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Realistic and scenario-dependent mobility modeling is crucial for the reliable performance evaluation of
multi-hop networks. In the last decade, a significant number of synthetic mobility models have been pro-
posed. However, only a few of these models have been validated by realistic movement traces. In the last
few years, several of such traces have been collected, analyzed, and made available to the community.
This paper provides a comprehensive and up-to-date survey of (1) available movement traces, (2) mod-
eling/analyses of these traces, and (3) synthetic mobility models. The focus of the paper is on mobility
traces/models that include position information. The contribution of this paper is to summarize the
research that has been done in the area of mobility modeling over the last few years and present chal-
lenges for future work.
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1. Introduction

Simulation and emulation are techniques frequently used for
the performance evaluation of wireless networks. Compared to a
testbed implementation, these techniques offer advantages con-
cerning scalability, reproducibility, and cost-efficiency. Since the
movement pattern of nodes is found to have significant impact
on simulation and emulation results, it is required that mobility
models emulate movements of nodes in a realistic way.

There are several mobility models available to date that attempt
to capture the movement patterns of nodes in a realistic way. Syn-
thetic mobility models are based on randomly generated move-
ments and create synthetic traces. Unfortunately, simulation and
emulation results of synthetic mobility models often do not match
realistic scenarios. On the other hand, trace-based mobility models
are based on traces captured from the real world. Because of their
realistic nature, traces provide high accuracy in terms of move-
ment patterns; however, they are difficult to model.

Synthetic mobility models have been used in the performance
evaluation of various wireless network protocols; it is not surpris-
ing, however, that these models often fail to evaluate the protocols
accurately. In order for the results obtained from a synthetic
mobility model to be relied upon by the network community, it
is highly desirable that the mobility model is validated by realistic
traces. We note, however, that the analysis of such realistic traces
can lead to different results depending upon the trace collection
methods, size of the network population, and filtration techniques
ll rights reserved.
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applied to traces (if any). Thus, results obtained by analysis of one
trace may not be generalized to all the network scenarios. Never-
theless, trace-based modeling and trace-based validation are very
important for credible performance evaluation.

Various synthetic mobility models have been proposed during
the last decade. There have been several general mobility surveys
[6,12,20,77,82] as well as a few specific surveys, e.g., for vehicular
mobility models [33,37] and for tactical mobile networks [4]. To
the best of our knowledge, however, there is no survey paper that
provides a comprehensive and up-to-date survey of available traces,
modeling/analyses of these traces, and synthetic mobility models.
The contribution of this paper is twofold: (1) to summarize the work
that has been done in the area of mobility modeling over the last few
years (both synthetic mobility modeling and trace-based mobility
modeling) and (2) to present challenges for future work.

The rest of the paper is structured as follows. Section 2 provides
a survey on available traces and summarizes the results of recent
trace-based analyses. We classify the traces based on scenarios
and accuracy, in order to highlight the traces’ ties to reality. Section
3 provides a comprehensive survey on synthetic mobility models,
including their classification based on dependencies, applica-
tions/scenarios, and validation. In this context, we also survey
mobility generators. In Section 4, we conclude with challenges
for future research in the area of mobility modeling.
2. Traces

In this section, we (1) discuss the methods used to collect
movement traces, (2) survey the traces that currently exist, and
(3) present trace-based analyses for mobility modeling.
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2.1. Acquiring traces

In principle, there are three methods to acquire traces. First, use
a particular tool to monitor the location of the devices being traced.
Second, monitor the communication of the devices to base stations
of a communication system. Third, to monitor the contacts be-
tween mobile devices. We discuss these three methods to acquire
traces in Sections 2.1.1, 2.1.2, 2.1.3, respectively.

2.1.1. Monitoring location
Currently, the Global Positioning System (GPS) is the most widely

used outdoor localization system. It is based on satellites and pro-
vides location accuracy within a few meters when standard GPS
receivers are used. The accuracy of a receiver’s GPS location depends
on the number of satellites the receiver can hear. There are specific
tracking devices available that can maintain the device’s GPS posi-
tions for a certain amount of time. Since GPS uses satellites, it is de-
signed for outdoor environments only. Furthermore, if there are
many buildings or other objects that produce shadowing effects
(e.g., obstacles in urban areas or leaves on the trees in a forest), then
the accuracy provided by GPS may not be sufficient.

One example of a localization system that works both outdoors
and indoors is Place Lab [61]. With Place Lab, devices (such as lap-
tops, PDAs, and cell phones) estimate their position by (1) listening
for the cell IDs of fixed radio beacons (e.g., from wireless access
points) and (2) referencing the beacons’ positions in a cached data-
base. A study in Seattle showed that 802.11 and GSM (Global Sys-
tem for Mobile communications) beacons are pervasive enough to
obtain location accuracy of 20–30 m (median).

If more accurate positioning is needed, an RFID-based approach
can be used. There are products (e.g., LPM1, Local Position Measure-
ment) available that promise sub-inch accuracy via an RFID-based
approach. These systems, however, are quite expensive and need sig-
nificant set-up time for calibration to obtain such location precision.

Kusy et al. [57] proposed another interesting approach, called
Radio Interferometric Positioning (RIPS). In RIPS, a pair of nodes emit
radio waves simultaneously at slightly different frequencies. A de-
vice can then estimate its position by using the relative phase offset
of the signal measured from two receivers. An evaluation deter-
mined that RIPS offers location accuracy up to 3 cm. Alas, similar
to LBM, RIPS is quite expensive and, similar to GPS, only works
outdoors.

2.1.2. Monitoring communication
A second method to obtain mobility traces is to use existing

communication systems and monitor the communication of the
devices being traced. The location of a device can be approximated
by monitoring the signal strength of the base station/access point
(BS/AP) and/or the connectivity events of the device. If a device is
connected to a cell (e.g., GSM) or an access point (e.g., WLAN), then
the device makes the assumption that it is nearby the BS/AP. In
addition, the device can monitor its signal strength and approxi-
mate the distance from the device to the BS/AP.

The accuracy of this communication monitoring approach is lim-
ited for two reasons. First, the accuracy depends on the density of the
access points; in addition, if the density of the access points is quite
high, a node may not be connected to the nearest access point. Sec-
ond, this communication monitoring approach assumes that a
strong correlation exists between a device’s signal strength and its
distance to the access point. This assumption is unlikely to hold,
especially in environments where deep fading occurs. However, a
communication monitoring approach is often used indoors as it is
an inexpensive way to localize a node in a specific area (e.g., a room).
1 Abatec LPM – http://www.abatec-ag.com/.

5 HWGUI http://www.informatik.uni-mannheim.de/pi4/projects/hwgui/.
6 VISSIM http://www.ptvag.com/software/transportation-planning-traffic-engi-

neering/software-system-solutions/vissim/.
When a communication monitoring approach is used, the loca-
tion trace data obtained may not be very precise (e.g., the location
data only shows that the mobile device is within transmission
range of some BS/AP). Nevertheless, one can use approximate loca-
tion data to validate basic assumptions of microscopic mobility
models. Furthermore, the accuracy of approximate data may be
improved by applying methods of data fusion for tracking (e.g.,
[11]). The goal of data fusion is to associate, correlate, and combine
information from a single or multiple sensors to achieve refined
estimates. Bayesian-filter techniques (e.g., [30]), such as the
Kalman and Particle filter, can also be used for retrodiction. These
approaches are powerful and allow one to smooth the original
trace data collected.

2.1.3. Monitoring contacts
A third approach to acquire traces is to use mobile devices that

sniff for other mobile devices around them. By doing so, contact
traces can be acquired. Contacts may be traced by using Bluetooth
or WLAN in an infrastructureless mode. All other devices in range
are seen as a contact. As the devices may be mobile these traces
typically cannot be mapped on absolute locations.

For some kinds of networks, such as opportunistic networks
(see, e.g., [84]), contacts between the mobile nodes may be more
interesting than the actual position of the nodes. Furthermore, con-
tact traces can be used to examine movement and social character-
istics. Such characteristics can be used to develop new and validate
existing models (e.g., [76]). Moreover, recently, there is ongoing
work (such as [102]) to derive location-based traces from contact
traces.

2.2. Available traces

In this section we provide a survey of traces that are currently
available. There are several initiatives, CRAWDAD2, UNC/FORTH3,
MobiLib4 that provide repositories for real data traces. These reposito-
ries contain real traces from both realistic scenarios and testbed eval-
uations. The mobility pattern that exists in a trace from a testbed
evaluation often depends on the evaluation done for that testbed
(i.e., the devices do not move in natural patterns). For the validation
of mobility models natural and realistic mobility patterns are needed.
Thus, we do not discuss traces from testbed evaluations where the
mobility of nodes is unique to the evaluation. In other words, for our
survey, we focus on (1) traces from realistic scenarios and (2) traces
from testbed evaluations where real-world mobility patterns occur.

We classify the traces according to the number of nodes used in
the trace, the trace duration, the type of scenario, the data traced,
and the repository where the trace can be obtained. We present
our classification in Table 1. As shown, there are a lot of traces
available. Many of these traces, however, are quite similar and only
offer a limited number of different scenarios and applications.
Specifically, Table 1 illustrates that the traces currently available
are mainly for conference, campus, or city scenarios. Thus, one
challenge for future work is to acquire accurate traces for different
types of scenarios and applications.

In Table 1, we only list traces that are publically available. There
are, of course, other traces that are not freely available to the com-
munity. Some of these (unavailable) traces have been used to gen-
erate synthetic traces (e.g., HWGUI5) and commercial simulators
(e.g., VISSIM6). These simulators are often used by scientists from
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Table 1
Survey on available traces. Unless stated otherwise, Nodes refers to the unique users/MAC addresses in the traceset. (See below-mentioned references for further information)
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other domains (e.g., car manufacturers or city and road traffic plan-
ers). The models used in these domains are very scenario specific (e.g.,
city, urban, and vehicular scenarios) and usually very accurate. Thus,
for some network performance evaluations (e.g., for vehicular net-
works) it makes sense to interlink simulators of different domains
(see, e.g., [66]). By doing so, the domain specific models can be used
to evaluate a communication system.
Many of the conference and campus traces listed in Table 1,
such as [52], are acquired by measuring connectivity to WLAN ac-
cess points. Unfortunately, as discussed in Section 2.1.2, the accu-
racy of this communication monitoring approach is limited. Since
WLAN access points can only provide accuracy within WLAN
range, the accuracy of the traces depends on the density of the ac-
cess points. Furthermore, the connection of a device to one access



N. Aschenbruck et al. / Computer Communications 34 (2011) 704–714 707
point does not imply that this access point is the nearest one. For
example, signal propagation in a building or between buildings is
often specific to that environment.

One paper of note is [39]. In this work, the authors study and ana-
lyze traces from four different campus scenarios: MIT [9], Dartmouth
[34], UCSD [70], and USC [39]. The authorsdiscuss both the similarities
and the differences of these four traces in detail. They found, for exam-
ple, that while the traces are all campus scenarios, each of the traces
used a different trace collection method and focused on different
populations. One of the conclusions drawn by the authors from their
analysis is that synthetic mobility models are not appropriate for
modeling heterogeneous environments such as campus scenarios.

As discussed, one significant challenge for future work is to ac-
quire accurate traces for many different types of scenarios and
applications. There are many scenarios, e.g., disaster and battlefield
scenarios, for which no traces are currently available. Furthermore,
for some scenarios where traces are available, the accuracy of the
traces is quite limited. Significant future work is needed to obtain
accurate traces for different types of scenarios and applications.
Ideally, the community should build a large base of detailed micro-
scopic mobility models that are all validated through the collection
of real-world trace data.

2.3. Trace-based analysis

Trace-based analysis offers new challenges not previously dis-
cussed. One challenge is the variation that exists in the trace data.
This variation may be related to time (e.g., few people walk around
a campus in the middle of the night) or day (e.g., no movement
may exist in an office building on a weekend or a holiday). See
[100] for an analysis of the variation that exists in a cellular trace
for different days of the week. It is very important to consider these
variations when doing trace-based analysis.

A second challenge is that it may be necessary to filter the data
in the traces. For example, ping-pong effects between different
WLAN access points were observed in [104]. In other words, since
a building may have several access points available, a user may
switch perpetually between two different access points without
having moved in reality. One solution to this ping-pong effect is
to aggregate data over different access points. While this solution
will overcome all ping-pong effects in the data, the trace will loose
location accuracy.

A third challenge in trace-based analysis is the need to acquire a
sufficient number of samples to derive a mobility model. If the
number of samples is too small, then the models developed may
be biased by movement patterns that are specific to where the
trace was acquired. For example, perhaps some students at Dart-
mouth College move differently than other students at University
of Florida. One approach to overcome this challenge is to aggregate
traces from several similar scenarios (e.g., aggregate the traces
from Dartmouth and Florida). Of course, to aggregate traces, it is
important that the parameters analyzed (e.g., metrics for speed
and accuracy) in the traces fit together; otherwise, the traces will
first need to be normalized. We note that this third challenge is
also affected by the first two challenges. Specifically, when aggre-
gating different traces, it is necessary to consider any variations
that exist over time/day as well as any ping-pong effects.

In the following sections, we consider trace-based analyses and
modeling for different scenarios. We first discuss human mobility
in general including contact properties. We then discuss trace-
based modeling of the following scenarios: campus, office, confer-
ence, and city.

2.3.1. Human mobility in general
GPS-traces of different scenarios (e.g., campus, metropolitan,

fair) are analyzed in [87,59]. In their work, the authors discovered
that pre-processing of the data was vital due to GPS errors indicat-
ing small changes in direction. For example, if one walks on a
straight line, the pure GPS signal will jump back and forth on either
side of the line. The authors reduced this noise by using different
methods to aggregate short flight times (i.e., flights moving in
the same direction) together.

The authors found several interesting features of human walks.
First, human walks in these outdoor scenarios (within a scale of
less than 10 km) show statistical resemblances to Levy walks. Levy
walks are defined as random walk trajectories that are composed
of self-similar jumps. Levy walks are more diffusive than Brownian
motion, but less diffusive than movements following a random-
waypoint movement pattern.

Second, the flight-times, the pause-times, and the inter-contact
times of human mobility follow truncated power-law. This result is
in line with [21] where power-law distributed inter-contact times
where found by analyzing several contact traces. The authors of
[59,87] determined that although the geographical constraints
can vary in different scenarios, the power-law property observed
is invariant. Thus, they conclude that human intentions and activ-
ities are scale-free and independent of geographical constraints.
Third, humans do not move randomly over a simulation area. In-
stead, their mobility patterns are predefined and heterogeneous.
Furthermore, popular locations to visit exist. Thus, locations visited
can be modeled as Fractal Waypoints [69] and can be referred to as
places visited by people with common interests.

2.3.2. Trace-based modeling of campus scenarios
The traces from campus scenarios are mainly connectivity

traces, taken from campus wide WLAN networks. Table 2 provides
an overview of the different analyses and models that have been
developed from the campus traces available. Early analyses (e.g.,
[44,94,99]) show that users tend to spend most of their time con-
nected to a small number of access points. In fact, [94] showed that
users tend to spend most of their time at one location and short
periods of time at a few other locations. In [99], the authors deter-
mined that the amount of time a user spends at a location follows
power-law distribution with small exponents. In more recent
work, i.e., [52], the authors refine that pause-times are lognormally
distributed. We discuss pause-time distributions further in this
section.

Using trace data from a campus scenario, a WLAN mobility
model is proposed and validated in [99]. In this model, nodes move
between different cells (access points) and the movement path is
determined by transition probabilities between the cells. The
parameters of this model are derived from and validated by the
campus WLAN traces (see [99] for details).

The analyses of these campus scenario traces provide some
interesting results and models; however, as we will discuss, the re-
sults and models from these campus WLAN traces do not contain
all movements of a user; for example, in a campus scenario, a
student may leave his/her WLAN device at the dormitory when
the student moves to attend a lecture. In other words, the models
developed from these campus WLAN traces have drawbacks when
used in the performance evaluation of a communication system
where the devices are ubiquitous and omnipresent.

VoIP phones and PDAs are more ubiquitous and omnipresent
than laptops. Differences between the mobility patterns of laptops
and VoIP phones mobility patterns have been seen (e.g., [34]).
Thus, the statistical mobility model (i.e., [104]) was developed
using trace data from both laptops and VoIP phones. To develop
this statistical mobility model, the authors analyzed traces from
both laptops and VoIP phones for transition probabilities and user
densities. The authors discovered that the VoIP trace data was
much more fine-grained than the laptop trace data. Since users
are likely to keep a VoIP phone turned on at all times, the phone



Table 2
Different analyses and models that have been developed from campus data. See Table 1 for details on each trace listed. All models have been validated by the respective traces.
(See below-mentioned references for further information)
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registers with all the access points that it passes. Trace data for lap-
tops, on the other hand, is more coarse-grained. To create synthetic
fine-grained traces, the authors performed interpolation using
topological information and simple heuristics. The movement pat-
tern is then modeled as a second-order Markov chain that uses the
movement probabilities between different map locations. The
model is parametrized and validated by both statistical measure-
ments (for laptops) and traces from devices (for VoIP phones).

Traces of PDAs are examined in detail in [70]. Similar to [104],
the authors discovered that the users (students) are more mobile
than the laptop traces would indicate. This result is not surprising,
as a PDA (like a cell phone) is more likely to be carried by a user
than a laptop. Using traces of PDAs, the authors of [70] propose
the campus waypoint model. While this model is based on traces
of PDAs, it works similar to the random-waypoint mobility model.
The main difference is that locations, speeds, and directions in the
campus waypoint model are actually based on traces of PDAs.

Both the statistical mobility model [104] and the campus way-
point model [70] provide trace-parametrized solutions to model a
campus scenario at the building level. Neither approach, however,
considers all of the challenges discussed in Section 2.3; specifically,
neither mobility model developed considers any variations in the
traces that exist over time/day nor location accuracy issues due
to ping-pong effects.

As discussed in Section 2.1.2, the accuracy of the traces derived
from monitoring the connectivity events of a device is limited. For
example, the authors of [52] present significant differences that ex-
ist between the GPS-traces and traces based on a device’s connectiv-
ity. While the devices (VoIP phones) are only monitored during the
daytime hours in [52], the work illustrates that accuracy is a signif-
icant concern when only communication data is used for monitor-
ing mobility. The authors of [68] second this concern. In [68], the
authors present a testbed evaluation analyzing connectivity data
in vehicular mobility. Their results illustrate that there is a complex
picture of connectivity between base stations/access points and
moving vehicles; specifically, they found that the passing of a vehi-
cle through a base station’s area is often marred by intermittent
periods of very poor connectivity. Similarly, accuracy is a concern
if mobility is determined by monitoring the signal strength of the
base station/access point. For example, in [27], the authors evaluate
the interference of the wireless LAN and conclude that inter-cell
interference is common but not well-understood.
In order to improve the accuracy of connectivity traces, the
authors of [52] perform retrodiction using a Kalman filter. The
authors then propose a WLAN mobility model with the following
features. First, nodes are classified as being either stationary nodes
(when movement is less than 100 m in diameter) or mobile nodes.
Second, stationary nodes are placed (and restricted to) hotspots
(i.e., popular locations); mobile nodes, on the other hand, are al-
lowed to start in any location within the simulation area. Third,
mobile nodes choose a destination (a hotspot) to visit using a prob-
abilistic transition matrix. Fourth, on the way to its chosen destina-
tion, a node visits several waypoints (intermediate locations). The
waypoints are chosen within an area bounded by a box; the two
diagonal end points of the box are the source and the destination.
Lastly, due to data obtained from real traces, the pause-times and
speed distributions are lognormally distributed. The WLAN mobil-
ity model presented in [52] is parametrized and validated by the
traces.

The authors of [101] present a mobility model that combines
mobile network traces presented in [52] with the weighted way-
point model presented in [40]. The model, called RealMobGen, is
an easily available NS-2 mobility model for pedestrian movement
on a campus scenario. Adopted characteristics from [52] include
the direction of movement, speed distribution, initial location of
nodes, pause-time distributions, ratio of mobile to stationary nodes,
and start/stop time distributions for a node’s active period. Adopted
characteristics from [40] include details on hotspots, e.g., the time
dependent probabilities of hotspot-to-hotspot transition decisions.

The authors of [41] present the time-variant community mobil-
ity model. The variance that exists in movement over time (see
Section 2.3 for a discussion) is realized by modeling specific move-
ment behavior for different time periods. Specifically, the model
has local epochs and roaming epochs. During a local epoch, node
movements are confined to the node’s community (a local area).
During a roaming epoch, the node is able to move anywhere in
the simulation area. The transition between these two types of
time periods is realized by a two-state Markov chain; thus, the
time a node is in one epoch is distributed exponentially. To realize
the time variance in the model, the transition probabilities of the
Markov chain are varied for different time periods.

The authors of the time-variant community mobility model [41]
show that their model can be parametrized to match characteris-
tics of previously obtained WLAN traces. Furthermore, the same
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authors examined the behavior patterns of wireless users of differ-
ent WLAN traces from different campuses and found that diverse
communities exist [38,39]. This result fits previous results.
Specifically, in [94], the authors found that users can be grouped
into location-based sub-communities, each with its own move-
ment, activity, and usage characteristics.

In conclusion, there has been intense research in the area of
trace-based models for campus scenarios. Main results from the ef-
forts thus far conclude that.

� users tend to visit popular places or hotspots,
� a user’s movement is dependent on the user’s community (e.g.,

his/her social network), and
� a user’s movement will vary over time.

As discussed in this section, several different mobility models
with characteristics of campus scenarios have been proposed,
parametrized, and validated. The approaches and methodologies
used for analysis and modeling of campus scenarios may, in prin-
ciple, be used for other types of scenarios (e.g., city or disaster sce-
nario). The main challenge is that few real traces exist from other
scenarios.

2.3.3. Trace-based modeling of office scenarios
As shown in Table 1, very few traces for an office scenario exist.

One trace that does exist is described in [9]. In this paper, the
authors analyze movement traces from a corporate office building.
The authors found that nodes spend long periods of time at one
location; furthermore, when a node does visit another location,
the length of the visit is for a much shorter period of time. The
authors conclude that several characteristics found in their trace
data matches characteristics found in other environments
[53,94], specifically university campuses and public networks.

We note, however, that the trace data compared between the
office scenario of [9] and other scenarios are from laptop devices
only. As discussed in Section 2.3.2, differences exist between cam-
pus trace data of VoIP phones/PDAs and campus trace data of lap-
tops; see [34,70] for details. Specifically, ubiquitous devices such as
PDAs are much more mobile and visit several different locations on
a campus. Thus, for microscopic mobility of ubiquitous devices, dif-
ferences between campus and office scenarios may actually exist.

The authors of [72] analyze traces from a one-week sensor
deployment in an office environment. The analysis focused on
meeting locations of several people in an organization. Using the
results, the authors then derive a meeting driven movement mod-
el. We note, however, that the amount of data obtained in [72] is
much smaller than the amount of data obtained in [9].

In summary, very few traces exist for an office scenario and
none of these traces use ubiquitous devices. One main challenge
for future work is to obtain long-term traces of ubiquitous devices
within office scenarios. Once obtained, researchers need to closely
analyze the traces with the ultimate goal of developing an accurate
office scenario mobility model.

2.3.4. Trace-based modeling of conference scenarios
In [8], a trace obtained at the 2001 ACM SIGCOMM conference is

analyzed. Since only four access points were monitored during the
conference, user location information was limited. Thus, the
authors do not consider user mobility patterns in this work. Never-
theless, the authors did find a few interesting results. Specifically,
the trace analysis showed that (1) the users were evenly distrib-
uted over the four access points and (2) the users were mobile
when one would expect them to be mobile (e.g., at the beginning
and end of a session).

Other traces of conference scenarios are available [8,88,47,48,46].
To the best of our knowledge, however, none of these traces have
been analyzed in regards to mobility. Thus, similar to office scenar-
ios, more work is needed to analyze traces from conference scenarios
with the ultimate goal of developing an accurate conference scenario
mobility model.
2.3.5. Trace-based modeling of city scenarios
A 1998 trace from a packet radio network is analyzed in [95].

The authors discovered that a large fraction of the users (65%) is
only seen at one location per day. In addition, the more locations
a user visits, the closer together those locations are.

In [89], the authors analyzed the movements of one user in Mel-
bourne, Australia; the user movements were recorded daily in a
logbook for 61 days. (Three of the 61 days had no movement.)
The authors then proposed that a parametrized random-way-
point-like model could be used to model the movement of a user
in a large city. The logbook results showed that pause-time could
be modeled as a Chi-square distribution with degree of freedom
equal to 0.5. In addition, the results showed that the path to the
destinations must be modeled in a more complex way than the di-
rect paths taken in the random-waypoint model. While these re-
sults are interesting, the trace is only from one individual and
should not be generalized.

A few other traces of city scenarios are available (see Table 1).
These traces have been measured in different contexts. There are
papers available [10,49,51] in which the measurement architecture
and the purpose of tracing are described; however, to the best of
our knowledge, these traces have not yet been used for the analysis
or modeling of mobility.

In conclusion, traces of movement within city scenarios need to
be obtained and analyzed. Again, the ultimate goal is to develop an
accurate city scenario mobility model.
3. Synthetic mobility models

In Section 2, we surveyed the traces that currently exist and
presented trace-based analyses for mobility modeling. As dis-
cussed, the main challenge of synthetic mobility models is valida-
tion. One way (perhaps the best one) to validate a synthetic
mobility model is to use traces collected from real-world
movement.

In general, mobility models can be classified into three catego-
ries: microscopic, macroscopic, and mesoscopic mobility models. A
microscopic model describes the movements of the individual
nodes. Typically, location, velocity, and acceleration of the individ-
ual nodes are modeled over time in a microscopic model. A macro-
scopic model abstracts the individual movements and only models
the parameters relevant to the system being evaluated. A typical
example for a macroscopic model is the impact of the movement
on a specific region (e.g., cell). In macroscopic models, abstract
location and time-dependent metrics such as cell-change-rate or
handover-traffic are considered. Mesoscopic models aggregate
the movements of different nodes.

A microscopic model is appropriate when the movements of
individual nodes have a decisive impact on the communication
system. Recently, communication systems that contain multi-
hop components, e.g., Mobile Ad-hoc NETworks (MANETs) or
Mesh-Networks, are studied excessively. For the performance
evaluation of these systems, microscopic models are needed.
Macroscopic and mesoscopic mobility models are appropriate
for different environments (e.g., cellular networks), and should
not be used in the performance evaluation of wireless multi-
hop networks. We, therefore, focus on microscopic mobility mod-
els in this paper.

Several microscopic mobility models have been proposed over
the last few years. Some models have been developed for a specific
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scenario (e.g., disaster recovery), while other models have been
developed to be more generic. The generic mobility models are
typically easier to use than models that are scenario-specific, and
often allow theoretical analysis. All existing mobility models can
Table 3
Survey of existing synthetic mobility models.

p
means the model has the dependency or

scenarios; (
p

) means that the model somewhat has the dependency or somewhat belongs t
or has been somewhat validated, such as by detailed scenario descriptions or expert inter
be classified according to the dependencies that exist within the
model. An alternative classification is to consider the applications
or scenarios for which the model was developed. In Table 3, we
comprehensively classify the existing synthetic mobility models;
belongs to the application/scenario or has been validated by traces measured in real
o the application/scenario, e.g., a subway does not represent a full city/urban scenario,
views. (See below-mentioned references for further information)



Table 3 (continued)

N. Aschenbruck et al. / Computer Communications 34 (2011) 704–714 711
in this table, we consider both dependencies and applications/sce-
narios as criterion. In addition, we mark whether or not a model
has been validated, or not.

Let us first consider dependencies of the existing synthetic
mobility models. The microscopic models can be distinguished,
analogous to [6], in the following three categories:

� temporal dependencies: the movement of a node is influenced by
the node’s movement in the past.
� spatial dependencies: the movement of a node is influenced by

the surrounding nodes (e.g., group mobility).
� geographic restrictions: the movement of a node is restricted

within some area defined for node movement.

There are some models, such as random-waypoint and random-
walk, that do not exhibit any of these dependencies. More realistic
models, on the other hand, are often scenario-specific and have one
or more of these dependencies. Temporal dependencies are needed
to model real world phenomena such as acceleration and deceler-
ation. Spatial dependencies are essential to model community
behaviors. Geographic restrictions, such as obstacles or streets,
are everywhere and, therefore, also need to be considered.

In addition to the dependencies, we consider the scenario or
application of the synthetic mobility models in Table 3. We classify
the models according to the scenarios described in the respective
papers: Campus, Pop Concert/Fair, City/Urban/Vehicular, Disaster
Area, Battle-Field, and Daily Movement. Our classification of the
models is based on what the authors of the models state in their
papers. We note that a model created for one scenario may be
re-parametrized to be applicable for another scenario.

As shown in Table 3, several models have been proposed for a
given scenario or application. When a model is needed for a gi-
ven scenario or application, it is very hard to decide which mod-
el to use, because of the large number of available models. If a
model has not been validated, the model has not been shown
to provide realistic synthetic traces. Thus, its value is limited.
As shown in the table, most of the models have not been vali-
dated by realistic traces or any other measure. We regard the
validation of existing synthetic models via traces as one of the
biggest challenges for future research in the area of mobility
modeling.

We note that there may be other classifications based on spe-
cific metrics for certain kinds of networks. One example for this
is opportunistic networks. Opportunistic networks can cope with
disconnections and perpetual network partitions. The nodes’
mobility is seen as an opportunity to ferry data (see e.g., [84]).
Thus, contacts between pairs of nodes and the distribution of inter
contact times are of special interest for opportunistic networks. For
this community it may be interesting to classify the models using
their contact time and inter contact time distribution. Typically,
exponential or power law distributions are expected (e.g., [21]).
We cannot provide this classification in this paper as implementa-
tion for all models would be needed.

Furthermore, we do not provide details of the synthetic mobil-
ity models listed in Table 3; instead, we refer interested readers to
the respective papers. Users of these models, however, are proba-
bly more interested in discovering the implementations of the
models that are available. In Table 4 we present the available (free)
tools that exist to generate several synthetic mobility traces; we do
not list tools that are not publically available nor sites that only
provide the implementation of one model. These sites are usually
provided in the respective papers or can be easily found.
4. Conclusion and challenges for future research

Section 2.3 shows that several researchers have recently fo-
cused on analyzing traces. We note, however, that the accuracy
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of these traces is often limited, mainly because most of the traces
are from monitoring communication with WLAN access points. In
addition, there is limited trace data and analyses for all scenarios
except the campus scenario. Thus, much more work in this area
is needed.

As shown in Table 3, several mobility models have been re-
cently proposed; however, only a small number of these models
have been validated by traces. As shown in Table 1, several traces
from different measurements are available in repositories such as
CRAWDAD, UNC/FORTH, and MobiLib. We encourage researchers
to use these available traces and validate, or show failure of, the
models proposed in Table 3.

As discussed throughout this paper, there is a huge demand in
this area for future work. We encourage researchers to use the anal-
yses, approaches, and methodologies of previous work as a basis for
future research. In the following list, we highlight several key chal-
lenges for future research in the area of realistic mobility modeling:

� The development of positioning and trace acquisition systems
of sufficient accuracy (see Section 2.1) is necessary for capturing
representative traces. New powerful devices (e.g., smartphones)
offer the opportunity for collecting more accurate traces; when
using these devices, privacy issues may arise that have to be
considered.
� The acquisition of representative traces of all kinds of scenarios

(see Section 2.2) is needed for a trace-based validation and
model development. For some scenarios, e.g., disaster area
and battlefield scenarios, there are no traces available. For other
scenarios, many available traces do not have the level of accu-
racy needed for detailed modeling and validation.
� The evolution of general approaches that overcome the

challenges of trace-based analysis (see Section 2.3) is important
for all trace-based analyses. General approaches are needed (1)
to deal with the variation that exists over time, (2) to filter
ping-pong effects (e.g., access point associations), and (3) to allow
comparability, normalization, and aggregation of different traces.
� If one is able to obtain representative traces of non-campus sce-

narios, then substantial analysis for these scenarios is needed.
In this context, existing models should be parametrized and
validated.
� The traces available can be used for interdisciplinary research as

well. They may be used for exploiting social behavior as well as
understanding cultural and country-specific differences. Based
on this, new models can be developed.

Further challenges for future research can be found in [31].
One interesting avenue of research that has not been discussed

herein concerns the modeling of application driven movement. In
this case, the distributed application may have an impact on the
movement of a node. For example, consider UAV Group Reconnais-
sance Applications (e.g., [56]) or discovery of available parking
places in vehicular networks (e.g., [19]).

In closing, when developing a mobility model as accurate as
possible, a researcher should keep in mind the use of the model.
A performance analyst (who does not do research in mobility mod-
eling) prefers simple and easy-to-use models. Thus, a more de-
tailed (and, therefore, more complex) model makes sense only if
the included details have an impact on the results of a performance
evaluation with the model. If there is no impact on the results of a
performance evaluation, then there is little use for a more detailed
model.
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