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A Novel 3D Paradigm for Target Expansion of
Augmented Reality SSVEP
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Abstract—Steady-State Visual Evoked Potentials
(SSVEP) have proven to be practical in Brain-Computer
Interfaces (BCI), particularly when integrated with
augmented reality (AR) for real-world application. However,
unlike conventional computer screen-based SSVEP
(CS-SSVEP), which benets from stable experimental
environments, AR-based SSVEP (AR-SSVEP) systems are
susceptible to the interference of real-world environment
and device instability. Particularly, the performance of
AR-SSVEP signicantly declines as the target frequency
increases. Therefore, our study introduced a 3D paradigm
that combines icker frequency with rotation patterns
as stimuli, enabling expansion of target sets without
additional frequencies. In the proposed design, in addition
to the conventional frequency-based SSVEP feature,
bio-marker elicited by visual perception of rotation was
investigated. An experimental comparison between this
novel 3D paradigm and a traditional 2D approach, which
increases targets by adding frequencies, reveals signicant
advantages. The 12-class 3D paradigm achieved an
accuracy of 76.5% and an information transfer rate (ITR) of
70.42 bits/min using 1-second EEG segments. In contrast,
the 2D paradigm exhibited a lower performance with 72.07%
accuracy and 62.28 bits/min ITR. The result underscores
the 3D paradigm’s superiority in enhancing the practical
applications of SSVEP-based BCIs in AR settings, espe-
cially with shorter time windows, by effectively expanding
target recognition without compromising system efciency.

Index Terms—Brain-computer interface, augmented
reality, SSVEP, targets expansion, multiple bio-markers.
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I. INTRODUCTION

BRAIN-COMPUTER interface (BCI) represents a direct
communication pathway that captures human intentions

without the involvement of the peripheral nervous system or
muscle tissue [1]. Among the various types of BCI signals,
EEG is particularly favored for its portability and user-
friendliness. Several EEG-based BCI paradigms have been
proposed, including steady-state visually evoked potentials
(SSVEP) [2], P300 [3] and motor imagery (MI) [4]. SSVEP
is a neural response to visual stimulation with specic fre-
quencies [5]. When people observe a stimulus ickering at
a constant frequency, EEG signals at that frequency and its
harmonics are synchronously elicited in the visual cortex.
This synchronization allows users to effectively express their
intentions by focusing on the target stimulus. Due to its robust
neural mechanisms and high accuracy, SSVEP-based BCI has
been widely used in a variety of applications, such as keyboard
operation [6] and navigation [7].

The SSVEP paradigm requires the presentation of visual
stimuli at specic frequencies. Thus, the signal quality is
signicantly inuenced by the device used to display these
stimuli. Currently, most SSVEP stimuli are presented using
devices such as liquid-crystal displays (LCD) [8] light-emitting
diodes (LED) [9] or computer screens (CS-SSVEP) [10].
These devices have achieved considerable success in BCI
applications due to their stable refresh rates and reliable power
supply. For instance, Chen et al. developed a 45-target SSVEP
speller using an LED screen, achieving an accuracy of 84.1%
and an information transfer rate (ITR) of 105 bits per minute
with a stimulation duration of 2 seconds [11]. Wang et al.
employed an LCD to develop a 40-command SSVEP paradigm
for a BCI-based speller [12]. However, using CS-SSVEP
requires users to frequently shift their focus between the
monitor and the real-world visual environment, which can
be highly inconvenient [13]. Therefore, CS-SSVEP exhibits
certain limitations for practical applications.

Augmented reality-based SSVEP (AR-SSVEP) presents a
promising alternative, enabling users to view stimuli within
a real-world scenario through an AR device [14], [15]. This
approach allows for more natural interaction with the real
world via SSVEP, which could be the focal point for future
research in SSVEP. However, it is hindered by lower accu-
racy and a limited number of target frequencies [16], [17].
Notably, the accuracy of AR-SSVEP declines as the number
of target frequencies increases. With an increasing number of
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frequencies, the smaller frequency interval is a major factor
contributing to the decline of AR-SSVEP accuracy [17], [18].
On the other hand, the refresh rates of AR devices are not
as stable as those of LED or computer screens [19], [20].
Such instability can prevent the target stimuli from achieving
the expected frequencies, leading to misrecognition [21], [22].
The likelihood of incorrect frequency labeling increases when
the frequency intervals are narrower. Therefore, increasing the
number of targets by expanding the frequency range is not
advisable for an AR setting. It is essential to address the lim-
itations in the number of available targets while maintaining
accuracy for AR-SSVEP.

Various methods have been proposed to increase the number
of targets in SSVEP from different perspectives. Hwang et al.
proposed a modied dual-frequency chessboard stimulation
that combines four different frequencies to expand the number
of targets to ten [23], achieving an accuracy of 87.23% with
ten participants. However, the classication time windows
ranged from 4 to 6 seconds, making this dual-frequency
method inconvenient for practical applications due to the
long stimulus duration required for accurate classication.
Chen et al. introduced a spectrally-dense joint frequency-
phase modulation (sJFPM) method, increasing the target
number to 120 [24]. The average accuracy of sJFPM was
92.47% with a frequency interval of 0.1 Hz. Nonetheless,
the prerequisite for achieving good results with sJFPM is
ensuring that the stimulus can be presented steadily at the
specied frequency, which is a challenging requirement for the
AR environment. Some studies have utilized high-frequency
stimuli to increase the target number, achieving relatively good
results [25]. However, high-frequency SSVEP also requires
a stable refresh rate of the device. On the other hand, it is
feasible to expand SSVEP targets by introducing additional
bio markers. Currently, the mainstream approach includes the
use of event-related potential (ERP) components for auxiliary
discrimination [26], [27]. Han et al. proposed a hybrid BCI that
integrates SSVEP, P300, and motion visual evoked potential
(mVEP), expanding the original 36 SSVEP targets to 216 [28].
However, ERP components are not stable enough without
superimposed averaging. Soram Kim et al. employed AR-P300
for drone control [29], achieving satisfactory accuracy by
averaging 20 epochs, which is time-consuming. Moreover,
unlike in a laboratory environment, ERP is susceptible to
being elicited by unpredictable stimuli in real-world scenar-
ios [30], which can also impact discrimination. Therefore, for
AR applications, it is necessary to introduce a more stable
bio-markers. Overall, previous methods for target expansion
are either time-consuming or impose high requirements on
equipment, rendering them unsuitable for real-world AR envi-
ronments. In addition, most research has primarily focused
on increasing CS-SSVEP targets. An effective strategy for
expanding AR-SSVEP targets remains to be developed.

Nevertheless, most SSVEP research primarily focuses on
two-dimensional paradigms, such as plane ickers or chess-
board. Meanwhile, three-dimensional SSVEP paradigms have
gradually attracted more research attention in recent years
[21], [31], [32]. Particularly, 3D stimuli possess additional
properties such as direction, shape, and motion,unlike 2D

stimuli which only have different frequencies. These multiple
properties of 3D stimuli may elicit more distinct biomarkers
under different conditions. Within the visual-evoked potential
(VEP) research community, various vision-related EEG mech-
anisms such as covert attention [33], orientation perception
of ambiguous 3D objects [34], and motion perception [35]
have been claried. Compared to simple frequency feature,
the number of targets and performance of AR-SSVEP might be
enhanced by incorporating other visually evoked biomarkers.
For instance, Kelly et al. integrated spatial attention infor-
mation into SSVEP and achieved signicant improvements
by combining SSVEP features with attention-related parieto-
occipital alpha band modulations [36]. However, most SSVEP
paradigms are still predominantly expanding targets by adding
more frequencies. There are few studies on SSVEP that
integrate it with other potential visual biomarkers induced by
3D objects.

Therefore, leveraging the advantages of 3D objects, a novel
paradigm is proposed in this study. This paradigm incorporates
12 rotating cube ickers (6 frequencies and 2 rotation orienta-
tions), which may elicit both frequency and rotation-related
bio-markers. To compare with the conventional method,
a baseline experiment using a 2D paradigm consisting of
12 target frequencies was conducted. Our aim is to verify the
feasibility of 3D paradigm in effectively enlarging the target
number of AR-SSVEP. Compared to 2D paradigms, the 3D
paradigm aims to achieve more accurate discrimination by
integrating rotational and frequency information. In this study,
12 subjects were recruited in the experiment. Three methods,
including lter bank canonical correlation analysis (FBCCA)
[37], extended canonical correlation analysis (ECCA) [38], and
task related component analysis (TRCA) [39] were employed
for SSVEP classication. Specically, a common spatial pat-
tern (CSP) based squeeze-and-excitation convolutional neural
networks (CSP-SECNN) [40] was innovatively applied to
classify rotation-related visual EEG in this study. Finally,
classication accuracy and ITR [41] were compared between
2D and 3D paradigm.

The contributions of this study are outlined as follows:
1) Development of a novel 3D hybrid paradigm:We pro-

posed a novel 3D paradigm which merges SSVEP and
EEG elicited by visual perception of different rotation
pattern to increase the number of targets effectively.

2) Building effective model for the classication of
rotation-evoked EEG: We innovatively leveraged
CSP-SECNN for the classication of rotation-evoked
EEG and got a good result.

3) Demonstration of enhanced performance in AR envi-
ronments: Experimental results with 12 participants
validate the better performance of the 3D paradigm than
2D paradigm in AR settings.

The rest of this paper is organized as follows: Section II
introduces the experiment details. Section III describes the
methodology employed for the classication of 2D and 3D
paradigms. Section IV presents the classication results.
Section V offers a discussion from different perspectives.
Finally, Section VI concludes this study and outlines future
work.
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Fig. 1. Illustration for experiment procedure.

Fig. 2. Stimulation in Hololens-based AR environment: (A) Stimulation
of 2D paradigm. (B) Stimulation of 3D paradigm.

II. EXPERIMENT

A. Stimulation Design

1) 3D Paradigm: For 3D stimulation (see 2(B)), 12 rotating
cube ickers were selected as targets to elicit the
corresponding frequency in EEG and patterns related to the
visual perception of rotation. By combining six frequencies,
including 7 Hz, 8 Hz, 9 Hz, 11 Hz, 12 Hz and 13 Hz with
two rotation patterns (left and right rotation), twelve targets
stimuli were generated with an approximate interval of 1 Hz.
Ideally, the inclusion of a 10 Hz frequency would ensure
a 1 Hz interval. However, the occipital alpha rhythm at 10 Hz
could respond to other stimulation frequencies [42]. Specially,
in response to external visual stimulation, EEG at 10 Hz
could be elicited simultaneously with other target frequencies,
potentially leading to misrecognition of SSVEP. Therefore,
10 Hz stimulus was excluded from this experiment.

The distance between the AR glasses and the stimulation
was set at 3000 mm and the distance between adjacent ickers
was 150 pixels horizontally and 135 pixels vertically. Each
cube was sized at 472× 472× 472 pixels, corresponding to a
visual angle of 2.1◦.The selection of these parameters is based

on the experiment detailed in [14]. Sinusoidal coding was
employed for the modulation of icker frequency. The chroma
value of the ickers was modulated by a sine wave at the target
frequency. The color of the cube ickers alternated between
black and white. The rotation speed of each icker was set to
30 degree per second, as participants reported that this speed
provided the most comfortable experience during pre-test.

2) 2D Paradigm: Twelve static ashing planes with different
frequencies were selected as 2D stimulation (see 2 (A)),
serving as a baseline paradigm for comparison with the
3D paradigm. The size of 2D stimuli is 472 × 472 pixels,
which was same as 3D stimuli. The layout parameters of 2D
paradigm were equal to the 3D one as well. As a baseline, the
2D paradigm expands the targets by increasing the number of
frequencies. Accordingly, twelve frequencies including 7 Hz,
7.5 Hz, 8 Hz, 8.5 Hz, 9 Hz, 9.5 Hz, 11 Hz, 11.5 Hz, 12 Hz,
12.5 Hz, 13 Hz, 13.5 Hz were selected for 2D ickers, which
had a smaller interval.

3) Paradigm Implement: Both 2D and 3D paradigm were
implemented with Unity 3D (Unity Technologies, Inc) and
presented with a HoloLens 2 headset (Microsoft Corporation).
Initially, the paradigm projects were set up in Unity with
the Universal Windows Platform (UWP). The Mixed Reality
Toolkit (MRTK) was used for HoloLens features, and then
these paradigms were built and deployed through Visual Studio
to the HoloLens device. The refresh rate of HoloLens 2 is
60 Hz, which is high enough to support the stimuli display.

B. Experiment Procedure
The experimental procedure is depicted in Figure 1. Here,

an illustration for 2D experiment is given to show the pro-
cedure details. The procedures for 2D and 3D experiment
are completely same. The only difference between 2D and
3D experiment is the stimulation type. At the beginning of
each round, a preparatory interface displaying twelve cubes
and a ‘Ready’ virtual button was presented to the subjects.
During this period, subjects were allowed to adjust their
status and positions. This interface remained visible until the
subject presses the ‘Ready’ button. After preparation, subject
could start the experiment by pressing the ‘Ready’ button
contactlessly with a nger gesture (Drag the AR cursor to
the ‘Ready’ button with thump nger and index nger, then
release these two ngers). Subsequently, one of the twelve
cubes turned red to indicate the target. The cue period lasted
1000 ms, providing sufcient time for subjects to locate the
target icker and adjust their head posture. Following this, all
twelve ickers ashed for 5000 ms and subjects were expected
to xate on the target without moving their eyes. This was
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followed by a 3000 ms rest period. Each round comprised
12 trials, with each icker serving as the target once, and
ended once all ickers had been targeted. The sequence of
target was random within a round. Subjects could start the
next round at any time when they were ready.

To minimize the inuence of participant fatigue and battery
level uctuations on the two experiments, the 3D and 2D
paradigms were conducted alternately, switching every six
rounds. Each participant completed 36 rounds in total, com-
prising 18 rounds each in 2D and 3D paradigms. Consequently,
216 samples were collected for each paradigm.

C. Participants and Data Acquisition
Twelve subjects, including 7 males and 5 females, partici-

pated in this experiment. They ranged in age from 22 to 32.
Among them, three subjects had prior experience with SSVEP
experiments, while the remainder participated for the rst
time. All subjects were mentally healthy and possessed either
normal vision or corrected-to-normal vision. Prior to the exper-
iment, written ethical consent, approved by the University of
Technology Sydney’s Ethical Committee (Grant number: UTS
HREC REF No. ETH20-5371), was obtained from each partic-
ipant. For data acquisition, EEG signals were collected using
a 64-channel Neuroscan electroencephalograph cap, which
followed the 10-20 electrode placement standard [43]. And
a Synamps2 amplier (Compumedics Neuroscan, Charlotte,
NC, USA) was used to enhance the signal. The sampling
rate was set at 1000 Hz. At the onset of each trial, a marker
corresponding to the target was transmitted to CURRY 8 (the
data acquisition software of Neuroscan) via UDP and recorded
synchronously with the EEG data.

D. Data Preprocessing
Initially, the left and right mastoid electrodes (M1 and

M2) were designated as the reference channels to re-reference
the data from the other 62 channels. To eliminate the
artifacts, such as electrooculography (EOG) and electromyo-
gram (EMG), independent component analysis (ICA) [44]
was employed to make unsupervised source separation with
EEGLAB [45]. The EEG data were then decomposed into
several independent components. With the ‘ADJUST’ toolbox,
signicant artifact components were identied and removed
[46]. An innite impulse response (IIR) band-pass lter rang-
ing from 0.5 Hz to 90 Hz was employed for data ltering.
And a 50 Hz notch lter was applied to eliminate power
line interference. With the reference to event markers, EEG
samples were extracted by slicing the EEG with a 5000 ms
time window. Finally, 216 pre-processed samples, each with
the dimension of 62×5000 were extracted for each paradigm.

III. METHODS

In this study, an experiment was conducted to compare the
conventional 2D paradigm with the proposed 3D paradigm.
For the 2D SSVEP, three classication methods, including
ECCA, TRCA and FBCCA, were employed. Regarding the
3D SSVEP, it is also necessary to develop a classication
model for EEG signals related to the visual perception of
different rotation orientations. By integrating the results from

a 6-class SSVEP classier and a 2-class rotation classier,
twelve targets were established, as shown in Supplementary
Figure 1. The classication methods for the 2D and 3D
paradigms are described as follows:

A. SSVEP Classiers
1) FBCCA: FBCCA is an unsupervised method for SSVEP

classication that utilizes the harmonic information and out-
performs the original CCA. In FBCCA, EEG data are
ltered into multiple frequency bands using a band-pass
lter, followed by using CCA to calculate the correlation
coefcients between the sub-band data and reference signals.
Subsequently, these coefcients are weighted and summed.
Finally, the target frequency is classied by voting with
the weighted correlation coefcients. According to [47], the
FBCCA approach primarily involves three hyperparameters:
the number of sub-bands N , and a and b for calculating
the weighting coefcients. In this study, the parameters for
FBCCA were set as N = 5, a = 1.25 and b = 0.25.

2) ECCA: ECCA incorporates subject-specic reference
signals into the CCA and has shown great performance
in SSVEP classication. In ECCA, in addition to utilizing
standard sinusoidal and cosinusoidal signals as references,
the template obtained from averaging SSVEP signals across
various frequencies for each subject are also employed as an
individual-specic reference, thereby enhancing the recogni-
tion of individual SSVEP responses. The detail of ECCA
can be found in [38]. Furthermore, in calculating ECCA,
the lter-bank concept was also adopted, which involves
calculating correlation coefcients for SSVEP signals across
multiple frequency bands and weighting them to obtain the
nal coefent. The parameters for the lter bank are the same
as those of FBCCA.

3) TRCA: TRCA extracts task-related components by max-
imizing the reproducibility during the task period. The
parameters for the lter bank are same as that of FBCCA.
In TRCA, a frequency-specic template is constructed by
averaging the EEG data associated with each frequency.
Spatial lters are subsequently derived through the TRCA
method. The result is determined by calculating the correlation
coefcients between the projected EEG data and multiple
reference signals. The details of TRCA calculation can be
found in [39].

Additionally, TRCA also incorporates a lter-bank mecha-
nism to process EEG data across multiple frequency bands,
with its parameters aligned consistently with those used in
FBCCA.

B. Classier for 3D Paradigm
Classication for 3D SSVEP is divided into two parts (see

Supplementary Figure 1). EEG data are input simultaneously
into the SSVEP classier and the classier for rotation-
related EEG. The intersection (∩) of the results from the two
classiers is used as the nal output.

For SSVEP classier, the previously mentioned three meth-
ods including ECCA, TRCA and FBCCA are also employed
for 3D paradigm.
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Fig. 3. Structure of CSP-SECNN model leveraged for rotation classication.

For rotation classication, CSP algorithm [48] was lever-
aged for feature extraction of EEG related to different
rotations. The details of the feature extraction and discrimi-
nation processes for rotation are depicted in Figure 3.

CSP feature extraction is executed in two steps. Firstly,
a set of spatial lters is derived. During this phase, covariance
matrices for different classes of EEG data are computed. Sub-
sequently, these covariance matrices are jointly diagonalized
and whitened to obtain a mapping matrix, referred to as a CSP
lter. The computation details of the CSP lter in this study are
based on [48]. In the second step, EEG data are projected onto
a common space with CSP lters and the variance difference
of the projected data is enhanced. Thus, the variance of the
projected data is selected as the feature for classication. The
CSP feature fn is calculated as Equation 1:

fn = log(1+ var(WEn)) (1)

where En denote the EEG signal of the n-th class, W is
the CSP lter. Based on previous work [49], CSP features
derived from the rst and last few rows of the CSP lters are
distinctive. Typically, the number of the selected CSP lters
ranges from 2 to 6. In this study, the rst three and the last
three rows of CSP lters were selected, as these six lters
demonstrated optimal performance during test.

Next, the lter-bank idea was applied to feature extraction.
Compared with CSP, Filter-bank Common Spatial Pattern
(FBCSP) extracts features derived from multiple sub-bands,
which leverages more useful information and can enhance
classication performance [50]. In the FBCSP module, the
original EEG data are initially ltered through N IIR bandpass
lters and N sub-band signals are generated. Then N CSP
lters are trained with these sub-band data to extract multi-
band features.

Following feature extraction, SECNN is applied to discrim-
ination. N features are stacked vertically and the input of CNN

Fig. 4. Illustration of the comparison between 3D and 2D paradigm.

model is a N× Lcsp feature map, where Lcsp is the length of
one CSP feature. Specically, Layer 1 consists of two kernels
where N1 = 1 and L1 = 3 while Layer 2 has four kernels
where N2 = 2 and L2 = 3. Then, the SE-Net module is used for
assigning a 1× N weight w adaptively to the feature of each
band to enhance the useful features and suppress the redundant
ones. The details of SE-Net can be found in [51]. Finally, the
weighted features are combined with a Full-Connected layer,
and a softmax layer is applied for the binary classication
of rotation. In this study, Floating Point Operations (FLOPs)
[52] was used for evaluating the computational complexity
and calculated with the pytorch-ops-counter2.1 The FLOPs
of CSP-SECNN with 1 second data as input is 0.665 Mmac.

C. Performance Evaluation and Details
The purpose of this evaluation is to compare the perfor-

mance of the proposed 3D paradigm with the conventional
2D paradigm (Figure 4). In the 3D paradigm, there are two

1https://github.com/sovrasov/ops-counter.pytorch
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Fig. 5. Mean accuracy of 2D and 3D paradigm. In each subplot, the horizontal axis represents the length of the EEG signal in units of seconds.The
vertical axis indicates accuracy. The blue bars indicate the accuracy of 12-class classication of 3D paradigm. From left to right, The results of
the 3D paradigm were calculated with (ECCA, CSP-SECNN), (TRCA, CSP-SECNN), and (FBCCA, CSP-SECNN). The orange bars indicate the
accuracy of 2D paradigm (12-class SSVEP). * indicates signicant differences between accuracy of 3D and 2D paradigm, as assessed by paired
t-test (*p < 0.05, ***p < 0.001).

parallel processing streams for EEG decoding. Data of 3D
paradigm are input into both a binary rotation classier and a
six-class SSVEP classier. The rotation classier outputs the
target orientation (left/right), and the SSVEP classier outputs
the target frequency. Taking the intersection of the results from
the two classiers as the nal outcome, 12 targets can be
generated. For the 2D paradigm, data are input into a SSVEP
classier, which outputs the classication result for 12 target
frequencies.

According to [12], channels Pz, POz, PO3, PO4, PO5,
PO6, O1, Oz and O2 are selected as the input channels for
the SSVEP classier. As few studies have clearly dened
which brain regions and frequency bands are involved in the
visual perception of rotation, several combinations of brain
cortex areas (frontal, motor, parietal, occipital) and frequency
bands (delta, theta, alpha, beta, and low gamma) were tested
on rotation classier. The results indicated that the optimal
performance was achieved using the low gamma bands of the
occipital and posterior parietal lobes. Consequently, EEG from
19 occipital-parietal channels, including P1-P8, Pz, PO3-PO8,
POz, O1, Oz, and O2, are selected as the inputs for the rotation
classier. For feature extraction in the rotation classier, six
sub-bands ranging from 30 Hz to 45 Hz, segmented with an
interval of 2.5 Hz, were utilized.

Except for FBCCA, the remaining methods are supervised
learning models for which training and test datasets are nec-
essary. Five-fold validation was implemented for evaluation„
where 80% of the data served as the training set and the
remaining 20% as the test set. The length of the EEG segments
used for testing was increased from 0.5s to 2.0s in increments
of 0.25s.

In addition to accuracy, the ITR was also calculated for
evaluation:

ITR = 60
Tg + Ts + Tw

log2 N + P log2 P + (1− P) log2
1− P
N − 1


(2)

where Tg is the gaze shifting time, Ts denotes the response
latency, Tw denotes the duration of EEG input, N is the total

number of targets and P is the accuracy. Here, the Tg was
0.5s and the Ts was 0.135s [37].

IV. RESULT

The average accuracies and ITR of 2D and 3D paradigm
are presented in Figure 5 and Figure 6 respectively. With
ECCA, it is evident that the 3D paradigm outperforms the 2D
paradigm (p < 0.05) when the EEG segment length is shorter
than 1.5s. With a 1s EEG segment, the 3D paradigm achieved
an average accuracy of 76.50% and an ITR of 70.42 bits/min,
while the accuracy and ITR of 2D paradigm were 72.07%
and 62.28 bits/min respectively (pacc = 2.91× 10−4, pIT R =
8.13 × 10−6, a = 0.05). With TRCA, the average accuracy
and ITR of the 3D paradigm were higher than those of the
2D paradigm, although the difference was not statistically
signicant. The accuracies of both paradigms were less than
70% when the time length was 1.0s. Nevertheless, the 3D
paradigm still outperforms the 2D one (pacc = 0.0287, a =
0.05). Regarding FBCCA, both accuracy and ITR for the 3D
paradigm were signicantly higher than those for the 2D only
when the EEG segment was less than 1s (pacc0.5s = 0.0175,
pacc0.75s = 0.0236, pIT R0.5s = 0.0023, pIT R0.75s = 0.0312,
a = 0.05)

By comparing the three SSVEP classication algorithms,
it can be seen that ECCA had the best performance for both
paradigms, achieving an average accuracy of 81.63% in 1.5s.
When the time length was relatively short (less than 1s), ECCA
and TRCA outperformed FBCCA (p < 0.01, a = 0.05). When
the time window was long enough (t > 1.25s, ECCA signif-
icantly outperformed both TRCA and FBCCA (p < 0.001,
a = 0.05), while the performance difference between the latter
two methods was negligible (p > 0.05, a = 0.05). Compared
to FBCCA, ECCA introduces individual SSVEP templates as
supplementary reference signals. This enhances the similarity
between individual SSVEP signals and the reference signals,
improving the discriminability between target and non-target
frequencies [53], thereby achieving better classication results.
TRCA relies on phase differences, and it performs well only
when there is a signicant phase difference [54]. In this
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Fig. 6. Mean ITR of 2D and 3D paradigm. In each subplot, the horizontal axis represents the length of the EEG signal in units of seconds. The
vertical axis indicates ITR in units of bits/min. The blue bars and orange bars indicate the ITR of 3D paradigm and 2D paradigm respectively.
* indicates signicant differences between ITR of 3D and 2D paradigm, as assessed by paired t-test (*p < 0.05, **p < 0.01,***p < 0.001).

Fig. 7. Accuracy of two sub classiers of 3D paradigm. In each subplot, the horizontal axis represents the length of the EEG signal in units
of seconds.The vertical axis indicates accuracy. (A) Mean accuracy of three SSVEP classiers (6-class SSVEP classication of 3D paradigm).∗ indicates signicant differences between the accuracy of two methods, as assessed by paired t-test (*p < 0.05, **p < 0.01). (B) Mean accuracy
of classier of rotation (CSP-SECNN).

study, the phase among all stimuli was consistent, which
may result in the poorer performance of TRCA. Overall, the
mean accuracy of the best method (ECCA) illustrate that the
3D paradigm achieved better performance on shorter time
segments (t<1.25) than the 2D paradigm. And when the time
window is sufciently long (t>1.25), there are only slight
differences between the two approaches.

The accuracy of two sub-classiers in the 3D paradigm is
shown in Figure 7, which presents the classication results of
SSVEP and rotation-induced EEG signals in the 3D paradigm
respectively. ECCA signicantly outperformed TRCA and
FBCCA for SSVEP classication ((p < 0.01, a = 0.05). The
mean accuracy of TRCA was higher than that of FBCCA when
the time length was less than 1.25s ((p < 0.01, a = 0.05)
and lower when the time length was longer (t > 1.5s).For
rotation classication, the average accuracy reached 82.38%
with a 0.5s time window and exceeded 90% when the time
length was 2s. Moreover, the results of the 6-class 3D SSVEP
classier (Figure 7 )(A) were consistent with those of 12-class
classication of the 3D paradigm (Figure 5), where ECCA

performed best. Thus, the result of sub-classiers indicates
that a good SSVEP classier can improve the performance of
3D paradigm effectively.

Moreover, the individual results of both 3D and 2D
paradigms are provided in supplementary Figure 2. S3 exhib-
ited the best performance, achieving an accuracy of 80.56%
and an ITR of 95.65 bit/min using the 3D paradigm with
a duration of only 0.75 seconds. Individual results showed
that not all subjects performed better in the 3D paradigm
than in the 2D one. For S1 and S6, there is little difference
in their performance between the 2D and 3D paradigms.
Moreover, both subjects achieved relatively good results with
these two paradigms. When the duration was 1s, the accuracy
of S1 in the 2D and 3D paradigms was 80.42% and 81.86%
respectively, while the accuracy of S6 reached 78.64% and
80.13% respectively. For S2, S4, S8, and S9, they achieved
better accuracy and ITR with the 3D paradigm when the
time window was shorter than 1.25s. And when time window
was longer than 1.25s, their performance on the 3D paradigm
was worse than the 2D paradigm. Take S2 as an example,
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when time length was 0.75s, the accuracy was 76.85% for
3D paradigm and dropped to 70.31% for 2D paradigm. But
with a time window of 1.25s, the accuracy of the 3D and 2D
paradigms was 85.19% and 89.58%, respectively. For S3, S5,
and S7, when the time window was shorter than 1.25s, their
performance in the 3D paradigm was superior to that in the
2D paradigm. However, when the time window was longer,
their performance was relatively similar in both paradigms.
For S10, S11, and S12, regardless of the length of the EEG
segment, they consistently achieved better performance on the
3D paradigm. Overall, except for S1 and S6, the remaining ten
subjects could achieve better performance in the 3D paradigm
with a short EEG segment. These ndings are consistent to the
group-level result shown in Figure 5 and 6, which imply that
the performance of AR-SSVEP can be effectively improved
in shorter time windows with the 3D paradigm.

V. ONLINE EXPERIMENT

A. Experimental Details
To validate the feasibility of the proposed 3D paradigm

and make a comparison to original 2D paradigm, this study
conducted online experiments using the HoloLens 2 headset
for stimulus presentation and a 64-channel Neuroscan EEG
system for signal acquisition. The four participants who per-
formed best in ofine experiments participated in the online
tests. Each participant’s model was trained using data from
their ofine experiments. The sampling rate was set to 1000 Hz
in online experiment. The selection of channels is consistent
with the ofine experiments. Considering the cross-session
instability of EEG signals [55] and the interference of spon-
taneous EEG activity [56], the presentation time of stimuli in
the online experiments was adjusted to 3 seconds to ensure
stable elicitation of the corresponding EEG components.

Each experimental session included 12 trials, with each
of the 12 stimuli randomly chosen as the target once, and
participants were instructed to focus on the target stimuli
during task period. After each stimulus presentation, EEG
signals from the task phase were transmitted via TCP/IP [57]
and preprocessed with a an IIR lter ranging from 0.5 Hz
to 90 Hz before being input into classiers. The results were
recorded and compared with the labels to calculate the nal
accuracy. Each participant completed three rounds of online
experiments, totaling 36 trials, with each stimulus being tested
three times.

B. Online Result
The online result is shown in Table I. For 3D paradigm,

three subjects achieved accuracies above 80%, with the highest
result reaching 86.11%. The remaining participant whose
accuracy was 77.78% also signicantly exceeded the random
baseline of 16.67%. Compared to the 2D paradigm, all sub-
jects except subject 1 achieved better performance in the 3D
paradigm. Especially for subject 4, his performance in the 2D
paradigm was relatively poor. This result further indicates that
as the target frequency increases, some participants with lower
sensitivity to icker frequency may face challenges.

TABLE I
THE RESULT OF ONLINE EXPERIMENT FOR 4 SUBJECTS

The results of the online experiments to some extent vali-
date the feasibility and outperformance of 3D paradigm. The
discrepancy between online and ofine results may stem from
overtting during ofine model training and variations in EEG
data across sessions. Therefore, addressing the cross-session
transfer learning issues in the 3D paradigm can be a signicant
direction for future improvements.

VI. DISCUSSION

In this section, some explanation work is given. Firstly,
we analyze the rotation-evoked EEG patterns, providing expla-
nations for why EEG signals induced by different rotations
are distinguishable. Secondly, we discuss on two key factors
which might affect the SSVEP classication: the introduction
of rotation and the number of target frequencies. By exploring
the impact of these factors, we explain why the 3D paradigm
achieves superior results.

A. Pattern Analysis of Rotation-Evoked EEG
1) Spatial Filter Analysis: Firstly, we investigated the brain

regions associated with rotation-evoked EEG. As mentioned
above, CSP method was utilized for feature extraction in
rotation classication. During this process, a set of spatial
lters was derived, which could represent the active levels of
the electrodes involved in classication [58]. Notably, motor
imagery studies have shown that CSP lters assign high
weights (absolute values) to task-dependent electrodes (e.g.,
C3 and C4 in the motor cortex) [58]. Some researchers selected
electrodes of interest according to the weights [59]. Thus,
by examining the distribution of CSP lters, it is possible to
nd the brain regions activated by the rotation task.

In detail, according to the CSP calculations [48], the number
of CSP lters are equal to the number of electrodes. In this
study, 62 electrodes were utilized, resulting in 62 CSP lters.
Previous studies has indicated that the rst and the last CSP
lters can effectively represent the brain’s activity levels under
two distinct tasks [49], respectively. Therefore, the rst and
last CSP lters derived from rotation-evoked EEG (ltered
between 30-45 Hz) are shown in Figure 8, illustrating the
active brain areas during left and right rotations, respectively.

It is evident that the active electrodes are primarily located
in the occipital and posterior parietal lobes, aligning with
the regions typically associated with visual-evoked potentials.
However, no signicant differences were observed between the
lter weights for left and right rotations (p>0.05, a = 0.05).
Only minor contralateral differences were noted in the data for
individual subject. For example, S11 and S12 exhibited high
weights in the left posterior area during left rotation, and in
the right posterior area during right rotation. Conversely, for
subjects like S1 and S4, nearly all electrodes in the posterior
brain regions showed high weights. Although no universal



1570 IEEE TRANSACTIONS ON NEURAL SYSTEMS AND REHABILITATION ENGINEERING, VOL. 33, 2025

Fig. 8. Topological maps of CSP lters extracted from rotation classi-
cation. Left gure of each subject denotes the active area under left
rotation. Right gure of each subject denotes the active area under right
rotation. Dark blue and dark red denote higher negative and positive
weights and both of them indicate highly active degree.

Algorithm 1 Pseudocode of Calculating PSD Difference
Between EEG Elicited by Left Rotation (LR) and Right
Rotation (RR) and Outputting Signicant Results
Require: EEGLR , EEGRR
1: PSDLR ← Bandpower(EEGLR), PSDRR ←

Bandpower(EEGRR)

2: p, t_valueL−R ← t test (PSDLR, PSDRR)

3: pad j ← FDR(p)
4: t_valueL−R ← t_valueL−R = 0 i f pad j > 0.05
5: return t_valueL−R

distribution of lter weights has been established, these nd-
ings suggest that the occipital and posterior parietal lobes
are relevant to rotation classication, offering guidance for
electrode selection in practical applications of this paradigm.

2) Power Spectrum Density (PSD) Analysis: Considering
that the visual perception of different rotations may elicit EEG
synchronization or desynchronization like motor imagery, PSD
analysis was conducted to elucidate the power difference
between two rotation cases. In this study, the PSD difference
for each electrode under left and right rotations was calculated,
and the signicant different value (PSDle f t−PSDright ) were
projected onto a topological map. Specically, a data length
of 2 seconds was used for PSD calculation. The details of
calculation is shown in pseudocode 1, where Bandpower is
the function used to calculate the PSD of a specic frequency
band, t test is the paired t-test that tests the signicance of the
differences between the PSD of EEG elicited by left and right
rotation. The False Discovery Rate (FDR) was used to correct
the results of t-test and prevent false positive results [60].

Individual results indicate signicant PSD differences in the
occipital and parietal areas. For subjects S1, S4, S5, S6, S7
and S10, the PSD in the left posterior cortex was signicantly
higher during left rotation than right rotation. Additionally,
compared to left rotation, a signicantly higher PSD in the
right posterior regions was observed during right rotation in all
subjects except for S7 and S10. Regarding the group level, sig-
nicant PSD differences were only found in the left posterior

Fig. 9. Topological maps of signicant PSD difference between left
and right rotation. The values of all colorbars denote the t-value of
comparison betweeen left and right rotation, ranging from -6 to 6. The
group-level result was calculated with data of all subjects. The dark red
and dark blue indicate high positive value and high negative value.

brain region. Therefore, it can be concluded that when subjects
viewed a cube rotating in left or right, EEG synchronization
likely occurred in the ipsilateral posterior cortex. However, the
PSD results across all subjects were not completely consistent
due to inevitable individual differences, which is acceptable.
Moreover, signicant PSD differences were observed in the
occipital and post-parietal cortex, consistent with the activated
regions detected by CSP lters. This consistency provides an
explanation for the effective classication of different rotation
orientations.

Regarding this phenomenon, previous studies have sug-
gested that the gamma response of the posterior brain may
be associated with the visual cognition of moving objects
[61], [62]. Müller et al. conducted an experiment where
subjects were required to view a coherent stimulus (a single
bar moving to the right) and an incoherent stimulus (two bars
moving in opposite directions) [63]. They reported that gamma
power increased signicantly with the coherent stimulus com-
pared to the incoherent one. Interestingly, higher gamma power
was observed at the right parieto-occipital scalp sites (P4,
O2, and T6), which aligned with our PSD results. However,
they did not conduct experiments with bars moving to the
left. A similar nding was reported by [62], where subjects
viewed a grating moving horizontally from left to right. Their
results showed a signicantly higher gamma power in the
right occipital-parietal lobes, consistent with our PSD analysis.
In this study, the horizontal rotation might have a similar
visual effect as the horizontal moving stimulation used in these
studies and induce synchronization in unilateral brain areas.
However, it is challenging to draw complete conclusions as
few studies have reported gamma EEG patterns in response
to moving visual stimuli in various directions. Nonetheless,
we did observe signicant contralateral differences in gamma
power between the two rotation stimuli in our experiment,
yielding good classication performance. Some studies sug-
gest that gamma synchronization is related to bottom-up
attentional processing [64], [65]. In this experiment, the behav-
ior of watching a rotating icker and generating associated
EEG is also a form of bottom-up cognition. Rotating motion
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Fig. 10. Result of ablation evaluation on ECCA. The horizontal axis
represents the length of the EEG signal in units of seconds.The vertical
axis indicates accuracy. ∗ indicates signicant differences between the
accuracy of two cases, as assessed by paired t-test (*p < 0.05).

may also induce a shift in the user’s attention, potentially
causing differences in gamma power across different posterior
regions.

B. Analysis for the Superior Performance of 3D Paradigm
1) Effect of Introducing Rotation on SSVEP Classication:

An ablation evaluation was conducted to determine whether
the introduction of rotation enhances or inhibits the SSVEP
classication compared to the conventional stationary 2D
icker, which involved three classication tasks under three
ablation conditions (see Supplementary Figure 3). Sub-
dataset1 contained SSVEP elicited solely under left rotation
(LR), and sub-dataset2 under right rotation (RR) only. Sub-
dataset3 was separated from the 2D SSVEP dataset, which
shares the same target frequencies as the 3D paradigm. All
sub-datasets contained the same number of samples and target
frequencies. According to 5 and 6, as ECCA had the best
performance and demonstrated the most signicant difference
bewteen 2D and 3D paradigms, the ablation experiments
utilized ECCA as the classication algorithm for SSVEP.

The result of ablation evaluation was presented in Figure 10,
which indicated that the accuracy of 3D-RR on ECCA is lower
than that of 3D-LR and 2D when the time segment is short
(t < 1.25s). No signicant difference was found between
2D and 3D-LR. Moreover, 2D SSVEP even performed sig-
nicantly better than 3D-RR with time windows of 1s and
1.25s. Overall, compared to conventional 2D paradigm, there
was no signicant improvement for SSVEP classication of
3D paradigm. Thus, introducing rotation to ickers appears to
have little effect on the discrimination of SSVEP, indicating
that the superior performance of the 3D paradigm is not due
to the involvement of rotation.

2) Effect of Increasing the Number of Target Frequencies:
To assess the impact of increasing the number of target
frequencies on SSVEP decoding, confusion matrices for the
12-class 2D paradigm classication with ECCA are displayed
in Figure 11. For 9 out of the 12 target frequencies, they
were most likely to be misclassied as adjacent frequencies.
For instance, 31 samples labeled as 12 Hz were misclassied
as 11.5 Hz. Here, the fast Fourier transform (FFT) value

Fig. 11. Confusion matrix of 12-class 2D paradigm with 0.8s time length
(summation of all 12 subjects). In the rightmost column of the gure, the
green and red numbers respectively represent the precision and false
discovery rate for each class. In the row at the bottom of the gure,
the green and red numbers respectively represent the recall and false
negative rate for each predicted class. The bold green and red numbers
in the lower right corner of the gure represent the overall accuracy and
error rate, respectively. The object enclosed by a blue box denotes the
most misidentied frequency for one label.

Fig. 12. The FFT results of error cases labeled as 12 Hz. The horizontal
axis represents the frequency in units of Hz.The vertical axis indicates
single-sided amplitude spectrum, with units in volts.

was computed for the Oz electrode data of all misclassied
samples labeled as 12 Hz, and the average value was presented
as Figure 12. It is evident that the frequency peak of the
misclassied samples appears at 11.5 Hz rather than the
expected 12 Hz. We suspect that this may be related to frame
lost in the AR device, reducing the original 12 Hz stimulus
to approximately 11.5 Hz. The misclassication of adjacent
frequencies indicates that adding more target frequencies and
reducing the interval between them may impair SSVEP clas-
sication. This nding partly explains why the accuracy of
2D paradigms signicantly decreases when the number of
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frequencies is increased from 6 to 12. In the 3D paradigm,
fewer target frequencies were employed, reducing the adverse
effects on classication caused by smaller frequency intervals.
Meanwhile, the 6-class SSVEP and 2-class rotation clas-
siers maintained relatively high accuracy even with short
EEG segments (as shown in Figure 7, when t = 0.75s,
ACC3D−SSV E P = 81.58%, ACC3D−rotation = 85.75%).
Consequently, by integrating these two sub-classiers, the
overall performance of the 12-class 3D paradigm surpassed
that of the 2D paradigm.

The negative effects of increasing the frequency count
can be explained by the unpredictability of device refresh
rates [21], [22]. For instance, in the experiments conducted
by Arpaia et al. [19], although the declared refresh rate of
AR device was 30 Hz, the actual refresh rate uctuated
up to 32 Hz. This incorrect refresh rate caused the target
frequency of 15 Hz to shift to 16 Hz, impacting the SSVEP
accuracy. According to Figure 11, ve target frequencies
including 7 Hz, 7.5 Hz, 11 Hz, 11.5 Hz and 13 Hz were
most frequently misclassied as their adjacent higher frequen-
cies, which was consistent to [19]. Additionally, frame loss
issues in Hololens were also observed in the AR-SSVEP
experiments by Ke et al. [66]. Wang et al. further noted
that using Hololens-based ickers is susceptible to refresh
rate variability [67]. Moreover, their results demonstrated that
AR-SSVEP was signicantly less accurate than CS-SSVEP
with shorter EEG segments (t < 1.5s). The result of the
12-class 2D paradigm in this study is also poor when EEG
segments are short (t < 1.25s), which is consistent with their
ndings.

VII. CONCLUSION AND FUTURE WORK

In this study, we proposed a 3D hybrid paradigm that
combines visual rotation-evoked potentials and SSVEP to
effectively expand the number of AR-SSVEP targets. When
subjects viewed ickers rotating in different orientations, EEG
components containing both frequency and rotation informa-
tion were simultaneously induced, enabling the generation
of more targets with their combination. We conducted a
comparative experiment to assess the performance of this novel
method against the conventional 2D paradigm that increased
targets by adding more frequencies. ECCA was effectively
applied to SSVEP classication, and a CSP-SECNN method
was leveraged for rotation classication. Based on these
two sub-classiers, the proposed 3D paradigm achieved an
ideal classication result. Twelve subjects participated in the
experiment within an AR environment, and ten of them got
enhanced performance with the 3D paradigm, particularly in
shorter time windows. The mean accuracy and ITR further
demonstrated the superior performance of the proposed 3D
paradigm compared to the 2D approach.

We doubled the number of targets by introducing 2-class
biomarkers elicited by the visual perception of rotation in this
study. However, the current approach still has some limitations,
which is only able to double the number of targets and can
not expand more targets. In the future, we aim to incorporate
additional biomarkers by investigating other properties of
stimuli, such as various directions of rotation or different

rotational speeds, to expand the targets in AR-SSVEP-based
BCI systems more effectively.
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