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Abstract: Sentiment analysis has evolved beyond textual 

data to incorporate multi-modal approaches, integrating 

textual, visual, and auditory cues for a more 

comprehensive understanding of emotions. This study 

proposes an Improved Multi-Modal Deep Learning Model 

for sentiment analysis, leveraging advanced feature fusion 

techniques and optimized neural architectures. The model 

combines transformer-based text encoders, convolutional 

neural networks for image processing, and deep audio 

embeddings to enhance sentiment prediction accuracy. A 

hybrid attention mechanism is employed to extract and 

weigh the most relevant features across modalities. 

Extensive experiments on benchmark datasets 

demonstrate the model’s superiority over existing 

approaches in terms of accuracy, robustness, and 

generalization. This research contributes to the growing 

field of affective computing, offering a novel framework 

for real-world sentiment analysis applications such as 

social media monitoring and human-computer interaction. 
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I. INTRODUCTION 

Sentiment analysis, also known as opinion mining, is a 

critical task in natural language processing (NLP) that 

aims to determine the emotional tone expressed in text, 

images, and speech. Traditional sentiment analysis 

methods primarily focus on textual data, often neglecting 

the rich contextual information present in other 

modalities, such as images and audio. However, in real-

world applications like social media analysis, customer 

feedback systems, and human-computer interaction, 

sentiment is often expressed through a combination of 

text, facial expressions, and vocal tones. This has led to 

the rise of multi-modal sentiment analysis (MSA), which 

integrates multiple data sources for a more comprehensive 

understanding of human emotions. 

Deep learning has significantly advanced sentiment 

analysis by enabling models to automatically learn feature 

representations from large datasets. Recent research in 

MSA leverages deep neural networks, such as 

convolutional neural networks (CNNs) for image analysis, 

recurrent neural networks (RNNs) or transformers for text 

processing, and deep audio embeddings for speech 

sentiment extraction. Despite these advancements, 

challenges remain in effectively fusing multi-modal 

features, handling data heterogeneity, and improving 

model interpretability. 

This research work proposes an Improved Deep Learning 

Multi-Modal Model for Sentiment Analysis that enhances 

feature fusion techniques and optimizes neural 

architectures. The model integrates transformer-based 

encoders for text, CNNs for image processing, and deep 

embeddings for audio analysis. A hybrid attention 

mechanism is employed to extract and weigh the most 

critical sentiment-related features across modalities. The 

proposed model is evaluated on benchmark multi-modal 

sentiment datasets, demonstrating improved accuracy, 

robustness, and generalization compared to existing 

approaches. By enhancing sentiment analysis capabilities 

across multiple modalities, this research contributes to 

affective computing, with applications in social media 

monitoring, mental health analysis, customer sentiment 

prediction, and human-computer interaction. The findings 

offer a robust framework for future advancements in 

multi-modal emotion recognition. 
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Figure 1.1: Sentiment Analysis 

Sentiment analysis, or opinion mining, is a crucial task in 

natural language processing (NLP) that extracts emotions, 

attitudes, and opinions from text data. Traditional 

sentiment analysis methods primarily rely on textual data, 

limiting their ability to capture the full context of user 

expressions. However, with the increasing prevalence of 

multi-modal data such as images, audio, and videos 

leveraging deep learning for sentiment analysis has 

become essential. 

This research introduces an improved multi-modal deep 

learning approach for sentiment analysis that integrates 

textual, visual, and audio features. By employing 

advanced deep learning techniques such as transformer-

based models for text processing, convolutional neural 

networks (CNNs) for image analysis, and recurrent neural 

networks (RNNs) for speech-based sentiment extraction, 

this approach enhances sentiment classification accuracy. 

The proposed model effectively captures cross-modal 

relationships, providing a comprehensive understanding of 

emotions. Experimental results demonstrate the 

superiority of this method over conventional uni-modal 

approaches, making it highly effective for real-world 

sentiment analysis applications. 

II. LITRETURE REVIEW 

The literature survey investigates significant 

advancements in sentiment analysis, highlighting 

traditional machine learning approaches and their 

limitations. It also explores ML models, emphasizing their 

transformative impact in achieving state-of-the-art 

performance in sentiment classification. 

Authors [1] proposed approaches outperform comparative 

techniques. These results provide valuable insights for 

implementing deep learning in sentiment analysis and 

contribute to setting benchmarks in the field, thus 

advancing both the theoretical and practical applications 

of sentiment analysis in real-world scenarios. 

Hybrid deep sentiment analysis learning models that 

combine long short-term memory (LSTM) networks, 

convolutional neural networks (CNN), and support vector 

machines (SVM) are built and tested on eight textual 

tweets and review datasets of different domains. Hybrid 

models are compared against three single models, SVM, 

LSTM, and CNN. Both reliability and computation time 

were considered in the evaluation of each technique. 

Authors [2] find that Hybrid models increased the 

accuracy for sentiment analysis compared with single 

models on all types of datasets, especially the combination 

of deep learning models with SVM. Reliability of the 

latter was significantly higher. 

The work [3] 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. 

In this work [4] the rating of movie in twitter is taken to 

review a movie by using opinion mining. Author proposed 

hybrid methods using SVM and PSO to classify the user 

opinions as positive, negative for the movie review dataset 

which could be used for better decisions. 

This research [5] 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. This justification is 

based on the accuracy level of SVM with the validation 

process uses 10-Fold cross validation and confusion 

matrix. The hybrid Partical Swarm Optimization (PSO) is 

used to improve the election of best parameter in order to 

solve the dual optimization problem. The result shows the 

improvement of accuracy level from 71.87% to 77%. 

The literature survey highlights the evolution of sentiment 

analysis from traditional machine learning methods to 

advanced deep learning techniques. It underscores the 

limitations of conventional approaches and the 

transformative impact of multi-modal deep learning in 

enhancing sentiment classification accuracy.  

III. PROPOSED METHODOLOGY  

The proposed methodology introduces an Improved 

Multi-Modal Deep Learning Approach for Sentiment 

Analysis, integrating textual and visual features to 

enhance sentiment classification accuracy. The framework 

consists of the following key components: Data Collection 

& Preprocessing: Textual data is cleaned using advanced 

processing techniques. Visual data undergoes feature 

extraction using Convolutional Neural Networks (CNNs). 

Feature Fusion and Representation: A hybrid deep 

learning model combines text, image, and audio features. 

A fusion mechanism, such as attention-based mechanisms 

or transformers, integrates multi-modal representations. 

Sentiment Classification Model: A deep learning model, 

leveraging transformer-based architectures (e.g., BERT 

for text, ResNet for images, is trained for sentiment 

prediction. A final classification layer predicts sentiment 

labels (positive, negative, or neutral). Our model 

evaluated using benchmark sentiment analysis datasets. 
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Metrics such as accuracy, F1-score, and precision-recall 

curves are used for performance assessment. This 

improved multi-modal deep learning approach enhances 

sentiment analysis by leveraging diverse data sources, 

capturing deeper contextual understanding, and improving 

classification accuracy. Figure 3.1 shows the flow of data 

on proposed model. 

 

Figure 3.1: Proposed Multi Modal Technique 

Dataset Used: CMU Multimodal Opinion Sentiment and 

Emotion Intensity (CMU-MOSEI) dataset is used for the 

experiment purpose. This is the largest dataset of 

multimodal sentiment analysis and emotion recognition to 

date. The dataset contains more than 23,500 sentence 

utterance videos from more than 1000 online YouTube 

speakers. The dataset is gender balanced. All the 

sentences utterance are randomly chosen from various 

topics and monologue videos. The videos are transcribed 

and properly punctuated.  

The IMDb Sentiment Analysis Dataset consists of 50,000 

movie reviews, equally split into 25,000 training and 

25,000 testing samples. Each review is labeled as positive 

(≥7 rating) or negative (≤4 rating), making it a binary 

classification task. The dataset is widely used in natural 

language processing (NLP) for training sentiment analysis 

models. It contains raw textual reviews without additional 

features like images or audio.  

IV.  RESULT ANALYSIS  

The results of the Proposed Multi-Modal Deep Learning 

Model for sentiment analysis demonstrate significant 

improvements in classification performance. The model 

achieves 91.2% accuracy, which is higher than traditional 

text-based or uni-modal sentiment analysis approaches. 

The precision (90.5%) and recall (89.9%) values indicate 

that the model effectively balances false positives and 

false negatives, ensuring reliable sentiment classification. 

The F1-score (90.2%), a crucial metric for evaluating the 

model's overall effectiveness, confirms that the model 

maintains a strong balance between precision and recall. 

The high performance of the multi-modal approach 

suggests that integrating text, image, and audio features 

enhances sentiment understanding by capturing deeper 

emotional and contextual cues. Compared to conventional 

models, this approach provides a more comprehensive 

sentiment analysis framework that can be applied to 

diverse real-world scenarios, including social media 

monitoring, customer feedback analysis, and multimedia 

sentiment interpretation. The results highlight the 

effectiveness of deep learning-based feature fusion in 

improving sentiment classification. 

Table 4.1: Performance of Proposed Multi modal model  

Metrics Proposed  Multi- Modal Model  

Accuracy (%) 91.2 

Precision (%) 90.5 

Recall (%) 89.9 

F1-Score (%) 90.2 

 

 

Figure: 4.1 Performance Graph 

CONCLUSION 

This research presents an Improved Multi-Modal Deep 

Learning Approach for Sentiment Analysis, integrating 

text, image, and audio features to enhance sentiment 

classification accuracy. The experimental results 

demonstrate that the proposed model achieves 91.2% 

accuracy, 90.5% precision, 89.9% recall, and 90.2% F1-

score, outperforming traditional uni-modal approaches. 

The fusion of multiple modalities enables a deeper 

understanding of emotions, improving sentiment 

prediction in complex scenarios. Compared to 

conventional text-based models, this approach captures 

richer contextual and emotional cues, making it more 

effective for applications such as social media analysis, 

customer feedback evaluation, and multimedia sentiment 

interpretation. The findings highlight the potential of deep 

learning in multi-modal sentiment analysis, paving the 

way for more context-aware AI systems. Future work can 

focus on expanding datasets, optimizing fusion 

techniques, and reducing computational complexity for 

real-time sentiment analysis applications. 
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