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In this paper, we investigate the impact of radio irregularit y on wireless sensor networks. Radio
irregularit y is a common phenomenon which arises from multiple factors, such as variance in
RF sending power and di eren t path lossesdepending on the direction of propagation. From our
experiments, we discover that the variance in received signal strength is largely random; however, it
exhibits a contin uous change with incremental changesin direction. With empirical data obtained
from the MICA2 and MICAZ platforms, we establish aradio model for simulation, called the Radio
Irregularit y Model (RIM). This model is the rst to bridge the discrepancy between spherical
radio models used by simulators and the physical reality of radio signals. With this model,
we investigate the impact of radio irregularit y on seweral upper layer proto cols, including MA C,
routing, localization and top ology control. Our results show that radio irregularit y has a relativ ely
larger impact on the routing layer than the MA C layer. It also shows that radio irregularit y leadsto
larger localization errors and makesit harder to maintain communication connectivit y in top ology
control. To deal with these issues, we present eight solutions to deal with radio irregularit y. We
evaluate three of them in detail. The results obtained from both the simulations and a running
testb ed demonstrate that our solutions greatly improve system performance in the presence of
radio irregularit y.

Categories and Subject Descriptors: C.2.1 [Computer Comm unication Net work ]: Network
Architecture and Design; 1.6 [Computer Metho dologies ]: Simulation and Modeling

General Terms: Design, Algorithms, Measurement, Performance, Exp erimentation
Additional Key Words and Phrases: Sensor networks, wireless communication, radio irregularit y,
sending power, path loss, link asymmetry, packet loss, localization, top ology control

1. INTRODUCTION

Radio irregularity is a common and non-negligible phenomenonin wirelesssensor
networks. It results in irregularity in radio range and variations in padet lossin

di erent directions, and is consideredas an essetial reasonfor asymmetric links

as viewed by upper layers in the protocol stack. Seweral empirical studies [Gane-
san et al. 2002][Woo et al. 2003][Zhaoand Govindan 2003][Cerpaet al. 2003] on
the Berkeley mote platform have shown that the radio range varies signi cantly

in dierent directions and the percertage of asymmetric links in a system varies
depending on the averagedistance betweennodes.

The impact of radio irregularity on protocol performance can be investigated
through a running system. Howewer, few researters have actually pursued this
direction, becauseof two reasons: First, the complexity and cost of performance
evaluations on a running system escalate,when sensornetworks scaleup to thou-
sandsor more nodes. Second repeatableresults of radio performanceare extremely
hard to obtain from uncontrolled ervironments, henceleading to di culties in sys-
tem tuning and performanceevaluation. As a result, simulation techniquesare used



asan e cien t alterativ e to evaluate protocol performance. Unfortunately, most ex-
isting simulations do not take radio irregularity, a common phenomenonin wireless
communication, into account. The spherical radio patterns assumedby simulators
such as[Zeng et al. 1998] may not approximate real radio properties well enough
and hencemay lead to an inaccurate estimation of application performance.

Seweral researters [Ganesanet al. 2002][Wbo et al. 2003][Zhaoand Govindan
2003][Cerpaet al. 2003] have already shavn extensive evidenceof radio irregular-
ity in wirelesscommunication. Their main focus is to obsene and quantify sud
phenomena. This paper is distinguished from the previous onesfor the initiativ e in
bridging the gap betweenspherical radio models used by simulators and the phys-
ical reality of radio signals. We rst verify the presenceof radio irregularity using
empirical data obtained from MICA2 and MICAZ platforms. The results demon-
strate that the radio pattern is largely random; howewer, it exhibits a cortinuous
changewith incremertal changesin direction. Basedon experimental data, a radio
model for simulations, called the Radio Irregularity Model (RIM), is formulated.
RIM takesinto accourt both the anisotropic properties of the propagation media
and the heterogeneousproperties of devices.

With the help of the RIM model, we explore the impact of radio irregularity on
MAC, routing, localization and topology control performance. Among the proto-
cols we evaluate, we nd that radio irregularity has a signi cant impact on rout-
ing, localization and topology cortrol protocols, but a relatively small impact on
the MAC protocols. We also nd that location-basedrouting protocols, suc as
Geographic Forwarding (GF) [Karp 2000] perform worse in the presenceof radio
irregularity than on-demand protocols, such as AODV [Perkins and Royer 1999]
and DSR [Johnson and Maltz 1996]. We propose seweral potential solutions to
deal with radio irregularity in wirelesssensornetworks. We evaluate the Symmet-
ric Geographic Forwarding solution in simulation, and implement the Asymmetry
Detection Serviceas well asthe Bounded Distance Forwarding solution in running
systemswith 27 60 MICA2 devices. Our results illustrate that our solutions do
succeedin alleviating the performancepenalties due to radio irregularity.

The rest of this paper is organizedas follows: we brie y analyzethe causesand
impact of radio irregularity in Section 2. In Section 3, we describe experimertal
data collectedfrom the Berkeley mote platform and make somegeneralconclusions
about radio irregularity. Based on these conclusions, we proposethe RIM radio
model in Section 4. We then use the RIM model in simulations to analyze the
impact of radio irregularity on MAC protocols in Section 5, routing protocols in
Section 6, localization protocols in Section 7 and topology cortrol protocols in
Section 8. Solutions to deal with radio irregularity are proposedand evaluated in
Section 9. Finally, we concludethe paper in Section 10.

2. ANALYSISOF RADIO IRREGULARITY

In this section, we rst identify the causesof radio irregularity, and then briey
discussthe impact of irregularity on the di erent protocol layers.

2.1 Causeof Radiolrregulaity

Radio irregularity is causedby two categoriesof factors: devicesand the propa-
gation media. Device properties include the antenna type (directional or omni-



directional), the sending power, antenna gains (at both the transmitter and re-
ceiver), receiver sensitivity, and the Signal-Noise-Ratio (SNR) threshold. Media
properties include the media type, the badkground noise and some other envi-
ronmental factors, such as the temperature and obstacleswithin the propagation
media.

In general, the radio irregularity is causedby the anisotropic properties of the
propagation media and the heterogeneousproperties of devices. Among all these
factors, we focuson the anisotropic path lossesand the di erences in signal sending
power, which are commonly regarded as the key causesof radio irregularity.

| Anisotropic Path Losses The variance in the signal path lossis one of the ma-
jor causesof radio irregularity. When a signal propagates within a medium,
it may be re ected, diracted, and scattered [Shankar 2001]. Re ection occurs
when an electromagnetic signal encourters an object, suc as a building, that
is greater than the signal's wavelength. Diraction occurs when the signal en-
counters an irregular surface,sudc asa stonewith sharp edges.Scattering occurs
when the medium through which the electromagneticwave propagatescortains a
large number of objects smaller than the signal wavelength. The medium is nor-
mally dierent in dierent directions. Consequetly, radio propagation exhibits
anisotropic patterns in most environments.
Another signi cant reasonfor anisotropic path lossis hardware di erences. A
node may not have the sameantenna gain along all propagation directions, pos-
sibly due to hardware manufacturing. Hence, the anisotropic antenna gain of
ead node also cortributes to the anisotropic path loss.

| Heterogen®us Sending Powers. Sensordevicesmay transmit RF signal at dif-
ferent sending powers, even though they are the same kind of devices. This
di erence may arise from somerandom factors during the manufacture of sen-
sor devices. In addition, after the sensordevicesare deployed, the batteries of
di erent sensordevicesdeplete at di erent rates, due to di erent workloads and
di erent ervironments in which they are deployed. Heterogeneousendingpowers
result in variable communication ranges,and causeanisotropic connectivity.

Environment and hardware di erences are the two major sourcesof radio irreg-
ularity, and we proposea radio model to simulate these two factors. We are also
aware that there are methods to adjust for di erences in output power, noise,and
manufacturing di erences. Readerscan refer to [Whitehouse and Culler 2002][Ho
and Azuma 2000][Highower et al. 2000]for details. Our focus of this paper is to
simulate the hardware di erences, rather than to calibrate hardware di erences.

2.2 Impact of Radiolrregulaity

Radio irregularit y is a non-negligible phenomenonin wirelesssystems. It's an essen-
tial reasonfor asymmetric radio interferenceand asymmetric links in upper layers.
It candirectly or indirectly a ect many aspects of upper layer performance.
Asymmetric radio interferencebetweenneighboring nodesa ects the correctness
of MAC layer functions. For example, in the presenceof radio irregularity, a node
might not be ableto successfullyresene the wirelesschannelthrough RTS and CTS
handshaking, becausethose neighboring nodes of the receiver, which cannot hear
the CTS control padket, might disrupt the receiving node. So, radio irregularity



increasesthe chance of channel resenation failure and reducesthe delivery ratios
of data framesat the MAC layer.

Radio irregularity can also a ect the performance and even correctnessof net-
working protocolssuc as[He et al. 2003][Johnsonand Maltz 1996][Karp and Kung
2000][Karp 2000]. For example, link asymmetry is one of the ways in which radio
irregularity manifests itself at the higher layer. Link asymmetry has an adverse
impact on protocols that use path-reversal techniques to establish an end-to-end
connection.

Actually, the impact of radio irregularity is not only con ned to the MAC and
routing layers, radio irregularit y alsoin uences other protocols, such aslocalization,
sensingcoverageand topology cortrol protocols.

Localization protocols sucd asDV-HOP [Niculescuand Nath 2003]and Certroid
[N. Bulusu and Estrin 2000] assumea spherical radio range. The study in [He
et al. 2003]shaws that the performanceof suc protocols degradeswhen the radio
range becomesrregular. The sensingcoverageschemein [Yan et al. 2003]assumes
that sensingand communication ranges are spherical. In the presenceof radio
irregularity, they might not be ableto guarantee full coverageand blind areaswould
occur. The topology control schemein GAF [Xu et al. 2001]builds a communication
mesh basedon the assumption of a spherical range. This might lead to network
partition in the presenceof a non-sphericalrange. We note that someother topology
cortrol protocols, such asASCENT [Cerpa and Estrin 2002]and Span [Chen et al.
2001]do not depend on such an assumption, however, performance evaluations of
those protocols consideringradio irregularity would be interesting future work.

In the rest of the paper, we evaluate the impact of radio irregularity on many
upper layer protocols, including the MAC layer, the routing layer, localization
protocols and topology cortrol protocols.

3. RADIO IRREGULARITYIN REALITY

We conduct several experimerts? to study the irregularity of the radio using MICA2
motes, and in this section we discusssome of the experimental results we obtain
from an outdoor ernvironment. Our results con rm that radio propagation is largely
anisotropic and exhibits a cortinuous variation with incremertal changesin direc-
tion.

3.1 Experimental Setup

We use a pair of MICA2 motes for our experiments. One of the motes periodi-
cally transmits probing beaconsand the other mote samplesits ADC port while
receiving thesebeacons.The ADC readsthe signal on the analog pin of the Chip-
con transceiver [ChipconCC1000] and corwverts it into a 10-bit voltage value. The
voltage reading is mapped into the received signal strength in dBm according to
the speci cation in [ChipconCC1000]. All experiments are conductedin an open
parking lot near a building, and all devicesare equipped with whip antennae with
the length of a quarter of the radio (433MHz) wavelength.

1This work is proposedto study and simulate the degree of radio irregularit y, not the exact radio
pattern. Readers can refer to [RF Chamber ] on how to use an RF chamber to measure highly
accurate radio patterns in special labs.



3.2 ExperimentalResults

In this section, we demonstrate the presenceof radio irregularity using three dif-
ferent metrics: 1) the received signal strength, 2) the padet reception ratio and 3)
the communication range.

3.2.1 Anisotropic Signal Strength. In the rst experiment, the receiwer is placed
10 feet away from the sender(both on ground) and the received signal strength is
measuredin four di erent geographicaldirections by sampling 100beaconsreceived
in ead direction.
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Fig. 1. Signal Strength over Time in Four Directions

Figure 1 shaws that the received signal strength in ead direction is relatively
stable over time (The small variance comesfrom the fading e ect [Shankar 2001]).
Howevwer, the signal strength received in the south is much higher than that re-
ceived in the east, although nodes have the same distance from the sender. We
also measurethe variation of signal strength with the changesin the angular di-
rection of the receiver with respect to the sender. Figure 2 shows the variation
of the received signal strength as a function of the angular direction with respect
to the sender, when the distance between the senderand receiwer is 10 feet and
20 feet, respectively. These results shaw that the received signal strength varies
cortinuously? with the direction. In other words, incremertal changesin direction
result in incremertal variation in the received signal strength.

3.2.2 Anisotropic Packet Loss Ratio. Figure 3 showns how the padket reception
ratio variesin di erent directions. When the senderand receiver are placed 10 feet
apart, the packet reception ratio is nearly 100%in all the directions, becausethe
signal is still strong in all the directions. However, when they are placed 20 feet
apart, there is a 90% padket lossin the eastdirection. This result is consistert with
the results shown in Figure 1, which demonstratesthat the received signal strength
measuredin the eastis lower than that in the other three directions.

2We call the variation contin uous if and only if the maximum received signal strength percentage
variance per unit degree change in the direction of radio propagation is smaller than 0.05.
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3.2.3 Anisotropic Radio Range. Another aspect in which we demonstrate the
irregularity is to show that the communication range of a mote is not uniform in
all directions. In the experiment, we x the received signal strength threshold at
-55.5dBm and -59 dBm, respectively. Then with suc thresholds, we measurethe
communication rangesin dierent directions. Figure 4 shows the communication
range of a mote as the receiwer direction varies from degreeO to degree359. The
range map shown in Figure 4 is another con rmation of radio irregularity in a
wirelessmedium.

3.2.4 Range Irr egularity with Varying Sending Power. We also investigate the
received signal strength when the sendingpower variesdue to di erent battery sta-
tus and hardware di erences. In Figure 5(a), we usethe samesenderand receiwer,
placed 10 feet apart. We change the batteries at the senderside ead time. The
result indicates that di erent battery status at the samesendercan a ect the re-
ceived signal strength. In Figure 5(b), we usethe samebatteries, but in dierent
sendersead time. The samereceiwer is used, placed 10 feet apart from the sender.
The result shaws that di erent senderswith the samebatteries can alsoa ect the
received signal strength.
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3.3 Summay of ExperimentalResults

From the experimental results, we infer that the radio of sensordeviceshas the
following main properties:

(1) Anisotropy: The radio signal from a transmitter hasdi erent path losses® in
di erent directions (Figure 1 and Figure 2).

(2) Continuous variation: The signal path lossvaries contin uously with incremen-
tal changesof the propagation direction from a transmitter (Figure 2 and Fig-
ure 4).

(3) Heterogeneity: Dierences in hardware property and battery status lead to
di erent signal sending powers, hencedi erent received signal strengths (Fig-
ure 5).

3Figure 2 shows that the received signal strength varies greatly in di eren t propagation directions,

while Figure 1 tells us that the fading e ect doesnot cause much variation in the received signal
strength for a specied direction. Accordingly , it is reasonableto believe that dieren t path losses
in dieren t directions are the main reason for the received signal strength variations in dieren t
propagation directions.



4. MODELINGRADIO IRREGULARITY

As we have shawn in our experiments aswell as demonstratedin other researd re-
sults [Ganesanet al. 2002][Wbo et al. 2003][Zhaoand Govindan 2003][Cerpaet al.
2003], radio irregularity is a common phenomenonin wireless sensor networks.
Therefore, it is essetial for simulations of wireless systemsto capture suc ef-
fects. This section describesour e ort to model such a phenomenonin simulation
environments.

4.1 Isotropic RadioModels

In isotropic radio models, the received signal strength is usually represened with
the following formula:

ReceivedSignal Strength = SendingPower PathLoss+ Fading (1)

The SendingP ower of a node is determined by the battery status and the type of
transmitter, ampli er and antenna. PathLoss describesthe signal's energylossas
it travelsto the receiver. Many modelsare usedto estimate the P athLoss, sud as
the free-spacepropagation model, the two-ray model and the Hata model [Shankar
2001]. All these models are isotropic, meaning that the signal attenuates exactly
the samein all directions. However, our experienceas well as results obtained by
others [Ganesanet al. 2002][Wbo et al. 2003][Zhaocand Govindan 2003][Cerpaet al.
2003]all indicate that the isotropic models do not hold well in practice.

4.2 Radiolrregulaity Model (RIM)

The RIM model we propose here is an extension to isotropic radio models. It
enhancesisotropic radio models by approximating three main properties of radio
signals: anisotropfy, corntinuous variation and heterogeneit, as we summarizedin
Section 3.3. These properties are normally ignored by previous isotropic radio
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Fig. 6. Degree of Irregularit y

To denote the irregularity of a radio pattern, the parameter DOI ( degree of
irregularity) is introduced into the RIM model. The DOI parameter is de ned as
the maximum path loss percentagevariation per unit degree changein the direction
of radio propagation. As shawn in Figure 6, when the DOI is set to O, there
is no range variation, and the communication range is a perfect sphere. However,
whenwe increasethe DOI value, the communication range becomesmore and more
irregular.
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Fig. 7. DOI Values from MICA2 Exp eriments

The RIM modelis a generalradio model which can default to the isotropic model
when the DOI value is 0. The RIM model is establishedbasedon data from real
sensordevices. It is a hybrid approad, which intro ducesreal data (DOI value) into
simulations, so that the radio irregularity pattern in reality can be approximated
well. We repeat the experiments shown in Figure 2 on 6 MICA2 devicesin a
vehicle tracking system, and calculate the corresponding DOI values, according to
the DOI de nition. The experimental results depicted in Figure 7(a) inform that
the variancesof the received signal strength with incremenrtal changesin directions
are small, which validates our conclusionabout cortinuous variation.

In order to investigate possible DOI variance in di erent types of devices, we
repeat the experiments with new MICA2 motesthat have double length antennae,
1=2 the radio wavelength. Each node's DOI value is calculated and presened in
Figure 7(b), which shows comparatively larger DOI valuesthan thosein Figure 7(a).
This is becausethe new MICA2 deviceshave longer and more powerful antennae
that amplify existing hardware di erences.

To explore the RIM model's applicability acrossplatforms and radios, we re-
peat the experimerts with MICAZ [CROSSBOW ] motes, eat of which has a
whip antenna of 1=4 radio wavelength. MICAZ motesusethe CC2420radio [Chip-
conCC2420], which follows the IEEE 802.15.4[IEEE 802.15.41999]standard and
is di erent from the CC1000 [ChipconCC1000] radio usedin MICA2 motes. As
Figure 7(c) illustrates, the RIM model appliesin MICAZ devicesand the measured
DOI values have the range from 0.015to 0.03. Comparing Figure 7(a) with Fig-
ure 7(c), we obsene that MICAZ motesexhibit a higher degreeof radio irregularity
than MICA2 motes, when both typesof devicesuse 1=4 wavelength whip antennae.
This is becausethe CC2420radio in MICAZ is more powerful than the CC1000



radio in MICA2.

4.2.1 Anisotropy Property in the RIM Model. Many modelsare usedto estimate
path loss,such asthe free-spacepropagation model, the two-ray model and the Hata
model [Shankar 2001]. These models are isotropic in the sensethat the path losses
in dierent directions are the same. To re ect the two main properties of radio
irregularity, namely anisotropy and continuous variation, we adjust the value of
path loss models in Equation 1 basedon DOI values, resulting in the following
formula:

ReceivedSignal Strength = Sending Power DOI Adj ustedPath Loss + Fading
where DOI AdjustedPath Loss = PathLoss K; (2)

Here K; is a coe cien t to represert the di erence in path lossin di erent direc-
tions 4. Speci cally, K; is the i"" degreecoe cien t, which is calculated as follows:

K. = 1 ifi=0
"7 Kij ;1 Rand DOl if0O<i< 360"i2N
wherej Ky Kgs9j DOI 3)

We can generate 360 K; valuesfor the 360 di erent directions, basedon Equa-
tion 3, by randomly xing a direction asthe starting direction represerted by i = 0.
For the direction which doesnot have an integer value of anglefrom the start direc-
tion, we interpolate the K; value basedon the valuesof the two adjacert directions
which have integer anglesfrom the starting direction.

Ki = Ks+ (i s) (Kt Kg)
wheres= hic” t = demod360" 0< i< 360" i2N (4)

The statistical analysis of our experimental data indicates that the variance of
received signal strength (mainly becauseof path lossvariation sinceFigure 1 shows
that fading is pretty small) in di erent directions ts the Weibull [Devore 1982]dis-
tribution. The Weibull distribution can be usedto model natural phenomenasud
as variation of wind speed, scattering of radiation, etc. The Rayleigh distribution,
which is commonly usedfor modeling multi-path fading in wirelesscommunication,
is a special caseof the Weibull distribution. Analysis details are provided in Ap-
pendix A. In Equation 3, we generatea random number according to the Weibull
distribution.

We conduct experimerts to evaluate the RIM model's ability to generateradio
patterns that have specied degreeof radio irregularity. We input to the RIM
model the degree of irregularity value DOI=0.01821 °, which is measuredin a
MICA2 device and illustrated as the value of column 7 in Figure 7(b). Then the

4Coecien t K; is usedto adjust the path lossin a specied direction. In this specied direction,
we can also proposeto adjust K's value in a small range based on the distance the receiver is from
the transmitter, becausewhen the distance increases, the signal travels in a larger environment
area. Soit may suer dierent reection, diraction and scattering and has dieren t path loss.
We leave this as future work.

5Here, we keep 5 digits after the point to illustrate how accurate the RIM model is in simulating
the degree of radio irregularit y. As shown in later sections, maintaining 3 digits after the point is
good enough for performance evaluation.



DOI values of generatedradio patterns from the RIM model are calculated and
comparedwith the input DOI value. Figure 8 presers the result.
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Fig. 8. Degree of Irregularit y Evaluation (with 90% Con dence Intervals)

As Figure 8 illustrates, the RIM model is very accurate in simulating the de-
gree of radio irregularity. When the simulation uses100 nodes, the length of the
90% con dence interval is lessthan 0.0005,which is only 2.7% comparedwith the
input DOI value 0.01821. In addition, according to performance evaluation (Fig-
ures 12, 18, 21, 22, 23 and 25) in later sectionsof this paper, 0.0005is too small
to distort the performanceevaluation.

Moreover, with the increaseof the sample space,the RIM model convergesto-
wards the target DOI value. For example, when simulation uses1000 nodes, the
length of the 90% con dence interval decreaseso 0.00015. Compared with the
input value 0.01821,it only has 0.8% variation. The RIM model also gives more
accurate averageDOI valueswith the increasein the number of simulated nodes.
The averageDOI is 0.01799when 100 nodesare used,and it becomes).01827when
1000nodesare used, which is much closerto the target value 0.01821.

Accordingly, statistically speaking, the RIM model has the ability to simulate
the degreeof radio irregularity.

4.2.2 Heterogeneity Property in the RIM Model. Due to di erent battery status
and hardware di erences, the received signal strength can be dierent from two
sendingnodes of the sametype in the sameexperimertal setting. In RIM, we use
the variance of signal sendingpower to accourt for such a di erence. We introduce
the secondparameter named VSP (Variance of Sending Power), which is de ned
as the maximum percentage variance of the signal sending power among di er ent
deviees The new signal sending power is modelled by the following equation:

V SP Adj usted Sending Power = SendingPower (1+ Rand VSP) (5)

In Equation 5, we assumethat the variance of sending power ts the normal
distribution, which is broadly usedto estimate battery lifetime distribution [Battery
Lifetime ] and to simulate hardware di erences [Devore 1982].



With the two parameters: DOI and VSP, the RIM model can be formulated as
follows:

ReceivedSignal Strength = V SP Adj usted Sending P ower
DOI AdjustedPath Loss + Fading (6)
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Fig. 9. Battery Power Level Snapshot in the VigilNet System

We are also aware that the default normal distribution we implemented in RIM
is not a universal solution for all sensornetwork systems. The normal distribution
may work well for initially deployed systems,which are equippedwith new batteries.
However, with respect to a systemthat has beenusedfor a long time, the battery
power level may not t the normal distribution.

We take a snapshotof all battery power levelsin the VigilNet System[He et al.
2004],and plot the distribution in Figure 9.

As shown in Figure 9, the battery power level doesnot t a normal distribution
well. This is becausein the system design, all nodes are divided into two groups:
sentry nodesand non-serry nodes. Senry nodesare supposedto work all the time
and non-serry nodes are put to sleepto save power. Non-seriry nodes are only
awakenedwhen an important event happens. Accordingly, this sertry designleads
to more energy consumption for sertry nodesand lessenergy consumption for non-
sertry nodes. To simulate this non-normal distribution, readersare encouragedto
replace the normal random number generator in the RIM model with their own
random number generators,to re ect the power level distribution reality in their
own systems,and there is no needto modify any other code in RIM.

4.2.3 DOI Variance in a System. From empirical data we collected in two
MICA2 systemsand a MICAZ system shown in Figure 7, we obsene that sen-
sor devicesin a systemmay have di erent DOI values,depending on the hardware
devicesused and the deployment ervironment. It is not corveniert to measure
ead node's DOI value in a large scalesystemand assignthe measuredDOI values
to ead node in simulation. In order to re ect this fact of DOI variance among



di erent devicesin a system, we intro duce the third parameter VDOI (Variance of
DOI), which is de ned asthe maximum percentage variance of DOI valuesamong
dier ent devies in a system We assumethe DOI variance in a system ts the
normal distribution. Sowith the distribution aswell asthe VDOI value, ead node
in the system can easily get a DOI value. In performanceevaluation of this paper,
we rst set VDOI as 0 to obsene system performancewith dierent DOI values,
and then setVDOI greaterthan 0 to investigate performancesensitivity to di erent
VDOI values.

4.3 Compaisonwith a Binary DOI Model

The RIM model is motivated by a simple binary DOI (Degreeof Irregularit y) model
brie y mertioned in the localization work [He et al. 2003]. In the binary DOl model,
the DOI parameter wasoriginally de ned asthe maximum rangevariation per unit
degreechangein the direction of radio propagation.

The DOI model assumesan upper and lower bound on signal propagation, which
are depicted as the inner and outer dashedcircles in Figure 10(a). Beyond the
upper bound, all nodes are out of communication range; and within the lower
bound, every node is guaranteed to be within the communication range. If the
distance betweena pair of nodesis betweenthesetwo boundaries, three scenarios
are possible: 1) symmetric communication, 2) asymmetric communication, and 3)
no communication.

(a) No interference in the binary DOl model

(b) Interference in the RIM model

Fig. 10. Communication Interference



The binary DOI model is a good start to model signal irregularity. Howewer, it
doesnot model interferencein real deviceswell. Sincethe DOI model is basedon an
absolute communication range, it assumesthat within the inner range, the signal
is very strong and can always be received correctly, while beyond the outer range
there is no signal at all. This binary pattern is not true in reality. For example,in
Figure 10(a), the DOI model assumesthat there is no interference between nodes
B and C.

However in reality, there are no such clear boundariesand the communications of
nodesdo interfere with ead other. Di erent from the binary DOI model, the RIM
model we proposetakesthe radio sendingenergy the energyloss, the background
noise, and the interferenceamong di erent communication signalsinto accoun.

The di erence can be further explained with an example. In Figure 10(b), the
RIM model allows node B's signal to propagate beyond its communication range
to reach node C, even though it is not strong enoughfor node C to receiw it asa
valid padket. This weak signal from node B acts as one sourceof badkground noise
around node C. In this case,node C may not be able to receive padckets from node
A, if the received signal is not stronger than the product of the Signal-Noise-Ratio
(SNR) threshold and badkground noiselevel of node C.

The DOI model only models an absolute range basedon the distance and deter-
mines whether one node can hear another node only by comparing the distances
between these two nodes with the sender'scommunication range. With sud a
binary decision,it can't deal with interferenceas we mertioned earlier.

The RIM model enhanceghe isotropic radio model and the DOI radio model, by
combing the energymodelsand the DOI factor together. The original DOI concept
is rede ned by incorporating radio energy propagation. We note that RIM is a
generalradio model which can default to the isotropic model when the DOI value
is 0. Also, it can default to the DOI model when there is no interference among
nodes.

We needto clarify that the RIM model is not proposedto simulate the exact
radio pattern. Instead, it is a generalradio model to simulate the degreeof radio
irregularity. Given measuredradio patterns from a real system, the valuesof DOI,
VSP and VDOI can be calculated and con gured in the RIM model. Then the
RIM model can generatea speci ed number of radio patterns that have the same
degreeof radio irregularity. For a systemthat adopts hardware calibration schemes
[Whitehouse and Culler 2002][Ho and Azuma 2000][Highower et al. 2000], the
valuesfor DOI, VSP and VDOI are con gured smaller, accordingto the measured
valuesfrom sampleddevices,sothat the reducedradio irregularity is simulated. In
a similar way, the RIM model can be con gured to simulate systemsthat consists
of hardware with di erent transceivers.

The RIM model is proposedto account for the three main properties of radio
irregularity: anisotropy, cortin uous variation and heterogeneit, as we summarized
in Section 3.3. Currently, the experiments we presen are conducted in a parking
place with MICA2 and MICAZ devices. The exact radio patterns and the degree
of radio irregularity may vary in di erent ervironments. We expect that the radio
is more irregular in a harsherenvironment, such asin a wild forest. We also expect
that the three main properties of radio irregularity still hold in a harsher environ-



mert, and the radio irregularity can be simulated by choosing larger DOI values.
This is subject to further con rmation with experiments in di erent ervironments.

In the following sections, we use the RIM model as a simulation tool to help
explorethe impact of radio irregularity on MAC, routing, localization and topology
cortrol protocols.

5. IMPACT ON MAC LAYER

In this section, we rst analyze how operations in the MAC layer are a ected by
radio irregularity. We then quartify the degreeof MA C performance degradation
in the presenceof radio irregularity.

5.1 Logical Analysisof the Impact

Most corntention-based MA C protocolsare basedon carrier sensingor handshaking
techniques. In this section, we analyze the impact of radio irregularity from the
technical point of view.

(a) Carrier Sensing (b) Handshaking

Fig. 11. Impact on MA C Proto cols

(1) Impact on Carrier Sensing: Radio irregularity increasesthe chancefor MAC
protocols that usethe carrier sensingtechnique to get involved in the hidden
terminal problem. For example,in Figure 11(a), while node B is transmitting
padcets to node C, due to the irregularity, node A cannot detect the signal
from node B, sonode A sensesa clear channel and starts to transmit padets.
As a result, a collision happensat receiver C. This scenariodoes not occur if
node B has a spherical radio range that covers node A so that A can sense
node B's signal and will not send a packet to C and get corrupted. Typical
protocols using the carrier sensingtechnique are CSMA [Kleinrock and Tobagi
1975],MACA [Karn 1990],MA CAW [Bharghavan et al. 1994]and 802.11DCF
[[EEE 802.111999].

(2) Impact on handshaking: The handshaking technique is specially designedto
resolve hidden and exposedterminal problems. Howewer, they cannot resole
the hidden and exposedterminal problems due to asymmetry, which can be



Table I. Simulation Con guration One

TERRAIN (150m X 150m)
Node Number 100

Node Placement Uniform

Application Many-to-one CBR Streams
Payload Size 32 Bytes

Routing Proto col AODV, DSR, GF
MA C Proto col CSMA, 802.11 (DCF)
Radio Layer RADIO-A CCNOISE
Radio Model RIM

Nominal Radio Range | 40M

Radio Bandwidth 200Kb/s

produced by radio irregularity. This can be demonstrated in an example (Fig-
ure 11(b)). We assumethat node A sendsa RTS messagego node B, and then
node B responds with a CTS messageto node A. Any node overhearing the
CTS messagés supposedto wait long enoughfor node A to sendout the data
padcet. If node C can't hear the CTS messagedrom node B while node B can
hear node C, there will be a collision if node C sendsdata. Similar examples
can be found for the exposedterminal case.

5.2 Quantitative Analysisof the Impact

We implemented the RIM model in the radio layer of GloMoSim [Zeng et al. 1998],
a scalablediscrete-ewent simulator developed by UCLA. We rst describe our sim-
ulation con guration, and then ewaluate the performanceimpact under dierent
DOI and di erent VSP values, respectively.

This is not a media accesscontrol paper and we do not try to explore the impact
of radio irregularity on all MAC protocols. We choosetwo typical MAC protocols,
CSMA and 802.11DCF, for casestudy, becausethey are popular protocols and
also very typical protocols that use carrier sensingand RTS-CTS handshaking
techniques. Readerscan refer [Ye et al. 2002][Rgendran et al. 2003][Dam and
k. Langendaen 2003][Wbo and Culler 2001][Rolastre et al. 2004] for more MAC
protocols.

In the experimerts, we usesix CBR streams as the workload and set the CBR
rate at a low rate, in order to isolate the e ect of congestionand radio irregularity.
Two metrics are used: 1) the lossratio (number of packets lost / number of packets
sernt) and 2) the averagesingle hop delay of received packets. We vary the DOI and
VSP values separatelyin order to isolate and identify the impact individually. In
ead data value we preser, we alsogive the corresponding 90% con dence interval.

In order to make our evaluation closeto existing hardware proposed for use
in wireless sensor network environments [CROSSBOW ], we use the simulation
con guration shawvn in Tablel. In all experimerts, we investigate the range of DOI
values according to the experimental data obtained from MICA2 motes as shovn
in Figure 7.

5.2.1 MAC Performance with Dier ent DOI. In this section, we set VDOI as
0, to evaluate the performance of MAC layer with dierent DOI values. In the
next section, we investigate the performancesensitivity to DOI variance, by setting



VDOI greater than 0.

In the initial setup, we use Geographic Forwarding (GF) in the routing layer
and comparethe MA C performancebetween802.11and CSMA. We found that the
MAC lossratio increasesrapidly with the increaseof DOI values (Figure 12(a)).
However, 802.11and CSMA vyield roughly the sameresults. We realize that MAC
performancecan be strongly a ected by routing, becausean incorrect routing de-
cision might lead to the failure at MAC layer. For instance, the routing layer
designatesthat the MAC layer send a packet to a node that is out of reach. So
we repeat the experiments with the AODV protocol as the routing layer. We nd
that the MAC lossratio increasesslightly with the increaseof DOI values. Suc
a discrepancyis a strong indication that the radio irregularity has a much larger
impact on routing protocols than MAC protocols. We explain this in more detail
in Section 6.
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From Figure 12(b), we can seethat with the increaseof DOI values,the average
single hop delay remains almost the same. The reasonis that increasingthe DOI



value only increasesthe communication asymmetry, but not the congestion. This
is alsoa con rmation that padket lossin Figure 12(a) is not due to congestion.

5.2.2 Performance Sensitivity to Dier ent VDOI. This section is to explore
whether DOI variance in a system has impact on the MAC performance. In the
simulation, we set DOI as 0.01 and vary VDOI from 0 to 1, in stepsof 0.1, and
presen the simulation results in Figure 13.

From Figure 13, we obsene that when VDOI varies from 0 to 1, neither the
average single hop loss ratio nor the average single hop delay varies much. The
possiblereasonis that, statistically, while one portion of nodes have larger DOI
values and hencemore irregular radio, another portion of nodeswill have smaller
DOI values and hencelessirregular radio. So their e ects are cancelledby eath
other, and the system-wide MAC performanceis not sensitive to di erent VDOI
values.

5.2.3 MAC Performance with Dier ent VSP. In this experimert, we set the
DOI value to 0, which meansthat the radio range is isotropic. However, di erent
VSP valuesmake radio rangesdi erent among nodes.

The results shovn in Figure 14 are similar to the results shown in Figure 12,
which we obtain by varying the DOI values. The averagesingle hop delay remains
almost the same,becausethe di erent sending powers only increasethe degreeof
communication asymmetry, but not the congestion.

The lossratio increaseswith the increaseof VSP valuesbecausethe irregularity
results in more asymmetric links. The lossratio when AODV is usedis much lower
than that when GF is used, becauseasymmetric links have a larger impact on
GF than on AODV. This result indicates that varying the VSP valueshas a much
larger impact on routing protocolsthan on MAC protocols, which is similar to the
behavior we obsened by varying the DOI values.
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6. IMPACT ON ROUTINGLAYER

In this section, we analyze and quartify the impact of radio irregularity on routing
protocols. We rst discussthree techniquesthat are widely usedin most routing



protocols: path-reversal, multi-round discovery, and neighbor discovery. Our anal-
ysis shaws that both path-reversal and neighbor-discovery are greatly in uenced
by radio irregularity. Howewver, the multi-round discovery technique is able to deal
with radio irregularity, but with relatively high overhead. Our simulation results
also shaw that radio irregularity has a great impact on Geographic Forwarding
(GF), but a small impact on AODV and DSR.

6.1 Logical Analysisof the Impact

In this section, we study the in uence of radio irregularity on path-reversal, multi-
round discovery, and neighbor-discovery techniques. We alsoquartify this in uence
in two cases.In onecase,path lossdi erence is the main reasonof radio irregularity
and link asymmetry, and in the secondcase,di erence in radio sending power is
the main reason.

RREQ

Source

B Dest.

Fig. 15. Impact on Path-Rev ersal Technique

6.1.1 Impact on Path-ReversalTechnique. Protocolsthat usepath-reversaltech-
nique are built basedon the assumptionthat if there is a path from node A to node
B, there is also a reverse path from node B to node A. The path may consist
of a single link or multiple links. Most on-demand routing protocols usedin ad
hoc networks such as AODV [Perkins and Royer 1999], DSR [Johnson and Maltz
1996],Direct Di usion [Intanagonwiwat et al. 2000]and LAR [Ko and Vaidya 1998]
depend on this technique.

Radio irregularity may result in asymmetric links and hence, it may have an
adverse impact on protocols that use path-reversal techniques. For example, in
Figure 15, node B can hear node A, but node A cannot hear node B. So even
though there is a path from sourceS to destination D, we cannot assumethat the
reversepath from D to S exists. Soduring route discovery, if sourceS broadcastsa
route request(RREQ) to discover the path to destination D, it may not be possible
to deliver the reply (RREP) messagdo sourceS alongthe reversepath, eventhough
node D repliesto the request. In such a case,the route discovery fails.

The above analysisleadsoneto beliewve that it would be inappropriate to useany
routing protocol that usespath-reversal in route discovery, such as AODV, DSR,
DD and LAR, in an asymmetric environment, becausethey would have a very high
lossratio. Howewer, the simulation results we presen later shav that AODV and
DSR work reasonablywell despite the asymmetric nature of communication. The



reasonis that in addition to path-reversal technique, these routing protocols also
use the multi-round discovery, which is capable of dealing with asymmetry, but
with a high overhead.

6.1.2 Multi-R ound Discovery Technique. In AODV and DSR, the RREQ is
broadcast towards the destination D. So node D receives RREQ messagesrom
multiple paths, as shawn in Figure 16. It choosesone of the many available paths
to sendthe RREP messageback to source S, according to someruntime con g-
urable parameter, sud asthe RREQ arrival time, path load, or end-to-end delay
of the path. If the reversepath doesnot exist, the RREP fails to arrive at sender
S and the route discovery is repeated due to timeout. In the next attempt, thanks
to the random nature of o oding, node D might receive a RREQ messagefrom
another path, which happensto be a symmetric connection.

Fig. 16. Route Discovery Using Rediscovery Technique

The chanceto establish a symmetric connection increasesafter retries. If there
is no limitation on the number of retries, a symmetric path will sooner or later
be discovered on the condition that suc a path exists. We note that the redis-
cover technique provides a viable way to work around the e ects of asymmetry,
but with signicant overhead. Also the path reinforcemen scheme preseried in
[Intanagonwiwat et al. 2000] can reducethe impact of path-reversal technique, by
cortinuously monitoring performancesin multiple paths and reinforcing the best
path.

6.1.3 Impact on Neighlor Discovery Technique. Many location-based routing
protocols [He et al. 2003][Karp and Kung 2000][Karp 2000] use the neighbor dis-
covery technique in order to maintain the neighborhood information. Howewer, the
neighbor discovery technique works well only if the links are symmetric. For ex-
ample, in Figure 17, node A discoversits neighbors by receiving beacons.Node A
might chooseone of its neighbors, node B, C, or D for forwarding padets. How-
ever, if node A picks node B which is unable to hear node A, node B will never
receive the padket forwarded by node A. If hode A doesnot retry its transmission
with the other neighbors, the transmission of the padket will fail. So the rout-
ing protocol basedon the neighbor discovery technique is subject to failures when
communication is asymmetric.



Fig. 17. Impact on Neighbor Table Technique

6.2 Quantitative Analysisof the Impact

In this section, we quartify the performancepenalty of radio irregularity, through
four setsof experiments. In ead set, we measurefour metrics: end-to-end (E2E)
lossratio, averageE2E delay, number of cortrol packets, and energy consumption.

We rst measurethe routing performancewith dierent DOI values, and then
investigate the performance sensitivity to di erent VDOI values. In the third set
of experiments, dierent VSP valuesare con gured to explore the routing perfor-
mance. In the fourth set of experimerts, we take the GF routing protocol as an
example, to investigate the performance changeswhen combinations of dierent
DOI and VSP valuesare used.

Beforewe analyzethe performanceevaluation, we'd like to explain how GF [Karp
2000]works. In GF, ead node beaconsits ID and location periodically, so that
ead node can maintain up to date neighbor information. When the application
requeststo senda packet to a speci ed destination, GF comparesthe distance of
ead neighbor to the destination, and forward the data padket to the neighbor that
is closestto to the destination. This routing strategy is repeatedby all intermediate
nodesthat participate in padket forwarding, until the data padcet is nally received
by the destination.

6.2.1 Routing Performance with Dier ent DOI. In this section, we set VDOI
to 0 to evaluate routing performancewith dierent DOI values. In the following
section, we set VDOI greater than 0 to investigate routing performancesensitivity
to DOI variance.

Figure 18(a) shows that GF is greatly in uenced by radio irregularity. It loses
84.5% padkets when the DOI is 0.02. The reasonis that accordingto the greedy
forwarding rule, GF tends to choosea node near the border, which is more likely
to have an asymmetric link with the sender. AODV and DSR perform well because
they usemulti-round discovery, exploring alterativ e pathsto nd a symmetric con-
nection. However, they achieve a low lossratio at the cost of increasedoverheadin
cortrol padkets shown in Figure 18(c).

In Figure 18(b), the average E2E delay of DSR and AODV increaseswith the
increaseof DOI values. That is becausemore rounds of route discovery are needed
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Fig. 18. Routing Performance with Dieren t DOI Values

as the radio irregularity increases. In Figure 18(b) DSR has a higher delay than
AODV, becausethe sourcerouting technique in DSR adds the whole path in the
header of data padkets, which increasesthe transmission time. However, the E2E
delay of GF remainsthe samebecausepadketsin GF either go through successfully
or get dropped.

Figure 18(c) shaws that while AODV and DSR need more cortrol padkets to
do multi-round discovery, when the DOI value increasesGF needsonly a constart
number of cortrol padkets for neighbor exchange.

Figure 18(d) preseris the energy consumption normalized according to useful
work completed. It is measuredas the energy consumedfor ead successfullyde-
livered end-to-end data byte. Figure 18(d) informs that AODV, DSR and GF all
consumemore energy to deliver a useful data byte through multiple hops, when
the DOI value increases. This is becausethe increasedradio irregularity leadsto
increasedasymmetry links, which result in increasedretransmissionto deliver the
sameamount of useful data. Moreover, as shown in Figure 18(a), GF delivers less
useful data than AODV and DSR, and DSR delivers lessuseful data than AODV,
with the increaseof DOI values. Accordingly, among the three routing protocols,
GF is lessenergy e cien t than AODV and DSR, and DSR is lessenergy e cien t
than AODV, asshown in Figure 18(d).



6.2.2 Performance Sensitivity to Dier ent VDOI. This section is to analyze
whether the DOI variance in a system has impact on routing performance. In the
simulation, we set DOI as0.01and vary VDOI from 0 to 1, in stepsof 0.1.
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Fig. 19. Routing Performance Sensitivity to Dieren t VDOl Values

From Figure 19, we obsene that when the VDOI value varies from 0 to 1, none
of the four metrics, E2E lossratio, average E2E delay, number of control padkets
and energy consumption per delivered data byte, shows clear performancevariance
statistically. This is becauseon one hand, somenodes get larger DOI values and
have more irregular radio patterns, on the other hand, someother nodesget smaller
DOI values and have lessirregular radio signals. They cancel their e ects with
ead other, and we obsene no signi cant performancechangeswith dierent VDOI
values.

6.2.3 Routing Performance with Dier ent VSP. In Figure 20, the impact of
radio irregularity on the routing layer is measuredfor di erent DOI values. In this
section, we measurethe impact of radio irregularity on the routing layer by varying
the VSP values. From our results, we nd that an increaseof the VSP value hasa
similar impact on AODV, DSR and GF, as an increaseof the DOI value, because
both lead to a higher degreeof irregularity and therefore, a higher degreeof link
asymmetry.



From Figure 20(a), we seethat all routing protocols have higher lossratios when
the VSP value is increased, becausethere are more asymmetric links. GF has a
much higher lossratio than that of AODV and DSR, becauseGF usesneighbor
discovery and tends to choosethe samenode near the border of the radio range
asthe candidate, while AODV and DSR usemulti-round discovery to try dierent
paths.

As in the caseof larger DOI values,larger VSP valuesresult in more asymmetric
links, which lead to larger average E2E delays (Figure 20(b)) and higher energy
consumption per delivered data byte(Figure 20(d)). However, GF doesnot require
more beacons,so there is no increasein the cortrol padkets (Figure 20(c)) and the
delay remains the same (Figure 20(a)). The energy consumption of GF for eath
delivered data byte increasessharply with the increaseof VSP values, becauseits
padket lossincreasesquickly.

To summarize,as DOI and VSP increase,radio irregularity hasa greater adverse
impact on the GF protocol compared to on-demand routing protocols that use
multi-round discovery such as AODV and DSR.
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6.2.4 Routing Performance with Di er ent DOI-VSP Combinations. In Section
6.2.1 and 6.2.3, we evaluate the impact of radio anisotropy and heterogeneous

(d) Energy Consumption vs. VSP

Fig. 20. Routing Performance with Dieren t VSP Values



sending powers on routing performance, by setting di erent DOl and VSP values
separately In this section, we explore their composite impact on the routing pro-
tocols. We take the GF routing protocol as an example, and use combinations of
di erent DOI and VSP valuesto evaluate GF's packet lossratio.
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Fig. 21. GF Performance with Dieren t DOI-VSP Combinations

As Figure 21 illustrates, for all the con gured VSP values, whether it is O or
greater than 0, a larger DOI value always leadsto a larger E2E lossratio. The
routing performance decreasesimilarly aswhat we obsene in Figure 18(a) when
the VSP value is setto 0. On the other hand, for all the DOI valueswe use, a
larger VSP value also leadsto a larger E2E lossratio, which is similar to what we
obsene in Figure 20(a) whenthe DOI valueis setto 0. This shows that the impact
of DOI and VSP do not cancelead other.

Howewer, the impact of DOl and VSP on routing performance do not arith-
metically accunulate, accordingto the results in Figure 21. This re ects that the
asymmetric channels causedby DOI overlap with those causedby VSP in some
locations of the system. The more the asymmetric channelsoverlap, the larger the
gap between the composite E2E loss ratio and the sum of E2E loss ratios when
either of them is setto 0. This is why the distancesamong the four curvesshowvn
in Figure 21 get closerwhile the DOI value increases.

7. IMPACT ON LOCALIZATION

In this section, we explore the impact of radio irregularity on localization protocols.
We do not try to cover every localization protocol in detail, sincethat is beyond
this paper's discussion. We take somepopular techniques and protocols from the
localization family and analyzethe impact. We alsopresen performanceevaluation
of the Certroid protocol, as an example of quartitativ e analysis.

Radio irregularity has a great impact on the localization protocols that usethe
Receiwed Signal Strength Indicator (RSSI) technique, such as RADAR [Bahl and
Padmanabhan 2000] and SpotOn [Hightower et al. 2000]. The RSSI technique
assumeghat oncethe distance betweenthe transmitter and receiwver is determined,
the RSSI value is determined, and vice versa. Howewer, in our experiments with



Table II. Simulation Con guration Two

TERRAIN (150m X 150m)

Node Number 400(including anchors)
Node & Anchor Placement | Random

Routing Proto col GF

MA C Proto col 802.11 (DCF)

Radio Layer RADIO-A CCNOISE
Radio Model RIM

Nominal Radio Range 65M

Radio Bandwidth 200Kb/s

MICA2 motes(Figure 2), the RSSlvalue varieswhenthe receiver is put at di erent
propagation directions from the transmitter, even though the distance between
them is invariant, 10feetin Figure 2(a) and 20feetin Figure 2(b). Accordingly, the
RSSI technique is misleading in calculating locations when the radio propagation
direction is disregarded.

In DV-HOP [Niculescu and Nath 2003], the anchor nodes o od their locations
throughout the whole network. Any node receiving this messagerecordsits hop-
court to corresponding anchors. Then with thesehop-courts to anchors, with the
averagedistance per hop and with the andhors' locations, eat node can gure out
its own location. However, the radio rangeis not isotropic, and the communication
rangesdo not have an invariant value in di erent propagation directions. So the
distance of ead hop varies greatly, depending on the degreeof radio irregularity.
Soit is misleadingto calculate a node's distanceto an anchor asthe product of the
hop-court and the averagedistance per hop.

Radio irregularity has a great impact on the Centroid algorithm. In Centroid, a
node's location is calculated as the geographiccerter of all anchors it hears. This
idea doesnot work well becausea node that can hear N anchors is not necessarily
located exactly at the geographiccerter of the N anchors. When we considerthe
fact of irregular radio, the performance becomesworse, which can be obsened in
the simulation result illustrated in Figure 22. As before,the simulation is conducted
in GloMoSim, and the simulation con guration is givenin Table I1.

From Figure 22(a), we obsene that with the increaseof DOI values, the local-
ization error keepsincreasing, with all the settings of the average Anchor Heard
(AH), which is de ned asthe averagenumber of anchors heard by a node and used
during location estimation. For example,when DOI is 0 and AH is 20, the radio is
spherical and the localization error is 33.7%of the nominal radio range. But when
the DOI increasesto 0.02and AH remains 20, the radio becomesvery irregular and
the localization error increasesto 54.7%of the nominal radio range. The decreased
Certroid performanceis causedby the increasedradio irregularity, sincelarger DOI
valueslead to more anisotropic radio patterns.

Similar experimerts are repeated with di erent VSP values(Figure 22(b)), and
we nd that Certroid's localization error also increaseswith increasingVSP.

8. IMPACT ON TOPOLOGY CONTROL

In this section, we take GAF [Xu et al. 2001], a typical topology cortrol protocol,
as an exampleto study the impact of radio irregularity. In GAF, the deployment
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terrain is divided into virtual grids. In ead grid, one node is chosento stay awake
and the others are put to sleepto save power. But at any time, the communication
connectivity among adjacert grids must be maintained. In order to maintain the
connectivity, the radio communication range R and the grid side length r must
satisfy the following relations:
R
TPz (1)

Sinceradio is in fact irregular and the communication range is not spherical, it
is hard to determine the value of the parameter R. In GAF, R is de ned as the
nominal radio communication range. Howewer, using the nominal radio range R
makesit impossibleto guarantee the communication connectivity among adjacert
grids, in the presenceof anisotropic radio.

In order to investigate GAF's communication connectivity in the caseof radio
irregularity, we implement GAF in GloMoSim and presen the simulation results
in Figures 23 and 24. In the simulation, we usethe con guration setting preseried
in Tablell.
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We measurethe connectivity status among adjacert grids with dierent DOI
and VSP values. From Figure 23, we obsene that the percertage of symmetric
connectivity decreaseswith the increaseof DOI values. When the radio range is



o
=
o
@

1
f z
g 09 \ 2 03 ’{c VVVVVV )}%‘H ..... 05
S 4 -
s o7 "‘-,\. S o025 /,} § 04 {( %
RN S wl f ol bt
£ o o s S P ”
D 04 \’} ’}\% “E’ 0151 g 0.2 ,{('
E 0.3 " )}\ g 0.1 ] 2 ,"'1
@ o2 ’I‘“)} g, 2 oos/ o1 /
01 0% 0%
0 0.2 0.4 0.6 08 1 0 0.2 0.4 0.6 0.8 1 0 0.2 04 0.6 08 1
VSP Value VSP Value VSP Value
(@) Symmetric Connectivity  (b) Asymmetric Connectivit y (c) No Connectivit y

Fig. 24. GAF's Connectivit y Status with Dieren t VSP Values

spherical, i.e., DOI is 0, all connectionsare symmetric. But when DOI increases
to 0.02 and the radio becomesirregular, the percertage of symmetric connections
decreasedo 89% (Figure 23(a)), and 7% of the connections becomeasymmetric
(Figure 23(b)) and 4% of the connectionstotally get broken (Figure 23(c)). This
is becauseof the radio irregularity. When the radio range becomesmore and
more anisotropic, the original symmetric connectivity becomesasymmetric, and
the original asymmetric connectionsare broken in both directions.

We repeat the experiments with dierent VSP values, and similar results are
obsened in Figure 24. In Figure 24, when all nodes have the samesending power
and the system is homogeneous,i.e., VSP is 0, all connections are symmetric.
But when the VSP value increasesto 1, only 15% of the connections are sym-
metric (Figure 24(a)), and there are 36% asymmetric connections (Figure 24(b))
and 49% connections are completely broken (Figure 24(c)). The reason for the
decreasedcommunication connectivity is the increasing heterogeneiy in devices'
sending powers, which results in greater di erence in nominal radio rangesamong
di erent devicesand leadsto worse communication connectivity.

9. SOLUTIONSFOR RADIO IRREGULARITY

Having analyzedthe causesand impact of radio irregularity, the key results can be
summarized as follows:

|[Radio irregularity is a common and non-negligible phenomenonin wirelesssys-
tems. Link asymmetry is an upper layer phenomenonproducedby irregular radio
signalsin the radio layer. And asymmetry links directly leadto MA C and routing
failures.

|Radio irregularity has a greater impact on the routing layer than MAC layer.

|[Routing  protocols, sudh as AODV and DSR, that use multi-round discovery
technique, can deal with radio irregularity, but with a high overhead.

|[Routing protocols, such as geographicforwarding, which are basedon neighbor
discovery technique, are sewerely a ected by radio irregularity.

|[Radio irregularity results in larger localization errors and makes it harder to
maintain communication connectivity.

Based on both analytical and experimental results, we presert eight potential
solutions to improve the protocol performancein the presenceof radio irregularity.



We rst describe the Symmetric Geographic Forwarding, the Asymmetry Detec-
tion Serviceand the Bounded Distance Forwarding solutions in detail and discuss
their performanceevaluation. We then follow that by briey describing v e other
solutions.

9.1 SymmetricGeographid-orwarding

In location-basedprotocols, such as GF and GPSR, the beaconmessageonly con-
tains the node's ID and position. In our new Symmetric Geographic Forwarding
(SGF) solution, we allow a node to add the IDs of all its neighbors it has discov-
eredinto the beaconmessage When a node receivesa beaconmessageit registers
the senderasits neighbor in its local neighbor table, and then cheds whether its
own ID is in the beaconmessage.If the receiver nds its own ID in the neighbor
list in the beaconmessagethen it marks the communication link connectingit to
the senderas SYMMETRIC . Otherwise, it marks the communication link between
them as ASYMMETRIC . Whenewer a node needsto forward a packet, it selects
only those neighboring nodes with which it is connectedthrough SYMMETRIC
links. Here we must emphasizethat when a node broadcastsa beaconmessageijt
should add the IDs of the nodeswith which it has SYMMETRIC connectivity as
well asthose nodeswith which it has ASYMMETRIC connectivity.

We simulate SGF in GloMoSim. We nd that SGF maintains most of the advan-
tagesof GF, such as scalability, and the absenceof o oding. Furthermore, SGF is
able to deal with asymmetry as e ectiv ely as the multi-path route discovery pro-
tocols, suth as AODV and DSR, but at lower cost. The simulation setup use the
samecon guration as mertioned in Table I.

9.1.1 SGF Performance with Dier ent DOI. In this experiment, we incremen-
tally increasethe degreeof irregularity (DOI) to measurethe SGF performance.

From Figure 25(a), we obsene that SGF has a signi cantly lower lossratio than
that of GF, and performs as well as AODV. This is becauseit avoids forwarding
data along asymmetric links. From Figure 25(b), we obsene that SGF has almost
the sameaverageE2E delay asthat of GF. The delay is much lower than that of
ADOV and DSR. An interesting point from Figure 25(c) is that SGF consumes
the same number of cortrol padkets as that of GF, and the number of cortrol
padets remainsthe samewith the increaseof DOI values. From Figure 25(d), it is
obsenedthat GF hasa rapidly increasedenergy consumption for ead successfully
delivered data byte, with the increaseof DOI values. But AODV, DSR and GF
have comparatively slow increasesof energy consumption for ead delivered data
byte. This is becauseradio irregularity hasa greaterimpact on GF than on AODV,
DSR and SGF, and GF su ers the most padet loss. DSR is lessenergy e cien t
than AODV and SGF, becauseit has more padet loss (Figure 25(a)) as well as
more cortrol overhead (Figure 25(c)) than AODV and SGF. On the other hand,
SGF exhibits the least increased energy consumption among these four routing
protocols, becauseits packet lossis aslow asthat of AODV (Figure 25(a)), and its
cortrol overheadis aslow asthat of GF (Figure 25(c)).

9.1.2 SGF Performance with Di er ent VSP. Similar conclusionscan be drawn
from the resultsin Figure 26. Comparedwith GF, SGF hasa much lower lossratio,
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almost the sameaverageE2E delay, and the samenumber of cortrol padkets, with
an increaseof the VSP value. The lossratio of SGF is comparableto that of AODV
and DSR. However, SGF has a much lower averageE2E delay, a constart nhumber
of control padkets, and a much lower energy consumption for ead delivered data
byte. SGF consumesalmost constart energy with an increaseof the VSP value.
In cortrast, GF su ers a sharply increasedenergy consumption for ead delivered
data byte, becauseof its rapidly increasedpacket loss. Plus, AODV and DSR also
consumemore energy for ead delivered data byte comparedto SGF, on accourt
of two reasons. First, AODV and DSR need more control overheadthan SGF, as
shown in Figure 26(c). Second,AODV has the samelevel of packet lossratio as
that of SGF while DSR drops more useful data padets than SGF (Figure 26(a)).

To summarize,the SGF protocol not only maintains GF's scalability, but alsosuc-
cessfullydealswith radio irregularity. Comparedwith AODV and DSR, it achieves
similar delivery ratio in the presenceof radio irregularity with a lower E2E delay,
a lower number of corntrol padkets and lower energy consumption.

9.2 AsymmetryDetection Service

The SGF provides a basic prototype of incorporating symmetric detection into
routing protocols. In a running system, more sophisticated algorithms should be
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introducedto dealwith engineeringissue$. In this section, we implemert a general
Asymmetry Detection Servicein the VigilNet System[He et al. 2004]developed by
University of Virginia.

In the Asymmetry Detection Service,the sameidea is usedto mark a link as
SYMMETRIC or ASYMMETRIC aswhat is usedin SGF. Howewer, to deal with
engineeringissuesin running systems,this marking processis repeatedse\eral times
to get a statistical evaluation of a link's symmetric communication quality. Only
those links that have higher symmetric communication qualities than the speci ed
threshold are available for upper layers, and all other links are blocked from higher
layer protocols.

In the VigilNet System, a communication badbone is built to relay messages
bad to the basestation. The communication backboneis establishedusing a classic
spanningtree algorithm [Cormen et al. 2002],with the basestation asthe spanning
tree'sroot. During the construction of the spanningtree, the Asymmetry Detection

8Engineering issues mean the system dynamics caused by the unpredictable system deployment
environment, such as the changing temp erature and humidit y levels, the swinging trees and the
jumping bugs, as well as the system dynamics caused by passing cars and human beings walking
around. All these engineering issuesbring communication dynamics into running system experi-
ments.



Serviceis called and only symmetric links are used. We measurethe performance
evaluation of the Asymmetry Detection Service, by courting the percertage of
nodesthat are able to report bad their status information successfullythrough the
communication backbone. We conduct the experiment with 27 MICA2 devicesand
the result is given in Figure 27.
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Fig. 27. Performance Evaluation of Asymmetry Detection Service

When the Asymmetry Detection Serviceis disabled, by setting the link quality
threshold to 0 as shawvn in Figure 27, only 67.4% nodes are able to successfully
report information bad to the basestation, becausethe communication badkbone
consistsof a large portion of asymmetric links, and the data padets can not be
correctly relayed badk to the base station following the reversed path from the
spanningtree's leavesto its root, the basestation. Howewver, when the Asymmetry
Detection Serviceis used,we obsene that almost all nodesare able to successfully
report bad to the basestation. The spanning tree badbone works well when the
link quality threshold is set from 10%to 70%. This performanceimprovemert is
causedby the Asymmetry Detection Service, which cuts o unidirectional links,
and cortributes to establishing the reliable communication backbone.

We are aware that the systemstill performsvery well, even when the link quality
threshold is set very low, aslow as 10%. This is becauseMA C layer retransmission
is used,in caseof communication failures. Howewer, the MA C layer retransmission
alone can not achieve this good performance. When we disable the Asymmetry
Detection Serviceby setting the link quality threshold to 0 and only usethe MAC
layer retransmission, the systemperformanceis very poor, only 67.4%of the nodes
report badk to the basestation.

On the other hand, when the link quality threshold keepsincreasingand is close
to 100%, the system performance decreases. This is becausewhen Asymmetry
Detection Serviceblocks all links that do not have 100%link qualities, there are not
enoughlinks available to build the communication badkbone, and network partition
happens.

The scheme we proposedhere is related to approaces proposedin [Woo et al.
2003],in which ead node snoops on the channel and eavesdropson communica-
tions over time, to evaluate the inbound channel quality. Since routing is based



on outbound (transmission) links, a separate phaseis usedin [Woo et al. 2003]
for nodesto exchange inbound quality information to build up outbound quality
information. Howewer, our schemeis di erent. In our scheme, eath node beacons
periodically. From the received beaconpadket, ead node is able to locally gure

out both inbound and outbound link qualities, without exdcanging sudch quality

information with neighbors. Another related solution, named blacklisting, can also
be found in paper [Gnawali et al. 2004]. Moreover, readerscan refer to [Seadaet al.

2004][Coutoet al. 2003][Yarvis et al. 2002]for more related solutions.

9.3 BoundedDistanceForwarding

Bounded Distance Forwarding restricts the distance over which a node can forward
a messagen a single hop. It is designedas a middleware and can act as an add-on
rule to many routing protocols. It provides interfacesfor con guring the bounded
distance and provides servicesto lIter out all links that are beyond the speci ed
distance. The distancebound is con gured basedon the degreeof radio irregularity
of the real devicesin a physical system.

We add the Bounded Distance Forwarding rule on the spanningtree module in a
vehicletracking system[He et al. 2004]in which we deploy 60 MICA2 motes. In the
experimerts, we incremertally increasethe single hop forwarding bound from 8 feet
to 100 feet and count the number of nodesthat report their status and Figure 28
shows this data asa percertage of the total number of nodesdeployed. Data points
here are averagevaluesover v e runs.
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Fig. 28. Performance Evaluation of Bounded Distance Forwarding

Figure 28 indicates two interesting phenomena. First, when we use a very low
forwarding bound (8 feet) to eliminate the asymmetric links, the performance,
howewer, is not good. This is becauserelative node density decreaseswhen the
enforced communication range is small. Hence,the chance of a network partition
increases. Moreover, a smaller forward bound per hop leads to a longer route,
thus a higher chance of loss. Second,when the forwarding bound reaces larger
values (16 100 feet), link asymmetry becomesthe dominating factor. Figure 28



shaws that when the forwarding bound is 16 feet, we receive almost every report.
This bound is about half of the MICA2 radio range on the ground. Above 16 feet,
performancereducesmonotonically becauseof increasein link asymmetry.

Figure 28 shows that an e ectiv e bound, 16 feet here, exists for the application,
at which the best performanceis achieved. There are generally two methods to get
the e ectiv e bound for a deployed system. The rst method is to tune the bounded
distance parameter at the initial deployment of the system, and the secondmethod
is to use a feedbad control algorithm to cornverge the bounded distance to the
e ectiv e value during the runtime of the deployed system.

9.4 OTHER SOLUTIONS

In this section, we propose v e additional potential solutions to deal with radio
irregularity.

| Bidir ectional Flooding: The multi-round discovery technique can deal with radio
irregularity. However, it needsmultiple rounds of o oding to explore dierent
paths, which can be very expensiwe. In Bidirectional Flooding, the sourcepropa-
gatesthe RREQ towards the destination through o oding. After the destination
receives the RREQ, it propagatesthe RREP to the source through o oding,
instead of using the reverse path along which it received the RREQ from the
source. Multi-round discovery cannot guarantee nding symmetry connections
within a bounded number of o oding stages. In cortrast, bidirectional o oding
completesthe discovery by o oding twice.

| Learning Function: In an earlier sectionwe mentioned that GF hasa higher loss
ratio than AODV and DSR, becauseGF tendsto choosethe samecandidate near
the border of its communication rangeto forward padkets to a destination, while
AODV and DSR attempt di erent paths dueto the nature of o oding. To address
this shortcoming of GF, we can enhance GF with a learning function, which
allows a node to make better decisionsbasedon previousrouting failures. In the
learning function, we distinguish the routing failures arising due to congestion
from those that arise due to asymmetric links. This can be done with the help
of the 802.11(DCF) in the MAC layer. If a node receivesthe CTS, but not the
ACK, then the link should be symmetric and the routing failure might be a result
of congestion. Such a failure can be solved by retransmissions. Howewer, if a node
fails to receive the CTS despite seweral retransmissions,then the chancesare that
the link is asymmetric. This learning function allows a node to remenber such
an asymmetric link and to avoid trying it again before the topology changes.
In a real implementation of this idea, two learning functions are maintained:
Fiink and Feongesiion - Whenewer a padket gets lost, whether it is a CTS padket
or a DATA padket, both Fjjnc and Feongestion @djust their values according to
the current corntext. For example, if a DATA packet gets lost, Feongestion gets
a greater increasethan Fjj , becausethe CTS was received and there is more
chancethat congestion,rather than channel quality variation, causesthe trans-
missionfailure. On the other hand, if the CTS packet getslost the secondtime, it
is more probable that the channellink quality is bad, and henceFi,x gets more
increasethan Feongeston - By comparing the values of Fiinc and Feongestion » the
node decideswhether it is congestionor bad link quality that causesthe packet



loss. If Feongeston > Fiink » the reasonis congestion. So badko and retransmis-

sionis a good choice. If Feongesion < Fiink , the reasonis the bad channel quality

and rerouting is a better choice. In the caseof a tie, a random decisionis made
betweenretransmissionand rerouting.

To improve the accuracy of the two learning functions: Fjink and Fcongestion

the signal intensity during the carry sensingperiod can be monitored, together

with the padket lossratio. If both the signal intensity and the padket lossratio

increase,Fcongesiion  g€tsincreasedgreater than Fiine . On the other hand, if the

signal intensity does not change or even decreaseswhile at the sametime the

padket lossratio increases,it is highly probable that the link quality decreases,
and Fjinc getsincreasedby a larger amourt than Feongestion -

Actually, the learning function sdheme has other applications, besidesthe ap-

plication in routing protocols. For example, ESRT [Sankarasubramaniamet al.

2003]is proposedto provide reliable event-to-sink transport service. Nodesmon-

itor local bu er levels. If the routing bu er over ows due to excessie incoming

padkets, congestionis considered happened, and source nodes in the network

are forced to reduce data reporting frequency Actually, this bu er monitoring

scheme does not di erentiate whether the bu er over ow is due to congestion
and followed by retransmission, or due to the poor link quality of data reporting

paths. It is not reasonablefor sourcenodesto reducedata reporting frequencies,
if the buer overow is causedby the poor routing protocol that choosespoor

data reporting paths. The learning function sdhemecan be usedto di eren tiate

thesetwo cases,and chooseto either inform sourcenodesto reducedata report-

ing frequenciesor to inform the routing protocol to choosebetter data reporting

paths.

RTS Broadast: Another solution we proposeis called the RTS Broadcast, which
involves both the MAC and routing layers. We rst broadcast a special RTS
messagewhich setsthe destination as ANY NODE. Any node hearing it badks
o for arandom amourt of time and replieswith a CTS message Among all the
nodesthat sendthe CTS messagethe onethat is closestto the destination is
chosenasthe forwarding candidate. Sincethe RTS and CTS detect connectivity
along the forward and reversedirections of a channel, forwarding pacdkets along
asymmetric channelscan be avoided.

High Energy Asymmetry Detection: IEEE 802.11(DCF) usesa collision-avoidance
strategy in which any node upon hearing an RTS, CTS, or DATA messagalefers
its transmission until the data is sert out. Howewer, a node can still interfere
with the messagdransmission eventhough it is not able to hear any of the RTS,
CTS and DATA messagesn the presenceof asymmetry. The sixth solution we
proposeis to send out a High Energy Asymmetry Detection (HEAD) cortrol
messagewhich has a higher sending power than the other cortrol messages.So
more nodeswill hearthe high-poweredsignal, and prevent themselesfrom send-
ing messages.The HEAD messageis sert out before the RTS message. Any
node other than the destination, upon hearing the HEAD messagesetsits NAV
to a value large enough so that data can be sert out without corntention. The
wait time and destination ID are included in the HEAD message.Con icts may
arise if two nodessendout the HEAD messagesimultaneously. That is resolved



in a manner similar to the way to resole con icts arising from the simultaneous
transmission of two RTS messagesHence,the transmission sequencas modi ed

from RTS-CTS-DATA-ACK to HEAD-RTS-CTS-DATA-ACK. While the higher
sending power of the HEAD messagdowers the collision rate, it alsointroduces
an extra corntrol padcet, the HEAD padket, which reducesthe channel utilization

and increasesthe NAV bado. The tradeo between collision rate and desired
channel utilization can be balanced by choosing an appropriate value for the
sending power.

| Irr egularity Insensitive Protocols: There are two avenuesfor improving protocol
performance in the presenceof radio irregularity. The rst method is to face
radio irregularity and avoid getting involved into any trouble brought by radio
irregularity. For example, we proposeto detect asymmetry links brought by ra-
dio irregularity and try to avoid using asymmetry links. The secondmethod is
to investigate the assumptionsthat causeprotocol performanceto deteriorate
in reality and then design protocols that do not make such assumptions. That
is, radio irregularity can also be dealt with, by identifying protocol properties
that make them particularly insensitive to radio irregularities. For example, the
Cricket localization [Priyantha et al. 2000]usesa combination of RF and ultra-
sound technologiesto location devices'locations. Cricket is insensitive to radio
irregularity and avoids the problems many localization protocols get involved
in becauseof using the received signal strength to estimate communication dis-
tances. The APIT localization protocol [He et al. 2003]is another example that
avoids making the ideal radio assumption. Accordingly, irregularity insensitive
protocol designis a promising avenue to addressthe radio irregularity aswell as
link asymmetry it brings.

Among the eight solutions we put forth above, the last v e are still open topics
and require further re nements. Extensive analysis and evaluation in the future
are required to demonstrate their applicability and e ectiv eness.

10. CONCLUSIONS

In this paper, we con rm the existenceof radio irregularity which is the main focus
of seweral recert researt papers [Ganesanet al. 2002][Wbo et al. 2003][Zhaoand
Govindan 2003][Cerpaet al. 2003]. Our corntributions are as follows:

(1) To the best of our knowledge, our work is the rst to bridge the gap between

isotropic radio models assumedby most simulators and the anisotropic radio
properties found in reality.
After our work was rst acceptedin MobiSys 2004[Zhou et al. 2004],an upper
layer model [Cerpa et al. 2005] was proposedto simulate link asymmetry in
the link layer, without considering the wireless communication detail in the
radio layer. We compare our RIM radio model with this link layer model in
APPENDIX B.

(2) We proposea novel RIM model that approximates three essetial properties
exhibited in radio irregularity: anisotropy, cortin uous variation and di erence
in sending power.



(3) We implement the RIM model in GloMoSim, and run a set of simulation ex-
perimernts to investigate radio irregularity's impact on MAC and routing layer
performance. We discover that, among the protocols we evaluate, the radio
irregularity hasa greaterimpact on the routing layer than MAC layer. We also
discover that radio irregularity has a greater impact on location-basedrouting
protocolsthan on-demandprotocolsthat use multi-round discovery technique.

(4) Werun asetof simulation experimerts to investigateradio irregularity's impact
on localization and topology cortrol, nding that the increasingradio irregular-
ity leadsto larger localization errors, and that the communication connectivity
becomesharder to maintain when the radio becomesmore irregular.

(5) Finally, we preser eight potential solutions. We implement SGF in GloMoSim,
and implement the Asymmetry Detection Service and the Bounded Distance
Forwarding methods in running systemswith 27 60 MICA2 motes. From
the data we collect from the simulator and the running system, we nd that
SGF, Asymmetry Detection Serviceand Bounded Distance Forwarding greatly
improve system performancein the presenceof radio irregularity.

The RIM model we put forth in this paper is built based on empirical data
collected from MICA2 and MICAZ platforms. Soto somedegree,this model is
self-evaluated. We also conduct preliminary evaluation of the RIM model, in Sec-
tion 4.2.1, by comparing the degree of radio irregularity between the measured
radio pattern from a real device and the radio patterns generatedfrom the RIM
model. We are also aware that more extensive performance comparison between
the simulated results basedon the RIM model and the results from real systems
with MICA2 and other devicesare needed,to further evaluate the precision of the
RIM model. We leave this as future work.
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APPENDIX A

We usethe goodness-of- t statistical testing to determine the statistical distribu-
tion of the percertage variance of the path loss(in dBm) per degreein the direction
that is obtained in our experiments. We nd that amongdierent continuous dis-
tributions, the Weibull distribution [Devore 1982] has the maximum likelihood of
matching our experimental data. A random variable X that hasa Weibull distri-
bution with parametershas a probability density function de ned by the following
equation, where a is the shape parameter and b is the scaleparameter.

Table Il shows the likelihood valuesand the parametersof the Weibull distribu-
tion that ts our experimental data. Thesevaluesare computedat a 95%con dence
level.



Table I1l. Data Fitting to the Weibull Distribution

Lik elihood a b
Dataset 1 | 48.55 1:13 | 0:28
Dataset 2 | 154.43 1:01 | 0:17
Dataset 3 | 145.25 0:86 | 0:18
Dataset 4 | 277.44 0:67 | 0:16
Dataset 5 | 204.51 0:58 | 0:17
Dataset 6 | 111.15 0:53 | 0:22

(a=B) x@ ! e ®"ifx 0

=9 if x<0 ®)

APPENDIX B

A link layer model for simulating link asymmetry is rst proposedin Cerpa's tech-
nical report [Cerpa et al. 2004], and later published in IPSN 2005 [Cerpa et al.
2005]. In this model, link asymmetry is simulated without consideringthe lower
layer wirelesscommunications. The RIM model di ers with the link layer model in
that the RIM model is a radio layer model. The RIM model is proposedto simu-
late radio irregularity rather than link asymmetry, which happensto be oneresult
of radio irregularity re ected in the link layer. Sincethe RIM model incorporates
details in radio communication, it can addressmore issuesthat the simpler link
layer model can not simulate. We illustrate four of them as follows:

QJWI/L
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Fig. 29. Link Qualities in Adjacent Directions
First, the RIM protocol can simulate the phenomenonthat links in very simi-

lar directions from the sametransmitter have similar link qualities. As shawn in
Figure 29, there is a big tree, in the eastdirection of transmission node A. Sothe



signalfrom A su ers more path lossesdueto the tree, in the directions speci ed by
the fan areacomparedwith other directions. For example, when A's signal propa-
gatesto B and C, it su ers similar path losses.But the signal su ers lesspath loss
when it propagatesfrom A to D. Accordingly, transmitter A hassimilar link qual-
ities with B and C. The link layer model doesnot simulate directionality of signal
propagation and this phenomenonis not addressed.However, our RIM model can
re ect this fact, becauseall the k; valuesin adjacert directions are related in the
sensethat kj.+; is calculated basedon k; .

Second,the RIM model can be usedto study the impact of radio irregularity on
localization protocolsthat is sensitive to radio patterns. In section 7 of this paper,
we study the impact of radio irregularity on the Centroid algorithm asan example.
In a similar way, our model can be useto study the impact of radio irregularity on
many other localization protocols, which usethe received signal strength indicator
to help location decisions. Howewer, the link layer model that does not simulate
the radio communication processcan not be usedfor this study.

Third, the link layer model doesnot regenerateradio signals,sothey can not re-
ally simulate radio interference,which alsohasa signi cant e ect on link qualities.
The RIM model works in the radio layer, which usesmature simulation techniques,
such as TW O-RAY model and RICIAN mode [Shankar 2001]implemerted in Glo-
MoSim, to simulate the radio propagation and fading in a speci ed direction. And
the DOI and VSP parameters proposedin RIM are usedto accourt for the ir-
regularity in dierent directions as well as hardware di erences. Accordingly, the
RIM model can also simulate radio interference,which also leadsto decreasedink
gualities.

Fourth, with the DOI and VSP parameters, the RIM model can simulate radio
irregularity due to the two root causeswe found in our sensordevice experimerts:
the path lossdi erences and the power heterogeneit. This o ers the usersthe abil-
ity to con gure dierent DOI and VSP valuesaccordingto their speci ¢ hardware
properties and deploy ervironment, to simulate the system performancewithin the
speci ¢ hardware and ervironment context. Howewer, the link layer model is not
ableto di erentiate which of the two root causedeadsto the decreasedink quality
and how much ead of them cortributes.

On one hand, we acknowledgethat the link layer model has a higher abstraction
and is hencesmaller and light weight. On the other hand, by simulating wireless
communication details, the RIM radio model is more powerful, and able to address
more issuesthat are beyond the ability of the link layer model.
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