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 
Abstract: Today’s young generation is tormented by anxiety and 

stress. A past study shows that, anxiety and stress negatively 
impact mental and physical health, which ultimately ends up in 
loss of confidence, self-esteem, and negative performance. This 
work set guidelines for a replacement approach in neuroscience 
that only single-channel EEG data has sufficient information for 
emotion recognition. In this paper, the performance of system is 
evaluated using subject independent test on the SEED benchmark 
database using deep learning algorithm namely a bidirectional 
long short term memory (BiLSTM) classifier. The performance 
shows that results of single-channel FP1, the combined band 
(theta, alpha, beta, and gamma) are similar to 62 channels the best 
accuracy of the beta band. Result obtained for single channel 
(FP1) using differential entropy (DE) for all band is 74.91% as 
that of the highest accuracy of the beta band for 62 channels Yang 
Li, W. Zheng, 2019 74.85%. 

Keywords: Electroencephalography (EEG), Differential 
Entropy (DE), single channel, BiLSTM 

I. INTRODUCTION 

Emotion plays a major role within the day to day life. To 
figure with real potential, positive emotions are a 
requirement. Positive emotions like happiness, joy, love, 
pride, pleasure have an on the spot impact on work 
performance. Negative emotions impact decision-making 
ability focused approach and health. Negative emotions like 
fear, anger, terror, sadness, and disgust harm personal health, 
and cause family and professional challenges [1, 2]. This 
paper focuses on stress and anxiety detection supported 
emotion recognition by using single-channel (FP1). While 
engaged on this, two significant challenges are faced. The 
primary is to extract features from EEG signals, and also the 
second is to construct an accurate predictive model for 
emotion recognition. Generally, EEG features is extracted in 
time, frequency, and time-frequency domain.  
 
 
 
 
 
 
 
Manuscript received on February 10, 2020. 
Revised Manuscript received on February 20, 2020.  
Manuscript published on March 30, 2020.   
* Correspondence Author 

Vaishali M. Joshi*, Research scholar, Bharati Vidyapeeth (Deemed to 
be University) College of Engineering, Pune, Maharashtra, India 

Dr.R.B.Ghongade, Professor, Bharati Vidyapeeth (Deemed to be 
University) College of Engineering, Pune, Maharashtra, India 

 
      © The Authors. Published by Blue Eyes Intelligence Engineering and 
Sciences Publication (BEIESP). This is an open access article under the CC 
BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/) 
 

 

 
 

In the past few years, researchers are targeting investigating 
the precise frequency bands and channels for EEG-based 
emotion recognition using different features and 
classification methods. Wei-Long Zheng and Lu [3] 
described a band searching method to make a decision on a 
definite band for emotion detection, and their results showed 
that the gamma band is true for EEG-based emotion 
detection. 
 Tengfei Song [4] developed a multi-modal physiological 
emotion database, which collects four physiological signals, 
i.e., electroencephalogram, galvanic skin response, 
respiration, and electrocardiogram. He conducted tests using 
features viz FFT, PSD, and Hjorth parameters and classifiers 
viz support vector machine, k-Nearest Neighbor, and 
attention-long memory. Tengfei Song [5] proposed a 
multichannel EEG emotion recognition method enthusiastic 
to a dynamical graph convolutional neural network 
(DGCNN). Zheng [6] proposed (DBNs) deep belief networks 
construct EEG-based emotion, recognition models. Ruo-Nan 
Duan [7] used EEG features, namely differential entropy 
(DE), Differential asymmetry (DASM), and rational 
asymmetry (RASM) results were compared with the quality 
frequency-domain feature. Results prove that DE is more 
suited to emotion detection. Yang Li [8] introduced 
R2G-STNN, which consists of temporal and spatial neural 
network models with regional to global hierarchical feature 
learning process to imbibe discriminative spatial-temporal 
EEG features. He adapted BiLSTM network to seek out the 
spatial features. Hjorth parameters are widely used for the 
time-frequency analysis of nonstationary signals [9].  
Various researchers have proposed many EEG based emotion 
recognition methods within the past few years. However, 
major issues like extraction of sturdy features and its 
classification from the EEG signal always remained a 
challenge. To pander to this issue, deep learning processes 
have emerged within the machine learning community, which 
has created a high impact on signal and processing since 
2006. Many deep architecture [10, 11] models are projected, 
like convolution neural networks and deep belief networks. 
Deep learning architecture models achieved outstanding 
results as compared to shallow models.  
  

Emotion Detection with Single Channel EEG 
Signal using Deep Learning Algorithm 

Vaishali M. Joshi, Rajesh B.Ghongade 

https://www.openaccess.nl/en/open-publications
https://www.openaccess.nl/en/open-publications
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://crossmark.crossref.org/dialog/?doi=10.35940/ijrte.F9044.038620&domain=www.ijrte.org


 
Emotion Detection with Single Channel EEG Signal using Deep Learning Algorithm 

  

4789 

 

Published By: 
Blue Eyes Intelligence Engineering 
& Sciences Publication  

Retrieval Number: F9044038620/2020©BEIESP 
DOI: 10.35940/ijrte.F9044.038620 
Journal Website: www.ijrte.org 
 
 

 
Figure 1: Block Diagram of Proposed System

 
 

 

II. METHODOLOGY 

Figure 1 depicts the implemented process. It shows the 
operational flow of the system. There are mainly four phases, 
database collection, band selection, feature extraction, and 
emotion classification. 
 
2.1. Collection of the EEG signal database:  
There are some established EEG benchmark databases 
available for affective states investigation. During this work, 
the available SEED [3] database within the property right has 
been used. The SEED database consists of EEG data of 15 
(seven males, eight females) subjects. Three sorts of Chinese 
film with three emotions i.e., positive, negative, and neutral, 
were played within the test. Each film was about four 
minutes. Every style of emotion consists of 5 films, giving a 
complete of 15 films. The EEG signals were recorded using 
62 channels ESI NeuroSky electrode system, which was in 
line with 10-20 international systems with a frequency of 
1000 Hz, which was then downsampled to 200 HZ and 
0.5–70 Hz filtering was performed. Each subject had 
participated in three experiments, and about one week gap 
was kept in between the experiment. Therefore, there have 
been 675 (15* 15* 3) data samples formed. Figure 2 (a), (b), 
and (c) show the EEG signals of three emotions recorded 
using ESI NeuroSky SEED database.  
 

 
(a) 

 
(b) 

 
(c) 

Figure 2: EEG Signal of Positive, Negative and Neutral Emotion 
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2.2. Feature Extraction Methods: 

Extraction features a significant role in constructing an EEG 
based BCI system. In literature, different features are utilized, 
namely spectral flux, HOC, Hjorth parameters, spectral 
power, wavelet entropy, and coherence analysis differential 
entropy.  
In this paper, rather than using raw EEG signals to construct 
frames, different features are used. When the frequency of 
raw EEG signals is substantial, frame size becomes large, and 
thus memory requirement increases [12]. During this work, 
Hjorth parameters and differential entropy are wont to 
examine the performance of the EEG based emotion 
recognition BCI system. The features are extracted in each of 
the frequency bands i.e., theta, alpha, beta, and gamma. 
Figure 3 shows EEG signals in step with frequency bands, 
theta (4-8 Hz), alpha (8-13 Hz), beta (13-30 Hz) gamma 
(30-44 Hz).  
 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 3: EEG Signals of different bands 

2.2.1. Hjorth Parameters: 

Hjorth Parameters are used in signal processing in 
time-domain analysis. B. Hjorth describes these parameters in 
1970 [13].There are three types of parameters i.e., Activity, 
Mobility, and Complexity.  
These parameters are computed by using the following 
equation: 

1. Activity: 
 

                           
 
Where m (t) is the EEG signal. 
 
2. Mobility: 
 

          
   

     
  

         
        

III. COMPLEXITY: 

 

           
        

     
  

              
       

2.2.2. Differential entropy:  
 
Differential entropy is used to determine the complexity of a 
continuous random variable. For normal distribution N (µ, 
σ

2
), the differential entropy is defined as follows [7, 14], 

 
The differential entropy is calculated using, 

                       
 

 

 
If a random variable is distributed over a normal distribution, 
differential entropy is 
 

       
 

     

 

  

    
      

   
    

 

     
    

      

   
   

 

        
  

 
        

         

 
Where, y is a random variable, π and e are constants.  

    
2.3. Classification methods:  
 
In this paper, deep learning algorithm viz. BiLSTM is used as 
classifiers to examine the performance. 
 
Long-Short Term Memory (LSTM): 
 
Long-Short Term Memory Networks (LSTMs) [15] are a 
selected class of recurrent neural networks (RNN). It 
absolutely was invented by Hochreiter and Schmidhuber in 
1997. So as to beat the matter of long-term dependency in 
RNN, LSTM is introduced. Long sequences are difficult to be 
told from standard RNN and cause the matter of 
vanishing/exploding gradient. To resolve this, the RNN cell is 
replaced by a gated LSTMs cell. The proposed design is 
implemented using BiLSTM. Bi-LSTMs have two hidden 
layer, one in forward and other in backward direction.  
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The forward hidden layer train input sequences same as 
conventional unidirectional LSTM and backward hidden 
layer train input sequence in reverse order. The aim of 
employing a backward and forward hidden layer is to watch 
past and future data and learns its weights accordingly. Hence 
Bi-LSTM is ready to use past and future context of a given 
input sequence. Hence Bi-LSTM can use past and future 
context of a given input sequence [16].  

IV. IMPLEMENTATION DETAILS 

The parameters used for BiLSTM are:  
Layer: BiLSTM, Gradient Decay Factor: 0.9 Squared 
Gradient Decay Factor: 0.999, Initial Learn Rate: 1.0000e-03. 

V. RESULT & DISCUSSION 

To evaluate the proposed method, the subject independent 
experiment is carried out. The performance of the system is 
computed based on the following metrics. 
 

          
       

             
      

 

           
    

       
           

 

                   
  

       
       

 

                  
  

       
       

 

     
  

       
             

Where,  

TP stands for True Positive (Correctly identified P 
individuals), TN stands for True Negative (Correctly 
identified N individuals), FP stands for False Positives 
(Wrongs identified N individuals), and FN stands for False 
Negative (Wrong identified P individuals). 
 
 Subject Independent Emotion Recognition Experiment: 
 
In the subject-independent experiments, a “leave-one-out 
cross-validation strategy” is employed. During this strategy, 
the training and also the testing EEG data samples come from 
different subjects. Here circularly, EEG signals of every 
subject are used as testing data, and the EEG signals of the 
opposite subjects are used as the training data. The accuracies 
are then computed by averaging all the results. 
For EEG based emotion recognition method, the best average 
recognition accuracy is obtained when all (“all” represents the 

concatenation of 4 frequency bands) of EEG bands are used 
together. Figures 4 and 5 shows the common classification 
accuracy (%) of various frequency bands using DE, and 
Hjorth parameters, respectively. 
For the comparing performance, we've included the results of 
DGCNN [5], BiDANN [17], and R2O-STNN [8] in Figure 
10, using 62 channels. Figure 6 and Figure 7 show precision 
and sensitivity for the various bands employing a single 
channel. 
From Figure 8 and Figure 9, it's observed that: 
When all the features for the single-channel are extracted 
together it may be clearly seen that the accuracy of 
single-channel is appreciate a multichannel EEG system for 
the beta band, which has the best accuracy of (74.85%). 
Mainly, for DE feature, when the four frequency bands are 
concatenated, the best recognition accuracy (74.91%) is 
obtained.  
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Figure 4: The average accuracies of EEG based emotion recognition using DE 

 
 

 
Figure 5: The average accuracies of EEG based emotion recognition using Hjorth parameters
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Figure 5: Precision using BiLSTM for different band 

 

 
  Figure 6:  TPR (Recall or sensitivity) using BiLSTM for different band 

 

 
           Figure 7: The mean accuracies of EEG based emotion recognition 

using single (FP1) channel 

 

 

Figure 8: The mean accuracies of EEG based emotion recognition using 
62     channels 

VI. CONCLUSION AND DISCUSSION 

In this paper, the result obtained here using differential 
entropy for one channel is sort of kind of like that of 
multichannel devices for single band. Psychiatric and 
neurosurgeons may get quicker access and analysis of mental 
state within the simplest and far quicker way. Therefore, the 
proposed method is additionally to be incorporated as a 
patient-facing point of care technology with modification.  
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