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Abstract

The smartphone has become an important part of human life and with their in-
tegrated sensor ecosystem, they offer a practical platform for analyzing human
behavioral patterns. Traditionally, studies done till now in this domain have em-
ployed dedicated hardware or regular questionnaires to study human behaviors.
In order to better understand the psychology and behavior of college students, re-
searchers have used the smartphone as a measurement tool. As college life can be
a transition period for any student with respect to psychology and behavior. Us-
ing embedded sensors included in standard smartphones, we can leverage these
capabilities to track social interactions and examine students’ social context and
network strength.

A significant rise has been observed in research interest in crowd behavior
analysis and crowd density estimation, due to its crucial significance in ensuring
the seamless management of events. Indoor localization helps people in navi-
gating in indoor spaces. But the wealth of information regarding user’s location
inference is not being used in an efficient manner that is present with the servers
of indoor localization architecture. So here we propose a method of extending
indoor localization through Wi-Fi Connectivity information with the combination
of smartphones. We implemented an in-house app, Usage Tracker, that will auto-
matically collect data from its built-in sensors to analyze continuous sensing data
from 35 students of our institute for 5 weeks. After that preprocessing and algo-
rithms were applied to infer crowd estimation-related information and individual
user-level social behavior analysis were carried out.
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CHAPTER 1

Introduction

1.1 Era of smartphone’s evolution

Smartphones have become an integral part of people’s lives, they are now more
accessible and equipped with a great variety of applications, making them an in-
dispensable part of people’s daily lives. Instead of only being speech and internet
access devices, mobile phones are evolving into devices that can recognize a va-
riety of user-related activities. Smartphones are in people’s hands and on their
minds everywhere they look. People’s reliance on cell phones has grown expo-
nentially in recent years due to the increased usage of these devices[25]. These
phones have a multitude of applications that make life easier. In the last decade,
smartphones have supplanted other platforms as the go-to devices for socializing,
communication, entertainment, and many other activities. Many studies have al-
ready been conducted on how individuals use their smartphones, and a signif-
icant amount of data indicates that new digital devices are harmful to people’s
mental health[14]. In the last decade, the use of smartphones is rising as more
and more teenagers discover their devices for relaxation. Excessive usage of mo-
bile devices and smartphones is raising serious concerns due to the negative ef-
fects of such use on kids and teenagers. The effects of this technology appear to
lead to adjustments in human behavior, such as rising levels of phone addiction,
reduced physical activity such as walking, running, etc., more engagement online
and less in-person, and shifting sleep patterns or less sleep hours[25][23]. Mental
health includes emotional, psychological, and social well-being but all of these are
not prioritized which affects their mood and may lead to stress and anxiety.
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1.2 Smartphone Sensing Paradigm

Smartphones have become an essential element of the Internet of Things (IoT)
paradigm because their integrated sensor ecosystem offers a practical platform
for analyzing behavioral patterns in people. These devices have proven crucial in
a number of IoT-related fields, including smart cities and smart health, by mak-
ing it easier to monitor activities, identify different modes of transportation, and
analyze mobility patterns, among other uses. Recent developments in sensor tech-
nology have enabled pervasive sensing, which has transformed many areas of our
life. Notably, smartphones are equipped with a wide range of sensors, such as mi-
crophones, gyroscopes, barometers, light sensors, and proximity sensors. Using
machine learning algorithms to infer multiple aspects of human behavior, such
as physical activity, mobility patterns, location data, and social interactions, has
been considerably easier due to this comprehensive sensor suite. These develop-
ments have accelerated the mobile sensing paradigm, enabling a thorough un-
derstanding of behavioral patterns in people. Smartphone sensors can be used to
infer a variety of information about human behavior, including physical behavior,
which includes movement patterns and activity levels, and social behavior, which
includes the social dynamics of user and interpersonal interactions. Smartphone
sensing capabilities provide valuable means to gain deep insights into social in-
teractions, encompassing communication patterns and social networks.

1.3 Application of smartphone sensing

Smartphone sensing helps in keeping an eye on several health indicators of an
individual, which can be either physical health or mental health. They help in
tracking physical activity, sleeping patterns, excessive smartphone usage, and so-
cial behavioral patterns of an individual user on a daily basis [25][15][24]. Mental
health parameters such as stress, depression, and anxiety scale of individual users
can be inferred more accurately by correlating all mentioned behavioral measures
with wellbeing scores [3][28]. While the heart rate monitor and GPS track heart
rate, the accelerometer and gyroscope calculate steps, mobile unlocking patterns,
and burned calories. All the existing wellness mobile application’s core work in-
cludes results and analysis from the smartphone’s sensed data[7][27][5].
Sensor present inside smartphone such as magnetometer provides three-dimensional
magnetic field values and helps in developing navigation application. And makes
it easier for users to find the directions inside the indoor spaces by detecting
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the movement of the device and providing precise positioning data. The indoor
localization-based system uses Wi-Fi and Bluetooth sensors present inside phones
to estimate the crowd inside an indoor space by correlating proximity and loca-
tion for the purpose of event management and urban planning [31][29].

1.4 General process of smartphone sensing

The method by which smartphones gather information from numerous sensors
that are built into the device is referred to as "smartphone sensing." These sen-
sors enable a variety of applications and capabilities by enabling smartphones to
observe and engage with the real environment. Here is a general procedure for
smartphone sensing:

1. Sensor detection: The operating system of a smartphone recognises and
initialises the sensors that are installed in the device when it is turned on.
Usually, a sensors which are found in smartphones include accelerometers,
gyroscopes, magnetometers, proximity sensors, ambient light sensors, GPS
receivers, barometers, and cameras.

2. Sensor data acquisition: When the sensors are discovered, the smartphone
starts gathering data from them continuously. Each sort of sensor offers par-
ticular knowledge about an environment of the smartphone. For example,
the accelerometer measures acceleration forces, the gyroscope measures an-
gular velocity, the magnetometer measures magnetic fields, and the camera
captures visual information.

3. Data processing: The operating system and other software elements of the
smartphone process the sensor data that has been extracted. To obtain useful
information, raw sensor data is often processed and filtered. This may in-
volve applying algorithms for noise reduction, calibration, and data fusion,
combining information from multiple sensors to increase accuracy.

4. Contextual interpretation: The smartphone’s environment and user interac-
tions are taken into account as the processed sensor data is interpreted. For
instance, combining data from the accelerometer and gyroscope can help de-
termine the phone’s orientation like portrait or landscape, while GPS data
can provide information related to location.

5. Application integration: The smartphone’s applications get the access to
the interpreted sensor data. Through the proper application programming
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interfaces (APIs) that the operating system provides, app developers can
access certain sensor data. This allows applications to utilize the sensor data
to offer various functionalities like step counting, augmented reality, fitness
tracking, navigation, gesture recognition, and more.

6. User interaction: Smartphone sensing frequently involves user engagement.
Users can interact with the device through touchscreens, buttons, voice com-
mands, and gestures, which are also captured by the sensors. Applications
can leverage this interaction data to deliver intuitive and individualized
user experiences.

1.5 Motivation and Problem Statement

1.5.1 Motivation

In the present era, college students have increasingly become immersed in their
smartphones, devoting a substantial amount of time, approximately 6-7 hours per
day, to these devices[22]. The predominant factor behind this extensive mobile us-
age is the prevalence of social media platforms, particularly Instagram and What-
sApp and frequent mobile unlocks were also observed[16]. Consequently, this
excessive reliance on smartphones has had a profound impact on social engage-
ment, reducing opportunities for face-to-face interactions and diminishing socia-
bility. Regrettably, the prioritization of mental health, encompassing emotional,
psychological, and social well-being, often takes a backseat, leading to detrimen-
tal effects on mood, heightened stress levels, and anxiety [1] [19][14].

1.5.2 Problem Statement

The problem addressed in this thesis is inferring social interaction and crowd den-
sity without relying on wearable equipment or computer vision systems. The ob-
jective is to develop a smartphone sensing application that utilizes the built-in
sensors of a smartphone. By leveraging smartphones’ capabilities, this solution
provides a convenient and accessible method for measuring and understanding
social interaction and crowd density, eliminating the need for additional devices
or complex setups.
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1.6 Contribution in thesis

In this study, we are doing an experimental study using our in-house application
usage tracker, which will collect data from 35 students for 5 weeks from in-built
smartphone sensors such as a microphone, Wi-Fi, and Bluetooth sensors. We ob-
served the social interaction patterns, examining students’ social circles and their
discussion dynamics. Following is the list of Contributions:

• Duration of social interactions: The duration of social interactions of stu-
dents on a daily basis will give us insights into their social behavior.

• Frequent locations of social gatherings: By knowing the frequent location
where most of the students are socially engaged gives us an insight into the
places of the institute that are mostly preferred by students.

• Mobile usage during social interaction: During social involvement, the
amount of mobile usage gives us insights into their partial involvement in
the interaction.

• Small or Large group discussions: This will help us to get insights about
student’s social network and their dynamics, based on involvement they
prefer while interacting with others in form of either smaller or larger group.

• Crowd Density/Crowd behavioral analysis: In this, we find population
density, identify congested regions, and crowd flow patterns in sub-areas,
and detect peak usage patterns.

1.7 Organization of thesis

In this section, we will discuss the flow of the thesis organization.
Chapter 1(Introduction): This chapter briefly describes the evolution of smart-

phones in recent years, their rise as a smartphone-sensing paradigm, and the ef-
fects of it’s excessive mobile usage. Then I added motivation and a problem state-
ment for my thesis.

Chapter 2(Literature Survey): This chapter discusses the existing work where
social behaviors were inferred using regular questionnaires, and sensor-based ap-
proaches as well. It also discusses the different problems with RFID, extra hard-
ware infrastructure installation-based, and video surveillance-based crowd den-
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sity estimation work carried out to find crowd density. Also, it includes the vari-
ous indoor localization concept which helped us to understand the approach we
could use for implementing our idea.

Chapter 3(System Design): This chapter gives a brief about the entire method-
ology which includes, system design, usage tracker app, data collection, and data
prepossessing. It will briefly describe the entire data collection procedure and the
followed system architecture.

Chapter 4(Algorithm): This chapter includes three different algorithms that
were implemented on combinations of three different Wi-Fi, Bluetooth, and sen-
sor datasets.

Chapter 5(Results): This chapter gives insights into the student’s social inter-
action behavioral trends, frequent locations of student gatherings, student’s social
networks, and mobile usage while their social interaction.

Chapter 6(Crowd Density): Brief description of the need for crowd control and
management in public spaces, indoor localization-based Wi-Fi infrastructure ap-
proach and results of crowd density, and stay duration at each Wi-Fi APs of our
institute.

Chapter 7(Conclusion and Future Work): This chapter concludes the work
done in my thesis and also discusses the future work that could be carried out
to improve the work.
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CHAPTER 2

Literature Survey

In this Section, we have explored Different methods: Survey based methods,
Sensor-based methods, Bluetooth and RFID,Indoor Localization Systems and Cam-
era based Detection for collecting data to identify human behaviour and under-
stand the application of different sensors.

2.1 Survey Based methods

Griffioen, Nastasia et al.[14] used correlations and a comparison of the feeling
scores on the data, which was collected using the questionnaires phase. 110 out
of the 114 emerging adults in their sample (96.5%, n = 114) utilized their smart-
phones at some point. For instance, work in [2] utilizes mobile call logs, text mes-
sages, Wi-Fi and Bluetooth data, microphone and sensor data to related disorders,
such as loneliness, depression, stress, etc. The [2]study examines the relationship
between collaborative learning and students’ interaction skills.A total of 100 sec-
ondary school students received the survey form at random. The findings indicate
that students like group projects over solo ones.

2.2 Sensor based approaches

In [27], the Student life continuous sensing app assesses the day-to-day and week-
by-week impact of workload on stress, social dynamics, sociability, mental well-
being, and academic performance of a single class of 48 students across a 10-week
term at Dartmouth College using Android phones. BeWell adopted a practical
approach and develops a basic well-being model that may be expanded. A score
between 0 to 100 was associated with their social well-being, calculated by taking
the high and low amount of social interaction or face-to-face duration using lin-
ear regression but overestimates by 14% [7]. Work in [5] infers social behaviour
through Bluetooth IDs, microphone activity detection, SMS, call logs, and step
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counts. Work in [5] infers social behaviour through Bluetooth IDs, microphone
activity detection, SMS, call logs, and step counts. The application lets user to set
their goals for their well-being. In this work, [6] the authors presents a study with
24 participants where they were asked to socialize with each other for 45 min-
utes. Develops a system for detecting stationary(Not moving) social interactions
inside crowds using mobile sensing data such as Bluetooth Smart (BLE) and in
total, 99 one-to-one interactions were observed with a mean duration of 254.9sec
(±161.7) and 22 group interactions (i.e., interactions that include more than 1 two
participants) with a mean duration of 117.2sec (±139.4).

Matic et al. [11] aimed to detect face-to-face social interactions on a small spa-
tiotemporal scale relying on widely available sensing technologies. The approach
recognizes both speech activity and spatial settings among subjects. Zhang et al.
[33] proposes a solution based on mechanism not relying only on simply smart-
phone based sensors and uses bluetooth wearable tags, minimally invasive and
low-cost. This solution is based on the analysis of the RSSI emitted by BLE beacon
messages and received by the user personal device through a dedicated mobile
app.

Minshu et al. [8] investigates aspects and activity patterns of human social
interaction using location information and communication records obtained from
mobile phones. Movement patterns are included in activity patterns, which per-
tain to social interaction aspects, which are the temporal and spatial interactive
information.

2.3 Bluetooth and RFID based crowd density

Eight noninvasive bluetooth sensors were deployed on different floors through-
out the museum to analyze visitors’ behaviour and for estimating the crowd den-
sity [30]. And identified the length of stay at each node varies from 15 sec to 3 min,
according to monuments.To collect crowd positioning information, each visitor
was asked to wear a bracelet equipped with a proximity sensor that is available
at the museum to operate at conditions of high crowd density [10]. Weppner j.
et al. [29] Bluetooth scans to analyze social context and extends it with more ad-
vanced features, leveraging collaboration between close by devices and the use of
relative features that do not directly depend on the absolute number of devices in
the environment. and its shows over 75% recognition accuracy on seven discrete
classes.

The work presents in [32] an extensive review of state-of-the-art advances in
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detecting abnormal behaviour in dense crowds. The techniques are based on
range-free localization for detecting the direction and speed of the crowd move-
ment by surveying Radio Frequency Identification (RFID) and Wireless Sensor
Networks (WSN).

Versichele et al. [26] provides a case study of using Bluetooth sensing to track
visitors at a large-scale event. Bluetooth scanners at 22 locations throughout the
event area. Over the course of 10 days, the scanners detected over 100,000 devices,
corresponding to approximately 80,000 visitors. It also highlights the advantages
of Bluetooth sensing for event management and urban planning.Solmaz et al. [20]
present a study on human mobility models are key components of various re-
search fields, including transportation, mobile networks, disaster management,
urban planning, and epidemic modelling.

Yuan et al. [32] proposed a novel method for estimating crowd density using
wireless sensor networks (WSNs). The method uses the received signal strength
(RSSI) of radio signals to estimate the number of people in a given area. The paper
also discusses the potential applications of the method, such as crowd manage-
ment, traffic control, and disaster response.

Hussein et al. [18] presents an extensive review of state-of-the-art advances in
detecting abnormal behavior in dense crowds. The techniques are based on range-
free localization for detecting the direction and speed of the crowd movement.
Radio Frequency Identification (RFID) and Wireless Sensor Networks (WSN) are
surveyed.

Mohandes et al. [12] discusses the use of RFID technology to improve the
efficiency and safety of the Hajj pilgrimage. A prototype system was developed
and tested with a group of 1000 pilgrims from the Ivory Coast. The results of
the pilot study showed that the system was effective in identifying and tracking
pilgrims, and could be used to improve crowd control and safety during the Hajj
pilgrimage.

2.4 Indoor Localization System based crowd density

Tang et al. [21] proposed method for estimating crowd density by anonymous,
non-participatory, indoor Wi-Fi localization of smart phones.The approach is pred-
icated on the idea that estimating the population density in a specific area may be
done by counting the number of Wi-Fi probes produced by a smartphone. The
study’s findings demonstrate that the suggested method can precisely estimate
crowd density in a range of interior settings, including lecture halls, meeting
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spaces, and retail centers. Yuan Y, et al. [31] implemented two phase iterative
process,consists of crowd detection phase and calibration step works k-mean al-
gorithm and noise elimination, to perform experiments using 16 sensor nodes and
large scale simulations.It divides the level according to RSSI values received from
WSN.

Georgievska S. et al. [4] proposed a method to estimate crowd by anonymous,non-
participatory and indoor Wi-Fi localization of smartphones and uses big data an-
alytics and probabilistic models to overcome the ambiguity of Wi-Fi localization.
Pie et al. [17] approached crowd sensing is a promising approach for indoor lo-
calization using Wi-Fi access points (AP) and fingerprinting methods. With that,
they also used the signal strength of multiple access points to identify the 2-meter
range accuracy.

Nakatsuka et al.[13] proposed RSSI and LQI-based systems to develop a popu-
lar wireless network. They create a prototype system that integrates visual marker
detection to pinpoint the location, Web services to gather and share sensor data,
and augmented reality visualization to improve the estimated crowdedness.

2.5 Camera based Detection

Onkar S. et al. [9] provided a technique for wide-area surveillance applications
that uses video to estimate crowd density. The device can effectively estimate
the precise number of people and crowd velocity from crowded regions. The
technique first extracts moving objects from the movie using a foreground-based
technique. After that, the moving objects are categorized as either cars or people
using a feature-based approach.

Zhang et al. [34] suggested a method for estimating and mapping crowd den-
sity. The technique combines crowd semantic segmentation, crowd denoising,
and BP neural network to accomplish high-precision crowd extraction and den-
sity estimate in large scenes. The findings demonstrate that the approach can
reliably predict crowd density in large scenarios.

Ligun et al. [33] presented a video-based crowd density analysis and predic-
tion system for wide-area surveillance. The Accumulated Mosaic picture Differ-
ence (AMID) approach was used to get estimate of a crowd’s density several min-
utes in advance by using a multi-camera network. Numerous experiments carried
out in actual settings (such as a station, park, or mall) show the usefulness and re-
silience of the suggested strategy. The system has been employed in practical
applications.
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The literature has given us useful insights into current concepts and meth-
ods for estimating crowd density and social interaction. Various studies have ex-
plored the use of smartphone sensors and also referred to daily questionnaires for
analyzing the social behavior of users. Additionally, approaches utilizing RFID
technology, camera-based detection, and indoor localization systems have been
explored. But we can not rely on survey-based and complex hardware-related
methods. However, a comprehensive and infrastructure-free solution that lever-
ages the capabilities of smartphones for accurately measuring social interaction
and crowd density is still needed. Building upon the knowledge gained from the
literature, this thesis proposes a novel system design that utilizes a custom smart-
phone application called "Usage Tracker."
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CHAPTER 3

Methodology

This chapter will briefly discuss the entire methodology which includes, system
design, data collection, and data processing. This chapter will also give insights
into the system architecture that we have followed for the thesis.

3.1 System Design

Due to the lack of an all-in-one app that could sense sensor data and mobile us-
age, we created our own mobile application, called "Usage Tracker," that works on
smartphones with the Android operating system. Through built-in sensors inside
the smartphone, our application gathers data on the phone unlock, accelerometer,
microphone, light sensor, Bluetooth, and Wi-Fi. Our application is displayed in
Fig 3.1. The "Usage Tracker" app’s user interface has been kept basic and straight-
forward. The application will automatically function in the background. It is not
required to track the process or the scanning of the data. The user only needs to
enable "Record activity" on the toggle for the app to be running in the background.

The "Usage Tracker" app keeps the user experience smooth by reducing unnec-
essary notifications and avoiding unwanted interruptions. The "Usage Tracker"
application carefully captures sensor data in real time and effectively maintains
the value or information for each sensor in a CSV file, ensuring precise and struc-
tured entries. Users have the option to manually export data at any time via the
interface, either as a CSV file or a raw database (DB) file. Since the data was pro-
duced by sensors, it was guaranteed to be accurate and free from any potential
manipulation by users.

12



Figure 3.1: Usage Tracker App

Since there wasn’t a third-party application that offered all the necessary in-
formation, it had to be tried, tested, and secured. The 0.5 Hz rate of sampling
was chosen. We installed our software as an .APK file, which is the file format for
applications used on the Android operating system, on each participant’s phone
after explaining the data-gathering method and study process.

We have beta tested the app on many Android devices to ensure that it runs
successfully on various versions from Android 6.0 to the latest Android 12.0. It
also shows compatibility with all of the specified versions of Android.
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3.2 System Architecture

In the system architecture shown in Fig 3.2, the usage tracker app plays a cen-
tral role in collecting continuous sensing data from various inbuilt sensors avail-
able on the users’ devices. These sensors include the accelerometer, gyroscope,
Bluetooth, microphone, and Wi-Fi. The app continuously gathers data from these
sensors, capturing information about users, and collected sensor data is used to
capture physical activities, device interactions, Bluetooth interactions, ambient
sound, and Wi-Fi connectivity.

All the collected data is stored in a CSV (Comma-Separated Values) format.
Storing the data in this format allows for easy organization, and analysis using
various data processing tools and techniques.

Figure 3.2: System Architecture

After applying the preprocessing techniques to the entire datasets, we pro-
ceeded with the application of various algorithms and scripts to extract meaning-
ful insights and identify behavioral patterns among the students, which will be
covered in upcoming chapters. By combining the three datasets, we were able to
derive valuable insights that shed light on different aspects of student behavior.
Such as the sociability level of students, the frequent location where most of the
students gather, sociability patterns, the type of interaction performed by students
be it single or group discussions, and their crowd density and mobility-based pat-
terns.
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3.3 Data Collection

The data collection exercise in our study targeted students who were pursuing
undergraduate and postgraduate programs. The total population consisted of 35
students, with 20 men and 15 women. Out of these participants, 22 were enrolled
in undergraduate programs, while 13 were pursuing postgraduate studies. This
approach enabled us to include students from a wide range of academic back-
grounds, ensuring diversity in our study population. To ensure the voluntary
participation of students, we advertised the opportunity to take part in the study.
Interested individuals were then required to provide their consent to share app
usage and sensor data from their mobile phones. By obtaining informed con-
sent, we respected the privacy of the participants, as they had the freedom to
decide whether they wanted to contribute their data to the study. Once the par-
ticipants were recruited, we provided them with a detailed explanation of the
app’s functionality and purpose. This included information on the installation
process, data storage, and exporting format. It was essential for the students to
have a clear understanding of how the app would collect and handle their data
to ensure transparency and build trust in the research process. The average age
of the participants was determined to be 23 years, with a standard deviation of 3
years (±3). This age range suggests that the majority of the participants fell within
a relatively young and similar age group, which could potentially minimize the
impact of age-related variations on the study findings.

3.4 Dataset

The data we collected through the usage tracker app, was stored in google drive
and the dataset contains the following different sensed data during the experi-
mental period.

• Wi-Fi DataSet: The Wi-Fi data-set gives an idea regarding at one given time-
stamp students are present at which Wi-Fi APs of the institute along with its
IP address throughout the day using Wi-Fi sensor.

• Sensor DataSet:The Sensor data set comprises three types of sensor data
collected throughout each day that is an accelerometer, microphone, and
mobile unlock count.

• Bluetooth Dataset:The Bluetooth dataset contains information about dis-
coverable devices that are detected using the Bluetooth. It records the pres-
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ence of other Bluetooth devices within range of the students’ devices through-
out at the frequency of 5 sec.

The data was collected at one sample every five mins. We received an average
of 20 hr/day of data from each of the 40 participants. We collected a total of
3,36,357 data samples which contain each student’s WiFi connectivity throughout
the day. The below shows the sample dataset record in Fig 3.3. The table shows
the date and time at which a particular student id’s mobile phone is connected to
WiFi APs across the campus.

Figure 3.3: Sample WiFi Data Records

The data shows the date, timestamp, i/p address, and the ID of the WiFi access
points at the institute.

3.5 Data preprocessing

Data preprocessing plays a crucial role in data analysis as it involves transforming
raw data into a format suitable for further analysis. It is an essential step in the
data analysis pipeline that helps ensure the quality, consistency, and reliability of
the data, leading to more accurate and meaningful results. Data aggregation was
carried out to combine each 40 students’ separate 35 days’ data files into one com-
bined CSV different for each three datasets sensor, WiFi and Bluetooth to have a
combined dataset. Data preprocessing was conducted to filter out invalid data
and transform the data into desired forms. We collected a total of 3,36,357 WiFi
interaction data samples which contain each student’s WiFi connectivity through-
out the day each at a 5-minute time interval. Those WiFi ids could be another
person’s mobile or laptop hotspot or the WiFi Access Points of the institute. The
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data is filtered to consider only the major Wifi APs such that all the different loca-
tions are covered. We get a total of 3,21,457 records after the filteration as shown
in Fig 3.3

3.5.1 Data Timestamp Conversion

As we are collecting continuous sensor data from our app, each dataset has a
timestamp column. In the timestamp column, data was present in HH:MM: SS
12-hour format without specifying AM/PM. So converting the timestamp into a
24-hour format to make it analysis compatible was really important to make data
more readable and understandable the way data changes with time.

Applying timestamp conversion to each different data file such as Wi-Fi, Blue-
tooth data, or sensors from the dataset was really important as by using a stan-
dardized timestamp format, it becomes easier to perform sorting, grouping, and
comparison operations based on time. Converting the timestamp from a 12-hour
format without AM/PM to a 24-hour format improves the compatibility, read-
ability, and consistency of the data, enabling effective time-based analysis and
interpretation. It ensures that all the data points have a standardized timestamp
format, facilitating seamless integration and analysis of multiple datasets.

Python’s pandas and numpy libraries function helped to carry out data pre-
processing. Some of those functions are pivot_table, replace, sort_values, merge,
unique, random, describe, reshape, concatenate, etc.
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CHAPTER 4

Algorithm

This chapter includes three different algorithms that were implemented on a com-
bination of different datasets that were available with us to derive important in-
sights.

4.1 Social Interactions

To estimate the duration of social interaction, we utilize microphone sensor data
collected from the microphone that captures ambient sounds, including both vo-
cal and non-vocal components. By analyzing the recorded data, which includes
both noisy vocal data and quiet non-vocal data, we can determine the duration of
the student’s social engagement. To determine the total hours of social interaction,
interaction during lecture timings needs to be excluded. To find the places where
students are socially engaged frequently, we require both vocal microphone sen-
sor data as well as Wi-Fi data. Fig 4.1 shows the overall flow and the algorithm
will give a detailed idea about it. This work focuses on the parallel analysis of
row-by-row data from Wi-Fi and microphone sources. By synchronizing the data
using a shared timestamp, we aim to identify the location where a student is en-
gaged in vocal interactions at a specific time.

Input to algorithm 1, microphone sensor data csv and network data csv for
each student for same day. Here we want to find the frequent preferred locations
and the duration of social interaction performed in the different areas of institute
by each student on single day.

Algorithm 1 will iterate through each row of sensor data csv and it will check
whether sensor data’s microphone label is vocal or environmental noise.If row
data found some interactions then at that moment we have to check each Wi-Fi
data entry till the time of detected social interaction is present in between the
start_time and end_time of particular location’s duration in network data. Here
we find the respective location from the network data where vocal interaction has
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Figure 4.1: Location wise Social Interaction

been found. Here row_loc[‘Wi-Fi AP’] gives us the name of particular Wi-Fi AP
and row_sensor[‘time’] shows the timestamp of sensor data-entry. We store the
row_loc[‘Wi-Fi AP’] and row_sensor[‘time’] in respective two attributes location
and duration. They will be stored in the result_df as two new attributes,and in
each iteration they will get appended.

Algorithm 1: Vocal Detection
input : Two data files Sensor and Location as CSV
output: location wise social interaction

1 for row_sensor ∈ sensor_data_csv do
2 for row_location ∈ n/w_data_csv do
3 if Microphone_Label == "VOCAL" then
4 if row_loc[’start_time’] ≤ row_sensor[’time] ≤ row[’end_time] then
5 time = row_sensor[’time’]
6 location = row_loc[’Wi-Fi AP’]
7 result_df[’duration’] = time
8 result_df[’location’] = location

9 location_data = result_df.groupby[’location’]([’duration’].sum())

After all the iterations,result_df will be group the data by location and will
calculate the total interactions performed by students at each location. This data
helps us into getting insights for all students for entire data experiment duration
and get insights into preferred location where students involved in social engage-
ment.
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4.2 Small group or large group interaction involve-

ment

Increasing levels of phone addiction brings more social engagement online or
through social media applications, and less interpersonal or face-to-face conver-
sations. As we examined the duration of students’ social involvement in the pre-
vious section, another important aspect to better understand students’ social be-
havior is exploring campus-level social networks. A student’s social circle and
level of interpersonal involvement can be determined by counting the number of
other students or friends they interact with on a regular basis.

Another social behavior of a student is the type of conversation, the student
is more interested in smaller group interaction or larger group interaction. While
evaluating a student’s social behavior, it is crucial to understand the kind of dis-
cussion they prefer, whether in a large group or small group. Small group dis-
cussions refers to 1-4 students, and large group discussions involves 5 or more
students.

To achieve this, we can analyze both the sensor data and the Bluetooth scans
data. The sensor data contains information about whether a detached conver-
sation is vocal or non-vocal. Bluetooth scans data provides timestamp-wise en-
tries for all detected devices within range. The flow diagram of this procedure is
shown here in Fig 4.2 By determining timestamp-based matching we can find the
number of unique students/peers with a particular student communicates. Social
interaction detection is presented in algorithm 2.

Figure 4.2: Interaction Detection Diagram
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Algorithm 2: Interaction Detection
input : bluetooth and sensor data csv files
output: interaction: small group or large group

1 Define variable called detected_devices.
2 for row_sensor ∈ sensor_data do
3 if Microphone_Label == "VOCAL" then
4 for row_bt ∈ bluetooth_data do
5 if row_bt[’time’] in row_sensor[’timestamp’,’timestamp_interval’]

then
6 detected_devices = row_bt([’time’],row_bt[’device’])

7 no_of_devices=len(detected_devices[1])
8 if no_of_devices ∈ [1,4] then
9 interaction← small group

10 else
11 interaction← large group

Input to algorithm 2 will be two csv files, microphone sensor data csv and
bluetooth data csv for each student for same day. Here we want to find num-
ber of people involved in each detected vocal interaction. Algorithm will iterate
through each row of sensor data csv and it will check if that sensor data’s Micro-
phone_Label has value vocal or quiet,if Microphone_Label is Vocal then it will
iterate through row by row bluetooth data csv,until time of bluetooth scan fall in
duration of that vocal interaction.Then it will store time and all the unique devices
of bluetooth scan into a dictionary called detected_devices. To find the number of
communicating devices length of unique detected device was measured and then
based on the length if it fell within the range of 1-4, the interaction was termed to
be representative of a small group. Conversely, if the number of detected devices
exceeded this range, the interaction was termed as large group.

This way we found the number of people and type of discussion involvement
preferred by all the students on daily basis during data experiment period which
provide insights into their social dynamics.

4.3 Mobile Usage With Social Interaction

The frequency of mobile device usage during social interactions is a significant
aspect to investigate, as it gives insights into the impact of mobile technology on
interpersonal communications and social dynamics. It is essential to assess the
extent to which students utilize their mobile devices while engaging with others.
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Gaining insights into this behavior can provide a valuable understanding of the
way mobile technology influences interpersonal communication and social dy-
namics.

We can determine mobile usage during social engagement by calculating gen-
eral mobile usage and duration of unlocks that are happening during vocal inter-
actions. We have the csv file containing sensor data comprised of mobile unlocks
events and vocal annotations. The algorithm 3 will give a detailed idea about our
approach to measure the level of mobile device usage specifically during social
engagement.

We have sensor data csv consisting of mobile unlock events and vocal data,
and want to determine amount of mobile usage during the social interaction to
identify number of time a student unlock his/her smartphone and duration of
mobile usage during that time.

Algorithm 3: Mobile usage while interaction
input : sensor_data csv contains unlock counts and vocal data
output: mobile usage data during vocal interaction

1 for row_sensor ∈ sensor_data do
2 if row_sensor[’microphone_label’] == "VOCAL" then
3 if row_sensor[’phone_unlock_count’] !=

next_row_sensor[’phone_unlock_count’] then
4 phone_unlock_count=phone_unlock_count+1

5 Mobile_Usage← Calculate time duration of phone_unlock_count

In algorithm 3, while iterating through csv file the first thing we check is that
microphone_label is vocal or not,if vocal interaction has been captured then in the
same file check if the phone_unlocks is changing or not with respect to the next
row.If phone_unlocks is not same then phone_unlocks must have changed which
shows the unlock of phone and then based on that we will be able to get the count
of unlock_events and calculate the time duration of the interaction to find mobile
usage.The resulting output includes the count of vocal events and the count of
unlock changes specifically related to the vocal label.
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CHAPTER 5

Results and Discussion

5.1 Social behavioural trend

An average interaction hour of all students was calculated on each day and pre-
sented as a graph, the plot of the graph is fluctuating which represents distinct be-
haviors of students on individual days. To observe their social behavioral trend,
the average interpersonal communication of all students on each day is plotted in
the following Fig 5.1. The average social interaction hour was around 4.8±1.9.

On the range of days (out of 30) 5-8, 12-15,19-20, and 26-29 there was mod-
erate interaction duration observed ranging from 3.2 - 3.9 hours approx due to
students having lectures, assignments, deadlines, etc on weekdays. In our ex-
perimental period, students were having examinations from days 6-8 around so
1.9 to 2.1 hours of average interaction was observed which was considerably less
than any other day due to the busy study schedule highlighted using green la-
bels. During the weekend, students were found having approx. 4.1 to 5 hours of
interaction/discussion which shows students were more socially active with their
friends, partying, or going out. Exams affected the weekend due to which com-
paratively less interaction was observed from days 2-4. From the graph, red labels
were observed on days 16-18 for most social interactions, students gathering were
found around 5.8 to 6.1 hours due to the technical fest organized at the institute.
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Figure 5.1: Social Behavioural Trend

5.2 Vocal Interaction at various Wi-Fi APs

This result shows the range of social interactions that happened at different loca-
tions of our institute. By visualizing the box plot, we observed the social inter-
action duration distribution over various locations. Students socially engaged in
the canteen for around 22 minutes to 85 minutes 50% of the total interaction at
the canteen happened around 25-30 mins and approx. 75% of the interaction that
happened in the canteen lasted for 45 mins. And in a hostel, 25% of the social
interaction happens for around 60 mins, and 50% of the total interaction that hap-
pened at the hostel lasts for 1.9 hours. The social interactions among students that
happens at the canteen last sometimes approx. 3 hours - 4.5 hours which was ob-
served on the tech-fest in our institute. At the library, students are comparatively
less socialized, and 75% of social interaction duration noticed was for approx. 27-
28 minutes. At the lecture hall, many time social interaction were observed that
were due to classroom interaction, and sometimes outliers for around 2-3 hours
was observed due to organized workshop. And 50% of interaction was observed
at the hostel, which was approximately 1.5 times more than the total social en-
gagement observed among students at a different location. This shows us that
student most of the time gathers at a hostel, then the canteen, followed by lecture
halls and lab buildings.
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Figure 5.2: Location-wise social interaction

5.3 Small or large group discussions

Identifying the kind of interaction/discussions preferred by students will give in-
sights into their level of sociability. Fig 5.3, shows the avg amount of small group
and large group interaction(%) performed by 35 students during their data exper-
iment period. From the graph, we can infer that almost about 70% of students
were more involved in small group discussions in comparison with large group
discussions during the experimental period which shows that they prefer interac-
tion with less no. of people rather big groups. There are 20% of the students also
interested more in large group interaction rather than small group which gives us
insights that students are more interested in large group discussions and activi-
ties. And remaining 10% would prefer both smaller and larger group interaction
equally. This shows the diversity of students’ behavior in their social circle. The
preference for smaller or larger group discussions among students holds signifi-
cant implications for their social development and overall well-being.
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Figure 5.3: Large and Small Group Interaction

5.4 Mobile usage while social interaction

This graph shows a combined result of mobile usage and social interaction. It
shows the average smartphone usage of 30 students during social interaction. Out
of the total time of social interaction, approximately on average 45% of the respec-
tive total time, 80% of students are using mobile while interacting which shows a
lack of social engagement or distraction in talking. While there were also 10% of
students, who are more interested in social engagement by having approx,30-35%
of their total time on mobile.

Figure 5.4: Mobile Usage while interaction
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CHAPTER 6

Crowd Density

In this chapter, we will explore crowd density variations in different sublocations,
examine crowd movement patterns, analyze crowd mobility, and visualize crowd
flow movements.

6.1 Crowd Density

Crowd density refers to the number of people that are present in a given indoor
space. Recent years have seen a significant rise in research interest in crowd be-
havior analysis and crowd density estimation, especially because of their critical
importance in promising the smooth organization of events. Effective crowd man-
agement and monitoring strategies have become essential for modeling and con-
structing public spaces such as shopping malls, temples, stadiums, and airports,
aiming to prevent hazardous conditions.

Understanding occupancy levels, improving space utilization, and increasing
both the administrative and visitor experiences depend on the analysis of the most
frequently used locations and the identification of peak usage hours. Existing
methods for estimating crowd density, however, frequently call for additional in-
frastructure or hardware configuration, complicating installations and restricting
their ability to be widely used.

Existing work in these areas demands extra hardware-based infrastructure
and video surveillance-based techniques such as Bluetooth sensors and CCTV
installment have been carried out to estimate crowd density but are not much ef-
ficient due to light constraints at night time [31][13] To collect crowd positioning
information, each visitor was asked to wear a bracelet equipped with a proxim-
ity sensor that is available at the museum to operate in conditions of high crowd
density[10].

The main goal of this study is to create a system for measuring and estimating
crowd density using Wi-Fi connectivity data using a smartphone sensor. Wi-Fi
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access is becoming widespread in public areas, and making use of this already-
existing infrastructure presents a promising method for crowd research and mon-
itoring without the expense and inconvenience of installing invasive technology.
For the advantage of both administrators and visitors, it is feasible to evaluate
population density, identify congested regions, and crowd flow patterns in sub-
areas, and detect peak usage patterns by utilizing the data provided by Wi-Fi
networks.

6.2 Indoor Localization

Indoor localization looks at estimating the location of users in indoor spaces and
further extending the system to navigate them to their destination within indoor
environments where GPS signals are limited or unreliable. Most indoor localiza-
tion systems have a client-server architecture and concentrate on locating indi-
vidual users, primarily smartphones. The server determines and communicates
the user’s location while ignoring the vast amount of collective data that includes
the spatiotemporal distribution of activities, mobility patterns, and facility utiliza-
tion within buildings. Such a system typically utilizes a combination of hardware
and software components to determine the location of objects or people within
a building or enclosed space. Indoor localization systems can be implemented
using many techniques, such as Wi-Fi, Bluetooth, Computer vision, and inertial
sensors [21].

In indoor localization systems, the minimal attention paid to user location in-
ference often ends in a neglect of the vast amount of available collective infor-
mation. By transferring the focus to the server side, a thorough understanding
of crowd behavior can be gained, enabling the deployment of crucial services
like improving facility planning, maintaining crowd flow, and maximizing space
utilization. Exploring a server’s perspective can reveal valuable data, improve
system performance, as well as improve user experience.

Smartphones have become an integral part of human life. With the embedded
sensor ecosystem, these devices offer a practical platform for analyzing human
behavioral patterns. A significant rise has been observed in research interest in
crowd behavior analysis and crowd density estimation, due to its crucial signifi-
cance in ensuring the seamless management of events. The majority of the work,
however, aims at locating an individual in an indoor space leading to a multi-
tude of indoor localization solutions. But the wealth of information regarding
user’s location inference is not being used in an efficient manner that is present
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with the servers of indoor localization architecture. So here we propose a method
of extending indoor localization through Wi-Fi connectivity information obtained
from users’ smartphones. The proposed approach is briefly explained in section
6.3.

6.3 Proposed Method

The proposed method here is an extension to an indoor localization system pri-
marily using smartphone and Wi-Fi APs n/w.In order to simplify the process of
monitoring crowd density and analyzing mobility patterns in indoor spaces, we
propose utilizing existing Wi-Fi AP and smartphones. By collectively examining
server-based information retrieval and access point data, we can develop a crowd
density-based estimation system.

In this system, we consider a scenario where N Wi-Fi AP is present in a pub-
lic area. Each access point may have multiple connected gadgets at any given
time, and these connected devices can move between various Wi-Fi AP. We can
count the number of these devices present at a specific moment per AP, define
prime AP usage times, and examine mobility trends by tracking devices across
several Wi-Fi AP by tracking their movements. We want to make it simpler via
already-installed Wi-Fi AP and a smartphone-based solution, which will gather
information from each roaming user. Since users moving through an indoor area
will undoubtedly connect to Wi-Fi infrastructure it will be easy to gather infor-
mation. Consider below Fig 6.1 to understand the given work. We suggest an
Android software named "Usage Tracker" that combines in-built sensors and a
Wi-Fi sensor to simplify the implementation. This app gives data about which
Wi-Fi AP a user is currently connected to in real-time. The Usage Tracker app is
lightweight and doesn’t occupy much storage. As users move from one AP to
another during the day while using the Usage Tracker software installed on their
mobile devices, location inference data is gathered into a CSV file.

We can extract crowd density, identify mobility trends, and monitor user move-
ments at multiple Wi-Fi APs by merging indoor location-based Wi-Fi connectivity
information with smartphone sensor data gathered by the Usage Tracker app.

As described in section 3.1, we conducted a study where the Usage Tracker app
was installed on the mobile phones of 40 students all over a data collection period
of 5 weeks in order to gain insights into crowd behavior within our institute. And
we applied data preprocessing, algorithms on collected data to find significant
results.
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Figure 6.1: Architecture of proposed approach
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6.4 Algorithm and Data Preprocessing

6.4.1 Login and Logout time identification

The algorithm 4 is designed to analyze the mobility patterns of students by track-
ing connections to various Wi-Fi AP and capturing their movements over time.
It also helps in estimating the duration or amount of time a student connected to
particular Wi-Fi AP by using the login time and logout time of each connection. It
also helps in finding crowd density at different Wi-Fi AP with changing times.

Algorithm 4: Login-time and Logout-time at Wi-Fi AP
input : network data csv
output: time_loc_dict: login and logout time for each Wi-Fi APs

1 time_loc_dict= { }
2 previous_Wi-Fi=None
3 for row in Wi-Fi_data do
4 current_Wi-Fi=getattr(row[’Wi-Fi ID’])
5 if previous_Wi-Fi is None then
6 time_list.append(getattr(row[’Hour’])

7 else
8 if current_Wi-Fi!=previous_Wi-Fi then
9 time_list.append(getattr(prev_row[’Hour’]))

10 time_list.append(getattr(row[’Hour’]))

11 previous_Wi-Fi=current_Wi-Fi
12 previous_row=row

13 convert time_list into time_loc_dict by making sublist of time_list into 2
part as login and logout time

14 for time in time_list do
15 location=getattr(row[’Wi-Fi ID’])
16 time_loc_dict.append([time[0],location])

The algorithm takes a CSV file containing network data, including the date,
time instance, connected Wi-Fi APs, and their IP addresses. It analyzes the data to
determine the start time and end time for each Wi-Fi AP throughout the day. To
find the changing location, we need to access track the previous row and the cur-
rent row’s Wi-Fi APs. It will iterate through each row of network data and it will
store the current Wi-Fi AP’s value and will also update the previous Wi-Fi AP’s
value. It will check the conditions of the current Wi-Fi and previous Wi-Fi and if
both of them are not the same means the student has moved from one to another
location. Then those time instances at the previous row and current row both will
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be stored in a dictionary as time_list and with the Wi-Fi APs. After the loop com-
pletion, time_list will be divided into two parts and given name start_time and
end_time with Wi-Fi AP’s.

This way we will be able to find the correct login time and logout time at a
particular Wi-Fi APs for all students throughout the entire data experiment period
which will eventually help us to identify crowd behavior analysis.

6.4.2 Data Polishing

In order to ensure an accurate analysis of student behavioral patterns, a data pol-
ishing technique was applied to refine the timestamp data. The goal of this tech-
nique was to standardize the time values and account for the presence of specific
IDs during the first_connect and last_connect instances at different locations.

The data polishing process involved adjusting the timestamp values to align
them with a consistent interval, thus enabling more meaningful analysis. Specif-
ically, the original timestamp data were rounded to the nearest multiple of 10
minutes. This rounding approach allowed for the creation of fixed time intervals
and facilitated the identification of crowd density patterns.

To achieve this, the minutes component of each timestamp was evaluated to
determine its proximity to the nearest multiple of 10. If the difference between the
minutes and the nearest multiple of 10 was equal to or greater than 5, the minutes
were adjusted forward to the next multiple of 10. Conversely, if the difference
was less than 5, the minutes were adjusted back to the previous multiple of 10.
This adjustment ensured that the timestamps were aligned with the appropriate
time intervals for subsequent analysis. By applying this data polishing technique,
the timestamp data was effectively prepared for further analysis, such as data
binning. The rounded timestamps ensured that the data could be grouped into
fixed time intervals, allowing for the identification of meaningful crowd density
patterns.

6.4.3 Data Binning

To analyze data more effectively and to derive meaningful insights in finding
smaller duration crowd density, it is necessary to divide the login time and lo-
gout time into smaller time intervals. Data binning helps us to group the data
based on specific time intervals, in this case, 10-minute intervals. By dividing the
login and logout time into 10-minute intervals, we were able to find more insights
into crowd density at each Wi-Fi APs in more detail.
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For example, consider a scenario where the login_time is 10:10 and the logout_time
is 12:00, indicating a time period of almost two hours. Dividing this time period
into 10-minute intervals allows us to break down the data into multiple smaller
segments, such as 10:10-10:20, 10:20-10:30, and so on. This facilitates the analy-
sis of user activity and behavior within each specific interval, providing valuable
insights into the patterns and trends that may emerge.

6.4.4 Time-based movements between different wifi AP

Finding time-based movements of the number of students moving from one lo-
cation to another location will give us insights into how much amount of time a
crowd moves. After applying data polishing and data binning on login time and
logout time data, it will give us divided time intervals. For example, if a student
stays at the hostel for 30 mins the input to this algorithm will be 6 5 mins time
interval-based entries where the student is connected to the hostel.

To implement algorithm 5, we need 3 hashmap variables namely hm1,hm2,
and hm3. hm1 represents the input CSV file given to it as is by mapping stu-
dent_id to a particular location with respective current_log_in time which shows
the initial step in time for that student at the given location. hm2 is constructed
from hm1 which gives the mapping of current_log_in time to particular stru-
dent_id along with the respective location. To get the crowd movement from one
location to another location, we travsere hm2 and collect the current_log_in time
for particular location and store it in prev_log_in_time variable. Then we fetch
the details of previous_location and current_location for particular student from
hm2 based on prev_log_in_time and current_log_in_time respectively. Moreover,
take one list to store the count of students moving from previous_location to cur-
rent_location in 5 minute of time intervals. To store these details in the list hm3
used, It represents the mapping of current_log_in time to list of crowd movement
count happening between respective previous_location and current_location. When-
ever hm3 contains current_log_in_time, movement count is incremented for par-
ticular pair of previous_location-current_location for respective current_log_in
time present in hm3 else movement count is set to 1 for the same.
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Algorithm 5: Crowd Movement Analysis
input : CSV file with first and last connect details at a particular location

for every student
output: Crowd movement count from every source to destination

1 Take hm1 = HashMap<s_id, <curr_login_time,location>>
2 Generate hm2 = HashMap<curr_login_time,<s_id,location>>
3 list=[]
4 movementCount=0
5 flag=1
6 for ∀curr_login_time ∈ hm2 do
7 if flag==1 then
8 prev_login_time=curr_login_time flag=0

9 else
10 for ∀value ∈ hm2 do
11 prev_location← location wrt prev_login_time
12 curr_location← location wrt curr_login_time
13 list← student_count(prev_location,curr_location)
14 Take hm3 = HashMap<curr_login_time ,

list[movementCount]>
15 if prev_location!=curr_location then
16 if curr_login_time ∈ hm3 then
17 movementCount=count(list(prev_location,curr_location))+

1
18 else
19 movementCount=count(list(prev_location,curr_location))=1

20 prev_log_in_time=current_log_in_time
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6.5 Results

In this, we have analysed the Crowd Density at Different Locations,Crowd move-
ments and the frequency of crowd movements.

6.5.1 Crowd Density at Different Locations

6.5.1.1 Crowd density at hostel location

Fig 6.2 shows the crowd density at the hostel location during different time slots
throughout the day, which will help us estimate the crowd at the hostel location.
In the morning, 8–9, approx 45% to 82% of students stay at the hostel. Some
crowd changes according to different circumstances, as some students might have
a lecture at morning 8 AM, or some might go to the Cafeteria. Midnight 10–12 are
the prime time slots where most of the approx 65 % to 90% of students stay in
the hostel. In the afternoon time slot, that is, 2-5 PM, around 50% to 70% of the
total students were found to be present at the hostel. At midnight 12 PM- 7 AM
morning almost all of the students stay at the hostel.

Figure 6.2: Crowd density at Hostel
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6.5.1.2 Crowd density at lecture hall location

Fig 6.3 shows the crowd density at the Cep/lecture hall. In the morning, 8-9 AM,
on average, around 25% to 50% students stay at cep because of lecture timings.
From 9 AM-12 PM morning, around 40% - 80% of the students stay at CEP. Dur-
ing the two-day afternoon, the workshop was held at the Cep building around
2:30 PM - 4:30 PM in our data experiment period, so 30% of the relevant crowd
was present. Otherwise, lectures and seminars/workshops are not much utilized
throughout the day.

Figure 6.3: Crowd density at Lecture Hall

6.5.1.3 Crowd density at cafeteria location

Fig 6.4 shows crowd density at cafeteria locations at different time slots of the day.
The crowd will be present at the cafeteria location mainly at breakfast, lunch, and
dinner timings. However around 10% - 25% of the crowd will always be present
at the cafeteria throughout the day. During the morning 8 AM - 9 AM around
12% to 20% of students will be present at the canteen location, but during those
times some students also may present at the hostel location and may be attending
lectures. Due to that more crowd is visible at around 9 AM - 11 AM. During lunch
timings from 12:00 AM- 2 PM on an average 65% to 75%, the crowd is the present
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canteen. And at dinner from 7 PM - 9 PM around 50% - 65% of the students from
the total crowd present at the canteen. Students also tend to spend time at the
canteen from midnight 10 PM-12 PM.

Figure 6.4: Crowd density at Cafeteria

6.5.2 Access Duration per Wi-Fi AP

This graph shows the amount of time spent by the crowd during the entire ex-
perimental duration at each Wi-Fi APs. This helps us in understanding where
the crowd resides throughout a day on average. At the Lecture Hall, the crowd
spends time within the range of 15 mins to 3.3 hours. At the cafeteria, the crowd
spends around min 20 minutes to 3 hours. In the library, the crowd spends around
7-8 mins to 1.7 hours with an average of around 50 min. At the Hostel, the location
crowd spends around 7 hr - 16 hr with an average of 12.5 hr. At the lab building,
students spend around 15-20 mins to 1.6 hr with an average of 45 mins. From this
box plot, we can see access duration at various Wi-Fi - APs of the institute. This
will help us in identifying the maximum, minimum, and average amount spent
by crowds at different Wi-Fi APs. One important insight which can be inferred is
that there are some outliers as well other than average crowd access behavior as
described here. We can also infer that one of the most used Wi-Fi AP is the hostel,
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which will be used even 55% - 60% more than all combined locations.

Figure 6.5: Access Duration of each Wi-Fi AP

6.5.3 Patterns of crowd density

Analyzing crowd density across different events or categorizations based on Wi-
Fi AP is very essential to understand their behavior. Fig 6.6, shows four different
events such as regular days, exams,tech-fest, and weekends and analyzes crowd
density at four different Wi-Fi APs during our experiments. We analyzed that
Cep, labs, and faculty block are the least visited places by the crowd on weekends.
During the technical festival organized at our institute canteen becomes one of the
most useful places and then followed by the hostel and library. And during the
exams, CEP, Hostel, and library are one of the most utilized places.

Using this one of the most useful insights is that different places will be utilized
by crowds on different occasions.
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Figure 6.6: Crowd patterns during different events

6.5.4 Crowd Heatmap

The analysis of the crowd density heatmap reveals interesting patterns during
different time slots on the DAIICT campus. Fig 6.7a, represents the duration be-
tween 12 am to 8 am, it is observed that students predominantly stay in their hos-
tels during this period. Moving on to the next time slot, from 8 am to 12 pm, Fig
6.7b depicts that students have their lectures in the CEP block, resulting in a high
concentration of students in that area. Additionally, a smaller number of students
can be seen in the hostels and resource-center during this time. The afternoon
time slots are divided into two intervals. The first interval, from 12 pm to 2 pm,
shows a significant crowd density in the canteen, indicating that students gather
there for meals. Meanwhile, a few students can still be found in the hostels and
resource center as shown in the corresponding heatmap in Fig 6.7c. The second
interval, from 2 pm to 5 pm, highlights a shift in student presence at the resource
center. The heatmap in Fig 6.7d demonstrates a high concentration of students in
the resource center, while some students remain in the hostels and faculty block
during this time. During the evening slot from 5 pm to 8 pm, which generally
corresponds to lab timings, students are heavily concentrated in the lab building.
The heatmap in Fig 6.7e vividly displays this trend, with only a few students vis-
iting the resource center and faculty block. Lastly, in the night time slot from 8 pm
to 10 pm, Fig 6.7f exhibits that almost all students gather in the cafeteria, likely for
dinner or socializing.
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(a) 12AM-8AM (b) 8AM-12PM

(c) 12PM-2PM (d) 2PM-5PM

(e) 5PM-8PM (f) 8PM-10PM

Figure 6.7: Heat Maps for crowd density visualization
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6.5.5 Frequency of Movements CEP-Hostel

The Fig 6.8 provides insights into the frequency of movements occurring from the
lecture hall to the hostel, allowing for analysis of the time duration within which
students make this transition. By examining the data collected over a 30-day ex-
periment period, it was observed that different percentages of students complete
their movements within specific time intervals. Specifically, the data reveals that
25% of the total student movements from the lecture hall to the hostel occur within
a time frame of 50 minutes. This information indicates that a significant portion
of students can efficiently complete their journey within this relatively short du-
ration.

And almost around 45% of total students’ movements happen within 1 hour.
In addition to that, 60% of the movements happen within 85 minutes. And also,
approx. 85% of students move within 2 hours of the time period. This will help
us in analyzing how movements happen from the cep to the hostel. It allows for
a better understanding of the patterns and trends associated with student move-
ments. Institutions can leverage this data to streamline operations, such as adjust-
ing class schedules and optimizing lecture hall capacities.

Figure 6.8: Frequency of Movements CEP-Hostel
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6.5.6 Frequency of Movements Canteen-Hostel

The Fig 6.9 shows the frequency of movements that are happening from the cafete-
ria to the hostel. It helps us to analyze, within a specific time, amount of students
moving from the cafeteria to the hostel. Here based on the approx duration in
which students move from the canteen to the hostel during the entire data exper-
iment period of 30 days and by 40 students, we found that within 20-25 minutes
30% of students move from the hostel to the canteen. Another thing is 30-35 min-
utes 50% of the total movements of students will happen from one hostel to the
canteen. Also, approx. 70% of total student’s movements happen from the can-
teen - hostel within 1 hr and moreover, 80% will move within 75 minutes of time
intervals. Also, approx. 90% of the movements happen within 90 minutes of the
time interval. This will help us in analyzing how movement happens from the
canteen to the hostel. This finding emphasizes the significance of this duration
and indicates that the majority of students successfully complete the moves jour-
ney within this time frame. The frequency of student transitions from the cafeteria
to the hostel provides valuable insights for crowd management and resource op-
timization.

Figure 6.9: Frequency of Movements Canteen-Hostel
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CHAPTER 7

Conclusion And Future Work

Conclusion

In this thesis, we have presented a sensing system to collect sensor data through
the smartphones of students at DAIICT. This sensing system infers student behav-
ior in terms of conversation level, smartphone usage, unlock count, and visited lo-
cations. Data from the microphone sensor and Wi-Fi sensor has been used to find
the conversation level of students. The average conversion of students ranges
between ±3.4 and 2.5. By combining Bluetooth data and conversation level we
found that 70% of students are more involved in smaller group discussions rather
than large group involvement. Extension to indoor localization system using Wi-
Fi infrastructure was carried out to quantify crowd density-based estimation in
real-time. We observed crowd density at different Wi-Fi APs of our institute using
the usage tracker app’s collected data. We identified prime time slots, event-wise
crowds at various Wi-Fi APs, and student crowd movement from one location
to another location using dynamic changes in crowd flow. This will help both
administrators and visitors, it is feasible to evaluate population density, identify
congested regions, and crowd flow patterns in crowded places such as stadiums,
malls, museums, etc.
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Future Work

In future work, we want to implement a dashboard integrated within our applica-
tion usage tracker itself, which will help user to get insights into their social circle
and dynamics. The app module will show each user their daily and weekly so-
cial interaction duration patterns and average interpersonal communication per-
formed over a week period of time, the number of people with whom they have
interacted, and the type of interaction they got involved in more groups or single.
Another in-app module related to crowd density for administration-side manage-
ment, the amount of crowd present at different sublocations of specific areas, and
user density estimation information within different subareas in a public place
such as a museum or shopping mall at specific locations. And dynamic real-time
people flow numbers within sublocations.
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