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Abstract: Brain–computer interfaces (BCIs) provide a direct communication pathway be-
tween the central nervous system and external environments, enabling human–machine
interaction control. Among them, event-related potential (ERP)-based BCIs are among
the most accurate and reliable BCI systems. However, current mainstream classification
algorithms struggle to eliminate calibration requirements and rely heavily on costly labeled
data, limiting the practical usability of ERP-based BCIs. To address this, the development
of unsupervised algorithms is critical for advancing real-world BCI applications. In this
study, we propose the spatio-temporal equalization sliding-window distribution distance
maximization (STE-sDDM) algorithm, which introduces spatio-temporal equalization (STE)
to unsupervised ERP classification for the first time and integrates it with a novel unsuper-
vised classification method, sliding-window distribution distance maximization (sDDM).
STE estimates and removes colored noise interference in background noise to enhance
the signal-to-noise ratio of inputs for sDDM. Meanwhile, sDDM leverages an enhanced
inter-class divergence metric based on the ergodic hypothesis theory, utilizing sliding win-
dows to emphasize temporally discriminative features, thereby improving unsupervised
classification accuracy. The experimental results demonstrate that the integration of STE
and sDDM significantly enhances ERP feature separability, outperforming state-of-the-art
unsupervised online classification algorithms in spelling accuracy and the information
transfer rate (ITR), facilitating more accurate and faster plug-and-play real-time control for
BCI systems. Additionally, static spatio-temporal equalizer architectures were found to
outperform dynamic architectures when combined with this framework.

Keywords: event-related potential; spatio-temporal equalization; unsupervised classification

1. Introduction
Brain–computer interfaces (BCIs) enable direct communication between the human

brain and external devices by identifying brain signals and translating them into con-
trol commands, leading to revolutionary advancements in fields such as rehabilitation,
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smart prosthetics control, and human–computer interaction [1–3]. For instance, in the
rehabilitation domain, BCIs can capture patients’ motor intentions in real time, triggering
mechanical hand movements as feedback to form a “brain–machine–body” closed-loop
training system [4–6]. This helps stroke or spinal cord injury patients rebuild damaged
neural pathways, significantly enhance neural plasticity, and accelerate motor function
recovery. Event-related potentials (ERPs), which are evoked electrophysiological responses
time-locked to external stimuli, are widely utilized in BCIs, with the P300 component
emerging approximately 300 ms post-stimulus [7–10]. ERP-based BCIs (ERP-BCIs) employ
machine learning (ML) techniques to extract features and classify ERPs, enabling command
decoding and system control [11,12].

ML approaches for ERP-BCIs include supervised, semi-supervised, and unsupervised
learning. Supervised methods (e.g., linear discriminant analysis (LDA), support vector
machines (SVMs), and neural networks like EEGNet and DeepConvNet) require labeled
training data [13–18]. Despite their accuracy, dependence on calibration phases increases
user burden and time costs [19]. While transfer learning and semi-supervised methods
reduce calibration needs, they remain constrained by labeled data requirements and feature
standardization challenges [20–25].

Unsupervised methods such as expectation maximization (EM), label proportion
learning (LLP), and unsupervised mean-difference maximization (UMM) aim to overcome
these limitations. Unsupervised ERP classification methods do not require ground-truth
labels for initialization; instead, they autonomously construct classification models by
leveraging the intrinsic variance within the input data. This characteristic makes them
well suited for calibration-free online classification scenarios. The EM algorithm is based
on the principle of expectation maximization, where a Gaussian classifier is randomly
initialized and iteratively optimized using Bayesian least-squares regression to estimate
target probabilities and refine classifier parameters [26,27]. LLP modifies the paradigm by
adjusting the probability of the target across different events, constructing a linear equation
for the mean of the target and non-target events. This ensures convergence to the true
average value after accumulating a sufficient number of epochs, although it is constrained
by specific paradigms [28,29]. Unlike classical binary classification approaches, UMM
aggregates classification results over an entire spelling trial rather than making single-event
decisions. It assumes each possible symbol as the target in a given trial and selects the
optimal hypothesis that maximizes the Mahalanobis distance between ERP target and
non-target averages. While UMM has demonstrated superior classification performance in
visual ERP datasets, its performance deteriorates in auditory and clinical environments [30].
Despite progress, these methods face challenges such as spatio-temporal feature weighting
and colored noise interference.

Therefore, this study proposes the spatio-temporal equalization sliding-window dis-
tribution distance maximization (STE-sDDM) algorithm. First, an improved approach,
the Sliding-Window Distribution Distance Maximization (sDDM) method, is introduced
within the UMM framework. This method enhances the measurement of inter-class dif-
ferences by incorporating two key aspects: the dispersion of intra-class distributions and
the similarity among multiple events within the target class. By more accurately assessing
the differences between the target and non-target hypotheses, this approach improves
classification performance. Additionally, the introduction of a sliding window facilitates
the extraction of time-varying features, allowing for the identification of temporal segments
with significant inter-class differences and ensuring greater emphasis on these critical
periods. Second, leveraging the respective advantages of the spatio-temporal equalizer
and ERP-based unsupervised classification algorithms, the sDDM method is integrated
with the spatio-temporal equalizer to construct a simple yet effective online classification
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framework. The STE technique employs a Multivariate Autoregressive (MVAR) model
to characterize EEG background noise. The estimated parameters are then applied to
the design of the spatio-temporal equalizer, which mitigates both spatial and temporal
correlations in multi-channel EEG background noise. This process effectively eliminates
colored components within the noise. To the best of our knowledge, this is the first applica-
tion of spatio-temporal noise equalization techniques in ERP classification tasks based on
unsupervised algorithms.

The proposed method is described in Section 2, followed by the experimental setup
and comparative validation in Sections 3 and 4. Section 5 provides an in-depth discussion
of the experimental performance, and Section 6 concludes this study.

2. Methods
2.1. EEG Signal Model and Background Noise Estimation

EEG signals contain not only task-related neural activity but also substantial back-
ground noise, including spontaneous EEG activity and artifacts such as electrooculographic
(EOG) and electromyographic (EMG) components. This background noise has been demon-
strated to be colored and exhibits high temporal correlation [31,32]. Traditional signal
processing methods often assume that background noise is uncorrelated Gaussian white
noise. This assumption primarily stems from the fact that spontaneous EEG originates
from the synchronized activity of large-scale distributed neuronal networks connected
via synapses [33]. Due to its complex and diverse origins, it is often approximated as a
Gaussian-distributed random signal based on the central limit theorem [34], facilitating
EEG analysis. However, in reality, due to the volume conduction effect of the skull, electri-
cal signals generated by brain activity undergo inevitable spatio-temporal aliasing during
their propagation from the cortex to the scalp. Consequently, EEG signals recorded by
extracranial electrodes typically exhibit significant spatio-temporal correlations.

The spatio-temporal correlation of EEG background noise is characterized by the
following aspects: (1) nonzero spatial correlation among background noise recorded by
different channels, (2) nonzero temporal correlation within a single channel, and (3) the
stability of this spatio-temporal correlation over a certain period. Given these properties of
background noise, STE is introduced to enhance the signal-to-noise ratio in unsupervised
classification tasks [35–37]. Before each trial in the online experiment, the raw EEG signals
are processed using an STE filter to suppress the spatial and temporal correlations of
background noise across multiple channels. The equalized signals are then input into the
sDDM algorithm for unsupervised classification.

To estimate the spatio-temporal correlation structure of background noise, it is nec-
essary to extract EEG segments devoid of event-related components. An MVAR model is
employed to characterize background noise, and the estimated parameters are subsequently
used to design the spatio-temporal equalizer.

For this study, the following assumptions are made regarding EEG background noise:

1. Task-related components and background noise components are independent of each
other;

2. Background noise exhibits short-term stationarity;
3. Background noise can be approximated as zero-mean Gaussian noise with spatio-

temporal correlations.

Based on the aforementioned considerations, the EEG signal containing task-related
components can be modeled as follows:

x(t) = s(t) + u(t), t = 1, 2, . . . , Nt, (1)
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where x(t) represents the raw EEG signal at time t, s(t) denotes the ERP component at time
t, and u(t) represents the residual background noise at time t. The total number of time
points in the EEG signal is denoted as Nt. Assuming that the signal has a spatial dimension
of L, we define x(t), s(t), u(t) ∈ RL×1.

To model these spatio-temporally correlated signals, an MVAR model is employed.
EEG signals are significantly affected by volume conduction, leading to substantial spatio-
temporal mixing. Compared to traditional techniques such as Principal Component Analy-
sis (PCA) and Independent Component Analysis (ICA), which primarily rely on variance
decomposition or assumptions of statistical independence, MVAR offers a key advantage in
capturing temporal causality. This capability allows it to more accurately model the spatio-
temporal dependencies of EEG signals, making it particularly suitable for background
noise estimation when a sufficiently large data window is available. The background noise
is represented using a P-order MVAR model as follows:

u(t) = ∑P
p=1 A(p)u(t − p) + ε(t), (2)

where A(p) ∈ RL×L represents the p-th coefficient matrix in the MVAR model, and ε(t) ∈
RL×1 denotes temporally uncorrelated noise at time t. Specifically, all L channels of ε(t) are
assumed to be independent and identically distributed (i.i.d.) Gaussian noise. Let Σε be the
spatial covariance matrix of ε(t), such that

E[ε(t)] = 0,

E
[
ε(t)ε(t)T

]
= Σε, (3)

E
[
ε(t)ε(t − k)T

]
= 0.

Typically, the order of the MVAR model is determined using Akaike’s Final Prediction
Error (FPE) criterion [38] or Schwarz’s Bayesian Criterion (SBC) [39]:

l(P) = log(det[(N − LP − 1)Σε]), (4)

FPE(P) =
l(P)

L
− log

(
N(N − LP − 1)

N + LP + 1

)
, (5)

SBC(P) =
l(P)

L
−
(

1 − LP + 1
N

) logN. (6)

Within a predefined range of model orders, the optimal order P is selected as the one
that minimizes either FPE(P) or SBC(P). In this study, the order of the MVAR model was
set within the range of [4,16], with the optimal order determined using the FPE criterion.

2.2. Design of the Spatio-Temporal Equalizer

To eliminate spatio-temporal correlations, a filter bank comprising P + 1 FIR filters
can be designed to equalize the EEG signals. This set of filters is referred to as the spatio-
temporal equalizer.

However, to design the spatio-temporal equalizer, it is necessary to obtain the known
background noise component u(t). In the context of unsupervised online classification, it
is not possible to precisely estimate the signal component s(t) from labeled data and then
derive an estimate of u(t) by subtracting s(t) from the raw signal x(t). As an alternative,
we can select a segment of pure background noise that is sufficiently close in time to x(t)
and free of task-related components. This segment, denoted as y(τ) ∈ RL×1, corresponds
to time point τ and spans Nτ time points, i.e., τ = 1, 2, . . . , Nτ . Based on the assumptions
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about background noise, including the independence of task-related components and
background noise, as well as the short-term stationarity of the latter, it can be assumed
that y(τ) exhibits the same spatio-temporal correlation as u(t) and thus can be used as a
substitute for u(t) in the estimation of the MVAR model.

The optimal P-order of the MVAR model is determined for the background noise
segment y(τ), and the P-order MVAR model is estimated as follows:

y(τ) = ∑P
p=1 A(p)y(τ − p) + ξ(τ). (7)

From this, we can obtain the P parameter matrices A(p) and the residual noise ξ(τ) ∈
RL×1, whose spatial covariance is denoted as Σξ . The spatio-temporal equalizer B ∈
RL×L(P+1) is defined as follows:

B = [B0, B1, . . . , BP] = Σ− 1
2

ξ [IL,−A(1), . . . ,−A(P)], (8)

where Σ− 1
2

ξ represents the whitening matrix derived from the spatial covariance matrix,
and IL is the L-dimensional identity matrix. The spatio-temporal equalizer B ensures that
the output of the noise y(τ) after equalization satisfies the spatio-temporal decorrelation
constraint. Consequently, B also ensures that u(t), which shares the same spatio-temporal
correlation as y(τ), will be decorrelated after equalization.

2.3. Application of the Spatio-Temporal Equalizer

The raw EEG signal x(t) is input into the spatio-temporal equalizer B, and the output
of the equalizer is denoted as z(t). The process of applying the spatio-temporal equalizer B
to x(t) is represented as follows:

z(t) = ∑P
p=0 Bpx(t − p)

= ∑P
p=0 Bps(t − p) + ∑P

p=0 Bpu(t − p)
= v(t) + ε(t)

(9)

In this equation, v(t) represents the signal component s(t) after equalization, and
ε(t) denotes the residual noise after equalizing u(t). Ideally, the output signal z(t) after
equalization contains only the signal component and Gaussian noise ε(t), which is spatially
and temporally uncorrelated. The spatio-temporal correlations of the noise are effectively
removed.

It is important to note that, although we assume the independence between s(t) and
u(t), the correlation between the measured s(t) and u(t) in practical environments can only
be minimized, but not eliminated. Therefore, in practice, the components of s(t) that are
correlated with u(t) will be equalized, and the spatio-temporal correlation of v(t) will no
longer perfectly match that of s(t). In other words, the ERP features before and after STE
will be altered.

2.4. Sliding-Window Distribution Distance Maximization

The sDDM algorithm is specifically designed for online EEG processing and unsuper-
vised classification. It treats a single trial, which is the complete spelling process of one
character in the spelling paradigm, as the minimal classification unit. The algorithm will be
outlined from two perspectives: one from the viewpoint of a single trial and the other from
the overall online decoding process.
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2.4.1. Single-Trial Classification Process

To identify the true target, inspired by the UMM algorithm [30], we perform a one-by-
one evaluation of all possible target hypotheses in the paradigm. This involves assuming
target m as the correct one and evaluating the classification confidence for that hypothesis.
We then iterate through all Ns possible target hypotheses and select the one with the highest
confidence as the classification result.

For a single trial, we define the input data as X ∈ RC×T×S, where C represents the
number of channels, T is the number of time points, and S is the total number of samples
in the trial. First, we center X by removing the overall mean. The samples in X can be
categorized into two groups: X1 ∈ RC×T×N1 (target) and X0 ∈ RC×T×N0 (non-target).
Alternatively, the samples can be divided into nflash subsets X′

f , where f = 1, 2, . . . , nflash,
based on the type of associated flash code, corresponding to the nflash possible flash
types in the paradigm. Taking the row–column flash paradigm as an example, the above
two partitioning methods result in a relationship: X1(m) =

{
X′

fm1 , X′
fm2

}
, where the

assumed target in hypothesis m includes flash types fm1 and fm2 (with fm1 ̸= fm2, and
{ fm1, fm2} ∈ {1, 2, . . . , nflash}).

In the previous UMM algorithm [30], the square Mahalanobis distance between the
mean templates of X1 and X0 was used as a measure of hypothesis confidence. However,
this metric overlooks two key aspects: (1) the within-class distribution information of X1

and X0; (2) the similarity between samples corresponding to different flashes within X1

(i.e., X′
fm1 and X′

fm2). To better utilize these aspects, we propose an improved inter-class
difference measure:

D(m) =
d f− f

M (m)

dW(m)
, (10)

where d f− f
M (m) represents the improved inter-class distance under target hypothesis m,

which reflects the flash differences between X′
fm1 and X′

fm2 ; dW(m) is the average intra-

class distance under target hypothesis m. The calculations of d f− f
M (m) and dW(m) are

as follows:

dW(m) = ∑1
k=0 ∑Nk

s=1

σ
(
Xs

k − X̂k
)
Σ−1(σ(Xs

k − X̂k
))T

Nk
, (11)

where Nk is the total number of samples in class k, Xs
k is the s-th sample of class k, X̂k is the

mean template of class k, and Σ is the Block–Toeplitz covariance matrix [15] derived from X,
of size CT × CT. σ(·) represents the operation of flattening a matrix into a one-dimensional
vector, with the first dimension being of size 1.

d f− f
M (m) = σ

(
X̂′

fm1 − X̂0

)
Σ−1

(
σ
(

X̂′
fm2 − X̂0

))T
. (12)

In the above equation, X̂′
fm1 , X̂′

fm2 , and X̂0 are the mean templates of X′
fm1 , X′

fm2 ,
and X0, respectively. The modified inter-class distance is influenced by the angle between
the two vectors X̂′

fm1 − X̂0 and X̂′
fm2 − X̂0. Compared to the simple inter-class mean

distance σ
(
X̂1 − X̂0

)
Σ−1(σ(X̂1 − X̂0

))T used in UMM, this approach further reduces the
interference caused by the simultaneous presence of target and non-target stimuli in fm1

and fm2, leading to improved classification accuracy.
Additionally, the introduction of a sliding window allows for a better extraction of

local features from the samples. Due to the temporal characteristics of ERPs, the difference
between targets and non-targets does not appear to be equally significant across all T
time points. By incorporating a sliding window, we can obtain a distance measure for
each window and emphasize the weights of the windows where the differences are most
pronounced, thereby achieving a more reliable estimate of the inter-class differences.
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With the sliding window applied, we divide the time window of the sample into
overlapping Nsw windows and calculate an inter-class difference measure Di(m) ∈ R
from each window, as given in Equation (10), where i = 1, 2, . . . , Nsw. Next, we need to
obtain a single scalar value as the overall inter-class difference measure. However, since
labeled data cannot be used effectively to estimate the window weight vector, we adopt the
following method:

D(m) = (∑Nsw
i=1 (Di(m))γ)

1/γ
. (13)

In this equation, the overall inter-class difference measure D(m) is computed as the
1/γ-th power of the sum of the γ-th powers of the differences from all Nsw windows,
essentially the Lγ-norm of the difference vector. We note that a simple average corresponds
to an Lγ-norm with γ = 1. As γ increases, elements with larger absolute values exert a
greater influence on the Lγ-norm result. This property allows Lγ-norm with γ > 1 to serve
as an automatic weighting mechanism within the sliding window, without the need for
explicit training.

Finally, the inter-class difference measure D(m) obtained from each target hypothesis
m serves as the measure of classification confidence. We denote the hypothesis with
the largest inter-class difference as hypothesis m1, the second largest as hypothesis m2,
and so on, with the hypothesis with the smallest inter-class difference labeled as mNs .
Consequently, hypothesis m1, the one with the highest confidence, is selected as the most
reliable hypothesis, and its corresponding label is output as the algorithm’s predicted label.

2.4.2. Fully Online Classification Process

Since the sDDM algorithm does not use labeled training data, leveraging information
from previous trials is crucial for improving the online classification performance. We
adopt an online updating strategy, utilizing pseudo-labels generated from past trials to
enhance the classification capability of subsequent trials.

Consider the n-th trial (where n > 1) in the online process. To improve the classification
performance of the n-th trial, the online update strategy will use the classification results
from the previous n − 1 trials to adjust certain inter-class difference measures in the single-
trial classification process, thereby incorporating the empirical knowledge accumulated
from the earlier trials. In UMM, the update strategy focuses on adjusting X̂1 and X̂0.
However, in sDDM, this adjustment extends to X̂′

fm1 , X̂′
fm1 , X̂0, and dW .

Let any quantity that needs adjustment be denoted as ∆X. The adjustment can be
written as follows:

∼
∆X

n
=


(

∑n−1
j=1 w(j)

∼
)∆X

n−1
+w(n)∆Xn

∑n
j=1 w(j) , n > 1

∆Xn , n = 1

. (14)

In this equation, ∆Xn represents the adjustment before it is updated, and
∼

∆X
n

repre-
sents the adjusted value. The confidence for the n-th trial, w(n), is calculated as follows:

w(n) = min
(

1,
D(n, m1)− D(n, m2)

std(D(n, m2), . . . , D(n, mNs))

)
. (15)

After performing these calculations, we substitute
∼

∆X
n

in place of ∆Xn in Equations
(10) to (12) where ∆X appears, continuing to compute the classification result. The adjusted

value
∼

∆X
n

is then recorded for online updating in subsequent trials.
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2.5. Spatio-Temporal Equalization Sliding-Window Distribution Distance Maximization
(STE-sDDM) Algorithm Flow

The STE-sDDM algorithm leverages the spatio-temporal equalizer to enhance the
signal-to-noise ratio of the input signals. As a result, its classification performance is
expected to surpass that of the basic sDDM algorithm. As shown in works like [37],
when introducing STE, a dynamic window is typically used to acquire the most recent
noise segment corresponding to the current trial, effectively adapting to the changes in
resting-state noise.

However, the sDDM algorithm relies on general ERP features learned from previous
trials to strengthen its classification capability, primarily based on the assumption that
ERP features remain stable throughout the online process. Given that the spatio-temporal
equalizer’s adjustments also alter ERP features, we propose combining a stationary spatio-
temporal equalizer with the sDDM algorithm to ensure that the ERP features v(t) remain
consistent in every input. The framework of this approach is illustrated in Figure 1, which
depicts the EEG data flow directed into STE and sDDM. The segment y(τ), spanning from
the start of the data collection to the beginning of trial 1, is used as background noise to
construct the static spatio-temporal equalizer B. Each trial’s input, x(t), is then processed
by B, producing z(t), which undergoes further preprocessing before being fed into the
sDDM classifier.
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3. Experimental Design
3.1. Datasets and Data Processing

This experiment uses two datasets based on the VEP paradigm:
Dataset 1: This dataset was collected by our team for participation in the ERP task of

the 2023 World Robotics Competition’s BCI Brain Control Competition (Document No.:
ECUST-2022-054). It consists of EEG recordings from 42 participants, with each participant
completing a random character spelling task across 32 trials. Each trial involves five rounds
of randomly ordered flashes, with an inter-flash interval of 850 ms. Each sequence contains
12 flashes, and the flash encoding is defined based on binomial coefficients [40]. The flashes
depict the appearance and disappearance of a face, each lasting for 75 ms (stimulus onset
asynchrony, SOA = 150 ms). The paradigm interface displays a 6 × 6 character matrix
containing the letters A–Z, numbers 1–9, and an underscore, totaling 36 spelling targets.
EEG data were collected using the NSW364 wireless EEG system (Neuracle, NeuSen W
series) with 59 channels at a sampling rate of 1000 Hz.
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Dataset 2: This dataset comes from the ERP paradigm dataset of the OpenBMI reposi-
tory, consisting of recordings from 54 healthy participants (aged 24–35; 25 females) [41].
EEG signals were recorded at a sampling rate of 1000 Hz using 62 Ag/AgCl electrodes, with
the BrainAmp amplifier (Brain Products, Munich, Germany) and a nasal reference electrode,
grounded to AFz. The electrode impedance was maintained below 10 kΩ throughout the
experiment. The experimental paradigm follows the typical 6 × 6 row–column spelling
design, spelling out 36 symbols (letters A-Z, numbers 1–9, and an underscore). The flash
sequence uses a random set [42], with facial stimuli and ISI and SOA of 135 ms and
215 ms, respectively.

For both datasets, 32 channels are selected, and the data are initially segmented by
trial to serve as the input for the signal processing steps. STE is applied to the continuous
data of individual trials. We select the final segment of the data before the first trial as noise
data, and both the noise and trial data are filtered to remove low-frequency components
below 0.5 Hz to suppress baseline drift. The noise is then used to estimate the STE, and the
trial data are input to STE for equalization.

Regardless of whether STE was applied, each trial’s data are filtered using a Butter-
worth filter in the 1–16 Hz range before unsupervised classification. For data segmentation,
the time segment from 0 to 800 ms after each flash stimulus is extracted as a sample,
downsampled to 20 Hz, and the z-score is normalized for each channel.

3.2. Simulation of Online Experiment Design and Early Stopping Strategy

Two advanced unsupervised classification methods, UMM and EM, were selected
for this study. Both methods are compatible with the STE approach, providing a basis
for comparison with the proposed method. The sliding window length and step size for
the sDDM algorithm were empirically set to 200 ms and 50 ms, respectively. In the EM
algorithm, the maximum number of expectation maximization steps was set to 5.

All experiments in this study were conducted based on a simulated online process,
where the spelling of each character was treated as an individual trial. Each trial consisted of
a data packet containing continuous time-domain data for the current trial, along with trig-
ger information specifying the timing and type of the flash stimulus. The continuous data
were processed, and the trigger information was used to segment the data into samples for
classifier input. As an unsupervised simulated online experiment, no ground-truth labels
were provided, requiring the algorithm to perform classification predictions for all input
data. Additionally, the data packet sequence strictly followed the acquisition order of the
trials to ensure that the simulation closely resembled real-time data collection conditions.

Additionally, an early stopping mechanism was introduced to simulate the early
stopping strategy applied in online systems. Initially, the time window for each trial was
limited to a minimum number of repetitions for classification. After the classification was
performed, the reliability of the result was assessed. If the result was deemed sufficiently
reliable, no further data were used, and the trial’s classification output was finalized. If
the result was not reliable, the trial was discarded, and the time window was extended to
include one more repetition for reclassification. This process continued until the classifi-
cation result was deemed reliable or the maximum number of repetitions (set to 5) was
reached. For this study, the minimum number of repetitions was set to 2. To ensure that the
unsupervised methods had enough opportunity to learn classification features, the mini-
mum number of repetitions for the nth trial was set to max(5 − n + 1, 2), where n is the trial
number. To assess the reliability of the classification result, a confidence measure related to
the prediction score was used. The UMM and sDDM methods provide a confidence metric
w(n), which is computed based on the inter-class distance for each spelling target, with the
maximum value limited to 1. Thus, in Section 4, simulations of online experiments with
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early stopping were conducted for both UMM and sDDM, with the stopping condition
set to w(n) ≥ 1. In Section 5, the performance of EM, UMM, and sDDM without early
stopping is discussed in more detail.

When comparing the statistical significance of the experimental results, the two-
sample Kolmogorov–Smirnov (K-S) test was employed to calculate p-values between pairs
of results.

3.3. Experimental Environment

All experiments were performed on an HP laptop using MATLAB 2020b. The laptop is
equipped with a 13th-generation Intel® Core™ i9-13900HX CPU @ 2.20 GHz (Intel Corpo-
ration, Santa Clara, CA, USA), 16 GB of RAM, and a 64-bit Windows 11 operating system.

4. Results
As shown in Figure 2, we evaluated the performance of the UMM and sDDM unsuper-

vised classifiers with and without the application of STE in a simulated online experiment
with an early stopping strategy.
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Dataset 2.

For Dataset 1, the inclusion of STE before UMM significantly improved both spelling
accuracy and the information transfer rate (ITR) (accuracy: p = 0.046; ITR: p = 0.020).
The average spelling accuracy increased from 35.49% to 52.23%, and the average ITR
rose from 9.55 bits/min to 15.83 bits/min. When STE was applied before sDDM, both
spelling accuracy and the ITR showed even greater improvements (accuracy: p = 0.004; ITR:
p < 0.001). The average spelling accuracy increased from 81.62% to 92.56%, and the average
ITR increased from 30.19 bits/min to 36.27 bits/min.
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For Dataset 2, applying STE before UMM resulted in significant improvements in both
spelling accuracy and the ITR (accuracy and ITR: p < 0.001). The average spelling accuracy
increased from 62.88% to 95.76%, and the average ITR increased from 23.92 bits/min to
41.98 bits/min. However, compared to Dataset 1, the recording conditions or inherent
signal properties of Dataset 2 may have contributed to improved classification performance.
As a result, sDDM already achieved a high accuracy (97.99%) in Dataset 2, leaving little
room for further improvement after applying STE (98.77%). Nonetheless, the ITR perfor-
mance still showed a significant increase (ITR: p < 0.001), with the average ITR rising from
43.52 bits/min to 45.62 bits/min.

Furthermore, the relationship between UMM and sDDM was observed. In both
datasets, sDDM consistently outperformed UMM under the same conditions, whether
or not STE was used (Dataset 1 and 2, UMM vs. sDDM and STE-UMM vs. STE-sDDM,
accuracy, and ITR: p < 0.001). The average and median spelling accuracy and the ITR of
STE-sDDM were consistently the highest among the four methods shown in the legend.

Notably, in both datasets, there were participants with an ITR close to zero (i.e.,
spelling accuracy close to or below chance level). This phenomenon, commonly observed
in some unsupervised algorithms, is referred to as pseudo-label contamination. It primarily
occurs when excessive errors in pseudo-labels during online updates cause the classifier to
fail [30]. For these participants, STE-sDDM successfully filtered out such cases in Dataset
2, whereas only one affected participant was identified in Dataset 1. This suggests that
the denoising capability provided by STE improves early classification accuracy, thereby
enhancing the reliability of pseudo-labels and significantly mitigating the issue of pseudo-
label contamination.

Additionally, we further analyzed the average number of rounds used per trial for each
participant under the early stopping strategy, as shown in Table 1. The average number
of rounds for STE-sDDM was significantly lower than that of the other three methods
(p < 0.001), demonstrating its significant role in enhancing communication speed.

Table 1. The average number of rounds used by participants in a trial in the simulated online
experiments with the early stopping strategy applied on Datasets 1 and 2.

Dataset UMM STE-UMM sDDM STE-sDDM

Dataset 1 4.4308 4.1749 3.6138 3.3757
Dataset 2 3.6288 2.7890 2.7662 2.6409

5. Analysis and Discussion
5.1. Performance with Fixed Number of Rounds

The performance with early stopping reflects the ability of these classifiers to provide
rapid and stable decisions in an online environment. To evaluate how they perform under
various conditions, we assessed the ITR of EM, UMM, and sDDM, both with and without
STE, using different fixed numbers of rounds, as shown in Figure 3.

As shown in Figure 3, after applying STE, the EM algorithm does not show a consistent
improvement in Dataset 1. However, both UMM and sDDM show increases in the average
ITR across all fixed rounds in both datasets. Furthermore, STE-sDDM consistently achieves
the highest average ITR across all fixed rounds in both datasets.

We also analyzed the cumulative ITR curves for EM, UMM, and sDDM before and
after applying STE, as shown in Figure 4.
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Figure 4. Simulated online average cumulative ITR (bits/min) curves for all participants in Datasets
1 and 2 using fixed and different rounds. The horizontal axis represents the current average ITR
across all tests after the current test, and the upper limit of the vertical axis represents the maximum
possible ITR. (a–d) Average cumulative ITR curves for fixed 2–5 rounds on Dataset 1; (e–h) average
cumulative ITR curves for fixed 2–5 rounds on Dataset 2.

As the number of trials increases, the unsupervised methods gradually learn more
reliable classification models, resulting in an upward trend in the average cumulative ITR.
In Dataset 2, when using five fixed rounds (as shown in Figure 4h), both STE-sDDM and
sDDM approach the highest ITR levels allowed by their respective paradigms. In all other
conditions, the average cumulative ITR of STE-sDDM consistently outperforms that of
sDDM. Additionally, in both datasets, methods based on the sDDM classifier consistently
yield a higher average cumulative ITR compared to other methods, especially in the initial
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trials, where they demonstrate superior performance and achieve usable classification
results with fewer rounds than other classifiers.

5.2. Static vs. Dynamic Spatio-Temporal Equalizer Architectures

As mentioned earlier, while the spatio-temporal equalizer (STE) removes portions of
background noise, it may also eliminate overlapping event-related components, resulting in
ERP features in the output signal that differ from those in the original signal. Consequently,
as the STE itself varies, the ERP features in the output signal may also exhibit different
characteristics. To address this, we combined a static spatio-temporal equalizer with the
sDDM algorithm to ensure that the ERP features in each input remain stable. However, for
a spatio-temporal equalizer, the stability of background noise is only maintained in the
short term. The background noise, y(τ), must be sufficiently close in time to the signal
x(t) to ensure that spontaneous brain activity, electrode impedance, and other unrelated
conditions remain relatively unchanged, thus preserving the assumption that y(τ) and
u(t) share the same spatio-temporal correlation. To balance these two considerations, we
explored two variations in the STE-sDDM architecture: one using static noise and another
using dynamic noise to design the spatio-temporal equalizer.

The architecture shown in Figure 5a uses the noise from the first trial as a single static
spatio-temporal equalizer throughout the entire online process. Since this noise is collected
before any stimulus events, it represents clean background noise without contamination
from ERPs. In contrast, the architecture shown in Figure 5b collects new noise before
each trial to create a dynamic spatio-temporal equalizer. Starting from the second trial,
the time window of the noise overlaps with that of the previous trial, meaning that it
contains event-related components (in most paradigms, including the two datasets used
in this study, the time interval between trials is too short for noise without event-related
components to be used for designing the spatio-temporal equalizer). To address this, we
need to estimate the event-related components based on the sDDM classifier’s output and
remove those components from the noise that are likely to correspond to the target stimulus
before using it for the equalizer design.
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Figure 5. Comparison of two algorithm architectures. (a) Static spatio-temporal equalization-sDDM
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sDDM using dynamic noise to design the spatio-temporal equalizer.

In Figure 6, we show the learning curves for the two STE-sDDM architectures, with
static and dynamic spatio-temporal equalizers, as well as the results for the sDDM algorithm
without any equalizer, using Datasets 1 and 2. The fixed five-round data were used in this
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experiment to prevent the noise periods from contaminating the segments that should be
removed due to overlap with prior trials.
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Figure 6. Learning curves for static and dynamic spatio-temporal equalizers as well as the case
without any spatio-temporal equalizer. The green curve represents sDDM without spatio-temporal
equalization, the red curve represents the static spatio-temporal equalizer, and the blue curve rep-
resents the dynamic spatio-temporal equalizer. (a) Average spelling accuracy curve using a fixed 5
rounds for Dataset 1; (b) average spelling accuracy curve using a fixed 5 rounds for Dataset 2.

As shown in Figure 6a,b, the dynamic spatio-temporal equalizer leads to significant
issues: Starting from the second trial, after the equalizer is updated, the stability assumption
of the ERP features is disrupted, which significantly impacts classification performance.
While the accuracy eventually stabilizes near a certain level, indicating that some common
features between the changing ERPs are still captured by the sDDM classifier for a subset
of participants, the negative impact of unstable ERP features clearly outweighs the benefit
of the changing spatio-temporal correlation in the noise. Moreover, classification errors
lead to inaccurate ERP feature estimates, which cause the dynamic equalizer to use noise
containing more components related to the true ERP, further degrading its performance.
This forms a vicious cycle where pseudo-label contamination reduces classifier performance.
In contrast, the static spatio-temporal equalizer consistently outperforms the case without
any equalization. While shifts in background noise properties may reduce the denoising
efficiency of STE over time, the early improvement in classification accuracy is sufficient
to ensure that STE-sDDM maintains superior performance over sDDM throughout the
entire experiment.

5.3. Evaluation and Selection of the Required Noise Length for the Spatio-Temporal Equalizer

One of the advantages of unsupervised classification algorithms over supervised ones
is the elimination of the calibration phase. However, if the noise duration required for the
STE is too long, it would undoubtedly undermine the benefit of unsupervised methods. A
60 s calibration phase corresponds to approximately 300 training epochs, under which a
supervised method can already develop a relatively reliable classification model. Figure 7
shows the performance of STE-sDDM in terms of the ITR after applying different noise
lengths. The early stop strategy was applied. To plot the performance variation curve
of STE-sDDM as noise length increases from 0 to 60 s, we selected the background noise
durations of 1, 2, 5, 15, 30, 45, and 60 s prior to the start of trial 1.
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using different noise signal lengths on Datasets 1 and 2. The upper limit of the vertical axis represents
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When the noise duration was between 1 s and 5 s, the average ITR of STE-sDDM
increased steadily. However, as the noise length increased from 5 s to 60 s, the average ITR
remained nearly unchanged on Dataset 2 and even declined on Dataset 1. This decline
may once again be attributed to changes in the spatio-temporal correlations of background
noise. Additionally, a 5 s duration is significantly shorter than typical calibration phases,
and it does not require participants to perform any extra tasks, thus not imposing any
psychological or physiological burden on them. This duration can easily be integrated into
the preparation phase of the paradigm (in fact, neither of the two datasets used in this
study included a dedicated calibration phase for background noise collection before data
acquisition). Therefore, the optimal noise duration for STE-sDDM is approximately 5 s.

6. Conclusions
This work presents an unsupervised online ERP classification algorithm, STE-sDDM,

which builds upon the novel classification algorithm, sDDM. By utilizing STE, the algorithm
removes spatio-temporal correlations in EEG background noise, reducing interference from
colored noise on task-relevant components. This enhancement allows the sDDM to more
accurately capture the class differences, thereby improving classification performance. We
validated the superiority of combining STE with sDDM across two datasets with a total of
96 participants. The results demonstrate that, whether using fixed repetitions or an early
stop strategy, the new method achieves the best classification accuracy and communication
speed, outperforming not only sDDM but also EM and UMM, as well as their combinations
with STE. Furthermore, we found that employing a static spatio-temporal equalizer helps
maintain the consistency of classification features, thereby improving the integration of
STE with unsupervised online classification methods. With the introduction of this novel
unsupervised classification approach, BCI systems for human–machine interaction can
achieve more reliable, faster, and plug-and-play online real-time control for external devices
such as robotic hands, drones, and exoskeletons.
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