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Abstract—Affective computing based on electroencephalography (EEG) has a shortage issue. As a result, creating 

efficient, extremely precise, and stable models is challenging, notably deep learning models, which use machine 

learning algorithms. Deep learning models' effectiveness has lately enhanced, with greater accuracy, stability, and 

decreased overfitting. The suggested approach in this study is based with regards to generative models called 

generative adversarial networks (GANs) which is proposed to solve the data scarcity problem as well as the high 

dimensionality of data. Data of excellent quality may be generated with the help of a generative adversarial 

network that mimics the original EEG signals. To assess the effectiveness of the suggested technique, it is 

implemented on the DEAP dataset. Finally, a deep neural network is used to construct productive models. The 

experimental results show that the classification accuracy of the classifier employed in the suggested strategy is 

much improved by the addition of supplementary data. 
 
 

1 INTRODUCTION 

Emotions include both psychological and 

physiological responses to diverse events, as well 

as the various feelings, thoughts, and behaviors 

of various individuals. Emotions play a very 

important role in our everyday lives. Accurate 

recognition of emotions is vital in many fields. 

Emotion recognition has been frequently utilized 

within psychiatry, emotional reasoning, artificial 

intelligence, computer vision and other domains, 

among others. Emotion identification aids in the 

diagnosis of mental illnesses such as depression, 

schizophrenia, and others. It can aid clinicians in 

comprehending their patients' genuine feelings. 

Additionally, computer emotion recognition 

offers humans a positive user-computer 

interaction experience. 

The two categories of current emotion 

identification models are those that utilize 

physiological and non-physiological signals as 

their foundations. Physiological signals seem to 

be more accurate at displaying human emotional 

states than non-physiological signals. Therefore, 

physiological signals can be used for recognizing 

emotions accurately and practically. Thus, the 

precision and usability of emotion identification 

based on physiological signals are greatly 

enhanced. One amongst the most widely used 

physiological signals are 

EEG(Electroencephalogram) signals. 

EEG signals are a reliable and cost-effective 
technology used to measure brain activity. Each 

signal has a unique set of band frequencies 

associated with it like Theta, Gamma, Alpha and 

Beta. Every band has distinct emotions and each 

perceptible spectrum of a band begins at 0Hz and 

goes up to 50Hz. The emotions that can be 

inferred from these bands are Anger, Fear, 

Happiness, Sadness etc. These feelings are 

considered fundamental because everyone can 

identify them. There is no definitive link between 

emotional states and the corresponding 
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physiological responses, however the data 

gathered from them is essential for emotion 

analysis. EEG brain waves start out in the central 

nervous system. The EEG signals are quite 

precise.  

However, the main challenge in using machine 
learning models for emotion recognition is the 

scarcity of data available in order to build models 

using machine learning. Thus, the ML models 

could be less precise when dealing with unseen 

data. To address the issue of data shortage, we 

employ a technique known as data 

augmentation. When more data is needed, data 

augmentation can be utilized to make subtly 

different copies of current data or completely 

new synthetic data from current data. It also 

increases the accuracy and stability of the 

machine learning model. To combat this lack of 

data, we provide a paradigm towards EEG-based 

emotion recognition that is generative 

adversarial networks-driven. 

The suggested generative adversarial network 

(GAN) uses a transformation operation to hide 

portions of the EEG signals,  after that it 

generates candidate EEG signals from what is 

left. Two networks compose GAN: a generator 

and a discriminator. The generator is 

programmed to create a synthetic EEG signal, 

inputting a regular EEG signal. In this case, the 

discriminator is responsible for determining 

whether or not the given EEG signals are fake. If 

the discriminator is able to identify a difference 

between the generated signal and the original 

signal, the generator generates another signal. If 

the discriminator is unable to differentiate 

between the generated signals and the original 

signal, the generated signals are then used to 

train the model, thereby increasing its accuracy. 

2. LITERATURE REVIEW 

2.1 Emotion Recognition using EEG 

These researches look at complete strategies for 

dealing with emotion recognition using EEG 

signals. Deep learning-based emotion 

recognition has recently garnered a growing 

amount of interest in both research and 

applications, helped alongside the success of 

Deep Neural Networks (DNN). 

For feature extraction and classification, Deep 
Neural Networks (DNN), specifically 2D/3D 

Convolutional Neural Networks (CNN) and 

Recurrent Neural Networks (RNN) are 

implemented. They segmented the EEG data's 

2D form (channel x time) into 6-second pieces 

and assembled them with the 3rd axis in order to 

input the EEG signal into a 3D CNN. 2018, T. Song 

et al. [4] put forward a DGCNN (Dynamic Graph 

Neural Network) model to study and have a 

better ability to detect shape-related features 

and complex edges. It was useful in examining 

the natural relationships between EEG channels 

and in putting the graph convolution operation 

into practice with learnt graphs. In 2018, Li et al. 

[2] also proposed a Graph Regularized Sparse 

Linear Regularized technique for emotion 

recognition. The envisioned model was 

successful in reasonable classification accuracy 

and generalization properties. Around the same 

time, in 2017, Salma Alhagry et al. [5] used Long 

Short-Term Memory RNN (LSTM-RNN) so that 

the model can learn from raw data directly and 

have high average accuracy.  

In other studies, methods like SVM (Support 

Vector Machine), PCA (Principal Component 

Analysis), KNN (K-Nearest Neighbour) [6][7][8] 

are also used to study the EEG signals. Through a 

model, J Liu et al. [6] showed in 2018 that 

combining unsupervised and supervised feature 

dimension reduction techniques makes a 

significant difference by deleting certain 

unnecessary feature vectors and is superior than 

utilizing them separately. When aligned to other 

outcomes from the same collection, the final 

feature they use yields the best possible results.  

With the advancement in technologies, Support 

Vector Machines (SVM) were being used as 

training models to achieve better accuracy. In 

2019, the M. Adeel Asghar et al. [7] model on Bag 

of Deep Features (BoDF) aims to improve 

prediction performance for the SEED and DEAP 

data sets. The rating accuracy acquired with 

numerous Support Vector Machines is higher 

than high performance in linear classifiers. In 

2018, Li et. al. [8] developed a model based on 

Emotional identification based on K-Nearest 
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Neighbour categorization of multichannel EEG 

signals. It’s easy to understand and also the 

implementation is easy. 

2.2 Data augmentation for Emotion Recognition 
using EEG 

Geometric transformations and noise addition 

procedures are two straightforward and direct 

methods used in image processing and computer 

vision to amplify input. To produce enhanced 

EEG data, Krell and Su et al. recommended the 

usage of rotational deformation, that is similar to 

affine or rotational deformations of pictures. [9]. 

Lotte offered 3 techniques for producing 

synthetic EEG trials based on practical 

combinations and deformations of real 

experiences [10]. In contrast to geometric 

alterations, Wang et al. created advanced 

functions by adding Gaussian noise with extreme 

standard deviations to the true EEG features and 

confirming the impact with several deep learning 

models [11]. Examples of data augmentation 

strategies consist of sliding window, Fourier 

transform, sampling, and recombination of 

segmentations [8]. All of the above-

mentioned strategies suggested that the data 

shortage hassle was relieved, and the classifiers' 
performance enhanced [12]. 

Lately, GANs (Generative Adversarial Networks) 
have found out their capacity in producing EEG 
indicators that imitate actual indicators applied 
in emotion popularity objectives [12], [13], [14] 
and a extensive sort of applications [15], [16],  

 

 

 

 

 

 Figure 1: Overall Framework of the Proposed Model 
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 [17], [18], [19]. A probabilistic model of the 

WGAN (Wasserstein Generative Adversarial 

Network) was utilized to amplify EEG data for 

emotion prevalence in humans 

[13].They attempted exclusive quantities of the 

augmented facts, and that they discovered that 

doubling the facts brought about the very 

best overall performance increment in 

comparison to different facts quantities. A 

Support Vector Machine classifier skilled on a 

modified dataset stepped forward the overall 

performance by 2.97%  on the SEED dataset. Luo 

et al. suggested using a Conditional Boundary 

Equilibrium GAN (cBEGAN) to construct synthetic 

variable entropy capabilities from unique EEG 

data, pupil movement data, and their 

multimodal emotion recognition. The important 

benefit of this method is that the suggested 

Generative Adversarial Networks 

has properly balanced and very rapid rate of 

concurrency [14]. Luo et al. 

suggested 3 techniques for modifying EEG 

education facts to beautify the overall 

performance of 

emotion popularity models, which includes a 

selective variational autoencoder, Conditional 

Wasserstein GAN, and Selective WGAN [13]. 

Support Vector Machines and Deep Neural 

Networks were trained on special and enhanced 

educational samples. The test data showed that 

the accuracy of the enriched education samples 
outperformed that of the EEG-based fully 

emotion popularity model. 

Despite several initiatives, the study on statistics-

augmented emotion popularity is far from 

conclusive. For instance, even while a person can 

easily tell whether or not pictures in an enhanced 

dataset, such as one with dog pictures or other 

pictures, continue to match with the original 

class, the same is false with modified signals. 

More research should be done on how to grade 

the best and different enhanced samples and 

combine the best and different boosted samples. 

 3. PROPOSED METHOD 

 3.1 Overall Framework 

In this study, we present a GAN architecture for 

emotion recognition using 

electroencephalogram (EEG) data. The 

suggested architecture [Figure 1] will consist of 

three phases, the data preprocessing phase, the 

data augmentation phase, and the classification 

phase. First the features need to be selected and 

extracted. Feature extraction helps to reduce the 

dimensions of the recorded EEG data. After this, 

in order to solve the problem of data scarcity, 

data augmentation is employed to produce 

additional data from the existing EEG data. which 

significantly reduces overfitting. Finally, a 

classifier is used in order to classify the emotions 

based on the augmented data. 

3.1 Data Preprocessing 

The recorded EEG data is vast and not organized. 

Thus, the relevant features need to be extracted 

from the DEAP dataset in order to reduce the 

dimension of the data. Feature extraction is used 

to reduce the amount of redundant data as well 

as the resources needed for processing of the 

data. The various frequency bands present are 

Theta, Alpha, Beta and Gamma. The features 

that are extracted include PSD, average, Variance 

and ZCR. The features from the DEAP dataset are 

extracted with the help of the various Python 

libraries. After feature extraction, the data needs 

to be arranged in a particular fashion in order to 

be used as inputs to the classifier. The data is 

then encoded to be given as input to the other 

modules. This process has been pictorially 

described in Figure 2.  
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3.2 Data Augmentation 

Data augmentation is considered as a good 

solution in order to combat the issue of data 

scarcity. It refers to the generation of fresh 

samples from the original data by the application 

of transformations. In the fields of computer 

vision and image processing, there are two 

methods to augment data: geometric additions 

transformation and noise additions. Both these 

methods are not preferred in the case of EEG 

signals as the EEG signals are nonstationary and 

it changes over time. Thus, addition of noise is  

 

not used as the noise may change the features of 

the EEG signal and geometric transformations 

are discouraged as the signals change over time. 

Thus, this paper focuses on using GANs as an 
augmentation method in order to mimic real 

signals utilized in emotion recognition tasks. 

3.3 GAN 

Typically, just a few hundred to a few thousand 

samples are included in EEG signals. This leads to 

a beginning sample-to-feature ratio that is 

extremely low. This lack of data reduces the 

accuracy of the models in order to predict 

emotional states. Deep learning models require 

a substantial amount of training data in order to 

have a good accuracy and since the amount of 

data is less, it leads to overfitting. 

GAN may be used to collect more data in order 

to enhance the accuracy of the classifier and 

prevent overfitting.  

The proposed GAN [Figure 3] includes two 

distinct models: the generator, which is trained 

to produce new instances from genuine EEG 

signals. The generator takes in random noise as 

input and produces high quality data to produce 

new samples.  

The other sub-model is the discriminator. The 

discriminator is required to differentiate the real 

signals from the fake signals. The generator aims 

to fool the discriminator. Both sub-models are 

trained concurrently until a point where the 

discriminator is fooled by the generator, which 

means that the generator is producing real-like 

samples.  

The suggested GAN is a means of generating 
labelled data for further analysis. The produced 

data is then assessed for quality, and then the 

high-quality data is subsequently included in the 

training dataset. 

Principal Component Analysis is used to 

minimize the dimensionality of data for 

improved visualization by applying it to 

generated and actual features and then 

comparing the generated and real data present. 

 

3.4 Generator 

The generator is a basic convolutional neural 
network that takes in random noise as input and 

is used to produce data that is used to resemble 

the real EEG signals, in order to deceive the 

discriminator.  

3.5 Discriminator 

The discriminator is a basic convolutional neural 

network that takes in 2 inputs: the fake signal 

generated by the generator and the real EEG 

signal. It then tries to differentiate between the 

two input signals. If it can differentiate between 

the two, that means that the samples produced 

by the generator are not up-to the mark. If it is 

unable to detect a difference by providing 

samples that are very close to the genuine data, 

the generator manages to trick the discriminator. 

Figure 3: Flowchart of Data Preprocessing 

Figure 2: Architecture diagram of Generative 
Adversarial Network (GAN) 
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3.6 Classification 

For data classification, DNN (Deep Neural 

Network) is used. Increasing the amount of data 

available for training, increases the accuracy of 

the classification. The DNN classifier consists of 

neuron layers, which work with the help of a 

rectified linear unit (ReLU). It consists of 3 layers, 

the input layer, the hidden layer, and the output 

layer. The network design is straightforward and 

simple to deploy. As a result of utilizing data 

augmentation, DNN can increase accuracy of the 

DNN classifier as the amount of data increases as 

compared to traditional machine learning 

models such as SVM. 

4.EXPERIMENTAL RESULTS & 

DISCUSSION 

The DNN classifier gained better prediction 
accuracy after being fed additional data, by 

making use of data augmentation. As the amount 

of data is increased, the prediction accuracy of 

DNN is significantly improved. Significant 

volumes of EEG signals are generated and fed to 

the training dataset. In summary, the work of 

data augmentation, particularly with EEG data, is 

complex and requires careful consideration of 

several factors. To recognize emotions using 

EEG, the suggested technique eliminates a major 

roadblock: a lack of data. The suggested model 

aims to generate high-quality data by making use 

of supervised learning. By applying the suggested 

framework on the DEAP dataset, the model can 

use labels and thus synthesize high quality EEG 

signals and ultimately improve the classification 

performance. 

 
Figure 4: The loss function of GAN during training 

The above graph represents the loss function of 

the generator and discriminator during the 

training phase of the proposed GAN. This graph 

displays the course of the training process of the 

GAN. Initially, it can be observed that the 

generator loss is high and the discriminator loss 

is low. This indicates that the quality of data 

produced by the generator is not adequate to 

deceit the discriminator. The indicators for high 

quality data are minimal discriminator loss and 

significant generator loss is significant. As the 

number of epochs increase, it can be observed 

that the two losses coincide and then the graph 

becomes stable. Once this happens, the training 

phase of GAN is said to be completed. 

 
 

Figure 5: Graph showing the real and generated data 
distribution. 
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The above graph shows the similarities and 
differences between the distributions of the GAN-
generated data and the source data. If the plot of 
the two values are close enough to each other, it 
can be concluded that the data generated by the 
GAN is of high quality. This graph is obtained by 
using PCA. 

Augme
nted 
Data 
(Real 
data + 
Fake 
data) 

Nu
mb
er 
of 
Tes
t 
dat
a 

Arou
sal 
Accu
racy 
(%) 

Vale
nce 
Accu
racy 
(%) 

1152 + 
0 

128 68.8 68.6 

1152 + 
1152 

128 69.4 67 

1152 + 
5000 

128 76.7 72.6 

The above table depicts how data augmentation 
increased the accuracy of the DNN classifier. It 
can be observed that on doubling the amount of 
data available, the accuracy does not increase. 
This is due to the fact that the amount of data 
required by DNN models is significantly large. 
Thus, when a large amount of data is generated 
and added, the accuracy of the classifier 
significantly improved. 
 

 
METHOD 

ACCURACY (%) 

VALENC
E 

AROUS
AL 

GANSER[1] 49.36 55.12 

Gaussian 
Bayes [21] 

57.6 62.0 

WGANDA [20] 67.99 66.85 

Proposed 
Method 

72.6 76.7 

 

In the table above, the proposed method is 
contrasted with earlier research. 

7. CONCLUSION & FUTURE WORK 

In this paper, feature extraction and data 

generation problems are tackled. The problems 

that can occur are in the encoding phase. The 

labels used are 0 and 1, where a rating of 4.9 is 

labeled as 0 and the rating of 5.1 is labeled as 1. 

Despite them being so close to each other and 

almost having the same pattern, they are taken 

into account for two different prediction classes. 

This makes it easier for the model to get 

muddled, which in turn raises the frequency of 

incorrect predictions of the model. The encoding 

process needs to be rectified in order to enhance 

the classifier further.  
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