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Abstract

This study evaluated a discrete staircase implementation of sequential frequency stimu-
lation for steady-state visual evoked potential (SSVEP)-based brain—-computer interfaces
(BCIs). Five adjacent frequencies separated by 0.2 Hz were presented in consecutive 2 s
epochs as ascending-frequency flicker patterns (AFFPs) or descending-frequency flicker
patterns (DFFPs) within low-frequency (6-10 Hz) and high-frequency (41-45 Hz) ranges. Of-
fline EEG responses from 15 participants were compared with conventional fixed-frequency
stimulation using eight established signal-processing methods: fast Fourier transform
(FFT), power spectral density (PSD), canonical correlation analysis (CCA), filter bank CCA
(FBCCA), dynamic PSD, short-time Fourier transform (STFT), continuous wavelet trans-
form (CWT), and discrete wavelet transform (DWT). Low-frequency stimulation achieved
a higher average normalized classification accuracy than high-frequency stimulation (90.8%
vs. 80.6%), while CWT yielded the highest descriptive average accuracy among the eval-
uated methods; however, post hoc comparisons did not establish CWT as significantly
superior to the other evaluated methods. The fixed-frequency, AFFP, and DFFP conditions
achieved average normalized accuracies of 89.7%, 85.6%, and 89.5%, respectively. Statistical
analysis showed a significant main effect of the signal-processing method but no significant
main effect of the stimulation pattern. Three consecutive commands achieved an average
accuracy of 91.5 + 9.6%, whereas the accuracy decreased as the command sequence became
longer. The results show that AFFP and DFFP staircase sequences can be detected offline,
but they do not prove better classification than fixed-frequency stimulation. The small,
uniform sample limits how widely these findings can be applied. Their main value may lie
in assisting flexible sequential command design, which needs further testing with larger,
more diverse groups and within an online closed-loop BCI system.

Keywords: brain—computer interface; steady-state visual evoked potential; sequential
frequency modulation; consecutive command detection; time—frequency analysis

1. Introduction

Brain—-computer interfaces (BCls) are advanced technologies that facilitate direct com-
munication between the brain and computers. These systems are being developed in
conjunction with rehabilitation and assistive technologies for individuals with physical
disabilities caused by diseases, accidents, or congenital conditions that affect daily activi-
ties [1-3]. A typical BCI system consists of three main components: brain signal acquisition,
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feature extraction and classification, and translation or command generation. Two pri-
mary approaches are used for brain signal acquisition. Noninvasive techniques are widely
adopted because they collect brain signals through electrodes placed outside the body,
either in contact with or without touching the scalp, thereby eliminating the need for
surgical procedures to implant electrodes [4,5]. However, these signals are generally low in
amplitude and susceptible to noise, requiring signal processing before they can be used
within the system. Electroencephalography (EEG) is the most widely used noninvasive
method because of its ability to effectively capture brain activity. In addition, EEG-based
BCI devices have been developed in portable formats, making them more practical and
convenient for daily use [6,7].

EEG signals change either due to spontaneous brain activity associated with normal
human behavior or in response to external stimuli, referred to as event-related potentials
(ERPs). These signal variations can be used to generate commands for BCI systems [8,
9]. One commonly used method is event-related desynchronization/synchronization,
which analyzes EEG signal variations resulting from mental imagery, such as motor or
verbal imagination [10,11]. Another approach is the visual evoked potential (VEP), which
measures electrical potential changes in the occipital region, the brain area responsible for
visual processing. VEP stimuli are categorized into two types: transient VEPs, such as the
P300 response, and steady-state visual evoked potentials (SSVEPs) [12,13].

SSVEPs are elicited by visual stimuli flickering at specific frequencies. When a person
focuses on a visual stimulus within the 3.5-75 Hz frequency range, the brain generates
electrical responses at the same or harmonic frequencies of the stimulus. These stimuli
can be presented using light-emitting diodes (LEDs), flickering images, animations, or
similar visual displays [14-16]. SSVEP-based methods require relatively short training
times and provide high accuracy and high information transfer rates (ITRs), which has
led to their widespread use in BCI applications [17-20]. However, these systems also
face several challenges, including visual fatigue and discomfort during prolonged use,
which can reduce system performance [21-23]. Increasing the number of commands
for controlling external devices also remains challenging because detection performance
typically decreases as command complexity increases. Therefore, improving the long-term
usability and efficiency of SSVEP-based BCI systems through reliable frequency encoding
and multi-command generation remains an important challenge for practical applications.

Previous studies have focused on improving the practical usability and detection
efficiency of SSVEP-based BCI systems through efficient EEG signal processing, opti-
mized visual stimulus configurations, adaptive decoding, and reduced calibration require-
ments [24-31]. Wong et al. [28] introduced an online adaptive canonical correlation analysis
(CCA) method that updates spatial filters from unlabeled data, thereby improving accuracy
and ITR over time. Shi et al. [29] proposed a representative-based cold-start approach
using cross-subject transfer learning for the initial system setup, followed by adaptive
filter bank canonical correlation analysis (FBCCA) to support robust early-stage perfor-
mance. Lee et al. [30] developed an adaptive-window FBCCA that dynamically adjusts
the analysis-window length for each trial. Li et al. [31] introduced a multi-stimulus least-
squares transformation with online adaptation to reduce calibration effort. In addition,
Liu et al. [15] integrated dynamic window selection with CCA to improve detection ef-
ficiency. These studies demonstrate that stimulus configuration, decoding strategy, and
analysis-window selection are important factors in maintaining reliable classification.

Sequential frequency coding and frequency-modulation SSVEP stimulation have pre-
viously been investigated using several approaches. Zhang et al. [32] introduced multiple-
frequency sequential coding (MFSC), in which targets were represented by ordered fre-
quency sequences presented across successive coding epochs. Two frequencies, 7.5 and
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12 Hz, were presented during two equal-duration epochs lasting either 1.5 or 2 s, thereby
generating four target-specific sequences. CCA identified the frequency presented in each
epoch, and the resulting sequence determined the target. Dreyer and Herrmann [33] in-
vestigated carrier-based frequency-modulated SSVEP stimulation and reported reliable
responses at the lower sideband frequency, together with reduced flicker perceptibility at
higher carrier frequencies. Zhao et al. [34] developed trinary frequency-shift keying SSVEP
(TFSK-SSVEP), in which three discrete frequencies represented the two binary symbols
and an additional separator symbol for command encoding. Wang et al. [35] provided a
40-target SSVEP benchmark dataset obtained from 35 participants using frequencies from
8 to 15.8 Hz with an interval of 0.2 Hz and joint frequency—phase coding. Ge et al. [36]
proposed dual-frequency biased coding, in which each target was represented by a permu-
tation of two frequency-specific flickering periods. They reported improved offline and
online performance compared with conventional MFSC. Yue et al. [37] introduced multiple
time-frequency sequential coding (MTFSC), which combines steady-state motion visual
evoked potentials (SSMVEPs) with omitted-stimulus potentials (OSPs). This approach
integrates frequency information with temporal omission patterns and uses template-based
CCA for target identification in an online nine-target paradigm with a 3 s stimulation
period. Moreover, Ge et al. [38] proposed block-distributed joint temporal-frequency-
phase modulation (B-JTFPM), in which a 48-target speller was divided into eight blocks
and encoded using only eight frequencies across two sequential coding sessions. The
approach combined temporal, frequency, and phase information to increase the number
of targets while limiting the required frequency resources. Thus, sequential frequency
ordering, frequency modulation, and 0.2-Hz frequency spacing have precedents in SSVEP-
based BCls.

Accordingly, the present study focuses on a specific staircase frequency stimulation
configuration rather than introducing a new sequential-coding principle. Unlike previ-
ous approaches based on arbitrary frequency sequences, joint frequency—phase coding,
or continuous frequency modulation [33-38], AFFP and DFFP sequentially traverse the
same five adjacent frequencies in a monotonic ascending or descending order. This study
evaluates whether these closely spaced frequency states can be detected within consecutive
2 s epochs and compares their offline performance across low- and high-frequency ranges
and established signal-processing methods. A comparison with representative sequential
SSVEP encoding paradigms is presented in Section 4.

In addition to algorithm development, many studies have optimized stimulus design
to improve comfort and performance. In addition to sequential and multi-frequency
coding, other studies have optimized stimulus design to enhance comfort and performance.
Chailloux Peguero et al. [38] compared four visual stimulation paradigms using CCA,
FBCCA, and MEC. On-off stimulation combined with FBCCA provided the best detection
performance, whereas many participants preferred checkerboard stimulation for visual
comfort. Ladouce et al. [14] reduced visual fatigue through lower-amplitude, lower-depth,
and high-frequency JFPM stimulation while maintaining over 90% accuracy with a 40-50%
intensity reduction; however, very high frequencies reduced the accuracy to approximately
45%. Li et al. [39] introduced a hybrid approach combining sinusoidal luminance and radial
motion modulation to create intermodulation frequencies that improved the accuracy and
user experience. Researchers have also explored multilevel stimulus scaling for flexible
control. Zhang et al. [40] used multilevel brightness modulation to enable proportional
robot speed control based on luminance-evoked SSVEP strength. In a related study, Zhang
et al. [41] developed a spatial gradient controller utilizing multilevel spatial frequency
gradients (7.2-9.0 Hz) to achieve continuous two-dimensional robot control, reducing the
collision rate to 4% and reducing the task completion time by 27.7%.
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Recent studies have expanded SSVEP-based BCI systems from traditional discrete
selection tasks to continuous linear control, particularly for multi-degree-of-freedom (multi-
DOF) applications that require low latency [42,43]. This shift involves transforming discrete
classification results into continuously varying control signals. To ensure smooth and
stable real-time control, methods such as control-vector accumulation, sliding-window
processing with temporal smoothing, and likelihood-based adaptive gain control have been
introduced. The resulting signals are transmitted to a shared control framework, where
brain-derived commands are integrated with sensor data for movement execution and error
correction [44]. System performance is typically assessed using metrics such as the success
rate, error rate, task completion time, and trajectory deviation from the ideal path, whereas
real-time device feedback supports closed-loop interaction. SSVEP-based paradigms have
demonstrated strong responsiveness and robustness in practical applications [45].

Against this background, the present study provides a systematic offline evaluation
of a specific staircase frequency stimulation configuration rather than a new general cod-
ing principle or classification algorithm. The main contributions are as follows: (1) the
implementation and comparison of fixed-frequency stimulation with five-step ascend-
ing and descending staircase sequences using 0.2 Hz increments across low-frequency
(6-10 Hz) and high-frequency (41-45 Hz) ranges; (2) the benchmarking of eight estab-
lished signal-processing methods under the same experimental conditions, together with
frequency-specific analysis of AFFP and DFFP detection; and (3) the quantification of the
offline detection performance for three-, four-, and five-command sequences, including
the decline in accuracy associated with longer command sequences. Therefore, this study
focuses on the feasibility, comparative performance, and limitations of this specific staircase
configuration as an offline basis for future sequential command design.

2. Materials and Methods
2.1. Multilevel Flicker Stimulus Paradigm

In this study, a discrete staircase frequency stimulation protocol was evaluated to
characterize SSVEP responses to ordered changes among adjacent flicker frequencies. The
term “frequency modulation” in this study refers to piecewise-constant changes in the
flicker frequency across five consecutive 2 s epochs. It does not refer to continuous carrier-
frequency modulation or sideband-based FM-SSVEP stimulation, as investigated by Dreyer
and Herrmann [33]. Rectangular visual stimuli measuring 4 cm x 5 cm and flickering
alternately between white and black, as shown in Figure 1a, were used. Five stimuli were
systematically arranged on a 24-in liquid crystal display (LCD) screen to help participants
focus and reduce interference between stimuli at different locations, as shown in Figure 1b.

As summarized in Table 1, the flicker frequencies were divided into two groups—low
(6-10 Hz) and high (41-45 Hz)—each consisting of five fundamental frequencies. Within
each range, multilevel flicker-frequency modulation was used to create control commands
at multiple levels. The frequency-adjusted flicker pattern was modified in 0.2 Hz steps for
both increasing and decreasing sequences. The physical luminance waveform generated by
the LCD was not independently measured using a photodiode. Therefore, the programmed
stimulation frequencies, particularly the 41-45 Hz high-frequency conditions and their
0.2 Hz increments, are treated as nominal display frequencies throughout this study.
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Figure 1. Proposed sequential frequency-modulated visual flicker stimuli. (a) Proposed SSVEP
stimulus consisting of a rectangular target flashing alternately in white and black. (b) Spatial layout of
five stimulus positions corresponding to fundamental flicker frequencies on an LCD monitor. S1-55
denote the top, right, bottom, left, and center stimulus positions, respectively, with corresponding
fundamental frequencies of 6, 7, 8,9, and 10 Hz in the low-frequency range or 41, 42, 43, 44, and 45
Hz in the high-frequency range. (c) Example of a frequency-modulation sequence starting at 7.0 or
7.8 Hz, with the flicker frequency adjusted in 0.2 Hz steps for both ascending and descending flicker
patterns (AFFPs and DFFPs). The arrows indicate the direction of frequency progression: ascending
from 7.0 to 7.8 Hz and descending from 7.8 to 7.0 Hz, with each frequency presented for 2 s.

Table 1. Command-subfrequency mapping for the AFFP and DFFP stimulation patterns.

Command AFFP DFFP
1 fi fi+038
2 fi+02 fi+06
3 fi+04 fi+04
4 fi406 fi+02
5 fi+08 fi

Note: denotes the fundamental frequency, where f; € {6,7,8,9,10} Hz for the low-frequency range
and f; € {41,42,43,44,45} Hz for the high-frequency range. AFFP, ascending-frequency flicker
pattern; DFFP, descending-frequency flicker pattern.

Three frequency-modulation conditions were established: (1) conventional fixed-
frequency flicker, (2) ascending-frequency flicker pattern (AFFP), and (3) descending-
frequency flicker pattern (DFFP). For the AFFP and DFFP, the frequency was adjusted in
0.2 Hz steps every 2 s. These values were prespecified as exploratory design parameters
for examining the offline detectability of closely spaced frequency states within a 10 s trial.
No preliminary experiment was conducted to optimize either the frequency increment or
the epoch duration, and the present experiment did not estimate the time required for the
SSVEP response to stabilize after each frequency transition. Accordingly, the 2 s interval
should be regarded as an analysis epoch rather than a theoretically or empirically opti-
mized control interval. However, detecting 0.2 Hz changes within short EEG segments is
challenging because conventional frequency-domain methods have limited resolution and
cannot adequately capture the temporal direction of AFFP and DFFP sequences. Therefore,
correlation-based and time—-frequency analysis methods were applied for classification. For
example, in the ascending condition, the frequency increased from 6.0 to 6.8 Hz, whereas
in the descending condition, it decreased from 6.8 to 6.0 Hz (Figure 1c). The command-
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frequency mapping for Commands 1-5 is summarized in Table 1. Three label levels were
distinguished in the subsequent analyses. The fundamental frequency label identified one
to five visual targets within each frequency range. The subfrequency label identified one
of the five frequencies separated by 0.2 Hz within the selected fundamental frequency
group. The command label represented the ordinal position within the AFFP or DFFP
sequence. For AFFP, Command c corresponded to f; 4+ 0.2(c — 1), whereas for DFFP, it corre-
sponded to f; +0.2(5 — ¢), where ¢ € {1,2,3,4,5}. Therefore, the 100 condition-command
combinations, obtained from five fundamental frequencies, five command positions, two
sequence directions, and two frequency ranges, were experimental instances rather than
100 classification classes. In the present offline experiment, Commands 1-5 were abstract
ordinal class labels corresponding to the five subfrequency positions within each AFFP or
DFFP sequence. They were not assigned to movement directions, speed levels, movement
amplitudes, control gains, or other implemented device-control variables.

The staircase design was intended to determine whether each 2 s frequency step could
elicit a time-localized, frequency-specific response suitable for ordinal command mapping,
rather than to improve classification accuracy. The one-sided range from f; to f; + 0.8 Hz
was selected so that AFFP and DFFP used the same five frequencies in opposite orders
while retaining f; as the lower anchor. Because frequencies below f; were not evaluated,
the present study cannot determine whether a symmetric frequency range would provide
better detection performance.

In this study, the term “subfrequency” denotes one of the five nominal flicker frequen-
cies separated by 0.2 Hz within a selected fundamental frequency group; it does not refer
to a physiological subharmonic. For each high-frequency group, the subfrequencies ranged
from f; to f; + 0.8 Hz. Conventional harmonic components were defined only as integer
multiples of the presented frequency. Therefore, spectral components in the 6-10 Hz range
were not treated as harmonics of the 41-45 Hz stimuli or as evidence of high-frequency
SSVEP frequency locking.

2.2. EEG Acquisition

This study included 15 volunteers (5 males and 10 females) aged 19-21 years. All
participants had normal or corrected-to-normal vision and reported no ocular conditions
that could affect responses to visual stimuli. They also reported no history of neurological
disorders or migraines. All volunteers received a detailed explanation of the experimental
procedures and provided written informed consent before participation. This study com-
plied with human research regulations and was reviewed and approved by the Human
Research Ethics Committee of Walailak University (Project No. WU-EC-IN-1-402-67; Ap-
proval No. WUEC-24-413-01; approval date: 19 December 2024). All methods adhered to
the Declaration of Helsinki, CIOMS guidelines, and WHO standards to safeguard partici-
pant rights, safety, and dignity. All participant data were kept confidential, and no names
or identifiable information was disclosed at any stage of the study.

EEG signals were recorded from O1 and O2 using an Electro-Cap (Electro-Cap In-
ternational, Inc., Eaton, OH, USA) with recessed pure tin electrodes mounted in elastic
fabric and arranged according to the international 10-20 system. The cap size was selected
according to each participant’s head size to provide an appropriate fit. The cap is designed
for gel-based EEG recording. Data were acquired using a BIOPAC MP160 data-acquisition
system equipped with a BiloNomadix two-channel wireless EEG amplifier (BIOPAC Sys-
tems, Inc., Goleta, CA, USA). The BioNomadix system consisted of a matched wireless
transmitter and receiver for two-channel EEG recording. O1 and O2 were selected to
capture bilateral occipital responses and were referenced to Al and A2, respectively, while
Fz served as the ground electrode. Oz and additional parietal-occipital channels were not
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recorded; therefore, the present study does not determine whether a broader electrode
montage would improve classification performance. Electrode impedance values were not
systematically recorded. The EEG signals were transmitted wirelessly to the BioNomadix
receiver connected to the MP160 system and recorded using AcqgKnowledge software
(version 5.0; BIOPAC Systems Inc., Goleta, CA, USA) at a sampling rate of 2000 Hz. Signals
were band-limited to 0.1-100 Hz during acquisition, and a 50 Hz notch filter was applied
to attenuate power-line interference. No automated artifact-rejection or epoch-exclusion
procedure was applied; all the recorded stimulation epochs were retained. The original
sampling rate of 2000 Hz was retained throughout the analysis, and no downsampling or
additional re-referencing was performed. Retaining the native sampling rate avoided an
additional resampling step and preserved the original sample representation across all the
signal-processing methods. This rate exceeded that required to represent the analyzed 0.1-
100 Hz bandwidth and increased the data volume and computational demands. It did not
improve the intrinsic frequency resolution of a fixed 2 s observation interval. The present
study does not establish a classification advantage of retaining 2000 Hz over appropriately
downsampled data.

2.3. Experiment

The experiments were conducted in a controlled environment with uniform lighting
to minimize external effects on visual perception. The participants were seated comfortably
facing an LCD monitor displaying the stimuli at a distance of approximately 60 cm, ensuring
a consistent and optimal viewing angle for all participants. The experimental setup is shown
in Figure 2.

Figure 2. Experimental setup. (1) Desktop screen for visual stimuli; (2) EEG electrode cap;
(3) BioNomadix wireless EEG transmitter; (4) BioNomadix wireless EEG receiver; (5) BIOPAC
MP160 data-acquisition system; and (6) AcqKnowledge software for EEG recording.

Three stimulation conditions were evaluated separately within each frequency range.
Each trial consisted of a 10 s baseline period, a 10 s visual stimulation period, and a 1 min
rest interval. During the baseline period, the participants viewed a blank wall under the
same ambient-lighting conditions used during stimulation. This baseline was selected
to minimize periodic visual input and provide a non-flickering reference for baseline
normalization. However, the blank-wall condition was not luminance-matched or visually
equivalent to the active LCD stimulation condition.
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In the fixed-frequency condition, five trials were conducted for each of the five fun-
damental frequencies, resulting in 25 trials per frequency range. In the AFFP condition,
the 10 s stimulation period consisted of five consecutive 2 s epochs in which the frequency
increased in 0.2 Hz steps. Five trials were conducted for each fundamental frequency,
resulting in 25 AFFP trials per frequency range. In the DFFP condition, the same five
subfrequencies were presented in the reverse order, and five trials were conducted for
each fundamental frequency, resulting in 25 DFFP trials per frequency range. Therefore,
each participant completed 75 stimulation trials per frequency range and 150 trials across
the low- and high-frequency ranges. The numbers of repetitions were equal across the
fixed-frequency, AFFP, and DFFP conditions. The 10 s stimulation duration resulted directly
from concatenating five 2 s frequency epochs to form one complete staircase. It was selected
for the offline characterization of all five frequency states and was not intended to represent
an optimized trial duration for rapid online BCI operation.

For analysis, each 10 s stimulation period was divided into five non-overlapping 2 s
epochs. In the fixed-frequency condition, all five epochs retained the same fundamental
frequency label, and no subfrequency or command labels were assigned because the
stimulation frequency remained constant throughout the trial. In the AFFP and DFFP
conditions, the fundamental frequency label also remained constant throughout the trial,
whereas the subfrequency and command labels changed every 2 s according to the order-
specific mapping in Table 1. Accordingly, the fixed-frequency, AFFP, and DFFP conditions
were compared at the fundamental frequency level, whereas command-level analysis was
performed only for the AFFP and DFFP conditions.

After completing the low-frequency session, participants completed a 10 min eye-
rest period before proceeding to the high-frequency session. The complete experimental
protocol, including the fixed-frequency, AFFP, and DFFP conditions, was then repeated
for the high-frequency range (4145 Hz). The frequency-range order was therefore not
randomized or counterbalanced. Within each frequency-range session, the three stimulation
patterns were presented in the fixed order of fixed-frequency, AFFP, and DFFP, and this
order was also not randomized or counterbalanced. The same experimental structure was
used for both frequency ranges.

Trial Segmentation and Data Organization

The EEG signals were retained at the original sampling rate of 2000 Hz, and no
downsampling was applied. Each 10 s stimulation period was segmented into five non-
overlapping 2 s epochs; therefore, each epoch contained 4000 temporal samples per channel.
Thus, the counts reported in Section 2.3 refer to complete experimental trials, whereas the
counts reported below refer to analysis epochs, with five epochs obtained from each trial.
Each EEG epoch was represented as a [4000 x 2] array, where the first dimension represents
the temporal samples and the second dimension represents channels O1 and O2. Based
on the trial structure, the fixed-frequency, AFFP, and DFFP conditions each produced 125
epochs per frequency range. Therefore, 375 epochs were obtained per frequency range,
resulting in 750 epochs for each participant across the low- and high-frequency ranges. The
resulting data tensor was organized as [4000 x 2 x 375] for each frequency range or [4000
x 2 x 750] when both frequency ranges were combined. The third dimension represents
the analyzed EEG epochs rather than the number of classification classes. All epochs were
accompanied by labels identifying the participant, frequency range, stimulation pattern,
fundamental frequency, and trial repetition. Subfrequency and command labels were
additionally assigned only to the AFFP and DFFP epochs; no command-level label was
assigned to the fixed-frequency epochs.
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2.4. Evaluated Signal-Processing Methods

To evaluate the effectiveness of brain signal analysis methods in response to multilevel
flicker stimuli with frequencies changing in discrete steps every 2 s, eight established signal-
processing and classification methods were grouped into two analytical categories: spectral
analysis and correlation analysis. Spectral analysis comprised fast Fourier transform (FFT),
Welch-based power spectral density (PSD), dynamic PSD, short-time Fourier transform
(STFT), continuous wavelet transforms (CWT), and discrete wavelet transform (DWT),
whereas correlation analysis comprised canonical correlation analysis (CCA) and filter bank
canonical correlation analysis (FBCCA) [19,46,47]. The spectral-analysis methods were used
to characterize the frequency-domain power and temporal variations in the spectral com-
ponents, while the correlation-analysis methods evaluated frequency-specific relationships
between the multichannel EEG signals and artificial reference signals. These complemen-
tary methods enabled a systematic comparison of the fundamental and harmonic SSVEP
responses elicited by the conventional, AFFP, and DFFP stimuli.

2.4.1. Spectral Analysis

Spectral analysis was performed using six complementary methods: FFT, PSD, dy-
namic PSD, STFT, CWT, and DWT. FFT and Welch-based PSD were employed as conven-
tional frequency-domain methods for estimating the spectral power, whereas dynamic
PSD, STFT, CWT, and DWT were used to characterize temporal changes in the spectral
components across the sequential frequency-modulation intervals. The formulation and
application of each method are described in the following subsections.

Fast Fourier Transform (FFT)

The fast Fourier transform (FFT) was employed as a conventional frequency-domain
method for identifying the spectral components of the EEG signals [19]. For an EEG
segment x[n] containing L samples, the FFT-based spectral power at the k-th frequency bin
was calculated as follows:

-1 2kn\ |° KE,
(1222 4 5

1
P == ,
rer(fi) = 1 P Nrer

where Prpr(fk) denotes the spectral power at frequency fy, F; is the sampling frequency,
Ngrr is the FFT length, and j = /—1. When Nppr > L, zero-padding was applied
before FFT computation. The spectral power at the candidate fundamental frequencies
and their harmonic components was subsequently normalized relative to baseline activity.
For the AFFP and DFFP conditions, the FFT was applied separately to each sequential
frequency-modulation interval.

Power Spectral Density (PSD)

Power spectral density (PSD) was estimated using Welch’s method to reduce the
variance of the spectral estimate [46]. Each analysis window was divided into K overlapping
segments, each containing L, samples. The r-th segment was multiplied by a window
function w(n], and the resulting modified periodograms were averaged as follows:

A 1 K |Ly—1 27‘(k1’l 2
Pyercn(fi) = @r; HX::O xr[nfwlnlexp (] NFFT) @
where Ly—1
U= WZ w2[n] (3)
n=0
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Here, x,[n] denotes the EEG samples in the r-th segment, K is the total number of
overlapping segments, Ly, is the segment length, and U is the window-power normalization
factor. Averaging the modified periodograms reduces the estimation variance, whereas the
window function reduces spectral leakage. The resulting PSD values at the fundamental
and harmonic frequencies were used for baseline normalization and subsequent SSVEP
response analysis.

Dynamic Power Spectral Density (Dynamic PSD)

Dynamic power spectral density (dynamic PSD) was employed to characterize tem-
poral changes in the spectral power of the EEG signals [46,48]. It was implemented as a
time-indexed extension of the Welch PSD described in Equations (2) and (3). The EEG signal
was divided into (Q) consecutive analysis windows, and the Welch PSD was calculated
separately for each window. The dynamic PSD was defined as

Porso (ftq) = Pl (£, 1=1,2,...,Q @

where Pppsp(f,tq) denotes the dynamic PSD at frequency f for the g-th analysis window;
pége)l o (f) represents the Welch PSD estimated from the EEG samples within that window;
tq is the temporal position of the g-th window; g is the analysis-window index; and Q is
the total number of analysis windows. The superscript (g) indicates the corresponding

analysis window and does not represent an exponent.

Short-Time Fourier Transform (STFT)

STFT was employed to analyze the temporal evolution of spectral components in
nonstationary EEG signals [49]. The signal was segmented into short time windows, and
a Fourier transform was applied to each segment to obtain localized frequency informa-
tion. This approach enables the tracking of neural responses across dynamically varying
stimulation frequencies. The calculation is defined as follows:

[e9)

Xapp= Y, x(m)w(n—t)e /2" (5)

n=—oo

where X, (t, f) represents the time—frequency spectrum at time ¢ and frequency f, x(n)
denotes the original EEG signal, w(n — t) is the window function centered at time f, and
e~/27f1 is the complex exponential used to extract the frequency component. The summa-
tion over n represents the Fourier transform of each windowed segment, resulting in a
time-varying spectral representation of the signal.

For implementation, STFT was computed separately for O1 and O2 using a Hann
window of 1.5 s (3000 samples at 2000 Hz), with 90% overlap (2700 samples) and a hop
size of 0.15 s (300 samples). A 16,384-point FFT was used, yielding a frequency-bin spacing
of approximately 0.1221 Hz. Each frame was mean-centered, and a one-sided transform
with power-spectral-density scaling was calculated. Signal-boundary extension and end
padding to complete additional frames were disabled. The FFT-bin spacing reflects the
zero-padded frequency grid; the resolving capability remains constrained by the 1.5 s
window and its spectral characteristics.

Continuous Wavelet Transform (CWT)

The continuous wavelet transform (CWT) [50-52] was used to analyze the time—
frequency characteristics of the recorded signals. Unlike the Fourier transform, which
relies on sinusoidal basis functions, the CWT employs wavelet functions that are scaled
and shifted, enabling simultaneous localization in both the time and frequency domains.
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This property allows the effective detection of transient features and rapidly changing
signal components, making it suitable for capturing abrupt responses, particularly at higher
frequencies. The CWT is defined as follows:

W(a,b) — \}a 7 ()" (t;b)dt ©)

where W (a, b) represents the wavelet coefficient at scale a and translation b, characterizing
the signal in the time-scale domain. The term x(t) denotes the input signal, and ¢ (%)
is the complex conjugate of the scaled and shifted mother wavelet. The scale parameter
a controls the frequency resolution, while the translation parameter b determines the
temporal localization. The factor iﬂ preserves the signal energy across scales, and the
integral quantifies the correlation between the signal and the wavelet function.

CWT was implemented using a complex Morlet wavelet with a dimensionless central-
frequency parameter of wy = 6. For each evaluated frequency f, the discrete scale in

samples was calculated as s = ‘5%1}, where F; = 2000 Hz. Each wavelet kernel was

normalized to unit energy and truncated at approximately +4 Gaussian temporal standard
deviations. The target frequencies comprised the predefined candidates within 6.0-10.8
Hz and 41.0-45.8 Hz, together with their selected harmonic components below 100 Hz.
Reflection padding was applied during convolution, and 0.15 s was excluded from each
end before score aggregation. Scales were evaluated at the required frequencies rather
than on a uniformly spaced scale grid. The nominal power-response bandwidth of the
underlying Morlet wavelet is frequency-dependent, with an approximate full width at half

24/In(2)f
w

the spacing of evaluation points and does not imply a CWT-resolving capability of 0.2 Hz.

maximum of . Thus, the 0.2 Hz spacing between candidate frequencies represents

Discrete Wavelet Transform (DWT)

Discrete wavelet transforms (DWTs) are used to analyze the time—frequency compo-
nents of an EEG signal by separating the signal into multiple resolution components using
low-pass and high-pass filters. Compared to CWTs, which are calculated from a continuous
scale and position, they reduce data redundancy and computational load, making them
suitable for analyzing EEG signals over short time intervals [50]. DWT can be represented
by the following equation:

ajlk] =Y aja[nlh[n —2k], d;jk] =} aj_1[n]gln — 2] )

where a;[k] and d;[k] are the estimation and detail coefficients at the j level, respectively,
and h[n] and g[n] are the low-pass and high-pass filters, respectively. In this study, wavelet
levels covering the main excitation frequency and harmonic components were selected, and
the power of the coefficients was then calculated to estimate the SSVEP response at each
time interval. However, because the DWT divides the signal into bands, spectral analysis of
the wavelet-reverse coefficient signal was used to help identify subfrequencies that change
by 0.2 Hz increments.

2.4.2. Correlation Analysis

Correlation analysis was performed using CCA and FBCCA to detect SSVEP responses
by measuring the frequency-specific relationships between the multichannel EEG signals
and artificial reference signals. CCA was employed as a training-free correlation-based
method, whereas FBCCA extended CCA by integrating correlation information obtained
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from multiple frequency subbands. The formulation and application of each method are
described in the following subsections.

Canonical Correlation Analysis (CCA)

Canonical correlation analysis (CCA) was employed as a training-free method for
detecting SSVEP responses by measuring the correlation between multichannel EEG signals
and artificial reference signals at each candidate frequency [15,19]. For an EEG matrix
M € RE*L, the reference-signal matrix N (&S R2H*L was constructed as follows:

sin(27tft)
cos(2mft)
Ne=| s e=foge B ®)
sin(2wHft)
| cos(2tH ft) |

where C, L, H, and F; denote the number of EEG channels, samples, harmonics, and
sampling frequency, respectively. The canonical correlation coefficient was calculated as

follows:
w{AMwa N

\/(wg/IMMTwM) (w%NfowN>

where wj; and wy are the canonical weight vectors. The detected frequency was deter-

= max
pf WMWN

, ©)

mined by the following;:
fcc A = argmax ps (10)
feF
where F is the set of candidate frequencies. For the AFFP and DFFP conditions, CCA
was applied to each analysis window corresponding to the 0.2 Hz sequential frequency-
modulation intervals.

Filter Bank Canonical Correlation Analysis (FBCCA)

Filter bank canonical correlation analysis (FBCCA) extends CCA by decomposing the
EEG signals into multiple frequency subbands, allowing the fundamental and harmonic
SSVEP components to be jointly considered [19,30]. The EEG matrix in the k-th subband
was defined as follows:

My = B {M}, k=12,... K (11)

where By{-} denotes the corresponding band-pass filter and K is the number of subbands.
The canonical correlation coefficient p between My and Ny was calculated for each
candidate frequency and combined as follows:

K
S;BCCA = Z (xkp},k, o =k™"+b, (12)
k=1

where a; is the subband weight. The conventional parameters a = 1.25 and b = 0.25 assign
greater weights to the lower-order subbands. The detected frequency was obtained from
the following:
fFBCCA = argmax S}:BCCA, (13)
feF
For the AFFP and DFFP conditions, the FBCCA score was evaluated separately within
each sequential frequency-modulation interval.
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2.4.3. Spectral Power Normalization and Harmonic Response Scoring

For the spectral power-based methods, including FFT, PSD, dynamic PSD, STFT, CWT,
and DWT, the spectral power at each stimulation frequency was computed and normalized
relative to baseline activity. The relative power variation was defined as follows:

an (s = 2 j;l)(; Zl)(f 1e) (14)

where AP;(f,t) denotes the relative change in spectral power at frequency f and time ¢

corresponding to the i-th target frequency. P;(f,t) represents the spectral power at the
i-th target stimulation frequency during the task condition, while P;(f,t;) denotes the
spectral power during the resting-state (baseline) period. This normalization quantifies
the stimulus-induced modulation of the target frequency component relative to baseline
activity and reduces intersubject variability.

To enhance the robustness of classification, the response value was computed by incor-
porating the spectral responses of the fundamental frequency and its harmonic components.
The response score R(v) for each stimulation frequency v is defined as follows:

R(v) = i wyAP(hv) (15)
h=1

where AP(hv) represents the normalized spectral power variation at the h-th harmonic
of the stimulation frequency v, H is the number of harmonics considered, and wj, is the
weighting coefficient for the /-th harmonic component.

The implemented harmonic response score did not use a single fixed number of
harmonic components. For each outer test round, H was selected from H € {1,2,3,4,5}
using the remaining rounds, while the test round was excluded from parameter selection.
Only harmonic components within the recorded 0.1-100 Hz bandwidth were retained.
Consequently, the selected number of harmonics ranged from one to five for the low-
frequency candidates and from one to two for the high-frequency candidates. The harmonic
components were weighted according to the normalized inverse-harmonic rule:

h1
wy, = sH 1 (16)

For H = 2, the weights were w; = 0.667 and w, = 0.333. For the maximum set-
ting of H = 5, the weights were w; = 0.438, w, = 0.219, w3 = 0.146, wy = 0.109, and
ws = 0.088. For the high-frequency candidates, the conventional second-harmonic com-
ponents occurred approximately within 82-91.6 Hz, depending on the corresponding
subfrequency. Components in the 6-10 Hz range were not included as harmonics of the
41-45 Hz stimuli.

A participant- and frequency-specific detection threshold was calculated from
frequency-matched baseline scores. Baseline windows were advanced at 0.25 s inter-
vals, and leave-one-out baseline response scores were calculated for each candidate fre-
quency. The detection threshold was defined as the 95th percentile of the resulting baseline-
score distribution:

0y = Q0.95({Rb(01]')}?:1) 17)

where R (v, j) denotes the baseline response score for candidate frequency v in baseline
window j, and B is the number of baseline windows. The selected response was accepted
when R(v*) > 60,+; otherwise, the output was assigned to the idle state.
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2.4.4. Dominant Fundamental Frequency Detection

Figure 3 illustrates the two-stage SSVEP decoding framework, comprising fundamental-
frequency selection, subfrequency selection, command mapping, and threshold validation.
Fundamental frequency classification was performed on each 2 s EEG epoch, yielding five
predictions per 10 s stimulation trial. For each epoch, the fundamental frequency group
with the highest response score was selected. The fundamental frequency and command-
level performance were evaluated separately; the predicted fundamental frequency group
was not used to calculate the command-level accuracy.

Stage 1 Fundamental Frequency Selection

[ Frequency Selection ’

f* = argmax, P(f;)
I

v v
Low-Frequency Set High-Frequency Set
6,7,8,9,10 Hz 41, 42, 43, 44, 45 Hz

Stage 2 Sub-Frequency Selection

Sub-Frequency Evaluation
SUFE) =S 202, 5 A 018}
v* = argmax,es(r+) R(v)
v
Command Mapping

Cmap = k* for AFFP
Cmap = 6 — k* for DFFP

Threshold Check
R(v*) = 6,.

A4
Idle State

Figure 3. Two-stage SSVEP decoding framework for the proposed sequential frequency-modulated
visual flicker paradigm. Fundamental frequency and command-level performance were evaluated
separately, with command-level accuracy calculated within the ground-truth fundamental frequency
group. The asterisk (*) denotes the selected fundamental frequency (f*), subfrequency (v*), or

Output Command

subfrequency index (k*).

Let F = {f1, f2,- - - , fm} denote the set of candidate fundamental frequencies, where
M represents the total number of fundamental frequencies considered in the stimulus set.
For each fundamental frequency f;, a set of subfrequencies is defined as follows:

S(fi)={fi+&lk=1,2,...,5} (18)

where 6y € {0,0.2,04,0.6,0.8} represents the frequency modulation offsets. For each
fundamental frequency f;, five subfrequencies were generated with a modulation step of
0.2 Hz. In the AFFP, the frequencies increase sequentially from f; to f; + 0.8, whereas in
the DFFP, the order of the same subfrequencies is reversed. The mapping between the
fundamental frequencies, subfrequencies, and commands used in the AFFP and DFFP
paradigms is summarized in Table 1.

The response score of each fundamental frequency is obtained as follows:

P(fi) = UE%?E)R(U) (19)
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The dominant fundamental frequency is obtained as follows:
f* = argmax(P(f;)), (20)
fi€F

where f* denotes the fundamental frequency that produces the strongest SSVEP response.

2.4.5. Subfrequency Detection

For command-level evaluation, the fundamental frequency group was fixed to the
ground-truth group specified by the experimental label, denoted by f+.. Within each 2 s
epoch, the subfrequency with the highest response score among the five candidates in this
group was selected using

v* = argmax R(v) (21)
v€5(S5,,,)

Let k' € {1,2,3,4,5} denote the index of the selected subfrequency. The output
command (Cyy¢) is then determined as

k*, AFFP,
Cmap - (22)
6 —k*, DFFP

where k* denotes the index of the detected subfrequency when the five subfrequencies
are arranged in ascending order. The order-specific mapping converts this subfrequency
index into the corresponding command label. Therefore, the same detected subfrequency
produces different command labels under AFFP and DFEFP, as specified in Table 1.

2.4.6. Output Command

To prevent false detections, the decision result is validated using a predefined baseline
threshold 6:
Ciap, R(v*) > 0y
Cout = . ap ( ) - (23)
idle,  R(v*) < 0y
where 0,+ denotes the participant- and frequency-specific detection threshold correspond-
ing to the selected candidate frequency v*. The threshold was defined as the 95th percentile
of the frequency-matched leave-one-out baseline-score distribution.
The final decision is translated into the corresponding control command (Table 1)
based on a predefined command-mapping scheme:

IfCour =1, the decision is Command 1.
If Cour = 2, the decision is Command 2.
If Cour =3, the decision is Command 3.
If Cour = 4, the decision is Command 4.
If Coyr = 5, the decision is Command 5.
Otherwise, the decision is Idle.

2.4.7. Implementation Parameters and Frequency-Resolution Consideration

To ensure a consistent comparison, all the signal-processing methods were applied to
the same EEG channels, preprocessing procedure, and trial segments. The EEG signals were
retained at the original sampling rate of 2000 Hz without downsampling. Each nominal 2 s
epoch therefore contained 4000 samples per channel. The method-specific processing and
classification settings are summarized in Table 2.
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Table 2. Parameter settings used for signal-processing and frequency-tracking evaluation.

Method

Parameter Setting

Common settings
FFT

PSD

Dynamic PSD

STFT

CWT
DWT

CCA
FBCCA

Classification decision

Accuracy

Consecutive commands

Sampling rate: 2000 Hz; no downsampling; epoch: 2 s (4000 samples/channel); tested
latency: 0-0.3 s; effective window: 1.7-2.0 s; baseline stride: 0.25 s; harmonics: 1-5 for
low frequencies and 1-2 for high frequencies.

FFT-based spectral power, expressed in dB.

Power spectral density, expressed in dB.

Baseline-calibrated dynamic spectral power, expressed in dB.

Hann window: 1.5 s (3000 samples); overlap: 90% (2700 samples); hop: 0.15 s; FFT size:
16,384 points; frequency-bin spacing: approximately 0.1221 Hz; one-sided transform
with PSD scaling.

Complex Morlet wavelet, wy = 6; frequency-dependent scales sy = ‘5’%} ; unit-energy

kernels with approximately +4-standard-deviation support; candidate frequencies and
selected harmonics below 100 Hz; reflection padding; edge exclusion: 0.15 s at each end.
Wavelet-packet spectral power, expressed in dB.

Squared canonical correlation used as the response score.

Weighted squared canonical correlation used as the response score.

The label with the highest response score was selected. An output below the baseline
threshold was assigned as idle.

A prediction was correct when it matched the ground-truth label; idle outputs during

stimulation were incorrect. Accuracy was calculated as I\I]\”]i”:“” x 100.

otal

A sequence of m commands was considered correct only when all commands were
detected correctly and in order, where m € {3,4,5}.

Classification was implemented by calculating frequency-specific response scores and
applying a predefined decision rule to each nominal 2 s epoch. The spectral methods
produced response scores for the candidate frequencies, whereas CCA and FBCCA eval-
uated correlations with analytically generated sinusoidal reference signals. No separate
supervised classifier was fitted to labeled EEG epochs. Nevertheless, data-dependent
selection of the response latency and number of harmonics required separation between
parameter-selection and test data.

For analyses involving parameter selection, a within-participant leave-one-round-out
procedure was used separately for each signal-processing method, frequency range, and
stimulation pattern. A round comprised trials sharing the same repetition index within the
corresponding condition. In each iteration, one complete round was reserved for testing,
and the remaining rounds were used to select the latency and harmonic count from the
settings summarized in Table 2. All five epochs from a given 10 s trial remained in the
same partition. Parameter combinations were ranked by the minimum target-detection
rate, followed by the mean target-detection rate and median score margin on the parameter-
selection data. The selected settings were then applied to the held-out round. Detection
thresholds were obtained from the corresponding resting-state baseline recordings, as
described in Section 2.4.3; held-out stimulation epochs were excluded from parameter
selection and threshold estimation.

For each test epoch, the candidate with the highest response score was mapped to
the corresponding label using the decision rules in Sections 2.4.4-2.4.6. An output that
did not satisfy the baseline threshold was assigned to the idle state. The procedure was
repeated until every round had served as the test round. Predictions from the held-out
rounds were pooled to calculate accuracy separately for each participant and condition,
following Section 2.5, before averaging across participants. This evaluation therefore
assessed participant-specific offline performance with baseline calibration.

The nominal 2 s observation interval provides an intrinsic Rayleigh frequency resolu-
tion of approximately (1/T = 0.5) Hz. Therefore, the 0.2 Hz difference between adjacent
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AFFP and DFFP frequencies should be interpreted as the programmed spacing between
predefined stimulus and command labels rather than as independent Fourier frequency
resolution. The reported classification accuracy consequently represents the ability of the
evaluated methods to assign the EEG responses to the correct predefined label under the
experimental conditions.

2.5. Classification Tasks and Accuracy Calculation

The analyses were divided into two classification tasks. First, fundamental frequency
classification was performed separately within the low- and high-frequency ranges. The
low-frequency task contained five classes labeled 6, 7, 8, 9, and 10 Hz, whereas the high-
frequency task contained five classes labeled 41, 42, 43, 44, and 45 Hz. Thus, each frequency
range analysis was a five-class problem rather than a ten-class or 100-class problem. For
the fixed-frequency condition, the true fundamental frequency label remained constant
throughout the trial. For AFFP and DFFP, the fundamental frequency label also remained
constant, although the presented subfrequency changed every 2 s.

Second, command-level classification was performed conditionally within each known
fundamental frequency group for the AFFP and DFFP conditions. The fundamental fre-
quency group was specified from the experimental label and was not reclassified during
this analysis. Within that group, one of the five subfrequencies was detected and con-
verted into Commands 1-5 according to the order-specific mapping in Table 1. Conse-
quently, command-level accuracy reflects subfrequency/command discrimination within
a known fundamental frequency group and does not include errors from fundamental
frequency classification.

Accuracy(%) = I\Z]\Clormt x 100 (24)
total

To ensure a comparable evaluation, the fixed-frequency, AFFP, and DFFP conditions
were compared only in the five-class fundamental frequency classification task within each
frequency range. The same five fundamental frequency labels, 2 s analysis-epoch duration,
EEG channels, and signal-processing methods were used for all three conditions. The
fixed-frequency condition was not included in the command-level comparison because it
contained neither sequential subfrequency changes nor command positions.

A prediction was considered correct when the predicted label matched the correspond-
ing ground-truth label. For fundamental frequency analysis, Ncorrect Was the number of
epochs assigned to the correct fundamental frequency class. For command-level analysis,
it was the number of AFFP or DFFP epochs assigned to the correct command label. An
idle output during a stimulation epoch was counted as an incorrect prediction. Accuracy
was calculated separately for each participant and experimental condition before averaging
across the 15 participants. Because both fundamental frequency and command-level classi-
fication involved five classes, the theoretical chance level for single-epoch classification was

20%. For complete consecutive command sequences, assuming independent and uniformly

random predictions, the chance level was (%) " x 100, corresponding to 0.80%, 0.16%, and

0.032% for sequences containing three, four, and five commands, respectively.

In addition to classification accuracy, an offline theoretical information transfer rate
(ITR) was estimated to provide a complementary measure of classification efficiency [53].
For an N-class classification task with classification accuracy P, the information transferred
per decision was calculated as follows:

1-P
B =log, N + Plog, P + (1+P)10g2<N_1> (25)
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where B denotes the information transferred per decision in bits, N is the number of possible
classes, and P is the classification accuracy expressed as a proportion. The corresponding
ITR was calculated as follows: 60

ITR = =B 26
. (26)

where T is the decision time in seconds. In the present study, N = 5and T = 2 s, corre-
sponding to the five-class classification task and the duration of each analysis epoch. The
resulting values therefore represent theoretical offline ITR estimates rather than measured
online BCI communication rates.

For the AFFP and DFFP conditions, the command labels occurred in a predetermined
temporal sequence rather than being independently selected by the participant. Therefore,
the assumptions of conventional selection-based online ITR were not fully satisfied. In
addition, each experimental trial required 80 s, comprising a 10 s baseline period, a 10 s
stimulation period, and a 60 s rest interval. Because the 10 s stimulation period contained
five labeled 2 s epochs, the experimental presentation rate was 3.75 labeled epochs/min.
This value is reported as a description of the experimental protocol and should not be
interpreted as conventional online BCIITR.

3. Experimental Results

The experimental results were evaluated at three complementary levels. First, fun-
damental frequency classification performance was examined as a five-class problem
across the signal-processing methods, frequency ranges, and stimulation patterns. Second,
command-level classification performance was evaluated for the AFFP and DFFP condi-
tions within each fundamental frequency group, with the five subfrequencies representing
five command labels. Third, the ability to detect ordered sequences containing three, four,
and five consecutive commands was assessed. The combinations of stimulation condition,
fundamental frequency, subfrequency, and command position were used to organize the
experimental data and were not treated as separate classification classes.

3.1. Comparison of Signal-Processing Methods and Stimulation Patterns

This section presents the results in three parts to assess the effectiveness of the visual
stimulus patterns and classification methods.

First, Figure 4 compares the classification accuracy obtained using FFT, PSD, CCA,
FBCCA, dynamic PSD, STFT, CWT, and DWT across the low-frequency (6-10 Hz) and high-
frequency (41-45 Hz) ranges. Overall, most methods exhibited higher median accuracy
under low-frequency stimulation than under high-frequency stimulation. FFT, PSD, CCA,
FBCCA, dynamic PSD, STFT, and CWT achieved relatively high performance in the low-
frequency range, whereas DWT showed lower accuracy than the other methods. In the high-
frequency range, STFT provided the highest median accuracy and a relatively consistent
distribution. In contrast, CWT exhibited a wider distribution across subjects, indicating
greater intersubject variability at high stimulation frequencies. These findings demonstrate
that the performance of each classification method varied according to the stimulation-
frequency range.

Second, Figure 5 compare the five-class fundamental frequency classification accu-
racy obtained using the eight signal-processing methods was compared among the fixed-
frequency, AFFP, and DFFP stimulation patterns. Descriptive variation was observed
among the three stimulation patterns across individual methods; however, no consistent
directional pattern was evident. The statistical analysis showed no significant main effect
of the stimulation pattern and no significant interaction between the stimulation pattern
and the signal-processing method. Therefore, the observed differences do not demonstrate
an overall classification advantage of AFFP or DFFP over fixed-frequency stimulation.

https://doi.org/10.3390/sym18101615


https://doi.org/10.3390/sym18101615

Symmetry 2026, 18, 1615

19 of 31

SSVEP Detection Methods

FFT

PSD

CCA

FBCCA
Dynamic PSD

STFT

SSVEP Detection Methods

CWT

DWT

(a) Low frequency (6-10 Hz) (b) High frequency (4145 Hz)
Mean Mean
(%) (%)
] 886 [ C T | 829
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Average Classification Accuracy (%)

Figure 4. Five-class fundamental frequency classification accuracy across eight methods in (a) low-
frequency (6-10 Hz) and (b) high-frequency (41-45 Hz) ranges. Central boxplot lines indicate medians;
Mean (%) columns report means across 15 participants.

(a) Fixed (b) AFFP (c) DFFP

Mean Mean Mean
(%) (%) (%)
FFT —— Il 892 —— 874 —— I 897
PSD —— ) 86.6 — 90.0 — 901
cca +—{I 866 —— 80.1 ——l— 876
FBCCA +——— N 844 ——{ B 86.7 —l— 839
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Average Classification Accuracy (%)

Figure 5. Five-class fundamental frequency classification accuracy across eight methods under
(a) fixed-frequency, (b) AFFP, and (c) DFFP stimulation. Central boxplot lines indicate medians; Mean
(%) columns report means across 15 participants.

A two-way repeated-measures ANOVA was conducted to examine the effects of the
classification method and stimulation-frequency range on detection accuracy. The analysis
revealed a significant main effect of the detection method, F(7,98) = 9.093, p < 0.001,
Partial 7> = 0.394, indicating that detection accuracy differed among FFT, PSD, CCA,
FBCCA, Dynamic PSD, STFT, CWT, and DWT. A significant main effect of the stimulation-
frequency range was also observed, F(1,14) = 5.813, p = 0.030, Partial > = 0.293. Overall,
the low-frequency range produced a higher normalized accuracy than the high-frequency
range (90.8% vs. 80.6%). In addition, the interaction between the detection. The interaction
between method and frequency range was significant, F(7,98) = 3.170, p = 0.005, Partial
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n? = 0.185, indicating that the effect of the frequency range varied according to the selected
detection method.

Holm-adjusted pairwise comparisons showed that DWT produced significantly lower
overall accuracy than FFT (t(14) = 4.837, adjusted p = 0.007), STFT (t(14) = 4.576,
adjusted p = 0.012), PSD (t(14) = 4.495, adjusted p = 0.013), and dynamic
PSD (t(14) = 4.495, adjusted p = 0.013). No other pairwise differences between meth-
ods reached statistical significance after adjustment. Follow-up comparisons between the
frequency ranges showed that CCA achieved significantly higher accuracy in the low-
frequency range than in the high-frequency range (t(14) = 3.260, adjusted p = 0.046). The
remaining method-specific comparisons were not statistically significant after adjustment.

A two-way repeated-measures ANOVA was conducted to examine the effects of the
classification method and stimulation pattern on the detection accuracy. A significant
main effect of the detection method was observed, F(7,98) = 9.093, p < 0.001, Partial
1% = 0.394. In contrast, the main effect of the stimulation pattern was not statistically sig-
nificant, F(2,28) = 0.731, p = 0.490, Partial #2 = 0.050. The average normalized accuracies
were 89.7%, 85.6%, and 89.5% for the fixed-frequency, AFFP, and DFFDP, respectively. The
interaction between the detection method and stimulation pattern was also not significant,
F(14,196) = 1.515, p = 0.108, Partial 7> = 0.098. These results illustrate a substantial
impact of the signal-processing method on classification performance. However, no statisti-
cally significant differences were identified among the fixed-frequency, AFFP, and DFFP
stimulation patterns under the conditions examined.

The theoretical offline ITR values corresponding to these mean classification accuracies
are summarized in Table 3. Using the five-class formulation and a 2 s decision window, the
estimated ITRs were 49.1 bits/min for fixed-frequency stimulation, 43.2 bits/min for AFFP,
and 48.8 bits/min for DFFP. The lower ITR observed for AFFP primarily reflected its lower
mean classification accuracy under the same number of classes and decision time. These
values represent theoretical offline estimates and should not be interpreted as measured
online communication rates. The experimental protocol itself provided a presentation rate
of 3.75 labeled epochs/min because each 80 s trial contained five 2 s stimulation epochs.

Table 3. Classification accuracy and theoretical offline information transfer rate across stimulation

patterns.
Stimulation Pattern Classification Accuracy Theoretlc.al Ofﬂme ITR
(bits/min)
Fixed-frequency 89.7 49.1
AFFP 85.6 43.2
DFFP 89.5 48.8

Note: Theoretical offline ITR was calculated using a five-class formulation and a 2 s decision window.
The experimental presentation rate was 3.75 labeled epochs/min for all stimulation conditions. The
reported ITR values are offline theoretical estimates and should not be interpreted as conventional
online BCI communication rates.

The statistical results indicate that classification performance was primarily associated
with the selected signal-processing method and stimulation-frequency range. Although
CWT yielded the highest descriptive average accuracy, this result should not be interpreted
as evidence that CWT was significantly superior to all other methods. In contrast, no
significant overall difference was found among the fixed-frequency, AFFP, and DFFP
stimulation patterns. The results therefore support the feasibility of detecting the staircase
sequences but not their superiority over fixed-frequency stimulation.

In the third part, the classification performance of the AFFP and DFFP stimulus
patterns was compared across the evaluated fundamental flicker frequencies using the
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CWT method, as shown in Figure 6. In the low-frequency range shown in Figure 6a, the
average detection accuracy ranged from 81.1% to 95.0%. DFFP achieved higher accuracy
than AFFP at 6 Hz, 9 Hz, and 10 Hz, with accuracies of 86.9%, 91.7%, and 95.0%, respectively.
AFFP slightly outperformed DFFP at 7 Hz and 8 Hz, achieving accuracies of 90.5% and
87.6%, respectively. The highest accuracy in the low-frequency range was obtained by
DFFP at 10 Hz.

B AFFP [EE DFFP

905 g95 876 87.4 89.5 91.7 86.6 95.0

86.9

8 9
Flickering Frequency (Hz)

(a)
[- AFFP [ DFEP
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41 42 43 S 45
Flickering Frequency (Hz)
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Figure 6. Five-class command-level classification accuracy for AFFP and DFFP within each funda-

mental frequency group: (a) low-frequency range and (b) high-frequency range.
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In the high-frequency range shown in Figure 6b, the average detection accuracy
ranged from 75.0% to 82.2%, which was lower than that observed in the low-frequency
range. AFFP achieved higher accuracy at 41 Hz, 43 Hz, 44 Hz, and 45 Hz, with values
of 82.2%, 78.0%, 77.8%, and 81.1%, respectively. At 42 Hz, the corresponding accuracies
were 77.3% for AFFP and 78.0% for DFFP. These results indicate that both AFFP and DFFP
produced classifiable EEG responses under all nominal programmed frequency conditions,
although their relative performance varied across fundamental frequency groups. Because
the adjacent command states differed by only 0.2 Hz and the physical LCD luminance
waveform was not independently verified, these results should not be interpreted as direct
evidence that the displayed frequencies were physically separated at exact 0.2 Hz intervals.

3.2. Evaluation of Consecutive Command Detection

To examine the potential suitability of the proposed stimulation paradigm for future
BCI applications, consecutive command detection was evaluated using offline EEG data.
This analysis assessed whether sequences containing three, four, and five commands
could be detected under the AFFP and DFFP conditions. It did not involve real-time BCI
operation or closed-loop device control. The average offline classification accuracies were
compared between the AFFP and DFFP stimulation patterns within the low- and high-
frequency ranges.

The consecutive command accuracy was evaluated at the complete-sequence level.
Within each AFFP or DFFP trial, the detected subfrequency labels from consecutive 2 s
epochs were compared with the expected ordered sequence. Consecutive command analy-
sis was performed within each known fundamental frequency group using the command-
level outputs described above. Sequence evaluation always started from the first 2 s
stimulation epoch. For m = 3, the first three epochs were evaluated; for m = 4, the first
four epochs were evaluated; and for m = 5, all five epochs were evaluated. No sliding or
alternative starting positions were used. A sequence was considered correct only when all
m command labels were detected correctly and in the expected order. For example, for the
7 Hz fundamental frequency group, the expected AFFP sequences were [7.0, 7.2, 7.4] Hz
for three commands, 7.0, 7.2, 7.4, 7.6] Hz for four commands, and (7.0, 7.2, 7.4, 7.6, 7.8]
Hz for five commands. For DFFP, the corresponding sequences were evaluated in the
reverse order. The consecutive command accuracy was calculated as follows:

N,
Accuracy,, (%) = # x 100 (27)
evaluated,m

where Niorrect,n denotes the number of sequences in which all m commands were detected
correctly and in the correct order, and N,y,uated,m denotes the total number of evaluated
sequences of length m. Accuracy was calculated separately for each participant, stimulation
pattern, frequency range, and sequence length before being averaged across participants.
Table 4 summarizes the classification accuracy for three, four, and five consecutive
commands under low- and high-frequency AFFP and DFFP stimulation. For three con-
secutive commands, the overall average accuracy was 91.5 £ 9.6%. High-frequency DFFP
achieved the highest accuracy of 95.0 &+ 27.0%, followed by low-frequency DFFP at 94.3
£ 17.6%. The corresponding accuracies for low- and high-frequency AFFP were 86.7 +
16.2% and 89.1 £ 14.2%, respectively. When the number of consecutive commands in-
creased to four, the overall average accuracy decreased to 80.3 &= 6.8%. The accuracies
were 78.3 £ 6.9% and 79.4 + 7.6% for low-frequency AFFP and DFFP, respectively, and
79.4 £9.9% and 83.9 &= 21.7% for high-frequency AFFP and DFFP, respectively. For five
consecutive commands, the overall average accuracy further decreased to 76.7 &£ 4.7%.
Low-frequency AFFP and DFFP both achieved an accuracy of 75.0 £ 0.0%, whereas high-
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frequency AFFP and DFFP achieved 77.2 £ 8.6% and 79.4 & 17.2%, respectively. These
results indicate that the classification accuracy gradually decreased as the number of consec-
utive commands increased. The stimulation pattern did not have a significant main effect
on consecutive command accuracy; therefore, the observed pattern-specific differences
were not interpreted as evidence of a performance advantage for either AFFP or DFFP.

Table 4. Average classification accuracy for different numbers of consecutive commands under low-
and high-frequency visual flicker patterns.

Visual Stimulus Average Classification Accuracy (%)

Pattern 3 Commands 4 Commands 5 Commands
Low—AFFP 86.7 +16.2 783 £ 6.9 75.0 = 0.0
Low—DFFP 943 +17.6 794+ 76 75.0 + 0.0
High—AFFP 89.1 +14.2 79.4+99 77.2 + 8.6
High—DFFP 95.0 +27.0 83.9 +21.7 79.4 +17.2

Average 91.5£9.6 80.3 £6.8 76.7 £ 4.7

Statistical analysis of the participant-level complete-sequence accuracies using a two-
way repeated-measures ANOVA showed a significant main effect of the number of con-
secutive commands, F(2, 28) = 62.98, p < 0.001, partial n? = 0.818. Holm-adjusted paired
comparisons showed that the accuracy for three commands was significantly higher than
that for four commands, #(14) = 6.83, adjusted p < 0.001, and five commands, {(14) = 8.30,
adjusted p < 0.001. The accuracy for four commands was also significantly higher than
that for five commands, #(14) = 8.74, adjusted p < 0.001. In contrast, the main effect of
stimulation pattern was not significant, F(1, 14) = 0.64, p = 0.439, partial n? = 0.043, and no
significant interaction was observed between stimulation pattern and command number,
F(2, 28) = 1.10, p = 0.347, partial n?> = 0.073. These results quantify the expected reduc-
tion in complete-sequence reliability as classification errors accumulate across successive
command epochs, while no statistically significant difference was detected between AFFP
and DFFP.

For the consecutive command analysis, participant-level complete-sequence accuracies
were analyzed using a two-way repeated-measures ANOVA with stimulation pattern (AFFP
and DFFP) and sequence length (three, four, and five commands) as within-subject factors.
Significant effects of sequence length were further examined using paired-samples t-tests
with Holm adjustment for multiple comparisons.

4. Discussion

Based on the experimental results, three main aspects were analyzed: the effects of
the classification method and stimulation-frequency range; the performance of the fixed-
frequency, AFFP, and DFFP stimulation patterns across the evaluated frequencies; and the
effect of the number of consecutive commands on detection accuracy.

First, the results showed that classification performance was influenced more strongly
by the selected signal-processing method than by the stimulation pattern. The frequency-
domain and correlation-based methods, including FFT, PSD, CCA, and FBCCA, provided
generally reliable detection performance. Among the evaluated methods, CWT yielded the
highest descriptive average accuracy, whereas DWT generally produced lower accuracy.
The lower performance of DWT may be associated with its relatively broad discrete fre-
quency bands, which can limit the discrimination of small frequency changes within short
analysis intervals. These findings indicate that the observed classification performance
should be attributed primarily to the signal-processing method rather than to an inherent
advantage of the AFFP or DFFP stimulation patterns.
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Regarding the stimulation-frequency range, the methods generally achieved higher
and more consistent performance in the low-frequency range than in the high-frequency
range. This result is consistent with previous findings showing that low-frequency visual
stimulation generally elicits stronger SSVEP responses in the visual cortex [54]. However,
the effect of the frequency range varied among the detection methods, indicating that
the selection of an appropriate signal-processing technique should consider the target
stimulation frequencies and the temporal characteristics of the EEG response.

The present study characterizes the offline classification of a monotonic, five-step
staircase comprising adjacent nominal frequencies and compares ascending and descend-
ing sequences across low- and high-frequency ranges. The fixed-frequency, AFFP, and
DFFP stimulation patterns demonstrated comparable overall classification performance,
with no statistically significant main effect of stimulation pattern; however, this finding
does not establish equivalence. Frequency-specific descriptive differences between AFFP
and DFFP revealed no consistent directional pattern and provided no evidence that either
staircase direction was superior. These findings support the feasibility of offline classifica-
tion of successive frequency states within a known fundamental-frequency group. Their
potential application to multilevel command mapping requires online, closed-loop vali-
dation before any improvements in adaptive or robotic control can be established. This
contribution should be considered in conjunction with established SSVEP encoding ap-
proaches, including MFSC, TFSK-SSVEP, DFBC, and MTFSC [32,34,36,37], as well as the
use of 0.2-Hz frequency spacing in joint frequency—phase coding [35]. Accordingly, its con-
tribution consists of evaluating the specific staircase configuration and its frequency-state
classification performance, rather than introducing a novel sequential-coding principle or
frequency-spacing strategy.

Table 5 compares the present study with representative sequential SSVEP encoding
paradigms. Zhang et al. [32] reported 95.87% offline accuracy for four-target MFSC, whereas
Ge et al. [36] achieved 76.6% offline and 79.3% online accuracy for 48-target DFBC. Yue
et al. [37] reported 89.04% online accuracy and 36.37 bits/min for nine-target MTFSC, while
Ge et al. [38] achieved 86.81% offline and 91.36% online accuracy using block-distributed
joint temporal-frequency-phase modulation for 48 targets. In the present study, AFFP and
DFFP achieved pattern-level accuracies of 85.6% and 89.5%, with theoretical offline ITRs
of 43.2 and 48.8 bits/min, respectively. These accuracies fall within the range reported in
the comparison studies but do not demonstrate equivalent performance. The main contri-
bution of the present study is the offline evaluation of individual states within ascending
and descending frequency staircases across two frequency ranges using eight established
methods. Classification and ITR calculations involved five command states within a known
fundamental-frequency group rather than all 25 mappings jointly. Differences in command
definitions, timing, EEG montages, decoding methods, and evaluation protocols limit
direct comparisons. Moreover, the theoretical offline ITRs do not demonstrate practical
throughput; online closed-loop validation is needed to establish the utility of staircase
stimulation for multilevel command mapping.

The observed between-subject variation in frequency-specific responses was descrip-
tive and was not used to construct or evaluate a personalized stimulation strategy. Con-
sequently, the present study does not demonstrate that subject-specific frequency selec-
tion improves the classification accuracy, stability, or information transfer rate relative
to non-personalized stimulation. Further studies directly comparing personalized and
non-personalized frequency selection are required before any benefit of personalization
can be established.

Second, the effects of consecutive commands were analyzed. The results indicate
that the number of consecutive commands affected the classification accuracy. The high-
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est performance was achieved with three consecutive commands, whereas the accuracy
gradually decreased when the number of commands increased to four and five. Because
complete-sequence accuracy required every constituent command to be correctly classi-
fied, the decline in performance for longer sequences was an expected consequence of
detection errors accumulating across successive decisions. Accordingly, this analysis is
interpreted as an operational estimate of sequence reliability rather than as a novel effect of
command number or as evidence of an advantage of DFFP over AFFP. Within the present
offline dataset, three-command sequences yielded higher accuracy than four- and five-
command sequences. At the present stage, the paradigm therefore appears more suitable
for short offline command sequences than for longer command sequences or real-time
control. Whether three commands provide an appropriate balance between command
diversity and practical reliability requires further validation in an online BCI task. Figure 7
is presented solely as a hypothetical framework for future online implementation. The
robotic controller, adaptive feedback mechanism, and closed-loop interaction illustrated in
the figure were not implemented or validated using the present offline dataset.

Frequency-
Modulated Visual
Flicker Pattern

SSVEP Visual
Stimuli

Adaptive Controller

Force & Joint
Position Sensors

Robotic Control
System

Figure 7. Hypothetical conceptual architecture for future online implementation of the sequential
frequency-modulated SSVEP-BCI paradigm in robotic arm control. Red dots on the robotic arm
indicate the proposed locations of SSVEP visual stimuli. The illustrated closed-loop robotic-control
system was not implemented or evaluated in the present study.

Two mechanisms should be distinguished when interpreting this decline. First,
complete-sequence accuracy was defined conjunctively, such that every command in the
sequence had to be classified correctly. If the average probability of correctly detecting
one command is p, the expected probability of correctly detecting an entire n-command
sequence decreases approximately as p”, even when single-command performance remains
constant. Second, adjacent command states differed by only 0.2 Hz and were decoded
from consecutive 2 s epochs, whose nominal Fourier resolution was approximately 0.5 Hz.
Frequency-transition responses, incomplete stabilization within an epoch, residual activity
from the preceding frequency step, and within-trial fluctuations in attention may therefore
have produced correlated rather than independent errors. These factors were not measured
separately in the present experiment. Because visual fatigue was not assessed, the observed
decline cannot be attributed specifically to fatigue.
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Table 5. Comparison of representative sequential SSVEP encoding paradigms and the present study.

. . No. of o ITR
Study Stimuli Commands Features Methods Accuracy (%) (bits/min)
MPFSC using Ff:g;f;;gy-
Zhang et al. 75 ar;‘(i(l)Z Hz; 4 responses CCA 95.87 (siriiifte d
[32] successive 2 s across (offline) online)
coding epochs successive
&P epochs
DFBC using Temporal FBCCA with
10,12, 14, and sequence and . .
majority- 76.6 (offline); 53.7 1;
Ge et al. [36] 16 Hz across 48 dual- . . ]
. voting 79.3 (online) 55.9 (online)
four coding frequency self-correction
epochs allocation ei-correctio
Motion F
sl i BT g
Yue et al. [37] tempgral 9 omissi}z) 0 baesedea CeA 89.04 (online)  36.37 (online)
omissions
(MTFSC) features
B-JTFPM
using eight
frequencies
across two Temporal,
sequential frequency, FBCCA-based 86.81 (offline);
Geetal. [38] coding 48 and phase recognition 91.36 (online) N/A
sessions; 48 features
targets
arranged in
eight blocks
AFFP: five
ad]a(.:ent Spectral, time- FFT, PSD,
nominal .
frequencies in 5 per group frequency, Dynamic PSD, 85.6
Present study ascendin (25 mappings) and STFT, CWT, o fﬂine) 432 1
order atg * correlation DWT, CCA,
0.2-Hz features FBCCA
intervals
DFFP: five
ad]ac.ent Spectral, time— FFT, PSD,
nominal .
frequencies in 5 per group frequency, Dynamic PSD, 89.5
Present study descendin (25 mappings) and STFT, CWT, o fﬂine) 488
order at & * correlation DWT, CCA,
0.2-Hz features FBCCA
intervals

Note: * Five command states within each of five fundamental frequency groups yield 25 frequency—
command mappings per frequency range. Classification was performed within a known group, rather
than jointly across 25 classes. T Theoretical offline ITR based on five command states. Present-study
accuracies are averages for each stimulation pattern. Differences in timing and evaluation protocols
limit direct comparisons.

These results should be considered in light of several limitations. The sample was
limited to 15 healthy participants aged 19-21 years. Accordingly, the statistical findings
should be considered exploratory, and their generalizability to broader age groups and
clinical BCI populations is limited.
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In addition, EEG acquisition was limited to two occipital channels (O1 and O2), and
Oz and other parietal-occipital channels were not recorded. This limited montage may
have reduced the available spatial information, and the potential benefit of a broader
electrode configuration could not be evaluated in the present study. Electrode impedance
values were also not systematically recorded; therefore, the recording quality could not be
retrospectively characterized using impedance measurements. The controlled laboratory
environment may also restrict the generalizability of the results to real-world conditions.
Because the frequency-range and stimulation-pattern orders were not randomized or
counterbalanced, potential order, fatigue, and carry-over effects could not be separated
completely from the effects of frequency range and stimulation pattern. The detection
performance also decreased as the number of sequential commands increased, indicating
difficulty in maintaining reliable performance during longer command sequences. In
addition, the relatively broad frequency bands produced by DWT may limit its ability to
distinguish frequency changes of 0.2 Hz. Visual fatigue was not assessed in the present
study; therefore, its potential relationship with stimulation frequency, stimulation pattern,
and sequence length could not be evaluated. Most importantly, the present study was
limited to offline EEG classification and did not include real-time BCI operation, online
ITR, end-to-end latency, false-activation rate, task completion time, trajectory deviation, or
robotic and assistive-device validation. Therefore, the practical control performance of the
proposed staircase stimulation paradigm remains to be evaluated in an online closed-loop
BCI system.

The theoretical offline ITR analysis provides a complementary description of classi-
fication efficiency under a common five-class formulation and 2 s decision window. The
estimated ITRs were 49.1, 43.2, and 48.8 bits/min for the fixed-frequency, AFFP, and DFFP
conditions, respectively. Because the number of classes and decision time were identical
across the three conditions, these ITR differences primarily reflected the corresponding
differences in classification accuracy. Accordingly, the ITR analysis does not indicate an
advantage of AFFP or DFFP over fixed-frequency stimulation.

These theoretical estimates should also be distinguished from practical experimental
throughput. The complete experimental protocol required 80 s per trial, including baseline,
stimulation, and rest periods, and therefore yielded a presentation rate of 3.75 labeled
epochs/min. Moreover, the AFFP and DFFP command states occurred in predetermined
temporal sequences rather than through independent user selections. Consequently, the
reported theoretical ITR values should not be interpreted as validated online BCI com-
munication rates. Practical ITR should be evaluated in a future real-time closed-loop
system incorporating user-driven command selection, decoding latency, idle decisions,
false activations, and classification errors.

In addition, the blank-wall baseline was not luminance-matched to the LCD stimula-
tion condition. Differences in visual input between the baseline and stimulation periods
may therefore have contributed to the baseline-normalized response scores. Because a
luminance-matched control condition was not recorded, we cannot accurately measure this
potential contribution from the current dataset. These scores should thus be interpreted
carefully. Future research should include a luminance-matched control to better evaluate
how background luminance influences the normalized responses.

The high-frequency results should also be interpreted cautiously because the physical
luminance waveform of the LCD monitor was not independently measured using a photo-
diode. Consequently, the programmed 41-45 Hz frequencies and their 0.2 Hz increments
should be regarded as nominal display conditions. Refresh-rate quantization, frame-timing
jitter, display response time, and unintended spectral components may have affected the
actual luminance output. The present results therefore demonstrate offline classification
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under the programmed stimulus conditions but do not independently verify the physical
separation of the displayed frequencies at 0.2 Hz intervals.

Future research should compare frequency increments of 0.2, 0.5, and 1 Hz together
with shorter and longer modulation intervals. These experiments should quantify the
response onset and stabilization time, classification accuracy, spectral separability, and
decoding latency to determine whether finer frequency increments provide sufficient gains
in command resolution to offset their reduced separability. Accordingly, the present 0.2 Hz
step and 2 s interval should be regarded as one exploratory configuration rather than an
optimized parameter combination. These frequency levels could subsequently be mapped
to robotic variables such as movement speed, position, or assistance level in an online
closed-loop system [55-58].

5. Conclusions

This study evaluated a discrete five-step staircase frequency stimulation protocol for
SSVEP-based BCls. Adjacent frequencies separated by 0.2 Hz were presented in ascend-
ing and descending orders and compared with conventional fixed-frequency stimulation
across low- and high-frequency ranges using eight established signal-processing methods.
Classification performance was influenced primarily by the signal-processing method
and stimulation-frequency range, whereas the stimulation pattern did not have a signif-
icant main effect. CWT demonstrated the highest average descriptive accuracy among
the evaluated signal-processing methods; however, this descriptive finding did not es-
tablish a statistically significant overall superiority of CWT over the other methods. The
fixed-frequency, AFFP, and DFFP conditions yielded comparable overall performance, and
neither staircase direction was consistently superior. AFFP and DFFP nevertheless elicited
detectable SSVEP responses throughout the staircase sequences, supporting their offline
feasibility for flexible sequential command design. Three-command sequences produced
higher accuracy than longer sequences, but their practical utility remains to be evaluated.
The small, homogeneous sample of 15 healthy participants aged 19-21 years constrains
how broadly these findings can be applied to other age groups and clinical populations.
The current results do not show that this method is better than fixed-frequency stimulation
or effective online control. Additional validation with larger and more diverse samples and
testing within an online closed-loop BCI system are necessary.
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