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A mental state, emotion is connected to human behaviour, thoughts, and the degree of positive
or negative experiences. Human emotion does not yet have a precise definition. By allowing
Al systems to precisely comprehend and sympathetically react to human emotions, this discovery
has the potential to completely transform human-machine interaction and open the door for
increasingly sophisticated and emotionally intelligent computers. The main research problem is
creating models that accurately read emotions from multimodal data; this calls for big, diverse
datasets for video data to capture complex emotional cues and fine-tuned CNNs for audio data
to identify minor speech changes. This study introduces a novel multimodal emotion detection
method that seamlessly combines voice and video modalities to correctly infer emotional states.
The attention-based CNN-Bi-LSTM model handles the video component and provides deep
semantic understanding through its bidirectional layers. An attention-based fusion process is
used to blend the results of both modalities, balancing their respective contributions. Here, the
suggested methodology is thoroughly tested using two different datasets: the YouTube and
Carnegie Mellon University SAVEE datasets.The results show higher efficacy compared to
current frameworks. This comprehensive technology enables accurate emotion recognition and
contributes to a number of noteworthy developments in the industry.

Copyright ©2026 by authors and Galileo Institute of Technology and Education of the Amazon (ITEGAM). This work is licensed
BY under the Creative Commons Attribution International License (CC BY 4.0).

I. INTRODUCTION

Numerous fields, including computer science, psychology, and neuroscience, have made considerable strides in their
understanding of human emotion over the last 20 years. Human emotion is defined subjectively in the literature [1]. Human emotion is
explained by both cognitive and physiological neuroscientific ideas (Figure 1). According to the physiological viewpoint, emotion
originates from physiological reactions. The difference in physiological reaction could be due to the external incident. Emotions are linked
to thoughts and other mental processes. People get scared when they see a snake, for example, since they think they are in danger [2].
Therefore, human emotion is defined as a feeling of pleasure or discontent that arises from a change in physiological and cognitive
processes. A human emotion monitoring system is a crucial part of an effective human-computer interface. People interact with computers
in many ways using desktops, laptops, mobile devices, kiosks, and other platforms. Computer agents with emotional intelligence will
monitor user behavior.
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It will sound a warning before the user can compose a hostile email, an angry comment, or any other negative response. It will
also assist the user in selecting music based on their emotional state. An emotionally intelligent computer agent will assist the user in
learning systems like pilot training, driving car learning, and others [3]. The emotion-aware agent monitors the driver's emotional state
while they are operating a vehicle. It notifies other people when the driver is upset.
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Figure 1: Emotion recognition by Software.
Source: Authors, (2026).

The emotion-aware agent thus attempts to safeguard the user. In affective computing, multimodal emotion recognition is a
relatively new field of study. Physical, optical, and aural clues are all combined to create multimodal signals. The audio and video signals
demonstrate how people express themselves through their voices and facial expressions when a particular emotion arises [4]. A particular
emotion triggers physiological signs that indicate the body's symptoms, including heart rate, body temperature, breathing rate, muscle
current, and brain electrical activity. Researchers are urged to develop a multimodal emotion identification system in order to differentiate
between human emotions since multimodal emotion recognition is a key pattern recognition problem [5].

To more precisely ascertain people's moods, it combines data from their speech, body language, and facial expressions. In this
study, we use human speech and facial expressions to recognize emotions in several ways. Here, the fusion process balances the audio
and video contributions using an attention-based technique. It assigns ratings of attention, giving the most relevant modality priority
according to the situation. We used an FC layer to standardize the feature dimensions for fair attention allocation [6]. To ensure thorough
emotion analysis, the gathered features were subsequently run through a SoftMax layer to categorize the underlying emotion. The goals
of the suggested projects are:

¢ Disclosed a novel multimodal emotion-detection technique that outperformed the accuracy of the industry standard models. Future
research on emotion detection will be made easier by this innovative method;

o Textual input was efficiently encoded using a CNN-BILSTM-based model that had been previously trained;

o For a bimodal system that prioritizes audio and video, fuse the feature vectors, dynamically prioritizes modalities, and uses multistage
processing to improve classification accuracy, an attention-based fusion method was used.

o Extensive experiments were conducted on two benchmark datasets, YouTube and SAVEE, and the results clearly showed how much
better our technique is at recognizing emotions.

This is how the rest of the document is organized: While the survey's existing emotion detection scheme is presented in Section
2, An overview of the suggested architecture is given in Section 3. A comparison of the findings from the numerous papers that are part
of this taxonomy is given in Section 4. Section 5 brings the process to a close.

II. LITERATURE REVIEW

As the most fundamental and natural form of human communication, emotions are important in daily life. The newest problem
in affective computing and human-computer interaction (HCI) is emotion recognition [7]. Although a lot of study has been done in this
area over the last 20 years, issues with accuracy and real-time analysis persist. Emotion recognition is useful in a wide range of fields,
such as marketing, e-tutoring, security, medical diagnostics, and intelligent automotive systems. This survey will outline the areas that
most need emotion detection in addition to analyzing the literature on human emotion identification from speech, facial photos, and brain
signals [8]. According to [9] employed facial cues for facial features that CNN subsequently adopted in order to enhance performance.

To identify emotions, extracted the faces in key frames from the entry FACE and SAVEE databases using the Viola-Jones face
recognition technique. According to [10] suggested a CNN for dynamic emotion recognition that uses fuzzy fusion in two stages. A two-
step fuzzy fusion method was developed by fusing fuzzy broad learning with canonical correlation analysis. isual characteristics that were
connected to the locations of the 2D marker coordinates were employed by [11]. Principal Component Analysis was then applied to the
Gaussian Classifier. The impact of altering the characteristics and techniques on the eNTERFACE'05 database was examined by [12]. In
the visual channel, face tracking and geometric elements for facial emotion identification were taken into consideration. Next, it was
discussed how to classify using a multiclass SVM.
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In order to extract high-dimensional Gabor coefficients from facial images and obtain detailed texture and structural information
for facial feature extraction, by [13] used Gabor filters with five scales and eight orientations. In recent years, CNN has been used to
extract facial features from still images of individuals. In order to determine which model would perform best for tasks like facial analysis,
emotion identification, or pattern classification, Venkataraman et al. examined the performance of CNNs, DNNs, LSTMs, and HMMs. In
[14] used a fuzzy ARTMAP Neural Network (FAMNN)-based SAVEE database to identify emotions. Retrieved facial expressions,
Patterns of Oriented Edge Magnitude (POEM) features, and Local Phase Quantization (LPQ) features from the BAUM-1s database.

Livingstone et al. tested the Cohen's and Kappa values using the RAVDESS database. According to [15] employed the Hidden
Markov Model (HMM) as the classifier model for the video series. According to [16] employed hybrid feature representation to recognize
facial expressions from a photo frame. They combined different degrees of SIFT features from a CNN model with deep learning. For
[17] proposed a feature extraction method for facial emotion recognition by fusing facial depth and facial texture. Facial expressions in
still photos are recognized using LSTM, CNN, Alexnet, and other techniques. Furthermore, one of the most crucial methods for removing
facial features from dynamic photos is 3D CNN. A CNN-CTS LSTM network and local enhanced motion history image-based video face
expression identification system was proposed by [18].

According to [19] recovered the features for speech emotion identification using MFCC and relative special features. Pitch,
intensity, the first four formants, and their band characteristics are among the 20 audio qualities that discovered. In order to extract speech
components, by [20] employed an autocorrelation technique that splits the input voice signals according to shift intervals. To enhance the
performance, by [21] coupled pitch and intensity with the first 13 MFCC elements. In conclusion, speech emotion components can be
divided into three categories: spectral, prosody, and voice quality. Prosodic features include things like pitch period, speech rate,
amplitude energy, and others; voice quality factors include things like formant frequency and glottis parameters. The term spectrum-based
features refer to the linear predictor coefficient, or MFCC.

Based on prosodic characteristics, pitch frequency, MSPS, and MFCC were used in chapter 3; however, it was demonstrated that
MFCC was superior in detecting emotions. A method called hybrid feature fusion blends characteristics from several modalities to increase
the precision of sentiment analysis. Hybrid feature fusion is able to capture more subtle and detailed characteristics of sentiment than can
be achieved with a single modality by combining data from multiple modalities. The currently used text sentiment analysis approaches
are unable to handle uncertain assertions, such as reviews that exhibit bipolar behaviour. Automating sentiment recognition in natural
language processing is far more challenging than it is for humans.

Instead of sending in their reviews in writing, end customers would want to provide audio snippets that express their thoughts.
However, due of the massive feature dimensionality of the existing SER, the most difficult problem is the high computing cost. Because
people frequently express their ideas on video, the reviewer's facial expression is considered a critical indication for sentiment analysis.
These days, managing the generated features from several modalities requires multimodal systems to employ strong feature optimization
and feature fusion approaches. Among the drawbacks of the earlier models are weak convergence and a clear tendency to become caught
in local optima.

III. MATERIALS AND METHODS

One of the newest technologies is emotional recognition, which has been used in the medical field to determine a patient's
emotion for treatment in recent years. Many technologies now include facial recognition technology into their apps to enable efficient
connection with people. Because it makes human interactions more realistic, fields have been focusing on integrating these systems'
capacity to modify their reactions and behavior based on human emotions. Facial expressions, body motions, and machine learning
applications are the main methods used in computer science for emotional recognition [22]. The study's emotional recognition technology
has been enhanced by the hybrid model, which blends the Attention-Guided CNN-Bi-LSTM models (Figure 2).
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Figure 2: Proposed work.
Source: Authors, (2026).
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II1.1 DATASET

The SAVEE and YouTube datasets are used in the experiment utilizing the suggested methodology. There are 47 video clips in
the YouTube collection, which includes product evaluations and political commentary. Of these datasets, twenty contain movies with
female speakers, whereas the other 27 contain videos with male speakers (Morency et al., 2011). The speakers range in age from 14 to
60. Each video sample lasts two to five minutes and contains 360480 Mp4 pixels. Four male artists' 480 words from the SAVEE dataset
represent a range of emotions. The visual media lab used state-of-the-art audiovisual technologies to construct the audio files in the
SAVEE dataset [23]. Figure 3 shows sample frames from the SAVEE and YouTube datasets.

(b)

Figure 3: Sample Information from the YouTube and SAVEE datasets.
Source; Authors, (2026).

I11.2 PRE-PROCESSING

Facial expression and emotion recognition are critical components of applications that must assess veracity, detect fraud, and
gauge credibility. Unfortunately, most studies demonstrate little accuracy in recognizing emotions, mostly due to low-quality pictures.
The application of artificial intelligence, especially deep learning techniques, and significant pre-processing are increasing the accuracy
of computational predictions [24]. In order to identify emotions, our work blends deep learning techniques with preprocessing exercises.
Our method aims to increase the accuracy of emotion recognition by comparing and using four deep learning models for image pre-
processing [25]. The illumination and reflectance of the object or objects in the scene are multiplied to determine the intensity at any pixel
in a picture, or the amount of light reflected by a point on the object.

I(x,y) = L(x,y) *R(x,y) (1)

Where I, L, and R stand for the image, scene illumination, and scene reflectance, respectively. In order to convert the
multiplicative components into additive components, this filtering technique moves to the log domain employing,

Inl(x,y) = In(L(x,y)R(x, y)) @

Inl(x,y) = In(L(x,y) + R(x,¥)) 3
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In the log domain, the high-frequency reflectance component is preserved while the low-frequency light component is removed
using a high-pass filter.

(b)

Figure 4: Pre-processing results.
Source; Authors, (2026).

A common method for handling nonuniform illumination in figure 4 is homomorphic filtering, a frequency domain filtering
technique that enhances contrast from the object's reflecting qualities while compressing brightness from lighting circumstances.

I11.3 FUTURE EXTRACTION AND FEATURE FUSION

The facial traits are extracted using a geometric feature-based approach by locating the characteristic feature points on the
cropped face pictures. These attributes can be extracted manually or automatically using AAM tools [26]. A technique for equitably
distributing gains or profits among several participants according to each person's unique contribution to the final result is the Shapley
value. This idea, which comes from cooperative game theory, guarantees a fair and just distribution. The Shapley value is defined as

follows:
ISI'(K=|S| =

1)! .
D) = Escqrz,..i\(1) o [fSUED — £:(9)] 4)
Where K stands for the total number of participants. Equation (2)'s bracket section demonstrates that the entity's contribution
can be characterized as a marginal contribution, or the difference between the group-S members' profit (f x(S)) and the group members'
and entity-i's profit: [f,SU{i}). Friedman's gain is based on the same principle, but it can be altered by group members, which leads to
inconsistencies. The Shapley value, which is then determined once more for each possible combination, is the average of the marginal
contributions of all possible combinations. Only the Shapley value approach to profit allocation satisfies the four requirements of linearity,
symmetry, efficiency, and null player. Utilizing the concept of the Shapley value, the SHapley Additive exPlanation (SHAP) illustrates
the patient's outcome-j: f(x® as the sum of each features-i’s contribution @; (in )).

1

Bo =~ X1 f(xD) ®)
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Fx® =0y + 35, 0, xU) %)

Where N is the number of patients. We derived Vi, E (@ (x;)) = % 27:1 (Z)i(xi(j )) = 0 from Eq. (7). The relationship between a
feature x; and SHAP value in GLM @y is given as follows [8]:
QGLM(xi(])) = aixi(]) - E(aix;) = aixi(]) a;E(x;) (®
Feature x; has a proportional relation with its SHAP value and the proportionality factor is given by coefficient a; . This result
is consistent with how GLM is currently interpreted. A SHAP dependence graphic illustrates the relationship between the characteristic

and its impact on the SHAP-measured result. The logistic regression model converts SHAP values to log-odds for binary prediction. The
linear relationship provided by Equation (6) is displayed in the SHAP dependence graphic for GLM.

IMP(X;) = Var(®(xp) =+ Z)-1[0(x) — E(@(x))]? ©)
=~ IVA[BG)]? — (E@(x)) (10)
= I PP (1)

When all attributes are normalized, the variable significance of GLM in Eq. (11), using our idea, is as follows:

. .

IMPgi (X)) = = Thoalar ) — aiE(x)]? (12)
2 .

=23 = EGo))? (13)

= |a;|* .Var(x;) = |B;|? (14)

Both the feature importance concept and the ranking based on absolute beta coefficients ($|\beta_i|$) are in line with your
definition and the feature packing method that follows. This implies a unified method for prioritizing and evaluating features.

Figure 5: 39 feature points extracted.
Source: Authors, (2026).
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The areas of the face with the most noticeable expressions, like the lips, nose, eyes, and eyebrows, contain 39 feature points, as
shown in Figure 5. The quantity and location of the feature points are changed from. The locations of these feature points formed the
feature vector. The feature vector recovered has 78 dimensions since 39 feature points are marked, and each feature point contains "x"
and "y" coordinates. Because linked factors can complicate interpretation, it is usual practice to eliminate them from the data and build
the predictor instead. However, this approach may result in greater reconstructive computation time and a poorer forecast accuracy.
Therefore, without having to construct the predictor, we wish to combine these variables into a single grouped variable. Furthermore,
feature packing has no impact whatsoever on prediction accuracy and does not necessitate model rebuilding. Therefore, packing qualities
with many variables or similar interpretations is a highly helpful strategy.

I11.4 CLASSIFICATION

The classification is done using the NN classifier, which is trained using the feature vectors of all emotions for the frontal position
only. Following the mapping from a non-frontal posture to a frontal pose in the pose normalization stage using MSVR, the output a *
feature vector contains the position of the non-frontal pose's feature points onto the frontal pose. This is then input into NN, which
classifies the emotion according on its label. If the head position estimation output is frontal posture, the feature vector is provided directly
to the classifier without going through MSVR. To improve the emotion classification model's performance, the most pertinent audio clips
and the features taken from the peak facial expression frame are combined [27].

The early feature level fusion is performed by concatenating the retrieved face action units of the peak visual frame with the
most relevant audio segment characteristics. Fi is the length of the fused feature vector, where i = 1, 2..., n, and n = 1871. It has 1759
characteristics to describe the facial expressions of peak frames and 112 audio features (GTCCs features along their first and second order
derivatives, spectral and time domain features). To prevent overfitting, the early halting technique was applied. The model's weights were
changed if the validation loss was less than any minimal loss that had been documented before. When the training process was complete,
the best model was ultimately retained.

111.4.1 Cnn-Bi-Lstm

In spectrograms, emotional expressions can occasionally appear as unique energy patterns, especially in auditory media like
speech. These patterns can be identified using spectrogram analysis because they have unique energy distributions across a range of
frequencies. Particularly effective at emphasizing data points with sudden changes or high energy levels are convolutional neural networks
(CNNs). Given that CNNs are adept at recording emotions that emerge rapidly and intensely, this property is helpful for emotion analysis.
In circumstances where emotions may abruptly surge or fall, this targeted analysis ensures a comprehensive awareness of the emotional
environment and helps the model distinguish between strong and subtle emotional cues.

This method is very good at revealing little features in the frequency and temporal domains. With artificial neurons that can
respond to a selection of neighbouring units, CNNs are one kind of feedforward neural network. It works best when processing images
on a large scale. Utilized CNNs to identify handwritten numbers in the past century, but the restricted processing capacity of computers
prevented them from being widely deployed. The benefits of CNNs have gradually become clear, though, and deep neural network training
has gotten easier as processing power keeps increasing. As previously said, convolutional, pooling, and fully connected layers make up
a CNN's network topology. Extracting local attributes from the input data is the primary function of the convolutional layer.

It is distinguished by weight sharing and sparse connection. In order to reduce the computational load and dimensionality of the
feature maps while maintaining crucial feature information, the pooling layer is typically positioned after the convolutional layer. The
fully connected layer aggregates the features extracted by the convolutional and pooling layers, applies linear transformations through
weights and biases, and then performs nonlinear transformations by passing them through an activation function to produce. These
functions have the benefits of minimizing overfitting and preventing gradient vanishing. The equation represents the function of ReLU.

Y = max(0, x) (15)

The gradient is 0 for negative values even if the gradient-vanishing problem is fixed by the ReLU function, which could leave
some neurons untrained and reduce the expressive power of the network. Leaky ReLLU was created by Maas et al. to solve this issue. It
smoothes and expresses the activation function by employing a modest slope for negative inputs rather than ReLU's zero slope. It has
therefore been widely used in practical contexts. Equation (16) gives the definition of Leaky ReLU:

x, x=0

y= {ax, x<0 (16)

The linear classifier is often used in the traditional method to perform one layer of an operation; for example, SVM has only one

weight set (Equation 2). CNN and other deep learning algorithms, however, carry out multiple levels of operation during classification.
CNN's input is a two-dimensional array.

S=Wxx;+b (17)

Where b is bias, W is the weight matrix, and S is the classification score.

LSTM-based models are ideal for working with time series data, including audio data, because they are made to handle variable-
length sequence data. Sequence data is handled sequentially by LSTM and concurrently backwards and forwards by Bi-LSTM. Bi-LSTM
can therefore effectively evaluate both historical and prospective data simultaneously. This could lead to increased accuracy in pattern
detection.
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The Transformer model's attention mechanism weights various data points to draw attention to important features of the incoming
data. This method is effective for recognizing emotions since certain speech patterns may be more important than others. Multi-head
attention is utilized to capture more information than single-head focus.

g =k (18)
The forget gate layer's equation is provided as,
fe = o(Wr[he—q, x¢], by (19)

The input gate layer comes next, where the additional features are used to retrain the recall state data.
ir = o(Wr[he—q, x¢], b; (20)
The output of the forget gate layer is multiplied by the cell state vector of the preceding LSTM cell (c-1). After being multiplied

by the hidden state vector of the stage, the input gate layer's output is combined with the outcome of a "tanh" function. =~ Together, they
produce the cell state vector for the next LSTM cell.
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Figure 6: Confusion matrix results.
Source: Authors, (2026).

The prior concealed state vector is then multiplied by this new cell state following its passage via a "tanh" function (he1). Our
suggested model's whole architecture is depicted by
y=WaXi + By 21)
Where,
y = output of the output layer, which is the target image's face emotion
X; = the CNN-Bi LSTM model-learned vector
W, B, = bias and weight of the CNN-Bi LSTM model

Equation (28) defines the output or dense layer to which the fixed or variable length vector representation as the Bi-LSTM's
output is fed in order to classify facial images into the different emotion classes of happy, sad, angry, disgusted, neutral, fear, and surprise.
The multi-head attention mechanism can simultaneously identify many important patterns or qualities by employing numerous "heads"
to calculate attention from different data viewpoints (Figure 6). Furthermore, the transformer structure makes parallel processing possible,
which speeds up learning and simplifies the management of massive volumes of data. The combination of these two architectures enables
the model to concurrently take into account a large number of patterns and characteristics in audio data since the transformer is skilled at
learning the intricate hierarchical structures of data and the Bi-LSTM is good at identifying the temporal qualities of audio data.

IV. RESULT AND DISCUSSION

The CNN-Bi-LSTM model was implemented using TensorFlow and the Anaconda platform. An NVIDIA GTX 1650 Ti graphics
card, 16 GB of RAM, and an Intel i7-10750H 2.6 GHz processor were used for the training and validation procedures. =~ The CNN-Bi-
LSTM model was trained using a batch size of two and a learning rate of 0.00005 through trial and error throughout the training phase.
168 of the 210 video examples are used for CNN-Bi-LSTM training, and 42 are validated using 5-fold cross validation.
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Table 1: Proposed Model Performance Evaluation for YouTube Dataset.

Modality Accuracy (%) | Sensitivity (%) | Specificity (%) | F-score (%) | MCC (%)

Audio 85.80 94.33 81.04 85.65 79.15
Text 93.25 94.30 96.52 91.42 90.75
Video 93.15 93.53 95.56 92.91 91.81
Video & Text 91.96 92.53 92.53 90.93 89.26
Audio & Text 93.16 95.54 91.96 90.39 85.71
Video & Audio 94.34 95.74 92.20 90.04 91.60
All Modalities 97.70 95.53 98.19 95.65 94.97

Source: Authors, (2026).

The CNN-Bi-LSTM model's effectiveness is assessed using a variety of modalities in Table 1. To provide the best fusion analysis
results, the proposed model combines text, visual, and auditory modalities based on the observation. The YouTube dataset produces
findings that are more closely related to both combined and individual sequences, with the best. Figure 7 displays the various modalities'
performance on the YouTube dataset.
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Figure 7: SHAP features Performance Measures on YouTube Dataset.
Source: Authors, (2026).

Furthermore, all three modalities are used to assess the proposed SHAP technique on the SAVEE dataset in MSA. The
performance of all combined modalities on the SAVEE dataset is shown in Table 2.

Table 2: Performance Evaluation based on SAVEE Dataset.

Modality Accuracy (%) | Sensitivity (%) | Specificity (%) F-score (%) MCC (%)

Audio 84.81 89.51 92.51 92.58 91.10
Textual 93.71 99.51 98.00 97.05 96.54
Visual 95.54 97.43 96.20 91.50 90.32
Visual & Textual 90.19 89.51 84.23 87.86 86.01
Audio & Textual 90.77 96.04 92.57 84.18 81.32
Visual & Audio 93.16 96.23 88.40 91.76 91.03
All Modalities 99.71 97.91 98.23 100.00 98.60

Source: Authors, (2026).

Combining the modalities according to MCC (99.71%), F-score (97.91%), Specificity (98.23%), Sensitivity (100%), and
Accuracy (98.60%) yields the optimal response. Figure 8 displays the performance of the different modalities on the SAVEE dataset. To
fuse all modalities using feature level fusion, the feature vectors from each modality are collected and used as the input for the
classification phase. The integration of heterogeneous feature vectors, or feature level fusion, is the issue that the model that is currently
being described attempts to solve.
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Figure 8: SAVEE Dataset Performance Measures.
Source: Authors, (2026).

Figure 9's output graphic breaks down high-dimensional feature vectors into two halves so you can see how similar two photos
are to one another. More distant points imply larger differences, while closer points show comparable feature patterns. Understanding
feature distribution, identifying outliers, and getting ready for tasks like clustering or classification are all made easier with the help of

this visualization.
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Figure 9: Feature fusion.
Source: Authors, (2026).

Following the collection of various features, the judicial feature standards were chosen using the relief strategy and subsequently
submitted to the CNN-Bi-LSTM algorithm. Because the CNN-Bi-LSTM model uses a bi-directional long- and short-term memory neural
network, it performs worse than the CNN-LSTM model in every temporal data processing error.
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Figure 10: CNN-Bi-LSTM Accuracy and Loss plot.
Source: Authors, (2026).

First, of the four models, the CNN and LSTM models have the lowest prediction accuracies and the shortest average calculation
time due to their comparatively simple architectures.  Out of the six models, the enhanced CNN-Bi-LSTM-attention model has the
lowest prediction error and the highest prediction accuracy (Figure 10). The CNN-Bi-LSTM-attention model has a more potent temporal
data-processing capability than the CNN-Bi-LSTM model because it incorporates an attention mechanism that can handle some temporal
features that the network missed and weigh the channels, allowing the model to focus on important temporal features. It can produce
forecast accuracy with the least amount of error and has a high degree of generalizability (Table 3). CNN-LSTM-attention has a greater
total error and a lower prediction accuracy because it cannot handle time-series data in both directions and cannot extract enough long-
term features (Figure 11).

Table 3: Proposed dataset Comparative Analysis.

Metric YouTube Dataset SAVEE Dataset
Accuracy 98.60 98.20
Sensitivity 97.74 98.74
Specificity 97.14 97.14
Precision 96.77 97.77

NPV 98.33 99.33

FPR 2.86 2.86

FNR 5.26 5.26

F1 Score 95.74 95.74
MCC 91.99 91.99
Balanced Accuracy 98.94 98.94
Youden's Index 0.92 0.92

Source: Authors, (2026).

The CNN-Bi-LSTM hybrid model's ability to identify emotions is seen in Table 4.8, which compares classification models on
two datasets. For better emotion recognition, this combined strategy makes use of the advantages of CNNss (feature extraction) and Bi-
LSTMs (sequence modelling). The CNN-Bi-LSTM model showed enhanced sensitivity and accuracy on the YouTube dataset and SAVEE,
which were utilized to assess its performance. The relief-random forest model is more accurate (94%) and sensitive (91%), as shown in
Table 4.8. The YouTube data's sensitivity.
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Figure 11: Proposed dataset Comparative Analysis.
Source: Authors, (2026).

The CNN and LSTM models have the fastest calculation times when it comes to model computational efficiency. They are the
least precise, nevertheless, and have the worst computational error. The CNN-LSTM model has the second-highest computation time
after the CNN and LSTM models because to its comparatively simple structure. The CNN-Bi-LSTM-attention model performs better
than the CNN-Bi-LSTM-attention and CNN-LSTM-attention models in terms of computational efficiency and model prediction accuracy.

Table 4: Proposed dataset Comparative Analysis.

Models Dataset | Accuracy (%) | Sensitivity (%)
MKL-CNN [28] YouTube 88.60 87.36
INCA-SoftMax Classifier [29] SAVEE 95 81
Relief-random Forest [30] YouTube 94.01 91
CNN-Bi-LSTM model YouTube 98.60 97.74
SAVEE 98.20 98.74

Source: Authors, (2026).

Out of the six models tested, the CNN-Bi-LSTM-attention model performed the best, achieving the highest prediction accuracy
and the lowest prediction error for both inbound and outbound predictions.
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Figure 12: Proposed and Existing Methods Comparative Analysis.
Source: Authors, (2026).

Figure 12 and Table 4 demonstrate the great prediction efficiency of the CNN-Bi-LSTM-attention model. The accuracy of the
departing and arriving inventory prediction is higher than that of the other models. Therefore, out of all the models currently in use for
emotion recognition and experimental data, the CNN-Bi-LSTM-attention model is the most successful.
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V. CONCLUSION

In order to create a reliable and effective emotion detection system, this study investigated a multimodal strategy that integrated
text, speech, and video data. By utilizing a variety of emotional cues, it may be possible to increase accuracy and dependability. A
comprehensive analysis of multimodal inputs is made possible by the architecture's integration of CNNs (for audio) and CNN-Bi-LSTM
(for video), which effectively recognizes emotions by identifying subtle patterns in both audio and visual data. Future studies should
concentrate on refining the model to lower processing requirements, enabling real-time processing, and guaranteeing deploy ability on
devices with constrained computing capability in order to overcome the constraints of our multimodal emotion-recognition system and
enhance its capabilities. Creating CNN-Bi-LSTM versions and distilling models are two techniques that could maintain good accuracy
while consuming fewer resources.

Other modalities, such facial expressions and physiological clues, can also be used to improve the ability to identify emotions.
This expansion would require the development of SHAP-based fusion techniques that can handle the diversity and complexity of data
from several sources. It is essential to lessen dependence on huge annotated datasets. Methods such as few-shot learning, transfer learning,
and synthetic data generation can increase robustness, boost data efficiency, and allow for efficient use in scenarios with limited data. As
a result, this work provides a variety of potential avenues for further research. To make the system viable for real-time applications, more
research is therefore required to create lightweight architectures or use model quantization and pruning strategies. Furthermore, by taking
cultural differences in emotional manifestations into consideration, we hope to create broadly applicable models.
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