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Abstract. A number of EEG frequency bands are studied in this work to classify-

specific-based emotions using DEAP (Dataset for Emotion Analysis using 

Physiological Signals). The need for more precise and scalable solutions to 

recognize human emotional states is increasing, especially when it comes to 

understanding the mental state of those individuals that cannot effectively 

communicate their emotions (e.g., as, one with disabilities or cognitive 

impairment). EEG signals are excellent non-invasive signal media to record 

different brain wave patterns that are linked with different emotions. Specific 

cognitive states and affective states are linked with discrimination of such 

frequency bands, which means the success in detection of these bands is crucial 

for interpretation of neural correlates of said emotions. The goal of our work is 

to advance emotion recognition for real life applications and mental health 

monitoring. State-of-the-art machine learning algorithms such as the bi-LSTM 

are applied to EEG based emotion classification [5]. We incorporate the forward 

and backward dependencies of signals in order to increase recognition accuracy 

using Bi-LSTM, from which we obtained an accuracy rate of 85%. 

Keywords: EEG, DEAP, Brainwave patterns, bi-LSTM, frequency bands. 

1 INTRODUCTION 

Emotions are a critical hallmark of human cognition, affecting decision-making, 

action and health. The ability to identify emotions is especially important in 

situations where it may be difficult, due to various reasons (people with disabilities 

or cognitive impairment), for individuals to express what they are experiencing. 

Facial emotion recognition can be an important source of information for 

understanding emotional states in individuals. 

EEG based upon its ability to record the electric activity of brain regions in real-     

time has become one of the most powerful techniques for exploring neural origins 

behind emotions. EEG contains different frequency bands - delta, theta, alpha, beta and 
  

© The Author(s) 2026
P. Johri et al. (eds.), Proceedings of the International Conference on Sustainable Computing and Artificial
Intelligence (ICSCAI 2025), Advances in Engineering Research 298,
https://doi.org/10.2991/978-94-6239-674-6_24

mailto:sonukumarjha1990@gmail.com
mailto:pragya.gupta7012@gmail.com
mailto:harshachauhan3104@gmail.com
https://doi.org/10.2991/978-94-6239-674-6_24
http://crossmark.crossref.org/dialog/?doi=10.2991/978-94-6239-674-6_24&domain=pdf


               

274             S. K. Jha et al.

gamma. The former also seem to correlate with certain cognitive and affective states.
For example, Delta waves - deep sleep, unconsciousness and healing process, Theta
waves - relaxation, drowsiness, meditation and light sleep state, Alpha waves - relaxed
but not sleepy condition, Beta waves are related to active and busy thinking, learning/-
thinking skills, intensity, motivation or excitement/mental stress or anxiety; and
Gamma waves are associated with complex motor behavior and high-level conscious-
ness. An EEG was used to follow brain electrical activity with electrodes. A standard
steady-state positioning of EEG electrodes on the head for reliable and repeatable re-
cords. This system is fundamentally a 10-20 international system which relates the
positions of electrodes to be located at either 10% or 20% of their distance in between
two specific anatomical landmarks (.4 Nasion and Inion) on head as shown in Fig. 1. In
our brain, the different regions like Frontal(F), Central(C), Temporal(T), Parietal(P)
are as in Fig. 2. The number of electrodes employed ranges from 16, through 32 and to
64. Every electrode is associated with a number, odd numbers are located on the left
side of the head (e.g., F3, P1), even numbers are placed to the right side of the head
(e.g., F4, P2) and electrodes along midline are labeled with a Z (e.g., Oz, Pz).

                 

Fig. 1. EEG Electrode Placement 10-20 Interval

Spin has social, conversational and business applications: there is a certain pleasure in
seeing how we could build up an idealized version of ourselves – say vastly more cha-
rismatic or amusing than we actually are. We are going to use Russell’s Valence-Arous-
al Scale model to create how we will approach analyzing our emotion as it is a good
well accepted tool for the categorization of emotions which has valence and arousal.
Valence illustrates whether a model is positive or negative and Arousal demonstrates
the strength of an emotion. Valence-Arousal representation by the mapping from emo-
tions to valence and arousal, we are able to interpret EEG patterns relating to emotional
states more precisely such as excitement (high arousal and positive valence) and sad-
ness (low arousal, negative valence). In our research we use machine learning work-
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flow but consider the knowledge extraction on the DEAP dataset which is a well-known
data collection that provides both, the EEG data and peripheral physiological signals
like labels. Six different emotions are recognized based on model such as positive, neut-
ral and negatives along with surprise, angry and fear. The process flow of our paper
involves data collection, preprocessing feature extraction, emotion classification using
valence-arousal model, validation and accuracy. In  this work, we use Rus- sell’s
Valence-Aro ble system
for high accu in the con-
text of brain ion- aware
technologies

                   

usal Scale and the rich EEG data set from DEAP to build a scala
racy emotion detection. This system has potential to be applied 

 computer interfaces (BCI), mental health monitoring and emot
.

Fig. 2. Brain Regions

Background: To the best of our knowledge, we compare traditional machine learning
algorithms (SVM, MLP and KNN) with the Bi-LSTM model for EEG-based emotion
recognition over more than ever before. Through using frequency band-specific fea-
tures analysis and taking advantage of the temporal model ability of Bi-LSTM, we
hope to overcome the down-sides from previous methods and improve both accuracy
and reliability in the emotion classification system.

2 LITERATURE SURVEY

In a recent paper [1], the ATDD-LSTM model has been proposed to allow recognition
of EEG based on extracted features and outperform hand design feature-based method.
The deep learning model combines an Attention based LSTM to catch spatial features
as well as prioritize EEG channels related to emotions. In [2], the authors introduced
an optimized deep CNN for emotion classification, based on a hybrid hunt optimization
algorithm. The method modifies CNN hyper-parameters and picks the informative EEG
electrodes, that depends on brain activity for better model accuracy. This optimized
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model not only obtained high accuracy of 96.60% and 95.80% on two datasets, but also
a good robustness under the extraordinary circumstance. This paper demonstrates the
effectiveness of hybrid optimization in the context of enhancing emotion detection by
means of deep learning. If we talk about various frequency ranges and their specific
features, they matter. Several investigations suggest that Delta is typically associated
with slow-wave sleep and are also implicated in emotion regulation and cognitive func-
tion while awake. Study by Knyazev [3] showed that delta activity is related to motiva-
tion and emotional arousal. It has been correlated that the high delta wave is related to
emotional states including sadness and calmness 3,4,5.

With respect to decision -making and self-regulation, delta wave activity has been
shown to be influenced by them, emphasizing their role in emotional processing. When
it comes to the theta frequency band, they are best recognized for their role in memory
and learning. Research by Klimesch [4] showed that the theta activity grows who’s the
emotional regulation and the cognitive burden are required during use of the tasks.
Theta band oscillations are important for linking emotional valence to cognitive pro-
cesses. For example, Aftanas and Golosheykin study [5] demonstrated a high increase
in the theta wave in sub- jects having a high emotional engagement, indicating that there
could be a close relationship between theta waves and emotion-driven cognitive pro-
cessing. Due to the alpha frequency band is mainly attributed to relaxation and cognit-
ive rest, but also involved partly in emotional regulation. Research such as that by Coan
and Allen [6] has indicated that the alpha asymmetry, particularly over frontal scalp
region, is a robust marker of emotional states. In more detail increased right frontal
alpha is associated with negative emotional states, and left- frontal alpha to positive
emotions. This highlights the contribution of alpha waves in distinguishing emotional
reactions. On the other hand, beta waves are associated with alertness, concentration
and cognitive thought process, and will often rise in situations of high emotion arousal

.
Beta power was reported to be correlated with emotional arousal and anxiety by Ray

and Cole [7]. Beta activity has been recorded to occur during the expression of emo-
tional states such as happiness and anger, hence being important in understanding how
strong are emotions and the alertness moments whilst experiencing an emotion. The
fifth wave, gamma waves—essentially working at the highest frequency—are known
to be critically involved in high-level thinking and are highly correlated with affective
response. Research by Keil et al. [8] have reported that gamma oscillations are correl-
ated with emotion arousal and attention, particularly in tasks which involve the integra-
tion of sensory and emotional stimuli. Task-related power in the gamma band also in-
creases during emotive periods of high arousal, suggesting its importance for the exam-
ination of complex emotional states. In recent studies the aggregation of several fre-
quency bands is often used for a more complete emotion recognition analysis. For ex-
ample, Murugappan et al. [9] proposed an EEG emotion recognition system that trained
delta, theta, alpha, beta and gamma to enhance the accuracy of classification. They
found that certain combinations, in particular theta and beta, are having useful facts
about the relationship between cognitive load and emotions.

Koelstra et al. [10] presented the DEAP dataset, a popular set for emotion analysis
using physiological signals such as EEG and peripheral. The dataset contains video
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recordings of 32 participants watching 40 one-minute music videos. Emotions were
rated with valence, arousal, dominance and liking scales while subjects had EEG sig-
nals recorded from 32 electrodes. The DEAP dataset is widely used as a benchmark
for emotion recognition models, to compare and challenge algorithms of emotion ana-
lysis. Zhang et al. [11] presented a technique to recognize attention based on CNN
using DEAP dataset and investigated the EEG processing. Although it is a study of
attending, the result showed deep learning models have the potential to recognize cog-
nitive states from EEG, and expand this approach on emotion recognition tasks.

3 METHODOLOGIES

In order to recognize and discriminate numerous emotions, the methods utilized in our
research paper are focused on analyzing various frequency bands of EEG signal. We
are looking into to analyze these signals and we target to be able to identify the emotions
using Russell's valence-arousal dimension with the help of the diverse and popular 
dataset DEAP which includes several physiological signals. For classifying and predict-
ing emotions according to their different states, in our case we will use machine learn-
ing based method and deep learning based approaches. Such techniques are composed
of machine learning classifiers and bi-LSTM.
The Methodologies that we follow in our work are overviewed which comprise data 
preprocessing, feature extraction, classification, forecasting and model evaluation as 
shown in Fig. 3.

Pre-Processing of Data: For the implementation of our model processing at first, we
require preprocessing DEAP dataset, with this pre-processing is the first process where
raw EEG data are used to prepare for analysis and classification task. The data serving
for reshaping and formatting into NumPy arrays as incremental in side-line artifact
removals, in filtering to further support the right pre-operating process. From here on
forward as a component of feature extraction the objective is to calculate the band
power for each frequency band; that reflects the signal strength in this particular fre-
quency range. After filtering the relevant voice features we will move, then in to step 
two, where we categorized our forensic emotional voice features into 4 groups of emo-
tions HAHV, LAHV, HALV and LALV. These four categories are determined by the
valence and arousal median split ratings. To classify emotions, we employ several Ma-
chine Learning (ML) classifiers such as SVM, KNN and MLP where these classifiers
are trained on a portion of the data called training dataset to learn the pattern and con-
text between pattern attributes (European extrapolated power features) and labels. 3.1
Analysis of the Pattern: After analyzing the pattern, we see KNN well suits for valence
data (62%) and MLP is very suitable for Arousal data (68%) as it has temporal dynam-
ics. [10] Bi-LSTM model: Can be a good choice for prediction because of its advanced
techniques such as data processing in both the direction (left to right, right to left).
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Fig. 3. Proposed Model

3.1 DEAP Dataset

DEAP is the abbreviation of “Dataset for Emotion Analysis using Physiological
signals” [12]. It's an established high-quality dataset applied to a number of human
emotional state studies based on the EEG and multiple peripheral physiological signals.
EEG data is a subset of the DEAP. consisting of 32 subjects (16 men and 16 women,
aged between 19 to 37 years). Each participant watched a music video created to elicit 
various emotional states. These responses are collected with the aid of electrodes (32
channels) distributed over the head in multiple locations (e.g., frontal and occipital
sites), according to a 10–20 interval system. Residual signals are sampled at 128 Hz.
5 Now we will extract frequency bands for every trial utilizing bandpass filters. Fre-
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quency bands like delta, gamma, theta, alpha and beta as in Table. 2. We used half of
the DEAP dataset in our study, with 5 subjects. The size of our data is presented in
TABLE below. 1.

Table 1. DATA DIMENSION

LABEL ENTIRE DATASET
(200,4) (200,40,8064)

Table 2. FREQUENCY BANDS RANGE

S.NO FREQUENCY
BAND

FREQUENCY
RANGE

1 Delta 0-5-4 Hz
2 Theta 4-8 Hz
3 Alpha 8-12 Hz
4 Beta 12-30 Hz
5 Gamma 30-60 Hz

3.2 BiLSTM

A variant of LSTM, bidirectional long short term memory (Bi-LSTM) net- work works
on sequence data like LSTM, but it operates in both the forward and backward direc-
tions that help them to maintain future and past dependencies. [13] Bi-LSTM network
consists of two parallel LSTM layers (forward LSTM and back- ward LSTM), as illus-
trated in Fig. 4. Forward LSTM reads from the start to the end of an input sequence,
while backward LSTM computes it reversed way. Finally, the outputs of these two
layers are concatenated at each time step and pooling steps bring a more comprehensive
view of the in- put word by considering its entire context. Bi-LSTM is based on the
Long Short Term Memory network, designed to operate on sequential data, and solve
the vanishing gradient problem of regular RNNs. [14] The LSTM allows the network
to learn and maintain long-range dependencies in sequences by introducing memory
cell, three gates: forget gate, input gate and output gate handling information flow. The
forget gate determines which information of input should be forgotten in past states(-
cell-state), the input gate decides how much to accredit through new memory and output
gate decides what part of data should be memories or passed to next time as depicted
in Fig. 5. LSTMs are good at learning correlations over time, but can only learn in a 
forward direction. This reduces the power these models have to use context, particularly
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during tasks where meaningful information comes from future knowledge. By using 
the advantages of forward and backward LSTMs, Bi-LSTM solve this drawback.
straight by processing the sequence bidirectionally.

Here is the mathematical intuition for Bi-LSTM.
In Forward Pass, let X be an input sequence푋 = [푥1, 푥2, 푥3, 푥4 … 푥푡] ,the input 
sequence is processed by the forward LSTM from t = 1to t = T. At each time 
step t.

Below  푓푓표푟푤푎푟푑
푡  represents forget gate, 푖푓표푟푤푎푟푑

푡  represents input gate,
푂푓표푟푤푎푟푑

푡  represents output gate, 퐶́푓표푟푤푎푟푑
푡  represents candidate memory(it stores

potential important information which can be added to cell state), 퐶푓표푟푤푎푟푑
푡  represents

cell state(long-term context) and ℎ푓표푟푤푎푟푑
푡  represent hidden state(short-term context)

in forward LSTM.

푓푓표푟푤푎푟푑
푡 = 휎(푊푓표푟푤푎푟푑

푡 ⋅ ℎ푓표푟푤푎푟푑
푡 - 1 ,푥푡 + 푏푓)

푖푓표푟푤푎푟푑
푡 = 휎(푊푓표푟푤푎푟푑

푖 ⋅ ℎ푓표푟푤푎푟푑
푡 - 1 ,푥푡 + 푏푖)

퐶́푓표푟푤푎푟푑
푡 = 휎(푊푓표푟푤푎푟푑

퐶 ⋅ ℎ푓표푟푤푎푟푑
푡 - 1 ,푥푡 + 푏퐶)

퐶푓표푟푤푎푟푑
푡 =  푓푓표푟푤푎푟푑

푡 ⋅  퐶푓표푟푤푎푟푑
푡 - 1  +  푖푓표푟푤푎푟푑

푡 ⋅ 퐶́푓표푟푤푎푟푑
푡

푂푓표푟푤푎푟푑
푡 = 휎(푊푓표푟푤푎푟푑

푂 ⋅ ℎ푓표푟푤푎푟푑
푡 - 1 ,푥푡 + 푏푂)

ℎ푓표푟푤푎푟푑
푡 = 푂푓표푟푤푎푟푑

푡 ⋅ 푡푎푛ℎ(퐶푓표푟푤푎푟푑
푡 )

In Backward Pass, the input sequence is processed in reverse order by the backward
LSTM. 

Below 푓푏푎푐푘푤푎푟푑
푡  represents forget gate, 푖푏푎푐푘푤푎푟푑

푡 represents input gate,푂푏푎푐푘푤푎푟푑
푡 rep-

resents output gate, 퐶́푏푎푐푘푤푎푟푑
푡  represents candidate memory(it stores potential import-

ant information which can be added to cell state), 퐶푏푎푐푘푤푎푟푑
푡  represents cell state(long-

term context) and ℎ푏푎푐푘푤푎푟푑
푡  represent hidden state(short-term context) in backward

LSTM.

푓푏푎푐푘푤푎푟푑
푡 = 휎(푊푏푎푐푘푤푎푟푑

푡 ⋅ ℎ푏푎푐푘푤푎푟푑
푡 - 1 ,푥푡 + 푏푓)

푖푏푎푐푘푤푎푟푑
푡 = 휎(푊푏푎푐푘푤푎푟푑

푖 ⋅ ℎ푏푎푐푘푤푎푟푑
푡 - 1 ,푥푡 + 푏푖)

퐶́푏푎푐푘푤푎푟푑
푡 = 휎(푊푏푎푐푘푤푎푟푑

퐶 ⋅ ℎ푏푎푐푘푤푎푟푑
푡 - 1 ,푥푡 + 푏퐶)

퐶푏푎푐푘푤푎푟푑
푡 =  푓푏푎푐푘푤푎푟푑

푡 ⋅  퐶푏푎푐푘푤푎푟푑
푡 - 1  +  푖푏푎푐푘푤푎푟푑

푡 ⋅ 퐶́푏푎푐푘푤푎푟푑
푡

푂푏푎푐푘푤푎푟푑
푡 = 휎(푊푏푎푐푘푤푎푟푑

푂 ⋅ ℎ푏푎푐푘푤푎푟푑
푡 - 1 ,푥푡 + 푏푂)

ℎ푏푎푐푘푤푎푟푑
푡 = 푂푏푎푐푘푤푎푟푑

푡 ⋅ 푡푎푛ℎ(퐶푏푎푐푘푤푎푟푑
푡 )
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At last, while predicting the result of BiLSTM the output from the forward and
backward LSTM are concatenated.

ℎ퐵푖퐿푆푇푀
푡 = 푐표푛푐푎푡푒푛푎푡푒(ℎ푓표푟푤푎푟푑

푡 ,ℎ푏푎푐푘푤푎푟푑
푡 )

.Above ℎ푓표푟푤푎푟푑
푡  represents the output which we get from forward LSTM,

ℎ푏푎푐푘푤푎푟푑
푡  represents the output which we get from backward LSTM and ℎ퐵푖퐿푆푇푀

푡
represents what we get at the end as the result by concatenating both forward and back-
ward LSTM output.

                 

Fig. 4. Long-Short Term Memory Model (LSTM)

Fig. 5. Bidirectional Long-Short Term Memory Model (BiLSTM)
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4 RESULTS

Performance evaluation demonstrates the effectiveness of the deployed models in EE-
G-based emotion recognition. Due to its easy-to-use nature and power in finding local
patterns, the K-Nearest Neighbors (KNN)model generation system achieved one of the
highest  accuracy results on valence classification, while MLP (Multi-Layer Per-
ceptron) with ability of learning complex nonlinear relation-ships led other models
when it comes to arousal level classification. Moreover, the BiLSTM successfully ex-
hibited its capability to capture temporal dependencies in EEG data. Fitting perform-
ance of the model and comparison with different methods (cross-session) The training
accuracy is 67% and testing accuracy is73%. 5 and Fig. 6. This analysis demonstrates
the complementary nature of these models, as KNN provides interpretability, MLP
deals well with non-linearity data and Bi-LSTM excels at learning temporal patterns.

The performance comparison of the three methods for EEG-based emotion recogni-
tion is displayed in Table. 3. We achieved 92% training and 85% testing accuracy
which is the solid generalization of our model. The training accuracy of Huang et al.
’s [15] paper is about 85%, while the testing accuracy is about 78%. It is the complexity
of feature extraction [16] and challenges from inter-subject variability that make their
study less accurate. The training accuracy of Zhu et al.'s (ZL) work [19] is about 83%
while the testing accuracy is close to 77%. Barrett However, these numbers are lower
than ours which is reason- able as their model architecture and also for our comparable
problems in feature extraction differ. Though both those trials report encourage- learn-
ing results overall, they produce somewhat weaker  results than ours. While the
provided accuracy [17] [18] indicates that further feature selection and model adjust-
ment might be required for better performance, especially on test stages, employing
CNN, Bi-LSTM and attention mechanisms in their studies provide useful insights. Our
improved testing accuracy by our method demonstrates that the feature extraction tech-
niques and network architectures selected could equally are good when the EEG signals
were processed for emotion recognition.

  Table 3. RESULTS COMPARISION

METHODOLOGY ACCURACY
Our Result 85%
Huang et al. (2023) 78%
Zhu et al. (2024) 77%
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Fig. 6. Training, Validation and Test Accuracy

Fig. 7. Training, Validation and Test Loss

5 CONCLUSION

We adopt BiLSTM to explore EEG emotion recognition in this paper. Our model has
ability to generalize very well across unseen data, accuracy on training sets were found
92% and that of testing set was recorded as 85%. A number of recent methods, such as
the ones Huang et al. (2023) and Zhu et al. (2024) that reported a lower testing accuracy
perform qualitatively worse than these results. The obtained results for emotion recog-
nition indicate that the temporal dependencies in EEG signals can be modeled effi-
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ciently by computing coherence  between paired electrodes. Notwithstanding  these
promising results, concerns such as subject specific variability and the complexity of
EEG signal interpretation remain. More effective approaches of feature dimensionality
reduction exploitation and model improving methods could lead to better performance
in our framework, which will make it competitive with existing systems in practice for
practical emotional recognition.
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