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Abstract. This paper presents summary of a paper review on EEG signals focusing
on signal acquisition design. The discussion is devoted to some prominent research on
imagined speech recognition, which is divided into vowel recognition, syllable recognition
and word recognition. This explanation provides an overview state of the art from ac-
quisition design to imagined speech recognition research and there is an open opportunity
to develop an EEG signal classification model for recognizing some imagined speech with
better accuracy and faster recognition process. Hopefully, this presentation can be con-
sidered as a reference for new researchers in the field of BCI in designing an acqusition
protocol that suits their purpose.
Keywords: EEG, Acquisition, Word imagination, Syllable imagination, Vowel imagi-
nation

1. Introduction. Brain computer interface (BCI) is a research area that has been at-
tracting many researchers [1], to explore [2] and develop solution to address problems in
various fields. In the past decade a vast number of publications have been available in
literature on various methods to build BCI for various purposes such as limited to authen-
tication systems [3], hand assistant system [4], control and communication in non invasive
individuals [5,6], and controlling a wheelchair [7-9]. In many of those proposed methods,
electroencephalogram (EEG) is the common input signal used in BCI system [10]. In
addition, EEG is also widely used to build computer based system to diagnose epilepsy
[11-14], detect emotion [15], study of sleep pattern [16], robot control [17,18], for games
[19] and for unspoken speech recognition using the K-NN model [20]. The main purpose of
developing BCI is to help people with communication limitations due to reduced/not func-
tioning motoric bodies either partially or totally [21] in order to communicate with their
environment [22]. This paper sheds light on the studies on BCI technologies particularly
for imagined speech recognition that focus on the acquisition design and research objec-
tives. The paper is organized as follows. Section 2 explains about several research doing
on BCI field based on EEG signal. Section 3 explains about several research especially
the imagined speech based on EEG signal covering vowel, syllable and word recognition.
Section 4 suggests the review and opportunity that still open to develop classification
model for imagined speech recognition.
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2. Literature Review. Several researchers have reviewed EEG and BCI research with
different perspectives including Abhang et al. [23], Herff and Schultz [24], AlSaleh et
al. [25], Abiri et al. [28], Cooney et al. [26] and Koctúrová and Juhár [27], as shown in
Table 1.

Table 1. Review study and point of view

Study Point of view

Abhang et al. [23] The recognition of emotion in a person with the help of electroen-
cephalogram (EEG) signals and speech

Herff and Schultz [24] Analyze the potential of different brain imaging techniques to rec-
ognize speech from neural signals by applying automatic speech
recognition technology

AlSaleh et al. [25] The studies were categorized based on the sensors used to measure
brain activities as well as different types of performed imagined
speech

Cooney et al. [26] Trends in DS-BCI research, and the current understanding of
speech production processes, with an emphasis on imagined speech

Koctúrová and Juhár [27] Focus on global research and continue the work in BCI technology
experimental paradigm

Abiri et al. [28]

Rabbani et al. [29]

Focus on the potential utilization of chronic electrocorticography
for speech brain computer interface

This paper describes the use of EEG in speech recognition research, especially regarding
imagined speech. In general, speech recognition research based on EEG is divided into
two parts, i.e., overt speech and covert speech, while covert is further divided into several
research derivatives, as shown in Figure 1.

Figure 1. Study of speech recognition based on EEG

Martin et al. divide speech into 2 models, i.e., overt and covert [30], Koctúrová and
Juhár divide speech into 3, i.e., speech recognition, silent speech recognition and unspoken
speech/imagined speech [27] and for imagined speech AlSaleh et al. divide it into vowels
imagination, syllables imagination and word imagination [25].

3. Study of Speech Imagination Recognition Based on Electroencephalogram
(EEG). Research on speech imagination is divided into three sub-sections, i.e., vow-
el recognition, syllable recognition and word recognition. Table 2 overviews the signal
acquisition design, research objective and proposed method.
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These are several points that can be derived from Table 2:

1) Study in speech recognition using EEG signals as input has explored a range of sentence
structure which are including vowels, syllables, and words level with various duration
and number of repetitions in data acquisition process.

2) Imagined speech stimuli (mostly 5 subjects) has been widely used as input for gener-
ating EEG signals.

3) Several classification models used in speech imagination research include HMM, RF,
NB, SVM, ANN, LDA, Adaboost, K-NN.

4) Several methods achieve a high level for word imagination recognition, the highest
level of accuracy is 95% with the ANN classifier, for binary classification (yes/no) with
approach of 3 phases: signal acquisition, preprocessing and feature extraction [44].

5) Most of the researchers used the dataset obtained from recording EEG signal using
various schemes.

6) The accuracy rate for binary classification is 95% for yes-no word classification and for
multiclass classification an average recognition rate is 45.50% for alpha, bravo, charlie,
delta, echo words.

4. Conclusions. It can be concluded that there is an open opportunity to develop clas-
sification model using EEG signal [14] for recognizing some imagined speech recognition
with better accuracy and faster recognition to be used to support healthcare professionals.
The main challenge in this research area is to reduce the computational cost using an-
other method but Riemannian metrics or an optimized implementation of matrix algebra
[50], feature extraction framework for motor imagination [51], to enhance accuracies and
reduce trial duration [52].
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