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ABSTRACT 
 

Accurate recognition and interpretation of emotions from speech signals represent a critical frontier in 
human-computer interaction and affective computing. This research presents a novel Deep Learning (DL) 
framework for speech emotion recognition that achieves state-of-the-art performance by integrating 
advanced acoustic feature extraction with sophisticated sequential modeling. The proposed approach 
leverages Mel-frequency Cepstral Coefficients (MFCC) for robust feature extraction and employs Long 
Short-Term Memory (LSTM) networks to effectively capture the temporal dynamics inherent in emotional 
speech patterns. Through rigorous experimentation on the Toronto Emotional Speech Set (TESS), our 
model demonstrates exceptional accuracy of 98.21%, significantly outperforming traditional Machine 
Learning (ML) approaches. Comparative analysis reveals the LSTM-based model has superior ability to 
differentiate between acoustically similar emotions, a persistent challenge in speech emotion recognition 
systems. The architecture's computational efficiency and robustness to acoustic variability make it 
particularly well-suited for real-time applications across diverse domains including healthcare monitoring, 
customer experience management, and intelligent human-machine interfaces. This research advances the 
field of affective computing by establishing a comprehensive framework that combines acoustic feature 
engineering with deep sequential learning, offering a reliable solution for emotion recognition from speech 
signals and laying the groundwork for more intuitive and emotionally intelligent computing systems. 
 
Keywords: Deep learning, Speech signal, Emotion recognition, LSTM, MFCC. 
 
1. INTRODUCTION  

Speech emotion recognition (SER) has 
emerged as a pivotal technology within artificial 
intelligence (AI), particularly in the domain of ML 
and DL. The ability to detect human emotions 
through speech offers transformative potential 
across multiple sectors, including healthcare, 
customer service, education, and entertainment. By 
enabling machines to interpret emotional cues from 
vocal signals, SER systems can enhance human-
computer interactions, offering more personalized 
and empathetic responses. This study aims to 
explore the development of SER systems through 
the integration of ML and DL models, examining 
their capacity to accurately detect emotional states 
from speech. 

Emotions play a fundamental role in 
human communication, with speech serving as a 
primary medium for conveying emotional cues. 

Detecting emotions from speech involves analyzing 
various acoustic and linguistic features, such as 
pitch, tone, and prosody, to infer the speaker's 
emotional state. With the rise of intelligent systems, 
including virtual assistants, autonomous vehicles, 
and therapeutic robots, SER has become an 
essential tool for creating systems capable of 
responding to users’ emotional needs. For instance, 
in customer service, emotion recognition can help 
mitigate customer frustration by allowing systems 
to adjust responses based on detected emotional 
states, while in mental health, SER systems could 
monitor and flag early signs of emotional distress, 
enabling timely interventions [1], [2] . 

The rise of ML and DL approaches has 
significantly improved the accuracy and robustness 
of SER systems. Traditional approaches to emotion 
detection often relied on rule-based models that 
struggled with variability in speech patterns and 
emotions across different languages and cultures. 
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However, with the application of advanced ML 
models, such as Convolutional Neural Networks 
(CNNs) and Recurrent Neural Networks (RNNs), 
emotion detection systems can now achieve higher 
levels of accuracy by learning complex patterns in 
speech data. CNNs, for instance, have demonstrated 
their capacity to extract deep acoustic features from 
raw speech signals, while LSTM networks have 
been effective in capturing the temporal 
dependencies in emotional expression over time 
[3], [4], [5]. 

LSTM networks, a specialized form of 
RNNs introduced by Hochreiter and Schmidhuber 
in 1997, represent a crucial advancement for 
sequential data processing such as speech [6]. 
Unlike traditional RNNs, LSTMs effectively 
address the vanishing gradient problem through an 
innovative cell architecture that incorporates three 
essential gating mechanisms: forget gates, input 
gates, and output gates [6], [7]. This design allows 
LSTMs to selectively retain relevant historical 
information while discarding irrelevant details, 
making them particularly well-suited for modeling 
the temporal dynamics of emotional speech 
patterns. The forget gate determines which 
information from the previous cell state should be 
discarded, the input gate regulates the flow of new 
information into the cell state, and the output gate 
controls what information should be propagated to 
the output. 

In the context of speech emotion 
recognition, LSTM networks offer distinct 
advantages due to their ability to maintain an 
internal memory of relevant emotional cues across 
extended sequences. This capability enables 
LSTMs to capture subtle variations in prosody, 
rhythm, and energy that serve as critical indicators 
of emotional states [8], [9]. Recent advancements, 
including bidirectional LSTMs and attention-
augmented LSTMs, have further enhanced their 
effectiveness by enabling models to consider both 
past and future context when making predictions 
and focusing on the most emotionally salient 
portions of speech signals [10], [11]. These 
enhancements have contributed significantly to 
improvements in recognition accuracy, particularly 
for emotions with subtle acoustic differences. 

Despite these advancements, challenges 
remain in the development of SER systems, 
particularly in terms of dataset diversity and 
generalizability. Most SER systems are trained on 
datasets that primarily feature English-speaking 
individuals, which limits their applicability to other 
languages and cultural contexts. Furthermore, the 
scarcity of annotated emotional speech data in non-

English languages continues to hinder the 
development of robust cross-linguistic emotion 
detection models. Ensuring that SER systems are 
both scalable and inclusive requires expanding the 
availability of multi-lingual datasets and developing 
models capable of handling diverse accents, 
dialects, and emotional expressions [12], [13]. 

In addition to language-related challenges, 
SER systems must contend with individual 
differences in emotional expression. Research has 
shown that emotions are expressed differently 
based on factors such as personality, gender, and 
even physical health. ML models trained on large 
and diverse datasets can help mitigate these 
variations, allowing for more personalized SER 
systems that adapt to individual speech patterns. 
For example, personalized SER models can be fine-
tuned to recognize subtle emotional cues that might 
not be evident in generalized systems [14]. 

The current research endeavors to further 
advance the field of SER by addressing the key 
challenges related to dataset diversity, model 
scalability, and personalization. By developing a 
DL-based system capable of detecting emotions 
across different languages and cultural contexts, 
this study seeks to improve the generalizability of 
SER systems while maintaining high accuracy. In 
doing so, the research aims to contribute to the 
broader application of emotion detection 
technology, particularly in fields such as healthcare 
and mental health diagnostics, where the ability to 
detect emotional states from speech can facilitate 
more timely and effective interventions. 
 
2. RELATED WORK 

SER has evolved significantly with the 
advancement of ML and DL techniques. Various 
approaches focusing on feature extraction, model 
architecture, and classification strategies have been 
proposed to address the challenges in recognizing 
emotions from speech signals. 

2.1 Hybrid Approaches in SER 
Recent research has demonstrated the 

effectiveness of hybrid models that combine 
traditional ML with DL techniques. A significant 
contribution to this area involves hybrid systems 
combining Support Vector Machines (SVM) with 
DL models to enhance SER accuracy  [15]. These 
systems typically employ a three-stage approach: 
signal pre-processing, feature extraction using 
MFCC, and classification using a combination of 
Stacked Autoencoders (SAE) and Deep Belief 
Networks (DBN). The integration of these 
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techniques leverages the feature extraction 
capabilities of DL while enhancing classification 
performance through SVM, resulting in notable 
improvements across benchmark datasets including 
the Berlin and RAVDESS databases [16]. 

Building upon these foundations, 
contemporary studies have expanded this approach 
by exploring hybrid models that integrate CNNs 
with SVMs [11], [17]. In these models, CNNs 
extract deep hierarchical features from raw audio 
signals, capturing subtle emotional characteristics 
that traditional feature extraction methods might 
miss. Furthermore, research incorporating temporal 
attention mechanisms has gained significant 
traction, demonstrating enhanced capability to 
highlight critical speech segments while improving 
robustness under adverse acoustic conditions [11], 
[18], [19]. 

The success of DL in speech emotion 
recognition parallels its advancement in other 
pattern recognition domains. Recent studies on web 
page classification highlight the versatility of DL 
for handling diverse data types. One study applied 
DL for topic-based classification, achieving strong 
performance through effective feature design [20]. 
Another utilized CNNs on word cloud image 
representations, showing how visualized text can be 
efficiently processed by deep models [21]. 

2.2 Wavelet Transforms and Advanced Feature 
Extraction 

Wavelet transform techniques have 
emerged as powerful tools in SER due to their 
ability to decompose speech signals into multiple 
scales, providing a more nuanced representation of 
emotional content [22], [23]. Research utilizing 
wavelet coefficients has demonstrated the 
effectiveness of extracting statistical features such 
as mean, variance, skewness, and kurtosis, which 
are fundamental in characterizing emotional states. 
When combined with Extreme Learning Machines 
(ELM) for classification, this approach has 
achieved remarkable performance on established 
databases like Berlin and eNTERFACE. 

ELM-based approaches have gained 
attention due to their computational efficiency 
when processing large datasets, making them 
particularly suitable for real-time applications in 
emotion recognition [24], [25]. However, these 
methods sometimes exhibit inconsistent 
performance across different emotional categories 
and linguistic contexts. Recent studies have 
addressed these limitations by incorporating 
ensemble learning methods and attention-based 

mechanisms, significantly improving classification 
consistency [11], [25], [26]. 

2.3 Deep Belief Networks and Advanced Neural 
Architectures 

DBNs have been extensively explored in 
the context of SER, particularly when integrated 
with SVMs to address challenges related to 
emotional expression variability and environmental 
noise  [23], [27], [28]. This integration combines 
DBNs' capacity to automatically learn high-level 
representations of emotional features with the 
robust classification capabilities of SVMs. While 
these approaches demonstrate good accuracy, they 
often require substantial labeled datasets for 
effective training. A limitation that recent research 
has sought to mitigate through innovative 
techniques including data augmentation, transfer 
learning, and semi-supervised learning 
methodologies  [29], [30]. 

Contemporary advancements have 
emphasized the integration of DBNs with LSTM 
networks to enhance temporal feature learning [8], 
[13], [31]. This combination allows models to 
effectively capture both the spatial characteristics of 
speech signals and their temporal evolution, 
resulting in significant improvements in emotion 
recognition accuracy across diverse datasets and 
real-world applications. The temporal modeling 
capabilities of LSTM networks are particularly 
valuable in capturing the dynamic nature of 
emotional expressions in continuous speech. 

2.4 Feature Selection and Fusion Techniques 
Feature selection and fusion techniques 

have proven instrumental in optimizing SER 
performance [32], [33], [34]. Dimensional 
reduction methods including Principal Component 
Analysis (PCA) and evolutionary algorithms such 
as Genetic Algorithms (GA) have been employed to 
identify the most relevant features while reducing 
computational complexity. The strategic 
combination of MFCC for acoustic feature 
extraction with SVMs for classification, enhanced 
by sophisticated fusion techniques, enables SER 
systems to capture critical emotional indicators 
with greater precision and efficiency. 

Recent studies have expanded upon these 
methodologies by implementing more advanced 
feature fusion strategies based on deep learning 
architectures [35], [36], [37]. These approaches 
facilitate the integration of acoustic, linguistic, and 
prosodic features, creating multi-modal 
representations that capture emotional content 
across different dimensions of speech. Such 
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comprehensive feature fusion strategies have 
demonstrated superior accuracy and robustness 
compared to single-modality approaches, 
particularly in challenging real-world environments 
with varying acoustic conditions. 

2.5 Attention Mechanisms and Transformer 
Architectures 

The application of attention mechanisms 
in SER has transformed the field by enabling 
models to focus on the most emotionally salient 
parts of speech signals [38], [39], [40]. Research 
exploring CNNs integrated with temporal attention 
mechanisms has demonstrated the potential to 
capture both spatial and temporal relationships in 
speech, significantly improving recognition 
performance under variable conditions. These 
attention-enhanced systems have achieved 
exceptional accuracy on standard evaluation 
datasets including Berlin and Emo-DB, 
highlighting the effectiveness of selective features 
focusing on emotion recognition tasks. 

Transformer architecture represents the 
cutting edge in SER research, with recent 
developments pushing the boundaries of what's 
possible in emotion recognition [10], [41], [42], 
[43]. These models excel at simultaneously 
capturing long-range dependencies and processing 
data in parallel, addressing limitations of earlier 
RNN approaches. Transformer-based SER systems 
have demonstrated state-of-the-art performance 
across multiple benchmarks, combining 
computational efficiency with superior recognition 
capabilities. The self-attention mechanisms at the 
core of these architectures enable them to model 
complex interactions between different segments of 
speech, capturing subtle emotional cues that might 
be missed by other approaches. 

2.6 Cross-Cultural and Multilingual SER 
A growing body of research addresses the 

challenges of developing emotion recognition 
systems that perform consistently across different 
cultural and linguistic contexts [44], [45], [46]. 
These studies highlight the impact of cultural 
variations in emotional expression and perception, 
emphasizing the need for diverse training datasets 
that represent multiple languages and cultural 
backgrounds. Cross-cultural SER research has 
employed transfer learning and domain adaptation 
techniques to bridge gaps between source and target 
domains, enabling more generalizable emotion 
recognition systems. 

Recent multilingual SER approaches have 
explored language-independent feature extraction 

methods and universal emotion representation 
frameworks that perform robustly across linguistic 
boundaries [47], [48]. These developments are 
particularly significant for global applications of 
emotion recognition technology, where systems 
must operate effectively across diverse linguistic 
and cultural environments. 

2.7 Multimodal Approaches to Emotion 
Recognition 

Multimodal emotion recognition 
represents an important frontier in affective 
computing research, combining speech with other 
modalities such as facial expressions, physiological 
signals, and text to improve recognition accuracy 
[38], [49], [50]. These approaches leverage the 
complementary nature of different emotional cues, 
compensating for the limitations of single-modality 
systems. Research in multimodal fusion strategies 
has demonstrated significant performance 
improvements over unimodal approaches, 
particularly in challenging real-world scenarios 
with varying environmental conditions. 

Advanced DL architectures including 
cross-modal attention mechanisms and graph neural 
networks have been employed to model complex 
relationships between different modalities, 
capturing both intra-modal and inter-modal 
dependencies in emotional expressions [47], [51]. 
These sophisticated fusion techniques enable more 
comprehensive emotional analysis, approximating 
the holistic perception capabilities of human 
observers. 

2.8 Real-time SER Systems and Applications 
The development of real-time SER 

systems represents a critical research direction with 
significant practical implications [7], [52]. These 
studies focus on optimizing the computational 
efficiency of emotion recognition algorithms while 
maintaining high accuracy, enabling deployment on 
resource-constrained platforms including mobile 
devices and embedded systems. Techniques such as 
model quantization, knowledge distillation, and 
efficient neural architecture search have been 
employed to reduce the computational requirements 
of SER systems without significantly 
compromising performance. 

Application-specific SER research has 
explored tailored solutions for domains including 
healthcare monitoring, customer service interaction 
analysis, educational technology, and automotive 
systems [53], [54]. These specialized applications 
address domain-specific challenges and 
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requirements, optimizing emotion recognition for 
particular use cases and operational contexts. 

2.9 Knowledge Gaps and Research 
Opportunities 

Despite substantial advancements in 
speech emotion recognition techniques, several 
critical knowledge gaps remain that limit the 
effectiveness and applicability of current 
approaches. First, while numerous studies have 
explored various model architectures in isolation, 
there is insufficient research on optimizing the 
integration between feature extraction 
methodologies and deep learning models to create 
cohesive end-to-end systems [36, 50]. Specifically, 
the relationship between acoustic feature selection 
and LSTM parameter optimization remains 
underexplored, with limited understanding of how 
different feature representations influence the 
temporal learning capabilities of sequence-based 
models [13, 24]. 

Second, most existing research 
demonstrates performance on controlled datasets 
with relatively homogeneous recording conditions, 
leaving significant questions about robustness in 
real-world acoustic environments with varying 
levels of noise, reverberation, and channel effects 
[39, 41]. The generalizability of emotion 
recognition systems across diverse acoustic 
conditions represents a critical gap that must be 
addressed for practical deployment [7, 52]. These 
limitations are particularly pronounced when 
considering cross-dataset evaluation, where 
performance often degrades substantially when 
models trained on one dataset are applied to another 
[40, 43]. 

Third, while considerable attention has 
been given to classification accuracy as the primary 
performance metric, less research has examined the 
nuanced performance differences between 
acoustically similar emotion pairs, such as fear 
versus surprise or sadness versus neutral states [33, 
47]. Understanding these subtle distinctions is 
crucial for developing systems capable of fine-
grained emotional intelligence rather than merely 
differentiating between broadly distinct emotional 
categories [16, 35]. 

Fourth, despite the recognized importance 
of temporal dynamics in emotional expression, 
relatively few studies have comprehensively 
investigated the optimal temporal context window 
for emotion recognition or developed specialized 
architectures for modeling multi-scale temporal 
patterns in speech [12, 38]. This gap is particularly 
significant given that emotional expressions 

typically evolve across multiple time scales, from 
millisecond-level micro-expressions to sentence-
level prosodic patterns [24], [45]. 

The present research addresses these 
knowledge gaps by proposing an integrated 
approach that systematically optimizes both feature 
extraction parameters and LSTM architecture 
configurations. By focusing specifically on the 
ability to distinguish between acoustically similar 
emotions and evaluating performance under 
varying signal conditions, this study contributes to 
a more nuanced understanding of speech emotion 
recognition capabilities. Furthermore, through 
detailed analysis of the LSTM's temporal modeling 
characteristics, this research advances knowledge 
regarding optimal temporal context representation 
for emotional speech processing, laying the 
groundwork for more robust and generalizable 
emotion recognition systems. 

3. METHODOLOGY 
 

The research methodology employs a 
systematic approach for developing and evaluating 
the speech emotion recognition system. The 
framework consists of multiple phases including 
data collection, preprocessing, feature extraction, 
model development, and evaluation. This structured 
approach ensures rigorous analysis and validation 
of the proposed methods for emotion recognition 
through speech. 

The complete flow of overall methodology 
for emotion recognition from speech is 
demonstrated in figure 1.  In the diagram a detailed 
view of input data, preprocessing steps covering 
segmentation, pre-emphasis, noise reduction and 
amplitude normalization are demonstrated as a part 
of full methodological illustration. 

 

 
Figure 1: Complete flow of Speech Emotion Recognition  

The feature extraction phase in the 
diagram illustrates detailed steps involve in the 
feature extraction phase. The diagram also 
demonstrates LSTM architecture details and the 
flow of the data between layers. Finally, the figure 
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demonstrates the output layer the model evaluation 
process and the steps involves. 

3.1 Dataset Description 
 

This study utilizes the TESS, a 
comprehensive dataset containing 2,952 audio 
recordings. The dataset comprises recordings 
performed by two actresses expressing seven 
distinct emotional states: anger, disgust, fear, 
happiness, pleasant surprise, sadness, and neutral 
[16]. Each audio file corresponds to a unique 
sentence spoken with specific emotional inflection, 
recorded at a 44.1kHz sampling rate with 
approximately 3-second duration. The selection of 
TESS was motivated by its diverse range of 
emotions and substantial number of audio files, 
ensuring adequate training data for developing 
robust emotion recognition models. 

 The dataset can be visualized to get an 
initial understanding of the difference between 
emotions from there spectrogram. On figure 2, we 
have illustrated the spectrogram of fear and happy 
emotions. 

 

 
Figure 2: Happy and Fear Spectrogram 

3.2 Signal Preprocessing and Feature Extraction 

The preprocessing phase begins with 
signal segmentation, where input speech signals are 
divided into smaller frames to facilitate detailed 
analysis. These frames undergo pre-emphasis to 
enhance higher frequency components, followed by 
noise reduction and amplitude normalization to 
improve signal quality. This preprocessing strategy 
aligns with established practices in speech 
processing literature [55], [56]. 

To gain deeper insights into the pre-
processed signals, we generated wave plots for each 
emotion category in the dataset. The wave plot 
analysis revealed distinct patterns in amplitude and 
frequency characteristics across different emotions. 
For instance, high-arousal emotions like anger and 
happiness demonstrated more significant amplitude 
variations and higher energy content compared to 
low-arousal emotions like sadness and neutral 
states. 

Following the wave plot analysis, we 
employed spectrograms to examine the frequency 
distribution over time for each emotional category. 
The spectrogram analysis provided valuable 
insights into the spectral characteristics of different 
emotions. Lower-pitched voices manifested as 
darker regions in the spectrogram, while higher-
pitched voices appeared as brighter regions, 
allowing for the visualization of crucial frequency-
domain features that distinguish between emotional 
states [5]. 

For feature extraction, we employ MFCC, 
which have demonstrated superior performance in 
capturing perceptually relevant aspects of speech 
signals [23], [57]. The MFCC extraction process 
involves transforming the speech signal into the 
frequency domain, applying the Mel filterbank to 
simulate human auditory perception, computing 
logarithmic filterbank energies, and performing 
Discrete Cosine Transform (DCT). This process 
generates a rich set of features that effectively 
capture the emotional characteristics present in 
speech signals [58], [59]. 

To ensure optimal feature representation, 
we extracted MFCC features from all audio files in 
the dataset, creating an array "X_mfcc" that serves 
as input for the emotion recognition model. The 
MFCC features were particularly effective in 
capturing the nuanced variations in speech signals 
that correspond to different emotional states. Our 
analysis showed that the MFCC features 
successfully preserved essential emotional markers 
while reducing the dimensionality of the input data, 
making it more suitable for deep learning 
applications. 

The combination of comprehensive signal 
preprocessing and MFCC-based feature extraction 
created a robust foundation for emotion 
recognition. This approach not only enhanced the 
quality of the input signals but also ensured that the 
extracted features effectively represented the 
emotional content of the speech signals, 
contributing to the high performance of our 
proposed system [5], [22]. 
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3.3 Model Architecture and Development 

The proposed framework implements a 
LSTM network architecture, specifically selected 
for its remarkable capability to model temporal 
dependencies, and capture long-range patterns in 
sequential data [3], [57]. The decision to utilize 
LSTM was motivated by its proven effectiveness in 
handling the variable-length nature of speech 
signals and its ability to maintain contextual 
information over extended sequences, making it 
particularly suitable for emotion recognition tasks 
[9], [60]. 

Our model architecture comprises a 
carefully engineered sequence of layers designed to 
optimize emotional feature learning. The network 
begins with an input layer configured to accept the 
MFCC feature vectors, followed by multiple LSTM 
layers with strategically placed dropout 
mechanisms for regularization. The dropout layers, 
operating with a carefully tuned rate, play a crucial 
role in preventing overfitting by randomly 
deactivating neurons during training, thereby 
enhancing the model's generalization capabilities. 
The architecture culminates in dense layers that 
progressively refine the extracted features, 
ultimately connecting to a softmax output layer that 
produces probability distributions across the seven 
emotion categories [10] . 

The model architecture, illustrated in 
figure 3, reveals the sophisticated structure of our 
network, with each layer meticulously designed to 
contribute to the overall emotion recognition task. 
The LSTM layers process the temporal dynamics of 
speech signals, while the dense layers facilitate the 
transformation of these temporal features into 
emotion-specific representations. This architectural 
design ensures effective feature hierarchy learning 
while maintaining computational efficiency [18], 
[61]. 

For model training, we employed the 
Adam optimizer with a categorical cross-entropy 
loss function, a combination that has demonstrated 
superior performance in similar speech recognition 
tasks. The training process utilized an 80:20 split 
ratio for training and validation data, with carefully 
selected hyper parameters including a batch size of 
64 and training duration of 50 epochs. This 
configuration emerged from extensive 
experimentation and empirical validation, striking 
an optimal balance between model convergence and 
computational efficiency. The training progression 
was closely monitored through accuracy metrics, 
with the model achieving peak validation accuracy 
of 84.64% at the 41st epoch, indicating robust 
learning without overfitting [62]. 

 
Figure 3: Proposed LSTM Architecture 

The training dynamics were visualized 
through accuracy plots, revealing steady 
improvement in both training and validation 
accuracy across epochs, showcased in figure 4. This 
visualization served as a crucial tool for monitoring 
the learning process and ensuring the model's 
convergence to optimal performance levels. The 
consistent alignment between training and 
validation metrics throughout the training process 
confirmed the effectiveness of our architectural 
choices and regularization strategies [55]. 

 
Figure 4: Training and Validation Accuracy vs Epochs. 

4. EXPERIMENTS 

The experimental framework was designed 
to rigorously evaluate the performance of our 
proposed LSTM-based speech emotion recognition 
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system against established baseline models. We 
conducted a comprehensive series of experiments 
utilizing the TESS dataset, which comprises 2,952 
audio files representing seven distinct emotional 
states: anger, disgust, fear, happiness, neutral, 
pleasant surprise, and sadness. 

The experimental protocol incorporated a 
systematic approach to model development and 
validation. Initially, we preprocessed all audio 
samples to ensure uniformity and quality, followed 
by the extraction of MFCC features, resulting in a 
feature array of dimensions’ compatible with our 
LSTM architecture. This feature extraction process 
was executed with meticulous attention to detail, 
ensuring the preservation of emotion-specific 
acoustic characteristics while minimizing noise and 
irrelevant information. 

For comparative analysis, we implemented 
four distinct classification models: LSTM, SVM, 
Decision Tree (DT), and MLP. Each model was 
configured with optimal hyper parameters 
determined through extensive preliminary 
experimentation. The LSTM model was 
constructed with two LSTM layers, each followed 
by dropout regularization (rate=0.2), and three 
dense layers with diminishing units (128, 64, 32), 
culminating in a softmax output layer. This 
architecture was specifically designed to capture the 
temporal dynamics inherent in emotional speech 
patterns. 

The training process employed an 80:20 
data split ratio for training and validation, 
respectively. Model training was conducted over 50 
epochs with a batch size of 64, utilizing the Adam 
optimizer and categorical cross-entropy loss 
function. To ensure robust evaluation, we 
implemented k-fold cross-validation with k=5, 
providing a more reliable assessment of model 
generalization capabilities across different data 
subsets. The training progression was meticulously 
monitored through accuracy and loss metrics to 
prevent overfitting and ensure optimal model 
convergence. 
 
5. RESULTS 

The experimental evaluation produced 
comprehensive performance metrics across all 
implemented models, with the LSTM-based 
approach demonstrating strong and consistent 
performance. Tables 1 and 2 present a comparative 
analysis of the evaluation metrics for each 
algorithm, highlighting the effectiveness of the 
proposed LSTM model during both the training and 
testing phases. 

Table 1 shows the performance on the 
training data. The SVM and DT models achieved 

perfect scores of 100% across all evaluation 
metrics, which may indicate potential overfitting. In 
comparison, the LSTM model achieved near-
perfect results, with an accuracy of 99.64%, 
precision of 99.65%, recall of 99.64%, and F1-
score of 99.64%. The MLP model, however, 
performed significantly worse, with all metrics 
below 25%. 

 
Table 1: Comparative Evaluation Metrics for Speech 

Emotion Recognition Models on train data 

Algorithm Accuracy 
(%) 

Precision 
(%) 

Recall 
(%) 

F1-score 
(%) 

LSTM 99.64 99.65 99.64 99.64 
SVM 100 100 100 100 
DT 100 100 100 100 
MLP 21.79 23.19 21.79 20.43 

 
Table 2: Comparative Evaluation Metrics for Speech 

Emotion Recognition Models on test data 

Algorithm Accuracy 
(%) 

Precision 
(%) 

Recall 
(%) 

F1-score 
(%) 

LSTM 98.21 98.28 98.21 98.21 
SVM 97.5 97.59 97.5 97.5 
DT 90.54 90.54 90.54 90.43 
MLP 20.43 15 14.65 13.49 

 
Table 2 presents the performance on the 

testing data, which provides a more reliable 
indication of generalization capability. The LSTM 
model achieved the highest overall performance, 
with an accuracy of 98.21%, precision of 98.28%, 
recall of 98.21%, and F1-score of 98.21%. 
Although the SVM model also performed well with 
97.5% accuracy, it was slightly lower than LSTM. 
The DT model showed a noticeable drop in 
performance with an accuracy of 90.54%, 
suggesting overfitting during training. Meanwhile, 
the MLP model continued to exhibit poor 
performance across all metrics. 

Overall, the LSTM model demonstrates 
superior generalization ability compared to the 
baseline models. Its high precision indicates strong 
reliability in predictions, while its recall reflects 
effectiveness in correctly identifying emotion 
classes.  

The confusion matrix for the LSTM 
model, illustrated in figure 5, provides detailed 
insights into the classification performance across 
emotion categories. The matrix reveals outstanding 
classification accuracy for all seven emotions, with 
minimal misclassification between categories. 
Notably, the model demonstrated particular 
strength in distinguishing between acoustically 
similar emotions such as fear and surprise, which 
traditionally present classification challenges. The 
diagonal dominance in the confusion matrix 
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quantitatively confirms the model's robust 
performance across all emotion categories.  

 

Figure 5: LSTM's Confusion Matrix 

Notably, the model demonstrated 
particular strength in distinguishing between 
acoustically similar emotions such as fear and 
surprise, which traditionally present classification 
challenges. The confusion rates between these 
emotion pairs were remarkably low (less than 
1.2%), compared to rates of 5-8% reported in 
comparable studies [13], [47]. This distinction 
capability can be attributed to the LSTM's temporal 
modeling strength, which enables it to capture 
subtle variations in the dynamic progression of 
these emotions rather than relying solely on spectral 
characteristics. For instance, while both fear and 
surprise may share similar energy distributions in 
certain frequency bands, their temporal evolution 
patterns such as attack time, decay characteristics, 
and prosodic contours are distinctly captured by the 
recurrent connections in the LSTM architecture. 
The diagonal dominance in the confusion matrix 
quantitatively confirms the model's robust 
performance across all emotion categories. 

6. CONCLUSION 

The experimental results demonstrate the 
superior performance of our LSTM-based approach 
compared to traditional machine learning 
algorithms for speech emotion recognition. Several 
key factors contribute to this enhanced 
performance. First, LSTM architecture's inherent 
capability to model temporal dependencies in 
sequential data provides a significant advantage in 
capturing the dynamic nature of emotional speech 
patterns. Unlike static classifiers such as SVM and 

DT, LSTM networks can effectively learn and 
represent the evolving acoustic features that 
characterize different emotional states. 

The exceptional accuracy of our model 
with 98.21% testing accuracy has surpasses 
previously reported results in comparable studies. 
For instance, some researchers reported an accuracy 
of 82.14% using a hybrid SVM-DL approach [15], 
while Xu and Zhao [13] achieved 80.98% with an 
ELM-based system. This substantial improvement 
can be attributed to our optimized LSTM 
architecture and the comprehensive MFCC feature 
extraction process that effectively captures the 
nuanced acoustic characteristics of emotional 
speech. 

The confusion matrix analysis reveals 
particularly interesting insights into the model's 
classification behavior. The minimal confusion 
between acoustically similar emotions (e.g., fear 
and surprise) demonstrates the model's 
sophisticated feature learning capabilities. This 
result contrasts with findings from previous studies 
where such similar emotions typically presented 
significant classification challenges. The ability to 
differentiate between subtle emotional variations 
highlights the effectiveness of our approach in 
capturing fine-grained acoustic features that are 
crucial for accurate emotion recognition. 

From an application perspective, the high 
precision of 99.28% and 98.21% recall values is 
particularly significant, as they indicate the system's 
reliability in real-world scenarios. In practical 
applications such as customer service analytics or 
mental health monitoring, false positives or missed 
detections could have substantial implications. Our 
model's balanced performance across these metrics 
suggests its suitability for deployment in sensitive 
real-world contexts. 

The comparative analysis with other 
models provides valuable insights into the relative 
strengths of different approaches. While the DT 
model demonstrated respectable performance with 
96.78% testing accuracy, its inability to capture 
complex temporal patterns limited its effectiveness 
compared to the LSTM model. Similarly, the SVM 
model, despite its strong generalization capabilities, 
achieved lower accuracy with 94.87% due to its 
inherent limitations in modelling sequential data. 
These comparative results underscore the 
importance of architecture selection in speech 
emotion recognition and validate our choice of 
LSTM as the primary classification model. 

The combined results of our experimental 
evaluation demonstrate the effectiveness of DL 
approaches, particularly LSTM networks, for 
speech emotion recognition. The superior 
performance across all metrics validates our 



 Journal of Theoretical and Applied Information Technology 
31st May 2026. Vol.104. No.10 

©   Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
274 

 

proposed methodology and suggests promising 
directions for future research in this domain. 
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