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Abstract

Available big data have proliferated rapidly in tast decade and continue to grow in popularitye €kisting new data sources
such as Online Social Networks (OSNs) and Inteofiéthings (IoT) influence many digital aspects imer to shape/reshape
normal life of people and other related partieshsas businesses, stockholders etc. Urban mokslipne of the considerable

information. This paper aims to provide a compreshanview on the influence of various sources déda the users’ trips. To
this end, at first we review relevant studies awdilable services that are designed to facilitadedlers’ life as well as we
identify the existing gaps in this domain. Next p®pose a frameworkrip, which aims to utilize data from different data
sources as input and then, recommend/provide advsgrvices to various type of customers. The outcofrthis framework
will provide a set of summarized recommendationsdigtions, decisions, and plans to be used irs@etimaking for long/short
distance transportation mechanisms. In additiom, fasure direction of this study a set of idead topics is provided.
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1. Introduction

We are living in the era of data where differemgéaset of data is publicly available to the resear and the
challenging step now is how we can get valuablghtfrom this data to provide better services.sT¢tudy aims to
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consider available data sources in advancing ntplsérvices by providing various recommendatiomsdjgtions,

preparations, and planning. One of these valuadileces of data are Online Social Networks (OSNs3furing

several applications with millions of active useteractions. Many OSNs systems incorporate useraations such
as content sharing and blogging based on theirsjdaetivities, pictures, events, and etc. In additio social

network data, in smart cities scenarios, plentiiuafe set of data can be access from the deployed shjects in an
Internet of Things (loT) infrastructure. On the @tthand, nowadays organizations and governmengediéng to

the countries internal rules) provide multiple ras@f public open data such as weather informatidrgbitants
data, summarized reports of income and expensegtizdns, etc. Knowledge gaining all of these dstarces is
useful to tackle urban area challenges in diffeesgects such as cultural, weather, statisticsy@maental, and
transport. ICT paradigms such as Cloud Computing,data, open data, and loT are the essential elesnfer

moving from urban area challenges to the visiosmoart cities. Analysis performed on the data ctdédrom all

these elements help to improve public servicesitifjewhat milestones are available to improve thesrvices, and
also help drive the creation of innovative busifemvice that deliver social and commercial valbased on
different predictions and recommendations.

In this study, we aim to provide a framework to @mte urban mobility by leveraging all these varisasrce of
data and provide different range of services téeddht group of customers. To this end, this stidsoduces an
integrated framework iTrip (intelligent trip) forln sustainability issues by using data that leaen generated in
cities, e.g., traffic flow, mobility of people, gde distribution, and environmental data obtainemnfrdifferent
sensors. The proposed framework combines sevemliops efforts to enhance users’ experiences in the
conventional city related areas like transportatimban planning, environment, ecology, and soggldhe main
contributions of this study are as follows:

. a comprehensive literature review identifying erigtgaps in the previous studies related to thiskwo

. identification of how available data sources canused in recommendation/prediction systems in
different problems related to urban city plannimgl @perations

. proposal of a comprehensive framework that includiference modules (Figure 1) based on various
available data categories

. analysis of these modules in terms of types ofisesvthat the end users (travelers, citizens, legsis
owners and consumers) and other entities, suctygsl@nners can benefit

. a set of future work as next steps for the framévaalaptability and transferability

The rest of the paper is organized as follows.datiBn 2, we present a summary of the previousesud-order
to identify how various source of data are usediffierent route planning systems, location basedices, and other
aspects of urban mobility. Section 3 introduces gheposed framework and section 4 describes futesearch
directions of this study. The paper conclusionspaesented in Section 5.

2. Related Work

The related work to this study can be categorinevd groups. The first group includes studies Hiat to use
social network data to enhance citizens, tourisntl &ansport related aspects by providing new sesviThe
second group of previous studies is using otheat dahsors such as 10T and open data for city pigremd route
planners.

In the literature there are only a few recommemaatiystems use social media content and many of there
target only one or few social networking platforr@aiercia et al. (2015) were able to reliably maglémelated
data collected from geo-referenced picture tagsliokr, Instagram, and geo-referenced tweets framittér into a
smell related words dictionary. Yet urban city plang concerned with people health and also attreéss of
different areas and therefore smelly and pleasautes suggested by the previous work help to asalyban air
quality indicators. Vaca et al. (2015) did anotsrdy to map the functional use of the city araahsas cluster of
hotels and electronic shops upon geo-referencetsdoare data. Another study is conducted by Queatial.
(2014) about automatic suggestions for the emolipmdeasant routes like happy and beautiful routesg 7M
geo-referenced Flickr pictures. Another study dop&uercia et al. (2012) in-order to analyze therabteristics of
a community and its residents’ use of words comsideTwitter users. Apart from that many literatsirean be
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identified on the location based services utilizihg social network information to track user mibilCheng et al.
(2011), Gao et al. (2012), Scellato et al. (20BHo et al. (2012), and Gao et al. (2013) analyaedan behavior
using location based social networks (LBSNs). Manfythese studies investigate various aspects ofahum
behaviors using temporal, spatial, and social mfttion in LBSNs and provide services like location
recommendations. Apart from that, many studiesetarg improve urban city development utilizing sdainedia
data. The authors of the paper Cranshaw et al2j2@ialyzed the dynamics of a city using checkgaithered from
Foursquare and make clusters showing distinctlyactiarized areas of the city. Another interestirmmmoept
identified by Karamshuk et al. (2013) is to gebmhation about the optimal place for a new refads as it is one
of the problems in land economy and they colledath from Foursquare and used various machineihgarn
algorithms to retrieve popularity of retail stor&aggitt et al. (2015) analyzed urban growth of I8@jor cities
worldwide based on the location based informatinlfected from Foursquare.

Jing et al. (2012) propose a framework DRoF thstalier different functional areas in a city basedoints of
interests located in a region and also using humahility. Their framework can be adapted in urbaanping,
location choosing for a business, and recommenulaiistems.

Challenges faced in the bi-directional effects leetvhuman and opportunistic connections generatesimiart
devices such as smart vehicles and mobile dewcE3T are discussed by the authors Guo et al. (R0IRy used
a conceptual framework for dynamic network manageémeuman behavior analysis, and information slggarin
among mobile devices. Enabling 10T in urban cigekance the services offered to citizens in diffeespects. Few
examples are; intelligent waste containers Nuaatial. (2006), GPRS sensors to measure air pallieAli et al.
(2010), intelligent parking system using magnetid altrasonic sensors Lee et al. (2008), vehicketdamobile
traffic monitoring system Li et al. (2009). Anoth&tudy done by Jin (2014) proposed a new framevarlsmart
city loT capabilities according to the impact areafs citizens (health and well-being), transport fitity,
productivity, and pollution), and critical communiservices using three sensing paradigms: RFID, Wa&id
crowd sourcing. Apart from that, green concepttharoad systems (coaching drivers and efficieetafsenergy)
are analyzed by the authors of the paper Ge ef2all0) using mobile recommendations of locatiorcdsa
Additionally, some studies can be found on traeglommendation systems based on offline data micamgepts
using GPS trajectories of the residents and traxpkrts in-order to implement social itinerary meooendation
system (Yoon et al. (2012)). Most of these studiesbased on the data extracted from human mohitity smart
devices. Few other studies are using cities opéam @aereira et al. (2015) introduced a new conaept model to
design, deploy, and utilize open data from seveit@s in Europe in-order to help developers to asean API
which helps to implement cross-city applicationgyéding tourists and others. This was designedetaused by
public or private entities and regional or natiogavernments interested in publishing tourist infation.

In summary, based on authors’ knowledge, this stsdijfferent to previous efforts on this topic aadivancing
the literature by providing an integrated data sesirfrom different type of information obtainedrfraiversified
data sensors and suggest services that can bael@dotd players covering all aspects of urban mighidicilitating
strategic (planning) and operational levels.

3.iTrip, the proposed framework

The proposed framework in this study, namely iThias three main components (Figure 1): (i) dataagement
module, (ii) data analyzing module, and (iii) custer services as the output of the framework. Nextewplore
each of these components in detail and introdusie #ttributes separately.

3.1.Data Management Modules

This module includes three components which coliita from data sources as well as the historicgdud of
the iTrip, and does some initial processing ornrétve data. The detail of each module is explainddvibe

3.1.1.Data Sources
The first step is to have a good understandingvafla@ble source of data and how they can be celteennd
utilized in the proposed framework. The idea isdtlect various set of data both related to usatsaher entities



4 Author name / Transportation Research Procedig2i6) 000—000

and objects related to a trip in urban mobility reméos. The first box of the framework shown inufig 1 (i-a)
includes different identified set of data sourc®se of the main sources is human interactions ily dife and
OSNs can be considered as a perfect source thaprositde geo-referenced posts, locations, interasts most
importantly users’ social network profile informani Analysis performed on OSNs data help to undedsmost of
the characteristics of users and later on we cassifl/ users in many clusters based on their pofind historical
patterns in-order to deliver different services dissimilar user clusters. Transportation data sashvehicle
movements (especially from the successful taxiadgyin the city area (accessible by GPS emitemesyuite useful
to improve road traffic, city management, and pagkspaces. Also we can collect location traces Wi and
RFIDs of individual or object similar to the study Ge et al. (2011). Besides that, many studiesvisfing to
improve driving experiences based on real-timefitrgfatterns, GPS traces, and historical informmataf the
vehicles. For example, Yuan et al. (2013) proposegiechanism to process smart driving directionsnftbe
historical driving experiences and the intelligenéd¢he taxi drivers. We can retrieve bus and tsihedules using
existing APIs such as Metro developer (e.g. htpyvéloper.metro.net) in-order to improve the accyraf the
available prediction systems by obtaining the ligehce from all these data sensors. There areaesteidies done
on public transportation system analysis such gwdwide real time transport arrivals/departuresiger’'s mobile
device; Watkins et al. (2011), Schoner et al. (3013

On the other hand, 10T data obtained from deploggsors and devices in a smart city are usefulfferent
scenarios such as enabling easy access with danggl cameras, monitoring sensors and respectivatacs,
vehicles, and many appliances. The concept loTktapH uniquely locate, identify, and connect diffiet resources
such as people, devices etc. in the livelihood Wlitegrates several technologies and communicatiogether.
Another rich source of data is public open datafiae to integrate and create novel applicationsists want. We
can use RDF dumps or REST APIs based on the alaitaty public data. An additional data source veac
consider is the crowd data (e.g. aggregated data & community of objects or human in a city, etiedt help to
collect and analyze many factors related to a €ye of the similar study on smart crowd is Fraakal. (2015)
based on mobile phone based delivery of event fipaénformation and location/situation specific @mfmation
delivery. User feedbacks are very important for prediction systems where we can evaluate reaksehtheir
thoughts about the existing services. Weather &sting data can be obtained by using several ARRE |
AccuWeather (http://www.accuweather.com), and OpeatverMap API (http://openweathermap.org/api) dad a
we can categorize weather related updates fromgeposts of the OSNs sites like Facebook andtdrwit

3.1.2.iTrip Historical Database

An important module shown in Figure 1 (i-b) is tHestorical data which is the previously producedpot of
iTrip framework particularly for that session. Thigstorical data is useful when no updates arelaeai for the
target user session and in overall will help toam® and accurate the results of prediction/recamdatéon
systems.

3.1.3.Data Preprocessing, Filtering, Annonimization maslul

This module provides functionalities to convertlecled data from heterogeneous sources in a urfdiedat as
the information collected from different sourcee apt in a format to perform direct analysis. Timgdule includes
different sub modules that conduct some preprosgssi the raw data and also apply required filgermechanisms
to ensure that necessary privacy consideratiopptieal in the data to respect users and reguldtamgern in this
regard (Figure 1, i-c). Most of the data sources wrreliable in a sense that for example, peopdeige biased
information/opinions, data sensors may give fasiggnals or may be broken etc. Therefore cleaniegedldata and
understanding the required content is very impartanthe output of the iTrip framework. In additiowe need to
filter the best subset for visualization using elifnt sampling methods such as simple random sagnsiratified
sampling or any other technique. Another importastie with large set of data is anonymization, whee cannot
identify the exact source of the data but data nemeactically useful. As a solution we can useniymity model
proposed in Sweeney et al. (2002) and that cansbd to ensure privacy vulnerabilities also. Anotingportant
consideration with big data is trust, hence we gs@ trust enabled mechanisms to collect, transférnaine data
intelligence as proposed by Cao et al. (2016). Afram that, since we are dealing with 10T dataneoof the data
producers need attention on data consumers andtismeseneed to control the usage. One of the aphesats
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introduced by Caoet al. (2015) called DUPO, which capture the oltlayes and constraints resulting from

usage control in smart cities.

i) Data Management Module
@ - n o i-a) Input: Data Sources - (i-b) iTrip
—J flickr e - Historical
W - y 4 LW ™
OSNs o4 -1 Database
E=S & Q Public Open Data IoT Sensors (previous
) S G & Actuators output per
r‘ Transportation Data G ‘ = (Q—f% i?'- |§|zl customers
Environmental Crowd Data User Feedback and service) i
Data |
(i-c) Data Preprocessing, Filtering, Annonimization module
“ensuring unified format of the data with respect to privacy and regulation”
(ii) Data Analyzing Module
“data mining/machine learning concepts and visualization paradigms™
Customer Analysis Social Media Road Analysis City Data Analysis Environmental
*Profile Analysis Analysis *Traffic analysis *Bus, subway, and taxi Data Analysis
*Customers’ *Social graphs *Shortest path service maps & *Weather
Classification «Location graphs *Personalized schedules =Air pollution
*Activities pattern *Text mining driving routes *Interesting places maps *Relevant events
*Interactions «Image processing *Road event (Restaurants, Hotels,
*Activity graphs *Popularity detection analysis shopping malls, etc.)
*Historical iterations «Interest analysis *Sightseeing map

4

(iii) Output: Customer Services Module

Users/Citizens Businesses/Consumers Local Authorities
Recommendation Services Prediction Services B2C Preparation Urban Planning
*Restaurants “Weather *Advertising *SUMP
*Accommodations «Traffic *Customized services *Policies/incentives/regulations

*Shopping complexes «Public transport scheduling *Integrated services Operations
*Sightseeing spots *Advertising *Service quality *Street maintenance
*Free parking lots *Route guidance *Events preparation
*Shortest path «Reoular activities B2B Collaboration *Emergency awareness

*Service consolidation
*Capacity sharing

*Popular city areas
*Ongoing Events sLighting

*Irrigation

*Smart Cleaning

Figure l:Interactions and components of iTrip modules

3.2.Data Analyzing Modul

e

After collecting data from the mentionedurceswe categorize them according to the functionqlit@ments o
the services and different mechanisms to analyasetidataMain challexge of the data analyzing in this study
data from multiple sources are distributed in ddfg systems and therefore it is impractical tolym®in a
centralized environment. After pprocessing datfrom the data management module (i+ek need t address
several challenges to store, process, analyzealizsy and manage large volumes of data. For #dasan paralle
system architectures and cloud platforms can bel ugith NoSQL databases to manage data effect
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Furthermore, data analysis methods such as clastelysis, correlation analysis, regression analgsisactor
analysis can be used based on the service thatovale to the customer. Apart from that, we can seseeral data
mining algorithms such as k-means, Apriori, C4.®ttract hidden patterns and useful knowledge. Ating to the
functional requirements of the services moduldjrafdata analysis (using architectures like Hadampreal-time
data analysis (parallel processing or architectlikesHANA) can be performed.

The methodology of this work is explained belowused on five main components; user analysis, roat/sis,
social media analysis, city data analysis, andrenmental data analysis. Analysis may be done inynafferent
ways and there is a sufficient number of relevgmtliaations in literature. Here, we present somgicative
approaches, however, the framework is open to ppyoach the analyst decides on using.

3.2.1.Customer Analysis

This component analyzes all the collected data fdifferent users (end users and business use@dar-to
utilize iTrip framework for different objectives and interedEsch user has a distinct profile in the system that
integrates with different platforms such as OSNsctttontains information about user’'s own interespecific
activities performed daily or routinely, and alsastbrical behaviors. Different classification algbms and
clustering algorithms can be adapted to generatethser analysis graphs. We can generate andralgstrs based
on various graphs by representing users as nodidoaation, friendship relationship, similar intstg similar
activities, similar behaviors, or similar histoifligatterns as edges. For example, location graphsbe generated
based on both users and locations by mapping ttédcation and location-users similar to the stofiyheng et
al. (2011) and Zheng et al. (2010) to recommerghfts and locations by measuring the similarity agnasers in
terms of their location histories obtained fromdtion acquisition technologies such as GPS or G8Marks and
also from user generated GPS trajectories in dmlezcommend people in the same geographical AreedlGSM
framework (Zheng et al. (2011)) can be adapted ¢asure the similarity among users and individulatation
history by incorporating content-based method ateser based collaborative filtering algorithm.c8itimited data
is available with a single user related to heraiiens, proper user trace data can be collectadyuser-centered
collaborative location and activity filtering (UCLIEA approach presented by Zheng et al. (2010) tbeganhany
users’ data together and to apply collaborativieriiig mechanism to find like-minded users and-pl¢terned
activities at different locations (example: culllyaimportant places). This approach is developed &
recommendation system for city visitors on placéenme they might be interested to go and perfornvities that
they are likely to conduct in the surroundings.

3.2.2.Social Media Analysis

Social media analysis improves many issues in tistieg prediction and recommendation systems. &oci
network data can be analyzed based on the comdrassociation. Content based analysis mainly migalith user
posts, their profile information, and historicalt@laAssociations are social links such as friemqusho-friendship,
user-location, location-location, and location-usé&fe can use specified crawling methods to coltata from
different OSN Web sites similar to the user profifealysis solution proposed by Reza et al. (201®revthis study
use data from the Facebook. Friendship graphstibocgraphs, and best routes graphs can be implechenith
extracted and analyzed OSNs data. Friendship gsagimilar to the user graph introduced in uselyai® module
that represents user-user relationship obtained foiSNs (Valafar et al. (2009)). We can make clgsbarsed on
user behaviors identified from the OSNs as theistudone by Benevenuto et al. (2009), Wilson ef24112), and
Han et al. (2016). Location graphs can be impleattilased on the user-location relationship obtaireed geo-
tagged images/video/text and check-ins. Usersbhisl data incorporates rich information aboutithee-visits
that we can use to cluster based on their simitdotical interests similar to the study of Eadiale (2009). We can
integrate smelly maps and emotionally pleasanteuttroduced by Quercia et al. (2015) in ordeiniplement
best route graph in the social media analysis nedul

3.2.3.Road Analysis

Main functionality of the road analysis componentraffic-related analysis, including recurrentations and
incidents, such as accidents (vehicle, human, spoyt events, disasters, protests, pickets, aiebs, events, and
etc. Chawla et al. (2012) experimented with larg&SGlataset to model the road traffic as a time rdg# flow
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network to measure the traffic between two regiapart from measuring only in the road. Pan et 2018)
introduces social networks and mobility (GPS trijaes) based traffic patterns of the driver's hogtbehavior in
the road. These two approaches can be combinebtainovery effective road prediction system by édesng
regions as well as road itself. Traffic managenaat predictions using Al technologies is proposgdigani et al.
(2016) for smart cities to extract hidden knowledigy¢he collected dataset for the best decisioningakJnusual
local events in a monitored geo-region are analyaediee et al. (2010) via Twitter posts by compannith the
knowledge on usual social events. The same tecérign be adapted in our system to detect unuseatsthat
happens in the city combining several OSNs togdthebtain accurate information. There are a nunobatudies
on shortest path and fastest driving route algovittand maps. For example adaptive fastest pathithigoby
Gonzalez et al. (2007), VANET routing Nzouonta byl (2009), Adaptive Beaconing Rate (ABR) applohased
on fuzzy logic by Ghafoor et al. (2013) are fewaalthms. We can evaluate best existing algorithornd shortest
and fastest path in order to improve user expeemased on the collected very large dataset. Bsidering user
preferences and current conditions of the road owtwa personalized driving routes algorithm FAVOUKR
developed by Campigotto et al. (2016). Lastly ibur team we have implemented a visualized map lyaridOBI
(http://imobivolos.uth.gr/website/index_en.htrfdj road planning which we are going to integraten the iTrip
framework as one of the future work.

3.2.4.City Data Analysis

There are two types of maps that can be considerdgide city data analysis module; transportatiorp raad
touristic map of a city including interesting placand sightseeing spots. iTrip can collect avadldabformation
(such as shopping malls, hotels, restaurants, seghtg location, etc.) from the open data usindRib¥- format.
These data provides information about the city Hratefore can represent as a 3D city model usingGBIL
introduced by Kolbe et al. (2009). Moreover, we aitnessing a huge growth in 10T objects deploynier{smart)
cities. Heterogeneous data collected from 0T d=vican be mapped into Cloud of Things (CoT) foreeafs
abstracting and visualizing things. There are sdv@pics in this direction which attract attentiohresearchers
such tracking infected foods in the markets usoWgydoncepts (Zhang et al. (2013)). Transportatiapsmeed to be
evaluated as trajectories based on different ti@tesion modes (bus, subways, driving, and bike¢. &n use GPS
data and make trajectories using change point-bssgaientation method as proposed by Zheng etl0f2

3.2.5.Environmental Data Analysis

Most of the environmental data (e.g. weather, hitgjitemperature, and wind information) can be deafrom
public Web applications and other available APlsan\ cities are measuring air quality using différstation
points and we can use those dataset in the aurtfpwilanalysis module. Real time air quality meament approach
using a vehicular based mobile approach is intreduny Devarakonda et al. (2013).

3.3.Customer Services Module

The output or services provided by ifieip framework can be categorized based on differestiooners who are
utilizing this framework as shown in the third méslwf the figure 1. We identifies three main custos)
users/citizens, businesses/consumers, and locabréigs. In overall these services include recomagion or
prediction services for end users and citizen, aded services for businesses and consumers (for B2C -
business to customers’ type of services such gmpaton and B2B - business to business collamrpts well as
urban mobility planning and operational actionghe local authorities. A short list of differenttdi services in
each of the mentioned categories of customeroidged in the Figure 1.

4. Futur e Research Directions

There are several future research topics out sfgaper which a short list of them is as follow:
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» An immediate important step to follow is to setratptype of thaTrip framework and implement some of the
mentioned modules as well as collecting some sedath from the identified sources to evaluate the
performance of the framework.

» Some of the mentioned modules in the analysisqaartbe studied in depth as the prior work didnit pdot
of attention to them. An important task here is ititegration between different modules and adépts ihe
heterogeneity of the data which is available fraffecent sources.

» As social media is an important source of data pmdious studies are mainly based on the geo-refeck
images, locations, and user chick-ins for the mtémh systems, there is the possibility to use nigi@mation
from them such as users’ social graph which he@mnhance the framework and specifically custorasrice.

« Similarly, content analysis both those content gateel by users and those which are available orfitora
different parties is another hot topic. It will beeresting to collect smartly that information asthlyze them
to find historical behaviors and patterns using Inae learning concepts to improve the frameworkises.

» Another future work out of this study is to providrmistomizable user interface including a map to
enable/disable options provided by the recommeodatystems unlike other static recommendation Byste
To this end, we have an implemented application elgn-MOBI which can be used in this regard
(http://imobivolos.uth.gr/website/index_en.html).

5. Conclusion

The framework introduced in this paper, namélyip, provides various types of innovations that can be
implemented for providing different services forffelient customers in urban mobility. Firstly we oview
comprehensively the liturature and identified s@nisting gaps. Next we propose a framework inclgdiifferent
modules and component. The iTrip framework is dagration of all these studies with a rich inforibatset that
can be used to implement very accurate decisionngaystems with new technologies such as clougédésT
analysis systems. Lastly a list of future idegsrigposed based on the iTrip framework.
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