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VG-DOCoT: a novel DO-Conv and transformer framework via 

VAE-GAN technique for EEG emotion recognition*
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Abstract: Human emotions are intricate psychological phenomena that reflect an individual’s current physiological and psychological 
state. Emotions have a pronounced influence on human behavior, cognition, communication, and decision-making. However, 
current emotion recognition methods often suffer from suboptimal performance and limited scalability in practical applications. 
To solve this problem, a novel electroencephalogram (EEG) emotion recognition network named VG-DOCoT is proposed, which is 
based on depthwise over-parameterized convolutional (DO-Conv), transformer, and variational automatic encoder-generative 
adversarial network (VAE-GAN) structures. Specifically, the differential entropy (DE) can be extracted from EEG signals to create 
mappings into the temporal, spatial, and frequency information in preprocessing. To enhance the training data, VAE-GAN is 
employed for data augmentation. A novel convolution module DO-Conv is used to replace the traditional convolution layer to 
improve the network. A transformer structure is introduced into the network framework to reveal the global dependencies from 
EEG signals. Using the proposed model, a binary classification on the DEAP dataset is carried out, which achieves an accuracy 
of 92.52% for arousal and 92.27% for valence. Next, a ternary classification is conducted on SEED, which classifies neutral, 
positive, and negative emotions; an impressive average prediction accuracy of 93.77% is obtained. The proposed method 
significantly improves the accuracy for EEG-based emotion recognition.

Key words: Emotion recognition; Electroencephalogram (EEG); Depthwise over-parameterized convolutional (DO-Conv); 
Transformer; Variational automatic encoder-generative adversarial network (VAE-GAN)
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1  Introduction

Emotion recognition has attracted more and more 
attention in recent years as emotional computing, pro‐
posed by Picard (2000) continues to evolve. The main 
challenge in emotional computing is to enable com‐
puter systems to accurately process, identify, and 
understand the emotional information expressed by 
people, thus realizing human–computer interaction 

(HCI). Emotion is an incredibly intricate state of mind. 
Traditionally, emotions are identified by extracting 
emotional states from various physical behaviors and 
activities, such as facial expression, natural language, 
body posture, writing, and other signals. The judge‐
ment of emotional states based on physiological ac‐
tivities (physiological cues) has become a hot topic in 
affective computing. Some physiological studies have 
shown that there is a relationship between physiological 
processes and affective cognitive processes, although 
there is a debate on the occurrence order of the two 
processes (Li X et al., 2022). Therefore, computational 
psychophysiology relying on facial or voice informa‐
tion is considered an effective method in emotion recog‐
nition techniques, which are non-physiological cues. 
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The signal feature does not change with the user’s 
deliberate disguise, and it can be the most accurate 
reflection of an individual’s emotional state. Due to 
high temporal resolution and highly accurate temporal 
information, electroencephalogram (EEG) allows re‐
searchers to observe rapid and dynamic changes in 
brain activity during emotional processes, revealing the 
temporal nature of emotions and the differences be‐
tween diverse emotional states. Therefore, the utiliza‐
tion of EEG to identify emotional states is attractive 
and valuable.

Many efforts have been made to improve the ac‐
curacy of EEG-based emotion recognition. Feature 
signal extraction is one of the critical steps in achiev‐
ing a high recognition rate. It is essential to process 
the raw EEG data in order to obtain a representative 
feature set. The preprocessing of EEG signals gener‐
ally includes artifact removal (such as electrooculo‐
gram artifacts, electrocardiogram artifacts, and some 
power frequency artifacts), down sampling, filtering, 
and component decomposition (Yang BH et al., 2015). 
When data are incomplete or particularly poor due to 
technical or personal issues, it is necessary to discard 
them. In EEG-based emotional recognition, there are 
three kinds of signal representations: time domain, fre‐
quency domain, and time–frequency domain (Bernat 
et al., 2001; Lin et al., 2009; Sorkhabi, 2014; Zheng 
and Lu, 2015; Mohammadi et al., 2017; Liu YJ et al., 
2018; Tang et al., 2019). Additionally, the selecting 
and building of brain channels’ networks has been 
employed during the extraction of feature signals. In 
emotion recognition, an increasing adoption of non‐
linear dynamic characteristics and chaotic character‐
istics in the nervous system has been witnessed (Stam, 
2005), such as fractal dimension (Wang Q et al., 2011), 
Shannon entropy (Vijayan et al., 2015), sample entropy 
(Hu and Min, 2018), and differential entropy (DE) (Liu 
YS and Sourina, 2014; Yang Y et al., 2021). Among 
these features, DE has shown exceptional effectiveness 
and robustness, as validated in various related works 
(Zheng and Lu, 2015).

To further improve the recognition rate, it is crit‐
ical to expand the limited dataset. Currently, generative 
adversarial networks (GANs) (Goodfellow et al., 2020) 
and variational autoencoders (Kingma and Welling, 
2014) are widely used to augment the data during 
model training. Zhang QQ and Liu (2018) proposed 

a conditional deep convolutional GAN (cDCGAN), 
which resulted in an improvement in classification ac‐
curacy from 83% to 84%. Furthermore, Aznan et al. 
(2019) employed variational automatic encoder (VAE) 
to generate synthetic EEG signals to solve the problem 
of insufficient data and show the effectiveness of syn‐
thetic data in enhancing the classification performance.

Feature extraction and data enhancement need 
to extract low-level features from EEG, while the core 
model of emotional recognition primarily relying on 
machine learning or deep learning needs to obtain 
high-level features automatically. For instance, Wang 
XW et al. (2014) extracted two power spectrum fea‐
tures, two wavelet signs, and nonlinear dynamic fea‐
tures from EEG signals to investigate the relation‐
ship between EEG data and emotional states. They 
also proposed three dimensionality reduction methods 
and employed a linear support vector machine (SVM) 
classifier to classify two emotions. Jenke et al. (2014) 
extracted time–frequency domain features and chan‐
nel combination features from multi-channel EEG. 
Lan et al. (2016) adopted SVM to build a recognition 
model based on statistical features and nonlinear fea‐
tures, comparing its performance on user data from 
the same period and different periods. Cheng et al. 
(2021) proposed a deep forest model named multi-
grained cascade forest (gcForest). However, traditional 
machine learning methods have some limitations when 
dealing with EEG signals. They often struggle to han‐
dle the complexity of the data and have limited ability 
to learn hierarchical representations. These methods 
typically learn shallow representations, resulting in 
lower accuracy in executing complex tasks.

Deep learning has gained significant popularity 
in emotional computing due to its learning ability 
and outstanding performance in dealing with com‐
plex problems. Zheng and Lu (2015) used deep be‐
lief networks to classify EEG-based emotions accord‐
ing to manual features extracted from EEG signals. 
Because convolutional neural networks (CNNs) are 
very suitable for processing two-dimensional (2D) data 
and extracting joint information between channels, they 
have been widely used in multi-channel EEG-based 
emotion recognition. Yang YX et al. (2018) proposed 
a channel-frequency CNN (CFCNN) that utilizes en‐
tropy features in different frequency bands obtained 
from recursive quantization analysis. Tripathi et al. 
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(2017) extracted nine statistical features from EEG 
signals as the input of the CNN model, which finally 
exceeded the performance of mainstream methods. 
To better represent data, Li JP et al. (2018) organized 
different entropy features from different channels 
into 2D sparse graphs, preserving the topological infor‐
mation of electrode space, and inputted them into the 
CNN model for training. Salama et al. (2018) pro‐
posed a 3D-CNN model where multi-channel EEG 
was randomly arranged into frames, and adopted a 
data enhancement method by adding Gaussian white 
noise to the original signal. Chao and Dong (2021) 
proposed an advanced CNN designed with a univar‐
iate convolution layer and a multivariate convolution 
layer to deal with the 3D feature matrix for emotion 
recognition. Li C et al. (2022) proposed an efficient 
CNN and contrastive learning (ECNN-C) method for 
EEG-based emotion recognition.

Previous studies often overlooked the temporal 
and wave characteristics of EEG signals, despite the 
fact that subjects’ specific emotions usually evolve 
with EEG fluctuations during experiments. To address 
this problem, researchers focused on context model‐
ing of EEG signals to capture the long signal depen‐
dence. Li X et al. (2016) designed a convolutional re‐
current neural network (CRNN) model that can de‐
code the relationship between channels and a RNN 
module that can capture context information. Zhang T 
et al. (2019) designed a spatial–temporal hybrid model 
named STRNN, which used RNN modules to learn 
temporal and spatial dependencies in a multi-channel 
context. Zhang DL et al. (2018) introduced a model of 
cascade and parallel hybrid CNN and RNN, and the 
performance was always superior to that of the state-
of-the-art (SOTA) method. Yang YL et al. (2018b) 
proposed a similar parallel model, but it incorporated 
a preprocessing method to remove the baseline sig‐
nal before the stimulus test, resulting in a 32% accu‐
racy improvement. Wei et al. (2020) suggested using 
integrated simple recursive unit (SRU) networks to 
learn different EEG rhythm feature sequences obtained 
by wavelet transform.

Attention mechanisms, primordially proposed 
by Bahdanau et al. (2015), have become a research 
hotspot in deep learning. Tao et al. (2023) introduced 
an attention mechanism into the above CNN-long short 
term memory (CNN-LSTM) model. They integrated 

channel attention and self-attention into CNN and 
RNN, respectively, to learn attention features between 
channels and within sequences. Lew et al. (2020) 
proposed a model based on gate recurrent unit-RNN 
(GRU-RNN) and introduced a regional attention layer 
to assign weight to increase or decrease the influence 
of different regions. The transformer model, proposed 
by Vaswani et al. (2017), used attention mechanisms 
instead of RNNs, and it has exhibited excellent per‐
formance in the field of natural language processing 
(NLP). Zhong et al. (2023) put forward a novel bi-
hemispherical asymmetric attention network (Bi-AAN) 
that combined the converter structure with the asym‐
metry of emotional responses in the brain. In this 
way, differences in attention between the two hemi‐
spheres of the brain were simulated, and long-term de‐
pendencies between the brain’s electrical sequences 
were mined, leading to more differentiated representa‐
tions of emotions. Li SJ et al. (2022) proposed a 
personality-guided attention neural network that can 
use personality information to learn effective EEG 
representations for emotion recognition. Guo et al. 
(2022) developed a new neural network model (DCoT) 
with deep convolution and transformer encoders for 
EEG-based emotion recognition by exploring the de‐
pendence of emotion recognition on each EEG chan‐
nel and visualizing the captured features. In summary, 
various factors, including EEG characteristics (time, 
frequency, and spatial), signal preprocessing methods, 
network structures, and data augmentation techniques, 
influence the overall recognition rate of the model. 
This paper aims to conduct research based on the above 
factors to improve the performance of EEG emotion 
recognition systems.

In this work, a novel emotion recognition model 
called VG-DOCoT is proposed to improve the recog‐
nition rate. The model combines the strengths of dep‐
thwise over-parameterized convolutional (DO-Conv) 
into transformer architectures, referred to as DO-CoT. 
It can effectively capture low-order features of fre‐
quency bands, correlate long-term dependencies, and 
explore global features.

Meanwhile, a data augmentation technique using 
VAE-GAN is incorporated into this model. First, we 
convert the raw EEG signal into graph data contain‐
ing the frequency, space, and time information, and 
then send the data into the VAE-GAN model as input 
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to generate a high-quality enhancement EEG signal 
for the subsequent model learning. Next, these data 
are inputted into the DO-Conv structure to learn the 
frequency and spatial representation of the EEG sig‐
nal. These features are finally used as inputs to the 
transformer module to capture the global dependence 
of EEG signals. The major contributions of this work 
are summarized as follows:

(1) An improved feature structure is proposed 
that contains the frequency, spatial, and temporal in‐
formation of EEG. It can maintain various data fea‐
tures of EEG signals and obtain data information more 
comprehensively, enabling more effective and advan‐
tageous data processing in subsequent steps.

(2) To address the issue of limited data availabil‐
ity, VAE-GAN is used as a data augmentation tech‐
nique within the processing model. Specifically, the 
available data are artificially partitioned for training 
and test sets, and VAE-GAN is subsequently applied 
to the training data. The objective is to enhance the 
diversity of the training data, thereby improving the 
model’s performance and generalization ability, as 
well as its robustness and accuracy.

(3) A novel model called VG-DOCoT is pro‐
posed, which is designed for an EEG-based emotion 
recognition technique. In this model, the DO-Conv 
structure is used to obtain the local features between 
different channels, and the transformer structure is 
used to obtain the time dependence of EEG signals. 
Experimental results demonstrate that the proposed 
model achieves a better performance than the existing 
approaches in terms of recognition accuracy, show‐
ing its effectiveness in the field of EEG-based emo‐
tion recognition.

2  Methods and materials

2.1  Database

DEAP: DEAP is a multimodal database for 
human emotion analysis, provided by BALab at the 
Imperial Institute of Technology in Piedmont, Italy 
(Koelstra et al., 2012). Each of the 32 participants in 
the database watched 40 music videos with different 
emotional content. Each video was 1-min long. Physi‐
ological signals, such as EEG, were collected at a 
sampling rate of 512 Hz. While watching different 

videos, each participant’s physiological data were di‐
vided into 40 segments based on their states. Each 
section contained a 3-s baseline state and a 60-s trial 
state. The dataset includes four emotional dimensions, 
arousal, valence, dominance, and liking, ranging from 
1 to 9. Participants’ arousal, valence, dominance, and 
liking scores are used as classification criteria. A score 
of 1 to 5 and a score of 6 to 9 are divided into two cat‐
egories, marked with 0 and 1, respectively.

SEED: The SJTU affective EEG dataset (SEED) 
is a collection of EEG datasets provided by the BCMI 
Laboratory headed by professor Baoliang Lv (Zheng 
and Lu, 2015). SEED contained the electrical EEG 
of subjects when they were watching a movie clip. 
Film clips were carefully selected to evoke different 
types of emotions, including positive, negative, and 
neutral emotions. Based on both visual and auditory 
stimuli, the dataset collects EEG signals from 15 sub‐
jects through 15 emotionally labeled video clips (con‐
sisting of 5 positives, 5 neutrals, and 5 negatives). 
A subject watched 15 clips in one experiment to col‐
lect 15 clips of data, each of which contained 62 con‐
ductors of EEG time series data. After some time, 
the data of each subject were collected again in the 
same way, and the data were collected three times in 
total; this means that SEED has three sessions. There‐
fore, a total of 3×15 experiments are needed, where 
15 is the number of subjects and 3 is the number of 
experiments conducted for each subject. Each group 
of experiments in this dataset includes 15×62×M 
EEG signals, where 15 is the number of emotional in‐
ductions in each group, 62 is the number of brain 
electrodes, and M is the number of samples for each 
clip.

Table 1 shows the format of the two datasets. 
“Data” and “Label” are the total dimensions of the 
data, and “data” and “label” are the dimensions of a 
single EEG channel.

Table 1  Dataset description

Dataset
DEAP

SEED

Name
Data

Label
Data

Label

Shape
32×40×32×8064

32×40×1
3×15×15×62×M

3×15×15×1

Content
Subjects×videos×channels×

data
Subjects×videos×label
Sessions×subjects×videos×

channels×data
Sessions×subjects×videos×

label
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2.2  Preprocessing and feature extraction

Due to the influence of various external factors, 
individual emotions can be highly variable. To address 
this issue, the EEG signal is preprocessed by applying 
a bandpass filter to eliminate power frequency inter‐
ference. Specifically, a 0–45 Hz bandpass filter is uti‐
lized for the DEAP dataset, while a 0–75 Hz band‐
pass filter is applied for SEED. The DEAP dataset con‐
tains a baseline signal; to better capture the emotional 
state of the subjects, the baseline removal method 
is introduced. Since SEED does not have a baseline 
signal portion, baseline signal removal is not required. 
The formula for computing the average baseline signal 
is defined as

BasicMean =∑
1

3

Basic/3, (1)

where BasicMean is the average baseline signal for 
the first three seconds and Basic is the baseline signal 
for each of the first three seconds. After computing the 
average baseline signal value, the emotional signal 
captured during the 60-s interval is partitioned into 
60 segments using a sliding window of 1 s each. The 
value of each emotional segment is then subtracted 
from the average baseline signal value, resulting in 
a signal where the baseline had been effectively re‐
moved. These calibrated EEG emotional signals are 
subsequently treated as novel signals for the ensuing 
processing steps. The following step is feature extrac‐
tion. We adopt the DE method, which has an out‐
standing performance on EEG signal recognition. Its 
mathematical definition is:

h (k ) =  ∫
k

 

f ( k ) log ( f ( k ) )dk, (2)

where k is a random variable and f (k) is the probability 
density function of k. The variability of EEG signals 
across emotional states is captured by DE, which is 
effective in distinguishing these states due to its sen‐
sitivity to the signal’s rapid changes and essential for 
tracking the swift EEG fluctuations tied to emotions. 
Unlike average features, DE can detect quick signal 
variations without being affected by the signal’s 
amplitude scale, offering robustness against vary‐
ing experimental setups and device calibrations. Its 

computational simplicity also makes it ideal for real-
time processing in practical applications. The DE 
signal processing workflow is illustrated in Fig. 1.

At first, the EEG emotional signals are parti‐
tioned into 120 non-overlapping segments by utilizing 
a sliding window of 0.5 s, and the 120 segments are 
labeled using the corresponding emotional tags from 
the original experiment. Next, each segment is sub‐
jected to a Butterworth filter, which decomposes it 
into four bands, namely, θ band (4–8 Hz), α band 
(8–14 Hz), β band (14–31 Hz), and γ band (31–45 Hz), 
as these bands have been demonstrated to account for 
the majority of emotional expression. In addition, for 
each 0.5 s fragment, the DE feature is extracted. Once 
obtaining the DE vector, normalization is performed 
on each vector to expedite the process and enhance the 
reliability of the results. To capitalize on the spatial 
attributes of EEG electrodes, the signals of each fre‐
quency band are combined according to the position of 
electrodes to obtain a 2D feature topology. The specific 
details of the electrode position diagram of the 10–20 
system projected into the 2D feature topology diagram 
are shown in Figs. 2 and 3. Fig. 2 represents the map‐
ping diagram of 32 EEG channels of system 10–20, 
while Fig. 3 illustrates the mapping of 62 EEG chan‐
nels in system 10–20.

By superposing the 2-D topologies of the four fre‐
quency bands, the signals of each channel from a four-
dimensional (4D) feature are defined as Xn∈Rh×w×d×T, 
where h is the height of the 2D topology graph, w 
represents the width of the 2-D topology graph, d 
stands for the number of frequency bands, and T is 
the length of the segment partition.

Fig. 1  Structure of differential entropy (DE) feature extraction
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2.3  EEG emotional data augmentation model based 
on VAE-GAN

At present, the most popular data enhancement 
methods of machine learning include GAN (Goodfellow 
et al., 2020) and VAE (Kingma and Welling, 2014). 
VAE further performs variational processing on the 
traditional AE model to ensure that the output results 
of the encoder correspond to the mean and variance 
of the target distribution, thereby effectively improv‐
ing classification performance. However, the quality 
of the data samples that VAE generate is unstable, 
and it is difficult to generate complex data. GAN con‐
tinuously optimizes the data generated by itself through 
the generation network so that the discriminator 
network cannot distinguish between the real data and 
the generated data, thus generating high-quality fake 

data. These data lack effective control over the under‐
lying space and may produce discontinuous or invalid 
data. By combining these two networks, the generative 
ability of GAN and the potential spatial control ability 
of VAE can be obtained, so as to generate higher-
quality data for EEG emotion recognition.

This paper uses EEG signals xreal as the input of 
VAE. As shown in Fig. 4, input xreal into the encoder 
E to obtain a posteriori estimate of the data distribution 

Fig. 2  10–20 system 32 channel spatial lead feature matrix

Fig. 3  10–20 system 62 channel spatial lead feature matrix

Fig. 4  Variational automatic encoder-generative adversarial 
network (VAE-GAN) model diagram
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q ( z|xreal ). Then, the conditional distribution of the 

data p ( z|xreal ) is reconstructed under the constraint 

of the prior distribution p ( z ) by inputting a low-

dimensional latent variable z into the decoder G. 
q ( z|xreal ) and p ( z|xreal ) are usually represented by the 

following:

z~E ( x real) =  q ( z|xreal) , x'real ~G ( z ) = p ( z|xreal) ,   (3)

where E (∙) is the encoder, G (∙) is a decoder, and 

x'real is the sample of reconstruction. The potential 
vector z is composed of the combination of the mean 
value μ and the standard deviation σ of the output of 
the encoder E. The formula gives:

z =  μ +  γ⊙eσ, (4)

where γ~N (0, I ) obeys a Gaussian distribution and 

⊙ represents an element multiplication operation; so 
it can be approximated that the potential vector z con‐
forms to the Gaussian distribution, namely z~N (0, I ). 
The Kullback–Leibler (KL) divergence is introduced 
to optimize the parameters of the encoder. The KL di‐
vergence loss formula is as follows:

LKL =
1
2 (∑i = 1

D − 1   − log (σ 2
i ) + σ 2

i + μ2
i ) , (5)

where LKL is the calculation of KL divergence distance.
VAE not only uses KL loss to optimize the en‐

coder, but also adopts reconstruction loss to optimize 
the decoder. The reconstruction loss can be formu‐
lated as

LRec =
1
2
Eq ( z|xreal )

é
ë G ( z ) − xreal

2ù
û , (6)

where E means the expected value of the correspond‐
ing distribution. The formula calculates the square of 
the Euclidean distance between the real data and the 
synthetic data.

Therefore, the total loss VAE is expressed as

LVAE =  LKL +  LRec

=  
1
2 ( )∑

i = 1

D

  − 1 − log ( )σ 2
i + σ 2

i + μ2
i

    +  
1
2
Eq ( z|xreal )

é
ë

ù
û G ( z ) − xreal

2
. (7)

Since data samples generated by traditional VAEs 
can be less consistent in quality, especially when it 
comes to reproducing detail and maintaining high res‐
olution, the introduction of GANs into models can learn 
complementary information to improve the quality of 
generated samples. A GAN consists of a generator 
(G) which is responsible for generating fake data that 
are as close as possible to the real data, and a discrim‐
inator (D) which attempts to distinguish between the 
generated fake data and the real data samples. In 
this structure, the discriminator D not only gives pri‐
ority to samples from real data and gives them higher 
weights, but also facilitates the learning of the genera‐
tor G through this process, making it produce more 
realistic data. The loss function of the discriminator 
in GAN is expressed as

LD =
1
2
Exreal ∼ pdata

[ ]( D ( x real ) − 1)2

+
1
2
Ez ∼ pz

é
ë

ù
ûD ( )G ( z )

2
, (8)

where D ( x real ) is the output of the discriminator 

against the real samples, G ( z ) is the sample generated 

by the generator through noise z, and pz is the input 

noise distribution of the generator.
VAE-GAN will be pitted against G and D:

min
D,VAE

L (VAE, D) = LVAE + LD. (9)

After training the entire model, the generator pro‐
duces high-quality samples through Gaussian noise. 
In this study, the diagrams of DE features processed 
earlier are chosen as the input for the data enhance‐
ment model. The real sample input is split into a 
training set and a test set. For the training set, the 
VAE-GAN model is utilized to expand the data of vari‐
ous emotional labels. Specifically, data enhancement is 
carried out by doubling the original size on DEAP 
dataset and SEED. The real sample training set and the 
expanded fake sample training set are merged and uti‐
lized as new training sets, while the real sample test set 
is used for the classification task.

2.4  Architecture of the DO-CoT model

In this paper, we propose the DO-CoT model 
to provide an effective method with which to simul‐
taneously capture the time, frequency, and spatial 
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information of EEG signals and complete the emo‐
tion recognition task. The input of the model is Xn∈ 
Rh×w×d×T. In this subsection, we combine a CNN and 
transformer model. DO-CoT’s basic components in‐
clude a DO-Conv layer, location embedding, a trans‐
former’s encoder layer, and a linear layer. The en‐
coder layer of a transformer includes multiple atten‐
tion layers and feedforward layers, as well as resid‐
ual connection structures. An overview of the DO-
CoT model is illustrated in Fig. 5.

2.4.1  DO-Conv layer

The 4D feature structure obtained earlier is uti‐
lized in this paper to extract spatial and frequency in‐
formation using a CNN. Based on Yang YL et al. 
(2018a)’s CNN, the structure of our CNN is improved 
by replacing the part of the traditional convolutional 
layer with DO-Conv (Cao et al., 2022) and adding a 
maxpooling layer to prevent overfitting.

Given the input feature map, it is processed 
using the conventional convolutional layer in a slid‐
ing window fashion. In each window, there is a set of 
convolution kernels applied to the corresponding size 
of the feature map patch. This patch is called P∈ 
R( M × N ) × C in, where M × N is the size of the convolu‐
tion kernel and also the size of the patch, and C in is 
the number of channels in the input feature map. DO-
Conv is a composition of depthwise convolution with 
trainable kernel D∈R( M×N )×Dmul×C in and a conventional 
convolution with trainable kernel W∈RCout × Dmul × C in, where 
Dmul=M×N and Cout is the number of channels in the out‐
put feature map. The output of DO-Conv is O=W*
( D◦P ), where ◦ is the dot product between each hori‐

zontal section of D and P, and ∗ is the dot product be‐
tween each vertical column of W and the corresponding 

channel element of P. Cao et al. (2022) proved that the 
DO-Conv layer can improve the performance of many 
tasks by replacing the traditional convolutional layer. 
Moreover, the computational complexity of inference is 
not increased while the performance gain is introduced.

The proposed CNN structure contains four con‐
volutional layers, a maxpooling layer, a flatten layer, 
and a full connection layer. The convolution kernel 
size of the first DO-Conv layer is 5×5 with 64 feature 
maps. The second DO-Conv layer has a convolution 
kernel size of 4×4 with 128 feature maps. The third 
DO-Conv layer has a convolution kernel size of 4×4 
with 256 feature maps. The fourth convolution layer 
has a convolution kernel size of 1×1 with 64 feature 
maps. To maintain the size of the image after con‐
volution, a step size of 1 and zero padding are used 
in all convolutional layers. A rectified linear unit acti‐
vation function is applied to the layers. A maxpool‐
ing layer is incorporated after the fourth convolutional 
layer to avoid overfitting, improve network robust‐
ness, and minimize parameters. Considering the small 
size of the 2D feature topology, only one pooling layer 
is used. After pooling, a flatten layer converts the re‐
sulting 4×4×64 vector into a 1024-dimensional vec‐
tor. Subsequently, a full connection layer reduces the 
dimension of the vector to 512-dimensional vector, and 
it is sent to the transformer. The final output of DO-
Conv is Qn=(q1, q2,…, qT ), where q t∈R512 and t=1, 

2, …, T. The novel DO-Conv structure is illustrated in 
Fig. 6.

2.4.2  Transformer model

We input the features Tn∈Rbatchsize×6×512 obtained 
through the CNN into the transformer. Six is the se‐
quence number for better transferring into transformer; 

Fig. 5  Structure of the proposed DO-CoT model for emotion recognition
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512 is the characteristic information contained in each 
sequence. The transformer network (Vaswani et al., 
2017) is illustrated in Fig. 7.

First, position encoding is used to embed the po‐
sition information of the data to import the input orders 
of feature vectors of different channels:

input = input + positionalencoding. (10)

Among them, the input is Qn∈R512×T, and the 

positionalencoding is Pn∈R512×T. The dimensions are con‐
sistent to make it easy to add. The formulations of 

the position embeddings are based on sine and cosine 
functions of different frequencies, which can be ex‐
pressed as

PE (pos, i) =  

ì

í

î

ï

ï
ïï
ï

ï

ï

ï
ïï
ï

ï

sin ( )pos

10000
2i

dmodel

,     i = 0, 2, …,

cos ( )pos

10000
2i

dmodel

,     i = 1, 3,…,

     (11)

where dmodel represents the number of input sequences, 
pos is the sequence order, and i indicates the dimen‐

sion of each input sequence. Therefore, sinusoids with 
wavelengths ranging from 2π to 10 000×2π are as‐
signed to each dimension of the positional code. The 
matrix after position encoding is X∈R512×T .

The encoder layer contains a multi-head self-
attention (MSA) layer and a feed forward neural net‐
work (FFN). The MSA layer integrates all the se‐
quences of relevant channels into the sequence pro‐
cessing by transforming the input matrix X linearly 
into QKV space, i.e., queries Q, keys K, and values 

V, where Q∈R512×dq, K∈R512×dk, V∈R512×dv.

ì
í
î

ïï

ïïïï

Q = XW Q,
K = XW K,
V = XW V,

(12)

where the weighting matrices are W Q∈RT×dq, W K∈RT×dk, 
and W V∈RT×dv. The number of MSA layers (H) is set 
to 8. Matrices Q, K, V are obtained by using the 
learnable parameters W Q, W K, and W V of H differ‐
ent groups, each projection using a different weight‐
ing matrix.

Fig. 7  Structure of the transformer model

Fig. 6  Structure of DO-Conv model
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The essence of the projection of Q, K, and V 
based on MSA layers is to project the vector to differ‐
ent representation subspaces. The specific formulas of 
MSA layers are as follows:

Attention (Q i, K i, V i)=softmax ( )Q i K
T
i

dk

V i, (13)

head i=Attention (Q i, K i, V i) , (14)

Multihead (Q, K, V )=
Concat (head1, head2, …, headH )W o, (15)

where softmax (∙) represents softmax mapping. The 

internal parameters of the weighting matrices W Q
i , W K

i , 
W V

i , and W o can be learned and trained. After ran‐
dom initialization, they are constantly updated and 
corrected during backpropagation or feedback check. 
After determining the loss function of the network 
loss and setting the learning ratio η, the new weight‐
ing matrix is:

Wnew = W − η ∂loss
∂W

, (16)

where the loss is the loss function of the network, and 
the cross-entropy function is selected in this paper.

In the process of coding, an output matrix M is 
generated and added with input matrix I by the pat‐
tern of the residual neural network, and then a new 
matrix P is generated through layer normalization. 
This new matrix P will generate a new matrix Q through 
the feedforward layer, which will also be added to ma‐
trix P according to the residual neural network mode 
and normalized through the layer. Our model has a 
global maxpooling layer, a dropout layer, and a linear 
layer. Finally, the softmax function is used to calculate 
Xclass, which is the classification probability.

3  Experiments

We perform subject-dependent experiments on the 
DEAP dataset and SEED to demonstrate the emotion 
recognition ability of the proposed model. The trans‐
former modules in the proposed model and compari‐
son model are trained from scratch. First, we conduct 
several experiments on the network hyperparameters 

to obtain the most suitable value for this emotion rec‐
ognition task. Then, we run a large number of experi‐
ments on different datasets to test the performance 
of the proposed network model with or without data 
augmentation. Finally, we compare and analyze our 
method with other different networks. The effective‐
ness is demonstrated on the DEAP dataset and SEED 
using the five-fold cross-validation method. The train‐
ing and test data are obtained from the same subject 
and experimental trial. According to Section 2.2, the 
EEG signal is filtered, data normalized, baseline re‐
moved, and DE feature extracted successively. We 
turn the EEG timing signals of each channel into a 
2D topology according to the EEG electrode distribu‐
tion diagram of the 10–20 system. In this paper, we 
set the height of the 2D feature map h=8, the width 
of the 2D feature map w=9, and the number of EEG 
frequency bands d=4. For the DEAP dataset, each 
EEG channel is divided into 120 samples with a time 
window of 0.5 s. Using 32 channels in each subject, 
the subject’s EEG is divided into 3840 samples. As 
there are 32 subjects, the total sample size of the en‐
tire dataset is 122 880. Then, we administer dichoto‐
mous emotion tasks on arousal and valence in the 
DEAP dataset. As for SEED, the samples are also di‐
vided using a sliding time window of 0.5 s. There are 
6788 samples for each of the 15 subjects, and each 
subject performs three experiments, giving a total of 
305 460 samples. In this work, we take accuracy and 
the confusion matrix as test metrics.

3.1  Effect of hyperparameters

This subsection primarily examines the impact 
of various critical factors on the model, such as the 
learning rate of the optimizer for training the deep 
neural network and the batch size of the input data. 
To determine the optimal learning rate for this model, 
we hold the batch size at 64 and use all frequency 
bands in combination, and then train the model using 
different learning rates.

Table 2 presents the performance of the network 
under different learning rates for arousal and valence 
prediction in the DEAP dataset and three emotional 
states in SEED. The results show that when the learn‐
ing rate is set to 0.0001, the model has the best effect 
in three datasets, namely, arousal prediction and va‐
lence prediction in the DEAP dataset and SEED. The 
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classification accuracy of these three datasets is 
91.51%, 91.13%, and 91.32%, respectively, and the 
standard deviation is lower, indicating that the results 
are more stable and reliable compared to other learn‐
ing rates. Although the standard deviation is lower 
when the learning rate is 0.000 001, the accuracy of 
the model is too low, making it unsuitable for this task.

Since the optimal model performance is achieved 
at a learning rate of 0.0001 in the three experiments, 
we fix the learning rate at 0.0001 and change the 
batch size of the input data to find the most suitable 
batch size for our model. The experimental results of 
different batch sizes are shown in Table 3.

Table 3 illustrates that the best optimal perfor‐
mance of the model for arousal and valence prediction 
in the DEAP dataset is achieved when the batch size 

is set to 64. In contrast, for the three-classification 
task of SEED, the network achieves the best perfor‐
mance with a batch size of 16, reaching an accuracy 
of 91.32% and a standard deviation of 0.48%.

3.2  Performance of DO-CoT

The following describes the overall performance 
of the proposed model on the DEAP dataset and SEED.

As can be seen in Fig. 8, the average prediction 
accuracy in terms of arousal of the DEAP dataset is 
91.51%. The prediction accuracy of 19 subjects is 
higher than the average accuracy. Subject 22 has the 
lowest accuracy of 75.5% in this experiment, which 
is possibly due to inaccurate reporting of real emo‐
tions during data collection. Fig. 9 shows the predic‐
tion accuracy of valence in the DEAP dataset, with an 
average accuracy of 91.13%. For 16 of the 32 sub‐
jects, the prediction accuracy is higher than the aver‐
age predicted. As can be seen from Fig. 10, the aver‐
age prediction accuracy of SEED in this model is 
91.32%; more than half of the subjects are predicted 
better than average accuracy.

3.3  Effect of the DO-Conv module

To demonstrate the effectiveness of our proposed 
DO-Conv+transformer (DO-CoT) in enhancing emo‐
tion recognition accuracy, we conduct ablation exper‐
iments to compare it with the conventional CNN+
transformer (CoT). We train two models using the 
same hyperparameters and training settings: one with 
the DO-CoT module and the other with the conven‐
tional CoT module. Both models are trained and tested 
on the same training set. As can be seen in Table 4, 
after utilizing the DO-Conv module, the accuracy of 

Table 3  Accuracy of the model under different batch sizes

Batch size

16

32

64

128

Accuracy (%)

DEAP_arousal

86.42±2.35

87.03±2.98

91.51±1.89

88.48±2.99

DEAP_valence

85.98±2.76

85.97±2.58

91.13±2.68

87.63±2.38

SEED

91.32±0.48

90.59±0.36

89.46±0.98

88.18±0.76

Fig. 8  Accuracy of arousal on the DEAP dataset

Table 2  Accuracy of the model under different learning rates

Learning rate

0.001

0.0001

0.000 01

0.000 001

Accuracy (%)

DEAP_arousal

88.20±3.61

91.51±1.89

89.37±3.28

68.97±2.92

DEAP_valence

87.98±3.76

91.13±2.68

88.97±3.58

62.63±2.63

SEED

86.21±3.99

91.32±0.48

89.78±0.63

73.86±1.21
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our model increases by 0.12%, 0.04%, and 0.44% in 
the arousal and valence of the DEAP dataset and 
SEED, respectively, and the standard deviation also 
decreases. The results indicate that our proposed DO-
Conv module is a more effective network combination 
for enhancing emotion recognition accuracy than the 
traditional CNN module.

3.4  Effect of the transformer module

The transformer network is able to model the 
inter-dependencies between different regions of the input 

image, in addition to capturing sequential information. 
In addition, the parallel processing mechanism of the 
transformer model makes it possible to increase the 
performance of the model with lower computational 
costs. We compare the performance of the DO-CoT 
module with that of the DO-Conv model alone in our 
experiments. The DO-Conv model consists of only 
CNNs, which are commonly used for feature extrac‐
tion in image processing. As can be seen in Table 5, 
the addition of the transformer network to the DO-
Conv model significantly improves the emotion rec‐
ognition accuracy, by 0.82% on arousal, 0.54% on 
valence, and 0.36% on SEED. This improvement 
highlights the effectiveness of the transformer net‐
work in capturing long-term dependencies in the in‐
put data and refining the features extracted by the 
DO-Conv.

Fig. 9  Accuracy of valence on the DEAP dataset

Fig. 10  Accuracy on SEED

Table 4  Accuracy comparison between CoT and DO-CoT

Model

CoT

DO-CoT

Accuracy (%)

DEAP_arousal

91.39±1.92

91.51±1.89

DEAP_valence

91.09±2.15

91.13±2.11

SEED

90.88±0.48

91.32±0.41
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3.5  Effect of the VAE-GAN module

In addition to the proposed DO-CoT module, we 
utilize a novel data augmentation technique, VAE-
GAN, to improve the model’s generalization perfor‐
mance. We apply VAE-GAN to generate additional 
EEG data and use them to augment the training set, 
increasing the overall size of the dataset by a factor of 
two.

From Figs. 11–13, it is evident that the utiliza‐
tion of the VAE-GAN model to expand the training 
set leads to an average valence prediction accuracy of 
92.52% on the DEAP dataset, which is 1.01% higher 
than that achieved without the VAE-GAN model. How‐
ever, subject 22 has an accuracy of 74.5% which is not 
included in the table above due to its low accuracy. 
The average valence prediction accuracy in the DEAP 

dataset reaches 92.27%, which is 1.14% higher than 
that of the previous model. On SEED, the average pre‐
diction accuracy reaches 93.77% with the VAE-GAN 
model, which is 2.45% higher than that of the previous 
model. These results demonstrate the suitability of the 
VAE-GAN model for expanding EEG datasets.

To test the effect of the VAE-GAN module, we 
conduct a comparative experiment; the results are 
shown in Table 6.

Our experiments are conducted on three data‐
sets, with the sample size progressively increasing 
from 2400 to 14 400. It is observed that there is a 
consistent upward trend in accuracy for all datasets 
as the volume of samples increases. However, this 
improvement comes at the expense of increased com‐
putational time. To strike an optimal balance between 
accuracy and time, this study selects to augment the 
sample quantity by 4800. The decision is a balance 
between accuracy gains and computational resource 
constraints. It is based on the observation that accu‐
racy improvements tend to plateau beyond this point, 
implying minimal benefits relative to the increased 
computational demand.

Fig. 12  Accuracy of valence comparison on the DEAP dataset

Fig. 11  Accuracy of arousal comparison on the DEAP dataset

Table 5  Accuracy comparison between DO-Conv and DO-CoT

Model

DO-Conv

DO-CoT

Accuracy (%)

DEAP_arousal

90.69±1.87

91.51±1.89

DEAP_valence

90.59±2.12

91.13±2.11

SEED

90.96±1.62

91.32±0.41
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3.6  Confusion matrix

To better analyze our model’s recognition ability 
under different emotional states, this subsection de‐
scribes the confusion matrices of our proposed net‐
works on the DEAP dataset and SEED and the con‐
fusion matrix with the VAE-GAN structure. As can be 
seen from Figs. 14–16, the prediction accuracy of the 
low arousal and high arousal in the DEAP dataset is 
88.26% and 93.90%, respectively, and the prediction 
accuracy of high arousal is higher. The reason might 
be attributed to more distinct physiological markers 
or more consistent patterns in EEG signals associated 
with high arousal. High arousal emotions, such as ex‐
citement or anger, could produce more pronounced 

EEG patterns than low arousal emotions like calmness 
or relaxation. The prediction accuracy of the low and 
high valence are 89.29% and 92.61%, respectively, and 
the prediction accuracy of the high valence is higher 
as well. This could suggest that positive emotions 

Fig. 13  Accuracy comparison on SEED

Table 6  Performance comparison of different sample sizes of VAE-GAN

Dataset

DEAP (arousal)

DEAP (valence)

SEED

Accuracy (%)
Sample size=2400

91.81±2.13

91.51±2.18

92.56±0.63

4800

92.52±2.27

92.27±2.55

93.77±0.62

9600

92.79±2.13

92.56±2.11

94.01±0.84

14 400

93.01±1.98

92.87±2.08

94.23±0.77

Fig. 14  Confusion matrix of arousal on the DEAP dataset 
(a) and confusion matrix of arousal with VAE-GAN on the 
DEAP dataset (b)

Fig. 15  Confusion matrix of valence on the DEAP dataset 
(a) and confusion matrix of valence with VAE-GAN on the 
DEAP dataset (b)

Fig. 16  Confusion matrix on SEED (a) and confusion matrix 
with VAE-GAN on SEED (b)
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(high valence) like happiness or joy generate more dis‐
tinguishable EEG signals than negative emotions (low 
valence), such as sadness or disgust. In SEED, the 
prediction accuracy of neutral, positive, and negative 
emotions are 90.80%, 94.09%, and 88.93%, respec‐
tively. Positive emotions are the most easily detected, 
while negative emotions and neutral emotions are 
easily confused. This indicates that the EEG patterns 
of positive emotions are more distinct or consistent, 
making them easier to detect. The confusion between 
negative and neutral emotions suggests similarities in 
their EEG signatures. This might be due to the subtlety 
of emotional states or a potential overlap in the EEG 
patterns of these emotions. In summary, the results 
demonstrate the model’s promising capabilities in emo‐
tion recognition using EEG data, with specific strengths 
in detecting high arousal and positive emotional states. 
The addition of the VAE-GAN structure for data aug‐
mentation significantly contributes to the model’s per‐
formance, highlighting the importance of diverse and 
comprehensive training datasets in emotion recogni‐
tion tasks.

3.7  Method comparison

In recent years, many research groups have con‐
ducted important research on emotion recognition 
using EEG based on the DEAP dataset and SEED. As 
we can see from Table 7, these models include deep 
CNN, 3D-CNN, a model that combines CNN and 
RNN, a graph convolution neural network-LSTM 
(GCNN-LSTM) hybrid model, hierarchical convolu‐
tion neural network (HCNN), and a dynamical GNN. 
From the DEAP dataset, we can see that, when the 
network uses only the simple CNN model, the per‐
formance is not very high, such as with deep-CNN 
and 3D-CNN. The proposed model demonstrates a 

significant improvement of 10.86% and 19.16% over 
the deep and convolutional neural networks model 
suggested by Tripathi et al. (2017). In comparison to 
the 3D-CNN model proposed by Salama et al. (2018), 
our model improves valence and arousal accuracy by 
4.83% and 4.03%, respectively. The accuracy is en‐
hanced by combining the RNN with the CNN model 
since EEG signals contain rich temporal information. 
But the proposed model still performs better than these 
models. Compared to the CNN-RNN fusion model 
presented by Zhang DL et al. (2018), our proposed 
model achieves an improvement of 1.47% and 1.49%. 
Additionally, compared to the GCNN-LSTM hybrid 
model suggested by Yin et al. (2021), our model dem‐
onstrates an improvement of 1.82% and 1.91% in the 
valence degree and arousal degree of the DEAP dataset, 
respectively. From SEED, our proposed method out‐
performs HCNN (Li JP et al., 2018) and dynamical 
GNN (Song et al., 2020) by 5.17% and 3.37%, respec‐
tively. Therefore, we can conclude that our proposed 
method, which combines CNN and a transformer while 
considering the frequency, space, and time informa‐
tion of EEG, is more suitable for emotion recogni‐
tion tasks. Furthermore, we find that the addition of 
the VAE-GAN structure results in improved model 
performance, as more training data are utilized. Thus, 
we anticipate that our proposed model will achieve 
better results in practical applications since EEG data 
in such scenarios are more extensive.

4  Discussion

The above analysis shows that our VG-DOCoT 
structure performs better than other methods. This 
section discusses several notable issues. Compared 

Table 7  Performances of the compared methods

Reference

Tripathi et al. (2017)

Salama et al. (2018)

Zhang DL et al. (2018)

Yin et al. (2021)

Ours

Li JP et al. (2018)

Song et al. (2020)

Ours

Method

Deep and convolutional neural networks

A 3D-CNN

Integrate CNN and RNN

A GCNN-LSTM hybrid model

DO-Conv and transformer with VAE-GAN

HCNN

A dynamical GNN

DO-Conv and transformer with VAE-GAN

Dataset

DEAP

DEAP

DEAP

DEAP

DEAP

SEED

SEED

SEED

Accuracy

Valence: 81.41%; Arousal: 73.36%

Valence: 87.44%; Arousal: 88.49%

Valence: 90.80%; Arousal: 91.03%

Valence: 90.45%; Arousal: 90.60%

Valence: 92.27%; Arousal: 92.52%

88.60%

90.40%

93.77%
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with pure CNN networks or RNN networks, the pro‐
posed network in this paper achieves a better perfor‐
mance, because we take frequency and time informa‐
tion into account. Additionally, compared with an or‐
dinary network that combines CNN and a transformer 
in parallel, our network has a higher emotion recog‐
nition rate. The reason is that a deep integration of 
DO-Conv and the transformer is utilized. The pro‐
posed VG-DOCoT first uses CNN to extract spatial 
features and frequency features from the feature con‐
taining EEG information, then uses the transformer 
network to extract time features from the output of 
the CNN module, and finally uses the transformer 
module output for classification. The spatial topologi‐
cal information of electrodes is taken into account 
when extracting EEG features in the proposed struc‐
ture, thus achieving a better effect. Therefore, our pro‐
posed method can find more emotional information 
for emotion classification than other methods and 
achieve better results. In deep learning, it is generally 
required that the number of samples should be suffi‐
cient; the trained model has a good effect and strong 
generalization ability after the VAE-GAN structure 
is applied for data enhancement, and the network 
showed higher accuracy than before. This is also re‐
lated to the fact that the transformer network is better 
at handling large amounts of data. Moreover, this paper 
also uses some data preprocessing methods to achieve 
a better effect. In the future, we will explore high-
performance networks that do not rely on data prepro‐
cessing and data enhancement. Furthermore, we plan 
to significantly broaden the scope of our datasets. By 
incorporating EEG data from a diverse array of de‐
mographic groups, including various populations and 
cultural backgrounds, we aspire to achieve a more 
holistic and inclusive evaluation of our emotion rec‐
ognition system. This expansion is crucial, as emo‐
tional expression and EEG patterns can vary signifi‐
cantly across different cultures and populations. A 
more diverse dataset will allow us to test the univer‐
sality and adaptability of our approach, ensuring that 
our models are not only accurate but also equitable 
and inclusive. Cross-subject EEG emotion recognition 
is one of the hot topics in current research, which has 
a strong practical application value; we will continue 
to deeply research in this direction. Our research will 
continue to push the boundaries in this field, seeking 

ways to enhance the accuracy, efficiency, and appli‐
cability of EEG-based emotion recognition systems. 
The ultimate goal is to develop models that are not 
only technically advanced but also widely accessible 
and useful in real-world scenarios.

5  Conclusions

In conclusion, this paper introduces a ground‐
breaking emotion recognition method that synergizes 
a 4D feature structure with advanced techniques such 
as DO-Conv, transformer, and VAE-GAN. The core 
of our approach lies in the novel DO-Conv structure, 
designed to intricately extract both unique and inter‐
related EEG channel information. Complementing this, 
the transformer structure adeptly captures global EEG 
signal dependencies, offering a comprehensive analy‐
sis of emotional states. Our method significantly ad‐
vances the field of emotion recognition by effectively 
utilizing the rich information inherent in EEG signals. 
This is particularly evident in the remarkable perfor‐
mance improvements seen with the DO-Conv and trans‐
former networks. A key innovation of our approach 
is the use of data enhancement techniques, which 
address the prevalent challenge of limited EEG data, 
thereby bolstering the model’s performance and reli‐
ability. The empirical results underscore the method’s 
efficacy: on the DEAP dataset, we achieved an aver‐
age accuracy of 92.27% in valence and 92.52% in 
arousal classification tasks. Moreover, on SEED’s 
three-classification task, our method attained an im‐
pressive average accuracy of 93.77%. These outcomes 
not only demonstrate superior performance over ex‐
isting methods but also highlight our approach’s practi‐
cal applicability and robustness. This research con‐
tributes to the emotion recognition field by offering 
a scalable, efficient, and highly accurate method. It 
opens new avenues for understanding emotional states 
through EEG analysis and sets a precedent for future 
work in this domain. Future research could explore 
the adaptability of this method to other neural signal 
types and emotional datasets, potentially broadening 
its applicability and furthering our understanding of 
the intricate relationship between neural patterns and 
emotional states.
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