
Bulletin of Electrical Engineering and Informatics 

Vol. 13, No. 5, October 2024, pp. 3309~3316 

ISSN: 2302-9285, DOI: 10.11591/eei.v13i5.7409      3309  

 

Journal homepage: http://beei.org 

Multimodal speech emotion recognition optimization using 

genetic algorithm 
 

 

Stefanus Michael, Amalia Zahra 

Department of Computer Science, BINUS Graduate Program, Master of Computer Science, Bina Nusantara University, Jakarta, Indonesia 

 

 

Article Info  ABSTRACT 

Article history: 

Received Dec 12, 2023 

Revised Feb 15, 2024 

Accepted Mar 30, 2024 

 

 Speech emotion recognition (SER) is a technology that can detect emotions 

in speech. Various methods have been used in developing SER, such as 

convolutional neural networks (CNNs), long short-term memory (LSTM), 

and multilayer perceptron. However, sometimes in addition to model 

selection, other techniques are still needed to improve SER performance, 

namely optimization methods. This paper compares manual hyperparameter 

tuning using grid search (GS) and hyperparameter tuning using genetic 

algorithm (GA) on the LSTM model to prove the performance increase in 

the multimodal SER model after optimization. The accuracy, precision, 

recall, and F1 score improvement obtained by hyperparameter tuning using 

GA (HTGA) is 2.83%, 0.02, 0.05, and 0.04, respectively. Thus, HTGA 

obtains better results than the baseline hyperparameter tuning method using 

a GS.  
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1. INTRODUCTION 

Speech emotion recognition (SER) is a field of research that explores the detection of emotions from 

human speech. This speech can come from sound recordings made for research purposes or the result of 

human interaction with technology. The application of SER technology can be done in various fields, such as 

customer service [1], military [2], and transportation systems [3]. In addition, SER is also used in online 

learning [4] and health care [5]. The application of SER technology in these different fields can provide 

numerous benefits, such as improving the quality of customer service, improving user experience in the 

transportation system, refining the quality of online learning, and assisting the screening process in health care.  

An extraction process must occur before an audio file can be further processed to construct an SER. 

The audio file extraction produces features such as zero-crossing rate, linear predictor coefficient (LPC), and 

mel-frequency cepstral coefficient (MFCC) [6]. In other SER studies [7], the feature extraction process uses a 

feature set, which extracts a specific series of features using particular libraries or tools. In the research [7], 

the feature set used is geneva minimalistic acoustic parameter set (GeMAPS). After feature extraction, 

selecting a classifier algorithm that will be used as the basis of the SER model is necessary. Several 

algorithms such as convolutional neural network (CNN) [8], long short-term memory (LSTM) [9], support 

vector machine (SVM) [10], and bidirection recurrent unit (BGRU) [11] are used as classifiers in SER 

research. In addition to these SER-related studies, several other studies have used optimization algorithms to 

improve SER performance. Some optimization algorithms that have been used in the development of SER 

are quantum-behaved particle swarm optimization (QPSO) [12], which uses the modified QPSO optimization 
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method to obtain an optimal dimension reduction matrix, and genetic algorithm (GA) [13] that used 

clustering based GA to optimize features. 

Apart from speech, text is also known as one of the data sources that can be used for emotion 

detection. Features must be extracted from text data to develop emotion detection in text. Term frequency 

(TF) [14], term frequency-inverse document frequency (TFIDF) [14], [15], and bag-of-words (BOW) [16] 

are examples of features that have been used in emotion detection in text. Besides that, there are several 

studies involving pre-trained models to develop emotion detectors in text, such as bidirectional encoder 

representations from transformers (BERT) [17] and a lite BERT (ALBERT) [18]. In addition, several studies 

[17]-[21] add text data as an additional source to develop SER to increase detection accuracy. SER research 

involving text data is referred to as bimodal or multimodal SER. 

Research that focuses on optimizing the SER model by performing hyperparameter tuning on the 

multimodal SER model with voice and text data sources has not been widely explored. One that can be found 

is [22], which uses the Bayesian and random forest methods. Thus, we are interested in exploring this area of 

research further. On the other hand, GA has been successfully used to optimize models on various topics, 

such as prediction of sepsis [23] and spam prediction [24], and as far as the authors know, GA has never been 

applied to perform hyperparameter tuning on multimodal SER model with interactive emotional dyadic 

motion capture (IEMOCAP) dataset, so it is not yet known how much performance improvement results from 

using GA for optimization in this case.  

The contribution of this paper is to find out how much optimization using the GA algorithm can 

improve the performance of an LSTM-based SER system so that other researchers can obtain more detailed 

consideration in choosing optimization methods for similar research. Optimization needs to be done because 

it is one way that can be used to improve model performance. Optimization is done by performing 

hyperparameter tuning of the LSTM model using the GA algorithm. The LSTM model was chosen because it 

is a model from the SER research using the IEMOCAP dataset with the best results as far as the author 

knows [9]. While the GA algorithm was chosen because it has superior performance compared to several 

other optimization algorithms, such as particle swarm optimization (PSO) [25], as well as the bayesian 

algorithm (BA) and grid search (GS) [26]. In addition, we were inspired by the LSTM model optimization 

experiment using GA conducted by [27]. We are interested in applying a similar optimization method in this 

study. Because as far as we know, this method has never been applied to multimodal SER cases. Then, to 

measure the performance improvement obtained, hyperparameter tuning using GS (HTGS) will be used as a 

baseline because it is commonly used to perform hyperparameter tuning in other similar studies [28]-[30].  

The structure of this paper is as follows: section 1 provides an introduction to the topic of this 

research. Section 2 describes the method and provides an overview of the experiment in detail. Section 3 

describes the experiment's results. Finally, section 4 describes the conclusions obtained. 

 

 

2. METHOD 

This research uses the IEMOCAP dataset [31]. This dataset was chosen because it is commonly 

used in similar studies [7], [9], [18], [21], [32]-[36]. The IEMOCAP dataset contains voice data samples, text 

transcription, video, and motion capture from faces for the purposes of emotion detection research. However, 

the data used in this study are only voice and text. The actors involved in the dataset creation were ten 

people, five men and five women, with 10,039 voice data pieces produced with an average duration of  

4.5 seconds. The dataset is divided into nine categories of emotions, namely excited, frustrated, happiness, 

neutral, anger, surprise, sadness, disgust, and fear. However, the emotion classes used in this study are 

limited to four: angry with a total sample of 1,103 samples, excited 1,041 samples, neutral 1,708 samples, 

and sadness 1,084 samples. We chose to use four emotions because similar studies have been done before 

using these four emotional classes [33], [35], [36]. Specifically for text data only, pre-processing is carried 

out in the form of lowercase, removing stop words, removing punctuation, removing numbers, and removing 

lemmatization. The structure of the research implementation can be seen in Figure 1. 

The research begins by extracting features from the IEMOCAP dataset using the openSMILE 

library [37] for speech features and ALBERT [38] for text features. The configuration used to extract speech 

features is eGeMAPS [39], which contains 88 feature parameters. The features included in this feature set are 

MFCC, pitch, jitter, and others. For more detailed information about its features, see the reference for 

eGeMAPS [39]. Meanwhile, the "albert-base-v2" configuration is used to extract text features. 

 

 



Bulletin of Electr Eng & Inf  ISSN: 2302-9285  

 

Multimodal speech emotion recognition optimization using genetic algorithm (Stefanus Michael) 

3311 

 
 

Figure 1. Structure of research 

 

 

Feature extraction will produce text features with dimensions (4,936, 64, 768) where 4,936 is the 

number of samples, 64 is the vocabulary size, and 768 is the hidden layer size. Meanwhile, the sound features 

produced have dimensions (4,936, 88), with 4,936 being the number of samples and 88 being the number of 

feature parameters produced. After that, the data extraction results will go through a data scaling process using 

MinMaxScaler from sklearn library [40]. Features that have gone through data scaling will be combined directly 

by first padding the speech data using the feature speech value. The padding process begins with expanding the 

dimensions using the numpy library [41] so that the sound feature has dimensions (4,936, 1, 88). Then padding 

is done on the y-axis, with the dimension axis expressed as (x, y, z), as many as 63 rows using the same values 

as those on the z-axis of the speech feature. Using the same value aims to avoid decreasing the effect of speech 

features when combined with text features compared to using a zero value for padding. So, the sound feature 

after padding has dimensions (4,936, 64, 88). After having the exact dimensions on the x-axis and y-axis, the 

speech features are combined with the text features based on the z-axis so that the combined features have 

dimensions (4,936, 64, 856), where 4,936 is the number of samples, 64 is the vocabulary size of the text feature, 

and 856 is the number of combined columns between feature speech and text. 

After that, the LSTM model will be formed with a total of seven layers, consisting of the first layer is 

an input layer, the second layer is an LSTM layer with neurons amount equal to values being tested (obtained 

from the GS process or GA), the third layer is a dropout layer with a rate equal to the tested value, the fourth 

layer is an LSTM layer with neurons amount equals to half the value being tested, the fifth layer is a fully 

connected layer with a total of 128 neurons and a relu activation function, the sixth layer is a dropout layer with 

a rate equal to the tested value, and the last layer is a fully connected layer as an output layer with a number of 

neurons equals to 4 and a SoftMax activation function. Then, we train the LSTM model using the multimodal 

feature with two scenarios, namely HTGS and hyperparameter tuning using GA (HTGA). HTGS will be carried 

out by testing hyperparameter values one by one using a regular GS algorithm without any modifications as the 

baseline model. In contrast, HTGA will be carried out by making a series of hyperparameter values as 

chromosomes in GA and testing hyperparameter values using the GA algorithm. The pseudocode of the GA 

algorithm used in this research can be seen in Figure 2. The hyperparameter tuning process will use data 

validation as data for model evaluation. Then, the best model will be re-evaluated using test data for the final 

result. We compare the results of the two experiments in section 3. 
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Figure 2. Pseudocode of HTGA experiment 

 

 

3. RESULTS AND DISCUSSION 

The experiment was carried out following the structure of the research implementation discussed in 

section 3. The data used is divided into train, validation, and test data with a percentage of 70%, 15%, and 

15%, respectively. (HTGS) uses experiment range values: 10 to 130 with step 60 for batch size, 0.1 to 0.5 

with step 0.2 for dropout, 100 to 800 with step 350 for LSTM neuron, and 0.0001 to 0.005 with step 0.0025 

for learning rate. HTGS produces a combination of hyperparameters: 130 for batch size, 0.3 for dropout, 450 

for LSTM neurons, and 0.0001 for learning rate. The experiment data for (HTGS) can be seen in Table 1, 

while the experiment data for HTGA can be seen in Table 2. 

 

 

Table 1. HTGS 
Hyperparameter Value range Step Result value 

Batch size 10-130 60 130 

Dropout 0.1-0.5 0.2 0.3 

LSTM neuron 100-800 350 450 

Optimizer learning rate 0.0001-0.005 0.0025 0.0001 
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Then, the best model from HTGS is evaluated using test data. The HTGS experiment obtained an 

accuracy of 66.67%, precision of 0.68, recall of 0.65, and F1 score of 0.66. Figure 3 shows that the number of 

samples correctly predicted per emotion for HTGS is 113 for angry, 63 for excited, 194 for neutral, and 124 

for sadness. The results of the highest number of correct predictions are in the neutral emotion class. This can 

happen because the emotion class has the largest number of samples in this study, thus providing more 

variety to be learned by the SER model used. Likewise, the prediction results of the angry and sadness 

emotion classes which have a slightly different number of samples, have the correct prediction results with 

similar numbers.  

 

 

Table 2. HTGA 
Hyperparameter Value range Step Result value 

Batch size 10-130 5 30 

Dropout 0.1-0.5 0.05 0.25 
LSTM neuron 100-800 10 290 

Optimizer learning rate 0.0001-0.005 0.0001 0.0002 

 

 

 
 

Figure 3. Confusion matrix from the result of HTGS 

 

 

Whereas in the excited emotion class, although the number of samples is not much different from 

the angry and sadness emotion classes, the number of correct predictions is quite different from the two 

classes. This can happen because of the similarity of the characteristics of the emotional classification of the 

excited class with those of the two classes, such as the sometimes high-pitched voice that makes it look like 

an angry emotion or the choice of words (in the text) that are similar to neutral emotions (e.g. "OK, let's go!" 

can be read in an excited tone or a neutral tone). Thus, excited emotion samples are misclassified as angry 

and neutral emotions. Meanwhile, for most misclassifications, apart from excited emotions, which are 

classified as neutral, there are also neutral emotions, incorrectly classified as sadness, and vice versa. One of 

the things that allows this to happen is the similarity in the typical flat tone characteristic of the two emotions. 

After the manual hyperparameter tuning experiment, we performed hyperparameter tuning of the 

LSTM model using the GA algorithm. Hyperparameter tuning with GA uses range experiment values as 

follows: 10 to 130 with step 5 for batch size, 0.1 to 0.5 with step 0.05 for dropout, 100 to 800 with step 10 for 

LSTM neuron, 0.0001 to 0.005 with step 0.0001 for learning rate. HTGA produces a combination of 

hyperparameters: 30 for batch size, 0.25 for dropout, 290 for LSTM neuron, and 0.0002 for learning rate, 

which can be seen in Table 2. The steps in HTGA are different from those in HTGS because, in HTGA, 

hyperparameter tuning is done automatically using GA, thus making it possible to have more value 

variations. Then, the best model from HTGA is evaluated using test data and produces an accuracy of 

69.50%, precision of 0.70, recall of 0.70, and F1 score of 0.70. The comparison of manual HTGS and HTGA 

results can be seen in Table 3. Figure 4 shows that the number of samples correctly predicted per emotion for 

HTGA is 119 for angry, 100 for excited, 176 for neutral, and 120 for sadness. The analysis of the results of 

the number of correct predictions from the HTGA is similar to that for the HTGS. 
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Table 3. Comparison of HTGS and hyperparameter using GA result 
Experiment Accuracy (%) Precision Recall F1 score 

HTGS 66.67 0.68 0.65 0.66 
HTGA 69.50 0.70 0.70 0.70 

 

 

 
 

Figure 4. Confusion matrix from the result of HTGA 

 

 

HTGA can obtain better results than HTGS due to more testing variations of hyperparameter values. 

Thus, the limitations in HTGS, such as the number of variations of hyperparameter values tested for each 

hyperparameter, can be resolved by performing HTGA. The number of variations limitation in HTGS exists 

because HTGS requires testing each combination of hyperparameter values, making applying more variations 

of hyperparameter values impractical as it requires too much time and resources. 

 

 

4. CONCLUSION 

The SER experiment using the LSTM model with hyperparameter tuning with GA successfully 

resulted in a reasonably good performance improvement. The accuracy obtained after manual 

hyperparameter tuning is 66.67% and after hyperparameter tuning with GA is 69.50%. It. can be seen that the 

hyperparameter tuning process, which is carried out automatically by utilizing the GA algorithm, can 

improve the accuracy performance of the SER model by 2.83% in this experiment. For future research 

potential, SER model ensembles can be carried out by adding input such as video. 
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