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ABSTRACT

Speech emotion recognition (SER) has developed into a significant research topic in affective
computing and human—computer interaction because emotional cues embedded in speech signals
can enhance communication between humans and intelligent systems. However, accurately
identifying emotional states from speech remains challenging due to dissimilarities in acoustic
patterns, speaker features, and recording situations. This study investigates the effectiveness of
Mel-Frequency Cepstral Coefficient (MFCC) acoustic features for emotion recognition in male
speech using a Random Forest classification model. The dataset used in this research consists of
35,910 male speech samples, each represented by a 58-dimensional MFCC feature vector extracted
from emotional speech recordings. The speech samples are categorized into eight emotional
classes: angry, fear, calm, disgust, neutral, happy, sad, and surprise. To develop and evaluate the
model’s performance, the MFCC data were divided into 80% for training and 20% for testing. The
Random Forest model was trained to learn emotional patterns embedded in MFCC features. The
experimental findings reveal that the proposed approach achieved an overall classification
accuracy of 84.33% with a macro-average Fl-score of 0.856, indicating relatively stable
performance across multiple emotional categories. Feature importance analysis further reveals that
lower-order MFCC coefficients play a dominant role in emotion classification. These findings
demonstrate that MFCC features combined with Random Forest classification provide an effective
baseline approach for SER and offer valuable insights for future research involving more advanced
machine learning models.

Keywords: speech emotion recognition, MFCC, random forest, acoustic features, machine
learning.

A. Introduction

Speech produced by humans contains both linguistic meaning and emotional
indicators that reflect a speaker’s psychological and affective state. The ability to
automatically recognize emotions from speech signals has therefore become an
imperative research topic in the fields of affective computing, human—computer
interaction, and intelligent systems. SER intends to recognize emotional statuses such as
anger, happiness, sadness, or fear based on acoustic characteristics contained in speech
signals. Accurate emotion recognition systems can support a wide range of applications,
including intelligent virtual assistants, healthcare monitoring systems, customer service
analytics, and adaptive learning environments [1].

Despite significant advancements in speech processing technologies, accurately
identifying emotions from speech remains a challenging task. Multiple factors, including
speaker characteristics, vocal variability, recording conditions, and language differences,
influence emotional expression in speech [2], [3]. These factors often introduce
variability in acoustic patterns, making it difficult for classification models to reliably
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distinguish between emotional states. Consequently, the development of robust feature
extraction techniques and classification models remains a central focus in SER research.

One of the major widely used feature extraction methods in speech processing is the
MFCC. MFCC features are designed to capture the perceptual characteristics of human
hearing by representing the spectral envelope of speech signals in the Mel frequency
scale [4], [5], [6]. Due to their ability to effectively represent the acoustic properties of
speech, MFCC features have been widely used in speech-related tasks, consisting of
speech recognition, speaker identification, and emotion detection. Previous studies have
demonstrated that MFCC-based representations can capture relevant spectral information
that reflects emotional variations in speech production.

In addition to feature extraction, the model selection of classification algorithms
plays a crucial role in defining the performance of speech emotion recognition systems.
Various machine learning systems have been analysed in previous studies, including k-
Nearest Neighbors (k-NN), Decision Trees, Support Vector Machines (SVMs), and
Random Forest classifiers [7], [8]. Among these approaches, Random Forest has
attracted considerable attention because it delivers reliable performance on high-
dimensional data while exhibiting a lower tendency toward overfitting. Random Forest
constructs various decision trees and employs their predictions, enabling the model to
learn complex relationships between acoustic features and emotional states.

Another important aspect in SER research is the characteristics of the speech dataset
used for training and evaluation. Many previous studies rely on datasets that contain
recordings from multiple speakers and both genders [9]. While such datasets provide
diverse speech samples, the mixture of male and female speech signals may introduce
additional variability in acoustic patterns [10], [11]. Gender differences in vocal tract
configuration, pitch range, and speech characteristics may influence the distribution of
acoustic features, potentially affecting the performance of emotion classification models.

Overlapping acoustic patterns between emotions. Mel Frequency Cepstral Coefficient (MFCC)
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Figure 1. Research Landscape and Gap in SER Using Acoustic Features.

Figure 1 presents a conceptual mind-map illustrating the research landscape of SER.
The mind-map highlights several important components of SER research, including
acoustic feature extraction methods, classification approaches, dataset characteristics,
and common challenges in emotion recognition tasks. The figure also identifies an
important research gap in the limited exploration of gender-specific emotional speech
analysis [12], [13]. While many studies investigate emotion recognition using mixed-
gender datasets, relatively few focus on analyzing emotional patterns in single-gender
speech datasets. This gap suggests the need for further investigation to understand better
how acoustic features capture emotional variations in gender-specific speech data.

Motivated by this research gap, this study evaluates SER on a male speech dataset
using MFCC acoustic features. By focusing on a single-gender dataset, variability due to
gender differences in speech characteristics can be reduced, enabling clearer analysis of
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emotional patterns in speech signals. In this research, each speech sample is represented
by a 58-dimensional MFCC feature vector that captures the spectral characteristics of
speech associated with emotional expression.

Therefore, the present study focuses on assessing the effectiveness of MFCC
acoustic features for SER using a Random Forest classification model. The research aims
to evaluate how well machine learning algorithms can identify emotional states in male
speech signals using MFCC feature representations. The results of this study are expected
to provide a reliable baseline for SER research and contribute to the development of more
advanced emotion recognition models in future studies.

B. Methodology

This research adopts a machine learning—based approach to perform SER using acoustic
feature representations extracted from emotional speech recordings. The research process
consists of several stages, including dataset preparation, feature representation, data
preprocessing, model development, and performance evaluation. The overall workflow of
the research process is illustrated in Figure 2.

curacy,
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Figure 2. Research Workflow for SERusing MFCC Features and Random Forest Classification

The dataset applied in this research is composed of MFCC-based acoustic feature
representations derived from emotional speech recordings collected from several widely
used benchmark datasets. The original audio recordings were obtained from four well-
known emotional speech datasets: the Ryerson Audio-Visual Database of Emotional Speech
and Song (RAVDESS) [14], the Crowd-Sourced Emotional Multimodal Actors Dataset
(CREMA-D) [15], the Toronto Emotional-Speech Set (TESS) [16], and the Surrey Audio-
Visual Expressed Emotion (SAVEE) [17]. These datasets contain speech recordings
expressing multiple emotional states, produced by different speakers and recorded under
varying conditions. The MFCC features used in this study were extracted from these audio
recordings and organized into structured feature datasets.

Each speech sample is represented by a 58-dimensional Mel-Frequency Cepstral
Coefficient (MFCC) feature vector, which captures the spectral characteristics of speech
signals using the Mel frequency scale, which approximates human auditory perception [18],
[19]. MFCC features are widely used in speech processing because they effectively represent
the spectral envelope of speech signals and preserve important acoustic information related
to emotional expression. In this study, the analysis focuses on the male speech dataset, which
contains 35,910 speech samples distributed across eight emotional classes: angry, fear,
happy, calm, disgust, sad, neutral, and surprise. Each instance in the dataset represents a
speech sample with MFCC feature values and a corresponding emotion label.
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Before model training, the dataset undergoes a data inspection stage to ensure its
consistency and appropriateness for machine learning analysis. This stage includes
examining the dataset structure, verifying the MFCC feature dimensionality, and checking
for missing values [20], [21]. After this inspection process, the MFCC feature vectors are
separated from the emotion labels to form the input feature matrix and the target
classification variable.

To develop and evaluate the classification model’s performance, eighty percent of the
data were used for model training, while the remaining twenty percent was reserved for
testing. Stratified sampling is applied during the splitting process to preserve the distribution
of emotion classes in both subsets. The training dataset is used to develop the classification
model, while the testing dataset is used to evaluate the model’s ability to recognize emotional
patterns from unseen speech samples.

The classification model employed in this study is the Random Forest algorithm, a
learning model that integrates multiple decision trees. Random Forest constructs a collection
of decision trees using randomly selected subsets of training data and feature variables. The
final prediction is determined by majority voting among the individual decision trees. In this
research, the Random Forest classifier is implemented using 100 decision trees to capture
complex relationships between MFCC acoustic features and emotional states.

The effectiveness of the proposed model was examined using typical classification
indicators: accuracy, precision, recall, and Fl-score. These evaluation metrics provide a
comprehensive assessment of the model’s ability to classify emotional speech signals across
multiple categories. In addition, a confusion matrix is used to visualize classification results
and identify potential misclassification patterns among emotional categories. Feature
importance analysis is also conducted to determine the contribution of individual MFCC
features to the classification process and to understand better which acoustic characteristics
play significant roles in emotion recognition.

C. Results and Discussion

The performance of the SER system developed in this study was evaluated using the
Random Forest classification algorithm with MFCC acoustic features as input variables. The
evaluation results are summarized in Table 1, which presents the classification report for
each emotional category, including recall, precision, F1-score, and support values. Overall,
the model achieved a classification accuracy of 84.33%, indicating that the combination of
MFCC acoustic features and the Random Forest algorithm provides a reliable approach for
recognizing emotional states in speech signals.

The macro-average Fl-score from the evaluation is 0.856, indicating that the
classification model performs moderately consistently across emotional categories. This
metric is important because it reflects the average performance across all classes without
being influenced by class imbalance. The result indicates that the model can learn acoustic
patterns associated with emotional expression in speech signals across multiple categories.

A closer examination of the classification performance reveals that several emotional
categories achieve relatively high recognition accuracy. Among the evaluated emotions, the
surprise class achieved the highest F1-score of 0.922, followed by calm at 0.897 and angry
at 0.886. These results indicate that these emotional states produce distinctive acoustic
characteristics that can be effectively captured through MFCC feature representation.
Emotional speech expressing surprise and anger often involves noticeable variations in pitch
dynamics, vocal intensity, and spectral energy distribution, which contribute to their
distinguishable acoustic signatures.
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Table 1. Classification Performance of the Random Forest Model for Each Emotion Class

Emotion Recall Precision F1-Score Support
Angry 0917 0.857 0.886 1158
Fear 0.779 0.877 0.825 1158
Calm 0910 0.884 0.897 134
Disgust 0.788 0.859 0.822 1158
Happy 0.813 0.824 0.819 1158
Sad 0.883  0.805 0.842 1158
Neutral 0.863 0.821 0.841 1040
Surprise 0.899 0.947 0.922 218
Accuracy 0.843

Macro Average 0.857 0.859 0.857 7182
Weighted Average 0.843  0.845 0.843 7182

However, several emotional categories demonstrate slightly lower -classification
performance. The fear, disgust, and happy classes achieved F1-scores around 0.82,
indicating that these emotional states are relatively more difficult for the model to
distinguish. This phenomenon is commonly observed in SER research because certain
emotions share similar acoustic characteristics. For instance, fear and sadness may exhibit
comparable speech patterns, such as lower speech energy and similar pitch contours, which
can lead to classification ambiguity.

A profounder understanding of the model’s classification behavior can be obtained by
analyzing the confusion matrix shown in Figure 3. The confusion matrix provides a detailed
representation of how predicted emotional categories correspond to the actual labels in the
dataset. The strong diagonal pattern observed in the matrix indicates that most speech
samples are correctly classified. Several emotional classes demonstrate a high number of
correct predictions, confirming that the model successfully captures relevant acoustic
features associated with emotional expression.

Confusion Matrix - Random Forest
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Figure 3. Confusion Matrix for Speech Emotion Classification using MFCC Acoustic Features and the
Random Forest Model
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Nevertheless, the confusion matrix also reveals several patterns of misclassification
between emotionally similar categories. Several fear samples are classified as sad, while
several disgust samples are also predicted as sad. This pattern suggests that these emotional
states may share overlapping acoustic characteristics such as similar pitch variation and
vocal energy distribution. In addition, some happy samples are misclassified as angry,
possibly due to similarities in expressive speech patterns, such as higher speech intensity
and dynamic pitch changes.

In addition to evaluating classification performance, it is important to analyze how
individual acoustic features contribute to the classification model’s decision-making
method. To investigate this aspect, feature importance was evaluated using the Random
Forest algorithm. The most influential MFCC features identified by the model are
summarized in Table 2, which lists the ten features with the highest importance scores.

Table 2. Top 10 Most Important MFCC Features Identified by the Random Forest Model

Rank MFCC Feature Importance Score

1 MFCC 0 0.0488
2 MFCC 2 0.0345
3 MFCC 5 0.0291
4 MFCC 1 0.0271
5 MFCC 3 0.0256
6 MFCC7 0.0217
7 MFCC 4 0.0216
8 MFCC 8 0.0211
9 MFCC 12 0.0195
10 MFCC 11 0.0193

The results show that MFCC 0 has the highest importance score among all features,
indicating that the spectral energy component of speech signals plays a crucial role in
emotion recognition. Emotional speech often modifies vocal intensity and overall energy
distribution, and lower-order MFCC coefficients capture these changes. Other features such
as MFCC 2, MFCC 5, and MFCC 1 also contribute significantly to the classification process,
suggesting that multiple spectral components are involved in representing emotional
information in speech signals.

The distribution of feature importance values is more clearly shown in the feature
importance visualization in Figure 4. The plot illustrates that lower-order MFCC coefficients
dominate the classification process, indicating that the overall spectral envelope of speech
signals carries substantial emotional information. These coefficients capture broad spectral
characteristics related to vocal tract configuration and energy distribution during speech
production.
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Figure 4. Visualization of the Top Ten Most Influential MFCC Features Identified by the Random Forest
Classifier
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The dominance of lower-order MFCC coefficients is consistent with established
findings in speech signal processing research. Emotional speech typically alters vocal
tension, pitch variation, and spectral energy distribution, which are reflected in these
coefficients. The presence of several MFCC coefficients among the most influential features
indicates that emotional information is distributed across multiple spectral components
rather than being represented by a single acoustic parameter.

The experimental results demonstrate that MFCC acoustic features combined with the
Random Forest classifier provide an effective baseline approach for speech emotion
recognition. The model achieves relatively strong classification performance while also
offering interpretable insights into feature contributions and classification behavior. These
findings confirm the effectiveness of MFCC features in capturing emotional characteristics
in speech signals and highlight the continued relevance of traditional machine learning
approaches in SER research.

D. Conclusion

This study investigated the effectiveness of MFCC acoustic features combined with the
Random Forest algorithm for SER. The experimental results demonstrate that the proposed
approach effectively identifies emotional states from speech signals. The model achieved an
overall classification accuracy of 84.33%, with a macro-average Fl-score of 0.856,
indicating relatively stable performance across the eight evaluated emotional categories.
These findings confirm that MFCC features provide meaningful spectral representations that
enable machine learning models to capture emotional characteristics embedded in speech
signals.

Further analysis of the classification results revealed that certain emotional categories,
such as surprise, calm, and anger, were recognized with higher accuracy than others. This
suggests that these emotional expressions produce distinctive acoustic patterns that are easier
for the model to identify. Meanwhile, emotions such as fear, disgust, and happiness showed
slightly lower classification performance due to their similar acoustic characteristics. The
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confusion patterns observed in the classification results highlight the inherent challenges of
distinguishing emotionally similar speech signals using spectral features alone.

In addition, the feature-importance analysis indicates that lower-order MFCC
coefficients, particularly MFCC 0, play a significant role in classification. These coefficients
capture the overall spectral envelope of speech signals, which reflects the energy distribution
and vocal-tract configuration during speech production. The experimental findings suggest
that combining MFCC features with traditional machine learning methods, such as Random
Forest, can provide an effective baseline for SER tasks. Future research may explore
integrating additional acoustic features or deep learning architectures to improve
classification performance further and address the challenges of distinguishing emotionally
similar speech patterns.
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