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Abstract

Electroencephalogram (EEG) has become an important indica-
tor reflecting emotions. Due to its natural graph structure char-
acteristics, it has made significant progress in the emotional
recognition using graph convolutional networks (GCN). How-
ever, existing methods face limitations: (1) insufficient inte-
gration of psychological prior knowledge, limiting the utiliza-
tion of brain activity patterns, and (2) simplistic node relation-
ship construction, neglecting the universality and functional
connectivity of brain regions. Therefore, we propose a dual-
path parallel graph convolutional network (DP-GCN). The first
path leverages psychological prior knowledge to segment elec-
trodes into brain regions and employs an attention mecha-
nism to integrate features. The second approach employs a
data-driven method, using a sparse stacked autoencoder to
reconstruct brain region features, while a learnable, input-
independent adjacency matrix captures EEG patterns associ-
ated with emotions. Finally, a cross-attention mechanism inte-
grates features from both paths. DP-GCN has been evaluated
on public dataset, achieving an accuracy of 82.69%±4.16%,
demonstrating its competitive performance.
Keywords: EEG, Emotion Recognition, Graph Convolution
Network, Brain Regions

Introduction
Emotions are integral to human behavior and mental states
(Cowie et al., 2001), influences health, communication, and
social interactions. Emotion recognition, mainly using EEG
signals, has garnered significant attention due to its direct
reflection of brain activity and wide applications in brain-
computer interfaces, healthcare, and intelligent systems. EEG
is a non-invasive technique that offers high temporal resolu-
tion and captures subtle neural activity associated with emo-
tional states (Das, Singh, & Pachori, 2024). By analyzing
EEG’s domain and frequency-domain features, researchers
can decode specific patterns associated with emotions, offer-
ing valuable insights into the neural mechanisms underlying
affective processes.

Traditional EEG emotion recognition methods mainly
rely on deep learning technology. Early methods mostly
adopted Convolutional Neural Networks (CNNs) models
to achieve emotion recognition by extracting local spa-

tial features(D. Zhang et al., 2018). However, consider-
ing the time-series characteristics of EEG signals, subse-
quent research gradually introduced Recurrent Neural Net-
works (RNNs)(T. Zhang, Zheng, Cui, Zong, & Li, 2019)
and Long Short-Term Memory (LSTM) networks (Xing et
al., 2019)to enhance the modeling ability of temporal infor-
mation. In addition to focusing on time-series information,
Spatial-Spectral-Temporal Network (SST-EmotionNet) pro-
posed a unified network framework that can simultaneously
integrate spatial, spectral, and temporal features(Jia et al.,
2020). These methods usually do not fully consider the spa-
tial distribution and frequency information contained in EEG
signals, resulting in an insufficiently comprehensive descrip-
tion of the overall characteristics of EEG signals.

EEG signals inherently exhibit a graph structure, where
electrodes correspond to nodes, and functional connections
or geometric adjacency relationships between electrodes rep-
resent edges. Leveraging this, researchers introduced Graph
Convolutional Networks (GCNs) to extract spatially informed
features. The Dynamical Graph Convolutional Neural Net-
works (DGCNN) method pioneered the application of graph
convolution for emotion recognition, utilizing an adjacency
matrix based on spatial distances between EEG electrodes
to capture their inherent spatial relationships (Song, Zheng,
Song, & Cui, 2020).

In the application of GCNs, the selection of node fea-
tures is diverse. A standard method is to directly utilize
EEG raw signals, extract their spatial features through graph
convolution, and further mine temporal domain information
using time series networks(Jia et al., 2021). In addition
to the processing of the original signal, many studies have
also attempted to use input forms based on Spectral fea-
tures, such as differential entropy and power spectral density,
which have been proven to have high effectiveness in emo-
tion recognition tasks (Duan, Zhu, & Lu, 2013). The con-
struction of the adjacency matrix is also important in GCN,
and different methods have diverse explorations in the con-
struction of edges. DGCNN constructs the adjacency ma-
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trix by using the spatial distance between electrodes, assum-
ing that the relationship between nodes is negatively corre-
lated with the electrode distance(Song et al., 2020). Learning
from Local-Global-Graph Representations (LGGNet) intro-
duces a symmetric trainable attention mask, which weights
the basic global adjacency matrix, and generating a learn-
able global adjacency matrix(Ding, Robinson, Tong, Zeng,
& Guan, 2024). Multi-View Spatial-Temporal Graph Convo-
lutional Networks (MSTGCN) generates the adjacency ma-
trix through the node distances in the feature space and uti-
lizes the loss function to update the adjacency matrix (Jia
et al., 2021). SparseDGCNN updates the adjacency matrix
W according to the gradient of the loss function through
an iterative optimization process, combining ℓ1 regulariza-
tion and activation function to achieve sparsity and non-
negativity constraints, thereby adaptively learning the opti-
mal graph structure(G. Zhang et al., 2023). The Pyramidal
Graph Convolutional Network (PGCN) builds connections
between EEG electrodes at three levels: local, mesoscale, and
global. It uses the physical 3D layout of the electrodes, adds
known functional relationships, and considers both electrode
features and their positions to create a comprehensive model
(Jin, Zhu, Du, He, & Li, 2023).

However, the existing methods for emotion recognition
based on EEG signals face key limitations in global feature
extraction, utilization of psychological priors, and feature fu-
sion. Most approaches use GCNs with fixed adjacency matri-
ces, which overlook dynamic relationships in EEG pathways
and limit global feature learning. Furthermore, they fail to
leverage psychological priors, treating EEG nodes as inde-
pendent entities and ignoring the structured role of brain areas
in emotional processing. Feature fusion strategies are often
simplistic, relying on direct concatenation or weighted sum-
mation, which inadequately model interactions between dif-
ferent information streams and hinder performance improve-
ments.

To address these challenges, this paper proposes a dual-
path parallel model that integrates brain electrical pathway
learning with prior psychological knowledge of brain re-
gion segmentation, as illustrated in Figure 1. The first path
leverages prior brain region segmentation to partition elec-
trode nodes into corresponding brain areas. It employs at-
tention mechanisms to aggregate intra-region features and
constructs adjacency matrices to model inter-region corre-
lations, thereby enhancing the psychological plausibility of
spatial feature representation. The second path employs a
data-driven approach, utilizing a sparse stacked autoencoder
(SSAE) to reconstruct brain regions and extracting global
features through a learnable adjacency matrix, which cap-
turing latent patterns in EEG pathways and improving the
global representation capacity for emotion classification. The
two information streams are fused via cross-attention mecha-
nisms, enabling collaborative optimization of global patterns
and region-specific features. This approach effectively inte-
grates generalizable features with psychologically informed

priors, enhancing the comprehensiveness and accuracy of fea-
ture representation. The proposed framework provides a ro-
bust and holistic solution for emotion recognition tasks.

Methods
In this section, we provide a detailed introduction to the over-
all architecture of the proposed model and its core compo-
nents. The model mainly includes the construction of two-
path graph structures and the feature propagation mechanism
of graph convolution.

Region-Prior Graph
Brain Regions Fusion Brain regions are divided based on
medical prior knowledge to better simulate the signal trans-
mission between brain regions, and adaptive feature fusion is
achieved by combining attention mechanisms to construct a
more reasonable prior medical graph structure.

The SJTU Emotion EEG Database (SEED) (Zheng & Lu,
2015), a widely used dataset for emotion recognition, was
recorded using the ESI NeuroScan system with electrode po-
sitions aligned to the international 10-20 system (Homan &
Homan, 1988). The dataset includes recordings from 62
channels, systematically classified into distinct brain regions
according to the 10-20 system, as shown in Figure 2a.

In addition to the classification framework based on the 10-
20 system, further refinements were introduced to enhance
the discriminative capability of EEG features. Specifically,
definitions of the frontal lobe and hemispheric mappings were
proposed, as highlighted in (Ding et al., 2024). Extensive
research has demonstrated that the prefrontal cortex plays
a pivotal role in the emotional recognition (Wolf, Philippi,
Motzkin, Başkaya, & Koenigs, 2014)(Fossati, 2012). Build-
ing upon the 10-20 system, we further subdivided the pre-
frontal region into more granular partitions, as depicted in
Figure 2b. Hemispheric asymmetry is a significant feature
in EEG analysis, with the left prefrontal lobe linked to pos-
itive emotion regulation and the right prefrontal lobe more
engaged in negative emotion processing (Ahern & Schwartz,
1985). Consequently, we partitioned the symmetric regions
into distinct brain areas, as shown in Figure 2c.

This refined classification approach provides a more nu-
anced understanding of the spatial and functional organiza-
tion of brain activity, thereby facilitating more precise anal-
ysis of EEG signals in the context of emotional recognition
and related cognitive processes.

Electrode nodes are assigned to brain areas for rational fea-
ture processing. To enhance fusion within each area, an at-
tention mechanism calculates weights for electrode features,
achieving more effective feature integration. Specifically,
given a set of brain regions R = {r1,r2, ...,rk} and electrode
channels C = {c1,c2, ...,cn}, we define a region-channel map-
ping function φ : R → P (C) that maps each brain region to its
corresponding set of electrodes:

ϕ(r) = {ci ∈C | ci ∈ region[r],∀r ∈ R}
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Figure 1: Dual-path parallel framework integrating brain region segmentation and data-driven learning for emotion recognition

where region[r] denotes the anatomical boundary of the brain
region rand P (C) represents the power set of C. For each
brain region r, let Xr ∈ Rnr×d denote its channel feature ma-
trix, where nr = |ϕ(r)| represents the number of channels in
region r, and d is the feature dimension. The region-specific
representation hr is derived through an attention-weighted ag-
gregation of the channel features xi ∈ Xr:

hr =
nr

∑
i=1

αixi, where αi =
exp(wr,i)

∑
nr
j=1 exp(wr, j)

Here, xi corresponds to the i-th row of Xr, and αi represents
the attention weight for the i-th channel, derived from learn-
able parameters wr,i (initialized to 1). These region-specific
representations hr serve as node features in subsequent graph
convolutional operations, where each brain region is treated
as a node in the graph. The attention weights are optimized
during training through gradient descent:

w(t+1)
r = w(t)

r −η∇wr L

where η denotes the learning rate and L represents the task-
specific loss function.

Integration of Brain Connectivity The construction of the
adjacency matrix A aims to integrate local feature similarity
and global prior structural information to effectively charac-
terize the association between brain regions. Given the node
feature tensor X ∈ RB×N×F (where B, N, and F denote batch
size, number of brain regions, and feature dimension, respec-
tively), we construct a hybrid adjacency matrix that combines
both local feature correlations and global structural patterns.

The adjacency matrix A(b) ∈ RN×N (with b denoting brain-
region fusion) is formulated as:

A(b) = αA(b)
local +(1−α)Aglobal,

where:

A(b)
local =

X ·X⊤

∥X∥ · ∥X∥⊤
,

A(b)
global = ReLU(W+W⊤).

Here, A(b)
local captures dynamic inter-regional correlations

through cosine similarity (Perozzi, Al-Rfou, & Skiena, 2014),
while Aglobal models learnable structural connectivity pat-
terns with symmetry constraints. The hyperparameter α ∈
[0,1] balances their relative contributions. The final adja-
cency matrix includes self-loops and is normalized using dou-
ble random walk normalization, as described in (Ding et al.,
2024). The final expression A(b) is:

A(b) = α ·
(

X ·X⊤

∥X∥ · ∥X∥⊤

)
+(1−α) ·ReLU(W+W⊤).

Data-Driven Graph
In the emotional and cognitive domains, the propagation
of EEG signals between brain regions presents task-related
specific patterns, especially in emotional recognition tasks
(Harmony et al., 2004). These patterns mainly manifest as
the activation of specific brain regions and their propagation
along fixed paths. Different emotional states activate brain
regions with clear functional characteristics and propagate
stably between regions. Therefore, a reasonable and input-
independent fixed propagation pattern is crucial for emotion
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(a) 10-20 System Brain Regions (b) Frontal Subdivision Brain Regions (c) hemispheric-Based Brain Regions

Figure 2: Brain Region Definitions Based on Physiological Priors

recognition. In addition, research has shown that the propa-
gation of EEG signals between brain regions can be approx-
imated as a linear process, which can be effectively modeled
using a linear EEG mixing model. (Keil et al., 2002) (Xing et
al., 2019).

We propose a data-driven framework for EEG feature ex-
traction and dynamic graph modeling, focusing on brain re-
gion division and task-related signal propagation. The frame-
work includes: (1) a linear Sparse Stacked Autoencoder
(SSAE) that reconstructs multi-channel EEG signals, opti-
mizing the mapping between channels and brain regions; and
(2) a gradient-driven adjacency matrix optimization method,
which dynamically models brain region connectivity and
represents global emotional propagation patterns, fixed af-
ter training. The SSAE adopts an encoder-decoder struc-
ture where the encoder E : Rdin → RdL compresses high-
dimensional input data into a low-dimensional latent repre-
sentation, and the decoder D : RdL → Rdin reconstructs the
original input from this latent space. The encoder consists
of L stacked fully-connected layers with decreasing dimen-
sions din > d1 > d2 > ... > dL. For the i-th encoding layer,
the transformation is defined as:

hi = fi(Wihi−1 +bi)

where Wi and bi denote the weight matrix and bias vector, re-
spectively, and fi(·) represent a nonlinear activation function.
The input to the first layer is h0 = X. The decoder mirrors
the encoder architecture with L layers of gradually increasing
dimensions. The i-th decoding layer performs:

h′
i = gi(W′

ih
′
i+1 +b′

i)

where gi(·) is the activation function, with the final layer uti-
lizing a linear transformation to generate the reconstruction
X̂ = h′

1. The model is trained by minimizing a composite
loss function that balances reconstruction fidelity with spar-

sity constraints:

LSSAE = ∥X− X̂∥2
2︸ ︷︷ ︸

reconstruction loss

+λ

L

∑
i=1

∥hi∥1︸ ︷︷ ︸
sparsity regularization

where: X and X̂ are the input and reconstructed data respec-
tively. λ is the sparsity regularization weight, hl is the output
of the n-th encoder layer, and L is the number of encoder
layers. During the training process, the total loss of SSAE
and the final classification loss are jointly optimized. SSAE
can extract meaningful feature representations for the clas-
sification task while maintaining sparsity and reconstruction
ability:

L = LSSAE +αLclassification

To model the connection relationships between functional
brain areas and signal propagation paths, we introduce a data-
driven adjacency matrix optimization method. The initial ad-
jacency matrix A(d) ∈RC′×C′

, where the superscript d denotes
the data-driven path, is set as a learnable parameter and is
dynamically updated through gradient-driven methods. The
updated formula is as follows:

A(d) = (1−σ(W))⊙A+σ(W)⊙ f (∇L),

where the superscript d denotes data-driven. The learnable
step matrix σ(W), constrained by the Sigmoid function to
[0,1], controls the update magnitude of A(d). A non-linear
mapping f (∇L) enhances gradient expressiveness and avoids
instability. To ensure stability and interpretability, A(d) is nor-
malized and symmetrized. During training, it is optimized via
gradients, and after training, it becomes a fixed representation
of emotion-related propagation pathways, balancing global
priors with task-specific adaptability to improve expressive-
ness and generalization.

Feature Extraction and Integration
Graph Convolution Network This paper adopts a sim-
plified graph convolution design based on spectral meth-
ods, leveraging the properties of the graph Laplacian
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operator(Bruna, Zaremba, Szlam, & LeCun, 2014). The
graph convolution aggregates node features through the ad-
jacency matrix to capture local and global relationships in the
graph structure. Unlike traditional methods that rely on high-
order polynomial expansions of the Laplacian, this approach
directly uses the standard adjacency matrix as the propaga-
tion operator, reducing computational complexity. The core
operation is defined as:

H = σ
(
ÃXW

)
,

where X∈RN×F is the input feature matrix, Ã is the symmet-
rically normalized adjacency matrix, W ∈ RF×F ′

is a learn-
able weight matrix, and σ(·) is a nonlinear activation func-
tion. The adjacency matrix is preprocessed with symmetric
normalization to ensure numerical stability and robust feature
aggregation:

Ã = D− 1
2 AD− 1

2 ,

where D is the degree matrix (Defferrard, Bresson, & Van-
dergheynst, 2017). The weight matrix W is initialized us-
ing Xavier initialization to ensure stable gradient propagation
during training.

Cross Attention To integrate data-driven global EEG fea-
tures (Hdata-driven) and medical prior-based brain region fea-
tures (Hbrain-regions), a cross-attention mechanism is employed
(Huang et al., 2018). This mechanism computes weighted in-
teractions between the two feature sets, enabling a balanced
representation of global and local information. The output
is refined through residual connections, dropout, and layer
normalization, resulting in a fused representation Hfused that
captures complex interactions and enhances the model’s per-
formance.

Results And Discussion
In this section, we introduce the SJTU Emotion EEG
Database (SEED) (Zheng & Lu, 2015) and evaluate
DP-GCN’s emotion recognition performance in subject-
dependent and subject-independent settings. SEED includes
EEG and eye movement data from 15 participants (7 males, 8
females) who watched 15 emotion-eliciting movie clips (pos-
itive, neutral, negative). The experiment was repeated three
times per participant. Data were recorded using a 62-channel
ESI NeuroScan. Differential entropy (DE) features, extracted
from 1-second non-overlapping EEG segments, were used as
input signals. Moreover, the 62 channels were grouped into
three brain regions, as shown in Figure 2, denoted as DP-
GCN(10-20), DP-GCN(frontal), and DP-GCN(hemispheric),
to evaluate their effectiveness.

Methods Comparison
In the subject-dependent experiment, we adopt the experi-
mental paradigm described in (Li, Zheng, Cui, Zhang, &
Zong, 2018) and (Li, Zheng, Wang, Zong, & Cui, 2022). For
each subject, data from 15 trials are utilized, with the first 9
trials allocated for training and the remaining 6 trials reserved

for testing. In the subject-independent experiment, we em-
ployed a leave-one-subject-out cross-validation (LOSO-CV)
protocol to rigorously evaluate the model’s generalizability
across different individuals.

The performance metrics for all baseline methods are
sourced from their respective references. DP-GCN is com-
pared against several methods, including traditional machine
learning approaches such as T-SVM (Collobert, Sinz, We-
ston, Bottou, & Joachims, 2006), RNN-based methods such
as BiHDM (Li et al., 2021), and GCN-based methods such as
DGCNN (Song et al., 2020), RGNN (Zhong, Wang, & Miao,
2020), and GCBNet (T. Zhang, Wang, Xu, & Chen, 2022),
to further investigate its advantages. All methods utilize dif-
ferential entropy (DE) features extracted from 1-second non-
overlapping EEG segments. Since this comparison focuses
on supervised learning without considering transfer learning,
the domain adaptation modules in RGNN and BiHDM are
removed, denoted as RGNN w/o DA and BiHDM w/o DA,
respectively. As shown in Table 1, the subject-dependent ex-
periment demonstrates competitive performance in terms of
classification accuracy, highlighting the effectiveness of the
proposed method.

Table 1: Subject-Dependent Accuracy on the SEED.

Method Mean(%) STD(%)
SVM 83.99 9.72
DGCNN 90.40 8.49
BiHDM w/o DA 92.38 7.04
GCBNet 94.24 6.70
DP-GCN 95.32 6.83

Table 2: Subject-Independent Accuracy on the SEED.

Method Mean(%) STD(%)
T-SVM 72.53 14.00
DGCNN 79.95 9.02
GCBNet 80.56 16.98
BiHDM w/o DA 81.55 9.74
RGNN w/o DA 81.92 9.35
DP-GCN (10-20) 81.73 4.82
DP-GCN (frontal) 82.69 4.16
DP-GCN(hemispheric) 80.89 4.88

Table 2 presents the accuracy of the subject-independent
experiments. The proposed model DP-GCN (frontal) demon-
strates strong performance on the SEED dataset, achieving
an accuracy of 82.69±4.16%. It is also noteworthy that DP-
GCN exhibits a smaller standard deviation (4.16%), indicat-
ing greater stability in performance across different subjects
and achieving relatively consistent classification results. This
enhanced stability can likely be attributed to the integration
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(a) Initial 10-20 system adj (b) Trained 10-20 system adj

(c) Initial frontal adj (d) Trained frontal adj

(e) Initial hemispheric adj (f) Trained hemispheric adj

Figure 3: Comparison of initial and trained adjacency
matrix.

of brain region prior knowledge with data-driven dual-path
learning, which combines a fixed adjacency matrix reflect-
ing physiological connectivity priors and a learnable dynamic
graph that captures data-specific structural patterns. This
complementary design effectively overcomes the limitations
of relying solely on a single graph structure. Furthermore, a
cross-attention mechanism is introduced after graph convo-
lution to facilitate deep and efficient feature fusion, enabling
the model to achieve robust performance across diverse data.

Comparison of Brain Region Partitioning

The evaluation includes three brain region configurations: a
10-region classification based on the 10-20 system (2a), a 10-
region frontal-focused configuration Figure (2b), and a 19-
region asymmetric configuration Figure (2c). The specific
numerical results, as shown in Table 2, indicate that the model
based on the frontal partition achieved the best performance.
This superior performance may be attributed to the strong as-
sociation between emotional tasks and the frontal brain re-
gion. In contrast, the model based on hemispheric partition-

ing demonstrated slightly inferior results. This discrepancy
could potentially be explained by the increased number of
brain regions, which leads to a larger model parameter space
and a higher risk of overfitting. To further analyze intrin-
sic functional connectivity in emotional EEG, we visualize
the initial adjacency matrices and the trained matrices learned
from three distinct brain region partitioning models, as shown
in Figure 3. It can be observed that, after training, the connec-
tions between brain regions become sparser, with significant
connections being more prominently highlighted. Addition-
ally, self-loop connections play a crucial role in the construc-
tion of the adjacency matrices.

Conclusion
In this work, we propose the DP-GCN model for EEG-based
emotion recognition, which integrates a physiology-driven
path and a data-driven path to jointly learn EEG representa-
tions for the emotion recognition task. The physiology-driven
path leverages prior knowledge of brain region parcellation,
where node features are fused using an attention mechanism,
and node relationships are constructed based on inter-node
correlations. In contrast, the data-driven path employs SSAE
to induce a functional brain parcellation by dimensionality
reduction, with both the node embeddings and the adjacency
matrix optimized via gradient descent. By complementing
physiological priors with data-driven information, the model
achieves an accuracy of 82.69% on the SEED dataset. Addi-
tionally, we evaluate the effectiveness of three proposed brain
parcellation schemes in the context of emotion recognition.
Future work will focus on enhancing the model’s generaliza-
tion in other tasks, such as motor imagery and fatigue de-
tection, and further investigating the importance of different
brain regions across various tasks. It is encouraging that DP-
GCN achieves better performance than all compared models.
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