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Abstract

Recently , several landmark wireless sensor network de-
ployment studies clearly demonstrated a great discrep-
ancy between experimentally observed communication
properties and properties produced by widely usedsimu-
lation models. Our goal is to accurately model the rela-
tionship between the communication and location prop-
erties of experimentally observed networks.

Our �rst goal is to provide sound foundations for con-
clusions drawn from these studies by extracting the re-
lationship between pairs of location (e.g distance) and
communication properties (e.g. receptionrate) usingnon-
parametric statistical techniquesand by calculating inter-
vals of con�dence for all claims. The objective is to de-
termine not only the most likely value of one feature for
an alternate given feature value, but also to establish a
completecharacterization of the relationship by providing
a probabilit y density function (PDF). The PDF provides
the likelihood that any particular value of one feature is
associated with a given value of another feature. Further-
more, we study not only individual links properties, but
also their correlation with respect to common transmit-
ters and receiversand their geometrical location. The set
of studied properties is comprehensive enoughto capture
all properties that are essential for consideration during
algorithm and protocol development.

The secondand main objective is to develop a series
of wirelessnetwork generatorswhich producenetworks of
an arbitrary size and under arbitrary deployment rules
with realistic communication properties. For this task
we usea generalizedrejection algorithm and an iterativ e
improvement-based optimization procedure to generate
instancesof the network that are statistically similar to
empirically observed networks. The key technical high-
light of the research is a perturbation-based procedure
that enablesevaluation of the abilit y of a generatedwire-
less network of arbitrary size to capture and generalize
the properties of smaller deployed networks. We evaluate
the accuracyof the conclusionsdrawn using the proposed
model and therefore comprehensivenessof the considered
propertieson a setof standard communication tasks,such
as connectivity maintenanceand routing.

The third goal is to use the developed models and
generators to identify new aspects of standard commu-
nication tasks, the needs for new design and evalua-
tion methodologies,newmetrics, newtheoretical develop-
ment, and new tasks themselves. We addressoneof these

tasks, the radio assignment problem, using algorithmic
and evaluation techniques.

1 In tro duction

It is well known that the performanceof any protocol or
localizedalgorithm for wirelessmulti-hop sensornetworks
greatly depends on the adopted communication model.
Until recently there has beena sharp dichotomy between
two conceptually opposite models: unit disc model and
empirical network instances.

The unit disc model states that communication be-
tween two nodes is solely a function of the distance be-
tween them and that communication is conducted with-
out any loss of packets if the nodes are closer than a
speci�ed communication range. The unit disc model has
a number of noble features. It is ideally suited for theo-
retical analysis, for the derivation of a lower bound, and
the development of optimization algorithms. Networks
that correspond to the unit disc communication model
have long beenstudied in the theoretical computer science
communit y as uniform geometric graphs. Furthermore,
the units disk model greatly simpli�es and facilitates scal-
abilit y analysis [8]. Finally, it is straight-forward to de-
velop a network generator of wirelessnetwork instances
which follow this communication model. However, the
unit disk model also has a large number of seriousdraw-
backs. For example, it implies complete correlation be-
tweenthe properties of geometricspaceand the topology
of the network, for which numerousexperiments indicate
does not exist in real-life deployments. Furthermore, it
implies that all nodeshave equal probabilit y to have the
samenumber of neighbors. And most importantly , as we
will show, it provides a very misleading picture of the
communications in deployed networks.

At the other endof the spectrum arenetworks and com-
munication patterns that are empirical tracesof deployed
systems. Thesenetworks are, of course,completely accu-
rate samplesof real life wirelesscommunications. How-
ever, it is di�cult and expensive to createa large number
of physically large network instances that are properly
characterized. Therefore, neither probabilistic or statis-
tical analysis of large networks are feasible. In addition,
onecan not create instancesof networks where the nodes
are placedat arbitrary positions. And, without validated
communication analysis for thesecases,theoretical anal-
ysis is not possible.
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In an e�ort to address a middle ground, there have
recently been a number of e�orts to empirically capture
communication patterns in wirelesssensornetworks. In
particular, there havebeenseveral studiesthat useBerke-
ley Mica nodes to deduce properties of communication
links in wireless networks in several environments, such
as open spaceand laboratories. Thesehybrid models in-
tro duceempirically observed factors that modify commu-
nication patterns basedon the unit disc communication
model.

While thesemodels are a signi�cant step forward with
respect to the unit disc model, they su�er from two broad
classesof conceptual drawbacks. First, they do not cap-
ture many important features of communication links in
empirically observed networks. For example, they do not
addressthe correlation betweencommunication reception
rates between nodes that originated at the same trans-
mitter or di�erences in the quality of transmitters. The
secondclassof conceptual problems is related to the fact
that these hybrid models were not subjected to statisti-
cal validation tests against empirical data. Intervals of
con�dence on how well the hybrid models actually model
empirical data is also lacking.

Our primary goal is to develop wireless network in-
stance generators that are statistically compatible with
respect to all features which impact network protocols
and algorithms in actually deployed networks. The start-
ing point for developing such generatorsis a set of mod-
els that map each value of a selectedlocation, radio, or
communication property into a probabilit y density distri-
bution of values, for a speci�ed communication property.
For the �rst time, all models are validated and for each
model an interval of con�dence is calculated. Further-
more, we also develop models that quantify the correla-
tion betweencommunication links that are related to the
samereceivers, transmitters, radio, and betweenpairs of
radios located in the sameareas. The models themselves
answer many pending hypothesisof why somecommuni-
cation links are higher than others and provide valuable
qualitativ e guidanceto network designers.

Link simulators (generators of instances) posea num-
ber of technical challenges.For example,oneof the main
technical highlights of this work is a procedurethat uses
perturbation-based analysis to validate large scale net-
work instances. This analysis enablesthe evaluation of
network simulations with respect to their abilit y to re-
alistically represent empirical networks even though net-
works of speci�ed size are not available. The large scale
networks can be used for the evaluation of communica-
tion protocolsand centralized and localizedalgorithms for
wireless and ad-hoc networks. More importantly , they
can be used to discover conceptual requirements which
need to be consideredfor the development of new algo-
rithms, protocols, or proceduresfor network deployment.

2 Related Work

In this Section, we survey related work along the follow-
ing lines: probabilistic communication models, multi-hop
networks, radio propagation models, non-parametric sta-
tistical methods, and random number generators.

Recently there havebeena largenumber of studiesthat
deployed a signi�cant number of wirelessnodesin several
di�eren t environments. Majorit y of these studies used
Berkeley Mica 1 and Mica 2 motes as network nodes.
For example, Ganesanet al. [6] deployed experimental
platform that consistedof 150 Mica 1 motes in order to
capture link characteristics, MAC, and application layers
in wirelessad-hoc communications. Their data �rmly es-
tablished empirical evidencethat radio connectivity is not
isotropic and that as a consequencethere is a signi�cant
percentage of asymmetric links. Their hypothesis was
that asymmetry in links is causedby di�erences in the
quality of radios and improperly performed calibration of
power level. In a seriesof studies conducted at Berkeley,
Woo et al [15] usedexperimental measurements to derive
a packet loss model basedon aggregatestatistical mea-
suressuch as mean and standard deviation of reception
rates. Using thesemodels, they analyzedits consequences
on a number of communication protocols and neighbor-
hood management policies. The conclusionsof the study
have been supported by additional experimentation and
demonstration of new protocols.

More recently , Zhao et al. [16] hasdemonstratedheavy
variabilit y in packet reception rate for a rangeof distances
betweena transmitter and receiver. Furthermore, Cerpa
et al. [1] usedheterogeneoushardware platforms consist-
ing of Mica 1 and Mica 2 motes in three di�eren t envi-
ronments to collect comprehensive data about the depen-
dency of reception rates with respect to a variety of pa-
rametersand conditions of operation. They alsoprovided
substantial empirical evidence that the main cause of
asymmetric links is due to di�erences in hardwarecalibra-
tion asit waspreviously hypothesized,and that temporal
variations are correlated with the mean reception rate.
Another notable work in this area was performed earlier
this yearat the University of Virginia [17] that studied ra-
dio symmetry in wirelesscommunication networks. They
concludedthat asymmetry is a consequenceof variancein
RF sendingpower and di�erences in path losesasa func-
tion of direction of propagation. They postulated that
variance in receive signal strength is mainly random and
usedthe empirical data to develop a new radio model for
simulation named radio asymmetry model (RAM). Zhou
et al. usedthe parametric goodness-of�t statistical test-
ing to determine the variance in strength of the received
signal follows a Weibull distribution with maximal like-
lihood in their experimental data. The model is hybrid
and analytical becauseit imposessomerandomnesson a
closedform formula for dependencybetweendistanceand
reception rate. They demonstrated that when the same
set of algorithms for routing is tested using the RAM
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communication model the conclusionabout their relative
e�ciency can be signi�cantly di�eren t.

There are three major di�erence betweenmodelsdevel-
oped in this paper and the previously published models.
The �rst is that we study the impact of a signi�cantly
large number of factors that impact the reception rate
and attempt to model not just isolated pairs of trans-
mitters and receivers, but also the correlation between
di�eren t pairs and di�eren t subsets of links. The sec-
ond major di�erence is that our goal was not only to
establish a model, but also to establish the statistically
sound measuresto what extend the model corresponds
to experimentally captured data. Furthermore our sta-
tistical techniques are generic in the sensethat they can
be used in other studies with minimal changes.Also, we
did not develop a single model, but a spectrum of mod-
els of increasingcomplexity and increasingaccuracy. We
also have developed a procedurefor creating instancesof
an arbitrary size for simulation and mechanisms to en-
sure that they are accurate models with respect to the
collected data.

All of our techniques are based on modern non-
parametric procedures.In particular, wedirectly leverage
on smoothing and density kernelestimators [14]. A recent
survey of thesetechniques can be found at [10]. In addi-
tion, we useresubstitution [5] and bootstrap techniques.

3 Individual Link Mo dels: Ap-
proac h and Evaluation Tech-
niques

In this Section, we present a non-parametric statistical
approach for building communication link modelsin wire-
lessmulti-hop networks. The goal is to �nd a statistically
sound mapping between two user-speci�ed features that
characterize communication links. We �rst formulate the
problem by establishing a set of objectives and by pre-
senting the underling assumptionsof our approach. The
core of the section is a genericnon-parametric statistical
procedure for establishing a mapping between two prop-
erties, which wedemonstrateusingdistanceand reception
rate. We concludethe Section by presenting our statisti-
cal validation and evaluation procedure.

Our starting task is to analyze the dependency be-
tween two properties of wirelessnetworks. For the sake
of brevity and clarit y, we focus on two speci�c features:
distanceand reception rate. It is important to emphasize
that our objective is not solely to �nd the most likely re-
ception rate for a given distance, but also to derive with
which probabilit y a particular reception rate is expected
for a given distance. Furthermore, we alsowant to estab-
lish an interval of con�dence for each valueof the mapping
function.

We are guided by two principles, smoothnessand pre-
diction abilit y. The smoothness property states that if
two pairs of receivers and transmitters have very simi-

lar distance, they alsooften have rather similar reception
rates. There are two fundamental justi�cation for this
standard assumption. The �rst is that at the intuitiv e
level one expects that small changesin one variable (in
our case, distance) should have limited impact on the
other parameter (reception rate). In addition, it is im-
portant to recognizethat both distanceand receptionrate
are subject to errors in measurement which additionally
smoothes the mapping function. Note that the smooth-
nessassumption can be veri�ed for a given set of data.
We use the resubstitution evaluation technique for this
task.

Secondly, the only sound criteria for any prediction
model is its abilit y to predict. Therefore, it is reason-
able to alter various parametersin our proceduresas long
as the �nally adopted parameter valuesproduce a model
that is able to withstand standard evaluation test for ac-
curacy. Speci�cally , we usethe resubstitution rule which
builds additional models using a variety of randomly se-
lectedsubsetsof the data set. If the resulting modelsfrom
all subsetsare similar we can concludethat the usedpa-
rameters are properly selected. Note that resubstitution
is solely a generalization of standard data division into a
learning set that is used to build a model and a testing
set that is usedto evaluate the model.

From a technical point of view, when building a model
of individual links we have two major di�culties: (i) we
do not have enough measurements for each distance of
interest, and (ii) for a given distance and given recep-
tion rate, we alsodo not have enoughcollecteddata sam-
ples. As we already stated our main tool to resolve these
di�culties is to use the smoothness principle. We con-
sider that communications that are conducted on simi-
lar distancesshould produce similar distributions for the
reception rate. Furthermore, communications that have
similar distancesand similar reception rates are represen-
tativ e of each other.

The global 
o w of our approach is shown in Figure
3 using pseudo-code format. The starting point for the
procedureis exploratory data analysis. As the �rst stepof
this phase,we examinea scatter plot of all available data
points. Speci�cally , we position each communication in
two dimensional spaceplacing on the x-axis distanceand
on the y-axis the reception rate. The goal is to identify if
there are any speci�c trends in the data and to determine
if it is advantageous to split the data into two or more
subsetswhich have speci�c characteristics.

The secondstep is to run a number of curve �tting
proceduresin two versions. The �rst version is one that
considersall data and the secondalternativ e is one that
usesrobust regressionsand therefore excludessomeper-
centageof data. The goalof this step is to identify if there
are somemeasurement that should be excludedfrom con-
sideration becausethey are most likely wrong or follow a
di�eren t model than the majorit y of data. It is important
to note that for any excluded measurements, we build a
separate model. Fig. 1(a) illustrates a scatter plot of
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Figure 1: Scatter plot of distance
vs. reception rate for outdoor data.

1. Conduct exploratory data analysis;
2. while (interval of con�dence > criteria) f
3. Collect new data or de�ne new windows;
4. Sort all points according to distance;
5. for(from smallest to largest distance) f
6. De�ne sliding window for distance;
7. Apply weight function to distancesinside of sliding window;
8. Sort all points according reception rate;
9. for(from smallest to largest reception rate ) f
10. De�ne sliding window for reception rate;
11. Apply weight function to reception rates sliding window; g g
12. Build mapping function;
13. Build normalized mapping function;
14. Establish intervals of con�dence; g

Figure 2: Pseudo-code for PDF model for two features.

distance versus reception rate at power level 11 for the
outdoor case.Fig. 1(b) shows a zoomedversionof a sub-
set of data which was examined during exploratory data
analysis.

One option for building a probabilit y distribution func-
tion (PDF) for reception rate as a function of distance is
to usethe histogram technique. Wedivide the two dimen-
sional spaceinto a large number of bins. Two standard
practices is to usebins of uniform sizeor bins which each
contain the same number of points. Figure 3(b) shows
one such histogram for our data for equal sizebins. The
bin sizeof the x-axis is 2.5 meters and the reception rate
is 2.5%. While histograms can be a valuable tool in ex-
ploratory data analysis, it has a number of major prob-
lems. Essentially , if the bins are to large in size (Figure
3(c)) we have insu�cien t information to characterize the
behavior of the PDF at each distance. In the casewhen
the bins are two small (Figure 3(a)), it is very di�cult
to distinguish between bins that receive very few or no
points. In order to resolve these problems, we use non-
parametric kernel estimation techniques.

Phasetwo consistsof three stepsshown in Figure 3 in
lines 4-8. In the step shown in line 4, we sort all available
data according to distance with the intention to identify
data points which are similar with respect to this param-
eter. Next, we use a sliding window for all points which
are within a similarit y range of a given point (distance).
Each point within this range is weighted according to its
quanti�ed similarit y to a given point. The key observa-

tion is that both the scope of the window as well as the
weighting function can be de�ned in an arbitrary fash-
ion, as long as the monotonicity property imposedby the
smoothing principle is maintained.

Fig. 4 shows how the data is weighted after the appli-
cation of a triangular window to the set of point around
distance 20 meters with window size � 5 meters. The in-
tuition behind the weighting function is that data points
that are closerto the center of the window are better ap-
proximations for the point at the center of the window.
It is easyto realizethat the selectionof the sizesimilarit y
measureof the window crucially impacts the model. An
overly narrow windows rarely results in a good model be-
causeit su�ers from overemphasizedimpact of very few
points on the value of the PDF function for reception rate
at a given distance. On the other side, an overly broad
window doesnot provide accurate enoughresolution be-
tweendistancesthat di�er by a relatively small factor.

There are two options to resolve this problem. The �rst
is to iterativ ely try di�eren t window sizesand functions
until a user speci�ed interval of con�dence for the over-
all model is not achieved. An attractiv e alternativ e is to
useadaptive window sizewhere the sizeof the window is
selectedin such a way that resubstitution procedureap-
plied only on the points inside of the window successfully
con�rms the model built for the window at the requested
interval of con�dence.

For each distance of interest we also build another sys-
tem of sliding windows this time along the y-axis corre-
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(c) Large bins.

Figure 3: Histogram of distance vs. reception rate with di�eren t bin sizes.
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Figure 4: Application of sliding window on distance axis.

sponding to the reception rate. The points within the
window are weighted as the product of the weight factor
of both the distance window and the reception rate win-
dow. Exactly the sameand techniques that are used to
determine the parametersof the distancewindow are ap-
plicable and usedfor the shapingand sizing the reception
rate window. Figure 5 shows a window of data for the
point centered at distance 20m and reception rate 33%.

Oncewhen the �rst eleven lines of the pseudo-code are
executed we have enough information to begin to build
a PDF that indicates how likely a particular reception
rate is for a given distance. The simplest procedure is
to use interpolation to obtain a PDF of the requested
pair of distance and reception rate. Note that the inter-
polation does not have to be linear, and does not have
to include only the closest points to the point of inter-
est. It is well known that statistical models are superior
to interpolation during the modeling of the mapping be-
tweentwo entities. However, when the goal is to develop
a PDF, quadratic interpolation functions that consider
the k closestpoints are usually su�cien t. Nevertheless,
for this task we usedquadratic least linear squares�tting
for a particular pair of distance and reception rate. The
main reasonfor this decisionis that standard indicators of
�t, such as R2, can be usedto determine if the requested
interval of con�dence for the overall model is likely to be

achieved.

Once the model is built, the next step is PDF normal-
ization. The goal is to ensurethat for a given distancethe
integral of the function below the PDF mapping function
is equal to one. Figure 6 illustrates the how the normal-
ized reception rate PDF changeswith respect to distance.
The �gures in 7 show normalized PDFs for three typical
distancesfor 8.75, 25, and 46.5 meters.

Figure 6: PDF for distance versusreception rate.
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Figure 7: PDFs for reception rate for various valuesof distance.

The �nal step of our procedureis the evaluation of the
quality of the developed statistical model for the PDF.
The evaluation procedure itself has three components:
Monte Carlo sampling, resubstitution, and establishment
of interval of con�dence. Mote Carlo sampling selectsk
(in our experimentation we use 200) randomly selected
pairs of distance and reception rate points. The claim is
that if two PDF functions have very similar values at a
large number of randomly selectedpoints, then they are
statistically sound approximations of each other. Note,
that this claim is based on the smoothness principle.
Resubstitution is the processwhere a statistical model
is built using the exact same procedure (same window
scope and weight function) on randomly selectedsubsets
of data. Speci�cally , in our simulations, we select70% of
the available data to build a model on each resubstitution
run. For each resubstitution run we record the value of
the PDF function at each of the k selectedpoints. After
conducting m resubstitution runs (in our experimentation
m was 100), we are ready to establish an interval of con-
�dence for our statistical PDF model. This is performed
in two stages.We �rst establish an interval of con�dence
for each point individually , and then by combining infor-
mation from all local interval of con�dence we establish
a global interval of con�dence. The �rst stage is accom-
plished by applying a sliding window on the resubstitu-
tion values of each random point and iterativ ely �nding
the minimum window position and sizethat provides the

minimum density of the points required (con�dence level).
Note that asa byproduct the center of this window is the
statistically most sound value of the PDF for the sample
point, which wewill call the highest likelihood PDF value,
and the sizeof the window provides the con�dence limits
for the particular con�dence level. Figure 8 shows the re-
lationship betweenthe di�eren t window sizes(con�dence
limits) for each random sampletuple (reception rate and
distance) and the highest likelihood PDF value for di�er-
ent con�dence levels. Each point in the graphs show the
highest likelihood PDF value with its con�dence interval.
For example, the top left point in the graph of Figure
8(a) corresponds to sample point of distance 52 meters,
reception rate 0% with highest likelihood PDF value 0.2
� 0.0001953with con�dence level of 90%. From Figure
8(a) we clearly seethat the larger the PDF values the
smaller the ratio, in other words, the model is more pre-
cise for higher PDF values. For very small PDF values
the ratio is larger, losing precision. The important point
is that the likelihood of theselessprecisevaluesis propor-
tionally smaller too due to the small PDF values. Figure
8(b) showsthat asweincreasethe con�dence level to 95%,
the window/PDF ratio tend to increase(shift right). An
interesting property of the model is the increasein preci-
sion for the largest highest likelihood PDF values,which
are the most important values in the model. The �nal
step of resubstitution is to build a global measureof ac-
curacy of the model. Note that the valuesat each of the
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Table 1: Global evaluation results

Environment
Conf. PDF Conf.
Level Value Limits

Indoor 90 0.997627 � 0.325969
Outdoor 90 1.064365 � 0.381719
Indoor 95 1.023886 � 0.723887

Outdoor 95 1.022372 � 0.691752

100 points indicate only locally how sound the model is.
To build a global interval of con�dence we follow the fol-
lowing procedure. First, for each separatepoint in k, we
use the highest likelihood PDF value and normalize all
other values against this value. After that, we combine
all data from all sampling points into one set of the size
k x m. The secondstage is to apply a sliding window
procedureexplained in the local evaluation above, but at
a global level. Table 1 shows the overall interval of con�-
dencefor indoors and outdoors with di�eren t con�dence
levels. In general, the global highest likelihood PDF val-
uesare centered around one, which is a good sign of the
statistical soundnessof the model.

4 Exp erimen tal Data Collection

In this Section we discussthe methodology used for our
experimental data collection.

We usedan existing data set and performed additional
experiments using the SCALE wirelessmeasuringtool [1].
The basic data collection experiments work as follows.
Each node transmits a certain number of packet probes
in a round robin fashion(onetransmitter at a time). Each
probepacket contains the sender'snode id and a sequence
number. The rest of the nodesrecord the packets received
from each neighbor and keepupdated connectivity statis-
tics, using the sequencenumbers to detect packet losses.
We refer to [1] for further details about the tool.

The topology usedfor our experiments consistedof 16
nodes distributed in an ad-hoc manner in di�eren t envi-
ronments. We also used up to 55 nodes for our indoor
experiments distributed in the ceiling of our lab. For out-
door experiments nodeswereplaced in a variety of di�er-
ent positions, such as near the ground or elevated from
the ground, with or without line of sight (LOS) between
them, and with di�eren t levelsof obstructions (furniture,
walls, trees, etc.). The placement of the nodesalso took
into account the distance betweenthem, in order to cre-
ate a rich set of links at distancesvarying from 2 to 50
meters and in multiple di�eren t directions from any par-
ticular sender.1 In most of our experiments, each node
sendsup to 200packets per round, transmitting 2 packets
per second(unlessotherwise noted).2

1There are algorithms to �nd the optimal placement of nodes to
get a uniform range of distances in the area of interest. We did not
perform that optimization in our experiments.

2We have left for future work the evaluation of how accurate is

Using this setup, we varied �v e factors in our ex-
periments: the choice of environments, the radio type
(and frequency), the output transmit power settings, the
packet sizesettings, and the antenna height.

The �rst factor we varied was the environment type.
We selectedthree environments for our experimentation.
We choseour lab to perform someindoor experiments. It
consistsof a typical o�ce type environment with an area
of approximately 20m by 20m. The choice of this envi-
ronment is motivated by sensingapplications in indoor
environments. [12] We alsopicked our Engineeringbuild-
ing courtyard as an outdoor urban environment. It is an
area of 70m by 35m surrounded by buildings and with
somevegetation, trees, and an open areaaround the cen-
ter. This environment is an intermediate measuringpoint
between indoor placesand outdoor natural habitats. Fi-
nally, we useda 200mby 150msectionof the Will Rogers
State Park, Paci�c Palisades,California. The area con-
sists of a small valley, surrounded by a 35 degreeslope
hill with very densevegetation, including di�eren t type
of plants, bushesand trees. There has been several ef-
forts to monitor habitats in sensornetworks [2], which
motivate the choice of this environment.

The secondfactor we varied wasthe node platform and
radio type. We used two di�eren t type of radios with
di�eren t transmissionfrequencyand di�eren t modulation
schemes. The Mica 1 [9] transmits in the 916MHz band,
and uses an amplitude shift keying (ASK) modulation
scheme. The Mica 2 [4] transmits in the 433MHz band,
and usesa FSK modulation scheme.

The third factor we varied wasthe output transmission
power. The dynamic range of the output power selection
with Mica 1 rangesfrom -10dBm to 0dBm. The Mica 2
Chipcon radio chip (CC1000) [3] has programmable out-
put power from -20dBm to 10dBm controlled directly
with the microcontroller. In our experiments we ex-
plored the -15dBm to +5dBm range of transmit power
for the Mica 2 platform. The motes hardware allows
discrete control of the output transmission power of the
RF transceiver. This capability permits applications to
control the power gain of the transceiver, allowing them
to tradeo� energy usageversustransmission range. The
Mica 1 motes have a potentiometer circuit that allows
controlling the amount of current delivered to the RFM
radio [13].

The fourth factor we varied the packet probe sizesin
our experiments using two qualitativ ely di�eren t power
settings (high and low power). The set of di�eren t packet
sizesusedwas 25, 50, 100, 150 and 200 bytes.

Finally, the last factor we varied was the antennae
heights. We set the nodes' antennae on the ground, 3in,
1ft, 3ft, and 5ft above the ground. We note that the
height is measuredwith respect to the ground level the
node is located, which may be di�eren t from the absolute
z coordinate.

Nodeswere localizedmanually. For the indoors experi-

an average reception rate
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Figure 8: PDF valuesof the di�eren t random points asa function of the window size/PDF value ratio for the di�eren t
con�dence levels.

ments we localizedthe nodesusinga measuringtape. The
measuring error of the instrument is � 0.1 cm. For the
outdoors experiments we use a sonic ranger device (Zir-
con DM S50)[18]. The measuringerror of the instrument
is � 1 cm. A conservative estimate of the localization
error would be oneorder of magnitude larger than the in-
strument measuringerror, sowe estimate the localization
error of each node to be � 1 cm for indoors and � 10 cm
for outdoors.

In summary, the data set used in this paper consisted
of packet delivery data from more than 450,000packet
probes in experiments performed in 3 di�eren t environ-
ments, with 2 di�eren t type of radios, with 6 di�eren t
power settings, 5 di�eren t packet sizes, and 4 di�eren t
antennaeheights. We usedup to 16 nodesin our outdoor
experiments and up to 55 nodes in our indoor experi-
ments, each node transmitting 200 packets. In each ex-
periment, we measuredthe packet delivery performance
of 240 links for the outdoor experiments and 2970 links
for the indoors experiments.

5 Prop erties of Individual Links

In this Section, we outline the analyzed features of indi-
vidual links in wirelessmulti-hop ad-hoc networks. Note
that we interchangeably refer to these features as prop-
erties or characteristics. At the highest level of consid-
eration the features can be classi�ed into two groups:
physical properties of the network, and communication
characteristics of the network. Physical properties them-
selves can be classi�ed into two groups, graph theoretic
and geometric. Graph theoretic properties are de�ned
on the graph where each radio is consideredas a node,
and weighted edgesindicate communication links with
the speci�ed reception rate between a given pair of ra-

dios. Geometric properties include distance, direction as
a function of anglewith respect to referencedirection, and
areas. As communication parameters, we mainly study
two features: receptionrate betweenreceiver A and trans-
mitter B, and asymmetry in communication which refers
to the di�erence in reception rates betweena pair trans-
mitter A and receiver B and transmitter B and receiver
A.

We have analyzed two types of mapping function be-
tweenproperties. The �rst is the establishedrelationship
betweena given structural property and a targeted com-
munication feature. The secondone analyzesthe depen-
dency between two communication characteristics. It is
important to once again emphasizethat our goal is not
only to establish the most likely value of one property
for a given value of another property, but also to obtain
probabilit y distribution functions for all expected values
for the secondproperty for a given value of the �rst fea-
ture. We have studied the following pairs of properties.

� Dep endency of reception rate as a function
of distance. This property is selectedmainly be-
causethere is a wide consensus,expressedthrough
the unit disc communication model, that distance
signi�cantly impacts reception rate.

� Dep endency of asymmetric reception rate as
a function of distance. Note that in the previous
casewe assumedthat reception rate between radio
A to radio B is the sameas from radio B to radio A,
but recently several empirical studiesclearly demon-
strated this is not the case.Our goal is to quantita-
tiv ely capture how common asymmetry in reception
rates is as a function of distance.

� Dep endency of asymmetric reception rate as
a function of reception rate. This property is an

8



(a) Asymmetric Links versus Distance

(b) Asymmetric Links versus Reception Rate

Figure 9: PDFs for Asymmetric Link features.

examplewherewe study functional dependenciesbe-
tweentwo communication properties. Our goal is to
identify if it is more likely that high asymmetry hap-
penswhen links have high reception rate, when they
have low reception rate or at somepoint in between.
For example,we are interested in whether it is more
likely to have a pair of nodeswith reception rates of
95%and 75%,or with 30%and 10%reception rates.

Figures 9(a) and 9(b) show the PDF of how asymmet-
ric reception rate dependson reception rate. Figure 9(a)
show that there is no clear correlation betweenlink asym-
metries and distance. Figure 9(b) shows an interesting
pattern; links with very high or very low reception rates
tend to be highly symmetrical, as it can be observed by
the two peaks in the PDFs. Links with intermediate re-
ception rate tend to be much lesssymmetrical.

Figure 10 shows the temporal variabilit y of the links
as a function of the reception rate. We clearly seethat
links with very low or very high reception rates tend to be
more stable over time (smaller standard deviation), while

Figure 10: Temporal variabilit y of the links as a function
of the Reception Rate.

the links with intermediate valuesof reception rate tend
to be more unstable (higher standard deviation). One
interesting question we wanted to answer is how long a
node needsto measurethe communication channel in or-
der to get an accurate estimate of reception rate with a
certain con�dence interval. This has a profound impact
in the designof algorithms for topology control that need
to measurethe channel the little as possible in order to
save energyby periodically turning the radio o�. To eval-
uate this, we took long time seriesof reception rate data,
and picked k window sizes. For each window size, we
took p initial random points of measurements from the
time series,generating a reception rate estimate for each
p using only a window of sizek of data from the starting
point. Then we comparethe absolute di�erence between
each of the p � k estimates with the absolute reception
rate calculated using the entire time seriesof data. Fig-
ure 11 shows the results of the previous analysison three
qualitativ ely di�eren t type of links. Figures 11(a) and
11(c) show that links with very high or very low recep-
tion rate needvery short window sizesto get an accurate
estimate of the reception rate, and they converge quite
fast to an accurate estimate. Figure 11(b) shows that
links with intermediate reception rates take much larger
window sizesto convergeto accurateestimate values. We
have left for future work the issueof optimal on-line link
characterization using statistical methods.

From the spatial, asymmetrical, and temporal proper-
ties presented in Figures 6, 9(b) and 10 we can seean
interesting pattern that has emerged. For a large range
of distances there is a low but non-zero probabilit y of
links with medium reception rates. These links are also
the onesthat present the most highly asymmetrical and
temporal variabilit y properties.

Of course,onecancontinueto enlargethe list of proper-
ties in many directions. The proper test for identi�cation
as to if the selectedset of properties is su�cien t is deter-
mined by comparing instancesof the networks generated
by the models with networks which were experimentally
observed. For example,we study how often the length of
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Figure 11: Time Series.

the shortest path betweenall pairs of the nodeshave the
samedistribution in these two cases. Our �nal observa-
tion is that one can study how a given property depends
on a combination of two or more individual properties.
It is important to note that as the number of properties
consideredin combination increases,exponentially more
data is required to obtain a statistically soundconclusion.

6 Group Link Prop erties

Group link properties are joint properties of subsetsof
links that are related to each other in a particular way.
They include properties of the links that originate from
the same transmitter or received by the same receiver,
processedby the sameradio, or communicated by nodes
that are geometrically close. These properties are of
crucial importance for any analysis. Furthermore, these
properties answer the frequently asked fundamental ques-
tions about reasonsfor particular behavior of communi-
cation patterns. These questions include the hypothesis
that the performanceof a particular nodeasa transmitter
mainly dependson the quality of its radio or it geometric
position. Another frequently asked question is, is asym-
metry a consequenceof di�eren t radio properties between
two nodes or their location? Nevertheless,with the ex-
ception of the property which examinespairs of links be-
tween two nodes, group link properties have been rarely
studied due to their perceived complexity. Our goal in
this section is to show that the smoothing principle and
non-parametric statistical techniquescan provide sounds
answers to a great variety of these questions. In partic-
ular, we studied the following �v e questions: (i) to what
extent the quality of transmitters and receivers on di�er-
ent nodesis uniform; (ii) is there correlation betweenthe
quality of the transmitter and receiver on the samenode,
(iii) to what extent do links that originate (or end at the
samenode) are correlated, (iv) to what extent links that
are between nodes that are geographically closeare cor-
related, (v) are there subsetsof nodesthat communicate
well with each other while communicating at signi�cantly
lower levels with other nodes in the network.

The last question is a popular frequency drift hypoth-
esis that states that the major reason for lower perfor-
manceof nodesis due to imperfect frequencycalibration
of transmitters and receivers. As a consequence,a group
of nodes is on somewhathigher frequency than nominal,
a group at nominal frequency, and a subsetof the nodesis
calibrated to a frequency lower than nominal. Therefore,
the nodesin the samegroup are able to communicate bet-
ter than with nodesin other groups. Interestingly enough
our statistical analysis indicates that that although the
answer to the last question is strongly positive, the fre-
quency hypothesis is not correct.

In order to answer the �rst question, we conducted the
following statistical analysis. We normalized the quality
of each link at each node versusthe averagelink quality
at the corresponding distance in terms of reception rate.
After that, we calculated the geometric mean of all links
that originate or end at a particular node. We decided
to usethe geometric mean instead of arithmetic in order
to avoid too high impact of a few exceptionally strong
links. For example, if a node has one link that is 5 time
better than average and 5 links that are 5 times worse
than average, the arithmetic mean would still indicate
that the nodes have links of superior quality, which is
obviously not the case.

Figure 12 shows PDFs for normalized transceiver and
receiver quality of nodes in indoor and outdoor environ-
ments. We seethat a large percentage of nodesis either a
signi�cantly better transmitter or receiver than average,
in particularly for the outdoor environment.

In the secondstudy, for which we seethe summary of
results in Figure 13, we studied the correlation of the rel-
ative quality of the transmitter/receiv ers pair placed on
the same node. We analyzed both indoor and outdoor
data using both the arithmetic and geometric mean. All
studies indicate that there is a signi�cant positive cor-
relation of transmitting and receiving capability of the
nodes.

Once when we conclude that some nodes are much
better speakers or listeners than other nodes, the nat-
ural question is to what extent they are uniformly better
speakers or listeners with respect to all their links. In or-
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Figure 13: Speaker And Receiver Correlation.

der to answer this question we calculated the correlation
between all transmitting (receiving) links related to the
same node. Tables 3 and 5 show the correlation value
r , the t-test value, the degreeof freedom (DofF) which
is equal to the number of samplesreducedby 2, and the
probabilit y that this correlation is accidental. We seea
sharp di�erence betweenthe outdoor and indoor environ-
ment. For the indoor environment we seethat although
the correlation coe�cien t is relatively small, around 0.06,
the t-test clearly indicates that that correlation is indis-
putable. This is due to the fact that the chancesthat
this is accidental is less than 0.01%. However, for the
outdoor data, the t-test indicates that there is essentially
no correlation with very high probabilit y.

The situation is even more interesting when we try
to examine the correlation between links that belong to
nodes which are geographically close. While in this case
wehaveenoughdata to achieveextremely high con�dence
in our conclusions, the correlation even for very small
distancesis rather low. Maybe more surprisingly, in our
outdoor experiments the correlation wasslightly negative.
The correlation data of geographicallyclosereceiversand
sendersis shown in Tables2 and 4. In all casesthe prob-
abilit y of accidentally conclusion is lessthan 0.01%.

The short question to whether the frequency shift hy-
pothesis is correct is a resounding yes, as shown in the

experimental results in Table 6. The table shows the co-
variance matrix for 9 nodes in the indoor environment.
We clearly seethat nodesA,B,C and D form one group,
nodesD,E,and H another, and F and G, the third group
(Figure 14). All nodes in these groups are highly corre-
lated in terms of normalized communication in terms of
other nodes. The data wasobtained in the following way.
For each node we sorted in decreasingorder the qual-
it y of its links to other nodes. After that, for each pair of
nodes,we found a subsetof corresponding receiverswhich
hear both nodes, and eventually found rank correlation
for these two lists. As part of the table indicates, very
often the correlation between two nodes is rather high,
closeto positive 1 or very low closeto -1. The Spearman
t-test indicates that essentially all covariance valueshave
probabilit y of accidentally happen well below 0.1% as in-
dicated in Table 6. However, the reasonfor the positive
answer is not related to frequency, but to the location
of nodes. In all casesthe nodes with high entries in the
covariance matrix where ones that were geographically
closest.
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Table 6: Covariance Matrix and Likelihood for Indoor Experiments.

B C D E F G H B C D E F G H
A 0.780 0.778 0.578 0.652 0.164 0.114 -0.338 A 0.001 0.001 0.001 0.001 0.5 0.5 0.1

B 0.791 0.545 0.721 0.095 0.144 -0.322 B 0.001 0.001 0.001 0.5 0.5 0.05
C 0.435 0.640 0.329 0.133 -0.293 C 0.05 0.05 0.05 0.5 0.05

D 0.878 0.206 0.202 -0.246 D 0.001 0.1 0.5 0.05
E 0.357 0.684 0.774 E 0.5 0.1 0.05

F 0.764 0.327 F 0.001 0.1
G 0.634 G 0.001

Table 2: Correlation by Distance for Outdoor Experi-
ments.

Speaker Corr Listener Corr
Dist. r t-test DofF r t-test DofF

4-6 -0.009 0.174 357 -0.003 0.050 336
6-10 0.003 0.117 1185 0.039 1.305 1094
10-20 0.000 0.029 4826 -0.009 0.637 4938
20-30 -0.005 0.312 3291 -0.015 0.884 3423
30+ 0.016 0.585 1331 0.014 0.474 1120

Table 3: Correlation of all Pairs for Outdoor.

r t-test DofF
Speaker -0.004 0.121 887
Receiver 0.012 0.370 885

Table 4: Correlation by Distance for Indoor Experiments.

Speaker Corr Listener Corr
Dist. r t-test DofF r t-test DofF

0-2 0.008 3.851 261756 0.010 4.963 262225
2-4 0.012 9.673 629573 -0.001 1.104 627600
4-6 0.007 4.118 374363 -0.011 6.421 368896
6+ 0.004 2.522 348187 -0.007 4.089 354141

Table 5: Correlation of all Pairs for Indoor.

r t-test DofF P
Speaker 0.0591865 11.824 39770 0.0001
Listener 0.0590539 11.859 40183 0.0001

7 Wireless Net works Generators

In this Section, we present a series of wireless ad-hoc
multi-hop network instance generators. We begin from
the simplest one which use solely the information about
receptionrate with respect to distanceand developgradu-
ally more complexmodels. While the simplest modelsare
generatedusingstandard rejection random number gener-
ator approach [7], for realization of more complex models
we have developed an iterativ e improvement-basedproce-
dure. To the best of our knowledge, this is the �rst time
an optimization intensive approach is used for instance
generators.

The starting point for all models is the generation of a
speci�ed number of nodesin the given area. We allow the
user to either specify speci�c locations for each node or
to specify which distribution the placement of the nodes

in the given area must follow.

7.1 Probabilistic Disc

The �rst model namedprobabilistic disc model takesinto
account only the dependencybetweendistanceand recep-
tion rate. It is created by generating for each calculated
distancebetweentwo nodesa randomly selectedreception
rate according to the PDF for this distance.

This can be accomplishedusing one of the following
two ways. We can take a sample from the PDF and use
the rejection method [11]. The rejection method works
in the following way. We generatea rectangle that con-
tains completely the targeted PDF. In this rectangleusing
the uniform random number generator a point is created
with an x and y coordinate. If the point is below the PDF
curve, its x coordinate is acceptedas the generatedsam-
ple with PDF distribution, otherwise it is rejected. It is
easyto seethat the rejection method will indeedproduce
points with probabilit y dictated by the PDF.

The main disadvantage of the rejection method is that
it may happen that for some types of PDF functions,
many of the proposed points are rejected. We �x this
problem by using a new iterativ e rejection method. In
this approach, we re-map the rejected point to a corre-
sponding point below the PDF curve in such a way that
all points below the curve have equal probabilit y of being
selectedas the mapping target. Speci�cally , if we denote
the areaof rectangleasR, and areabellow the PDF curve
asP, and the selectednumber by S, then the rejectedval-
ues S are larger than P and smaller than R. The map-
ping is conducted using formula that new random value
is equal to N = ( S

P � bS
P c) � ( (R � P )

(S� P ) ). If one takes into
account that the generation of a statistically sound uni-
formly distributed random number is more than an order
of magnitude slower than the calculation of our mapping
function it is easyto realize that in such a way signi�cant
speedup is accomplished.

The second alternativ e is to �rst translate the PDF
into the corresponding cumulativ e distribution function
(CDF) and useuniform random generatorbetween0 and
1 to generatea value of CDF. Consequently this value is
mapped into corresponding reception rate. While this al-
ternativ e is even more computationally e�cien t than the
generalizedrejection method, it is somewhat less accu-
rate due to the neededtransformation of the PDF into a
CDF.
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Figure 12: PDF for Normalized Speaker and Receiver
Qualit y.

7.2 Bi-Directional Correlated Probabilis-
tic Disc Mo del

In this model, we consider two functional dependencies.
In addition to the dependencybetweenreception rate and
distance,we alsoconsiderthe dependencybetweenasym-
metric reception rate and reception rate. Therefore, our
goal is to generatean instance of the network where all
reception rates follow the PDF for a corresponding dis-
tance and for any given pair of nodes,we have a reception
rate betweentransmitter A and receiver B and transmit-
ter B and receiver A that follows the PDF for asymmetric
reception rate. An instance of the network which follows
this model is generated in the following way. We �rst
generatefor each pair of nodesthe reception rate between
transmitter of node A and receiver of node B, where the
notation of nodes A and B for a given pair of nodes is
randomly conducted. Next, we generate the reception
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Figure 14: Layout of Nodes in indoor environment.

rate of the transmitter of node B and the receiver of node
A following the PDF that maps the given reception rate
into probabilistically selectedasymmetric rate. One can
prove using Bayesianrule, that the network generatedin
this proceduredoesfollow both PDF functions.

7.3 Non-parametric Statistical Mo del

While the rejection method compounded with the
Bayesianrule is powerful enoughto generateinstancesof
the network which follow oneand in somecasestwo PDFs
capturing the relationships between the two features of
interest, it is easyto seethat when a large number of sta-
tistical measuresmust be followed, the rejection method
doesnot provide an adequatesolution. For example, it is
not clear how to simultaneously generatea network which
followsPDFs for receptionrate versusdistance,asymmet-
ric reception versusdistance, and non-uniform quality of
speakers and listener. In order to overcome this di�-
culty we have developed a iterativ e improvement-based
algorithm that generatesan instance of the network that
approximately, or arbitrarily closely, follows an arbitrary
number of interacting PDFs de�ned on arbitrary pairs
of network and communication properties. The key idea
is to �rst separately generatean instance of the network
that follows each of the consideredPDFs and to randomly
select one of them as a starting point for the iterativ e
improvement procedure. At each step of the iterativ e im-
provement procedure,we attempt all possiblechangesat
all possiblepairs of nodesA and B and selectone which
makesthe overall discrepancybetweenthe parametersof
that network more similar to a combination of the orig-
inally generated networks that separately considers the
PDF of only a singleproperty. The similar PDF function
is de�ned using standard L 2 measure. The procedure is
repeated until no further improvement can be found. In
order to improvethe quality of the generatednetwork, one
can perform restarts or employ probabilistic mechanisms
for escapinglocal minima (e.g. simulated annealing). In
the casewhen restarts is performed, there is the option
to probabilistically selectoneof the �nal solutions for the
restarts according to their maximum likelihood expecta-
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(a) Empirical
Network Data.

(b) Probabilistic Mo del
Generated Network.

(c) Large Network with
Empirical Data

Figure 15: Illustration of three phasesfor large network generation.

tion that they are generatedfrom the spacethat contains
all networks that follow all the speci�ed PDFs.

7.4 Generation of Large Net work In-
stances

Scalability is one of the key issuesin wirelesssensornet-
works both during deployment as well as during protocol
and algorithm development. In particular for the demon-
stration of localized algorithms it is important to have
instancesof the wirelessnetwork with a large number of
nodes. Unfortunately, it is both expensive and time con-
suming to deploy large networks solely for the purpose
of building a model or developing a localized protocol.
Therefore, there is a needto develop a methodology and
approach that createsand validates networks of an arbi-
trary size. While their creation is often rather straight
forward, sinceall that is neededis to place the communi-
cation betweena pair of nodesaccordingto our statistical
model, we can not compare their statistical similarit y to
existing networks directly. At �rst sight it seemsthat
empirical evaluation of the accuracyof a large generated
network is an infeasible task.

However, wehavedevelopeda perturbation-basedanal-
ysis that facilitates sound statistical validation of net-
works of an arbitrary sizewith respect to experimentally
available and characterized networks. The key idea is
to begin by creating an instance of the network using a
speci�c communication model, and run the algorithm or
protocol of interest on the network instance. Next, we
replace randomly selectedsubparts of the instance with
instancesof data from actually deployed network. Figure
15 illustrates how the replacements is conducted. Fig-
ure 15(a) shows small actually deployed networks. For
the sake of clarit y we show only the area in which nodes
are deployed and represent each node by a dot. Figure
15(b) shows an instance generatedby one of the models
using the sameformat. Finally, Figure 15(c) presents the
perturbation-based compound instance ready for evalua-
tion. The last step of the procedureis to generate,using
the selectedstatistical model, the connectivity between
nodes in the patchesof the real networks and the neigh-
boring nodes from the generator. After the procedure
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Figure 16: Illustration of similarit y betweenpath weights
in Large Networks.

is completed, we compare the initial and perturb ed net-
works with respect to results they produce on a task of
interests. The extent to which the results are similar, the
large instance is representativ e of the real-life networks.
Figure 16 illustrates the similarit y in terms of shortest
path between two large network examplesof 400 nodes
built using the asymmetric link model.

We compared using the perturbation-based method
four models: unit disc model, probabilistic disc
model, asymmetric probabilistic disc model, and a non-
parametric statistical model. For this purposewe com-
pare the length of all paths for an instancewith 400nodes.
Table7 providesa summary for the length of the minimal,
maximal, and averagepath. Notice, that all three newly
developed models are much more statistically sound. In
particular the non-parametric statistical model provides
a very closematch beforeand after perturbations.

8 Putting it all together: Mo dels
and Net work Generators in Ac-
tion

It hasalreadybeenestablishedthat the presenceof imper-
fect links and asymmetry imply profound changesin the
way in which routing, broadcasting,and data aggregation
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Table 7: Comparison of four statistical models using Floyd-Warshall all pair shortest path algorithm.

Unit Unit Real Prob. Prob-Real Assym Assym Real Statistical Statistical-Real
MIN 2 2 2.0079 2.0079 2.00188 2.00188 2.00002 2.00002
MAX 26 20.0569 41.881 43.354 45.9964 44.1535 42.99 42.9285
AVE 6.87574 5.78918 14.687 15.002 14.8176 14.6217 14.6991 14.6928

protocols should be organized. Another important issue
which can be noticed from our study is that onemust also
take into account the non-uniform communication qual-
it y of nodes as well as the correlation in the quality of
transceivers and receivers for a given node.

From the conceptual point of view, the �rst important
observation is that lossylinks imply a needto completely
abandonof the conceptsof geometrictopology in routing.
For example, all local avoidance approaches that reduce
the routing problem to traversalon Gabriel or local neigh-
borhood graphsare no longer applicable. Another, possi-
bly more impacting rami�cation is that no deterministic
method can be usedto guarantee messagepacket delivery
in statelessrouting protocols. The third major concep-
tual change is that there is a strong bene�t of observing
at least somepercentage of links on-line. This is because
some of the most e�ectiv e links in terms of metrics of
travel distance versus required number of messagesare
links that have a reception rate between40-60%.

In addition one has to realize that indoor and outdoor
environments have sharply di�eren t properties in essen-
tially all characteristics of individual links, as well as of
links that belong to the samereceiver, sametransmitter,
samenode or nodesthat are geographicallyclose. There-
fore, there is a strong need to develop separate routing
algorithms for di�eren t environments, or at least routing
algorithms that are adaptable to a given environment. At
the sametime, the complexand correlated nature of links
implies that newly developed routing protocolsshould be
simulated for much longer periods of time in order to
ensure that overall they perform well. The existenceof
superior nodesin terms of both transmitters and receivers
implies that fairnesswill becomeone of the major issues
for any routing, multicast, and broadcasting approach,
becauseall of theseprotocols have a tendency to dispro-
portionately usea subsetof nodes.

The statistically demonstrated space correlation will
alsogreatly impact the development of routing protocols,
as well as power management techniques. For example,
since nodes are naturally clustered in subsets that e�-
ciently communicate with each other and poorly with the
rest of the network, it will be important that power man-
agement strategies, simultaneously turn down or up the
majorit y of the nodes in one of such subsets. Further-
more, clustering techniques will be even more e�cien t
than in networks modeledwith the unit disk communica-
tion model.

Finally, we anticipate that a number of new tasks will
be de�ned during the deployment and operation of wire-
lessad-hoc networks. Due to spaceconstraints, we will

Table 8: Improvement of spiral algorithm over the ran-
dom placement in terms of reducednumber of messages.

Number of Ratio for Ratio for
Nodes MAX path AVE path
1,000 1.62 1.82
2,000 1.69 1.84
4,000 1.82 1.99
7,000 1.84 2.02
10,000 2.02 2.05

only addressone such task: node assignment. The prob-
lem can be formulated in the following way. We are given
a system with a certain number of nodes to be placed in
certain positions dictated by sensingrequirements of ob-
served phenomenon.Each node is characterized in terms
of its speaking and listening capabilities. Note that one
can formulate a more complicated versionof this problem
if correlation factors dictated by the frequencyhypothesis
are included. The goal is to selectwhich node should be
placed at which position in such a way that the lifetime
of the network is maximized for a given model of tra�c.

We considered the following version of the problem
where the tra�c between any two nodes is uniform and
the goal was to minimize the total number of messages
required to deliver the speci�ed tra�c. We proposethe
following simple algorithm to facilitate e�cien t network
deployment. We �rst �nd the geographic center of the
area and sort all nodes according to their distance from
this point. Higher quality radios are assignedto posi-
tions according to their distance from this point start-
ing from the highest quality radio to lowest quality ra-
dio. Table 8 shows the ratio of the required number of
messagesfor the longest and averagepath calculated us-
ing the Floyd-Warshall algorithm for the networks where
nodes are placed at random and placed by the spiral al-
gorithm. We seethat careful placement of the nodescan
reduceboth the maximal and averagepath by an average
factor of almost two.

9 Conclusion

We have developed a set of non-parametric statistical
models for characterizing links in wireless ad-hoc net-
works. In addition to modeling properties of a single link
our statistical models also capture features of groups of
links associated with a particular receiver, a particular
transmitter, a particular radio, and links associated with
a group of radios that are geographicallyclose. The mod-
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els are the basis for new instance generatorsof wireless
networks that are statistically similar to deployed net-
works. The models and generatorsare analyzed in terms
of their accuracy. They are also used to identify future
directions for developers of protocols and localized algo-
rithms for wirelesssensornetworks.
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