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Abstract—Mobility models are widely used in simulation-based model(RD). However, these models do not reflect real human
performance analyses of mobile networks. However, there is a mobility and provide homogeneous or at least very simple
trade-off between simplicity and realistic movement patterns. user densities only. For the performance evaluation of many

Synthetic models like the random waypoint and random direction d d tocol hani . bil twork .
model are simple to implement, but only provide unrealistic advanced protocol mechanisms in mobile networks, €. g., pico-

simple user sojourn densities and traffic flows. In contrast, graph Cells or vehicular. netWO"kS,. i_t is not very useful to' assume
and trip-based mobility models are complex to parameterize and homogeneous sojourn densities. Instead, more realistic mobi-
their results are difficult to compare. In this paper, we propose |ity models are required which include, for instana#traction

the Iocatio_n-de_pendent p_arameterization_of the random direction pointswith a higher sojourn density, or directédwsof users.
model to fill this gap. This model extension allows to setup non-

homogeneous mobility scenarios, in particular based on real- geyerg| proposals have been made to provide more realistic
world traces, while it still belongs to the class of synthetic random

walk mobility models. We show that the location-dependent movem_ent patterns. They can be roughly subdiyided into t‘_N(_)
parametrization can accurately model arbitrary mobility patterns ~ categories: some approaches are based on trip and activity

with very limited implementation complexity. models. They restrict users mobility to a certain graph, i.e.,
they only allow movements on predefined paths. Examples for
l. INTRODUCTION such models are [3]-[5]. However, parameterizing such models

based on real-world trace data is challenging and cannot be

The aim of user mobility models in mobile communicationtotally automatized [5], and their properties are difficult to
research is to enable communication protocol and syst&@mpare. The other solution is to extend the synthetic random
simulations in order to measure their performance. This RObility models. For example, [6] proposes adding attraction
equivalent to the intention of traffic models in classical teR0iNts to the random waypoint model. More generally, [7] sug-
lecommunications research. To accomplish this task and 48Sts to use dlffe_ren_t distributions for des_tlnatlon point, speed
allow to obtain statistical valuable results, the models have 4 pPause duration in the random waypoint model, dependent
fulfill certain properties. Typically they have to on the starting point of a movement.

. generate realistic load situations In _this_ paper, we show thz_ﬂ a_location_-(_jependent parame-
. be stationary terization of the random direction mobility model can be

« be uncorrelated used to get non-homogeneous movement patterns. This can
rge achieved by partitioning the simulation plane into non-
overlapping regions and using different user mobility para-
Modeling real-world user behavior is a challenging issu@eters in each of these regions. This usage of conditional
and often a trade-off between complexity and usability. Orféistributions is quite generic and allows to setup very different
approach is to observe the mobility patterns in real systeng§enarios with simple means. We originally developed this idea
However, in practice such traces are not very useful fé# [8] independent from [7]. Unlike [7], we use the random
simulation studies since they only reflect one specific scenaflisection model as basis, since this model is better suited to
that cannot be generalized. Furthermore they hardly fulfill th& parameterized based on data from real-world traces. In this
criteria of stationarity since real world scenarios typically haveaper, we also show that our extension to the random direction
time dependent variations, e.g., regular commuters streaf®del can be used to emulate other mobility models with
As a consequence, many analytical and simulation-based digpited complexity.

dies of wireless networks are based on synthetic models ttf%te
provide random mobility patterns. An overview on EXiStin%ecti
synthetic models can be found in [1], [2].

« have adjustment parameters to generate load situatio

remainder of this paper is structured as follows: In
on I, we motivate and introduce the location-dependent

Synthetic random walk mobility models are simple to im- 1Sometimes random direction mobility models are also denoted as random

plement in simulation tools and can be characterized bywalk models. Recently, there is a trend to utilize “random walk model”
I ber of rameters. Two fr ntl d exam ®s generic term for entity based random mobility models while “random
Small number of parameters. 0 Trequently used examplgRction model” and “random waypoint model” denote specific mobility

are the random waypoint (RWP) and the random directiofbdels according to how the next point of a walk polygon is selected.



random direction model. In section Ill, two examples ofollowing uniform distributions:
the model parameterization are presented and discussed to .

L o . . Uniform [0, 2 7]
show qualitatively the capabilities of this model. Since manual UNiform L, Lona]
editing only provides a limited degree of realism, we describe [V”"_’"’V’”“’”} 2
in section IV a method to generate parameterizations for our _ Uniform [Tm’”" gﬂ” }
model automatically as generalization of trace data, e.g., real- bt pymans Tp,maz
world traces. We show that our model can not only creaiéhis way, the parameterization is reduced to the choice of the
complex non-homogeneous sojourn-density scenarios, but gieswameterd., ..., Linazs Vinin, Vinazs Lp.min, andTy maz.

b, D,

allows to emulate other mobility models. Finally, section V

concludes the paper and provides an outlook to future worls  Characteristics of the Standard Random Direction Model
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Il. THE MODEL In the random direction model, the sojourn density in a walk
o o area of sizeA generated by one walker following this model
A. Existing Random Direction Models is p(Z) = 1/A for the whole walk area and the mean

user movement is zero since all movement directions are

The ra_ndom glr:acnonbmbc:bllltr;]/ model |s,_dbei3|des ;he fa’;]dOEhum probable and nullify themselves (see section IlI-A for
Wa)()ﬂ?'m mc? |ef’ pro b?l y the mc_)st widely use hsxm el ore details). These properties make this model attractive for
mobility model for mobile communications research. As Wellin, 1ation studies of mobile networks since the placement of

as the RWP model, this model considers individuals moving, < and hot-spots within the walk area doesn't affect the
ulation results. A drawback of the RD model is that a

on straight walk segments with constant speed and optiog
paudsels. r‘}l’_hﬁrel_arr]el sg\_/f(feral_ ﬂa;]/ours ththe rgndomh d'recur%‘rder behavior model is required that specifies the reaction
model which slightly differ in the way they obtain the Nextyt \,sars reaching the simulation area boundary. Typically,

walk segment. Hong and Rappaport [9] propose a model tho\aborder behaviour complicates analytical approaches to the

is build on top of a cell structure and apply walkers that paﬁ??del since it introduces non-linear calculations that have to

those cells on straight lines and choose new directions at G(?é covered by case discussions. There are different strategies

borders. Gérin [10] extends this model in a way that directior&uch as wrap-around, bounce back or delete and replace [1].
changes can be performed anywhere in a walk area. Some

approaches model the direction choice with absolute angles h bil del
while others like the one proposed by Zanoozi [11] calcula@' The RD-LDP Mobility Mode

with relative changes to the current direction. In this paper we propose a random direction model with

In the following, we use the basic schema of point-to-poitocation dependent parameterization (RD-LDP) which extends
walks on straight lines with constant speed and optiondiile RD model by making the random variables L, V', T,
pauses between two walk segments as depicted in figuredépendent on the location where a new walk segment starts
The parameters of a walk segment with indestarting at or a pause has to be made:

Z; = (z;,y;) are the absolute angle;, the lengthl;, the

speedv;, and the pause at the beginning of the walk segment ﬁl i ig;’;
tp.i- Thus the next waypoint; ;, reached at; is Uf _ v (Jl) (3)
+1 (99 ) (1) P P( )

tivn = tittpit+li/vi One solution to realize this location dependency are modifica-
tions of the standard model using steadily defined distribution
functions. For example, hotspots can be obtained by introdu-
cing a preferred direction in addition to a non-uniform dis-
tribution function as formulated by the equations (4) and (5).
In this example, the well known gravity formula with masses
m; at attraction point®; and a walker mass: at its current
waypoint location? is used to determine a preferred direction

K

Flay =y Gmm pit (4)

k=1 Pk — f|2 Pk — 2"

®
)

xuy) (X,
from which the next directiorp; is derived. Some random-
ness can be added by adding a normal distribution with the
parameterg: and o2:

The standard parameterization of a RD walker is to treat the .

parameters for a walk segment as random variables (RV) with pi = arc (f (f)) + Normaly, o] . (5)

Fig. 1. Walk segment definition of a random direction walk polygon



A second approach is to partition the simulation area into
non-overlapping regions, as depicted in figure 2. Each of the
resulting fields provides a set of distribution functions which

are used to determine a next walk segment starting thete*°"
These distribution functions can either be closed form ones _ .
or empirically defined, i.e., by sampling points of a CDF.

In section IV we will show that the latter approach is quite s-x1*
promising, as it allows to parametrize the model based on trace
data. In principle, the shape of the regions can be arbitrary as
long as they do not overlap and cover the whole walk area.

For simplicity, we assume that the walk area is subdivided into

a grid with N columns andM rows, as depicted in figure 2.

Fig. 3.  Sojourn density distribution of a RD-LDP walker with prolonged
walk segment length distributions for the RD-LDP grid fields0) — (4, 4)

pause t,

/® In this metric, opposite directed moves nullify each other.

27 0 To explain the effects of location dependent parameterization,
two examples are presented. They visualize the impact of
length and angle distribution choices on the sojourn density
and the movement vector field. For the examples, a walk area
of 1000m x 800m is taken. The local sojourn density and
the movement is observed for small aredd with a grid
based observer witB9 x 24 fields from (—80m, —80m) to

Note that we assume that;, Li, vi, t,; are lndependent_and,ﬁgogom 880m). For the RD-LDP parameterization, the walk
thus, that the distributions are not correlated. With this wa . g . . :
area is subdivided into a grid dfo x 8 fields. Unless other

model, the future evolutlor_1 of a walke_r_sqstate only depends ?quntioned, the angle distribution is uniform frdivio 2 7, the
the current walker state, i.e., its positiagh when the walker

. . . speed is fixed ta1m/s, the walk segment length is chosen

is at a waypoint, or of the walk segment it currently walks . L
; Uniformly distributed betwee® and 30m and no pauses are

on. Thus, the generation of new walk segments can be seen.dse  red

embedded Markov process with the typical Markov properties 9 ’

like independence of how this state was reached, which cahe following studies are based on the IKR Simulation Libra-

Fig. 2. Grid of a RD-LDP mobility model

simplify analytical evaluations of this model. ry [12], a C++-library for event driven simulation tools, and an
extension called MobiLib providing a framework for mobility
||| | MPACT OF LOCAT|ON DEPENDENT related Simulations and eVaIUationS.

PARAMETRIZATION
B. Effects of Changed Segment Length Distributions

A. Methodology and Metrics
The first example illustrates the effect that walk segment length

For evaluating the mobility models, we use the metsigurn distributions have on the sojourn density distribution of the
densityand movement vector surithere are many other me-walk area. For this, the segment length distributions of some
trics that could be considered as well, but the most importdields tend to result in longer walk segments starting there. This
properties can be analyzed with these metrics. The sojounereases the probability for these fields that walkers move far
density is defined as the number of usefg) per areaAd. away and thus the sojourn density there diminishes. Figure 3
The mean sojourn density is the average over the time  depicts the sojourn density distribution for uniform distribu-

AT tions from 0 to 300m as standard, and uniform distributions

_ 1 n(t) from 300m to 400m as prolonged segment length distributions
P=7 / Tdt’ ®) inthe fields(4, 0) to (4,4). This graph shows very clearly the
t1 decrease of the sojourn density in the region of the fields with

either aslimy, . . 7. OF due to practical reasons for aProlonged segment lengths.
sufficient large period of tim@'. The movement vector sum

is the vector summation of all movet)dt of users: C. Effects of Changed Angle Distributions
o “+Tﬁ(t) The second example visualizes the effects of the angle distri-
¢ = T / 7dt. (7) butions to the sojourn density distribution and the movement

i vector field and shows a nice inhomogeneous scenario of
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Fig. 4.  Sojourn density plot (left) and movement vector field (right) of a RD-LDP walker with two directed lanes

a road with two lanes. For this, the angle distributions @&. Conversion Method

the fields(4,1) — (4,6) produce values around/2, i.e. a _ .

uniform distribution covering the rangg52 to 288 and the The RD-LDP model can be easily parameterized by a sta-

fields (5,1) — (5,6) having a uniform distribution generatingtistical analysis of existing traces, which can origin, e.g.,

values aroundr/2, i.e. 72 to 108. Figure 4 shows the result from real-world measurements or from other mobility model

of this scenario as sojourn density plot (left) and non-zefdmulators. In principle, any trace in form of a point-to-point

movement vector field (right). walk can be used as input data. The parameterization of the
RD-LDP mobility model requires three steps:

Preprocessing: First, the trace data has to be fitted to the
simulated walk area, typically a rectangle. This may require a

h | h hat diff ) i’” ping of the data. Also, the grid that defines the different
These two examples show that different scenarios can figuration fields has to be chosen. As already mentioned,

configured with very little effort and without changing tthe use in this papel - M rectangles. The finer the granularity
movement pattern of point-to-point walks. This kind of modex

; e ) ... of the grid, the better the walkers can be influenced. But, of
ling allows to create scenarios intuitively following qua“tat'vecourse, small grid sizes require more processing and storage.

rules. This especially applies for short walk length distribut'Ai shown in the next section, for pedestrian scenarios a grid

ons since in this case the R.D'LDP model has a fine contyg gth of the order of 100m may be an appropriate choice.
over walkers and since the influence of long walk segments

passing several fields is small. Statistical analysis: By replaying the trace, the distributions of
vi, i, v;, tp; Can be measured by observers within each field.

Analytical models to quantify the influence of the chosen disthe trace has to have enough data to obtain statistical valuable
tribution function to the walk area are challenging. Probably,@syits, i. e. stable mean values.

similar methodology like the one used in [7] could be applied o .
here, too. However, since the distribution functions may Hearameter simplification: The outcome of the observers in
generic or even empirical, analytical evaluations are only 8févious step are measured distribution functions. In order
limited use and therefore left for further studies. to simplify random variable evaluations in a simulation tool,
the measurement results can be approximated by empirical
distributions. The quality of this fitting depends on the number
IV. AUTOMATED GENERATION OF PARAMETERIZATIONS  of sampling points, i.e., the number of used bucket

D. Discussion

The resulting configuration of the RD-LDP model consists of

The RD-LDP mobility model allows to setup mobility sce+. N . ps distributions, each of them defined By buckets.
narios in a very flexible way by appropriate distribution

functions. While a manual setup of scenarios is possible, e Example: RWP to RD-LDP

believe that a key advantage of the RD-LDP model is that the

parameterization can be obtained automatically from existitynfortunately, real-world traces that could be used as input
mobility patterns like real-world traces. In this section, wéor our model are hardly available to the public. We are

introduce a method to transform existing mobility patternsurrently involved in efforts to obtain fine-granular traces of

to the RD-LDP model and illustrate the feasibility of thigpedestrians on a campus, which will allow to parameterize the
approach for traces of a random waypoint mobility model. RD-LDP model, but this data is not available so far. In order



to demonstrate the feasibility of this parameterization, we use

V. CONCLUSIONS ANDFURTHERASPECTS

traces generated by the RWP mobility model as example. ) o
In this case, the question is how well the non-homogeneoliiS Paper shows that the location dependent parameterization

sojourn density of RWP can be modelled by RD-LDP.

of the random direction mobility model can be used to create
inhomogeneous mobility scenarios in a very flexible way. In

6e-07(x | ‘ S ‘ S ‘ z%; particular the proposed transformation of traces to RD-LDP
56-07 - o—o 1x1 grid parameterizations seems to be a promising approach to gain
G—=8 2x2 grid valuable realistic mobility models that meet the requirements
4e-07 — & < 4x4 grid f . . |ati hni Besid this t f ti
7x7 grid of stationary simulation tec niques. Besides this transformati-
36.071 %% 10x 10 grid on of traces to RD-LDP parameterizations, scenario creation
< ;\H\B\B\E] based on sojourn density or movement guidelines appears to
° be a valuable method for distinguished simulation studies with
2e-07 - . non-homogeneous mobility scenarios.
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Fig. 5.  The normalized error between the original RWP sojourn density

distribution and derived RD-LDP sojourn density distributions. The effort for
the RD-LDP parameterization is described by the grid $izex N (here a
quadratic grid is assumed) and the numlbérof buckets of the empirical 11]
distributions. The walk area size is used as normalization quotient.

Figure 5 shows the comparison between the original RWP al
the RD-LDP model, parameterized by the method described in
the previous section. As metric we use the volume difference

_ o S (3]
€= /PRWP(l’) - pRDLDP('T)dA (8)
A
between the two sojourn density functions. The evaluation fdfl
various grid sizesV and distribution bucket numbef§ shows
that a quite small number of grid fields (e. gV, = 4) and
buckets = 10) is sufficient for a quite good approximation. [5]

C. Transforming Generic Mobility Traces (6]

The method presented in section IV-A can be applied to man
different kinds of traces, as long as they contain sufficient dalé
to obtain useful statistical values. Also, the original trace can
be of a single individual or a group of individuals as long as
they have similar statistical properties. As result, the RD-LDRyg;
model provides a stationary, synthetic mobility model that is
simpler to handle than the original traces.

However, it should be noted that our RD-LDP model does onlyy)
approximate the original mobility characteristics, in particular
if the grid is not very fine-granular, which is highly desirable
for an efficient implementation in simulation tools. Due to
the assumption that the random valugsL, V, andT,, are 19
statistical independent, some special mobility patterns cannot
be reproduced correctly. For example, it is not possible H)l
configure a field in such a way that short walks go to the
left while long walks go to the right. A detailed study of the
impact of this effect is still pending. However, we assume that
this effect is not predominant in typical real-world traces ard?]
that the model can thus be parameterized very well.
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