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Abstract— The SER system plays an important role in
simplifying the process of human-computer interaction by
recognising human emotions. In this research paper, we introduce
a novel method for developing an efficient speech emotion
recognition system that uses preprocessing methods and deep
learning algorithms for classifying speech into emotional classes
without any interference from noises and non-speech data. The
proposed algorithm uses voice activity detection (VAD) to filter
out speech data only and perform noise reduction to minimize
interference while keeping intact emotion-related data in the
filtered voice segment. Next, we extract several features of speech,
which include Mel-frequency cepstral coefficients (MFCCs) along
with other spectral features like chroma, mel-spectrogram, and
spectral contrast to capture different aspects of speech. We
implement deep learning models with convolutional networks for
emotion classification. Finally, the system performs time-series
emotional analysis by breaking down audio signal samples into
one-second samples for tracking any changes in emotions over
time. The visual representation methods of the proposed approach
include waveform visualization, spectrogram and emotional
timeline.

Keywords— Speech Emotion Recognition, Mel-Frequency
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I INTRODUCTION

Establishing connections between human beings is an
important part of human interaction, and interactions involve
emotions. In recent years, Speech Emotion Recognition (SER)
has gained significant popularity as an important component in
improving Human-Computer Interaction (HCI). SER
technologies can facilitate the functioning of applications by
letting computers feel emotions of users for monitoring mental
disorders among other useful purposes and may even be used in
juridical proceedings as lie detectors. While there have been
great achievements made in developing SER technologies,
obtaining accurate results of emotion recognition in practical

usage still poses some problems. Some current difficulties with
emotion recognition through speech include the interference of
background noise, non-speech sounds in audio files and
emotions evaluated on the basis of a fixed period of time. Since
audio files may contain noises and pauses as well as unimportant
information that does not affect the emotional state of the
speaker, it can negatively impact the work of SER models. On
top of that, to use SER technology for lie detection, one needs to
analyze the emotion classification on the fixed audio interval.

However, conventional methods of processing raw audio
without proper pre-processing can demonstrate low accuracy
and hence poor result. Therefore, proper pre-processing is
needed to extract useful information from speech signals while
maintaining the emotions present in the audio recording.

II.  BACKGROUND

Early research in SER primarily relied on traditional
machine learning methods combined with handcrafted feature
extraction. Commonly used classifiers include Support Vector
Machine (SVM), Gaussian Mixture Models (GMM) and Hidden
Markov Models (HMM). These models typically uses features
such as pitch, energy, zero-crossing rate and basic spectral
descriptors. The accuracies for these approaches is in the range
0of 60% - 75% on benchmark datasets such as EMO-DB [2], [4],
[5], [6] Although computationally efficient, these models could
not capture complex nonlinear relationships in speech signals,
limiting their performance. With the rise of deep learning,
models like Convolutional Neural Networks (CNNs) have been
widely used for SER wusing spectrogram and MFCC
representations. Research shows that CNN-based architectures
improve performance significantly, achieving accuracies of
80%-88% on RAVDESS and similar acted datasets [8], [9],
[10], [11]. For example, CNN models trained on MFCC features
have demonstrated approximately 10%-15% improvements
over traditional SVM-based systems due to their ability to learn


mailto:adityanayak.4816@gmail.com
mailto:asmita.adg2004@gmail.com
mailto:samit.karmakar@iem.edu.in
mailto:talukderahana2904@gmail.com
mailto:iem.samit@gmail.com
mailto:arindam.chakrabarty@iem.edu.in
mailto:aparna.biswas@iem.edu.in
mailto:ratna.chakrabarty@iem.edu.in
https://orcid.org/0000-0002-0858-5168

hierarchical feature representations automatically [7], [8].
Further improvements have been achieved using Recurrent
Neural Networks (RNN) and Long Short-Term Memory
(LSTM) networks, which capture temporal dependencies in
speech signals. CNN-LSTM/ CNN-BiLSTM hybrid models
have shown strong performance, achieving accuracies between
85% and 92% on datasets such as IEMOCAP and RAVDESS
[7], [8], [10], [14]. These models outperform standalone CNN
architectures by approximately 3%-7%, as they combine spatial
feature extraction with temporal sequence modelling. More
recent research focused on transformer-based architectures and
attention mechanisms. These models further improve SER
mechanisms by capturing long-range dependencies in speech
signals. CNN-Transformer, SER systems have reported
accuracies of 88%-94% on IEMOCAP and multi-dataset
training aspects [11], [14], [15], [16]. However, these models
demand significant computational resources and require
extensive training datasets.

One of the major limitations in existing SER systems is noise
sensitivity. Studies indicate that when models trained on a clean
dataset are tested on noisy environments, performance drops by
10%-25%, depending on noise intensity and dataset
conditioning [2], [5], [9], [10]. This makes real-world
deployment difficult, especially in applications such as mobile-
based emotion detection. Another critical limitation is the
assumption of static emotion labelling, where a single emotion
is assigned to an entire audio clip. In real conversational speech,
emotional stress often changes dynamically. Ignoring temporal
variation can reduce recognition reliability by approximately
12%-20%, especially in long utterances. Feature engineering
also plays a key role in SER systems. MFCC remains the most
widely used feature representation due to its ability to model
human auditory perception. However, MFCC-only systems
typically achieve accuracies of 75%-85%, indicating limitations
in representing full emotional complexity [9]. Recent studies
demonstrate that combining MFCC with chroma features, mel
spectrogram and spectral contrast improves accuracy by 5%-
12%, as it provides richer spectral and harmonic [1], [13], [18],
[19]. Dataset selection also significantly impacts performance.
Common datasets include RAVDESS, TESS, SAVEE and
IEMOCAP. RAVDESS- based models typically achieve 80%-
90% accuracy, while IEMOCAP-based systems show slightly
lower performance due to their natural and spontaneous emotion
expressions, which are harder to classify [7], [8], [9], [18].

Even after all these advancements, most existing systems
lack robust preprocessing pipelines. Many models directly
process raw or minimally processed audio without integrating
Voice Activity Detection (VAD) or noise suppression
techniques which leads to degraded performance in real-world
conditions. Studies show that proper preprocessing can improve
accuracy [2], [9], [10], [L5]. Furthermore, interpretability
remains a challenge in deep learning-based SER systems. While
CNN, LSTM, and transformer models achieve high accuracy,
they often operate as black-box systems with limited
explainability, which restricts their use in sensitive domains
such as mental health monitoring [2], [14], [16], [19].

To address these limitations, our proposed work introduces
a comprehensive SER framework that integrates multiple

improvements over existing methods. First, a noise-aware
preprocessing pipeline is used, including Voice Activity
Detection (VAD) and controlled noise reduction, improving
signal quality before feature extraction. Second, a multi-feature
extraction strategy is implemented using MFCC, chroma, mel
spectrogram, and spectral contrast, which improves feature
richness and classification robustness. The key novelty of our
work is temporal emotion segmentation, where audio is divided
into one-second segments and emotions are predicted per
segment. This enables dynamic emotion tracking rather than
static classification while improving realism and interpretability
in real-world scenarios. This also features a system to visualize
results, such as waveform plots, spectrograms, MFCC heatmaps
and emotion timelines, which enhance transparency and allow
better understanding of model predictions.

III. METHODOLOGY

A. System Overview

The system integrates advanced digital signal processing
techniques with deep learning architectures to ensure reliable
performance and scalability to classify human emotions from
speech signals while maintaining robustness. Human speech
signals are complex, containing variations in pitch, tone,
intensity, etc., all of which result in emotional expression.
However, these signals are often contaminated by background
noise in real-life situations. Therefore, the primary objective of
the proposed system is not only to achieve high classification
accuracy but also to ensure robustness against distortions. The
system follows a structured pipeline consisting of multiple
stages: audio standardisation, voice activity detection, noise
reduction, feature extraction, deep learning-based classification
and temporal emotion analysis. Each stage is carefully designed
to enhance the quality of the signal while preserving emotional
information.

The integration of noise-aware pre-processing techniques
with multi-feature extraction ensures that the model learns from
high-quality representations rather than raw, noisy signals.
Additionally, the system introduces temporal emotion analysis,
which allows tracking emotional variations over time instead of
assigning a signal label to the entire audio clip. This provides a
more realistic representation of human emotional expression,
which often changes dynamically during speech. Another
important aspect of this system is its flexibility in handling
multiple input formats, including WAV, M4A, and MP4. This
makes the proposed system suitable for real-world use cases
such as voice assistants, call centre analytics, and mental
monitoring tools.
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Fig. 1. System designflow




B.  Audio Preprocessing

Audio preprocessing is a necessary step in the SER system,
as the quality of input data directly affects the performance of
the classification model. Raw audio signals often contain
unwanted components such as silence, background noise and
environmental disturbances, which can mask emotional cues.

The preprocessing system is designed to systematically
clean and standardize the audio signal, ensuring that only
relevant speech information is retained further.

1) Audio Standardisation

The first step involves converting all input audio files into a
WAYV format and resampling them to a fixed sampling rate of
16 kHz. This ensures consistency across all samples regardless
of their original format. Standardization is necessary as
variations in sampling rate and encoding formats can lead to
inconsistencies in feature extraction. By converting all inputs to
a common format and sampling rate, the system ensures that
downstream processes operate on uniform data, thereby
improving stability and reproducibility.

2) Voice Activity Detection (VAD)

Voice Activity Detection (VAD) is used to identify and
extract segments of the audio signal that contain human speech.
The signal is divided into short frames (around 20-30
milliseconds), and each frame is analyzed based on energy
levels, spectral characteristics and temporal patterns.

Frames with no speech are discarded. This step offers several
advantages:

o Eliminates silence and pauses that do not contribute to
emotional recognition.

e Reduces computational complexity by shortening the
signal.

e Prevents the model from learning irrelevant noise
patterns.

The use of VAD is particularly important in real-world
scenarios where recordings may contain long periods of silence
or background noise.

3) Noise Reduction

After VAD, a noise reduction algorithm is applied to further
enhance the quality of the speech signal which unlike aggressive
filtering techniques that may distort the signal, a controlled noise
reduction approach is used. This method is used to detect
background noise and remove it from the signal while
preserving important speech characteristics, while maintaining a
balance between noise suppression and signal integrity.

C. Feature Extraction

Feature extraction is an important step in transforming the
preprocessed audio signal into a numerical representation
suitable for machine learning models. Since raw audio is
complex, extracting meaningful features helps in capturing the
underlying patterns associated with different emotional states.
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Fig. 2. Feature extraction flowchart

D. Mel Frequency Cepstral Coefficient(MFCC)

This process involves several steps, which include
transformation to the frequency domain, mapping to the Mel
scale, logarithmic compression and decorrelation using
Discrete Cosine Transform (DCT).

The Mel scale is defined as:
M(f) = 2595 logyo(1 + =)

The transformation reflects the nonlinear way in which
humans perceive sound frequencies, making MFCC highly
effective for emotion recognition tasks.

E.  Deep Learning-Based Classification

This model uses a hybrid architecture that combines
Convolutional Neural Networks (CNN) and Long Short-Term
Memory (LSTM) networks. CNN layer extracts spatial patterns
and local feature relationships, whereas LSTM layer captures
temporal dependencies and sequential information. This
combination slows the model to analyse both static and
dynamic aspects of speech. During training, the model learns to
map input vectors to corresponding emotion labels. This is done
by forward propagation to compute predictions, loss calculation
using categorical cross-entropy, backpropagation to update
model weights and optimisation. The dataset is separated into
training and validation to monitor performance and prevent
overfitting.

F. Temporal Emotion Analysis

The introduction of temporal emotion analysis is the key
novelty of the proposed SER which instead of just assigning a
single emotion to a entire audio clip, also provides emotion
analysis of audio clips in one sec segments. Each segment is
analyzed independently producing a sequence of emotion
predictions over time. This approach captures dynamic
emotional timeline while identifying mixed emotional states
and reflecting real world speech behavior more accurately
providing huge application across mental health monitoring and
conversation analysis.



IV. EVALUATION

A. System Overview

The proposed Speech Emotion Recognition system(SER) is
evaluated using the RAVDESS dataset, which is one of the
widely used benchmark datasets in speech emotion recognition
research. The dataset contains 1440 audio recordings that were
collected from 24 professional actors, which consist of both
male and female voices. In this data set, a total of 8 emotional
states are being recorded by various actors: sad, calm, happy,
neutral, angry, fearful, surprised and disgust under a studio
environment. All audios are recorded at the sampling rate of 48
kHz and are later stepped down to 16 kHz during preprocessing
in order to reduce computational complexity while preserving
acoustic features required for emotion classification.
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B.  Python Libraries

1) Librosa
Librosa library is primarily used for audio signal processing
tasks such as MFCC extraction, spectrogram generation,
chroma feature computation and audio resampling. It enables
the conversion of raw waveform signals to a structured
numerical representation that can be used for a deep learning
model for emotion classification.

2)  NumPy
NumPy is used for numerical computation, particularly for
handling vectors, reshaping arrays and performing matrix
operations required during preprocessing. TensorFlow and
Keras are the core deep learning frameworks that are used for
enabling the design, training and evaluation of the neural
network model.

3)  Scikit-learn
Scikit-learn is used for label encoding and evaluation matrices,
such as confusion matrices and classification reports. The
Noisereduce library is used to remove background noise from
the audio signal using spectral gathering techniques, hence
enhancing the quality of the audio signal before feature
extraction. PyDub converts audio files of various formats, such
as M4A, MP4 and MP3 into WAV format. WebRTC Voice
Activity Detection (VAD) is used in detecting and isolating
human speech segments from silence or irrelevant noise, hence
improving emotion classification.

C. Preprocessing and Feature Extraction

The raw audio signals are first subjected to noise reduction
using spectral filtering techniques, which remove the unwanted
background noise while preserving essential acoustic features.
After this, silent regions in the audio are removed using
amplitude-based  trimming techniques ensuring only
meaningful speech segments to be retained. Finally, WebRTC
Voice Activity Detection is used to separate human speech
from non-speech segments for a better signal-to-noise ratio.
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Once preprocessing is completed, feature extraction is done to
convert the cleaned audio signal into a numerical representation
suitable for machine learning model to process. The system
extracts multiple acoustic features, including Mel-Frequency
Cepstral Coefficients (MFCC), chroma features, mel
spectrogram features and spectral contrast features. Among
these, MFCC plays the most important role as it effectively
captures the characteristics of the human voice and is highly
sensitive to emotional variations in speech. Chroma features
capture harmonic and pitch-related information, while mel
spectrograms represent the distribution of energy across time
and frequency. Spectral contrast enhances the representation by
highlighting differences between spectral peaks and valleys.
All extracted features are concatenated into a fixed-length
feature vector of 187 dimensions, which ensures uniform input
representation for the neural network classifier.

MFCC

Fig. 5. MFCC feature visualisation of a sample audio signal.

Spectrogram

Fig. 6. Mel Spectrogram visualisation of a sample audio signal



D. Model Architecture and Training Evaluation

The model consists of an input layer that accepts the 187-
dimensional feature vector, followed by multiple fully
connected dense layers with ReLU activation to help the
network to learn complex data patterns. The final output layer
uses a SoftMax activation function to perform classification.
During training, a model demonstrates smooth convergence
behavior with training and validation accuracy increasing
steadily over epochs and loss decreasing consistently. The close
alignment between training and validation curves shows that the
model does not suffer from significant overfitting and generalize
well to unseen data.
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E.  Confusion Matrix Analysis

It is observed that the model performs exceptionally well
for emotions such as angry, happy and sad, where acoustic
differences are more defined. However, between similar cases
like neutral and calm or fearful and surprised, minor confusion
is observed. This is mainly due to overlapping acoustic features
such as energy, pitch and spectral similarity.

Confusion Matrix - Speech Emotion Recognition

e 0 0 0 6 0 2 2
] 70
E. o 0 0 0 0 0 0
o - 60
]
;‘.1.— 2 2 0 0 4
5 50
E]
gE- 2 0 0 2 0
i
5= - 40
[
28 0 0 0 2
-
= - 30
I
- o 2 0 2 2 27 2 0
2 -20
- 0 4 0 2 2 0 2
2 -10
]
T - 2 0 2 0 0 0 0
g
@ -0

! ! ! ' ' ' '
angry calm disgust fearful happy neutral sad surprised

Predicted Label

Fig. 10. Confusion Matrix of Emotion Classification Model

F.  Emotional Timeline and Temporal Analysis

The system also performs temporal emotion analysis by
dividing the input audio into one-second segments and
predicting the emotion for each segment individually. This
enables the system to predict emotion variation over time rather
than just predicting a single static prediction. The resulting in a
timeline that provides insight into how emotions fluctuate
throughout the audio signal, which is particularly useful in the
real world for better behavioral analysis and in equipment such
as lie detectors.
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Fig. 11. Temporal Emotion Analysis of a sample audio signal

G. Result

In order to examine the performance of our proposed model
in a real-world scenario, we tested our system with multiple pre-
processed audio files in various formats, such as WAV, MP4,
M4A, MP3, and it successfully processed them by extracting
human acoustic information and predicted corresponding
emotion with high confidence values.
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V. CONCLUSION

The Speech Emotion Recognition system designed
proposes a successful integration of digital signal processing
and deep learning approaches for the classification of human
emotions based on speech signals. With the help of RAVDESS
dataset, audio signals are first processed via noise reduction,
silence elimination, and voice activity detection before being
represented in the form of features by utilizing MFCC and other
spectral characteristics, yielding a total of 187 dimensions. The
deep learning model is then trained on the above-described
dataset and exhibits stable convergence with excellent
accuracy. According to experimental results, the accuracy level
reaches around 90-95%, which proves that the model has
successfully learned the patterns associated with different
emotions. Moreover, the confusion matrix shows that the
system achieves excellent results in recognizing clearly
identifiable emotions, like happy, angry, and sad, but faces a
little difficulty in differentiating similar emotions. Furthermore,
the temporal emotion recognition capability of the system
allows it to process audio signals in small segments and predict
emotions over time.
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