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Neural Decoding of Imagined Speech and
Visual Imagery as Intuitive Paradigms
for BCI Communication
Seo-Hyun Lee , Minji Lee , and Seong-Whan Lee , Fellow, IEEE

Abstract — Brain-computer interface (BCI) is oriented
toward intuitive systems that users can easily operate.
Imagined speech and visual imagery are emerging paradigms that can directly convey a user’s intention. We investigated the underlying characteristics that affect the decoding
performance of these two paradigms. Twenty-two subjects
performed imagined speech and visual imagery of twelve
words/phrases frequently used for patients’ communication. Spectral features were analyzed with thirteen-class
classification (including rest class) using EEG filtered in six
frequency ranges. In addition, cortical regions relevant to
the two paradigms were analyzed by classification using
single-channel and pre-defined cortical groups. Furthermore, we analyzed the word properties that affect the decoding performance based on the number of syllables, concrete
and abstract concepts, and the correlation between the two
paradigms. Finally, we investigated multiclass scalability
in both paradigms. The high-frequency band displayed a
significantly superior performance to that in the case of
any other spectral features in the thirteen-class classification (imagined speech: 39.73 ± 5.64%; visual imagery:
40.14 ± 4.17%). Furthermore, the performance of Broca’s
and Wernicke’s areas and auditory cortex was found to have
improved among the cortical regions in both paradigms.
As the number of classes increased, the decoding performance decreased moderately. Moreover, every subject
exceeded the confidence level performance, implying the
strength of the two paradigms in BCI inefficiency. These
two intuitive paradigms were found to be highly effective for
multiclass communication systems, having considerable
similarities between each other. The results could provide
crucial information for improving the decoding performance
for practical BCI applications.
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I. I NTRODUCTION

B

RAIN-COMPUTER interfaces (BCIs) are being developed to gradually allow locked-in or paralyzed patients
to directly interact with their environment [1], [2]. Recently,
studies have focused on both patients and healthy individuals to communicate using only their thoughts [1]. Although
recent developments in conventional paradigms, such as
steady-state visual evoked potential (SSVEP), event-related
potential (ERP), or motor imagery (MI), have enhanced the
communication ability of patients, they are limited in their
use for practical communication due to the required stimuli
or low variety of classes [3], [4]. In addition, these paradigms
are known to exhibit BCI inefficiency (i.e., users who cannot
exert control using a particular BCI paradigm), which implies
the need for a simpler paradigm [5]. Above all, the distinct
limitation in serving as a medium of communication is that the
intentions of the users are conveyed “indirectly.” For instance,
if a user wants to say “apple,” conventional systems require
actions (e.g., focusing on a flickering monitor) other than
imagining the “apple” itself [6]. Efficient BCI communication
must allow the user to easily and intuitively interact with the
devices; thus, an intuitive paradigm that is easy to perform
and directly conveys user intentions is necessary [1], [6].
Imagined speech refers to the first-person imagery of speaking in which the speakers perform as if they are producing speech without any articulatory movements [6]. Because
verbal communication through speech is the most common
form of communication between humans, imagined speech
can naturally act as the most intuitive process of brain communication [2]. Immediate control of a BCI system, as well
as reduced training procedures, may be attainable if we can
directly determine imagined speech through brain signals [3].
Similarly, visual imagery refers to the emergence of constructive representations and the accompanying perceptual
experience without external stimuli [6], [7]. Imagined speech
and visual imagery share “intuitiveness,” which is the concept
that the user imagines “the very thing” that the user wants to
convey (i.e., the user imagines “apple” when he/she wants
to say apple) [6], with the main difference between them
being whether the user imagines the pronunciation or the
visual scene. Owing to their advantages of intuitiveness and
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convenience, they have been increasingly discussed as BCI
communication measures.
Although previous works highlight the reliability of
electroencephalography (EEG) in decoding imagined speech
and visual imagery, actual communication is unattainable
owing to inferior performances and a restricted number
of classes, despite the various architectures and methods
suggested [8], [9]. Thus, an extensive investigation into the
two paradigms may be essential for achieving substantial
advancement. For example, concerning MI, the μ- (8-14 Hz)
and β-rhythm (14-30 Hz), the spatial origins on the
motor cortex, and the event-related desynchronization and
synchronization considerably contributed to the performance
enhancement [10], [11]. Similarly, recent studies have focused
on understanding the spectral and spatial components of
imagined speech and visual imagery (i.e., speech-related
potentials and cortical areas) to improve the decoding
performance [7], [12], [13].
In addition, the word properties or efficient features of the
two paradigms could affect the BCI performance, such as
concrete or abstract properties of whether the word involves
a specific shape or form. However, previous studies mostly
focused on decoding a few imagined speech and visual
imagery words [1], [9], [14]. Although the comprehension of
the two paradigms (such as effective word choice) may contribute to improving the decoding performance, they remain
unidentified, withholding the improvement in classification
performance [12]. Moreover, the two paradigms are sometimes
mixed up with each other, typically during the experimental design, hindering the fundamental understanding of each
paradigm [1], [6].
Furthermore, the imagined speech and visual imagery paradigms have the advantages of an unlimited number of available classes. Also, natural human interactions were mainly
expressed in speech, sound, or shape [2]. Unlike conventional
paradigms such as SSVEP or MI [15], [16], imagined speech
and visual imagery classes can have constant discrimination between classes despite the increase in the number of
classes [6]. For example, enlarging the number of classes in
MI relies on the movement of body parts, which may naturally
overlap when many classes are necessary [10]. Conversely,
speech or visual attributes of different classes may have
more variations between classes without overlapping concepts.
These properties imply the potential of imagined speech and
visual imagery for an effective BCI paradigm for multiclass
decoding.
Inspired by the aforementioned issues, we investigated the
innate features of imagined speech and visual imagery that
affect classification performance. Spectral and spatial features
were analyzed to seek an effective way of decoding the two
paradigms. Also, the word properties that affect the decoding
performance were verified. Finally, we explored the practical
applications of the two paradigms in terms of BCI inefficiency
and scalability of multiclass decoding. This study focuses
on three questions: i) What spectral and spatial information
is important for multiclass classification? ii) Which factors
contribute to the classification performance of imagined speech
and visual imagery? iii) Is it possible to expand the number

of classes in multiclass decoding? By addressing these questions, an investigation into the two paradigms may provide
powerful information for the development of intuitive BCI
systems with respect to imagined speech and visual imagery
decoding. In addition, the comparison of these two similar
paradigms can help in establishing an intuitive method of brain
communication.
II. M ATERIAL AND M ETHODS

A. Data Acquisition
Twenty-two healthy subjects were recruited for the experiment (15 males; mean age: 24.68 ± 2.15). None of the subjects
had a history of any neurological disease or language disorder. In addition, they had no hearing or visual impairments
and were abstained from drugs in the twelve hours before
the session. Every subject had received good-quality English
education for more than 15 years. The study was conducted in
accordance with the Declaration of Helsinki. The experimental
protocols were reviewed and approved by the Institutional
Review Board at Korea University [KUIRB-2019-0143-01].
All subjects signed an informed consent form.
Twelve words/phrases (ambulance, clock, hello, help me,
light, pain, stop, thank you, toilet, TV, water, and yes) were
selected from a communication board used in hospitals across
the world for paralyzed/aphasia patients [17]. The words provide the essential vocabulary for patient communication [6].
We chose words that are frequently used in BCI systems and
general words that are used in real-world situations.
The experimental protocol followed the previous
works [6], [12]. A 64-channel EEG cap with active Ag/AgCl
electrode placement following the international 10-10 system
was used for recording. FCz and FPz channels were set
as the reference and ground electrodes, respectively. The
EEG signals were collected via Brain Vision/Recorder
(BrainProduct GmbH, Germany) and operated using
MATLAB 2018a software. All impedances of the electrodes
were maintained below 10 k.
Imagined speech and visual imagery were performed in
separate sessions over different days to avoid interference
between sessions. Twenty-two blocks of twelve words and the
rest class were randomly presented. Similar to several previous
studies, the subjects performed four trials of the randomly
given cue in each block to perform the imagery in a consistent
manner and to acquire relatively large amount of high-quality
data [1], [6]. The imagery phase was followed by 3 s of
relaxation phase (Fig. 1). Therefore, by performing 88 trials
per class, a total of 1,144 trials were conducted by each subject
per session.
In session 1, subjects silently imagined speaking out the
given word as if they were performing real speech, without
moving the articulators or making any sound. For session 2,
the instruction was to imagine the visual scene of the given
class. The visual cue of each class was given as images
identically for every subject. For the rest class, the subjects
were instructed to relax [6]. The cue was provided in an
auditory form for imagined speech and visual form for visual
imagery to induce speech-related and visual-related concepts.
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Fig. 1. Experimental paradigm of imagined speech and visual imagery. The figure presents one block of the experiment. Auditory and visual cues
were provided for imagined speech and visual imagery, respectively. The cross mark was randomly presented between 0.8–1.2 s to prevent the
estimation of the task performing onset.

The imagery phase was recorded while given a blank screen
to decrease possible stimulus-driven effects.

TABLE I
A BBREVIATIONS AND G ROUPS U SED IN THE PAPER

B. Data Preprocessing
EEG data were pre-processed using the EEGLAB and BBCI
toolbox [18], [19]. The data were down-sampled to 256 Hz
and then filtered between 0.5 and 125 Hz using a Butterworth
bandpass filter. A notch filter was applied to remove the 60 Hz
line noise with 120 Hz noise harmonic [1]. Re-referencing was
performed using the common average reference [20]. Subsequently, each epoch was collected from −500 to 2,600 ms
from the onset with baseline correction. Following previous
works, automatic artifact removal with second-order blind
identification and blind source canonical correlation analysis
were used to remove eye and muscle movements using the
EEGLAB toolbox [21]. The artifact removal process was
minimally applied because the relevant features of the two
paradigms are yet unknown; therefore, the original data was
preserved as much as possible.
C. Spectral Analysis
We determined the most powerful frequency region that
contains significant information for each paradigm. We divided
the band groups (BGs) as BG1 (delta, 0.5-4 Hz), BG2 (theta,
4-8 Hz), BG3 (mu, 8-12 Hz), BG4 (alpha, 8-13 Hz), BG5
(beta, 13-30 Hz), and BG6 (gamma, 30-125 Hz), as shown
in Table I. For the classification, 0–2,000 ms epochs were
extracted from the preprocessed EEG and filtered in each BG
range using a 5th order Butterworth filter. All 64-channels
from the preprocessed data were used for the spectral analysis.
Thirteen-class (twelve words/phrases + rest) classifications of
the two paradigms were performed using a common spatial
pattern (CSP) feature and three basic classifiers: shrinkage
of regularized linear discriminant analysis (RLDA shrink),
random forest (RF), and support vector machine (SVM) [22].
RLDA shrink is a basic machine learning classifier that is
known to be robust in EEG classification. RF was applied
to test the features using the original multiclass classifier.
The spectral features were tested with basic machine learning
approach to estimate the genuine effects of the verifying
features. The same features were used and tested for the three
classifiers as the classification output.
The EEG segments of 0–2,000 ms were used to extract
CSP features. CSP finds the optimal spatial filters of the given

sample using covariance matrices [13], [23]. The logarithmic variances of the first and last three components were
the inputs of the classifier [12]. SVM employs supervised
learning to find the optimal separating hyperplane determined
from the training data [24]. We used SVM with a radial
basis function (RBF) kernel (box constraint = 1, cache size
= 1,000, alpha coefficients = true, with hinge loss). The
kernel scale was set around 3.50 ± 0.50 automated in the
algorithm selected with heuristic procedure, and the bias was
set around −0.90 ± 0.05 with small adjustments for each
subjects and each case. Because CSP, RLDA shrink, and SVM
are basically designed for binary problems, the one-versus-rest
strategy was applied [23]. The accuracy was tested by 10-fold
cross-validation [9]. For a more realistic assessment of the
performance, we repeated the 10-fold cross validation process
10 times for the best classifier.
BG6 exhibited the best classification performance among
the six BGs; therefore, the effects of the high-frequency band
[25], [26] were verified by testing ten different frequency
groups (FGs) including the ranges used in the previous
studies: 0.5-100 Hz [9], 0.5-50 Hz [2], and 8-70 Hz [1].
In addition, the specific ranges of BG6 were divided into
ten high-frequency groups (HFGs): HFG1 (30-50 Hz), HFG2
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(30-80 Hz), HFG3 (30-100 Hz), HFG4 (30-125 Hz) HFG5
(50-80 Hz), HFG6 (50-100 Hz), HFG7 (50-125 Hz),
HFG8 (80-100 Hz), HFG9 (80-125 Hz), and HFG10
(100-125 Hz) [27], [28]. For further analysis, we observed
the spectral features with temporal aspects by computing
the band power using the fast Fourier transform. Each band
power was computed in 10 Hz bins and 250 ms timesteps
were computed and plotted as a topographical map.

D. Spatial Analysis
The spatial relevance of imagined speech and visual imagery
was investigated by performing a binary classification of
imagery versus rest, using single-channel EEG. We tested
and compared the classification performance of RLDA shrink
and SVM classifier combined with band filtered signal, and
computed band power in four test groups (TGs). The highfrequency band was used in the spatial analysis because BG6
exhibited the best classification performance in the spectral
analysis. Short-time Fourier transform was applied to compute
the band power in a window size of 16 with 1 overlap. The
bins of the power signal were normalized in each bin by
regularizing to the relative power.
Additionally, the spatial features were analyzed with semantic levels of words according to the word properties [29].
Specifically, twelve classes were divided into a concrete group
(ambulance, clock, light, toilet, TV, and water) and an abstract
group (hello, help me, pain, stop, thank you, and yes) based on
whether the word/phrase accompanies a specific visual scene
or an object [29]. This criterion is often applied in linguistic studies to evaluate different word processing procedures
according to their concepts [30]. In this regard, a six-class
classification was performed in pre-defined cortical regions.
Following previous works, the cortical regions were divided
into seven cortical groups (CGs): Broca’s and Wernicke’s areas
(CG1: AF3, F3, F5, FC3, FC5, T7, C5, TP7, CP5, and P5),
visual cortex (CG2: POz, PO3, PO4, PO7, PO8, PO9, PO10,
Oz, O1, and O2), auditory cortex (CG3: FT7, FT8, FT9, FT10,
T7, T8, TP7, TP8, TP9, and TP10), motor cortex (CG4: Fz,
F1, F2, F3, F4, FC1, FC2, FC3, FC4, and Cz), prefrontal
cortex (CG5: Fp1, Fp2, AF3, AF4, AF7, AF8, F5, F6, F7,
and F8), sensory cortex (CG6: Cz, C1, C2, C3, C4, CPz,
CP1, CP2, CP3, and CP4), and the whole brain (CG7: all
64 channels) [9], [31]. An SVM based on the CSP feature
was applied for the classification. The first CSP component
was used for the classification of CGs because n c n cl ≤ n ch
must be satisfied with CSP, where n c is the number of CSP
components, n cl is the class number, and n ch is the number
of channels [23].
E. Word Properties and Decoding Performance
For a precise understanding of the feasibility of brain
decoding, we identified the word properties affecting the two
paradigms. The effect of word choice on the decoding performance was analyzed to find an efficient method for expanding
the distinguishable number of classes in the two paradigms.
Relatively well or poorly discriminated classes among the
twelve words/phrases were identified by binary classification

of the twelve words/phrases versus the rest class. The 10-fold
cross-validation was repeated ten times in each combination
group using a 64-channel group and a high-frequency band
with a CSP feature and an SVM classifier, as described above.
The effect of various factors on the decoding performance
was measured by correlation analysis. Pearson correlation
(N = 12) was performed between different factors and the
binary classification performance of each class versus rest. The
estimated factors were the number of syllables (ambulance: 3;
clock: 1; hello: 2; help me: 2; light: 1; pain: 1; stop: 1; thank
you: 2; toilet: 2; TV: 2; water: 2; yes: 1) and the concrete and
abstractness of the words. In addition, the correlation between
the classification performance of the imagined speech classes
and visual imagery classes was performed within each subject.
For further analysis of the word properties, we performed
a binary classification between each imagery class. Twelve
different classes made up 66 different binary combinations
(12 C2 = 66). This was done to specify the possible components
that affect the decoding performance. Finally, we sorted the
classification accuracies of 66 binary combination groups
composed of twelve different words/phrases. We visualized the
66 binary classification performance using a multidimensional
scaling (MDS) plot. The classical MDS method was applied by
converting the pairwise distances to coordinates with orthogonal dimensions sorted in the order of variances [32]. The two
principal dimensions were projected for visualization.

F. Decoding Performance by Number of Classes
Based on the spectral and spatial analysis, we explored the
possibility of expanding the number of classes considering
the drop rate of the classification performance according to
the number of classes. We performed multiclass classification
(from two- to thirteen-class), adding one class to every possible combination as:
n Ck

= n!/(n − k)!k!

(1)

where n is the number of total classes (thirteen in this case) and
k is the number of selected classes. This was done to eliminate
the possible effects of word choice that might affect the
performance. The drop rate of the classification accuracy was
computed for each added class and compared with the drop
rate of the chance level. The chance level indicates
the random

probability of the classifier defined as 100 n cl , where n cl is
the number of classes [33]. The performance drop rate refers to
the decreased proportion of the (n + 1)th accuracy compared
to the n th accuracy, rn = 1−an /an+1 , where n indicates the
sequentially increasing number of classes [34].
The significance of the classification accuracy was analyzed
by computing the 95% confidence boundary (α = 0.05) as:

p(1 − p)
z 1− α2
(2)
p±
n+4
where p is the expected random probability, n is the number
of trials, and z 1− α2 is the quantile of the standard normal
distribution N(0, 1), according to Gernot et al. [35]. This was
considered for evaluating the BCI inefficiency [5], [36].
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Fig. 2. Average classification performance of the six BGs in (a) imagined speech and (b) visual imagery. The thirteen-class imagined speech
and visual imagery words/phrases were classified using the CSP feature and SVM classifier with RBF kernel. The high-frequency band displayed
significantly higher classification performance than any other BGs in both paradigms. The error bar indicates the standard deviation (∗ < 0.05 with
Bonferroni correction).

G. Statistical Analysis
The effect of the spectral features for each classifier was
determined by comparing the classification performances of
six BGs within three classifiers using a three-way analysis
of variance (ANOVA). The three factors were six BGs, two
paradigms, and three classifiers. Because the SVM classifier
had superior performance compared to the RLDA shrink and
RF classifier, we compared the classification performance of
the six BGs within each paradigm using one-way ANOVA.
In addition, the ten HFGs of each paradigm were compared using the one-way ANOVA in the same way as the
above.
Spatial features were analyzed as below. The binary classification performance of the four TGs was compared using
a three-way ANOVA (channels × TGs × paradigms) along
with multiple comparisons. The significant difference between
the channels of imagined speech and visual imagery was
analyzed by performing a paired t-test on the single-channel
classification results. In addition, the seven CGs among the
concrete and abstract groups for imagined speech and visual
imagery were compared using a three-way ANOVA (CGs ×
concrete/abstract groups × paradigms).
The results of the 66 binary combinations were compared
using two-way ANOVA (binary combinations × paradigms).
To verify the multiclass scalability, we compared the drop
rates in the classification performances of the two paradigms.
A two-way ANOVA (paradigms × number of classes) was
performed to compare the performance degradation effects
according to the paradigms. Moreover, we compared the
thirteen-class decoding performance of imagined speech and
visual imagery for each subject using the paired t-test on
10-fold classification accuracy, which was repeated
10 times.
Post-hoc analysis for every significant factor was performed
using the Bonferroni criterion for the multicomparison. In all
statistical analyses, the significance level was set at α = 0.05.
All the specific values of the statistical analysis are detailed
in the supplementary document.

TABLE II
T HIRTEEN -C LASS C LASSIFICATION ACCURACY (%)
OF D IFFERENT C LASSIFIERS IN BG S

III. R ESULTS

A. Classification Using Spectral Features
The thirteen-class classification on six BGs was tested
with three classifiers in imagined speech and visual imagery
(Table II). Significant differences were found in the classification accuracy of the six BGs (F = 1,309.58, p <
0.001), two paradigms (F = 9.19, p = 0.003), and three
classifiers (F = 149.87, p < 0.001). In addition, a significant interaction was found between the BGs and the three
classifiers (F = 37.04, p < 0.001). Among the spectral
features, BG1 and BG6 displayed the lowest and highest
accuracies compared with other spectral groups, respectively.
In terms of accuracy, the visual imagery paradigm significantly
outperformed the imagined speech ( p = 0.003). Among the
three classifiers, SVM had significantly higher accuracy than
both the RLDA shrink ( p < 0.001) and RF ( p < 0.001).
RF had superior performance compared to the RLDA shrink
( p < 0.001).
Fig. 2 displays the performance of the six BGs of the two
paradigms classified with the CSP feature and SVM classifier.
There was a significant difference in the accuracy between the
six BGs in both imagined speech (F = 183.02, p < 0.001)
and visual imagery (F = 252.95, p < 0.001). BG6 exhibited
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Fig. 3. Average classification accuracy of HFGs in (a) imagined speech and (b) visual imagery. The thirteen-classes of imagined speech and visual
imagery were classified using the CSP feature and SVM classifier with RBF kernel. The error bar indicates the standard deviation (∗ < 0.05 with
Bonferroni correction).

Fig. 4. EEG topography from spatio-spectral analysis over time sequences: (a) imagined speech, (b) visual imagery. The topography displays
30-40 Hz high-frequency band power of imagined speech and visual imagery (More detailed frequency bins in 10 Hz intervals is plotted in the
Fig. S9 and Fig. S10 of the supplementary document). The band power was computed using fast-Fourier transform. Imagined speech displays
synchronization-desynchronization on left temporal and prefrontal cortex. Visual imagery shows low power activation on the sensory motor regions.

an average thirteen-class accuracy of 39.73 ± 5.64% and
40.14 ± 4.17% for imagined speech and visual imagery across
subjects, respectively, which was the best performance among
the six BGs. Conversely, the accuracy exhibited by BG1 was
significantly lower than the other BGs.
Fig. 3 presents the thirteen-class classification for ten HFGs;
both imagined speech (F = 3.97, p < 0.001) and visual
imagery (F = 7.90, p < 0.001) had a significant difference in the averaged classification performance among
the ten HFGs. For multiple comparisons of visual imagery,
HFG1 showed significantly inferior performance compared
to HFG2 ( p = 0.045), HFG3 ( p = 0.003), HFG4 ( p = 0.009),
HFG5 ( p < 0.015), HFG6 ( p < 0.001), HFG7 ( p < 0.001),
and HFG9 ( p = 0.032); while HFG10 had significantly
inferior performance compared to HFG2 ( p = 0.045), HFG3
( p = 0.003), HFG4 ( p < 0.001), HFG6 ( p = 0.001), and
HFG7 ( p < 0.001). Imagined speech showed no significant
difference among the HFGs by multiple corrections.
Fig. 4 displays the EEG topography of imagined speech
and visual imagery computed at 30-40 Hz for subject 8

(topographies of every 10 Hz bin are plotted in Fig. S9 and Fig.
S10 in the supplementary document). Subject 8 had the highest
classification performance in both imagined speech and visual
imagery sessions; therefore, this subject was selected as a
representative. The band power of imagined speech shows
synchronization and desynchronization patterns mainly in the
left frontotemporal region. Visual imagery shows distinctive
desynchronization in the sensorimotor area during the imagery.
While imagined speech shows oscillations of high and low
band power, visual imagery displays continuous enlargement
of low band power in the sensory-motor area. The results of
ten FGs are detailed in the Table SII on the supplementary
document.

B. Classification Using Spatial Features
Table III shows the grand-averaged classification accuracy
across subjects and channels using single-channel EEG with
two different features combined with two different classifiers.
The four groups had a significant difference in the binary
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TABLE IV
S IX -C LASS C LASSIFICATION ACCURACY (%) FOR S EVEN CG S IN
C ONCRETE AND A BSTRACT G ROUPS (30-125 H Z )

TABLE V
C LASSIFICATION ACCURACY (%) OF T WELVE W ORDS /P HRASES
V ERSUS R EST C LASS IN I MAGINED S PEECH AND
V ISUAL I MAGERY

Fig. 5. Classification performance of imagined speech (left) and visual
imagery (middle) using high-frequency filtered signals and SVM classifier
(A: average of twelve-class words/phrases versus rest, B: “water” versus
rest). The classification was performed using single channels and the
accuracy of each channel was displayed on the topography. The averaged classification accuracies for the 22 subjects were plotted. The right
topography displays the t-test results between the classification accuracy
of imagined speech and visual imagery for each channel (∗ < 0.05).

CG4 ( p < 0.001), CG5 ( p < 0.001), and CG6 ( p = 0.021).
CG5 had an inferior performance than CG1 ( p < 0.001),
CG2 ( p < 0.001), CG3 ( p < 0.001), and CG6 ( p = 0.002).
In addition, CG3 had a significantly superior performance
compared with CG4 ( p < 0.001). No significant interaction
was found.

classification performance (F = 1006.06, p < 0.001). Also,
a significant interaction was found between the TGs and
the two paradigms (F = 4.03, p = 0.007). TG4 had a
significantly higher performance than TG1 ( p < 0.001), TG2
( p < 0.001), and TG3 ( p < 0.001). Meanwhile, TG3 had a
significantly lower performance than TG1 ( p < 0.001) and
TG2 ( p < 0.001). In both paradigms, the SVM classifier with
band-filtered signal had significantly higher performance than
any other groups.
The single-channel classification results using the highfrequency filtered EEG and SVM classifier are presented in
Fig. 5. Both imagined speech and visual imagery have superior
performance in the left frontotemporal region and inferior
performance on the motor cortex. Imagined speech and visual
imagery had significant differences in FP1 (t = −2.36, p =
0.028) for the average of all twelve classes (Fig. 5a), FT9
(t = −3.89, p < 0.001), and FT8 (t = −2.76, p = 0.012) for
the representative class “water” (Fig. 5b). The class “water”
showed the highest performance in the binary classification of
each class versus rest; thus, was selected as a representative.
The spatial features according to word properties were
analyzed using a six-class classification (Table IV). A significant difference between the CGs was found (F = 12.75,
p < 0.001). CG7 delivered a significantly superior classification performance compared with CG2 ( p < 0.031),

C. Word Properties Affecting Decoding Performance
Binary classification of the twelve words versus the rest
class was performed (Table V), with the grand-averaged classification performance of each word in imagined speech and
visual imagery exhibiting a positive correlation (rho = 0.949,
p < 0.001) with no significant difference. We also explored
the relationship between the decoding performance of each
word and the number of syllables or alphabets (Table VI).
Several subjects had a significant correlation with the decoding
performance and the number of syllables (S3 for imagined
speech, and S7 for visual imagery) or the semantic levels of
words (S2 for imagined speech, and S3 for visual imagery).
However, no significant correlation was observed between the
grand-averaged performance and the two factors. Whereas,
the classification performance of imagined speech and visual
imagery showed positive correlations in majority of the subjects (S8, S9, S10, S12, S13, S15, S17, S18, S19, S20, S21,
and S22).
Fig. 6 shows the CSP patterns of imagery versus rest in
subject 8. Subject 8 was selected as a representative because
subject 8 showed the highest classification performance in both
sessions. Both imagined speech and visual imagery showed
relevant features in the left temporal, left frontal, and motor
cortices. Fig. 7 details the sorted grand-averaged classification
performance of 66 binary combinations in the two paradigms.
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Fig. 6. CSPs of imagery versus rest in subject 8: (a) imagined speech, (b) visual imagery. Subject 8 displayed the best classification performance in
both imagined speech and visual imagery sessions; therefore, was chosen as a representative. The first CSP patterns were plotted for each class.
Both imagined speech and visual imagery had shown relevant features among the left temporal, left frontal, and motor cortex.

TABLE VI
C ORRELATION A NALYSIS OF B INARY C LASSIFICATION P ERFORMANCE
(E ACH C LASS V ERSUS R EST ) AND VARIOUS FACTORS

Fig. 7.
Classification performance of 66 binary combinations of
12 classes: (a) imagined speech, (b) visual imagery). Binary classification accuracy was averaged among the 22 subjects. Imagined
speech and visual imagery shows similar patterns of confused classes
and well-discriminated classes (C = class, C1: Ambulance, C2: Clock,
C3: Hello, C4: Help me, C5: Light, C6: Pain, C7: Stop, C8: Thank you,
C9: Toilet, C10: TV, C11: Water, C12: Yes).

The MDS plot visualizes the distance of each class (Fig. 8).
“Thank you,” “Hello,” “Clock,” and “Help me” commonly
displayed clusters in both paradigms. The overall clusters of
imagined speech and visual imagery resembled each other.

D. Scalability of Multiclass Classification

The classification performance varied according to the class
combinations (F = 19.28, p < 0.001). “Hello” vs. “pain”
was the most confusing word combination among the 66
combinations in both imagined speech (74.98 ± 6.44%)
and visual imagery (76.09 ± 5.34%). “Pain” vs. “water”
was the best-discriminated combination for imagined speech
(88.14 ± 3.73%), while “pain” vs. “stop” was the most
well-discriminated class for visual imagery (87.78 ± 3.82%).

Fig. 9 details the dropping classification accuracy of
the two paradigms according to the enlarging class numbers. The grand-averaged binary classification accuracy was
80.33 ± 3.72% and 80.64 ± 3.64% for imagined speech
and visual imagery, respectively. Every subject exceeded the
confidence limit in all the classes; therefore, none among the
22 subjects were found to be BCI inefficient in both paradigms.
The classification performance drop-rate was compared with
the dropping of the chance level (Table VII). Ultimately, the
thirteen-class accuracy became 5.16 and 5.22 times the chance
level.
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Fig. 8. Multidimensional scaling (MDS) plot visualizing the distance of
each classes: (a) imagined speech, (b) visual imagery. The MDS plot was
derived from the binary classification performance of 66 combinations.
The 10 × 10-fold classification accuracy was averaged among the
22 subjects. Distances of each class were measured based on the binary
classification performance. Imagined speech and visual imagery show
similar clusters of closely positioned classes.

2655

Fig. 10.
Thirteen-class classification performance of imagined
speech (blue) and visual imagery (orange) for individual subjects. Each
bar indicates the averaged 10-fold cross-validation performance. The
error bars show the standard deviations (∗ < 0.05 with Bonferroni
correction).

Fig. 9.
Multiclass classification performance dropping of imagined
speech and visual imagery. Each bar indicates the grand-averaged
classification accuracy of imagined speech (blue) and visual imagery
(orange). The red line indicates the chance level, and the error bar
indicates the standard deviation.

TABLE VII
C LASSIFICATION P ERFORMANCE D ROP -R ATE (%) AND C HANCE L EVEL
D ROP - RATE (%) ACCORDING TO C LASS N UMBERS

Although the decoding performance decreased according to
the number of classes (F = 488.37, p < 0.001), the two
paradigms did not exhibit any significant difference in the
classification accuracy irrespective of the number of classes
(F = 1.44, p = 0.231). No interaction effect was observed
between the paradigm and accuracy based on the number of
classes. However, 19 out of the 22 subjects exhibited significantly superior performance in either paradigm (Fig. 10).
Subjects 2, 8, 9, 10, 12, 13, 14, 16, and 21 were significantly
better at imagined speech; whereas, subjects 1, 3, 4, 5, 7, 11,
15, 17, 18, and 19 were significantly better at visual imagery.
In the case of subjects 3 and 17, the classification accuracy
of the two paradigms differed by nearly 9.50% and 8.64%,
respectively.

Fig. 11. Receiver operating characteristic (ROC) of SVM classifier
trained with CSP features: (a) imagined speech, (b) visual imagery. Left
plots of (a) and (b) display the ROC curve of twelve classes, which are
averaged and plotted as the right curve (C = Class, C1: Ambulance,
C2: Clock, C3: Hello, C4: Help me, C5: Light, C6: Pain, C7: Stop,
C8: Thank you, C9: Toilet, C10: TV, C11: Water, C12: Yes).

The receiver operating characteristic (ROC) curve of the
SVM classifier was plotted in each class. Fig. 11 displays the
plot of the ROC curve of the SVM classifier trained with CSP
features for each class and averaged class. The ROC curve of
visual imagery exhibits an overall well-trained curve compared
to the imagined speech. Fig. 12 displays the confusion matrix
of the thirteen-class classification results of subject 8. The
true positive rate of “toilet” was the highest in both imagined
speech and visual imagery as 47.3% and 43.0%, respectively.
The “light” had the lowest true positive rate as 31.7% for
imagined speech and 30.7% for visual imagery.
IV. D ISCUSSIONS
We highlighted the innate characteristics of imagined speech
and visual imagery that affect the decoding performance:
spectral and spatial features, the effect of word choice, and the
scalability of multiclass decoding. The high-frequency band
exhibited significantly improved classification performance in
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Fig. 12. Confusion matrix of thirteen-class classification using high-frequency filtered EEG with CSP features and SVM classifier: (a) imagined
speech, (b) visual imagery. The classification performance was averaged among 22 subjects. The x -axis indicates the predicted class, and the
y -axis displays the true class.

both paradigms compared to any other spectral feature across
the entire brain. Broca’s and Wernicke’s areas, along with the
temporal cortex, have shown superior performance in classifying both imagined speech and visual imagery. Interestingly,
the grand-averaged performances of the two paradigms were in
line with each other (in terms of the classification performance
degradation rate and well- or poorly discriminated classes);
however, 19 out of the 22 subjects exhibited significantly
superior performances in either paradigm. Overall, the two
paradigms demonstrated their adequacy as effective paradigms
for multiclass decoding.

A. Superior Performance in the High-Frequency Band
We identified a remarkable enhancement in the decoding
performances of the two paradigms when exclusively using
the high-frequency band. High-frequency activity represented
in the gamma neural synchronization is known to be in
accordance with perceptual or motor binding [37]. It is directly
related to the linguistic processing associated with speech
motor planning and articulation [38]; thus, the high-frequency
band exhibiting robust performance seems natural for imagined speech. Although recent studies on imagined speech have
implied the effectiveness of high-frequency power [38], it has
not been explored with respect to visual imagery. However,
visual gamma oscillations have been reported as a response
to visual stimuli [39]; therefore, the visual imagery process
may also be associated with high-frequency activation, as it is
known to have analogous properties with visual perception [7].
Moreover, the high-frequency band is manifested during
the cross-modal sensory and memory processing of objects
and sounds [40]. Because the two paradigms involve the
mental arousal of the pre-given stimulus, the memory retrieval
process might be reflected in the high-frequency band [6].
Although the 0.5-125 Hz group includes the high-frequency
range, exclusive selection of this range exhibited significantly
superior performance. The delta and theta bands, related to
sleep or drowsiness, might have interfered with discriminating

highly active thoughts [41]. This highlights the importance of
using relevant spectral features [12].

B. Common Spatial Features of the Two Paradigms
The classification performance of the 64-channel group
(CG7) was the highest among the seven CGs. This implies that
the referential information inherent to the high-frequency band
for the two paradigms is closely involved across the entire
brain. Although it is assumed that each brain area is responsible for a specific brain function, several studies have reported
that widely distributed neural networks of cortical areas are
involved in language and visual processes [3]. Language
processing accompanies brain functions, including sensorimotor, premotor, auditory, and motor cortical areas [42], [43].
Additionally, the visual pathways in the brain are known to
be involved in a complex multi-stage architecture, including the prefrontal, left and right temporal, and occipital
regions [39], [44]. As the high-frequency band is engaged in
the information process of highly cognitive features, it may
be able to provide relevant information on the two paradigms
distributed across the entire brain [3], [6].
Other than the 64-channel group, Broca’s and Wernicke’s
areas (left temporal), auditory cortex (left and right temporal),
and sensorimotor areas were mainly high in performances for
both paradigms. Speech production is known to be produced
in sensorimotor areas, as well as Broca’s and Wernicke’s
areas [9]. Also, the auditory cue of the imagined speech may
have activated the auditory cortex, therefore, the result may
be supported by previous literature. However, this contradicts the common knowledge that the visual processes are
concerned in the occipital region [7]. Here, we carefully
predict the impact of semantic meaning on the decoding of
the two paradigms [45]. Because the same words were performed in both paradigms, the left temporal region, which is
linked to semantic processing and the verbal working memory
process, might have strongly reflected the meanings of the
words [30], [46].

Authorized licensed use limited to: Korea University. Downloaded on February 25,2021 at 12:12:41 UTC from IEEE Xplore. Restrictions apply.

LEE et al.: NEURAL DECODING OF IMAGINED SPEECH AND VISUAL IMAGERY

Unlike our estimation, the classification performance using
spatial features exhibited similarities in the concrete and
abstract groups, indicating that the different attributes of the
two paradigms do not affect the conceptual meaning. Previous
works demonstrated the partially overlapping neural systems in
the left temporal regions involved in processing both concrete
and abstract concepts [30], [46]. In this regard, the concrete
and abstract groups may ultimately share a certain portion of
the process, with the spatial features of brain signals alone not
being able to distinguish between them.

C. Meaning of Words Affecting Decoding Performance
Recent studies have explored the relationship between
brain activity and different aspects of receptive/expressive and
auditory/articulatory language functions [3], [12]. Here,
we seek an explanation for why different classes can be
discriminated against in the two paradigms. Interestingly,
the well- or poorly discriminated class among the twelve
words/phrases exhibited significant similarities between the
two paradigms. The “meaning,” which is the main feature
shared by the two paradigms, may be the key point in distinguishing between different classes. Previous studies implied
the potential of the categorical meaning of words (numbers and faces) [47] and semantic meaning correlating to
EEG [46]. In addition, distinct brain regions associated with
different meanings have been reported [45], [46]. Therefore,
the distinct spatial features of representing meanings might
enable the discrimination of different classes irrespective of
paradigms [13], [23].
Additionally, it is important that the number of syllables
or letters does not affect the performance in both paradigms.
Although a previous report implies the possibility of word
length affecting the decoding performance [1], it cannot be
generalized because only two words are compared for that
case (“in” vs. “cooperate”). Therefore, by comparing the two
distinct paradigms sharing the main common feature of meaning, we can infer the conceptual meaning as a characteristic
that distinguishes between different classes.
Then, why are “pain” and “water” for imagined speech
and “pain” and “stop” for visual imagery well-differentiated,
whereas “hello” and “pain” are poorly differentiated in both
paradigms in our results? Different brain potentials evoked
among “good-bad,” “strong-weak,” and “active-passive” meanings have been reported [45]. As for the meanings, both
“pain” and “water” have the passive meaning of demanding
a particular action. However, “hello” is an active word for
a spontaneous offer. Therefore, the difference in the manner
might have affected the decoding performance of the two
words [29]. Kaneshiro et al. [32] reported different brain
alterations when observing visual stimuli of different categories (human, animal, natural, and man-made objects). The
cue image of “pain” was included in the animate category,
whereas “stop” was included in the inanimate category. In this
regard, the two words could be classified according to different categories. As the highest and lowest combinations
exhibited a gap of more than 10% in the binary classification
accuracy, word selection proved to be crucial in designing the
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experiment. Our results reveal the effect of semantic meaning;
however, it is limited in real words because our dataset does
not include pseudowords. A more precise investigation into the
effect of meaning may be conducted by making comparisons
with pseudowords.

D. Robustness in Expanding the Number of Classes
Our results confirm the possibility of expanding the
distinguishable number of classes in both paradigms. The
binary classification performances of the two paradigms
were similar to those of the conventional paradigms, such
as MI [48]. Although the chance level and the confidence
limit according to the expanding number of classes decreased
gradually [35], [49], imagined speech and visual imagery
exhibited moderate drops in performance, resulting in a
thirteen-class accuracy that is more than five times that of the
chance level. Considering that the multiclass classification of
emotion [50], object perception [32], and MI [51] exhibited
precipitous decreases in the performance drop rate, compared
to the chance level, imagined speech and visual imagery
appear to be a strong paradigm for class expansion [33].
Therefore, these paradigms may be suitable for BCI communication systems in that a large number of classes are actually
available [6]. In this study, we used a basic classification
method to investigate the impact of features in the two
paradigms; however, deep learning methods considering these
relevant features could improve the decoding performance
and further increase the degree of freedom [9], [52].

E. Comparison of Imagined Speech and Visual Imagery
Importantly, the grand-averaged features of imagined speech
and visual imagery showed widely similar patterns (spectral
and spatial features, classification accuracy drop-rate, and
well distinguished classes). As the same words/phrases were
performed in the two paradigms, the corresponding common
aspects show the effect of the conceptual meaning of the word
on the decoding performance [45], [47]. However, the decoding performance of the two paradigms within each subject
showed a significant difference in 19 out of 22 subjects,
indicating that most individual subjects had their best paradigm. In fact, when 54 identical subjects performed MI, ERP,
and SSVEP, the best paradigm of each individual varied [5].
This may be due to different brain structures or connectivity
among individuals [41]. Indeed, mental task selection for
reliable BCI control is a significant issue in the field of
practical BCI. In this regard, although imagined speech and
visual imagery can deduce a considerable performance overall,
it is important to select a paradigm that suits the individual
user.

F. BCI Inefficiency
Interestingly, although BCI inefficiency exists in conventional BCI paradigms, classification accuracy of every subject
exceeded the chance level as well as the confidence boundary [35] which represents the reliability of classification result
in both paradigms. This may be due to the nature of the
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two paradigms, as being a natural paradigm for users to
perform [2]. For example, healthy subjects are usually not
accustomed to imagining the movement of their body without
moving; however, in the case of imagined speech and visual
imagery, even healthy subjects occasionally imagine speaking
to themselves, or imagine a visual scene they experienced in
the past [6], [7]. The robust performance may also be due to
the experimental paradigm that instructs the subject to imagine
four times in a row, which might have enabled the subjects to
perform the imagery in a regular manner [1], [6]. However,
Kosmyna et al. [7] reported a BCI inefficiency of 88.45% in
visual imagery, which may be due to the frequency region
(2.5-30 Hz) and experimental paradigm used in their study.
Further analysis with online performance would be required
to confirm the BCI inefficiency in the two paradigms. It is
important the although every subject was a naive user for the
two BCI paradigms, they robustly performed both paradigms.
Regarding these results, the training procedure for the subjects
may be reduced for the two paradigms, and these paradigms
may be used in the mental task selection for reliable BCI to
overcome BCI inefficiency [3]. In terms of the practicality of
BCI paradigms, this is a meaningful result.

G. Limitations and Future Works
Our experimental paradigm consisted of four consecutive
trials. This enabled the acquisition of a relatively large amount
of high-quality data; however, it also holds the concerns of
the four consecutive trials being dependent on each other.
In addition, although we gave strict instructions for each
paradigm, the subjects’ internal language could not be manually controlled, relying heavily on the subjects’ performance.
Different durations of different words may contribute to
the classification; therefore, precisely extracting the exact
length may contribute to the understanding of the imagined
speech. Furthermore, when considering the session-to-session
problems, our experimental design may be limited in the control of differences between sessions. Future work for sessionto-session problems may be worth completing to support our
findings. Additionally, there is a significant potential remaining
for robust decoding and achieving an increase in the number
of classes, which might be fulfilled by applying the current
deep learning methods.
V. C ONCLUSION
Imagined speech and visual imagery represent intuitive paradigms that can directly convey user intentions or commands
that enable brain communication. In this paper, the two paradigms were proven to be fully available in multiclass decoding
as well as performance improvement using optimal features
associated with neural processing. Unlike our estimation,
the two paradigms were shown to share a variety of common
features. Further studies on the common properties of both
paradigms, particularly the word properties, may contribute to
a thorough comprehension of the two paradigms. Our dataset
of identical subjects performing the same words for two
paradigms may further be valuably conjugated in comparing
the two similar paradigms. Further investigations on translating

our findings to the case of the patients would be significant.
As imagined speech and visual imagery are capable of a large
number of classes, class dependencies of the functional and
effective connectivity would be valuable for selecting efficient
classes. An investigation into the intrinsic features of the two
paradigms may play a crucial role in enhancing the decoding
performance, thereby approaching to “reading the mind” in
the future.
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