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Synonyms

Context-aware user mobility; trip context inference; user mobility planning.

Definitions

User mobility is the movement of individuals from one place to another. Trip
is a segment of user mobility. A context is any information that can be used to
characterise the situation of an entity (i.e. any user), according to (Dey and
Abowd 2000). Trip contexts provide trip-related information to any person
planning to make a trip. Further, route planner is a system designed to help
user mobility which consists of a number of trips. Usually, the route planners
present some predefined contexts to a user and provide a route plan between
two locations on the basis of user-selected contexts. The big spatial data can
facilitate diverse sets of trip contexts with their respective geographic location
information on the earths surface which can aid the effective planning of user
mobility.

Overview

The study of user mobility is to deal with understanding, analysing and mod-
elling the movement of individuals in the spatial and temporal domains. A
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Fig. 1 Example of Trip Contexts in User Mobility Planning

meaningful movement (i.e. movement between two meaningful places) of a
user is considered user mobility. For example, home and office are two mean-
ingful places. Therefore, the ‘home to office’ and ‘office to home’ movements
of a user are called user mobility. In fact, these two types of mobility are
very common in our day-to-day life. User mobility can be divided into small
segments called ’trips’. Essentially, a set of trips connecting two arbitrary
places is required to define the user mobility between two meaningful places.
Each trip is accomplished using a mode of transport such as bike, car, public
transport or walking. An example of user mobility is illustrated in Figure
1. We can see that the user mobility between two places p1 and p5 consists
of a sequence of inter-connected trips using different modes of transport. A
user can choose his/her preferred mode of transport from the list of available
modes. This results in different routes being selected for travelling between
p1 and p5. Figure 1 shows three different routes from p1 to p5 marked with
three different colours (i.e. black, brick red and blue). Each of these routes
has a different combination of transport modes.
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The first two routes (i.e. black and brick red) are for public transport
users, and the corresponding sequence of transport modes from p1 to p5 is
(walk, train, tram, walk) and (bike, train, tram, bike), respectively. Note that
these two routes have some common parts in terms of the preferred mode of
transport, as seen between p2 and p4. The third route contains only car or
taxicab as the preferred mode of transport to travel between p1 and p5.

Route planner systems allow users to plan their mobility between two
places. Usually, a route planner integrates trips on the basis of certain prede-
fined user preferences chosen from a list of options and includes the shortest
time, shortest distance, minimum number of transport mode changes and the
preferred mode of transport. However, many other situations, if considered,
can significantly improve the mobility planning. For instance, an effective
mobility plan should include traveller-specific situational factors (i.e. trip
contexts) for each trip selected for integration into the trip plan. These trip
contexts can be related to the trip origin location, trip destination location
and the route itself. Sometimes, external contexts such as weather can have
a notable influence on the trip selection for planning user mobility.

Let us consider two different users and their respective trip contexts. The
first user is a person with a wheel chair, and the second is a taxicab driver.
While planning a mobility along an arbitrary mobility segment (i.e. trip),
the person with a wheel chair needs to consider contexts such as steepness,
weather and road crossing. This user may also consider information about
ramps and lifts at the trip end location to ensure comfortable mobility. In
contrast, a taxicab driver would consider traffic congestion while determining
the preferred mobility segment. The spatial and temporal changes in lucra-
tiveness of mobility segments can also be considered since some mobility seg-
ments are more lucrative for a passenger pickup job during weekdays, while
other are so on weekends. The weather can have a direct effect on the state of
congestion along a mobility segment. This driver may also prefer a trip with a
high likelihood of getting a passenger pickup job at the trip end location. The
preference may also include the waiting time before a passenger pickup job
with the job likelihood. Therefore, these contexts are very important as they
have a considerable effect on these users choice of trips. Therefore, mobility
planning is a challenging issue, as the contexts are diverse among users and
user-specific contexts must be taken into consideration for effective planning.
An example of context awareness in mobility planning in illustrated in Fig-
ure 1. Here, different user profiles are stored in the user profile database (U).
The heterogeneous contexts are stored in separate databases (C1, C2, ..., Cn).
Based on a users request, the appropriate user profile is selected which in-
cludes the user-specific context(s). These user-specific contexts are then used
to retrieve appropriate contextual information from heterogeneous contextual
databases. The retrieved information is used for user mobility planning.

For providing effective mobility plans, all of these trip contexts need to
be collected, stored and analysed. The collection of these context data was
not this easy even a decade ago. However, the current era of big spatial data
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enables us to collect and analyse vast amounts of relevant information about
many natural or constructed trip contexts with respect to space and time.

Key Research Findings

The big spatial data can provide many important contextual information
for user mobility planning and decision making. The availability of various
types of contextual information and given the fact that these contexts origi-
nate from heterogeneous spatial data sources, various research problems have
emerged. Some key research issues include contextual data collection, con-
textual data fusion and analysis, and context-aware planning using this vast
amount of spatial data and taking into account the context information.

Contextual Data Collection

It is important and challenging to collect various contextual data to address
diverse sets of user needs for effective mobility planning. The collection of
contextual big spatial data is leveraged by the ubiquitousness of sensing de-
vices (i.e. GPS, ticketing systems, and passenger and pedestrian counting
systems). This large volume of data related to trip contexts can be used for
traveller-specific mobility planning. In recent years, user mobility have been
studied using large publicly available datasets such as the Geolife trajectory
dataset (Zheng et al 2008) and the NYC taxi trip dataset (TLC 2016). These
datasets include traces of pedestrians, public transport and taxi trips with
timestamps (Zhao et al 2015). Many research projects have been conducted
using these publicly available datasets to develop real-world mobility solu-
tions.

The Geolife GPS trajectory dataset (Zheng et al 2008) was built using
the GPS traces of 182 users between April 2007 and August 2012. A GPS
trace is represented by a sequence of time-stamped latitude/longitude points.
This dataset contains a total of 17,621 user traces covering a total distance
of approximately 1200,000 km. These user traces were recorded at a variety
of sampling rates. Approximately 91% of the traces were recorded every 15
s, which was equivalent to 510 m per spatial point. The GPS traces recorded
in this dataset represent different types of outdoor movements of users, such
as ‘go to work’, ‘go home’, ‘shopping’, ‘dining’, ‘sightseeing’, ‘bicycling’ and
‘hiking’. This trajectory dataset is used in many research fields ranging from
user mobility pattern mining, activity recognition and mobility planning to
urban planning and location recommendation.

The NYC taxi trip dataset (TLC 2016) is a real-world taxi trip dataset
built by the New York Citys Taxi & Limousine Commission (TLC). In New
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York City, 0.5 million taxi trips are generated on an average per day, totalling
175 million trips per year by 13,000 operating taxis. Each trip record in this
dataset describes a trip by its time-stamped start and end locations, the trip
distance, total number of passengers on board during the trip, fare type, fare
and tip amount, and the taxis unique identification number called medallion.

Contextual Data Fusion and Analysis

A fusion of trip contexts is required after the collection of the context in-
formation from various sources. This fusion is required to better represent
the effects of other trip contexts for planning the user mobility between two
places. Thus far, a number of data fusion methodologies have been developed
for cross-domain data fusion (Zheng 2015). Further, a context representa-
tion framework can be used to deal with this issue (Rahaman et al 2018).
Context representation techniques for trip planning can leverage the existing
data modelling techniques.

Sometimes, predictive analytics is used for an inference-based representa-
tion of trip contexts for user mobility. The predictive analytics provides a
detailed analysis and prediction of future trip contexts. To provide efficient
prediction outcomes, different machine learning techniques are used. These
machine learning techniques are trained with historical data to gain appropri-
ate knowledge for a prediction task. However, the predictive analytics need
to deal with various issues such as data sparsity and imbalance problems.
Some of the trip contexts can be imbalanced (i.e. very infrequently occurring
contexts as compared to the others) which makes the predictive analytics
more complex. Many researchers have addressed this issue. Various sampling
techniques can be used to deal with this issue (He and Garcia 2009). Some
researchers have also investigated how expert knowledge can be collected and
incorporated into the problem domain. A new strategy to incorporate expert
knowledge for enhanced trip context prediction was proposed by (Rahaman
et al 2017b).

Context-aware Planning

For providing effective mobility plans, user-specific trip contexts need to be
considered in such a way that the wide range of user-specific trip contexts
can be addressed. However, this is a challenging issue to deal with. Thus far,
several algorithmic approaches have been proposed to handle user-defined
contextual preferences while providing plans for user mobility. Most of these
approaches provide mobility plans considering only the context selected by
the user. Some route planner systems consider more than one trip context at
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a time while providing mobility plans. Some researchers also consider user-
specific trip-special contexts for recommending mobility plans.

Examples of Application

Big spatial user mobility data have been used in many real-world applications.
The applications related to user mobility planning can be categorised as fol-
lows: trip context inference, contextual predictive analytics, and contextual
modelling.

• In context inference, various trip contexts are retrieved from the different
big spatial datasets, which may include the fusion of various heterogeneous
datasets.

• The predictive analytics of trip contexts provides predictions about future
trip contexts by using different statistical, machine learning and data min-
ing techniques to analyse the current and historical trip events from big
spatial user mobility datasets.

• In contextual modelling, the trip context(s) are taken into consideration to
provide mobility plans for different users. Usually, the context information
is represented in a graph or matrix form before applying the route planning
techniques.

In many cities such as Singapore and New York, taxicabs are regarded
as the preferred mode of transport for user mobility. Here, big spatial data
have been utilised to predict user-specific taxi trip contexts including taxi
drivers and passengers. For instance, it is important for a taxi driver to pre-
dict the queue context information at the trip end location before making a
trip. A queue context prediction framework was proposed by (Rahaman et al
2017a) which leveraged the big spatial data generated by the taxi trip logs in
New York City. Some other research projects aimed at providing information
about trip contexts. For instance, techniques for finding the lucrativeness of
passenger pickup locations were developed by (Hwang et al 2015) and (Yuan
et al 2011). By analysing the historical mobility data of taxicabs, techniques
to find profitable routes for cruising before passenger pickup were proposed
by (Ge et al 2010) and (Dong et al 2014). By considering the passengers trip
contexts, an on-demand trip context information system was developed by
(Balan et al 2011) whose aim was to provide trip contexts such as approxi-
mated fare and trip time prior to the trip. Another research proposed a model
for passenger wait time prediction before a taxi ride (Qi et al 2013) which
utilised a large number of historical taxi GPS traces.

Contextual modelling is used for providing effective mobility planning
and recommendations to the users. Many studies were conducted to recom-
mend routes considering two of the most common user preferences: distance
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and time. Many other research works focused on route planning and rec-
ommendation (Sasaki and Takama 2013; Völkel et al 2008; Rahaman et al
2017c) by considering other user-specific contexts leveraging the big spatial
data sources. A route recommendation system was developed by (Sasaki and
Takama 2013) which considered three criteria to recommend a route, namely
safety, amenity and walkability of the route. A client/server system to anno-
tate multimodal geographical data and to provide mobility service to mobil-
ity impaired pedestrians was proposed by (Völkel et al 2008). Multi-criteria
route planning for people with special needs was proposed by (Rahaman
et al 2017b). Route recommendation considering the scenic beauty of the
route was proposed by (Quercia et al 2014), while relative safety was consid-
ered by (Elsmore et al 2014) for mobility planning. Table 1 summarises the
use of contexts in different applications using public user mobility datasets.

Table 1 Contexts Used in Different Applications and Relevant Publicly Available
User Mobility Datasets

Datasets Context Application

Geolife GPS trajectory a congestion, popularity of
location,

traffic prediction, route rec-
ommendation, location recom-
mendation

NYC taxi trip log b queue context, wait time queue context and wait time
prediction

Foursquare c crime, city dynamics Crime Prediction, location rec-
ommendation, route recom-
mendation

Bike share d demand demand prediction

a https://microsoft.com/en-us/research/publication/geolife-gps-trajectory-dataset-user-guide/
b http://www.nyc.gov/html/tlc/html/about/trip record data.shtml
c https://developer.foursquare.com/
d http://archive.ics.uci.edu/ml/datasets/Bike+Sharing+Dataset

Future Directions for Research

There are several directions for future research on user mobility planning
using big spatial. The three most important aspects are data quality, data
fusion and effective predictive analytics.

In the era of big data, the spatial contextual information is mainly col-
lected through autonomous loggers. However, some contextual information is
collected through direct crowd participation such as safety or scenic beauty
ratings of a mobility segment. This information is a good data source for mak-
ing context-aware mobility plans, as the information contains actual user
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perceptions. However, it is challenging to ensure the data quality of such
crowd-generated context information. Future research can address this issue.

Another research direction is related to the diversity of spatial contex-
tual data sources. These contextual data are heterogeneous, i.e. sourced from
different domains and locations. These data have different sampling rates
and representations. Advanced techniques for heterogeneous data fusion are
required for the effective user mobility planning.

Many trip contexts require efficient predictive analytics with big spatial
data for user mobility. However, predictive analytics techniques are usually
domain specific. Therefore, appropriate domain adaptation is required for the
analytics techniques adopted from other domains.
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