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Abstract—Simulating human mobility is important in mobile
networks because many mobile devices are either attached to or
controlled by humans and it is very hard to deploy real mobile
networks whose size is controllably scalable for performance eval-
uation. Lately various measurement studies of human walk traces
have discovered several significant statistical patterns of human
mobility. Namely these include truncated power-law distributions
of flights, pause-times and inter-contact times, fractal way-points,
and heterogeneously defined areas of individual mobility. Unfor-
tunately, none of existing mobility models effectively captures
all of these features. This paper presents a new mobility model
called SLAW (Self-similar Least Action Walk) that can produce
synthetic walk traces containing all these features. This is by far
the first such model. Our performance study using using SLAW
generated traces indicates that SLAW is effective in representing
social contexts present among people sharing common interests
or those in a single community such as university campus,
companies and theme parks. The social contexts are typically
common gathering places where most people visit during their
daily lives such as student unions, dormitory, street malls and
restaurants. SLAW expresses the mobility patterns involving
these contexts by fractal waypoints and heavy-tail flights on top
of the waypoints. We verify through simulation that SLAW brings
out the unique performance features of various mobile network
routing protocols.

I. INTRODUCTION

In mobile networks, the performance of networking appli-
cations highly depends on the movement patterns of wireless
device holders. As wireless devices are mostly attached to
humans, understanding human mobility patterns leads to an
accurate performance prediction of protocols used for these
networks. These patterns can be used to simulate mobile
networks whose mobility governed by humans. Because of the
difficulty in deploying real mobile networks big enough for
the meaningful performance evaluation, simulation has been
primarily used for performance evaluation. Therefore, mobility
models reproducing essential mobility patterns of humans are
important components of those simulation tools. This paper
addresses this issue.

There have been several recent studies [9], [17], [35]
reporting the discovery of fundamental statistical features of
human mobility from real traces of human mobility such as
GPS traces of human walks in various locations [35] and
cellphone location tracking [17], recordings of wireless device
associations with their access points [27] and tracking of bank
notes [9]. They collectively report the statistical behaviors of
human mobility over various scales of time and space. The
followings summarize those features.

o (F1) Truncated power-law flights and pause-times.

It is shown that the lengths of human flights which are
defined to be straight line trips without directional change

or pause (or lines between two consecutive waypoints)
have a truncated power-law distribution [9], [17], [35].
Several studies (e.g., [35] [27]) also show that the pause
time distributions of human walks follow a truncated
power-law distribution.

o (F2) Heterogeneously bounded mobility areas. Gonza-
lez et al. [17] report that people mostly move only within
their own confined areas of mobility and different people
may have widely different mobility areas.

o (F3) Truncated power-law inter-contact times (ICTs).
The distribution of inter-contact times, that is, the times
elapsed between two successive contacts of the same
persons can also be modeled by a truncated power law
distribution [11] which consists of a power-law head
followed by an exponentially decaying tail after a certain
characteristic time [25].

o (F4) Fractal waypoints. From the analysis of the GPS
traces of human walks, we report in [34] that the way-
points of humans can be modeled by fractal points. This
implies that people are always more attracted to more
popular places.

All these patterns (F'1 — F'4) are intrinsically related to each
other. We show in this paper that fractal waypoints (#'4) induce
power-law flights (F'1). It is also shown in [20] that heavy-
tail flights within a confined area (F'2) result in truncated
power-law ICTs (F'3). It is also important that these patterns
are strong performance determinants of mobile networks such
as Delay-Tolerant Networks (DTN). For instance, ICTs are
a very important factor to DTN routing as ICTs decide the
delays before meeting a distant destination; so short ICTs
imply short routing delays. Fractal waypoints express some
social contexts such as common gathering places among
people that share common interests or those in the same
community. These contexts are important as they influence
contact probability among people. Therefore, for an accurate
performance evaluation of mobile networks, synthetic mobility
traces to represent these patterns realistically.

Unfortunately, none of existing mobility models for mobile
networks produce synthetic human mobility traces that possess
all these statistical features. For instance, no mobility models,
except Truncated Levy Walk [35], explicitly model heavy-
tail flights. Random mobility models such as Truncated Levy
Walk, Random Way Point and Brownian Motion do not
produce fractal waypoints nor do they model heterogeneous
mobility ranges of individuals. Although many models (e.g.,
[71, [16], [21], [23], [27], [29]) explicitly model hot spots
or grouping effects, they do not produce heavy-tail flights or



power-law ICTs. Those producing heavy-tail ICTs (e.g., [8],
[25]) also do not necessarily model heavy-tail flights. Table I
documents the statistical features modeled by many existing
mobility models.

In this paper, we present a new mobility model, called Self-
similar Least-Action Walk (SLAW), that produces synthetic
mobility traces containing all those features. This is the first
such model. In developing SLAW, we heavily rely on our
GPS traces of human walks [34] including 226 daily traces
collected from 101 volunteers in five different outdoor sites.
In particular, many of these traces are gathered among people
sharing the common interests such as students in the same
university campuses and tourists in a theme park. By faith-
fully representing the patterns present in these traces, SLAW
represents inherent social contexts among walkers manifested
as common gathering places and walk patterns therein. By
also modeling both power-law flights and fractal waypoints,
SLAW can also express the regular as well as spontaneous
trip patterns present in the daily mobility of humans. People
typically keep a routine of visiting the same places every day
such as going to an office, but at the same time, make irregular
trips. It is not the case where people would always randomly
choose places to visit and visit them in a random order. While
other work [14], [22], [26] exists in expressing the regularity of
daily trip patterns of humans, none of the existing work reflects
realistic statistical patterns appearing in real human walk
traces. Expressing this regularity and spontaneity realistically
by modeling a human movement decision mechanism is one
of the key contributions of our work.

To measure how these mobility patterns influence the perfor-
mance of mobile network protocols, we study the performance
of DTN routing under SLAW and various other mobility
models. Our study indicates that SLAW realistically brings
out the unique performance features of various DTN routing
protocols. Especially, compared to random mobility models, it
provides a clear performance differentiation between memory-
less and memory-full protocols where memory-full protocols
utilize past contact history information among nodes to predict
the future contact probability. Examples of these protocols are
abundant (e.g., [3], [30], [37]).

SLAW can be an important tool for emulating human walk
behaviors. The applications of our work does not stop at
mobile network; it can be applied to accurate urban planning,
traffic forecasting and biological and mobile virus spread
analysis where emulating human mobility is essential. SLAW
is also as simple to work with as random mobility models such
as RWP and BM because it needs only a small number of input
parameters such as the size of the walk-about area, the number
of walkers, and the Hurst value used for generating fractal
waypoints. Note that many sophisticated models (e.g., [7],
[16], [27], [29]) require detailed information such as mobility
transition probability tables and location and sizes of hot spots
which are only available from real traces. SLAW does not
require any real walk traces for generating synthetic traces.

The remainder of this paper is organized as follows. Sec-
tion II has related work . Section IIT describes SLAW in detail.

Features F1 F2 F3 F4
Category Models
Random RWP, RD N N N N
BM(RW) N N Y N
TLW [35] Y N Y N
Random MWP [23] N N N N
Variants GM [28] N N ? N
RPGM [21] N N ? N
Geographic | Freeway [2] N N ? N
Manhattan [2] N N ? N
OM [24] N N ? N
Social Dartmouth [27] N N ? N
CMM [29] N N ? N
ORBIT [16] N Y ? N
TABLE I

EXISTING ROUTING MODELS CAN BE CATEGORIZED INTO FOUR GROUPS.
TYPICAL MODELS IN EVERY CATEGORY HAVE BEEN LISTED. NONE OF
THE EXISTING MODELS HAVE ALL THE CHARACTERISTICS OF HUMAN

WALKS. ’?” MEANS THAT IT IS UNCLEAR FROM THE MODEL DESCRIPTION.

Section IV discusses the validation of SLAW and our routing
protocol study. Section V has the conclusion.

II. RELATED WORK

Table I shows four categories of existing models and each
model. Random Way Point (RWP), Random Direction (RD),
Brownian Motion (BM) or Random Walk (RW) and Truncated
Levy Walk (TLW) [35] are random mobility models. In
random mobility, each waypoint is chosen randomly based on
some probability distribution. Markovian Way Point (MWP)
[23] and Gauss-Markov (GM) model [28] are slight variants of
random models as they implement some Markovian transition
probabilities among waypoints or prohibit unrealistic abrupt
velocity changes. In RPGM [21], mobile nodes form several
groups each of which contains one leader. All the members of
a group move along their leader.

Other models incorporate geographical constraints or social
contexts and collective behaviors. The Obstacle Model (OM)
with geographical constraint [24] incorporates obstacles to
emulate more realistic pathways of humans around obstacles
using Voronoi diagrams. To emulate pathways the Freeway
and Manhattan mobility models [2] also have been proposed,
and they restrict the movements of mobile nodes to follow
the pathways. Modeling hot spots is another way to represent
collective human behaviors.

The Dartmouth model [27] estimates the locations and
movement paths of mobile nodes from real data sets. Based
on the estimated information on the users, hotspot regions
and the transition probability for moving between hotspots are
extracted. This model comes from real data but it requires a
considerable amount of effort to generate the mobility model
because hotspot locations and transition probability between
hot spots must be given as input (instead of being generated).
Thus, it is very hard to change the walkabout areas, the
number of nodes and the locations of hot spots without any
corresponding real data sets.

Some hot spot models [7] [29] use scale-free networks [6].
Using the preferential attachment theory [5], a set of attractors
is established where attractors are either landmarks or nodes.
For instance, Clustered Mobility Model (CMM) [29] is a good
example. It first divides the simulation area into a number of



subareas and use them as attractors. Mobile nodes are assigned
to a subarea using preferential attachment. The attractiveness
of one area is determined by the current number of nodes
assigned to that area.

ORBIT [16] randomly creates a specified number of clusters
within a given area and each node are assigned to a subset
of clusters. A node moves only among its assigned clusters.
For movements between and within clusters, it is completely
random. Like SLAW, ORBIT explicitly models the hetero-
geneously bounded walkabout areas of different people (i.e.,
F'4). However, ORBIT does not capture fractal points and the
choices of next destinations are completely random. Thus, it
lacks the regular patterns present in daily human walks.

III. SLAW: SELF-SIMILAR LEAST ACTION WALK
A. SLAW Overview

Capturing both power-law flights and fractal waypoints in
walk traces is non-trivial. Due to mutual dependency among
various parameters such as the degree of self-similarity (Hurst
parameter) and the characteristics of flight distributions, e.g.,
the power-law slope of the distribution, controlling them con-
currently is also hard. SLAW adopts the following approach
to the problem. It first generates fractal waypoints (F'4) using
a technique similar to a fractional Gaussian noise or Brownian
Motion generation technique (fGn or fBm) (e.g., [32], [33])
over a 2-D image. SLAW leverages fundamental properties
of fractal points to generate power-law flights (F'1) on top
of them. In this paper, we prove analytically that fractal
points induce power-law gaps where gaps are defined to be
inter-spacing among neighboring fractal points. Our analysis
recovers algebraic relations between the Hurst parameter of
fractal points and the power-law slope of the corresponding
gap distributions.

It has been empirically known that the gaps among fractal
points follow a power-law distribution [15], [31]. Typically
gaps over multiple dimensions are measured by Delaunay
triangulation. We experimentally verify that the line lengths of
Delaunay triangles drawn on top of the waypoints extracted
from real human walk traces have a power-law distribution
and furthermore, their power-law slopes are almost identical
to those of flight distributions from real traces. This strongly
suggests that people plan their trips over known destinations (if
we view waypoints as destinations) in a gap-preserving man-
ner where they visit the nearby destinations first before visiting
farther destinations. This trip planning is in fact a heuristic to
the well-known traveling salesman problem whose objective
is to minimize the total distance of travel and aligns well with
the least-action principle of Maupertuis [13] where all objects
are moving to the direction of minimizing their discomfort. In
a human walk case, the discomfort is distance. It is intuitive
that when visiting a place, people strive to reduce the distance
of travel by visiting all the nearby destinations before visiting
farther destinations unless some high priority events such as
appointments force them to make a long distance trip even in
the presence of unvisited nearby destinations. The least-action
principle has led us to developing a trip planning algorithm

called Least Action Trip Planning (LATP). We show that LATP
can recover the same flight distribution observed in real traces
within around 10% error margin.

LATP and fractal waypoints may satisfy F'1 and F4. To
complete the trace generation process while satisfying F'2
and F'3, we combine LATP with an individual walker model.
To enforce heterogeneously bounded walkabout areas among
walkers, SLAW develops an individual walker model to restrict
the mobility of each walker to a predefined sub-section of
the total area. It is done by selecting a subset of fractal
waypoint clusters and restrict the movement of each walker to
its own designated set of clusters. To add randomness, it also
allows walkers to move out of their predefined walkabout areas
occasionally with some controlled probability. We verify that
this walker model combined with LATP and fractal waypoints
generate power-law ICTs (satisfying F'3).

More important, SLAW can realistically represent the reg-
ular patterns of human daily mobility. Since it is typical that
people maintain a fixed routine of daily mobility such as going
to an office, expressing these patterns are important. We verify
later that the combination of fractal waypoints, LATP and the
individual walk model effectively create this regularity as well
as randomness and spontaneity in human mobility.

Below, we present our analysis that fractal points induce
power-law gaps, describe LATP, and then present the new
individual walker model. The description on our fractal point
generation is omitted due to the space limit and the detailed
description can be found in [34]. The technique is a simplified
version of fBm [32].

B. Fractal Points and Power-law Gaps

We first examine the relation between one-dimensional
fractal points and power-law gap and later we generalize our
analysis over to two dimensional cases through simulation.
Consider a process of dispersing a set of points over one
dimensional space. Let Y (x) be the number of points over
a line interval (x and x + A). In other words, Y (z) is a point
count sequence over a small interval A. The self-similarity
of point counts Y (z) can be manifested in several equivalent
ways. First, the aggregated variance v(m) of Y (z), which is
a variance of a new series by averaging the original series
Y (x) in nonoverlapping blocks of m, replacing each block
by its mean, has an asymptotic form of v(m) ~ m~™P,
0 < 6 < 1as m — oo. The Hurst parameter can be
expressed as H = 1 — 3/2. Second, the power spectrum S(f)
of Y(x) has 1/ f noise around the origin, that is, S(f) ~ f~¢,
0<f<las f—0.

The gap (interval) between two points can be measured as
follows. We first make A small enough to hold at most one
point and define the distance between any two immediately
neighboring points as gap. Let p(x) be the probability density
function of a random variable x representing a gap among
the fractal point process Y ().

Theorem 3.1: Fractal points over one dimensional space
induce power-law gaps, that is, if v(m) ~ mP0<p<1



as m — oo, then p(x) ~ 2771 0 < a < 1asax — oo
Furthermore, oo + 0 = 1.
Proof: Due to the space limit, we provide a proof sketch
below. The proof is adopted from [4], [18].
From [12], we can have the following relation between
v(m) and the autocorrelation function p(z) of Y ().

v(m) = wv- (;L—l—niznzl(m—n)p(n)) (1)
where v is the variance of Y (x).

From Eq. 1, p(z) ~ 77 since v(m) ~ m=5.

A correlation function c(x) of Y(x) is asymptotically the
same as its auto-correlation function p(z) and can also be
represented as a conditional probability to have a point at z,

given that a point occurs at a z = 0. ¢(z = nA) can be
represented as follows [36].
«a) = pa) @
c(2A) = c(A)p(A) +p(24) 3)
“)
n—1
c(nd) = Y cl(n—k)Alp(kA) +ug (5)
k=0

The Fourier transform F of the last equation gives a power

spectrum of Y (z). Thus, S(f) = F(c(x)) = =75y Let
P(f) be an asymptotic function of F(p(z)).

- 1

P(f)=1— —— 6

Since c(z) ~ 278, S(f) = Fle(x)) ~ fFLas f — 0.
Since 0 < < 1, the power spectrum of Y (x) has 1/f noise.

If we set @ = —(3+1, then from Eq. 6, P(f) ~ 1—f. Note
that the inverse Fourier transform of 1— B f % 0 < 6 < 1 where
B is a constant, is asymptotically x~%~!. Therefore, p(x) ~
7% 1 as x — oco. Since 0 < a < 1, p(x) is asymptotically
power-law and it proves o + 3 = 1. |

Although we can easily extend Theorem 3.1 over to mul-
tiple dimensions analytically, the definition of gaps over a
multi-dimensional space is not intuitively clear. Gaite [15]
uses Delaunay triangulation to measure the gaps over multi-
dimensional spaces. We apply Delaunay triangulation on the
waypoints we extracted from real traces [35]. The gap distri-
butions over waypoints extracted from real traces can be seen
in Fig. 3. Their power-law fitting is omitted and given in [34].

We measure the power-law slope () of the aggregated
variances () of waypoints extracted from the GPS traces and
the power-law slopes (a) of the CCDF of their corresponding
gap distributions. We find that the values of o + [ from
real traces are close to 1.2. The margin of errors may arise
from truncations caused by confined measurement areas as
the truncations may significantly distort the power-law slope
visible at the body of distribution. We also perform Delaunay
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Fig. 2. Delaunay triangulation of waypoints extracted from one daily trace

of KAIST. In the inset, the CCDFs of the line lengths from the triangles and
the flights from the same trace are plotted. The CCDF of flights and gaps are
closely matching.

triangulation on top of synthetically generated fractal way-
points using a simplified fBm technique [34] over a 2-D area
and measure « and (3. For each Hurst parameter value (H),
we generate 10 synthetic waypoint maps. Figure 1 shows that
a + B ~ 1 with a similar margin of errors.

C. Least-Action Trip Planning

In Section III-B, we showed that fractal points induce a
power-law gap distribution. To find out how the power-law
gaps are related to the actual human flights, we compare
the flight distributions obtained from real traces and the gap
distributions induced by the waypoints from the same traces.
We find a strong similarity between these two distributions,
especially in terms of their slopes and shapes. Figure 2 show
that the Delaunay triangles on top of a daily trace of one
participant, its line length CCDF forming the triangles and
the CCDF of flights extracted from the same trace. We also
perform the Delaunay triangulation on each individual trace
and aggregate all the resulting triangle lines from all the traces.
Figure 3 plots the resulting CCDFs. Their similarity with the
corresponding flight distributions is strikingly impressive.

The similarity in the power-law slopes of gaps and flight
distributions suggests interesting aspects about the order which
a walker visits waypoints for a given set of waypoints.
Obviously people are not conscious about gaps when they
travel. However, as we can see from Figure 2, Delaunay trian-
gles are formed among “neighboring” waypoints as Delaunay
triangulation produces a planar graph where edges intersect
only at their endpoints. From this, we conjecture that people
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Fig. 3. Delaunay triangulation is performed on all individual daily traces. The
line segment lengths in Delaunay triangles are aggregated and their CCDFs
are plotted for different walkabout sites. The CCDF of flights obtained from
the corresponding traces are also plotted for comparison.

might be minimizing the traveling distance. This makes sense
intuitively when we are given a priori multiple destinations
at different distances, we often strive to minimize the total
distance of travel by first visiting nearby locations before
visiting farther locations. In fact, this “greedy” way of trip
planning is similar to a heuristic to the traveling salesman
problem whose objective is to minimize the total distance
of travel and aligns well with the least action principle of
Maupertuis [13].

Algorithm 1 Least action trip planning (LATP) algorithm with
a distance weight function d—¢

Vi set of all vertices (waypoints)
V' set of all visited vertices
s € V' starting vertex
c € V' current vertex
c<s
V' < {c}
while V' # V do
Calculate distances to all unvisited vertices, d(c,v) = ||¢ — v]|2
forallv eV —V’

Calculate probability to move to all unvisited vertices,
[e3

1
d(c,v) } ,
——F foralve V-V
1
Choose a next vertex v’ € V — V'’ according to the probabilities P(c, v)
c<=
Vi<V u{c}
end while

P(c,v) =

To measure how much real human traces follow the least
action principle, we measure the degree that people chooses
their next destination based on the distance. This can be
estimated as follows. We first measure the flight-to-nearest-
waypoint ratio. For a given flight from z to y, suppose k is
the nearest unvisited waypoint from x. The flight-to-nearest-
waypoint ratio is the ratio of ||x — y|| over ||z — k||. We then
define the least-action criterion: for a give flight, it tests if its
flight-to-nearest-waypoint ratio is less than some threshold.
Figure 4 plots the percentage of flights meeting the least-
action criterion in real traces for all participants when the
threshold ratio (r) is less than 2. On average, 53% of flights
meet the criterion. However, if we consider that humans are
less sensitive to the distance when next destinations are all
nearby. So if we exclude those flights whose length is less
than a short distance (say 30 meters), we get more than 87%
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Fig. 4. For the GPS traces of 100 participants, we measure the percentage
of flights meeting the least-action criterion. We also plot the case when we
exclude those flights whose length is less than 30 meters.
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Fig. 5.  Flight distributions obtained from LATP for different a values
performed on top of waypoints extracted from the KAIST traces and the
percentage difference between the sum of flights generated from LATP and
that of flights from real traces

of flights meeting the criterion on average. We also tried other
distances such as 20 meters and 10 meters and also varied r
to a smaller ratio (1.5). All the measurements produce around
80% flights meeting the criterion. This indicates that most
people in our traces use distance as an important metric for
deciding the next waypoint, substantiating our conjecture.

We construct a new trip planning algorithm called Least
Action Trip Planning (LATP) that given a set of waypoints to
visit, decides the order in which a person visits. Algorithm 1
gives a pseudo-code of LATP. The algorithm selects a next
waypoint to visit based on a weight function of 1/d* where
d is the distance from the current waypoint to an unvisited
waypoint and a is a constant deciding the distance weight. If
a is infinite, then the algorithm always chooses the nearest
unvisited waypoint and if it is zero, then it randomly chooses
the next waypoint. Figure 5 shows the flight distributions
obtained from LATP for different a values performed on top of
waypoints extracted from the KAIST traces and the percentage
difference between the sum of flights generated from LATP
and that of real flights from traces. In all cases, their difference
is within a margin of around 10% when a is between 1 and
3. The figure shows that LATP generates traces very similar
to the original traces.

D. Individual Walker Model

For a given input area S, our fractal waypoint generation
generates a set W of the waypoints. We model an individual
walker model that selects a subset of W and specifies the order



in which those selected waypoints are visited. When selecting
these waypoints, we need to be careful. Fractal waypoints have
a tendency of creating bursty clusters of various sizes dispersed
over S. If waypoints are uniformly selected from W, then it is
mostly like that all walkers will traverse through most clusters
and will not satisfy F'2. To satisfy F'2, we need to assign
different walkabout areas to different walkers and restrict each
walker to move only around their designated areas. We develop
a heuristic individual walker model to model these behaviors.

The algorithm works as follows. We first build clusters of
waypoints by transitively connecting waypoints within a radius
of 100 meters (typical WiFi outdoor transmission range). Let
C = {¢;,i = 1,n} be the cluster set and |c;| be the number of
waypoints and 7" be the the total number of waypoints in S.
We assign a weight |¢;| /T to each cluster ¢. Then each walker
k chooses 3 to 5 clusters (the exact number is controlled by
the input) randomly from C' with probability proportional to
these weights — the cluster with a higher weight gets the higher
chance to be picked. Let C}, be the set of the selected clusters.
For each cluster, it uniformly chooses 5 to 10% of waypoints in
each cluster randomly (the exact proportion is an input value);
two different walkers are allowed to have the same waypoints.
Let W}, be the set of waypoints walker k has selected from
S. It also picks a starting waypoint from W}, from which it
always starts its daily trip.

To add some randomness in his travel, each day, a walker k
picks some additional waypoints W}, as follows; it first chooses
one new cluster ¢’ randomly (ignoring weights) not in Cy, and
W, is the waypoints randomly picked from ¢’ (about 5 to 10%
of waypoints in ¢’). At the beginning of each day, walker k
starts from its starting point and throughout the day, makes
a one-round trip visiting all waypoints in W U W] using
LATP. (W, does not change each day, but W), does). It uses
a truncated power-law pause-time distribution to decide the
amount time to stay at each waypoint. In the end of the day,
it comes back to its starting point. The average pause time is
adjusted so that the whole trip will end within a period of 12
hours.

Since each walker k always makes daily trips over a fixed
set of Wy, its mobility area is bounded and also since each
walker picks its set randomly, they tend to have different
mobility area. In addition, we allow walkers to deviate from
these waypoints by making them to pick some new waypoints
additionally from the other clusters not in Cj. This allows
walkers without any overlapping clusters occasionally meet,
thus having some long ICTs. Those with overlapping clusters
may have regular periodic contacts, depending on the trans-
mission ranges or the time they arrive to the clusters.

We apply the cluster weights when selecting C} to build
some sense of community among all walkers. Because of
fractal waypoints, some clusters are very large — so many
walkers are likely to visit them. These clusters are emulating
the common popular gathering places for all participants
such as student union, dormitory, shopping, street malls or
classrooms. Next section, we verify that SLAW with this
individual walker model produces power-law ICTs (£'3).
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IV. PERFORMANCE EVALUATION
A. Simulation Setup

For validation, we run mobility simulations using various
mobility models. We fix the simulation areas to be ap-
proximately the same as the measurement sites in [1]. The
transmission range of each node is varied from 25 meters to
150 meters. If not explicitly said, it is set to 50 meters. 50
nodes are simulated for 200 hours and the first 50 hours of
simulation results are discarded to avoid transient effects. The
speed of every user is set to 1 m/s for simplicity. We use
a truncated Pareto distribution as pause time distribution of
which the minimum and maximum values are 30 seconds and
700 minutes, respectively.

For simulation of various models, we use the following
setup. In the Dartmouth model, the clusters are formed by
the same method as in SLAW. It uses the same waypoints
extracted from real traces [1] to build hot spots and also
uses the transition probability obtained from the same traces.
Note that since this model requires using these information,
the simulation involving the Dartmouth model uses the same
waypoint map that we obtained from the real traces in [1]. In
the CMM model, the level of preferential attachment depends
on the parameters such as the number of nodes and clustering
exponent. We set the clustering exponent of the biggest hotspot
to 0.5. In ORBIT, we vary the size of one side of hubs from
200 to 500 meters corresponding to the size of each simulation
site while fixing the number of hubs. Each user selects the
same number of hubs for daily travels as the number of hot
spots chosen by individual walkers in SLAW.

In DTN routing protocol simulations, we generate one
message bundle between each of randomly selected 100 source
and destination pairs. All transmissions are assumed to be
reliable and instantaneous when the communicating nodes
are within a transmission range. To maximize the effect that
mobility models have on routing performance, we assume that
all nodes keep the entire history of past contacts with other
nodes. All results are averaged over 40 runs.

B. Experimental Validation of SLAW

Figure 6 shows the sample traces of various mobility
models. It is clearly visible that SLAW generates traces similar
to real GPS traces. In the Dartmouth model [27], walkers visit
every cluster with non-zero transition probability. In ORBIT
[16], each user travels a fixed set of clusters (i.e., hubs) daily
in a random order with a uniform probability. TLW [35] is
a random model so it does not have common clusters for
users. CMM [29] uses one popular cluster using preferential
attachment but it also makes users visit every place in a given
area. The traces of TLW and CMM are not shown to save
space.

We now verify how well SLAW models the statistical
features of human mobility. Since SLAW explicitly models
F2 and F'4, we focus only on truncated power-law flights and
ICTs (F'1 and F'3). Figure 7 shows the flight distributions
from various models and also from the measured GPS traces.
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Fig. 6. Sample walk traces of various models.

SLAW is performed both on the waypoint maps generated
synthetically by our fractal point generation technique and
those extracted from real traces. SLAW produces very closely
matching flight distributions (both synthetic and read maps) to
that from the GPS traces. The Akaike test [10] tells whether
the generated flight distributions fit power-law distributions
(e.g., Pareto) or exponential distributions. Table II shows the
result of the Akaike test [10] between Pareto and exponential
distributions. In all cases, the flight distributions generated by
SLAW are closer to truncated Pareto than expoential. All the
other models except TLW do not produce power-law flights.

Figure 8 shows the distributions of ICTs among 50 nodes.
Since we do not have any ICT traces corresponding to the
GPS traces in [1], we cannot verify the realism of these
ICT distributions. However, we can verify whether the ICT
distributions follow a truncated power-law pattern. Table II
shows the result of the Akaike test on the ICT distributions. It
shows that the ICTs of SLAW, TLW and ORBIT fit better to
power-law distributions while the ICTs of the other models
fit better to exponential distributions. For the NYC traces,
Dartmouth also shows Pareto fitting. SLAW tends to show
many occurrences of short ICTs because of hot spots and
regularity of visits. The ICTs of ORBIT shows significantly
higher occurrences of very long ICTs. This is because in
ORBIT, those with non-overlapping orbits do not meet at all
while the others may also meet rarely because of randomness
in picking the waypoints within their own orbits. The ICTs of
CMM and Dartmouth have exponential distributions in most
cases and tend to have much more occurrences of long ICTs
than SLAW (note that the scales are log). This is because of
their randomness in choosing the next clusters (or hot spots)
to visit.

C. DTN Routing Performance

We test the following five DTN routing protocols. Random
forwarding [37], Direct transmission [37], PRoPHET [30],
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Fig. 7. Flight length distributions of synthetic traces from various models.
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Fig. 8. ICT distributions of synthetic traces from various models

LET [19] and ECT. In LET (last encounter time), a forwarding
node of a message picks, as a next relay, the node with the
most recent history of meeting the destination of the message
among its current neighboring nodes. Each node updates its
neighbor set at every minute. ECT (expected contact time) is a
new metric we developed. It computes the expected time that
a node meets the destination by subtracting the last encounter
time from the expected inter-contact time which is computed
by averaging the past inter-contact times with the destination.

We can categorize these protocols as memoryless and
memory-full protocols. Random forwarding and direct trans-
mission are memoryless as they do not use any past meeting
history information. The other protocols are memory-full as
they all use past contact information to predict the future
probability of meeting the destination.

We find that the routing performance of TLW, RWP and
CMM has almost the same patterns although their average
delays. For brevity, we show the result of CMM only in
Figure 9. In these models, both memoryless and memory-full
protocols perform almost the same. This pattern happens be-
cause the mobility of nodes in these models is highly random
so the prediction of memory-full protocols is not effective.
The lack of performance differentiation among various types
of protocols limits the usefulness of these models for mobile
network simulation.

Dartmouth (Figure 10 (a)) shows results similar to CMM as
the performance of various protocols except LET is not very
distinguishable. The pattern can be explained as follows. The
probability that Dartmouth nodes jump to any other hot spots
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ICT FL ICT FL ICT FL ICT FL

SLAW ;ca1 Par Par Par Par Par Par Par Par
SLAWgyn Par Par Par Par Par Par Par Par
Dartmouth Exp | Exp Exp | Exp Par Par Exp Exp
CMM Exp | Exp Exp | Exp Exp Par Exp Exp
ORBIT Par Exp Par Exp Par Exp Par Exp
TLW Par Par Par Par Par Par Par Par

TABLE 11

THE RESULT OF THE AKAIKE TEST FOR THE MAXIMUM LIKELIHOOD
ESTIMATION OF TRUNCATED PARETO DISTRIBUTIONS (DENOTED PAR)
AND EXPONENTIAL DISTRIBUTION (DENOTED EXP) OVER FLIGHTS
(DENOTED FL) AND ICTS EXTRACTED FROM SYNTHETICALLY
GENERATED TRACES FROM VARIOUS MODELS WHOSE PARAMETERS ARE
SET BASED ON REAL TRACES OBTAINED FROM FOUR DIFFERENT
LOCATIONS (KAIST, NCSU, NYC AND DISNEY WORLD).
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Fig. 9. Average routing delays of various protocols under CMM.

is determined by the transition probability; so any node can
jump to any other hot spots as long as the transition probability
is non-zero. This causes some randomness in visiting hot
spots and likewise, ICT patterns similar to those in random
mobility models such as CMM which are manifested in its
exponentially distributed ICTs. However, because of higher
transition probability to visit bigger hot spots, Darmouth
exhibits much shorter delays than CMM and TLW. The low
performance of LET in Darthmouth is because Dartmouth
represents a hot spot as a single waypoint (i.e., a cluster
reduces to one point) which has a side-effect of increasing
pause times at a hot spot (since all the pause times for a hot
spot are aggregated for all the points inside a hot spot). Thus,
when a forwarding node meets a new node with a shorter LET
than its LET, it is likely that the new node has just arrived to
that hot spot. Thus the new node is more likely to stay in that
hot spot much longer than the forwarding node, thus causing a
longer delay to meet the destination next time. These features
are an artifact of rather unusual and unrealistic setups of hot
spots.

ORBIT (Figure 10 (b)) show a clear performance differen-
tiation among different protocols. In ORBIT, nodes in non-
overlapping “orbits” (i.e., they do not share a common hot
spot) do not meet at all. The only way to deliver messages
between two non-overlapping orbits is through the other nodes
with overlapping orbits with the destination. This means that
direct and random forwarding can perform really poorly. On
the other hand, in ORBIT, memory-full protocols can perform
much better. The performance difference between ECT and
LET are relatively small compared to the difference between

random forwarding and LET. This is because in ORBIT, the
nodes with long LETs are likely to meet the destination fairly
rarely due to only a small overlap in their orbits. Since each
node in ORBIT moves like RWP among hot spots in its orbit, a
small overlap results in a very long ICT and thus likely to have
long LETs. Thus, the nodes with shorter LETs are likely to
have more overlapping orbits with the orbit of the destination.
Thus, choosing these nodes as relays leads to short routing
delays. A similar argument is applicable for ECT because
those with long LETs are likely to have long ECTs in ORBIT.
The mobility patterns of SLAW are quite different from
those of ORBIT. The most salient feature is that SLAW has
much shorter routing delays. SLAW has much more regularity
in their trip patterns than any other models because it uses
LATP for the selected set of waypoints and each node visits
almost the same set of waypoints every day. In this type
of scenarios, relaying to a node with short LETs can be
detrimental because those nodes who just met the destination
are likely to have long ECTs. That means that choosing,
as relays, those nodes with short ECTs would always result
in shorter routing delays because expected ICTs are very
accurate because of the regularity in trip. The performance
of PROPHET is not as good as ECT because PRoPHET
updates its probability only after meeting a destination. Thus,
its behavior is slightly similar to that of LET. In SLAW, the
power-law ICT distributions play a significant role. Due to
the inspection paradox property of the renewal process and
the power-law ICTs, when a node meets another node, it
is more likely to meet a node with a long ICT. If it has a
short ICTs, then ECT would perform as well as LET. But
with long (predictable) ICTs, those nodes with short LETSs
are not likely to meet the destination for a long time. Thus
ECT can perform much better than LET. The fact that ECT
performs best indicates that the regularity of trip patterns is
well represented in SLAW without loss of inherent statistical
features such as power-law flight and ICT distributions.

V. CONCLUSION

In this paper, we present a new mobility model, called
SLAW, that captures the effect of human mobility patterns
found in real human mobility traces. We report many pieces
of both analytical and empirical evidence that the movement
of people can be expressed very well using gaps among fractal
waypoints and present confirming data for the use of the least
action principle in human trip planning. Based on this, we de-
velop a simple heuristic algorithm called LATP that generates
heavy-tail flights on top of fractal waypoints. Combining with
heterogeneously bounded walkabout areas, we can success-
fully reproduce many statistical features important to the study
of mobile network performance, especially, truncated power-
law ICTs. Our routing performance study indicates that SLAW
effectively expresses mobility patterns arising from peoples
with some common interests or within a single community
like students in the same university campus or people in
theme parks where people tend to share common gathering
places. We find that LATP over heterogeneously bounded areas
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Fig. 10. Average routing delays of various protocols under Dartmouth, ORBIT and SLAW.

realistically expresses some periodicity in the daily mobility
of humans. This feature makes many memory-full routing
protocols such as utility-based routing very effective.
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