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Abstract—This paper presents a Recurrent High-Order Neural
Network (RHONN) for EEG denoising in brain–computer
interface (BCI) applications. Trained online using the Extended
Kalman Filter (EKF), the proposed approach effectively
suppresses EOG, EMG, and ECG artifacts under non-
stationary conditions while preserving EEG temporal structure.
Experimental results show that RHONN achieves performance
comparable to or better than conventional filters and deep
learning models, including MLPs, RNNs, GANs, Transformers
and autoencoders. A key advantage of the RHONN–EKF
framework is its very low computational cost. By modeling
each EEG channel with a single high-order neuron, the method
reduces computational load by more than 90% compared
to state-of-the-art models, making it suitable for real-time,
resource-constrained BCI systems and consistent with Green AI
principles.

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/10557

Index Terms—Electroencephalography, brain–computer inter-
face,Recurrent High Order Neural Network, EKF, real-time
signal processing, noise reduction

I. INTRODUCTION

ELECTROENCEPHALOGRAPHY (EEG) is a
noninvasive and widely accessible tool for monitoring

brain activity in clinical and brain–computer interface (BCI)
applications [1]–[3]. Advances in consumer-grade devices and
signal processing have improved data quality, interpretability,
and robustness [4]–[6], enabling applications such as emotion
recognition and driver distraction detection [7], [8]. EEG is
essential in medicine for diagnosing and treating neurological
disorders and in BCIs for rehabilitation and communication
in patients with severe motor impairments [9]. However, EEG
signals are highly susceptible to noise and artifacts, and their
non-stationary, subject-dependent nature limits generalization,
complicating analysis and requiring extensive preprocessing
for deep learning models [10], [11]. Deploying these models
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in real-time, resource-constrained systems remains challenging
due to high computational cost [12]–[15]. To address these
issues, in this work we propose a RHONN trained with an
EKF for EEG denoising. This nonlinear, dynamic approach
reduces computational complexity compared to conventional
methods and handles each EEG channel independently,
making it suitable for clinical and real-time BCI applications.
See Fig. 1.

Fig. 1. Proposed block diagram of a multichannel EEG noise reduc-
tion system based on RHONN.

The remainder of this article is organized as follows. Section
2 reviews related work, while Section 3 presents the math-
ematical foundations of high-order neural networks. Section
4 describes the selected dataset, and Section 5 outlines the
applied preprocessing steps. The evaluation methodology is
detailed in Section 6, followed by the results and comparison
with state-of-the-art models in Section 7. Finally, the main
conclusions and future research directions are presented.

II. STATE OF THE ART

A wide range of approaches have been proposed for EEG ar-
tifact removal, spanning classical signal processing, statistical
modeling, and, more recently, deep learning-based techniques
[16]. Among the most established methods, time–frequency
techniques such as the wavelet transform and short-time
Fourier transform (STFT) [17], [18] have been extensively
used due to their capability to represent EEG signals in both
time and frequency domains. These approaches are particularly
effective for nonstationary signals, allowing transient artifacts
such as muscle activity or eye blinks to be localized and atten-
uated. For instance, wavelet-based methods decompose EEG
signals into multiresolution components, enabling selective
filtering of noise-dominated coefficients, while STFT-based
approaches provide a sliding-window spectral representation
that facilitates artifact identification in specific time intervals.
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In parallel, conventional filtering and decomposition tech-
niques have been widely adopted as baseline solutions. Finite
impulse response (FIR) filters and notch filters are commonly
used to suppress power-line interference and narrowband noise
[19], whereas band-pass filters (BPF) isolate physiologically
relevant EEG frequency bands such as delta, theta, alpha, and
beta rhythms. More advanced decomposition methods, such
as variational mode decomposition (VMD) and wavelet packet
transform (WPT), have been proposed to further enhance sig-
nal separation by adaptively decomposing EEG signals into in-
trinsic modes or subbands [20]. Hybrid approaches combining
wavelet transforms with conventional filters have also demon-
strated improved performance in removing artifacts while pre-
serving signal integrity [21]. Despite their effectiveness, these
techniques typically require careful manual tuning of parame-
ters such as filter order, cutoff frequencies, and decomposition
levels, as well as prior knowledge of the spectral characteristics
of both the signal and the noise. Moreover, recent studies have
explored improved time–frequency frameworks that integrate
adaptive or empirical decomposition strategies to better handle
motion artifacts and nonlinear distortions in EEG recordings
[18]. While these methods provide enhanced flexibility, they
still rely heavily on heuristic parameter selection and may
suffer from limited generalization across different subjects or
recording conditions. Consequently, although classical signal
processing techniques remain computationally efficient and
interpretable, their dependency on manual configuration and
limited adaptability restrict their applicability in dynamic and
real-world EEG environments. On the other hand, statisti-
cal approaches, such as Kalman filtering and independent
component analysis (ICA) [14], [22]–[24], provide adaptive
and data-driven solutions for artifact separation. Kalman-
based methods model EEG signals as stochastic dynamic
systems, enabling recursive estimation and real-time tracking
of noise and underlying neural activity. In contrast, ICA
decomposes multichannel EEG recordings into statistically
independent components, facilitating the identification and
removal of artifact-related sources such as ocular and muscular
activity. Despite their effectiveness, these approaches rely on
assumptions such as linearity, Gaussianity, or stationarity,
which are often violated in real EEG signals. Additionally,
ICA-based methods may require manual component selection,
while Kalman-based techniques can become computationally
demanding in nonlinear settings.

In recent years, deep learning-based methods have gained
significant attention due to their ability to learn complex non-
linear representations directly from data [10], [12], [25]. Archi-
tectures such as convolutional neural networks (CNNs) have
been widely adopted for their capability to extract local tem-
poral and spatial features from EEG signals, while recurrent
models, including LSTMs, are effective in capturing temporal
dependencies and sequential patterns [26], [27]. Autoencoder-
based approaches have been extensively used for unsupervised
denoising, learning compact latent representations that pre-
serve relevant neural activity while suppressing artifacts [28].
Similarly, generative adversarial networks (GANs) have shown
promising results by learning the distribution of clean EEG
signals and generating artifact-free reconstructions [29]. In

addition, Transformer-based models and hybrid architectures
have been introduced to capture long-range dependencies and
global contextual information, significantly improving denois-
ing performance, particularly in complex and highly corrupted
signals [30]–[32]. These models are capable of handling the
nonlinear and nonstationary nature of EEG signals, making
them highly effective for artifact removal. However, their
performance often comes at the cost of increased computa-
tional complexity, requiring large annotated datasets, extensive
training procedures, and significant hardware resources. This
limits their applicability in real-time systems or embedded
platforms. Furthermore, challenges related to generalization
across subjects and varying recording conditions remain an
open issue, as highlighted in recent studies [6], [10], [11].

However, despite their accuracy, these approaches often
require large datasets and high computational resources, lim-
iting their use in real-time applications. In addition, their
performance may degrade under unseen conditions, raising
concerns about generalization [6], [10], [11]. To address
these limitations, the proposed RHONN model introduces a
nonlinear adaptive learning framework that ensures efficient
real-time implementation while maintaining robustness and
stability, making it suitable for multichannel EEG denoising.

III. PRELIMINARIES

A. RHONN Model

The general mathematical formulation of a discrete-time
RHONN model, which extends the first-order Hopfield neural
network [33], [34], is mathematically defined as

χi(k + 1) = ω⊤
i (k) zi

(
x(k), u(k)

)
, yi(k) = χi(k), (1)

(i = 1, · · ·, n) where χi is the state of the i-th neuron,yi(k) is
the output of the neural network, u(k) is the system input, n
is the state dimension, ωi(k) is the vector of adaptive weights
and zi(x(k), u(k)) is defined as the nonlinear regressor vector

zi(x(k), u(k)) =


zi1
zi2
...

ziL

 =



∏
j∈I1

ξ
dij

(1)

ij∏
j∈I2

ξ
dij

(2)

ij

...∏
j∈ILi

ξ
dij

(L)

ij


, (2)

where, L indicates the number of higher-order connections,
while {I1, I2, . . . , IL} corresponds to a collection of unordered
subsets of the set {1, 2, . . . , n}. The term dij (k) is defined as
a non-negative integer, with ξi defined by

ξi =
[
ξi1 · · · ξin ξin+1

· · · ξin+m

]T
=

[
S(x1) · · · S(xn) u1 · · · um

]T
.

(3)

B. Training Algorithm for RHONN

The extended Kalman filter is a nonlinear extension of the
Kalman filter designed to estimate the states of nonlinear
systems subject to additive process and measurement noise
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[33], [35], [36]. For training neural networks using the EKF,
the network weights are treated as the states to be estimated.
In this context, the error between the network output and the
measured EEG signal is modeled as additive white noise.
Accordingly, the objective of training is to determine the
optimal weight values that minimize the prediction error. The
corresponding equations for the algorithm are

ωi(k + 1) = ωi(k) + ηi Ki(k) ei(k), (4)

Ki(k) = Pi(k)Hi(k)
[
Ri(k) +HT

i (k)Pi(k)Hi(k)
]−1

,
(5)

Pi(k + 1) = Pi(k)−Ki(k)Hi(k)Pi(k) +Qi(k), (6)

and
ei(k) = gti(k)− yi(k), (7)

where ei(k) denotes the error at time k for the i-th output,
gti(k) represents the desired nonlinear reference signal, and
yi(k) is the output of the neural network at time k. Pi(k) ∈
RLi×Li denotes the error covariance matrix of the weight
estimates, and wi ∈ RLi is the vector of network weights,
where Li is the total number of weights in the network. The
scalar ηi is the learning rate, Ki(k) ∈ RLi×m is the Kalman
gain matrix, Qi(k) ∈ RLi×Li is the process noise covariance
matrix, and Hi(k) ∈ RLi×m is the observation matrix. Each
row of Hij(k) is defined as [36]

Hij =

[
∂ yi(k)

∂wij

]⊤
. (8)

With i = 1, ..., n and j =, ...Li. Typically, Pi, Qi, and Ri

are initialized as diagonal matrices with entries Pi(0), Qi(0),
and Ri(0), respectively. The schematic diagram used for the
training process is shown in Fig. 2.

Fig. 2. Training scheme of the RHONN using the EKF.

1) RHONN Convergence:

Theorem 1. Consider the i-th neuron of the RHONN model
presented in (1), where zi(·) is defined by (2)–(3), and the
tracking error is defined in (7). Assume that there exists an
ideal constant parameter vector ω⋆

i such that the desired signal
can be expressed as

gti(k) = ω⋆⊤
i Hi(k) + νi(k), |νi(k)| ≤ ν̄i, (9)

where Hi(k) := zi(x(k), u(k)) denotes the regressor vector,
ω̃i(k) = ωi(k)− ω⋆

i is the weight estimation error, and νi(k)
represents a bounded approximation error or lumped modeling
uncertainty. On the other hand, the EKF-based weight update
is given by Eqs. (4), (5), and (6), with Ri(k) > 0, Qi(k) ≥
0, ηi > 0, and bounded regressor ∥Hi(k)∥ ≤ h̄i. Based on

the previous assumptions, consider the composite Lyapunov
candidate function

Vi(k) =
1

2
e2i (k) +

1

2
ω̃⊤
i (k)P

−1
i (k)ω̃i(k), (10)

where Pi(k) > 0, ensuring that Vi(k) is positive definite. Then,
there exist positive constants αi, µi

, and Ci such that the one-
step difference satisfies

∆Vi(k) ≤− αi e
2
i (k)

− µ
i
ω̃⊤
i (k)Hi(k)R

−1
i (k)H⊤

i (k)ω̃i(k)

+ Ci ν̄
2
i .

(11)

Consequently:
1) If ν̄i > 0, the pair (ei, ω̃i) is semi-globally uniformly

ultimately bounded (SGUUB).
2) If ν̄i = 0, then ei(k)→ 0 as k →∞.
3) If, in addition, Qi(k) ≡ 0 and Hi(k) is persistently

exciting (PE) [37], then ω̃i(k)→ 0 as k →∞.

Proof. Consider the Lyapunov candidate defined in (10), with
error ei(k), parameter error ω̃i(k), covariance Pi(k) > 0,
regressor Hi(k), noise covariance Ri(k) > 0, and Kalman
gain [37] defined in (5). From the definition of the desired
signal

gti(k) = ω∗⊤
i Hi(k) + νi(k), (12)

and the network output yi(k) = ω⊤
i (k)Hi(k), the tracking

error can be written as

ei(k) = gti(k)− yi(k) = −ω̃⊤
i (k)Hi(k) + νi(k), (13)

where |νi(k)| ≤ ν̄i. Taking the forward difference of the
Lyapunov function, we have

∆Vi(k) = Vi(k + 1)− Vi(k) = ∆Ve,i(k) + ∆Vω,i(k), (14)

and using the EKF parameter update

ω̃i(k + 1) = ω̃i(k) + ηiKi(k)ei(k), (15)

we obtain

∆Vω,i(k) =
1

2
ω̃⊤
i

[
P−1
i (k + 1)− P−1

i (k)
]
ω̃i

+ ηiei ω̃
⊤
i P

−1
i (k + 1)Ki

+
1

2
η2i e

2
i K

⊤
i P−1

i (k + 1)Ki.

(16)

Using the Joseph-form inequality [38]

P−1
i (k + 1) ≥ P−1

i (k) +Hi(k)R
−1
i (k)H⊤

i (k), (17)

we obtain

∆Vω,i(k)−
1

2
ω̃⊤
i HiR

−1
i H⊤

i ω̃i

≤ ηiei ω̃
⊤
i P

−1
i (k + 1)Ki +

1

2
η2i e

2
i K

⊤
i P−1

i (k + 1)Ki.

(18)

By using the identity P−1
i Ki = Hi(H

⊤
i PiHi +Ri)

−1 and
the matrix inversion lemma, we have

K⊤
i P−1

i Ki ≤ (H⊤
i PiHi +Ri)

−1, (19)
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Now, applying Cauchy–Schwarz and Young’s inequali-
ties [39], [40], we obtain

ηiei ω̃
⊤
i P

−1
i Ki ≤

µi

2
ω̃⊤
i HiR

−1
i H⊤

i ω̃i

+
η2i
2µi

e2i (H
⊤
i PiHi +Ri)

−1. (20)

Thus,

∆Vω,i(k) ≤
(
1

2
+

µi

2

)
ω̃⊤
i HiR

−1
i H⊤

i ω̃i + η2i e
2
i cK,i. (21)

Now, considering the error term

∆Ve,i(k) =
1

2

(
e2i (k + 1)− e2i (k)

)
, (22)

and using the bound

|ei(k)| ≤ ∥ω̃i(k)∥∥Hi(k)∥+ |νi(k)|, (23)

we obtain, using Young’s inequality,

∆Ve,i(k) ≤ −
ai
2
e2i + Ce,iν̄

2
i , (24)

for some Ce,i > 0. Summing both contributions yields

∆Vi(k) ≤
(
1
2 + µi

2

)
ω̃⊤
i HiR

−1
i H⊤

i ω̃i

− αie
2
i + Ciν̄

2
i . (25)

By rearranging terms, we obtain

∆Vi(k) ≤ −µi
ω̃⊤
i HiR

−1
i H⊤

i ω̃i − αi e
2
i + Ci ν̄

2
i . (26)

Under the conditions Ri(k) > 0, Pi(k) > 0, bounded
regressor, and bounded adaptation gain ηi, the Lyapunov
function is non-increasing up to a bounded term. In the noise-
free case (ν̄i = 0), the inequality becomes negative definite,
ensuring asymptotic convergence of both the tracking error
and the parameter estimation error. In the presence of bounded
disturbances, the system is semi-globally uniformly ultimately
bounded (SGUUB).

Remark on the assumptions: In the present EEG denoising
application, the regressor Hi(k) = zi(x(k), u(k)) remains
bounded, as it is constructed from normalized signals and
bounded activation functions. The covariance matrices Pi(k)
and Ri(k) are initialized as positive definite and remain
so under the EKF update, ensuring well-posed adaptation
dynamics.

Regarding the persistent excitation (PE) condition, it is
only required to guarantee asymptotic convergence of the
parameter estimation error ω̃i(k), and is not necessary for
the SGUUB or tracking error convergence results. In practice,
the nonstationary nature of EEG signals, together with the
variability introduced by different artifact conditions, provides
sufficiently rich excitation. However, PE is adopted here as a
standard sufficient theoretical assumption and is not explicitly
verified from the dataset. This treatment is consistent with
common practice in adaptive control and system identification
literature, where PE is used as a sufficient condition for
parameter convergence but is not always directly verified in
experimental data [37], [39].

Remark. The result can be naturally extended to the complete
RHONN by stacking all neuron weight vectors as W (k) =
coli

(
ωi(k)

)
, and defining the corresponding estimation error

W̃ (k) = W (k)−W ⋆, where W ⋆ = coli(ω
⋆
i ). Similarly, define

the global error vector e(k) = coli(ei(k)), and construct the
block-diagonal matrices P (k), H(k), and R(k) with diagonal
blocks Pi(k), Hi(k), and Ri(k), respectively. In this case, the
global Lyapunov function is given by

V (k) = 1
2 ∥e(k)∥

2 + 1
2 W̃

⊤(k)P−1(k)W̃ (k).

Due to the block-diagonal structure of the matrices, the
Joseph-form inequality and the bounds derived for each neuron
extend directly to the full network. Consequently, the follow-
ing inequality holds

∆V (k) ≤− α ∥e(k)∥2 − µ W̃⊤(k)H(k)R−1(k)H⊤(k)W̃ (k)

+ C ν̄2,

where α = mini αi > 0, µ = mini µi
> 0, and C =

∑
i Ci,

with ν̄ = maxi ν̄i. Therefore, the same stability properties
established for each neuron individually extend to the overall
stacked system, guaranteeing semi-global uniform ultimate
boundedness of the full RHONN under EKF-based adaptation.

C. Proposed Model

Based on the general definition given in Eq. (1) and con-
sidering the case of a single neuron, the proposed model is
defined as

y(k) = ω⊤
i (k) zi(k), (27)

where the vector zi(k) was initially constructed by defining
the vector ξi(k), for this case, ξi(k) consists in

ξi(k) =

ξ1ξ2
ξ3

 =

S(y(k − 1))
S(y(k − 2))

x(k)

 , (28)

where y(k−1) and y(k−2), together with the current system
input x(k) defined the vector. The higher-order interactions for
the vector zi(k) are constructed by incorporating cross-product
terms of the signals contained in ξi(k), such that

zi(k) =
[
ξ1 ξ1 · ξ2 ξ1 · ξ3 ξ2 · ξ3

]T
. (29)

Finally, the network output is obtained as

y(k) = ω1 · tanh
(
y(k − 1)

)
+ ω2 · tanh

(
y(k − 1)

)
· tanh

(
y(k − 2)

)
+ ω3 · tanh

(
y(k − 1)

)
· x(k)

+ ω4 · tanh
(
y(k − 2)

)
· x(k)

+ ω5 · x(k).

(30)

The diagram representing the architecture of the proposed
RHONN is shown in Fig. 3. For the proposed model, the
observation matrix is obtained by substituting Eq. (8), resulting
in

Hi(k) =
∂
[
ω⊤
i (k) zi(k)

]
∂ωi

= zi(x(k), u(k)). (31)
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Fig. 3. Architecture of the proposed model.

IV. DATASETS

Two public datasets were used to train and evaluate the pro-
posed network, following standard criteria: EEGDenoiseNet
[41] and MIT-BIH Arrhythmia [42], [43]. EEGDenoiseNet
[41] is a widely adopted benchmark dataset for EEG denoising
in the literature [30], [44], [45]. It comprises EEG, EOG, and
EMG recordings from 52 subjects acquired using a 64-channel
system at 512 Hz. EEG signals were bandpass filtered (1–80
Hz) and notch filtered, resampled to 256 Hz, and artifact-
cleaned using Independent Component Analysis with ICLabel
[46], [47]. EOG and EMG signals were filtered (0.3–10 Hz
and 1–120 Hz, respectively), resampled, and segmented into
2-second windows. All signals were variance-normalized and
visually inspected. The dataset composition is summarized in
Table I. The MIT-BIH Arrhythmia Database was considered as
a complementary dataset. Although it contains ECG signals,
its inclusion is motivated by the fact that cardiac activity can
interfere with EEG recordings [1], [23], introducing spectral
components that may be misinterpreted as neural activity.
This enables the evaluation of the proposed model under
more challenging conditions involving physiological artifacts.
A summary of the dataset is presented in Table II.

TABLE I
DESCRIPTION OF THE DATA CONTAINED IN

EEGDENOISENET

Signal Format Amount
EEG Numpy 4514
EOG Numpy 3400
EMG Numpy 5598

TABLE II
SUMMARY OF THE MIT-BIH ARRHYTHMIA DATABASE

Attribute Value
Recordings 48
Duration ∼30 min
Channels 2
Sampling rate 256 Hz

V. PREPROCESSING

After dataset selection, several preprocessing steps were
applied to ensure consistency across recordings and to prop-

erly prepare the data for model training and validation. The
following subsections describe the procedures applied to both
synthetic EEG signals and real noisy EEG recordings.

A. Training and Validation Data Preparation

As an initial step for training, validation, and characteriza-
tion of the proposed model, 4514 clean EEG signals from the
EEGDenoiseNet dataset [41] were used as reference data to
generate controlled noisy versions.

Noisy signals were generated by adding white Gaussian
noise, a common method for simulating EEG contamination
[48], resulting in

xnoisy = xclean + α · N (0, σ2), (32)

where α = 0.20 (20% noise level). signal was independently
normalized using the z-score method [49], computing the mean
and standard deviation per signal to avoid data leakage and
improve training stability. The dataset was randomly split into
80% for training and 20% for testing at the signal level, pre-
serving the pairing between clean and noisy signals. Although
not explicitly subject-independent, this strategy, together with
independent noise generation and signal-wise normalization,
reduces potential information leakage. The resulting datasets
are summarized in Table III, and the preprocessing pipeline is
illustrated in Fig. 4.

Fig. 4. Diagram of the preprocessing and partitioning of the EEG
data.

TABLE III
EEG DATASET PARTITIONS AFTER PREPROCESSING

Dataset Signals
EEG GTtrain data 3611
EEG noisetrain data 3611
EEG GTtest data 903
EEG noisetest data 903

B. Artifact-Contaminated EEG Signal Generation

As a second stage of the experimental framework, additional
datasets were generated to assess the robustness of the pro-
posed model under controlled contamination by physiological
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(a)

(b)
Fig. 5. Comparison of benchmark models: (a) noise reduction per-
formance, and (b) MSE evolution for different denoising techniques.

artifacts, moving beyond the synthetic Gaussian noise consid-
ered in the previous subsection toward more realistic interfer-
ence conditions. To achieve this, contaminated EEG signals
were constructed by linearly combining clean EEG segments
with physiological artifacts, specifically electrooculographic
(EOG), electromyographic (EMG), and electrocardiographic
(ECG) signals, extracted from preselected databases, thereby
enabling the emulation of biologically plausible distortions
commonly observed in real EEG recordings. The contamina-
tion process is defined as xnoisy = xclean + λ · artifact, where
the parameter λ regulates the level of artifact contribution
in the resulting signal. To analyze the effect of different
contamination levels, two values of λ (0.3 and 0.7) were
considered. These values were applied to different artifact
types, resulting in multiple contamination scenarios. For each
condition, 3400 signals were generated, each consisting of 512
samples with a sampling frequency of 256 Hz. A summary of
the evaluated scenarios is provided in Table IV.

Prior to evaluation, all signals were independently normal-
ized following the same procedure described in Subsection A
and illustrated in Fig. 4.

TABLE IV
ARTIFACT-CONTAMINATED EEG SCENARIOS FOR

ROBUSTNESS EVALUATION

Combination Number of Signals Sampling Rate Length
EEG + EMG 3400 256 Hz 512 samples
EEG + EOG 3400 256 Hz 512 samples
EEG + ECG 3400 256 Hz 512 samples

EEG + ECG + 3400 256 Hz 512 samples

VI. MODEL EVALUATION

To evaluate the denoising capability of the proposed model,
its performance was assessed using a set of standard quanti-
tative metrics widely adopted in the EEG signal processing
literature [12]–[15], [25], [30], [44], [45], [49]–[52].The over-
all evaluation procedure is summarized in Algorithm 1.

Algorithm 1 Evaluation Procedure for EEG Denoising

Require: Noisy EEG xnoisy, Clean EEG xclean
Ensure: Evaluation metrics

1: xrec ← Model(xnoisy)
2: for each segment i do
3: e(i) ← x

(i)
clean − x

(i)
rec

4: Compute MSE, SNR, PCC, SCC
5: Compute RI based on PCC
6: Compute SNR Gain
7: Compute RRMSE (temporal and spectral)
8: Compute SSIM and MI
9: end for

10: Aggregate metrics (mean and standard deviation)
11: return Evaluation results

Reconstruction accuracy was quantified using the mean
squared error (MSE), which measures the average squared
deviation between clean and reconstructed signals. Linear
similarity was assessed via the Pearson correlation coefficient
(PCC), from which the relative improvement index (RI) was
computed with respect to the noisy input. Monotonic rela-
tionships were further evaluated using the Spearman rank
correlation coefficient (SCC). Signal quality was character-
ized using the signal-to-noise ratio (SNR) in decibels (dB),
comparing the power of the clean signal to the reconstruction
error; the SNR gain was defined as the difference between the
SNR of the reconstructed and noisy signals. Additionally, the
relative root mean square error (RRMSE) was computed in
both temporal and spectral domains. Structural similarity was
measured using the Structural Similarity Index (SSIM), while
Mutual Information (MI) quantified nonlinear dependencies
between signals, where higher SSIM and MI values indicate
better preservation of EEG content.

VII. RESULTS

A. Results across Temporal Intervals
Fig. 5(a) shows the first 100 samples of the EEG signal,

in which the reconstructed outputs of each model are directly
compared with the original signal.

B. MSE and RRMSE Analysis
Fig. 5(b) illustrates the sample-wise mean squared error

(MSE) after Gaussian noise suppression for a representa-
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tive EEG signal from the test set. The proposed RHONN
consistently yields the lowest reconstruction error compared
with the other evaluated approaches. To further validate this
observation, the average MSE was computed across all 903
EEG signals in the test set for each model. The results
are summarized in Table V, with the best-performing model
highlighted in bold.

TABLE V
MEAN MSE RESULTS UNDER GAUSSIAN NOISE

Model MSE (µ± σ)
RHONN 0.0664± 0.0050
GAN [13] 0.1725± 0.0202
Autoencoder [41] 0.2171± 0.0311
MLP [14] 0.1060± 0.0144
RNN [26] 0.0693± 0.0049
Transformer [30] 0.0820± 0.0051

The RHONN model achieves an MSE of 0.0664± 0.0050,
outperforming the RNN by approximately 4%. Compared to
the Transformer , MLP, GAN and autoencoder , the reductions
are approximately 19%, 37%, 61%, and 69%, respectively.
These results highlight the superior reconstruction accuracy
of the proposed approach, particularly when compared to
generative-based models, as well as its improved stability.
Similar performance trends can be observed in the temporal
and spectral RRMSE metrics presented in Table VI. Since
lower RRMSE values correspond to better reconstruction
accuracy, the best-performing result for each metric is high-
lighted in bold. RHONN slightly outperforms the RNN in the
temporal domain (approximately 2%) while achieving nearly
equivalent performance in the spectral domain (approximately
1% difference). In contrast, the Transformer and MLP exhibit
intermediate performance, whereas the GAN and autoencoder
present the highest errors across both metrics, indicating lower
robustness to Gaussian noise.

TABLE VI
TEMPORAL RRMSE AND SPECTRAL RRMSE OF MODELS

UNDER GAUSSIAN NOISE

Model Temporal RRMSE Spectral RRMSE
RHONN 0.2578± 0.0096 0.1057± 0.0191
GAN [13] 0.4150± 0.0245 0.2814± 0.0591
Autoencoder [41] 0.4651± 0.0337 0.1910± 0.0515
MLP [14] 0.3252± 0.0215 0.2571± 0.0428
RNN [26] 0.2633± 0.0093 0.1047± 0.0212
Transformer [30] 0.2865± 0.0090 0.2565± 0.0090

C. SNR and Gain Results

Regarding SNR performance, Table VII shows that RHONN
and RNN are the only methods that achieve an improvement
over the initial SNR, whereas all other models result in signal
degradation. The best-performing model for each noise level
is highlighted in bold. In particular, RHONN outperforms the
RNN by approximately 21.5% in SNR gain, obtained by com-
paring their respective improvements (1.02 dB vs. 0.84 dB).
In contrast, the Transformer exhibits a near-zero improvement,
the MLP shows a moderate degradation, and the GAN and
autoencoder present the largest losses in signal quality, sig-
nificantly exceeding those of the other approaches. Overall,

TABLE VII
PERFORMANCE EVALUATION OF MODELS BASED ON THE

IMPROVEMENT AND DEGRADATION OF THE
SIGNAL-TO-NOISE RATIO (SNR) UNDER GAUSSIAN NOISE

(DB)

Model Initial SNR Denoised SNR Gain
RHONN 10.75± 0.27 11.78± 0.32 1.02± 0.23
GAN [13] 10.75± 0.27 7.65± 0.51 −3.10± 0.54
Autoencoder [41] 10.75± 0.27 6.67± 0.63 −4.08± 0.68
MLP [14] 10.75± 0.27 9.77± 0.55 −0.98± 0.52
RNN [26] 10.75± 0.27 11.59± 0.30 0.84± 0.20
Transformer [30] 10.75± 0.27 10.86± 0.27 0.11± 0.75

RHONN achieves the best global performance, followed by the
RNN, while generative-based models demonstrate the poorest
behavior under Gaussian noise conditions.

D. Performance under Various Noise Combinations

This section presents a comparative analysis of EEG signal
denoising performance in the presence of physiological arti-
facts, including EMG, EOG, ECG, and their combinations.
The models are evaluated under two contamination levels
(30% and 70%), as summarized in Tables VIII and IX,
following evaluation protocols commonly adopted in previous
EEG artifact removal studies [53]–[56]. The tables report the
RI%, SSIM, and MI metrics for each method. The best result
for each metric is highlighted in bold.

As shown in Tables VIII and IX, the RHONN model main-
tains consistent performance across different contamination
levels. Under moderate noise conditions (λ = 30%), RHONN
ranks among the top-performing models across all noise
combinations, particularly leading in mutual information (MI)
and achieving the best performance in scenarios with ocular
and cardiac artifacts, with improvements in noise reduction
(RI) on the order of 5–10% over the second-best model. In
scenarios involving muscular or combined artifacts, although
not always ranked first, it consistently remains within the top
two, with differences generally below 5%, indicating stable
and competitive performance. Under severe noise conditions
(λ = 70%), RHONN stands out primarily for its noise
reduction capability, achieving the highest RI in most cases,
with marginal advantages typically below 2–5% compared to
the second-best model. However, in certain configurations,
models such as the Autoencoder, MLP, or Transformer exhibit
advantages of approximately 10–15% in metrics such as SSIM
or MI, suggesting improved structural or information preser-
vation. Overall, these results indicate that RHONN provides
the most robust and well-balanced performance, particularly in
terms of noise suppression, while other approaches may excel
in preserving signal characteristics under specific conditions.

E. Computational Cost and Energy Efficiency Analysis

To assess the practical feasibility of the proposed approach,
a computational cost analysis was conducted using several
metrics, including the number of trainable (θ) and non-
trainable (θ̃) parameters, floating-point operations (FLOPs), in-
ference latency (τ ), memory footprint (MF), model size (MS),
throughput (R), and energy consumption (E). All evaluated
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TABLE VIII
PERFORMANCE COMPARISON UNDER DIFFERENT PHYSIOLOGICAL NOISE COMBINATIONS (λ = 30%)

Model EEG+EMG EEG+EOG EEG+ECG EEG+EMG+EOG
RI SSIM MI RI SSIM MI RI SSIM MI RI SSIM MI

RHONN 25.26 0.77 2.03 6.70 0.93 2.20 5.09 0.82 3.19 23.82 0.76 1.84
GAN [13] 18.86 0.71 1.75 -22.13 0.80 1.77 -44.24 0.74 1.92 18.80 0.71 1.75
Autoencoder [41] 26.63 0.78 1.86 −5.75 0.76 1.75 -4.96 0.73 1.78 26.53 0.78 1.81
MLP [14] -2.78 0.64 1.86 -7.40 0.84 1.96 −0.56 0.90 2.43 -2.81 0.64 2.03
RNN [26] 23.88 0.76 1.84 -7.81 0.93 1.93 -4.09 0.90 2.32 19.21 0.75 1.83
Transformer [30] 1.48 0.72 1.87 1.60 0.95 2.08 2.31 0.89 3.02 1.37 0.72 1.87

TABLE IX
PERFORMANCE COMPARISON UNDER DIFFERENT PHYSIOLOGICAL NOISE COMBINATIONS (λ = 70%)

Model EEG+EMG EEG+EOG EEG+ECG EEG+EMG+EOG
RI SSIM MI RI SSIM MI RI SSIM MI RI SSIM MI

RHONN 53.09 0.65 1.70 11.41 0.68 1.66 24.50 0.83 3.19 25.39 0.62 1.65
GAN [13] 25.44 0.62 1.65 -14.73 0.73 1.69 -35.32 0.63 1.89 18.57 0.63 1.68
Autoencoder [41] 52.41 0.72 1.93 -1.53 0.88 1.87 1.49 0.64 1.69 26.32 0.72 1.72
MLP [14] 8.09 0.57 1.72 4.89 0.84 2.09 5.00 0.84 2.40 8.06 0.57 1.93
RNN [26] 18.61 0.63 1.68 -3.68 0.88 1.85 0.81 0.84 2.33 23.04 0.65 1.70
Transformer [30] -20.93 0.49 1.59 10.94 0.91 1.93 24.47 0.83 3.02 16.46 0.61 1.81

models (GAN, Autoencoder, MLP, RNN, and Transformer)
were tested under identical experimental conditions to ensure
a fair comparison. The experiments were performed on a
workstation equipped with an AMD Ryzen 7 5700 processor
operating at 3.80 GHz, 16 GB of RAM, and an NVIDIA
GeForce GTX 1650 graphics card with 4 GB of dedicated
VRAM.

All experiments were conducted using EEG segments of
512 samples, consistent with the signal length considered
throughout the previous sections, thereby ensuring a fair
and realistic comparison among all evaluated models. Energy
consumption was indirectly estimated from the computational
resources utilized during inference, taking into account both
execution time and system workload. As shown in Table X,
RHONN achieves substantial reductions in computational
complexity across all evaluated metrics. Specifically, it reduces
the number of parameters by up to 99.99% compared with
GAN, Autoencoder, and Transformer architectures, and by
more than 90% relative to MLP and RNN models, while also
decreasing FLOPs by over 95%. Bold values denote the best
result obtained for each metric among all evaluated models.
In terms of inference latency, RHONN achieves reductions
of up to 98% compared with GAN and Autoencoder, and
between 50% and 90% relative to the remaining models. These
improvements translate into significantly higher throughput
and enhanced processing capability. The compact nature of
RHONN is further reflected in its memory footprint and
model size. Compared with Autoencoder and Transformer
architectures, RHONN achieves reductions exceeding 99%,
while reductions greater than 90% are obtained relative to
GAN, MLP, and RNN models. These results highlight the
efficiency of the proposed architecture and its suitability
for deployment on resource-constrained platforms. From an
energy-efficiency perspective, RHONN exhibits the lowest
estimated consumption among all evaluated models, achieving
reductions of approximately 50%–70% compared with GAN
and Autoencoder architectures while remaining competitive

with other lightweight alternatives.

TABLE X
COMPARATIVE ANALYSIS OF COMPUTATIONAL AND

ENERGY METRICS ACROSS MODELS

Metric RHONN GAN Autoenc. MLP RNN Transf.
θ 5 29,154 1,570,542 61 10 300,097
θ̃ 0 0 1,422 0 0 0
FLOPs 422 10,285,056 3,137,459 143,360 18,944 2,372,858
τ (s) 0.0032 0.1828 0.3877 0.0199 0.0925 0.0460
MF (KB) 0.00395 3.5938 3.5938 0.00654 0.1912 0.0039
MS (KB) 40 71,680 19,010,944 2,048 1,024 3,945
R (samples/s) 313 5 3 50 11 22
E (W) 1.078 2.61 2.17 2.63 1.128 2.99

VIII. CONCLUSIONS

This work presented a Recurrent High-Order Neural Net-
work (RHONN) trained using the Extended Kalman Fil-
ter (EKF) for artifact removal in EEG signals within
brain–computer interface (BCI) applications. The proposed
approach combines the nonlinear approximation capability of
RHONN with the adaptive estimation properties of the EKF,
enabling effective suppression of physiological noise such as
EOG, EMG, and ECG under both synthetic conditions and
real-world noisy EEG signals. A key advantage of the method
is its low computational complexity, as each EEG channel
is modeled using a single high-order neuron, significantly
reducing the number of trainable parameters compared to
deep learning-based alternatives, and making the approach
suitable for real-time and resource-constrained environments.
Experimental results show that the proposed RHONN achieves
competitive or superior performance compared to state-of-
the-art methods, including MLP, RNN, GAN, autoencoder,
and Transformer-based architectures, obtaining lower MSE,
improved RRMSE, and higher SNR values, while maintaining
robust performance in the presence of real noise and effec-
tively preserving relevant neural information. This behavior
is also reflected in additional metrics such as SSIM, relative
improvement (RI), and mutual information. From a theoretical
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perspective, Lyapunov-based stability analysis guarantees the
boundedness of the estimation error under bounded distur-
bances and asymptotic convergence in the noise-free case.
Future work will focus on extending the proposed frame-
work to multichannel coupled RHONN, developing adaptive
mechanisms for EKF hyperparameter tuning, implementing
the model on embedded hardware for real-time applications,
and exploring hybrid or attention-based architectures to further
enhance performance in complex real-world EEG scenarios.
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Francisco-Ronay López-Estrada received his
Ph.D. degree in Automatic Control from the Uni-
versity of Lorraine, France, in 2014. He has been
with Tecnológico Nacional de México, IT Tuxtla
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