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Abstract

Sensor Networks provide a cheap, unobtru-
sive, and easy-to-deploy method for gather-
ing large quantities of data from an environ-
ment. While this data is often noisy, we can
compensate by exploiting spatial correlation.
This paper proposes the use of the statisti-
cal inference method of Loopy Belief Propa-
gation (LBP) to exploit this correlation struc-
ture in the context of a well-examined prob-
lem in Sensor Networks: Localization. We
discuss how to formulate Localization as an
LBP problem, discuss the systems issues that
deployments will face, and finally provide a
broad spectrum of simulation results to help
understand how to maximize this algorithm’s
effectiveness. Ultimately, we show that Loopy
Belief Propagation is well suited for localiza-
tion of Sensor Networks; however, there are
certain limits that require further exploration.

1 Introduction

Sensor networks utilize low-cost distributed motes,
each with an array of sensors, to gather and process
information. As sensor network deployments involve
large quantities of motes, they are limited to cheap,
poor-quality sensors. To overcome these limitations,
integrating data from nearby motes is vital for maxi-
mizing data robustness.

Most sensor network applications require knowledge
of each mote’s location as sensor readings only have
meaning with respect to where this data is acquired.
This need motivates the problem of ad-hoc sensor lo-
calization, where we wish to determine the motes’ lo-
cations using noisy estimates of the distances between
motes that are near one another.

This problem can be factored into two steps: gath-
ering distance information, and fusing distance infor-
mation into meaningful location information. There
are many technologies for gathering distance informa-
tion, such as radio signal strength[1] and differences in
time of flight between radio and ultrasonic signals[2].

For fusion, we propose applying Nonparametric Loopy
Belief Propagation (NLBP).

NLBP is a statistical method for inferring un-
observed data from correlated observations. NLBP is
well adapted to this context as it utilizes entire distri-
butions and is easily parallelizable. This algorithm has
been proposed by [3] as a method for sensor network lo-
calization. The algorithm uses information about the
distances between motes in order to infer actual physi-
cal locations, assuming that there are a few motes with
a priori knowledge of where they are located. With-
out this a priori knowledge, the algorithm can still
infer relative locations using some arbitrary reference
information. We implement this algorithm and ana-
lyze its effectiveness and efficiency in localization. We
conclude that this algorithm is useful for localization
but has several limitations that must be understood.

1.1 Sensor Networks

Sensor Networks is a field in which small, wirelessly
communicating devices sense and reason in a collab-
orative fashion about the world around them. These
are small devices; the modern Telos mote [4] is about
1.25x2.60x0.25 inches. This class of devices presents a
new paradigm of computation, dealing with extreme
constraints on power, communication, and sensing
quality. Sensor networks must interact with incom-
plete, noisy data and often infer higher-level phenom-
ena from this information in real-time. Sensor net-
works have been applied to a large range of applica-
tions such as tracking zebra movement patterns [5], or
monitoring temperature variations in a forest canopy

[6].

1.2 Graphical Modeling

Graphical modeling is a technique of describing corre-
lations among random variables. One common class
of graphical models are Markov Random Fields. A
Markov Random Field is defined as an undirected
graph where nodes represent random variables, and
edges represent direct correlations between pairs of
variables. Each node has a potential function, ;, that



is similar to an a priori probability - if there were no
edges, then the node potentials would be the a priori
probabilities. FEach edge, (i,7), has a potential func-
tions, 1; ;, which represents the strength of the corre-
lation between nodes i and j.

These models are useful in many real-world appli-
cations. For example, we can define a grid of random
variables (nodes) to represent temperatures through-
out a room with edges between nearby nodes to rep-
resent the high spatial correlation between neighbor-
ing nodes. The node potentials represent individual
node temperature information, while edge potentials
represent the strength of spatial correlation. Using
this model, and some temperature readings, we can
perform inference to calculate posterior probabilities
of each of the random variables. Each posterior de-
scribes the probability distribution of the temperature
at that location, given all of the readings.

These models are an elegant way of posing the lo-
calization problem, as the random variables represent
each mote’s position, and the edges represent relative
position information obtained from nearby motes’ dis-
tance readings. Rather than performing the simplistic
method of Loopy Belief Propagation, where each ran-
dom variable and message is discretized to form a his-
togram, we apply NLBP, where each random variable
and message is represented as a multiset of samples
drawn according to their likelihood. This alternative
formulation is superior because it increases resolution
at likely locations.

2 Related Work

Two application of sensor fusion are tracking and mon-
itoring. Two example of tracking problems are leverag-
ing multiple classes of sensors to improve estimates of
an stationary object’s location [7] and a moving per-
son’s location [8]. Oh et al. [9] examined the prob-
lem of tracking multiple targets, and associating paths
with the targets. Two good examples of monitoring
applications are gathering temperature data across a
forest’s canopy [6] and monitoring a bird habitat on
Great Duck Island [10].

There has been extensive research on extending
the Loopy Belief Propagation algorithm. Other than
the undirected discrete graphical models we use, it is
applicable to Gaussian graphical models[11], directed
graphical models (Bayes’ Nets)[12], and many others.
In addition, many have worked on theoretical guaran-
tees about the convergence of the algorithm. [13] dis-
cusses convergence conditions for Belief Propagation
on factor graphs (our undirected models are a subset
of factor graph models). [14] and [15] talk about the
uniqueness of fixed points found by Belief Propagation
under certain conditions. Finally, [16] presents Tree-
Reweighted Belief Propagation which is an extension
that provides some theoretical guarantees.

There are many other formulations of ad-hoc local-

ization. K. Whitehouse presents an in-depth discus-
sion of localization and the many approaches in his
Master’s Thesis [17].

Ihler et. al. [3] propose Nonparametric Belief Prop-
agation as a method for solving the localization prob-
lem. This method involves each mote computing sam-
ples of its location distributed according to their likeli-
hood. Each mote calculates this likelihood by integrat-
ing the information it receives about its location from
all motes from which it has received distance samples.
In turn, each mote uses this to provide its neighbors
with an estimate of their locations. This process runs
for a series of iterations where the motes share infor-
mation about their estimates. This method provides
no guarantees on the quality of the solution found, but
in practice, it works well.

3 Inputs and Assumptions

Each mote, %, has a set, D;;, of readings associated
with noisy distance measurements for each nearby
mote, j. To compute absolute locations, we must know
the locations of at least three motes, as with less, even
with perfect distance readings, it is impossible to ac-
curately localize. We also need the boundaries of po-
tential mote locations, as we need this information to
initialize the system.

There are also parameters that control our model
and the tradeoff between efficiency and quality of re-
sults. Because we perform NLBP, we reason about a
set of samples of size M at each of n iterations. There
is an additional parameter, k, which trades accuracy
for time and space.

We model how distance affects a mote’s ability to
obtain distance estimates from neighbors with param-
eter R. This is described in more detail in Section 5.

Our current formulation is restricted to two dimen-
sions and assumes each mote has a unique identifier.

4 Outputs

Our objective is for each sensor to accurately deter-
mine its location. More formally, we want to minimize
the error of Euclidean distance between the true lo-
cations and the estimated ones. Rather than a single
estimate, our algorithm provides a distribution of lo-
cations, which can be used to provide additional infor-
mation, such as a mote’s confidence in its estimated
location. If a single location value is needed from this
localization service, mean, median, or mode can be
used to summarize the distribution into a single esti-
mate.

5 Description of LBP

Loopy Belief Propagation (LBP) is an iterative algo-
rithm for computing marginal probabilities of random
variables given a priori probabilities and correlation
information. As we represent the graphical model for



loopy belief propagation as a graph, the a priori infor-
mation for each node is given as a ;(x;) function for
each random variable, X;. The correlation information
is given as pairwise potential functions, 1; j(x;, x;), for
each edge, (4,7). The algorithm consists of computing
messages from each node, X; to each of its neighbor
nodes X;. Message, m; j(z;), from node X; to Xj, is
computed according to this equation
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Once all the message have been computed, marginal
probabilities can be computed according to the equa-

tion
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Note that the definition of each message is recursive.
Thus, the algorithm proceeds by computing new out-
going messages when new incoming messages arrive,
and computing the marginal probability once the mes-
sages have converged. When this algorithm is per-
formed in an asynchronous setting such as a sensor
network, these messages can be computed and recom-
puted in a somewhat arbitrary order. Though there
are no guarantees about how well this asynchronous
version will work, in practice, it works well, and has
been proven to be schedule invariant for Gaussian
graphical models[18].

6 Nonparametric Loopy Belief Propa-
gation

LBP works well for problems with Gaussian or discrete
random variables. It can be used for more general con-
tinuous distributions, but they must be parameterized
or discretized. For localization, a reasonably accurate
discretization yields messages that are extremely large
and inefficient to compute and send. Instead, we uti-
lize a method proposed in [3], where the algorithm
uses weighted samples from the distribution as a rep-
resentation of the distribution itself. m; ; is the mes-
sage from mote ¢ to mote j, which contains a set of
weighted location estimates for mote j produced by

mote i. Let /L(z) € R? be the z’th sample in m; ;,

(= ) € [0,1] be the corresponding normalized

weight. leewise let ,u(.Z)

and let w;’
be the set of all M samples
in message m; ;, and let w( ) be the corresponding set

of weights. In addition, let Wcovarz[ g), ,ug)] be the
weighted covariance of the samples:
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and 71, ; is the mean of the samples in m; ;.

In order for this message to represent a continu-
ous distribution, the individual samples need to be
blurred. [3] proposes treating the messages as a mix-
ture of Gaussians centered at each sample point and
with a single covariance, ¥; ; for all of them. We chose
the following definition for 3; ;:

Y z
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The M~'/3 term reduces the blurring when there are
many samples as less blurring is necessary when the
samples approximate the distribution well.

6.1 Subproblems

There are two subproblems that must be solved in or-
der to run NLBP. We must be able to evaluate a mes-
sage at a specific location, and we must be able to
draw samples from a message.

6.1.1 Evaluating a Message

One important subproblem of this algorithm is given
a message and a position, computing the probability
of that position for this message. The probability of
position x; in message m; ; is

sz> ) (z;)
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where fi(j-) is the two-dimensional Gaussian density
function,
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6.1.2 Drawing a Sample from a Message

Another important subproblem is drawing samples
from the distribution defined by the message. As the

message is represented as a mixture of Gaussians, we

first draw a random mean Mgzj)
(2)

W5
from N(um. ,2;;) and return this sample.

from the message ac-

cording to the weights, w; Then, we the sample

6.2 The Two Phases of NLBP

The algorithm itself consists of two phases: computing
outgoing messages, and updating local marginals.

6.2.1 Computing Outgoing Messages

This phases takes as input the local marginals. These
marginals are in the form of a multiset of possible po-
sitions, X; = {ml(-l), . 7x§M)}. From this, we compute
the messages, m; ; for each neighbor j € N(i) as fol-

lows. For each possible position xz(-z) € X;, choose a

random angle, 6, and draw a distance sample, d from



the distribution, D; ;, of distances between ¢ and j.
Set
/LEZJ) = Ez) +d - [sinf, cos 6]

and . .
o) — P {—d*/(2R")}
Wi j (2)
mj i (a;")
where m;l is the message from j to i from the previous
iteration.

6.2.2 Updating Local Marginals

Upon receiving messages, m; ; from each neighbor (or
using old messages if a new one hasn’t arrived yet),
mote j can compute X; ; for each message as described
above. Then, we draw ]’\“,—M samples from each incom-

ing message. This yields a total of kM samples. Each
sample, s, is weighted with HveN(j) my ;(s), and we
redraw M of these samples (with replacement) accord-
ing to their weights. These M samples make up Xj.

6.3 Utilizing the Analytic Function

Other than the distance measurement information, ad-
ditional information can be inferred from the lack of
distance measurements. If nodes i and j, located at
x; and x; respectively, do not have distance measures
from each other, then it is likely they are far apart.
We model the probability that two nodes have dis-
tance measures as

i =l
exp SR

In order to take advantage of this, pairs of nodes
that do not have distance measures need to share their
marginals with each other. There is additional cost
in this, as multi-hop messages require multiple sends.
The additional information from this is taken into ac-
count in the weighting of samples in the local marginal.
Let A(j) represent the set of nodes for which j has this
additional information. When weighting a sample, s,
drawn from the standard messages, the weight is now

[T mes(s) TI fals Xu)
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where f, is the analytic function
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This function models the probability that these two
nodes cannot obtain distance measures from each
other given the estimated locations of one of the nodes,
and a proposed location for the other. By multiplying
this into the weights, we make it less likely that these
two nodes are close to each other. Because they do

not have a distance measure with each other, they are
less likely to be within R units of each other, and this
function captures that.

In practice, using this information from nodes that
are far in the network topology is prohibitively ex-
pensive in terms of communication cost and provide
increasingly negligible benefit. It may be feasible to
obtain this information from motes that are two hops
away in the network graph, which motivates us to an-
alyze the benefits of using the analytic function as can
be seen in Section 8.6.

6.4 Runtime Analysis

The runtime for each individual mote is bounded by
the speed that the marginal can be computed. This
takes O(cnkM?), where c is the number of neighbors
that mote has, and n, k, and M are as described in
Section 3. FEach mote computes kM samples, and
weighting each sample requires evaluating the message
at that sample in each of the ¢ incoming messages.
This takes O(M) time since it requires taking a sum
over the M samples in the message, computing the 2D
Gaussian density which takes O(1) time, and multi-
plying by the weight.

7 Description of Implementation

To implement such a service, we propose a four stage
algorithm.

1. Gather distance estimates from nearby motes
2. Estimate link quality
3. Broadcast neighbor lists

4. Perform inference to determine location.

7.1 Gather Distance Estimates

In this phase of the algorithm, all motes use their ra-
dios, ultrasonic transceivers, or other sensors to esti-
mate their distances to nearby motes.

7.2 Estimate Link Quality

In order to determine over which links we should per-
form inference, we need to know which links we can re-
liably communicate over. We can use any link quality
protocol, however if our localization protocol involves a
metric for computing how likely a mote can hear from
each neighbor, we can piggy-back the link quality es-
timate on the localization estimates and merge phases
one and two. For example, if we estimate distances
from the signal strength of a number of messages sent,
then we can determine if the link is of sufficient quality
for performing inference if the mote receives at least a
certain percentage of these messages.



7.3 Broadcast Neighbor Lists

Next, all motes broadcast their neighbor table. While
Thler et. al [3] suggests using the neighbors of neigh-
bors as a mechanism for pruning out potential im-
possible location of nodes during inference, knowing
this information is useful for pruning asymmetric links
where mote A can communicate to mote B, but not
vice versa. As the neighbor table functions implicitly
as an acknowledgement, we can use this information
to restrict ourselves to good neighbors for inference.
Also, these neighbor lists can be used to route the an-
alytic function information discussed in Section 6.3.

7.4 Perform Inference

Once all nodes know their one-hop and two-hop neigh-
bors and have determined which links are of sufficient
quality, we run Nonparametric Belief Propagation as
is described in Section 5.

7.5 Implementation Details

There are number of issues that arise in the algo-
rithm that aren’t discussed in any of the previous work.
A significant problem we encountered is that a mote
would get messages that completely disagree. In one
message, location z has a significant probability while
location z’ has near-zero probability; however, in an-
other message, z has near-zero probability and z’ has
significant probability. If two messages do not agree
on a single location, then there is no way to ever get a
sample that does not have near-zero probability. This
becomes a problem as we only have a finite number of
bits to represent the probability. When we detect this,
by noticing that a large number of positions with zero
probability have been generated, we double the values
in every messages sigma matrix and regenerate new
samples. In all cases we ran into, performing this dou-
bling one to three times was enough to get sufficient
consistency.

This is an inherent flaw in particle based methods.
Since we only have a finite number of particles from
each distribution, there is a chance, which decreases
as the number of particles increases, that a portion of
the distribution with significant probability will end
up with no particles. On the graphs we tried, using
M = 50 was sufficient to prevent rampant inconsis-
tency, though it would still appear occasionally.

8 Experimental Results

We wrote a Java simulator to see how the many differ-
ent parameters affect the system’s performance. We
experimented with tradeoffs in the algorithm which
either involved time vs. accuracy or power vs. accu-
racy. Our simulations are all over a 40X40 grid, with
50 sensors. In order to compare different parameters,

we limit both the number of particles M, and the num-
ber of iterations n, to be 50 each for most tests and
use k = 5.

8.1 Time Evolution

In order to get an intuition for how the algorithm
works, we present a sequence of “snapshots” of the
belief of each mote as the algorithm progresses. Fig-
ure 13 at the end of this document provides a view
of the actual and believed positions of each mote at
different iterations of the algorithm.

Iteration 1 shows the random initializion. Because
we initialize each mote with multiple uniformly chosen
random points as the M samples in the local marginal
(X;), we see that each mote believes it is somewhere
near the middle of the space; though this belief has a
very high variance. As the algorithm progresses, we
see many of the motes’ beliefs converge to very near
the correct beliefs by Iteration 30. Also, by then, the
motes that are significantly incorrect are all consistent
with one another but slightly rotated from their abso-
lute positions. As we increase the number of iterations,
they slowly rotate towards the correct answer.

8.2 Varying Connectivity

In this experiment, we modeled distance readings with
a Gaussian of mean as the actual distance between
particles, and standard deviation as the mean divided
by twenty. We do this to model the error lessening for
closer distances. We vary R, the distance that motes
can get distance estimates, over values 10.0, 12.5, 15.0,
and 17.5. We ran the inference for M = 50, used
median as the function for computing locations from
our distributions and additionally used the two-hop
analytic edge information.

An example of the setup for 12.5 is shown in Fig-
ure 1. By running four different initializations, we ob-
serve the average cumulative error illustrated in Fig-
ure 2. As expected, generally adding more connectiv-
ity helps, but eventually yields only marginal bene-
fits, and is not worth the extensive extra computation
needed to compute messages to and from many extra
neighbors. It is interesting that R = 10 performed bet-
ter on average than R = 12.5, which shows that while
good communication is necessary, a bad initialization
can drastically harm the quality of localization.

8.3 Constant Computation

Our next test was holding computation constant.
While this is generally not a primary concern of sensor
networks, as inference is a particularly computation-
ally intensive procedure, it is important to understand
the tradeoff between the number of particles and the
number of iterations, keeping total computation con-
stant. Keeping all other parameters constant, as each
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Figure 2: The change in localization as we increase the
range of distance measures between motes by varying

R.

iteration takes M? steps, doubling the number of sam-
ples means we divide the number of iterations by four.
Conversely, dividing the number of samples by two
means we can quadruple the number of iterations. In
Figure 3, we use a high number of samples, and a low
number of iterations (M = 100 and n = 13). In Fig-
ure 4 we use an equal number of iterations and samples
(M = 50 and n = 50). Finally, in Figure 5, we use a
low number of samples, but a high number of itera-
tions (M = 25 and n = 200). From these graphs, it
can be seen that more iterations clearly are better. We
also observed over other simulations that it is worth
sacrificing samples in order to increase the number of
iterations, as it can take a long time for information
to propagate across the network.

M = 100 and

Figure 3: Constant Computation:
n = 13, localizes some nodes very well, but does not
converge to the correct answer

Figure 4: Constant Computation: M = 50 and n =
50, localizes some nodes very well, but does not con-
verge to the correct answer

8.4 Constant Communication

In this test, we explore varying the number of particles
M, and the number of iterations n, while keeping the
total communication cost the same. In each of the n
iterations, each node sends a message of length M to
each neighbor, so the overall communication cost, in
terms of these two parameters, is O(Mn). Because of
this, we tried three configurations of these parameters:
M = 100 and n = 25, M = 50 and n = 50, and
M = 25 and n = 100. Figures 6, 7, and 8 show results
for these configurations for 10 runs on random graphs.

Comparing the different results we see that the
M = 50,n = 50 results show a very high variance,
but the mean is about the same as for the lower
variance M = 100,n = 25 results. However, the
M = 25,n = 100 show clearly superior results. Of
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Figure 6: This plot shows the cumulative distribution
of the error for M = 100 and n = 25. Results show
the mean as well as 95% confidence intervals.

course, with the large variance of these results, this
is by no means conclusive, but this is significant ev-
idence. In addition, the M = 25,n = 100 case also
requires less computation, providing more motivation
for using higher numbers of iterations and fewer par-
ticles.

8.5 Modifying Number of Samples

This test illustrates how the number of distance sam-
ples can affect localization quality. More samples
will assist in better approximating a distribution, but
should only help up to a point. We present these re-
sults in Figure 9. Each sensor gets a set of readings
from each other mote it can communicate with, rang-
ing over 1,8,64,512, and 4096 samples. At each it-
eration, the sensor randomly chooses the samples it
will use uniformly from this set fixed set. We also
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Figure 7: This plot shows the cumulative distribution
of the error for M = 50 and n = 50. Results show the
mean as well as 95% confidence intervals.
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Figure 8: This plot shows the cumulative distribution
of the error for M = 25 and n = 100. Results show
the mean as well as 95% confidence intervals.

use a Gaussian model, where it samples from the error
distribution directly, thus it has an infinite number of
samples to draw from. We see that the Gaussian is op-
timal as we expect, and generally there is an increase
in the ability to localize as a function of the number of
samples. However, 8 samples localizes very well. This
could be an artifact of the initial distribution that the
NLBP converges to, but it is likely that this means that
very few samples are necessary to sufficiently describe
the distribution. It is also interesting that increasing
the number of samples lowers the standard deviation
as can be seen in Figure 10. However, the Gaussian
seems to ignore this trend, which is contrary to intu-
ition.
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Figure 9: The effect of cumulative probability of error
of our localization as a function of number of samples.
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Figure 10: The effect of the standard deviation of our
localization as a function of number of samples.

8.6 Effect of the Analytic Function

In this test we analyze whether using the two-hop an-
alytic function information provides a significant im-
provement in the localization results. We generate five
random graphs and run our algorithm both with and
without analytic function information for each graph.
Figure 11 shows the means of the cumulative distri-
bution of the error for these tests. We see that the
analytic information seems to provide a small benefit.
However, the variance of these results (not pictured)
is fairly high, and the runs without the analytic infor-
mation often performed better than those with it. It
is highly unlikely that using the analytic information
is worth the enormous cost in additional communica-
tion (because each mote has a large number of two-
hop neighbors). However, if a run of our localization
algorithm yields a few motes with high localization
error, one could try rerunning with this information,
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Figure 11: Mean of the cumulative distribution of error
for 5 runs with and without analytic function informa-
tion

or just using the analytic information once as a post-
processing step to try to narrow down where that mote
is.

8.7 Modifying Standard Deviations of Read-
ings

This test analyzes the algorithm’s robustness to noisy
distance readings. We ran our algorithm for a random
graph where we modeled error as a Gaussian where the
mean was the actual distance, and the standard devi-
ation was a percentage of the distance, which ranged
from 2.5% to 50%. We modeled standard deviation
in this way so that motes that are further apart have
higher error. Figure 12 presents our results when we
provide 1024 noisy samples of each neighbor’s distance
to each mote. This graph illustrates that the algorithm
is resilient to significant distance reading noise. Even
with a standard deviation of 50% of the distance, the
motes localize well.

9 Algorithm Behavior Discussion

The above plots are just a small subsample of the
most interesting results from the experiments we ran.
Our extensive evaluation elucidated many nuances of
the algorithm. First, it is importnant to note that
even standard LBP has no convergence guarantees. It
is an approximation to the exact junction tree algo-
rithm. Unfortunately, because junction tree is expo-
nential in the clique sizes of the graph, and we need
many neighbors to perform localization effectively, it is
computationally infeasible to perform this algorithm.
It has been investigated as a good framework for prob-
lems with smaller clique sizes [19]. While LBP is still
not well understood, there has been extensive effort
to understand why it works [14, 15], as well as ways
to provide better guarantees. One such algorithm
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Figure 12: Mean of the cumulative distribution of error
for 30 runs using 1024 samples of the distance with
standard deviation varying from 2.5% to 50% of the
mean

for improved guarantees is Wainwright et al.’s Tree-
Reweighted Loopy Belief Propagation [16]. While nor-
mal LBP has no formal guarantees, the applications
of these algorithms have been very successful. For in-
stance, they are used in most cell phones for decoding
purposes. We are also confident that better approx-
imations that do provide formal guarantees will be
available in the future. NLBP is a further approxima-
tion of LBP because it uses samples from distributions,
rather than the distributions themselves.

In terms of accurately localizing a sensor network,
as we show in Section 8, there are many different pa-
rameters that might affect accuracy. The most influ-
ential factor seems to be the topology of the sensor
network. If there are bottlenecks, where information
from known nodes is sufficiently restricted to no longer
provide three known nodes indirectly, it is impossible
for any algorithm to correctly localize. This includes
bottlenecks that hide indirect information, such as our
analytic functions.

The next most influential property appears to be
initialization. Even on the same graph, with the same
distribution, an unlucky initialization can dramatically
alter results. This can be the difference between ob-
taining good estimates within 10 iterations and need-
ing more than 200 iterations for good estimates. This
is because the inference can first converge to the wrong
result, a local minima of some sort, and hopefully move
toward the correct solution. The time evolution plot
illustrates this problem very effectively in Section 8.1.

10 Future Work
10.1 Reducing Communication

Another interesting problem would be to further re-
duce the amount of communication necessary in our

implementation. One potential solution is to imple-
ment the method described in [20]. Here, the authors
describe a modification to the basic Loopy Belief Prop-
agation algorithm that allows each node to broadcast
a single message to all of its neighbors instead of one
unique message to each of its neighbors. This broad-
cast message is the same size as the individual message.
In wireless sensor networks, at least, this broadcast
costs the same as a neighbor-to-neighbor message, so
this provides a significant savings in communication.

This method directly applies to Nonparametric Be-
lief Propagation. Each mote can broadcast its local
marginals, and each neighbor can compute the mes-
sages themselves from this. Everything that the broad-
casting mote would have used to compute individual
messages is available to the receiver: the distance es-
timate, the previous message from the receiver to the
sender, and the local marginals that were broadcast.
In practice, however, there are complications that ar-
rive when motes fail to receive some messages. The
receiver may have sent more recent messages (broad-
casts) to the sender that the sender did not receive,
and thus will use the incorrect “previous message”.
This can be handled using version vectors and storing
the last several outing messages, but this extra state
and complexity add up quickly. If no motes actually
go down for some time and come back up, then this
will work fine as is. If motes do fail for a significant pe-
riod, then one might have to send a standard message
to catch that node back up. It would be interesting to
analyze the tradeoffs in using this method.

An interesting problem that this research prompted
is given perfect distance readings, how must the radius
of communication scale as a function of the number of
nodes within a constant area to be able to bound, with
constant probability, the ability to solve the localiza-
tion problem given three known nodes? It seems that
this property would help a lot with the intuition about
what values of R are reasonable for a specific graph.

One way to alleviate our problems with unlucky ini-
tializations is to have all nodes ignore any neighbors
that it has not received messages from, instead of just
using randomly initialized messages. In this case, rea-
sonable initial values will propagate outward from the
anchor nodes. We suspect that this may reduce the
variance in our experiments as well as produce opti-
mal solutions more frequently. We would like to ex-
plore this more.
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Figure 13: This illustrates the localization estimates, where circles represent true locations, and triangles repre-
sent estimated locations.
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