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Abstract
The electroencephalogram (EEG) provides essential data for analyzing brain activities. However, artifacts such as electroocu-
lography (EOG) and electromyography (EMG) often interleave with the EEG signals, significantly affecting the quality of
EEG signal analysis. The heterogeneous distribution of these artifacts in the time-frequency domain makes it challenging to
remove multiple artifacts using a unified model. In this paper, we propose an artifact-aware EEG denoising model, referred
to as A2DM, to effectively remove various types of artifacts in a unified manner. We first obtain an artifact representation that
indicates the type of artifact from a pre-trained artifact classification model. This artifact representation is then used as prior
knowledge, which is fused into the denoising model in the time-frequency domain. This enables the model to become aware
of the artifact type and precisely remove artifacts based on their type. Due to the heterogeneous distributions of artifacts in the
frequency domain, we introduce a frequency enhancement module that can identify specific types of artifacts based on their
representation and remove them using a hard attention mechanism. Additionally, we design a time-domain compensation
module to enhance the denoising capability of A2DM by compensating for potential losses of global information. Compre-
hensive experiments demonstrate that A2DM significantly outperforms the novel CNN in denoising EEG signals, showing a
notable 12% improvement in correlation coefficient (CC) metrics. This work demonstrates that artifact representation can be
used in artifact removal models to effectively remove multiple types of artifacts.

Keywords Electroencephalography · Artifact representation · EEG denoising · Frequency domain representation

Introduction

Electroencephalography (EEG) is a fundamental tool for ana-
lyzing brain activity[1–6]. During EEG signal acquisition,
artifacts introduced by the subjects themselves significantly
contaminate the EEG data, adversely impacting the quality
of subsequent signal analysis. Therefore, removing artifacts
is a crucial step in practical applications [7–11].

EEG signals often contain multiple types of artifacts. For
example, ocular artifacts and muscle artifacts are two major
artifacts [12].Ocular artifacts, primarily caused by eyemove-
ments or blinking, propagate over the scalp and are captured
during EEG recording. Such ocular artifacts can be recorded
using the electrooculogram (EOG). Muscle artifacts are pri-
marily induced by muscle movements in regions such as the
head or limbs [13]. Such muscle artifacts can be recorded
using the electromyogram (EMG). In practical scenarios,
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artifact generation exhibits random characteristics, withmul-
tiple artifact types concurrently interleaved within the EEG
signal. Figure1a shows a pure EEG segment, while Fig. 1b
depicts the pure EEG contaminated by both EOG and EMG.
Interleaved artifacts interfere with the data distribution of
the EEG and degrade the performance of EEG signal analy-
sis, while it is challenging to remove the interleaved artifacts
simultaneously.

Previous works [14, 15] generally focus on removing a
single type of artifact. For example, the EEGANet [15] is
used to remove the EOG. Although NovelCNN [16] and
EEGdenoiseNet [1] can remove either EOG or EMG arti-
facts, they lack the capability to handle interleaved artifacts.
However, these models are trained on single artifact types,
limiting their ability to remove interleaved artifacts. Thus,
the denoise model for EOGmay have limited performance in
EMG removal. As seen in Fig. 1b, the EOG introduces a large
amplitude to the signal in the time domain [17], while EMG
includes high-frequency noise [18, 19]. Moreover, Fig. 1c
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Fig. 1 Analyzing EOG and EMG difference characteristics in time and frequency domains. a The pure EEG segment. b The pure EEG segment
interleaved the EOG and EMG artifacts. c and d Spectral analyses of noisy EEG sub-segment (b) contaminated with EMG and EOG artifacts,
respectively

and d showcase spectral analyses of EEG segments contam-
inated with EOG or EMG artifacts. Notably, EOG artifacts
are primarily concentrated in the low-frequency spectrum,
while EMG artifacts are broadly distributed across the mid-
to-high frequency range, spanning from 20 Hz to over 200
Hz. It is challenging to remove multiple types of artifacts
simultaneously with neural network models since it is diffi-
cult to integrate the features of artifact types into a unified
model. Similarly, the denoise model for EMG has limited
performance in EOG removal due to the heterogeneity of the
distribution in the time-frequency domain.

We tackle the challenge by developing an artifact-aware
denoising framework for removing interleaved artifacts
within EEG. We utilized an artifact awareness module to
acquire the type of artifacts and then adaptively remove EOG
and EMG artifacts using hard attention-based frequency fil-
tering techniques. Specifically, we train an artifact-aware
module (AAM) designed to identify the artifact type based
on these distinctions. Concurrently, the AAM is capable of
acquiring an artifact representation (AR) obtained from the
high-level feature within the artifact, serving as prior knowl-
edge for the denoising module. This prior information makes
the denoise model adaptive to the variance of artifacts and
then removes them in a unified model.

Using artifact representation, we can infer the type of
artifact. Furthermore, we aim to develop more targeted
denoising strategies for different artifacts within EEG data.
The distinct distribution characteristics of EOG and EMG
in the frequency domain provide opportunities to gener-
ate tailored denoising strategies. As illustrated in Fig. 1,
EMG is characterized by high-frequency noise information
in the mid-to-high-frequency range [18, 19], whereas EOG
contributes amplitude variations to the signal [17] in the
low-frequency range. Thus, we introduce frequency domain
analysis to identify the frequency components of artifacts
based on artifact representation. We propose a frequency
enhancement module (FEM). The FEM utilizes hard atten-
tion [20], tailored to selectively remove specific frequency

components according to the various distributions of EOG
and EMG. It is worth noting that hard attention is more
suitable for artifact removal tasks compared to soft atten-
tion. The hard attentionmechanism can directly eliminate the
modes containing artifact features, rather than dynamically
adjusting the distribution of frequency domain components.
We validate our conclusion in Section “The Effectiveness of
Hard Attention in FEM.” Moreover, we find that aggressive
removal of the frequency component through hard attention
may bring about a loss of EEG information. Then, we design
the time-domain compensation module (TCM) to compen-
sate for the information lost. More detail can be found in
Section “Time-Domain Compensation Module.”

In this paper, we present the design and implementation
of a novel model for the removal of multiple types of EEG
artifacts, which we have named the artifact-aware denois-
ing model (A2DM). The A2DM leverages an artifact-aware
model (AAM) to generate an artifact representation (AR),
thereby sensitizing a frequency enhancement module (FEM)
to remove the specific type of artifact present. It is important
to highlight that the denoise block leverages features of the
artifact extracted by the awareness module, enabling it to
efficiently address two types of artifacts within a cohesive
framework. This approach not only streamlines the multi-
ple artifact denoising process but also enhances the overall
performance of the framework by ensuring a more targeted
and effective artifact removal. After that, a time-domain
compensation module (TCM) is employed within the time
domain to mitigate potential information loss and enhance
overall performance. We conducted a comprehensive evalu-
ation of the A2DM on the EEGdenoiseNet benchmark [1].
The results demonstrate that our method outperforms the
state-of-the-art method, i.e., novel CNN [16] in multi-type
EEG denoising tasks. Notably, the correlation coefficient has
seen an improvement of 12%, underscoring the efficacy and
advancement of our proposed model in the field of EEG sig-
nal processing. The main contributions of this paper are as
follows:
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(1) We propose an (A2DM). In the A2DM, the model
adaptive removal of both ocular artifacts and muscle artifacts
in a unified model according to the artifact type.

(2) We design a hard-attention-based mode enhancement
module for the EEG denoise task, which can effectively
enhance critical mode components in the frequency domain.
We demonstrate that hard attention is more effective in FEM
compared to soft attention in the removing artifact task. To
our best known, FEM is the first module based on the con-
volution network to represent artifacts feature from the view
of the frequency domain.

(3) We demonstrate the effectiveness of the proposed
A2DM on the EEGdenoiseNet dataset with comprehensive
experiments, the results ofwhich show that A2DM exhibiting
a notable 12% improvement in correlation coefficientmetrics
compared to advanced methods, such as novel CNN.

The paper is organized as follows: Section “Methods”
illustrates our framework for A2DM and dataset. Section
“Results” demonstrates the effectiveness of the A2DM and
analyzes each module of the A2DM. Section “Discussion”
discusses the A2DM. Section “Conclusion and FutureWork”
concludes the paper.

Methods

The Framework of A2DM

The framework of the Artifact-Aware EEGDenoisingModel
(A2DM) is shown in Fig. 2. The A2DM framework consists

of the AAM and 6 denoise blocks, and then there is a fully
connected layer (FC) following the sixth denoise block. We
defined the EEG segment containing artifact as noisy EEG
segments (EEGnoisy). The EEGnoisy is fed into the AAM
(Fig. 2a) to produce the artifact representation (AR). Then,
the noisy EEG segments and the artifact representation infor-
mation are calculated through denoise blocks. The output of
FC layer is the denoisedEEG segments (EEGdenoise), which
can be formulated as

EEGdenoise = A2DM(EEGnoisy, AAM(EEGnoisy)).

(1)

In each denoise block, there are two 1D-convolution (1D-
Conv) layers followed by a ReLU layer. This layer increases
the channels of EEG from 32 to 1024, providing more
features for the subsequent learning procedure, as shown
in the shadowed blocks in the left-bottom of Fig. 2. The
f requency enhancement module (FEM) (details shown in
Fig. 2c) and the time-domain compensation module f usion
module (TCM) (details shown in Fig. 2d) are followed by
the 1D-Conv layers. The details of these two modules are
explained in Sections “Frequency Enhancement Module”
and “Time-Domain Compensation Module.” The residual
information [21] is involved in the network of the denoise
block. At the tail of the denoise block is a 1D-Conv layer with
2 steps to reduce the dimension of the feature map, which is
similar to VGGNet [22]. The architecture of the network is
discussed in Section “Computational Resources Analysis.”

Fig. 2 The framework of A2DM. The model has mainly two networks:
an artifact-aware module and an EEG denoising model. The AAM
extracts the artifact representations from EEG. In DM, the frequency
enhancement module (FEM) and the time-domain compensation mod-

ule (TCM) are used to fuse the artifact representation and EEG feature
map from the frequency-time domain. K3n32s1 means that the size of
the convolution kernel (k) is 1× 3, the output channel (n) is 32, and the
convolution stride (s) is 1
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Artifact-Aware Module

EOG and EMG in the EEG signal are different types of arti-
facts with different statistical feature information in the time
and frequency domain space [17, 18]. To this end, we intro-
duce the concept of artifact representation, which captures
artifact characteristics in EEG signals and serves as prior
knowledge to guide the training of a denoising model. It
is important to note that artifact representation is distinct
from artifacts themselves; instead, it encapsulates high-level
features derived from artifacts. In this way, the noisy EEG
signals can be adapted to specific artifact spaces during the
denoising process, leading to improved model performance.

The A2DM aims to distinguish artifacts from other infor-
mation in the representation space of the EEG signal by
learning the artifact representation with the artifact-aware
module (AAM). As the patterns of artifacts in EEG signals are
variable and heterogeneous, we trained the AAM with super-
vised methods to make it robust. Specifically, we utilized the
artifact classification task to pretrain AAM. The EEG signals
containing multiple artifact types are employed as input for
AAM training, andwe consider two essential features of EEG
noise: the artifacts type and the signal-to-noise ratio (SNR)
level. More details are provided in Section “Dataset.” In the
pretrain process, the output of the AAM is the result of arti-
fact classification. In this way, we make the AAM learn the
difference between types of artifacts in the space of abstract
representation. Finally, the artifact representation is the out-
put embedding of the last FC layer of the AAM.

The backbone of the artifact-aware module is shown in
Fig. 2a. AAM contains 6 blocks used for feature extraction
of artifact information. In each of the first five blocks, two
1D-Conv layers with small 1 × 3 kernels, 1 stride, and a
ReLU activation function are followed by a 1D-Global Aver-
age Pooling (GAP) with a pool size equal to 2. In the 6th
block, two 1D-Conv layers are followed by a flattened layer.
The number of channels of the convolutional layer in each
block follows base 2 exponential functions from 32 to 1024.

The backbone of the AAM is designed based on the struc-
ture of VGGNet [22]. This model without the multi-branch
design will reduce memory utilization and accelerate the
inference [23]. It is notable that there is no restriction for
the network of AAM, and other classical networks can be
used, such as ResNet [21]. The architecture of the network
is shown in Table 1. We train the AAM with a cross-entropy
loss function as follows:

L = 1

N

∑

i

Li = − 1

N

∑

i

M∑

c=1

yic log (pic) . (2)

where the M indicated the number of classes, and pic is the
predicted probability.

Frequency Enhancement Module

Different types of artifacts tend to be distributed across
different frequency components (mode). Frequency-domain
analysis is a robust technique for effectively discriminating

Table 1 Network architecture
of AAM

Layer Type Input shape Output shape

Input - (1, 1000) -

Block1 [conv-(1×3,32, s=1)]×2 (1, 512) (32, 512)

Block1 average pool (32, 512) (32, 256)

Block2 [conv-(1×3,64, s=1)]×2 (32, 256) (64, 256)

Block2 average pool (64, 256) (64, 128)

Block3 [conv-(1×3,128, s=1)]×2 (64, 128) (128, 128)

Block3 average pool (128, 128) (128, 64)

Block4 [conv-(1×3,256, s=1)]×2 (128, 64) (256, 64)

Block4 dropout (256, 64) (256, 64)

Block4 average pool (256, 64) (256, 32)

Block5 [conv-(1×3,512, s=1)]×2 (256, 32) (512, 32)

Block5 dropout (1024, 16) (1024, 16)

Block5 average pool (512, 32) (512, 16)

Block6 [conv-(1×3,1024, s=1)]×2 (512, 16) (1024, 16)

Block6 dropout (1024, 16) (1024, 16)

Block7 Flatten (1024, 16) (1,16384)

Block7 FC (1, 16384) (1,512)

Block7 FC (1, 512) (1,10)
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and removing artifact distributions. The key point of FEM
lies in adaptively removing artifacts and preserving pureEEG
features as much as possible, depending on the type of arti-
fact. Generating mode selection strategies tailored to specific
artifact types is challenging.

To address this issue, a hard attention mechanism is
integrated into FEM, utilizing a learnable binary mask to
facilitate the selection of frequency modes containing pure
EEG features. The noisy EEG features are transformed into
the frequency domain, where each frequency mode is multi-
plied by the binarymask sequence, composed of 1 s and 0s. A
value of 1 indicates that the mode should be preserved, while
a value of 0 signifies that the mode should be suppressed.
Notably, the binary mask is learned directly from artifact
representations, producing distinct masks for different arti-
fact types. This adaptability enables the model to effectively
and simultaneously remove both EOG and EMG artifacts,
enhancing its versatility in handling mixed noise scenarios.
Unlike traditional filtering methods, our approach leverages
the A2DM neural network to transform EEG signals into
frequency-domain feature maps, enabling precise removal
of artifacts. The FEM module adaptively selects and retains
layer-specific information that is essential for reconstructing
artifact-free EEG signals. This process is guided by the loss
function, which iteratively optimizes the model until conver-
gence.

Additionally, CNNs exhibit general limitations on mod-
eling explicit long-range relations [24]. It has been proven
recently that the global features of data can be captured in
the frequency domain [25–28]. By incorporating frequency
representation, our model effectively captures long-term
interactions in EEG features.

Specifically, for a given EEG feature map in FEM Fc =
[X1, X2, ..., Xl ] × C , C is the number of channels. First,
FEM splits the EEG features along the channel dimension
and converts them into the frequency domain using FFT F ,
as formulated below:

F̃ f = F(Fc). (3)

where F̃ f = [mod1,mod2, ...,mod[l/2]+1] × C , modi
denotes the different modes in the frequency domain. It is
also worth mentioning that the half of the FFT {mod[l] : 0 ≤
l ≤ �l/2�} contains the full information about the frequency
characteristics of x[l], due to the conjugacy of frequency
domain.

Then, the artifact representation is fed to two FC lay-
ers, and a sigmoid layer σ is employed to produce attention
weights w ∈ R

1×i , i ∈ {1, 2, ..., [l/2] + 1}. A selector
matrix S is constructed where S ∈ {0, 1}1×[l/2]+1,

Si =
{
Si = 1, wi > t

Si = 0, otherwise.
(4)

where t is a threshold based on empirical data and will be
determined in the implementation details in Section “Per-
formance Evaluation on Semi-Synthetic EEG.” the select
operator is formalized as:

S = selector(σ (FC(AR))). (5)

The hard attention mechanism is employed to guide the
model to remove artifact features and preserve pure EEG
information. Finally, S is used to select different modes com-
ponents in F̃ f . F−1 is used to convert from the frequency
domain to the time domain, which can be formalized as

Ff = F−1(F̃ f ∗ S) + Fc. (6)

where Ff is the enhancement result by FEM and F−1 is the
inverse Fourier transform. The shortcut [21] is introduced
into the FEM to avoid the loss of effective features. The
pseudo-code of FEM is shown in Alg. 1.

Algorithm 1 Pseudo-code of FEM
Require:
1: Fc: EEG feature, the size of feature is b × c × l .
2: AR: Artifact representation embedding.
3: t : The threshold for selecting the frequency mode.
Ensure:
4: Ff = DFT (Fc, dim = −1)
5: w0 = MLP(AR)
6: wi = I(wi ∈ w0 > t)
7: Update the wo to get selector S
8: Ff = I DFT (Fc ∗ S, dim = −1) + Fc

Time-Domain CompensationModule

Whencomputing the selectionmatrix inFEM, if the selection
factor is set to zero, the module will assign a zero amplitude
to the corresponding mode. However, the same mode has
EEG and artifact information in the low-frequency region.
The aggressive removal of the mode through hard attention
may bring about a loss of EEG information. We aim to com-
pensate for the EEG information. CNNs excel at learning
local features directly in the time domain [21]. As a result,
we reconstruct this information in the time domain instead of
the frequency domain. Consequently, we employ a serial net-
work structure for our A2DM, in which the TCM is executed
after the FEM. In this way, the FEM compresses the EEG
information in a specific artifact representation space, while
the TCM increases the capacity of the representation space
by reconstructing the time domain and enriching the feature
information. The complementary properties between the two
modules lead to improved denoising results. More detail will
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be discussed in Section “The Effectiveness of Time-Domain
Compensation Module.”

Specifically, we built the TCM to learn how to predict
the kernel of a depth-wise convolution [29] conditioned on
artifact representation, as shown in Fig. 2b. Specifically, the
one-dimensional artifact representation is fed to two FC lay-
ers and reshaped as a two-dimensional convolutional kernel
k ∈ R

c×1×3. The input Ff is processed with the depth-
wise convolution and a 1 × 3 convolution to produce the
reconstructed feature. The EEG featurewithinTCM is recon-
structed by the guide of artifact representation. This means
the TCM can also be adaptive to multiple artifacts.

Finally, we achieved adaptive artifact removal through the
interaction of AR with FEM and TCM. Specifically, within
FEM, AR is employed to generate a selecting mask. FEM
leverages FFT techniques to transform EEG features into the
frequency domain and uses themaskmultiply to theEEG fea-
tures across the channel. The features computed by FEM are
then fed into TCM. Within TCM, AR is utilized to perform
depth-wise convolution learning, which is then calculated
with the previously obtained features to reconstruct and com-
pensate for the missing EEG information.

Dataset

We use a semi-synthetic EEGdenoiseNet dataset [1] and a
real EEG dataset (i.e., BCI Competition IV 2a) in this paper.
EEGdenoiseNet contains three classes of data: 4514 clean
EEG segments, 3400 ocular artifact segments, and 5598
muscular artifact segments. Those data are real-world EEG
derived from different data sets. Moreover, BCI Competition
IV 2a provides EEG data collected in experiments for motor
imagery classification. It can be used to verify the effective-
ness of different denoise models in real scenarios.

To simulate scenarios in which multiple types of artifacts
are interleaved in the EEG, our dataset is mixed with both
EOGandEMGnoise.We used data fromEEGdenoiseNet [1]
to generate pairs of pure and noisy EEG signals for training
and testing the A2DM. The noisy signals are generated by
linearly mixing the pure EEG segments with EOG and EMG
artifact segments according to (7):

y = x + λ · n. (7)

where y denotes themixed 1D signal of EEG and artifacts;
x denotes the pure EEG signal as the ground truth; n denotes
EOG and EMG artifacts. The SNR of the contaminated seg-
ment can be adjusted by changing the parameter λ according
to SN R = 10 log RMS(x)

RMS(λ·n)
. The root mean square (RMS) is

defined as RMS(x) =
√

1
N

∑N
i=1 x

2
i where N denotes the

number of temporal samples in the segment x , and xi denotes
the i th sample of segment x .

Artifact Representation Dataset

We build an artifact classification dataset for pretraining the
AAM. To ensure a fair comparison, we set the SNR levels
between -7 dB and 2 dB and select EOG and EMG artifacts,
following the parameter settings from previous work [1, 30,
31]. EEG segments containing both EOG and EMG noise
segments to perform a 10-classification task. For two types
of artifacts, the SNR of noise can be divided into 5 cate-
gories, varying from -7dB to 2dB with 2 dB increments. It
is because too many classes can lead to fine-grained artifact
representations, causing overfitting and negatively impact-
ing the model’s generalization ability. Conversely, too few
classes cannot distinguish between different artifact types
effectively. To ensure consistency in the number of EEG,
EOG, and EMG segments during signal and artifact mixing,
we randomly reused some segments to increase the number
of EEG and EOG to 5000. We reuse this data mixing proce-
dure 10 times, resulting in a training set of 500,000 samples
(5000 × 2 × 5 × 10).

Semi-Synthetic EEG for Denoise Dataset

As for the denoise dataset used in A2DM, we randomly com-
bined 3000 pairs of pure EEG segments with EOG and EMG
artifact segments by linearly mixing, using the SNR sampled
from a uniform distribution from -7dB to 2dB with 1 dB
increments and employ them as the training set. In this way,
we finally generate 60,000 (3000× 2× 10) segments as the
trainset and 8000 segments as the test set. The length of the
data is 512 as the horizontal coordinate. Figure3 shows the
samples of pure EEG, EOG, EMG, and the noisy EEG seg-
ment with different levels of SNRs. It is worth noting that our
training set consists of EEG segments contaminated with a
mixture of EOG and EMG artifacts. In contrast, the previous
training set only included EEG segments with a single type
of artifact.

Real EEG

We use a real EEG dataset to test the effectiveness of the
A2DM. The BCI Contest IV 2a (BCI-2a) contains data of
9 subjects performing motor imagery classification (left-
hand, right-hand, tongue, and foot movements) [32, 33]. We
use pre-processed data from MMCNN [34], which is three
channels, and the length of the data is 1000. For each EEG
segment, we added noise to the head and tail separately and
finally processed all channels. We then randomly selected 3
subjects of data to generate the denoised training dataset. In
this way, we also finally generate 60,000 (3000 × 2 × 10)
segments for training.
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Fig. 3 The synthetic noisy EEG with different types of artifacts and levels of SNRs. The EOG / SNR = -1 indicates the result of mixing pure EEG
and pure EOG at a setting of SNR = -1, according to (7)

Results

ValidationMetrics

To quantitatively evaluate the performance of models, three
metrics are used on the test dataset, including RRMSE in
the temporal domain (RRMSEt ), RRMSE in the spectral
domain (RRMSE f ), and the correlation coefficient (CC).

RRMSEt = RMS(ŷ − y)

RMS(y)
, (8)

RRMSE f = RMS(PSD(ŷ) − PSD(y))

RMS(PSD(y))
, (9)

CC = Cov(ŷ, y)√
Var(ŷ)Var(y)

. (10)

where RMS is defined as above in Section “Dataset,” PSD
denotes the power spectral density of the input data; Var and
Cov denote the variance and covariance, respectively.

Performance Evaluation on Semi-Synthetic EEG

We employed classical artifact removal methods, specifi-
cally the adaptive filter and Hilbert-Huang transform (HHT),
for evaluation on the same dataset. Our results indicate that
deep learning-based techniques significantly outperform tra-
ditional methods in artifact removal, attributed to the robust
data fitting capabilities of deep learning models.

To validate the performance of A2DM, we compared it
with four denoising approaches: DeepSeparator [31], novel
CNN [16], FCNN [1], simple CNN [1], and complex CNN
[1]. The experiment results are shown in Table 2. It can be
seen that A2DM achieves the best performance, with the
RRMSEt and RRMSE f being 0.6869 and 0.5314, respec-
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Table 2 Comparison of experiment results of the models

EOG EMG EOG and EMG
RRMSEt RRMSE f CC RRMSEt RRMSE f CC RRMSEt RRMSE f CC

Adaptive Filter 1.365 1.213 0.551 2.134 2.310 0.378 1.750 1.762 0.465

HHT 2.067 2.123 0.398 1.635 1.784 0.498 1.851 1.954 0.448

FCNN [1] 0.8548 0.7408 0.5464 0.8525 0.7532 0.5161 0.8536 0.7470 0.5313

Simple CNN [1] 0.7015 0.6087 0.7647 0.7147 0.6320 0.7205 0.7081 0.6204 0.7426

Complex CNN [1] 0.6898 0.5908 0.7560 0.7358 0.6319 0.7133 0.7128 0.6113 0.7347

DeepSeparetor [31] 0.7598 1.0368 0.7340 0.7433 0.7477 0.7459 0.7515 0.8922 0.7399

Novel CNN [16] 0.8216 0.8207 0.5534 0.8303 0.8294 0.5756 0.8260 0.8250 0.5645

Novel CNNφ [16] 0.7618 0.6093 0.6584 0.7597 0.6047 0.6358 0.7608 0.6070 0.6471

A2DM(ours) 0.6700 0.5086 0.7409 0.7039 0.5540 0.7087 0.6869 0.5314 0.7248

Novel CNNφ indicates that the block with 2048 channels is removed in the original novel CNN model
The bold entries indicate the best results

tively. This shows that our model can effectively remove
multiple types of artifacts.

Simple CNN achieves the highest CC scores but performs
poorly in RRMSE metrics. Our analysis suggests that this
outcome may be attributed to the fact that shallow neural
networks exhibit greater sensitivity to the trend information
in temporal data, allowing them to learn structural infor-
mation more effectively. Consequently, the denoised signals
produced by shallow networks closely resemble the ground
truth. In Section “The Insight of Shallow CNN Model for
Denoise Task,” we conducted a further analysis of this phe-
nomenon.

We find that A2DM achieves 15% higher CC scores than
novelCNN.The reason for thismay be due to the inconsistent

length of themodel input signals. For the fair comparison, we
removed the blocks with channel 2048 from the novel CNN
so that we obtained the CNNφ model with the same number
of denoise blocks as the A2DM. Our model also shows a
significant improvement over the novel CNNφ model.

We conduct a visual analysis of denoising results using
variousmodels further to validate the effectiveness of A2DM.
Specifically, two distinct EEG segments containing EOG
and EMG are randomly selected from the test set to show-
case the practical outcomes of the denoising process. The
resulting denoise EEG is shown in Fig. 4. A2DM can effec-
tively remove both EOGandEMGartifacts. Furthermore, we
observe that the denoised EEG (depicted by the green line)
generated by A2DM exhibits a similar pattern to the ground
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Fig. 4 Denoise performance comparison of different methods on dif-
ferent artifacts from testset; the first and second rows show the EOG
and EMG denoising results, respectively. The noisy EEG (input), the

denoised EEG (output), and the pure EEG (ground truth) are shown
with the light blue line, green line, and orange line, respectively
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truth (depicted by the orange line) in both amplitude and
tendency, setting it apart from alternative models. This con-
sistency distribution between the ground truth and denoised
results is attributed to the A2DM model’s superior ability to
preserve the global properties of the EEG data.

In addition, we conduct a time-frequency analysis to eval-
uate the efficacy of denoise performance. Spectrograms are
generated from the input EEG segment, the pure EEG, and
the denoised EEG signal using different models, as pre-
sented in Fig. 5. Our results demonstrate that the denoised
EEG segment produced by the A2DM exhibits the highest
degree of similarity to the pure EEG. This observation sug-
gests that A2DM is effective in capturing the crucial mode
of EEG data, enabling accurate reconstruction of the noisy
data. We find that A2DM tends to remove information in the
20–30 Hz frequency range. This could be attributed to our
FEM, which led the model to more aggressively filter out
noise while retaining important frequency-domain informa-
tion. Our model still outperforms other methods in terms of
artifact removal. Moreover, it preserves the semantic infor-
mation of the original signal, especially in the low-frequency
region, during downstream tasks. This is a key advantage of
A2DM, as it leverages theFEMmodule to retain task-relevant
information while effectively removing artifacts selectively.

Ablation Studies

To evaluate the efficacy of each module in the proposed
A2DM, we conducted ablation studies. Owing to the inherent
flexibility in the design of FEM and TCM, we could seam-
lessly remove them from A2DM without any alteration to the
model’s overall architecture. In Table 3, we can see that the
performance decreases by around 3% without adding FEM
in model 2 and TCM in model 3. This result implies that
incorporating FEM and TCM is beneficial for A2DM.

Table 3 Ablation study on effects of modules for A2DM

Model FEM TCM RRMSEt RRMSE f CC

A2DM � � 0.6869 0.5314 0.7248

Model 2 × � 0.7195 0.5783 0.6944

Model 3 � × 0.7192 0.5862 0.6947

Model 4 × × 0.7365 0.6035 0.6752

The bold entries indicate the best results

Next, we analyzeFEM and its impact on denoising results
using RRMSE f as the evaluation metric. Compared to
model 2, model 3 achieves a higher RRMSE f after incorpo-
rating the FEM model. This improvement is due to FEM’s
ability to remove global information. Additionally, the inclu-
sion of TCM enhances the denoising performance of A2DM,
highlighting the complementary roles of FEM and TCM.

Study of Artifact Representation

To demonstrate the efficacy of the artifact representation gen-
erated by the AAM, we randomly selected 20 samples from
the test set for each class of segments and extracted the corre-
sponding artifact representations.We visualized the resulting
artifact representations using t-SNE [35] and UMAP [36], as
depicted in Fig. 7. The clustering of the same types of artifacts
indicates that AAM can successfully capture the representa-
tion information of artifact in the EEG data.

Furthermore, we introduced a variant (model 4) without
the artifact representation by removing the FEM and TCM.
The performance of the model 4 decreased by 4.9% in CC
when compared to A2DM, which highlights the significance
of artifact representations in enabling A2DM to handle mul-
tiple artifacts effectively.

We present the denoise results from the baseline model
and A2DM at multiple SNR levels shown in Fig. 6. We

0.3

0.2

0.1

0.01

0

0.01

0

0.01

0

0.01

0

0.01

0

0.12

0.02

0.01

0

0.01

0

0.01

0

0.01

0

0.01

0

(a) Input (b) Pure EEG (c) FCNN (d) Complex CNN (e) Novel CNN (f) A2DM (ours)

(a) Input (b) Pure EEG (c) FCNN (d) Complex CNN (e) Novel CNN (f) A2DM (ours)

E
O

G
E

M
G

Fig. 5 The time-frequency analysis for different denoise models. We
plot the spectrogram of the input EEG (a), the pure EEG as ground
truth (b), and the output EEG denoised by FCNN (c), complex CNN

(d), novel CNN (e), our A2DM (f), respectively. The first and second
rows show theEOGandEMGspectrogramanalysis results, respectively
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Fig. 6 The temporal RRMSE (RRMSE_t), spectral RRMSE (RRMSE_f), and correlation coefficient (CC) result for EEG denoise at multiple SNR
levels. The SNR ranges from -7 dB to 2 dB

observe that as the SNR level increases, the denoising
performance of A2DM improves (RRMSEt: mean=0.6994,
std=0.045), while the performance of novel CNN remains
largely unchanged (RRMSEt: mean=0.7608, std=0.003).
This suggests that A2DM is adaptable to multiple artifact
spaces. On the other hand, the novel CNN models share a
single artifact space during the denoising process. Moreover,
we observed that simple CNN and complex CNN exhibit
higher sensitivity to SNR levels. In Section “The Insight of
Shallow CNN Model for Denoise Task,” we will discuss the
mechanisms of shallow models for denoising tasks.

Analysis of Frequency Enhancement Module

In this section, we analyze the artifact removal process per-
formed by the FEM on EOG and EMG signals separately,
using the test dataset for evaluation. Specifically, we com-
pute and visualize the probability density distribution of the
selector matrix S, generated by the FEM component within
the Denoise Block 1 of the A2DM, as shown in Fig. 8a. The
horizontal axis represents the mode of information retention,
where 0 corresponds to complete removal and 1 corresponds
to full preservation. A greater tendency towards 0 indicates
that more mode information is removed during denoising,
while a tendency towards 1 reflects the retention of more
modes.

Fig. 7 t-SNE (a) andUMAP (b) visualization of representation for arti-
fact representation. The dots are the artifact representation in 2D space.
Ten types of artifact representation clustered by t-SNE and UMAP have
different colors

As illustrated in Fig. 8a, the EMG test dataset exhibits a
prominent peak around a mean value of 0.45, significantly
higher than that of the EOG dataset. This indicates that
the FEM removes more mode information when processing
EMG artifacts, likely due to the broader frequency domain
distribution of EMG artifacts compared to EOG artifacts.

Conversely, the FEM retains more mode information
when addressingEOGartifacts, as indicated by a peak around
a mean value of 1. This can be attributed to the narrower fre-
quency range of disturbances associated with EOG artifacts
relative to EMGartifacts. These findings highlight the FEM’s
capability to adaptively discriminate between different types
of artifacts based on their frequency distribution characteris-
tics.

To further evaluate the FEM’s sensitivity to the removal
of EOG and EMG artifacts in the low-frequency domain,
we analyzed the distribution of removed modes. Figure8b
depicts the histogram of removed modes for EMG artifact
processing, while Fig. 8c shows the corresponding histogram
for EOG artifact processing. Here, the horizontal axis repre-
sents variousmodes, and the vertical axis denotes the average
mask values across these modes.

Our analysis reveals that within the 5–12 Hz range, the
FEMremovesmore low-frequency information forEOGarti-
facts than for EMG artifacts. This indicates that the FEM
effectively identifies and removes the distribution range of
EOG artifacts. Furthermore, this targeted removal approach,
based on hard attention mechanisms, can be effectively com-
plemented by the TCM, enabling a more refined denoising
process.

The Effectiveness of Hard Attention in FEM

We validate the advantages of the hard attention mechanism
in FEM for artifact removal tasks. We utilize a soft attention
mechanism to rescale the frequency domain modes within
the FEM. Specifically, the artifact representation is processed
through theMLP layer and mapped via a sigmoid function to
learn a set of modulation factors. This means that instead of
discrete values within the selection matrix S, there is a con-
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(a)

(b)

(c)

Fig. 8 Analysis of frequency enhancement module. a The probability density distribution of the selector matrix S generated by the FEM on the
testset. b and c show histograms of the distribution of selector matrix S in the low-frequency domain, corresponding to the EMG and EOG testsets,
respectively

tinuous sequence of matrices. These factors are used to scale
the frequency domain modes while the rest of the network
structure remains unchanged, resulting in the soft attention-
A2DM model.

As shown in Table 4, the soft attention-A2DM model
exhibits a decline in denoising performance across all three
metrics compared to the A2DMmodel. This phenomenoncan
be explained from a frequency domain perspective. Differ-
ent artifacts and original data are distributed across distinct
frequency modes. The FEM with a hard attention mecha-
nism can adaptively remove the modes containing artifact
features. However, the soft attentionmechanismdynamically
adjusts the distribution of data across differentmodeswithout
directly eliminating artifact features, resulting in less effec-
tive artifact removal compared to hard attention.

The Effectiveness of Time-Domain Compensation
Module

In this subsection, we analyze the impact of TCM on the
denoising model. In Fig. 9a, we show the architecture of the
A2DM reported in the paper where the FEM is executed
before the TCM and the overall network structure is serial.

Table 4 Comparison of experiment results of the variant models

Model RRMSEt RRMSE f CC

A2DM (ours) 0.6869 0.5314 0.7248

Soft attention-A2DM 0.6993 0.5893 0.7128

Dual-stream network 0.7382 0.5972 0.6783

Inverted denoise block 0.7082 0.5817 0.7049

The bold entries indicate the best results

We investigate how the positioning of FEM and TCM affects
the denoising model’s performance. The inverted denois-
ing block is shown in Fig. 9b, where the TCM is executed
before the FEM. As shown in Table 4, this structure per-
forms worse than A2DM. Placing FEM after TCM results
in information loss due to the hard attention mechanism,
thereby reducing denoising performance. This implies the
TCM supplements the lost EEG information, thereby fur-
ther enhancing the model’s performance. The representation
of the time and frequency domains is complementary to the
representation of the EEG signal in our A2DM.

Moreover, we analyze the relationship between the fre-
quency and the time domain representation within the FEM
and TCM.

Figure9c depicts a dual-stream network architecture
whereFEM and TCM operate in parallel, with the output fea-
tures averaged across the two branches. In the experiment, we
observe the network converges in theFEM branch faster than
in the TCM branch. In addition, the FEM extracts features
in the frequency domain, while the TCM extracts features in
the time domain. The data distribution gap between the two
branches further reduces the performance of the network. As
Table 4 shows, the model performance is reduced by 4.6%
in CC compared to A2DM. Finally, we use the serial setting
in the A2DM.

Performance Evaluation on Real EEG

To evaluate our method on real data, we conducted the fol-
lowing experiments. We selected the MMCNN [34] model,
which contains five modules, for the classification task. To
accelerate training, we only used the EIN-a module.
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(a)

Artifact representation

(AR)

(b)
AR

...

...

(c)

Time-domain compensation moduleFrequency enhancement module 1x3 Conv (s=2)

Artifact representation

(AR)

Artifact representation

(AR)

1x3 Conv (s=1)

Fig. 9 Comparisons between the two versions of A2DM. a depicts the framework of our A2DM, b is a dual-stream network consisting FEM and
TCM, and c is an inverted denoise block used in the variants for A2DM

As seen in Fig. 10, we added noise to the BCI-2a data to
obtain the noisy EEG data. We divide the noisy BCI-2a data
into training and test sets. The training set is used to retrain
the denoising model, which is then applied to the test set to
produce denoised BCI-2a data. The denoised BCI-2a data
are used to complete the motion imagery classification task
in the ELN-a module. The accuracy of the model is 59.37%.

To evaluate the effectiveness of the A2DM, we first trained
the EIN-amodule using the noisy BCI-2a data as the baseline
model. Additionally, we generated denoised data using dif-
ferent denoising models for the motor imagery classification
task. For comparison, we selected the complex CNN [1] and
novel CNN [16] models. We employed cross-validation to
further reduce subject bias.

As can be seen fromTable 5,we find that themodel trained
by dataset denoising from A2DM improved the classification
accuracy by 3.36% over the baseline model and 2.47% over
the novel CNN. Experiments demonstrate the effectiveness
of model denoising.

The Generalization of Hyperparameter t

To select the hyperparameter and evaluate the generalization
of t , we split the dataset into training, validation, and test sets
with a ratio of 8:1:1. Based on validation set performance,
we set t=0.4 and evaluated it on the test dataset, as shown in

Fig. 11. This setting yielded the best denoising performance
compared to other thresholds.

In this study, we present findings regarding the selection
of the threshold parameter t to identify the number of modes
to be enhanced in the EEG frequency domain. Our experi-
ments show that approximate results can be achieved when
t is set to 0.4 or 0.7. The comparable outcomes suggest that
the model may have an inherent robustness to noise or redun-
dant information, allowing it to perform well under different
filtering conditions.

It is worth noting that a larger t value may lead to the dis-
carding of important features, resulting in a loss of feature
information. Conversely, a smaller t value may introduce
noise from the high-frequency domain, thereby reducing
denoising performance. In light of the above considerations
and the need to optimize the generalization ability of the
model, we choose t=0.4. It is worth mentioning that the
choice of t can be reassessed based on the performance of
the downstream task.

Discussion

Computational Resources Analysis

Table 6 lists the details of A2DM. We used the ptflops tool
[37] to calculate the parameters and floating point operations

Bci-2a

dataset

Bci-2a

dataset

with noise

Add

noise

Train set

Noisy \ real EEG segment

Test set

Noisy Bci-2a data

Retrain

Input

Denoise

Bci-2a

dataset

Output

Model

Motor

imagery

classification

Fig. 10 Schema of the real-data experiment
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Table 5 Performance
comparison of the MMCNN
model trained by denoising data
generated by different denoising
models

Model Baseline Complex CNN [1] Novel CNN [16] A2DM

ACC 56.01±2.64 54.10±0.02 56.90±1.65 59.37±1.83

Recall 54.01±1.78 53.56±0.10 57.20±1.97 58.98±1.12

F1 54.99±1.63 53.83±0.08 57.05±1.24 59.17±1.65

(Flops) of A2DM and the baseline method in this paper. The
specific results are shown in Table 7. We can see that the
parameter of A2DM is 1.31 times that of novel CNN, but the
denoising performance is significantly improved. Further-
more, we verified the inference efficiency of the model. In
the same workstation environment with Intel Core i7-8700
CPU, 32GB memory, and an NVIDIA TITAN RTX GPU,
the inference time of novel CNN on the test set is 45.59 s,
and that of A2DM is 67.97 s. Although the inference time
of A2DM is relatively large, the average inference time of
a segment is 0.008 s, which can meet the requirements of
real-time applications.

The Insight of Shallow CNNModel for Denoise Task

As shown in Table 2, A2DM does not perform as well as
the complex CNN and simple CNN in terms of CC metrics.
Besides, this phenomenon is consistent with the denoising
result. As shown in Fig. 4, the complex CNN model fits the
structural features and trends of the pure EEG well, result-
ing in high CC values. However, it is not very sensitive to
changes in values, leading to high RRMSE values. In this
section, we explore the reasons why the complex CNN has a
higher CC value but a lower RRMSE .

Firstly, we introduce the structure of the complex CNN
model, which is a shallow network with multiple branches.
It utilizes 1×3, 1×5, and1×7convolutional kernels to extract
features from EEG data. The features are fused through con-

catenation, and the denoised EEG data is generated through
fully connected layers.

To explore the mechanisms behind generating denoised
data, we visualized the channel feature maps before the fully
connected output layer of the model. The input data, pure
EEG, and channel feature maps are shown in Fig. 12. We
considered different scenarios under various SNRs (high and
low SNRs correspond to levels of 2 and -7, respectively).

As shown in Fig. 12, for the low SNR denoise task, the
channel feature map exhibits significant differences from the
pure EEG distribution but aligns well with the input EEG
signal distribution, even displaying some highly similar seg-
ments. In contrast, in the high SNR denoise task, the channel
feature map gradually approaches the pure EEG distribution
and the occurrence of similar segments increases. It is worth
noting that in the high SNR scenario, the input EEG and pure
EEG have highly similar distributions, and the data segments
have overlapping features. It seems that the complex CNN
model simply learns the characteristics of the input signal
and thus achieves good performance in CC value.

Specifically, the complex CNN network, with its multi-
branch architecture and strong ability to extract local fea-
tures, is capable of accurately capturing the structural feature
of the target, thereby achieving a high CC value. However,
due to the limitations in learning and network expression
brought about by its shallow architecture, the denoise sig-
nal output by the network still contains a large amount of
structural information from the input signal. Additionally, we
have derived the following corollary: The shallow model’s
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Fig. 11 Results of evaluation metrics using different selection thresholds on the testset
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Table 6 The network
architecture of A2DM

Layer Type Input shape Output shape

Input Noisy EEG and AR (1, 1000) and (1, 10) -

Block1 [conv-(1×3,32, s=1)]×2 (1, 512) (32, 512)

Block1 FEM (32, 512) (32, 512)

Block1 TCM (32, 512) (32, 512)

Block1 conv-(1×3,32, s=2) (32, 512) (32, 256)

Block2 [conv-(1×3,64, s=1)]×2 (32, 256) (64, 256)

Block2 FEM (64, 256) (64, 256)

Block2 TCM (64, 256) (64, 256)

Block2 conv-(1×3,64, s=2) (64, 256) (64, 256)

Block3 [conv-(1×3,128, s=1)]×2 (64, 128) (128, 128)

Block3 FEM (128, 128) (128, 128)

Block3 TCM (128, 128) (128, 128)

Block3 conv-(1×3,128, s=2) (128, 128) (128, 64)

Block4 [conv-(1×3,256, s=1)]×2 (128, 64) (256, 64)

Block4 dropout (256, 64) (256, 64)

Block4 FEM (256, 64) (256, 64)

Block4 TCM (256, 64) (256, 64)

Block4 conv-(1×3,256, s=2) (256, 64) (256, 32)

Block5 [conv-(1×3,512, s=1)]×2 (256, 32) (512, 32)

Block5 dropout (512, 32) (512, 32)

Block5 FEM (512, 32) (512, 32)

Block5 TCM (512, 32) (512, 32)

Block5 conv-(1×3,512, s=2) (512, 32) (512, 16)

Block6 [conv-(1×3,1024, s=1)]×2 (512, 16) (1024, 16)

Block6 dropout (1024, 16) (1024, 16)

Block6 FEM (1024, 16) (1024, 16)

Block6 TCM (1024, 16) (1024, 16)

Block6 conv-(1×3,1024, s=1) (1024, 16) (1024, 8)

Output Flatten (1024, 8) (1,8192)

Output FC (1, 8192) (1,512)

RRMSE metric exhibits high sensitivity to variations in
SNR. In denoising tasks with low SNR, the input EEG’s sig-
nificant distributional differences from the pure EEG yield
higher RRMSE values, whereas, in high SNR denoising
tasks, these differences are smaller and thus result in lower
RRMSE values. This trend is illustrated in Fig. 6, where
the RRMSE value experiences a sharp decrease as SNR
increases.

Furthermore, it is challenging for the network to meet the
training requirements at the task level. According to Table 5,
the EEG signals denoised by the complex CNN model per-
form even worse in downstream tasks than the noisy EEG
signals, indicating that the shallow model has compromised

the representation information of the original EEG signals,
resulting in poor downstream task performance.

Table 7 Comparison of experiment results of the variant models

Model Parameters (M) FLOPs (M) Time (s)

FCNN 1.05 1.04 3.06

Simple CNN 16.82 36.27 8.72

Complex CNN 8.42 42.61 24.25

Novel CNN 33.56 307.33 45.59

A2DM (ours) 44.08 658.42 67.97
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Fig. 12 Visual analysis of
channel feature maps. We
visualized the channel feature
maps before the fully connected
output layer of the model. We
randomly select three feature
maps. The noisy EEG (input),
the feature map, and the pure
EEG (ground truth) are shown
with the light blue line, red line,
and grey line, respectively

(b) Noisy EEG containing EOG in high SNR

(a) Noisy EEG containing EOG in low SNR

(c) Noisy EEG containing EMG in low SNR

(d) Noisy EEG containing EMG in high SNR

Conclusion and FutureWork

In this paper, we propose an A2DM for multi-type arti-
fact denoising. This is the first denoising model to consider
artifact representations. Experiments have demonstrated that
artifact representations of EEG can improve the performance
of the denoising network. Finally, we test our model on
the EEGdenoiseNet benchmark; the results show that our
method achieves state-of-the-art performance in multi-type
EEGdenoise tasks. Themetrics for the correlation coefficient
have improved by 12% to novel CNN.

There are several promising directions for future work.
First, A2DMcurrently focuses on two types of artifacts, EOG
and EMG, while considering limited SNR levels. In future
research, we aim to explore self-supervised representation

learning methods for artifact signals, enabling more fine-
grained and robust representations of artifacts within EEG
data. Additionally, we plan to extend our model’s applica-
tion to event-related synchronization (ERS) and event-related
desynchronization (ERD), further evaluating its effectiveness
in these specific EEG analysis scenarios.
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