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A B S T R A C T

In this work, we propose a Fine-grained Hemispheric Asymmetry Network (FG-HANet), an end-to-end deep
learning model that leverages hemispheric asymmetry features within 2-Hz narrow frequency bands for
accurate and interpretable emotion classification over raw EEG data. In particular, the FG-HANet extracts
features not only from original inputs but also from their mirrored versions, and applies Finite Impulse
Response (FIR) filters at a granularity as fine as 2-Hz to acquire fine-grained spectral information. Furthermore,
to guarantee sufficient attention to hemispheric asymmetry features, we tailor a three-stage training pipeline for
the FG-HANet to further boost its performance. We conduct extensive evaluations on two public datasets, SEED
and SEED-IV, and experimental results well demonstrate the superior performance of the proposed FG-HANet,
i.e. 97.11% and 85.70% accuracy, respectively, building a new state-of-the-art. Our results also reveal the
hemispheric dominance under different emotional states and the hemisphere asymmetry within 2-Hz frequency
bands in individuals. These not only align with previous findings in neuroscience but also provide new insights
into underlying emotion generation mechanisms.
1. Introduction

Compared with non-neural signals like facial expressions, body
language and voices (Atanassov, Pilev, Tomova, & Kuzmanova, 2021;
Gupta & Mishra, 2023; Karnati, Seal, Bhattacharjee, Yazidi, & Krejcar,
2023), electroencephalograph (EEG) signals are directly generated by
the human nervous system and thus can reflect human emotional
states reliably (Ekman, 1992). EEG-based emotion classification has
been extensively researched (Kamble & Sengupta, 2023; Vempati &
Sharma, 2023), with wide applications in various human–computer
interaction (HCI) systems, such as mental e-healthcare (Ali, Mosa,
Al Machot, & Kyamakya, 2016), mental workload monitoring (Kothe
& Makeig, 2011), etc. This task is generally tackled by exploiting the
distinct patterns of asymmetric neural activity in the human brain. As
revealed in previous neuroscience findings (Balconi & Mazza, 2009;
Huang, Guan, Ang, Zhang, & Pan, 2012; Li & Lu, 2009), different areas
of the brain (e.g., temporal and frontal lobes) exhibit asymmetrical
energy changes in EEG signals across various frequency bands during
emotional experiences, like alpha (8–13 Hz), beta (13–30 Hz), and
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gamma (> 40 Hz), etc., which can be used as fundamental cues in the
development of emotion classification models.

Traditional methods for emotion classification typically rely on
manually crafted features that capture hemispheric asymmetry proper-
ties, and analyze these features with statistical models (Hinrikus et al.,
2009; Orgo, Bachmann, Lass, & Hinrikus, 2015). However, they often
require substantial human effort due to the labor-intensive nature of
feature engineering, and moreover, tend to underperform due to the
limited representation power of the statistical models. In recent years,
deep learning techniques (Chen, Yang, Huang, Li, Lu, & Wang, 2024;
Chen, Yang, Huang, Wang, & Liu, 2024) have been applied for EEG-
based emotion classification. Deep learning methods (Liu et al., 2020;
Xiao et al., 2022) mostly utilize a manually crafted feature called
Differential Entropy (DE) as input to deep neural networks, which
captures crucial frequency domain information that is essential for
accurately classifying different emotional states. Recent works (Ahmed,
Sinha, Phadikar, & Ghaderpour, 2022; Huang et al., 2021; Zheng, Hu,
Zhang, Li, & Zheng, 2021) extend the DE feature to incorporate prior
https://doi.org/10.1016/j.neunet.2025.107127

vailable online 8 January 2025 
893-6080/© 2025 The Authors. Published by Elsevier Ltd. This is an open access art
c-nd/4.0/ ). 
icle under the CC BY-NC-ND license ( http://creativecommons.org/licenses/by- 

https://www.elsevier.com/locate/neunet
https://www.elsevier.com/locate/neunet
https://orcid.org/0009-0003-6831-5906
https://orcid.org/0000-0002-2938-0401
mailto:lvna2009@mail.xjtu.edu.cn
mailto:jibin.wu@polyu.edu.hk
https://doi.org/10.1016/j.neunet.2025.107127
https://doi.org/10.1016/j.neunet.2025.107127
http://crossmark.crossref.org/dialog/?doi=10.1016/j.neunet.2025.107127&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/


R. Yan et al.

n

L
p
s
a
e
E
e
d
c
h
e
f

i
w
p

r
e
H
t
t
a
d
w
p
f
l
w
c
p

s
f
w
i
t
t

e
r

d

m
n

d

f

b

c
f

a

p
f

a
t

Neural Networks 184 (2025) 107127 
knowledge of hemispheric asymmetry characteristics during emotional
experiences, achieving improved performance. However, the develop-
ment of these handcrafted features demands extensive expertise. Also,
these features mostly mine from the coarse-grained frequency bands,
like delta (0.1–4 Hz), theta (4–8 Hz), alpha (8–13 Hz), beta (13–40 Hz),
and gamma (> 40 Hz), and seldom consider the fine-grained frequency
information.

Beyond the improvements in terms of input representation, some
works (Ding, Robinson, Zhang, Zeng, & Guan, 2022; Li et al., 2020;
Zhong, Gu, Luo, Zeng, & Liu, 2023) also focused on designing novel
eural architectures to automatically extract hemispheric asymmetry

features during network processing, which however remains a challeng-
ing task though with promising initial results. It is worth noting that
handful end-to-end deep learning approaches (Cui et al., 2020; Yan,
u, Niu, & Yan, 2022) have been proposed, demonstrating significant
otential in extracting useful feature representations from raw EEG
ignals, yet their performance still lags behind the above-mentioned
pproaches. This performance gap can be attributed to the lack of
ffective preprocessing techniques to address the noise captured during
EG signal recording, and the limited availability of training data to
nhance the model generalization. Despite the promising results, the
eep learning models tend to lack interpretability, which may lead to
oncerns and distrust when applied in medical domains. Some efforts
ave been made to enhance the interpretability of these models (Ahmed
t al., 2022; Ding et al., 2022; Zhong, Wang, & Miao, 2020), mainly
ocusing on coarse-grained brain regions or frequency bands.

In this work, we propose an interpretable end-to-end deep learn-
ng model that leverages fine-grained hemispheric asymmetry features
ithin 2-Hz narrow frequency bands for emotion classification. The
roposed model, named Fine-grained Hemispheric Asymmetry Net-

work (FG-HANet), learns discriminative representations directly from
aw EEG signals end-to-end, which does not need to be driven with
xpertise as those manually crafting asymmetric features. The FG-
Anet applies a Mirror Flip Block to generate mirrored versions of

he original EEG samples, which are used as dual inputs to two spa-
iotemporal feature extractors to automatically extract deep features,
nd a Hemispheric Asymmetry Discriminator (HAD) to measure the
iscrepancy of the hemispheric features. Notably, in feature extraction,
e apply Finite Impulse Response (FIR) filters with narrow band-
ass of 2-Hz, enabling the FG-HANet to focus on fine-grained spectral
eatures. We also devise a three-stage training pipeline to optimize the
earning of fine-grained hemispheric asymmetry features. During the
hole optimization process, spatial and frequency bands information is

onsistently maintained, benefiting fine-grained interpretability of the
roposed model.

We conduct comprehensive experiments on two public datasets,
namely SEED (Zheng & Lu, 2015) and SEED-IV (Zheng, Liu, Lu, Lu,
& Cichocki, 2018), to evaluate the performance of the proposed FG-
HANet. We first compare it with several strong baselines under the
same settings, and it is demonstrated that our method yields 97.11%
and 85.70% accuracy on SEED and SEED-IV, respectively, establish-
ing new state-of-the-arts. We also conduct ablation studies on the
three-stage training pipeline, validating the contribution of each stage.
Moreover, we conduct interpretable analysis of our model through visu-
alizations. In particular, we propose two new metrics to quantitatively
measure the hemispheric dominance level under different emotional
tates. We also investigate hemispheric asymmetry in 2-Hz narrow
requency bands obtained by the HAD, compared with the previous
ide range approach (including alpha, beta, gamma bands). The above

nterpretability analysis not only contributes to better understanding of
he network decision process, but also provides important insights into
he emotion generation mechanisms.

We summarize the contributions of this work as follows:

(1) We propose an end-to-end deep learning framework, named the
FG-HANet, which is capable of extracting distinctive hemispheric
2 
asymmetry features for EEG-based emotion classification. It has
been shown through extensive experiments that the FG-HANet
beats strong baselines with new state-of-the-art performance.

(2) We propose to use FIR filters at a fine granularity of 2-Hz band-
width to initialize the spectral filters within the FG-HANet. The
resultant fine-grained spectral features greatly benefit the classi-
fication performance.

(3) We propose a three-stage training pipeline to enhance the learn-
ing of fine-grained hemispheric asymmetry features for effective
emotion classification.

(4) We devise two interpretability metrics to quantitatively analyze
the inter-band hemispheric activity and dominance level, provid-
ing new insights regarding emotion generation mechanisms.

2. Related work

2.1. Deep learning-based emotion classification

Deep learning has greatly advanced the progress in EEG-based
motion classification. Due to the research scope in this work, our
eview will concentrate on deep learning methods that explore and

utilize hemispheric asymmetry cues for emotion classification, which
emonstrate impressive performance. Generally, existing studies follow

two directions. On one hand, some works design handcrafted features
that capture hemispheric asymmetry. For example, Zheng et al. (2021)
proposed hemispheric asymmetry features derived through subtrac-
tion and division of features from both hemispheres, which are then
processed by a graph neural network (GNN) model for emotion clas-
sification; Huang et al. (2021) constructed EEG asymmetric feature

atrices and utilized a bi-hemisphere discrepancy convolutional neural
etwork model (BiDCNN) to classify emotions; Ahmed et al. (2022)

introduced the asymmetric map (AsMap) feature, which are generated
from DE features, as an effective representation. Though effective, the
design of these handcrafted features requires substantial expertise and
often faces issues in terms of generalization across different subjects.

On the other hand, some works focus on developing novel neural
architectures capable of automatically learning hemispheric asymmet-
ric features. For instance, Li et al. (2020) proposed a bi-hemispheric
iscrepancy (BiHDM) model, which incorporates a pairwise subnet-

work to capture hemispheric discrepancy information based on DE
eature inputs; Zhong et al. (2023) introduced a bi-headed attention

mechanism that acquires discriminative attention weights for broad
frequency bands in both hemispheres. In these methods, DE features
are usually used as advanced hemispheric asymmetry representations,
which are often calculated from wide frequency bands and then com-
ined for classification, well preserving frequency bands information.

Ding et al. (2022) presented TSception, a model featuring multi-scale
onvolutional layers to learn hemispheric asymmetry representations
or emotion classification, which however still requires manual removal

of artifacts during preprocessing. In addition, a few end-to-end net-
works have been developed, which do not rely on human expertise or
intervention in preprocessing. For example, Cui et al. (2020) proposed
n end-to-end regional-asymmetric convolutional neural network for

binary emotion classification, in which an asymmetric differential layer
is employed to capture distinct features.

While existing works have made notable progress in leveraging
hemispheric asymmetry for EEG-based emotion classification, they
primarily rely on pre-computed DE features from broad frequency
bands, potentially missing critical fine-grained information. Addition-
ally, many approaches depend on manual pre-processing or artifact
removal, limiting their scalability. To address these limitations, we pro-
ose FG-HANet, an end-to-end framework that automatically captures
ine-grained asymmetry patterns within 2-Hz frequency bands through

a well -designed architecture. To further enhance its performance,
 three-stage training strategy is introduced, effectively optimizing
he learning of hemispheric asymmetry features essential for accurate
emotion classification.
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Fig. 1. An illustration of the overall framework of FG-HANet. The original EEG samples 𝑋 are first fed into the Mirror Flip Block to generate channel mirrored samples 𝑋̃. Two
parallel feature extractors are then used to extract features from both inputs independently. Subsequently, a HAD extracts discriminative hemispheric asymmetry features across
narrow frequency bands. Finally, the HAD’s output feature is flattened and classified by the classifier.
2.2. Interpretability of EEG-based deep emotion classification

Interpretability plays a vital role in advancing EEG-based emotion
classification models, as it helps uncover the underlying neural mech-
anisms of emotion generation and enhances the plausibility of model
predictions. Recent years have witnessed increasing efforts devoted to
improving the interpretability of the EEG-based deep learning models.
To name a few, Li et al. (2020) mapped deep feature representa-
tions onto electrode activity maps, uncovering pronounced hemispheric
asymmetry regions within the frontal and temporal lobes during emo-
tion expression; Ye, Chen, and Zhang (2022) performed interpretable
analysis based on the dynamic spatial adjacency matrix learned by
their proposed deep learning model, demonstrating distinct patterns
in specific brain regions and frequency bands in emotion activities,
such as strong connections in gamma and alpha bands distributed in
occipital and parietal lobe sites; Ding et al. (2022) employed saliency
maps to visualize informative regions identified by the neural network
for emotion classification. These works provide qualitative analysis
to reveal the activation patterns in specific brain regions or wide
frequency bands during emotion generation. Currently, there has few
studies providing fine-grained analysis over brain regions and narrow
frequency bands simultaneously, which however has practical signif-
icance, e.g., applications in personalized treatment of emotional dis-
orders using transcranial magnetic stimulation (TMS) (Dumitru et al.,
2020; Luo, Che, & Li, 2023).

In this work, we delve into fine-grained interpretability and identify
hemispheric asymmetry in specific brain regions and 2-Hz EEG fre-
quency narrow-band. We also design metrics to quantitatively evaluate
the inter-hemispheric activity in narrow-band frequencies, and the
dominance of hemispheres across narrow frequency bands. These re-
sults and analyses not only revalidate previous findings in neuroscience,
but also provide new insights into the underlying emotional mecha-
nisms of humans, greatly enhancing the plausibility of the proposed
model.
3 
2.3. Pseudo-labeling for EEG-based emotion classification

In this work, we use the pseudo-label algorithm to align the learn-
ing of the two spatiotemporal extractors in the FG-HANet. Here, we
review previous work on pseudo-labeling. At the core of pseudo-label
algorithms is the use of the model itself to derive pseudo labels for
unlabeled data, and the obtained pseudo labels can be integrated with
nearly all neural network models and training methods to enhance deci-
sion boundary and model robustness (Chapelle & Zien, 2005). Pseudo-
labeling has found wide applications in several EEG signal classification
tasks. For example, Zhang et al. (2023) partitioned the sleep EEG
training dataset artificially into labeled and unlabeled data, and used
a model trained on labeled data to generate pseudo-labels, which are
then utilized to optimize the model together with labeled data; Meng,
Hu, Gao, Kong, and Luo (2022) proposed a Deep Subdomain Associate
Adaptation Network (DSAAN) for EEG emotion classification, leverag-
ing ground truth labels in the source domain and predicted pseudo
labels in the target domain to improve model performance.

Building on this foundation, our approach integrates
pseudo-labeling into the three-stage training pipeline to align the
learned representations across network branches and enhance the
extraction of hemispheric asymmetry features.

3. Method

Our proposed Fine-grained Hemispheric Asymmetry Network (FG-
HANet) is an end-to-end deep learning model that leverages hemi-
spheric asymmetry features within 2-Hz narrow frequency bands for ac-
curate and interpretable emotion classification. As illustrated in Fig. 1,
it first takes both the original EEG samples and their mirrored ver-
sions as inputs, and then uses two feature extractors to extract spatial
and temporal features from both inputs separately. In particular, a
2-Hz bandpass FIR filter bank, covering frequency bands relevant to
EEG emotion activities, is used to initialize specific layers in the dual
feature extractors, embedding prior knowledge into the FG-HANet.
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Table 1
List of notations used in the FG-HANet..
Notation Definition

𝑋 Raw EEG matrix
𝑁 Number of EEG samples
𝐸 Number of electrodes
𝑇 Number of sampling points
𝑌 Emotion label set
𝑐 Number of emotion classes
𝐹1 Number of Spatial filters
𝐹2 Number of FIR filters
𝐿 Temporal convolution kernel size
𝑃 EEG PSD feature
𝑍 Fine-grained hemispheric asymmetry features
𝜃(⋅) Spatiotemporal encoder
𝑠(⋅) Power calculation function
𝑑(⋅) Hemispheric asymmetry discriminator
𝑓 (⋅) Classifier
𝐿(⋅) Loss function for network optimization

A hemispheric asymmetry discriminator (HAD) is subsequently em-
ployed to extract fine-grained hemispheric asymmetry information. The
output feature from the HAD is then flattened and classified by a
single-layer fully-connected classifier. Notably, we devise a three-stage
training pipeline to ensure that the proposed FG-HANet is trained to
extract hemispheric asymmetry features with sufficient discrimination.
We elaborate on key model components and training pipeline of our
FG-HANet in below subsections.

For notations, throughout the paper, we follow the definitions sum-
marized in Table 1. Specifically, we use 𝑋 = {𝒙𝑖}𝑛𝑖=1, 𝒙𝑖 ∈ R𝐸×𝑇 to
epresent the raw EEG data, where 𝐸 denotes the number of electrodes
nd 𝑇 denotes the number of sampling points. We use 𝑌 = {𝑦𝑖}𝑛𝑖=1,
𝑖 ∈ {0, 1,… , 𝑐} to represent the labels corresponding to the raw EEG
ata, where 𝑐 represents the number of emotion classes.

3.1. Mirror flip block

Our FG-HANet uses a Mirror Flip Block to generate the mirrored ver-
ions of the input EEG signals to facilitate the extraction of hemispheric
symmetry information. As shown in Fig. 1, the electrodes of the input
ignal are configured using an ESI NeuroScan System according to

the international 10–20 system with 62 channels in total. We flip the
original EEG samples symmetrically along the middle column to obtain
the mirrored samples. Specifically, the eight yellow electrodes in the
middle column are kept unchanged, and the remaining 27 pairs of
lectrode channels are flipped. Through this Mirror Flip Block, for the
aw EEG data 𝑋, we obtain the mirrored sample 𝑋̃ = {𝒙̃𝑖}𝑁𝑖=1, where
̃ 𝑖 ∈ R𝐸×𝑇 . Both 𝑋 and 𝑋̃ are transposed to the size of (1, 𝐸 , 𝑇 ) before
fed to the following Feature Extractor Block.

3.2. Feature extractor

The FG-HANet has two parallel feature extractors to take in the
original and mirrored samples separately as inputs. Each feature ex-
tractor comprises an independent spatiotemporal encoder, denoted as
𝜃𝑠(∙) or 𝜃𝑚(∙) for the right and left branches in Fig. 1 respectively,
along with a power computation (PC) module. The spatiotemporal
encoder incorporates a visible spatial convolution (VSConv) layer and
 visible temporal convolution (VTConv) layer to extract features from
he spatial and temporal domains, respectively. The VSConv layer
erforms spatial filtering on 𝑋 and 𝑋̃ through spatial convolution, with
oals of spatial source separation and spatial noise suppression. The
SConv layer consists of 𝐹1 spatial convolution kernels, facilitating the

derivation of 𝐹1 visualizable spatial filtered components. The output
size of the VSConv layer is (𝐹1, 1, 𝑇 ), which is transposed to the size
(1, 𝐹 1, 𝑇 ) before passing to the VTConv layer.

On the other hand, the VTConv layer performs temporal convolution
to extract useful spectral features. In order to incorporate the prior
4 
knowledge of emotion-related frequency information and capture fine-
grained features within narrow frequency bands, we utilize 𝐹2 FIR
band-pass filters, with length denoted as 𝐿, which meanwhile equals
the kernels’ size on the time axis. These filters are designed based on
the window function method to initialize the convolution kernels of
the VTConv layer, which has been demonstrated effective for motor
imagery classification (Niu, Lu, Kang, & Cui, 2022).

Specifically, a band-pass FIR filter ℎ[𝑛] truncated by a rectangular
indow function can be formulated as

ℎ[𝑛] =
⎧

⎪

⎨

⎪

⎩

sin
[

𝜔ℎ

(

𝑛− 𝐿−1
2

)]

−sin
[

𝜔𝑙

(

𝑛− 𝐿−1
2

)]

𝜋
(

𝑛− 𝐿−1
2

) , if 𝑛 ≠ 𝐿−1
2

𝜔ℎ−𝜔𝑙
𝜋 , if 𝑛 = 𝐿−1

2

(1)

where 0 ≤ 𝑛 ≤ 𝐿 − 1, and 𝜔𝑙 and 𝜔ℎ denote the lower and upper
utoff frequencies of the band-pass filter, respectively. To cover the
ntire frequency range associated with emotion expression (Alarcao &

Fonseca, 2017), the pass band of the FIR filters is set from 0.1-Hz to 76-
z, spanning across the alpha, beta, theta, delta, and gamma bands. The
.1-Hz is set as the lower bound to filter out the direct current signal,
nd the 76-Hz is used as the upper bound to filter the noise and remove
he unrelated artifacts according to Zheng et al. (2018), Zheng and Lu

(2015). By designing narrower pass bands for the filters, we can extract
more fine-grained spectral features. To achieve a good balance between
spectral granularity and computational cost, the width of the band-pass
filter bank is set to 2-Hz. Thus the number of kernels 𝐹2 is equal to
76∕2 = 38. The output of the VTConv is denoted as 𝑉 =

{

𝒗𝑖,𝑗
}𝐹2 , 𝐹1
𝑖=1, 𝑗=1,

here 𝒗𝑖,𝑗 ∈ R(𝑇−𝑁+1) represents the 𝑖th sub-band component of the 𝑗th
patial-filtered signal.

3.3. Power calculation module

The extracted features 𝑉 are then input to a Power Calculation (PC)
Module to calculate the average power spectral density (PSD) feature.
The PC module consists of a batch normalization layer (BN), a square
calculation (SQ) layer, and a time-domain global average pooling layer.
The BN layer is used to normalize the input, which can improve the
model generalization. The SQ layer calculates the square of the input
itself, and then the time-domain global average pooling layer performs
the average operation by setting the kernel size and stride to (1, 𝑇 ) and
𝑇 , respectively.

Specifically, suppose 𝑉𝑓 [𝑘] represents the Fourier transform of the
iscrete-time signal 𝒗𝑖,𝑗 [𝑡]. According to the Parseval theory for Discrete
ourier Transform (DFT) (Brigham, 1988), the energy of digital EEG

signals is proportional to the sum of the square of all amplitude
values. Thus the average PSD of 𝒗𝑖,𝑗 in a given frequency band can be
formulated as

𝑃 𝑆 𝐷 = 1
𝑇

𝑇−1
∑

𝑘=0

|

|

|

𝑉𝑓 [𝑘]||
|

2
=

𝑇−1
∑

𝑡=0

|

|

|

𝒗𝑖,𝑗 [𝑡]
|

|

|

2
. (2)

The output of 𝑠(∙) is proportional to the energy of the sub-band
component 𝒗𝑖,𝑗 , which can be formulated as 𝑠(𝒗𝑖,𝑗 ) ∝

∑𝑇−1
𝑡=0 |𝒗𝑖,𝑗 [𝑡]|2.

hen, the PC Module can effectively implement power calculation
imilarly as in Eq. (2). The output of the PC module in the right network

branch, as shown in Fig. 1, denoted as 𝒑𝑖 = 𝑠(𝒗𝑖,𝑗 ), is the average PSD
feature extracted by 𝑠(∙). Similarly, the output for the left branch can
e formulated as 𝒑̃𝑖 = 𝑠(𝒗̃𝑖,𝑗 ).

3.4. Hemispheric asymmetry discriminator

The HAD is designed to enhance the network’s capability in ex-
tracting hemispheric asymmetry features. Specifically, the PSD feature
𝑃 =

{

𝒑𝑖
}𝑁
𝑖=1 is fed to the HAD 𝑑(∙). HAD performs a group convolution

operation (Cohen & Welling, 2016), where the number of groups is set
to 𝐹2, i.e., the number of FIR filters. Thus 𝒑𝑖 is divided into 𝐹2 groups,
and each group learns weights specific to narrow frequency bands at
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Fig. 2. An illustration of Stage 2 in the proposed training pipeline. Stage 2 is to align features of left and right feature extractors. Original samples are fed into the original branch
(right branch in Fig. 1) to obtain pseudo-labels which then guide the training of the mirrored branch (left branch in Fig. 1).
1
1
1

1

1
1
1
1
1
1
2

2

2
2
2
2

a particular spatial location. Unlike traditional convolutional layers
where all input channels are convolved with all output channels, the
input and output channels are divided into groups in group convolu-
tion, and convolution is performed independently within each group.
By making each group’s convolution kernels process specific frequency
bands independently, the network is able to capture more distinctive
features from different frequency bands. In addition, group convolution
effectively preserves the spatial and frequency band structure of the
feature 𝒑𝑖. This property facilitates interpretability by shedding light on
how the model learns features across spatial and frequency domains in
emotion classification. The final feature 𝒛𝑖 ∈ R𝐹2×𝐹1 , which combines
the features 𝒑𝑖 and 𝒑̃𝑖, is formulated as

𝒛𝑖 = 𝒑̃𝑖 − 𝑑(𝒑𝑖) = 𝒑̃𝑖 −
𝐹2
∑

𝑔=1
𝝎𝑔 ∗ 𝒑𝑔 ,∙𝑖 , (3)

where the weight vector of 𝑑(∙) is denoted as {𝝎𝑔}𝐹2𝑔=1, with 𝝎𝑔 ∈ R𝐹1 ,
𝒑𝑔 ,∙𝑖 ∈ R𝐹1 is the 𝑔th row vector of 𝒑𝑖, and ∗ denotes the convolution
operation.

We then proceed to explain how 𝑑(∙) works to extract hemispheric
asymmetry features. Assume there exists a pair of PSD features 𝑝𝑎,ℎ𝑖 and
𝑝𝑎,ℎ𝑖 in the asymmetric narrow band and a pair of PSD features 𝑝𝑢,ℎ𝑖
and 𝑝𝑢,ℎ𝑖 in another less important narrow band. Due to hemispheric
asymmetry in emotional activities, unilateral brain energy changes
more significantly in the 𝑎th narrow band, and the following formula
holds:
|

|

|

𝑝𝑎,ℎ𝑖 − 𝑝𝑎,ℎ𝑖
|

|

|

≫ |

|

|

𝑝𝑢,ℎ𝑖 − 𝑝𝑢,ℎ𝑖
|

|

|

. (4)

As a result, the 𝑎th dimension of the feature 𝒛𝑖 (i.e., 𝑧𝑎,ℎ𝑖 = 𝑝𝑎,ℎ𝑖 −𝜔𝑎
ℎ𝑝

𝑎,ℎ
𝑖 )

is more discriminative for emotion classification than the 𝑢th dimension
of the feature (i.e., 𝑧𝑢,ℎ𝑖 = 𝑝𝑢,ℎ𝑖 − 𝜔𝑢

ℎ𝑝
𝑢,ℎ
𝑖 ). 𝜔𝑎

ℎ denotes the ℎth element of
𝝎𝑎. As the PSD feature is non-negative, the network will tend to assign
a negative value for 𝜔𝑎

ℎ, since the negative value of the asymmetric
coefficient will pull the PSD features of two branches further apart
during the feature fusion process, expressed as

𝑝𝑎,ℎ𝑖 − 𝜔𝑎
ℎ𝑝

𝑎,ℎ
𝑖 > |

|

|

𝑝𝑎,ℎ𝑖 − 𝑝𝑎,ℎ𝑖
|

|

|

≫ |

|

|

𝑝𝑢,ℎ𝑖 − 𝑝𝑢,ℎ𝑖
|

|

|

, if 𝜔𝑎
ℎ < 0. (5)

3.5. Training pipeline

The proposed FG-HANet seeks to extract discriminative hemispheric
asymmetry features to enhance emotion classification performance.
However, directly training the model end-to-end may not guarantee
sufficient attention to hemispheric asymmetry features. To address this
issue, we propose a three-stage training pipeline as summarized in
Algorithm 1.

For Stage 1, we train the right feature extractor (right branch in
Fig. 1) along with the classifier using the original samples

{

𝒙 , 𝑦 }𝑛 .
𝑖 𝑖 𝑖=1

5 
Algorithm 1: The three-stage training pipeline used in FG-
HANet.
1 Input: Raw dataset

{

𝒙𝑖, 𝑦𝑖
}𝑁
𝑖=1, training epochs for three stages 𝐼1, 𝐼2,

and 𝐼3
2 Output: 𝜃∗𝑠 , 𝜃∗𝑚, 𝑑∗, 𝑓 ∗

3 Stage 1:
4 for 𝑒𝑝𝑜𝑐 ℎ = 1 to 𝐼1 do
5 Random sample a batch from

{

𝒙𝑖, 𝑦𝑖
}𝑁
𝑖=1;

6 for each 𝒙𝑖 in 𝑏𝑎𝑡𝑐 ℎ do
7 𝜃∗𝑠 , 𝑓 ∗ ← Eq. (6);
8 end
9 end
0 Stage 2:
1 for 𝑒𝑝𝑜𝑐 ℎ = 1 to 𝐼2 do
2 Random sample a batch from

{

𝒙𝑖, 𝑦𝑖
}𝑁
𝑖=1;

3 Generate mirror dataset
{

𝒙̃𝑖
}𝑁
𝑖=1;

4 for each 𝒙𝑖 in 𝑏𝑎𝑡𝑐 ℎ do
5 𝜃∗𝑚, 𝑓 ∗

𝑚 ← Eq. (7);
6 end
7 end
8 Stage 3:
9 for 𝑒𝑝𝑜𝑐 ℎ = 1 to 𝐼3 do
0 Random sample a batch from

{

𝒙𝑖, 𝑦𝑖
}𝑁
𝑖=1;

1 Generate mirror dataset
{

𝒙̃𝑖
}𝑁
𝑖=1;

2 for each 𝒙𝑖 in 𝑏𝑎𝑡𝑐 ℎ do
3 𝜃∗𝑠 , 𝜃∗𝑚, 𝑑∗, 𝑓 ∗ ← Eq. (8);
4 end
5 end

This provides a good initialization for the feature extractor. For Stage
2, we train the left feature extractor (left branch in Fig. 1) using the
mirrored samples 𝑋̃ = {𝒙̃𝑖}𝑛𝑖=1. The main objective in this stage is
to align the feature representation of the mirror samples with that
of the original samples, ensuring the network to focus solely on ex-
tracting hemispheric symmetry features. For Stage 3, we incorporate
the hemispheric asymmetry discriminator into the network and fine-
tune the entire network end-to-end, including the model parameters
obtained in the previous two stages. This stage ensures that the model is
trained to extract hemispheric asymmetry features, thereby enhancing
its performance in emotion classification.

More specifically, in Stage 1, the original samples with ground truth
labels

{

𝒙𝑖, 𝑦𝑖
}𝑛
𝑖=1 are fed as input to the right feature extractor and the

classifier. The optimization at this stage can be formulated as

𝜃∗, 𝑓 ∗ = ar g min 1
𝑁
∑


(

𝑓𝑠
(

𝑠
(

𝜃𝑠
(

𝒙𝑖
)))

, 𝑦𝑖
)

, (6)
𝑠 𝑠 𝜃𝑠 ,𝑓𝑠 𝑁 𝑖=1
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where (∙) is the cross-entropy (CE) loss, 𝑁 denotes the total training
amples, and 𝜃∗𝑠 , 𝑓 ∗

𝑠 are optimal parameters of the network.
In Stage 2, the objective is to align the representation of the left

feature extractor with that of the right feature extractor. To achieve
this, the original samples with their corresponding ground truth labels,
denoted as

{

𝒙𝑖, 𝑦𝑖
}𝑛
𝑖=1 are input into the right feature extractor, gen-

erating pseudo labels that are necessary for training the left feature
extractor. It is worth noting that, at this stage, the network parameters
of the right feature extractor (𝜃∗𝑠 and 𝑓 ∗

𝑠 ) are kept frozen to serve as the
anchor feature space. Additionally, the mirror samples are fed into the
left feature extractor, and the predicted labels, together with the pseudo
labels, are utilized jointly to drive the model training. The complete
raining pipeline is depicted in Fig. 2, and the optimization objective

during this stage is formulated as

𝜃∗𝑚, 𝑓 ∗
𝑚 = ar g min

𝜃𝑚 ,𝑓𝑚

1
𝑁

𝑁
∑

𝑖=1


(

𝑓𝑚(𝑠(𝜃𝑚(𝒙̃𝑖))), 𝑓 ∗
𝑠 (𝑠(𝜃

∗
𝑠 (𝒙𝑖)))

)

. (7)

In Stage 3, we introduce the hemispheric asymmetry discriminator
nto the network and perform end-to-end fine-tuning of the entire

model. The optimal parameters obtained from the earlier stages, de-
noted as 𝜃∗𝑠 and 𝜃∗𝑚, are used to initialize 𝜃𝑠(∙) and 𝜃𝑚(∙), respectively.

owever, to ensure the consistency of spectral filters that are inde-
endent of the location, the two VTConv layers within 𝜃𝑠(∙) and 𝜃𝑚(∙)
re frozen and kept unchanged. This freezing mechanism prevents any
odifications to the spectral filters during the fine-tuning process. The

ptimization during this stage can be expressed as follows:

𝜃∗𝑠 , 𝜃∗𝑚, 𝑑∗, 𝑓 ∗ = ar g min
𝜃𝑠 ,𝜃𝑚 ,𝑑 ,𝑓

{

1
𝑁

𝑁
∑

𝑖=1

(

𝑓
(

𝑠(𝜃𝑚(𝒙̃𝑖))
)

−

𝑑
(

𝑠(𝜃𝑠(𝒙𝑖))
)

, 𝑦𝑖
)

}

.

(8)

4. Experimental results

In this section, we report experimental results of the proposed FG-
HANet. We first compare our method with strong baselines to validate
its effectiveness, and then we conduct ablation study to validate the
effectiveness of each stage within our training pipeline. Meanwhile, we
also compare the computational cost of our model against that of the
baselines.

4.1. Datasets

We conduct experiments on two public datasets, i.e., SEED
Petrantonakis & Hadjileontiadis, 2011) and SEED-IV (Zheng et al.,

2018), which are released by the BCMI Lab of Shanghai Jiaotong
niversity. The two datasets are collected by requiring participants to
omfortably sit in front of a monitor and watch emotional video clips,
uring which EEG signals are recorded from 62 electrode channels
sing ESI NeuroScan at a sampling rate of 1000-Hz, with electrode
lacement following the international 10–20 system. The collected EEG
ignals are then downsampled to 200-Hz, and cropped by second to
enerate the samples. The SEED dataset contains 15 subjects, each with
hree sessions. The film clips for participants to watch contain three
ypes of emotions, i.e., happy, neutral, and sad, and each emotion is
isplayed with 5 film clips. There are 15 trails, and each trail contains
85–238 samples for each session per subject. Thus there are totally
bout 3400 samples in one session. The SEED-IV dataset also includes
5 subjects with three sessions per subject. But it includes an extra
motion (i.e., fear) compared with SEED, and it offers 6 film clips per
motion. There are 24 trails, each with 12–64 samples for each session

er subject. Thus there are totally about 830 samples in one session. t

6 
4.2. Experiment settings

For SEED, we set the spatial convolution kernel size of our FG-
HANet (𝐹1) to 41, number of FIR filters (𝐹2) to 38, kernel size of the
emporal convolution layer (𝐿) to 41. For SEED-IV, 𝐹1 is set to 81, 𝐹2

to 38, and 𝐿 to 41. Adam optimizer is employed to minimize the loss
unction. The first-moment decay term and the second-moment decay
erm within the Adam optimizer are set to 0.9 and 0.999, respectively.
he learning rate is set as 1 × 10−4 for the Stage 1 and Stage 2 and
hanges to 0.5 × 10−4 in Stage 3. Training is conducted in three stages,
ith each stage iterating for 700 epochs. The batch sizes for each

tage are 32, 32, and 100, respectively. We use Pytorch library for
mplementation. All experiments are performed on a computer server

with one NVIDIA TITAN V GPU card.

4.3. Superior emotion classification capability

We first compare the performance of our FG-HANet with previous
methods to verify its effectiveness. We use five-fold cross-validation as
in Kuang and Michoski (2023), Liu et al. (2024) on each subject to
ensure the rigor of our evaluation. The model is trained five times, with
four folds used for training and the remaining fold serving as the test set
to evaluate model performance. For fair comparisons, we reproduce the
results of the baselines under the same experimental settings. Specifi-
cally, we first compare our FG-HANet with six deep learning methods
specially designed for EEG emotion classification, including deep belief
network (DBN) (Zheng & Lu, 2015), bi-hemisphere domain adversarial
neural network (BiDANN) (Li, Zheng et al., 2018), regularized graph
neural network (RGNN) (Zhong et al., 2020), pyramidal graph convo-
lutional network (PGCN) (Jin et al., 2023), dynamical graph convolu-
tional neural network (DGCNN) (Song et al., 2018) and bi-hemispheric
discrepancy model (BiHDM) (Li et al., 2020). We also compare with
two generic end-to-end deep convolutional networks, i.e., compact
convolutional network (EEGNET) (Lawhern et al., 2018) and deep
onvolutional network (DEEPNET) (Schirrmeister et al., 2017). All the

comparison results are summarized in Table 2, where we report the
mean accuracy (ACC) and standard deviation (STD) across five folds.
The types of features used by each method (DE feature or raw EEG) are
also reported. Additionally, the preprocessing techniques employed by
each method are detailed. ‘‘Artificial Removal + Feature Smoothing’’
indicates that the method involves manual artifact removal from the
EEG signals and applies a feature smoothing technique, such as Linear
Dynamical Systems (LDS), while ‘‘None’’ signifies that the algorithm
operates directly on the raw EEG without extra pre-processing beyond
cropping the EEG samples. We conduct a paired t-test between our
FG-HANet and each of the baselines at a significance level of 0.05.
Furthermore, to facilitate a more effective comparison of model com-
plexity, we report the number of model parameters and Floating Point
Operations (FLOPS) of the key methods in Table 3.

Our FG-HANet achieves an accuracy of 97.11% on the SEED dataset
nd 85.70% on the SEED-IV dataset, showing great effectiveness. Such
erformance statistically surpasses that of all the baseline methods
𝑝 < 0.05), except BiHDM on the SEED dataset (𝑝 = 0.17). In particular,
ompared with the end-to-end baselines, i.e., EEGNet and DEEPNet, our
G-HANet obtains higher ACC with significant margins up to 8.79%,
.82% on the SEED dataset and 14.02%, 9.96% on the SEED-IV dataset,
espectively. Although these two baselines and our FG-HANet are all
nd-to-end networks, they utilize spatial and temporal convolution
ayers to extract EEG features for general EEG tasks, while FG-HANet
tands out by incorporating prior frequency knowledge of EEG emotion
n VTConv and capturing the hemispheric asymmetry features through
AD. These results highlight the superiority of FG-HANet among end-

o-end methods for EEG emotion classification, which can be attributed
o the usage of emotional hemispheric asymmetry. Compared with
iHDM, which also consider the hemispheric asymmetry for EEG emo-

ion classification, our FG-HANet increases the accuracy by 1.13% on
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Table 2
Accuracy and standard deviation (ACC/STD(%)) of different methods on SEED and SEED-IV datasets.

Method Feature Pre-processing SEED SEED-IV

DBN (Zheng & Lu, 2015) DE Artificial Removal + Feature Smoothing 73.55∕10.64 57.82∕10.56
BiDANN (Li, Zheng, Zong, Cui, Zhang & Zhou, 2018) DE Artificial Removal + Feature Smoothing 91.15∕7.50 78.88∕8.86
RGNN (Zhong et al., 2020) DE Artificial Removal + Feature Smoothing 91.87∕4.83 61.96∕12.34
PGCN (Jin, Zhu, Du, He, & Li, 2023) DE Artificial Removal + Feature Smoothing 87.06∕7.29 75.29∕9.02
DGCNN (Song, Zheng, Song, & Cui, 2018) DE Artificial Removal + Feature Smoothing 90.12∕5.19 78.58∕9.01
BiHDM (Li et al., 2020) DE Artificial Removal + Feature Smoothing 95.98∕2.72 80.38∕6.67
EEGNET (Lawhern et al., 2018) Raw None 88.32∕2.41 71.68∕11.83
DEEPNET (Schirrmeister et al., 2017) Raw None 90.29∕7.30 75.74∕6.01
FG-HANet Raw None 97.11∕1.49 85.70∕7.71
r

V

f

c
t
h
f
o
f

Table 3
Model Parameters and FLOPS on SEED and SEED-IV datasets.

Method SEED SEED-IV

Params (k) FLOPS (M) Params (k) FLOPS (M)

RGNN 2.5 0.1 2.6 0.1
BiHDM 13.3 4.4 13.4 4.4
EEGNET 23.3 495.0 23.4 495.0
DEEPNET 235.6 3039.0 235.7 3039.0
BiDANN 3348.5 1151.6 3348.7 1151.6
FG-HANet 8.7 2730.1 12.3 3092.7

Fig. 3. Confusion matrices of our FG-HANet on (Left) SEED dataset and (Right) SEED-
V dataset.

SEED dataset, and 5.32% on SEED-IV dataset. The main difference
etween BiHDM and our FG-HANet lies in that BiHDM utilizes coarse-
rained hemispheric asymmetry features handcrafted from DE features
s network input, while FG-HANet embed FIR filter banks with 2-Hz
and-pass to extract fine-grained ones to improve the classification per-
ormance. Besides, we plot the confusion matrices of our FG-HANet in

Fig. 3, which demonstrate stable performance across different emotion
lasses.

4.4. Ablation study on three-stage training pipeline

We further conduct an ablation study to evaluate the validity of
each training stage in our proposed three-stage training pipeline. For
airness, all the experiments are performed under the same experimen-
al settings. Since Stage 2 aims to align the representations of the dual
xtractors in FG-HANet, which serves as the foundation for Stage 3, we
id not include the ablation experiment for the combination of Stages 1
nd 2. We present the results in Tables 4 and 5 for all subjects in SEED
nd SEED-IV datasets, respectively.

It can be seen that on both datasets, model training with Stage
+2+3 achieves the best average accuracy, followed by Stage 1+3 and
tage 1. Specifically, the average accuracy of Stage 1+3 is 2.57% and
.39% higher than Stage 1 on SEED and SEED-IV datasets, respectively.
ompared to training with only Stage 1, the added Stage 3 fuses
he two branches’ representations to capture discriminative asymmetry
eatures from both hemispheres. The above results well validate the
ffectiveness of Stage 3, which adopts the dual branches and HAD to

apture hemispheric asymmetry features. Compared with Stage 1+3,

7 
the average accuracy of Stage 1+2+3 is improved by 1.31% on SEED
dataset and 1.12% on SEED-IV dataset. This highlights the contribution
of Stage 2, which aligns the features of the dual extractors using
guidance from the generated pseudo labels. In summary, these ablation
results confirm that each training stage contributes to the overall
effectiveness of our method.

5. Visualization analysis

In this section, we perform visualization analysis on deep features
extracted from each block of the proposed FG-HANet. Specifically, we
analyze the spectrum features obtained from VTConv, the topographic
map obtained from VSConv, hemispheric energy obtained from PC
modules, and hemispheric asymmetry feature from HAD. Two new
metrics, named inter-band dispersion and inter-band hemispheric dom-
inance, are defined to quantitatively analyze the experimental results.
We also discuss how the new insights gained from these analyses can
be used to further enhance model design.

5.1. EEG-based emotional spectrum

To assess our model’s performance across different filter banks
for initializing the VTConv layer, we conduct experiments on SEED
and SEED-IV with filter banks spanning the commonly used broad
frequency bands of delta, theta, alpha, beta, gamma, and their com-
bination, as summarized in Table 6. Each filter bandwidth is set to
2-Hz. For both datasets, the performance with filter banks in high-
frequency bands (beta and gamma bands) outperform that in low-
frequency bands, which is consistent with previous findings (Li, Zhang,
& He, 2018; Li, Zheng et al., 2018; Seal et al., 2020; Zheng & Lu,
2015). This indicates that high-frequency components in EEG signals
are more informative for emotion classification. Notably, filter banks
covering the gamma frequency band demonstrate the highest accuracy
on both datasets, indicating that gamma band signals are the most
discriminative for our model.

To further inspect features in the critical gamma band (40–76 Hz)
learned by the VTConv layer, we visualize the convolution kernels
of the FG-HANet trained on Subject 4 in SEED and SEED-IV datasets
espectively, as shown in Fig. 4. Compared to the original filters’

amplitude–frequency response curves in blue lines, these red curves
with changes, obtained after network updates, well demonstrate the

TConv layer’s ability to adaptively learn spectral features.
Specifically, some of the amplitude–frequency response curves of

learned filters shift along the frequency axis, indicating that the fil-
ters have captured emotion-related information present within narrow
requency bands. For example, in Fig. 4(b), curves of the 1st, 2nd,

9th, 12th, and 16th filters have obvious shifting along the frequency
axis. In addition, for the amplitude–frequency response curves of the
2nd, 4th, 7th, 9th, and 11th filters in Fig. 4(b), the energy is more
oncentrated in the main lobe, and the ratio of the main lobe’s energy to
he side lobes’ energy is increased. This indicates that spectral leakage
as been effectively reduced, and the amplitude–frequency response of
ilters is improved, thereby automatically enhancing the performance
f the filter. The 1st, 6th and 10th, 17th filters in Fig. 4(a), and the 10th
ilter in Fig. 4(b) almost disappear, indicating that the corresponding

frequency bands may contain little information related to emotion
classification.
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Table 4
Classification accuracy for different training stage combinations on SEED dataset.

Subject S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S13 S14 S15 Average

Stage 1 89.16 90.26 94.44 90.84 92.16 95.40 92.90 94.57 96.42 95.30 97.68 94.55 97.19 87.71 96.07 93.23
Stage 1+3 95.62 94.85 95.71 94.42 93.79 96.92 94.94 96.02 97.61 95.30 97.68 94.62 97.19 98.66 99.69 95.80
Stage 1+2+3 97.64 95.72 96.31 96.77 94.62 98.96 97.49 98.23 98.64 98.53 97.05 96.77 98.37 93.84 97.78 97.11
Table 5
Classification accuracy for different training stage combinations on SEED-IV dataset.
Subject S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S13 S14 S15 Average

Stage 1 69.14 80.86 73.16 81.12 61.81 84.86 83.14 86.90 83.99 79.77 86.61 75.11 88.36 86.75 81.23 80.19
Stage 1+3 71.80 85.64 79.89 85.17 65.32 86.88 84.72 86.36 87.71 89.89 91.41 86.89 89.12 92.78 85.14 84.58
Stage 1+2+3 72.54 89.68 82.89 87.39 64.22 88.82 88.25 88.78 82.97 91.60 93.84 88.93 89.79 87.93 87.80 85.70
Table 6
Classification Accuracy and Standard Deviation (ACC/STD (%)) of FG-HANet with filter banks in different frequency bands
on SEED and SEED-IV datasets.
Method Delta band Theta band Alpha band Beta band Gamma band All bands

SEED 81.37/6.02 82.52/6.05 84.17/5.30 93.63/3.76 95.80/3.15 94.17/3.56
SEED-IV 71.68/11.45 73.88/7.61 72.32/11.11 81.06/9.87 84.58/9.56 83.56/7.09
Fig. 4. An illustration of amplitude–frequency maps of 18 filter banks (ranging
from 40–76 Hz) with 2-Hz bandwidth after Fourier transform. The x-axis represents
frequency (Hz), and the y-axis represents amplitude–frequency response. Blue dotted
lines represent the initial filter states; red solid lines depict filters learned by our FG-
HANet.

5.2. EEG-based emotional topographic maps

To illustrate the correlation between different brain regions and
emotion classification, we present the typical brain topographic maps
of the learned kernels in the VSConv layers over SEED dataset, as shown
8 
Fig. 5. An illustration of brain topographic maps. Black dots represent positions of 60
electrodes. Red and blue colors represent positive and negative weights, respectively.
The darker the color is, the greater the absolute value will be. Two edge electrodes
(CB1, CB2) are removed due to insignificance.

in Fig. 5. The dark areas of the first three components concentrate
on the prefrontal, temporal, frontal lobes and central areas, and those
of the last component concentrate on the occipital and temporal re-
gions, indicating these are important brain regions related to emotion
classification.

Since EEG artifacts have not been manually removed in advance,
such as eye electricity and muscle spots, the dark areas in the last
component that concentrate at the edge of the electrode are possibly the
spatial noise distribution learned by the network. The change of energy
in unilateral regions occurs in the temporal and frontal lobes, which is
consistent with conclusions in neuroscience (Li & Lu, 2009; Palmiero &
Piccardi, 2017). It is indicated that the VSConv layer have learned noise
distribution and hemispherical asymmetric information simultaneously.
In addition, the third spatial filtered component indicates that the
central area of the brain also contains effective features for emotion
classification, which has been rarely reported in previous studies.

5.3. EEG emotional hemispheric energy

To further investigate the differences in energy distribution across
important brain regions in the left and right hemispheres during typical
emotional states, we depict the energy box diagrams of representative
spatial filtered components learned by the FG-HANet (i.e., frontal and
temporal regions of Subject 3) under positive and negative emotions in
Fig. 6 respectively. To analyze fine-grained narrow frequency bands,
we utilize 38 filter banks spanning frequencies from 0-Hz to 76-Hz,
with each filter spanning a width of 2-Hz. For clear visualization on
the energy distribution of both hemispheres, unlike previous network
using inputs of all electrode channels, we input EEG signals from the
left and right hemispheres separately to the two branch networks of
our model to discern their distinct activity patterns across different
emotional states. The PSD features obtained from PC module of dual
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Fig. 6. Energy box diagram of the mainly frontal lobe of S6 under negative and
positive emotions. 38 filters are applied, ranging from 0.1–76 Hz. Blue bars represent
the relative energy distribution of the left hemisphere and red bars represent that of
the right.

Fig. 7. Values of 𝑑 𝑜𝑚 of typical components on different subjects under positive and
negative emotions.

Fig. 8. Comparison of 𝑑 𝑜𝑚 values for spatial filtered components of S6 under positive
and negative emotions with paired electrodes (FC5, FC6), (FC3, FC4) as input without
VSConv layers.

branches serve as proxies for the energy levels of the left and right brain
hemispheres.

From Fig. 6, a preliminary observation can be made that under
positive emotions, the energy distribution in the left hemisphere ap-
pears more dispersed compared to that under negative emotions. This
9 
dispersity indicates a higher level of mutual information exchange
among different frequency bands, suggesting increased brain activity.
Moreover, it is noteworthy that the PSD features extracted by our FG-
HANet from the left and right hemispheres are influenced by spatial
filters in different network branches, resulting in inconsistent energy
scales between the two hemispheres. To align and quantitatively mea-
sure the level of energy dispersion across different frequency bands
between hemispheres, we introduce a new fine-grained metric termed
‘‘inter-band dispersity’’, denoted as 𝜏. The PSD features of the left
hemisphere of the samples under specific emotions in the 𝑖th frequency
band is denoted as 𝑃𝑙 ,𝑖 = {𝑝𝑛𝑙 ,𝑖}𝑁𝑛=1, and so are 𝑃𝑟,𝑖 = {𝑝𝑛𝑟,𝑖}𝑁𝑛=1, where 𝑁
denotes the number of samples and 𝐹2 denotes the number of frequency
bands. The inter-band dispersity of the left hemisphere is formulated as

𝜏𝑙 =
𝜎
(

{𝑃𝑙 ,𝑖}𝐹2𝑖=1
)

(

1
𝐹2

∑𝐹2
𝑖=1 𝑃𝑙 ,𝑖

) (9)

where 𝜎(⋅) represents taking the standard deviation. We posit that the
ratio of the standard deviation of inter-band average energy to the
overall mean can provide a more accurate assessment of the overall
activity level of the brain hemisphere and mitigate differences caused
by spatial filters in the FG-HANet. Similarly, the inter-band dispersity
of the right hemisphere 𝜏𝑟 is obtained. To further investigate the
dominance of the left and right brain for different emotions, we define
the ratio of 𝜏𝑙 and 𝜏𝑟 as the inter-band hemispheric dominance, denoted
as 𝑑 𝑜𝑚. It can be expressed as

𝑑 𝑜𝑚 =
𝜏𝑙
𝜏𝑟
. (10)

If 𝑑 𝑜𝑚 > 1, it indicates that for this type of emotion, the left brain
is more activated, signifying the left brain’s dominance in perceiving
emotions. Conversely, if dom < 1, it indicates that the right brain is
more activated.

To analyze hemispheric dominance under different emotional states,
we calculate the values of 𝑑 𝑜𝑚 for six typical spatial filtered compo-
nents obtained from the VSConv layer under positive and negative
emotions in Fig. 7. Among the six spatial filtered components, the
activated regions of first three components on S3, S6, S12 are frontal
and temporal lobes, typically with emotional hemispheric asymmetry,
while the activated regions of the rest three on S3, S8, S7 are located in
the central region of the human brain. From Fig. 7, we can observe that
the first three spatial filtered components have a 𝑑 𝑜𝑚 > 1 under positive
emotions and a 𝑑 𝑜𝑚 < 1 under negative emotions, indicating a relative
activation of the right frontal lobe is associated with negative emotions,
which is consistent with the conclusion in Alarcao and Fonseca (2017).
For the last three spatial filtered components, the values of 𝑑 𝑜𝑚 under
the two types of emotions in the central area are relatively closer.

In Fig. 7, the second component on S6 shows the largest difference
in 𝑑 𝑜𝑚 values between the two types of emotions, which prompts us
to conduct further investigation on this prominent component. We
observe that on this component the dark regions are concentrated
around specific electrodes, such as FC3 and FC5, while the correspond-
ing electrodes in the opposite hemisphere do not show dark regions.
This suggests that the hemispheric asymmetry is notably presented at
these electrode pairs’ locations, like the two pairs (FC5, FC6) and (FC3,
FC4). Thus we focus on the two pairs to explore the impact of the
VSConv layer in the FG-HANet. Specifically, we select the EEG inputs
from these specific electrode pairs and feed them into the network.
Then we visualize and compare the 𝑑 𝑜𝑚 values obtained by our FG-
HANet with and without the VSConv layer, as shown in Fig. 8. It
can be observed that the difference in 𝑑 𝑜𝑚 values between positive
and negative emotions is amplified when the VSConv layer is used.
This suggests that the VSConv layer enhances the network’s ability to
distinguish different categories. Besides, this layer improves the model’s
interpretability.
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Fig. 9. Energy box diagram for 2-Hz narrow-bands analysis of S3, S4, and S9. Left panel shows samples under positive emotions and right shows samples under negative emotions.
38 filters are applied, ranging from 0.1–76 Hz. Blue and red bars represent the relative energy distribution of the left and right hemisphere, respectively, and gray bars represent
the relative energy distribution of the left hemisphere multiplied by the hemispheric coefficient.
5.4. Hemispheric asymmetry discriminators

To investigate the hemispheric asymmetry on narrow-bands of each
individual subject, we multiply the weight of the HAD and the PSD
feature of the right branch network, and visualize it in Fig. 9 based on
the energy box diagram in Fig. 6. In Section 3.4, we have analyzed that
the discriminator assigns weights to the PSD features of each narrow-
band, and a negative value indicates it is a more crucial hemispheric
asymmetry feature in the corresponding frequency narrow band. From
the narrow bands with negative values by the discriminator, it can
be observed that the distance between the left hemisphere energy
multiplied by the asymmetric coefficient and the right hemisphere
energy is further pulled apart, verifying the critical role of the HAD.

Previous studies (Balconi & Mazza, 2009) have shown that pos-
itive and negative emotions are associated with energy hemispheric
asymmetry in the alpha range of frontal lobes. In addition, the energy
changes within the beta range have been confirmed to be related to
emotional valence (Jatupaiboon, Pan-Ngum, & Israsena, 2013), and the
changes in gamma waves on both sides of the temporal lobe are also
related to happy and sad emotions (Park et al., 2011). From Fig. 9,
high-frequency bands, such as the beta and gamma bands, stronger
asymmetric activation can be observed. The narrow-bands where hemi-
sphere differences are maximized through the discriminator on S9,
S3, and S4 are located in the 24th filter (46–48 Hz, gamma band),
29th filter (56–58 Hz, gamma band), and 14th filter (26–28 Hz, beta
band), respectively. There is also significant hemispherical asymmetry
in the alpha band of S4, specifically in the 3rd, 4th, 5th, and 6th
filters. These observations are consistent with the wide-band findings in
previous studies. It is worth noting that our work is the first to analyze
the hemispheric asymmetry regarding emotions in the fine-grained
narrow-band of 2-Hz, to our best knowledge.

Based on the energy box diagram of each subject, posterior knowl-
edge regarding the critical narrow bands can be obtained, which can
be used to modify the initialization of the VSConv in our FG-HANet. In
particular, we initialize the VSConv using 38 filters with a bandwidth
of 2-Hz ranging from 0.1–76 Hz, and also using filters selected through
10 
Fig. 10. Accuracy of all 38 filters (0.1–76 Hz) and few filters selected by HAD for
initialization of VSConv in FG-HANet.

the HAD on three subjects, where the VSConv is frozen during the
training. We compare the accuracy of the three subjects obtained with
the FG-HANet, as shown in Fig. 10. It can be seen that, on S9, S3, and
S4, utilizing a small number of filters for the initialization of VTConv
reduces the accuracy by 0.54%, 0.17%, and 0.94%, respectively, com-
pared to using all 38 filters. The performance of using selected fewer
filters is comparable to that initializing all 38 filters in the FG-HANet.
In addition, using fewer filters indicates a reduction in network param-
eters. The effectiveness of asymmetric emotional information within
narrow bands and the discriminative ability of the discriminators for
asymmetric features have been demonstrated.
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6. Conclusion

This paper introduces FG-HANet, an interpretable end-to-end model
esign for EEG emotion classification, inspired by neuroscience find-
ngs about hemispheric asymmetry patterns in emotion expression.
motion-related prior knowledge in the frequency domain is embed-
ed into the network to implement fine-grained features extraction.
oreover, a three-stage training pipeline is applied to enhance the
odel performance. Through extensive experiments on two datasets,

t is demonstrated that the FG-HANet can achieve state-of-the-art per-
ormance in emotion classification, due to its strong ability to capture
ine-grained asymmetry information between hemispheres. This work
urther explores the hemispheric asymmetry regarding emotions over
ritical narrow frequency bands, and inter-band hemispheric activity
nd dominance under different emotions, providing valuable insights
nto network design improvement and emotion generation mechanisms.

Besides its excellent performance on classifying EEG emotion states,
our method also holds favorable interpretability. These advantages
promise its real-world applications, such as human–computer interac-
tion and mental health monitoring. Furthermore, the model’s ability
o differentiate fine-grained hemispheric asymmetry opens up possibil-
ties for advancing non-invasive emotion regulation techniques, such

as transcranial magnetic stimulation (TMS) implemented on specific
frequency bands. This could be particularly beneficial in the treatment
of emotion-related disorders like depression and anxiety.
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