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In today's society, individuals face unprecedented levels of stress, with varying
indicators and effects. Music has long been recognized for its calming effects on
the brain and body, especially slow and calm classical music, which can lower
heart rate, blood pressure, and stress hormone levels. However, the effectiveness
of music in stress management may be reduced if the music does not match the
listener's current emotional state. To overcome this problem, this research aims
to develop an emotion-based stress reduction recommendation tool using
machine learning. This research employs experimental methods. The research
results show this tool will analyze the user's emotions and recommend music
most likely to reduce stress. By tailoring music recommendations to an
individual's emotional state, we hope to increase the overall effectiveness of
music as a stress management tool. Implications of this research include the
potential for creating intelligent music players that provide more personalized
and effective stress reduction.

To cite this article: M. M. Mustafa, “Development of Emotion Stress Relief Recommender Tool using Machine Learning,”
Int. ]. Electron. Commun. Syst., vol. 4, no. 1, pp. 59-70, 2024.

INTRODUCTION

Nowadays, the number of people who
experience stress has risen significantly due to
obligations, better object value, a lousy
economy, excessive costs, and so on [1]. In
2017, the Department of Emotional Wellbeing
gathered information from  telephone
management for mental wellbeing
publications and discovered that Thai people's
stress was increasing. The number of calls
reached 30,000, which might be doubled in
2019.

There are several programs available to
track participants and remedy stress.
However, no software could select melodies,
movies, and books depending on the
purchasers’ emotions [2], [3]. To address this
limitation, this flexible tracking software that
could prescribe melodies depending on the
purchasers’ emotions may be utilized [4].

o Corresponding author:

Initially, the software snaps a picture of the
purchaser [5]. When the software receives the
purchaser's face image from the flexible
camera, it examines the purchaser's emotions
(dismal, cheerful, livid, or impartial) [6]. To
identify the purchaser’s emotion from the face
image, the software makes use of the Google
Vision API [7].

Utilizing Google Cloud, the sensation is
broken down from the face photograph.
Google's Emotion acknowledgments API
verifies the sensation of the customers
depending on their face photograph on the
software [8][9]. After getting the emotion
subtleties from the Google API, the software
offers numerous guidelines to decrease the
stress degree to the customer. Based on the
customer's emotions, the software will advise
books, songs, movies, and so forth.
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Detection of Image Properties

This is a conventional instance of
computer vision that offers the extraction of
textual content from a photo. The Vision API
accommodates many state-of-the-art
processes [10]. With Vision API, you may
retrieve a photo's attributes and functions,
including the dominant color.

Face Detection

The task is to identify the faces in a
picture or a hard copy image. This includes
many large-scale programs, such as
Surveillance Systems [11]. These are some of
the best use cases for Vision API, and you can
incorporate any of them into your programs in
a significantly shorter amount of time.
Numerous programming languages, including
Go, C#, Java, PHP, Node.js, Python, and Ruby,
are supported by Vision API. The subsequent
sections will demonstrate how to use the
Vision API in Python.

Pattern Matching

Identifying styles using a device-learning
algorithm is known as pattern popularity[12].
Pattern recognition is data classification based
on existing knowledge or statistical
information derived from patterns and their
representation. The utility potential is a key
factor in determining the recognition of the
sample. Pattern recognition involves the
classification and grouping of patterns.

Existing Work

Electroencephalogram (EEG) signal-based
emotion recognition has recently gained a lot
of attention and has been widely used in
clinical, affective computing, and other
important fields. In any case, most research
has focused on the accuracy of relationships
while neglecting the understandability of
emotional expression. Currently, we are
advocating for using Al and EEG signals to
enhance the recognition of various
interpretable emotions. This paper introduces
a new concept called the enthusiastic actuation
bend to explain how emotions are triggered
[13]. The calculation initially focuses on
extracting key features from EEG signals and
analyzing the emotions of individuals using Al
techniques. Different parts of a dataset are
then used to create a proposed model and
evaluate its effectiveness in recognizing
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emotions. Secondly, we construct new ways of
experiencing emotions based on the results of
associations, and these ways are determined
by emotion coefficients, which are the
coefficients that represent the strength of
relationships and the level of uncertainty. The
initiation bend can evoke emotions and
somewhat reveal the emotional motivation
system. Finally, we receive a weight coefficient
from the two coefficients to improve emotion
recognition accuracy. To evaluate the
proposed technique, assessments were
conducted using the DEAP and SEED datasets
[14], [15]. The findings support the idea that
emotions are influenced by logical reasoning
during the study, and the weighting
coefficients, which depend on the relationship
coefficient and the entropy coefficient, can
greatly improve the accuracy of EEG-based
emotion recognition [16], [17].

Let us discuss the problem of most
traditional exams lacking an understanding of
emotional stimulation. To address this issue,
we suggest using a coefficients-based
approach that relies on Al and EEG signals.
This method not only surpasses the
benchmark calculations in terms of accuracy
but also understands the process of emotional
initiation.

Figure 1. The EEG Signals

At first, we removed the important parts
from EEG signals [Figure 1] and organized
emotions using artificial intelligence methods.
We also found that the last portion of EEG
signals has stronger connections with
emotions, so using the second half of the initial
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signals for training can lead to better classifier
performance  [Figure 2]. Furthermore,
considering the results of the grouping, the
relationship curves and information curves of
emotions are formed, which, to some extent,
indicate the emotional activation process. It
has been observed that emotions are
constantly being experienced. The proposed
method provides a more concrete
understanding of the emotional motivation
system. For instance, it helps explain why the
latter half of an initial activation leads to better
overall results. In the end, we apply the
obtained connection and entropy coefficients
to construct weight coefficients to improve the
association's accuracy compared to modern
benchmark algorithms. Considering that the
burden coefficient depends on the connection
coefficient and entropy coefficient, the validity
of the burden coefficient also implies the
validity of the proposed connection coefficient
and entropy coefficient from another
perspective. This indicates that the proposed
hypothesis of dynamic regulation of emotions
is reasonable.
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Figure 2. States of the Human Stress Behaviour

Measuring the EEG signals is complicated

because:

e Recognizing the range of signals for each
emotion can be quite complex.

e This system requires many hardware
components, making it not very compact.
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e The initial cost of implementing this
module is quite expensive.

e The learning algorithm can make the
system more complex and difficult to
maintain.

Previous studies have focused on using
machine learning to predict individuals'
emotions based on contextual information
[18], analyze emotions to forecast emotional
labels [19], use emotion detection from speech
[20]-[22], and recognize emotions through
various multi-modal data, such as text and
facial expressions [23]-[25]. However, these
studies have not yet extended to developing
systems that predict emotions and provide
recommendations, such as books or music, to
alleviate stress for individuals whose emotions
are predicted. Therefore, this research aims to
complement the shortcomings of previous
studies by providing additional features, such
as recommendations for reading materials or
music to manage stress associated with
predicted emotions.

METHODS

This research employs experimental
methods [26] to assess the efficacy of utilizing
machine learning. Through controlled
experiments and systematic data collection,
the research aims to evaluate the performance
and accuracy of machine learning algorithms
in predicting emotional states based on facial
expressions. By comparing the predictions
made by machine learning models with real-
world emotional responses, the research seeks
to determine the effectiveness and reliability
of these algorithms in capturing and
interpreting human emotions. Through
rigorous experimentation and analysis, this
study contributes to advancing our
understanding of the capabilities and
limitations of machine learning in emotion
recognition. It provides valuable insights for
the development of emotion-aware systems
and applications. Figure 2 shows the working
stages of machine learning.
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Figure 3. The Stages of the Machine Learning Tool

The tool captures the user's facial image
using a flexible camera. At that point, the facial
image is uploaded to the image processing
application and sent to the Google Vision cloud
for image recognition. The face image is
processed using the VISION API, which utilizes
the organized informational collections of the

Google Vision Cloud to interpret the facial
image's emotions. Then, it will determine the
current emotion of the user, whether they are
sad, happy, neutral, or angry, and send it back
to the application. The administrator manages
the music, movies, books, and information
collections within the Firebase Database.
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Furthermore, depending on the diagnosed
emotions of the users, the utility shows the
music, books, and movies [Figure 4]. This
process will help the purchaser with lowering

U Image recognition Module

U Emotion location (Vision API) Module
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U User Interface Module
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Figure 5. The Modules of Stress Management using Machine Learning

Image Recognition Module

The software receives a facial photograph
of the users from a flexible camera or the
Gallery. The facial image is uploaded to the
software for image processing. It is sent to the
Google Cloud for image recognition. The Vision
API includes modules that can perform face
and emotion recognition. The face recognition

module retrieves the photo from the user's
device. Once uploaded to Google's server, it
analyzes the facial features in the uploaded
photo. The Vision API can detect at least one
human face and analyze various
characteristics, such as age, emotion, gender,
posture, smile, and facial hair. It can also
identify 27 markers on each face in the image.
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Emotion Detection (Vision API) Module
Among the properties, such as age,
emotion, sexual orientation, posture, smile,
and facial hair, the trait necessary for the
application (i.e, emotion) is collected by
making an API call to the Google server. The
API server can provide eight emotions: angry,
contemptuous, disgusted, fearful, happy,
neutral, sad, and surprised. The eight styles of
emotions have been condensed into four
categories (Sad, Happy, Angry, and Neutral) to
enhance clarity and simplify understanding.
The programming interface will bring back the
subtle nuances of emotions to the application,
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allowing the user to experience a more
authentic emotional response.

Training Set

The training set DEAP is a tool for
assembling a model. The set of images can be
used to teach the tool. The training regulations
and algorithms used provide useful
information on combining input data with
output decisions. The device uses professional
methods to apply algorithms to the dataset,
extracting relevant information and obtaining
results. Figure 6 Typically, about 80% of the
data in the dataset is used for training
purposes.
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Music and Books Dataset & User Interface
Module

Music, movies, books, and informational
indexes are stored within the Firebase
Database. The music, movies, and books are
organized into categories associated with
various emotions. Each page within the
application is linked to a specific emotion
[27]. A collection of songs, movies, and books
are linked to their respective media within
the application. The application includes
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different actions for each emotion, and the
landing page is designed to gather the image
from the user's device and then send the
image to the Google server. After receiving
the sensory information from API [Figure
17], a web page that aligns with their
emotions is shown to the user. This page
includes stress relief tips, such as
recommended books and music that match
the user's current mood.

how-to-use-the-google-cloud-vi ¥  how-to-use-the-google-cloud-vi

Mar 7 Mar 8 Mar 9 Mar 10 Mar 11 Mar 12 Mar 1

Figure 8. The Accuracy of Using a Real-time Database

Vision API plays out the Al calculations
utilizing a prepared informational index,
which makes the framework straightforward
and effective.

» The accuracy of the emotion
acknowledgment utilizing VISION API
is 0.92199 (92.19%) [Table 1]

» This framework does not require
some other external tools except cell
phones.

» The framework joins different
emotions into significant emotions
(sad, happy, angry, and neutral) to
give better proficiency.

» The framework interface and support
are easy to comprehend by the client.

RESULTS AND DISCUSSION

The various emotions of stress are
represented using various techniques and
their accuracy can be seen in Figures 9 - 16
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Figure 9. The Comparison of Anger with Different
Techniques
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Figure 10. The Comparison of Disgust with
Different Techniques
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Figure 13. The Comparison of Neutral with
Different Techniques
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Techniques
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Techniques Vs Accuracy
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Figure 9 - 16 represents the various
emotions of stress using various techniques
and their accuracy. The results show that the
various techniques play a significant role in
the various features of human stress.

Tablel. The Accuracy of Various Techniques

Technique Accuracy
Feed-Forward Neural Network 82%
PCA and SVM 92%
Neural network 90%
Convolutional Neural Networks 60%
(CNN)
k-Nearest Neighbour Algorithm 84%
Support Vector Machine (SVM) 91%
Relevance  Vector = Machines 90.84%
(RVM)
Vision API 92.19%
140 | o R A A %O
NEUTRAL MOOD

PLAY1

NUTRAL

Figure 17. The Developed Application
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After analyzing the data from Table 1, it is
evident that the classification techniques
exhibit differences in accuracy. Principal
Component Analysis (PCA) and Support Vector
Machines (SVM), along with the Vision API,
achieved the highest accuracy rates of 92%
and 92.19%, respectively. Support Vector
Machines (SVM) performed exceptionally well,
achieving an accuracy of 91%, which aligns
with the research findings. Relevance Vector
Machines (RVM) and Neural Networks also
demonstrated strong performance, with
90.84% and 90% accuracy, respectively. The
Feed-Forward Neural Network and k-nearest
Neighbor Algorithm have impressive accuracy
rates of 82% and 84%, respectively, which is
quite high compared to other research
findings. However, Convolutional Neural
Networks (CNN) tend to perform less,
achieving only 60% accuracy. Based on the
analysis conducted in this study, we can
conclude that Principal Component Analysis
(PCA), Support Vector Machines (SVM), and
the Vision API are the most accurate
techniques for classification in this particular
context.

The results of the CNN in this study
showed a minimum accuracy of 60%. This is
consistent with previous research [28], which
also found results of 66% that tended to be on
the lower side. The k-nearest Neighbor
Algorithm network has a fairly high accuracy
of 84%, which differs from the findings of a
previous study [29] that reported a k-nearest
Neighbor Algorithm value of 75%. In this
research, the SCM model demonstrated a high
level of accuracy, specifically 90%, reaching
into the 90's. This also happened with
previous research. In one study, SVM achieved
a 95% accuracy rate [30] Another study
conducted by [31] and [32] also reached 96%.

Several main factors can cause variations
in precision between different techniques in
data classification in this study. Firstly, it is
important to consider that the type of data and
features being used can impact how effective a
specific method is. Methods like Principal
Component Analysis (PCA) and Support Vector
Machines (SVM), along with the Vision API, are
more effective in identifying and utilizing
significant characteristics of the dataset. This
leads to improved precision, as mentioned in
reference [33]. Additionally, the complexity of
the model is a significant factor. Convolutional
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Neural Networks (CNN) are more complex
models that may need more data to achieve
the best possible performance [34].

Furthermore, it is important to note that
algorithm performance greatly depends on
proper hyperparameter tuning. Some machine
learning models, such as Neural Networks and
SVMs, can be well optimized, while CNNs may
not be as easily optimized. Another factor that
affects performance is the amount of training
data. Techniques like CNNs, which require a
large amount of data, may not perform well
when limited data is available [34]. Lastly, it is
important to consider the impact of non-linear
features and the chosen architecture and
implementation models. Models like the Vision
API are designed with advanced architectures
and various training techniques, which leads to
exceptional performance.

CONCLUSION

The main idea is to present stress relief
suggestions to clients by tapping into their
emotions and experiences. The framework
utilizes the sensation acknowledgment AP],
which enhances its specificity and simplicity at
the same time. Furthermore, we estimated the
accuracy and compared it with several other
techniques, finding it 92.19%. Figure 18
Instead of using the cutting-edge framework,
which uses a complex method of utilizing EEG
to detect emotions, we can use the image
processing APIs to perform this task. It can be
challenging to achieve those goals when using
various techniques to understand the human
experience, which requires a significant
amount of data and makes it more
complicated. This tool enhances the accuracy
and maintainability of the process, providing
greater comfort to the user.

REFERENCES

[1] K. Chankuptarat, R. Sriwatanaworachai,
and S. Chotipant, “Emotion-Based Music
Player,” in 5th International Conference
on Engineering, Applied Sciences and
Technology (ICEAST), Luang Prabang,
Laos, Jul. 02-05, 2019.

[2] M. T. Quasim, E. H. Alkhammash, M. A.
Khan, and M. Hadjouni, “Emotion-based
music recommendation and
classification using machine learning
with [oT Framework,” Soft Comput., vol.
25, no. 18, pp. 12249-12260, 2021, doi :



Int. J. Electron. Commun. Syst, 4 (1) (2024) 59-70

[10]

10.1007/s00500-022-07786-2.

S. A. Kriakous, K. A. Elliott, C. Lamers,
and R. Owen, “The effectiveness of
mindfulness-based stress reduction on
the psychological functioning of
healthcare professionals: A systematic
review,” Mindfulness (N. Y)., vol. 12, no,
1, pp. 1-28, 2021.

A. Kumar, K. Sharma, and A. Sharma,
“Hierarchical deep neural network for
mental stress state detection using [oT
based biomarkers,” Pattern Recognit.
Lett.,, vol. 145, no. 01, pp. 81-87, 2021.
A. B. Nassif, I. Shahin, S. Hamsa, N.
Nemmour, and K. Hirose, “CASA-based
speaker identification using cascaded
GMM-CNN classifier in noisy and
emotional talking conditions,” Appl. Soft
Comput., vol. 103, no. 1, p. 1-24, 2021.

Y. Deldjoo, M. Sched], P. Cremonesi, and
G. Pasi, “Recommender systems
leveraging multimedia content,” ACM
Comput. Surv., vol. 53, no. 5, pp. 1-38,
2020, doi: 10.1145/3407190.

H. Yoo and K. Chung, “Deep learning-
based evolutionary recommendation
model for heterogeneous big data
integration,” KSII Trans. Internet Inf.
Syst.,, vol. 14, no. 9, pp. 3730-3744,
2020, doi : 10.3837 /tiis.2020.09.000.

R. Sridhar, H. Wang, P. McAllister, and H.
Zheng, “E-Bot: A Facial Recognition
Based Human-Robot Emotion Detection
System,” Proc. 32nd Int. BCS Hum.
Comput. Interact. Conf, 2018, pp. 1-5,
doi: 10.14236/ewic/hci2018.213.

S. K. Sharma et al, “A Diabetes
Monitoring System and Health-Medical
Service Composition Model in Cloud
Environment,” IEEE Access, vol. 11, no.
March, pp. 32804-32819, 2023, doi:
10.1109/ACCESS.2023.3258549.

H. Dandan and R. Parthasarathy, “A new
algorithm for image edge detection
based on phase stretch transform,”
Proc. SPIE. 12799, Third Int. Conf. Adv.
Algorithms Signal Image Process. (AASIP
2023), San Diego, USA, Aug. 20-24,
2023.

S. Poletti et al, “Mindfulness-based
stress reduction in early palliative care
for people with metastatic cancer: a
mixed-method study,” Complement.
Ther. Med., vol. 47, vol. 1, pp. 1-29, 2019.

[12]

[15]

69

]J.-R. Gao, B. Yu, D. Ding, and D. Z. Pan,
“Lithography hotspot detection and
mitigation in nanometer VLSL,” in 2013
IEEE 10th International Conference on
ASIC, 2013, pp. 1-4. doi:
10.1109/ASICON.2013.6811917.

A. Aljanaki, Y.-H. Yang, and M.
Soleymani, “Emotion in music task at
mediaeval 2014.,” in  MediaEval
Workshop, Barcelona, Spain, Oct. 16-17,
2014.

M. T. Quazi, “Human emotion
recognition using smart sensors,” M.S.
thesis, Dept. Master of Engineering in

Electronics and Communication
Engineering, School of Engineering and
Advanced Technology, Massey
University, Palmerston North, New

Zealand, 2012. [Online]. Available
https://mro.massey.ac.nz/items/79d4c
c8e-3cef-4c78-96c9-35b15b5c245d

W. E. ]J. Knight and N. S. Rickard,
“Relaxing music prevents stress-
induced increases in subjective anxiety,
systolic blood pressure, and heart rate
in healthy males and females,” J. Music
Ther., vol. 38, no. 4, pp. 254-272, 2001,
doi: 10.1093/jmt/38.4.254.

Y. Song, S. Dixon, and M. Pearce,
"Evaluation of musical features for
emotion classification," Proc.
International  Society for  Music
Information Retrieval Conference
(ISMIR), Porto, Portugal, Oct. 8-12,
2012.

R. Yonck, Heart of the machine: Our
future in a world of artificial emotional
intelligence. Amazon : Arcade, 2020.

M. G. Salido Ortega, L.-F. Rodriguez, and
J. 0. Gutierrez-Garcia, “Towards
emotion recognition from contextual
information using machine learning,” J.
Ambient Intell. Humaniz. Comput., vol.
11, no. 8, pp. 3187-3207, 2020, doi :
10.1007/s12652-019-01485-x.

T. Sharma, M. Diwakar, P. Singh, S.
Lamba, P. Kumar, and K. Joshi, “Emotion
analysis for predicting the emotion
labels  using  machine learning
approaches,” in 2021 IEEE 8th Uttar
Pradesh Section International
Conference on Electrical, Electronics and
Computer Engineering (UPCON),
Uttarakhand, India, Nov. 11-13, 2021.



70

[20]

[21]

[22]

[23]

[25]

[27]

N. Kholodna, V. Vysotska, and S. Albota,
“A machine learning model for
automatic emotion detection from
speech,” in MoMLeT+ DS, Lviv-Shatsk,
Ukrine, 2021.

K. Tarunika, R. B. Pradeeba, and P.
Aruna, “Applying machine learning
techniques for speech  emotion
recognition,” in 2018 9th international
conference on computing,
communication and networking
technologies (ICCCNT), 1EEE, Bengaluru,
India, Jul. 10-12, 2018.

C. Sekhar, M. S. Rao, A. S. K. Nayani, and
D. Bhattacharyya, “Emotion recognition
through human conversation using
machine learning techniques,” in
Machine Intelligence and  Soft
Computing: Proceedings of ICMISC 2020,
Springer, Visakhapatnam, India, Sept. 3-
4,2020.

J. Zhang, Z. Yin, P. Chen, and S. Nichele,
“Emotion recognition using multi-modal
data and machine learning techniques:
A tutorial and review,” Inf. Fusion, vol.
59, pp. 103-126, 2020, doi
10.1016/j.inffus.2020.01.011.

A.F. A Nasir, E. S. Nee, C. S. Choong, A. S.
A. Ghani, A. P. P. A. Majeed, A. Adam, and
M. Furhan, “Text-based emotion
prediction system using machine
learning approach,” in IOP Conference
Series: Materials Science and
Engineering, IOP Publishing, 2020, pp. 1-

12, doi : 10.1088/1757-
899X/769/1/012022.

E. Ivanova and G. Borzunov,
“Optimization of machine learning

algorithm of emotion recognition in
terms of human facial expressions,”
Procedia Comput. Sci., vol. 169, no. 1, pp.
244-248, 2020, doi :
10.1016/j.procs.2020.02.143.

W. R. Shadish, T. D. Cook, and D. T.
Campbell, Experimental and Designs for
Generalized Causal Inference. Boston:
Houchton Mifflin Company, 2002.

S. Asteriadis, P. Tzouveli, K. Karpouzis,
and S. Kollias, “Estimation of behavioral

Int. J. Electron. Commun. Syst, 4 (1) (2024) 59-70

[28]

[34]

user state based on eye gaze and head
pose—application in an e-learning
environment,” Multimed. Tools Appl,
vol. 41, pp. 469-493, 2009, doi
10.1007/s11042-008-0240-1.

M. S. D. Perera et al., “Stress monitoring
and relieving application for it
professionals,” Int. Res. J. Innov. Eng.
Technol, vol. 07, no. 10, pp. 609-626,

2023, doi:
10.47001/irjiet/2023.710081.
P. Kumar, S. Grag, and A. Grag,

“Assessment of anxiety, depression and
stress using machine learning models,”
Procedia Comput. Sci., vol. 17, no. 1, pp.
1989-1998, 2020.

F. Al-Shargie, T. B. Tang, N. Badruddin,
and M. Kiguchi, “Towards multilevel
mental stress assessment using SVM
with ECOC: an EEG approach,” Med. Biol.
Eng. Comput., vol. 56, no. 1, pp. 125-
136, 2018, doi: 10.1007/s11517-017-
1733-8.

R. Gupta, M. A. Alam, and P. Agarwal,
“Modified support vector machine for
detecting stress level wusing EEG
signals,” Comput. Intell. Neurosci., vol.
2020, no. 1, pp. 1-14, 2020, doi:
10.1155/2020/8860841.

G. Jun and K. G. Smitha, “EEG based
stress level identification,” in 2016 IEEE
International Conference on Systems,
Man, and Cybernetics (SMC), 2016, pp.
3270-3274. doi:
10.1109/SMC.2016.7844738.

F. Al-Saqqar, M. Al-Diabat, M. Aloun, and
A. M. Al-Shatnawi, “Handwritten arabic
text recognition using principal
component analysis and support vector
machines,” Int. J. Adv. Comput. Sci. Appl.,
vol. 10, no. 12, pp. 195-200, 2019, doi:
10.14569 /ijacsa.2019.0101227.

Q. Cheng et al, “A method for
identifying geospatial data sharing
websites by combining multi-source
semantic information and machine
learning,” Appl. Sci., vol. 11, no. 18, pp.
1-19, 2021, doi: 10.3390/app11188705.



