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Abstract

Cross-subject emotion recognition using EEG remains challenging due to substantial inter-
individual variability. To address this, we propose a Multi-scale Spatio-Temporal Convolu-
tion and Multi-order Gated Spatial-Channel Aggregation Network (MCF-SCA). The model
leverages multi-scale spatio-temporal convolution to capture rich temporal and spatial
features and applies Fast Fourier Transform to transform EEG signals into the frequency
domain, enhancing emotion-related representations. A multi-order spatial-channel aggre-
gation module is then introduced, which adaptively integrates features across spatial and
channel dimensions through a gating mechanism, enabling dynamic feature weighting and
more expressive emotional representations. Experiments on the DEAP dataset show accu-
racy gains of up to 11–30% for arousal and 12–31% for valence compared with TSception,
CNN, LSTM, EEGNet, and MLP. On the DREAMER dataset, improvements reach 5–33%
and 3.7–34%, respectively. These results confirm that MCF-SCA achieves superior accuracy
and cross-subject adaptability, providing strong support for emotion-based brain–computer
interface applications.

Keywords: EEG; emotion recognition; multi-scale spatio-temporal convolution; multi-order
spatial-channel aggregation

1. Introduction
Emotion serves as an umbrella term encompassing various mental states triggered

by changes in an individual’s environment, which can lead to behavioral and cognitive
alterations [1]. A deeper understanding of human emotional mechanisms will propel the
development of AI models exhibiting human-like attributes [2]. Existing research indicates
that investigations into emotional mechanisms primarily depend on two categories of data:
non-physiological signals and physiological signals. Typical non-physiological signals
include facial expressions [3], speech [4], text and video. In the field of affective computing,
emotion recognition methods based on facial expressions, speech, and multimodal infor-
mation have achieved remarkable progress [5,6]. However, in real-world scenarios, such
approaches remain susceptible to subjective emotional masking, environmental noise, and
pronounced inter-individual variability. In contrast, physiological signals encompass elec-
troencephalogram (EEG), electrocardiogram (ECG), and electromyogram (EMG), among
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others [7,8]. Compared with non-physiological modalities such as facial expressions, tex-
tual content, and video data, physiological signals are inherently more difficult to disguise
and therefore provide greater objectivity. Notably, EEG data, which directly reflects the
brain’s internal neural activity, serves as one of the most objective indicators for assessing
human emotional states [9]. Consequently, EEG-based emotion recognition has attracted
growing research interest in recent years.

Currently, emotion recognition based on EEG can be approached in two ways: within-
subject and cross-subject [10]. Within-subject emotion recognition typically trains a model
using a subset of data from the same subject and predicts the remaining data from that
subject, focusing on modeling intra-individual patterns. In contrast, cross-subject emotion
recognition uses data from a group of subjects for training and evaluates the model on
unseen subjects during testing, emphasizing the robustness and transferability of the model
to inter-individual variability. In this study, we focus on the cross-subject setting, as it
more closely reflects practical application scenarios where labeled data from new subjects
are unavailable. Research has shown that cross-subject models generally perform worse
than within-subject models. For example, Kim et al. [11] used linear discriminant analysis
with bimodal data fusion, and in their cross-subject experiments, the average accuracy
was only 55%, much lower than the 92% accuracy in within-subject tests. Similarly, Liu
et al. [12] proposed a dynamic graph attention network for emotion recognition, and while
subject-dependent accuracies on the SEED [13], SEED-IV [14], and DEAP [15] datasets were
99.86%, 99.53%, and 94.69%, respectively, these dropped to 80.02%, 70.22%, and 64.76% in
cross-subject experiments. SEED and SEED-IV are EEG-based emotion datasets collected
under a video-based emotion elicitation paradigm, where subjects watch emotionally evoca-
tive film clips to induce affective states; SEED focuses on three discrete emotion categories,
whereas SEED-IV extends this setting to four discrete emotions. DEAP is a multimodal
affective dataset in which participants are exposed to music video stimuli and provide
self-assessment ratings along the arousal and valence dimensions, making it suitable for
dimensional emotion recognition. Similarly, the DREAMER [16] (Dataset for Emotion Anal-
ysis using EEG and Peripheral Physiological Signals) dataset employs emotion-eliciting
video stimuli and records EEG together with peripheral physiological signals, with emo-
tion labels also defined in terms of arousal and valence. Li et al. [8] introduced a trainable
adjacency relationship-driven graph convolutional network, and in subject-dependent
experiments on the DEAP dataset, the accuracies for arousal and valence were 85.6% and
89.2%, respectively, but dropped to 68.9% and 71.3% in cross-subject tests. Wang et al. [17]
proposed an end-to-end spatiotemporal model based on raw EEG signals, which achieved
97.15% and 96.33% accuracy in subject-dependent experiments on the DREAMER dataset,
but the accuracy dropped to 81.22% and 81.83% in cross-subject experiments. Wu et al. [18]
proposed a hybrid architecture combining CNN and GRU. In experiments on the DEAP
and DREAMER datasets, the subject-dependent accuracies reached 99.51%, 99.60%, and
99.59% (98.63%, 98.7% and 98.71%), while the cross-subject accuracies were 58.67%, 65.74%
and 67.05% (75.65%, 75.89%, and 71.71%), respectively. Despite the rapid progress of deep
learning–based EEG emotion recognition, cross-subject emotion decoding remains funda-
mentally unsolved. Unlike subject-dependent settings, cross-subject EEG analysis suffers
from severe distribution mismatch caused by inter-individual neurophysiological variabil-
ity, including differences in cortical functional organization, baseline neural activity, and
frequency-dependent emotional responses. These discrepancies lead to significant represen-
tation shifts across subjects, making features learned from one group difficult to generalize
to unseen individuals. Existing deep models often implicitly assume that emotional EEG
patterns are shared across subjects at the feature level; however, empirical evidence sug-
gests that emotional neural signatures exhibit strong subject-specific modulations in both
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temporal dynamics and spatial distributions. As a result, even high-capacity deep net-
works tend to overfit subject-specific characteristics, leading to a substantial performance
degradation in cross-subject scenarios. Therefore, improving cross-subject generalization
requires not only deeper architectures, but also principled feature representations that are
robust to inter-subject variability.

In recent years, several novel approaches have been proposed to improve cross-subject
emotion decoding models. For instance, Samavat et al. [19] introduced a multi-input deep
model combining CNNs and LSTMs, applying adaptive regularization to enhance the
model’s generalization across subjects. Behrooz Zali-Vargahan et al. [20] proposed a cross-
subject emotion recognition method based on EEG signals, validating the effectiveness
of CNN feature extraction with various classifiers. Li et al. [21] introduced the Dynamic
Stream Selection Network (DSSN), a method specifically designed to address the inher-
ent challenges in cross-subject EEG emotion recognition. Arjun et al. [22] developed an
unsupervised LSTM with a channeled attentional autoencoder to obtain subject-invariant
latent vector subspaces. They combined this with a CNN using an attentional framework
for cross-subject emotion recognition, achieving accuracies of 65.93% and 69.51%. Pandey
et al. [23] developed a cross-subject EEG-based emotion recognition model achieving accu-
racies of 75.93% and 81.48% for arousal and valence, respectively, on the DREAMER dataset.
Ding et al. [24], inspired by GoogleNet’s initial block [25], proposed TSception, which ex-
tracts time-frequency features effectively using dynamic time and asymmetric space layers.
TSception achieved classification results of 61.57% and 60.61% on the DEAP and MAHNOB-
HCI [26] (Multimodal Database for Human–Computer Interaction) datasets, respectively.
Later, Han, L et al. [27] combined multi-scale convolution with the TimesNet network [28].
They achieved impressive results in both subject-dependent and cross-subject experiments
on the DEAP dataset. These studies, which build on CNN improvements, introduced new
methods for cross-subject emotion decoding. However, the cross-subject decoding accuracy
and generalization ability of these models still need further enhancement.

Compared to traditional CNNs, multi-scale convolution has shown strong perfor-
mance in both the temporal and spatial domains of EEG signals. However, existing multi-
scale convolution-based methods often lack sufficient flexibility and adaptability, limiting
their ability to extract deep features across multiple dimensions. The Multi-Order Gated
Aggregation Network (MOGANET) model [29], through multi-order feature aggregation
and context information extraction, overcame this challenge and enhanced feature repre-
sentation. Given the multi-scale nature of EEG signals, MOGANET provides an adaptive
context aggregation mechanism to precisely extract deep emotion features. Building on
this, the current study proposes a multi-order interaction mechanism to improve both the
accuracy and generalizability of emotion decoding from EEG signals. This approach lever-
ages feature mining across different dimensions and levels and dynamically adjusts the
feature aggregation pattern through a gating mechanism to mitigate the offset of features
at different levels due to individual differences.

The main contributions of this work are summarized as follows:
(1) A new cross-subject EEG emotion recognition method, called Multi-scale Spatio-

Temporal Convolution and Multi-Order Gated Spatial-Channel Aggregation Networks
(MCF-SCA), is proposed. Unlike traditional emotion recognition techniques, our method
integrates local and global feature representations, effectively minimizing subject-specific
differences and boosting the accuracy of cross-subject EEG emotion decoding.

(2) We propose a multi-order gated spatial-channel aggregation module that extracts
rich temporal and spatial features from EEG signals of different individuals using multi-
scale convolutions. Meanwhile, FFT is utilized to convert the time-domain signals into
frequency-domain signals for deeper feature extraction. After passing through the spatial-
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channel aggregation (SCA) module, low-order, mid-order, and high-order features are
extracted, respectively, and the gated mechanism is employed to dynamically adjust the
weights of each layer’s features, thereby mining the most expressive emotional features.

(3) Extensive experiments on the DEAP and DREAMER datasets confirm the effective-
ness and cross-subject generalization of MCF-SCA. Its average classification accuracy and
F1-score for arousal and valence classification are significantly higher than those of most
existing methods. This significantly demonstrates the robustness and excellent cross-subject
adaptability of our model in cross-subject scenarios.

2. Materials and Methods
This section provides a detailed description of the overall architecture of the proposed

MCF-SCA, as shown in Figure 1. The architecture consists of the Pre-processing module,
the MCF-SCA module, and the final classifier module. The following sections describe the
functions of each module in detail.

Figure 1. The architecture of the MCF-SCA.

2.1. Pre-Processing

As shown in Figure 1, for the DEAP dataset, we first apply a band-pass filter to
extract EEG signals in the α, β, γ, and θ bands. To address the large number of trainable
parameters and the small number of trials in both DEAP and DREAMER, the sliding
window length is set to 0.5 s with no overlap to balance temporal resolution and signal
stationarity. Previous EEG studies have shown that windows shorter than 0.25 s may fail
to capture stable spectral characteristics, while excessively long windows tend to smooth
transient emotional responses and introduce redundant temporal information. A 0.5 s
window provides sufficient frequency resolution for emotion-related EEG rhythms while
maintaining quasi-stationary signal properties, which is particularly important for reliable
feature extraction in cross-subject emotion recognition tasks. For each frequency band,
we compute Differential Entropy [30] by approximating the differential entropy using a
Gaussian distribution, as shown in the formula below:

DE = −
∫ b

a f (x)log( f (x))dx

= −
∫ b

a
1√
2πσ

exp
(
− (x−µ)2

2σ2

)
log

(
1√
2πσ

exp
(
− (x−µ)2

2σ2

))
dx

= 1
2 log

(
2πeσ2) (1)

https://doi.org/10.3390/info17030257

https://doi.org/10.3390/info17030257


Information 2026, 17, 257 5 of 20

where x is the EEG signal, µ represents the mean value of the signal within the time interval,
σ is the standard deviation of the signal amplitude within this frequency band, and a and b
define the value range of the signal.

After computing DE for each time window, baseline DE values calculated from the
pre-stimulus segment are subtracted to emphasize emotion-related relative changes. These
features are then mapped onto a 2D matrix representing the spatial distribution of the
electrodes, resulting in higher-dimensional features. The two-dimensional electrode map-
ping does not aim to reconstruct the exact cortical geometry or model volume conduction
effects. Instead, it provides a topology-preserving approximation of electrode neighbor-
hood relationships to facilitate spatial convolution. By projecting electrodes according
to their relative scalp positions, the proposed mapping enables convolutional kernels to
exploit local spatial correlations while maintaining consistency with the physical layout
of EEG sensors. This representation is particularly advantageous for convolution-based
architectures, as it allows the network to capture spatially adjacent activation patterns that
are difficult to model using one-dimensional channel-wise representations. The mapping
for the DEAP dataset (32 electrodes) and the DREAMER dataset (14 electrodes) is shown
in Figure 2.

 

AF3 Fp1 Fp2 AF4
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F3

 
Figure 2. DEAP 32 electrode mapping matrix and DREAMER 14 electrode mapping matrix.

2.2. MCF

The input data is the preprocessed DE feature matrix with dimensions N × 1 × C × L,
where N is the number of samples, C is the 4 frequency bands, and L is the 2D matrix that
we mapped out to be 8 × 9 (i.e., 72).

This layer aims to capture dynamic temporal and spatial patterns from the mapped
DE features, allowing the fine-grained temporal variations in EEG signals to be represented.
The core idea is multi-scale parallel convolution, which introduces convolution kernels
with different receptive fields in the time dimension, specifically (1, n) and (m, 1), where
n and m vary depending on the position. The input EEG features are represented as
X = [X1, X2, . . . , Xt] , Xt ∈ Rc×l , where t is the number of DE feature samples, c is
the number of channels, and l is the length of each feature. The features are initially
convolved with a 2D kernel of size (1, n), where n ∈ (4, 8, 16), and the stride is set to (1, 1),
extracting features in the temporal dimension. After the multi-scale temporal convolution,
the LeakyReLU activation function is applied, followed by average pooling to downsample
the feature map, reducing spatial resolution and mitigating noise. This step controls model
complexity while extracting deeper features. Let Zi

temporal represent the output of the i-th

multi-scale temporal convolution, where Zi
temporal ∈ RN×M×c×l . Here, N is the number

of samples, M is the number of output channels of the convolution, c is the number of
channels, and l is the convolution length. It is defined as follows:

Zi
temporal = AvgPool(ΦL−ReLU(Conv2D(X))) (2)

https://doi.org/10.3390/info17030257

https://doi.org/10.3390/info17030257


Information 2026, 17, 257 6 of 20

where X is the input sample, Conv2D(·) represents a 2D convolution along the temporal
dimension with kernel size (1, n), ΦL−ReLU(·) is the LeakyReLU activation function, and
AvgPool(·) denotes an average pooling. After multi-scale temporal processing, the feature
maps are concatenated along both the time and channel dimensions to enrich the repre-
sentation. To ensure stable input distribution during training, batch normalization [31] is
applied after the dynamic temporal layer. The output of the multi-scale temporal layer is
Z(1)

B , Z(1)
B ∈ RN×M×cΣl , defined as:

Z(1)
B = BN

([
Z1

temporal , . . . , Zi
temporal

])
, i ∈ [1, 2, 3] (3)

where BN(·) denotes the batch normalization operation, which normalizes the input
features using batch-wise statistics and includes learnable scaling and shifting parameters
to stabilize and accelerate network training, and [Z i

temporal

]
denotes that it is spliced over

the output feature dimension of the i-th convolution. The processed features are then
passed into the spatial convolution module to further explore the data’s intrinsic structure.
For the multi-scale spatial convolution module, we use 2D convolution kernels of size
m × 1, where m is either 4 or 2, and the stride is set to 1 × 1. The (4, 1) kernel captures
global, large-scale features, while the (2, 1) kernel captures local, fine-grained features.
Let Zi

spatial represent the output of the i-th multi-scale spatial convolution layer, where

Zj
spatial ∈ RN×M×c×l . The specific definition:

Zj
spatial = AvgPool

(
ΦL−ReLU

(
Conv2D

(
Z(1)

B

)))
(4)

where Z(1)
B is the normalized output from the previous layer, Conv2D(·) represents the

2D convolution with kernel size of (m, 1). Each output is concatenated along the channel
dimension. Then, similar to the multi-scale time configuration, normalization is applied.
The output is:

Z(2)
B = BN

([
Z1

spatial , . . . , Zj
spatial

])
, j ∈ [1, 2, 3] (5)

where BN(·) is the batch normalization operation, and
[

Zj
spatial

]
represents that it is spliced

on the output feature dimension of the j-th convolution. To capture the frequency-domain
features of the EEG signal, we apply the FFT to convert the one-dimensional time series
into the frequency domain, allowing us to obtain the signal’s feature representation in
both the frequency and spatial domains. First, we transform the output Z(2)

B from the

previous layer into a new shape Z(2)
B ∈ RN×c×l , where N is the number of samples, c is the

number of frequency bands after the spatial convolution, and l is the number of features.
After applying the FFT, we extract information like period changes and signal amplitude
variations. If the time series length is not a multiple of the period, we apply padding to
make it a multiple. The padded data is then reorganized into a two-dimensional tensor for
the subsequent convolution operation. The specific definition is:

Zi
F = Reshapeqi ,ri

(
Padding

(
FFT

(
Z(2)

B

)))
, i ∈ {1, . . . , k} (6)

where FFT(·) denotes the Fast Fourier Transform, the primary role of the FFT module is
to automatically identify latent dominant periodic patterns in the signal and to provide
a principled basis for structural reorganization prior to subsequent two-dimensional con-
volution operations. Specifically, a one-dimensional real-valued fast Fourier transform
(rFFT) is applied solely along the temporal dimension to reduce computational complexity.
Based on the resulting amplitude spectrum, the top k = 2 dominant frequencies are used
to infer candidate periods used for reshaping. Padding(·) refers to zero-padding along

https://doi.org/10.3390/info17030257

https://doi.org/10.3390/info17030257


Information 2026, 17, 257 7 of 20

the time dimension, and Reshapeqi , ri
(·) is used to address the issue of directly applying

a 2D transformation. Here, qi, ri represent the rows and columns into which the data is
expanded, respectively.

Through these operations, we convert the 1D time dimension into a 2D fre-
quency dimension, while simultaneously obtaining a set of 2D frequency-domain tensors
{Z 1

F, . . . , Zk
F}. These processed 2D tensors are then passed into the multi-scale convolu-

tional layer, which can be defined as:

Zi
F = MCNN

(
Zi

F

)
, i ∈ {1, . . . , k} (7)

where Zi
F represents the i-th 2D feature map, and MCNN(·) denotes the multi-scale con-

volution. This method is similar to the previously discussed multi-scale temporal and
spatial convolution operations, with the key difference being the variation in the size of the
convolution kernel.

2.3. SCA

The Spatial–Channel Aggregation (SCA) layer is designed for adaptive multi-domain
feature extraction and consists of three main components: the embedding stem (Stem), the
spatial aggregation module (SA), and the channel aggregation module (CA). By jointly
exploiting temporal, frequency, and spatial characteristics through multi-order feature
modeling, the SCA layer enhances the network’s capability to capture both local details
and global contextual information. The overall architecture of the SCA layer is illustrated
in Figure 3.

 

Figure 3. Spatial-Channel Aggregation (SCA).
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The embedding stem is first employed to downsample the input feature map, aiming to
reduce feature redundancy and alleviate computational burden while preserving essential
structural information. Let the input feature be the output of the previous layer, denoted as
Zi

F. The stem operation can be formulated as:

ZStem
OUT = Stem

(
Zi

F

)
(8)

where Stem(·) denotes the downsampling operation; in our implementation, it is an Avg-
Pool with kernel (1, 4) and stride (1, 4) applied along the temporal dimension. For simplicity,
we denote u = ZStem

OUT in the following sections.

2.3.1. Spatial Aggregation

The spatial aggregation (SA) module aims to enhance spatial representation capability
by capturing both fine-grained local textures and middle-order global structures through
multi-order feature extraction. Specifically, local spatial patterns are first modeled using
pointwise convolution, while global contextual information is incorporated via global
average pooling (GAP). The spatial feature embedding is initially obtained by:

Y = Conv1 × 1(u) (9)

Followed by a global–local interaction mechanism defined as:

Z(1) = GELU(Y + γs ⊙ (Y − GAP(Y))) (10)

where γs ∈ Rc×1 is a scale factor initialized to zero. GAP(·) extracts global information,
and Y − GAP(Y) emphasizes spatial feature diversity by highlighting deviations from the
global context.

To further capture middle-order spatial interactions, depthwise convolutions (DW-
Conv) with multiple dilation rates d ∈ {1, 2, 3} are employed. A gated aggregation
mechanism is then applied to adaptively fuse the extracted features:

Z(2) = SiLU
(

Conv1 × 1
(

Z(1)
))

⊙ SiLU
(

Conv1 × 1
(

DWConv
(

Z(1)
)))

(11)

Finally, the spatial aggregation module is integrated into a residual framework to
preserve the original feature representation:

ZSA
OUT = u + FD

(
Norm

(
Z(2)

))
(12)

where FD(·) is the feature decomposition module. Through this design, the SA module
effectively enhances spatial modeling capability while maintaining stable feature propagation.

2.3.2. Channel Aggregation

After spatial aggregation, the channel aggregation (CA) module is introduced to
further exploit inter-channel dependencies and improve information interaction in the high-
dimensional feature space. Given the spatially aggregated features ZSA

OUT , channel-wise
feature transformation is first performed as:

Z(3) = GELU
(

DW3×3

(
Conv1×1

(
Norm

(
ZSA

OUT

))))
(13)

where Norm(·) is a normalization operation, DW3×3(·) is a depthwise convolution,
Conv1×1(·) is a 1 × 1 convolution operation, and GELU(·) is an activation function. To
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enable adaptive channel reweighting, a complementary residual modulation mechanism
is applied:

Z(4) = Z(3) + γe ⊙
(

Z(3) − GELU
(

Z(3)Wr

))
(14)

where γe is the channel scaling factor initialized to zero and Wr is the trainable weight. This
operation reassigns the channel features through complementary interactions. The final
output after the channel aggregation module is:

ZCA
OUT = Conv1 × 1

(
Z(4)

)
+ ZSA

OUT (15)

Through this process, the channel features are fused while maintaining the spatial
dimensions, thereby enhancing the interaction of information between channels. Finally,
the output of the channel aggregation, ZCA

OUT , is rearranged and reshaped into a one-
dimensional form. The results from all cycles are then stacked along the last dimension,
and the final output is obtained through adaptive aggregation:

zout = ∑k
i=1 So f tmax

(
A fi

)
× ZCA

OUT + Z(2)
B (16)

where the magnitude A is aggregated after So f tmax(·) as weight coefficients.

2.4. Classifier

Output = FC(Dropout(GeLU(zout))) (17)

where GeLU(·) is an activation function. Dropout(·) is employed to prevent overfitting and
enhance the model’s ability to generalize to new data. FC(·) refers to the fully connected
layer, which returns the final predicted result.

3. Experiment
3.1. Experimental Details

The proposed model is implemented using the PyTorch framework (version 1.12.1),
and all experiments are conducted under a unified training configuration to ensure repro-
ducibility. The Adam optimizer is used for parameter optimization with a fixed learning
rate of 1 × 10−4, and no learning rate scheduling strategy is applied. The batch size is
set to 512. To alleviate overfitting, dropout regularization is employed at different stages
of the network, with a dropout rate of 0.2 applied in the main network and a higher
dropout rate of 0.8 used in the classification head. The cross-entropy loss function is
adopted for emotion classification. To ensure fair comparisons and reproducibility, the
random seed is fixed to 1234. The parameters of the core components are summarized in
Supplementary Tables S1 and S2. Different numbers of cross-validation folds are adopted
for different datasets based on a comprehensive consideration of dataset scale and the
number of subjects. Specifically, the DEAP dataset includes 32 subjects with a relatively
sufficient number of samples; therefore, a 10-fold cross-validation strategy is employed
to ensure training stability while enabling a more thorough evaluation of the model’s
average performance under different subject partitions. In contrast, the DREAMER dataset
contains only 23 subjects, and using a larger number of folds would result in an excessively
small test set per fold, leading to increased performance variance. Consequently, a 5-fold
cross-validation scheme is adopted for the DREAMER dataset to achieve a balance between
evaluation stability and statistical reliability.
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3.2. Datasets

To thoroughly assess the performance of our proposed model, we performed a series of
experiments on two publicly available benchmark datasets: DEAP [15] and DREAMER [16].
The specific parameters are listed in Table 1.

Table 1. Introduction of Datasets.

Factor DEAP DREAMER

subjects 32 23
EEG channels 32 14

Trials 40 18
Trial duration 60s 67–393 s

Stimuli Audio-Video Audio-Video
Sampling rate 128 Hz 128 Hz

Label V/A V/A

The DEAP dataset includes physiological signal recordings from 32 healthy subjects
(16 males and 16 females, mean age 27 years) while watching 40 emotionally evocative
video clips. EEG signals were recorded using a 32-channel electrode system at a 512 Hz
sampling rate, which was later downsampled to 128 Hz for this study. After watching each
1 min video, subjects self-assessed the four dimensions of valence, arousal, dominance,
and preference on a scale of 1–9. The DREAMER dataset contains physiological signal
recordings from 23 subjects (14 males, 9 females, mean age 26.6 years) while watching
18 emotionally evocative movie clips. EEG signals were collected using a 14-channel
wireless device at a 128 Hz sampling rate. Subjects self-assessed the three dimensions of va-
lence, arousal, and sense of dominance on a scale of 1–5 after watching videos ranging from
67 to 393 s in duration. The EEG reference scheme follows the original experimental settings
of each public dataset, and no additional re-referencing or manual artifact rejection was
applied beyond the preprocessing provided by the dataset publishers. Detailed information
about data acquisition, reference schemes, and basic preprocessing procedures is provided
in the Supplementary Material. Table 1 provides a detailed list of the key attributes of
the two datasets and their specific usage in this study. Among them, V/A in the Label
represents valence and arousal.

3.3. Experimental Results

To ensure a strict cross-subject evaluation, all samples belonging to the same subject
are exclusively assigned to either the training or testing set within each fold. Sliding
window segmentation is performed prior to data partitioning, and all windows extracted
from the same trial are kept within the same subject-specific split. This protocol prevents
subject-specific information leakage across folds and ensures that the reported performance
reflects genuine cross-subject generalization rather than temporal redundancy.

Tables 2–5 summarizes the cross-validation results on the DEAP and DREAMER
datasets, where 10-fold and 5-fold cross-validation strategies are employed, respectively.
Across all evaluation metrics, performance variations among different folds remain limited,
indicating that the proposed MCF-SCA model exhibits stable and reliable behavior under
varying subject partitions and data splits. As shown in Tables 2 and 3, on the DEAP dataset,
the proposed method demonstrates consistently strong performance in both arousal and
valence classification tasks. The model maintains a balanced trade-off between sensitivity
and specificity across folds, without noticeable performance degradation under different
cross-validation splits. This stability suggests that the learned representations are robust to
inter-subject variability, which is a key challenge in cross-subject EEG emotion recognition.
Similarly, the results on the DREAMER dataset, reported in Tables 4 and 5, further confirm
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the effectiveness of the proposed approach. The model achieves consistently high classifica-
tion performance for both arousal and valence dimensions, with only minor fluctuations
across folds. Overall, the cross-validation results on both datasets demonstrate that the
proposed method exhibits strong adaptability to cross-subject emotion recognition tasks
and maintains stable performance across different data partition settings.

Table 2. 10-fold cross-validation results of Arousal on the DEAP dataset.

Experiment ACC F1 Recall Precision Specificity Balanced Acc FNR

Run-1 0.8846 0.9020 0.9186 0.8859 0.8379 0.8783 0.0814
Run-2 0.8842 0.9005 0.9146 0.8870 0.8437 0.8792 0.0854
Run-3 0.8901 0.9057 0.9202 0.8914 0.8497 0.8849 0.0798
Run-4 0.8868 0.9031 0.9141 0.8921 0.8496 0.8819 0.0859
Run-5 0.8922 0.9064 0.9163 0.8968 0.8603 0.8883 0.0837
Run-6 0.8906 0.9049 0.9072 0.9027 0.8682 0.8877 0.0928
Run-7 0.8892 0.9051 0.9095 0.9009 0.8610 0.8853 0.0905
Run-8 0.8921 0.9073 0.9156 0.8993 0.8599 0.8878 0.0844
Run-9 0.8832 0.8984 0.8924 0.9046 0.8705 0.8814 0.1076

Run-10 0.8951 0.9089 0.9095 0.9084 0.8753 0.8924 0.0905
Average 0.8888 0.9042 0.9138 0.8969 0.8576 0.8857 0.0862

Table 3. 10-fold cross-validation results of Valence on the DEAP dataset.

Experiment ACC F1 Recall Precision Specificity Balanced Acc FNR

Run-1 0.8759 0.8901 0.9131 0.8684 0.8304 0.8718 0.0869
Run-2 0.8758 0.8892 0.8961 0.8825 0.8503 0.8732 0.1039
Run-3 0.8751 0.8877 0.8906 0.8848 0.8561 0.8734 0.1094
Run-4 0.8726 0.8850 0.8799 0.8902 0.8635 0.8717 0.1201
Run-5 0.8770 0.8895 0.8986 0.8804 0.8506 0.8746 0.1014
Run-6 0.8706 0.8804 0.8746 0.8863 0.8661 0.8704 0.1254
Run-7 0.8762 0.8896 0.8966 0.8830 0.8510 0.8738 0.1034
Run-8 0.8750 0.8880 0.8933 0.8831 0.8524 0.8729 0.1067
Run-9 0.8705 0.8845 0.8783 0.8908 0.8452 0.8680 0.1092

Run-10 0.8699 0.8827 0.8883 0.8770 0.8474 0.8679 0.1117
Average 0.8739 0.8867 0.8918 0.8814 0.8513 0.8716 0.1082

Table 4. 5-fold cross-validation results of Arousal on the DREAMER dataset.

Experiment ACC F1 Recall Precision Specificity Balanced Acc FNR

Run-1 0.9638 0.9701 0.9704 0.9378 0.9535 0.9620 0.0296
Run-2 0.9582 0.9659 0.9745 0.9330 0.9329 0.9537 0.0255
Run-3 0.9585 0.9663 0.9688 0.9366 0.9423 0.9556 0.0312
Run-4 0.9653 0.9721 0.9782 0.9366 0.9445 0.9614 0.0218
Run-5 0.9621 0.9691 0.9730 0.9388 0.9450 0.9590 0.0270

Average 0.9615 0.9687 0.9729 0.9366 0.9436 0.9583 0.0271

Table 5. 5-fold cross-validation results of Valence on the DREAMER dataset.

Experiment ACC F1 Recall Precision Specificity Balanced Acc FNR

Run-1 0.9708 0.9799 0.9815 0.9751 0.9427 0.9621 0.0185
Run-2 0.9697 0.9792 0.9830 0.9734 0.9344 0.9587 0.0170
Run-3 0.9678 0.9778 0.9851 0.9676 0.9232 0.9541 0.0149
Run-4 0.9728 0.9815 0.9860 0.9752 0.9368 0.9614 0.0140
Run-5 0.9662 0.9765 0.9755 0.9746 0.9422 0.9589 0.0245

Average 0.9694 0.9789 0.9822 0.9732 0.9359 0.9590 0.0178
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Figure 4a–d presents the confusion matrices of the proposed MCF-SCA model for
the first cross-validation fold on both datasets. Specifically, Figure 4a,b illustrate the
arousal and valence classification results on the DEAP dataset, while Figure 4c,d show the
corresponding results on the DREAMER dataset. On DEAP, the model correctly classified
8161 high- and 5426 low-arousal samples, as well as 7718 high- and 5736 low-valence
samples. On DREAMER, correct classifications reached 6531 high- and 4162 low-arousal
samples, and 7878 high- and 2894 low-valence samples. Across both datasets and affective
dimensions, correct predictions (true positives and true negatives) clearly dominate over
misclassifications, indicating stable and reliable overall performance. Further analysis
reveals that false positives (FP) and false negatives (FN) are relatively limited and well
balanced, suggesting that the model does not exhibit a systematic bias toward any specific
class. FN errors mainly arise from samples with weak or ambiguous emotional expressions,
whereas FP errors are often associated with transient high-energy EEG patterns in low-
emotion states. Notably, the model demonstrates stronger performance in the valence
dimension, particularly for high-valence samples, with fewer FN errors. Overall, the
pronounced diagonal dominance and controlled FP/FN distributions in the confusion
matrices provide strong evidence of the robustness of the proposed MCF-SCA model under
cross-subject conditions.

a b

dc

Figure 4. Confusion matrix for arousal and valence. (a) Results for the arousal dimension on
the DEAP dataset; (b) Results for the valence dimension on the DEAP dataset; (c) Results for
the arousal dimension on the DREAMER dataset; (d) Results for the valence dimension on the
DREAMER dataset.

In this test, we implemented the TSception, CNN, LSTM, EEGNet, and MLP models us-
ing the same feature representations across both datasets and compared their performance
with that of our proposed method. Figure 5 presents the comparative results. Figure 5a–d
displays the 10-fold and 5-fold cross-validation results for arousal and valence on the DEAP
and DREAMER datasets, respectively.
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a b

c
d

DEAP

DREAMER

Figure 5. Classification results for six models on arousal and valence. (a) Comparison results for
the arousal dimension on the DEAP dataset; (b) Comparison results for the valence dimension on
the DEAP dataset; (c) Comparison results for the arousal dimension on the DREAMER dataset;
(d) Comparison results for the valence dimension on the DREAMER dataset.

On the DEAP dataset, our method achieved the highest classification accuracy for the
arousal dimension, outperforming all baseline methods. TSception obtained the second-
best results, while EEGNet and MLP showed relatively lower performance. Similarly, on
the DREAMER dataset, our method again achieved the best performance, followed by
TSception. MLP recorded the lowest accuracy for arousal classification, whereas LSTM
performed the worst in the valence dimension.

In summary, extensive experimental evaluations substantiate the effectiveness and
high accuracy of our approach in cross-subject emotion recognition. The proposed model
consistently outperforms existing methods across multiple datasets, demonstrating strong
potential for EEG-based cross-subject emotion recognition applications.

3.4. Feature Visualization

To validate the classification performance of the proposed model, t-SNE [32] is em-
ployed to visualize the high-dimensional feature representations. As shown in Figure 6, the
x-axis (“comp-1”) and y-axis (“comp-2”) represent the reduced principal components. We
compare the feature distributions for the DEAP dataset (with 10-fold cross-validation) in
Figure 6a and the DREAMER dataset (with 5-fold cross-validation) in Figure 6b, focusing
on the arousal dimension. In Figure 6, “BEST” and “WORST” correspond to the folds with
the highest and lowest accuracy, respectively, in the cross-validation process.

The experimental results indicate that the proposed method achieves superior per-
formance compared with all baseline models in both the “BEST” and “WORST” settings
on both datasets. The red (high arousal) and blue (low arousal) points are well separated,
with minimal intra-class variance and large inter-class variance, demonstrating our model’s
strong ability to distinguish between categories. Other models, like TSception and MLP,
show significant performance discrepancies. MLP, in particular, has the worst performance
due to severe mixing of red and blue points. CNN and LSTM show large fluctuations across
folds. While some models improve in the “BEST” scenario, they still suffer from noticeable
class mixing in the “WORST” case. In contrast, our method consistently maintains clear
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category separation, validating its robust feature extraction ability for cross-subject emotion
recognition tasks.

Best Worst

Ours

CNN

TSception

LSTM

EEGNET

MLP

Best Worst

a b

 

Figure 6. t-SNE visualization. (a) Feature distribution of the best and worst-performing models
in the 10-fold cross-validation on the DEAP dataset; (b) Feature distribution of the best and worst-
performing models in the 5-fold cross-validation on the DREAMER dataset.

3.5. Comparison with Studies in Recent Years

To further highlight the superiority of our model, we compared it with recent advanced
emotion recognition methods, as shown in Figure 7.

Figure 7. Comparison with other methods [12,21,27,33–36].

In the DEAP dataset, Han et al. [27] proposed an innovative deep learning-based
multi-scale emotion recognition method. Our model achieves a 2.22% higher accuracy than
theirs. Compared with the dynamic stream selection network proposed by Li et al. [21],
our approach demonstrates an improvement of over 20 percentage points in accuracy.
Additionally, our model outperforms the modified depthwise separable convolution and
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graph neural network proposed by Xu et al. [33] by approximately 20% in accuracy. When
compared with the residual capsule network developed by Fan et al. [34], our architecture
shows a 20-percentage-point advantage in accuracy. Finally, in subject-independent ex-
periments, our model achieves a 24-percentage-point higher accuracy than the dynamic
graph attention network with multi-branch feature extraction and stage fusion proposed
by Liu et al. [12].

On the DREAMER dataset, we compared our model with recently published state-
of-the-art techniques. Our model outperforms the multi-level fusion feature generation
network and deep classifier approach proposed by Turker Tuncer et al. [35] by 3 percentage
points. Compared to the dynamic flow selection network proposed by Li et al. [21], our
accuracy is over 30 percentage points higher.Our model also outperforms the residual
capsule network proposed by Fan et al. [34] by approximately 30 percentage points. When
compared to the improved deep separable convolution and graph neural network method
proposed by Xu et al. [33], our accuracy shows an improvement of around 30%. Finally,
compared to the end-to-end network STSNet based on ManifoldNet and BiLSTM pro-
posed by Li et al. [36], our accuracy is about 15% higher. Overall, a range of data results
demonstrated that our MCF-SCA approach performed very effectively in cross-subject
experiments, outperforming multiple state-of-the-art approaches.

3.6. Ablation Experiments

To assess the individual contribution of each module to the overall model performance,
we conducted ablation experiments on two datasets to systematically validate the impact
of different modules on model performance. In separate experiments, the FFT, SA, and CA
modules were individually removed. The feature extraction method and the maximum
number of iterations in all comparison experiments remained consistent with those used in
previous studies. The detailed experimental results are shown in Tables 6 and 7.

Table 6. Ablation experiments on the DEAP dataset.

Arousal Valence

FFT CA SA ACC F1 ACC F1
√ √ √

0.8888 0.9042 0.8739 0.8867√ √
0.8751 0.8826 0.8644 0.8680√ √
0.8722 0.8827 0.8607 0.8639√ √
0.8721 0.8821 0.8574 0.8612

Note. Boldface indicates the best results. “
√

” indicates that the corresponding module is applied.

Table 7. Ablation experiments on the DREAMER dataset.

Arousal Valence

FFT CA SA ACC F1 ACC F1
√ √ √

0.9615 0.9687 0.9694 0.9790√ √
0.9408 0.9481 0.9487 0.9585√ √
0.9387 0.9465 0.9467 0.9571√ √
0.9405 0.9478 0.9475 0.9576

Note. Boldface indicates the best results. “
√

” indicates that the corresponding module is applied.

Tables 6 and 7 present the ablation results on the DEAP and DREAMER datasets. For
both datasets, the complete model consistently achieves the best performance in terms
of accuracy and F1-score for arousal and valence classification. On the DEAP dataset,
removing the FFT, CA, or SA module leads to clear performance degradation, indicating
that each component contributes positively to emotion recognition. Similar trends are
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observed on the DREAMER dataset, where excluding any module results in reduced
classification performance. Notably, removing the SA module causes the most significant
performance drop on DREAMER, highlighting its importance in capturing discriminative
emotional information. Moreover, configurations integrating both CA and SA modules
outperform those with only one of them, suggesting complementary effects between
channel aggregation and self-attention. Overall, the ablation results demonstrate that the
superior performance of the proposed MCF-SCA model arises from the joint contribution
of all modules.

4. Discussion
This study, based on the MCF-SCA method, conducted extensive experiments on

the DEAP and DREAMER datasets to explore the key challenges in cross-subject emotion
recognition. The complexity of this task primarily arises from the subjectivity of emotions,
the high sensitivity of EEG signals to noise, the interdependence between emotional dimen-
sions (valence and arousal), and limitations related to dataset size, quality, and labeling. The
observed performance differences between arousal and valence can be largely attributed
to their distinct neurophysiological representations. Arousal is generally associated with
global cortical activation levels and increased high-frequency neural activity, which tend
to exhibit stronger cross-subject consistency. In contrast, valence relies more heavily on
localized and asymmetric activation patterns across specific brain regions, making it more
sensitive to individual differences and therefore more prone to confusion in certain subjects.
From a frequency-domain perspective, the model shows higher sensitivity to arousal-
related patterns in higher-frequency bands, such as the β and γ bands, whereas valence
discrimination depends more on the joint contribution of low- and mid-frequency bands,
particularly the θ and α bands. This frequency-dependent behavior is consistent with
findings reported in prior EEG-based emotion studies and provides a plausible explanation
for the differing classification characteristics observed between the two emotional dimen-
sions. As illustrated in Figure 8, substantial inter-subject variability can be observed in both
the energy distribution and spatial activation patterns within the same frequency band
(e.g., the α band). Such subject-specific amplitude shifts and spatial redistributions lead to
inconsistent feature representations across subjects, making fixed-weight or single-scale fea-
ture fusion strategies difficult to generalize reliably in cross-subject scenarios. To mitigate
inter-individual variability in cross-subject scenarios, we introduce the Spatial–Channel
Aggregation (SCA) module in our model. The spatial aggregation (SA) component em-
ploys multi-order depthwise convolutions combined with a gating mechanism to jointly
capture local and global spatial context, thereby adaptively emphasizing more stable
and transferable spatial patterns across different subjects. Furthermore, the channel ag-
gregation (CA) component dynamically recalibrates channel-wise contributions in the
high-dimensional feature space, suppressing noise-prone or subject-sensitive channels and
redundant information. Through this sample- and subject-adaptive weighting mechanism,
the SCA module enables more robust and generalized feature fusion for cross-subject
emotion recognition.

Although EEG signals exhibit strong temporal characteristics, their ability to express
spatial information is relatively weak. To enhance the representation of spatial features,
EEG channels are mapped into a two-dimensional matrix according to their electrode loca-
tions. This spatial arrangement preserves the relative neighborhood relationships between
channels, allowing convolutional operations to better exploit local spatial dependencies. It
should be noted that this representation is intended for feature modeling rather than for
reconstructing true cortical source activity, and it does not eliminate the volume conduction
effect inherent in EEG signals. Subsequently, the FFT is applied to achieve time-frequency
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domain conversion. This strategy effectively integrates multi-domain information and en-
hances the ability to capture variations in frequency bands. On this basis, the SCA module
deeply fuses multi-domain features, effectively mitigating inter-subject variability and fur-
ther exploring frequency-domain variations across spatial channels. This results in superior
feature aggregation and significantly improves cross-subject classification performance.
The final results demonstrate that MCF-SCA achieves high accuracy and F1-scores on both
the DEAP and DREAMER datasets, validating its strong adaptability and performance in
cross-subject emotion recognition.

  
Figure 8. Distribution of features in the alpha band for different subjects.

The feature visualization results in Figure 6 highlight the advantages of our method.
In both the “BEST” and “WORST” cases, the model shows concentrated data point dis-
tributions and clear clustering, indicating strong intra-class consistency and inter-class
separability. In contrast, other models struggle because of their limited capacity to capture
complex EEG signals, which hampers feature extraction and reduces classification accuracy.

The ablation experiment results demonstrate that each module of the MCF-SCA model
plays a crucial role in classification outcomes. The SCA module, as a lightweight aggre-
gation mechanism, captures collaborative relationships across channels, models complex
dependencies between channels, and highlights task-related key information by dynami-
cally adjusting channel weights, while suppressing irrelevant noise. By combining spatial
and channel aggregation, the SCA module achieves the fusion of local and global fea-
tures, dynamically selecting key spatial and channel features, greatly enhancing the spatial
feature representation ability of EEG signals. Furthermore, compared to other complex
attention mechanisms, the SCA module adopts a modular design, significantly improving
model performance while reducing the parameter count and computational complexity
(specific parameter count is shown in Table 8). This design enables the MCF-SCA model
to more effectively adapt to individual differences, reducing intra-class variation while
maintaining sensitivity to individual features, thereby significantly improving the accuracy
of cross-subject emotion recognition tasks.
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Table 8. Parameter presentation in SCA module.

Module Parameter (M)

SCA 0.0323
CA 0.0119
SA 0.0201

The experimental results presented in Figures 5 and 7 clearly demonstrate that the
MCF-SCA method outperforms other approaches in classification accuracy across most
experiments. As shown in Figure 5, baseline models perform poorly due to their limited
ability to capture complex EEG signals and extract meaningful time and spatial features.
In contrast, our method uses multi-scale convolutions for hierarchical feature extraction
and the SCA module for effective feature fusion, improving classification performance. In
Figure 7, we observe the limitations of other methods in feature extraction and integration.
For example, Han et al.’s approach with multi-scale convolution and TimesNet lacks effec-
tive aggregation, resulting in lower accuracy. Li et al.’s dynamic flow selection network
struggles in cross-subject experiments due to ineffective spatiotemporal decoupling and
static weight allocation. On the other hand, our approach efficiently extracts and uses
spatiotemporal features, achieving better accuracy. Compared to Xu et al.’s improved depth-
wise separable convolution and graph neural network method, our multi-scale temporal
and spatial fusion strategy offers more effective feature representation. Xu’s method relies
solely on LSTM for temporal feature extraction, missing the spatial characteristics of EEG
signals. FAN et al.’s residual convolutional capsule network has limited feature extraction
capacity, particularly in the spatial domain. Liu et al.’s dynamic graph attention network
performs well in subject-dependent experiments but shows poor generalization in cross-
subject settings. Our method’s excellent cross-validation results on different datasets (as
shown in Tables 2–5) also fully prove its robustness and excellent cross-subject adaptability.

Although our MCF-SCA model has achieved promising results, there are still areas
for improvement. Future research could focus on further optimizing the SCA module to
enhance its adaptability across a wider range of classification tasks. Additionally, exploring
multimodal fusion approaches (such as combining facial expressions, speech, etc.) could
provide a more comprehensive representation of EEG signals. Furthermore, incorporating
graph neural networks or other graph-based modeling techniques could help better capture
the spatial information in EEG signals, thereby improving the accuracy and fine-grained
differentiation ability of emotion classification.

5. Conclusions
In conclusion, the proposed MCF-SCA model offers an innovative solution for emotion

recognition tasks. It not only utilizes spatial projection to map DE features onto a 2D matrix
but also demonstrates exceptional performance in extracting spatial and temporal features
through multi-scale convolution. By applying FFT to transform the time domain into the
frequency domain and performing deeper feature extraction via multi-scale convolution,
the model further enhances its representation of EEG signals. Finally, the SCA module
enables precise modeling of complex emotional signals. Feature visualization and ten-fold
cross-validation results fully demonstrate the robustness, stability, and, most importantly,
the generalization capability of the proposed model. In the future, further optimization of
this approach—such as incorporating more physiologically informed spatial transforma-
tions to mitigate volume conduction effects and exploring stricter cross-subject evaluation
protocols—will promote the application and development of EEG-based emotion recogni-
tion technologies in areas such as intelligent human–machine interaction and mental health
monitoring, offering new possibilities and directions for emotion computing research.
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Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/info17030257/s1, Table S1: Model configuration of the proposed
MCF-SCA network; Table S2: Training setup and hyper-parameters; Section S1: Data Acquisition and
Basic EEG Preprocessing.
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