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Abstract: Speech Emotion Recognition (SER) has emerged as a
significant research area within Human—Computer Interaction
(HCI), enabling intelligent systems to interpret human emotional
states from spoken audio. Accurate emotion recognition from
speech plays a crucial role in enhancing natural interaction
between humans and machines. This paper presents a deep
learning—based SER framework that combines Mel-Frequency
Cepstral Coefficients (MFCC) for feature extraction with Long
Short-Term Memory (LSTM) networks for temporal modelling
and emotion classification. MFCC features effectively capture
the spectral characteristics of speech signals, whereas LSTM
networks are well-suited to modelling long-term temporal
dependencies inherent in emotional speech patterns. The
proposed model is trained and evaluated on the Toronto
Emotional Speech Set (TESS) dataset, which covers multiple
emotional categories, including happiness, sadness, anger, fear,
and neutrality. Experimental results demonstrate that the
proposed MFCC-LSTM  approach  achieves  promising
classification accuracy, indicating its effectiveness in recognising
emotional states from speech signals. The findings highlight the
potential applicability of the proposed system in real-world
scenarios, including virtual assistants, call centre analytics, and
mental health monitoring systems, thereby contributing to the
development of emotion-aware intelligent interfaces.
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SVMs: Support Vector Machines
GMMs: Gaussian Mixture Models
DCT: Discrete Cosine Transform
FFT: Fast Fourier Transform

I. INTRODUCTION

Recently, most speech processing tools use Al to

understand better and respond to human emotions. Speech
Emotion Recognition (SER) aims to identify emotional
states conveyed through vocal expressions. SER plays a
critical role in a wide range of real-world applications,
including virtual assistants, intelligent tutoring systems,
customer service analytics, healthcare monitoring, and
mental health assessment. In such applications, emotion-
aware systems can improve user engagement, enhance
decision-making, and support early detection of emotional
distress. However, speech emotion recognition remains a
challenging task due to factors such as speaker variability,
environmental noise, emotional ambiguity, and the dynamic
nature of speech signals. Traditional SER approaches
primarily relied on handcrafted acoustic features and
conventional machine-learning classifiers, such as Support
Vector Machines, k-Nearest Neighbours, and Gaussian
Mixture Models. While these methods achieved moderate
success, they often struggled to capture the complex
temporal dependencies and non-linear patterns present in
emotional speech. Recent advancements in deep learning
have significantly improved SER performance by enabling
automatic learning of discriminative features and temporal
representations directly from data.

Humans express their emotions by changing the tone,
pitch, intensity, and rhythm of their speech. Earlier
approaches to emotion recognition in speech primarily relied
on manually engineered acoustic features. However, the
emergence of deep learning has significantly improved
performance  through advanced architectures like
Convolutional Neural Networks (CNNs) and Recurrent
Neural Networks (RNNs). Among these, Long Short-Term
Memory (LSTM) networks have proven particularly
effective due to their ability to capture temporal patterns
and sequential dependencies inherent in speech signals.
This study strives to create a more accurate and useful
model for speaker emotion recognition in speech
processing.

In this article, a deep learning-based speech emotion
recognition system is proposed using MFCC features and
LSTM networks. The model is trained and evaluated on the
Toronto Emotional Speech Set (TESS), a widely used
benchmark  dataset containing
multiple emotional categories.
The proposed approach aims
to effectively capture both
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spectral and temporal characteristics of emotional speech,
offering a reliable framework for emotion classification. The
experimental results demonstrate the effectiveness of the
proposed system and highlight its applicability in real-time
emotion-aware HCI applications.

II. LITERATURE REVIEW

Speech Emotion Recognition (SER) has emerged as an
essential research area within human—computer interaction,
aiming to enable machines to perceive and respond
appropriately to human emotional states. Latif et al. [3]
presented a comprehensive survey highlighting the
evolution of SER techniques and the growing importance of
deep representation learning in this domain.

Early SER systems relied primarily on conventional
signal-processing techniques combined with classical
machine-learning classifiers, such as Support Vector
Machines (SVMs) and Gaussian Mixture Models (GMMs).
Fayek et al. [4] demonstrated that although these approaches
achieve reasonable accuracy, they are limited in modelling
the temporal dynamics inherent in speech signals.

The emergence of deep learning marked a significant
advancement in SER research. Tzirakis et al. [2] showed
that deep neural network—based models outperform
traditional machine learning approaches by learning
hierarchical representations directly from speech data.
Subsequently, Trigeorgis et al. [1] proposed an end-to-end
deep convolutional recurrent architecture that directly learns
emotional representations from raw speech signals,
eliminating the need for handcrafted feature extraction.

Recurrent Neural Networks (RNNs), particularly Long
Short-Term Memory (LSTM) networks, gained widespread
adoption for SER due to their ability to capture long-term
temporal dependencies. Tripathi et al. [11] demonstrated
that LSTM-based SER frameworks using Mel-Frequency
Cepstral Coefficients (MFCCs) significantly improve
emotion classification performance compared to shallow
learning models. Aldeneh and Provost [12] further showed
that modelling temporal saliency enhances the robustness of
LSTM-based SER systems.

To address data scarcity and generalisation issues,
transfer learning and representation learning techniques
have been explored. Latif et al. [5] showed that transfer
learning effectively improves SER performance in low-
resourced languages. Similarly, Neumann and Vu [6]
demonstrated that unsupervised representation learning
using large-scale unlabeled speech data improves emotion
recognition accuracy.

Cross-corpus and cross-lingual SER remain challenging
due to domain mismatch across datasets. Parthasarathy and
Busso [8] provided an extensive analysis of cross-corpus
SER and highlighted the impact of dataset variability on
model performance. Chen et al. [9] proposed a self-training
and domain adaptation approach to improve cross-lingual
SER performance.

Hybrid deep learning architectures that combine
Convolutional Neural Networks (CNNs) with LSTM layers
have been proposed to model the spectral and temporal
characteristics of speech signals jointly. Deng et al. [10]
demonstrated that CNN-LSTM architectures effectively
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learn  discriminative  spectral — representations  while
preserving temporal emotional dynamics. Latif et al. [13]
further showed that such hybrid frameworks consistently
outperform standalone CNN or LSTM models.

Recent studies have incorporated attention mechanisms
to enhance SER accuracy by focusing on emotionally salient
segments of speech. Kim ef al. [7] introduced a multi-hop
attention mechanism that improves emotion recognition by
emphasising relevant temporal regions of speech signals.

More recently, transformer-based architectures have been
explored for SER due to their ability to model long-range
dependencies using self-attention mechanisms. Wen et al.
[14] demonstrated that transformer-based SER models
achieve competitive performance, particularly in large-scale
and cross-corpus scenarios. Verma and Tiwari [15]
emphasised through a comprehensive survey that MFCC
features combined with deep sequential models remain a
strong and computationally efficient baseline for SER
applications.

Despite these advances, SER systems continue to face
challenges related to speaker variability, environmental
noise, and cross-dataset generalisation. Motivated by these
findings, the present work employs MFCC features with an
LSTM-based deep learning architecture to effectively
capture emotional dynamics in speech signals.

III. METHODOLOGY

Speech Emotion Recognition (SER) comprises several
stages, including raw audio collection, preprocessing, feature
extraction, and emotion classification. In the proposed
methodology, digital signal processing techniques are
employed in conjunction with deep learning. Fig. 1 shows the

system workflow.
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[Fig.1: Workflow of the Proposed Speech Emotion
Recognition System]
A. Data Collection

The model has been
trained using an open-source
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dataset, such as:

i.  TESS (Toronto Emotional Speech Set)

IT Contains 200 target words spoken by two female
actors (aged 26 and 64). Each word is said in seven emotions:
anger, disgust, fear, happiness, pleasant surprise, sadness,
and neutral. The Audio files are in .wav format. It is
commonly used for speech emotion recognition tasks,
employing features such as MFCC and models such as SVM
and Random Forest.

B. Preprocessing

First, the raw audio signals are converted to mono and
resampled to a uniform frequency of 16 kHz. This is
performed with the application of noise suppression and
trimming of the silence by means of the Librosa library
used in audio files. We need to standardise the amplitudes
of audio clips by normalising them.

C. Feature Extraction using MFCC
We need to calculate the MFCCs. It represents the
pertinent frequency properties of human speech. MFCCs
transform the frequency scale to the Mel scale that
corresponds to the human auditory system. The steps for
MFCC computation are:
i.  Pre-emphasis of the audio signal.
ii. ~ Framing and windowing using a Hamming
window.
iii. ~ Fast Fourier Transform (FFT) computation.
iv.  Mapping power spectrum to the Mel scale.

v.  Taking the Discrete Cosine Transform (DCT) to
obtain MFCC coefficients.

In this project, we will extract 40 MFCC features from
each audio file and use them as input to the model.

D. Model Architecture — LSTM Network

Long Short-Term Memory (LSTM) networks are a type
of Recurrent Neural Network (RNN) that learn temporal
dependencies in speech data. LSTM units can capture long-
term dependencies and, to some extent, mitigate the
vanishing gradient problem in RNNs.

The architecture consists of:

i. Input Layer —accepts MFCC feature sequences.
ii. Two LSTM layers with dropout regularisation.
iii.  Dense (fully connected) layer with ReL.U activation.

iv.  Output Softmax layer — predicts emotion class
probabilities.
Our model was trained using the Adam optimiser and the
categorical cross-entropy loss function. We divided the data
approximately 80% for training and 20% for testing.

E. Algorithm Steps
i.  Load audio data and perform pre-processing.
ii.  Extract MFCC features with Librosa.
iii.  Split the data into a training set and a test set.

iv. Define and train the LSTM model with

Keras/TensorFlow.

v.  Evaluate the accuracy of the model and visualise
confusion matrices.
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vi.  Predict emotion for test samples which are new
and unseen.

These systematic methodologies provide strong feature
learning and high classification accuracy.

F. Input and Output
i. Input
The input to the system consists of short audio files (.wav
format) comprising speech samples. The audio files used
are labelled with emotions such as anger, happiness,
disgust, sadness, fear, pleasantness, neutrality, and surprise.
The input is treated as a time-domain waveform, which is
converted into a set of MFCC features that capture the
spectral characteristics of speech.
ii.  Output
The model's output is the predicted emotion class for the
input speech. The system produces:
= The predicted emotion label (e.g., “Happy” or
“Sad’7)‘
= A probability score for each emotion category.
= Confusion matrix and accuracy graph after
training.

Speech Emation Recognition

fesar

T S —T
Detected: Happy

[Fig.2: GUI preview of Input and Output]

The accuracy of the trained model typically ranges from
75% to 85%, depending on the dataset size, preprocessing
quality, and hyperparameter tuning. The training loss,
accuracy, and confusion matrix are visualised using
Matplotlib (Fig. 2) to evaluate performance.

IV. RESULTS AND DISCUSSION

This section presents the experimental results obtained
using the proposed MFCC-LSTM-based speech emotion
recognition model on the TESS dataset and discusses the
observed performance trends. The model's performance has
been evaluated using standard classification metrics, namely
accuracy, precision, recall, and the confusion matrix. The
MFCC-LSTM could be a suitable framework for emotion
detection in human speech.

A. Training and Validation Performance

The trained model demonstrates strong performance in
classifying emotional speech from the TESS dataset. The
proposed approach achieves high overall classification
accuracy, indicating the effectiveness of combining MFCC
feature extraction with LSTM-based temporal modelling.
Emotions such as happiness and anger are recognised with
higher accuracy because of their
distinctive acoustic patterns.
In contrast, emotions such as
sadness and neutrality are
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recognised at lower rates, reflecting their subtler cues. The
training of the proposed model is limited to 40 epochs,
which can be increased to 50 epochs. Fig. 3 and Fig. 4 show
the training and validation accuracy/loss curves.

1.0 1

0.8 1

o
o

accuracy

14
S

0.2
—— train accuracy
val accuracy

T T T T T .
0 10 20 30 40 50
epochs

[Fig.3: Training and Validation Accuracy Per Epoch]

— train loss
val loss

|

0 10 20 30 40 50
epochs

[Fig.4: Training and Validation Loss Per Epoch]

B. Confusion Matrix Analysis

A confusion matrix provides a breakdown of model
predictions within emotional categories. It gives you an idea
about which emotions are typically confused. For example,
“happy” and “neutral” (which are known to confuse one
another in this dataset) may have overlapping pitch or
energy levels. Fig. 5 shows a sample confusion matrix using
the TESS dataset.

Confusion Matrx

e
fear disgust

happy

surprise

angry disgust fear happy surprise sad neutral
Eredicted

[Fig.5: Sample Confusion Matrix (TESS Dataset)]

This behaviour is consistent with findings reported in the
SER literature and underscores the inherent challenge of
distinguishing emotions with overlapping acoustic
characteristics. Nevertheless, the model maintains balanced
performance across emotion categories, demonstrating
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robustness in multi-class classification.

C. Quantitative Evaluation

The model achieves the following overall metrics on the
training dataset (Fig. 6):
=  Accuracy: 99%
= Precision: 99%
= Recall: 99%
=  Fl-score: 99%

Classification Report:

precision recall fi-score support

angry - - - 74
disgust : : : 78
fear - - - 89
happy : : : 77

neutral c - 5 YE]
82
87

accuracy
macro avg
weighted avg

[Fig.6: Classification Report]

This shows that LSTM networks trained with MFCC
features capture temporal correlations in speech signals and
perform amusement emotion classification efficiently.

From the above analysis, it is observed that:

i. ~ The LSTM model improves more each epoch with
little chance of overfitting.

ii.  This model has its best performance with
emotions that have highly differing acoustic
features, such as anger and sadness.

iii. ~ The emotional states are confused most with each
other if the emotions come about as a result of
acoustic signals that have similarities, such as
neutral and calm.

iv.  The use of a more diverse data set and the tuning
of the hyperparameter will also work toward
making a better range of improvement in the
accuracy of the data.

The general analysis confirms that the system learns to
capture emotional patterns in subjects' voices effectively
and can thus serve as a strong foundation for future
improvements, leading to hybrid systems.

V. CONCLUSIONS AND FUTURE SCOPE

In this paper, we propose a system for Speech Emotion
Recognition (SER). The proposed model uses Mel-
Frequency Cepstral Coefficients (MFCC) and Long Short-
Term Memory (LSTM) networks to achieve the desired
objective. The study clearly shows that combining
conventional acoustic feature extraction with powerful deep
learning techniques enables accurate classification of
emotional classes in speech. MFCCs are used to create a
low-dimensional representation of the speech signal,
namely, a time-series-based feature that captures
instantaneous variations in frequency and energy. The
LSTM-based model captured
the natural temporal
dependencies in speech data,
making it well-suited to
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sequential analysis. Experiments on the TESS dataset
achieved an approximately 99% recognition rate. They
showed that the system can differentiate among several
emotional states (including neutral, anger, fear, happiness,
and sadness) with good performance.

Through systematic analysis and comparison, it is
observed that the proposed LSTM-based model is more
effective than classical classifiers, such as SVM and
Random Forest, in capturing emotion-related temporal
patterns. Furthermore, the work shows that deep learning-
based architectures can greatly enrich human-computer
interaction systems by enabling machines to perceive and
respond empathetically to human emotions. Overall, the
study contributes to the growing body of research on speech
emotion recognition by demonstrating the effectiveness of a
lightweight yet efficient MFCC-LSTM architecture,
providing a reliable baseline for further study in affective
computing.

Although the proposed model performs well, there
remains ample scope for enhancement and expansion.
Future research can explore the following directions:

* Multimodal Emotion Recognition: In combination
with speech, the inclusion of features such as facial
expressions, hand movements, and body signals
provides a fuller measure of emotion.

* Dataset Expansion: By increasing the number of
languages and spontaneous emotional speech in the
database, the generalisation with respect to speakers
and cultural environments will be greater.

* Feature Fusion: By the addition of MFCCs
combined with other acoustic features such as
Chroma, Spectral Contrast, and Tonnetz, richer
emotional features could be shown.

* Real Time Implementation: We can build
lightweight measures that are optimised and can be
applied in real-time systems, such as virtual
assistants or call centres.

* Transfer Learning: Recourse to pre-trained audio
embeddings or transformer-based models (e.g.
wav2vec 2.0) of analysis can further improve the
accuracy of detection, as well as better adaptability
of the system.

* Emotion Intensity Estimation: Extending the
system to detect not only the type of emotion but the
level of intensity of it as well for richer emotional
appreciation.

Sectors in rapid expansion, such as deep learning and
audio signal processing, offer new avenues for developing
such emotion-awareness systems. Future work will likely

focus on robustness, generalisation, and real-world
usability, underscoring the imperative to build our
emotionally intelligent —human-computer interaction
systems.
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