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ABSTRACT Emotion recognition is crucial in affective computing, aiming to bridge the gap between
human emotional states and computer understanding. This study presents NeuroSense, a novel electroen-
cephalography (EEG) dataset utilizing low-cost, sparse electrode devices for emotion exploration. Our
dataset comprises EEG signals collected with the portable 4-electrodes device Muse 2 from 30 participants
who, thanks to a neurofeedback setting, watch 40 music videos and assess their emotional responses. These
assessments use standardized scales gauging arousal, valence, and dominance. Additionally, participants
rate their liking for and familiarity with the videos. We develop a comprehensive preprocessing pipeline
and employ machine learning algorithms to translate EEG data into meaningful insights about emotional
states. We verify the performance of machine learning (ML) models using the NeuroSense dataset. Despite
utilizing just 4 electrodes, our models achieve an average accuracy ranging from 75% to 80% across the four
quadrants of the dimensional model of emotions. We perform statistical analyses to assess the reliability
of the self-reported labels and the classification performance for each participant, identifying potential
discrepancies and their implications. We also compare our results with those obtained using other public
EEG datasets, highlighting the advantages and limitations of sparse electrode setups in emotion recognition.
Our results demonstrate the potential of low-cost EEG devices in emotion recognition, highlighting the
effectiveness ofMLmodels in capturing the dynamic nature of emotions. The NeuroSense dataset is publicly
available, inviting further research and application in human-computer interaction, mental healthmonitoring,
and beyond.

INDEX TERMS Emotion recognition, EEG dataset, low-cost EEG devices, machine learning, human-
computer interaction, Russell’s model.

I. INTRODUCTION
Emotion recognition is emerging as a pivotal area in
affective computing, aiming to bridge the gap between human
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approving it for publication was Orazio Gambino .

emotional states and computer recognition. This interdisci-
plinary field leverages electroencephalogram (EEG) devices
to capture the nuanced electrical activities of the brain that
correspond to different emotional states. The motivation
for employing EEG in emotion recognition stems from
its potential to provide direct, physiological indicators of
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emotional experiences, bypassing the subjective nature of
self-reports and the ambiguity of behavioral observations [1],
[2], [3].
Recent advancements in the field have highlighted the

effectiveness of EEG in capturing the dynamic nature
of emotions [4]. However, the widespread adoption of
EEG-based emotion recognition remains limited by the cost
and complexity of traditional EEG systems, which typically
involve multiple electrodes and specialized equipment. This
has spurred interest in exploring low-cost, sparse electrode
EEG devices as a viable alternative. These devices hold the
promise of making emotion recognition technologies more
accessible for research and applications in human-computer
interaction (HCI), mental health monitoring, and beyond [5],
[6], [7], [8], [9].

Machine learning (ML) plays a crucial role in translating
EEG data into meaningful insights about emotional states.
ML algorithms enable the automatic detection and classifi-
cation of complex patterns within EEG signals, facilitating
the identification of specific emotional states [10], [11],
[12]. The impact of ML in this domain is profound, as it
offers the potential to enhance the emotional intelligence
of HCI systems, improve the accuracy of mental health
assessments, and support the development of personalized
user experiences [13], [14], [15].

However, the variability of individual brain patterns poses
significant challenges for ML models. Each individual’s
brain activity is unique and influenced by physiological
factors, personal experiences, and cognitive processes. This
variability necessitates sophisticated validation schemes to
ensure that MLmodels are accurate and capable of generaliz-
ing across different subjects [16]. The leave-one-subject-out
(LOSO) validation scheme is a critical method for addressing
this challenge [17]. The LOSO validation scheme tests the
model’s ability to generalize by training it on data from all
but one subject and then testing it on the unseen data of
the left-out subject. This process is repeated for each subject
in the dataset, ensuring that the model is validated across
all possible subject-specific scenarios. Such an approach is
essential in emotion recognition research, where the goal is
to develop models that can accurately interpret the emotional
states of any individual, not just those fromwhom the training
data is sourced [18].

This work presents a novel EEG dataset, NeuroSense,
as a pioneering contribution to emotion exploration. This
is the first open-source EEG dataset designed explicitly for
this purpose, using only four electrodes. By leveraging the
potential of low-cost, sparse electrode devices, we advance
the accessibility and inclusivity of emotion recognition
technologies. Utilizing a validated protocol and state-of-
the-art ML techniques, we demonstrate the feasibility of
accurately categorizing emotions across Russell’s affective
space with our dataset [19]. The open-source nature of
NeuroSense democratizes access to cutting-edge research
tools and fosters a collaborative environment for innovation
in the field.

• We verify the performance ofMLmodels using theNeu-
roSense dataset, demonstrating that high classification
accuracy can be achieved with only four electrodes.

• We perform statistical analyses to assess the reliabil-
ity of the self-reported labels and the classification
performance for each participant, identifying potential
discrepancies and their implications.

• We compare our results with those obtained using
other public EEG datasets, highlighting the advantages
and limitations of sparse electrode setups in emotion
recognition.

The paper is structured as follows: Section II provides
an overview of the most widely used EEG databases.
Section III describes the procedure for selecting stimuli.
Section IV details the experimental setup. Section V presents
the system architecture. Section VI outlines the results, while
Section VII discusses the findings. Finally, Section VIII
concludes the work.

II. RELATED WORK
Different open-source EEG emotion databases have been
explicitly devised for EEG emotion recognition. The follow-
ing section presents a concise overview of currently available
emotion databases. The main characteristics of the databases
are also briefly listed in Table 1.
The DEAP (Database for Emotion Analysis using Physi-

ological Signals) dataset [20] is a comprehensive repository
designed to analyze human emotions through physiological
signals. Developed primarily for emotion-related research,
the DEAP dataset encompasses multimodal data, incorpo-
rating electroencephalogram (EEG), peripheral physiolog-
ical signals (such as electrocardiogram and galvanic skin
response), facial electromyogram (EMG), and subjective rat-
ings. The dataset features recordings of emotional responses
elicited by audio-visual stimuli, with subjects exposed to
music videos. Notably, the DEAP dataset comprises data
from 32 participants, contributing to its richness and diversity
in capturing emotional states. In the experiment, each
participant views 40 one-minute music video clips. Partic-
ipants self-evaluate their subjective emotional experiences
during the induction experiments, utilizing assessment scales
encompassing four emotional dimensions: arousal, valence,
dominance, and liking. Data acquisition involves using a
Biosemi ActiveTwo system to record EEG and peripheral
physiological signals. The dataset encompasses 40 channels,
of which the initial 32 capture EEG signals with a sampling
rate of 512 Hz and the remaining eight record peripheral
signals.

The MAHNOB (Multimodal Affective Human-Nonverbal
Behavioral) dataset [21] is designed for research in affective
computing and HCI. It comprises multimodal data collected
with 32 electrodes from 30 subjects (17 women and 13 men,
age range: 19-40), including video recordings, physiological
signals, and subjective annotations. The dataset also includes
recordings of participants’ facial expressions and nonverbal
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TABLE 1. Summary of published EEG databases for emotion recognition/classification. Note that ‘‘ch’’ stands for ‘‘channel’’.

behaviors captured using six cameras. The physiological
signals comprise electroencephalogram (EEG), electrocar-
diogram (ECG), and electrodermal activity (EDA), providing
insights into participants’ physiological responses. The par-
ticipants viewed 20 different emotional video clips selected
from movies and video websites. The clips stimulate five
emotions: disgust, amusement, fear, sadness, and joy. The
duration of the videos ranges from 35 to 117 seconds. Anno-
tations are provided for facial expressions, physiological
signals, and subjective emotional experiences. After watching
each video clip, participants provide subjective assessments
or self-reports about their emotional experiences.

The SJTUEmotion EEGDataset (SEED) [2] is a collection
of EEG datasets that contains data with 62 electrodes from
15 subjects (7 men and 8 women) recorded while they watch
carefully selected 15 film clips designed to induce different
types of emotions, including positive, negative, and neutral
emotions. The participants are given a 5-second prompt
before each video. Following this, they complete a 45-second
self-assessment and then have a 15-second rest period. The
SEED-IV dataset is an evolution of the original SEEDdataset,
providing EEG signals and eye movement features. The
film clips are chosen to induce happiness, sadness, fear, and
neutral emotions.

The Multi-Modal Physiological Emotion Database
(MPED) [22] is an extensive dataset developed for studying
human emotions. It gathers four physiological signals:
electroencephalogram (EEG) with 62 channels, galvanic
skin response, respiration, and electrocardiogram (ECG).
The purpose of creating this dataset is to improve the
extraction of distinguishing features and the effectiveness
of useful sequences, which in turn assists in recognizing
discrete emotions (joy, funny, anger, fear, disgust, sadness,
and neutrality). The MPED dataset comprises data from
23 participants (10 men and 13 women), each having one
session. The data are gathered while the participants are
exposed to 28 videos from an emotion-elicitation material
database.

The DREAMER Database [6] for Emotion Analysis using
Physiological and Electroencephalographic Responses is a
collection designed to analyze emotions. It contains EEG
(14 channels) and ECG recordings taken while participants
are exposed to 18 audio-visual clips intended to provoke
emotional responses. Following each stimulus, this dataset
encompasses data from 23 individuals who also self-evaluate
their emotional states, including valence, arousal, and
dominance. The data are gathered using consumer-grade,

mobile, and wireless devices that are affordable and readily
available, such as the Emotiv EPOC EEG1 headset and the
Shimmer ECG sensor.2

This short review of the existing databases shows that the
majority contain EEG data obtained in a time-consuming
and costly way from multiple channels. In contrast, only
one is gathered using easy-to-wear, mobile, wireless, and
economical devices. Moreover, most reviewed EEG emotion
datasets include fewer participants than NeuroSense. For
example, the SEED dataset comprises only 15 participants,
and DREAMER includes 23 participants, even though they
use more electrodes and higher sampling rates. In contrast,
NeuroSense utilizes a portable 4-electrode device and
includes 30 participants, showcasing the potential of such
setups in emotion recognition tasks.

III. STIMULI SELECTION
In this work, we adopt the same approach validated in
the DEAP protocol to elicit emotional responses from the
users. The DEAP protocol was selected for this study
due to its widespread recognition and standardization in
emotion analysis using physiological signals. By employing
a validated and reliable protocol such as DEAP, we ensure
the robustness and comparability of the results. The protocol
provides comprehensive multidimensional evaluations of
emotional states, including arousal, valence, and dominance,
which align with our research objectives. Additionally, the
DEAP protocol facilitates the use of audio-visual stimuli to
evoke authentic emotional responses, thereby enhancing the
ecological validity of our findings.

The stimuli selection process is divided into several macro
steps organized into key phases, including video stimuli
selection, detection of one-minute highlights, relevance
vector machine application, and online subjective annotation.
The macro steps are briefly summarized below and further
detailed in the following subsections. An overview is
provided in Figure 1.

1) Video clip selection: a total of 120 videos are selected
in two modalities: 60 videos through affective tags
research selection using a comprehensive list of emo-
tional keywords expanded from Parrott’s work [23],
and 60 videos through a manual process. This involves
leveraging the Last.fm3 database to identify relevant

1https://www.emotiv.com/
2https://shimmersensing.com/
3www.last.fm
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musical content tags, selecting songs frequently tagged
with each emotion, and manually curating songs to
represent each of Russel’s emotional quadrants [19].

2) Detection of one-minute highlights: following dataset
creation, one-minute video segments with the high-
est emotional content are identified using the
DEAP protocol and the Relevance Vector Machine
(RVM) [24] model to compute arousal and valence
scores.

3) Video and audio features are also extracted.
4) Relevance Vector Machine: the RVM [24] is trained

using features extracted from 21 annotated movies
to predict valence and arousal scores for each video.
Segments with higher emotional highlight scores are
selected, with a manual override option for segments
characteristic of the song and expected to elicit
emotional responses.

5) Online subjective annotation: the final selection of
40 test video clips is based on a web-based subjective
emotion assessment by volunteers who rate music
videos on valence, arousal, and dominance. Videos
are chosen based on the intensity of emotion they
elicit.

A. VIDEO-CLIP SELECTION
First, 120 videos are chosen in two different modalities.
Specifically, i) 60 videos are selected using an affective
tags research selection; ii) a manual process selects another
60 videos. Related to the first step, the entire pipeline is
highlighted below:

• Initially, a comprehensive list of emotional keywords is
compiled based on Parrott’s work [23], which is then
expanded to include variations and synonyms, resulting
in 304 unique keywords.

• Subsequently, leveraging the Last.fm database, relevant
tags are identified for each keyword, facilitating the
association of keywords with musical content.

• Following this, for each emotional tag, an automated
process is employed to select the ten songs most
frequently tagged with that emotion, thereby creating a
dataset consisting of 1084 songs.

• Additionally, in alignment with Russel’s model, fifteen
songs are manually curated to represent each of the four
emotional quadrants. Selection criteria encompass the
accurate portrayal of emotional content, availability of
a corresponding music video, and appropriateness for
the target audience, predominantly European or North
American students.

The second primary phase involves manually selecting
an additional 60 videos. Specifically, 15 videos are chosen
to represent each quadrant of Russell’s model derived from
the intersection of valence and arousal values as depicted in
Figure 2.

Consequently, the dataset comprises 120 emotional videos.
Panel A in Figure 1 summarizes the whole pipeline.

B. DETECTION OF ONE-MINUTE HIGHLIGHTS
Following the dataset’s creation, the subsequent phase
involves the sub-selection of one-minute video segments to
identify the segments with the highest emotional content.
Following the DEAP protocol, the RVM model is employed
to compute arousal and valence scores for each film segment,
as outlined by Soleymani et al. [24] and described in
Section III-C. Subsequently, video and audio features are
extracted from the 120 videos using a designated pipeline.

The video features extraction process is summarized
below:

• the video content is encoded into MPEG-1 format,
as described by Symes [25], to facilitate the extraction
of motion vectors and I-frames for subsequent feature
extraction.

• Shot segmentation is performed on the video stream
using a method proposed by Kelm et al. [26], enabling
the selection of various shot domains within the video.

• Lighting and color variance, recognized as significant
elements in eliciting emotion, are extracted, considering
factors such as the movie director’s vision. Specifically:
– lighting keys are calculated by multiplying the

average value V in the HSV color space [27] by the
standard deviation of V for each frame.

– Color variance is computed in the CIE LUV color
space [28] by determining the coefficients of the
covariance matrix for L (luminosity), U (color
coordinate of green-red), and V (color coordinate
of blue-yellow) for each frame.

• Video rhythm and emotional impact, as emphasized in
the works of Hanjalic and Xu [29], are characterized by
extracting the average shot change rate and shot length
variance.

• Dynamic scenes and object movements across succes-
sive frames are identified as effective contributors to
excitement. This parameter is quantified by delineating
the motion component, computed as the aggregate
motion within successive frames by summing the
magnitudes of motion vectors across all B- and P-
frames, as described by Richardson [30].

• The proportion of colors is calculated through a 20-bin
color histogram of hue and lightness values in the HSV
color space for each I-frame, subsequently averaged
across all frames.

• To determine the median lightness of a frame, the
median of the L value in the HSL color space is
computed.

Panel B in Figure1 summarizes the whole pipeline.

C. SELECTION OF AUDIO FEATURES
The audio features extraction process is detailed below and
summarized in Panel C in Figure 1:

• the audio channels from the video dataset are extracted
and converted into mono MPEG-3 format with a
sampling rate of 44.1 kHz.
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FIGURE 1. Overview of the stimuli selection process. The procedure includes five key steps: (1) video clip selection through affective tags and
manual curation to represent emotional quadrants; (2) identification of one-minute highlights using the DEAP protocol; (3) extraction of video and
audio features; (4) application of the RVM model to predict valence and arousal scores; and (5) final video selection through online subjective
annotation based on volunteer ratings of valence, arousal, and dominance.

FIGURE 2. Representation of Russel’s circumplex model [19].

• All audio signals are normalized to the same amplitude
range before further processing.

• A total of 53 low-level audio features, including
Mel-Frequency Cepstral Coefficients (MFCC), energy
formants, time-frequency characteristics, pitch, zero
crossing rate, and silence ratio, are extracted from each
audio signal, as outlined by Gorjian et al. [31].

D. RELEVANCE VECTOR MACHINE
To predict the valence and arousal scores for each video
segment among the selected 120 videos, the Relevance

Vector Machine (RVM) [32] is trained using all shots from
21 annotated movies within the dataset presented in [24].
Additionally, the RVM identifies the importance of features.
It is thus employed in the DEAP protocol to select a subset
of features from the entire set of extracted features. The final
prediction pipeline is delineated below:

• the music videos are segmented into one-minute inter-
vals with a 55-second overlap.

• Content features are extracted from each segment.
• Prediction scores for arousal and valence are obtained
from the trained RVM.

• A final score is computed for each segment using the
equation: ei = sqrt(a2i + v2i ), where ai and vi represent
centered arousal and valence scores.

The graphical representation shown in Panel D of Figure 1
summarizes the steps involved in the pipeline. Segments
with higher emotional highlight scores are then selected.
A manual override of the affective highlight detection is
performed for some clips. This manual intervention is applied
to segments deemed characteristic of the song, recognized
by the public and expected to elicit emotional responses.
Following this iterative process, a collection of 120 one-
minute videos featuring high emotional content is obtained.

E. ONLINE SUBJECTIVE ANNOTATION
This section describes the process for selecting the
final 40 test video clips. The selection methodology
involves a web-based subjective emotion assessment wherein
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participants viewedmusic videos and provided ratings on a 9-
point scale for valence, arousal, and dominance. Key aspects
of this process include:

1) participants used a web interface for rating videos.
2) They were allowed to watch as many videos as they

wanted and end the rating process at any time.
3) The order of video clips was randomized.
4) Participants did not see the same video twice.
5) All 120 videos received ratings from 14 volunteers.

For each video, a score representing the intensity of
elicited emotion was computed based on the ratings provided
by volunteers. This score was calculated by dividing the
mean rating (µx) by the standard deviation (σx), yielding
µx

σx
. Subsequently, for each quadrant where the videos were

positioned, the videos situated at the extreme corners of
the quadrant were selected. Through this iterative process,
40 videos were ultimately selected. We defined the corre-
sponding labels of these videos as external labels. Panel E
of Figure 1 illustrates the main steps.

IV. EXPERIMENTAL SETUP
A. MATERIALS AND SETUP
The experiments were conducted in laboratory settings
with controlled illumination in the Department of Electrical
and Information Engineering premises at the Polytechnic
University of Bari. EEG signals were recorded using a
Muse 2 device,4 equipped with four electrodes, connected
to a dedicated recording computer, a MacBook Pro (Retina,
15-inch, Mid 2015).

Stimuli presentationwas facilitated through a dedicated PC
monitor (HP), and the software for stimuli presentation was
developed usingMax/MSP.5 This system featured a graphical
user interface (GUI) with corresponding numerical identifiers
linked to the videos to be played. Upon the operator pressing
the button associated with a specific video, a marker was
transmitted to a server using the LabStreamingLayer (LSL)
protocol.6 Labrecorder software7 was employed to record
EEG signals and synchronize markers.

The music videos were displayed on a 17-inch screen
with a 1280 × 1024 pixel resolution. To minimize eye
movements, the videos were presented at a reduced resolution
of 800 × 600 pixels, filling approximately two-thirds of the
screen. Participants were seated approximately one meter
away from the screen. Yamaha-HS 8 speakers were used
for audio playback, with the volume set relatively loud.
However, participants were consulted beforehand regarding
their comfort level with the volume, and adjustments were
made accordingly.

4https://choosemuse.com/products/muse-2
5https://cycling74.com/products/max
6https://labstreaminglayer.org
7https://github.com/labstreaminglayer/App-LabRecorder

FIGURE 3. Muse 2 EEG Device with electrode placement according to the
10-20 System. The figure illustrates the specific positions of the four
electrodes (AF7, AF8, TP9, and TP10) used in the experiment. The Fpz
electrode serves as the reference point, and the device provides a
non-invasive, portable solution for EEG data acquisition optimized for
comfort and ease of use during the emotional response experiment.

B. EEG ACQUISITION DEVICE
This study employs the Muse 2 EEG device for signal
acquisition. The Muse 2 EEG device is a cutting-edge
and adaptable headset designed for capturing EEG signals.
Equipped with four dry sensors, it detects brain activity
with high signal quality while minimizing the need for scalp
preparation associated with traditional gel electrodes. Its
ergonomic design provides a comfortable fit on the user’s
head, facilitated by adjustable headbands and soft earpieces,
enhancing the user experience during prolonged use. Powered
by a rechargeable battery and Bluetooth connectivity, the
device offers exceptional portability and versatility, making
it suitable for various environments and applications.

The electrodes are strategically positioned at Fpz, AF7,
AF8, TP9, and TP10 locations according to the international
10-20 system. The Fpz electrode serves as a reference, and the
sampling frequency is 256 Hz. Figure 3 illustrates the Muse
device and its relative positions based on the international
10-20 system [33].

C. EXPERIMENTAL PROTOCOL
A total of 30 healthy participants (50% female), aged between
19 and 30 years (mean age 23.5), were recruited for the
experiment. Participants for this study were recruited through
university-wide advertisements and social media platforms to
ensure a diverse and representative sample. All participants
provided informed consent before participating, and no
monetary compensation was offered. Ethical permission
was obtained from the Local Ethical Committee of the
University of Bari. The participants received comprehensive
information regarding the experimental protocol, including
detailed explanations of the various self-assessment scales.
Once the protocol was thoroughly explained, the EEG device
was positioned, and signal quality was meticulously assessed
using the MuseLSL library for EEG signal window [34].

The experiment began with the presentation of 40 videos
across 40 separate trials, each lasting 1 minute. Each trial
followed a standardized sequence of events comprising:
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• a 2-second display indicating the current trial number to
inform participants of their progress.

• A 5-second recording of baseline activity, represented
by a fixation cross.

• Presentation of a 1-minute music video.
• Subsequent rating of the participants’ arousal, valence,
liking, and dominance levels.

Upon completion of 20 trials, participants were given a
brief break. During this intermission, the facilitator assessed
signal quality and electrode placement to ensure accuracy
before instructing participants to proceed with the second part
of the test.

D. PARTICIPANT SELF-ASSESSMENT
Participants were tasked with assessing their levels of
arousal, valence, liking, and dominance after each trial.
To facilitate this process, Self-Assessment Manikins (SAMs)
[35] were employed, providing visual representations of the
scales. For example, the liking scale featured symbols of
thumbs-down and thumbs-up, positioned at the center of the
screen with numbers 1 to 9 displayed below them. Figure 4
illustrates an example of the various scales utilized in the
questionnaire. Participants indicated their self-assessment
levels horizontally, moving the mouse beneath the numbers
and clicking on their chosen level. They were informed of the
flexibility to click anywhere below or between the numbers,
effectively creating a continuous scale for self-assessment.

The valence scale ranged from unhappy or sad to happy
or joyful, allowing participants to rate the emotional tone
of their experience. The arousal scale spanned from calm
or bored to stimulated or excited, enabling participants to
gauge their level of stimulation or excitement. The dominance
scale ranged from submissive (indicating a lack of control) to
dominant (indicating a sense of control or empowerment).

A fourth scale was also included to assess participants’
personal liking for the video. It was essential to distinguish
this scale from the valence scale, as it measured preferences
rather than emotional responses. For instance, participants
could like videos that elicited feelings of sadness or anger.

Following the experiment, participants were requested to
rate their familiarity with each song on a scale from 1 (‘‘Had
never heard it before the experiment’’) to 5 (‘‘Knew the song
very well’’).

The questionnaire structure is outlined below:

• User ID (i.e., the numerical code representing each
participant).

• Video ID (i.e., the numerical identifier associated with
each of the 40 videos).

• Valence score (Likert scale 1-9).
• Arousal score (Likert scale 1-9).
• Dominance score (Likert scale 1-9).
• Liking (3 options: liked, neutral, dislike).
• Familiarity with the song heard (Likert scale 1-5,
ranging from ‘‘Never heard of it before the experiment’’
to ‘‘I know it very well’’).

FIGURE 4. Self-Assessment Manikins (SAMs) used in the experiment. The
figures show the SAMs used by participants to rate their emotional
responses across three dimensions: valence (ranging from unpleasant to
pleasant), arousal (ranging from calm to excited), and dominance (ranging
from submissive to dominant). Additionally, participants rated their liking
for each video using a three-option scale: liked, neutral, or dislike.

V. SYSTEM ARCHITECTURE
We developed an ML framework to test the effectiveness of
ML on the collected EEG data.

The architecture of our ML framework, as illustrated in
Figure 5, is composed of six principal components, each
playing a crucial role in the processing and analysis of EEG
data for emotion recognition:

• acquisition module: this component collects EEG data,
utilizing the Muse device as the primary source.

• Data creation: this module systematically collects and
organizes EEG data from each participant, ensuring
precise alignment with the timestamps of baseline
periods and stimuli presentations.

• Preprocessing module: upon receiving EEG signals
from the Muse device, this module applies a series of
processing techniques to refine the data for analysis.
The preprocessing pipeline enhances signal quality by
eliminating noise and artefacts commonly associated
with EEG data. The steps involved are as follows:

1) creation of an EEG epochs structure, utilizing the
MNE framework8 for efficient data segmentation
and organization.

2) Application of a Finite Impulse Response (FIR)
filter with a cutoff frequency range of 1 − 45 Hz
with fir window=‘hamming’ to isolate the relevant
frequency bands for emotion recognition.

3) Implementation of ringing artifact reduction tech-
niques, specifically devised to remove non-brain

8https://mne.tools/stable/index.html
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FIGURE 5. Illustration of the workflow representing all the key steps in our proposed system for emotion recognition using EEG data.
The figure outlines the following stages: data acquisition via the Muse 2 EEG device, data creation and organization, preprocessing of
EEG signals (including noise reduction, filtering, and epoch segmentation), time-sliding estimation for identifying ROIs, machine
learning-based classification of emotional states, and statistical analyses for correlation and participant reliability assessment.

artifacts without compromising the integrity of the
EEG signal.

4) Division of the processed EEG data into sub-
epochs of 5 seconds each, facilitating a granular
analysis of emotional responses over time.

• Time-sliding estimation: a dynamic strategy to pinpoint
the most informative regions of interest (ROI) within the
EEG signals as they evolve over time.

• ML module: this module is at the heart of our frame-
work, where different ML algorithms are employed
to interpret the preprocessed EEG signals. Leveraging
state-of-the-art models, this component predicts the
emotional state represented by the input data.

• Statistical analyses involve two main steps. First, the
Pearson correlation between self-assessment scores
and external labels for arousal and valence is
calculated to evaluate label reliability. Second, the
self-assessment and ML probability scores are analyzed
to identify non-trustworthy or poorly performing
participants.

A description of the operations performed is provided in
the Algorithm 1. It details all the previously described steps.

Moreover, additional details about each step are provided
in the following subsections.

A. DATASET CREATION
The development of our dataset formed the foundational
phase of our research. We meticulously collected EEG data
files for each participant, augmented by timestamps indicat-
ing the onset of baseline periods and specific stimuli. This
compilation was methodically structured into a dictionary
format, integrating the EEG recordings with corresponding
timestamps and markers for the pertinent stimuli.

After data collection, we delineated EEG epochs
for each experimental condition, including baseline and
stimulus-exposure intervals. These epochs were then sub-
jected to a series of preprocessing steps, as detailed in
Sections V-B and V-C. The dataset is publicly available at
https://sisinflab.poliba.it/neurosense-dataset-request/.

Algorithm 1 Pseudocode for Subject-Specific Data Process-
ing and Classification
1: Initialize a data table containing user data, with each user

having a unique subject ID
2: for each unique subject ID do
3: Create subject-specific training dataset
4: Create subject-specific testing dataset
5: for each file in the subject’s training dataset do
6: Extract trial epochs and corresponding labels

from the training dataset
7: Extract baseline epochs from the training dataset
8: end for
9: for each file in the subject’s testing dataset do

10: Extract trial epochs and corresponding labels
from the testing dataset

11: Extract baseline epochs from the testing dataset
12: end for
13: end for
14: Initialize a processing pipeline with predefined config-

urations (e.g., feature extraction, normalization, classifi-
cation)

15: Define hyperparameter grids for optimization (e.g.,
number of features, maximum dilations per feature,
regularization parameters)

16: Initialize grid search for hyperparameter optimization
based on the processing pipeline

17: Train the model using the training data (Xtrain, ytrain)
18: Generate predictions and classification probabilities

using the testing data (Xtest, ytest)
19: Store the results in a dictionary for further analysis

B. PREPROCESSING
The preprocessing of the EEG signals is crucial due to their
inherent susceptibility to various forms of noise and artifacts.
While standard pipelines exist for denoising signals, it is
essential to tailor these methods to the specific characteristics
of each dataset. In our study, participants were given specific
instructions during the acquisition phase to minimize head
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movements and maintain focus on the stimuli, effectively
mitigating various types of artefacts and general noise.

The initial step in preprocessing involved extracting two
EEG epochs corresponding to the segments of interest. The
first segment encompasses the baseline and the stimuli EEG
period, marked by the fixation cross and video start markers.
However, accurately determining the timing of the epochs for
the stimuli was challenging.

Initially, complete epochs were extracted solely for
denoising purposes, utilizing the MNE framework. The
maximum epoch length was set to 5 seconds relative to the
maximum baseline duration. Subsequently, a filter operation
was applied using an FIR filter with a frequency range of
1 − 45 Hz in MNE.

Given the limited number of electrodes (four in our study),
denoising techniques posed a challenge. To address this
issue, we adopted a straightforward approach, treating ocular
artifacts as outliers relative to the standard distribution of
EEG signals. The Megkit framework9 provided a specific
method for removing these artifacts through Ringing Artifact
Reduction Techniques. An optimal threshold value was
determined by training a simple K-NN algorithm with a
contamination hyperparameter specifically set to 0.1 to
identify the outlier array index value. If a sample exceeded
the detected threshold, the artifact interval was interpolated
using samples from the entire trial.

C. TIMESLIDING ESTIMATION
We adopted a dynamic approach to identify the most
informative ROIs within the EEG signals over time. This
technique involved the dynamic application of a multivariate
predictive model across different time points to evaluate its
performance continually as new epochs were introduced.
Central to this methodology was the use of the MNE
framework [36] alongside the SlidingEstimator technique,
which required input in the form of feature-objective pairs,
with the precondition that the feature dataset extended beyond
two dimensions.

This technique was mainly designed to handle the
intricacies of EEG data, characterized by its organiza-
tion into epochs, channels, and sequential time points.
By incorporating the temporal dimension directly into the
feature set, we enabled the fitting of a distinct estimator
at each time point, thus facilitating a nuanced analysis of
temporal dynamics within the EEG signal. This temporal
decoding strategy draws conceptual parallels to techniques
prevalent in fMRI research, aiming to extract maximal
differentiation between experimental conditions through the
temporal segmentation of the data [37].
Our application of this method within the realm of EEG

analysis aimed to leverage the temporal granularity of the
EEG data and enhance our understanding of the temporal
evolution of emotional responses. Specifically, we sought

9https://nbara.github.io/python-meegkit/

to pinpoint the optimal differentiation between experimental
conditions.

In our study, we identified the best ROI for each target
emotion relative to the baseline condition. The entire pipeline
to determine the best ROI is outlined as follows:

• Selection of a 5-second sub-epoch for each user.
• Preprocessing each stimulus and baseline epoch using
the pipeline described in Section V-B.

• Selection of a time interval ranging from 0 to 25 seconds
for each Russell’s emotional quadrant, with a step size
of 5 seconds.

• Selection of a subsection of trials for each user and
emotion to construct training and testing datasets.

• Construction of the dataset comprising stimuli trials
related to the selected emotion target and their corre-
sponding baseline EEG.

• Conducting a grid search to identify the best model to
retrieve an ROI.

• Application of the SVM classifier within the SlidingEs-
timator framework.

• Computation of the accuracy score sample by sample
using the best model within the selected time interval
range.

• Calculation of the 95th percentile for the accuracy
distribution of each participant.

• Consideration of only those accuracy scores exceeding
the threshold obtained from the 95th percentile.

• Selection of the time segment exhibiting the highest
accuracy scores surpassing the threshold.

• Repetition of the entire pipeline for the four emotion
classes.

D. MACHINE LEARNING ALGORITHM
In this study, we adopted a binary logic framework to train
our models to pinpoint the models that exhibit the highest
performance across the four emotional quadrants delineated
by Russell’s circumplex model. This model is a foundational
theoretical framework that categorizes human emotions into a
structured system, facilitating a more systematic exploration
of emotional states. Specifically, emotions are mapped onto
a two-dimensional space defined by the arousal (high vs.
low) and valence (positive vs. negative) dimensions, and our
classification task is aimed at decoding these emotional states
from EEG data. To explore these emotional states, we framed
our classification task as a multi-class problem within the
dimensional space, where each quadrant represents a unique
combination of arousal and valence levels. The ability to
accurately classify the EEG signals into these quadrants
serves as a proxy for exploring how well the EEG data reflect
underlying emotional states. Therefore, the classification
task is not merely a matter of predicting labels but also of
uncovering the relationship between brain activity patterns
and self-reported emotional experiences.

First of all, we implemented a LOSO validation strategy.
Upon completing the training phase, we conducted a rigorous
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FIGURE 6. Representation of participants’ self-assessed Valence scores resulting from the SAM questionnaire.

FIGURE 7. Representation of participants’ self-assessed Arousal scores resulting from the SAM questionnaire.

FIGURE 8. Representation of participants’ self-assessed Dominance scores resulting from the SAM questionnaire.

analysis to identify the most effective models. The criteria for
this selection are based on a set of predefined performance
metrics, leading to the identification of the top 30 models.

These models are recognized for their superior predictive
capabilities and are subsequently chosen to conduct the final
analyses and predictions.
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TABLE 2. External scores estimated by using the DEAP dataset.

Our methodology incorporated convolutional feature
extraction techniques. In particular, we utilized the
MiniRocket algorithm, a streamlined version of the
Rocket algorithm designed specifically for efficient feature
extraction from time series data, as documented by Demp-
ster et al. [38]. The implementation of MiniRocket is adopted
from the sktime library, as outlined by Löning et al. [39].
The application of our ML strategy unfolded in two pri-

mary phases. Initially, we deployed theMiniRocket algorithm,
which entails the convolution of each time series with a set
of random convolutional kernels, followed by global max
pooling. The proportion of positive outcomes derived from
the pooling operation is then leveraged as features for each
convolutional kernel. These generated features, capturing
pivotal patterns in themultivariate EEG data, are instrumental
in the subsequent classification task, typically employing an
ML classifier such as the SVM.

A critical aspect of our feature extraction endeavour is
identifying distinctive patterns within EEG data segments,
a task influenced by the selection of two key hyperparam-
eters: the size and length of the kernels. We undertook
hyperparameter optimizationwithin Python Pipelines, engag-
ing in a multi-stage optimization process. This process
began with the adjustment of MiniRocket’s kernel size and
length parameters, followed by the selection of an optimal
normalization technique from among options such as the
MinMaxScaler, StandardScaler, and RobustScaler [40]. The
optimization concluded with fine-tuning the SVM classifier,
focusing on adjusting the C parameter, which governs the
regularization strength.

To ascertain the efficacy of our methodological approach,
we conducted our evaluations within a 3-fold cross-validation
scheme within each LOSO round. Hyperparameter optimiza-
tion is pursued through Random Search across 50 iterations.
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FIGURE 9. Correlation between external and self-assessed indexes.

These computational procedures are executed using the
Python programming language, with the Scikit-learn library
providing the necessary tools for ML model implementation
and evaluation [40].

E. STATISTICAL ANALYSES
1) RELIABILITY OF EXTERNAL LABELS
We conducted an initial analysis to evaluate the correlation
between the self-assessment scores and the external labels,
providing a foundation for the subsequent ML model
development. In particular, the Pearson correlation index was
calculated for arousal and valence scores averaged across
participants for each video.

2) CLASSIFICATION OF SAMPLES
After training the ML model to predict the quadrant location
of each video on a bivariate plane defined by arousal and
valence scores, we used the decision probability scores to
assess the average performance of each participant. The

TABLE 3. Time-sliding accuracy.

FIGURE 10. Representation of the results for the STD analysis for the
valence, arousal and probability scores for each participant.

probability scores were averaged across the videos to obtain
a single numeric performance score for each participant.
Moreover, for each participant, we calculated the standard
deviation (STD) of the self-assessment scores for arousal,
dominance, and valence across the 40 videos. These STD
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TABLE 4. Accuracy results for the first quadrant of Russell’s Model.

values served as proxies for the credibility of the participants’
engagement and understanding of the task, given the expected
high variability across the videos. We compared these STD
values to the decision probabilities output by the ML
model. By setting the 25th percentile as the lower threshold,
we identified participants with low variability in their scores
and/or low classifier decision probabilities, flagging them as
potentially non-credible or poorly performing participants.

VI. RESULTS
A. RELIABILITY OF EXTERNAL LABELS
Figures 6, 7, and 8 display the results of self-assessment con-
cerning valence, arousal, and dominance scales, respectively.
The X-axis represents the 30 participants (user IDs), while
the Y-axis depicts the 40 video IDs. Table 2 summarizes the
information retrieved from the DEAP dataset.

The correlation analysis reported in Figure 9 revealed
varying degrees of alignment between self-assessment scores
and external labels. Generally, there was a strong correlation
for valence, while arousal and dominance correlations were
comparatively weaker and not significant. This discrep-
ancy underscores the challenge of matching subjective
self-assessments with external labels obtained from a broader
population database.

Nevertheless, external labels derived from a large-scale
population study provided a standardized and objective
measure of emotional response, essential for the consis-
tency required in ML model training and evaluation. This
approach mitigated individual variability and biases inherent
in self-assessment data, allowing for more robust model
performance. Hence, we opted to utilize the Valence-Arousal
Quadrant Estimate available in the DEAP dataset.

B. REGION OF INTEREST COMPUTATION
Table 3 presents the outcomes of the ROI analysis in terms
of scores associated with each of Russell’s quadrants across
different time segments. The results indicate that the most
effective time segment for Russell’s quadrants is the interval
from 0 to 5 seconds. Hence, our pipeline enabled us to
identify the EEG signal trial that optimally discriminates
between EEG data corresponding to emotional stimulation
and EEG data from the resting condition using binary
classification methods.

C. CLASSIFICATION PERFORMANCE
Tables 4, 5, 6, and 7 present accuracy split scores, mean test
scores, and mean standard deviations for each user in the
LOSO cross-validation approach across the k-fold training
strategy for each of Russell’s quadrants.
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TABLE 5. Accuracy results for the second quadrant of Russell’s Model.

Table 8 displays each model’s mean accuracy and standard
deviation in the LOSO training strategy for the binary
classification between stimuli and baseline conditions.

D. CLASSIFICATION OF SAMPLES
Figure 10 shows the horizontal bar plots of the STD values of
the self-assessed valence scores (10a), the STD values of the
self-assessed arousal scores (9b), and the average probability
scores across the 40 videos (10c). The participant with user ID
26 is not considered in the analysis due to a lack of acceptable
trials after the preprocessing steps.

The STD analysis identified two participants (user
IDs 1 and 5) with consistently low variability across the
two metrics (arousal and valence), thus flagging them
as participants with untrustworthy labels. Interestingly,
some participants exhibited low variability in arousal and
valence (user IDs 6 and 15) but maintained high mean
decision probabilities, suggesting that their self-assessments
did not align well with the classifier’s performance.
These cases likely indicate misunderstandings or inaccura-
cies in self-assessment, reinforcing the need for external
labels.

Conversely, another group of participants showed high
variability in their self-assessments but low classifier per-
formance (user IDs 10, 11, 20, and 23), suggesting that

the external labels may not accurately reflect their actual
emotional states. This outcome highlights the complex inter-
play between subjective emotional experiences and objective
measures. However, the overall use of external labels remains
justified, as they provide a more stable reference point for
the classifier, facilitating the identification of broader patterns
in EEG data that the subjective nature of self-assessment
scores might obscure. This approach ultimately supports
the development of more generalizable and reliable emotion
recognition models.

VII. DISCUSSION
A. RELIABILITY OF EXTERNAL LABELS
The findings from our study reveal significant insights
into the reliability and validity of self-assessment ques-
tionnaires used in conjunction with EEG data to predict
emotional states. Themoderate to strong correlation observed
for valence between self-assessment scores and externally
derived labels suggests that, to some extent, subjective
reports can align with broader population data. However,
the weaker correlations for arousal and dominance point to
potential limitations in the self-assessment method, which are
well-documented in the literature.

Onemajor issue with self-assessment questionnaires, espe-
cially when administered immediately after a cognitive task,

VOLUME 12, 2024 159309



T. Colafiglio et al.: NeuroSense: A Novel EEG Dataset Utilizing Low-Cost, Sparse Electrode Devices

TABLE 6. Accuracy results for the third quadrant of Russell’s Model.

is the potential for response biases and inaccuracies. Studies
such as those by Paulhus et al. [41] and Podsakoff et al. [42]
have highlighted the impact of social desirability bias, where
participants may consciously or unconsciously alter their
responses to be viewed more favourably. Additionally, the
immediate nature of the self-assessment can lead to hurried
or less reflective responses, reducing the reliability of the
data [43]. Furthermore, cognitive fatigue and emotional car-
ryover effects from the task itself can distort self-assessment
scores, as discussed by Schwarz [44]. The experiment lasted
approximately 100 minutes for each participant, with a
15-minute break after the first 20 videos. These factors
collectively contribute to the observed discrepancies between
self-reported measures and objective data, such as the
EEG-based classifier outcomes.

B. PERFORMANCE OF THE ML MODELS
The findings from our study demonstrate that our ML
models achieved promising accuracy in classifying emotional
states across different quadrants of Russell’s model using
EEG data. The mean accuracy and standard deviation for
each user, as presented in Tables 4, 5, 6, and 7, indicate
consistent performance across the LOSO cross-validation
strategy. Additionally, Table 8 shows the average model
accuracy and standard deviations for binary classification

between stimuli and baseline conditions, highlighting the
robustness of our approach.

Direct comparisons with other studies that utilized publicly
available EEG datasets (as shown in Table 9) must be
interpreted cautiously due to differences in experimental
setups, the number of electrodes, the quality of data, and
the specific classification tasks involved. While these studies
used more electrodes and higher-resolution EEG devices, our
work focuses on demonstrating that even with a low-cost,
portable device using only four electrodes, it is possible
to achieve competitive results in emotion classification
tasks.

For example, the DEAP dataset, which uses 32 electrodes,
provides high spatial resolution, leading to improved accu-
racy in emotion classification tasks. Studies utilizing the
DEAP dataset have reported varying accuracies for emotion
classification tasks. For instance, Singh et al. proposed a
hybrid deep learning model for the quaternary classification
of emotions, achieving significant accuracy improvements
(accuracy 88.19%) [45]. Cui et al. achieved an accuracy of
83% for predicting the arousal state and 85% for the valence
by using the group phase locking value of multichannel
EEG [46].

Meng et al. used cascaded convolutional neural net-
works (CNNs) to achieve an average accuracy of 94.43%
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TABLE 7. Accuracy results for the fourth quadrant of Russell’s Model.

TABLE 8. Average model accuracy scores and standard deviations for
binary classification between stimuli and baseline conditions.

and 94.85% in arousal-based and valence-based classifi-
cation [47]. Similarly, Saha et al. employed multi-band
feature extraction for emotion classification, reporting aver-
age accuracies of 97.06% for valence and 96.93% for
arousal [48]. Ye et al. proposed a deep spatio-temporal
mutual learning model, demonstrating the effectiveness of
spatio-temporal features in enhancing emotion recognition
performance. The authors achieved 98.32% accuracy on
four-class classification tasks [49].

In contrast, our dataset employs only four electrodes,
significantly reducing the spatial resolution of the EEG data.
Despite this limitation, our study reports mean accuracies
ranging from 75% to 80% across different quadrants,
suggesting that our approach, which integrates external labels
for model training, can enhance the classifier’s performance.
This improvement could be attributed to the use of more

representative emotional labels, which potentially offer better
generalization capabilities for the model.

The SEED dataset is designed to evoke positive, neutral,
and negative emotions, recorded using 62 electrodes [2]. The
SEED dataset’s multi-session recordings provide a robust
evaluation of cross-session variability. Zheng and Lu [2]
utilized deep belief networks (DBNs) to achieve an accuracy
of approximately 83% for emotion classification. Meng et al.
applied their method also on the SEED dataset, achieving
an average accuracy of 94.16% [47]. Zhang et al. proposed
an attention-based hybrid deep learning model with a final
accuracy of 92.47% on SEED datasets [50]. In [51], a flexible
analytic wavelet transform (FAWT) that decomposes the
EEG signal into different sub-band signals is tested on
the SEED, achieving an average classification accuracy
of 90.48%.

The high electrode count in SEED allows for cap-
turing detailed spatial information, contributing to high
classification accuracy. Our study, with fewer electrodes, still
demonstrates competitive accuracy.

The DREAMER dataset contains EEG and ECG record-
ings from 23 participants watching video stimuli, using
14 electrodes [6]. The dataset includes self-reported rat-
ings of valence, arousal, and dominance. Katsigiannis
and Ramzan employed various machine learning models,
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TABLE 9. Performance comparison of various EEG datasets and machine learning methods for emotion recognition.

reporting accuracies around 66% for valence and 63% for
arousal classification using KNN and SVM. More recently,
a sparse DGCNN has been developed with different features
and spectral bands, including EEG features in the time-
frequency domain, with accuracy for valence at 68% and for
arousal at 67% [52]. These performance metrics are lower
than those achieved in our study, possibly due to differences
in stimuli type, feature extraction methods, and the number
of electrodes used.

Indeed, the number of electrodes used in EEG studies
significantly impacts the quality and richness of the data.
More electrodes provide better spatial resolution and capture
more detailed neural activity [53]. However, our results
demonstrate that even with only four electrodes, it is possible
to achieve high classification accuracy. This suggests that the
quality of emotional labels and the robustness of the model
training approach are critical factors in the performance of
emotion recognition systems.

C. CLASSIFICATION OF SAMPLES
Our analysis identified two participants with consistently low
variability in their self-assessment scores, suggesting a lack
of engagement or understanding of the task. Low variability
in self-reported measures can often indicate disengagement
or superficial task engagement, as participants may not fully
engage with the self-assessment process, leading to less
variation in their responses. Additionally, the observation
that some participants exhibited high decision probabilities
from the classifier despite low variability in self-assessments
suggests that these individuals may not have comprehended
the assessment instructions properly or may have been
inconsistent in their self-reporting. Findings from van der
Linden support this concern [54], who discussed the
validity of self-reports in dynamic and multifaceted tasks,
highlighting the potential for inaccuracies when participants
misunderstand or inconsistently apply the assessment criteria.

Moreover, the group of subjects displaying high variability
in self-assessments but low classifier performance under-
scores the potential mismatch between subjective experiences
and external labels. This discrepancy might arise because
external labels do not fully capture the nuanced emotional

states of individual participants, as noted by Russell [19]
in his circumplex model of affect, which emphasizes
the complexity and variability of emotional experiences.
The challenges in aligning subjective self-assessments with
objective measures like EEG data highlight the need for
improved methodologies and the consideration of individual
differences in emotional processing and reporting.

Our study supports the notion that while self-assessment
questionnaires provide valuable insights, various factors
can compromise their reliability, necessitating a cautious
interpretation of the data. Future research should focus on
refining self-assessment tools and integrating multimodal
approaches to capture individuals’ emotional states more
accurately.

VIII. CONCLUSION
The primary objective of this work was to present the EEG
NeuroSense dataset and demonstrate its potential as a tool for
advancing emotion recognition tasks. By making the dataset
publicly available, we aim to foster further exploration and
innovation within the research community.

Looking forward, the development of regression models
to predict continuous values of valence and arousal will be
a natural progression from the current discrete classifica-
tion approach. This shift toward continuous prediction is
aligned with current trends in affective computing, which
emphasize the importance of capturing the full spectrum
of emotional states. In addition, further exploration of the
relationships between different EEG frequency bands and
specific emotional states will provide deeper insights into the
neural underpinnings of emotions, thereby enhancing model
interpretability and accuracy.

A key advantage of this study is the use of the Muse2
EEG device, which, with only four electrodes, provides
a non-invasive and accessible method for acquiring EEG
data. Despite the simplicity of the device, it demonstrated
reliable accuracy during signal acquisition, offering a viable
alternative to more complex and costly EEG systems. This
accessibility is critical for expanding the application of
emotion recognition technologies, particularly in real-world
contexts where portability and ease of use are essential.
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The results obtained with the NeuroSense dataset illustrate
the potential of sparse electrode setups for emotion recogni-
tion. Even with a limited number of electrodes, our findings
suggest that it is possible to achieve competitive performance
when compared to more elaborate systems. This highlights
the practical value of portable EEG devices, particularly in
applications where simplicity and accessibility are crucial.

While this study focuses on the introduction and demon-
stration of the NeuroSense dataset, we recognize the
importance of testing the generalizability of our findings
across other public EEG datasets. Future research could also
explore more advanced ML techniques to fully exploit the
dataset’s potential and uncover new insights. In this regard,
NeuroSense provides an open platform for the community to
explore novel methods and contribute to the evolving field of
affective computing.
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