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Abstract: Electroencephalography (EEG) emotion recognition has important research value
in the fields of medical and criminal investigation, so in recent years, deep learning
methods have been widely used in the field of EEG emotion recognition. Generally, the
spatial and temporal features of EEG signals can reflect the spatial information of EEG in
different brain regions and the long-term features of time-related continuous EEG signals.
However, the problem of obtaining accurate spatial and temporal features of sequence
signals has been neglected in previous studies. In addition, the spatial information
transformation of electrode points on brain regions is not accurate enough. To address
these issues, we propose a sensitive transformation and multi-level spatiotemporal
awareness based EEG emotion recognition model. Through this method, accurate spatial
information and more comprehensive EEG spatiotemporal features can be obtained. The
evaluation results of SEED dataset show that the proposed approach improves on the
state-of-the-art in EEG emotion recognition. The accuracy rates of subject-dependent and
subject-independent emotion recognition are 98.49% and 97.95%, which exceeds the best
previous accuracy by 1.18%.

1. Introduction

Emotion recognition from EEG signal is an active research topic in the field of computer vision
in recent years. Compared with traditional non-physiological signals such as speech [1], expression
[2], action [3], text [4], EEG signals have characteristics that cannot be disguised [5]. Therefore, the
use of EEG signals for emotion recognition is of great significance in key fields such as medical
treatment and criminal investigation.

It is important to accurately transform electrode points on different brain regions. The device that
captures EEG signal is called an electrode cap. Electrode caps are connected by multiple electrode
points and wires arranged in a ‘10/20 system’ [6]. According to the '10/20 system’, researchers often
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use the sparse mapping method [7] and the compact mapping method [8] to obtain the spatial
information of EEG signal. The sparse mapping method uses a 19*19 sparse matrix, which has a
large amount of data and takes a long time to calculate the model. To solve this problem, compact
mapping methods are proposed. The compact mapping matrix is 8*9, which greatly reduces the
amount of data. However, the transformation positions of the electrode points did not meet the
relationship between the electrode points and the brain area and the connection relationship between
the electrode points as stipulated by the 10/20 system.

The processed data can be used for emotion recognition through machine learning or deep
learning methods. EEG signal are sequential signal related to time. In machine learning methods,
researchers usually first manually extract the wavelet energy feature of EEG [9], or differential
entropy feature (DE) [10]. Then, support vector machine (SVM) [11] and radial basis function
neural network (RBF-NN) [12] are used for emotion recognition. The manual extraction method is
labor-intensive, and the method needs to segment the EEG signal into data segments, resulting in a
reduction in the amount of data. And the feature extracted by the machine learning method are
shallow, and the recognition accuracy is low. In order to solve these problems, with the
development of deep learning, many researchers apply deep learning methods to emotion
recognition based on EEG signal. Some studies [13-14] still manually extract local feature of EEG
signal and then use deep models to learn deep feature. The shortcomings of manual feature
extraction are still unavoidable. Therefore, the direct use of deep models for feature extraction and
emotion recognition has become the key to research. Taking the EEG signal as input, a
Convolutional Neural Network (CNN) [15] or Deep Belief Network (DBN) [16] model is employed
for emotion recognition. Although this method can effectively learn data feature, it is poor in
temporal feature learning. Therefore, Elham et al. [17] adopted a three-dimensional convolutional
neural network (3D-CNN) for emotion recognition from EEG. However, this method can only learn
the context information of adjacent moments, and the 3D model is computationally intensive. In
order to effectively learn the long-term temporal feature of EEG signal, Acharya [18] et al. adopted
a long short-term memory network (LSTM) model, but LSTM cannot learn the spatial feature of
EEG signal well.

Through the above analysis, the field of EEG emotion recognition faces two problems. First,
design an EEG signal transformation model to retain accurate spatial information. According to the
electrode position and connection relationship specified by the '10/20' system, the design is more in
line with the relationship model between electrode points and different brain regions. Second,
design a more comprehensive model for feature learning. Deep models for EEG emotion
recognition require the ability to learn both spatial and long-term temporal feature.

To address the above issues, this paper proposes a sensitive transformation and multi-level
spatiotemporal awareness based EEG emotion recognition model (STSAM) model. The model
consists of three parts. First, the sensitive transformation model. The normalized EEG signal data is
used as the input, and the electrode point data at each moment is used for sensitive conversion, so as
to retain the accurate brain area spatial information of the electrode points. Second, the multi-level
spatiotemporal awareness model. Taking sensitively transformed data as input, it can effectively
learn the long-term spatiotemporal feature of EEG signal. Third, the emotion recognition model.
The emotion recognition function of EEG signal is realized by this model.

The main contributions of this paper include three aspects:

(1) A sensitive transformation model is proposed. This method completely transforms the
electrode point positions specified in the "10/20 system™, and retains more accurate spatial position
information of EEG signals than other transformation methods.

(2) A multi-level spatiotemporal awareness model is proposed. The model effectively learns the
spatiotemporal features of EEG signals. A self- awareness method is introduced to improve the
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recognition accuracy.
(3) Evaluating our proposed approach on SEED dataset. The result suggest that our approach
achieves significantly batter performance that state-of-the-art approaches.

2. Related Works

In order to effectively preserve the spatial information of EEG signal, Li et al. [19] proposed a
sparse transformation method. The data size transformed by this method is a sparse matrix of 19*19.
Training a sparse matrix requires a large amount of computation and low efficiency. To solve this
problem, Shen et al. [8] adopted a compact transformation method. The size of the data is
transformed by this method is 8*9. Compared with sparse transformation methods, the amount of
data is reduced and the model computation is low. However, the compact transformation method
does not fully comply with the positional relationship between electrode points and different brain
regions and the connection relationship between electrode points specified in the '10/20" system.
This method will lead to inaccurate spatial information of the transformed EEG signal, thereby
affecting the learning of spatial feature by subsequent models.

Emotion recognition methods in EEG signal include machine learning and deep learning.
Machine learning methods mainly treat EEG signal as time-correlated one-dimensional waveform
signal. Manual feature extraction is first performed on the EEG signal. The extracted feature include
time domain feature, frequency domain feature, time-frequency domain feature and nonlinear
feature. The time-domain feature include the mean, skewness, variance, and standard deviation of
EEG signal. Frequency-domain feature are methods of transforming time-domain signal into
frequency space. The time-frequency domain feature is a combination of the time domain feature
and the frequency domain feature of the EEG signal data, and the feature are more comprehensive.
For example, Xu et al. [20] extracted the five-band feature of EEG signal, and then performed
short-time Fourier transform (STFT) to calculate the power spectrum feature. However, the
methods of extracting time-frequency feature all need to segment the EEG into data segments,
which reduces the amount of data, and the learned feature are only current short-term feature. Since
EEG signal are long signal that change continuously, it is important to extract long-term feature.
This problem can be effectively solved by adopting the differential entropy feature (DE) [21] in
nonlinear feature. Afterwards, classification methods such as Support Vector Machine (SVM) [11]
and Radial Basis Function Neural Network (I-RBF-NN) [12] can be used for emotion recognition.
The shortcomings of the machine learning method are that the feature extracted are shallow and the
recognition accuracy is low.

To learn deep feature, the field has adopted deep learning methods for autonomous feature
extraction and emotion recognition. With the advancement of deep learning methods, EEG-based
emotion recognition has adopted deep learning methods for autonomous feature extraction and
emotion recognition. Dan et al. [16] applied Deep Belief Network (DBN) to EEG-based emotion
recognition. DBN models can learn deep data feature, but DBNs cannot learn high-level abstract
feature. Therefore, Chao et al. [22] proposed a Deep Belief Network Conditional Random Field
(DBN-CRF) model, which solves the problem that DBN cannot fully capture the contextual
information of EEG signal. However, the DBN-CRF model cannot accurately learn the spatial
characteristics of EEG in different brain regions. To solve this problem, Song et al. [23] introduced
the graph structure into the EEG-based emotion recognition model, and proposed an EEG emotion
recognition method based on Dynamic Graph Convolutional Neural Network (DGCNN). The
method utilizes a graph structure to represent EEG signal. However, EEG signal are time-related
signal, and temporal feature should also be fully considered in emotion recognition. Elham et al. [17]
adopted a three-dimensional convolutional neural network (3D-CNN) for emotion recognition from
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EEG. The model constructs the data of each moment into a 2D space matrix, and then superimposes
the data of multiple moments to form a 3D matrix as the model input. Although this method can
learn contextual information, it can only learn short-term feature, and the 3D model is
computationally expensive. In order to learn the long-term feature of EEG signal, Acharya et al. [18]
adopted the Long Short-Term Memory (LSTM) model. Although LSTM is suitable for learning
long-term temporal feature, it cannot learn the spatial feature of EEG signal well. In order to
effectively learn the spatiotemporal feature of EEG signal, some studies [24-25] employ a cascaded
model of CNN and LSTM. These studies provide us with a good idea of model linking.

In summary, how to effectively and accurately obtain the spatial information of EEG signal and
learn the long-term spatiotemporal feature of EEG signal is the main research direction in this field.

3. Methods
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Figure 1: STSAM architecture

In this paper, we propose a sensitive transformation and multi-level spatiotemporal awareness
based EEG emotion recognition model (STSAM), in order to accurately preserve EEG spatial
information and learn spatiotemporal feature. The model diagram of STSAM is shown in Figure 1.
The data is EEG signal data with 62 electrode points. The data for each electrode point is a
time-correlated one-dimensional signal. First, normalize the data to be between [-1,1]. Then, the
EEG data obtained from 62 electrode points per unit time was used as the input to the model.
Through the sensitive transformation model, the input data has accurate spatial information of
electrode points. Through a multi-level spatiotemporal awareness model, the long-term
spatiotemporal characteristics of EEG signal are learned. Finally, the softmax classifier is used to
classify emotions into three categories: positive, neutral and negative, and the accuracy of emotion
recognition is obtained.

3.1 Sensitive Transformation Model

EEG signal are acquired by electrode points on the electrode cap. The '10/20" system electrode
placement method [6] specifies the positional relationship between the electrode points on the
standard electrode cap and different brain regions and the connection relationship between the
electrode points. Figure 2(a) shows the regular distribution of electrode points in the '10/20' system.
In the process of data transformation, it is necessary to be sensitive to the position of electrode
points in order to retain accurate spatial information of EEG signal.

Li et al. [26] proposed a sparse transformation method as shown in Fig. 2(b). The size of the
sparse transformation matrix is 19*19, which is computationally intensive. Therefore, Shen et al.
[27] adopted a compact transformation method, as shown in Fig. 2(c). The compact transformation
matrix size is 8*9, which greatly reduces the amount of data. The connection relationship between
adjacent electrode points in the matrix is stronger. But the mapped matrix is not sensitive to the
spatial information of electrode points. In view of the shortcomings of the above two transformation
methods, this paper proposes a sensitive transformation model, as shown in Figure 3. The size of

34



the sensitive transformation matrix is 9*9. Compared with the sparse transformation method, this
transformation model matrix is small and the model computation is small. Compared with the
compact transformation method, the connection relationship between FP1, FPZ, FP2, P3, P4, P5, P6,
P7, P8 electrode points and F1, FZ, F2, PO5, PO6, PO7, PO8 electrode points is more in line with
'10/ 20" system. And the positional relationship between FP1, FPZ, FP2, AF3, AF4 electrode points
and brain regions is more in line with the '10/20" system. The sensitive transformation model
preserves accurate spatial information of EEG signal, which helps subsequent models learn accurate
spatial feature.
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Figure 2: “10/20’ system electrode placement method and EEG signal transformation
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Figure 3: Sensitive transformation
3.2 Multi-Level Spatiotemporal Awareness Model

The multi-level spatiotemporal awareness model consists of multi-layer convolution channels,
multi-layer Gate Recurrent Unit (GRU) channels and self-attention modules.

The multi-layer convolution channel consists of a lightweight 3-layer convolution for learning
the spatial feature of EEG signal. The three layers of convolution all use 3*3 convolution kernels,
and the number of channels is 32, 64 and 128 respectively. The model uses ReLu as the activation
function to speed up the calculation and the convergence of the model. The input and output data
size of each layer of convolution remains the same, which is 9*9. Since the training EEG samples
are high-dimensional small sample data, Dropout is introduced to solve the overfitting problem.
And its calculation method is shown in formula (1), where y is the input and y' is the output, a
Bernoulli distribution with probability p is used to randomly generate the same 0 or 1 value as the
number of nodes.

y' = Bernoulli(p) *y Q)

The multi-layer GRU channel consists of 2-layer GRUs to learn long-term temporal feature of
EEG signal. The definition of the GRU formula is shown in formula (2) to (5), where x; is the
current input, h,_, is the hidden state passed from the previous node, h; is the hidden state of the
previous node, ¢ is the sigmoid function, W,. W,. W is the parameter of forward propagation
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learning, z. is the update gate, 7, is the reset gate, and A, is the hidden state after reset using the
tanh activation function. Two layers loop gate channels are 64 and 32. Recurrent neural networks
(RNNs) commonly used to learn long-term temporal feature include LSTMs and GRUs. Compared
with LSTM, GRU has fewer parameters and faster computation speed [28]. Therefore, our
multi-level spatiotemporal awareness model uses GRU to learn temporal feature for easier model
training.

ze = oW, - [heo1, x¢]) (2)
1. = oW - [heq, %)) 3
he = tanh(W - [ * he_q,%,]) 4
he=1—2z)*hey+2z,%h ®)

According to the review of the self-attention mechanism in reference [29], this paper adopts the
attention mechanism approach described below. The input data X has a total of n nodes. The
probability distribution P(X) of each input node on each category is calculated by softmax and its
calculation method is shown in formula (5). Then the obtained probability distribution P(X) is
re-acted on the input data X according to the formula (6). Through this method, each node of the
input data becomes the output data X' with a class probability distribution. The higher the
probability of some nodes of the data on a certain category, the more relevant the category is, and it
IS necessary to be more aware of this part of the nodes.

P(X) = softmax(XXT) (6)
X' =PX)X @)

In the multi-level spatiotemporal awareness model, multi-layer convolution channels are used to
learn spatial feature of EEG signal, multi-layer GRU channels are used to learn long-term temporal
feature of EEG signal, and self-attention is used to improve recognition accuracy. Learning
spatiotemporal feature through this model is beneficial for subsequent sentiment classification.

3.3 Emotion Recognition

We divided the emotions expressed by EEG signal into three categories, namely positive, neutral
and negative. STSAM finally uses the full connection and softmax function to calculate the
probability of the input sample data on different categories. We introduce the
softmax_cross_entropy loss function to pass the deviation of the predicted value from the label
value during backpropagation. The purpose is to avoid the phenomenon of numerical overflow due
to the relatively large probability value of the output node, and to ensure the stability of numerical
calculation. The category with the largest output probability value is the predicted category of the
input sample data. The probability of correct recognition of all EEG signal samples is the accuracy
of emotion recognition.

4. Experiment

In this experiment, we explored the impact of the proposed STSAM in the field of EEG emotion
recognition. First, we introduce the dataset and experimental setup we used. Then, compare the data
transformation models proposed by other researchers to explore the effect of our proposed sensitive
transformation model. Then, subject-independent and subject-dependent EEG emotion recognition
experiments were carried out using STSAM. Explore the effect of STSAM by comparing it with
models proposed by other researchers. Finally, the ablation experiment is carried out, which proves
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that every part of the model plays a role in the emotion recognition task.
4.1 Dataset

To verify the effectiveness of the proposed model, we perform validation on the SEED dataset
[30] published by Shanghai Jiao Tong University in 2015. EEG emotions in this dataset are divided
into three categories: positive, neutral, and negative. The dataset consists of 15 subjects, and each
subject has 15 experiments, including 5 positive, 5 neutral, and 5 negative emotional stimuli
experiments. That is, a total of 225 experiments are included in the SEED dataset. Each experiment
contained 4 min of continuous EEG signal data recording at 62 electrode points. The sampling
frequency of the EEG signal is 200Hz.

4.2 Experiment Setup

The sampling frequency of the EEG signals in the SEED dataset is 200Hz, that is, 200 frames of
EEG signal data with 62 electrode points can be acquired per second. In order to avoid the problem
of subject emotional instability at the beginning and end of the experiment, we intercepted the data
from the first minute to the third minute of each experiment. That is, a total of 5.4*106 frames of
data samples can be obtained from 225 experiments. Normalize the data samples between [-1, 1] as
model input.

First, the data in the input STSAM is transformed to preserve the spatial information. Each frame
of data is the EEG data acquired by 62 electrode points, so the data of each frame can use sensitive
transformation to include its electrode point position information. Then, subject-independent and
subject-dependent EEG emotion recognition experiments were performed using the multi-level
spatiotemporal awareness model respectively. In the subject-independent experiments, we use one
of the 15 subjects as the test set and the other as the training set for 15 experiments. The results of
15 experiments were averaged as the subject-independent EEG emotion recognition accuracy. In
the subject-dependent experiments, we conduct ten-fold cross-validation experiments with each of
the 15 subjects’ own data. A total of 15 experiments were performed. The results of 15 experiments
were averaged as the subject-dependent EEG emotion recognition accuracy.

The experimental parameters of STSAM are set as follows, using the Tensorflow framework,
Batch-size is 64, Dropout is 0.5, the loss function is softmax_cross_entropy, and the L2
regularization coefficient is set to 10% The feature extractor is optimized using the Adam
optimization algorithm with a learning rate of 1x<103 and 5% of the data is selected as the
validation set. The experiment uses a combination of theoretical analysis and emotion recognition
accuracy as evaluation criteria. The hardware platform is Intel i7-6700, the memory is 16G, and the
GPU is NVIDIA 1070.

4.3 The Effectiveness of Sensitive Transformation

The input EEG data are mapped by the sparse mapping method, the compact mapping method
and the sensitive transformation mentioned in 3.1 respectively. The multi-level spatiotemporal
awareness model in STSAM was used for subject-independent EEG emotion recognition. Table 1
shows the performance comparison of the three data transformation methods on the SEED dataset.
Among them, the sensitive transformation method contains more accurate spatial information of
electrode points and brain regions than other methods, so the recognition accuracy is higher. In
addition, the time-consuming of our method is close to that of the compact mapping method, which
is one third of that of the sparse mapping method. By comparing the performance of the three data
mapping methods, the sensitive transformation method has high accuracy and relatively low time
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consumption. Therefore, the following experiments adopt the sensitive transformation method
proposed in this paper.

Table 1: Performance Comparison of Three Mapping Methods on SEED dataset.

2D map Map shape ACC Time cost per epoch
Compact Mapping 8*9 96.97% 88s
Sparse Mapping 19*19 97.55% 255s
Sensitive Transformation (ours) 9*9 97.95% 91s

4.4 STSAM for Subject-Independent EEG Emotion Recognition

Table 2 shows the performance comparison between the proposed STSAM in this paper and
current methods for subject-independent emotion recognition on the SEED dataset. Compared with
the method of manual feature extraction first, STSAM uses a deep model to learn features, and the
learned features are deeper. Compared with other deep models, our sensitive transformation method
preserves more accurate spatial information, and our multi-level spatiotemporal awareness model
learns more comprehensive long-term spatiotemporal features. Therefore, we have achieved the
current highest recognition accuracy rate, reaching 97.95%.

Table 2: The results of the subject-independent emotion recognition experiments.

Method Ave-Acc
MSFBEL[31] 74.23%
GAN [32] 84.00%
3D-CNNJ[17] 88.49%
DGCNNJ[23] 90.40%
DECNNJ[33] 90.41%
4DCNN-LSTM[27] 92.88%
MSPCA-TQWT[34] 93.10%
K-NN[35] 95.85%
CNN-SAE-DNNJ36] 96.77%
ATT-CRNN(ours) 97.95%

4.5 STSAM for Subject-Dependent EEG Emotion Recognition

Table 3 shows the performance comparison between the proposed STSAM in this paper and
current methods for subject-dependent emotion recognition on the SEED dataset. Compared with
other deep models, STSAM has the advantage of preserving accurate spatial information and
learning long-term spatiotemporal features. Therefore, it has achieved the best recognition accuracy
rate in recent years, reaching 98.49%.

Table 3: The results of subject-dependent emotion recognition experiments.

Method Ave-Acc
SSFBEL[31] 85.75%
MSFBEL[31] 87.87%
DGCNN][23] 90.40%

DE-GELM[37] 90.83%
DE-CNN[38] 91.68%
ATT-CRNN(ours) 98.49%
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4.6 Ablation Experiment

In order to verify that each part of the STSAM proposed in this paper affects the experimental
results, four models are designed for ablation experiments. The model structure and experimental
results are shown in Table 4. By comparing M2 and M1, it is necessary to use sensitive
transformation to preserve spatial information. Through the comparison of M3, M4 and M1, it is
valuable to learn the temporal and spatial characteristics of EEG signals in the field of emotion
recognition.

Table 4: Ablation experimental models

Model Structure
Model sensitive multi-layer multi-layer ACC
transformation convolution GRU
M1 \ \ \ 97.95%
M2 x N \ 95.31%
M3 \ < \ 94.07%
M4 \ \ x 94.83%

In summary, the STSAM proposed in this paper effectively preserves the spatial information of
electrode points and learns comprehensive long-term spatial and temporal features. In the field of
EEG emotion recognition, state-of-the-art results have been achieved.

5. Conclusions

EEG signal have the advantage that they cannot be camouflaged, so EEG emotion recognition
has important research value in the fields of medical treatment and criminal investigation. In order
to solve the problem of accurate spatial information between electrode points and brain regions and
EEG signal combined with spatiotemporal features, which were ignored in previous studies. This
paper proposes a sensitive transformation and multi-level spatiotemporal awareness based EEG
emotion recognition model (STSAM). A sensitive transformation model is adopted to preserve
accurate spatial information. A multi-level spatiotemporal awareness model is used to learn
comprehensive spatiotemporal features of EEG signal. The SEED dataset is used for
subject-dependent and subject-independent EEG emotion recognition, and the accuracy rates are
98.49% and 97.95%. The experimental results are 1.18% higher than the previous best accuracy,
reaching the state-of-the-art in this field.

In future work, we will use other EEG signal datasets to learn and optimize the model. In
addition, self-collected data will be considered for experiments, in order to enhance the
generalization ability of the emotion recognition model proposed in this paper.

Acknowledgements

This work is supported partially by the project of Changchun Bureau of Science and Technology
under the Grant 21ZY31 and the project of Jilin Provincial Science and Technology Department
under the Grant 20180201003GX. We want to thank developers of SEED dataset for recording the
emotional EEG dataset and for making it freely available. The authors gratefully acknowledge the
helpful comments and suggestions of the reviewers, which have improved the presentation.

References

[1] Y. Ahn, S. J. Lee, and J. W. Shin, “Cross-Corpus Speech Emotion Recognition Based on Few-Shot Learning and

39



Domain Adaptation,” IEEE Signal Processing Letters, vol. 28, pp. 1190-1194, 2021, doi: 10.1109/LSP.2021.3086395.
[2] D. Y. Liliana, “Emotion recognition from facial expression using deep convolutional neural network,” in Journal of
Physics: Conference Series, Apr. 2019, vol. 1193, no. 1. doi: 10.1088/1742-6596/1193/1/012004.

[3]1 F. Ahmed, A. S. M. H. Bari, and M. L. Gavrilova, “Emotion Recognition from Body Movement,” IEEE Access, vol.
8, pp. 11761-11781, 2020, doi: 10.1109/ACCESS.2019.2963113.

[4] F. A. Acheampong, H. Nunoo-Mensah, and W. Chen, “Transformer models for text-based emotion detection: a
review of BERT-based approaches,” Artificial Intelligence Review, 2021, doi: 10.1007/s10462-021-09958-2.

[5] Matlovic, T., et al. “Emotions detection using facial expressions recognition and EEG.” International Workshop on
Semantic & Social Media Adaptation & Personalization IEEE, 2016.

[6] Jasper H.H, “The Ten Twenty Electrode System: International Federation of Societies for Electroencephalography
and Clinical Neurophysiology,” American Journal of EEG Technology, vol. 1, no. 1, pp. 13-19, Mar. 1961, doi:
10.1080/00029238.1961.11080571.

[7] Li J, Zhang Z, He H. Hierarchical Convolutional Neural Networks for EEG-Based Emotion Recognition [J].
Cognitive Computation, 2017.

[8] Shen F, Dai G, Lin G, et al. EEG-based emotion recognition using 4D convolutional recurrent neural network [J].
Cognitive Neurodynamics, 2020:1-14.

[9] H Jiang, Jiao R, Wang Z, et al. Construction and Analysis of Emotion Computing Model Based on LSTM [J].
Complexity 2021, 2021.

[10] Hwang S., Hong K., Son G. & Byun H. Learning DE features for EEG-based emotion recognition. Pattern Anal
Appl 23, 1323-1335, (2020)

[11] Atkinson J, Campos D. Improving BCI-based emotion recognition by combining EEG feature selection and kernel
classifiers [J]. Expert Systems with Applications,2016,10(47) : 35-41

[12] Zhang, J., Zhou, Y. T. & Liu, Y. EEG-based emotion recognition using an improved radial basis function neural
network. J Amb Intel Hum Comp, doi:10.1007/s12652-020-02049-0 (2020)

[13] J. Chen, H. Li, L. Ma, H. Bo, F. Soong, and Y. Shi, “Dual-Threshold-Based Microstate Analysis on Characterizing
Temporal Dynamics of Affective Process and Emotion Recognition From EEG Signals,” Frontiers in Neuroscience, vol.
15, Jul. 2021, doi: 10.3389/fnins.2021.689791.

[14] J. Li, Z. Zhang, and H. He, “Implementation of EEG emotion recognition system based on hierarchical
convolutional neural networks,” Lecture Notes in Computer Science, 2016, vol. 10023 LNAI, pp. 22-33. doi:
10.1007/978-3-319-49685-6_3.

[15] Acharya UR, Oh SL, Hagiwara Y, etal. Deep convolutional neural network for the automated detection and
diagnosis of seizure using EEG signals [J].Computers in biology and medicine,2018,100:270-278.

[16] Dan Wang and Y. Shang, “Modeling Physiological Data with Deep Belief Networks.,” International journal of
information and education technology (IJIET), vol. 3, no. 5, pp. 505-511, 2013, doi: 10.7763/1JIET.2013.V3.326.

[17] Salama ES, El-Khoribi RA, Shoman ME, et al. EEG based emotion recognition using 3D convolutional neural
networks [J]. International Journal of Advanced Computer Science and Applications, 2018, 9:329.

[18] Acharya, D, et al. “A Long Short Term Memory Deep Learning Network for the Classification of Negative
Emotions Using EEG Signals.” 2020 International Joint Conference on Neural Networks (IJCNN) 2020.

[19] Li J, Zhang Z, He H. Hierarchical Convolutional Neural Networks for EEG-Based Emotion Recognition [J].
Cognitive Computation, 2017.

[20] Xu H, Plataniotis KN. Affective states classify-cation using EEG and semi-supervised deep learning approaches
[C]. IEEE, International Workshop on Multimedia Signal Processing, 2017:1-6.

[21] Zheng W L, Zhu J Y, Lu B L. Identifying stable patterns over time for emotion recognition from EEG[J/OL]. IEEE
Transactions on Affective Computing,2018:3-15

[22] Chao H and Y Liu, “Efficiently maintaining the fast updated sequential pattern trees with sequence deletion,’
IEEE Access, vol. 2, pp. 1374-1383, 2014, doi: 10.1109/ACCESS.2014.2373433.

[23] T. Song, W. Zheng, P. Song, and Z. Cui, “EEG Emotion Recognition Using Dynamical Graph Convolutional
Neural Networks,” IEEE Transactions on Affective Computing, vol. 11, no. 3, pp. 532-541, Jul. 2020, doi:
10.1109/TAFFC.2018.2817622.

[24] Y. Zhang et al., “An Investigation of Deep Learning Models for EEG-Based Emotion Recognition,” Frontiers in
Neuroscience, vol. 14, Dec. 2020, doi: 10.3389/fnins.2020.622759.

[25] S. Sheykhivand, Z. Mousavi, T. Y. Rezaii, and A. Farzamnia, “‘Recognizing Emotions Evoked by Music Using
CNN-LSTM  Networks on EEG Signals,” IEEE Access, vol. 8 pp. 139332-139345, 2020, doi:
10.1109/ACCESS.2020.3011882.

[26] J. Li, Z. Zhang, and H. He, “Hierarchical Convolutional Neural Networks for EEG-Based Emotion Recognition,”
Cognitive Computation, vol. 10, no. 2, pp. 368-380, Apr. 2018, doi: 10.1007/s12559-017-9533-x.

[27]1 F. Shen, G. Dai, G. Lin, J. Zhang, W. Kong, and H. Zeng, “EEG-based emotion recognition using 4D
convolutional recurrent neural network,” Cognitive Neurodynamics, vol. 14, no. 6, pp. 815-828, Dec. 2020, doi:

;

40



10.1007/s11571-020-09634-1.

[28] Chung J, Gulcehre C, Cho K, et al. Empirical evaluation of gate recurrent neural networks on sequence modelling
[J]. arXiv: Neural and Evolutionary Computing, 2014.

[29] Chaudhari S, Polatkan G, and Ramanath R, “An Attentive Survey of Attention Models,” in Proceedings - 2020
35th IEEE/ACM International Conference on Automated Software Engineering, ASE 2020, Sep. 2020, pp. 883-894. doi:
10.1145/1122445.1122456.

[30] [dataset] Wei-Long Zheng, and Bao-Liang Lu, Investigating Critical Frequency Bands and Channels for
EEG-based Emotion Recognition with Deep Neural Networks, accepted by IEEE Transactions on Autonomous Mental
Development (IEEE TAMD) 7(3): 162-175, 2015.

[31] F. Shen, Y. Peng, W. Kong, and G. Dai, “Multi-scale frequency bands ensemble learning for eeg-based emotion
recognition,” Sensors (Switzerland), vol. 21, no. 4, pp. 1-20, Feb. 2021, doi: 10.3390/5s21041262.

[32] Zhang, L. Su, Y. Zhang, Y. Fu, L. Wu, and S. Liang, “EEG data augmentation for emotion recognition with a
multiple  generator conditional Wasserstein  GAN,” Complex & Intelligent Systems, Apr. 2021, doi:
10.1007/s40747-021-00336-7.

[33] Liu S, Wang X, Zhao L, et al. “Subject-independent Emotion Recognition of EEG Signals Based on Dynamic
Empirical Convolutional Neural Network” [J]. IEEE Transactions on Neural Systems and Rehabilitation Engineering,
2020, PP(99):1-1.

[34] A. Subasi, T. Tuncer, S. Dogan, D. Tanko, and U. Sakoglu, “EEG-based emotion recognition using tunable Q
wavelet transform and rotation forest ensemble classifier,” Biomedical Signal Processing and Control, vol. 68, Jul.
2021, doi: 10.1016/j.bspc.2021.102648.

[35] P. Sarma and S. Barma, “Emotion recognition by distinguishing appropriate EEG segments based on random
matrix theory,” Biomedical Signal Processing and Control, vol. 70, Sep. 2021, doi: 10.1016/j.bspc.2021.102991.

[36] J. Liu et al, “EEG-Based Emotion Classification Using a Deep Neural Network and Sparse Autoencoder,”
Frontiers in Systems Neuroscience, vol. 14, Sep. 2020, doi: 10.3389/fnsys.2020.00043.

[37] W.-L. Zheng, J.-Y. Zhu, and B.-L. Lu, “Identifying Stable Patterns over Time for Emotion Recognition from EEG,”
Jan. 2016, [Online]. Available: http://arxiv.org/abs/1601.02197

[38] Y. Luo, L.-Z. Zhu, Z.-Y. Wan, and B.-L. Lu, “Data Augmentation for Enhancing EEG-based Emotion Recognition
with Deep Generative Models,” Jun. 2020, [Online].

41





