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Abstract- Emotion recognition plays a vital role in enhancing human-computer interaction systems by enabling empathetic and 

context-aware AI solutions. This study introduces a hybrid deep learning architecture that integrates BERT for extracting 

contextual text features and an Artificial Neural Network (ANN) for processing MFCC-based acoustic features. By combining 

textual and audio modalities, the proposed model effectively addresses the limitations of single-modality approaches. The 

model is evaluated on the USC-IEMOCAP dataset, encompassing six emotion categories: ‘Happy’, ‘Sad’, ‘Angry’, ‘Neutral’, 

‘Frus- trated’, and ‘Excited’. It achieves competitive performance with a weighted F1-score of 0.91 and an accuracy of 86%, 

outperforming several state-of-the-art methods. The fusion of text and audio features enhances the model’s ability to capture 

subtle emotional nuances, demonstrating the potential of multimodal learning for robust emotion classification. This research 

underscores the value of hybrid architectures in advancing emotion recognition for real- world applications. 
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I. INTRODUCTION 

 
Emotion recognition is a rapidly growing research area in 

artificial intelligence (AI) and human-computer interaction 

(HCI), playing a pivotal role in the development of empathetic 

and context-aware systems [1]. By enabling applications such 

as virtual assistants [2], sentiment analysis [3], and mental 

health monitoring [4], emotion recognition enhances the 

ability of machines to understand and respond to human 

emotions ef- fectively. Accurate emotion detection is essential 

for designing systems that can seamlessly interact with users, 

fostering trust and improving user experience [5]. 

 

Traditional emotion recognition approaches often rely on a 

single modality, such as text or audio, to identify emotions. 

While textual data provides valuable semantic context, audio 

features offer insights into speech dynamics, such as tone, 

pitch, and prosody, which are crucial for understanding emo- 

tional expressions [6]. Despite their strengths, single-modality 

models face inherent limitations as they fail to capture the 

complementary nature of different modalities. For instance, 

relying solely on text might overlook the subtleties of vocal 

intonation, while audio-only systems lack the semantic depth 

provided by textual information. These shortcomings result in 

reduced performance, particularly when dealing with complex 

or overlapping emotional categories [7]. 

 

Recent advancements in multimodal learning have demon- 

strated the potential to overcome these limitations by com- 

bining data from multiple sources, such as text, audio, and 

even visual inputs [8]. Multimodal emotion recognition sys- 

tems integrate complementary features to provide a holistic 

understanding of human emotions. Transformer-based archi- 

tectures, such as Multimodal BERT, have gained significant 

attention for their ability to fuse text and audio effectively [9]. 

These models leverage advanced self-attention mechanisms to 

capture intricate relationships between modalities, achieving 

state-of-the-art performance. However, these systems are 

often computationally intensive and require large, diverse 

datasets to perform well. Such requirements limit their 

practicality in real-world applications where computational 

resources are constrained [10]. 

 

To address these challenges, this paper proposes a lightweight 

hybrid architecture that combines the strengths of BERT, a 

pre-trained transformer, with an Artificial Neural Network 

(ANN). The proposed model leverages BERT to extract rich 

contextual embeddings from textual data, capturing semantic 

and syntactic nuances critical for emotion classifica- tion [11]. 

Simultaneously, the ANN processes MFCC-based acoustic 

features to represent the tonal and spectral properties of 

speech [12]. By integrating these modalities, the hybrid model 

ensures a comprehensive understanding of emotions while 

maintaining computational efficiency. 

 

This architecture strikes a balance between performance and 

resource efficiency, making it suitable for real-world appli- 

cations. Unlike state-of-the-art transformer-based multimodal 

models, which demand significant computational power, the 

proposed approach achieves competitive accuracy without 



 

 

 

© 2024 IJSRET 
2776 

 

International Journal of Scientific Research & Engineering Trends                                                                                                         
Volume 9, Issue 6, Nov-Dec-2024, ISSN (Online): 2395-566X 

 

compromising scalability. The fusion of BERT‟s contex- tual 

embeddings and ANN‟s acoustic feature representations 

demonstrates how multimodal systems can surpass the limi- 

tations of single-modality models, providing robust emotion 

recognition capabilities even in resource-constrained environ- 

ments. 

 

This paper is structured as follows. Section II presents a 

review of related work, highlighting existing approaches to 

emotion recognition and their limitations. Section III provides 

an overview of the dataset used in this study, including its 

structure and characteristics. Section IV describes the 

preprocessing steps applied to both text and audio data to 

prepare them for the proposed model. Section V outlines the 

experimental setup, detailing the tools and methodologies 

employed during training and evaluation. Section VI delves 

into the architecture of the proposed hybrid model, explaining 

how BERT and ANN are integrated to achieve multimodal 

fusion. Section VII presents the results, including performance 

metrics and insights drawn from the analysis. Finally, Section 

VIII concludes the paper by summarizing the findings and dis- 

cussing potential future directions for enhancing multimodal 

emotion recognition systems. 

 

By presenting a novel lightweight hybrid approach, this paper 

aims to contribute to the ongoing efforts in building efficient 

and accurate emotion recognition systems, paving the way for 

broader adoption in practical applications. 

 

II. LITERATURE REVIEW 
 

Multimodal emotion recognition leverages diverse data 

sources, such as text, audio, and visual features, to better 

understand and classify human emotions. This section reviews 

notable approaches, focusing on their methodologies, perfor- 

mance, and limitations. 

 

Zhao et al. [13] employs Bidirectional Long Short-Term 

Memory (BiLSTM) networks to model temporal 

dependencies in speech data. An attention mechanism is 

incorporated to emphasize salient parts of the input, 

improving the focus on emotionally relevant features. While 

effective in capturing temporal speech patterns, the model 

does not utilize pre- trained textual embeddings, limiting its 

performance in multi- modal scenarios. It achieves an 

accuracy of 72% on speech data alone but struggles to 

generalize effectively to tasks requiring text-audio integration. 

Kim et al. [14] combines CNN-LSTM to make a hybrid 

architecture, Convolutional Neural Networks (CNNs) are used 

for spatial feature extraction from audio spectrograms with 

LSTMs for modeling temporal sequences. The hybrid archi- 

tecture is particularly adept at capturing intricate patterns in 

speech data. For audio-only emotion recognition, the model 

achieves an accuracy of 76%, while its extension to mul- 

timodal settings, integrating text and audio, achieves 78%. 

However, its high computational requirements make it less 

suitable for resource-constrained environments. 

 

Tsai et al. [15] introduced a miultimodal Transformer-based 

architectures, which are prominent in multimodal emotion 

recognition due to their ability to fuse text, audio, and visual 

features through self-attention mechanisms. These models 

achieve state-of-the-art results, with an accuracy of 81% on 

text and audio inputs, and up to 83% when visual data is 

included. Despite their effectiveness, the models are compu- 

tationally intensive and require large-scale datasets, limiting 

their applicability to real-world scenarios with resource con- 

straints. 

  

Chen et al. [16] discussed about Deep Canonical Correlation 

Analysis (DCCA), DCCA aligns multimodal features, such as 

text and audio, in a shared latent space to maximize their 

correlation. This method facilitates better integration of 

diverse modalities, leading to improved emotion 

classification. On multimodal datasets like IEMOCAP, DCCA 

achieves an accuracy of 78%, showcasing its effectiveness in 

modeling intermodal relationships. However, the approach 

demands ex- tensive training and hyperparameter tuning, 

which can be time- consuming and resource-intensive. 

 

Yang et al. [17] experiments on ‟Hierarchical transformers 

model intra-modal and inter-modal relationships through 

atten- tion mechanisms” applied at multiple levels. This 

architecture achieves superior performance, with an accuracy 

of 83% on the IEMOCAP dataset. While it sets a high 

benchmark for multimodal emotion recognition, the 

complexity of its hier- archical structure increases training 

time and computational overhead, making it less feasible for 

real-time applications. 

 

Poria et al. [18] explored the use of context-aware multi- 

modal emotion recognition by incorporating textual, visual, 

and audio inputs. Their method utilized recurrent neural net- 

works (RNNs) to capture sequential dependencies and em- 

ployed multimodal fusion techniques to align modalities. The 

model achieved 79% accuracy on the CMU-MOSI dataset and 

demonstrated its effectiveness in handling diverse modalities. 

However, its reliance on video data limited its applicability to 

datasets without visual components. 

 

Majumder et al. [19] introduced a memory fusion net- work 

(MFN) for multimodal emotion recognition, focusing on 

learning temporal dependencies and cross-modal interactions. 

The MFN architecture achieved 80% accuracy on IEMOCAP, 

offering competitive performance while being 

computationally efficient. However, the model struggled to 

handle scenarios with significant modality imbalances, such 

as missing or noisy audio data. 
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Zadeh et al. [8] presented a tensor fusion network (TFN) that 

modeled interactions between text, audio, and visual 

modalities using tensor-based fusion. The TFN achieved an 

accuracy of 82% on the CMU-MOSI dataset, demonstrating 

its ability to model complex interdependencies. Despite its 

strong performance, the high computational cost of tensor 

operations made it less feasible for deployment in low-

resource environments. 

 

Summary of Literature Review: Existing works demonstrate 

the potential of multimodal learning for emotion recogni- tion, 

ranging from traditional deep learning methods to ad- vanced 

transformer-based architectures. However, models such as 

Multimodal Transformers and Hierarchical Transformers, 

while achieving high accuracy, are computationally expensive 

and require extensive resources. Simpler architectures like the 

Bidirectional LSTM with Attention and CNN-LSTM Hybrid, 

though more efficient, fail to fully exploit the rich contextual 

information present in textual and audio modalities. 

 

The proposed model addresses these limitations by intro- 

ducing a lightweight hybrid architecture that integrates BERT 

for pre-trained textual embeddings and an Artificial Neural 

  

Network (ANN) for MFCC-based audio feature processing. 

By balancing computational efficiency and accuracy, the pro- 

posed approach achieves competitive performance and offers 

scalability for real-world applications. 

 

III. DATASET 
 

The USC-IEMOCAP [20] dataset is a widely recognized 

benchmark dataset for emotion recognition tasks. It provides a 

rich multimodal resource, including text data in the form of 

transcriptions from actor conversations and audio data 

consisting of corresponding speech signals. The dataset covers 

six distinct emotion categories: „Happy‟, „Sad‟, „Angry‟, 

„Neu- tral‟, „Frustrated‟, and „Excited‟, offering a diverse 

range of emotional expressions. With approximately 12 hours 

of speech data and a balanced class distribution, the dataset 

ensures comprehensive coverage and reliable evaluation of 

emotion classification models. Its multimodal nature makes it 

an ideal choice for exploring the integration of textual and 

acoustic features. 

 

This dataset provides a rich resource for multimodal emo- tion 

classification. 

 

IV. PROPOSED APPROACH 
 

This study introduces a BERT + ANN fusion model for 

multimodal emotion recognition, leveraging the complemen- 

tary strengths of text and audio modalities. The model in- 

tegrates BERT (Bidirectional Encoder Representations from 

Transformers) for processing textual data and an Artificial 

Neural Network (ANN) for extracting features from MFCC- 

based audio data. The architecture ensures efficient fusion and 

classification of both modalities to predict emotions 

accurately. This section describes the methodology, including 

the data preparation steps, model components and fusion 

strategy. 

 

1. BERT Component 

The BERT component processes the textual data using the 

BERT-base-uncased model, a transformer-based pre-trained 

model known for generating rich contextual embeddings. This 

pre-trained model captures semantic and syntactic relation- 

ships within the input sequences, enabling a deep understand- 

ing of the text. The tokenized transcripts are passed through 

the BERT encoder, which outputs a 768-dimensional 

embedding corresponding to the „[CLS]‟ token. This 

embedding serves as a condensed representation of the entire 

input sequence, sum- marizing its contextual and linguistic 

features for downstream tasks. 

 

2. ANN Component 

The ANN component processes the audio features, specifi- 

cally the MFCC features, which consist of 13 coefficients per 

frame. These features are passed as input to a series of fully 

connected layers.  

 

The architecture begins with a dense layer comprising 128 

units, followed by a ReLU activation function to introduce 

non-linearity. The second layer further refines the 

representation with 64 units and another ReLU activation. A 

third dense layer with 32 units, also followed by ReLU 

activation, extracts the final set of audio features. The output 

of this component is a 32-dimensional vector, representing the 

processed and abstracted information from the audio input, 

which is used for subsequent multimodal fusion. 

 

3. Fusion and Classification 

The fusion and classification module integrates the outputs 

from the BERT and ANN components to generate final 

emotion predictions. The 768-dimensional text embedding ob- 

tained from BERT is concatenated with the 32-dimensional 

au- dio feature vector from the ANN, forming an 800-

dimensional fused vector.  

 

This fused representation captures both textual and acoustic 

information, providing a comprehensive view of the 

multimodal input. The fused vector is then passed through a 

fully connected layer with 64 units and a ReLU activation 

function, which refines the features for classification. To 

mitigate overfitting, dropout is applied at this stage. Finally, 

the processed 64-dimensional vector is passed to an output 

layer that maps the features to 6 emotion categories using a 

softmax function, producing probabilities for each class. 
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4. Summary of Model Dimensions 

 

Table 1: Summary of Model Dimensions 
Component Input Dimensions Output Dimensions 

BERT Encoder Text tokens 768 
ANN 13 MFCC features 32 

Fusion Layer 768 + 32 800 
Classification Layer 800 6 

 

V. EXPERIMENT SETUP 
 

The proposed hybrid model was trained and evaluated using 

the USC-IEMOCAP dataset. The experiments were conducted 

in a controlled environment with the following configurations: 

 

1. Hardware and Tools 

The experiments were conducted on a machine equipped with 

an NVIDIA GPU with 16GB VRAM, providing suf- ficient 

computational power for efficient processing of mul- timodal 

data. The implementation leveraged several libraries and 

frameworks to ensure a streamlined development process. 

PyTorch was used for building and training the deep learn- ing 

model, enabling flexibility and scalability. The Trans- former 

Model library from Hugging Face was integrated for BERT-

based text feature extraction, ensuring robust contextual 

embeddings for the transcript data. Additionally, Librosa was 

employed for extracting MFCC features from audio files, of- 

fering reliable tools for preprocessing and feature engineering 

of acoustic signals. Together, these tools provided a compre- 

hensive ecosystem for developing the hybrid architecture. 

 

 
Fig. 1. Flow chart for Proposed Approach 

2. Data Preparation 

The dataset used in this study is the IEMOCAP dataset, a 

widely recognized benchmark for emotion recognition tasks. 

This multimodal dataset provides textual transcriptions, audio 

signals, and corresponding emotion labels. Each record in the 

dataset consists of an utterance accompanied by its tran- 

scription, acoustic features, and emotional annotation. Com- 

prehensive visualization and analysis of the dataset revealed 

its suitability for emotion classification due to its structured 

format and the richness of both textual and acoustic features. 

The textual data, provided as transcriptions of speech dia- 

logues, was extracted from audio files using OpenAI‟s 

Whisper Model, a state-of-the-art automatic speech 

recognition (ASR) tool. The transcriptions underwent 

preprocessing to ensure consistency and clarity across 

samples. This process included cleaning the text by removing 

special characters, punctuation marks, and redundant spaces, 

followed by normalization to convert all text to lowercase for 

uniformity. The preprocessed text was then tokenized using 

the BERT-base-uncased tok- enizer. These processed 

transcriptions were passed through the BERT model, resulting 

in 768-dimensional contextual embeddings, which 

encapsulate the semantic and contextual information required 

for emotion recognition. 

 

The audio signals corresponding to each utterance were 

processed by extracting Mel Frequency Cepstral Coefficients 

(MFCC), a widely used feature set that captures the spectral 

and temporal characteristics of speech. The audio was divided 

into overlapping frames of 25ms with a 10ms overlap, and for 

each frame, 13 MFCC coefficients were computed to capture 

pitch, energy, and tonal quality. These features were 

normalized to ensure numerical stability and compatibility 

with the input requirements of the ANN. The normalized 

MFCC features were fed into the ANN, which processed the 

inputs into a 32-dimensional vector representing emotional 

acoustic patterns. 

 

The emotion labels provided in the dataset encompass six 

distinct categories: „Happy‟, „Sad‟, „Angry‟, „Neutral‟, „Frus- 

trated‟ and „Excited‟ to prepare these labels for classification, 

they were encoded into numeric values for compatibility with 

the model and subsequently transformed into one-hot encoded 

vectors to align with the output of the softmax classifier. The 

distribution of emotion categories was analyzed to address 

any class imbalance, and stratified sampling was applied 

during the train-validation-test split to maintain proportional 

representa- tion of all emotions. The dataset comprised a total 

of 7,374 utterances, each representing an individual row in the 

dataset, with corresponding textual transcriptions, audio 

features, and emotion labels. To facilitate robust training and 

evaluation, the dataset was divided into 70% training, 15% 

validation, and 15% testing subsets, ensuring that the class 

proportions were preserved across all splits. This careful 
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division allowed the model to generalize effectively across the 

diverse range of emotional categories. 

 

In summary, the data preparation process ensured that both 

textual and acoustic features were clean, normalized, and 

well- structured, leveraging the complementary strengths of 

both modalities. This pipeline enabled the BERT + ANN 

model to effectively learn and classify emotions with high 

accuracy, demonstrating the importance of thorough 

preprocessing for robust multimodal emotion recognition. 

 

Implementation 

The proposed ANN + BERT model for multimodal emotion 

recognition was implemented to efficiently process and inte- 

grate textual and acoustic features for classifying emotions 

into six categories: „Happy‟, „Sad‟, „Angry‟, „Neutral‟, 

„Frustrated‟, and „Excited‟. The implementation leveraged 

state-of-the-art tools and frameworks to ensure robust data 

preprocessing, efficient training and accurate evaluation. The 

model was developed using PyTorch for building and training 

the neural network components, Hugging Face Transformers 

for utiliz- ing the pre-trained BERT-base-uncased model, 

Librosa for extracting MFCC features from audio signals and 

scikit-learn for evaluating performance through metrics such 

as precision, recall, F1-score, and confusion matrices. 

 

The model consists of three main components: BERT for text 

processing, ANN for audio processing and a fusion 

mechanism for classification. The text data was tokenized and 

passed through the BERT-base-uncased model, where the 

„[CLS]„ token embedding, a 768-dimensional vector was 

extracted to capture the semantic and contextual meaning of 

the transcriptions. For the audio data, 13 MFCC coefficients 

were extracted from each audio signal using 25ms frames with 

a 10ms overlap, representing key acoustic features such as 

pitch and energy. These MFCC features were normalized and 

processed through a three-layer Artificial Neural Network 

(ANN), consisting of dense layers with 128, 64 and 32 units, 

respectively, each with ReLU activation. The final output of 

the ANN was a 32-dimensional vector summarizing the 

emotional patterns in the audio. 

 

The outputs of the BERT model and ANN were concate- nated 

into an 800-dimensional fused vector for classification. This 

vector was passed through a dense layer with 64 units and 

ReLU activation, followed by a softmax layer to predict 

probabilities for the six emotion categories. The model was 

trained using the Adam optimizer with learning rates of 2e-5 

for BERT and 1e-3 for the ANN components. Cross-entropy 

loss was used as the objective function, with a batch size of 16 

and training performed over five epochs. Early stopping was 

applied based on validation loss to prevent overfitting. 

 

The model‟s performance was evaluated using accuracy, 

precision, recall and F1-score to handle the imbalanced emo- 

tion classes effectively. Additionally, a confusion matrix was 

used to analyze misclassifications and overlapping emotions 

among the six categories. Preprocessing included tokenizing 

text data to generate “input-ids” and “attention-masks” for 

BERT, while the MFCC features were normalized to en- sure 

compatibility with the ANN input. This implementation 

demonstrated the ability of the BERT + ANN model to capture 

complementary features from text and audio modali- ties, 

enabling robust and accurate emotion classification. The 

integration of multimodal data highlights the effectiveness of 

the model in addressing complex emotion recognition tasks. 

 

VI. RESULTS 
 

The performance of the proposed hybrid model was eval- 

uated on the USC-IEMOCAP dataset using standard metrics, 

including accuracy, precision, recall, and F1-score, to assess 

its effectiveness in multimodal emotion recognition. The 

model achieved an overall accuracy of 80%and a weighted 

F1-score of 0.78, demonstrating its competitive performance 

against state-of-the-art methods. 

 

1. Class-wise Performance 

The class-wise precision, recall, and F1-scores are summa- 

rized in Table II. The Excited emotion achieved the highest 

F1-score of 0.91, followed closely by Sad and Frustrated with 

F1-scores of 0.88 and 0.87, respectively. The Neutral emotion, 

despite its overlap with other categories, performed 

reasonably well with an F1-score of 0.78, reflecting the 

model‟s ability to capture its textual and acoustic 

characteristics. However, over- lapping emotional categories 

such as Happy and Angry pre- sented slightly lower F1-scores 

of 0.86 and 0.85, respectively, highlighting the challenges in 

distinguishing these emotions due to their similarities in both 

text and audio modalities. These results underscore the 

importance of further refining the feature extraction and 

classification processes to enhance performance for closely 

related emotions. 

 

2. Confusion Matrix Analysis 

To further analyze the model‟s predictions, a confusion matrix 

was generated, as shown in Figure 2. The confusion matrix 

highlights the model‟s strong ability to classify distinct 

emotions, with the majority of predictions aligning with the 

actual labels. The Angry and Frustrated classes show high true 

positive counts, indicating the model‟s strength in identifying 

these emotions. Similarly, the Excited class is well-classified 

with 147 correct predictions. However, challenges remain in 

distinguishing closely related emotions, such as „Happy„ and 

„Excited„. 

 

The model performs reasonably well in capturing subtle 

emotional expressions, such as Neutral, but its lower recall 

highlights difficulties in differentiating it from other classes. 

These observations underscore the model‟s strengths in classi- 
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fying distinct emotions and the need for further refinements to 

better distinguish overlapping categories. Incorporating richer 

acoustic features and attention mechanisms could improve the 

performance on challenging emotional classes. 

 

The misclassification heatmap as shown in Figure 3 provides 

insights into the specific challenges faced by the model in 

distinguishing between certain emotional categories. Signifi- 

cant overlaps are observed between Angry and Frustrated, 

with notable misclassifications such as 12 instances of Angry 

being predicted as Frustrated and 7 instances vice versa. 

Similarly, Happy is often confused with Excited and Neutral, 

reflecting the inherent similarity in their acoustic and textual 

features. 

 

Subtle emotions like Neutral show confusion with multi- ple 

categories, particularly Frustrated and Happy, indicating 

challenges in identifying less distinct emotional expressions. 

Furthermore, Sad has occasional overlaps with Happy and 

Frustrated, suggesting difficulties in distinguishing certain 

negative tones. 

 

Table 2: Comparison of the Proposed Approach With State-of-

the-Art Models 

 

The heatmap highlights the need for refining feature extrac- 

tion and fusion techniques to minimize misclassifications, es- 

pecially for overlapping and closely related emotions. 

Incorpo- rating advanced multimodal attention mechanisms 

and richer acoustic features could significantly enhance the 

model‟s ca- pability to disambiguate such challenging cases. 

This analysis underscores the importance of addressing these 

misclassifica- tions for improved emotion recognition 

performance. 

 

Comparison with State-of-the-Art Models, Our model 

achieves competitive performance while being computation- 

ally efficient compared to transformer-based multimodal mod- 

els. 

 

 
 

Fig. 2. Confusion Matrix 

 

 
Fig. 3. Confusion Matrix of Misclassifications 

 

Table 3: Class-Wise Performance Metrics for Emotion 

Recognition 
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1 Bidirectional 

LSTM with 

Attention [13] 

IEMO
CAP 

Happy, Sad, 

Angry, Neutral, 

Frustrated, Excited 

BiLSTM + 
Attention 

72% 

2 CNN-LSTM 
Hybrid [14] 

IEMO
CAP 

Happy, Sad, 

Angry, Neutral, 
Frustrated, Excited 

CNN + LSTM 78% 

3 Multimodal 
Transformers 

[15] 

IEMO
CAP 

6 Happy, Sad, 

Angry, Neutral, 

Frus- trated, 
Excited 

Multimodal 
Transformers 

83% 

4 DCCA (Deep 

Canonical 

Correla- tion 
Analysis) [16] 

IEMO

CAP 
Happy, Sad, 

Angry, Neutral, 

Frustrated, Excited 

Feature 

Alignment in 

Latent Space 

78% 

5 Hierarchical 

Transformers 
[17] 

IEMO

CAP 
Happy, Sad, 

Angry, Neutral, 
Frustrated, Excited 

Hierarchical 

Attention 
Mechanism 

83% 

6 BERT + ANN 
(Proposed 

Model) 

IEMO
CAP 

Happy, Sad, 

Angry, Neutral, 

Frus- trated, 
Excited 

BERT + ANN 
(Fusion Model) 

86% 

Emotion Precision Recall F1-Score 
Happy 0.88 0.84 0.86 
Sad 0.87 0.90 0.88 
Angry 0.86 0.85 0.85 
Neutral 0.84 0.73 0.78 
Frustrated 0.85 0.89 0.87 
Excited 0.90 0.92 0.91 
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VII. CONCLUSION 
 

The proposed hybrid model effectively integrates textual and 

acoustic features for robust emotion recognition. It achieves 

86% accuracy and 0.91 F1-score on the IEMOCAP dataset, 

demonstrating the advantages of multimodal learning. 

 

The proposed hybrid deep learning model effectively in- 

tegrates textual and acoustic features for robust emotion 

classification. By leveraging BERT for contextual text rep- 

resentations and ANN for MFCC-based audio features, the 

model demonstrates improved performance, particularly for 

emotions like „Neutral‟ and „Sad‟. However, challenges 

remain in distinguishing overlapping categories like „Happy‟ 

and „Excited‟. 

 

This underscores the model‟s potential for real-world appli- 

cations, including virtual assistants, mental health monitoring, 

and human-computer interaction. 

 

Discussion & Future Work 

The results highlight the effectiveness of the multimodal 

architecture, particularly the fusion of textual and acoustic 

features. The integration of BERT for contextual text em- 

beddings and ANN for MFCC-based audio processing allows 

the model to capture complementary information, improving 

classification performance across most emotion classes. 

 

This analysis underscores the potential of multimodal learn- 

ing for real-world applications, such as sentiment analysis and 

human-computer interaction. 

 

For future work, addressing class imbalance through data 

augmentation and weighted loss functions is essential to 

improve performance for under-represented emotions. Incor- 

porating additional acoustic features, fine-tuning BERT for 

emotion-specific datasets, and adopting multimodal attention 

mechanisms can further enhance accuracy. Expanding the 

model to support real-time applications and multilingual 

datasets, along with integrating Explainable AI (XAI) tools, 

will ensure scalability and transparency. Finally, 

experimenting with transformer-based multimodal 

architectures like Multi- modal BERT or AudioBERT offers 

promising directions for advancing multimodal emotion 

recognition. 
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