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Abstract—The proliferation of smartphones has become a
ubiquitous platform for acquiring and analyzing data.
Smartphones’ embedded sensors have become an effective
source for human spatial and activity-based analysis.
Machine Learning (ML) has made significant progress in
learning features from these raw sensor data with high
accuracy. However, domain experts, knowing ML, can apply
machine learning techniques for various aspects. In this
research, we have introduced—a smartphone sensor data
collection and analysis platform for people in general who
have little or no knowledge of machine learning but can avail
the services of machine learning for their purpose. We have
built an Android application for collecting sensor data and
developed an Automated Machine Learning (AutoML) based
web platform for data pre-processing, visualization, and
analysis. Spatial analysis has been conducted on our AutoML
based web application on GPS sensor data. We evaluated the
most visited places of our app users using clustering
techniques. The experiment shows that the DBSCAN
clustering algorithm gives superior performance over K-
means clustering for our spatial analysis on GPS sensor data.

Index Terms—smartphone sensor, AutoML, Android
application, sensor data, GPS, spatial analysis, DBSCAN, K-
means clustering

I.  INTRODUCTION

The proliferation of smartphones has made it a
ubiquitous platform to capture and analyze data [1]. These
smartphones comprise various sensors, such as
accelerometer, magnetometer, gyroscope, GPS, battery
sensor, proximity sensor, light sensor, temperature sensor,
humidity sensor, etc. Smartphones can collect data
passively and incessantly with their strong sensing ability,
the capability of computation, and serve real-time
information [2], [3]. These sensors detect and respond to
any change in physical input and steer a process or offer
information as the input of a system. Moreover, sensor
data helps capture information related to a specific task so
that the data can optimize operations and increase
efficiency. Former studies have recognized the importance
of embedded smartphone sensors [4] as an innovative
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source for analyzing human activity, personality, spatial
behavior, etc. Passively captured sensor data measure
human spatial behavioral patterns without any
participation or action from the user. As a result, the
captured data forms unobtrusive observational records,
which are more naturalistic [5]. Hence, embedded
smartphone sensor data could provide valuable insight into
human behavior patterns that surveys cannot attain.

Machine Learning (ML) has become a pivotal
instrument to analyze smartphone sensors' large-scale and
complex data. Using ML pipeline, these large-scale data
are cleaned, analyzed, and fit the best model. ML gives
opportunities to systems to learn automatically, improve
their learning by experience, and identify relevant insights
in data [6]. Analyzing smartphone sensor data with
Machine Learning (ML) techniques has far-reaching
significance in identifying human spatial patterns [2], [7],
surveillance of human activities [8], intelligent homes [9],
context-aware computing [10], etc. Moreover, machine
learning is a fast-growing trend in the healthcare business
because sensor data can be used to analyze a patient’s
health in real-time. By analyzing smartphone sensor data,
doctors can monitor their patients remotely. Through
accelerometer and gyroscope sensor data, doctors can
monitor Parkinson patients' motion behavior, such as falls,
walking, and so on, which aids them with medication with
individual needs. Retailers rely on GPS and humidity
sensor data analysis with ML techniques to identify target
locations to arrange a marketing campaign or supply
planning [11].

Much Prior research has been conducted on analyzing
smartphones’ sensor data using machine learning. To
analyze smartphone sensor data using ML, prior
knowledge is required in the machine learning field.
Though machine learning provides better support for
many industries, some enterprises are still struggling to
implement ML models for deployment. They depend on
data scientists for implementing ML models, but hiring
data scientists is costly. Moreover, collecting a large
amount of data is a complex and tiring task. For example,
restaurant companies depend on data scientists to analyze
GPS sensor data of target customers to identify suitable
locations for opening a new branch. Hence, for people in
general, the automation process of applying machine
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learning techniques is in high demand, which does not
require prior knowledge of machine learning, but can avail
machine learning services. The method of automating
tasks or repetitive tasks to apply machine learning in real-
world applications is referred to as Automated Machine
Learning (AutoML). AutoML helps to automate the entire
machine learning workflow [12]. The principal goal of
AutoML is to alleviate users' jobs only by data set
selection. AutoML tries to automate the rest of the
Machine Learning pipeline, which includes data cleaning,
data transformation, feature engineering, automation of
model selection, finding the exemplary model architecture,
and identifying which hyperparameters are the best fit for
the corresponding model. But there exists a lack of
concern on sensor data analysis using automated process
machine learning.

Sensor Data analysis using Automated Machine
Learning (AutoML) based platforms can serve people of
various domains as it will facilitate everyone to use the
machine learning technology instead of a small group of
people. For example, by using AutoML based platforms,
retailers can observe the product purchase behavior of
customers and make recommendations without hiring a
data scientist. It could analyze users’ smartphone motion,
location sensor data to the tracker and identify store
behavior. It can record which sections they have visited
first and which next and apply the next basket
recommendation techniques [11]. Non-technical users can
analyze the GPS sensor data [1], [13] to organize big
events to manage a multitude of people at various
occasions, festivals, or events, like fairs, [14]concerts, etc.
Furthermore, security concerns, such as analyzing the
accelerometer and gyroscope sensor data anomaly can be
detected by applying k-means partitioning [15] without
having any knowledge of clustering algorithms.

Qualitative research has been carried out on
smartphones’ embedded sensors, but no single study exists
that studies raw sensor data with automated machine
learning (AutoML) techniques. In this research, we have
developed an AutoML based web application as an
analysis tool for any kind of survey analysis on
smartphone sensor data. For data collection purposes, we
have built an android application named “Sensor Data
Collector” that captures embedded smartphone sensor data.
Motion sensor data, such as accelerometer, gyroscope,
magnetometer, gravity sensor, GPS, etc., are collected to
track and analyze users’ motion, location [2], [3], [16],
[17]. The captured sensor data is then analyzed on the
AutoML based web platform. The steps of a machine
learning analysis like pre-processing, filtering training,
etc., are done on our web server. As a result, the user does
not need an analyst or prior knowledge of data analysis but
will get an instant solution from our server. Besides
collecting sensor data through our android application,
users are also asked a different question every day based
on some personality-based questions for figuring out the
users' personalities and behavior. These questionnaire-
based surveys will facilitate further personality-based
analysis. Moreover, to make the application more
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interesting, there is also a Tic-Tac-Toe game for users to
play for their pastimes or whenever they want.

Throughout this research, we have implemented the
described framework and conducted a survey of 90+ users
for several months, collected six smartphone sensor data
through an android app, and ran automatic analysis via our
web platform. For our study, we have extracted the GPS
sensor data from the captured sensor data list and
performed spatial analysis on this GPS data on our web
platform. Our study has focused on data visualization for
human spatial analysis through smartphone sensors, which
will provide a significant opportunity to advance the
understanding of unraveling human spatial patterns. GPS
sensor data helps researchers to collect information on
human spatial behavior or pattern [2]. For example, the
GPS sensor data helps to identify the physical address by
analyzing the user's most visited place at night. We have
applied the DBSCAN algorithm to find the top 10 most
visited places.

The remaining paper is organized as follows. Section Il
represents a portrayal of topics incorporated with our
proposed system. Moreover, some existing works devoted
to human mobility and spatial analysis are discussed in the
same section. In Section Ill, the approaches or
methodology we have followed to implement our
proposed AutoML based system is explained. In Section
1V, the results of our AutoML based system have been
illustrated. Finally, Section V outlines the concluding
points and some future works of our study.

Il.  BACKGROUND STUDY

As mentioned above, in our proposed end-to-end
system, we acquire sensor data from our android
application and analyze this data through our web
applications’ AutoML platform using different clustering
mechanisms. In this section, we have demonstrated the
integral concepts of our study on sensor data analysis tools
and techniques. This section also depicts some former
studies in this field. Sensor Data Analysis Tools.

A.  Smartphone Sensors

The smartphone embedded sensors have opened a
golden opportunity for researchers to collect sensor data
and conduct much-complicated research indisputably and
efficiently. A couple of sensors could be integrated into
smartphones connected to the SoC, using a sensor hub, for
example, Accelerometer, Gyroscope, Magnetometer, GPS,
Ambient light sensors, etc. These embedded sensors have
a wide range of applications. Based on the smartphones
having adequate sensors, any digital mobile application
can add this sensor data collection and analysis as a feature
to their application and apply this data for their user
activity, mobility, etc.,, analysis. Some basic
functionalities of these sensors for analyzing human
mobility or activity patterns are discussed below.

Accelerometer sensors in smartphones are used to
detect the orientation of that device. It is a tri-axial sensor
that measures the value of three axes- x-axis, y-axis, and
z-axis. The tri-axial values measure the linear acceleration
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movement and can identify the direction of the earth's
gravity (in the z-axis). The phone can automatically adjust
the landscape and portrait view for this accelerometer
sensor. Accelerometer sensor data is applied in various
domains such as health care [17], fall detection, mental-
health monitoring system, physical activity recognition
[18], [10], transport mode detection [19], [3], etc.

To get the accurate orientation of the device, a
gyroscope sensor value is supplied with an accelerometer.

A gyroscope is also a tri-axial sensor like an accelerometer.

It can measure the angular velocity of the device.
Watching 360 videos or playing a racing game with a
smartphone is possible for this embedded gyroscope
sensor. The domain of gyroscopes is also vast- in 3D
gaming, health monitoring [17], activity recognition,
transport mode detection [19], etc. Like an accelerometer
and gyroscope, the magnetometer also measures 3-
dimensional values- X, y, and z-axis. A magnetometer, as
the name indicates, measures the magnetic field. This
sensor is used to determine the smartphone's orientation
relative to the magnetic north of the earth. Many
applications like digital maps or digital compass, for
embedded magnetometers, can rotate with the phone’s
physical orientation. As the magnetic sensor knows the
magnetic north of earth, with the help of this sensor
smartphone can automatically turn digital maps according
to the user’s physical orientation.

In the case of spatial analysis-based studies, the Global
Positioning System sensor known as GPS provides more
accurate results than an accelerometer and gyroscope. GPS
receiver gives the information of the device’s location
anywhere on the earth but varies inaccuracy, depending on
the number of satellites in that network. Cell phones’ built-
in receivers communicate with multiple satellites to
compute the location information [20]. GPS receivers
receive the signal from satellite networks and triangulate
the devices’ relative position. It calculates the location by
using the intersecting points of overlapping spheres of
satellites and the built-in receiver. To be more specific,
trilateration is determined by the distance between the
GPS receiver and satellites to create overlapping spheres,
which form a circle by the intersecting points. The location
information is measured using the coordinate value,
longitude, and latitude. In our study, we have extracted the
only GPS sensor data among all raw sensor data collected
by our android application to perform spatial analysis.

B. Automated Machine Learning (AutoML)

Machine learning allows machines to learn from data
without being explicitly programmed. With the increasing
demand for hands-free machine learning solutions, the
area of automated Machine Learning (AutoML) has
forthwith risen [21]. Automated Machine Learning
(AutoML) is a complete process from data filtering or pre-
processing to the outcome of a model. It automates the
tasks of applying machine learning algorithms to make the
machine learning process more accessible to non-technical
individuals. Moreover, AutoML significantly impacts
applications in commercial settings [22]. It has been
widely observed that data-driven model building and
decision-making may lead to increased degrees of
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automation and more informed judgments are a significant
motivator driving the digitalization of industry and society
[23]. Applying AutoML frameworks in a system makes
complex tasks easier by concerning the data and trying out
every possible kind of Machine Learning model using
machine learning algorithms.

AutoML aims to automatically choose, assemble, and
parameterize machine learning algorithms to achieve
optimal performance on a particular dataset. The
hyperparameter will get automatically tuned, and it will
select a parameter, and based on that, it will generate an
accuracy. When the hyperparameters are adjusted, the
Auto ML process runs some iterations with the selected
parameters and terminates the process to achieve the
highest precision from this particular model. AutoML will
potentially serve as a more efficient way to complete tasks
supplied with a user-friendly Ul to the users who are not
aware of the intricacy of machine learning techniques. The
client typically uses the service by providing a dataset, and
the AutoML platform does the rest of the work for the
client by applying the optimum machine learning
algorithm to that dataset and outputting a result [12].
Through open-source packages like Auto-WEKA (JAVA),
Auto-SKlearn (Python), Auto-Keras (Python), TPOT
(Python), the machine learning community has
dramatically benefited such users by making a wide array
of sophisticated learning algorithms and feature selection
methods available.

C. Sensor Data Analysis Techniques

1) Spatial analysis

Smartphone sensor data have a direct link with user
identity and user networks. Spatial analysis is performed
widely using embedded smartphones or other wearable
devices” GPS sensor data. The spatial analysis also
referred to as spatial statistics, is a formal approach that
investigates an individual or community's geographical or
geometric characteristics [24], [25]. The spatial analysis
technique is used to analyze structures on a human scale
broadly in the studies of geospatial data. It is a subset of
geographical analysis that helps to explain human mobility
and behavioral pattern and represents the resultant
locational analysis or spatial analysis in terms of
mathematics and geometry.

DBSCAN: To extract knowledge from a large amount
of spatial data collected from various applications
including GPS, satellite images, and remote sensing,
clustering techniques play a significant role. Different
spatial data clustering approaches have been introduced to
discover valuable patterns from these complex data.
Among them, a well-known data clustering approach is
density-based spatial clustering of applications with noise
(DBSCAN) [26], [27]. DBSCAN can identify clusters of
any arbitrary form and shape in the databases, even if it
contains noise or outliers. Real-world data may have
abnormalities such as arbitrary cluster shapes and data
with noise. This algorithm clusters together points near
each other by using distance measurement (typically
Euclidean distance) and calculates a minimal number of
points. This algorithm has two parameters, namely eps
(epsilon) and min points. The eps signify those two points
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are considered neighbors if their distance is less than or
equal to the value of eps. The term min points refer to the
smallest number of points required to establish a dense
zone. Because of the importance of the two parameters,
they must be anticipated correctly to obtain a decent result
[26].

Silhouette Score: Determining the optimal number of
clusters for a data set is critical in specific clustering
algorithms. The silhouette score is one of the various

strategies for determining the ideal number of clusters [21].

The silhouette plot shows the distance or closeness of each
point in one cluster with the neighboring clusters' points
and visually examines factors like -cluster count.
Silhouette's score lies between -1 to 1. If the silhouette
score is near 1, the sample is referred to as clustered ideally
and has already been assigned to a highly appropriate
cluster. If the score is close to 0, the sample might be
assigned to the cluster closest to it, and the sample would
be equally far from both. That is to say, it denotes
overlapping clusters. If the silhouette value is close to —1,
the sample is misclassified and placed in the middle of the
clusters [28].

2) Geofencing

Geofencing is a Location-Based Service (LBS) in
which the GPS sensor data, Wi-Fi, or cellular data is used
in an application to trigger an action when a mobile device
ingress or pass a virtual boundary set up around a
geographical area. This virtual boundary is called
geofence. Propagation of spatial analysis-based studies
using GPS sensor data helps to serve various LBS. LBS
has become proactive by allowing smart alerts when a user
enters or departs a specified geographic region, a feature
known as Geofencing [29]. Remote surveillance from
geographic areas encircled by a virtual barrier (geofence)
and automated detections when mobile objects entered or
departed these areas were made possible by geo-fencing
[13].

Geofence applications and utilities kept track of the
devices and other physical items that entered or departed
the geo-fenced region and alerted administrators when
their status changed. Geofencing is mainly recognized in
the research community for two challenges: the influence
on mobile device energy consumption and traffic load
inside wireless access networks [30], [31]. Furthermore,
Geofencing creates serious privacy concerns for mobile
phone users if their position is constantly calculated by
network operator equipment or sent to a third-party service
[30]. There are countless geofencing applications, such as
social networking apps, marketing, smart appliances,
security systems, child position monitoring [32], etc. In
our system, we create geofence using an automated
Machine Learning algorithm (AutoML).

D. Related Works

A growing body of literature recognizes the importance
of embedded smartphone sensor data for various aspects
of human activity recognition, personalization, and spatial
behavior analysis. Analyzing and mining these
smartphone sensor data has potential applications. In this
section, we have briefly introduced former studies on
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human spatial behavior using smartphone sensor data.
Several studies have examined human spatial behavior or
mobility by analyzing smartphone sensor data. The
authors at [25] investigated for GPS data of 6 months on
1,00,000 anonymous smartphone users and concluded that
human mobility has a highly regularized pattern, and
distinctly reproducible patterns have been detected in their
daily travel distance. This reproducible travel pattern of
individuals can serve various applications driven by
human spatial or mobility patterns, such as industrial
construction or urban planning and traffic forecasting.
Furthermore, a framework named predestination was
proposed by Horvitz et al. [7], predicting users’ short time
trips’ destination location based on smartphone GPS
trajectory history. On the contrary, privacy has become a
major concern as spatial information is collected.
Moreover, to determine human spatial mobility there are
contradictions in studies about how many days of data is
required to get a complete activity space of an individual.
The authors in [2] presented that at least data of 14 days is
required to get a complete pattern of activity space or
spatial mobility of a person using only smartphone GPS
sensor data. The researchers here have made an important
contribution to spatial behavior. They have used KL
divergence of the spatial histogram of daily mobility
through time and found that less than 14 days of data is
required to get a pattern of an individual’s spatial behavior.

Prior studies have shown that social ties influence
human spatial behavior or mobility. Physical location is
intrinsically linked with social relationships. This fact
helps researchers to predict the individual or location
prediction of a group of people more accurately. P. A.
Grabowicz et al. [33] introduced a model by considering
explicit feedback of human mobility while forming social
ties using social media data. The integration of mobility
and social interaction analysis results in several
characteristics, such as the total number of connected
components, the distance between individual components,
user clusters based on distance. Similarly, the authors at
[24], the accuracy of human mobility prediction increases
where the correlation of social interaction is also
considered.

Moreover, using smartphone sensor data for analyzing
mobility patterns, driving behavior analysis, and road
condition monitoring has become a highly popular field in
academic and industrial studies. In [14], authors have used
embedded smartphone sensor data for estimating
smartphone orientation concerning the vehicle frame.
They have discussed some methods using applied
classification techniques for smartphone-based driver
classification and road condition monitoring. An
accelerometer-based activity classification algorithm has
been described by Thiagarajan et al. [34] by using
smartphone sensor data and route information to identify
whether a user is riding on a vehicle or not. The authors
also distinguished if the vehicle type is a bus or not. Reddy
et al. [35] have used both the data from GPS receivers and
an accelerometer to predict the transportation modes of
users or if the users are walking, stationary, running,
biking, or in motorized transport. They used a machine
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learning approach, a decision tree followed by a first-order
discrete Hidden Markov Model, which achieved a
promising accuracy of 93.6%.

Although qualitative research has been made on human
mobility or spatial analysis based on smartphone sensor
data, none of the existing approaches appears suitable for
people with non-IT or any domain who need data
visualization of sensor data. Considering this fact, in this
study, we have developed our web application as an
analysis tool for any kind of survey analysis of smartphone
sensor data for people with any domain.

I1l. METHODOLOGY

A detailed description of our approach is discussed in
this section. From data collection to visualizing the output,
we have divided our whole system into three parts —A
mobile app for data collection, Data analysis using ML
algorithm, and a Web application to automate the entire
process (Fig. 1). Firstly, the system collects embedded
sensor data through our android app. Moreover, it also
conducts users’ personality-based analysis through
questionnaires for further studies. After that collected data
is transmitted to the cloud for storage, and finally, the
AutoML platform for data cleaning or preprocessing
visualization.

Data Analysis on AutoML based

Data Stored in Web Platform

Sensor Data collection

through Android App Cloud
o 5 -
° ; 1
v S —

Figure 1. System architecture.

A. Sensor Data Collector App

In this study of “Spatial Analysis Based on Smartphone
Sensor Data”, we have developed an Android app called
“Sensor Data Collector” that collects data from users'
embedded smartphone sensors (Fig. 2). To walk through
the features of our app “Sensor Data Collector”, we use the
following scenario.

I see myself o someone who is
relaxed, handles stress well

Ohe

(d) Questicnnaire survey for
personality analysis

(a) Navigation

(b) Baslc Information

(c) Permission for GBS
collection form data

Figure 2. Data acquisition through our android application.

Mallik is a smartphone user who has participated as a
volunteer in our research. At first, when Mallik opens the
app after installation, a pop-up form has arrived which
asks for his university name, his gender, and which age
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group he belongs to, for further analysis purposes. To
access the GPS data “Sensor Data-Collector” asked Mallik
to accept location access permission. When he was
permitted to access GPS data, the app started to collect a
total of six sensors- accelerometer, orientation,
magnetometer, light, gravity, and GPS data along with the
timestamp and battery life in the background.

After successful login, Mallik can see side navigation,
where he found an option of Tic-Tac-Toe and plays in his
leisure time. Whenever he opens the app, the landing page
asks a question, and he discovers a new question every day.
This survey questionnaire has been conducted for further
psychological and behavioral research.

The collected sensor data from Mallik’s smartphone has
been stored in two steps. Firstly, the collected data is
stored in the local database after a particular time. After
that, the stored data in the local database is pushed to the
cloud storage after a fixed interval of time concerning the
cost. From smartphone devices to cloud storage, the data
flow is maintained by controlling the time intervals from
the cloud storage. The interval variable values are stored
in the cloud storage which allows us to control the time
after which we want to store the data in the cloud. (Fig. 3)

\ / USE RVJ
[é ﬂ‘—”_‘ 1 SENSORDATA

‘ MROzykFaPV8kcOqylJ4

User using phone

9

Sensor Data Collector App
in the background

Sensor Data Stored in Local
Database (SQLite)

Data saving in Real time Database (Firebase)

Figure 3. App architecture.

Concerning the fact that internet connection might not
be always available to Mallik’s smartphone, offline
capabilities have been enabled in the app. So that when an
internet connection is not available the data is kept in the
Mallik’s device’s local storage and that data is
automatically stored in the cloud whenever the internet
connection is available and also the stored data is deleted
from his device so that it doesn’t take up extra storage.
Another major concern is GPS sensor data [14] collected
among the six sensors, which increases the battery
consumption rate of Mallik's phone [10]. Hence, we
programmed our app in a manner so that it doesn't collect
GPS data at regular intervals if the location of the user
doesn't change. For example, if the location of a certain
user doesn't change then the app collects the GPS data for
say after 1 hour and if the GPS data starts to change then
the app collects GPS data after every 15 minutes. To
reduce battery consumption, we store the data locally
using SQLite. After collecting and saving the data for a
while in SQLite, we are pushing the batch data into
firebase while the user has an active internet connection.

1) Sensor data overview

We have collected a total of six different sensor data
through our sensor data collector app. Fig. 4(a) shows the
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frequency distribution of sensor data collected per month.
The x-axis represents the timeline or corresponding
months from January 2021— to August 2021, and the y
axis shows the frequency of captured data. From this graph,
it can be shown that our app collects the lowest amount of
data in January, February, and June. The reason behind
capturing the lowest amount of data in these three months
is due to the corona pandemic situation. Our sensor data
collector application collects a moderate amount of data in
April and August. Hence, we choose to analyze the data of
August for spatial analysis.

Based on the captured sensor data, demographic
analysis shows (Fig. 4(b)), the majority of the participants
are male. Among 90+ volunteers, there were 70% male
participants in our study.

We have collected a total of six sensor data through our
“Sensor Data Collector” app. Among them, Table | is a
demonstration of GPS and Accelerometer data. Here, UID
is the unique identifier of the user that each user receives
when he logs into our app for the first time. The Date time

represents the corresponding time and date when this data
was collected. Latitude value represents the coordinate
that specifies the north-south position and Longitude value
represents the coordinate that specifies the east-west
position. In one of the cells, the value is 0 that is because
that particular user didn’t permit the location sensor during
that point in time. The X-axis, Y-axis, and Z-axis represent
the tri-axial values of the accelerometer (see Table II-111).

(b)

(a)

Figure 4. Frequency distribution of collected sensor data (a), and
participants' demographic data (b).

TABLE I. VALUES OF 3 MOTION SENSORS AT A GIVEN TIME

Axis Accelerometer Gyroscope Magnetometer
X-axis 0.21068975329399 1.7453292093705386E-4 -27.0625
Y-axis 4.73094272613525 0.0643851980566978 -18.5
Z-axis 9.53849983215332 0.117757365107 -36.5
TABLE Il. SAMPLE DATASET OF GPS SENSOR
_ GPS
uib Date Time - -
Latitude Longitude
lauGDa4mMKb 18 Apr 2021 4:15:30 0 0
lauGDa4mMKh 18 Apr 2021 4:40:44 23.762 90.4181
TABLE Ill. SAMPLE DATASET ACCELEROMETER SENSOR
Accelerometer
(0]]) Date Time
X-AXxis Y-AXxis Z-AXxis
lauGDa4mMKb | 18 Apr 2021 4:15:30 am | 0.271742 | 0.0706289 | 9.66659
lauGDadmMKb | 18 Apr 2021 4:40:44 pm | 1.16238 5.70179 7.89009

From the collected data of six sensors, in this study, we
have filtered only the GPS sensor data to perform spatial
analysis using Machine Learning.

B. Data Analysis Using Machine Learning Algorithm

The entire data collection procedure was discussed in
the preceding section. This section depicts our sensor data
analysis approaches using machine learning algorithms.
From the collected sensor data, we have extracted GPS
sensor data filtered out the remainder, and performed
machine learning analysis on the GPS data. The intuition
behind extracting GPS sensor data was to conduct spatial
analysis of users' most visited places.

To determine the most visited location, machine
learning clustering algorithms were applied. Primarily, we
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have used the K-means clustering technique. The k-means
method divides an array of coordinates into k clusters by
grouping rows together. However, because it reduces
variance [36], k-means is not a good method for
geographical data analysis. Moreover, resulting in a higher
number of rows near a specific location in the data set
indicates a higher likelihood of more rows being randomly
selected for that area. One problem with this approach is
many locations would be missing from any clusters due to
the random seed, and increasing the number of clusters
would still result in gaps throughout the data set. As a
result, we decided to use the DBSCAN algorithm instead.

DBSCAN uses two parameters to cluster a GPS data set:
one is a physical distance between each point, and the
other is a minimum cluster size. For latitude-longitude
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data, this technique performs substantially better. To
determine great circle distances between points, we
employed the haversine metric and the ball tree algorithm.
Because the haversine metric employs radian units, the
epsilon and coordinates are transformed to radians.
Moreover, after applying the DBSCAN algorithm, we got
our desired result.

C. AutoML Based Web Application

For analyzing the raw sensor data from embedded
smartphone sensors, we have built an automated machine
learning-based web application. As shown in Fig. 5, our
web application consists of three main segments. The
front-end section built with the NextJS framework fetches
data from the firebase and presents them to the viewers.
On the webserver section, we have deployed our machine
learning analysis code. We have used three firebase data
storage features for our whole process namely: real-time
database, firestore, and storage.

Web Server
Frontend
AutoML
Active EE v
e - fESeio iy - — B

Result

EE ¥

Model
Testing

ML models
applied on
dataset

Firebase
Storage

Figure 5. Web application architecture.

Selecting
Best Model

The main goal of our web application is to automate
machine learning analysis on the dataset given by the
client having no or little knowledge of machine learning.
It offers various functionality to users. Users will be able
to create multiple surveys from this platform. For each
survey, they will have to enter the survey name, institution
name, survey duration, and survey period. All of these
details will be stored in the firestore. So, the information
is fetched and presented for the user's viewing.

This web application enables users to visualize the
survey participants' data in a tabular format and users can
export the participants' data in their desired format. Users
can see the list of the sensors that are currently active in
the survey participants. For this, we have fetched the
sensor data along with the timestamp of each data from the
real-time database and then compared it with the current
time to show the participant as active or not active.
Moreover, a data analysis done with the machine learning
algorithms will be presented for the users on the sensors
they have selected. For example, if a user selects GPS
sensor data, then we will provide analysis like the most
visited places by different age groups and genders, etc.
Furthermore, Users or survey creators can see the survey
participants' statistical analysis based on age and gender.

IV. RESULTS AND DISCUSSION

Our goal was to collect sensor data, apply some
machine learning analysis, and present the result on our

© 2022 J. Adv. Inf. Technol.

web app. In the previous sections, we discussed our data
collection procedure and our whole working methodology.
In this section, we will talk about the results that we
achieved from our experiment. We have used the GPS
sensor data to conduct spatial analysis. As a result of our
survey through the app, from August 13 to August 19
when the system was fully used, we collected 2,834 hours
of sensor data. Hence, we have analyzed the most visited
places by our participants from August 13 to August 19,
2021. We had to pre-process the data for our machine
learning analysis at first. Our dataset has a total of 4,336
rows. We eliminated the other sensor data columns and
worked with the GPS data values because we did our
analysis on GPS data. Then we filtered out any rows with
‘0’ in the latitude and longitude data values.

Below Table IV shows the longitude and latitude, along
with the number of data counts of most visited places by
the app users. The latitude and longitude values were then
paired and transformed to coordinates. 6371.00 was
chosen as the number of kilometers per radian. The epsilon
value was translated to radian and determined as 1.5
kilometers. The DBSCAN clustering algorithm was then
used to reduce the 4,336 points to 16 clusters. Then we
found out the most central point of all the clusters. The
cluster centers of each cluster are depicted on a map in Fig.
6.

TABLE IV. Top 10 MOST VISITED PLACES

Cluster Latitude Longitude Count
4 23. 8359 90.3739 1120
3 22.3307 91.8286 615
0 23.7443 90.4110 311
2 23.7127 90.4132 121
16 37.4220 -122.0840 112
1 23.7623 90.3652 83
5 24.2293 89.9599 38
6 23.7800 90.4065 22
9 23.7427 90.3927 21
11 23.875 90.2985 16
o]
25
) B Ty
S\ -\
v 6 2
e =
e

Figure 6. Cluster centers with K-means(a), Cluster centers with
DBSCAN (b).
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Initially, we applied K-means on the extracted GPS
sensor data. The k-means method divides an array of
coordinates into k clusters by grouping rows together.
However, because it reduces variance, k-means is not a
good method for geographical data [36]. More rows near
a specific location in the data set indicate a higher
likelihood of more rows being randomly selected for that
area. Therefore, many locations are missing from clusters
due to the random seed, and increasing the number of
clusters results in gaps throughout the data set. To
overcome this shortcoming, we decided to apply the
DBSCAN clustering algorithm. Fig. 6 shows that, with k-
means clustering on the same set of GPS sensor data, a
total of 7 cluster centers are identified, whereas, with
DBSCAN, the system gets 8 cluster centers. Hence, we
have used DBSCAN clustering for further analysis.

In DBSCAN clustering, we have used the silhouette
score to determine the optimal number of clusters. The
silhouette score that we got is 0.707, indicating that the
samples are distinguishable by the decision boundary
between two neighboring clusters.

o \ ®
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Figure 7. Cluster centers plotted on the map (a), all the Locations and
cluster centers are plotted (b).

After that, the cluster with the largest number of points
or coordinates is picked. Then we get the cluster’s most
central point. The cluster centers of each cluster are
depicted on a map in Fig. 7(a). Here, A, B, C, D, E, F, G,
H are cluster centers. The most visited area is identified
among these center points by plotting all the points with
the corresponding cluster center. As a result, the most
visited coordinates are found as shown in Fig. 7(b). The
yellow rings represent the center of that cluster. All the
coordinates are plotted with blue circles to indicate their
location. Fig. 7(b) shows that among the most visited
central point (A—H), the locations around central point G
is the most visited area by app users.

s

(a) (b)

Figure 8. All of the locations and cluster center coordinates of male
users are plotted(a), all of the locations and cluster center coordinates of
female users are plotted (b).
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From Fig. 8, it is clearly shown that there are more male
users (a) than female (b) participating in our study. In both
cases (a, b), the yellow marked circle represents the cluster
center in the map and blue points are the most visited
coordinates.

V. CONCLUSION

In this research, we have developed a mobile
application that collects sensor data and a web application
that processes and visualizes that data using machine
learning algorithms. We build our web application as an
analysis tool for survey analysis for any smartphone sensor
data. In this study, we have collected eight smartphone
sensor data through our android app. Then we extracted
the GPS data for spatial analysis, applied the DBSCAN
algorithm to find the most visited places, and presented
this analysis on our web app. The steps of a machine
learning analysis like pre-processing, filtering, training,
etc., are done on our web server, which hosts our machine
learning codes. Hence, we can easily view valuable
insights of sensor data captured through our android
application, such as demographic distribution or gender-
wise spatial behavior.

The study’s primary goal was to make machine learning
analysis of smartphone sensor data accessible to those with
no or limited machine learning experience. So that any
user or company can have a machine learning analysis on
smartphone data and get a result without developing and
hiring any developer and analyst. Using our mobile
application and the AutoML based web platform, they can
quickly get their desired outcome.

The main weakness of this study was the paucity of self-
optioned volunteers. Due to COVID-19, we cannot reach
people to collect data. Currently, we have 90+ users who
have been giving data continuously for more than a month.
More research using controlled trials is needed to analyze
the data more meaningfully. Further research includes the
development of the auto ML function in our web platform
and developing it so that it can cover most of the analysis
that can be done with smartphone sensor data.
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