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Abstract
In recent years, electrocardiogram (EEG)-based emotion recognition has received increasing
attention in affective computing. Since the individual differences of EEG signals are large,
most models are trained for specific subjects, and the generalization is poor when applied
to new subjects. In this paper, we propose a Multi-Branch Network (MBN) model to solve
this problem. According to the characteristics of the cross-subject data, different branch
networks are designed to separate the background features and task features of the EEG
signals for classification to have better model performance. Besides, there is no new-subject
data needed during model training. In order to avoid the negative improvement caused by
samples with significant differences to model training, a tiny amount of new-subject data
is used to filter the training samples to improve the model performance further. Before
training the model, the samples with significant differences from the new subject were
deleted by comparing the background features between the subjects. The experimental
results show that compared with Single-Branch Network (SBN) model, the accuracy of the
MBN model is improved by 20.89% on the SEED dataset. Furthermore, compared with
other common methods, the proposed method uses less new-subject data, which improves
its practicability in practical application.
Keywords: Multi-Branch Network, Electroencephalogram (EEG), Emotion Recognition,
Cross-Subject

1. Introduction
Emotion plays a vital role in the interaction between people. Humans expect machines to
communicate with us in human-machine interaction (HMI) (Cowie et al. (2001); Fiorini
et al. (2020)) according to our emotions, among which emotion recognition is the crucial
issue. As a typical artificial intelligence task, emotion recognition has a broad development
prospect in HMI, emotional computing, psychology, and clinical medicine. It provides
a possible way for computers to understand human emotions. Emotions can usually be
identified through information like facial expressions, gestures, speech (Yan et al. (2016);
Zhang et al. (2019)), electrocardiogram (ECG), and electroencephalogram (EEG) (Chen
et al. (2015); Zheng et al. (2017); Hsu et al. (2017)). Because of its high accuracy, low cost,
and ease of operation, EEG signals have been widely used in emotion recognition. At the
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same time, human beings will deliberately hide their emotions in some scenes. According to
facial expressions, gestures, voice, and other external expressions, a person’s inner thoughts
and emotions cannot be determined, while the EEG signals are hard to hide.
In the last decade, there has been increasing study on the cognition of affective states
within the brain-computer interface (BCI) community (Lotte et al. (2007); Aricò et al.
(2020)). The ideal affective brain-computer interface (aBCI) (Garcia-Molina et al. (2013);
Goshvarpour and Goshvarpour (2019)) can detect the emotional states felt by the user
through spontaneous EEG signals without explicit user input and respond to different emotional states accordingly. The EEG signals can record very subtle emotional changes at
the high temporal resolution, but the EEG signals are time asymmetric and unstable. Second, the signal-to-noise ratio (SNR) of EEG is shallow, and it is difficult to eliminate the
influence of noise. In addition, due to the significant differences in EEG signals between
different subjects or different states, the performance of existing models on the new-subject
data is lacking (Jayaram et al. (2016); Zheng and Lu (2016)). The EEG patterns vary
among subjects, so it is necessary to train the classifier for a specific subject in the presence of multiple subjects (Blankertz et al. (2007)). Training a specific model for each new
subject is an inefficient approach to resolving differences, requiring the collection of labeled
datasets and retraining of the model (Shen and Lin (2019)). At present, cross-subject
emotion recognition based on EEG signals is still a challenge.
In traditional machine learning algorithms, Zheng et al. (2015) used transfer component
analysis (TCA) and kernel principle component analysis (KPCA) for subspace projection.
These two algorithms projected the data with different distributions to the same feature
space and reduced the distribution difference between the two domains. On this basis,
Zheng and Lu (2016) carried out a further study and proposed transductive parameter
transfer (TPT). They used the extracted features to select the corresponding classifier and
learned the regression function between the data distribution and the classifier parameters,
which further improved the model performance. In the work of Chai et al. (2017), a new
adaptive subspace feature matching (ASFM) strategy was proposed, which considered both
the marginal distribution and the conditional distribution of data. Finally, Li et al. (2019)
combined the advantages of most of the above algorithms and proposed multisource transfer
learning (MSTL), which reached the state-of-the-art (SOTA) performance in traditional
machine learning.
In the deep learning algorithm, Li et al. (2018) used deep adaptation network (DAN)
to minimize the MK-MMD distance (Long et al. (2015)) on the depth features of different
domain data in neural networks so that the feature distribution of the data was similar.
Luo et al. (2018) mapped the source domain (existing-subject) data and target domain
(new-subject) data to common feature space and used an adversarial network (Ganin and
Lempitsky (2015)) to make the distribution of the two more similar. Wang et al. (2018a)
and Zhong et al. (2020) both used graph neural network to better extract features and used
the adversarial network to solve individual differences. In the work of Du et al. (2020),
they proposed ATDD-LSTM model, and its classification accuracy reached the current
SOTA performance. The ATDD-LSTM model also used the adversarial network for domain
adaptation.
Compared with traditional machine learning algorithms, deep learning algorithms are
easier to implement and generally have higher accuracy. However, the existing deep learning

algorithms rarely consider the conditional probability distribution of data in domain adaptation, which leads to negative transfer (Chai et al. (2017)). When the difference between
the two subjects is too significant, even if the marginal distribution of the two domains is
minimized, the classification accuracy is still poor. On the other hand, the above algorithms
used transfer learning to eliminate the differences between different subjects, which required
the use of all unlabeled target domain data. In practice, it takes a long time to collect data
(Li et al. (2019)), so these algorithms still have limitations. In order to solve individual
differences and improve the usability of the algorithm in practice, this paper has made the
following contributions:
• A novel Multi-Branch Network (MBN) model was designed to solve individual differences without collecting new-subject data. The MBN model can effectively extract
background features and task features of different subjects from the original EEG
signals, thus better deal with different EEG signals in the cross-subject task.
• A subject similarity matrix was proposed by calculating the distance of the background
feature maps. The matrix was used to select samples with higher similarity to the
new subject to avoid the negative improvement caused by samples with significant
differences during model training.

2. Methods
Fig. 1 shows the framework of the Multi-Branch Network model for EEG-based emotion
recognition. It includes three parts: feature organization, Multi-Branch Network model,
and sample selection.
2.1. Feature organization
The physiological characteristics of EEG signals vary with frequency, and the emotional
responses of different encephalic regions are different (Zheng and Lu (2015); Wang et al.
(2018b)). Considering these two factors, this paper uses a 3D structure (Yang et al. (2018);
Shen et al. (2020)) to organize the EEG signals (Fig. 1(a)). First, perform band-pass
filtering on the EEG signals of all channels, and divide the signal of each channel into delta
(1-4 Hz), theta (4-8 Hz), alpha (8-14Hz), beta (14-31 Hz), and gamma (31-50 Hz). Then
extract differential entropy (DE) feature (Duan et al. (2013)) in five frequency bands for
the t s window size samples. Finally, we organize the DE feature of each frequency band
into a 2D map. Therefore, each segment is a 3D structure Xn ∈ Rh×w×d , n = 1, 2, . . . , N ,
where N is the number of samples, h and w are the width and height of the 2D map, d = 5
is the number of frequency bands. More details are as follows.
According to the work of Wang et al. (2014), we use t = 1 s as the time window for
data segmentation and obtain a series of slices with L × C (L = t × W ), where C is the
number of channels, L is the data length, and W is the sampling frequency. The DE feature
is extracted per second from five frequency bands, and the data structure is changed from
L × C to 1 × C × 5, which is a matrix of C × 5. Differential entropy is the generalized form
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Figure 1: An overview of the proposed EEG-based emotion recognition framework using
the Multi-Branch Network model.
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In order to better preserve the spatial features of the EEG signals, according to the
spatial distribution of the electrodes (Fig. 1(a)), we convert the C-dimensional DE feature

vector on each frequency band into a 2D matrix. Finally, the 3D feature map of h × w × 5
is obtained.
2.2. Multi-Branch Network model
Starting from the characteristics of the cross-subject EEG signals (consisting of background
information and task information), a Multi-Branch Network (MBN) model is used to extract
features of background and task, respectively. By inputting multi-feature data (Fig. 1(b)),
the deep learning model can learn better. In our method, the training process is divided into
two phases: Training two branch networks to extract two features; training the backbone
network for classification.
2.2.1. The branch network
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Figure 2: The schematic diagram of phase 1. Teach branch networks to learn background
features and task features through opposite task labels. Where i and j represent
different subjects, m and n represent clips of different categories.

As shown in Fig. 2, phase 1 uses two opposite tasks to extract different features. The
same data have different labels in different branches. In the Branch1 network, select K − 2
subjects and organize their data samples into sample pairs as training dataset, where K
is the number of all subjects in the dataset. Each sample pair consists of two random
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samples from the dataset. When the two samples are from the same subject, the label is
1; otherwise, it is 0. The data of the remaining 2 subjects are organized into sample pairs
in the same way as test dataset. In the sample pair, there are data of different subjects
watching the same kind of clips (labeled 0) and data of the same subject watching different
types of film clips (labeled 1). After this constraint, the features extracted by the model
are more personal-related background features rather than task features. Similarly, after
the constraint of the Branch2 network, the extracted features are more related to the task.
The constraints for training the branch network are as follows:
X10 = B (X1 ) ,

(3)

X20 = B (X2 ) ,
 q
d X10 , X20 = |X10 − X20 |2 ,

1, d < 0.2
label =
0, else ,

(4)
(5)
(6)
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where X1 and X2 are the sample pairs input to the branch network B( · ), and output the
feature maps X10 and X20 . Finally, the Euclidean distance d of the two feature maps is
calculated as the similarity degree between the two samples. When the Euclidean distance
is less than 0.2, the label is predicted to be 1; otherwise, the label is predicted to be 0. In
the branch network training, the contrastive loss (Hadsell et al. (2006)) is used as the loss
function. The network structures of Branch1 network and Branch2 network are the same.
The branch network structure is shown in Fig. 3.

64

Input

Figure 3: The framework for training one of the branch networks.
In each branch network, there are four convolutional layers, one max pooling layer, and
one fully connected layer. The parameters of the four convolutional layers are: 64 feature
maps with filter size of 5 × 5; 128 feature maps with filter size of 4 × 4; 256 feature maps
with filter size of 4 × 4; 64 feature maps with filter size of 1 × 1. For all convolutional
layers, zero-padding and rectified linear units (ReLU) activation function are applied. The
pool size of the max pooling layer is 2 × 2, and the stride is 2. Finally, the units in the fully
connected layer are 1024, and the result of the fully connected layer is output as a vector.
After the training is completed, the parameters are saved for the call of the MBN model.

2.2.2. The backbone network
In the second part of the training phase, a single sample is input into the branch networks
to extract different features and fuse them with the feature map of the backbone network.
The branch networks are trained in phase 1, and their convolutional layers can extract
background features and task features. The backbone network is designed for the final
EEG-based emotion recognition. In the MBN model, the feature maps of the same layer
are spliced and input into the next layer of the backbone network. Finally, after one max
pooling operation, the feature map is input into the fully connected layers for emotional
classification. We consider the MBN model defined as:

Y = F Concat X, X 0 , X 00 = F (Concat(X, B1 (X), B2 (X))),
(7)
Where F ( · ), B1 ( · ), and B2 ( · ) represent the output of the backbone network and the
two branch networks in the convolutional layer, and Concat( · ) represents the operation to
concatenate a list of inputs.
During the training, the parameters of the branch networks are fixed. The MBN model
adds the background features and task features of the EEG signals while inputting the
original data. The model can extract the different information between different signals
to perform better in the cross-subject task. The structure of the MBN model is shown in
Fig. 4.

17

17

17

n

51

17

10

24

5

64 64 64

256

256

256

19

19

128 128 128

19

softmax
19

Input

2

19

17

64 64 64

Figure 4: The framework for training the Multi-Branch Network.
In the backbone network, there are also four convolutional layers and one max pooling
layer, and its hyperparameters are the same as that of the branch network so that the three
networks can splice the feature maps output by the convolutional layer. After the max
pooling layer, two dropout layers and three fully connected layers are added. The rate of
the two dropout layers is both 0.5, which can effectively improve the generalization ability
and enhance the anti-noise ability of the model. The units in the three fully connected
layers are 1024, 512, and n, respectively, where n is the number of emotional categories. In
training, the cross-entropy loss is used as the loss function.
At the same time, to better compare the performance improvement brought by the MBN
model, a network called Single-Branch Network (SBN) is constructed using the backbone
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network structure. We consider the SBN model defined as:
Y = F (X) .

(8)

2.3. Sample selection
It is a considerable challenge to train a model suitable for the cross-subject task without
using the new-subject data. When the difference between training subjects and the new
subjects is too significant, it will be difficult to adjust the model to make it have a good
performance on the new subjects. Therefore, before the training of the MBN model, a tiny
amount of new-subject samples without labels are used to select the training samples.
In the study of applying transfer learning, n types of emotion data need to be collected.
In the actual data collection process, the generation and conversion of emotions require a
period of initiation time. Therefore, it takes a relatively long time to collect data on multiple
emotions. In this paper, since the training task of the Branch1 network is irrelevant to the
emotional information, only partial data of one film is needed to be collected instead of
multiple films, which further shortens the time required for data collection.
The overall process of sample selection is shown in Fig. 1(c). For each subject in the test
dataset, select the top T samples, and form a sample pair with the top T samples of other
subjects, to obtain a total of (K − 1) × T sample pairs. After all sample pairs are input into
the corresponding Branch1 network model and mapped to feature space, the Euclidean
distance between the feature vectors is calculated. It can be seen in Fig. 6(a). Finally, the
similarity of T sample pairs is averaged as the similarity between the subjects. According
to the similarity of all subjects, the subject similarity matrix M ∈ RK×K is obtained.
Mij =

T

1X
d Xit , Xjt ,
T

(9)

t=1

where i, j = 1, 2, . . . , K.
From the similarity matrix M , the subjects with higher similarity to the new subjects
are selected to train the MBN model.

3. Experiment
3.1. Dataset
This paper conducted experiments based on the SEED dataset (Zheng and Lu (2015)) which
BCMI Lab collected. Through careful selection of film clips, different types of emotions can
be stimulated, including positive, negative, and neutral. Finally, 15 Chinese film clips were
selected from the material library (6 films) as the stimuli used in the experiment, and
every 5 clips correspond to a kind of emotion. Fifteen healthy subjects participated in the
EEG signals collection experiment. In each experiment, the above 15 clips were played to
stimulate the corresponding emotions, and the 62-channels’ ESI NeuroScan System was used
to record the EEG signals with a sampling frequency of 1000 Hz. After each clip, subjects
were asked to complete a questionnaire immediately to report their emotional response.
Each subject conducted the same experiment 3 times in different periods, so there were 45
experiments in total. In order to reduce the storage space and the amount of calculation,
after removing some basic noise from the data, the data was down-sampled to 200 Hz.

3.2. Experimental setup
In the feature organization, each subject’s data on the SEED was sliced into 3394 slices
with L × C (L = T × W ), where L = 1 × 200, C = 62. After DE feature extraction and
format reconstruction, the 3D feature map of H × W × 5 was obtained, where H = 17,
W = 19.
The experiments were carried out on single-subject dataset and cross-subject dataset.
In the experiment with the single-subject dataset, we applied fivefold cross-validation on
each subject and selected the experimental data with the highest accuracy in each subject
for subsequent experiments to reduce the calculation time. In the experiment with the
cross-subject dataset, the data of 13 subjects was used as the training dataset, and the data
of the remaining 2 subjects was used as the test dataset.
The training was done using an NVIDIA TITAN Xp Founders Edition graphics card
with CUDA 10.0 and cuDNN v7.6, in TensorFlow v1.15.0 and Keras v2.3.1 (Abadi et al.
(2016); Géron (2019)).
3.3. Results and discussion
This section compares and analyzes the performance of the proposed MBN model under
different conditions, including single-subject task, cross-subject task, and sample selection.
3.3.1. Single-subject task
In the single-subject task, the difference between the training dataset and the test dataset
is small, so the trained model has a good performance on the test dataset.
From Fig. 5(a), we can see the accuracy of the SBN model and MBN model in each
subject’s three-category emotion recognition. In the MBN model, the accuracy of all subjects exceeded 90%, and the average accuracy reached 95.71%, which was 2.22% higher than
that of the SBN model. At the same time, the results on all the subjects show that the
MBN model has different degrees of improvement compared with the SBN model, indicating
that the extraction of multiple features is beneficial to the EEG-based emotion recognition.
The accuracy under the single-subject task will be used as a baseline for comparison with
subsequent experiments.
3.3.2. Cross-subject task
In the training branch network section, the network model in Fig. 3 is used to train the
model to perform consistency (subject consistency and task consistency) judgments on the
data. Then, different information is extracted by training the branch networks through
completely opposed tasks (Fig. 2).
The experimental results are as follows: In the subject consistency judgment, the average
precision of the model reaches 98.02%, which is an exciting result. In the task consistency
judgment, the average precision of the model is only 68.42%. We can see that the background features are obviously different in different subjects and can be easily recognized. On
the other hand, the signal-to-noise ratio of the EEG signals is meager, and the performance
of the model that uses data containing background noise is poor. Therefore, background
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features need to be considered in the cross-subject task. The experimental results show
that the Branch1 network can effectively extract the background features.
In the training backbone network section, the input and output of the convolutional
layer changed from the original Y = F (X) to Y = F (Concat(X, X 0 , X 00 )). These two types
of functions represent the SBN model and the MBN model, respectively. Fig. 5(b) shows
the test results of the two models on the cross-subject task.

(a)

(b)

Figure 5: (a) The accuracy under the single-subject task. (b) The accuracy under the
cross-subject task.

From Fig. 5, no matter which kind of model is, its classification accuracy is lower in
the cross-subject task, which is caused by individual differences. Compared with the singlesubject task, in the cross-subject task, the accuracy of the SBN model decreased by 34.81%,
and that of the MBN model only decreased by 16.14%.
In the cross-subject task, although the SBN model performed well on the single-subject
task with an average accuracy of 93.49%, it performed poorly on the new-subject data
with an average accuracy of only 58.68%. The average accuracy of the MBN model reached
79.57%, which was 20.89% higher than the SBN model. Meanwhile, the MBN model is more
stable. Except for subjects #5 and #6, the classification accuracy of the other subjects
exceeds 70%. For subjects #4, #8, #13, and #15, the average accuracy is over 85%, and
the highest accuracy is 95.80%. It shows that adding background features and task features
to train the model can effectively capture the differences among subjects and improve the
model performance.
Our work is a new attempt to solve the problem of individual differences without using
the new-subject data. While considering the task features, the influence of background
features on the cross-subject emotion recognition task was considered, and some valuable
features were automatically learned during the training process using the deep learning
model.

Table 1: Means and standard deviations of multiple methods on the SEED dataset under
the cross-subject task
Algorithm

SBN

TCA

TPT

MSTL

DAN

Mean (%)
Std. (%)
Improve (%)

58.68
11.21
-

71.80
13.99
13.12

76.31
15.89
17.63

88.92
10.35
30.24

83.81
8.56
25.13

ATDDLSTM
90.92
1.05
32.24

MBN
79.57
9.53
20.89

3.3.3. Comparison of other methods
For SEED, we compared the performance of various methods mentioned in section 1 with
the MBN model. The average accuracy and standard deviation (STD) represent the final
performance of the model, and all results were obtained on the data of 15 subjects. As
shown in Table 1, the SBN model is compared as the baseline. The five algorithms used
for comparison are all based on transfer learning, using all or part of the unlabeled newsubject data to adjust the model. TCA, TPT, and MSTL are traditional machine learning
algorithms. MSTL taken negative transfer into account and trained the model by selecting
specific subject data, which achieved SOTA performance in traditional machine learning.
DAN and ATDD-LSTM are deep learning algorithms, all of which used domain adaptation
to train the model. Under the ATDD-LSTM algorithm, the cross-subject classification
accuracy reached 90.92%.
The performance of the MBN model is better than two common traditional machine
learning algorithms, but there is still a certain gap with the current SOTA performance.
Our work is of great significance for the practical BCI application. To our knowledge, the
MBN model is the first algorithm that does not use the new-subject data and extracts
background features to reduce individual differences. Compared with the other methods,
the proposed method can shorten the time required for data collection in practice.
3.3.4. Sample selection
It is a considerable challenge to train a model suitable for the cross-subject task without
using the new-subject data. Although the MBN model has achieved good accuracy, it is
still not satisfactory. In this session, we use the subject similarity matrix M calculated by
collecting a tiny amount of data to select samples to improve the classification accuracy
further.
First, select the top 60 new-subject data samples of one clip, and combine these 60
samples with the top 60 samples of other subjects to form sample pairs, resulting in a
total of 14 × 60 = 840 sample pairs. After obtaining the sample pairs, they are input into
the Branch1 network to calculate the similarity between the samples, and the similarity
of every 60 sample pairs is averaged as the similarity between the two subjects. Fig. 6(a)
shows the distribution of different samples mapped to the feature space, and the similarity
is determined according to Mij . Finally, the heat map of the subject similarity matrix M
is shown in Fig. 6(b).
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Figure 6: (a) The distribution of samples in the same feature space. The sample in the
dotted circle is from new subjects. The dashed and solid lines represent the sample
pairs with the largest distance (the most significant difference) and the smallest
distance (the highest similarity). (b) The heat map of the subject similarity
matrix.

In Fig. 6(b), the similarity between each subject (each row) and other subjects is obtained from the corresponding Branch1 network model, so the resulting matrix is not a
completely symmetrical matrix. According to the above experiments, the Branch1 network
has excellent performance. Although the results are output by 15 different models, the
matrix still maintains a high symmetry, which further confirms the credibility of successfully extracting background features. Finally, based on the similarity matrix, two different
experiments are carried out, and the results obtained are shown in Fig. 7.

Figure 7: The accuracy of training the model with different amounts of subject data.

When using the data of 3 existing subjects who most similar to the new subject to train
the model, the accuracy is further improved on subjects #3, #7, and #9. It indicates that
the similarity between the subjects is high, and even when less data is used for training,
better performance can be obtained. However, for subjects #1, #4, #8, #10, #11, #13,
and #15, the model’s accuracy dropped significantly, with a decline rate of more than 10%.
The average accuracy of 15 subjects was 70.79%, which does not exceed that of the MBN
model without sample selection, indicating that too little data is terrible for model training.
In limited data samples, using more data can improve the model’s generalization ability, and
better model performance can be obtained on new-subject data. However, while increasing
the amount of data, some samples with too significant differences may be added, which will
cause the model to perform worse.
In consideration of the above situation, the data of the 3 subjects, which were significantly different from the new subjects, were removed, and the remaining data were used
to train the model. In most subjects, the classification accuracy is improved. For subjects
#7, #11, and #12, the accuracy is dropped slightly, with an average drop of 1.70%. For
subjects #3, #5, #6, and #8, the performance of the model is significantly improved, and
the classification accuracy of the model is all increased by more than 5%. Finally, among
the 15 subjects, the average accuracy of the MBN model reached 82.47%, which was 2.90%
higher than that of the MBN model without sample selection, confirming the effectiveness
of selecting sample by this method for training.
In this session of the experiment, we used the Branch1 network to calculate the subject
similarity matrix and selected samples for training to avoid the negative improvement of the
model caused by the excessively different subject data. In the end, this method improved
the model performance while shortening the time required for model training.

4. Conclusions
Emotion recognition is an essential field of artificial intelligence, and its vast potential
promotes the development of society. This paper provides a new framework based on MultiBranch Network (MBN) for EEG-based emotion recognition, which promotes the analysis
of cross-subject EEG signals. The MBN model extracts the background features and task
features to jointly train the backbone network to achieve high classification accuracy in
the cross-subject task. The average accuracy of the MBN model reached 79.57% on the
SEED dataset, which is 20.89% higher than that of the SBN model. At the same time, the
MBN model does not use the new-subject data in the training process, which improves the
availability in practice. When the difference between some subjects in the training dataset
and the new subjects is too large, it will lead to poor performance of the model on the new
subjects. To this end, the similarity between the subjects is calculated by the background
features, and a tiny amount of new-subject data is used to filter the training samples to
improve the model performance further. After removing the data of the 3 most different
subjects, the average accuracy of the MBN model reached 82.47%. Compared with other
transfer learning methods, the proposed method uses less new-subject data, which shortens
the time required for data collection in practice. At the same time, it is feasible to use deep
learning to extract background features and calculate the similarity among subjects, which
can be used for other studies.
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