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Problem definition

e Smart devices sensors collect time-stamped geographical coordinates of the user.

e Weconsider two different types of information that can be extracted from user GPSdata:
e Locationinformation: placesthe user hasvisited, alongwith timestamp and duration
e Trajectoryinformation: the movement of auser from onelocation to another.

Using the GPS sensor, we can extract the geographical location and movement of the user.

Canwe identify the user’s behavior and habits, based on the analysis of user’slocation data?

e Thiscan be valuable for many domains such as Recommender Systems, targeted/personalized advertising etc.
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Definitions

Stay Point SP A geographic region, where a user stays over a certain time interval . 3}: :
fﬂ"lﬁ. ;}polnls -
.q'f - -
User trajectory Tr; The sequence of GPS points between two stay points SP; and SP; @ ;

User habits A routine of behavior that the user repeats regularly and which tends to

occur subconsciously
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Method overview

Toidentify user habits based on the analysis of user’s location data, we:

Analyze user’s GPS logs provided through his Google location history.
Detect user stay points (locations that user usually spends more time).

Identify the user’s frequently preferred transportation types and trajectories.

Find what type of places the user visits in a regular base (such as cinemas, restaurants etc).

Extract the habits the user is most likely to have.
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Extraction of user stay points

The extraction of a stay point depends on:
o atimeinterval threshold (Tipen)

o adistance threshold (Dypren)

The set of points that satisfy these thresholds are regarded as the SP.
The centroid of all GPS points of a stay point is used as the GPS coordinates of stay point SP.
A maximum radius for the cluster is also kept with the SP.

Finally, we keep the start and end time-stamp with the stay point.

SP = <lat, lon, radius, tg . teng >
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Atrajectory Tr; between two stay points SP; and SP;:
e Defines aroute comprisinga series of GPS locations in chronological order.
e Stay points denote the end of one trajectory and the beginning of another.

e Thetimestamp difference between two consecutive GPS points in a trajectory exceed the Typen

Y%

they cannot be considered to belongin the same stay point.

® Soauser trajectory is characterized by a set of GPS coordinates, a start and an end time-stamp as:

Tr=< {(Iatii Ioni)}, trstart’ trend >
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Semantic enhancement of user stay points

Stay point semantic enrichment process:
e Attaches additional information for characterizing the extracted stay points and trajectories.

e Mainsources for this information are POl services with semantic annotations for popular points of interest and
common types of POls (e.g. sport facilities, public buildings etc.).

® Users can add semantic information for their own POls such as "Home" or "W ork".

® After extractingstay points, we access POl information services and search for nearby POls, at a short range and
within the stay point limits.

® Asaresult, we characterize the type of the stay point, such as: Park, Stadium etc.

e Sofinally,astay pointis characterized as:

SP =< at, lon, POI POI

type’ category tstart! tend >
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Semantic enhancement of user trajectories

e User trajectory semantic annotation processrefersto:
o  Applyingdataminingtechniquesto thetrajectory pointsinformation (latitude, longitude and timestamp).

o  Detecting of user type of movement acrossthe trajectory.
e Thisallowsusto detect whether the user prefers public or private means of transportation etc.
e Wetreat the detection of user movement type as a classification problem.

e Themovement categories can be: motionless, walking, running, riding a bike, driving a car, being on the bus, being
on atrain/metro, and any other type of movement.

e Attheendofthisstepatrajectory ischaracterized as:

Tr=< {(lati’ Ioni)}’ I:)Olstart’ I:)Olend! tstart! tend >
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Abstracting user data to user habits

e Inour scenario, habitsare repetitive user activities such as beingin the same stay point,
taking the same trajectory at the same time or day of aweek.

e After detectingfrequently accessed POlsand trajectories, the abstraction of information
at variouslevelsof granularity in time (e.g. time zones, days, etc), POl type, and movement
type follows.

e Theresult of thisprocess comprisesfrequently occurring staying or movement patterns
for one or more users.

e Theextracted patternsform the user habits.
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Basic architecture of the application

Overall, our approach for analysis can be described as athree-tier analysis with multiple tasksin each tier.
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Tier O: Data collection

e \Weusedatafrom Google Maps history,which areimported as KML (Keyhole Markup Language) filesto the
system.

e The same processing pipeline can be applied to the actual GPSdata collected by the smartphone instead of
using KML files.

e Theinformation extracted fromthe analysis of auser activity in a certain time-frame can be stored inthe
phone and all the actual GPSdatafor thisframe can be erased.

e For example,when the user commutesto work, we can store information about the trajectory (e.g. start/end
time and location, and probably afew intermediate points) and erase all the intermediate GPSdata.
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Tier 1: Information extraction

Extraction of user stay points Detection of user trajectories

e Weemploy DBSCAN clusteringto identify the e Alarge set of stay pointsmay exist in user’'s GPSlogs
locationswhere user stays for a certain amount of time.

e To clusterstogether neighboring (in space and time)

e Arespectively large set of trajectories are formed
among the different stay points.

GPStraces, the distance of two pointsisalinear
combination of geographic distance andtime distance. e Thetrajectories are directly defined as the sets of GPS

e Thevaluefor MinPts dependson the frequency of

tracks between two consecutive stay points.

recorded GPSspots, the distance threshold of interest
and amoving speed threshold.
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Tier 2: Information enhancement (user stay points)

e Weemploy the OpenStreetMaps service, which offersan API for retrieving information about various POlsin a
geographical areato characterize stay points.

e [or thispurpose,aboundingboxis created for each stay point, usingthe GPScoordinates of the stay point as
the bounding box center and arange that does not exceed the radius of the respective cluster.

e The OpenStreetMaps API isaccessed to retrieve POIswithin the geographical area defined by the bounding
box and it respondswith an XML formatted result.

e Fromthelocationsreturned,the closest to the stay point isused to characterize the stay point.
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Tier 2: Information enhancement (user trajectories)

e For the semantic annotation of auser trajectory, we process all consecutive GPStracesin order to detect
user movement speed, user direction and user speed changes.

e We classify each trace individually and then classify the trajectory asawhole.

e A post-processing step aggregates thisinformation for all segments of the trajectory and assignsthe
movement type that most likely matchesto the specifictrajectory.

StationB | on  Work

drive... Station A ..move by train..
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Tier 3: Information abstraction

Frequent user stay points detection Frequent trajectories detection
e Analyzingthe stay pointsof auser,we can find if the e Theabstraction of user trajectories will highlight the
user tendsto visit specific stay points more frequently. preferred movement paths and way of movement of the user.
e Wecluster stay pointsusing DBSCAN to get clusters e Weconsideringthe set of trajectoriesthat the user has
with pointsvisited many times by the user. followed to go from one frequent stay point to another.
e Werank clustersin descendingorder of sizeand keep e We apply the clustering-based sequential mining (CBM)
the top ranked stay pointsfor auser. algorithm over the set of trajectories.
e Afirst step of abstractionistofindthe preferred days e The output of thisprocessisthe set of most frequent
or time zonesfor auser to visit astay point. trajectoriesfollowed by the user.

e Theresult of thisstep can be similar to the following:

The user has visited train station A n times this month. The preferred
days are week days, and the preferred time zones are early in the
morning and the afternoon.
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User habits extraction

We need to find frequently occurring activity patternsin user logs (frequently visited locations and frequent
trajectoriesthat the user follows).

home N \ work N \ gym

These patterns will define the user’s habits.

We discover user’stendencies on commuting at specific dates and times.

{ home restaurant

e

Wetreat the user habits extraction as an association rules extraction problem.

We use different levels of abstraction:
o Different placesthat have been visited by the user and have been annotated asrestaurants, barsor cafeteriascan be
generalized to the category amenity and lead to ruleswith stronger support

o Thetime-stampinformation can be mapped to day zones (e.g. morning, afternoon, evening) or days
The output of thisinformation abstraction step isfed to the Apriori algorithmto extract user’s association rules.
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Demo application

| r
i |v I
| a
ExtractPol I L

ExtractiT I =

The application iswritten in Java and is available as a standalone
Java program.

We use user’s Google Maps History files (KML files) asinput and
processesthem.

Using these filesasinput, we can extract the user’sfrequent stay
points and trajectories, which can be displayed over an
OpenStreetMap layer or exported to separate files.
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The analysis of user stay pointsleadsto a set of user’stendencies.

Lotitude Longi tude Time
37.8883883 23.3400781 Sun Jan 01 18:11:51 EET 2817 - Sun Jon @1 22:58:84 EET 2017

Location frequence:d5
Frequent Doy: Sunday

Lotitude Longi tude Time
37.50334% 23. 74595417 Sun Jan 08 20:009:25 EET 2017 - Sun Jon 88 22:51:84 EET 2017

Location freguence:48
Frequent Day: Sunday
Location frequence:37
Frequent Day: Monday

Place nome:Bardn
Amenity:cafe ID: 3942452238
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Demo application

e Thesefilesarefedtothe Apriori algorithmto extract user habits.
e Theinput datafor the Apriori consist of:

® theuser’'sextracted stay pointscombined with

® thetime-stamp of occurrencein daytime zone (e.g. morning, afternoon, night)
and day (e.g. weekday, weekend) format

® thetype of movement and/or

® thetype of the amenity

e So,whenthe Apriori algorithm isfed with information in the form of:

{DayZone, DayType, MoveType, Dest_POIType}

e Theextracted user habitsare similar to:

MoveType = Metro = IsWorkingDay = true

DayZone = Evening Tag = public_transport 331 = IsWorkingDay = true

DayZone = Evening MoveType = Metro Tag = public_transport = IsWorkingDay = true
DayZone = Evening MoveType = Metro = IsWorkingDay = true

Tag = shop = IsWorkingDay = true

G
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What is next?

e Weprocessuser GPSlogsto extract rulesand patternsthat describe user’s habits.
e Asfar astheresults show,we can identify interesting patternsfor the user daily activity.

e Sincethe parameter selection of the algorithms has been made after experimentation, we consider that a
more thorough evaluation of different parameter settings must be examined.

e |tisinourintentionto adapt our work so far ina Recommender System for real-time and real-life
recommendations exploiting user habits.
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Thank you!

® O
Your feedback is
appreciated!
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