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ABSTRACT

The human voice, in its various tones, can effectively express human emo-
tions. It is undeniable that human emotions significantly influence our daily
lives. Many studies have attempted to improve machines’ ability to com-
prehend human emotion to develop better Human-Computer Interaction
(HCI) applications. As a result, this study presents the design and develop-
ment of models for emotion recognition from Thai male speech. We exam-
ined the utilization of the chromagram (Chroma), Mel spectrogram, and
Mel frequency cepstral coefficient (MFCC) with seven Long-Short Term
Memory (LSTM) networks to distinguish four emotions: anger, happy, sad,
and neutral. Additionally, we created a dataset consisting of 1,000 audio
files recorded from 11 Thai males, divided into 250 audio files per emotion.
Subsequently, we trained our seven models using this dataset. Our findings
revealed that the model utilizing only the MFCC feature yielded the best
results, with precision, recall, and F1 scores of 0.730, 0.739, and 0.732,
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1. INTRODUCTION

The tone of the human voice can indicate human
feelings. The ability to perceive the feelings of hu-
man beings’ sound can be beneficial in many ways,
whether to make a machine that can comfort sad
people, to check customer feelings when talking to
customer service employees, or to develop better HCI
applications. Thus, the speech emotion recognition
field becomes an active and interesting research topic
in the past few years. However, speech emotion recog-
nition is a highly challenging problem as the vocal fea-
tures capable of distinguishing emotions remain un-
clear.

Nowadays, deep learning models are becoming
widely popular. There is a deep learning model called
Convolutional Neural Network (CNN) [1] that is good
at recognizing images. Examples of applications that
use this type of deep learning model are a real-time
gender classification from facial images [2], a tomato
disease and pest detection [3], or even a recognition
of twelve human-like sign-language actions [4]. More-
over, there is another type of deep learning model
that is appropriate for tasks involving continuity of
time (voice data or text information). This model

is called Recurrent Neural Network (RNN) [5]. For
example, W. Khan, et al. [6] present a deep re-
current neural network model with word embeddings
for recognizing Urdu named entities. From their ex-
periment, this model achieved the best F1 score at
81.1%. However, RNN gives poor results when the
network is too deep because of the loss of information
in deeper layers. Later on, it was further developed
into Gated Recurrent Unit (GRU) [7] and Long-Short
Term Memory (LSTM) [8]. Examples of applications
using LSTM include the use of the bidirectional long
short-term memory (BLSTM) network to automati-
cally assess the proficiency of Korean speech [9]. Also,
F. Ertam [10] uses a deep LSTM network to recog-
nize a person’s gender from voice data. The result
shows that it is better than other traditional models.
Moreover, E. Swedia, et al. [11] designed a model for
recognizing numbers from Indonesian numeral speech
with Linear Predictive Coding (LPC) and Mel Fre-
quency Cepstral Coeflicient (MFCC) feature on the
LSTM network. Their model can achieve a prediction
accuracy of 96.58%.

The Thai language is one of the languages that use
intonation to distinguish the meaning of each word;
thus, Thai has an obligatory lexical tone. Eash sylla-
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ble pronounces with one of five tones: low, mid, high,
falling, or rising. The tone must be spoken correctly
for the intended meaning of a word to be understood.
Thus, recognizing emotion in Thai speech may be dif-
ficult due to these intonations. Therefore, we need to
learn and find a solution to recognize emotion in Thai
speech. Unfortunately, a dataset for Thai speech is
not yet available.

In this paper, our objectives are to present the de-
sign and development of a deep learning model for
recognizing emotion from Thai speech, specially fo-
cusing on Thai male speech using LSTM networks.
Because we want to concentrate on the male voice
first to find the best model, rather than dealing with
the difference between male and female tones simulta-
neously. Also, we have prepared our dataset of 1,000
Thai male audio files recorded by 11 individuals and
divided them into four emotions: angry, sad, happy,
and neutral (250 files for each emotion). From the to-
tal of 1,000 audio files, we divided the 800 audio files
for the training set, 100 audio files for the valida-
tion set, and 100 audio files for the test set. Further-
more, we experiment with seven LSTM models using
a combination of sound features, including MFCC,
Mel spectrogram, and chromagram values, as their
input to determine which features yield the best re-
sults.

2. BACKGROUNDS

To design and implement a speech emotion recog-
nition system based on LSTM networks, which are
deep learning models, we need to study a concept of
deep learning and LSTM. Then, we need to under-
stand the audio features that can be used as input to
the model. Finally, we have to study the program-
ming libraries that are used to create a deep learning
model and to extract audio features from audio.

2.1 Deep Learning and LSTM

Deep learning is a field of artificial intelligence and
machine learning that mimics the human brain’s ac-
tivity in data processing. It is relatively new area
of machine learning research that focuses on learn-
ing multiple levels of representation and abstraction
to make sense of data, including images, sound, and
text. There are several types of deep learning net-
works. The popular network for analysing images is
the convolutional neural network (CNN), which di-
vides the image into sub-areas of each pixel for anal-
ysis. It is particularly suitable for computer vision
tasks. Another type of deep learning network is the
recurrent neural network (RNN), which is suitable for
processing sequential data such as sound and text.

In this paper, we focus on a deep learning model
called long short-term memory (LSTM), which is
based on recurrent neural network architecture. How-
ever, LSTM has an advantage over RNN, which is the

insensitivity of gap length. In RNN, the network can-
not handle a long series of data because it will start
to forget what it learned at the starting point. The
structure of an LSTM cell, as shown in Fig. 1, helps
to address the problems that RNNs face.

Each LSTM cell has additional parameters and a
system of gating units that control the flow of infor-
mation. The long-term memory is typically referred
to as the cell state, enabling the storage of informa-
tion from previous intervals within the LSTM cell.

In Equation (1), the current cell state (c(t)) is
equal to the previous cell state (c¢(¢ — 1)) multiplied
by the output of the forget gate (f) and adds new in-
formation through the output of the input gates (i),
adjusted by the input modulation gate (g).

c(t)y=clt—1)* f+gxi (1)

The forget gate (f) determines which information
from the previous interval will be forgotten. The in-
put gate (¢) and the input modulation gate (g) to-
gether determine which information should enter the
cell state. The output gate (o) determines which in-
formation in the new state will be sent as output.
Equation (2) — (5) reprensent the formulas for calcu-
lating the forget gate, input gate, input modulation
gate, and output gate, respectively. The h(t—1) refers
to the output of the previous interval, whereas x(t)
is the input. The term Wy, W;, Wy, W, and by, b;,
by, bo represent the weights and biases of the forget
gate, input gate, input modulation gate, and output
gate, respectively. Finally, the output of the LSTM
unit (h(t)) is calculated by Equation (6).

o(t-1)
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Fig.1: Structure of an LSTM unit.

f=o(Wylh(t = 1), z(t)]) + by (2)
i =o(W;lh(t — 1), 2(t)]) + b; (3)

g = tanh(Wy[h(t — 1), z(t)]) + b, (4)
0 =0a(Wolh(t —1),z(t)] + b ()
h(t) = o x tanh(c(t)) (6)
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2.2 Audio Features

Audio features or sound characteristics are acous-
tic attributes that can be utilized in sound analysis
tasks. In this paper, we are concentrating on distin-
guishing the emotions of Thai male speeches. Emo-
tion should not be determined solely by the loudness
of speech; rather, it should be based on the character-
istics of sound frequency. Thus, there are three main
audio features that we are interested in using to an-
alyze and recognize emotions in Thai male speeches:
chromagram (chroma), Mel spectrogram (Mel), and
Mel Frequency Cepstral Coefficient (MFCC).

The chroma [12] is related to the twelve different
pitch classes. The main property of chroma is to cap-
ture the harmonic and melodic characteristics of mu-
sic. The twelve chromas are represented by the set
of the twelve pitch spelling attributes used in music
notation, which are C, Ct, D, D4, E, F, F1, G, Gf, A,
Af, and B.

The Mel spectrogram represents an acoustic time-
frequency representation of a sound in the Mel scale,
which was named by Stevens, Volkmann, and New-
man in 1937 [13]. The name “Mel” comes from the
word “melody”, indicating that the scale is based on
pitch comparisons. Also, The Mel scale is a frequency
scale that closely matches to what the human ear can
hear. Thus, in Mel scale, the difference between 500
and 1000 Hz is noticeable, whereas the difference be-
tween 7500 and 8000 Hz is barely noticeable.

In sound processing, the Mel-frequency cepstrum
(MFC) [14] represents the short-term power spec-
trum of a sound. It is based on a linear cosine
transform of a log power spectrum on a nonlinear
Mel scale of frequency. Mel frequency cepstral coeffi-
cients (MFCCs) are the coeflicients that collectively
constitue an MFC. MFCC considers human percep-
tion for sensitivity at appropriate frequencies by con-
verting the conventional frequency to the Mel scale.
Thus, it is well suitable for speech recognition tasks.

2.3 Programming Libraries

The implementation of models in this paper is
written in Python. There are three main program-
ming libraries that we used to implement our models:
TensorFlow, Keras, and Librosa.

TensorFlow [15] is an open-source machine learn-
ing library created by the Google Brain team. It bun-
dles deep learning models, algorithms, and supports
Python. TensorFlow can run on multiple CPUs and
GPUs, and it is available on 64-bit Linux, macOS,
Windows, and mobile computing platforms.

Keras [16] is an open-source library that provides
a Python interface for artificial neural networks and
acts as an interface for the TensorFlow library. Until
version 2.3, Keras supported multiple backends, in-
cluding TensorFlow, R, Theano, etc. Keras contains
numerous implementations of commonly used neural

network components, such as layers, activation func-
tions, and optimizers making it easy for developers to
write code for deep neural networks.

Librosa [17] is a Python open-source library for
music and audio analysis. It provides the building
blocks necessary to create music information retrieval
systems. Additionally, it can be used to extract audio
features that are utilized in the model implementa-
tion, such as MFCC, chroma, and Mel.

2.4 Related Works

In the past few years, there has been research on
speech emotion recognition. Y. Xie, et al. [18] pro-
posed an automatic speech emotion recognition us-
ing attention-based LSTM that distinguishes six cat-
egories of emotion: anger, fear, happy, neutral, sad,
and surprise on CASIA [19] and eNTERFACE [20]
dataset. Also, they tested their model with GEMEP
[21] dataset, which has 12 emotion categories. The
result showed that their model can outperform other
traditional models.

B. Atmaja and M. Akagi [22] also proposed speech
emotion recognition using LSTM with an attention
model that categorized emotions into four categories:
anger, excited, neutral, and sadness, using IEMO-
CAP [14] dataset. Their model achieved 65% - 70%
of accuracy. Meanwhile, Z. Zhu, et al. [23] proposed a
speech emotion recognition model based on Bi-GRU
and focal loss, capable of distinguishing six emotions
on IEMOCAP dataset. According to their experi-
ments, the model achieved around 70% accuracy.

Also, J. Zhao, X. Mao, and L. Chen [24] compared
a traditional deep belief network and a CNN with
their model, which combines 2D CNN and LSTM
network for speech emotion recognition. The results
from their experiment show that their models outper-
form traditional models, achieving 95% accuracy on
the Berlin EmoDB dataset and 89% accuracy on the
IEMOCAP dataset. Moreover, W. Lim, D. Jang, and
T. Lee [25] proposed the combination between CNN
and RNN in their model to recognize emotion from
German speech into seven categories: anger, fear, dis-
gust, sadness, boredom, happy, and neutral. Their
model can achieve an average accuracy of 88%.

For predicting emotion from audio speech, U.
Garg, et al. [26] used MFCC, MEL and Chroma as
feature vectors on multiple machine learning mod-
els. They found that random forest gave the best
result in their experiments. However, the neural net-
work model used in the research only employed sim-
ple dense layers and 1-D convolutional layers. F.
Abri et al. [27] proposed several regression models to
predict arousal and valence for predicting emotions
from sounds. They used Emo-soundscapes, which
provided numerous audio features, including MFCC
and Chroma. Finally, A.Jara Jaratrotkamjorn and A.
Choksuriwong [28] used 11 audio features (MFCC,
Chroma, etc.) and face landmarks in a deep belief
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network to achieve better results.

3. METHODOLOGY

The overall architecture of our proposed system is
shown in Fig.2, which users can use via two options.
(1) The first option is the command line, devel-
oped with Python. Users must provide a di-
rectory name containing audio files as an ar-
gument. Then, the command line will operate
the emotion recognition process on each audio
file in that directory. The result of the opera-
tion is a CSV file containing the percentage of
each emotion that appears on each audio file,
including the dominant emotion.

(2) The second option is the desktop application,

developed with Python and TKinter library.
The users can choose an audio file. Then, the
application will analyze that audio file and dis-
play recognized emotions every 3 seconds time
interval (with a 1-second overlap). The appli-
cation also shows the overview of all the emo-
tions contained in the audio file in a donut
chart format.

The process of speech emotion recognition is shown
in Fig. 3. The process begins with the input, which is
the speech in the .wav audio format. Then, we extract
features from the audio input and, if necessary, pad
the audio input to ensure the size of audio features is
consistent for all inputs. Next, we design, train, and
evaluate deep learning models. Finally, we pass the
audio features to deep learning models for classifying
emotions. In this paper, we focus on four emotions:
angry, sad, happy, and neutral.

Command Line CSV File
>— @

Desktop Application

Users

Deep Learning Model

Fig.2: System architecture.

Feature Extraction and
Padding

Deep Leaming

Speech > Model

Classification
- Angry
- Sad -

- Happy
- Neutral

Fig.3: Speech emotion recognition process.

3.1 Dataset Preparation

To prepare the dataset, we enlisted 11 Thai men
as participants to record audio files. Each of the
ten participants recorded 12 utterances in 4 emotions
through simulation, repeating each emotion twice. As
a result, we have a total of 960 audio files with 240
audio files per emotion. The last participant spoke
freely for 10 utterances in 4 emotions (1 time per
emotion). Consequently, we obtained an additional
40 audio files (10 audio files per emotion). In total,
our dataset comprises 1,000 audio files, with 250 au-
dio files per emotion, and the maximum utterance
length is 3 seconds.

Notably, all the audio files are recorded using mo-
bile phone without any environment control. Some
audio files may contain noise, which we believe is
beneficial for deep learning models to extract audio
features when used in real-world environments.

3.2 Audio Feature Extraction and Padding

In this paper, we use a library called Librosa li-
brary to extract the audio features. For the Librosa
audio feature extraction parameters, we set the au-
dio sample rate (sr) to 44,100 Hz and the hop length
of 512 samples. According to Equation (7), where
Nsample is the number of samples, s is the audio
length in seconds, and sr is the audio sample rate.
Thus, the number of samples for each audio is 259
samples. However, for audio files with a length less
than 3 seconds, we apply the zero paddings at the end
of the audio to ensure the number of samples reaches
259 samples.

s X 81

Nsam e = 7 1 .1
Pl hop_length (™)

Then, we extract the MFCC, Mel, and chroma val-
ues from each sample. Each kind of audio feature has
a different number of values (M). MFCC has 40 val-
ues, Mel has 128 values, and chroma has 12 values.
For example, an audio file with 3 seconds is trans-
formed into an MFCC feature matrix of the size of
(M x Nsample) or (40 x 259).

We try to find the best audio features for our
model, so we combine these three audio features and
implement seven models called Model 1 to Model 7.
The detail of each model is shown in Table 1.

3.3 Model Designing and Training

We design our models as shown in Fig. 4. The
main components of the models consist of 8 layers as
follows:

(1) An LSTM layer with 128 hidden units, approx-
imately half the length of the number of sam-
ples, which takes the audio feature matrix as
input.

(2) A Dropout layer with a 0.3 or 30% dropout
rate.
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Table 1: Models and their audio features.

Model Audio Number of Size of
Features Feature Audio
Value (M) Features
Model 1 | MFCC 10 (40 x 259)
Model 2 Mel 128 (128 x 259)
Model 3 chroma 12 (12 x 259)
Model 4 | MFCC and 168 (168 x 259)
Mel
Model 5 | MFCC and 52 (52 x 259)
chroma
Model 6 Mel and 140 (140 x 259)
chroma
Model 7 | MFCC, 180 (180 x 259)
Mel, and
chroma
Audio feature
matrix LSTM N Dropout
unit: 128 rate: 0.3
Dropout LSTM
rate: 0.3 unit: 64
T Dropout
mit: 64
it 67 rate: 0.3
activation: relu
Dense
- l«— Flatten
unit: 4
activation: softmax
Output
(Emotion)

Fig.4: Model architecture.

(3) An LSTM layer with 64 hidden units to reduce
the size of the 24 LSTM layer by half from the
15¢ LSTM layer.

(4) A Dropout layer with a 0.3 dropout rate.

(5) A Dense layer with 64 hidden units using
RELU as an activation function.

(6) A Dropout layer with a 0.3 dropout rate.

(7) A Flatten layer to transform 2-dimension data
to 1-dimension data.

(8) A Dense layer with 4 hidden units using soft-
max as an activation function to output an
emotion.

Dropout layers are included to prevent model over-
fitting. We chose a 0.3 or 30% dropout ratio as we
believe it is a suitable ratio to avoid forgetting too
many learning parameters. However a more thor-
ough investigation should be conducted to determine
an optimal dropout ratio. All seven models share the
same architecture, with the only difference being the
input size of the first LSTM layer, which depends on
the size of the audio feature matrix (M x 259) for
each model.

Then, we created our models by using Python with

Tensorflow and Keras libraries. In the model learning
process, we devided our 1,000 audio dataset into 800
audio for training, 100 audio for validation, and 100
audio for testing. We set the optimizer in the learning
process to RMSprop with an accuracy metric, a learn-
ing rate of 0.00001, and categorical cross-entropy as
the loss function. Each of our models was trained for
500 epochs with a batch size of 16. Additionally, we
configured the model checkpoint to store the model
weights from the epoch that produced the best vali-
dation loss value to a file for later use in the model
evaluation step.

3.4 Model Evaluation

There are terms used to compare the result of the
classifier (model) with the actual result when eval-
uating the model of classification tasks. The terms
“true” and “false” are related to whether the model
output (classifier’s prediction) matches the actual re-
sult, while the terms “positive” and “negative” refer
to whether the model output (classifier’s prediction)
matches the actual result.

Thus, a true positive (T'P) implies that the model
correctly predicts the positive output, while a true
negative (TN) implies the model correctly predicts
the negative output. A false positive (FP)implies the
model incorrectly predicts the positive output, and a
false negative (FN) implies that the model incorrectly
predicts the negative output.

Then, we measure the model performance by us-
ing the model evaluation metrics, namely precision,
recall, and F1 score.

Precision is the ratio between the true positives
and all the positives. It is used to find out what
proportion of positive output was correct, as shown
in Equation (8).

TP
Precision = ——— 8
TP+ FP ()
Recall is the ratio between the true positives and
all correct predictions. It is used to find out what
proportion of actual positives was identified correctly,
as shown in Equation (9).

TP
Recall = —————
eca TPLEN (9)
The F1 score is the harmonic mean of precision
and recall. The F1 score gives the value that bal-
ances between the precision and the recall, as shown
in Equation (10).

Flseroe — 2 x Precision X Recall

10
Precision + Recall (10)
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4. EXPERIMENT RESULTS
4.1 Model Evaluation Results

We have trained our models on the Google Colab
[29]. For each model, the model training time of 500
epochs took approximately 3 hours. The accuracy of
the validation set of all seven models is depicted in
Fig. 5. Notably, Model 3, utilizing only chroma as
an audio feature, exhibits significantly lower perfor-
mance. Its accuracy on the validation set is around
40%. Model 1, employing only MFCC as an au-
dio feature, and Model 5, utilizing both MFCC and
chroma as audio features, demonstrated the highest
accuracy on the validation set, achieving approxi-
mately 70% to 75%.

The validation loss of all seven models is shown in
Fig.6. We found that the loss on the validation set of
Model 3 using only chroma as an audio feature did
not significantly improve during 500 training epochs.
Once more, Model 1 relying solely on MFCC as an au-
dio feature, and Model 5, incorporating both MFCC
and chroma as audio features, exhibit the most fa-
vorable loss on the validation set. However, from the
100th to the 200th epoch, all models except Model 3
demonstrate signs of overfitting.

Then, we input 100 audio files (25 files per emo-
tion) from the test set to all seven models. After
that, we used the confusion matrix [30] to gain in-
sight into the prediction results. The top two models
that exhibited the best performance are Model 1 and
Model 5. Their respective confusion matrices are de-
picted in Fig. 7 and Fig. 8. Examing the confusion
matrices, it is evident that the prediction accuracy
of Model 1, leveraging only MFCC as an audio fea-
ture, for four emotions is approximately 68%. This
model demonstrates a high accuracy in predicting the
emotion sadness. Conversely, the prediction results of
the Model 5, incorporating both MFCC and chroma
as audio features, exhibit high accuracy for the emo-
tions of happiness and sadness, reaching around 88%
accuracy. However, the accuracy of predicting the
emotion of happiness is relatively low, standing at
around 50%.

Table 2. presents a summary of precision, recall,
and F1 scores for each model, measured with 100 au-
dio files on the test set. The results reveal that the
most proficient model in predicting the emotion “an-
gry” is Model 5, achieving precision, recall, and F1
scores of 0.840 each for emotion “angry”. In pre-
dicting the emotion of “happy,” Model 1 emerges as
the top performer, attaining precision, recall, and F1
scores of 0.640, 0.552, and 0.593, respectively. Ad-
ditionally, Model 1 excels in predicting the emotion
of “neutral” with precision, recall, and F1 scores of
0.720, 0.750, and 0.735, respectively. However, for the
emotion “sad,” the best prediction model is Model 5,
achieving precision, recall, and F1 scores of 0.920,

0.8 4

0.7 1

0.6

05 4

Accuracy

04 -

034

0.2 4

0 100 200 300 400 500
Epoch

Fig.5: Accuracy during the training on the valida-
tion set.
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0 100 200 300 400 500
Epoch
Fig.6: Loss during the training on the validation
set.
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Fig.7: Confusion matriz of the Model 1.
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Neutral 1

Sad 1
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Fig.8: Confusion matriz of the Model 5.

Table 2: The result of models’ evaluations.

Model | Emotion | Precision | Recall | F1
name score
Model 1 | Angry 0.680 0.810 0.739
Happy 0.640 0.552 | 0.593
Neutral 0.720 0.750 0.735
Sad 0.880 0.846 0.863
Average | 0.730 0.739 | 0.732
Model 2 | Angry 0.760 0.704 0.731
Happy 0.440 0.500 0.468
Neutral 0.640 0.533 0.582
Sad 0.640 0.762 0.696
Average | 0.620 0.625 0.619
Model 3 | Angry 0.200 0.263 0.227
Happy 0.240 0.240 0.240
Neutral 0.520 0.464 0.491
Sad 0.600 0.536 0.566
Average | 0.390 0.376 0.381
Model 4 | Angry 0.680 0.607 0.642
Happy 0.440 0.524 0.478
Neutral 0.600 0.556 0.576
Sad 0.760 0.792 0.776
Average | 0.620 0.620 0.618
Model 5 | Angry 0.840 0.840 | 0.840
Happy 0.520 0.520 0.520
Neutral 0.640 0.696 0.667
Sad 0.920 0.852 | 0.882
Average | 0.730 0.727 0.728
Model 6 | Angry 0.760 0.679 0.717
Happy 0.480 0.480 0.480
Neutral 0.480 0.480 0.480
Sad 0.680 0.773 0.723
Average | 0.600 0.603 0.600
Model 7 | Angry 0.760 0.731 0.745
Happy 0.530 0.542 0.531
Neutral 0.480 0.545 0.511
Sad 0.760 0.679 0.717
Average | 0.630 0.624 0.626

0.852, and 0.882, respectively.

When evaluating the overall performance of the
models, both Model 1 and Model 5 exhibit the best
precision, achieving a score of 0.730. However, Model
1 excels in overall recall with a score of 0.739. Conse-
quently, Model 1 attains the best overall F1 score at
0.732. In summary, Model 1, leveraging only MFCC
as an audio feature, emerges as the optimal model for
Thai speech emotion recognition in our test data.

4.2 Desktop Application

The desktop application for Thai male emotion
recognition was developed using Python and the TK-
inter library. The user interface is depicted in Fig. 9.
Users can click the “Browse” button on the top right
to select an audio file (.WAV) for processing. Then,
users click the green “Calculate” button to analyze
the speech emotion of the audio file. The application
then displays the result of speech emotion recogni-
tion, as illustrated in Fig.10.

1 T e Speech Emotonl Recogrion sing DeepLearing EE—
Thai Male Speech Emotional Recognition using Deep Learning

File Address is

Clear | Calculate

Fig.9: Desktop application for Thai male speech
emotion recognition.

# Tl Male Speech Emationsl Recognition using Deep Learming - o x
Thai Male Speech Emotional Recognition using Deep Learning

Fle Addessis . [CIUsarsi00305 1815133 PycramPraecidameo minvay s

@i It Analysis
’

Fig.10: Speech emotion recognition result of the
desktop application.

The audio file undergoes segmentation into several
parts, each with a length of a 3-second time inter-
val and a 1-second overlap. Subsequently, each au-
dio segment undergoes processing by the LSTM deep
learning model for emotion recognition.

The result displayed in the desktop application in-
cludes a donut chart on the left side, showcasing the
overall emotions identified in the audio file, as illus-
trated in Fig. 11. The color scheme employs red
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Emotions

EEm Angry

N Happy
Normal
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Fig.11:
format.

Overall emotion found in the donut chart

Time: 166-169s M
Time: 148-151s A
Time: 150-153s
Time: 152-155s
Time: 156-159s
Time: 158-161s
Time: 160-163s
Time: 162-165s
Time: 164-167s
Time: 166-169s v

Fig.12: Drop-down list for listening to the audio
part in each interval.

Number Time Emotions Other
Time: 0-3s
Time: 2-55
Time: 4-7s
Time: 6-9s
Time: 8-11s
Time: 10-13s
Time: 12-15s
Time: 14-17s
Time: 16-19s

0 Time: 18-21s

Happy

Angry

Angry

Normal

Normal

Happy

Normal

Happy

Happy

Normal v

- O W N B W -

Fig.13: Speech emotion recognition results in each
interval.

for the emotion “angry,” green for “happy,” blue for
“sad,” and orange for “neutral” or “normal.”

The drop-down list on the right side of the result
screen, as shown in Fig.12, contains the list of each
audio part in each time interval. Users can select
the interval to listen to the audio during that specific
duration.

Lastly, the table on the right side of the result
screen, as shown in Fig.13, displays the emotion that
the LSTM recognized in each time interval.

4.3 Command Line

The desktop application is suitable for users re-
quiring in-depth speech emotion analysis of individual
audio files. However, in scenarios where users need
to analyze the overall speech emotion across multiple
files simultaneously, the command line provides an
alternative solution. We have implemented a Python

A B G D E F
1 |File name .Angry Happy Normal Sad
2 |Actor\08-01-01-01.wav 0.00% 0.00% 100.00%
3 |Actor\08-01-01-02.wav 0.00% 0.00% 100.00%
4 Actor\08-01-02-01.wav 0.00% 100.00% 0.00%
5 | Actor\08-01-02-02.wav 0.00% 50.00% 50.00%
6 |Actor\08-01-03-01.wav 0.00% 0.00%  50.00%
7 | Actor\08-01-03-02.wav 0.00% 0.00%  50.00%
8 | Actor\08-01-04-01.wav 50.00% 0.00%  50.00%
9 | Actor\08-01-04-02.wav 100.00% 0.00% 0.00%
10 |Actor\08-02-01-01.wav 0.00% 0.00% 100.00%
11 |Actor\08-02-01-02.wav 0.00% 0.00% 100.00%
12 |Actor\15sec.wav 28.57% 14.29% 42.86%
13

Emotion
0.00% Normal
0.00% Normal
0.00% Happy
0.00% Happy
50.00% Normal
50.00% Normal

0.00% Angry
0.00% Angry
0.00% Normal
0.00% Normal
14.29% Normal

Fig.14: Output of command line in the CSV format.

script named cmd_emotions.py, which accepts the di-
rectory name containing audio files as an argument.
Upon executing the command line, the Python script
processes each audio file in the specified directory us-
ing the LSTM deep learning model for speech emo-
tion analysis. Subsequently, the output is generated
in the form of a CSV file. The CSV file comprises six
columns, as illustrated in Fig.14, including;:
(1) filename
(2) percentage of emotion “angry” in that audio
file
(3) percentage of emotion “happy” in that audio
file
(4) percentage of emotion “neutral” or “normal”
in that audio file
(5) percentage of emotion “sad” in that audio file
(6) the dominant emotion in that audio file.

5. CONCLUSIONS

We developed and assessed seven LSTM mod-
els aimed ar recognizing four emotions—sad, angry,
happy, and neutral—in Thai male speech. The in-
put features for these LSTM models are derived from
audio characteristics, specifically MFCC, Mel, and
chroma, all extracted using Librosa library. All seven
LSTM models follows a uniform architecture, com-
prising two LSTM layers succeeded by two dense lay-
ers, with dropout layers interspersed between each
LSTM and dense layers. Furthermore, we trained
and evaluated the models using our audio dataset.

The experimental findings for Thai male speech
emotion recognition employing the LSTM classifier
reveal that the superiority of the model using solely
MFCC as audio. This model outperforms counter-
parts utilizing Mel, chroma, or the combination of
the three audio features, achieving notable metrics in
precision (0.730), recall (0.739), and F1 score (0.732).
Additionally, we observed that utilizing only chroma
as an audio feature did not yield satisfactory perfor-
mance in our model. We believed this limitation to
the inadequacy of only 12 feature vectors for our com-
plex model, where audio pitch struggles to effectively
discern emotional nuances.
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Furthermore, we implemented both a command
line and desktop application utilizing our model for
emotion recognition in audio clips. In future research,
we plan to expand our dataset to include female voice
samples and a broader spectrum of emotions. Further
experimental will explore alternative audio features,
such as pitch and the teager energy operator (TEO),
and their impact on model performance. We also
ailm to explore hybrid approaches by combining our
model with existing architectures to identify the most
suitable model for Thai speech emotion recognition.
Moreover, we aspire to apply these models to practi-
cal scenarios, particularly in real-world applications
like customer services, where the system’s ability to
discern customer emotions during the calls can en-
hance service quality.
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