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Abstract— The need for computer programs that can identify 

a user's present emotional state is increasing all the time. 

Research on identifying emotion from the face and voice has 

previously been done in an attempt to mimic human 

communication. Humans can discern emotions with 70-98 

percent accuracy from these signals, and computers are already 

fairly good at classifying facial expressions (80-90 percent). These 

programs train the brain's response by using information about 

the test subject's mental or emotional state. Computational 

models called neural networks are modeled after the structure 

and operation of the human brain. They have artificial neurons 

that are interconnected, arranged in layers, and are able to learn 

and make decisions depending on input data. For this study, one 

male and one female volunteer were chosen. Our findings suggest 

that brain EEG waves can be used to detect emotions. Cortical 

activity is reconstructed with high resolution and spatiotemporal 

precision using the new multi-mode EEG/MRI integrated 

approach. A new application of BCI proposed in this research is 

the prediction of emotion based on a person's gender using EEG 

analysis using Modified Gated Recurrent Unit (M-GRU). The 

accuracy of emotion recognition based on gender classification 

difficulties was 95.312 percent.   

Keywords— MRI, EEG, RNN, Brain-computer interaction, M-

GRU, LSTM 

I. INTRODUCTION  

The brain generates brain waves while transmitting 
messages. Brain wave data is a type of biological signal often 
associated with emotion. [1] Emotion features can be extracted 
from brain wave transmissions through analysis. However, 
human emotion complexity arises from environmental 
background and cultural diversity. Therefore, the classification 
method is crucial in brain wave emotion analysis. 

Recent breakthroughs in natural language processing, 
image classification, video tracking, and speech sequence 
modelling have shown great success for deep learning models 
like Convolutional Neural Networks (CNN), Recurrent Neural 
Networks (RNN), and Long Short-Term Memory (LSTM) 

networks. These models are excellent in learning complex 
feature representations without the need for significant feature 
engineering, as they inherently possess end-to-end self-learning 
capabilities. 

Currently, CNN, RNN, and LSTM are currently being 
investigated to describe EEG signals, with research still in its 
infancy. Classifying forms of emotion remains the biggest 
challenge when trying to analyse the brain waves relating to 
emotions. However, since Brain Potter is one-of-a-kind and 
unique, he cannot differentiate between the 22 different 
varieties of emotions amongst humans. 

Brain Wave Emotion categorization can classify emotion 
types into six fundamental emotions: happiness, anger, fear, 
surprise, sadness, and disgust. [26] Psychologists provide the 
following insights on basic emotions: 

Fear: A natural response of a species or individual in a life-
threatening situation. Its symptoms include an irregular heart 
rate, high blood pressure, and night sweats; Anger: Emotional 
irritation stemming from feelings of being violated, abused, or 
treated unfairly; Sadness: Generally a bad mood that stems 
from psychological failure; Happiness: A pleasurable 
psychological condition which is experienced by the emotions 
of happiness, glory, and expectations; Surprise: Short stopping 
of actions as a consequence of stimulation from the living 
environment; Disgust: Response as a consequence of exposure 
to unwelcome feelings within the surrounding. 

 

Fig. 1. Example of a figure caption. 
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II. LITERATURE SURVEY 

EEG signals are a non-invasive means of obtaining 
emotions from disabled individuals using EEG headsets. [3] 
We propose deep learning methods to analyse EEG signals and 
classify emotions simultaneously. This is in contrast to the 
traditional methods applied directly to raw signals without 
explicit feature extraction. Because EEG signals are subject-
dependent, training emotion models subject-wise proves to be 
effective even with limited data per subject.[27] Automatic 
speaker gender identification has various applications. Gender-
dependent models are superior to gender-independent models 
in speech recognition. AGR aims to find a person's gender from 
voice or audio information. AGR findings can be applied in 
several applications, including creating gender-specific speech 
models, reducing research for speaker/voice recognition, and 
analysing human-computer interaction and social 
behaviour.Neural networks formed the basis for early computer 
vision gender recognition systems. [4] Golomb et al. used 
facial images to create SEXNET, a fully connected network 
with two layers for gender recognition. Pronobis et al. [5] 
studied fundamental frequency (F0) and cepstral features of 
speech. They used the BANACA corpus dataset for their 
experiments. Jian-Gang et al. [6] proposed score-level fusion 
with Adaboost for speaker gender identification. They showed 
that their approach was better than using only voice data. Yi-jie 
Zhao et al. [7] presented gender recognition using over 80% 
accuracy with a method based on colour information. Mehmet 
et al. [8] analysed perceptual audio features in emotion 
recognition. They proposed acoustic features to draw emotional 
information from audio. Carlos et al. [9] analyzed the visually 
salient aspect of the fundamental frequency in terms of 
emotionally recognizing the individual. David Philippou-
hubner et al. [10] studied the effect of speaking rate in emotion 
recognition from speech signals, as speaking rate is easily 
perceived and an important prosodic feature of speech. Et al. 
[11] focused on two-way categorization. They studied pitch, 
MFCCs, and formants, showing that features from agitated 
emotions share similarities. Dipti D. Joshi et al. [12] discussed 
some feature extraction and classification techniques; they 
summarized some of the latest research in speech emotion 
recognition. Electrodes recorded EEG signals. [14] EEG 
channels and two reference channels allowed for high spatial 
resolution. The data was obtained from a male and a female 
participant. The films were used to stimulate their brains to 
give the brain signals. [15] Results were discussed based on the 
objective of the experiment. Participants were shown various 
films (sad, happy, normal, horror, etc.) at different times. 
Signals were then collected using the electrodes. Analysis 
revealed that female vocal cords are generally thinner and 
shorter than males. Also, a woman's voice often has a higher 
fundamental frequency. Therefore, fundamental frequency is a 
suitable feature for gender identification. Pitch, energy, and 
speaking rate are crucial features to extract from audio for 
emotion identification. One can quickly determine a person's 
emotion by observing their voice's pitch, speaking rate, and 
energy. For example, speech during fear, anger, or excitement 
increases in speed, volume, clarity, and frequency variation. 

III. PROPOSED METHODOLOGY 

For this research, we used a Kaggle dataset called 
emotions.csv. [2] For this dataset, information is gathered from 
two individuals (a man and a female) for a total of three 
minutes for each mood (positive, neutral, and negative). The 
TP9, AF7, AF8, and TP10 EEG placements were then recorded 
using a muse EEG headband, which utilized dry electrodes. 
The purpose here is to determine the impact of emotion on 
brain waves.To build a M-GRU for gender-based emotion 
classification, we have proposed this structure: 

 Input Layer: It receives the features related to emotion 
classification. These features is including text data, 
facial expression data, voice recordings, or any other 
relevant information. 

 Preprocessing: This layer is performing necessary 
preprocessing steps on the input data that are 
tokenization, normalization, and feature extraction. This 
step will depend on the specific data types and 
characteristics. 

 Hidden Layers: Between the input and yield layers, 
include one or more covered up layers. Depending on 
how difficult the issue is, the number of covered up 
layers and the number of neurons in each layer are 
altered. 

 Activation Functions: Apply activation functions to the 
outputs of neurons in the hidden layers to introduce 
non-linearity. ELU (Exponential Linear Unit) is a 
variant of ReLU that handles negative inputs more 
gracefully so we have used these as a activation 
function. It smoothly maps negative inputs to negative 
values instead of zero. For positive inputs, it acts like 
ReLU.  

   ( )                      ( )
         (   ( )     )           

Where, alpha is considered as a small +ve constant. 
ELU can alleviate the dying ReLU problem and has 
been shown to improve learning performance in some 
cases. 

 Output Layer: In gender-based emotion classification, 
the output layer would typically have two neurons, 
representing male and female emotions. In the context 
of gender-based classification, where the goal is to 
predict the gender (male or female) based on input 
features, the softmax activation function can be applied 
to the output layer of the neural network. 

 Connections and Weights: Neurons in each layer are 
associated to neurons within the ensuing layer. Each 
association has an related weight, which is balanced 
amid preparing to optimize the network's execution. 

 Training and Optimization: Prepare the neural arrange 
utilizing labelled information, where the input 
highlights are related with the comparing gender-based 
feeling names. Utilize optimization calculations such as 
stochastic slope plunge (SGD) or Adam to upgrade the 
network's weights and predispositions. 
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 Evaluation: Assess the prepared demonstrate employing 
a isolated approval or test dataset to evaluate its 
execution. Common assessment measurements 
incorporate precision, accuracy, review, and F1 score. 

The dataset employed in this approach would be used to 
accurately detect emotion. We'll see if this holds true as the 
project progresses. Feelings are state of intellect activated by 
neurophysiologic changes and are connected to considerations, 
sensations, behavioral reactions and a level of delight or 
disappointment. There's no logical understanding on a 
definition at this time. Temperament, disposition, identity, and 
innovativeness are all related with feelings.[16] A gated 
repetitive unit may be a sort of repetitive neural network that 
employments associations between hubs to achieve machine-
learning errands such as memory and clustering in discourse 
acknowledgment, for example.Now, we've got a dataset of two 
people, A and B, who each had varied brain EEG signals at 
different times while watching films of different emotion 
genres and emotions. We then plotted them in different graphs 
and compared them using matplotlib [17]. After that, we 
trained 70% of the data and tested the remaining 30%. The data 
was then represented as a GRU (Gated Recurrent Unit), which 
remembers the pattern of emotions over time. This aids in 
improving the prediction's accuracy. Finally, we plotted a 
resulting graph using a confusion matrix, and the accuracy was 
95.312 percent [18]. M-GRU works by storing simultaneous 
past feelings in nodes, which minimizes the complexity of 
human emotions. This improves the accuracy from 52.12 
percent to 95.312 percent. Thus, the basic emotions of human 
(fear, anger, happiness, sad, disgust, surprise) can be easily 
classified from our model.[25] 

 

Fig. 2. Scan of Cerebrum. 

IV. RESULT AND ANALYSIS 

A. Algorithm: 

 STEP 1: Import, Numpy, Pandas, Matplotlib, Seaborn, 
Tensorflow, Keras and Scikitlearn. 

 STEP 2: Read the dataset for the project using pandas 
and print it. 

 STEP 3: From dataset consider signals for person A 
from timestab 0 to timestab 749 of any serial number 
(fft_0_a-fft_749_a). Plot this in a graph where x axis is 
range of the length of sample and y axis is sample. 

 STEP 4: Repeat the STEP 3 for timestab “fft_0_b-
fft_749_b”. 

 STEP 5: Replace the label column for preprocessing the 
dataframe. Using train_test_split, train 70% of the 
dataframe and skip 30% for testing. 

 STEP 6: Use [19] GRU (Gated Recurrent Unit) for 
modelling the dataframe. The layers, GRU and Flatten 
models for the output layers. 

 STEP 7: Convert the dataframe into accuracy metrics 
then train the model upto 50 epochs. 

 STEP 8: Evaluate the test accuracy upto 3 significant 
places. 

 STEP 9: Use the model to print confusion metrics for 
        and      . Finally print the classification 

report.[22] 

 

Fig. 3. Flow Chart 

The equations for a M-GRU unit can be summarized as 

follows: 
The sigmoid activation function maps the input values to the 
range of [0, 1]. It has an S-shaped curve and is given by the 
formula, 

        ( )        (       (  )) 

            ( )              (    [       ]) 

          ( )             (    [       ]) 

                       (  )     
      (    [           ]) 

             ( )      (     )                   

In these equations, x represents the input at the current time 
step,       is the previous hidden state, and          denotes 

the concatenation of the input and the previous hidden 
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state,     and   are learnable weight matrices associated 
with the input, reset gate, and candidate-hidden state, 
respectively. 

B. Output: 

Given an input vector            , where b₁ and b₂ represent 

the logits or outputs of the network for male and female 

genders respectively, the softmax activation function produces 

a probability distribution: 

       ( )       (    (  ))

 (
(   (  )     (  ))    (  )

((   (  )     (  ))]
  

The softmax work exponentiates the logits and normalizes 
them by partitioning each exponentiated esteem by the entirety 
of all exponentiated values. This guarantees that the coming 
about values lie between and 1 and whole up to 1, speaking to a 
substantial likelihood dispersion. 

The output of the softmax function can be interpreted as the 
predicted probabilities of the classes. 

 Plotting of EEG Graph: Data was collected from two 
people where muse EEG headband was used to record 
brain signals via dry electrodes. We plotted it using 
matplotlib to get the required EEG signal for male (Fig. 
4) and for female (Fig. 5). 

 

Fig. 4. EEG of male participant 

 

Fig. 5. EEG of female participant 

 Training the Dataset: We have trained 70% of the data 
and kept 30% for testing. 

 

Fig. 6. Neutral, Negative and positive values 

 

Fig. 7. Testing Result of Dataset 

 Modelling of the Dataset: GRU has two gates, that are 
reset and update, while LSTM has three gates: input, 
output and forget. In order to consider human emotions, 
we used M-GRU because it is required to remember the 
previous emotions for an accurate prediction. Thus in 
modelling we used M-GRU instead of any other layer. 

 Accuracy Matrix and Epoch: We have made 50 epochs 
for our dataset. Due to these 50 numbers of passes and 
the M-GRU modelling, the accuracy of the prediction 
increases to 95.312%. Results as depicted from figure 4-
10. 

 Confusion Matrix: The figure 11 plots the false positive 
to the true negative for the dataset. The four phases are: 
false positive, false negative, true positive, true negative 

 

Fig. 8. Modelling of the dataset 

 

Fig. 9. Testing Accuracy Score 

 

Fig. 10. Testing Accuracy Result 
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Fig. 11. Confusion Matrix and Classification Report 

V. CONCLUSION AND FUTURE SCOPE 

Emotion recognition is important to enhance human 
computer interaction. [23] EEG is non-invasive because the 
signals are extracted from the scalp. Electrode placement is a 
source of noise. [24] Object recognition and removal is a major 
challenge for engineers. The proposed method is suitable for 
EEG signals with high variability, thus enabling accurate 
recording of emotions and identification of feature vectors. 
This approach identifies short-duration EEG signals and 
pinpoints human emotions effectively. We tried the first 
models with Dense and Flatten layers and achieved an accuracy 
of 57%. Next, we applied M-GRU, which controls the data 
flow through the gates and a hidden state. M-GRU overcomes 
the RNN problems by having two gates: update and reset gates. 
LSTM contains three gates: input, forget, and output. [20] [21] 
GRU does not have an output gate and combines input and 
forget gates into a single update gate. GRU shares a lot of its 
features with LSTM. It regulates the memorization process 
through a gating mechanism. Utilizing this approach, we 
obtained 95.312% accuracy. Our approach correctly evaluates 
individual emotional variations to predict personality traits. We 
can classify correctly into two classes of each of the personality 
trait dimension based solely upon brainwave dynamics. The 
above analysis is indicative of emotional accuracy differences 
as a function of gender and males outperform females in this 
activity. 

Women sometimes express two different emotions 
similarly, reacting the same way in different situations. For 
instance, they may shout loudly in both happy and sad moods. 
Males, on the other hand, usually react differently, expressing 
emotions uniquely. This makes it easier to identify a man's 
emotions.[13] Future research could combine recordings of a 
user's brain processes in response to emotional stimuli with 
their social media digital footprints to infer personality. This 
method can be applied to AI-curated devices such as Alexa and 
Google Home. Our framework has led to a high-performance 
system for personality inference by analyzing the brainwaves 
of an individual in response to emotional film clips 

REFERENCES 

[1] Macaš, Martin, et al. "Classification of the emotional states based on the 
EEG signal processing." 2009 9th International Conference on 
Information Technology and Applications in Biomedicine.IEEE, 2009 

[2] Mehmood, Raja Majid, and Hyo Jong Lee. "Emotion classification of 
EEG brain signal using SVM and KNN." 2015 IEEE international 
conference on multimedia & expo workshops (ICMEW).IEEE, 2015. 

[3] Pusarla, N., Singh, A. & Tripathi, S. Decoding emotional patterns using 
NIG modeling of EEG signals in the CEEMDAN domain. Int. j. inf. 
tecnol. (2024). 

[4] Golomb B., Lawrence D., Sejnowski T.: Sexnet: a neural network 
identifies sex from human faces. In: Advances in Neural Infor- mation 
Processing Systems, pp. 572–577. Morgan Kaufmann, San Mateo (1991) 

[5] Marianna Pronobis, Mathew Magimai.-Doss., “Analysis of F0 and 
cepstral features for robust automatic gender recognition.” 

[6] Masatsugu Ichino, Naohisa Komatsu, Wang Jian-gang,and Yau Wei 
Yun., “ Speaker Gender Recognition Using Score Level Fusion By 
AdaBoost,” ,11th Int. Conf. Control, Automation, Robotics And Vision 
Singapore., 2010, pp.648-653. 

[7] Guo Shiang Lin, Yi Jie Zhao., “A Feature Based Gender Recognition 
Method Based On Color Information,” First International Conference 
On Robot, Vision And Signal Processing, 2011, pp. 40- 43. 

[8] Yamin, Mohammad. "IT applications in healthcare management: a 
survey." International Journal of Information Technology 10, no. 4 
(2018): 503-509. 

[9] David Philippou-H¨ubner, Bogdan Vlasenko, Ronald B¨ock, Andreas 
Wendemuth,” The Performance of the Speaking Rate Parameter in 
Emotion Recognition from Speech”, IEEE International Conference on 
Multimedia and Expo Workshops, pp. 296-301, 2012. 

[10] Chaudhary, Atish, and Vandana Bhattacharjee. "An efficient method for 
brain tumor detection and categorization using MRI images by K-means 
clustering & DWT." International Journal of Information Technology 12 
(2020): 141-148. 

[11] Verma, Kamal Kant, Brij Mohan Singh, and Amit Dixit. "A review of 
supervised and unsupervised machine learning techniques for suspicious 
behavior recognition in intelligent surveillance system." International 
Journal of Information Technology (2019): 1-14. 

[12] Siuly, Siuly, Yan Li, and Yanchun Zhang. "EEG signal analysis and 
classification." IEEE Trans Neural SystRehabilitEng 11 (2016): 141-4. 

[13] Krishna, N. Murali, Kaushik Sekaran, AnnepuVenkata Naga Vamsi, GS 
Pradeep Ghantasala, P. Chandana, SeifedineKadry, Tomas Blažauskas, 
and RobertasDamaševičius. "An efficient mixture model approach in 
brain-machine interface systems for extracting the psychological status 
of mentally impaired persons using EEG signals." IEEE Access 7 
(2019): 77905-77914. 

[14] Krishna, Anala Hari, AravapalliBhavya Sri, KurakulaYuvaVenkata Sai 
Priyanka, SachinTaran, and Varun Bajaj. "Emotion classification using 
EEG signals based on tunable-Q wavelet transform." IET Science, 
Measurement & Technology 13, no. 3 (2019): 375-380. 

[15] Kalaiselvi, T., S. T. Padmapriya, P. Sriramakrishnan, and 
Karuppanagounder Somasundaram. "Deriving tumor detection models 
using convolutional neural networks from MRI of human brain scans." 
International Journal of Information Technology 12 (2020): 403-408. 

[16] Zhao, Guozhen, Yan Ge, BiyingShen, Xingjie Wei, and Hao Wang. 
"Emotion analysis for personality inference from EEG signals." IEEE 
transactions on affective computing 9, no. 3 (2017): 362-371. 

[17] Roy, Sukanya, et al. "Predictive Analysis & Classification of Diseases in 
Organs using Modified-C Clustering Technique." 2020 7th International 
Conference on Computing for Sustainable Global Development 
(INDIACom).IEEE, 2020. 

[18] Roy, Sukanya, et al. "Identification of medical disorders in eye and 
biometric authentication analysis with iris retina scan using machine 
learning." Biotechnology and Biological Sciences.CRC Press, 2019.29-
33. 

[19] Alarcao, Soraia M., and Manuel J. Fonseca. "Emotions recognition using 
EEG signals: A survey." IEEE Transactions on Affective Computing 
10.3 (2017): 374-393. 

[20] Siuly, Siuly, Yan Li, and Yanchun Zhang. "EEG signal analysis and 
classification." IEEE Trans Neural SystRehabilitEng 11 (2016): 141-4. 

[21] Zhao, Guozhen, et al. "Emotion analysis for personality inference from 
EEG signals." IEEE transactions on affective computing 9.3 (2017): 
362-371. 

[22] Roy, Sukanya, SoumyaBhattacharjee, Bijoy Kumar Mandal, and 
MrigankaSaha. "A Comparative Study on Different Techniques for 
Classification of Brain Waves From EEG Signals." American Journal of 
Science & Engineering 2, no. 4 (2022): 1-7. 

[23] Roy, Sukanya, et al. "Brain Anomaly Prediction Using Modified 
Clustering (MC)." 2019 6th International Conference on Computing for 
Sustainable Global Development (INDIACom). IEEE, 2019. 

[24] Roy, Sukanya, et al. "Tumor detection using spatial hybrid clustering 
(SHCM) from brain MRI scans." Contemporary Medical Biotechnology 
Research for Human Health. Academic Press, 2022. 149-159. 

[25] Roy, Sukanya, Bijoy Kumar Mandal, Koustov Khamaru, and Arghya 
Bhattacharya. "Prediction and Classification of Brain Tumor using 
Modified Transfer Learning." In 2024 11th International Conference on 
Computing for Sustainable Global Development (INDIACom), pp. 850-
854. IEEE, 2024. 

Proceedings of the 2025 12th International Conference on Computing for Sustainable Global Development (INDIACom) 
Bharati Vidyapeeth's Institute of Computer Applications and Management (BVICAM), New Delhi (INDIA) 

Copyright © INDIACom-2025; ISSN 0973-7529; ISBN 978-93-80544-58-8 245



[26] Roy, Sukanya, Nilesh Dutta, Siddhartha Ghosh, Samapti Kundu, and 
Tama Rani Saha. "Brain tissue segmentation using modified fuzzy C-
means clustering." In Contemporary Medical Biotechnology Research 
for Human Health, pp. 141-149. Academic Press, 2022. 

[27] Mahajan, Madhavi, Sonali Kadam, Vinaya Kulkarni, Jotiram Gujar, 
Sanah Naik, Suruchi Bibikar, Ankita Ochani, and Sakshi Pratap. "ECG 
signal classification via ensemble learning: addressing intra and inter-
patient variations." International Journal of Information Technology 16, 
no. 8 (2024): 4931-4939. 

 

Proceedings of the 2025 12th International Conference on Computing for Sustainable Global Development (INDIACom) 
Bharati Vidyapeeth's Institute of Computer Applications and Management (BVICAM), New Delhi (INDIA) 

Copyright © INDIACom-2025; ISSN 0973-7529; ISBN 978-93-80544-58-8 246




