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Abstract - This analysis takes on a comparative review of 

three distinct machine learning approaches: Support 

Vector Machine (SVM), Multi-Layer Perceptron (MLP), 

and Random Forest (RF) to ascertain emotional states in 

verbal communication by utilizing the RAVDESS resource. 

In this review, we perform a strategy that unites audio 

feature extraction, model training with or without tweaks 

to hyperparameters, and evaluation via metrics including 

accuracy, precision, recall, and F1-score. The assessment 

shows that, before any refinement, SVM secured the 

utmost accuracy of 79%, trailed by MLP at 76% and RF 

at 71%. Following optimization, only SVM exhibited an 

enhancement, reaching 80%, whereas MLP and RF 

displayed negligible or no improvement. An examination 

of the confusion matrix revealed that SVM produced the 

most uniformly distributed predictions and effectively 

reduced misclassification errors, particularly within the 

emotion categories of “calm” and “happy.” This 

investigation offers empirical substantiation of SVM as a 

robust baseline model for speech emotion recognition in 

localized settings, while simultaneously providing insights 

into model optimization and development that could 

inform future implementations in speech-based human–

computer interaction. 
 
Keywords: Emotion recognition; machine learning; 
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I. INTRODUCTION 

As a fundamental component of affective computing, 

Speech Emotion Recognition (SER) seeks to enhance the 

interaction between human beings and computational 

systems by enabling these systems to interpret and 

respond to emotional indicators. This innovation 

represents a significant step toward the development of 

more intuitive and empathetic systems, with applications 

across diverse domains. In healthcare, SER can help 

detect stress or depression through vocal tone; in 

education, it can assess student engagement or 

frustration in online learning environments; in customer 

service, it allows virtual agents to adapt to a customer’s 

emotional state; and in social robotics, it supports more 

natural and contextually appropriate interactions [1]. The 

capacity to adeptly interpret emotions through vocal 

signals carries substantial consequences for considerably 

augmenting user interaction, empowering machines to 

offer replies that are not only practically relevant but also 

emotionally and contextually aligned [2]. Although 

considerable strides have been made in Speech Emotion 

Recognition (SER), the intricate problem of accurately 

discerning emotions from vocalizations endures due to 

the complex and often ambiguous nature of human 

emotions, heightened by the substantial variation in 

speech patterns affected by accent, tempo, volume, and 

situational factors [3, 4]. The intricacy of emotional 

speech data necessitates the development of advanced 

methodologies and models to effectively address its 

subtleties. 

Recent studies in the SER field have increasingly 

concentrated on the advancement, modification, and 

evaluation of diverse machine learning frameworks to 

enhance classification precision, with classical models 

like Support Vector Machine (SVM), Multi-Layer 

Perceptron (MLP), and Random Forest (RF) remaining 

prevalent in speech emotion classification applications 

[5]. Each model demonstrates unique characteristics, 

incorporating specific advantages and disadvantages, 

with their effectiveness differing significantly according 

to the particular attributes of the dataset and the resultant 

acoustic and prosodic features [6]. For instance, SVM is 

widely known for its robustness in handling high-

dimensional data and its ability to achieve high 

classification accuracy in various emotion recognition 

scenarios [7]. MLP, as a neural network, is effective in 

modelling complex non-linear patterns but requires 

extensive training and is sensitive to weight initialization 

and architecture design [8]. Meanwhile, Random Forest 

is an ensemble learning technique that integrates various 

decision trees. It effectively manages large datasets and 
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reduces overfitting, resulting in high and consistent 

classification accuracy [9]. These differences highlight 

the need for comparative evaluation to determine the 

most effective model for speech emotion classification. 

 In Indonesia, comprehensive comparative studies on 

SER remain limited, particularly those analyzing 

performance before and after hyperparameter 

optimization with detailed per-class evaluation [10, 11]. 

This study aims to address this gap by developing an 

audio-based emotion classification system using the 

RAVDESS dataset. The evaluation focuses on accuracy, 

precision, recall, and F1-score for each emotion category, 

with additional implementation insights. The findings 

are expected to contribute to the development of more 

reliable SER systems and provide guidance for future 

research. 

II. METHOD 

This research encompasses four phases: audio data 

acquisition, preprocessing, model development, and 

performance assessment as shown in Fig. 1. 

Three machine learning models, SVM, MLP, and RF, 

are evaluated through various metrics, including 

accuracy, precision, recall, and F1-score, both pre- and 

post-hyperparameter optimization. 

A. Dataset 

This research utilizes the RAVDESS dataset from 

Kaggle. The dataset comprises 1440 speech audio files 

(16bit, 48kHz wav) produced by 24 professional actors 

(12 female, 12 male), articulating two lexically matched 

statements in a neutral North American accent. The 

conveyed emotions encompass calm, happy, sad, angry, 

fearful, surprise, and disgust expressions. Each emotion 

is articulated at two emotional intensity levels (normal, 

strong), alongside a neutral expression. This dataset is 

derived from the article “The Ryerson Audio-Visual 

Database of Emotional Speech and Song (RAVDESS): 

A dynamic, multimodal set of facial and vocal 

expressions in North American English.” [12]. 

B. Preprocessing 

The dataset preprocessing in this study comprises two 

stages: filtration through emotion code mapping and 

feature extraction to transform raw audio signals into 

numerical formats using three methodologies: 

1) MFCCs are essential features for speech 

recognition due to their effectiveness in capturing 

important speech signal data [13]. MFCC is derived from 

the speech power spectrum using Mel-frequency bands 

and DCT for coefficient extraction. This process 

involves windowing the speech signal, applying Fourier 

Transforms, and utilizing a Mel-scaled bandpass filter 

for weighting [14]. While MFCCs effectively capture 

speech data and align with hidden Markov model 

assumptions, they demonstrate diminished performance 

under increased noise conditions. 

2) Chroma STFT is a linear time-frequency 

analysis method that depicts audio segments through 

complex coefficients of magnitude and phase [15]. The 

Chroma STFT method enhances time and frequency 

resolution for non-stationary signal analysis and exhibits 

linearity, multi-resolution capabilities, and inversion 

uniqueness. Nonetheless, its fixed window size imposes 

limitations on time and frequency resolution in audio 

signal processing, particularly in time-frequency domain 

analysis. 

3) Mel Spectrogram: Mel Spectrogram is a time-

frequency representation that aligns the sound power 

spectrum with the Mel scale, reflecting human auditory 

perception of frequencies, thus proving effective for 

voice-related tasks like speech emotion recognition [16]. 

This technique is pertinent to audio processing 

tasks, such as genre classification and event 

detection, often utilizing deep learning models. The 

Mel Spectrogram effectively captures intricate 

features, although audio noise can degrade feature 

quality, which is mitigated through adaptive 

methods and data augmentation to enhance 

robustness and discriminability [17]. 
 

C. Split Data 

The dataset is partitioned into two segments with a 

distribution of 75% allocated to training and 25% 

assigned to testing, culminating in 1,080 training audio 

samples and 360 testing audio samples. Furthermore, the 

implementation of a seed value of 42 is essential to 

ensure the reproducibility and stability of the 

experimental outcomes. 

D. Machine Learning Model 

This study utilizes Multilayer Perceptron, Support 

Vector Machine, and Random Forest as machine 

learning frameworks. These models are chosen because 

of the limited dataset, providing a basis for future 

research.  

1) The Multilayer Perceptron: represents a 

hierarchical feed-forward framework comprising an 

input layer, multiple hidden layers, and an output layer, 

in which each layer utilizes non-linear activation 

functions [18]. Unlike standard perceptions, MLPs can 

classify non-linearly separable data, enhancing their 

utility in various domains. 
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Fig. 1 Research flowchart 

2) Support Vector Machine: SVM integrates 
fundamental machine learning methodologies originally 
designed for classification, subsequently modified for 
various domains such as bioinformatics and computer 
vision [19]. SVM utilizes statistical learning theory and 
convex optimization to tackle issues related to limited 
sample sizes, non-linearity, and high dimensionality. 
SVM is founded on statistical learning theory and 
convex optimization, allowing it to adeptly address 
challenges with small sample sizes, non-linearity, and 
high dimensionality. 

3) Random Forest: Random Forest algorithm 
constitutes a widely utilized ensemble machine learning 
technique esteemed for its precision and operational 
efficiency. Its applications extend across various fields, 
particularly within health analytics for the purpose of 
disease prediction [20], RF is effective for classifying 
text, image, and biological data. Its inherent feature 
selection and interaction capabilities enhance its utility 
for complex problems and learning tasks. 

 
E. Hyperparameter Tuning 

The hyperparameter utilized in this research endeavor 
is GridSearchCV, which systematically refines machine 
learning models, including MLP, SVM, and RF, for the 
purpose of speech emotion classification. This 
methodology meticulously assesses variations of 
specified hyperparameters to determine the most 
advantageous configurations. The specific parameter 
grids and the number of cross-validation folds utilized 
for each model are detailed in Table I. Although 
GridSearchCV markedly improves the accuracy of 
emotion recognition, its application may demand 
considerable computational resources, thereby 
necessitating a careful consideration of the trade-off 
between enhancements in performance and 
computational efficiency [21]. 

Table I delineates the grid parameters and cross-
validation folds for each model. SVM involved the 
evaluation of three C values, two gamma types, and two 
kernel types. Random Forest utilized parameters such as 
n_estimators, max_depth, and min_samples_split for 
optimization. MLP explored diverse configurations of 
hidden_layer_sizes, activation, alpha, and learning_rate. 
The tuning methodology employed 5-fold cross-
validation to enhance result reliability and reduce 
dependence on data partitioning.

TABLE I 

HYPERPARAMETER GRID AND CROSS-VALIDATION FOLDS 

Model Hyperparameter Parameter Grid Number of Cross-Validation Folds 

Support Vector Machine C [1, 10, 100] 5 

 gamma ['scale', 'auto'] 5 

 kernel ['rbf', 'linear'] 5 

Random Forest n_estimators [50, 100, 200] 5 

 max_depth [None, 10, 20] 5 

 min_samples_split [2, 5, 10] 5 

Multi-Layer Perceptron hidden_layer_sizes [(256,), (512, 256)] 5 

 activation ['relu', 'tanh'] 5 

 alpha [0.0001, 0.001] 5 

 learning_rate ['constant', 'adaptive'] 5 
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F. Confusion Matrix 

The Confusion Matrix serves as a fundamental 

instrument for the assessment of classification models, 

offering a comprehensive analysis of predictions in 

relation to actual outcomes, and methodically 

categorizing these into True Positives, True Negatives, 

False Positives, and False Negatives [22]. This matrix is 

essential for calculating various performance metrics, 

such as accuracy, precision, recall, and F1 score, which 

collectively provide a holistic insight into the model's 

predictive capability [23]. While the confusion matrix 

provides substantial insights, it is crucial to acknowledge 

its inherent limitations, particularly in cases of class 

imbalance or multi-label classification, where it may 

inadequately represent the nuanced nature of model 

efficacy or predictive accuracy [24]. 

III. RESULT AND DISCUSSION 

This study examines Support Vector Machine, Multi-

Layer Perceptron, and Random Forest models. Prior to 

model training, the researcher pre-processed the data 

using feature extraction with MFCC, Chroma STFT and 

Mel Spectrogram methods. MFCC is used to capture the 

spectral shape of the human voice based on human 

auditory perception, Chroma STFT is needed to convert 

time to frequency signals to produce a local spectral 

representation and Mel Spectrogram to visualize 

frequency in the time domain. Preprocessing is done 

before data splitting to ensure each audio sample is in 

numerical form. 

After splitting the data, the next step is feature scaling 

with standardscaler to get a normal distribution. This 

stage is very important to speed up the convergence of 

gradient descent, improve model accuracy and prevent 

the dominance of certain features, especially for SVM 

and MLP models [25]. 

A. Model Performance Without Optimization 

In the initial phase of assessing the voice-based 

emotion classification system, investigators executed a 

series of experiments utilizing machine learning 

algorithms devoid of the implementation of the 

GridSearchCV hyperparameter optimization 

methodology. The models utilized in this study include 

Support Vector Machine, Multi-Layer Perceptron, and 

Random Forest. This phase seeks to assess the 

fundamental effectiveness of each model in emotion 

recognition based on MFCC acoustic features derived 

from the audio signal. 

The MLP architecture consists of two hidden layers 

featuring 512 and 256 neurons, utilizes ReLU activation, 

and incorporates an adaptive learning rate. It was trained 

over 1000 iterations with a batch size of 64. The MLP 

demonstrated training stability and produced initial 

predictions for emotion classes without any adjustments 

to its architecture or learning rate. Thus, it serves as a 

representative baseline for neural networks in this 

research. MLP model training results get an accuracy of 

75,52%. This result is assisted by the batch size and 

learning rate to maintain convergence during training, so 

that the MLP can capture non-linear patterns of voice 

features, even without model optimization.    

The SVM model uses RBF kernel parameters that 

allow the model to capture complex decisions and the 

C=10 parameter helps reduce classification errors, 

resulting in The SVM model achieved the highest 

performance with 79.17% accuracy. This efficacy is 

attributed to SVM's capability to manage high-

dimensional data and classify non-linear features 

proficiently. Conversely, the RF model, utilizing 100 

decision trees with default parameters, recorded the 

lowest accuracy at 70.83%. Fig. 2 illustrates a 

comparison of the accuracy among the three models. 

Furthermore, the classification model's performance 

was assessed using a confusion matrix without 

optimization. The findings reveal notable disparities in 

the efficacy of the three machine learning algorithms for 

emotion classification. SVM exhibited a balanced 

performance, achieving the highest overall accuracy of 

79% across four emotion categories, as indicated by 

evaluation metrics such as precision, recall, F1-score, 

and accuracy in Table II. This indicating that the SVM 

model is suitable to be used as a baseline in voice data-

based automatic emotion recognition systems.  

 

 

Fig. 2 Comparison of model accuracy before optimization 
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TABLE II 

CONFUSION MATRIX WITH NO OPTIMIZATION 

Metrics Emotion MLP SVM Random Forest 

Precision calm 0.89 0.88 0.74 

 disgust 0.79 0.8 0.64 

 fearful 0.71 0.77 0.83 

 happy 0.65 0.72 0.67 

Recall calm 0.85 0.94 0.96 

 disgust 0.73 0.73 0.59 

 fearful 0.7 0.72 0.52 

 happy 0.75 0.79 0.77 

F1-score calm 0.87 0.91 0.83 

 disgust 0.76 0.76 0.61 

 fearful 0.7 0.74 0.64 

 happy 0.7 0.75 0.72 

Accuracy  0.76 0.79 0.71 

 

The MPL model performed quite well close to the 

SVM model with a total accuracy of 76%. This shows 

that the MLP model is effective in minimizing false 

positives and is relevant in audio-based emotion 

classification applications. The random forest model did 

not perform consistently across categories but did 

achieve 96% on the Recall matrix with the calm category 

and 83% on the Precision matrix with the fearful 

category. The RF model's default results present a 

potential avenue for enhancing its accuracy. 

Visualization of confusion matrix comparisons is crucial 

to uncover classification biases, misallocations, and 

model weaknesses across emotional categories, as 

illustrated in Fig. 3. 

B. Model Performance with Optimization 

After obtaining the performance results of each 

algorithm without optimization techniques, the 

subsequent phase involves enhancing model efficacy via 

hyperparameter tuning utilizing the GridSearchCV 

methodology. This method is preferred for its systematic 

ability to thoroughly explore the parameter landscape 

through exhaustive search and cross-validation. With 

refined parameters, each model is anticipated to exhibit 

enhanced predictive accuracy and stability. The MLP 

parameters include hidden layer structure, activation 

function, learning rate, and L2 regulation. For SVM, the 

optimization parameters comprise penalty attributes, 

kernel type, and kernel coefficients, whereas Random 

Forest parameters involve the quantity of trees, 

maximum tree depth, and the number of features for each 

split. The optimal generalization scores attained during 

training are presented in Table III. 

 

 

Fig. 3 Comparison of confusion matrix with no optimization 

TABLE III  

GRIDSEARCHCV OPTIMIZATION RESULT 

Model Best Parameters Best Accuracy 

SVM {'C': 100, 'gamma': 'scale', 'kernel': 'rbf'} 74.82% 

Random 

Forest 

{'max_depth': 10, 'min_samples_split': 2, 'n_estimators': 

200} 

64.75% 

MLP {'activation': 'relu', 'alpha': 0.0001, 'hidden_layer_sizes': 

(512, 256), 'learning_rate': 'constant'} 

73.44% 
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The performance of the model after optimization did 

not improve significantly, especially the accuracy, MLP 

scored 76.04%, SVM scored 79.69%, and random forest 

scored 70.31%, as shown in the Fig. 4. 

After conducting hyperparameter optimization 

through GridSearchCV, the models were re-examined 

for the purpose of enhancing voice emotion classification 

effectiveness. Evaluation metrics, including precision, 

recall, F1-score for each emotion category, and overall 

model accuracy, are presented in Table IV. The 

comparative visualization of the confusion matrix for 

each model is illustrated in Fig. 5. 

Performance analysis indicates that Support Vector 

Machine shows outstanding performance with 79.69% 

accuracy. Multilayer Perceptron showed strong 

performance at 76.04%. In opposite, Random Forest 

showed the lowest accuracy at 70.31%. These results 

show that SVM and MLP are more responsive to 

hyperparameter modifications for speech emotion 

classification, unlike Random Forest which experienced 

a decrease in overall accuracy. 

C. Comparison of model performance 

After evaluating model performance pre- and post-

optimization, the subsequent task involves assessing the 

models for speech emotion classification with restricted 

data. This study seeks to identify the model exhibiting 

superior discriminative and generalization proficiencies 

on the utilized dataset. The analysis incorporated vital 

performance measures, featuring accuracy, precision, 

recall, F1 score, and ROC curve analysis, detailed in 

Table V. 

 
Fig. 4 Comparison of model accuracy after optimization  

TABLE IV  

CONFUSION MATRIX WITH OPTIMIZATION 

Metrics Emotion MLP SVM Random Forest 

Precision calm 0.89 0.9 0.75 

 disgust 0.79 0.78 0.65 

 fearful 0.71 0.8 0.76 

 happy 0.67 0.71 0.65 

Recall calm 0.85 0.94 0.96 

 disgust 0.75 0.82 0.55 

 fearful 0.7 0.7 0.57 

 happy 0.75 0.73 0.75 

F1-score calm 0.87 0.92 0.84 

 disgust 0.77 0.8 0.6 

 fearful 0.7 0.74 0.65 

 happy 0.71 0.72 0.7 

Accuracy  0.76 0.8 0.7 

 

 
Fig. 5 Comparison of confusion matrix with optimization 
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TABLE V 

MODEL COMPARISON REPORT 

Performance 

Metric 

Model Before 

Optimization 

After 

Optimization 

Accuracy MLP 0.76 0.76 

 SVM 0.79 0.8 

 Random Forest 0.71 0.7 

Precision MLP 0.76 0.76 

 SVM 0.79 0.8 

 Random Forest 0.72 0.71 

Recall MLP 0.76 0.76 

 SVM 0.79 0.8 

 Random Forest 0.71 0.71 

F1-score MLP 0.76 0.76 

 SVM 0.79 0.8 

 Random Forest 0.7 0.7 

 

The findings in Table V indicate marginal 

enhancement in SVM model performance with 

GridSearchCV optimization, while the MLP model 

remains unchanged, and the random forest model 

exhibits a minor decline across various metrics. 

The limited efficacy of hyperparameter optimization 

is linked to various intrinsic factors of the problem and 

dataset. First, the relatively small size of the RAVDESS 

dataset restricts performance enhancements through 

extensive tuning. A larger dataset would provide models 

with greater learning opportunities from diverse patterns, 

potentially yielding more notable improvements post-

optimization. Second, the models' initial strong 

performance implies that the default parameters were 

likely near optimal for this task. Lastly, the specified 

parameter grid may not encompass configurations 

capable of producing significant performance 

advancements. This suggests that for this dataset, the 

models may be approaching their performance ceiling, 

necessitating more intricate architectures or feature 

engineering for further improvements. 

The following step entails the evaluation of the 

multiclass ROC curve for each algorithm, as represented 

in Fig. 6. The ROC curve serves to illustrate the model's 

capacity to differentiate among classes across a spectrum 

of classification thresholds. The macro-AUC values 

encapsulate the ROC curve, reflecting the model's 

overall discriminative efficacy. As illustrated by the 

ROC curves pre- and post-optimization, the SVM model 

consistently achieves the highest macro-AUC score of 

0.94 (Fig. 6), both prior to and after optimization. This 

underscores the SVM's superior proficiency in 

accurately classifying emotions across all classes in 

comparison to MLP and Random Forest. 

The MLP model reflects a notable discriminative 

capability, demonstrated by a macro-AUC score of 0.94 

before optimization, with a minimal reduction to 0.93 

after optimization. Conversely, the Random Forest 

model demonstrates the most inferior performance in this 

context, presenting macro-AUC values of 0.89 and 0.90 

prior to and after optimization, respectively. This 

marginal alteration in macro-AUC metrics substantiates 

the conclusion that hyperparameter optimization exerted 

a negligible influence on the models' overall proficiency 

in class differentiation, a finding that aligns with the 

observed stability in accuracy outcomes. 

 

 

 

 

Fig. 6 Comparison of multiclass ROC curve 
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IV. CONCLUSION 

In this study, the authors examine the difficulties 

associated with emotion discrimination in human 

vocalizations. A study was performed to gauge the 

effectiveness of three machine learning frameworks: 

Support Vector Machine, Multi-Layer Perceptron, and 

Random Forest, focused on identifying emotions in 

voice, examining cases with and without hyperparameter 

optimization via GridSearchCV. Prior to any 

enhancements, SVM showed the top accuracy standing 

at 79%, while MLP had 76%, and RF came in at 71%. 

Following optimization, SVM demonstrated a 

significant improvement to 80%, alongside 

enhancements in precision, recall, and F1 score, whereas 

MLP maintained 76% and RF declined to approximately 

70%. The confusion matrix showed that SVM had the 

most balanced correct predictions and minimal 

misclassification, especially in the “calm” and “happy” 

categories. MLP and RF struggled with distinguishing 

emotions with similar sound patterns, especially for the 

“fear” and “disgust” classes. The findings suggest future 

research should improve hyperparameter optimization 

strategies and explore feature enhancement techniques, 

including data augmentation and advanced deep learning 

models. Future research could explore ensemble or 

hybrid approaches to enhance model performance and 

reliability. 
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