iteration by iteration, so
its responses may change over iterations. With taking into account the iteration,

the [l term becomes:

1 Duq ki .
Ell:—f - lOg(S.Aq )
D, ; ki ; 97,

Both self-adaptation and local-regularity losses have unique functionalities, and it
is not easy to determine which one to use for the new user as a prior. Therefore,
we use both terms together, giving each of them a unique weight. In the following

subsection, this proposed total less term is explained.

7.1.3 Total Loss

As a total loss term, we use the combination of the self-adaptation and local-

regularity losses, weighting them as follows:

Liotal = \Mgi+ (1 =X)Ly,

where A € [0, 1] term controls the importance of the loss terms. As a prior, it is almost
impossible to determine the best A value for each new user, so we choose the A value
empirically, as detailed in the following. Firstly, we adapt the fy to the new user
by minimizing L, using different values of the A. The resulted updated network
parameters for the specific A value, are shown as w(A). Similarly, the model predic-
tions are shown as ¢;(\). Then, to decide which updated network parameters w(\)
are to be used, we check how well each updated parameter clusters the new user’s
unlabeled data. Since we could not have the true labels in the unsupervised setting,
we cannot choose which updated network parameters to use directly by checking
the accuracy performance of the updated parameters, so, we choose the parameters

by checking the clustering performances of the updated network parameters.

To measure the clustering performance, “silhoutte” clustering metric [63] is used. In
this metric, for each instance x; there is a silhouette score m;()\)? that measures how

well 7 instance is clustered based on a difference between the instance tightness to

2For the m;(\) similar notation with ;()) is used.

48



its own cluster and the instance separation to the other clusters, which is:

1 Du
a;(\) = d(x;,x;)1 A) =G (A
(M) PGY 1]2_:1 (x5, %) L(9;(A) = 9i(A))
J#i
(7.4) L
‘ bZ(A) B 16{17.“7%1}11\{%( )} ql Z d XJ,XZ <)\> B l)
J#z

bi(A) —a;(N)
max(a;(A),bi(\))’

mz()\) =

where 1(.) is the indicator function that equals to 1 if the condition is satisfied,
otherwise 0; ¢;()) is the total number of the instances labeled as [ by the DNN with
the parameters w(\) (i.e. q;(\) = ZD“ 1(g;(A) =1)); d(xj,%;) is the distance metric,
for this we use d(x;,x;) = 1— p(x;,x%;), and it equals to cosine distance if x;’s are
the zero mean signals; a;()\) is the average distance of the i’ instance to the other
instances that share same predicted labels (a;(\) equals to 1, if g, (A) = 1); b;(A) is
the minimum average distance of the i*" instance to the instances that are in other
cluster, minimization is done over the other clusters. Then, the overall silhouette
clustering score for the predictions of the model with the parameters w(\) is the
average of the silhouette scores of all the instances (i.e. m(\) = 2% m;(\)/Dy).
The network parameters w(\) with the associated highest silhouette clustering score
m(\) is selected to be used.

Moreover, prediction confidence has been shown to be useful in the unsupervised
learning literature [64], [65]. We also take the confidence into account because each
instance is clustered with a different degree of confidence; while some of them are
clustered well, the others do not. With this idea, we only consider the instances
clustered well. For this, we use the pseudo-labels of the instances with positive

>‘, since if the instance has a negative silhouette score m)‘ there

silhouette score m
is a cluster, which is on average closer to this instance than the cluster that this
instance belongs to. Because of this fact, the instances having negative silhouette
scores are more likely to be misclassified, and they are more likely to be classified
differently as the DNN’s weights are updated, so to avoid updating the DNN using
the pseudo-labels that are very likely to be wrong, we update the DNN using only
the pseudo-labels of the instances having positive silhouette score. Along with the
confidence detail, for all the implementation details, we kindly refer readers to the

“Implementation Details” section.
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Figure 7.2 The mean classification accuracy on the left and the mean information
transfer rate (ITR) on the right are presented across all 35 subjects in the benchmark
dataset, together with the standard errors indicated by the bars.
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Figure 7.3 The mean classification accuracy on the left and the mean information
transfer rate (ITR) on the right are presented across all 70 subjects in the BETA
dataset, together with the standard errors indicated by the bars.

7.2 Performance Evaluations

We compare our method with three state-of-the-art alternatives: OACCA, adaptive-
C3A, and ott-CCA methods on the benchmark [14] and the BETA [15] datasets.
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The performance evaluation is conducted in a leave-one-subject-out fashion. More
specifically, in each dataset separately, one subject is reserved and considered as the
new user, the remaining subjects’ data are used to generate the subject independent
model, and this model is adapted to the reserved subject using all the data of the
reserved subject in an unsupervised manner to test our model. The adaptation is
continued until the loss is converged (please check the “Implementation Details”
Section (Section 7.3) for further information). For the other methods, the same
procedure is applied, but the adaptation is continued until all predictions of the
methods stay the same in two consecutive iterations for a fair comparison (since
in the respective studies of the compared methods, there is no notion of loss or
convergence). Meaning, the compared methods are implemented and the same initial
input is given to them to receive their first predictions in the first iteration. These
predictions of the methods are kept as pseudo-labels and the updated labels are
given to those method in the next iteration. This process is continued until the
pseudo-labels are no longer updated in the new iteration. Therefore, every method
compared in this paper have a unique number of iterations as it has been decided
according to their state of convergences. And, the methods’ performances on the
reserved subject are evaluated on all the data of the reserved subject as done in
our method. This process is repeated for each subject and the mean classification
accuracy and ITR (in the calculation of the ITR, a 0.5 seconds gaze shift time that
exists in both datasets is taken into account) with the standard errors for the signal
duration T in the range T € {0.2,0.4,...,1.0}. It can also be noted that the pre-
determined 9 channels (Pz, PO3, PO5, PO4, PO6, POz, O1, Oz, and O2) have been
used from the occipital and parietal regions in our method, and all the compared
methods.

7.2.1 Results and Discussion

In this subsection, while comparing the methods, we only report the ITR results, as
it is the primary performance metric and a function of the accuracy. However, we
only report the accuracy results for the other experimental results since it is more

intuitive and easier to understand.

The results show that our method significantly outperforms other methods in every
signal length tested, especially in lower signal lengths (i.e., 0.2, 0.4, 0.6 seconds).
For instance, in 0.4 seconds, we achieve 148.72 bits/min and 100.81 bits/min ITR

for benchmark and BETA datasets, respectively, whereas the closest performance

51



I # of test subjects in which best A is selected
I # of test subjects in which accuracy difference between selected and best A is < 2.5%
[ ]# of test subjects in which accuracy difference between selected and best A is > 2.5%

—_
o

Signal Length (sec)
o
D

<
o

1 1 1

0 5 10 15 20 25 30 35
Number of subjects

Figure 7.4 The mean classification accuracy on the left and the mean information
transfer rate (ITR) on the right are presented across all 70 subjects in the BETA
dataset, together with the standard errors indicated by the bars.
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Figure 7.5 The mean classification accuracy on the left and the mean information
transfer rate (ITR) on the right are presented across all 70 subjects in the BETA
dataset, together with the standard errors indicated by the bars.

among compared methods is 64.72 bits/min (Adaptive-C3A) for benchmark dataset
and 39.50 bits/min (OACCA) for BETA dataset. Thus, these results suggest that
we investigated a significant improvement in the literature for short signal lengths

in an unsupervised setting.
In addition, the highest ITR among all the methods and signal lengths is in 0.8
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seconds, obtained with our method for both benchmark and BETA datasets. The
proposed method achieves 201.15 bits/min ITR in benchmark dataset and 145.02
bits/min ITR in BETA dataset. The closest performance to ours, considering all
signal lengths, is obtained by the OACCA method, which achieves 183.92 bits/min
in 0.8 seconds for benchmark and 141.80 bits/min in 1 second for BETA dataset.
This shows that, for BETA dataset, the peak of ITR among compared methods is

reported in 1 seconds, whereas our method outperforms this ITR in 0.8 seconds.

The proposed algorithm outperforms other methods in every signal length tested

with respect to ITR as it can be seen in Fig. 7.2 and Fig. 7.3.

The performance of our method with respect to the proposed A selection has been
tested, and the results are shown in Fig. 7.4 and Fig. 7.5, for the benchmark and the
BETA datasets, respectively. We adapt the global DNN with six different A\ values
(0,0.2,0.4, ..., 1), for every individual test subject. The ‘best A\’ is the A value
giving the highest performance of the model after the training. We have chosen
subjects’ A values according to the overall silhouette score as explained in Section
7.1.3. There are three bins with the number of subjects that falls in the described
performance interval with respect to their A values. The subjects fall in the first
bin if the best A\ is selected. The subjects fall in the second bin when their best
N’s accuracy performance is more 2.5% than the selected \’s accuracy performance.
Lastly, subjects fall in the third bin if their selected A gives less than 2.5% accuracy
compared to the best A\ value possible. The reason for using 2.5% accuracy in the

comparison is that it is the trivial accuracy, i.e., (1/40 =2.5%).

In the benchmark dataset, for 10, 19 and 20 test subjects, the best \ is selected
for 0.2, 0.6 and 1 seconds respectively. In the BETA dataset, for 8, 26 and 36
subjects, the best A is selected for 0.2, 0.6 and 1 seconds respectively. Also, the
A values selected that cause more than 2.5% performance loss is the majority (49
for BETA and 16 for Benchmark) among subjects in 0.2 seconds for both datasets.
It can be observed that as the signal length increases, the number of subjects that
have the best A selection increases. The reason is that since the SNR value increase
for longer signals, the used silhouette clustering metric is more reliable. Therefore,
the decided A value for each subject is more promising for higher signal lengths as
expected. This is also explaining our A selection strategy performance difference
on the benchmark and the BETA datasets, as the collected signals in the BETA

dataset are more noisier.
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7.2.2 Statistical Significance Analyses

Our statistical significance test results are presented in this section. We follow same
procedure explained in previous two Chapters’ “Statistical Significance Analyses”
sections. Namely, for each T € {0.2,0.4,0.6,0.8,1}, we conduct 3 paired t-tests,
pairing our proposed adaptation algorithm with the compared methods in Fig. 7.2
and Fig. 7.3. Unadjusted p-values are reported, and we call the observed difference

as “statistically significant” (*) if the p-value is less than % and “statistically highly

significant” (**) if the p-value is less than %. For the “statistically significant”
case, “single” Bonferroni correction is applied by dividing 0.05 by 1/3, since for
each T there are 3 comparisons. And for the “statistically highly significant” case,
we apply “double” Bonferroni correction by 1/15, since across all methods and T

choices there are 15 comparisons.

In the case of the benchmark dataset: In terms of the accuracy (Fig. 7.2)
the least significant difference between our algorithm and the compared methods
is observed with (1) ott-CCA method (**p =3.49 x 10~7) for T = 0.2, (2) OACCA
method (**p=2.26 x 10~7) for T' = 0.4, (3) OACCA method (*p = 0.94 x 10~2) for
T =0.6, (4) OACCA method (*p=0.01) for T'=0.8, (5) OACCA method (p = 0.07)
for T'=1.0. For T = 1.0, the difference with OACCA is not significant; but highly
significant (**) with all the others.

In terms of ITR (Fig. 7.2), the least significant difference between our algorithm and
the compared methods is observed with (1) ott-CCA (**p = 3.40 x 107°) for T'= 0.2,
(2) OACCA (**p =6.06 x 1078) for T'= 0.4, (3) OACCA (**p =0.32 x 10~2) for
T =0.6, (4) OACCA (*p=0.44 x1072) for T = 0.8, and (5) OACCA (p = 0.09)
for T=1. For T = 1.0, the difference with OACCA is not significant; but highly
significant (**) with all the others.

In the case of the BETA dataset: In terms of the accuracy (Fig. 7.3) the least
significant difference between our algorithm and the compared methods is observed
with (1) ott-CCA (**p=2.77x 10712) for T = 0.2, (2) OACCA (**p=1.32x 107 11)
for T'=0.4, (3) OACCA (*p=0.51 x 1072) for T = 0.6, (4) OACCA (p = 0.02) for
T=0.8, (5) OACCA (p=0.96) for T'=1.0. For T'=0.8 and T' = 1.0, the difference
with OACCA is not significant; but highly significant (**) with all the others.

In terms of ITR (Fig. 7.3), the least significant difference between our algorithm
and the compared methods is observed with (1) Adaptive-C3A (**p = 3.60 x 1079)
for T=0.2, (2) OACCA (**p=5.38x 10719) for T = 0.4, (3) OACCA (**p=0.33 x
1072) for T'= 0.6, (4) OACCA (p =0.02) for T = 0.8, and (5) OACCA (p = 0.76)
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for T=1. For T=0.8 and T = 1.0, the difference with OACCA is not significant;
but highly significant (**) with all the others.

7.3 Implementation Details

In this section, we explain the details of the the neighbour selection, confidence of

the instances as well as the convergence check of the loss function.

7.3.1 Neighbour Selection & Convergence Check

As described in the first footnote of this Chapter, the instances x;’s are multidimen-
sional so that the correlation coefficient between two instances can not be calculated
directly by p(x;,x;). We calculate this correlation coefficient by combining the chan-

(%)

nels of the instances with the channel combination weight w¢ ' € REX1 as follows:

(7.5) p(w) i, (w)'x;),

(%) (%)

where (w¢ ') is the transpose of we . Hence, all the equations containing the corre-

(%)

lation coefficient term are dependent of w¢ ’, including the terms at equation (7.4),
in which the distance term (d(x;,x%;)) rely on wi, Consequently, the silhouette
score of the instance m;(A) and the overall silhouette score m(\) are also dependent

(%) (%) (%)

of we’, we denote this dependency by m;(A\,we '), m(A\, we ), respectively. The
channel combination wﬁ*) is selected to maximize the overall silhouette score for
the given predictions; since, it is intuitive to consider that a channel combination,
which maximizes the metric performance (i.e., silhouette score), also describes the
user’s spatial characteristic well. However, the direct maximization of this score
is intractable. Therefore, by following a different strategy, we select the channel
combination w” that maximizes the overall silhouette score m()\,wé*)) among the
channel combination weights from the second layer (i.e., channel combination layer)
of the DNN, which are expected to characterize optimum channel combinations’

characteristic of the user, as follows:
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As detailed in the Chapter 5 the channel combination layer comes after the sub-
bands combination layer, so, actually the weights in the channel combination layer
learned /tuned for the inputs (of this layer), whose sub-bands of harmonics (gen-
erated in the preprocessing step) are combined. Therefore, to effectively use the
selected channel combination weights and to take advantage of the preprocessing
step in the neighbours and silhouette score W((;*) calculation as well, we here also
follow similar approach explained in the Chapter 6 as detailed in the next. We first
preprocess the input x, then we combine resulted sub-bands of harmonics with the
weights from the sub-bands combination layers, and produce x that is used in the
calculation of the silhouette score as well as in the determination of the instances’

neighbours.

Also, note that the weights are updated over iterations, so the channel and sub-bands
combination weights are updated, which affects the neighbours of the instances
calculation. Because of that the neighbours of the instances must be recalculated
at each iteration. Therefore, at each iteration ¢, firstly the channel combination
is selected to maximize the silhouette score m()\,wg*)) for the given predictions.
Then, with the selected channel combination the neighbours of the instances are

determined at the iteration ¢, which is denoted by I.

Since at each iteration, the silhouette score is calculated, it could be used for the
convergence check as well. With this idea, we stop the adapting the DNN, as the
overall silhouette score is converged. The overall silhouette score, at iteration ¢

(*))'

is denoted by m!(\, we Also note that there is no guarantee that the overall

silhouette score will get better at each iteration. Therefore, we compare the current

(%)

overall silhouette score m!(\, we ) with the silhouette score of the previous iteration
mt_l(/\,wg*)), and if the current score is lower, we return the updated weights w?
to its previous state w'™!, then update it again. Because of the randomness coming
from the dropout layers, the weights most probably converge to a different state at
the new try, and if the network is not converged to a better state at three consecutive
tries, we terminate the adaptation with assuming that the network has already

converged.
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7.3.2 Confidence of the Instances

In the loss term, we use the labels of the instances having the positive silhouette
score as explained in the main text. However, with this strategy, there is a prob-
ability that either the self-adaptation term or the local-regularity term becomes
void for an instance x; at any iteration ¢. If the instance itself has the negative
silhouette score (i.e., mg()\,wg*)) < 0 ), the self-adaptation term becomes void; and
if all the determined instance’s neighbours have the negative silhouette score (i.e.,
m?(A,Wg*)) <0, Vj € I}), the local-regularity term becomes void. Therefore, to un-
able the instances contributing equally to the loss term, if one of the term becomes

void for the instance x; we update the A term for that instance, as follows:

11— &
(7.7) Liotal = —~— Zmog i gi-1) NZ Zlog Lot ],

i=1 Z

where A is the instance specific A term at the iteration ¢ and it equals to the global

A, if the both terms are effective; and it equals to 0 or 1, if one of the term is void:

1 1fm()\w((;))<0,‘v’j€]it
(7.8) M=1<0 ifmi()\,w((;))<0

A otherwise

It is also possible to have that the both terms are void for some instances, in those

cases we do not use these instances in the loss term.

7.3.3 Initial Predictions

We have stated that the adaptation is started by the predictions of the transferred
global model. However, the global model initial performance could not be satis-
factory for some users, especially when the training subjects’ statistics are much
different than the new user’s data statistic as explained in the previous Chapter (cf.
Fig 6.5). In those cases, the completely training free algorithms, such as FBCCA,
could perform better than the global model. Because of this fact, we start the

o7



adaptation either using the transferred global model’s predictions or the FBCCA
method’s predictions. We choose which one to use by measuring their silhouette
scores, and we start the adaptation by selecting the one having higher silhouette

score.

7.3.4 Other Information

As the global models, we have used the global models trained in the previous Chap-
ter. Hence, in here also, we have used our suggested setting in the DNN architecture:
3 sub-bands and 9 channels (Pz, PO3, PO5, PO4, PO6, POz, O1, Oz, 02). We
minimize our proposed loss function via gradient descent with the 0.0001 learning
rate. We set the threshold &, which is used in the determination of the instances’

neighbours, as 6 = 0.05.
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8. CONCLUSION

In this thesis, we study the target identification of BCI SSVEP spellers, which is
a multi-class classification problem with 40 classes where the goal is to classify the
SSVEP signal received through EEG with minimum possible signal duration so that
ITR is maximized. To this end, we proposed a novel DNN architecture that consists
of 4 convolutional (sub-band and channel combinations as well as downsampling
and filtering in time) and 1 fully connected layers. The proposed DNN strongly
outperforms the state-of-the-art as well as the most recently proposed techniques in
the literature on two publicly available large scale benchmark and BETA datasets.
We achieve ITRs with only 0.4 seconds of stimulation: 265.23 bits/min on the
benchmark and 196.59 bits/min on the BETA dataset. To our best knowledge, these
are the highest (and significantly larger than the nearest competitor) performance

results ever reported on these datasets.

In addition to ITR maximization, there are other classification goals, such as user
comfort, which are needed to be considered. FEven though our proposed DNN
achieves the state-of-the-art I'TR performance results, the two-stage training of our
DNN requires labeled data from each new user. To collect these labeled data, the
long and tiring EEG experiments are conducted that are usually uncomfortable and
burdensome to the user. With prioritizing the user comfort, we also proposed an
ensemble based classification method using our proposed DNN architecture as a
base classifier. Our proposed ensemble based method trains multiple subject spe-
cific DNNs using the pre-existing data of various subjects and combines these DNNs
to predict the target character during a spelling session. Thus, our method does not
require any additional training data from a new user who wants to use the system
without much hassle. Our ensemble based method achieves 155.51 bits/min and
114.36 bits/min maximum ITR results, on the benchmark dataset and the BETA
dataset, respectively. These results demonstrated that the proposed method achieves
significant improvements in the accuracy and ITR performances compared to other

alternative techniques.

Although our ensemble based method’s target identification performance is much
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better than the alternative methods, the performance difference between our pro-
posed DNN trained with the two-stage training strategy that uses user specific
labeled data and our ensemble based method reveals the need and importance of
user-specific adaptation. To satisfy both target identification and user-comfort goals,
we have also proposed another method that adapts the DNN model to the user by
utilizing unlabeled data of the user. Our unsupervised adaptation based method
firstly train the global DNN model using previously collected subjects data, and
then transfer that DNN to the user. Transferred DNN is adapted to the user in an
unsupervised fashion by minimizing our proposed custom loss function utilizing the
accumulated unlabeled data of the user. This loss function consists of two terms
(self-adaptation loss and local-regularity loss), each of which has unique functional-
ities. With this approach, we achieve 201.15 bits/min ITR on benchmark dataset
and 145.02 bits/min ITR on BETA dataset. Thus, our unsupervised adaptation
based method also provides significant ITR performance improvements compared

to the alternative techniques.
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