&% International Journal of Advances in Engineering and Management (IJAEM)

= Volume 4, Issue 6 June 2022, pp: 131-135 www.ijaem.net

IJAEM

Stress Detection for Wearable Devices
D.Sandhya Rani',Ch.Geethanjali?,G.Anjana® R.Abhishek’

!Assistant Professor,Dept of CSE ,CMR Technical Campus,Kandlakoya,Medchal.
“Student,Dept of CSE, CMR Technical campus,Kandlakoya,Medchal.
3Student,Dept of CSE ,CMR Technical campus,Kandlakoya,Medchal.
*Student,Dept of CSE ,CMR Technical campus,Kandlakoya,Medchal.

Submitted: 25-05-2022

Revised: 01-06-2022

Accepted: 05-06-2022

ABSTRACT

In this project, Stress can be recognized by
observing commute in sensitivity on the human
body. The actuators which are apparel are
becoming more prominent in recent years due to
their functionality and discrete nature. By utilizing
data from wearable sensors, we have developed a
customizable stress detection system. Our system
performs categorization on stress level using cross
modal data from wrist-worn device Empatica E4
wearable sensor. We implemented three different
classification algorithms: Logistic Regression,
Decision Tree, and Random Forest and used four-
class categorization conditions: baseline, stress,
amusement, and meditation. By estimating the
performance of the system, we exhibit that our
system can perform the best and consistent
customized stress detection using T-POT classifier
with the accuracy of 88%-99% on 15 subjects.
KEYWORDS:Stress classification , Preprocessing
, random forest ,T-POT Classifier , Wearable
devices

l. INTRODUCTION

This project is titled as “Stress Detection
using wearable devices”. This software provides
facility to identify how the stress is detected . This
project uses machine-learning methods to identify
how the stress is detected. First, we use a T-pot
classifer to train the dataset. Then we identify how
the stress is detected. This has been developed to
facilitate the identification, retrieval of the items
and information. System is built with manually
exclusive features. In all cases system will specify
object which are physical or on performance
characteristics. They are used to give optimal
distraction and other information. Data are used for
identifying, accessing, storing and identifying fake
accounts. The data ensures that only one value of
the code with a single meaning is correctly applied
to give entity or attribute as described in various
ways. The main features of this project are that the
designer now functions as a problem solver and

tries to sort out the difficulties that the enterprise
faces. The solutions are given as proposals. The
proposal is then weighed with the existing system
analytically and the best one is selected. The
proposal is presented to the user for anendorsement
by the user. The proposal is reviewed on user
request and suitable changes are made. This is loop
that ends as soon as the user issatisfied with
proposal.

1. LITERATURE REVIEW

In this section, we briefly summarize
some approaches of stress detection. These
approaches vary according to the various stress
related factors and measures used. The measures
used in this includes physical measures,
physiological signals, answering questionnaire,
mathematical test, videos, microblog and other
techniques, etc. Also, stress detection in various
environments is described below. A) Stress
Detection using Wearable Sensors and 10T
Devices Nowadays, sensors plays a vital role in
medical applications. Theseare generally used for
detection and measurement of various diseases and
its levels. Stress is usually recognizedas one of the
major factors leading to various health problems.
Therefore, people with high risk of getting stressed
should be continuously monitored for detection of
any stress signs before it causes health
problems[8]. Advances in wearable sensors and
mobile computing make it possible to record a
variety of physical and physiological signals on a
twenty-four hour basis which helps in detection of
stress level. Mostly wearable sensor devices like
smart band[3], Chest belts[2] are used for data
collection. Some researchers used hardware and
software for collection of data through sensors and
detection ofstress level respectively. A Holster unit
was used with LI- PO battery and PC USB Client
software for detection of stress[2]. An Amulet
wearable platform named StressAware was
developed in [7] using SVM. This real time
applications classifies the stress level of individuals
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by continuously monitoring HR and HRV data.
Some smart bands can collect and transmit data to
users smart phone via Bluetooth and even uploaded
to web where it can be accessible by doctor or
family members[3]. The overview of few studies
are discussed which shows stressors, subjects,
sensors, best accuracy achieved, the classifiers and
methods used by various researchers.

1. PROPOSED DESIGN

In today’s fast-paced world, mental stress
is very common. Stress can be originated due to
conditions or incidents such put oppression on
mind and body of a person. Reaction to stress is
different for everyone as the capacity of dealing
with tough or demanding situations vary for person
to person. Some instances might create stress to
one individual, while no stress to one altogether.
Also, all stress is not bad to health as it could make
people more aware of things around them and keep
them more cautious about dangers and focused on
their goal. A stressor is an situation which creates
stress to an person. Many people generally faces
stress due to these stressors described in accord
American Psychological Association (APA)there
are mainly three types of stress which are short
term tension, episodic acute tension and long term
tension. Acute stress is short term stress which is
least damaging type as compared to the other two.
It can be good sometimes as this helps body to
communicate with the event. When acute stress
occurs frequently then an individual is affected
with episodic acute stress. Long term stress is the
most harmful type of stress, if left untreated over a
long period of time can damage bodily and
emotional health of a person. Long term stress puts
force on the body and mind for an extended period
which can create a range of indications and extend
the risk of evolving certain diseases.To avoid
health issues, people with high probability of
feeling stressed should be continuously monitored
to detect any stress signs. Wearable sensors create
opportunities to monitor stressand could inform
individuals regarding their stress level which can
be useful in order to minimize stress balance as it
results into severe health issues. Bodily health and
emotional health are closely connected, hence
monitoring and measuring of physiological and
physical changes could be used for detecting
human stress level. Stress can be detected using
bodily and emotional measures of body. Bodily
measures include pulse rate, skin temperature,
humidity, Blood pressure and respiration rate
whereas physiological measures can be heart rate,
heart rate variability, skin conductance. These can
be measured using wearable devices made from

low-cost sensors although machine learning
algorithms can be used to classify and predict stress
level of an individual. In this paper, some previous
approaches of automatic stress recognition systems
who wused sensors and machine learning are
discussed in detail. In these, emotional data is
extracted using some stressor tests on the people.
Some common stressor tests includes arithmetic
calculations, questionnaire, mental tasks and
working out in gym. There are a diversity of
machine learning algorithms which are appropriate
for stress detection. Among them Support Vector
Machines (SVM), Logistic regression, K-Nearest
Neighbor, Decision tree and Random forest are
most common. In this review, we summarize the
various machine learning algorithms available in
the writings thataim at perceiving state of stress.

3.1 PROPOSED SYSTEM

In this paper, some previous approaches of
automatic stress identification systems who used
sensors and also machine learning are discussed in
detail. In these, physiological data is extracted
using some stressor tests on the people. Some
common stressor tests includes arithmetic
calculations, questionnaire, mental tasks and
working out in gym. There are a diversity of
machine learning algorithms which are appropriate
in stress detection. Among them Support Vector
Machines (SVM), Logistic regression, KNearest
Neighbor, Decision tree and Random forest are
most common. In this review, we summarize the
various machine learning algorithms present in the
literature that aim at detecting state of stress.

3.2 PROJECT ARCHITECTURE

The dataset is collected from the sensor
based devices like smart phones and smart
watches.The collecteddata is preprocessed with the
features we'd like. Here we use T-pot automated
classifier to classify the information. TPOT s
supposed to be an assistant that provides you ideas
on the way to solve a selected machine learning
problem by exploring pipeline configurations that
you simply may need never considered, then leaves
the fine- tuning to more constrained parameter
tuning techniques like grid search. TPOT is made
on the scikit learn library and follows the scikit
learn API closely. It may be used forregression and
classification tasks and has special implementations
for medical research.TPOT is open source, well
documented, and under active development. TPOT
has what its developers call a genetic search
algorithm to seek out the most effective parameters
and model ensembles. It could even be thought of
as a selection or evolutionary algorithm. TPOT
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tries a pipeline, evaluates its performance, and
randomly changes parts of the pipeline in search of

higher performing algorithms.

,uw
ow "
/_\
—> J w r[:> llrdm
IMM,#

Il
Fig 1. Architecture of stress detection

3.3 DATA FLOW DIAGRAM
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Fig 2. Dataflow diagram of stress detection

IV. RESULTS AND DISCUSSION
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Fig 3. Importing the dataset

In the above figure 3,the dataset is imported from
various devices such as kaggle datasets and smart
devices.

¢ def £1x stress_labels(dfs"" 1abel_colune’condition’):
df['condition’] = np, d\ere(df[ condition'J=="ng stress’, @, 1)
display(df["condition’] unique())
retura df

datafrane_hev « fi_strass_labels(df dataframs_hry)

Y = datafrane hv['condition’)

display(Y.hesd(5))
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Fig 4. Condition statement for stress detection
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Fig 5. Inserting columns needed for stress detection
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Fig 7. Values of cv scores
display(nesDatafrane hev[ ‘condition’).head(3))
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Fig 8. Condition values for stress detection

pred = tpot_classifer.predict_proba(neuX)
dfpred = pd.DataFrame(pred)
display(dfpred.head(5))
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Fig 9. Output in binary variables format

V. CONCLUSION

We developed a stress detection scheme to
beutilized in real world.We have collected different
parametric values of heart beat from smart watches
and obtained the strain resullts. We achieved
maximum 97.92% accuracy for three-level stress
detection. the most effective performing classifiers
were the Random Forest and also the Multilayer
Perceptron algorithms. classification accuracy,
whereas this was 86.27% when these modalities
were used separately. Finally, we observed that the
perceived stress level classification leadsto lower
accuracies than physiological stress level
classification. there have been up to fifteen
decrease in comparison with physiological stress
level classification accuracies.
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