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Abstract: This paper addresses the limitations of relying solely on facial expressions for emotion
recognition by proposing an advanced approach that emphasizes continuous monitoring of elec-
troencephalography (EEG) signals. Recognizing the potential for deception in facial expressions, our
study leverages the growing interest in EEG signals, tapping into advancements in deep learning and
machine learning. By optimizing the configuration of EEG electrodes, our approach enhances the
accuracy of emotion classification systems, offering a streamlined solution. The proposed multi-input
system refines EEG-based emotion recognition efficiency and integrates facial expression analysis
to enhance overall system effectiveness. Through the application of brain heat map topographies
and facial expression recognition, our system, employing just nine electrodes, outperforms basic
emotion recognition setups. Experimental results validate that combining facial expression analysis
with EEG signals provides a more comprehensive and accurate understanding of human emotions.
This innovative approach holds significance across various sectors, including healthcare, psychology,
and human–computer interaction. The paper introduces a novel multi-input system approach, col-
laboratively fusing two powerful deep learning algorithms: two Convolutional Neural Networks
(CNNs). The proposed EEG-based CNN algorithm achieves an efficiency of 87.43%, rising to 91.21%
when integrated with the DeepFace CNN. The seamless integration of facial expressions and brain
topographies enables the system to efficiently harness abundant information from both modalities,
ensuring a thorough comprehension of human emotions. By capitalizing on the combined advantages
of analyzing facial expressions and EEG-derived brain topography, this avant-garde technique sub-
stantially improves both precision and efficiency in emotion recognition systems. This enhancement
establishes a foundation for the introduction of innovative applications across a spectrum of fields.

Keywords: emotions EEG database; EEG Signals; EEG feature extraction; multi-modal system; deep
learning; emotion digitization

1. Introduction

Emotion recognition involves the intricate task of identifying and categorizing human
emotions, which are often nuanced and expressed in diverse ways. Several methods are
employed for emotion recognition, including facial expression recognition, speech analysis,
physiological signals, and EEG signals. Facial expression recognition relies on identifying
and classifying facial expressions, known for their potent conveyance of emotions. Various
methods exist for facial expression recognition, all grounded in the principle that different
emotions correspond to distinct patterns of muscle activation in the face [1,2]. Speech
analysis involves identifying emotional tones in speech utilizing factors such as pitch,
volume, and rhythm as reliable indicators of emotion [3]. Different emotions are associated
with unique patterns of acoustic features in speech. Physiological signals, including vital
signs, offer another avenue for emotion recognition. Variations in emotional arousal can be
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reflected in physiological signals, including blood pressure, skin conductance, and heart
rate [4]. Apart from the conventional techniques, electroencephalogram (EEG) signals offer
a non-invasive approach to quantifying electrical activity in the brain. A wide spectrum of
emotions can be accurately identified since different emotions have different EEG activity
patterns. To define typical emotions, researchers frequently use a two-dimensional scale,
namely the valence–arousal emotion axis. Arousal relates to the degree of an emotion,
whereas valence specifies whether it is favorable or negative. These characteristics can be
combined to map a broad spectrum of emotions and provide a more complex understanding
of emotional experiences. The valence–arousal model is depicted in Figure 1, which offers
a thorough framework for classifying emotions. The dimensional model provides valuable
insights into emotional reactions and facilitates the development of successful regulation
mechanisms for a range of persons and circumstances. It improves the analysis of emotions.

Figure 1. Two-dimensional axes showing different human emotions.

Affective computing is a multidisciplinary field that focuses on enabling computers
to recognize, interpret, process, and respond to human emotions. By combining princi-
ples from psychology, computer science, cognitive science, and other disciplines, affective
computing aims to create systems that can perceive and understand human emotions
through various modalities such as facial expressions, vocal intonations, gestures, and
physiological signals like heart rate and skin conductivity. The ultimate goal of affective
computing is to enhance human–computer interaction by enabling machines to adapt their
behavior according to users’ emotional states, leading to more personalized and empathetic
interactions in applications ranging from virtual assistants and healthcare to gaming and
education [5]. In the context of EEG emotion recognition, psychological theories play a
crucial role in understanding the underlying mechanisms of emotional processes. The
James–Lange theory posits that physiological responses precede the conscious experience
of emotion, suggesting that specific patterns of brain activity captured by EEG may cor-
respond to distinct emotional states [6]. Similarly, the Cannon–Bard theory proposes that
emotions arise simultaneously with physiological responses, implying that EEG signals
could provide valuable insights into the neural correlates of emotional experiences [7].
Additionally, appraisal theories emphasize the role of cognitive evaluations in shaping
emotional responses, suggesting that EEG-based emotion recognition systems should con-
sider not only the physiological manifestations of emotion but also the cognitive appraisal
processes that influence them. Integrating insights from these psychological theories into
EEG emotion recognition models can lead to more nuanced and accurate assessments of in-
dividuals’ emotional states, enhancing the effectiveness of affective computing applications
in real-world scenarios [8].
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1.1. Emotion Recognition through Facial Expressions

The ability of facial expressions to effectively convey emotions across cultural and
linguistic divides has attracted a great deal of study in the field of emotion recognition
research. The human face is remarkably versatile in conveying a wide range of emotions,
such as surprise, happiness, sadness, rage, and exhaustion. A vast variety of emotional
signals, including AI-generated human facial expressions, are produced by subtle changes
in facial muscles, such as the raising of eyebrows, wrinkling of the nose, or curving of the
lips. These idioms are widely recognized and relevant because they are frequently innate
and able to cross linguistic and cultural divides.

Understanding facial expressions can help one better understand emotional reactions,
thought processes, and social interactions. Tools that can precisely analyze and interpret
facial expressions have been developed as a result of technological breakthroughs, particu-
larly in the field of computer vision. At the beginning of research in the field, the main focus
of researchers was to develop a variety of methods for the identification and categorization
of facial expressions using computer vision and machine learning techniques. Typically,
these techniques depend on the extraction of face features, such as geometric features or
facial landmarks, which are then used as the input layer to the neural network for identi-
fying particular emotions [2]. In emotion detection systems based on facial expressions,
extensive research has been conducted to evaluate a range of classifiers, including but
not limited to Support Vector Machines (SVM), Artificial Neural Networks (ANNs), and
K-Nearest Neighbors (KNN). These studies using different classifiers have significantly
helped in understanding emotions from facial expressions [9,10]. Convolutional Neural
Networks (CNNs) in particular have gained prominence in the deep learning field, mainly
for image classification. Their adeptness in extracting and recognizing complex features
has been well-documented [11]. These CNN architectures are powerful tools for image
classification [12–14].

However, facial expression-based emotion recognition systems has its disadvantages
like any other systems. These techniques depending on facial expressions might suffer from
lighting conditions, head position, and head orientation, and they might also be affected by
cultural contexts. Moreover, non-emotional factors like health conditions, fatigue, or unique
personal characteristics may also affect facial expressions and, accordingly, the results from
the designed classifier; this kind of noise may potentially reduce systems’ efficiency.

Notwithstanding these obstacles, advances in deep learning, multi-modal fusion,
affective computing, and facial expression-based emotion recognition are promising av-
enues for future research toward even more precise and context-aware emotion recognition
systems [15]. As technology develops, facial expression detection will be progressively in-
tegrated with other modalities and real-time applications to enhance emotional intelligence
in artificial systems and human–computer interactions.

Multi-modal techniques, which combine facial expressions with additional indicators
including verbal intonation, physiological signs, and contextual information, should be
taken into consideration by researchers and developers. Emotion recognition systems
can produce more reliable and accurate findings by combining different data sources that
correspond better with the complexity and diversity of human emotions. Researchers have
experimented with fusing different physiological signals or contextual information with
facial expressions to improve the accuracy of emotion recognition [15–17].

1.2. Emotion Recognition through EEG Signals

EEG is important in emotion identification because it provides insight into the electrical
activity of the brain linked with diverse emotional states. This non-invasive technique
records the brain’s different activities when the human is exposed to different emotional
stimuli in real time, revealing novel insights into the intricate dynamics of emotional
processing. EEG data analysis allows researchers to discover precise patterns and variations
in brain activity that correlate with various emotions such as happiness, sadness, anger,
and fear. These patterns—which are distinguished by different frequency bands such as
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alpha, beta, and gamma, power spectral density, and event-related potentials—allow the
creation of complex algorithms for reliably identifying emotions. Electrodes are applied to
the scalp in the EEG technique to assess brain electrical activity. EEG signals are extremely
tiny, usually measured in microvolts (µV). After being amplified and noise filtered, these
signals are shown on a computer screen. The frontal, parietal, temporal, and occipital
lobes are the four lobes that make up the brain. Different functions, including movement,
attention, memory, and vision, are attributed to each lobe. Different cognitive states can be
identified from the EEG signals collected from different brain lobes; emotions are generally
captured in the frequency range of 0.5–100 Hz, as Table 1 illustrates.

Table 1. EEG frequency bands and emotion recognition relevance.

Frequency Band Frequency Range
(Hz)

Emotion Recognition Relevance References

Delta 0.5–4 Limited direct relevance in emotion recognition; More related to deep
sleep and unconsciousness

[18]

Theta 4–8 Associated with emotional processing and memory; Some studies link
theta activity to emotional arousal and valence

[19]

Alpha 8–13 Lower alpha band (8–10 Hz) has been found to reflect emotionally
induced changes in cognitive and affective processing

[19]

Beta 13–30 Beta band activity has been associated with emotional regulation and
processing, especially in frontal and prefrontal brain regions

[20]

Gamma 30–100 Some studies suggest a role in emotion perception, attention, and
high-level cognitive processing related to emotions

[19]

Recent research has focused a lot of interest on EEG-based emotion detection because
of its potential to shed light on the underlying brain mechanisms that underlie emotions.
Electrodes are applied to the scalp to measure electrical brain activity, and thus makes EEG
a non-invasive, easily accessible method for analyzing emotions.

Comparing EEG signals to various approaches for emotion identification reveals some
important advantages. Because EEG-based emotion recognition algorithms have such
a high temporal precision, scientists can record the quick changes in brain activity that
coincide with transient feelings. EEG’s non-intrusiveness and safety make it a preferable
choice for repeated brain assessments, posing no risk of side effects.

Presently, EEG is easy to use and that allows its usage in various applications in
different fields, including medical and non-medical fields. One more advantage of using
EEG signals over facial expressions for emotion recognition is its generality of use for
different ages groups from infants to elderly.

EEG is useful for studying complicated emotional states and social interactions be-
cause it provides so much information about the human body. Its applications cover
a wide range of real-world situations, highlighting its function in individualized emo-
tion detection and treatment, from focused emotional therapies to emotion recognition in
human–computer interactions. Overall, EEG offers significant insights into the neurological
aspects of emotions, establishing it as a vital instrument in emotion recognition research.

The use of deep learning and machine learning techniques to identify emotional
states from EEG data has been the focus of recent research [21,22]. These methods, like
other machine learning methods, start by preprocessing the EEG data in order to re-
move noise. The next step for classification purposes is to identify important characteris-
tics describing [23–25] event-related potentials (ERPs), power spectral density (PSD), and
time–frequency representations, along with the most widely used characteristics, as de-
scribed in [26]. Then, these EEG characteristics are used in machine learning algorithms
such as SVM, Random Forest, KNN, and others though divide emotional states [27–32].
Additionally, deep learning models, including LSTM networks and RNNs, have proven
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effective in capturing the temporal dynamics within EEG data, enhancing the accuracy of
emotion detection [33,34].

One of the key benefits of EEG-based emotion recognition is its ability to track emo-
tional responses in real-time. This opens up potential applications in fields such as neuro-
marketing, human–machine interaction, and affective computing [17,21,35]. The process
typically involves the preprocessing of raw data, extracting features, and classifying emo-
tions, as illustrated in Figure 2.

Figure 2. EEG emotion recognition methodology.

EEG signals are increasingly utilized in neuro-feedback applications, enabling in-
dividuals to modulate their emotional states through real-time brain activity feedback.
However, EEG-based emotion recognition encounters several challenges. The susceptibility
of EEG signals to noise and artifacts, along with individual variations in brain structure
and neural function, can affect recognition accuracy. Emotions, being complex and multi-
dimensional, pose difficulties in precise classification based solely on EEG data. To address
these issues and enhance recognition systems’ reliability, researchers are exploring the
integration of EEG signals with other data sources, such as physiological signals or facial
expressions [26,36]. However, only a few studies have used brain heat map topographies,
which display relative gradient colors of brain activity across specific electrodes. The
primary advantage of these topographies is their ability to show relative activity levels
between different brain areas under varying conditions. Brain heat map representation is
suitable for a wide range of subjects, including diverse racial and age groups [21,37–41].

1.3. Privacy and Ethical Considerations

The privacy and ethical concerns surrounding EEG and facial expression emotion
recognition systems are paramount in today’s digital age. As these technologies delve
deeper into understanding human emotions, they raise significant questions regarding
data privacy and individual autonomy. EEG data, which directly reflect brain activity and
facial expressions, intimate indicators of emotional states, contain sensitive information
about an individual’s mental and emotional well-being. Consequently, there exists the risk
of unauthorized access, misuse, or exploitation of this personal data, potentially leading to
breaches of privacy and infringements on individual rights. Moreover, the development
and deployment of these systems must adhere to ethical guidelines, ensuring transparent
consent, data anonymization, and protection against discriminatory practices. As such,
meticulous attention must be paid to establishing robust privacy protocols and ethical
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frameworks to safeguard the rights and dignity of individuals involved in EEG and facial
expression emotion recognition research and applications [42].

2. Database and Data Collection

Efficient emotion recognition is important in different fields like psychology, medicine,
and human–computer interaction. The regular way of emotion recognition mainly depends
on external observations or self-reported emotions. On the other hand, EEG signals offers
more dependable and impartial methods of emotions identification. EEG-based biometrics
analysis of brainwave properties presents a novel method for objectively identifying emo-
tions. EEG signals are useful for both long-term and real-time monitoring due to their high
temporal resolution and non-invasive capacity to capture brain activity associated with
emotions. Through the use of a database where participants report their feelings in real
time while interacting with stimulus films, this study explores the application of EEG-based
biometrics in emotion identification.

2.1. Headset Selection

Careful selection of the EEG data collection headset plays an important role in main-
taining data integrity and accuracy during EEG analysis. The EMOTIV EPOC+ headset
was selected for our data collection. The highlights of the Epoc+ headset selection for
the process of data collection include its collection process method using 14 sensors, its
user-friendly interfaces, its light weight, and its ease of use [43]. With a high sampling
rate of 128 Hz, the EMOTIV EPOC+ is well suited to our study objectives as it captures a
broad range of frequency bands that are essential for in-depth brainwave pattern analysis.
With this configuration, precise tracking of brain activity is made possible by accurate EEG
signal mapping to designated brain areas.

Another advantage of the EPOC+ is its strong software support, particularly the
proprietary software from EMOTIV (version 3.8) and the accessible Python Software Devel-
opment Kit (SDK), known as CORTEX V2. The SDK, along with the software suite, provides
an easy-to-use interface for data collection and analysis, accommodating researchers with
varying degrees of experience in EEG data processing. The software’s support for exporting
raw data in standard formats (e.g., EDF, CSV) streamlines integration with diverse data
analysis tools [21,43].

From an economic standpoint, the EMOTIV EPOC+ strikes a judicious balance be-
tween cost and performance. In comparison to other high-end, research-grade EEG systems,
the EPOC+ delivers a similar functionality at a more budget-friendly price point, enhancing
its appeal for large-scale database collection initiatives while acknowledging the EPOC+’s
susceptibility to noise and artifacts. Our protocol systematically addresses these issues
through meticulous electrode placement and sufficient saline use, ensuring a reported
signal strength of 100% from all 14 electrodes to guarantee that the collected data have a
high fidelity.

2.2. Consideration of Participant Situational Context

Each participant, and indeed every human being, encounters diverse situations
throughout the day. These situational contexts invariably influence EEG signals. Par-
ticipants are subject to a myriad of environmental, social, economic, psychological, and
biological factors, all of which exert an impact on their brain activity. In this study, these
factors were deliberately left unfiltered to optimize the generalizability of the emotion
recognition system. Other than this, participants in this experiment were coming from
different races. Subjects contributing to the database collection were instructed to abstain
from snacks for a minimum of two hours prior to the session and abstain from main meals
for at least four hours before recording commenced to ensure a more pronounced effect of
the hunger stimulus videos [44].
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2.3. Stimulus Videos

The experimental protocol involves presenting participants with four distinct groups
of short clips, each comprising six clips. These clips exhibit durations ranging from 33 to
83 s, with an average duration of 53.46 s and a standard deviation of 9.62 s. This deliberate
variation in clip duration accommodates the diversity in individual emotional processing
times, intending to evoke a spectrum of emotional responses. Table 2 gives a detailed
summary of the durations of all stimulus videos used in the study, serving as a reference
for further analysis.

Table 2. Experiment stimulus videos’ duration in seconds targeting different human emotions.

Clip 1 Clip 2 Clip 3 Clip 4 Clip 5 Clip 6

Happy 47 50 49 61 54 56

Angry 52 48 62 50 50 49

Sad 83 55 42 47 58 58

Hungry 50 66 63 55 33 45

The study incorporates four video categories labeled as Happy, Angry, Sad, and
Hungry, corresponding to the anticipated emotional reactions evoked by each video or
group of videos. Importantly, these labels were not disclosed to participants during
the experiment. This intentional withholding of information aims to prevent biasing
participants’ responses, ensuring that their emotional reporting remains spontaneous and
unguided. Participants are encouraged to report their emotions freely in response to the
stimuli, devoid of any preconceived notions or expectations about the emotional content of
the videos.

2.4. Experimental Setup

Creating an appropriate experimental setup is crucial for obtaining reliable EEG
data. The setup should provide a controlled and comfortable environment for participants
to experience and express different emotional states. Proper instructions and stimuli
presentation protocols should be implemented to elicit genuine emotional responses.

The data acquisition methodology in this study centers on eliciting continuous emo-
tional responses from participants, who are prompted to report and update their emotional
states throughout the experiment [37]. Simultaneously, raw EEG signals are recorded using
the EMOTIV EPOC+ headset, while facial expressions are captured via a webcam connected
to the computer through a USB port. This multimodal approach aims to comprehensively
capture emotional responses. Emotional elicitation is achieved through various stimuli,
such as photographs, videos, short clips, or a combination of these mediums.

High-quality EEG data acquisition is essential for accurate emotion recognition. It in-
volves the proper placement of electrodes on the participant’s scalp according to established
standards (e.g., the 10–20 system [45]). Continuous monitoring of electrode signal quality
is performed through the user interface which is reading the signal quality and battery
level real-time values from the EMOTIV software. The objective here is to maintain the
overall signal connectivity at 100 and the battery level above 70, as shown in the interface.
Figure 3 shows the signal quality for all 14 electrodes on a scale of 1 to 4, where

• 1 indicates no signal, suggesting that the electrode is most likely dead or disconnected;
• 2 indicates a very weak signal that is not usable;
• 3 indicates an acceptable signal reception;
• 4 indicates a good signal.

The commencement of the recording process ensues upon activation of the “Record”
button, leading to the visual presentation of the video on the display. Moreover, partici-
pants are mandated to provide informed consent through the execution of an agreement
elucidating the nature of the data collection and the underlying rationale for the utilization
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of emotionally evocative videos. To streamline the experimental protocol, participants
are furnished with an EPOC+ headset, featuring meticulously calibrated sensors with a
moistening solution to ensure optimal connectivity. Placement of the headset on the partici-
pant’s cranium is followed by the strategic positioning of a monitor at eye level, thereby
enhancing attentiveness. A video camera is strategically positioned atop the display to
capture the nuanced facial expressions of participants throughout the video sequences.

Figure 3. Signal Quality and Battery Level.

The experimental paradigm unfolds through several distinct stages. Commencing
with a 60 s relaxation video devoid of recording, participants subsequently engage with a
sequence of videos categorized into emotional states including Happiness, Anger, Sadness,
Hunger, and Pain. Each video within this array spans a temporal range of 33 to 83 s, with
an average duration of 53.42 s. As participants progress through the experiment, they
are systematically prompted to articulate the emotions or affective states elicited during
the video exposure. This is achieved through the manipulation of designated keys on the
keyboard, as illustrated in Figure 4. The baseline emotional state at the initiation of each
video recording is predefined as “Neutral”, affording participants the flexibility to modify
their reported emotional state dynamically throughout the recording process.

Figure 4. Keyboard with labeled keys for reporting different emotions.
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To ascertain the integrity of the collected data, a continuous monitoring mechanism is
instituted to evaluate the connectivity of channels within the EPOC+ headset throughout
the recording process. In the event of any channel exhibiting suboptimal connectivity, the
ongoing recording is terminated to forestall potential inaccuracies in the data. Maintaining
experimental rigor, participants are instructed to remain seated at a standardized distance
of 80 cm from the display screen throughout the duration of the experiment. The utilized
screen is an LED TV with a resolution of 1366 × 768, characterized by dimensions mea-
suring 732 × 450 × 75 mm (width × height × depth), as depicted in Figure 5. Following
the presentation of each video category, participants are afforded a 60 s interval for hydra-
tion without the removal of the EPOC+ headset, thereby minimizing disruptions to the
established experimental conditions.

Figure 5. Full experimental setup example showing the screen dimensions and the distance between
the participant and the screen.

The constructed interface embodies a thoroughly developed graphical user interface,
featuring an expansive presentation of personal information fields situated prominently on
the right-hand side. The “Save Personal Data” command can be used to safely store the
entered personal information. In addition, the interface includes battery level and signal
strength indicators, which are carefully placed on the left side of the screen. A file explorer
function is also smoothly integrated, enabling users to selectively mark videos for playback
and EEG data for recording in addition to these functionalities. When “Record” is clicked
after choosing a particular video file, the recording begins and the display of the selected
visual stimuli is timed to coincide with the EEG data being captured.

The interface-managed data collecting procedure is carried out in a series of carefully
thought-out procedures. First, participant data are input and stored with great care. Sub-
sequently, a 60 s video featuring relaxing music is presented, exempt from the recording
of EEG or facial expressions. Following this preliminary phase, videos are systematically
chosen in a predetermined sequence for each categorical classification, and the recording
process is initiated.
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Throughout the video’s duration and extending an additional 10 s thereafter to ensure
a comprehensive capture of emotional nuances, participants articulate their emotional ex-
periences through the utilization of the designated keyboard. Concurrently, all 14 electrode
signals, as well as facial expressions, are systematically recorded. Once this comprehensive
recording cycle concludes, the subsequent video in the predetermined sequence is selected
and presented, perpetuating the structured progression of the experiment.

3. Multi-Modal System EEG with Facial Expressions—Proposed Model

In the dynamic landscape of artificial intelligence and deep learning, the challenge
of discerning and interpreting human emotions has captured considerable attention. The
chapter at hand delves into the development of an emotion recognition system that har-
nesses the capabilities of CNNs within the framework of deep learning specialized in
analyzing facial expressions and EEG topographies. This study not only reveals the intrica-
cies of the system but also outlines the critical steps involved in the construction of a robust
neural network system and the judicious division of data for training and validation [46].
Essentially, this work investigates the combination of two neural network outputs using a
CNN-based methodology that could improve our system’s ability to recognize complex
human emotions [47].

3.1. Facial Expression-Based Emotion Recognition

The accurate interpretation of facial expressions, which are key indicators of human
emotions, is essential in developing a comprehensive emotion detection system. There are
different studies and open-source systems using neural networks for facial expressions
emotion recognition. The advanced DeepFace CNN a crucial neural network in facial
expression analysis. DeepFace, a specialized and renowned CNN for face recognition and
emotion detection, provides a reliable solution for this vital component of the emotion
classification system. In the network structure of the DeepFace, a 48 × 48 grayscale image
is considered to be the input. The neural network was designed using a 12-layered architec-
ture between Conv, Maxpooling, and Average pooling layers [48]. Also, face recognition
will facilitate the avoidance of wrong facial expressions being fed into the system. Noted for
its accuracy, DeepFace is a powerful tool for identifying and categorizing facial expressions,
including angry, fear, neutral, sad, disgust, happy, and surprise. DeepFace is a valuable
tool in the design of emotion recognition systems [48]. Using the DeepFace neural network,
we can take advantage of the extensive development and training that have went into
DeepFace’s architecture as well as shorten the development time of our system by using
the pre-trained CNN to extract and analyze facial features from images or video frames.

We will examine in this study how DeepFace is incorporated into our system, the
preprocessing processes required for its optimal performance, and the techniques used
to combine its output with EEG topographical data-based network output for improved
emotion recognition in more detail. The addition of DeepFace to our framework is an
example of how specialized CNNs and deep learning combine to enhance the ability of our
framework to capture human emotions with enhanced improved accuracy. The emotion
model was implemented using a 12-layered architecture because the FER-2013 database
(48 × 48 × 1) was grayscale and had a lower resolution. The DeepFace CNN model is
composed of twelve layers, including an output layer with seven nodes representing the
following emotions: angry, disgust, fear, happy, sad, surprised, and neutral. There are also
five convolution layers, three fully connected layers, two average pooling layers, and one
max pooling layer. The input size for this model is 48 × 48 [48,49].

3.2. EEG Topographies and Brain Heat Maps

The characterization of EEG signal shape is dependent on demonstrating brain activity
at the moment of capturing the waveform, which is dependent on the brain region that
is active at that particular time. The human brain has three major lobes. The cerebrum,
the largest in size and most vital human brain segment, is divided into two hemispheres,
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each housing four distinct lobes: frontal, parietal, temporal, and occipital. The frontal
lobe governs complex voluntary motions and influences judgment, personality, decision-
making, and cognitive functions like abstract thought, language, and problem-solving.
Processing somatosensory details, the parietal lobe handles touch sensation and movement
coordination [50]. The temporal lobe manages auditory input, memory processing, and
speech functions, while the smallest lobe, the occipital lobe, oversees vision, including
color perception and spatial awareness. The brainstem controls vital life activities such as
breathing, blood pressure regulation, and swallowing. Finally, the cerebellum is in charge
of maintaining balance and precisely coordinating motions like walking and speech. EEG
waves have diverse shapes that indicate different types of brain activity [51].

The EEG signal is usually shown and presented as a chronological sequence of voltage
values, reflecting the electrical activity detected by electrodes and measured in microvolts
(µV). This signal is regularly sampled at consistent intervals, typically falling within the
range of 128 Hz to 1024 Hz. Standard EEG signals encompass a frequency spectrum of up
to 45 Hz, but in unique situations, this range may extend beyond 200 Hz. Conventionally,
theses are categorized into specific frequency bands: delta, theta, alpha, beta, and gamma
waves. These EEG frequencies represent various electrical activities within the brain and
offer insights into the functioning of different brain regions, as established by Ref. [52].

The utilization of EEG frequencies is widespread in the monitoring of brain activity
during various activities such as relaxation, sleep, and meditation, as well as in the diagnosis
and treatment of numerous neurological and psychiatric conditions [53]. For instance, deep
sleep is characterized by higher signal power in the delta band, signifying specific brain
activity during this sleep stage. Theta, alpha, and beta bands have empirically demonstrated
interest in emotion identification, as documented in publications [33,54,55]. Unwanted
frequency bands are filtered out using a second-order bandpass filter.

EEG topography stands as a non-invasive technique enabling researchers to create a
real-time visual representation of the electrical activity within the brain. This method has
found widespread application in neuroscience, facilitating the exploration of various facets
of brain function, encompassing cognition, emotion, and perception. The EEG and brain
heat map representation, called EEG topography, is shown in Figure 6. These topographies
might look clearly different when there is a change in the set of electrodes, frequency ranges,
or the window time frame used to build up the 2D map. In this study, each 1 s time frame
is considered to be a single topography without overlap. Window size helps in reducing
the noise to avoid problems that occur due to the continuous huge and fast changes in
human brain signals. EEG signals are not stable since they are affected by every movement,
thought, emotion, or feeling.

Figure 6. An example of an EEG 2D topography.
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The raw EEG data undergo analysis and processing to generate a brain activity heat
map, showing the distribution of human brain signals as electrical activity all over the
scalp using different electrodes placed in different locations. This technique has proven
invaluable in unraveling the neural mechanisms that underlie behavior and cognition,
establishing itself as an essential tool for researchers in neuroscience. The two-dimensional
topography of EEG contains spatial information, making it particularly useful for optimiz-
ing electrode placement on the scalp. Consequently, these topographies serve as the input
to an objective function aiming to maximize the discriminative ability between various
emotional states.

3.3. EEG Electrode and Frequency Band Selection

The red, green, and blue layers are used to represent different colors on a digital display
screen, and they are utilized to store the measured topographies that are gathered from the
gathered database. In other words, each visible color is represented digitally by three values,
and each one is between 0 and 255 per pixel. As a result, each topography can be thought
of as a three-layered matrix, where R, G, and B are the colors that correspond to each layer.
Each image in this study is considered to be a square of points with 64 × 64 points in each
color layer, for a total of three squares. Each pixel in the image has three values or three
points representing the amount of red, green, and blue colors intensities. According to
Ref. [38], the objective function is selected to be the total of the three RGB layers of the
absolute difference value between the averages of a set of EEG topographies collected for
two distinct classes of emotions. For a given emotion axis (valence in this case) a total of
N and M EEG topographic images are obtained for high and low valence, respectively,
without sacrificing generality. The average of the pixel values computed independently
for each layer or color C (R, G, B) determines the average EEG topographic heat map for
each emotional level. The absolute difference between the high and low classes of each
emotion’s average EEG topography is then computed [38]. The formula that is produced
and maximized using simplicial homology global optimization (SHGO) [38] is

∆̄C[64 × 64] =

∣∣∣∣∣ N

∑
i=1

High[E][C]i
N

−
M

∑
i=1

Low[E][C]i
M

∣∣∣∣∣ (1)

C represents one of the three colors (R, G, B), resulting in three absolute differences
in the average topography. The overall sum of the matrix, composed of each ∆̄R, ∆̄G, ∆̄B,
entails adding 64 by 64 by 3 for (R, G, and B), totaling 49,152 elements. These elements
signify the variance in average pixel values between high and low categories on the valence
or arousal scale. Three absolute variations in the average topography are produced in this
case, where C represents one of the three (R, G, and B) colors and N and M are the numbers
of high and low emotional axis topographies, respectively. The difference between the
average value for each pixel between the high and low categories of the valence scale is
represented by 64 × 64 × 3 for (R, G, and B), or 49,152 elements or pixels, which make up
the total sum of the matrix sum of each ∆R̄, ∆Ḡ, and ∆B̄.

ObjectiveFunction = ∆̄R + ∆̄G + ∆̄B (2)

As a result, SHGO approaches have shown encouraging results in terms of improving
EEG emotion recognition channels. This method maximizes the difference between high
and low levels of valence by optimizing the target frequency band of the measured signal,
the number of EEG channels, and their placements. The objective function was maximized
by using the SHGO optimization algorithm. The SHGO algorithm, like any optimization
method, tests the consequences of changing each input parameter in order to investigate
several alternatives. There are fifteen parameters to take into account in this scenario: the
frequency range (0 = theta, 1 = alpha, 2 = beta, and 3 = gamma) and the fourteen EEG
channels that can be active or deactivated (multiplied by 0 or 1). Thus, the total number of
combinations is 41 × 214 = 216.
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The power spectral density, which is derived from all 14 of the activated channels in
one of the four frequency bands, is essentially what creates the topography heat map. In
the topography, all inactive channels are represented by zero values (multiplied by zero).
The resulting objective function to be maximized depends on maximizing the absolute
difference between the two topographies representing the two opposite emotional axis
levels pixel by pixel. Each average topography represents a level of the valence axis. The
next step is to add up all of these absolute differences for each pixel among the 64 × 64 pixels
to obtain a single number that expresses the difference between these two diametrically
opposed feelings. Although optimization approaches normally yield just the ultimate
optimal answer, this work documented and preserved all of the alternatives examined by
the SHGO methodology for future examination. These different input possibilities tested
during the optimization process helped in a way showing how we can choose different
electrodes’ placements with frequency band to reach the optimum solution according to the
criteria we have. For example, and as we are going to show in this study, we have reduced
the number of sensors to increase the system’s simplicity while maintaining almost the
same system efficiency.

A chart showing the maximum objective function values for the valence emotional
axis plotted against the number of channels is shown in Figure 7. The findings show that
there is no big change in the valence emotional axis between using ten and nine sensors
system. Nine channels, AF3, F7, F3, FC5, T7, O2, T8, FC6, and F4, are the best choice to
have since more channels result in more noticeable differences between valence levels.
Using four electrodes initially causes a reduction in the objective function value, but it
subsequently increases again with five electrodes, although it remains lower than the value
achieved with three electrodes. The objective function continues to rise until the use of
ten electrodes, after which it gradually declines until reaching its lowest point when all
14 sensors are employed. Remarkably, this approach—and by choosing nine electrodes,
which results in almost the same value of the objective function—yields a reduction in
sensor complexity of over 35% compared to utilizing the full 14-sensor configuration, as
illustrated in Figure 8.

Figure 7. Maximum objective function value against the number of channels—valence axis.
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Figure 8. The optimum nine channels selected for valence axis level classification.

3.4. EEG-Based Emotion Recognition

Emotion recognition from EEG signals has gained significant interest in recent years
due to its potential applications in various domains, such as human–computer interaction,
mental health monitoring, and emotion-driven personalized services. Deep learning,
particularly CNNs, has shown promising results in extracting meaningful features from
EEG data for emotion classification. EEG is a non-invasive technique that records electrical
activity from the scalp, reflecting the underlying neural processes related to cognitive
and emotional states. Emotions are believed to manifest distinct patterns in the brain’s
electrical activity, making EEG an attractive modality for emotion recognition. Deep
learning has revolutionized various domains, including computer vision and natural
language processing. When applied to EEG emotion recognition, deep neural networks
can automatically learn relevant features from raw EEG signals, mitigating the need for
hand-engineering features [38]. CNNs are a particular kind of deep neural network and
are used to handle data that resemble a grid, such as heat maps or topographies, or time
series data like EEG or picture data. CNNs can detect local patterns and feature hierarchies,
which are essential for determining spatial relationships in EEG signals, by employing
convolutional layers. A heat map depiction of emotion topography depicts the spatial
arrangement of brain activations linked to various emotions.

Another crucial step in simplifying the entire emotion identification system is de-
termining the quantity of electrodes used to generate the heat maps and its placement
locations on the human scalp. Studies frequently use the method of focusing on certain
brain regions, such as the amygdala and prefrontal cortex, which are known to be involved
in emotional processing [21,38,56]. Optimum channel selection can help the system iden-
tify emotions more accurately by cutting down on unwanted noise and irrelevant inputs.
Furthermore, consistent EEG readings with fewer artifacts and interferences depend on ac-
curate electrode placement. Following the universal 10–20 method for electrode placement
guarantees consistent and standardized data gathering between participants, which en-
hances the performance and comparability of emotion recognition algorithms. The field of
EEG-based emotion recognition can be greatly advanced, and the practical applicability of
these systems in areas such as affective computing and mental health monitoring enhanced
by fine-tuning the selection of channels and electrodes. This will yield more consistent and
comprehensible results.

During the training process, the model fine-tunes its internal parameters, learning
to minimize the classification error. This approach ensures that the model is thoroughly
trained on a substantial portion of the available data, providing the model with a com-
prehensive understanding of the patterns associated with different emotional states as
represented in the EEG signals. Evaluation of the model is performed on separate test



Appl. Sci. 2024, 14, 2487 15 of 21

databases (20%) to assess its generalization and performance on unseen data. These percent-
ages for the data split are used for valence emotion axis level recognition. The EEG emotion
recognition system based on CNNs using emotion topography heat map images has nu-
merous potential applications. It can be integrated into real-time emotion-aware systems,
affective computing, and mental health monitoring, enabling personalized services based
on detected emotional states. Utilizing raw EEG signal recordings obtained via the headset,
PSD values are computed at specific, optimized electrode locations, and subsequently
employed to generate a cerebral heat map that visualizes patterns of brain activity.

The valence CNN architecture presented in Table 3 is designed for the analysis of
EEG topographies. It specifically focuses on EEG data collected from the nine optimum
electrodes, namely, AF3, F7, F3, FC5, T7, O2, T8, FC6, and F4, with a particular emphasis on
the beta frequency range. The architecture begins with an input layer to receive EEG topog-
raphy generated based on the data from these electrodes as a colored image represented
digitally by the three color layers. It subsequently employs two convolutional layers, Conv1
and Conv2, to extract spatial features from the input data. Activation layers, Act1 and
Act2, introduce non-linearity into the model. Max-pooling layers, MaxPool1 and MaxPool2,
reduce the spatial dimensions of the feature maps. The Flatten layer prepares the data for
fully connected layers, followed by Dense1 and Dense2, which process the flattened data
for the final output. The table provides additional information, including the total number
of parameters in the network (972), and distinguishes between trainable and non-trainable
parameters. This architecture is tailored for EEG analysis, particularly in the context of beta
frequency range topography. The designed network was trained and validated on a newly
collected database with a total number of 16,764 topographies for high and low valence
levels. To ensure robust evaluation, the database is divided into training and validation
sets, accounting for 80% (13,411 topographies) and 20% (3353 topographies), respectively.
This division facilitates both extensive model learning and independent validation, thereby
enhancing generalization capabilities and fine-tuning. This comprehensive methodology
manifests itself as an efficacious emotion recognition system rooted in topographic EEG
data. Impressively, the system had an accuracy of 72.53% when using the full 14 electrodes
while it attains 87.43% accuracy when using only 9 electrodes in distinguishing high and
low valence levels.

Table 3. Valence CNN layers structure.

Layer (Type) Output Number of Param

2D Convolutional (None, 63, 63, 10) 130
Activation (None, 63, 63, 10) 0

2D Max Pooling (None, 12, 12, 10) 0
2D Convolutional (None, 11, 11, 10) 410
2D Max Pooling (None, 2, 2, 10) 0

Activation (None, 2, 2, 10) 0
Flatten (None, 40) 0
Dense (None, 10) 410
Dense (None, 2) 22

3.5. Fusion of Networks’ Results

The difficult problem of emotion recognition is greatly improved by combining data
from multiple modalities. It has recently been demonstrated that combining facial expres-
sion with EEG-based CNN outputs is a potential method for emotion identification. When
facial expression-based CNNs like DeepFace are combined with the output of EEG-based
networks that capture brain activity, a complete and powerful emotion identification sys-
tem may be created. This section looks at the results of the fusion between the two neural
networks outputs and its effect on the overall system efficiency. It also goes over potential
tactics and guidelines for this integration.
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The identification of emotional states, such as responses to certain stimuli or mental
processes, may be preformed using EEG data. However, DeepFace CNN is made to use
cameras to recognize facial expressions and provide accurate visual cues about emotional
states that are observable from the outside. Enhancement of the efficiency and accuracy of
the emotion identification system may be achieved via the merging of these two modalities.
Data from EEG-based networks and DeepFace CNN output may be combined using a
variety of fusion techniques [57–59]. Here are some possible methods for this fusion
as examples:

• Feature-Level Fusion: Combines features extracted from both EEG and facial expres-
sion data before classification.

• Decision-Level Fusion: Independent decisions from each modality are combined to
reach a final classification.

• Late Fusion: Integrating the models themselves, such as through ensemble methods
or hybrid architectures.

• Early Fusion: Combining the input data from the DeepFace and EEG-based CNNs
and sending them to a single CNN for collaborative feature learning.

In this study, we combine the outputs of DeepFace CNN with an EEG-based CNN,
using a decision-level fusion technique to improve emotion recognition. By taking use
of the unique advantages of each modality, this approach seeks to increase the accuracy
and scope of emotion detection systems [60]. The main and key factor of this integration
is the use of the neural networks’ confidence scores (CS) for each network’s output. The
confidence score describes how confidently an input is classified by the model into a certain
class or output. In the classification process, CNNs often give a CS, or the likelihood that
the input belongs to a class. Typically, the class with the highest CS is selected for the final
output. The softmax activation function is typically used to transform the output scores of
the network into a probability distribution.

Using this method to combine the networks’ outputs is powerful for creating an emo-
tion recognition system that is more accurate and reliable. Confidence scores play a critical
role in determining if more validation or human intervention is necessary, particularly in
critical applications like autonomous driving or medical diagnostics where the model’s de-
cisions have far-reaching consequences. Moreover, CSs are essential to the decision-making
process and overall performance evaluation since they help users evaluate and trust CNN’s
outputs, as well as comprehend the behavior of the model. The CS score for the valence
emotional axis, which summarizes the many combinations that may be made for emotion
identification, is the basis for the system’s outcomes, as indicated in Table 4.

Table 4. Valence emotion classifications possible combinations and reported emotional state.

EEG-Based CNN
Result

FE-Based CNN Result Valence
Network CS

Output

Happy/Sad Not Detected Any EEG result
Happy/Sad Happy/Sad Any EEG result
Happy/Sad Sad/Happy >0.7 EEG result
Happy/Sad Any ≤0.7 Result with the

highest CS

4. Results and Discussion

The final step is the fusion between the two results from the two separate neural
networks reporting human emotions using facial expressions and EEG heat maps. The
fusion between networks’ outputs could be performed in different ways. In this study, a
decision-level fusion technique was used based on the confidence score. As previously
stated, and illustrated in Table 4, the confidence score threshold was established at 0.7.
This number was derived by a through a statistical study designed to resolve instances of
inaccurate categorization. The decision process involved manually adjusting the confidence
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score threshold. Subsequently, we computed the percentage of accurate results produced by
the neural network when confidence scores exceeded the selected threshold, alongside the
percentage of erroneous results when confidence scores fell below it. This assessment was
conducted relative to the total number of attempts above and below the specified threshold,
respectively. The study found that the vast majority of wrong classifications happened when
the confidence score went below 0.7. In light of these findings, this threshold was carefully
selected as the ideal spot for executing the fusion process. This approach guarantees a
more dependable and accurate classification process by reducing the chance of mistakes
associated with lower confidence levels, increasing the methodology’s overall efficiency by
depending on facial expressions’ CNN results. The fusion technique depends on separately
training EEG- and facial expression-based CNN models and combining their outputs using
a weighted sum or majority voting to make the final emotion classification decision. The
application of this mathematical expression involves considering the result from the EEG-
based CNN when facial recognition by the camera yields negative results, when both CNNs
have the same output, or when they have different emotion classes but the EEG-based CNN
has a confidence score greater than 70%. The final situation is when each CNN reports a
different emotional class and the EEG-based CNN has a confidence score less than or equal
to 70%, in this case, the emotion reported with a higher confidence score will be considered.
The subsequent amalgamation of outputs from the two aforementioned CNNs is manifested
as an enhancement in the overall efficiency of emotional classification. The fusion system
mainly depends on the EEG signals to avoid faking facial expressions or lighting and
camera position misleading problems. As a result of applying the fusion equation to the
results achieved by the two CNNs, the efficiency was improved from 87.43% to 91.21%
by applying the algorithm on 3353 random images out of database samples previously
labeled by the participants as happy or sad. Obviously, we can see that the multi-modal
system depending on two different inputs enhances the overall system’s accuracy as well
as generalizes the system’s usage.

The multimodal emotion recognition system finds applications in affective computing,
where it can be used to create emotionally intelligent systems that respond to users’ emo-
tional states. The system can enhance human–computer interaction by enabling devices and
applications to adapt to users’ emotions, leading to more personalized and engaging experi-
ences. In the context of mental health, our system can aid in monitoring and understanding
emotional states, potentially assisting therapists and individuals in managing mental well-
being. The high accuracy indicate the system’s robustness in accurately classifying human
emotions using the combined information from EEG data and facial expressions. These
metrics provide a quantitative measure of the system’s ability to correctly identify different
emotional states.

5. Conclusions

This study investigates the fundamental components of database construction and
information collection in order to develop an EEG-based emotion detection system and
investigate using facial expressions to enhance recognition efficiency. EEG is the rec-
ommended method for emotion recognition analysis because of its superior temporal
resolution, non-intrusiveness, and capacity to monitor brain activity linked to emotions.
The EMOTIV EPOC+ headset was selected due to its wireless capability using Bluetooth,
ease of use, and adaptability to many real-world scenarios. These properties also help in
this study’s wide frequency band collection and cost criteria. In order to elicit a range
of emotional reactions, participants are shown short video clips with different emotional
content. During the experiment, facial expressions were recorded and monitored using
webcam while an EEG EMOTIV EPOC+ headset was used to record EEG signals from
14 different electrode locations placed on different brain lobes.

Moreover, in this study, we have proposed the method of integrating the two outputs
resulted from a facial expression-based CNN and an EEG signal-based CNN to enhance
the overall emotion recognition system efficiency using decision-level fusion technique
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depending on confidence score values. This method has increased the recognition accuracy
from 87.43% with only the EEG data represented as a brain activity map to 91.21% with the
combined CNN output by including DeepFace CNN. Each CNN is designed and trained to
recognize visual characteristics from pictures of facial expressions and EEG data presented
as a topography in order to capture human emotional states and create a complete high-
efficiency system that can recognize emotional states. Such an emotion recognition system
is more efficient than most systems based on single data modalities in terms of accuracy and
generalization capabilities. These advancements pave the way for future technology such
as emotion-aware virtual assistants, immersive interactive entertainment, and attentive
mental health monitoring, which will all be seamlessly integrated.

For future work, it is planned to delve deeper into the exploration of alternative
fusion techniques. This includes conducting comparative studies between decision-level,
feature-level, and hybrid fusion approaches to determine their respective advantages and
limitations in the context of emotion recognition. Additionally, we aim to investigate
novel fusion strategies that leverage advanced machine learning algorithms, such as deep
learning architectures, to further improve the performance of our multimodal emotion
recognition system. By systematically evaluating these fusion methods, we anticipate
refinement of our system’s capabilities and contribution to the advancement of multimodal
affective computing research. The extraction of different features from EEG signals for
emotion recognition is also to be investigated in future work. In addition to this, there will
be more analysis on other emotions included in the database, taking into consideration the
ethical aspects and privacy concerns.

In conclusion, this research at the confluence of affective computing, machine learning,
and computer vision is highly promising and spurs further exploratory studies. This merg-
ing of neural networks is set to enhance the development of human emotion recognition
methods that are more intuitive, responsive, and emotionally intelligent. The system was
trained on a self-collected database with instant emotion reporting. The data collected
are meant to solve a very common problem, which is the reporting of one single emotion
with one specific emotional degree per stimulus or session of the experiment. In the col-
lected database, this problem is solved by asking the participant to report the emotions
instantly, and whenever it changes, the participant is asked to update it. The potential
for groundbreaking advancements in emotion recognition systems makes it imperative to
continue pioneering research in this exciting area, promising revolutionary developments
in emotion recognition.
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