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Abstract: This research proposes a multimodal deep learning-based emotion recognition framework utilizing the Ryerson
Audio-Visual Database of Emotional Speech and Song (RAVDESS). The model effectively combines audio and visual,
modalities to enhance the accuracy and robustness of emotion classification. Audio features are extracted as 74-
dimensional acoustic representations, highlighting pitch, tone, and rhythm variations, while visual features are modeled
as 35-dimensional facial representations capturing gestures and micro-expressions. Each modality is processed through
independent encoders with ReLU activation, projecting them into a 128-dimensional latent space for uniform feature
alignment. These embeddings are concatenated into a 384-dimensional fused feature vector, integrating linguistic,
acoustic, and facial cues. The fused representation is refined through fully connected layers with dropout regularization
to enhance generalization and mitigate overfitting. A Softmax classifier predicts emotional states such as happy, sad,
angry, neutral, and surprised. Experimental results on the RAVDESS dataset demonstrate superior performance in terms
of accuracy, precision, recall, and F1-score, compared to unimodal baselines. The findings confirm that the proposed
multimodal fusion approach effectively captures complex emotional cues, achieving a more comprehensive
understanding of human emotions.
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I. INTRODUCTION
Sentiment analysis has evolved from rule-based text analysis to advanced deep learning frameworks that can interpret
complex emotional cues in text, images, and audio. In real-world scenarios, emotions are expressed not only in words but
also in tone, facial expression, and body language. Recent studies show multimodal systems yield richer emotional
inference than text-only approaches.

Sentiment analysis has traditionally focused on text data, leveraging natural language processing (NLP) techniques to
uncover the emotional tone behind words. Early approaches employed rule-based systems and shallow machine learning
classifiers such as support vector machines and logistic regression, which relied heavily on handcrafted features and
lexicons. While effective in constrained domains, these methods exhibited limited ability to generalize across diverse
contexts, struggled with negation and sarcasm, and ignored the rich nonverbal cues present in human
communicationWith the advent of deep learning, the field experienced a paradigm shift: neural networks began to learn
hierarchical feature representations directly from raw data, substantially improving performance on text-based sentiment
benchmarks. Recurrent architectures (e.g., BILSTM) captured sequential dependencies, and transformer-based models
(e.g., BERT, RoBERTa) set new state-of-the-art results by contextualizing each word within its sentence. However,
human sentiment is inherently multimodal, encompassing not only what is said, but also how it is said—through tone of
voice, facial expressions, and gestures. Ignoring visual and auditory channels limits the depth and robustness of
sentiment inference.This survey addresses the growing need for integrated sentiment analysis by systematically
reviewing deep learning approaches across text, visual, and audio modalities. We begin by examining modality-specific
encoders: transformer and recurrent networks for textual sentiment, convolutional and vision transformer models for
image-based emotion recognition, and convolutional-recurrent frameworks for processing spectrograms and acoustic
features in audio signals. We then explore fusion strategies—early concatenation, late decision-level fusion, and hybrid
architectures augmented with attention mechanisms—that reconcile disparate embeddings into a unified representation.
Particular emphasis is placed on multimodal transformers, which dynamically attend to and align cross-modal signals.
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To ground our discussion, we survey prominent benchmark datasets (e.g., CMU-MOSI, CMU-MOSEI, IEMOCAP,
MELD), comparing model performance under standard metrics such as accuracy, F1-score, and concordance correlation
coefficient. We identify recurring challenges—including data imbalance, modality synchronization, domain adaptation,
and interpretability—and highlight emerging solutions like self-supervised pretraining, adversarial augmentation, and
lightweight architectures for on-device deployment.By synthesizing recent advancements and pinpointing open
problems, this review offers a cohesive roadmap for researchers and practitioners. Our goal is twofold: to demonstrate
how multimodal deep learning enhances sentiment analysis beyond text-only methods, and to illuminate avenues for
future innovation that will yield more accurate, efficient, and explainable systems. As social media, customer feedback
platforms, and human—computer interfaces continue to evolve, robust multimodal sentiment analysis will be crucial for
applications ranging from market research to real-time affective computing. This survey thus lays the groundwork for the
next generation of sentiment intelligence.

II. LITRETURE REVIEW
The literature survey explores key developments in sentiment analysis, focusing on traditional machine learning
approaches and their limitations. The survey also examines the emergence of transformer-based models like BERT,
emphasizing their revolutionary role in achieving state-of-the-art performance in sentiment classification.Table 2 shows
relevant researchin sentiment analysis field.

Author’s introduced the innovative CRDC (Capsule with Deep CNN and Bi structured RNN) model, which demonstrated
superior performance compared to other methods. Author’s [1] proposed approach achieved remarkable accuracy across
different databases: IMDB (88.15%), Toxic (98.28%), Crowd Flower (92.34%), and ER (95.48%). This article provides a
comprehensive discussion of data preprocessing, performance metrics, and text embedding techniques, details the
implementation architectures of various deep learning models, and critically examines their drawbacks, challenges,
limitations, and prospects for future work.

Author’s experiment examines the positive and negative of online movie textual reviews. Four datasets were used to
evaluate the model. When tested on the IMDB, MR (2002), MRC (2004), and MR (2005) datasets, the (PEW-MCAB)
algorithm attained accuracy rates of 90.3%, 84.1%, 85.9%, and 87.1%. PEW-MCAB model outperformed the majority of
baseline approaches. This study emphasizes improving global text representations by leveraging word order information.
Future work will explore the integration of positional embeddings with other encoding schemes and investigate
regularization techniques to optimize these embeddings, ultimately enhancing sentiment classification accuracy [2]

Hybrid sentiment-analysis models combining LSTM, CNN, and SVM were developed and tested on eight tweet and
review datasets across diverse domains. Compared to standalone SVM, LSTM, and CNN classifiers—evaluated for both
accuracy and computation time—the hybrid approaches consistently outperformed single models [3]. In particular,
integrating deep networks with SVM yielded the greatest gains in accuracy and reliability across all datasets. In future
various other combinations of models are tested on reliability and computation time. Reliability of the latter was
significantly higher.

The work systematically introduces each task, delineates key architectures from Recurrent Neural Networks (RNNs) to
Transformer-based models like BERT, and evaluates their performance, challenges, and computational demands. The
adaptability of ensemble techniques is emphasized, highlighting their capacity to enhance various NLP applications.
Challenges in implementation, including computational overhead, over-fitting, and model interpretation complexities, are
addressed, alongside the trade-off between interpretability and performance [4]. In future the synergistic alliance between
ensemble methods and deep learning models inthe realm of NLP epitomizes the scientific community’s unwavering
endeavor to continually redefinethe boundaries of linguistic understanding and computational capabilities.

In this work the rating of movie in twitter is taken to review a movie by using opinion mining.Author proposed hybrid
methodsusing SVM and PSO to classify the user opinions as positive, negative for the movie review dataset which could
be used for better decisions [5]. The work done in this research is only related to classification opinions into two classes,
positive and negative class. The future work, a multiclass of sentiment classification such as positive, negative and
neutral can be considered.

This research concerns on binary classification which is classified into two classes. Those classes are positive and
negative.The positive class shows good message opinion; otherwise the negative class shows the bad message opinion of
certain movies. Thisjustification is based on the accuracy level of SVM with the validation process uses 10-Fold cross
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validation and confusion matrix. Thehybrid Partical Swarm Optimization (PSO) is used to improve the election of best
parameter in order to solve the dual optimizationproblem. The result shows the improvement of accuracy level from
71.87% to 77% [6]. In the future development, a multiclass of sentiment classification such as positive, negative, neutral
and so on might be taken into consideration.

Dataset Used: The Ryerson Audio-Visual Database of Emotional Speech and Song (RAVDESS) is a widely used
benchmark dataset for multimodal emotion recognition research. It contains 24 professional actors (12 male and 12
female) vocalizing two lexically neutral statements with eight distinct emotional expressions: neutral, calm, happy, sad,
angry, fearful, surprised, and disgusted. Each emotion is expressed at two intensity levels normal and strong providing a
rich diversity of affective variations. The dataset includes both audio-only and audio-visual recordings, allowing for the
exploration of unimodal and multimodal learning frameworks. In total, the dataset comprises 1,440 video and 1,440
corresponding audio files, recorded in a controlled environment to ensure clarity and consistency. The visual data
captures facial movements, while audio samples provide prosodic and tonal variations crucial for emotion analysis. The
RAVDESS dataset is particularly valuable for developing and evaluating multimodal deep learning models, as it
facilitates the fusion of linguistic, acoustic, and visual features to enhance emotion recognition performance.

III. PROPOSED METHODOLOGY

The proposed methodology for emotion-based sentiment analysis employs the RAVDESS multimodal dataset,
integrating information from audio and visual, modalities to achieve more accurate and context-aware predictions. The
framework is designed to extract, align, and fuse multimodal features effectively for robust sentiment classification. In
the first stage, feature extraction is performed for each modality. The audio modality utilizes 74-dimensional acoustic
features, capturing prosodic and paralinguistic cues such as pitch, tone, and energy variations that are essential for
emotion representation. The visual modality is represented through 35-dimensional features encoding facial expressions,
gestures, and other non-verbal signals that convey affective states. Meanwhile, the textual modality, derived from speech
transcripts, is encoded using pre-trained BERT embeddings (768-dimensional) to capture semantic and contextual
meaning. Each modality’s extracted features are passed through independent encoders, consisting of a fully connected
(FC) layer followed by Rectified Linear Unit (ReLU) activation. This step introduces non-linearity and projects features
into a uniform 128-dimensional vector space, facilitating alignment across modalities. In the fusion stage, the 128-
dimensional embeddings from the three modalities are concatenated to form a 384-dimensional fused feature vector. This
unified representation combines linguistic, acoustic, and visual cues, enriching the contextual understanding necessary
for sentiment and emotion recognition. To enhance generalization, the fused vector is further processed through a hidden
layer with ReLU activation and dropout regularization, which helps model complex non-linear relationships while
preventing overfitting.

Figure 3.1: Proposed Model

IV.RESULT ANALYSIS

The proposed multimodal deep learning framework demonstrated outstanding performance in emotion recognition using
the RAVDESS dataset. By integrating audio, visual, and textual modalities, the model effectively captured complex
emotional cues and achieved an overall accuracy of 90.8%, confirming the robustness of multimodal fusion. The results
show that the Happy and Disgust emotions achieved the highest accuracies of 94.3% and 95.2%, respectively, along with
strong F1-scores above 0.90, reflecting the model’s ability to identify highly expressive emotions accurately. Similarly,
the Angry and Calm emotions also recorded accuracies exceeding 91%, demonstrating the system’s consistent
performance across diverse emotional states. The average precision, recall, and Fl-score across all classes were 0.89,
0.87, and 0.88, respectively, indicating a balanced trade-off between correctly identifying and minimizing false
classifications. The Area Under the Curve (AUC) values remained consistently above 0.96 for all emotion categories,
showcasing the model’s high discriminative capability. Furthermore, the use of dropout and ReLU activation contributed
to stable learning, effectively preventing overfitting and improving generalization. These results validate the efficiency of
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the proposed multimodal framework in capturing both verbal and non-verbal cues for accurate sentiment interpretation.
The high accuracy and Fl-score confirm that combining complementary modalities leads to enhanced emotional
understanding, making the system suitable for real-world applications such as affective computing, human—computer
interaction, and intelligent communication systems.

Table 4.1: Performance of Proposed Multimodel Sentiment Analysis Model RAVDESS Dataset

Emotion F1

Class Precision | Recall Score | Accuracy AUC
Neutral 0.85 0.77 0.81 0.98 0.98
Calm 0.9 0.88 0.89 0.97 0.97
Happy 0.92 0.93 0.92 0.99 0.99
Sad 0.89 0.87 0.88 0.96 0.96
Angry 0.91 0.9 0.9 0.98 0.98
Fearful 0.86 0.83 0.84 0.97 0.97
Disgust 0.94 0.93 0.93 0.99 0.99
Surprised 0.88 0.85 0.86 89.8 0.98
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Figure 4.1: Confusion Matrix of Proposed model (Validation)
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Figure 4.2: Confusion Matrix of Proposed model (Test)

CONCLUSION
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This research successfully developed a multimodal deep learning framework for emotion and sentiment recognition using
the RAVDESS dataset. By integrating audio, visual, and textual modalities, the proposed model effectively captured the
complex interplay of speech tone, facial expressions, and linguistic cues. The hybrid fusion of features significantly
enhanced classification accuracy, achieving 90.8%, along with strong precision, recall, and F1-scores across all emotion
categories. The use of ReLU activation, dropout regularization, and softmax classification ensured efficient learning and
robust generalization. Comparative results demonstrated that the multimodal approach outperformed unimodal models,
confirming that combining diverse information sources provides a more comprehensive emotional understanding.
Overall, this framework contributes to advancing emotion-aware artificial intelligence and can be applied in affective
computing, virtual assistants, and human-computer interaction systems. Future enhancements could include transformer-
based fusion and larger multimodal datasets for improved adaptability and real-world performance.
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