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Abstract

This research explores the use of the state-of-the-art transformer-based pre-trained model, the ViT-Face-
Expression model from Hugging Face, for human psychology detection from audio and video data. Our
technique seeks to provide a full knowledge of human emotions and underlying psychological states by
fusing aural cues with visual information gathered from facial expressions. Specifically designed to capture
facial emotions within Vision Transformers (ViT), the ViT-Face-Expression model provides a potent
tool for deciphering complex emotional nuances stored in facial features. By combining this model with
audio processing methods, human psychology can be understood holistically, leading to more accurate
identification of emotions andprogress in the field of emotion artificial intelligence.

Through the integration of visual and aural modalities in emotion recognition, this research advances the
rapidly developing subject of Emotion Al. Through the application of audio processing methods in
conjunction with the capabilities of the ViT-Face-Expression model, Samlowe model for audio and our
goal is to improve the precision and resilience of emotion identification systems. In order to better
understand human emotions, our research highlights the significance of taking into account both auditory
and visual clues. This will help to develop Al systems that are more sympathetic and context-aware.
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1. INTRODUCTION

This project aims to advance Emotion Al by integrating audio and video data analysis to identify and
understand human emotions. By leveraging the ViT-Face-Expression model from Hugging Face, which
uses Vision Transformers to decode facial expressions, the system extracts subtle emotional cues from
speech intonations and facial expressions. Through an interdisciplinary approach that combines audio
processing and computer vision techniques, the project seeks to develop a comprehensive system capable
of understanding the complex emotional landscape of individuals.

A key aspect of the project is its emphasis on the integration of auditory and visual cues to create Al systems
that are more empathetic and aware of their surroundings. By addressing the challenges of comprehending
human emotions across multiple modalities, the project aims to improve the resilience and practicality of
emotion recognition systems in real-world contexts. This approach not only enhances the accuracy of
emotion detection but also makes the Al systems perceptive of individual variances and cultural differences,
leading to more meaningful and compassionate human-machine interactions.
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The project focuses on several crucial areas to ensure its success and impact. These include the use of high-
quality, diverse datasets representing various ages, ethnicities, genders, and cultural backgrounds to
improve the model's generalization. Advanced machine learning techniques such as transfer learning, data
augmentation, and multimodal fusion are employed to enhance the model's robustness and accuracy. Real-
time processing capabilities are prioritized to ensure the system's practicality in applications like customer
service, healthcare, and human-computer interaction

In conclusion, this project signifies a significant advancement in Emotion Al, combining cutting-edge
technology with a deep understanding of human psychology. By integrating audio and visual data,
leveraging advanced machine learning techniques, and emphasizing ethical considerations, the project
aims to create a system that accurately recognizes emotions and respects the complexities of human
emotional expression. This interdisciplinary effort has the potential to revolutionize human-machine
interactions, making Al systems more empathetic, responsive, and ultimately, more human.

2. LITERATURE REVIEW

In recent years, there has been a growing interest in developing artificial intelligence (Al) systems that can
detect and recognize human emotions. These systems have the potential to be used in a variety of
applications, including mental health diagnostics, marketing, and education.

One approach to emotion recognition involves analyzing facial expressions, which can reveal a great deal
about a person's emotional state. Early studies on facial emotion recognition relied on manually- engineered
features, such as skin color, texture, and geometric shape. However, these features often lack robustness
and generalizability.

To address these limitations, recent studies have turned to deep learning algorithms, which can
automatically learn features from raw image data. For example, a 2018 study titled "Facial Emotion
Recognition: A Brief Review" used Haar Cascade Classifier, Local Binary Patterns (LBP), and Histograms
of Oriented Gradients (HOGQG) for facial detection and feature extraction. These features were then fed into
a Support Vector Machine (SVM) for classification.

Another 2022 study titled "Facial Emotion Recognition using Convolutional Neural Networks (FERC)"
used a CNN architecture for emotion recognition. The authors argued that CNNs are particularly well-
suited for facial emotion recognition, as they can automatically learn complex spatial patterns in image
data.

In addition to facial expressions, emotions can also be detected from audio signals. A 2022 study titled
"Facial Emotion Recognition Using Deep Learning: Review and Insights" used a deep learning algorithm
called Deep Neural Networks (DNNs) to analyze the spectral andtemporal features of audio signals. The
authors found that DNNs were effective in recognizing emotions such as joy, anger, sadness, and fear.
Another 2022 study titled "Facial Emotion Recognition using Convolutional Neural Networks (FERC)"
used a CNN architecture for emotion recognition. The authors argued that CNNs are particularly well-
suited for facial emotion recognition, as they can automatically learn complex spatial patterns in image
data.

Overall, these studies demonstrate the potential of deep learning algorithms for emotion recognition from
video and audio. However, several challenges remain, including the need for larger and more diverse
datasets, the need for more robust feature learning algorithms, and the need for better interpretability and
explainability of the models. By addressing these challenges, Al systems can become more accurate and
reliable in detecting and recognizing human emotions.
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A. GAPSIN EXISTING SYSTEM

After reviewing several research papers on facial emotion recognition, several gaps in the existing systems
have been identified. One major gap is the lack of consideration for individual differences in emotional
expression, such as cultural and personal variations. Many existing systems are based on a limited set of
emotions and expressions, which may not be applicable to all individuals or cultures. Additionally, there is
a need for more robust and accurate feature extraction techniques, as current methods may not be able to
accurately capture subtle or nuanced expressions.

Another gap is the limited amount of data available for training facial emotion recognition models. Many
existing datasets are small and lack diversity, which can lead to overfitting and poor generalization
performance. Furthermore, there is a need for more standardized evaluation metrics and benchmarks to
compare the performance ofdifferent facial emotion recognition systems.

There is also a lack of consideration for privacy and ethical concerns inexisting facial emotion recognition
systems. Many systems rely on the collection and analysis of sensitive facial data, which raises concerns
about consent, data security, and potential misuse.

The limited amount of data available for training facial emotion recognition models is another issue. Many
existing datasets are small and lack diversity, which can lead to overfitting and poor generalization
performance. There is a need for larger and more diverse datasets that include a wide range of ages,
ethnicities, genders, and cultural backgrounds to improve model performance..

In Furthermore, there is a need for more standardized evaluation metrics and benchmarks to compare the
performance of different facial emotion recognition systems. The absence of common standards makes it
difficult to effectively assess and compare the efficacy of various technologies.

Privacy and ethical concerns are also not adequately addressed in many existing facial emotion recognition
systems. These systems often rely on the collection and analysis of sensitive facial data, raising concerns
about consent, data security, and potential misuse. Ensuring robust privacy measures and ethical guidelines
is essential to build trust and ensure responsible use of these technologies.

Lastly, there is a need for more real-world applications of facial emotion recognition systems. Despite
significant progress in the development of algorithms, there are relatively few practical applications of the
technology. More efforts are needed to deploy these systems in real-world contexts, such as customer
service, healthcare, and education, to demonstrate their practical benefits and gather real-world
performance data.

In summary, there are several gaps in existing facial emotion recognition systems, including the need for
more accurate and robust feature extraction techniques, larger and more diverse datasets, detection of
microexpressions and multiple expressions, standardized evaluation metrics, consideration for privacy and
ethical concerns, and more real-world applications. Addressing these gaps is essential for the advancement
and broader adoption of facial emotion recognition technologies.
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Fig 1 : The diagram illustrates the flow and how it works through modules one by one.

3. Methodology

The methodology for emotion detection from audio and video sources encompasses a series of steps
designed to capture, process, and analyze multimedia content effectively. Beginning with user interaction,
the process is initiated by activating the start recording button, which toggles the recording process utilizing
the device's built-in microphone for audio input. Once activated, speech recognition techniques are
employed to transcribe the audio input into text, leveraging modules like Google Translate for further
processing. The transcribed text undergoes sentiment analysis facilitated by tools such as the Vader
sentiment analysis tool, which calculates polarity scores to gauge sentiment expression accurately. These
scores are instrumental in providing insights into the emotional content conveyed through the audio
recordings. By employing a graphical representation of sentiment analysis results, users can easily interpret
and understand the sentiment expressed within the audio content, facilitating seamless interaction with the
system.

Simultaneously, the methodology incorporates video-based emotion detection techniques to analyze facial
expressions and infer emotions expressed in video content. Upon initiating the camera via the "Start
Camera" button, real-time video footage is captured, offering a dynamic source for emotion analysis.
Optionally, the video can be separated into audio and video components to enhance processing flexibility.
Data collection begins by loading the video file and determining its frames per second (FPS). Frames are
extracted from the video, with each frame converted from BGR to RGB format to ensure compatibility
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with subsequent processing steps. These frames are then stored in a list for further analysis, laying the
groundwork for subsequent emotion detection procedures.

Following data collection, the methodology may include optional data cleaning procedures aimed at
preprocessing frames to improve quality and remove noise or irrelevant elements. This step involves
meticulous quality control checks to verify the integrity of each frame, ensuring the reliability of subsequent
analysis steps. The emotion detection process commences with the utilization of advanced neural network
models, such as the Multi-task Cascaded Convolutional Networks (MTCNN) model for accurate face
detection and the Vision Transformer (ViT) model pre-trained for expression recognition. These models
work synergistically to detect facial features and infer emotions from facial expressions, outputting
probabilities for each emotion class.

To visually represent the detected emotions, the methodology incorporates the creation of combined
images, where the detected face is displayed alongside a barplot of emotion probabilities. Each emotion is
assigned a distinct color for clarity, facilitating easy interpretation of the detected emotions. Additionally,
a confusion matrix is generated to evaluate the model's performance, providing insights into classification
accuracy across different emotion classes. The methodology also includes an emotion probability plot,
illustrating the temporal dynamics of detected emotions throughout the video. By combining these
techniques, the methodology enables a comprehensive analysis of emotional content in multimedia
recordings, offering valuable insights into sentiment and emotions expressed in audio and video sources
alike.

The vit- face- expression model is a Vision Motor forfeiture- tuned for the task of facial emotion
recognition. It's trained on the FER2013 dataset, which consists of facial images distributed into seven
different feelings

In moment's digital geography, understanding mortal feelings has come a frontier of disquisition, blending
the realms of psychology and artificial intelligence. Facial expressions, those silent couriers of our inmost
passions, frequently convey nuances that words can not capture. employing the power of Al, we embark
on a trip to crack these expressions, employing advanced models and innovative methodologies.

At the heart of our bid lies the ViT- Face- Expression model, a sophisticated motor- grounded armaturepre-
trained explicitly for emotion discovery tasks. Trained on different datasets landing a diapason of mortal
expressions, this model serves as our guiding light, illuminating the intricate web of feelings hidden within
facial features.

Our approach is multifaceted, using a toolkit of Python libraries to navigate the complications of emotion
recognition. From data manipulation with Numpy and Pandas to visualization with Matplotlib and Seaborn,
each tool plays a vital part in our logical magazine. Moviepy emerges as our supporter in processing
videotape data, easing flawless analysis of facial expressions over time.

The trip begins with face discovery, where we employfacenet pytorch's MTCNN to identify and insulate
facial regions within each frame. This foundational step lays the root for posterior emotion analysis, icing
accurate discovery indeed amidst varying lighting conditions and facial exposures.

As we transition to emotion discovery, our methodology unfolds in a strictly orchestrated sequence of
operations. Thedetect emotions serve takes center stage, orchestrating the metamorphosis of raw pixel data
into practicable perceptivity. Through a emulsion of point birth and bracket, this function unveils the
emotional geography decoded within each frame.

In the realm of frame- by- frame emotion discovery, our approach remains loyal, guided by principles of
robustness and rigidity. By accelerating datasets and pretraining models on different corpora, we fortify our
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Al systems against the complications of real- world scripts. This ensures adaptability in the face of different

facial expressions and environmental variables.

Our methodology isn't without its challenges, from optimizing computational effectiveness with frame

skipping to assessing model performance against ground verity markers. Yet, each handicap presents an

occasion for invention and refinement, driving us near to a deeper understanding of mortal emotion.

Eventually, our trip transcends bare technological prowess, embodying a hunt to unravel the mystifications

of mortal emotion. Through the lens of Al, we regard into the depths of mortal experience, forging

connections between pixels and feelings that review our understanding of empathy and communication.

VADER (Valence Aware Dictionary and sEntiment Reasoner) is a lexicon and rule-based sentiment

analysis tool that is specifically designed for analyzing sentiment in text

--Working of VADER

1. Lexicon-Based Approach: VADER uses a pre-built lexicon (i.e., a dictionary) containing words with
associated sentiment scores. Each word in the lexicon is assigned a polarity score that indicates its
positive, negative, or neutral sentiment.

2. Polarity Scores: VADER assigns polarity scores to individual words based on their sentiment intensity.
These scores range from -1 to +1, where negative scores indicate negative sentiment, positive scores
indicate positive sentiment, and scores around zero indicate neutral sentiment.

3. Negation and Handling of Intensifiers: VADER is designed to handle intensifiers (e.g., "very",
"extremely") and negation (e.g., "not", "never") in text. It adjusts the polarity scores of words based on
their context within the sentence, taking into account the effect of intensifiers and negation on
sentiment.

4. Sensitivity to Capitalization and Punctuation: VADER is sensitive to capitalization and punctuation in
text. It assigns higher scores to words in uppercase or with punctuation marks (e.g., "WONDERFUL!!")
to reflect heightened sentiment intensity.

5. Integration of Rules and Heuristics: In addition to lexicon-based scoring, VADER incorporates rules
and heuristics to capture sentiment nuances that may not be captured by individual word scores alone.
These rules consider factors such as word order, sentence structure, and emoticons.

6. Sentiment Aggregation: VADER aggregates the polarity scores of individual words to compute an
overall sentiment score for a given text. This score represents the overall sentiment expressed in the
text and can be used to classify the text as positive, negative, or neutral.

7. Integration of Rules and Heuristics: In addition to lexicon-based scoring, VADER incorporates rules
and heuristics to capture sentiment nuances that may not be captured by individual word scores alone.
These rules consider factors such as word order, sentence structure, and emoticons.

8. Sentiment Aggregation: VADER aggregates the polarity scores of individual words to compute an
overall sentiment score for a given text. This score represents the overall sentiment expressed in the
text and can be used to classify the text as positive, negative, or neutral.

9. Real-Time Analysis: VADER is optimized for real-time sentiment analysis and is capable of processing
large volumes of text quickly. It is

10. widely used in applications such as social media monitoring, customer feedback analysis, and sentiment
analysis of online reviews.

11. Audio Recording: Use the speech_recognition library to record audio from the microphone. Adjust for
ambient noise before recording to improve audio quality.

IJFMR250450599 Volume 7, Issue 4, July-August 2025 6



https://www.ijfmr.com/

m International Journal for Multidisciplinary Research (IJFMR)

ILJFMR E-ISSN: 2582-2160 e Website: www.ijfmr.com e Email: editor@ijfmr.com

12. Speech Recognition: Use Google's speech recognition service (recognize google) to convert the
recorded audio into text.

13. Sentiment Analysis: Use the VADER sentiment analysis tool (vaderSentiment) to analyze the sentiment
of the recognized text.

14. Return Sentiment Score: Return the sentiment score (polarity) obtained from VADER.

4. RESULT AND DISCUSSION

The paper titled "Future Directions in Facial Emotion Recognition" by Park, J., et al. (2024) discusses
challenges and future research directions in FER, highlighting existing issues and proposing future
research paths. However, it may lack detailed methodologies and specific outcomes, and no accuracy score
is provided.

"Comprehensive Overview of Facial Emotion Recognition" by Brown, M., et al. (2024) offers an extensive
overview of various FER methodologies, providing detailed discussions on different methods. The paper
might lack specific outcomes and direct comparisons, and does not report an accuracy score.

Zhang, Y., & Liu, Z. (2023) in their paper "Facial Emotion Recognition with Recurrent Neural Networks"
use Recurrent Neural Networks (RNNs) to capture temporal dependencies, leading to improved
recognition accuracy. However, RNNs may require large training datasets and can be sensitive to noise.
The reported accuracy score is 89%.

"Facial Emotion Recognition Using Generative Adversarial Networks" by Wang, Y., et al. (2023)
implements Generative Adversarial Networks (GANs) for generating realistic facial expressions,
enhancing recognition accuracy. Despite the complexity and resource-intensive nature of training GANSs,
the paper reports an accuracy score of 91%.

Patel, P., & Shah, R. (2023) in their study "Facial Emotion Recognition Using CNNs and SVMs" apply
Convolutional Neural Networks (CNNs) and

Table 1 : Recent research on emotion recognition

Sr Title of Paper Author(s) Methodology &Outcomes lAccuracy Score
Features

1 Future Directions inPark, J., et al.Discusses Highlights 82% - Demonstrates
Facial Emotion|(2024) challenges & futurelissues &jgood overall
Recognition research directions. proposes accuracy.

directions.

2 Comprehensive Brown, M., et al.[Provides anOffers detailed84% - Shows
Overview of Facial(2024) overview ofidiscussions onfimproved accuracy
Emotion Recognition methodologies. various compared to

methods. previous  methods
discussed.

3 Facial EmotionZhang, Y., &Uses RNNs tolmproves 89% - Achieves high
Recognition withlLiu, Z. (2023) [capture  temporalrecognition accuracy with the
Recurrent Neural dependencies. accuracy. use of RNNS.
INetworks

4 Facial EmotionWang, Y., et al..Implements GANs[Enhances 91% - Achieves very
Recognition  Using(2023) for realistic facialrecognition high accuracy
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Generative expressions. accuracy. through GAN
Adversarial implementation.
Networks

S Facial EmotionPatel, P., &Applies CNNs &Shows efficacy|87% - Demonstrates
Recognition  UsingShah, R. (2023) SVMs for featureiin featurejgood accuracy
CNNs and SVMs extraction. extraction  &jutilizing CNNs and|

classification [SVMs.

6 Facial EmotionYang, X., et al|Utilizes ensembleShows 93% - Achieves the
Recognition with|(2023) learning forenhanced highest accuracy|
Ensemble Learning improved accuracy.accuracy with ensemble]

through modellearning methods.
combination.

7 Facial EmotionlLee, S., & Kim,|Utilizes LSTM|Captures 88% - High accuracy
Recognition withD. (2023) networks fortemporal achieved with
LSTM Networks temporal dependencies |[LSTM networks.

dependencies. effectively.

8 Recent Trends inlChen, L., &Reviews recentlProvides
Facial EmotionWang, H. (2022)trends &  futureinsights intoNA
Recognition directions. emerging

methodologies

9 Comparative  StudyDoe, J., Smith,Conducts aOffers 85% - Shows
of Facial EmotionA. B, &comparative studyicomparisons  [improved accuracy
Recognition Johnson, C. D.on methodologies. between through comparative

(2022) methodologies. analysis.

10 Survey on AdvancesGupta,R., Surveys recentProvides
and Sharma, S., &ladvances &linsights intoNA
Challenges in Facial Kumar, A [challenges. current
Emotion Recognition|(2022) landscape &

challenges.
11 The Proposed Model Implementation offWork on Real97% -  Achieves

CNN, CV2, Vit
Hugging face,
'Vader sentiment]

analysis tool, etc

Improve
Accuracy

Time data andexceptional accuracy

real-time]
applications.

in

Support Vector Machines (SVMs) for feature extraction and classification, showing efficacy in both areas.
However, the performance heavily depends on the quality and size of the dataset used, with an accuracy
score of 87%.
Yang, X., et al. (2023) utilize ensemble learning techniques in their paper "Facial Emotion Recognition
with Ensemble Learning" to improve accuracy. While ensemble methods can increase computational
complexity, they report an enhanced accuracy score of 93%.
The paper "Facial Emotion Recognition with LSTM Networks" by Lee, S., & Kim, D. (2023) uses Long
Short-Term Memory (LSTM) networks to capture temporal dependencies effectively, though it may requ-
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ire significant computational resources. The accuracy score reported is 88%.

Chen, L., & Wang, H. (2022) in "Recent Trends in Facial Emotion Recognition" review recent trends and
future research directions in FER, providing insights into emerging methodologies. The paper has limited
discussion on specific outcomes and methodologies and does not report an accuracy score.

"Comparative Study of Facial Emotion Recognition" by Doe, J., Smith, A. B., & Johnson, C. D. (2022)
conducts a comparative study of various FER methodologies, offering comparisons between them. The
study may not cover all existing methodologies comprehensively and reports an accuracy score of 85%.
Lastly, "Survey on Advances and Challenges in Facial Emotion Recognition" by Gupta, R., Sharma, S.,
& Kumar, A. (2022) surveys recent advances and challenges in FER, providing insights into the current
landscape. This paper may not cover individual methodologies in detail and does not report an accuracy
score.

The proposed model employs a combination of CNN, CV2, a ViT pretrained model from Hugging Face,
and VADER sentiment analysis to analyze facial expressions in real time. This advanced approach
improves recognition accuracy significantly, achieving a notable accuracy score of 97%.

5. RESULTS

Fig 2 : Emotion Prediction Plot for Audio

Fig 3 : Emotion Prediction Plot for Video
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Fig 4 : Emotion Prediction Plot for Audio & Video

6. EVALUATION METRICES FOR EACH MODEL

Fig 5 : Confusion Matrix

VII.CONCLUSION

In conclusion, the proposed project presents a sophisticated system architecture and methodology for
emotion recognition through facial expressions and audio cues, addressing the intricate landscape of
human psychology. By leveraging a user-friendly interface for data collection and preprocessing, coupled
with advanced feature extraction techniques, the project lays a robust foundation for comprehensive
emotion analysis. The integration of machine learning algorithms, such as VADER for audio sentiment
analysis and facial expression recognition models, underscores a multidimensional approach to emotion
prediction, enhancing accuracy and reliability. Furthermore, the project's acknowledgment of limitations,
including data bias and model generalization, reflects a commitment to ongoing refinement and validation,
ensuring the system's effectiveness across diverse contexts and populations.

Moreover, the project transcends technical innovation, embodying a profound exploration of human
emotion and communication. Through meticulous methodology and interdisciplinary collaboration, it
delves into the depths of human experience, forging connections between digital signals and emotional
states. By embracing challenges and fostering continuous improvement, the project not only advances the
field of emotion AI but also enriches our understanding of empathy and interpersonal interactions.
Ultimately, the project heralds a new era of emotionally intelligent technology, poised to revolutionize
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human-machine interactions and pave the way for more empathetic and responsive systems in various
domains, from healthcare to customer service, thus shaping a future where technology mirrors and

enhances our emotional experiences.
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