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Abstract

In many applications of human-computer interaction, emotion predicti
enhance emotion categorization, we present a hybrid deep learning myge
convolutional neural networks (CNN) with long short-term mema @
processing step refines the input data using Q-based score normali’Ngug@Pto ensure ideal feature
his employed to extract
to identify intricate

scale and distribution. Emotional states are robustly classified when CIN
spatial data, and LSTM captures temporal relationships. Our mo abi
emotion patterns is demonstrated through training and ev n a benchmark emotion dataset.
According to experimental results, our suggested C ol performs exceptionally well
on the test dataset, attaining 100% accuracy. d Fl-score. These exceptional
results highlight the power of combining in handling emotion prediction's spatial
and continuous aspects. Q-based score
by ensuring a well-distributed feature spa
study underscores the potential of hybrid 8
@os can be
omputer interaction.

er enhances the model's performance
ately improving classification consistency. This
b0 learning architectures in improving emotion

recognition applications. Our fi ipplied in diverse domains such as emotional

computing, mental analytics, a

Keywords: Hybrid emoti redicty NN, LSTM, Q based score, normalization, precision,

recall, flscore and acc

1. Introduction

interface between humans and computers more natural and efficient,
ction (HCI) aims to promote online learning, aid in human growth, and

e accurately identified and processed to provide a more intuitive and natural human-
uter connection. Numerous machine learning methods have been created and continuously
enhanced throughout the past 20 years of research on automatic emotion perception. Automated
systems that can comprehend and interpret human emotions have the potential to revolutionize a
society that is becoming more and more digital. Accurately interpreting human emotion might
drastically alter these environments, given the rise of internet platforms for social engagement,
education, healthcare, and remote work. For instance, automated facial expression detection might
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enhance telehealth services by providing physicians with real-time information on patients'
emotional reactions [1].

Human emotions convey information through various channels, including speech patterns,
body language, and facial expressions. Faces are important for communication and relationshi
dynamics because they show how individuals react to different situations. Face expressions act a
transmitters, giving others subtle clues. In daily interactions, these expressions—freque
unplanned and instinctive responses to stimuli—are essential to nonverbal communicatio,
transmits social cues and reveals an individual's emotional condition. The late 20th-centu &
by Ekman and Friesen, which categorized six universal facial expressions—p .
surprise, disgust, sadness, and rage—solidified Darwin's idea [2].

The micro-expressions were highlighted by closely examining thg
patient. The patient briefly displayed a concealed melancholy emg
(1/12 second) while always seeming happy. Studies on mi
importance for spotting dishonesty, especially in high-stakes scenari8

ide a y ill
g two frames
Fions highlight their
Mie police interrogations

=

when lying might have deadly consequences [3].
People who are struggling with mental health disord ﬁit challenging to correctly
interpret and react to social signals, such as tone and fa refions. Reading these cues and

101 ehending those of others, and

reacting correctly is essential for controlling our ¢
ctions requires understanding how our
fects, angry people, for example, may

fostering relationships. Building adaptiveg®
social activities affect other people's vig @
fsions. The subject of computer vision, known as

Facial Expression Recognition (FER), offersS@uariety of methods for identifying human emotions

science, therapeutic practice, n-machine interaction, which is why researchers are

interested in FER. More systems can be created thanks to technological
developments and picture g methods. Applications for FER systems can be found in
the music business, - keting, healthcare systems, school counseling programs, lie

ed on facial photographs, which frequently need the identification of Regions of
Is) because processing whole images would be computationally expensive. The
ons of FER extend to key areas of computer vision, such as data-driven animation,
ctive gaming, robotics, neuromarketing, and human-computer interface (HCI) [4].

In this instance, the use of FER for lie detection in police investigation is very complex and
necessitates a deep understanding of body language and psychology. Reducing error rates and
validating lie detection systems require the involvement of experts in these domains. Similarly,
the judicial sector frequently uses complex FER approaches that produce hybrid CNN-RNN
algorithms for lie detection. Lower complexity FER is useful for measuring client satisfaction in



industries like the fashion sector. This entails differentiating between good feelings that indicate
interest or a desire to buy and negative emotions that indicate indifference to a product. This
procedure is simpler than the difficult work of identifying falsehoods in police investigations [5].

FER's primary problem is handling large amounts of data variability that are impacted b,
personality, ethnicity, and expression intensity. Furthermore, factors like head posture and lightin
greatly influence how well facial expressions can convey human emotions. Another difficultyd
categorizing facial expressions into a small number of sorts since various ethnic groups havg
varied characteristics. Therefore, creating a strong identification model for FER is crucia

. 0
'I

fecti combines
tion performance.

primary technique for creating the FER model in recent years has been deep learg

Convolutional Neural Networks (CNN) [6].

e Second, we propose Q-based score normalization as a ?p

Contributions of the study

o First, we introduce a novel hybrid CNN-LSTM frame
spatial and temporal feature extraction, leading to superior

Rssing technique that
improves data consistency and overall model robus

e Third, our test findings show that the sugg mé@hod is resilient in emotion
identification tasks, achieving 100% accura call, and F1-score.

ments in real-time emotion analysis by
ing in emotional computing, mental

Organization of the paper

The hybrid emotion predici views the contributions of various authors in Section 2
(Related Works). Section
focuses on dataset analysi
concludes the resea

resentg th@¥proposed algorithm within the methodology. Section 4
sult prediction, and performance evaluation. Finally, Section 5
dings and discussions.

deep learning techniques often requires large amounts of data. To solve this
dal Conditional Generative Adversarial Network (GAN) is proposed. Utilizing
clin-René (HGR) maximal correlations, the GAN simulates the strong reliance
visual and hearing senses utilizing category information as input. The created data is
nded to the data manifold to account for class imbalance [7]. The model performs better
s of accuracy, precision, and memory efficiency than pre-trained models like VGG16 and
RESNET 50. This concept might be useful for cyber security, social media content regulation, and
identity verification. The model further incorporates Channel-Wise Attention Mechanisms during
feature extraction to improve RESNETS50's overall performance [8]. By balancing contextual and
granular information, this study suggests a hierarchical feature fusion network (DHF-Net) to detect
emotions during conversations. DHF-Net analyzes joint attention, action/intention, and discourse




emotion to comprehend cross-influence. It employs a hybrid convolutional neural network (CNN)
grouping technique with a bidirectional gate recurrent unit (Bi-GRU) [9].

Emotions are a multifaceted domain that impacts cognition, planning, and decision-making.
Utilized in e-learning, marketing, and human-robot interaction, automated human emotio
recognition (AHER) is a crucial area of study in computer science [10]. Combined text and visua
semiotic systems with online content using deep learning networks and machine learning. The
model consists of four parts: segmentation, text analysis, picture analysis, and the decision
The model outperforms individual text and picture modules with an accuracy of about 919

0.00091[12].

To estimate stock market prices, this article creates a hybrid mod

conclusions help investors make knowledgeable decisions Qs 1 to buy, sell, or keep shares
[13]. For characterizing and merging EEG data, EEGH ig a hybrid unsupervised deep
convolutional recurrent generative adversarial netwggk-Xag el. Deep EEG characteristics

natural language processing, machine learning, sentiment analysis’a

combining dynamic EEG data [14]. T Aises reldlion-based transfer learning to analyze
low-volume sentiment on SemEval public & he extracted features are injected into an implicit
neural network (INN) in the target domain, W@lch has synergistic effects due to its ability to
process continuous and intermitt, ata. The model achieves an accuracy of 88% and a 3% loss

rate on SemEval data [15].

and xperience, multimodal emotion recognition is essential.
However, assessing m several modalities is a challenge for traditional systems. GM
functions apply dyj to emotions in a hybrid multimodal emotion recognition (H-
MMER) fram ¥ average accuracy of 98.19%, the framework can accurately predict
four dis ates [16]. Proposed hybrid deep learning model that uses eye movement
h MesoNet4 and ResNet101 architectures to identify Deepfakes in real-
es MesoNet4 to edit face images and ResNet101 to extract complex visual data.
atings of 0.9873 on FaceForensics++, 0.9689 on CelebV1, and 0.9790 on
e hybrid model shows promise for video forensics and content integrity verification.
y, the model performs exceptionally well on several datasets, such as FaceForensics++,
, and CelebV2 [17]. Restaurant operations have been greatly influenced by online media,
raiSing customer reviews. Although it struggles with imbalanced datasets, sentiment analysis (SA)
aids in predicting review sentiments. This study suggests a hybrid strategy that blends PSO,
oversampling, and SVM techniques. Compared to previous classification methods, this method
increases accuracy, F-measure, G-mean, and AUC, benefiting the restaurant industry's success

In affective computmg,

[18]. A pre-trained Spatial Transformer Network and bi-LSTM with an attention mechanism are
used by the face emotion recognizers. Using the RAVDESS dataset, the program identified eight




emotions with an accuracy of 80.08%. Combining these modalities enhances system performance
in several applications, such as road safety and healthcare systems [19]. A temporal-detection
pipeline for microscopic-typo comparison of video frames. The program classifies authentic and
fake visual input using 512 face landmarks and a Recurrent Neural Network (RNN) pipeline. Th
suggested algorithm and network showed competitive performance on any fake-generated ima
or video and established a new standard for visual counterfeit detection [20]. To enhance emotio
identification in Brain-Computer Interaction (BCI), this study suggests feature extraction and

augmentation strategies. To produce more EEG characteristics, the technique uses Cond
Wasserstein GAN and deep generative models. The method's efficacy is assessed using
dataset. According to experimental results, EEG-based emotion identificatio
improved by adding enhanced data, with mean accuracy rising by 3.0% for aro,
valence [21]. Multimedia content has been mined using attention-basas
(DNNSs). Attention mechanisms have recently been included to higj
information. This study looks at how attention processes affect pei®
advancements in SER. A benchmark database called IEMOCAP
accuracies [22]. To generate a feature vector for emotional reZ?

ed to compare system
the model combines

sing input vectors. On the
atings of 73.49% and 95.97%,

outputs from N adaptive neuro-fuzzy inference system classifi
DEAP and Feeling Emotions datasets, the model received
respectively [23].
The study assessed a hybrid deep neuy or D for emotion identification using

EEG data. The activation function impig @ odel' uracy by accounting for the intricacy
of the input and output data. The DEAP Sgua s which contained physiological and EEG inputs,
showed that the model's performance was erSg@ced by the ELU function [24]. The model refines
e-grained emotional similarity and feature

characteristics and predicts releygnce using

canonical correlation analysis ter that, XGBoost is used to calculate similarity while
considering emotional com arjie and fine-grained affective semantic distance [25]. By
integrating fusion features‘Qth C bidirectional RNN with CNN (BRDC) model improves
the performance of Legiguntetation and classification. With 99.90% accuracy, 98.41% F1,

)% Yecall during training, it outperforms existing models [26]. It
M hybrid model that combines an improved CIM optimization

97.96% precision,

®

ong short-term memory networks for continuous data processing, and
re extraction. With an impressive 97.8% accuracy rate, our model

rough analysis of EEG emotion identification, emphasizing deep learning methods
, CNN, and DBN. It looks at benchmark data sets, discusses innovative applications,

[28]. To enhance the identification of emotional states from EEG data by combining deep
features from wavelet CNNs with multiclass support vector machines (MSVM). In the process,
EEG data is preprocessed and optimized using popular CNNs, and the best feature layer is chosen
for MSVM classification. The approach produced enhanced accuracy rates of 77.47% and 87.45%,
respectively, when tested on the DEAP and MAHNOB-HCI datasets [29]. Artificial intelligence,
medical technology, and online education all depend on the ability to recognize emotions. While
existing approaches frequently offer multi-category single-label predictions, deep learning



techniques increase the accuracy of EEG emotion identification. A novel method builds emotion
categorization labels using DBSCAN and linguistic resources. With an average emotion
classification accuracy of 92.98%, the DEAP dataset experiments have potential applications in
social media, education, and mental health care [30].

3. Proposed methodology

The proposed hybrid emotion prediction model is based on convolutional neural net
(CNNs) and long short-term memory (LSTM) networks. During the preprocessing @age,
normalization is applied to improve data consistency and model performance. The CNAREXN@Ets
spatial information from video frames to identify important patterns required
recognition. These collected characteristics are then sent into an LSTM netwo

sequential relationships to improve classification accuracy. The mogs ictivClils are
assessed using key performance measures, with precision, recall, score. This
hybrid method improves emotion identification from video data
both CNN and LSTM, making it appropriate for many real-world apQ

1. ,

g the allvantages of
ations, as seen in Figure

Input Videos Pr cessing: Q-based score
(Dataset) ormalization

Train CNN + LSTM Model (Spatial +
K Temporal Feature Learning)

[ Evaluation (Accuracy, Precision, Recall, ]

QO F1 Score)
0\ Classifier (Hybrid Emotion Prediction)

Figure 1. Overall flow diagram of proposed hybrid prediction
Dataset

Real-time image acquisition is performed, and the captured videos are saved in a folder. Each
video represents a distinct emotion. For example, one video may show a person smiling to express
happiness, while another may show a person laughing to express joy. These videos serve as the

Learning)




primary source of emotional data, providing valuable information for analysis and integration into
the emotion prediction process.

Preprocessing: Q-based score Normalization

One method to obtain the threshold as a function of Q is to break the issue down into man
simple independent problems. Finding the proper boundaries 0i for each neighborhood is simple:
EQ may be separated into K-linked and unconnected neighborhoods, Ni, if EQ = N1 U--UN
Ni NNj = 0/Vi = j. This formula may be readily modified if more than one quality indic @
offered for a single verification technique. Neighborhoods are defined by their bg
(11,li+1), in the straightforward scenario when only one quality metric is given.

tion

An acceptable method for creating these intervals must consider that the a
is, therefore,

divided into intervals with about equal numbers of verification atte
T = {(sl,ql,cl),....(sNT,gNT,cNT )} is arranged using the quality g
compromising generality. If we define a lower constraint for the measu
q0 = ql —¢, where € represents an arbitrarily small positive const ywe
bounds as follows:

I, = %(q [(i—11()1vT] (l 1)NT])&

CNN feature extraction

attempts within an interval determines how reliable any threshold esjg lg!!! L i
D

qi < qj Vi <) without
gent of quality measure
ay build the interval

The network typically takes features and tr%g@ them. The network is given particular places in
the frame where the features are ed and trained to decrease spatial complexity. CNN feature
extractors employ a pre-trai dicated on the transfer learning process. This enables

the network to use both stom-tgaipd model for video analysis and the pre-trained model's
capabilities. Once the laver e utilized as a feature extraction point has been identified,
the remaining layergPt (TSQOUNg CNN are removed using this procedure. The feature extractor
network that is left &m n moved to the LSTM network. To simplify memory, video data is

s, they are not preserved.

wil

age sets extract raw abstract facial features with high-dimensional visual
ure vectors per frame.

W _
Uy’ = (Ug, Up,een, Upy) (2)
Deep CNN feature extractor, the number of frames or frame sequences is n, and the
t dimension is m.

Given v as the exclusive video identifier for a total accessible No. of videos in the training set,

)

the set of all frame feature vectors u,, ~ used to predict the sequence U™ is represented as features.

The set below shows that there are T frames.

u» =y® v (3



LSTM (Long short-term memory)

The resulting video-level feature vector is sent into the LSTM cell inputs. The mean pooling
layer of the LSTM temporarily stores frame-level visual features in its memory unit to obtain
them without storing them. The CNN feature extractor obtains the feature vectors by using face
embedding.

Following the extraction of patterns from the cell, the LSTM computes future patterns i
queue frames after learning the pattern for each video frame v at time t. Prior connectio
patterns are retained in the hidden states, making them accessible for additional process
prospective memory cell state is formed from the internal memory cell state (c t),
state (g;), the three gates (input gate (i), output gate (o;), forget gate (f;), and 1
serves as a link between the information at hand and hidden or previously stogelfpat
controlled by mathematical calculations,

i =oc(W'x, ®wy + Uthe_; + b;) )

0 =0(W°x; @w; +Uhi_1 + b,) (5)

fr=0W'x, @ w,+ U he_y + by) , 0)

gr = tanh(W9x, @ wy + U9h;_ gt (7)
=1+t ® (8)
h; = o; @ tanhc; 9)

Here, @ —vector concatenation operat
&® —element — wise multiplicgigmn between’two vectors,
W — weights of inputs t es

U — weights from hidde hi

or each frame.

itting each video into equal frame occurrences, the feature vectors for each movie are
under the target vector/label T. Here, the target label is divided into two classifications—
and authentic—and one-hot encoding vectors (y1, y2). High-dimensional sparse vectors are
compressed into lower-dimensional sparse vectors via the embedding layer, which assigns weights
(wl,...,wn) to each feature vector. After being replicated and concatenated with weight vectors wt
at each time step, the average frame feature x is fed into the LSTM model as (x1 Nw1,....xT NwT).
The output of the LSTM cells, which are responsible for directing the convergence of the memory
cells to the ultimate goal state, are the intermediate hidden layers (hl,..., ht). For every video frame
v, the conditional probability would be,
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4. Result and discussion

CNNs- LSTMs are combined in the suggested hybrid emotion prediction model to enhanc
emotion identification from video data. During preprocessing, normalization is applied to ensure
data consistency and optimize model performance. The CNN extracts spatial features from
frames, capturing essential patterns, while the LSTM analyzes temporal dependencies to i
classification accuracy. The model performance is evaluated using key evaluatigsmsse
including precision, recall, accuracy, and F1 score, ensuring a comprehensive ofia
effectiveness. The implementation uses Python (version 3.11) in the Sp R ’
environment. The system runs on a 64-bit processor with 8 GB of, , NAVidin2*®Ticient
execution and processing of video data for accurate emotion predi

Model accuracy 055

lﬂO'——'mm 012-——-mm 4"’
Validation i

0.99 4

0.98 4

Accuracy
[
(¥ =)
-

0.96 1

0.951

T T T T T T
0 2 ! 8 0 2 4 b 8
Epach

Figure 2. Loss and accuracy of emotion prediction

sh the input video frame accuracy and the training and validation losses as a
umber of epochs. These measures shed light on the model's training procedure
rm generalizability. As the number of epochs increases, the trends in training and
accuracy indicate the model's convergence and performance, while the loss values
the reduction in errors during the training process. This analysis is essential to
understanding the effectiveness of the CNN-LSTM framework in emotion prediction.




Confusion Matrix
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Figure 3. Confug

Figure 3 shows the confusion matrix gf
labels such as sadness-fear and am
predicted labels, clearly visualizing the
emotional categories. It highlights correct cla
insights into areas where the mo ay need improvement. The confusion matrix is a key tool to
assess the model's accuracy andibils accurately predict different emotional states.

I's performance in distinguishing between these
Mications and misclassifications, giving valuable

ication Report
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Figure 4. Classification report

The hybrid emotion prediction model's classification report offers comprehensive findings
regarding accuracy, recall, and F1 score, particularly emphasizing the emotion pairings
amusement-surprise and sadness-fear. These metrics, which are shown in Figure 4, offer
thorough evaluation of the model's effectiveness for every emotion class. Recall gauges the
capacity to find all pertinent examples, accuracy shows the percentage of accurate positiye
predictions, and the F1 score strikes a balance between the two. This classification report is cg#
to evaluate the model's overall efficacy in differentiating the designated emotion categories ﬂ

Model Performance Metrics
1.00 1.00 1

1.0

0.8 4

0.6 1

Score

0.4+

0.2 4

0.0 - T
Accuracy Precision Recall Fl-score

Figure 5. et ce metrics of emotion prediction
The emotion predictio del's ance analysis demonstrates exceptional outcomes with
precision, recall, F1 - accuracy, all hitting 100%. These results, shown in Figure 5,
illustrate the modelj la

ification capability across all emotion categories, indicating its

aness 2 emotion recognition. The flawless performance suggests that the
|[yarned to distinguish and predict emotions with maximum accuracy,
its reliability for real-world applications.
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The input videos, extracted to express the €
model with the CNN-LSTM archg
was trained on this emotion-1

1ons of sadness and fear, were used to train the
re. The process shown in Figure 6 illustrates how the model
data. The model can precisely recognize and categorize
the emotions of fear and saglless be he CNN component collects spatial data from the video
frames, and the LST k analyzes the continuous biases. The figure demonstrates the
in stages of feature extraction and emotion classification.

/47 26s 600ms [step
Accuracy: 1.0
. recision: 1.8
Recall: 1.8
Fl-score: 1.8

1/1 1ls 1s/step
Predicted Emotion: amusement surprise

Total samples: 6616
Emotion labels: ["amusement surprise” “sadness fear']

Figure 7. Prediction result.



The CNN-LSTM model for hybrid emotion prediction trained on a dataset of emotion models
successfully identifies and classifies combined emotions such as amusement surprise. The
prediction results are illustrated in Figure 7.

5. Conclusion

This study presents a hybrid approach for emotion prediction by integrating normalization as
preprocessing step with a CNN-LSTM-based classification model. By increasing data consist
normalization improves model performance and feature representation. CNN and LSTM ofge
together to capture temporal and spatial connections, resulting in a more reliable aggss

Q

framework for classifying emotions. Our strategy successfully manages complica
patterns, as experimental data shows it outperforms existing methods. The mod e is

or predicting emotions.
ytal health monitoring

score normalization is a dependable and incredibly successful technid
Applications in affective computing, human-computer interactior?
y

might greatly benefit from this paradigm. Future work may Q@i perparameters, incorporate
multimodal data, and explore real-time implementati ance system efficiency and
adaptability.
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