International Journal of Engineering Trends and Applications (IJETA) — Volume 12 Issue 4, Jul-Aug 2025

RFESFARCH ARTICI F OPEN ACCESS

Speech Emotion Recognition Using Improved Deep Learning

Akanksha Tiwari*, Iti Tiwari*, Jayant Kumawat*, Abhishek Shrimali*, Abhay

Pareek*
*Department of Computer Science and Engineering, Global Institute of Technology, Jaipur,
Rajasthan, India

Abstract:

Speech Emotion Recognition (SER) is a vital area in human-computer interaction, enabling
machines to identify emotions from speech signals. Traditional SER approaches face challenges such
as noise, speaker variability, and limited feature representation. This paper proposes a novel SER
framework that integrates Convolutional Neural Networks (CNNs), Long Short-Term Memory
(LSTM) networks, and attention mechanisms to enhance recognition accuracy. CNNs capture spatial
features from spectrograms, LSTMs handle temporal dependencies, and attention mechanisms focus
on emotionally significant segments. The framework addresses key challenges including speaker
variability, background noise resilience, and limited emotional datasets.

Keywords: Speech Emotion Recognition (SER), Convolutional Neural Networks (CNNs), Long

Short-Term Memory (LSTM), Deep Learning.

1. Introduction

Among the various applications of artificial
intelligence in speech processing, pattern
recognition plays a crucial role in emotion
detection. Human emotions expressed through
voice can be analyzed to enhance human—
computer interaction. Conventional machine
learning approaches rely heavily on manually
engineered features such as pitch, energy, and
spectral characteristics of the voice signal.
However, these features alone often fail to
fully capture the subtle nuances of human
emotions. Moreover, such methods face
significant challenges, including variations in
accent, the presence of background noise, and
the scarcity of labeled datasets.

Deep learning has transformed Speech
Emotion Recognition (SER) by offering more
sophisticated techniques for both feature
extraction and classification. Convolutional
Neural Networks (CNNs) can automatically
learn  spatial  features  from  speech
spectrograms, capturing prominent tonal and
frequency patterns. Long Short-Term Memory
(LSTM) networks, on the other hand, are well-

suited for modeling sequential dependencies,
enabling the understanding of temporal
variations in speech. Furthermore, attention
mechanisms enhance model performance by
focusing on emotionally significant segments
of speech, improving interpretability and
classification accuracy.

This study presents a deep learning—based
SER framework that integrates CNNSs,
LSTMs, and attention mechanisms to achieve
high accuracy in emotion recognition. By
leveraging the power of neural networks and
advanced optimization strategies, the proposed
framework addresses key challenges in SER,
including speaker variability, resilience to
background noise, and limited availability of
emotional datasets.

2. Literature Review

Early SER systems relied heavily on
handcrafted feature extraction techniques like
Mel-Frequency Cepstral Coefficients paired
with traditional classifiers such as Support
Vector Machines or Hidden Markov Models.
These approaches proved effective in tightly
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controlled environments but lacked
generalizability when applied in diverse real-
world settings due to accent variations and
background noise somehow. Deep learning's
rapid emergence has significantly advanced
speech-related tasks with CNNs and Recurrent
Neural Networks. CNNs learn complex
representations from spectrograms fairly
easily enabling pretty robust feature extraction
overall. RNN-based architectures including
LSTMs and Gated Recurrent Units enhance
temporal sequence modeling by capturing
long-term dependencies deeply within speech
signals. Deep learning-based SER models face
challenges like overfitting due to limited
datasets and difficulties generalizing in new
environments somehow. Attention
mechanisms have emerged somewhat recently
as a means of emphasizing emotionally
charged speech segments amidst various
complex difficulties. Attention mechanisms
boost model performance and interpretability
by dynamically weighting various temporal
features beneath complex spectral patterns.

3. Methodology

3.1 Dataset

We evaluated our model using well-
established Speech Emotion Recognition
(SER)  datasets to  ensure  reliable
benchmarking and better generalization. The
datasets selected contain diverse emotional
expressions and recording conditions, enabling
the model to learn robust features.

— Purpose in
Feature Description SER
Visual Captures
Mel- representation detailed
Spectrograms | of frequency spectral
distribution patterns
Spectral Identifies
MFCCs envelope phonetic
representation |  variations
_ Pitch, Capt_ures
Prosodic . . emotional
intensity, and ) .
Features speech rate intonation
and rhythm

Num | Emoti | Sampl Annotat
ber of ons e .
Dataset ion
Samp | Cover | Durat Tvpe
les ed ion yp
RAVD 35 | Actor-
ESS 7,356 8 sec:nd labeled
IEMOC | 10,03 9 Variab | Expert-
AP 9 le labeled

3.2 Feature Extraction

We extracted features widely used in SER
research to capture both spectral and prosodic
aspects of speech signals:

3.3 Model Architecture

The proposed SER model combines
convolutional and recurrent neural
architectures, enhanced by an attention
mechanism, to effectively capture both spatial
and temporal emotional patterns.

e Convolutional Neural Network (CNN)
Layers: Extract local spatial patterns
from spectrograms and other audio
features. These layers learn complex
feature hierarchies to identify emotion-
relevant characteristics.

e Long Short-Term Memory (LSTM)
Layers: Capture sequential dependencies
in speech, preserving emotional context
over time to recognize emotions
unfolding across longer utterances.

e Attention Mechanism: Assigns greater
weight to emotionally  significant
segments of speech, improving accuracy
by focusing on the most relevant time
frames.

e Fully Connected (FC) Layers:
Transform extracted features into a
structured representation, followed by
classification into predefined emotion
categories using a softmax activation
function.

3.4 Training and Optimization

We employed the following strategies to train
and optimize the model for improved
performance:

e Loss Function: Categorical Cross-
Entropy was used for multi-class emotion
classification, effectively penalizing
incorrect predictions.
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e Optimizer: The Adam optimizer, with a
default learning rate of 0.001, was
selected for its adaptive learning rate
properties, which enhance convergence
speed and training stability.

o Data Augmentation:

o Time Stretching: Alters the speed of
speech  without affecting pitch,
enabling the model to recognize
emotions regardless of speaking rate.

o Pitch Shifting: Modifies speech pitch
to help the model generalize across
different vocal tones.

o Noise Addition: Introduces
background  noise to  improve
robustness in real-world conditions.

Through this combination of architectures,
training  strategies, and  augmentation
techniques, the proposed SER model achieved
significantly  enhanced performance in
recognizing emotions from speech signals.

4. Results and Discussion

4.1 Performance Metrics

The proposed CNN-LSTM model, integrated
with an attention mechanism, was evaluated
on the RAVDESS and IEMOCAP datasets.
The results are presented in Table 3.

Table 3: Performance on SER Datasets

Reca F1-
Accura | Precisio Scor
Dataset o 0 I
cy (%) | n(%) (%) e
(%)
RAS\gDE 92.5 91.8 90.3 | 91.0
IEMOC
AP 88.7 875 86.9 | 87.2

4.2 Comparison with Traditional Methods
To assess the performance improvement, the
proposed model was compared with traditional
SER approaches such as Support Vector
Machines (SVM) and Hidden Markov Models
(HMM). The results are shown in Table 4.
Table 4: Comparison with Traditional
Methods

Accura | Precisio Rec | Fl1-
Model all | Score

oy () | () | 6o | (on)

CNN- 90
LSTM + 925 91.8 3' 91.0
Attention

sVvM | 782 | 765 785' 76.1
HMM 72.4 71.3 Yg' 70.9
Key Findings

Superior Accuracy
The proposed CNN-LSTM with attention
mechanism achieves significantly higher
accuracy compared to traditional methods
such as SVM and HMM. The combination of
CNNs for spatial feature extraction and
LSTMs for temporal modeling results in a
highly effective feature representation, leading
to improved classification performance.
Enhanced Robustness to Speaker and
Environmental Variability
The model demonstrates strong robustness
against variations in speaker characteristics,
such as pitch fluctuations and unique vocal
styles. Furthermore, it maintains stability and
accuracy under noisy conditions, making it
well-suited for deployment in real-world
environments beyond controlled laboratory
settings.
Improved Interpretability
The integration of the attention mechanism
improves interpretability by focusing on
emotionally significant portions of the speech
signal. This allows researchers and developers
to identify which specific segments of audio
contribute most to emotion classification,
thereby enhancing model transparency and
trustworthiness.
Implications and Future Directions
The results confirm the potential of deep
learning in advancing SER applications,
effectively bridging the gap between human
and machine communication. Leveraging
CNN-LSTM architectures with attention
mechanisms enables the development of
highly accurate and robust emotion
recognition systems.
Future research will focus on:
o Extending the model to multimodal
emotion recognition by incorporating
facial expressions and textual cues.
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e Training on more diverse, noisy datasets
to improve generalization in real-world
environments.

e Refining attention-based interpretability
techniques for better transparency in
decision-making.

5. Challenges and Limitations

Despite the promising performance of deep
learning-based Speech Emotion Recognition
(SER) models, several challenges remain that
limit their robustness and practicality for real-
world deployment. The major challenges and
corresponding potential solutions are outlined
in Table 5.

Table 5: Challenges and Proposed Solutions

Challenge Proposed Solution

Utilize  diverse training
datasets representing
different accents, speaking
Speaker styles, and demographic
Variability | groups, combined  with
attention  mechanisms to
adapt to speaker-specific
variations.

Apply data augmentation
techniques  (e.g.,  noise
Noise and addition, pitch shifting, time
Environmental | stretching) and  robust
Factors feature extraction methods
to  improve  resilience
against background noise.

Implement model pruning,
guantization, and
Computational | optimization strategies to
Complexity | enable real-time deployment
on resource-constrained
devices.

6. Future Directions

I. Multimodal Emotion Recognition
Integrating speech with complementary
modalities such as facial expressions and
textual cues can significantly enhance emotion
detection accuracy, creating more
comprehensive and  robust  recognition
systems.

Il. Domain Adaptation

Applying transfer learning and domain
adaptation techniques can improve
generalization across different datasets and
environmental conditions, enabling better
performance in diverse real-world scenarios.
I1l. Real-Time Implementation

Optimizing model efficiency for deployment
in interactive applications such as virtual
assistants, call centers, and affective
computing systems will enable low-latency,
real-time emotion recognition.

7. Conclusion

Deep learning has significantly advanced the
field of Speech Emotion Recognition by
enabling highly accurate classification of
emotions from speech signals. The proposed
CNN-LSTM model with an attention
mechanism demonstrates superior
performance and robustness compared to
traditional approaches.

Future efforts will focus on optimizing
computational efficiency to ensure scalability
and seamless integration into real-time
applications. As these technologies mature,
they will bridge the gap between emotion-
aware Al systems and their practical
deployment in diverse real-world
environments, paving the way for more natural
and effective human-computer interaction.

1é’Oerformance and Future Scope of Deep Learning-Based SER

92%

90%

88%

Performance (%)

20t

Accuracy Generalization Robustness Deployment Potential
Evaluation Aspects
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