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Abstract—Realistic mobility models are fundamental to evaluate
the performance of protocols in mobile ad hoc networks. Unfortu-
nately, there are no mobility models that capture the non-homoge-
neous behaviors in both space and time commonly found in reality,
while at the same time being easy to use and analyze. Motivated
by this, we propose a time-variant community mobility model, re-
ferred to as the TVC model, which realistically captures spatial
and temporal correlations. We devise the communities that lead to
skewed location visiting preferences, and time periods that allow
us to model time dependent behaviors and periodic reappearances
of nodes at specific locations.

To demonstrate the power and flexibility of the TVC model, we
use it to generate synthetic traces that match the characteristics of
a number of qualitatively different mobility traces, including wire-
less LAN traces, vehicular mobility traces, and human encounter
traces. More importantly, we show that, despite the high level of
realism achieved, our TVC model is still theoretically tractable. To
establish this, we derive a number of important quantities related
to protocol performance, such as the average node degree, the hit-
ting time, and the meeting time, and provide examples of how to
utilize this theory to guide design decisions in routing protocols.

Index Terms—Mobility modeling, mobility trace-based model,
spatial and temporal correlation in mobility.

. INTRODUCTION

OBILE ad hoc networks (MANETS) are self-organized,

infrastructureless networks that could potentially sup-
port many applications, such as vehicular networking (VANET)
[4], wildlife tracking [19], and Internet provision to rural areas
[16], to name a few. Mobility also enables message delivery in
sparsely connected networks, generally known as delay tolerant
networks (DTNSs). As the devices are easily portable and the
scenarios of deployment are inherently dynamic, mobility be-
comes one of the key characteristics in most of these networks.
It has been shown that mobility impacts MANETS in multiple
ways, such as network capacity [9], routing performance [1],
and cluster maintenance [24]. In short, the evaluation of proto-
cols and services for MANETS seems to be inseparable from the
underlying mobility models. It is, thus, of crucial importance to
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have suitable mobility models as the foundation for the study of
ad hoc networks.

Ideally, a good mobility model should achieve a number of
goals: (i) capturing realistic mobility patterns of scenarios in
which one wants to eventually operate the network; (ii) being
mathematically tractable; this is very important to allow re-
searchers to derive performance bounds and understand the lim-
itations of various protocols under the given scenario, as in [6],
[9], [30], [31]; (iii) being flexible enough to provide qualitatively
and quantitatively different mobility characteristics by changing
some parameters of the model, yet in a repeatable and scalable
manner.

Most existing mobility models excel in one or, less often,
two aspects of the above requirements, but none satisfies all of
them at the same time. Our goal in this paper is, on one hand,
to improve the existing random mobility models (e.g., random
walk, random direction, etc.) and synthetic mobility models
(e.g., [11], [12], [17]) on the front of realism, by considering
empirically observed mobility characteristics from the traces
[14]. On the other hand, the construction of the model should
be simple enough to allow in-depth theoretical analysis, and
flexible enough to have wider applicability than the mobility
traces (which provide only a single snapshot of the underlying
mobility process) and current trace-based mobility models
[22], [23], [33] which focus mainly on matching mobility
characteristics with a specific class of traces.

The main contribution of this paper is the proposal of a
time-variant community mobility model, referred to as the TVC
model. One salient characteristic in the TVC model is location
preference. Another important characteristic is the time-depen-
dent, periodical behavior of nodes. To our best knowledge, this
is the first synthetic mobility model that captures non-homoge-
neous behavior in both space and time.

To establish the realism and flexibility of our TVC model, we
show that one can match its two prominent properties, location
visiting preferences and periodical reappearance, with multiple
WLAN traces collected from various environments. More inter-
estingly, although we motivate the TVC model with the obser-
vations made on WLAN traces, our model is generic enough to
have wider applicability. We validate this claim by examples of
matching our TVC model with two additional mobility traces: a
vehicle mobility trace [36] and a human encounter trace [6]. In
the latter case, we are even able to match our TVC model with
some other mobility characteristics not explicitly incorporated
in our model by its construction, namely the inter meeting time
and encounter duration between different users/devices.

Finally, in addition to the improved realism, the TVC model
can be mathematically treated to derive analytical expressions
for important quantities of interest, such as the average node de-
gree, the hitting time and the meeting time. These quantities are
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often fundamental to theoretically study issues such as routing
performance, capacity, connectivity, etc. We show that our the-
oretical derivations are accurate through simulation cases with a
wide range of parameter sets, and additionally provide examples
of how our theory could be utilized in actual protocol design.
To our best knowledge, this is the first synthetic mobility model
proposed that matches with traces from multiple scenarios, and
has also been theoretically treated to the extent presented in this
paper. We make the code of the TVC model available at [40].

The rest of this paper is organized as follows. In Section 11
we discuss related work. Our TVC model is then introduced in
Section I1. In Section IV, we show how to generate realistic mo-
bility scenarios matched with various traces. Then, in Section V,
we present our theoretical framework and derive generic expres-
sions of various quantities. Simulation validates the accuracy of
these expressions in Section V1. Additionally, in Section VII,
we motivate our theoretical framework further, by applying our
analysis to performance predictions in protocol design. Finally,
we conclude the paper in Section VIII.

Il. RELATED WORK

Mobility models have been long recognized as one of the
fundamental components that impacts the performance of
wireless ad hoc networks. A wide variety of mobility models
are available in the research community (see [5] for a good
survey). Among all mobility models, the popularity of random
mobility models (e.g., random walk, random direction, and
random waypoint) roots in its simplicity and mathematical
tractability. A number of important properties for these models
have been studied, such as the stationary nodal distribution [3],
the hitting and meeting times [29], and the meeting duration
[18]. These quantities in turn enable routing protocol analysis
to produce performance bounds [30], [31]. However, random
mobility models are based on over-simplified assumptions, and
as has been shown recently and we will also show in the paper,
the resulting mobility characteristics are very different from
real-life scenarios. Hence, it is debatable whether the findings
under these models will directly translate into performance in
real-world implementations of MANETS.

More recently, an array of synthetic mobility models are pro-
posed to improve the realism of the simple random mobility
models. More complex rules are introduced to make the nodes
follow a popularity distribution when selecting the next destina-
tion [12], stay on designated paths for movements [17], or move
as a group [11]. These rules enrich the scenarios covered by the
synthetic mobility models, but at the same time make theoretical
treatment of these models difficult. In addition, most synthetic
mobility models are still limited to i.i.d. models, and the mobility
decisions are also independent of the current location of nodes
and time of simulation.

A different approach to mobility modeling is by empirical
mobility trace collection. Along this line, researchers have ex-
ploited existing wireless network infrastructure, such as wire-
less LANSs (e.g., [2], [10], [25]) or cellular phone networks (e.g.,
[7]), to track user mobility by monitoring their locations. Such
traces can be replayed as input mobility patterns for simulations
of network protocols [13]. More recently, DTN-specific testbeds
[4], [6], [19] aim at collecting encounter events between mobile
nodes instead of the mobility patterns. Some initial efforts to
mathematically analyze these traces can be found in [6], [20].
Yet, the size of the traces and the environments in which the
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experiments are performed can not be adjusted at will by the re-
searchers. To improve the flexibility of traces, the approach of
trace-based mobility models have also been proposed [22], [23],
[33]. These models discover the underlying mobility rules that
lead to the observed properties (such as the duration of stay at
locations, the arrival patterns, etc.) in the traces. Statistical anal-
ysis is then used to determine proper parameters of the model to
match it with the particular trace.

The goal of this work is to combine the strengths of var-
ious approaches to mobility modeling and propose a realistic,
flexible, and mathematically tractable synthetic mobility model.
Our work is partly motivated by several prominent, common
properties in multiple WLAN traces (e.g., traces available from
[37], [38]) we observed in [14], based on which we construct
the TVC model. This model extends the concept of commu-
nities proposed by us in [29] and also introduces time-depen-
dent behavior. A preliminary version of the model has been pre-
sented in [15]. In this work we highlight the flexibility of the
TVC model by matching the synthetic traces with two addi-
tional, qualitatively different traces to WLAN traces (i.e., ve-
hicular and human encounter traces, in Section 1V). We also
present more generic theoretical results under the scenario with
multiple communities (Section V), and display its applications
on protocol performance prediction (Section VII).

We differentiate our work from other trace-based models
[22], [23], [33] in several aspects. First, among all efforts of
providing realistic mobility models, to our best knowledge,
this is the first work to explicitly capture time-variant mobility
characteristics. Although capturing time-dependent behavior is
suggested in [22], it has not been incorporated in the particular
paper. Second, while previous works emphasize the capability
to truthfully recreate the mobility characteristics observed from
the traces, we also strive to ensure at the same time the mathe-
matical tractability of the model. Our motivation is to facilitate
the application of our model for performance prediction of
various communication protocols. Finally, most of the other
trace-based models have not been shown as capable to match
mobility characteristics of a diverse set of traces, since their
focus is mostly on one particular trace or at most a single class
of traces (e.g., WLAN trace). We go beyond that and reproduce
matching mobility characteristics of several qualitatively dif-
ferent traces, including WLAN, vehicle, and human encounter
traces.

As a final note, in [26], the authors assume the attraction of
a community (i.e., a geographical area) to a mobile node is de-
rived from the number of friends of this node currently residing
in the community. In our paper we assume that the nodes make
movement decisions independently of the others (nonetheless,
node sharing the same community will exhibit mobility corre-
lation, capturing the social feature indirectly). Mobility models
with inter-node dependency require a solid understanding of the
social network structure, which is an important area under devel-
opment. We plan to work further in this direction in the future.

I1l. TIME-VARIANT COMMUNITY MOBILITY MODEL

A. Mobility Characteristics Observed in WLAN Traces

The main objective of this paper is to propose a mobility
model that captures the important mobility characteristics ob-
served in daily life. To better understand this mobility, we have
conducted extensive analysis of a number of wireless LAN
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Fig. 1. Two important mobility features observed from WLAN traces. Labels
of traces used: MIT: trace from [2], dart: trace from [10], UCSD: trace from [25],
USC: trace from [14]. (a) Skewed location visiting preferences. (b) Periodical
reappearance at the same location.

traces collected by several research groups (e.g., traces avail-
able at [38] or [37]). The reason for this choice is that WLAN
traces log information regarding large numbers of nodes, and
thus are reliable for statistical analysis. After analyzing a large
number of traces, we have observed two common properties
in all of them: (a) skewed location visiting preferences and
(b) time-dependent mobility behavior [14].

More specifically, the location visiting preference refers to the
percentage of time a node spends at a given access point (AP).
We refer to the coverage area of an access point as a location.
In Fig. 1(a), we draw the probability density function of the per-
centages of online time an average user spends at each location,
ranking the locations from the most favorite place to the least
for various traces. The distribution appears highly skewed; more
than 95% of user’s online time is spent at only top five APs. The
time-dependent mobility behavior refers to the observation that
nodes visit different locations, depending the time of the day.
In Fig. 1(b) we plot the probability of a node reappearing at
the same location at some time in the future, as a function of
the elapsed time. It is clear that this probability displays some
amount of periodicity, as the mobile nodes have stronger ten-
dency to reappear at a previously visited location after a time
gap of integer multiples of days. A slightly higher peak on the
7th day, suggesting a stronger weekly correlation in location vis-
iting preferences, could also be observed in some curves (e.g.,
MIT).

Unfortunately, these two prominent realistic mobility char-
acteristics are not captured by commonly used simple random
models, as they do not possess any space or time dependent fea-
tures. This is demonstrated in Fig. 1 by a straight line (uniform
distribution) for the Random Direction model (the red curves).
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Fig. 2. Illustration of a generic scenario of time-variant mobility model, with
three time periods and different numbers of communities in each time period.

The same could be obtained from Random Waypoint, Random
walk, etc., or even more sophisticated models without spatial-
temporal preferences (e.g., [11], [17]). There are some more re-
cent models (e.g., [12], [23], [29], [33]) that aim at capturing
spatial preference explicitly. As shown in Fig. 1(a) using the
simple community model [29] (the blue curves), with appro-
priately assigned parameters this model is able to capture the
skewed location visiting preference, to some extent. However,
time-dependent behavior is not captured, and thus the period-
ical reappearance property cannot be reproduced, as shown by
the flat curve in Fig. 1(b).

It is our goal to design a mobility model that successfully
captures the skewed location preference and time-dependency
mobility properties observed in the traces in an analytically
tractable fashion. We believe that although the above observa-
tions are made based on WLAN traces, the two properties in
question are indeed prevalent in real-life mobility. This belief is
supported by typical daily activities of humans: most of us tend
to spend most time at a handful of frequently visited locations,
and a recurrent daily or weekly schedule is an inseparable part
of our lives. It is essential to design a model that captures such
spatial-temporal preferences of human mobility in many con-
texts.

B. Construction of the Time-Variant Community Model

In this section, we present the design of our time-variant com-
munity (TVC) mobility model. We illustrate the model with an
example in Fig. 2 and use this example to introduce the nota-
tions we use in the rest of the paper (see Table I).

First, to induce skewed location visiting preferences, we de-
fine some communities (or heavily-visited geographic areas).
Take time period 1 (TP1) in Fig. 2 as an example, the commu-
nities are denoted as Comm} and each of them is a square ge-
ographical area with edge length C}.l A node visits these com-
munities with different probabilities (details are given later) to
capture its spatial preference in mobility. In the TVC model, the
mobility process of a node consists of epochs in these commu-
nities. When the node chooses to have an epoch in community
7 (we say that the node is in state ;5 during this epoch), it starts
from the end point of the previous epoch within Comm} and
the epoch length (movement distance) is drawn from an expo-
nential distribution with average L;, in the same order of the
community edge length. The node then picks a random speed
uniformly in [vin, Ymax], @nd a direction (angle) uniformly in
[0, 27], and performs a random direction movement within the

1For all parameters used in the paper, we follow the convention that the sub-

script of a quantity represents its community index, and the superscript repre-
sents the time period index.
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TABLE |
PARAMETERS OF THE TIME-VARIANT COMMUNITY MOBILITY MODEL!
N Edge length of simulation area
|2 Number of time periods
T? Duration of ¢-th time period
St Number of communities in time period ¢
C]t. Edge length of community j in time period ¢!
Comm§- The j-th community during time period ¢!
t The probability to choose community j when
Pij the previous community is 4, during time period #'
t Stationary probability of an epoch in
J community j during time period ¢!

Vmins Umazxs O Minimum, maximum, and average speed
Dnas,j, Dj Maximum and average pause time after each epoch
L; Average epoch length for community j
Probability that a node is moving | pausing

P! | Pt .
move,il Ppause.i when being in community j during period ¢!
pt Fraction of time the node is in
j . pt t t 1
J state j (P; = Priove; T Ppause,s)
K Transmission range of nodes
A (at bt ) The overlapped area between Comm;‘- of node a
ik and Comm¢, of node b
t A specific relationship between a target coordinate
and the communities in time period ¢
Qt The set of all possible relationships between
a target coordinate and the communities in time period ¢
+ Unit-time hitting probability
P (w") : . t
under the specific scenario w
Hitting probability for a time period ¢
PH(wt) g P! ) y ) X Pt
under specific scenario w
an Unit-time meeting probability in time period ¢
PK/I Meeting probability for a time period ¢

chosen community with the chosen epoch length.2 The first dif-
ference between the TVC model and the standard Random Di-
rection model is hence the spatial preference and location-de-
pendent behavior. Note that, a node can still roam around the
whole simulation area during some epochs, by assigning an ad-
ditional community that corresponds to the whole simulation
field (e.g. Comm3). We refer to such epochs as roaming epochs.

We next explain how a node selects the next community for a
sequence of epochs. At the completion of an epoch, the node
remains stationary for a pause time uniformly chosen in [0,
Dqz,5]- Then, depending on its current state < and time pe-
riod ¢, the node chooses the next epoch to be in community j
with probability p! .. This community selection process is es-
sentially a time-variant Markov chain that captures the spatial
and temporal dependencies in nodal mobility and thus makes
the community selection process in the TVC model non-i.i.d.,
an important feature absent in many synthetic mobility models
even if they consider non-uniform mobility features. Now, if the
end point of the previous epoch is in Comm} (this can be the
case when the node has two consecutive epochs in Comm;, or
Commj contains Commj), the node starts the next epoch di-
rectly. If, on the other hand, the node is currently not in Comm;’»,
a transitional epoch is inserted to bridge the two epochs In
disjoint communities. The node selects a random coordinate
point in the next community, moves directly towards this point
on the shortest straight path with a random speed drawn from
[Vmin; Vmax], @nd then continues with an epoch in the next com-
munity. Hence the movement trajectory of a node is always con-
tinuous in space.

2To avoid boundary effects, if the node hits the community boundary it is
reinserted from the other end of the area (i.e., “torus” boundaries). Note that
we could also choose random waypoint or random walk models for the type of
movement during each epoch.
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Fig. 3. An illustration of a simple weekly schedule, where we use time period
1 (TP1) to capture weekday working hour, TP2 to capture night time, and TP3
to capture weekend day time.

We next introduce the structure in time. To capture time-de-
pendent behavior, one creates multiple time periods with dif-
ferent community and parameter settings. As an example, there
are V = 3 time periods with duration T, T2, and T in Fig. 2.
These time periods follow a periodic structure (e.g., a simple
recurrent structure in Fig. 2 or the weekly schedule in Fig. 3).
This setup naturally captures the temporal preferences (e.g., go
to work during the days and home during the nights) and pe-
riodicity in human mobility. On the time boundaries between
time periods, each node continues with its ongoing epoch, and
decides the next epoch according to the new parameter settings
in the new time period when it finishes the current epoch.

As a final note, we choose to construct the TVC model with
simple building blocks introduced above due to its amenability
to theoretical analysis [29] and flexibility. To further explain the
flexibility of our TVC model, we note that the number of com-
munities in each time period (denoted as S?) can be different,
and the communities can overlap (as in TP1 in Fig. 2) or con-
tain each other (as in TP2 in Fig. 2). Finally, the time period
structure, communities, and all other parameters could be as-
signed differently for each node to capture node-dependent mo-
bility (e.g., people following different schedules, with different
working places, etc.), while nodes can share some communities
(i.e., the popular locations) as well. This construction allows for
maximum flexibility when setting up the simulations for nodes
with heterogeneous behaviors.3

The benefit of using simple building blocks will become ev-
ident in Section V. At the same time, we will show next that
these choices do not compromise our model’s ability to accu-
rately capture real life mobility scenarios.

IV. GENERATION OF MOBILITY SCENARIOS

The TVC model described in the previous section provides
a general framework to model a wide range of mobility sce-
narios. In this section, our aim is to demonstrate the model’s
flexibility and validate its realism by generating various syn-
thetic traces from the model, with matching mobility character-
istics to well-known, publicly-available traces (e.g., WLANS,
VANET, and human encounter traces). However, it is important
to note that the use of such a model is not merely to match it
with any specific trace instance available; this is only done for
validation and calibration purposes. Rather, the goal is to be able
to reproduce a much larger range of realistic mobility instances
than a single trace can provide.4

We first outline a general 3-step systematic process to con-
struct specific mobility scenarios. Then, we demonstrate our
success to generate matching mobility characteristics with three

3When necessary, we use a pair of parentheses to include the node ID for a
particular parameter, e.g., ;  denotes the edge length of the  th community
during time period for node .

4We have made our mobility trace generator available at [40]. The tool pro-
vides mobility traces in both ns-2 [39] compatible format and time-location (i.e.,
) format.
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qualitatively different traces. All the parameter values we use in
this section are also available in [40].5

Step 1) Determine the Structure in Space and Time

e (1.1 Number of communities) Each community in the
TVC model corresponds to a location visited frequently
by nodes (i.e., the most visited location in Fig. 1(a) cor-
responds to the most popular community in the model,
and so on). The number of communities needed is thus
determined by how closely one wants the mobility char-
acteristics to match with the curves in Fig. 1(a). Due to
the nature of skewed location visiting preference, in our
experience, only two or three communities are needed to
capture up to 85% of the user online time spent at the
most popular locations. Such a simple spatial structure
yields simple theoretical expressions. However, if one
wants the model to capture more details (e.g., for detailed
simulation), the user can instantiate as many communities
as needed to explicitly represent the less visited locations.

e (1.2 Location of communities) If the map of the target envi-
ronment is available, one should observe the map and iden-
tify the points of attraction in the given environment to as-
sign the communities accordingly. The methods described
in [22] could be applied to help choosing the “hot spots”
on campus, by adding up the time users spend at each loca-
tion on a 2-D map and identifying the peaks. Alternatively,
if the map is not available, one can instantiate communities
at random locations.6 One way to do so is to simply divide
the simulation area into equal-sized grid cells, and assign
randomly chosen cells as communities.

« (1.3 Time period structure) From the curves in Fig. 1(b),
one observes the reappearance periodicity and decides on
the time period structure accordingly. Typically, human
activities are bounded by daily and weekly schedules so
a time period structure shown in Fig. 3 would suffice for
most applications. If capturing finer behavior based on
time-of-day is necessary, one could additionally split the
day into time periods with different mobile node behavior.
We illustrate this in our third case study, the human en-
counter trace.

Step 2) Assign Other Parameters

After the space/time structure is determined, one has to de-

termine the remaining parameters for each community and time
period. This includes 7%, D!, and L, which represent the sta-
tionary probability (using simple Markov chain theory once we
select proper p; ;’s based on the transition probabilities between
locations), the average pause time, and the average epoch length,
respectively, at community 5 during time period ¢. These param-
eters can be determined by referring to the curves in Fig. 1. We
give some general rules of how the parameters change the curves
in Fig. 1. The detailed adjustments we make for each specific
case studies will be discussed later. o

« The average epoch length in each community, L; should
be at least in the same order as the edge length of the com-
munity, CJ’ This is to ensure that the end point of the epoch
becomes almost independent of its starting point, since the

5Due to space limitations, we cannot list all parameters in this paper.

6Concerning matching with the two mobility properties shown in Fig. 1, the
actual locations of the communities do not make a difference.
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mixing time of the corresponding process becomes quite
small. (The motivation for this requirement is to keep the
theoretical analysis tractable.)

» The average duration the node stays in community j is
given by (D% 4 L’ /). The ratio between the durations
the node stays in each community shapes the location vis-
iting preference curve in Fig. 1(a).

e The highest peak of the reappearance probability
curve (on the 7th day under the weekly schedule) in
Fig. 1(b) is determined by the weighted average prob-
ability of the node appearing in the same community
during the same type of time period. This value is
S (T, T) Zf;l (P})Q, where P! denotes the
fraction of time the node spends in community j.

Step 3) Adjust User On-off Pattern (Optional)

The mobility trace generated by the TVC model is an
“always-on” mobility trajectory (i.e., the mobile nodes are
always present somewhere in the simulation field). However,
in some situations some nodes might be absent occasionally.
For example, in a WLAN setting, nodes (e.g. laptops) are often
turned off when travelling from one location to another and the
“off” time is often not negligible [14]. Thus one may need to
make optional adjustments to turn nodes off in the generated
trace, depending on the actual environment to match with. To
address this we assign a probability P,,, ; as the probability for
the node to be “on” in community j. In two of the case studies
we present (WLAN and vehicular trace), we utilize this feature
as the nodes are not always-on in the actual traces.

Note that it is possible to automate part of the above commu-
nity and parameter selection. This can be done by feeding the
curves in Fig. 1 and the desired level of matching to a program
that executes the above steps. Automatic generation of proper
synthetic traces is a direction of our future work.

Next, we look into three specific case studies and apply the
aforementioned procedure in each case, to display that the TVC
model successfully produces synthetic mobility traces with
matching characteristics observed in the real traces.

A. WLAN Traces

In the first example, we show that the TVC model can recreate
the location preferences and reappearance probability curves
observed in WLANSs. We use the MIT WLAN trace (first pre-
sented in [2]) as the main example here.” We split the MIT trace
into two halves and generate a matching synthetic trace with ob-
served mobility characteristics from the first half (the training
data set). We then compare our synthetic trace with the mo-
bility characteristics of the second half (the validation data set).
Note that, the mobility characteristics are similar across the two
halves (shown by the two very close thick black curves in Fig. 4).
We generate two synthetic traces with the TVC model, a sim-
plified one and a complex one, to display its flexibility to have
different levels of matching to the WLAN trace.

The simplified model (shown by thin black curves) uses only
one community and two time periods (for the day time and night
time), with parameters listed as Model-1 in Table I1. The simple

"We also achieve good matching with the USC [14] or the Dartmouth [10]
traces, but do not show it here due to space limitations.

Authorized licensed use limited to: University of Florida. Downloaded on November 4, 2009 at 00:04 from IEEE Xplore. Restrictions apply.



HSU et al.: MODELING SPATIAL AND TEMPORAL DEPENDENCIES OF USER MOBILITY IN WIRELESS MOBILE NETWORKS 1569
TABLE Il
PARAMETERS FOR THE SCENARIOS IN THE SIMULATION
Model name Description N Cll C| Dyt Doyaw,r L L, 7rll 7r7l 7712 wf TT T2
Model 1 Match with the MIT trace 1000 100 100 100 50 80 520 0.714 0.286 0.8 0.2 5760 2880
Model 2 Highly attractive communities 1000 | 200 50 100 200 52 520 | 0.667 | 0.333 | 0.889 | 0.111 3000 | 2000
Modcl 3 Not attractive communitics 1000 | 100 | 100 50 200 80 800 0.5 0.5 0.667 | 0.333 | 2000 | 1000
Model 4 Large-size communities 1000 | 200 | 250 50 100 200 | 800 0.7 0.3 0.889 | 0.111 | 2000 | 1000

We use the same movement speed for all node: and  min

max

in all scenarios. In all cases we use two time periods and they are named as time period

1 and 2 for consistency. We only list the parameters for the simple models (Model 1-4) here. Please refer to [40] for the details of the generic models (Model 5-7).
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Fig. 4. Matching mobility characteristics of the synthetic traces to the MIT
WLAN trace. (a) Skewed location visiting preferences. (b) Periodical reappear-
ance at the same location.

model captures the major trends but still shows several notice-
able differences: (a) the tail in the model-simplified curve in
Fig. 4(a) is “flat” as opposed to the exponentially diminishing
tail of the MIT curve. (b) the peaks in the model-simplified curve
in Fig. 4(b) are of equal heights.

We can improve the matching between the synthetic trace and
the real trace by adding complexity in both space and time, with
the following detailed procedure. (STEP1): We divide the sim-
ulation area into 10-by-10 grid cells. Since we want to have a
close match with the curve in Fig. 4(a), we assign randomly
15 of the cells as communities to each node (Intuitively, this
number corresponds to the number of distinct access points that
a person may connect to on a university campus over a pe-
riod of one month.). For the time period structure we use the
simple weekly structure shown in Fig. 3, allocating 8 hours
for day time (TP1, TP3) and 16 hours for night time (TP2), as
this trace is collected from a corporate environment. (STEP2
and STEP3): In the actual WLAN trace the nodes are “on”
only for a low percentage of time. We capture this phenom-
enon With an additional parameter, P!, ., the probability the
node is “on” in state j. In WLAN, the nodes are typically “o
(ie., appear at the current location) when they are not moving.
Under this on-off pattern, P, , = D%/(D% + L’ /). We then

consider the on-off pattern and parameter assignment jointly.

(1) We first assign the same D?, Lt , P, ; to all communities,
then assign w; with a value equal to the fraction of time spent
at the jth location in Fig. 1(a).8 This assignment strategy makes
the node “on” for the same amount of time in each community
during each visit, and the total time in each community (and
hence the observed location visiting preference curve) is there-
fore determined by the value of w; (2) Due to the on-off pattern,

the peak value in the reappearance probability curve becomes
S (T iy T) X5 (P])* (P, ;) To shape the reap-

on,j
pearance probabilities we adjust the Dt values, which, in turn,
adjust the values of P, . and set the reappearance probabilities
to the desirable values to match with the curve in Fig. 1(b). Note
that by adjusting the D’ values in a consistent manner among all
communities we do not change the location visiting probability
curve that has already been matched in the previous step.

As it is evident from the red curves with labels Model-com-
plex in Fig. 4, this model yields synthetic traces whose charac-
teristics match very closely with those of the MIT trace.

B. Vehicle Mobility Traces

In this example we display that skewed location visiting pref-
erences and periodical reappearance are also prominent mo-
bility properties in vehicle mobility traces. We obtain a vehicle
movement trace from [36], a website that tracks participating
taxis in the greater San Francisco area. We process a 40-day
trace obtained between Sep. 22, 2006 and Nov. 1, 2006 for
549 taxis to obtain their mobility characteristics. The results
are shown in Fig. 5 with the label Vehicle-trace. It is interesting
that the trend of vehicular movements is very similar to that of
WLAN users in terms of these two properties.

We use 30 communities and the weekly time schedule in
(STEP1). We need more communities for this trace as the taxis
are more mobile and visit more places than people on univer-
sity campuses. From the actual trace, we discover that the taxis
are offline (i.e., not reporting their locations) when not in op-
eration. Hence we assume that the nodes are “on” only when
they are moving. The pause times between epochs are consid-
ered as breaks in taxi operation. Therefore in (STEP3), P, onj =
(L;/v)/(Dg. + L;/v), and we adjust the parameters in a similar
way as described in the previous section. The curves in Fig. 5
with label Model match with the curves with Vehicle-trace label
well. As a final note, although vehicular movements are gener-
ally constrained by streets and our TVC model does not capture
such microscopic behaviors, designhated paths and other con-
straints could still be added in the model’s map (for vehicular

80ne simple way to achieve this is to assign ; %, . Of course, one
could make proper adjustments to ! . based on the observed transition proba-

bilities in the trace if this |nformat|on is available.
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Fig. 5. Matching mobility characteristics of the synthetic trace to the vehicle
mobility trace. (a) Location visiting preferences. (b) Periodical reappearance.

or human mobility) without losing its basic properties. We defer
this for future work.

C. Human Encounter Traces

In this example, we show that the TVC model is generic
enough to mimic the encounter properties of mobile human
networks observed in an experiment performed at INFOCOM
2005 [6]. In this experiment, wireless devices were distributed
to 41 participants at the conference to log encounters between
nodes (i.e., coming within Bluetooth communication range) as
they moved around the premises of the conference area. The
inter-meeting time and the encounter duration distributions of
all 820 pairs of users obtained from this trace are shown in Fig. 6
with label Cambridge-INFOCOM-trace.

To mimic such behaviors using our TVC model, we observe
the conference schedule at INFOCOM, and set up a daily recur-
rent schedule with five different types of time periods (STEP1):
technical sessions, coffee breaks, breakfast/lunch time, evening,
and late night (see [40] for the detailed parameters). For each
time period we set up communities as the conference rooms,
the dining room, etc. We also generate a community that is far
away from the rest of the communities for each node and make
the node sometimes isolated in this community to capture the
behavior of patrons skipping part of the conference. In (STEP2),
we use the theory presented in Section V to adjust the param-
eters and shape the inter-meeting time and encounter duration
curves. For example, a stronger tendency for nodes to choose
roaming epochs (setting larger «*) would increase the meeting
probability (see, e.g., (18)), hence reducing inter-meeting times.
Finally, since the devices used to collect the encounter traces are
always-on, we do not apply any changes to the synthetic trace
(STEP3). We randomly generate 820 pairs of users and show
their corresponding distributions of the inter-meeting time and

IEEE/ACM TRANSACTIONS ON NETWORKING, VOL. 17, NO. 5, OCTOBER 2009

Fig. 6. Matching inter-meeting time and encounter duration distributions with
the encounter trace. (a) Inter-meeting time. (b) Encounter duration.

the encounter duration in Fig. 6 with label Model. It is clear that
our TVC model has the capability to reproduce the observed dis-
tributions, even if it is not constructed explicitly to do so. This
displays its success in capturing the decisive factors of typical
human mobility.

It is clear from the cases studied here that the TVC model is
flexible to capture mobility characteristics from various environ-
ments well. In addition, with the respective configuration, it is
possible to generate synthetic traces with much larger scale (i.e.,
more nodes) than the empirical ones while maintaining the same
mobility characteristics. It is also possible to generate multiple
instances of the synthetic traces with the same mobility charac-
teristics to complement the original, empirically collected trace.

V. THEORETICAL ANALYSIS OF THE TVC MODEL

So far, we have established the flexibility of the TVC model
in terms of its ability to reproduce the properties observed in
qualitatively different mobility traces. Yet, one of the biggest
advantages of our model is that, in addition to the realism, it is
also analytically tractable with respect to some important quan-
tities which determine protocol performance. In the rest of this
paper, we focus on demonstrating this last point.

We start here by deriving the theoretic expressions of various
properties of the proposed mobility model assuming the nodes
are always “on”. The properties of interest are defined below.

« The average node degree is the average number of nodes
residing within the communication range of a given node.
This quantity has major implication on the success rate of
various tasks (e.g. geographic routing [28]) in mobile ad
hoc networks.

 The hitting time is the time it takes a node, starting from the
stationary distribution, to move within transmission range
of a fixed, randomly chosen target coordinate in the field.

» The meeting time is the time until two mobile nodes, both
starting from the stationary distribution, move into the
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