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Abstract: Electroencephalogram (EEG) based brain-computer interfaces allow users to communicate with the external envi-
ronment by means of their EEG signals, without relying on the brain’s usual output pathways such as muscles. A popular appli-
cation for EEGs is the EEG-based speller, which translates EEG signals into intentions to spell particular words, thus benefiting 
those suffering from severe disabilities, such as amyotrophic lateral sclerosis. Although the EEG-based English speller (EEGES) 
has been widely studied in recent years, few studies have focused on the EEG-based Chinese speller (EEGCS). The EEGCS is 
more difficult to develop than the EEGES, because the English alphabet contains only 26 letters. By contrast, Chinese contains 
more than 11 000 logographic characters. The goal of this paper is to survey the literature on EEGCS systems. First, the taxonomy 
of current EEGCS systems is discussed to get the gist of the paper. Then, a common framework unifying the current EEGCS and 
EEGES systems is proposed, in which the concept of EEG-based choice acts as a core component. In addition, a variety of current 
EEGCS systems are investigated and discussed to highlight the advances, current problems, and future directions for EEGCS. 
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1  Introduction 
 

A brain-computer interface (BCI) can be viewed 
as a hardware and software system that allows users 
to communicate with their surroundings using their 
brain signals, without the involvement of peripheral 
nerves and muscles. Because a BCI creates a new 
non-muscular way to express a person’s intentions, it 

is particularly beneficial for individuals suffering 
from severe disabilities, such as amyotrophic lateral 
sclerosis, not only improving their life quality, but 
also reducing the cost of intensive care (Coyle et al., 
2003; Nicolas-Alonso and Gomez-Gil, 2012). Cur-
rently, BCI techniques are also studied in non-medical 
fields, such as games and entertainment (Nijholt, 
2008; Blankertz et al., 2010). 

Vidal (1973) proposed the first BCI system to 
express the phenomena of the brain’s electrical sig-
nals interpreted through a human-computer interface. 
BCI is now just coming out of its infancy and begin-
ning to move from the proof-of-concept and emula-
tion stages into maturity (Allison et al., 2013). Among 
all the non-invasive BCIs, the electroencephalogram 
(EEG) based ones are favored over others, such as 
magnetoencephalography (MEG), functional near 
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infrared spectroscopy (fNIRS), and functional mag-
netic resonance imaging (fMRI), because of the 
unique advantages of EEGs, such as high time reso-
lution, low cost, and portable devices. As a result, 
there has been great interest in developing practical 
and feasible EEG-based systems (Mora-Cortes et al., 
2014). Several early reviews were given by Nicolas- 
Alonso and Gomez-Gil (2012) and Shende and 
Jabade (2015). 

One popular application of the EEG-based BCI 
is in spelling systems, which, according to the types 
of brain responses focused on, can be divided mainly 
into the following four categories: event-related po-
tential (ERP) based spellers, steady state visually 
evoked potential (SSVEP) based spellers, motor im-
agery (MI) based spellers, and hybrid spellers. The 
four categories are described as follows: 

1. ERP-based speller. The original ERP-based 
speller was the P300-based speller proposed by Far-
well and Donchin (1988) and derived from the prin-
ciple that a P300 component, although absent for a 
frequent but non-attended stimulus, can be evoked in 
response to a non-frequent stimulus (oddball) the user 
attended to. 

Thus, diverse P300 spelling systems have been 
developed, in which the P300 response is evoked by 
visual (Kindermans et al., 2014), auditory (Höhne et 
al., 2011; Schreuder et al., 2011; Kaufmann et al., 
2013), or tactile stimulations (Brouwer and van Erp, 
2010; Kaufmann et al., 2013). However, most of the 
P300-based spellers exploit visual stimulations with 
various features, including different matrix sizes (Al-
lison and Pineda, 2003), novel stimulus patterns 
(Sellers et al., 2006; Townsend et al., 2010), novel 
visual stimulus types (Kaufmann et al., 2011; Tan-
germann et al., 2011), predictive word models (Höhne 
et al., 2010; Ryan et al., 2010; Speier et al., 2012; 
Akram et al., 2014; Mora-Cortes et al., 2014), adap-
tive subject-specific methods (Li et al., 2008; Kin-
dermans et al., 2011), and dynamic stopping 
(Verschore et al., 2012; Kindermans et al., 2013, 2014; 
Schreuder et al., 2013). In particular, Jin et al. (2012a) 
reviewed the effects of different face stimuli on the 
P300-based speller. They also used the visual mis-
match paradigm and proposed a new strategy to re-
duce errors in critical functions, and such a strategy 
could also be used to improve the speller system (Jin 
et al., 2014a, 2015). 

One problem associated with the P300-based 
speller using visual stimuli is that this paradigm uses 
intensified visual stimuli, which may cause discom-
fort, especially in the case of extensive use. Therefore, 
the applications for clinical or home use are limited. 
To address this problem, Hong et al. (2009) proposed 
a motion-onset paradigm of the N200-based speller. 
Their model, which achieves a performance compa-
rable to that of the P300-based speller, has the ad-
vantage of low levels of contrast and discomfort. Jin 
et al. (2012b) reported that when both P300 and mo-
tion-onset visual-evoked potentials were well formed, 
such a combination could further improve the per-
formance of the speller system. 

In addition, Zhang JX et al. (2012) found that a 
special EEG component of the N200 (which they 
called the centro-parietal N200) reveals the unique-
ness of Chinese characters, compared with English. 
Jin et al. (2014b) and Zhang Y et al. (2012) proposed 
the idea of using facial expression changes and also 
inverted faces to help decrease the fatigue in 
P300-based BCIs, and such an idea could also be 
applied to P300 spellers. 

However, the main disadvantage of the ERP 
based spellers (including P300- and N200-based ones) 
is their low information transfer rates, because they 
require the analyzed EEG signals be averaged over 
several sequential trials to enhance the ERP compo-
nents. To address this problem, many methods, using 
only a single trial signal, have been investigated (Ford 
et al., 1994; Delorme and Makeig, 2004; Zhu et al., 
2010; Blankertz et al., 2011). 

2. SSVEP-based speller. Recently, SSVEP- 
based BCIs have received increasing attention be-
cause they provide higher bit rates while requiring 
little training (Parini et al., 2009; Zhu et al., 2010). 
Many SSVEP-based spellers have been developed 
(Zhu et al., 2010; Xia et al., 2012; Liu et al., 2014; Yin 
et al., 2015). 

Whereas ERP-based spellers analyze EEG sig-
nals in a time domain, SSVEP-based spellers analyze 
brain waves in the SSVEP’s frequency domain, where 
the SSVEP has the highest peak at the stimulus flicker 
rate and lower peaks in the harmonics (Colwell et al., 
2014). 

One of the main disadvantages of SSVEPs is the 
limited number of items from which users can choose. 
Recently several researchers have addressed this issue. 
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Yin et al. (2015), for example, designed a dynami-
cally optimized SSVEP spelling system with en-
hanced performance in terms of accuracy, speed, and 
the number of possible items on the user interface. 

3. MI-based speller. The methods for the EEG- 
based spellers mentioned above, based on the P300, 
N200, or SSVEP, depend on external stimuli, i.e., 
predefined external events that generate specific EEG 
components. The MI-based speller, however, has 
been made in an internal mode, where the user per-
forms several specific motor imageries, such as 
moving his/her left hand, right hand, or feet. 

D’albis et al. (2012), for example, developed an 
MI-based speller using an interface consisting of 27 
symbols (26 letters of the English alphabet and a 
space symbol). Another MI-based speller is the 
so-called Hex-o-Spell (Blankertz et al., 2006), in 
which 30 different characters, arranged in six adjacent 
hexagons and distributed around a circle, can be se-
lected by imagining one of two movements (moving 
the right hand or foot). To improve the speed, several 
single-trial methods for MI detection have also been 
studied (Ramoser et al., 2000; Blankertz et al., 2008; 
Khan and Sepulveda, 2012). 

4. Hybrid speller. A hybrid brain-computer in-
teraction technology has been widely used in control 
systems (Amiri et al., 2013a). Apart from the methods 
based on ERP, SSVEP, and MI, several hybrid 
methods are also used to develop spelling systems. 
Each of the hybrid methods contains at least two of 
the ERP, SSVEP, and MI methods. For example, Xu 
et al. (2013) proposed a hybrid BCI speller paradigm 
that integrates P300 and SSVEP signals. Yin et al. 
(2014) also used P300 and SSVEP input methods to 
develop a speedy hybrid spelling approach. Similar 
studies were reported by Brunner et al. (2010) and Yin 
et al. (2013). In addition, slow cortical potentials may 
be employed for developing speller systems 
(Birbaumer et al., 1999; Hinterberger et al., 2004). 
The above-mentioned methods are different from the 
implementations with ERP, SSVEP, and MI; therefore, 
we call these methods hybrid speller methods. 

Although the EEG-based spellers have been 
widely studied in recent decades, most of them are 
suitable only for dealing with an alphabetic language 
with a limited number of letters, such as English 
whose words are alphabetic scripts composed of only 
26 letters. By contrast, study on the EEG-based Chi-

nese speller (EEGCS) was not reported until 2009 
(Wu et al., 2009). 

Till now, there are only a few references focus-
ing on EEGCS. Unlike English, with only 26 letters, 
Chinese contains more than 11 000 logographic 
characters (Chinese characters) (Zhao, 2015). Con-
sequently, EEGCS systems are more difficult to de-
velop than EEG-based English speller (EEGES) ones. 
Nevertheless, various aspects of this issue have been 
addressed: both traditional Chinese characters (now 
used mainly in Taiwan and Hong Kong) (Minett et al., 
2010, 2012) and simplified Chinese characters (now 
used in mainland China) (Jin et al., 2010) have been 
investigated; two types of phonetic symbols, Pinyin 
(used in mainland China) (Chen et al., 2013) and 
Zhuyin (used in Taiwan) (Huang et al., 2013), have 
been employed in EEG-based spelling systems; other 
aspects, such as special user interfaces (Minett et al., 
2012; Huang et al., 2013), Chinese language models 
(Xu and Fang, 2015), and novel applications (Jin et al., 
2010; Chen et al., 2013), have been addressed. 
 
 

2  Taxonomy, EEG-based choice, and frame- 
work 

2.1  Taxonomy of EEGCSs 

Current EEGCS methods can be categorized into 
two classes: shape-based methods, which analyze 
EEG signals to select symbols that represent the form 
of Chinese characters, and pronunciation-based 
methods, or phonetic symbol based methods, which 
analyze EEG signals to select the symbols that rep-
resent the pronunciation of Chinese characters. 

Shape-based methods can be further divided into 
two types: stroke-based methods, which select one 
stroke from each EEG-based choice, and segment- 
based methods, which select one segment, including 
one or several strokes, from each EEG-based choice. 

Pronunciation-based methods can also be further 
grouped into two types: Pinyin-based methods, which 
select one symbol from the Pinyin system for each 
EEG-based choice, and Zhuyin-based methods, 
which select one symbol from the Zhuyin system for 
each EEG-based choice. 

2.2  EEG-based choice 

In general, the fundamental idea of various 
EEG-based spellers, either EEGCS or EEGES, is 
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EEG-based choice, which selects an item from a set of 
options by analyzing the user’s EEG signals, which 
are evoked by exterior or interior stimuli (Fig. 1). 

Each EEG-based choice usually consists of the 
following five successive steps (Fig. 2): prepro-
cessing, feature extraction, feature selection, classi-
fication, and translation. In Fig. 2, the processing 
steps are presented on the left side of the dashed line; 
the results corresponding to each processing step are 
shown on the right side. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
First, the recorded EEG signals are preprocessed 

to remove artifacts, select concerned epochs, filter 
unwanted frequency components, etc. Second, fea-
tures are extracted from the preprocessed EEG signals. 
Third, because the number of features extracted is 
normally very large, it is difficult to suitably classify 
the extracted features. Feature selection is usually 
carried out as a critical step to identify the important 
features and discard the trivial ones. Fourth, based on 
the selected features, a classification algorithm 
groups the EEG signals into corresponding classes of 
a mental state. Finally, the mental states are translated 
into corresponding commands for the spelling system 
to further choose the target items in the user interface. 

The target item, to which the user pays attention, 
is determined by a particular speller using the 
EEG-based choice, as follows: 

1. P300 speller. In the P300 speller, the target 
item is associated with an oddball event, i.e., an event 
with a low probability. When a user gazes at the target 
item, about 300 ms after the onset of the oddball event, 
the P300 component in the user’s EEG signal is 
supposed to be evoked. By detecting if the EEG signal 
contains the P300 component, the EEG-based choice 
determines if the event evoking the EEG signal is an 
oddball event. If so, the item associated with the 
oddball event is regarded as the target item, to which 
the user pays attention. The original P300 EEGES 
system (Farwell and Donchin, 1988) and many other 
improved ones were mentioned in Section 1. Several 
P300 EEGCS systems (Wu et al., 2009; Jin et al., 
2010; Sun et al., 2011; Minett et al., 2012; Huang et 
al., 2013; Xu and Fang, 2015) will be discussed in the 
next section. 

2. N200 speller. In the N200 speller, however, 
each item is associated with a motion stimulus, such 
as a bar moving from right to left in a small window at 
a specific speed. When the user gazes at the motion 
stimulus that is associated with the target item, the 
N200 is supposed to appear in the user’s EEG signal. 
Thus, by detecting if the EEG signal contains the 
N200 component, the EEG-based choice determines 
if the item associated with the EEG signal and motion 
stimulus is the target. Hong et al. (2009) proposed one 
N200 EEGES, and Huang et al. (2013) proposed an 
N200 EEGCS, which will be described in the next 
section. 

3. SSVEP speller. In the SSVEP speller, the 
EEG-based choice chooses a target item in a direct or 
indirect way. In the direct way, all items flick at the 
same time, but at different frequencies. If a user gazes 
at the target item flickering at a particular frequency f, 
then his/her EEG signals will, by using the Fourier 
analysis, contain salient frequency components at f, 
2f, ..., in the spectrum. Thus, by verifying this kind of 
saliency, EEG-based choice determines the target 
item. Details can be seen in Zhu et al. (2010) and Liu 
et al. (2014). 

In the indirect way, the items selected by 
EEG-based choices are not the final target items; 
instead, they act like buttons to control a cursor’s 
movements, such as forward, backward, upward, and 
downward, by which the final item is selected in a 
way similar to the way used by a mouse cursor. A 
typical research of the indirect method was carried out 

 

Fig. 1  The concept of EEG-based choice 

Fig. 2  Procedure of EEG-based choice 
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by Yin et al. (2015), and other systems were as men-
tioned in Section 1. An SSVEP-based EEGCS system 
(Zhao, 2012) will be introduced in the next section. 

4. MI speller. Like the SSVEP speller, the MI 
speller selects an item in an indirect way. However, 
different from the SSVEP speller that employs 
SSVEP, which is evoked by exterior stimuli, the MI 
speller recognizes the user’s internal intention when 
the user performs an imagined limb movement. Motor 
imagery may be regarded as a mental rehearsal of a 
motor act without any overt motor output. However, 
motor imagery can modify the neuronal activity in the 
primary sensorimotor areas in a way that is very sim-
ilar to that observable with a real executed movement 
(Semlitsch et al., 1986; Hoffmann et al., 2008). 

By detecting these kinds of changes, which are 
supposed to be due to event-related desynchroniza-
tion (ERD) or event-related synchronization (ERS) of 
the underlying neuronal groups, EEG-based choices 
detect the user’s different intentions and mental states, 
by which the system controls the different directions 
of the cursor movement, so as to select the target 
letters. Details about MI-based EEGES systems can 
be seen in Blankertz et al. (2006). Details about MI- 
based EEGCS systems can be seen in Chen et al. 
(2013). 

2.3  Framework 

Based on the concept of the EEG-based choice 
introduced above, we propose a general framework 
that unifies most, if not all, of the present-day 
EEG-based spellers, including EEGES and EEGCS 
systems. 

Fig. 3 shows that the framework is composed of 
three parts indicated by two vertical dashed lines: user 
interface area (left), EEG-based choice area (center), 
and auxiliary area (right). 

In a spelling system, EEG-based choice gener-
ally consists of two phases, as shown in the 
EEG-based choice area (center of Fig. 3). 

In the first phase, by analyzing the unique EEG 
components evoked by the stimuli (top-right in Fig. 3) 
that are associated with the features in the feature area 
(top-left in Fig. 3), each EEG-based choice, from the 
feature area, selects one character feature. Features 
are either strokes or segments in shape-based methods; 
in contrast, features are either Pinyin or Zhuyin 
symbols in pronunciation-based methods. 

Once a series of character features has been se-
lected, the system, by means of a dictionary, auto-
matically produces candidate characters, each of 
which contains all of the selected features. Alterna-
tively, based on a language model, the system predicts 
additional candidate characters that, although not 
containing these features, are relevant to the candidate 
characters already produced (Höhne et al., 2010; 
Ryan et al., 2010; Speier et al., 2012; Akram et al., 
2014; Mora-Cortes et al., 2014). 

In the second phase, the candidate characters 
produced in the first phase are then shown in the 
candidate area, which may either replace the feature 
area or form an independent area in the user interface, 
depending on the variant paradigms. Consequently, in 
the second phase, the user selects the target characters 
from the set of candidates in the candidate area, in a 
way similar to that in the first phase, i.e., by analyzing 
the EEG signals evoked by the stimuli. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

3  EEGCS 

3.1  Shape-based method 

The advantage of the shape-based EEGCS is that 
users can input a sinogram (Chinese character) even 
when they do not know how to pronounce it; the users 
need only to know the form of Chinese characters. 
Shape-based methods are categorized into stroke and 
segment-based methods (Table 1). 

3.1.1  Stroke-based method 

Wu et al. (2009) developed a P300 EEGCS ver-
sion, which is a typical EEGCS using five basic 
strokes (‘─’, ‘│’, ‘/’, ‘ヽ’, ‘乛’). The user interface 

Fig. 3  Framework of the EEG-based spelling system
The framework is divided into three parts by two vertical
dashed lines: user interface area (left), EEG-based choice
area (center), and auxiliary area (right) 
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includes four regions: optional items, optional Chi-
nese characters, selected strokes, and selected Chi-
nese characters. 

The optional items region is composed of seven 
items for users to select through EEG-based choices. 
Five items represent five strokes or optional Chinese 
characters, depending on different stages; the two 
other items, ‘Bk’ and ‘En’, provide the control func-
tions. ‘Bk’ means backspace and ‘En’ means enter. 

In the system developed by Wu et al. (2009), a 
user inputs a Chinese character in three steps: 

Step 1: Five basic strokes are presented in the 
optional items region. The user selects strokes one by 
one through EEG-based choices until the target Chi-
nese character, which is produced by the system ac-
cording to the selected strokes, occurs in the optional 
Chinese character’s region, along with other Chinese 
characters that also contain the selected strokes. 

Step 2: The user selects the ‘En’ item through 
another EEG-based choice. If successful, the Chinese 
characters in the optional Chinese character region 
will be presented in the optional items region. 

Step 3: The user selects the target Chinese 
character in the optional items region through one 
EEG-based choice. 

During the execution of the above three steps, 
the items, either strokes or Chinese characters de-
pending on the phases, flicker one by one, and the 
user focuses on the target item. When the target item 
flickers, the user pays more attention to the target item 
if he/she mentally counts the flickers. The P300 
characteristic component of the EEG signal will be 
stronger. Four subjects participated in the experi-
ments carried out by Wu et al. (2009). The EEG re-
cordings in the experiments were performed using the 
Neuronscan system. Signals from four electrodes 

(FCZ, CZ, CPZ, and PZ) were analyzed. The refer-
ence electrode was placed on the nasal tip. 

The analytical procedure used by Wu et al. (2009) 
was as follows: At first, the direct-current component 
in the signal was removed. Then, a regression algo-
rithm was employed to cancel the influence of the 
electro-oculogram (EOG), followed by a fifth-order 
Butterworth low-pass filter with a 15 Hz cut-off fre-
quency. Only the signals in the 200–600 ms interval 
after each flicker were extracted for analysis. The 
template matching method was used to examine 
whether the P300 existed or not. 

The results showed that the accuracy was in the 
range of 38%–84%, and that the practical bit transfer 
rate was 1.23–8.80 bits/min (Wu et al., 2009). Alt-
hough insufficient to provide a practical EEGCS, this 
experiment showed some interesting potentials. 

Jin et al. (2010) used another stroke-based 
EEGCS to send messages on a cell phone. Taking the 
T9 stroke input system developed by Tegic Commu-
nications, Seattle, USA as a reference, they developed 
a user interface that included a 44 matrix containing 
five strokes, eight numbers (1–8), and three other 
control items. In their system, similar to the one used 
by Wu et al. (2009), the user inputs a Chinese char-
acter in two steps: 

Step 1: After the user selects strokes through 
several EEG-based choices, the system presents op-
tional Chinese characters, which are composed of the 
selected strokes and shown on the screen of a cell 
phone, where at most seven Chinese characters can be 
presented. 

Step 2: The user selects the target Chinese char-
acter by selecting its number from the list of optional 
Chinese characters. Eleven subjects took part in the 
experiments; their EEG signals were recorded by 30 
electrodes in an ESI-36 system, manufactured by the 
Neuronscan company, alongside four electrodes re-
cording EOG to reduce EOG artifacts from the EEG 
signals by means of a method proposed by Semlitsch 
et al. (1986). 

A sixth-order Butterworth band pass filter algo-
rithm was employed to filter the EEG to 0.1–12 Hz. 
Experimental results showed that the accuracy was 
39%–93%, and that the average number of EEG- 
based choices for one Chinese character was 6–7. 

One of the main goals of Jin et al. (2010) was to 
improve the accuracy rather than the speed. The 

Table 1  Taxonomy of EEG-based Chinese speller 

Method Reference 

Shape  
based 

Stroke-based Wu et al. (2009); Jin 
et al. (2010) (P300) 

Segment-based Minett et al. (2010, 
2012) (P300) 

Pronuncia-
tion based 

Pinyin-based Chen et al. (2013) 
(MI); Xu and Fang 
(2015) (P300) 

Zhuyin-based Wu et al. (2009) 
(P300+N200); Sun 
et al. (2011) (P300) 
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uniqueness of their methods for processing EEG 
signals lies in the choice of electrodes using particle 
swarm optimization (PSO) algorithms, and the clas-
sification algorithm, i.e., Bayesian linear discriminate 
analysis (BLDA), which is an extension of the Fisher 
linear discriminate analysis (FLDA) (Hoffmann et al., 
2008). A particle of the PSO represents a position in 
the electrode configuration in the search domain, and 
its fitness value is the error rate of the classification 
obtained by BLDA (Jin et al., 2010). 

In contrast to Wu et al. (2009) and Jin et al. (2010) 
who focused on P300, Zhao (2012) proposed another 
stroke-based EEGCS that focuses on SSVEP. The 
main part of the user interface proposed by Zhao 
(2012) was composed of the following four parts: (1) 
Seven items, including six basic strokes (‘─’, ‘│’, 

‘/’, ‘ヽ’, ‘乛’, ‘乙’) and one control item (‘Bk’, 
meaning backspace), are arranged in a row; (2) The 
gray rectangle on an item can be controlled to move to 
the left or the right, depending on EEG analysis; (3) 
Three chess board squares flicker at different fre-
quencies (left, 9.44 Hz; right, 12.14 Hz; central, 7.72 
Hz); (4) The optional Chinese characters are listed 
above the strokes. 

In Zhao’s system (Zhao, 2012), the user gazes at 
one of the three chessboard squares. To determine at 
which chessboard square the user gazed, the 2000 ms 
segments of the signals recorded from the OZ elec-
trode were analyzed. 

The principle by which Zhao determined which 
square was gazed at was as follows: if the frequency 
amplitude of the analyzed signal at a certain fre-
quency (at which one of the chess board squares 
flickered) was so manifest that it went up 1.5 times 
the averaged frequency amplitude over 4–30 Hz, then 
the chess board square that flickered at that frequency 
was regarded as the one at which the user gazed. 

If the system determined that the left square was 
the one to which the user paid attention, the system 
controlled the gray rectangle to move to the item on 
the left; if the system determined that the right square 
was the one to which the user paid attention, the sys-
tem controlled the gray rectangle to move to the item 
on the right; if the system determined that the central 
square was the one to which the user paid attention, 
the system selected the item covered by the gray 
rectangle as the target stroke. 

The optional Chinese characters containing the 
selected strokes are listed above the strokes, and the 
target Chinese character can be selected in a way 
similar to that by which the target stroke is selected. 

The limitation of this system resides in the lim-
ited number of frequencies used to evoke SSVEP. 
Therefore, the gray rectangle has to be moved in an 
inefficient way. For instance, the grey background 
cannot move from the first item directly to the third 
item. Therefore, this method is not suitable for 
choices of many items. Consequently, this system is 
only a simple prototype to show the potential for 
exploiting SSVEP in the design of an EEGCS system. 

3.1.2  Segment-based method 

Although the stroke-based method is simple and 
direct, it is inefficient because one EEG-based choice 
selects only one stroke, resulting in a low information 
transfer rate. 

To address this issue, several segment-based 
EEGCS systems have been proposed. Because one 
segment includes one or more strokes and can be 
selected by one EEG-based choice, a segment-based 
method is much more efficient than the stroke-based 
methods. 

Minett et al. (2010) proposed an EEGCS em-
ploying the segment-based method. The user inter-
face in their system is a 66 matrix, similar to the 
original P300 speller used by Farwell and Donchin 
(1988). The difference is that the letters they use are 
replaced by 35 segments of traditional Chinese 
characters with one control item (‘←’) at the bottom 
right corner. 

Thirty subjects participated in the experiments. 
The EEG measurements were performed using the 
Net Amps 200 recording system manufactured by 
Electrical Geodesics. Signals from five electrodes (Pz, 
P3, P4, P7, P8) were used for analysis. The analyzed 
signals were extracted from −100 ms (before stimulus 
onset) to 400 ms (after stimulus onset). Signals from 
−100 ms to 0 ms were used for baseline correction. 
Signals from 50 ms to 400 ms were used for classi-
fication. FLDA was used as the classification  
algorithm. 

Minett et al. (2010) examined four types of in-
tensifications: (1) intensify a single component by 
changing the foreground color, (2) intensify a single 
component by changing the background color, (3) 
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intensify a row/column of components by changing 
the foreground color, and (4) intensify a row/column 
of components by changing the background color. 

Minett et al. (2010) also examined different time 
coding of the stimuli. The stimuli were intensified for 
100 ms and followed by a blank mask of either 17 ms 
(for all these four types) or 67 ms (for only the last 
two types). 

The results showed that: (1) the first two types of 
intensification, with a 17 ms blank mask, outper-
formed other cases and achieved a classification ac-
curacy greater than 80%; (2) the last type of intensi-
fication, with a 17 ms blank mask, provided the best 
performance, achieving a communication rate of 14.5 
bits/min. 

To reduce the number of EEG-based choices 
employed in Jin et al. (2010), and to extend 35 seg-
ments in Minett et al. (2010) to 56 segments, Minett  
et al. (2012) further proposed an EEGCS system with 
a novel segment-based method called ‘first-last’ 
(FLAST). FLAST encodes 7072 Chinese characters, 
and selecting each sinogram requires at most three 
EEG-based choices, two of which select the first and 
last segments of the target Chinese character, respec-
tively. The last one selects the target Chinese char-
acter from several optional Chinese characters.  

In their stimulus interface, the 56 segments and 8 
control items are arranged into an 88 matrix. The 
intensification method, i.e., intensifying items in one 
row/column simultaneously, is similar to that pro-
posed by Farwell and Donchin (1988). Twenty-four 
subjects participated in the experiment. Using the 
ActiveTwo EEG recording system with 32 channels 
(manufactured by Biosemi), signal epochs of 800 ms 
duration from 32 electrodes were analyzed and fil-
tered to 0.1–40 Hz. The classification algorithm used 
was stepwise linear discriminant analysis (SWLDA). 

Their experimental results showed that, when 
the input speed was set to one Chinese character per 
107 s (corresponding to 0.56 Chinese characters per 
minute), the communication rate was 12.93 bits/min, 
with a segment selection mean accuracy of 82.8%. 
Although the desired accuracy and speed were 
achieved in Minett et al. (2012), an unexpected phe-
nomenon occurred in the experiments. Because they 
employed an intensification approach similar to the 
P300 speller of Farwell and Donchin (1988), Minett 
et al. (2012) initially expected that a strong P300 

component could be found in the EEG signal. How-
ever, no clear P300 component was found in the ex-
periments. On the contrary, an apparent N200 com-
ponent was observed. The reason was not explained 
by Minett et al. (2012). We assume that it may be 
related to the difference between the form of Chinese 
characters (also segments) and English letters. Our 
assumption can be partially supported by Zhang JX et 
al. (2012), but further investigation is required. 

3.2  Pronunciation-based method 

Pronunciation-based EEGCS systems allow us-
ers to input Chinese characters without knowledge of 
the forms; therefore, they are complementary to 
shape-based EEGCS systems. 

The problem is that the combination of several 
Chinese phonetic symbols may represent the same 
pronunciation of many different Chinese characters. 
Consequently, this problem results in additional 
EEG-based choices to select the target Chinese 
character from a list of optional ones. Therefore, re-
searchers first conducted research on the shape-based 
method rather than the pronunciation-based method. 

However, many people prefer the pronunciation- 
based method due to its relationship with natural 
pronunciation. Therefore, in recent years, researchers 
have developed several pronunciation-based EEGCS 
systems. 

Sun et al. (2011) developed a pronunciation- 
based method for EEGCS by detecting P300 re-
sponses. Their user interface presented a 34 matrix 
containing 11 groups of phonetic symbols (Zhuyin) 
with one control item. The items in the matrix were 
intensified in a row/column way similar to that in 
Farwell and Donchin (1988); i.e., the items in one row 
or one column were intensified simultaneously. 

The procedure to select a Chinese character was 
as follows: Using EEG-based choices, the user first 
selects one item containing the target phonetic sym-
bols. Then, the system produces nine optional Chi-
nese characters whose phonetic symbols are in the 
selected item. These optional Chinese characters and 
three additional control items are presented in the 
matrix, replacing the former items. Finally, using 
EEG-based choices, the user selects the target Chi-
nese character from the matrix. 

Ten subjects participated in the experiment. O1 
and O2 acted as reference electrodes. Using the 
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Braintronics system, the EEG signals from the Pz 
electrode were recorded at a sampling rate of 500 Hz, 
filtered to 0.1–15 Hz, and extracted from −100 ms 
(before the identification) to 500 ms (after the identi-
fication). The experiment showed that the target in-
tensifications could evoke significantly larger P300 
components in both columns and rows, compared 
with the non-target intensifications. Based on this 
kind of difference, a t-test in this system recognized 
the targets. The results showed that the average ac-
curacy was 90%, and that the average speed ap-
proached one Chinese character per 130 s. 

Huang et al. (2013) further proposed a P300- and 
N200-based EEGCS using phonetic symbols 
(Zhuyin), arranged into one matrix as in their previ-
ous research (Sun et al., 2011). 

To elicit the N200 component, there was an ad-
ditional small rectangle beneath each phonetic sym-
bol, in which there was a bar moving during the 
coding time. However, the phonetic symbols were not 
as intense as those in Sun et al. (2011). During the 
experiment, the user gazed at the rectangular target. 

The N2P3-value (the amplitude difference be-
tween P300 and N200) of the recorded EEG signals 
was used to determine the target symbols: the symbol 
at the intersection of the column with the maximum 
N2P3-value and the row with the maximum N2P3- 
value was regarded as the user’s intention. 

The experiment consisted of 24 trials. A1 and A2 
acted as reference electrodes. The EEG signals from 
O1 were analyzed and filtered to 0–6 Hz. The results 
showed that the accuracy reached 95.8% and that the 
speed reached 136.6 bits/min. 

Recently, Xu and Fang (2015) reported another 
P300-based EEGCS method using phonetic symbols, 
which has several characteristics: After several pho-
netic symbols are selected, the optional Chinese 
characters, whose phonetic symbols consist of the 
selected ones, are generated by the system and do not 
replace the phonetic symbols in the user interface. 
Instead, they are shown around the phonetic symbols. 
In this way, the switch between the feature (phonetic 
symbols) area and candidate (optional Chinese char-
acters) area in Fig. 3 is avoided. The identifications do 
not flash by row/column, but by single phonetic 
symbol or single sonogram. The classification algo-
rithm is the support vector machine (SVM). To in-
crease the communication rate, a statistical language 

model is employed to predict the possible target 
Chinese characters. 

Four subjects participated in the experiment. The 
EEG signals were recorded by a UEA-24BZ system 
manufactured by a Chinese company (Beijing 
Zhongke). The sample rate was 100 Hz. The signals 
from seven electrodes (Cz, Fz, Pz, P3, P4, O1, and O2) 
were chosen and filtered by the Chebyshev filter to 
1–15 Hz. The results showed that the average speed 
could be 0.90 Chinese characters per minute without 
using the statistical language model, and could be 
improved to 1.13 Chinese characters per minute when 
the statistical language model was employed. 

All the EEGCS mentioned above, including 
shape- and pronunciation-based methods, employ 
evoked EEG components such as the P300, SSVEP, 
and N200, which can be elicited but must depend on 
exterior stimuli. By contrast, Chen et al. (2013) pro-
posed a kind of EEGCS system that employs the 
self-evoked EEG component, which could be elicited 
by the user’s motor imagery without the requirement 
of exterior stimuli. 

Considering Pinyin phonetic symbols to be also 
English letters, Chen et al. (2013) combined Chinese 
Pinyin phonetic symbols and English symbols into 
the same interface, and developed an asynchronous 
Chinese-English BCI speller based on motor imagery 
and a 2D cursor control strategy. The letters repre-
senting both Chinese phonetic symbols and English 
letters were arranged in three layers of Oct-o-Spell 
interfaces, along with several control items. To 
choose a block of items, the user had to perform three 
kinds of motor tasks, i.e., moving his/her left hand, 
right hand, or feet, to control a cursor initially located 
in the center of the interface until it hit the circle of the 
target block. Details can be seen in Chen et al. (2013). 
Three subjects participated in their experiments. The 
Fz and right earlobe were chosen as the ground elec-
trode and reference electrode, respectively. Signals 
from 13 channels (FC3, FCZ, FC4, C5, C3, C1, CZ, 
C2, C4, C6, CP3, CPZ, and CP4) in the motor cortex 
area were recorded by a USB system, and filtered to 
5–30 Hz. Their features were extracted by the com-
mon spatial pattern (CSP) method, and classified by 
the SVM algorithm. The results showed that the mean 
accuracy was 96.33% and that the speed was 30.86 
bits/min and 5.53 letters/min. 
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4  Discussions 
 

The methods for constructing EEGCS systems 
include shape- and pronunciation-based methods, 
which are mutually complementary: shape-based 
methods do not require users know the pronunciations 
of Chinese characters, whereas pronunciation-based 
methods do not require users know the form of  
Chinese characters. 

Among shape-based methods, segment-based 
methods are more efficient than stroke-based methods, 
because segment-based methods can input several 
strokes as one segment with each EEG-based choice. 

Among pronunciation-based methods, however, 
Pinyin- and Zhuyin-based methods are both useful 
and mutually complementary, because Pinyin is 
adopted in mainland China while Zhuyin is adopted in 
Taiwan. 

The EEGCS systems investigated in this study 
are typical ones with several methods mentioned 
above, and with various user interfaces, stimuli, and 
applications. Their characteristics, such as parameters, 
accuracy, and speed, are summarized in Table 2. 

In Table 2, we can see that, since 2009, re-
searchers have explored various Chinese character- 
spelling methods, from the earlier shape-based 
methods including stroke- and segment-based meth-
ods, to the recent pronunciation-based methods in-
cluding Pinyin- and Zhuyin-based methods. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table 2 also shows that various kinds of EEG 
components, including P300, N200, SSVEP, and MI, 
have been used to develop EEGCS systems. Among 
such systems, the most frequently used method is 
P300. In particular, researchers have realized the 
necessity and possibility of employing hybrid com-
ponents, such as a combination of P300 with N200 or 
P300 with SSVEP, to overcome the disadvantages of 
using a single component and thus to improve the 
system performance. 

Different classification algorithms such as 
FLDA, BLDA, SVM, and template-matching meth-
ods have been employed, and the issue of electrode 
selection or channel selection has also been investi-
gated (Jin et al., 2010). 

Although a variety of EEGCSs have been pro-
posed, compared with EEGES, EEGCS has been 
investigated to a far lower degree, and several key 
issues exist in the current research. 

First of all, although various EEG components 
have been employed in the current EEGCS research, 
other components except the P300 have not been 
investigated as thoroughly as in the EEGES research. 
In fact, many methods widely used in EEGES sys-
tems can be introduced into EEGCS systems, alt-
hough the corresponding paradigms might need to be 
redesigned with several novel ideas. On the other 
hand, except for the hybrid components of P300/ 
N200, other hybrid BCIs, such as P300/ SSVEP BCIs 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table 2  Applications in each class (optimized by PSO) 

Type Year 
Number  

of 
subjects 

Component 
Number 

of 
electrodes

Filter 
(Hz)

Time 
interval 

(ms) 
Classifier

Accuracy 
(%) 

Speed Reference

Stroke 

2009 4 P300 4 – 200–600 Template 38–84
1.23–8.80 
bits/min 

Wu et al., 
2009 

2010 11 P300 
Optimized 

by PSO 
0.1–12 0–500 BLDA 38.7–93.0 – 

Jin et al., 
2010 

2012 2 SSVEP 1 4–30 2000 Threshold 65–72 – Zhao, 2012

Segment 

2010 30 P300 5 0–40 −100–400 FLDA >80 14.5 bits/min 
Minett et al., 
2010 

2012 24 P300 32 0.1–40 800 FLDA 63.5–82.8 12.93 bits/min 
Minett et al.,
2012 

2013 1 
P300 

+N200 
1 0–6 – N2P3 95.8 136.6 bits/min 

Huang et al.,
2013 

Pinyin 
2015 4 P300 19 1–15 0–700 SVM – 

1.13 sino-
grams/min 

Xu and 
Fang, 2015

2013 3 MI 13 5–30 – SVM 96.33 
30.86 bits/min, 
5.53 letters/min 

Chen et al., 
2013 
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(Amiri et al., 2013b; Xu et al., 2013; Yin et al., 2013) 
developed in recent years, should have been intro-
duced to develop EEGCS systems. 

In addition, most of current EEGCS systems are 
tentatively exploring the feasibility of their methods 
with a small number of Chinese characters. 

Furthermore, most of experiments were carried 
out with a few healthy subjects, and only a few ex-
periments, such as those conducted by Minett et al. 
(2010, 2012), were performed with more than 20 
subjects. Nevertheless, healthy subjects rather than 
disabled subjects were used. 

Consequently, the values for the accuracy and 
speed reported in these systems may have less sig-
nificance when compared with each other or with 
regard to disabled subjects. For this reason, we be-
lieve that two aspects are worthy of consideration in 
further research: (1) target user—the systems should 
be comfortable, and can be easily and efficiently used 
by disabled individuals; (2) evaluation metric—it is 
necessary to specify certain conditions under which 
evaluation of performance such as accuracy and 
speed could be comparable among different systems 
and approaches (otherwise, without common condi-
tions, it may be difficult to quantify and provide a 
definitive comparison between them). 

Furthermore, note that many assistant technolo-
gies, which do not depend on EEG-based choices, 
may be independently developed and greatly improve 
the system performance. For instance, natural lan-
guage models can be applied to predict subsequent 
Chinese characters (Mora-Cortes et al., 2014; Xu and 
Fang, 2015). In fact, combined with a good language 
model, EEGCS systems can be improved in predic-
tion, completion, and error correction, so as to be 
substantially improved in terms of process accuracy 
and speed. Mora-Cortes et al. (2014) provided a re-
view of the advantages and challenges while imple-
menting language models in BCI-based communica-
tion systems. 

Several applications of EEGES systems, such as 
BCI-based web browsers (Halder et al., 2015) and 
Internet explorers (Bai et al., 2015), are also worthy of 
being introduced into EEGCS systems, and more 
novel applications could be developed further. Nev-
ertheless, we believe that the key technology for 
EEGCS systems will still be based on EEG-based 
choice, which can be regarded as the core of an 
EEGCS system. 

Finally, many novel technologies that have been 
efficiently employed in EEGES systems, such as 
channel selection for preprocessing (Colwell et al., 
2014), ensemble classifiers for enhancing classifica-
tion accuracy (Allison et al., 2013), and language 
models for improving speed (Mora-Cortes et al., 
2014), are expected to be involved in EEGCS re-
search. This leaves considerable room for the current 
EEGCS systems to be improved. 

 
 

5  Conclusions 
 
Contrary to the EEGES methods that have been 

widely studied in recent decades, research on the 
EEGCS began in 2009. In this paper, we reviewed 
most of the literature on EEGCS systems. A common 
framework to unify the current EEGCS and EEGES 
systems was proposed, followed by a presentation and 
discussion of the state-of-the-art work about EEGCS 
systems. 

When developing EEGCS systems, the intrinsic 
difference between EEGCS and EEGES systems 
means that more issues should be considered com-
pared with developing EEGES systems. On the other 
hand, many methods, such as other paradigms and 
EEG signal processing methods, which have been 
employed by the current EEGES systems, could be 
very useful for developing EEGCS systems. Thus, we 
believe that research on EEGCS systems is a prom-
ising field with potential for rapid development in the 
coming years. 
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