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Abstract

This work introduces a set of scalable algorithms to identify patterns

of human daily behaviors. These patterns are extracted from multivari-

ate temporal data that have been collected from smartphones. We have

exploited sensors that are available on these devices, and have identified

frequent behavioral patterns with a temporal granularity, which has been

inspired by the way individuals segment time into events. These patterns

are helpful to both end-users and third parties who provide services based

on this information. We have demonstrated our approach on two real-

world datasets and showed that our pattern identification algorithms are

scalable. This scalability makes analysis on resource constrained and small

devices such as smartwatches feasible. Traditional data analysis systems

are usually operated in a remote system outside the device. This is largely

due to the lack of scalability originating from software and hardware re-

strictions of mobile/wearable devices. By analyzing the data on the device,

the user has the control over the data, i.e., privacy, and the network costs

will also be removed.
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Chapter 1

Preamble

1.1 Introduction

The proliferation of smartphones and, more recently, wearable devices such as fitness

trackers and smart watches equipped with sensors, has led to a significant expansion

of possibilities to study human behavior. Computing and networking capabilities of

these sensor-embedded devices makes them appropriate tools for observing and col-

lecting useful contextual information (mobile sensing). For instance, mobile health,

which benefits from mobile sensing, offers the possibility of a shift from treatment to

prevention in medical care systems. Unlike wearable devices, which are still quite new

in the market, the smartphone platform has benefited from a significant amount of

scientific work ranging from public transport navigation to well-being. Both wearable

devices and smartphones are very capable of sensing and collecting the basic patterns

of human behavior through contextual information.While simple human behaviors

are predictable, at least in aggregate, traditional approaches for detecting human be-

havioral patterns (which are not digital) are often difficult. However, the advent of

mobile devices enables researchers to identify human behavior to an extent that was

not previously possible.On one hand, this information collection paradigm should be

moved from simple data collection tools to intelligent systems with cognition capabil-

ities . On the other hand, there is still a lack of wide acceptance of mobile sensing

applications in real-world settings.

There are several reasons for this mismatch of capability and acceptance. First is

the resource limitation and lack of accuracy in the collected contextual data, espe-

cially with regard to the battery life. The size of sensors that are dealing with radio

frequency, i.e. bluetooth, WiFi and GPS, affects the quality of their data (smaller

devices have less accurate data). The next reason, which has been noted but has not

been widely explored, is the proximity of the smartphone to users. Smartwatches and

wearables are body-mounted and thus the proximity problem has been resolved in

1



Scalable Daily Human Behaviour Analysis Chapter 1

those devices, but they still suffer from a lack of accuracy .The third reason is oper-

ating system restrictions of mobile devices, which removes background services when

the CPU is under a heavy load in order to preserve the battery life.As a result, there

is no ideal data collection approach that can sense and record individuals’ information

24/7 with no data loss. The uncertainty of these data objects is a major challenge

that limits the applications that can benefit from them. Mobile Data Mining The

goal of mobile data mining is to provide advanced techniques for the analysis and

monitoring of critical data from mobile devices. Mobile data mining has to face with

the typical issues of a distributed data mining environment , with in addition techno-

logical constraints such as low-bandwidth networks , reduced storage space, limited

battery power, slower processors, and small screens to visualize the results. The mo-

bile data mining field may include several application scenarios in which a mobile

device can play the role of data producer ,data analyzer ,client of remote data miners

,or a combination of them. More specifically, we can envision three basic scenarios

for mobile data mining: The mobile device is used as terminal for ubiquitous access

to a remote server that provides some datamining services.In this scenario,the server

analyzes data stored in a local or distributed database,andsends the results of the

data mining task to the mobile device for its visualization.The system we describe

in this chapter is based on this approach. Data generated in a mobile context are

gathered through a mobile device and sentina stream to a remote server to be stored

in to a local database. Data can be periodically analyzed by using specific datamining

algorithms and the results used for making decisions about a given purpose.

1.1.1 Temporal Granularity

A temporal granularity can be intuitively described as a sequence of time granules,

each one consisting of a set of time instants. A granule can be composed of a single

instant, a set of contiguous instants (time-interval), or even a set of non-contiguous

instants. A temporal granularity can be used to specify the temporal qualification

of a set of data, similar to its use in the temporal qualification of statements in

natural languages. For example, in a relational database, the timestamp associated

with an attribute value or a tuple may be interpreted as associating that data with

one or more granules of a given temporal granularity (e.g., one or more days). As

opposed to using instants from a system-specific time domain, the use of user-defined

granularities enables both more compact representations and temporal qualifications

at different levels of abstraction. Temporal granularities include very common ones

like hours, days, weeks, months and years as well as the evolution and specialization

of these granularities for specific contexts or applications: trading days, banking days,

academic semesters, etc.. Unlike digital systems, human understanding of time is not

Dept Of CSE, CMRIT, Bengaluru - 560037 2
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precise. Our daily behaviors occur in time intervals. For instance, a person does not

arrive at work every day at exactly the same time or eat lunch at exactly the same

time every day. A time interval always exists for routine behaviors, even if it is only a

small break, e.g., five minutes. This is also true for precise time scheduled tasks, such

as a meeting. Therefore, it is essential to have flexibility in temporal analysis. This

work is implemented on this dynamic of human behavior by introducing a simple but

novel human-centric temporal granularity method. This algorithm use this temporal

granularity instead of the original timestamp. Therefore, it should not be categorized

as a time series approach.

1.1.2 Multivariate Data Analysis

Multivariate Data Analysis refers to any statistical technique used to analyze data

that arises from more than one variable. This essentially models reality where each

situation, product, or decision involves more than a single variable. The information

age has resulted in masses of data in every field. Despite the quantum of data available,

the ability to obtain a clear picture of what is going on and make intelligent decisions

is a challenge.Multivariate statistics concerns understanding the different aims and

background of each of the different forms of multivariate analysis, and how they

relate to each other. The practical implementation of multivariate statistics to a

particular problem may involve several types of univariate and multivariate analyses

in order to understand the relationships between variables and their relevance to

the actual problem being studied. When available information is stored in database

tables containing rows and columns, Multivariate Analysis can be used to process the

information in a meaningful fashion.

1.1.3 Scalability and Sensor Independence

A salient advantage of this approach is its scalability. It is light- weight and can

be integrated into small devices with limited computing capabilities, e.g., wearables.

Moreover, not with standing its temporal dependency, it does not consider the type

of the underlying sensor data. In this model heterogeneous sensor data is converted

into three tuples, which includes sensor name, data and discrete time. Such sensor

independency makes the algorithm capable of running in settings that include tempo-

ral multivariate data, independent from any specific sensor. Furthermore, employing

a combination of sensors rather than focusing on specific sensors, and using temporal

granularity instead of exact timestamps, allows us to mitigate uncertainty by ignoring

sensor data that is not available, and focusing instead on the available data.

Dept Of CSE, CMRIT, Bengaluru - 560037 3
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The main goal of this work is to efficiently create a profile,For the given time

stamped activities of the user, assuming they are occurring in a routine, which sum-

marizes frequent behavioural patterns of a user. The final output of the project will

be of the form of a triplet with percentage of confidence of a user doing a particular

activity at a given timestamp. This will be achieved through implementation of the

novel concept of temporal granularity for timestamp absolution. Finally this work

will aim to reduce the execution time for creating user’s frequent behavior profile by

using a set of underlying scalable algorithms.

Dept Of CSE, CMRIT, Bengaluru - 560037 4



Chapter 2

Literature Survey

2.1 Mobile Data

Several experiments have been undertaken that have utilized large-scale smartphone

data collection. One of the first studies that has benefited from the use of smartphones,

and has resulted in the formation of a dataset, was Reality Mining [29]. This approach

relied on a customized version of an early smartphone, the Nokia N6600. Next to the

Reality Mining dataset, the same group introduced Social fMRI [14], which collected

context sensing data and subjective input from users (e.g., Facebook activities) plus

purchasing information, from 150 participants. Another well-known experiment is

the Lausanne Data Collection Campaign [17], which uses another early version of a

smartphone, the Nokia N95. It contains smartphone data of about 170 participants.

As such, these efforts have (i) collected user data from the device (user-centric) as

opposed from the network and (ii) provided some information about the method of

this data collection.

Market deployment for smartphone data collection has recently gotten the atten-

tion of the community [2]. As a result, a new category of user experiment is emerging,

which is based on market deployed data collection. An advantage of this approach is

that these data collection experiments have been conducted in real-world settings and

have benefited from a large number of users. For instance, Device Analyzer [2] has

conducted the largest market-based mobile data collection, such as hardware settings,

from approximately 23,000 Android devices. Since their focus is on large-scale data

collection, they face challenges in scalability, consistency and privacy. Ferreira et al.

[11] and Henze et al. [15] have both deployed their application into the market and

describe their lessons learned for market deployment. For instance, they mention a

lack of control over users, validity of their findings among lab settings and the users

ranked impact on the installation of their application.

Similarly, our studies also rely on utilizing the phones of our users. As a result,
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we need to take into account restrictions and challenges that each phone brand poses,

such as differences in operating systems. Although we have not undertaken our exper-

iment through market deployment, we do have the advantage of collecting participant

feedback through interviews. Having the chance to receive and analyze such feed-

back has enabled us to identify prominent challenges, such as multivariate reflection

and manual intervention, which have not been uncovered in mass market deployment

or previous research efforts. This advantage makes our study different than market

deployment studies, which do not have a chance of interviewing users.

The most similar approach to our work is provided by Blanke et al. [5]. They

describe lessons learned while collecting location data in large scales. For instance,

they suggest best practices on marketing a data collection smartphone application

with incentivizing elements such as friend finder and unlocking badges. Nevertheless,

our approach is more holistic and not focused only on location data. shows different

sensor types that have been used for each device and study in our studies.

2.2 Human behaviour with temporal granularity

The behavior of humans (and other organisms or even mechanisms) falls within a

range with some behavior being common, some unusual, some acceptable, and some

beyond acceptable limits. Behavior in this general sense should not be mistaken

with social behavior, which is a more advanced social action, specifically directed

at other people. The acceptability of behavior depends heavily upon social norms

and is regulated by various means of social control. Understanding human behaviour

has attracted a significant number of researchers, and much work has been devoted

to modeling human behaviour at different temporal resolutions, from pose estimation

and activity recognition to long term behaviour pattern learning. In particular, spatial

temporal based [16] or shape based [32] human action recognition algorithms have been

developed for the understanding of human motion and activity. Multimodal sensors in

ambient intelligence environments [18] or in mobile phones [25] have been integrated

to discover patterns in diverse spatial and temporal scales, from a specific activity such

as cooking to a persons daily life over a timespan of months. Other groups have tried

to recognize affective and social signals in order to create anticipatory interfaces. A

survey can be found in [31]. This work learns comprehensive behaviour patterns, and

can incorporate the activity recognition or multi modal results to enrich the model.

Contextual information has also been extensively used in the recognition of human

poses [26] and pattern discovery [22]. Understanding the pattern of human activities

is also beneficial for activities recognition. It has been shown that prior knowledge

about the structure of human activities provides constraints in the learning process

and better
Dept Of CSE, CMRIT, Bengaluru - 560037 6
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As has been stated previously, this work tries to digitally map timestamps for

human activities onto human temporal perception. The term temporal granularity

has been introduced by [34], and is different from temporal abstraction. It is notable

that temporal abstraction is the process of converting high-dimensional timestamp

data to low-level qualitative descriptions of time [27] and has been introduced by [35].

Temporal granularity specifies the temporal qualification of a set of data, similar to

its use in the temporal qualification of statements in natural languages. The temporal

granularity models that are being used for human behavior analysis being reviewed.

There is a limited number of works that consider how to apply temporal granularity

to human behavioral data. One of the earlier works, [33], proposes a method to

analyze human activities in the office via a probabilistic representation for inferring

temporal granularity. The goal is not to infer temporal granularity, but we benefit

from this concept to mine patterns of human behavior. The work most similar to ours

is [24], which focuses on mining users’ daily location patterns via trajectory mining

and defines the temporal granularity as a day. As has been stated previously, [13] is

another approach for identifying daily behavior and tries to match the daily location

of users to application they use. They converted a day into two segments and model

application usage in each segment.

2.3 Scalability

Existing works that support a mobile data mining [29] have offered very promising

results. However, these studies employ specific hardware, which is known for data

quality among users [17], or they analyze data offline outside the device [12]. There is

lack of scalable data mining methods that can handle the uncertainty. In this work, we

introduce scalable algorithm that utilize a variety of sensors, e.g., WiFi, location, etc.

that are available on the device. By leveraging collected multivariate temporal data

our algorithm can identify frequent human behavioral patterns (FBP) with a time

estimation (temporal granularity), similar to the human perception of time. This

algorithm has been tested with their scalability, on two real-world dataset, and two

small devices, i.e., a smartphone and smartwatch.

Dept Of CSE, CMRIT, Bengaluru - 560037 7



Chapter 3

Requirements

3.1 Functional Requirements

1) Sensor data- The system has to make sure that data from the sensors are readily

available the system should allow that if single device sensor is dominating other sen-

sors, it should be removed the system should allow that if particular sensor is down

due to any reason, all fields connected to it, should be removed.

2) Location Estimation- The system should appropriately locate user in 5 decimals

of latitude/longitude position. The system should be able to classify from the sensor

data for a user to be moving, rest or tilted.

3) Cleaning Data-The system must be able to make sure that no incorrect-data exist.

4) Front-end- The json file generated by the java code should be first approved .The

system must be able to give quick.

5) Temporal Granularity(Time Precision)- The system should be able to work on

various precision values for temporal granularity namely 5hp,hhp,hp,thp etc. The

system should be able to define TGs based on common daily time scheduling Also

system must be able to use rounding algorithm to convert times based on the given

precision.

6) Group Creation-For a very large dataset the system must be able to create group

of similar entities with changed threshold values, i.e. system should work for different

kind of thresholds.

8
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7) Profile Creation-The system should be able to clearly identify similar entities oc-

curing for given data. Once such group is made, system must be able to filter all these

groups to get profiles.

3.2 Non Functional Requirements

1. Scalability and portability - The system shall be able to scaled on to any amount

of data with the particular sensor’s information . For all the values of theta, lambda,

window size etc. system should be able to produce accurate results .The system should

be able to run on variety of hardware and softwares.

2. Maintainability -The system should be easy to maintain .There should be a clear

separation between the interface and the backend code.

3. Performance- Since the system is very much free from computational complexi-

ties ,the results produced by it should be highly accurate and precise than other algos

such as apriori,fp growth etc.

4. Reliability- Since the system will be checked for various threshold values for profile

and group creation,it should be reliable to provide results to a high level of accuracy.

5. Exception handling- Exceptions should be effectively handled if they occur.

3.3 Hardware Requirements

• Intel Pentium 4 or AMD Athlon 64 processor or above

• 2GB of RAM (6GB recommended)

• 500 Gb of hard-disk space (according to the size of dataset)

• 2.8GHz speed

3.4 Software Requirements

• Eclipse neon or above
Dept Of CSE, CMRIT, Bengaluru - 560037 9
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• Java jdk Java SE 5 Update 21

• Jre 1.8.0121

• Json Visualiser tool

• Ubiqlog Dataset obtained from uci machine learning repository.

Dept Of CSE, CMRIT, Bengaluru - 560037 10



Chapter 4

System Architecture

The system architecture fig 4.1 includes 3 main components:

• Data Preprocessing

• Temporal Granularity Calculation

• Group and Profile Calculation

4.1 Problem Statement

We live in a spatio-temporal world and all our behaviors occur in a specific location

and time. Therefore, to digitally quantify human behavior the target system should

sense both time and location. Human behavior is composed of many daily activities

that are distinctive and recurring. Here, these types of activities have been called

frequent behavioral patterns. The problem is defined as follows: Given timestamped

activities of the user, assuming they are occurring in a routine, the goal is to efficiently

create a profile, which summarizes frequent behavioral patterns of a user.

4.2 Data Processing

The dataset that is used is a human-centric lifelogging dataset UbiqLog.It has mobile

sensor logs of each day for different users stored in separate .txt files. The data

in the data set may contain data in different formats. It may also include certain

unambiguous data, unrecognized symbols, etc. It is important that the data be in

one standard format and free from all ambiguities, to extract desired results from

it. The data collected from the mobile sensors is very large in volume. It may not

be necessary to process the data from all the sensors depending on the application.

A two-stage filtering is provided in this work to filter based on sensor and sensor

parameters.
11
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4.3 Temporal Granularity Calculation

Figure 4.1: Notations and their Descriptions

Humans do not perceive time in and of itself, but rather, perceive changes or

events in time. To be able to model human behavior, a precise machine timestamp

should be transferred to a format like the way humans perceive time. In a more

technical sense, humans perceive events in relation to both location and time. All

existing mobile and wearable devices can record information with a timestamp. To

simulate the human perception of time, Temporal Granularity will be used. Setting

the Temporal Granularity also depends on the target application. Here an attempt is

made to make a Temporal Granularity for the daily human behaviors. For instance,

every evening a user may make a phone call. However, it is unlikely that she/he

will call every day exactly at 5:00 pm. The user could call one day at 5:15 PM and

another day at 4:53 PM. Thus, we define Temporal Granularities based on common

daily time scheduling, and a use rounding algorithm to convert times based on the

given precision.

4.4 Group and Profile Creation

The definitions of entity, group and profiles help to understand the concept of group

and profile creation. Entity e, is assumed to be a fine-grained unit of human behavior

Dept Of CSE, CMRIT, Bengaluru - 560037 12
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and consists of a tuple of three e = < A;D;T >. Each entity contains a timestamp

(time interval), T, attribute name, A, and attribute value (data)D.

Group g, is a collection of similar entities, for a specific time interval, in a set of

consecutive days. Therefore, g = e1; e2; ...; ek, eg. In simple terms, if the number of

entities in a specific time interval are greater or equal than , then they will be collected

in a set and this set is being called group. Tc is a time interval that is constant among

all entities of a group. In other words, groups are FBPs and the notation of a group

is as follows: Group = V e : ei(t) = Tc;

Profile, is characterized by a set of repeated similar groups g which have been

identified more than or equal times,i.e., Profile =g1; g2; . . .; gk. We can formalize

profile as: Profile = ifcountofg Groups are created by matching similar entities. Here

a concept of sliding window is used. A sliding window of ws days is set. The entities

of the days in this window are matched. If an entity occurs on all days in the window,

then it is set as a group. The data is divided into different sets based on the number

of days in the sliding window and groups are found. All the groups that are found are

saved. The user profile is created by matching similar groups in different windows.

The groups in different windows are matched. If a group is found in more than 1

window its confidence is increased. The resultant user profile has various groups with

their corresponding confidence.

Figure 4.2: System Architecture

Dept Of CSE, CMRIT, Bengaluru - 560037 13



Chapter 5

Performance Analysis

The first step in the experimental evaluation is the creation of a ground truth dataset

that can help in estimating the accuracy of algorithms. The accuracy of the FBP

identification algorithms is evaluated based on (i) different segments of the day, (ii)

different TGs. The following experiments describe the next phase of our evaluation

and demonstrate the utility and efficiency of our algorithms: First, to demonstrate

the scalability of the FBP detection algorithm by analyzing the impact of window size

and grouping on the execution time. The FBP approach is lightweight enough to be

used in wearable and mobile devices. Next, the execution time of our approach and

compare it with other algorithms on both mobile phones and smartwatches is noted

5.1 Accuracy Analysis

5.1.1 Ground Truth Analysis

To evaluate the accuracy and quality of the identified FBPs, the authors had created a

ground truth dataset, which is composed of more than 5,000 identified entities, from

five users. It contains randomly identified FBP data that has been labeled by the

users as either true or false. The number of identified entities in the profile objects

are different among users, but each user has labeled about 1,000 entities that belong

to him/her self. Users were asked to label if they agree (true) with each of their

identifiedentities in their profile or do not agree (false).

5.1.2 Accuracy of Identified FBPs

The labels were carefully examined the accuracy of our algorithms using three tem-

poral segments of the day: 0:00-07:59 (0-8), 08:00-15:59 (8-16) and 16:00-23:59 (1624)

and different TGs. Figure 7.2 reports about the accuracy of the identified FBPs,

based on labels, with different TGs and not using a TG at all (baseline). The results

14
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of this analysis show that FBP identification accuracy is influenced by different values

of TG and the segmentation of the day.Figure 7.2 shows that identifying FBPs using

an hour as the TG improves the accuracy of the FBP identification, compared to

other TGs. In other words, one hour TG has the highest accuracy among other TGs.

Nevertheless, choosing 15, 30, 90 and 120 as TG performs almost the same or slightly

lower than 60 but better than 5. The inaccuracy of five minutes is because this TG

is too precise for an application to model human behavior. It can be concluded that

most routine human behaviors that can be identified from a smartphone have a one

hour approximation. Our other evaluation uses the same users to annotate the results

delivered by similar algorithms, and compares the accuracy of our FBP algorithm with

Apriori, FP-Growth, MTK and estDec+.Figure 7.3 shows the labeling results of users.

With no TG (baseline) or low (5) and high (120) TG, other methods perform better

than FBP. For the rest of the TGs, FBP outperforms other methods. This accuracy

originates in the use of and . Other algorithms are very useful for the general problem

domain. Unlike Apriori, both MTK and estDec+ apply another level of filtering such

as considering top frequent itemsets by MTK or recent ones by estDec+. Therefore,

baseline algorithms that do not filter have superior accuracy.

5.2 Scalability

The algorithms must be capable of being integrated into small devices, which have

restricted computational resources compared to desktop computers. To demonstrate

that the algorithms are lightweight, the execution time is measured, which is the

representation of scalability. Moreover, the execution time of FBP algorithm among

Apriori and FP-Growth as baseline algorithms and MTK and estDec+ as state-of-the-

art algorithms is evaluated. Apriori is the well-known algorithm for frequent itemset

mining. It is not the fastest or most resource efficient but we have chosen it as a

baseline algorithm. FP-Growth is scalable and is known as a baseline of the fastest

frequent itemset mining algorithms. Furthermore, MTK and estDec+ both alsohave

been used as state-of-the-art algorithms that are scalable and fast.

5.2.1 Sliding Window Impact on the Execution Time

Execution time is directly correlated to scalability and scalability is a major contribu-

tion of this work. It has been achieved through (i) the adoption of a sliding window

and (ii) the reduction of the number of comparisons via utilizing a group based com-

parison. To demonstrate scalability, first the execution time performance of the FBP

algorithm with different window sizes for 60 days is analyzed. This time frame has
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been utilized as it covers a significant period so that the capability of the FBP al-

gorithm can be fully tested. Dealing with many days is an important requirement

in Lifelogging systems, which use small devices. The baseline here is not using the

window, and it compares each day with all the other days.

Figure 5.1: The effect of window size on the execution time performance

5.2.2 Comparison with Other Algorithms

Figure shows the execution time of running FBP in comparison to other algorithms

on the smartphone, within the described settings. For more than six days of analysis,

FBP execution time performance is faster than other algorithms. This has been

highlighted especially as the number of days increases, the FBP execution timedoes

not change significantly and stays at a near constant value. It has even outperformed

state-of-the-art algorithms, which are known to be fast and scalable algorithms that

operates on limited memory. However, for a smaller amount of data, FBP does not

perform better than MTK or estDec+.

These evaluations demonstrate the scalability of our algorithms, while preserving

accuracy. From a technical perspective, this superiority is because of: (i) using a

sliding window that filters most of the irrelevant entities, and thus reduces comparisons

significantly. (ii) theta and lambda that propose two layers of hierarchical filtering

and result in both improving accuracy and reduction in the search space.
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Figure 5.2: Execution time on Different Algorithms
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Chapter 6

Implementation

Source CodeImplementation

Source code

Config :

Constants . java

package com . ub iq log . a n a l y s i s . group . c o n f i g ;

public class Constants {
/∗∗
∗ This c l a s s con ta ins a l l cons tan t s .

∗/
public stat ic St r ing DIRECTORY NAME =

”C: / Users /Kumar Ashwani/Desktop/ Pro j e c t /New f o l d e r ” ;

public stat ic St r ing RESTRUCTURED DIREC

TORY NAME = DIRECTORY NAME + ”/ Restructured ” ;

public stat ic St r ing ORDERED DIRECTORY

NAME = DIRECTORY NAME + ”/Ordered” ;

public stat ic St r ing FILTERED DIRECTORY

NAME = DIRECTORY NAME + ”/ F i l t e r e d ” ;

public stat ic St r ing CSV DIRECTORY NAME

= DIRECTORY NAME + ”/CSVs” ;

public stat ic St r ing SORTED CSV DIRECTOR

Y NAME = DIRECTORY NAME + ”/SortedCSVs” ;

public stat ic St r ing FBP REPORT= DIRECTO

RY NAME + ”/FBP REPORT” ;

// i f an app i s repea ted more than th r e sh

old per day , i t has been de l e t ed from

r e s u l t s e t .

public stat ic int APP REPEAT THRESHOLD = 25 ;
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public stat ic St r ing WIFI = ”WiFi” ;

public stat ic St r ing APPLICATION =

” Appl i ca t ion ” ;

public stat ic St r ing ACTIVITY = ” Act i v i t y ” ;

public stat ic St r ing BLUETOOTH = ” Bluetooth ” ;

public stat ic St r ing CALL = ” Cal l ” ;

public stat ic St r ing SMS = ”SMS” ;

public stat ic St r ing LOCATION =

” Locat ion ” ;

//Thursday , November 13 , 2014 11 :31 :29

AM Centra l European Standard Time . . .

used by WiFi and Bluetooth ??

public stat ic f ina l St r ing TIME TEMPLA

TE 0 = ”\\w+, \\w+ \\d{1 ,2} ”

//Monday , 25 November 2013 21 :55 :55 Ira

n Standard Time . . . . used by WiFi and

Bluetooth

public stat ic f ina l St r ing TIME TEMPLATE

1 = ”\\w+, \\d{1 ,2} \\w+ \\d{4} \\d{1 ,2} ”

//Tuesday , December 31 , 2013 11 :59 :58 PM

I ran Standard Time . . . . used by WiFi and

Bluetooth

public stat ic f ina l St r ing TIME TEMPLATE

2 = ”\\w+, \\w+ \\d{1 ,2} , \\d{4} \\d{1 ,2} ”

//Wednesday , November 13 , 2013 9 :05 :35 PM

GMT+00:00 . . . . used by WiFi and Bluetooth

public stat ic f ina l St r ing TIME TEMPLATE 3

= ”\\w+, \\w+ \\d{1 ,2} , \\d{4} \\d{1 ,2} ”

//12−31−2013 23 :29 :35 . . . used by Cal l ,

SMS, Appl icat ion , Ac t i v i ty and Locat ion

public stat ic f ina l St r ing TIME TEMPLATE

4 = ”\\d{1 ,2}−\\d{1 ,2}−\\d{4} \\d{1 ,2} ”

//Fri 6 Dec 2013 15 :24 :58 . . . used by Wifi

public stat ic f ina l St r ing TIME TEMPLATE 5

= ”\\w+ \\d{1 ,2} \\w+ \\d{4} \\d{1 ,2} ”

// pa t t e rn matching to check i f v a l i d dura

t i on va lue s for c a l l s en so r
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public stat ic f ina l St r ing DURATION TEMPLA

TE = ”\\d+” ;

// pa t t e rn matching to check i f v a l i d l a t i t u d e

and l o n g t i t u d e va lue s for l o c a t i o n senso r

public stat ic f ina l St r ing LATITUDE TEMPLA

TE = ”([−+]?\\d { 1 , 2 } ( [ . ] \ \ d+)?) ” ;

public stat ic f ina l St r ing LONGITUDE TEMPLATE

= ”([−+]?\\d { 1 , 3 } ( [ . ] \ \ d+)?) ” ;

//−−−−−−−−−− For F i l t e r J s onF i l e s . java−−−−−−−
−−−−−
// inc l ude the sensors in the s t r i n g below ,

whose data you want in your f i l t e r e d j son

s t r i n g s for v i s u a l i z a t i o n

public stat ic St r ing SENSORS = ”WiFi | Applion ” ;

// inc l ude each sensor ’ s a t t r i b u t e s in the s

t r i n g below , whose data you want in your

// f i l t e r e d j son s t r i n g s f o r v i s u a l i z a t i o n

public stat ic St r ing WIFI PARAMETERS = ” time ”

public stat ic St r ing APP PARAMETERS = ” Star t ”

public stat ic St r ing ACTIVITY PARAMETERS

public stat ic St r ing BLUETOOTH PARAMETERS

public stat ic St r ing CALL PARAMETERS = ”Time” ;

public stat ic St r ing LOCATION PARAMETERS = ” time |
Lat i tude ” ;

Clean :

CleanData . java

package com . ub iq log . a n a l y s i s . group . c l ean ;

import com . ub iq log . a n a l y s i s . group . u t i l s . GlobalCounters ;

/∗∗
∗ The CleanData c l a s s implements an app l i c a t i o n t ha t

∗ c l eans the l o g g i n g data

∗/
public class CleanData {

/∗∗
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∗ This i s the main method f o r the the c l ean ing

phase .

∗ I t c a l l s the r e s t r u c t u r i n g J s onF i l e s ( ) and

∗ r eo rde r ingJ sonF i l e s ( ) methods t ha t r e s t r u c t u r e

and s o r t

∗ the l o g s .

∗/
public stat ic void main ( St r ing [ ] a rgs ) throws

Exception

{
Res t ruc tu r eJ sonF i l e s r s = new

Res t ruc tu r eJ sonF i l e s ( ) ;

ReorderJsonFi l e s ro = new ReorderJsonFi l e s ( ) ;

System . out . p r i n t l n ( ”Begin c l e an ing the data

. . . . ” ) ;

// order important − f i r s t r e s t r u c t u r e and

then reorder

System . out . p r i n t l n ( ” Res t ructur ing the data

now . . . . ” ) ;

r s . r e s t r u c t u r i n g J s o n F i l e s ( ) ;

System . out . p r i n t l n ( ” Reorder ing the data now

. . . . ” ) ;

ro . r e o r d e r i n g J s o n F i l e s ( ) ;

System . out . p r i n t l n ( ”Completed c l e an ing the

data ” ) ;

}
}

Reorde rF i l e s . java

package com . ub iq log . a n a l y s i s . group . c l ean ;

import java . i o . BufferedReader ;

import java . i o . F i l e ;

import java . i o . Fi leReader ;

import java . i o . IOException ;

import java . i o . Pr intWriter ;

import java . u t i l . ArrayList ;

import java . u t i l . C o l l e c t i o n s ;

import java . u t i l . HashMap ;
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import java . u t i l . I t e r a t o r ;

import java . u t i l . L i s t ;

import java . u t i l .Map;

import java . u t i l .Map. Entry ;

import org . j son . JSONException ;

import org . j son . JSONObject ;

import com . ub iq log . a n a l y s i s . group . c o n f i g . Constants ;

import com . ub iq log . a n a l y s i s . group . u t i l s . GlobalCounters ;

import com . ub iq log . a n a l y s i s . group . u t i l s . JSONComparator ;

/∗∗
∗ The ReorderJsonFi les c l a s s r eorder s and the

s o r t s the data in each l o g f i l e

∗ in i n c r ea s i n g order o f time stamp .

∗/
public class ReorderJsonFi l e s {
/∗∗

∗ This method reorder s the l o g s accord ing to the

timestamp .

∗/
public void r e o r d e r i n g J s o n F i l e s ( ) throws Exception

{

i f ( ! r e s t r u c t u r e d D i r e c t o r y . e x i s t s ( ) )

{
System . out . p r i n t l n ( ” Di rec to ry does not

e x i s t . ” ) ;

System . e x i t (0 ) ;

}
else

{
try{

d e l e t e ( r e s t r u c t u r e d D i r e c t o r y ) ;

}catch ( IOException e ){
e . pr intStackTrace ( ) ;

System . e x i t (0 ) ;

}
}

}
/∗∗
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∗ This method r e c u r s i v e l y i t e r a t e s through the

f i l e s and

∗ s o r t s the l o g s in i t .

∗ @param f i l e s array o f a l l f i l e s t h a t need to

be so r t ed

∗/
public void showFi les ( F i l e [ ] f i l e s ) throws Exception

{
St r ing processName = null ;

S t r ing cur rentL ine = null ;

Buf feredReader br = null ;

L i s t<Str ing> o b j e c t L i s t = null ;

JSONObject j sonObject = null ;

Map<Str ing , Integer> processCountMap = new HashMa

p<Str ing , Integer >() ;

for ( F i l e f i l e : f i l e s )

{
i f ( f i l e . i s D i r e c t o r y ( ) )

{

}
else

{
i f ( f i l e . getName ( ) . conta in s ( ” l o g ” ) )

{
try

{
o b j e c t L i s t = new ArrayList <>() ;

br = new BufferedReader (new

Fi leReader

( f i l e . getAbsolutePath ( ) ) ) ;

while ( ( cur rentL ine = br . readLine ( ) )

!= null )

{
try

{
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j sonObject = new JSONObject (

cur rentL ine ) ;

} catch ( JSONException e ) {
continue ;

}

i f ( j sonObject != null )

{
i f ( j sonObject . optJSONObject ( ”

Appl i cat ion

” ) != null )

{
JSONObject appObject = jsonObject .

optJ

SONObject ( ” Appl i cat ion ” ) ;

i f ( ( processName = appObject . getSt

r ing ( ”ProcessName” ) ) != null )

{
// a l l p roce s s e s add to proces

sCountMap to be used in

// removeApp l icat ions method

i f ( processCountMap . containsKey

( processName ) ){
int count = processCountMap

. get ( processName ) ;

processCountMap . put ( p roce s s

Name, ++count ) ;

}
else

{
processCountMap . put ( p roce s s

Name, 1) ;

}
}

}
o b j e c t L i s t . add ( cur rentL ine ) ;

}
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}

for ( S t r ing jObject : o b j e c t L i s t )

w r i t e r . p r i n t l n ( jObject ) ;

w r i t e r . c l o s e ( ) ;

} catch ( IOException e ) {
throw new Exception ( ” F i l e : ”+f i l e .

getAbs

olutePath ( ) , e ) ;

} f ina l ly {
try {

i f ( br != null ) br . c l o s e ( ) ;

} catch ( Exception ex ) {
ex . pr intStackTrace ( ) ;

}
}
}

}
}

}
public stat ic void d e l e t e ( F i l e f i l e )throws

IOException

{
i f ( f i l e . i s D i r e c t o r y ( ) )

{
// d i r e c t o r y i s empty , then d e l e t e i t

i f ( f i l e . l i s t ( ) . l ength==0)

{
f i l e . d e l e t e ( ) ;

}
else

{
St r ing f i l e s [ ] = f i l e . l i s t ( ) ;

for ( S t r ing temp : f i l e s )

{
// cons t ruc t the f i l e s t r u c t u r e

F i l e f i l e D e l e t e = new F i l e ( f i l e , temp ) ;

// r e cu r s i v e d e l e t e
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d e l e t e ( f i l e D e l e t e ) ;

}
// check the d i r e c t o r y again , i f empty then

d e l e t e i t

i f ( f i l e . l i s t ( ) . l ength==0)

{
f i l e . d e l e t e ( ) ;

}
}

}
else

{
// i f f i l e , then d e l e t e i t

f i l e . d e l e t e ( ) ;

}
}

}
}

}
}

} catch ( JSONException e ) {
// TODO Auto−genera ted catch b l o c k

e . pr intStackTrace ( ) ;

}
return o b j e c t L i s t ;

}
}
P r e c i s i o n C a l c u l a t i o . java

package com . ub iq log . a n a l y s i s . group . csv ;

import java . u t i l . Calendar ;

import java . u t i l . TimeZone ;

import org . joda . time . DateTime ;

import org . joda . time . DateTimeZone ;

public class P r e c i s i o n C a l c u l a t i o n {
/∗∗
∗ The Prec i s i onCa l cu l a t i on c l a s s w i l l c a l c u l a t e the c l o s e s t

∗ HourPrecis ion (HP) , Hal fHourPrecis ion (HHP) ,

QuarterHourPrecis ion (QHP) and5 Minute Prec i s i on (5MP) .
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For example , f o r time 19 :38 :09

∗ HP = 20:00 , HHP = 19:30 , QHP = 14:45 & 5MP = 19:40

∗/
// Prec i s ion to 0 , 2 , 4 , 6 , 8 , 10 , 12 , . . . . 20 , 22 hours

public St r ing getTwoHourPrecis ion ( Calendar c a l ) {
St r ing hourPrec i s i on = null ;

TimeZone tz = c a l . getTimeZone ( ) ;

DateTimeZone jodaTz = DateTimeZone . forID ( tz . getID ( ) ) ;

DateTime dateTime = new DateTime ( c a l . ge tT imeInMi l l i s

( ) , jodaTz ) ;

int hourOfDay = dateTime . getHourOfDay ( ) ;

i f ( hourOfDay != 23)

{
i f ( hourOfDay%2 == 0)

hourPrec i s i on = hourOfDay + ”

:00 ” ;

else

hourPrec i s i on = ( hourOfDay ) +

1 + ” :00 ” ;

}
else

{
hourPrec i s i on = ” 0 :00 ” ;

}

return hourPrec i s i on ;

}
// Prec i s ion round−o f f to 0 , 1 . 5 , 3 , 4 . 5 , 6 , 7 . 5 , 9 , . . . . 1 9 . 5 , 2 1 , 2 2 . 5

hours

public St r ing getOneAndHalfHourPrecision ( Calendar c a l ) {
St r ing hourPrec i s i on = null ;

TimeZone tz = c a l . getTimeZone ( ) ;

DateTimeZone jodaTz = DateTimeZone . forID ( tz . getID ( ) ) ;

DateTime dateTime = new DateTime ( c a l . ge tT imeInMi l l i s

( ) , jodaTz ) ;

int d a y i n M i l l i s = dateTime . getMi l l i sOfDay ( ) ;

for ( int i = 0 ; i < 24 ; i = i + 3)

{
double m i l l i s = d a y i n M i l l i s − ( i ∗ 3600000) ;
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i f ( m i l l i s > 0 && m i l l i s < 10800000)

{
i f ( m i l l i s > 5400000)

{
i f ( m i l l i s > 8100000)

hourPrec i s i on = ( i +3)

+ ” :00 ” ;

else

hourPrec i s i on = ( i +1)

+ ” :30 ” ;

}
else

{
i f ( m i l l i s > 2700000)

hourPrec i s i on = ( i +1) + ” :30 ”

;

else

hourPrec i s i on = i + ” :00 ” ;

}
break ;

}
}
return hourPrec i s i on ;

}
public St r ing getHourPrec i s i on ( Calendar c a l ) {

St r ing hourPrec i s i on = null ;

TimeZone tz = c a l . getTimeZone ( ) ;

DateTimeZone jodaTz = DateTimeZone . forID ( tz . getID ( ) ) ;

DateTime dateTime = new DateTime ( c a l . ge tT imeInMi l l i s

( ) , jodaTz ) ;

int hourOfDay = dateTime . getHourOfDay ( ) ;

i f ( ( dateTime . getMi l l i sOfDay ( ) − ( hourOfDay ∗
3600000) ) > (30∗60000) )

{
i f ( ( hourOfDay + 1) == 24)
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hourPrec i s i on = ” 0 :00 ” ;

else

hourPrec i s i on = ( hourOfDay + 1) + ” :00 ” ;

}
else

hourPrec i s i on = hourOfDay + ” :00 ” ;

return hourPrec i s i on ;

}
public St r ing getHa l fHourPrec i s i on ( Calendar c a l ) {

St r ing ha l fHourPrec i s i on = null ;

TimeZone tz = c a l . getTimeZone ( ) ;

DateTimeZone jodaTz = DateTimeZone . forID ( tz . getID ( ) ) ;

DateTime dateTime = new DateTime ( c a l . ge tT imeInMi l l i s

( ) , jodaTz ) ;

int d a y i n M i l l i s = dateTime . getMi l l i sOfDay ( ) ;

int hourOfDay = dateTime . getHourOfDay ( ) ;

int mins InMi l l i s = d a y i n M i l l i s − ( hourOfDay ∗
3600000) ;

for ( int i = 30 ; i >= 0 ; i = i − 30)

{
i f ( m in s InMi l l i s > ( i ∗ 60000) && mins InMi l l i s < ( ( i

+30) ∗ 60000)

{
i f ( m in s InMi l l i s > ( ( i + 15) ∗ 60000) )

{
i f ( i == 30)

{
i f ( ( hourOfDay + 1)

== 24)

ha l fHourPrec i s i on

= ” 0 :00 ” ;

else

ha l fHourPrec i s i on

= (

hourOfDay

+ 1) + ”

:00 ” ;

}
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else

ha l fHourPrec i s i on = hourOfDay

+ ” : ” + St r ing . format ( ”

%02d” , i + 30) ;

}
else

ha l fHourPrec i s i on = hourOfDay

+ ” : ” + St r ing . format ( ”

%02d” , i ) ;

break ;

}
}
return ha l fHourPrec i s i on ;

}
public St r ing getQuarterHourPrec i s ion ( Calendar c a l ) {

St r ing quar te rHourPrec i s i on = null ;

TimeZone tz = c a l . getTimeZone ( ) ;

DateTimeZone jodaTz = DateTimeZone . forID ( tz . getID ( ) ) ;

DateTime dateTime = new DateTime ( c a l . ge tT imeInMi l l i s

( ) , jodaTz ) ;

int d a y i n M i l l i s = dateTime . getMi l l i sOfDay ( ) ;

int hourOfDay = dateTime . getHourOfDay ( ) ;

int mins InMi l l i s = d a y i n M i l l i s − ( hourOfDay ∗
3600000) ;

for ( int i = 45 ; i >= 0 ; i = i −15)

{
i f ( m in s InMi l l i s > ( i ∗ 60000) &&

mins InMi l l i s < ( ( i +15) ∗ 60000) )

{
i f ( m in s InMi l l i s > ( ( i + 7 . 5 ) ∗

60000) )

{
i f ( i == 45)

{
i f ( ( hourOfDay + 1)

== 24)

quar te rHourPrec i s i on

= ” 0 :00 ” ;

else
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quar te rHourPrec i s i on

= (

hourOfDay

+ 1) + ”

:00 ” ;

}
else

quar te rHourPrec i s i on

= hourOfDay + ” : ”

+ St r ing . format ( ”

%02d” , i + 15) ;

}
else

quar te rHourPrec i s i on =

hourOfDay + ” : ” + St r ing .

format ( ”%02d” , i ) ;

break ;

}
}
return quar te rHourPrec i s i on ;

}
public St r ing getFiveMinPrec i s ion ( Calendar c a l )

{
St r ing f i v eMinPre c i s i on = null ;

TimeZone tz = c a l . getTimeZone ( ) ;

DateTimeZone jodaTz = DateTimeZone . forID ( tz . getID ( ) ) ;

DateTime dateTime = new DateTime ( c a l . ge tT imeInMi l l i s

( ) , jodaTz ) ;

int d a y i n M i l l i s = dateTime . getMi l l i sOfDay ( ) ;

int hourOfDay = dateTime . getHourOfDay ( ) ;

int mins InMi l l i s = d a y i n M i l l i s − ( hourOfDay ∗
3600000) ;

for ( int i = 55 ; i >= 0 ; i = i −5)

{
i f ( m in s InMi l l i s > ( i ∗ 60000) &&

mins InMi l l i s < ( ( i + 5) ∗ 60000) )

{
i f ( m in s InMi l l i s > ( ( i + 2 . 5 ) ∗

60000) )
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{
i f ( i == 55)

{
i f ( ( hourOfDay + 1)

== 24)

f i v eMinPre c i s i on

= ” 0 :00 ” ;

else

f i v eMinPre c i s i on

= (

hourOfDay

+ 1) + ”

:00 ” ;

}
else

f i v eMinPre c i s i on = hourOfDay + ” : ” + St r ing . format ( ”%02d” , i

+5) ;

}
else

f i v eMinPre c i s i on = hourOfDay

+ ” : ” + St r ing . format ( ”%02

d” , i ) ;

break ;

}
}
return f i v eMinPre c i s i on ;

}
}
SortCSVs . java

package com . ub iq log . a n a l y s i s . group . csv ;

import java . i o . BufferedReader ;

import java . i o . F i l e ;

import java . i o . Fi leReader ;

import java . i o . F i l eWr i t e r ;

import java . i o . IOException ;

import java . u t i l . ArrayList ;

import java . u t i l . C o l l e c t i o n s ;

import java . u t i l . L i s t ;

import org . j son . JSONException ;
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import org . j son . JSONObject ;

import au . com . bytecode . opencsv . CSVReader ;

import au . com . bytecode . opencsv . CSVWriter ;

import com . ub iq log . a n a l y s i s . group . c o n f i g . Constants ;

import com . ub iq log . a n a l y s i s . group . datamining . CSVComparator ;

public class SortCSVs {
// separa tor f o r CSV f i l e . Comma in our case .

public stat ic f ina l char DELIMITER = ’ , ’ ;

/∗∗
∗ This i s the main method f o r f i l t e r i n g the data accord ing to

the

∗ s e l e c t e d parameters above . I t w i l l c r ea t e j son f i l e s t h a t

∗ are used f o r v i s u a l i z a t i o n .

∗/
public stat ic void main ( St r ing [ ] a rgs ) throws Exception

{
F i l e [ ] f i l e s = new F i l e ( Constants .

CSV DIRECTORY NAME) . l i s t F i l e s ( ) ;

F i l e f i l t e r e d D i r e c t o r y = new F i l e ( Constants .

SORTED CSV DIRECTORY NAME) ;

i f ( ! f i l t e r e d D i r e c t o r y . e x i s t s ( ) )

f i l t e r e d D i r e c t o r y . mkdir ( ) ;

else

{
f i l t e r e d D i r e c t o r y . d e l e t e ( ) ;

f i l t e r e d D i r e c t o r y . mkdir ( ) ;

}
showFi les ( f i l e s ) ;

}
/∗∗
∗ This method r e c u r s i v e l y i t e r a t e s through the f i l e s and

∗ c a l l s the createJSON method f o r each f i l e .

∗ @param f i l e s array o f a l l f i l e s t h a t need to be so r t ed

∗/
public stat ic void showFi les ( F i l e [ ] f i l e s ) throws Exception

{
BufferedReader br = null ;

CSVReader reader = null ;

for ( F i l e f i l e : f i l e s )
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{
i f ( f i l e . i s D i r e c t o r y ( ) )

{
System . out . p r i n t l n ( ” Di rec to ry : ” + f i l e .

getName ( ) ) ;

showFi les ( f i l e . l i s t F i l e s ( ) ) ; // Ca l l s

same method again .

} else

{
System . out . p r i n t l n ( ” F i l e : ” + f i l e .

getAbsolutePath ( ) ) ;

try {
List<St r ing []> r e c o r d L i s t = new ArrayList <>()

;

r eader = new CSVReader (new Fi leReader ( f i l e .

getAbsolutePath ( ) ) ) ;

S t r ing [ ] c u r r e n t S t r i n g ;

int count = 0 ;

S t r ing [ ] headerRecord = null ;

while ( ( c u r r e n t S t r i n g = reader . readNext ( ) ) !=

null )

{
i f ( count == 0)

headerRecord = c u r r e n t S t r i n g ;

i f ( count != 0)

r e c o r d L i s t . add ( c u r r e n t S t r i n g ) ;

count++;

}
C o l l e c t i o n s . s o r t ( r e co rdL i s t , new

CSVComparator ( ) ) ;

r e c o r d L i s t . add (0 , headerRecord ) ;

S t r ing f i leName = f i l e . getName ( ) ;

F i l eWr i t e r f i l e W r i t e r = new

Fi l eWr i t e r ( Constants .SORTED CSV DIRECTORY NAME + ”/” +

fi leName ) ;

CSVWriter csvWriter = new CSVWriter ( f i l e W r i t e r , DELIMITER,

CSVWriter .DEFAULT QUOTE CHARACTER,

CSVWriter .NO ESCAPE CHARACTER, ”\n” ) ;

csvWriter . w r i t e A l l ( r e c o r d L i s t ) ;
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csvWriter . c l o s e ( ) ;

} catch ( IOException e )

{
throw new Exception ( ” F i l e : ”+f i l e .

getAbsolutePath ( ) , e ) ;

} f ina l ly {
try {

i f ( br != null ) br . c l o s e ( ) ;

} catch ( Exception ex ) {
ex . pr intStackTrace ( ) ;

}
}
}

}
}
}

Datamining :

G e t S i m i l a r E n t i t i e s

package com . ub iq log . a n a l y s i s . group . datamining ;

import java . i o . F i l e ;

import java . i o . Fi leReader ;

import java . i o . F i l eWr i t e r ;

import java . i o . IOException ;

import java . t ex t . ParseException ;

import java . t ex t . SimpleDateFormat ;

import java . u t i l . ArrayList ;

import java . u t i l . Calendar ;

import java . u t i l . HashMap ;

import java . u t i l . I t e r a t o r ;

import java . u t i l . L i s t ;

import java . u t i l .Map;

import java . u t i l .Map. Entry ;

import java . u t i l . TimeZone ;

import au . com . bytecode . opencsv . CSVReader ;

import au . com . bytecode . opencsv . CSVWriter ;

import com . ub iq log . a n a l y s i s . group . c o n f i g . Constants ;

public class G e t S i m i l a r E n t i t i e s {
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//Map tha t s t o r e s unique group name with i t s con ten t s

private stat ic Map<Str ing , Str ing> groupNameNContentMap = new

HashMap<>() ;

//Group Number

private stat ic int groupIndex = 0 ;

// S ta r t time o f the program

private stat ic long startTime = 0 ;

public stat ic void main ( St r ing [ ] a rgs ) throws Exception

{
startTime = System . cur r entT imeMi l l i s ( ) ;

F i l e [ ] f i l e s = new F i l e ( Constants .

SORTED CSV DIRECTORY NAME) . l i s t F i l e s ( ) ;

F i l e f i l t e r e d D i r e c t o r y = new F i l e ( Parameters .

DATAMINING CSV DIRECTORY NAME) ;

i f ( ! f i l t e r e d D i r e c t o r y . e x i s t s ( ) )

f i l t e r e d D i r e c t o r y . mkdir ( ) ;

else

{
f i l t e r e d D i r e c t o r y . d e l e t e ( ) ;

f i l t e r e d D i r e c t o r y . mkdir ( ) ;

}
showFi les ( f i l e s ) ;

}
/∗∗
∗ This method r e c u r s i v e l y i t e r a t e s through the f i l e s and

∗ c a l l s the f i n d S im i l a rEn t i t i e s ( dayLis t , windowNumber ) method

f o r each window .

∗ @param f i l e s array o f a l l f i l e s t h a t need to be so r t ed

∗/
public stat ic void showFi les ( F i l e [ ] f i l e s ) throws Exception

{
CSVWriter csvWriter = null ;

F i l eWr i t e r f i l e W r i t e r = null ;

S t r ing f i leName = null ;

CSVReader reader = null ;

L i s t<List<St r ing []>> dayList = new ArrayList<>(

Parameters .WINDOW SIZE) ;

L i s t<St r ing []> o l d L i s t = new ArrayList<St r ing [ ] > ( ) ;
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Map<Str ing , CSVWriter> writersMap = new HashMap<

Str ing , CSVWriter>() ;

for ( F i l e f i l e : f i l e s )

{
i f ( f i l e . i s D i r e c t o r y ( ) )

{
System . out . p r i n t l n ( ” Di rec to ry : ” + f i l e .

getName ( ) ) ;

F i l e d i r e c t o r y = new F i l e ( Constants .

FILTERED DIRECTORY NAME +”/”+ f i l e .

getName ( )+” f i l t e r e d ” ) ;

d i r e c t o r y . mkdir ( ) ;

showFi les ( f i l e . l i s t F i l e s ( ) ) ; // Ca l l s

same method again .

} else

{
i f ( f i l e . getName ( ) . conta in s ( ” ” +

Parameters . TIME PRECISION) )

{
// r e s e t groupMap and index f o r new user

groupNameNContentMap = new HashMap<>() ;

groupIndex = 0 ;

try {
r eader = new

CSVReader (new

Fi leReader ( f i l e .

getAbsolutePath ( )

) ) ;

S t r ing [ ] c u r r e n t S t r i n g ;

int count = 0 ;

o l d L i s t = new ArrayList<St r ing [ ] > ( ) ;

while ( ( c u r r e n t S t r i n g = reader . readNext ( ) ) !=

null )

{
i f ( count != 0)

o l d L i s t . add ( c u r r e n t S t r i n g ) ;
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count++;

}
int i =0, previousDay = 0 , windowNumber = 1 ;

Lis t<St r ing []> oneDay = null ;

for ( S t r ing [ ] r ecord : o l d L i s t )

{
i f (windowNumber <=(Parameters .NUMBER OF DAYS/ Parameters .

WINDOW SIZE) )

{
i f ( i <= Parameters .WINDOW SIZE)

{
Calendar c a l = Calendar . g e t In s tance ( TimeZone .

getTimeZone ( ” Asia /Tehran” ) ) ;

SimpleDateFormat fo rmatte r = new

SimpleDateFormat ( ”MM−dd−yyyy HH:mm: s s ” ) ;

f o rmatte r . setTimeZone ( TimeZone . getTimeZone ( ” Asia /

Tehran” ) ) ;

try {
c a l . setTime ( fo rmatte r . parse ( record [ 0 ] ) ) ;

}
catch ( ParseException e )

{
e . pr intStackTrace ( ) ;

}
// ignore i f day i s Friday (Weekend)

int weekDay = c a l . get ( Calendar .DAY OF WEEK) ;

i f (weekDay == 6)

{
continue ;

}
int dayOfMonth = c a l . get ( Calendar .

DAY OF MONTH) ;

i f ( dayOfMonth == previousDay )

{
oneDay . add ( record ) ;

}
else

{
i f ( i != 0)
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{
dayList . add ( oneDay ) ;

}
previousDay = dayOfMonth ;

oneDay = new ArrayList<St r ing [ ] > ( ) ;

oneDay . add ( record ) ;

i ++;

}
}
else {
List<Str ing> groupsL i s t = f i n d S i m i l a r E n t i t i e s

( dayList , windowNumber ) ;

L i s t<St r ing []> groupRecords = new ArrayList<

St r ing [ ] > ( ) ;

L i s t<St r ing []> windowRecords = new ArrayList

<St r ing [ ] > ( ) ;

S t r ing [ ] groupNameNContent = null ;

S t r ing groupsInWindow = ”” ;

S t r ing [ ] arrayOfEnt ity = null ;

int groupCount = 0 ;

for ( S t r ing group : g roupsL i s t )

{
groupNameNContent = group . s p l i t ( ”@” ) ;

L i s t<Str ing> s ingleGroupRecord = new

ArrayList<Str ing >() ;

s ingleGroupRecord . add ( St r ing . valueOf ( groupNameNContent [ 0 ] ) ) ;

s ingleGroupRecord . add ( St r ing . valueOf ( groupNameNContent [ 1 ] ) ) ;

S t r ing [ ] recordArray = new St r ing [ s ingleGroupRecord . s i z e ( ) ] ;

s ingleGroupRecord . toArray ( recordArray ) ;

groupRecords . add ( recordArray ) ;

arrayOfEnt ity = groupNameNContent [ 1 ] . s p l i t ( ”

\\ | ” ) ;

i f ( arrayOfEnt ity . l ength >= Parameters .

ENTITY THRESHOLD)

{
groupsInWindow = groupsInWindow +

groupNameNContent [ 0 ] + ” | ” ;
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groupCount

++;

}
i f ( writersMap . containsKey ( f i l e . getName ( ) .

sub s t r i ng (0 , 13)+” group ” ) )

csvWriter = writersMap . get ( f i l e . getName ( ) .

sub s t r i ng (0 , 13)+” group ” ) ;

}
else

{
f i leName = f i l e . getName ( ) . sub s t r i ng (0 , 13) ;

f i l e W r i t e r = new Fi l eWr i t e r ( Parameters .

DATAMINING CSV DIRECTORY NAME + ”/”

+ fi leName + ” groups . csv ” ) ;

csvWriter = new CSVWriter ( f i l e W r i t e r , Parameters .DELIMITER,

CSVWriter .DEFAULT QUOTE CHARACTER, CSVWriter .

NO ESCAPE CHARACTER, ”\n” ) ;

writersMap . put ( f i l e . getName ( ) . sub s t r i ng (0 , 13)+” group ” ,

csvWriter ) ;

}
csvWriter . w r i t e A l l ( groupRecords ) ;

csvWriter . f l u s h ( ) ;

}
List<Str ing> singleWindowRecord = new

ArrayList<Str ing >() ;

singleWindowRecord . add ( St r ing . valueOf ( ”Window ”+windowNumber )

) ; singleWindowRecord . add ( St r ing . valueOf (

groupsInWindow ) ) ;

singleWindowRecord . add ( St r ing . valueOf ( groupCount ) ) ;

S t r ing [ ] recordArray = new St r ing [

singleWindowRecord . s i z e ( ) ] ;

singleWindowRecord . toArray ( recordArray ) ;

windowRecords . add ( recordArray ) ;

i f ( writersMap . containsKey ( f i l e . getName ( ) .

sub s t r i ng (0 , 13)+” window” ) )

{
csvWriter = writersMap . get ( f i l e . getName ( ) .

sub s t r i ng (0 , 13)+” window” ) ;
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}
else

{
f i leName = f i l e . getName ( ) . sub s t r i ng (0 , 13) ;

f i l e W r i t e r = new Fi l eWr i t e r ( Parameters .

DATAMINING CSV DIRECTORY NAME + ”/” +

fi leName + ” windows . csv ” ) ;

csvWriter = new CSVWriter ( f i l e W r i t e r , Parameters .DELIMITER,

CSVWriter .DEFAULT QUOTE CHARACTER, CSVWriter .

NO ESCAPE CHARACTER, ”\n” ) ;

writersMap . put ( f i l e . getName ( ) . sub s t r i ng (0 , 13)+” window” ,

csvWriter ) ;

}
csvWriter . w r i t e A l l ( windowRecords ) ;

csvWriter . f l u s h ( ) ;

i = 1 ; windowNumber++;

dayList = new ArrayList<>(Parameters .

WINDOW SIZE) ;

}
}

system . out . p r i n t l n ( ”Done” ) ;

} catch ( IOException e ) {
throw new Exception ( ” F i l e : ”+

f i l e . getAbsolutePath ( ) , e )

;

} f ina l ly {
try {

i f ( r eader != null )

r eader . c l o s e ( ) ;

} catch ( Exception ex ) {
ex . pr intStackTrace ( ) ;

}
}

csvWriter . c l o s e ( ) ;

}
}
}
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for ( Entry<Str ing , CSVWriter> writerEntry :

writersMap . entrySet ( ) )

{
writerEntry . getValue ( ) . c l o s e ( ) ;

}
P r o f i l e C r e a t o r p r o f i l e C r e a t o r = new

P r o f i l e C r e a t o r ( ) ;

p r o f i l e C r e a t o r . c r e a t e U s e r P r o f i l e ( ) ;

long stopTime = System . cur r entT imeMi l l i s ( ) ;

long elapsedTime = stopTime − startTime ;

System . out . p r i n t l n ( ”Number o f Days = ” +

Parameters .NUMBER OF DAYS) ;

System . out . p r i n t l n ( ” Elapsed Time = ” +(

elapsedTime /1000) + ” seconds ” ) ;

}
/∗∗
∗ This method f i n d s s im i l a r e n t i t i e s in each time

∗ s l o t w i th in a window

∗ @param dayLis t l i s t o f l i s t f o r each day in a

window

∗ @param windowNumber window number

∗ @return l i s t con ta in ing groups w i th in a window

∗/
private stat ic List<Str ing> f i n d S i m i l a r E n t i t i e s ( L i s t<

List<St r ing []>>

dayList , int windowNumber )

{
System . out . p r i n t l n ( ”Window Number = ” +

windowNumber ) ;

S t r ing c u r r e n t S l o t = ”00” ;

L i s t<St r ing []> sameS lotL i s t = null ;

L i s t<Str ing> groupsL i s t = new ArrayList <>() ;

L i s t<St r ing []> f i r s tDayRecords = dayList . get

(0 ) ;

for ( S t r ing [ ] r ecord : f i r s tDayRecords )

{
i f ( ! c u r r e n t S l o t . equa l s ( record [ 2 ] ) )

{
Dept Of CSE, CMRIT, Bengaluru - 560037 42



Scalable Daily Human Behaviour Analysis Chapter 6

i f ( sameS lotL i s t != null )

{
I t e r a t o r <St r ing []> i t e r =

sameSlotL i s t . i t e r a t o r ( ) ;

while ( i t e r . hasNext ( ) )

{
St r ing [ ] sameSlotRecord = i t e r . next ( )

;

for ( int i = 1 ; i < Parameters .

WINDOW SIZE; i++)

{
boolean present = fa l se ;

I t e r a t o r <St r ing []> i t e r 2 = dayList .

get ( i ) . i t e r a t o r ( ) ;

while ( i t e r 2 . hasNext ( ) )

{
St r ing [ ] otherRecords = i t e r 2 . next ( ) ;

i f ( otherRecords [ 2 ] . equa l s ( sameSlotRecord [ 2 ] )&&

sameSlotRecord [ 3 ]

. equa l s ( otherRecords [ 3 ] )&& sameSlotRecord [ 4 ] . equa l s (

otherRecords [ 4 ] ) ){
present = true ;

i t e r 2 . remove ( ) ;

}
}

i f ( pre sent == fa l se )

{
i t e r . remove ( ) ;

break ;

}
}

}
St r ing group = ”” ; S t r ing index = null ;

i f ( sameS lotL i s t . s i z e ( ) > 0)

{
//Removing dup l i c a t e e n t i t i e s w i th in a group

for ( S t r ing [ ] e n t i t y : sameS lotL i s t )

{
index=null ;
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St r ing t h i s E n t i t y = e n t i t y [ 2 ] + ” | ”
+ e n t i t y [ 3 ] + ” | ” + e n t i t y [ 4 ] ;

i f ( ! group . conta in s ( t h i s E n t i t y ) ){
group = t h i s E n t i t y ;

}

for ( Entry<Str ing , Str ing> entry :

groupNameNContentMap . entrySet ( ) )

{
i f ( entry . getValue ( ) . equa l s ( group ) )

index = entry . getKey ( ) . sub s t r i ng (1 ) ;

}
i f ( index == null )

{
index = St r ing . valueOf (

groupIndex++) ;

groupNameNContentMap . put ( ”G”+

index , group ) ;

}
groupsL i s t . add ( ”G”+ index + ”

@” + group ) ;

}
}

}
sameS lotL i s t = new ArrayList <>() ;

sameS lotL i s t . add ( record ) ;

c u r r e n t S l o t = record [ 2 ] ;

}
else

sameS lotL i s t . add ( record ) ;

}
return groupsL i s t ;

}
}
P r o f i l e C r e a t o r . java

package com . ub iq log . a n a l y s i s . group . datamining ;

import java . i o . BufferedReader ;

import java . i o . F i l e ;
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import java . i o . Fi leReader ;

import java . i o . F i l eWr i t e r ;

import java . i o . IOException ;

import java . u t i l . ArrayList ;

import java . u t i l . HashMap ;

import java . u t i l . L i s t ;

import java . u t i l .Map;

import java . u t i l .Map. Entry ;

import au . com . bytecode . opencsv . CSVReader ;

import au . com . bytecode . opencsv . CSVWriter ;

public class P r o f i l e C r e a t o r {
/∗∗

∗ This c l a s s w i l l c r ea t e a user p r o f i l e f o r each

user wi th the

∗ con f idence o f each a c t i v i t y .

∗/
public void c r e a t e U s e r P r o f i l e ( )

{
F i l e [ ] f i l e s = new F i l e ( Parameters .

DATAMINING CSV DIRECTORY NAME) . l i s t F i l e s ( ) ;

try {
showFi les ( f i l e s ) ;

} catch ( Exception e ) {
e . pr intStackTrace ( ) ;

}
}
public void showFi les ( F i l e [ ] f i l e s ) throws Exception

{
BufferedReader br = null ;

CSVReader reader = null ;

for ( F i l e f i l e : f i l e s )

{
i f ( f i l e . i s D i r e c t o r y ( ) )

{
System . out . p r i n t l n ( ” Di rec to ry : ” + f i l e . getName ( ) ) ;

showFi les ( f i l e . l i s t F i l e s ( ) ) ;

}
else

{
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i f ( f i l e . getName ( ) . conta in s ( ” window” ) )

{
try {

Map<Str ing , Integer> groupCountMap =

new HashMap<>() ;

r eader = new CSVReader (new Fi leReader ( f i l e . getAbsolutePath ( ) )

) ;

S t r ing [ ] c u r r e n t S t r i n g ;

int windowCount = 0 ;

while ( ( c u r r e n t S t r i n g =

reader . readNext ( ) ) != null

)

{
windowCount++;

St r ing [ ] groups =

c u r r e n t S t r i n g [ 1 ] .

s p l i t ( ” \\ | ” ) ;

for ( S t r ing group :

groups )

{
i f ( group . l ength ( ) >

0)

{
i f ( groupCountMap .

containsKey ( group )

)

{
int count =

groupCountMap

. get ( group

) ;

groupCountMap

. put ( group

, ++count )

;

}
else
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groupCountMap . put ( group , 1) ;

}
}

}
List<St r ing []> groupRecords = new ArrayList<

St r ing [ ] > ( ) ;

for ( Entry<Str ing , Integer> entry :

groupCountMap . entrySet ( ) )

{
i f ( entry . getValue ( ) >= Parameters .

PROFILE THRESHOLD)

{
List<Str ing> s ingleGroupRecord = new

ArrayList<Str ing >() ;

s ingleGroupRecord . add ( St r ing . valueOf ( entry . getKey ( ) ) ) ;

Double con f idence = ( ( ( double ) entry . getValue

( ) ) /windowCount ) ∗ 100 ;

S t r ing conf = s e t P r e c i s i o n ( conf idence , 4) ;

s ingleGroupRecord . add ( St r ing . valueOf ( conf + ”

%” ) ) ;

S t r ing [ ] recordArray = new St r ing [

s ingleGroupRecord . s i z e ( ) ] ;

s ingleGroupRecord . toArray ( recordArray ) ;

groupRecords . add ( recordArray ) ;

}
}

St r ing f i leName = f i l e . getName ( ) . sub s t r i ng (0 , 13) ;

F i l eWr i t e r f i l e W r i t e r = new Fi l eWr i t e r ( Parameters .

DATAMINING CSV DIRECTORY NAME + ”/” + fi leName + ”

u s e r p r o f i l e . csv ” ) ;

CSVWriter csvWriter = new CSVWriter ( f i l e W r i t e r , Parameters .

DELIMITER, CSVWriter .DEFAULT QUOTE CHARACTER, CSVWriter .

NO ESCAPE CHARACTER, ”\n” ) ;

csvWriter . w r i t e A l l ( groupRecords ) ;

csvWriter . c l o s e ( ) ;

} catch ( IOException e ) {
throw new Exception ( ” F i l e : ”+f i l e .

getAbsolutePath ( ) , e ) ;
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} f ina l ly {
try {
i f ( br != null ) br . c l o s e ( ) ;

} catch ( Exception ex ) {
ex . pr intStackTrace ( ) ;

}
}

}
}

}
}
public stat ic St r ing s e t P r e c i s i o n (double nbr , int

decimal )

{
int i n t e g e r P a r t = ( int ) nbr ;

double f l o a t P a r t = nbr − i n t e g e r P a r t ;

int f l o a t i n g p o i n t = ( int ) (Math . pow(10 , decimal )

∗ f l o a t P a r t ) ;

S t r ing f i n a l n b r = St r ing . valueOf ( i n t e g e r P a r t ) +

” . ” + St r ing . valueOf ( f l o a t i n g p o i n t ) ;

return f i n a l n b r ;

}
}

Parameters . java

package com . ub iq log . a n a l y s i s . group . datamining ;

import com . ub iq log . a n a l y s i s . group . c o n f i g . Constants ;

public class Parameters {
/∗∗

∗ This c l a s s i s used to s e t the input parameters

∗/
// S e l e c t HP fo r hour prec i s i on , HHP fo r h a l f hour prec i s i on ,

//QHP fo r quar t e r hour prec i s i on , or 5MP fo r 5 min p r e c i s i on

be low

public stat ic f ina l St r ing TIME PRECISION = ”HP” ;

//Path o f d i r e c t o r y con ta in ing

public stat ic St r ing DATAMINING CSV DIRECTORY NAME =

Constants .DIRECTORY NAME + ”/DataMiningCSVs” ;

// separa tor f o r CSV f i l e . Comma in our case .
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public stat ic f ina l char DELIMITER = ’ , ’ ;

public stat ic f ina l int NUMBER OF DAYS = 40 ;

//Number o f days to be cons idered as one window

public stat ic f ina l int WINDOW SIZE = 3 ;

// t h e t a

public stat ic f ina l int ENTITY THRESHOLD = 1 ;

// lambda

public stat ic f ina l int PROFILE THRESHOLD = 1 ;

}

Dept Of CSE, CMRIT, Bengaluru - 560037 49



Chapter 7

Experimental Analysis and Results

The first step in the experimental evaluation is the creation of a ground truth dataset

that can help in estimating the accuracy of algorithms. The accuracy of the FBP

identification algorithms is evaluated based on different segments of the day, differ-

ent TGs. The following experiments describe the next phase of our evaluation and

demonstrate the utility and efficiency of our algorithms First, to demonstrate the

scalability of the FBP detection algorithm by analyzing the impact of window size

and grouping on the execution time. The FBP approach is lightweight enough to be

used in wearable and mobile devices. Next, the execution time of our approach and

compare it with other algorithms on both mobile phones and smartwatches is noted.

7.1 Accuracy Analysis

7.1.1 Ground Truth Dataset

To evaluate the accuracy and quality of the identified FBPs, the authors had created a

ground truth dataset, which is composed of more than 5,000 identified entities, from

five users. It contains randomly identified FBP data that has been labeled by the

users as either true or false. The number of identified entities in the profile objects

are different among users, but each user has labeled about 1,000 entities that belong

to him/her self. Users were asked to label if they agree (true) with each of their

identified entities in their profile or do not agree (false).

7.1.2 Accuracy of Identified FBPs

The labels were carefully examined the accuracy of our algorithms using three tem-

poral segments of the day: 0:00-07:59 (0-8), 08:00-15:59 (8-16) and 16:00-23:59 (1624)

and different TGs. Table 4 reports about the accuracy of the identified FBPs, based

on labels, with different TGs and not using a TG at all (baseline). The results of
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Figure 7.1: Correct and incorrectly labeled FBPs based on time segment for TG =
1Hr.

this analysis show that FBP identification accuracy is influenced by different values

of TG and the segmentation of the day. Table 4 shows that identifying FBPs using

an hour as the TG improves the accuracy of the FBP identification, compared to

other TGs. In other words, one hour TG has the highest accuracy among other TGs.

Nevertheless, choosing 15, 30, 90 and 120 as TG performs almost the same or slightly

lower than 60 but better than 5. The inaccuracy of five minutes is because this TG

is too precise for an application to model human behavior. It can be concluded that

most routine human behaviors that can be identified from a smartphone have a one

hour approximation.

Our other evaluation uses the same users to annotate the results delivered by

similar algorithms, and compares the accuracy of our FBP algorithm with Apriori,

FP-Growth, MTK and estDec+. Table 5 shows the labeling results of users. With

no TG (baseline) or low (5) and high (120) TG, other methods perform better than

FBP. For the rest of the TGs, FBP outperforms other methods. This accuracy orig-

inates in the use of and . Other algorithms are very useful for the general problem

domain. Unlike Apriori, both MTK and estDec+ apply another level of filtering such

as considering top frequent itemsets by MTK or recent ones by estDec+. Therefore,

baseline algorithms that do not filter have superior accuracy.
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Figure 7.2: FBP identification accuracy

7.2 Scalability

The algorithms must be capable of being integrated into small devices, which have

restricted computational resources compared to desktop computers. To demonstrate

that the algorithms are lightweight, the execution time is measured, which is the

representation of scalability. Moreover, the execution time of FBP algorithm among

Apriori and FP-Growth as baseline algorithms and MTK and estDec+ as state-of-the-

art algorithms is evaluated. Apriori is the well-known algorithm for frequent itemset

mining. It is not the fastest or most resource efficient but we have chosen it as a

baseline algorithm. FP-Growth is scalable and is known as a baseline of the fastest

frequent itemset mining algorithms. Furthermore, MTK and estDec+ both alsohave

been used as state-of-the-art algorithms that are scalable and fast.

7.2.1 Sliding Window Impact on the Execution Time

Execution time is directly correlated to scalability and scalability is a major contribu-

tion of this work. It has been achieved through (i) the adoption of a sliding window
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Figure 7.3: Table accuracy of our FBP

and (ii) the reduction of the number of comparisons via utilizing a group based com-

parison. To demonstrate scalability, first the execution time performance of the FBP

algorithm with different window sizes for 60 days is analyzed. This time frame has

been utilized as it covers a significant period so that the capability of the FBP al-

gorithm can be fully tested. Dealing with many days is an important requirement

in Lifelogging systems, which use small devices. The baseline here is not using the

window, and it compares each day with all the other days.

7.2.2 Comparison with Other Algorithms

The execution time of running FBP in comparison to other algorithms on the smart-

phone, within the described settings. For more than six days of analysis, FBP exe-

cution time performance is faster than other algorithms. This has been highlighted

especially as the number of days increases, the FBP execution timedoes not change

significantly and stays at a near constant value. It has even outperformed state-of-

the-art algorithms, which are known to be fast and scalable algorithms that operates

on limited memory. However, for a smaller amount of data, FBP does not perform

better than MTK or estDec+.
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7.3 Snapshot

Figure 7.4: Front End
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Figure 7.5: User profile as set of traids

Figure 7.6: User Data represented on visualization tool
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Chapter 8

Conclusion And Future Scope

8.1 Conclusion

A major contribution of this research is a generic mobile data mining system. It is

generic because of its multisensory support and application independence. The sec-

ondary contribution is frequent item set mining algorithms and their sub components

such as analyzing the temporal aspect of human behavior. Therefore, two categories

of related works have been studied: mobile data mining efforts that focus on de-

vice data collection, frequent item set mining algorithms. In this paper, a scalable

approach for daily behavioral pattern mining from multiple sensor information is pro-

posed. This work has been benefited from two real-world datasets and users who use

different smartphone brands. A novel temporal granularity transformation algorithm

that makes changes on timestamps to mirror the human perception of time is used.

The frequent behavioral pattern detection approach is generic and not dependent on a

single source of information; therefore, we have reduced the risk of uncertainty by re-

lying on a combination of information sources to identify frequent behavioral patterns.

Furthermore, the approach is lightweight enough that it can be run on small devices,

such as smartwatches, and thus reduces the network and privacy cost of sending data

to the cloud. Results of the experimental evaluation shows the algorithm outperforms

the baseline and two state-of-the-art algorithms in both execution time and accuracy.

Moreover, converting raw timestamps to temporal granularities increase the accuracy

of the FBP identification, which is influenced by different values of temporal granu-

larity, the segment of the day and the sensor type. These findings assist the system

in identifying the appropriate run time and sensor impact of the behavioral pattern

identification.
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8.2 Future Scope

• Health Care Rapid growth of the aged population has caused an immense in-

crease in the demand for healthcare services. Generally, the elderly is more

prone to health problems compared to other age groups. With effective mon-

itoring and alarm systems, the adverse effects of unpredictable events such as

sudden illnesses, falls, and so on can be ameliorated to some extent. Recently,

advances in wearable and sensor technologies have improved the prospects of

these service systems for assisting elderly people. These technologies are cate-

gorized into three types: indoor positioning, activity recognition and real time

vital sign monitoring. Positioning is the process of accurate localization and is

particularly important for elderly people so that they can be found in a timely

manner. Activity recognition not only helps ensure that sudden events (e.g.,

falls) will raise alarms but also functions as a feasible way to guide peoples ac-

tivities so that they avoid dangerous behaviors. Since most elderly people suffer

from age-related problems, some vital signs that can be monitored comfortably

and continuously via existing techniques are also summarized.

• Transportation Another use-case can be transportation optimization. The use

of intelligent transport systems has a positive impact on the environment. As

vehicle move in an optimized manner and travelers are advised to use the most

suitable transport means to reach their intended destination, the travel times

and congestions decrease, the fuel consumption also decrease and the emissions

are reduced. The main goal is to improve travel times, fuel consumption and

hence emissions. Another objective of such system is to try to shift transport

behavior from private vehicles to public transport, further improving the overall

efficiency of urban transport system, by identifying the routine behaviors of the

users using their cellphone data. For example, to arrive at the train station

on time, a system can learn the routine commuter patterns of a user, and no-

tify them about the appropriate time for leaving toward the station. On the

other hand, the scalability enables on-device and online analysis, and therefore

removes both the network cost.

• Personal Assistant Currently, personal assistant systems, run on smartphones

and use natural language interfaces. However, these systems rely mostly on the

web for finding information. Mobile and wearable devices can collect an enor-

mous amount of contextual personal data such as sleep and physical activities.

These information objects and their applications are known as quantified-self,

mobile health or personal informatics, and they can be used to provide a deeper

insight into our behavior. Existing personal assistant systems do not support all
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types of quantified-self queries. A user study was undertaken, to analyze a set

of textual questions/queries that users have used to search their quantified-self

or mobile health data. Through analyzing these questions, we have constructed

a light-weight natural language based query interface - including a text parser

algorithm and a user interface - to process the users queries that have been

used for searching quantified-self information collected from users smartphones.

This query interface has been designed to operate on small devices, i.e. smart-

watches, as well as augmenting the personal assistant systems by allowing them

to process end users natural language queries about their quantified-self data
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