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Abstract. We propose the information regularization principle for fusing information from sets of identical

sensors observing a target phenomenon. The principle basically proposes an importance-weighting scheme for

each sensor measurement based on the mutual information based pairwise statistical similarity matrix between

sensors. The principle is applied to maximum likelihood estimation and particle filter based state estimation. A

demonstration of the proposed regularization scheme in centralized data fusion of dense motion detector

networks for target tracking is provided. Simulations confirm that the introduction of information regularization

significantly improves localization accuracy of both maximum likelihood and particle filter approaches

compared to their baseline implementations. Outlier detection and sensor failure detection capabilities, as well

as possible extensions of the principle to decentralized sensor fusion with communication constraints are briefly

discussed.

Keywords: information regularization principle, mutual information, target localization and tracking, binary

motion detector network

1. Introduction

Recent advances in wireless networking and the

increasing availability of small, low-power, inexpen-

sive sensors with wireless communication capabili-

ties have driven the advent of many interesting

applications of distributed sensing and information

fusion. Sensor network research includes various

detection, tracking, and localization applications

[1–4], ranging from geophysical studies [5–7], to

health monitoring systems [8–10], and military

applications [11]. The most common environmental

studies include fire, and flood detection, and bio-

complexity mapping, where mostly pressure, humid-

ity, and temperature sensors are deployed. Since the

sensors are typically left unattended for extended

durations in environmental applications, they are

preferably equipped with effective power recharging

capabilities, such as solar cells. Monitoring of human

cognitive and physical activity data is the most

common health application of sensor networks. In

some studies, for example, the aim is to detect some

patterns in human behavior are early indicators of

neurodegenerative diseases.

In many application domains, distributed binary

motion detector networks merit attention due to

computationally cheap sensing and processing char-

acteristics. Bayesian decision schemes for binary

sensor networks have been studied by Tsitsiklis [2],

Chair and Varshney [12], and other researchers.

However, if the phenomena that we want to sense

have some temporal–spatial dependencies, these

original approaches have to be modified to account

for sensor location dependent hypotheses. Another

similar issue is the dependency to the individual

detection characteristics of sensors, such as false



alarm and miss probabilities or detection range,

which changes the sensor behavior throughout the

sensor network field. To address spatial dependen-

cies in target localization, Rodriguez, Tong, and

colleagues proposed improvements to maximum

likelihood decision fusion by considering source

localization [13, 14].

Another significant problem in target tracking is

data association for the scenarios that include

multiple targets. This problem can be regarded as

the way of determining the correspondences be-

tween the sensor measurements and multiple targets.

The most widely used data association algorithm is

multiple hypothesis tracking (MHT) algorithm [15].

Chong and colleagues propose a distributed version

of this algorithm [16]. However, the main drawback

of this approach is that the computational complex-

ity of the algorithm increases exponentially with the

number of sensors, which makes it impractical to use

in dense sensor network fields. Recently, a graphical

model optimization based approach is proposed;

Chen and colleagues overcome this problem, which

makes MHT bases approaches applicable in dense

sensor networks [17].

There is also a recent interest in incorporating

machine learning techniques to extract the character-

istics of the environment in order to design adaptive

and environment-aware systems, called cognitive

devices [18]. The idea behind this approach is to

exploit statistical redundancies in the environment

behavior to modify the operating mode, and increase

performance and efficiency. In the context of target

tracking, if the target has a statistically stationary or

slowly varying nonstationary behavior, sensor net-

works can exploit the statistical similarities in their

measurements to improve their localization perfor-

mance. By incorporating information about past

sensing activity into the current estimation process,

one can improve the performance beyond the

standard naı̈ve Bayesian estimation approaches that

assume identical independent sensors that are un-

aware of their environment and their history, which

is the current benchmark. Clearly, in the ideal case,

the sensor network would have accurate knowledge

of the prior distribution or statistical model of the

phenomenon being observed, and using this prior

knowledge, would expand its estimation scheme in a

maximum a posteriori (MAP) context. Such infor-

mation could also be used to achieve effective

measurement dimensionality reduction. However,

obtaining such detailed prior information is expected

to pose a couple of practical difficulties. The

distributed nature of the phenomenon prevents the

network from acquiring sufficient data to accurately

estimate the prior with small amounts of training

data. Moreover, the global nature of the prior

prevents decentralization of estimation procedure.

This contradicts with the current trend in distributed

sensor network research, which is to achieve decen-

tralized data/decision fusion with nearly optimal

performance and minimal bandwidth and energy

requirements [19]. In localization using only instan-

taneous sensor measurements, optimal typically

refers to maximum likelihood, and can only be

achieved through centralized means, especially be-

cause all sensor measurements are treated as equally

important. On the other hand, if prior knowledge of

the target characteristics can be summarized utilizing

past sensor activity, the sensors can be ranked/

weighted individually according to the information

that they provide related to the target phenomenon.

Alternatively, pairwise relevance of sensors can be

incorporated to minimize communication require-

ments between the sensors that provide redundant or

irrelevant information. Both of these approaches will

lead to solutions that reduce the communication

requirements of the sensor networks through selec-

tive sensor information transmissions. Consequently,

the proposed information regularization principle

lends itself to decentralized decision making conve-

niently. Moreover, the pairwise statistical similarity

between sensor measurements can be used to

estimate the information diversity in the network,

thus achieve self-organization of the network

through parameter modifications (such as sensor

location) to maximize diversity.

In this paper, we demonstrate an application of the

information regularization principle to target locali-

zation and tracking using a dense motion sensor

network. Specifically, we implement modifications

to two benchmark Bayesian approaches, namely

maximum likelihood (ML) and particle filter (PF)

estimation, by incorporating importance-weighting

to sensor measurements using mutual information

based statistical similarity of sensor activation

history. Both the information regularized maximum

likelihood (IRML) and the information regularized

particle filter (IRPF) are shown to improve localiza-

tion performance significantly relative to their

original counterparts at minimal additional compu-
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tational cost of evaluating the information regulari-

zation weights (which essentially corresponds to a

training phase). The application presented here is

also illustrative of the fact that the information

regularization principle can be utilized for various

other sensor network applications such as faulty

sensor identification.

2. Problem Statement

We consider the problem of target localization using

binary motion sensor measurements and the firing
(indicating detection) characteristics of the sensors.

The proposed principle is employed in both ML

estimation of target localization based on the instan-

taneous sensor firing patterns, which does not exploit

the temporal dynamics of target trajectories, and in PF

estimation that utilizes complete statistical knowledge

about target dynamics [20, 21]. In both ML and

IRML, optimal instantaneous estimates are determined

by initializing the iterative maximization algorithm to

the estimate at the previous time step, which incorpo-

rates some rudimentary temporal information.

Identical motion sensors that are sensitive to the

target in a radially symmetric fashion are assumed

(for simplicity) with a monotonically decreasing

probability of detection for increasing sensor to

target distance. Given the sensor position s, and the

target position x, the firing probability of the sensor

should satisfy

1Þp f ¼ 1 x; sjð Þ ¼ p f ¼ 1j x� sk kð Þ
2Þ� � p f ¼ 1j x� sk kð Þ � 1� �
3Þ x� sk k � x0 � s0k k
, p f ¼ 1 x0 � s0k kjð Þ � p f ¼ 1j x� sk kð Þ

4Þ lim x�sk k!0 p f ¼ 1 x� sk kjð Þ ¼ 1� �
5Þ lim x�sk k!1 p f ¼ 1 x� sk kjð Þ ¼ 1� �

ð1Þ

where f is the sensor output, a is the probability of

false alarm, and b is the probability of misdetection.

Although it is not necessarily the best model for real

sensors, a single-sided Gaussian profile is the most

typical model choice in the literature for illustrative

purposes. Here, we also employ the one sided

Gaussian model, which is

p f ¼ 1j x� sk kð Þ ¼ �þ 1� �� �ð Þe� x�sk k2=h2 ð2Þ

where h defines the half detection probability range.

Hence, p f ¼ 1 hjð Þ ¼ 1=2 . Consequently, p f ¼ 0jð
x� sk kÞ ¼ 1� p f ¼ 1j x� sk kð Þ.
Given the sensor locations {s1,...,sn}and the sensor

outputs {f1,...,fn} at any time instant, the ML estimate

for the target location is the solution of the following

optimization problem.

bxxML ¼ arg maxx

P

fi¼1 log p fi ¼ 1j x� sik kð Þ
þ
P

fi¼0 log 1� p fi ¼ 1j x� sik kð Þð Þ ð3Þ

At this point, note that the ML solution does not

consider any prior information about the probability

distribution of the target location. In a static

estimation scenario, the MAP estimate, on the other

hand, would utilize such prior distribution informa-

tion p(x) to augment Eq. (3) into [22]:

bxxMAP ¼ arg maxx

P

fi¼1 log p fi ¼ 1j x� sik kð Þ
þ
P

fi¼0 log 1� p fi ¼ 1j x� sik kð Þð Þ
þ log p xð Þ=p f1; :::; fnð Þð Þ

ð4Þ

In the case of dynamic target tracking, recursive

Bayesian estimation utilizing knowledge about the

target dynamics would provide a more appropriate

and convenient implementation of the MAP princi-

ple. For instance, assuming a simple circular Gauss-

ian random walk model for the target position and,

we would have the state transition probability

distribution as p xt xt�1jð Þ ¼ G xt; xt�1 þ �v; �
2
vI

� �

.1

Also assuming independent sensor measurements,

the state-conditional measurement distribution

p ft xtjð Þ ¼
Qn

s¼1 qfts
ts 1� qtsð Þ1�fts , where qts ¼ p fsð ¼

1j xt � ssk Þ. Given this model, one can then employ

standard Kalman filter extensions including the

sigma-point or particle filters to perform the follow-

ing distribution of position given past measurements

[20]:

p xt f0:tjð Þ / p ft xtjð Þ
Z

p xt xt�1jð Þp xt�1 f0:t�1jð Þdxt�1 ð5Þ

Note that p(ft|xt) is the likelihood of the instanta-

neous sensor measurements given the target position,

Information Regularized Sensor Fusion: Application To Localization With Distributed Motion Sensors



which yields the log-likelihood in Eq. (3). The

integral term in Eq. (5) is the prior information

equivalent to that in Eq. (4). In particular, for the

basic particle filter, one updates a number of

particles and their weights as follows:

xp
t ¼ xp

t�1 þ vt�1 up
t / up

t�1p ft xp
t

�

�

� �

ð6Þ

where vtj 1 is drawn from G :;�v; �
2
vI

� �

. The estimate

can then be obtained using a weighted sample average

over the particles: bxxPF
t ¼

P

p up
t xp

t (although one could

easily argue against the use of this method for cases

where the state distribution has multiple modes).

3. Information Regularization Using Pairwise

Sensor Activity Mutual Information Graph

Consider a distributed motion sensor network that is

utilized for target detection/localization over a prede-

fined bounded region. Suppose that the target trajecto-

ries follow a stationary statistical generative model

(e.g., Markov process). Under these assumptions one

would expect a given target to follow some random

trajectory T, and the sensors to provide outputs in a

consistent fashion with the random trajectory T. If the

trajectory comes from a stationary probability distri-

bution, the sensor network outputs are expected to

have statistical similarities for each target trajectory.

Here, note that the sensor outputs are discrete-values

point-processes and the term correlation is used in its

broader meaning including nonlinear and discrete-

valued dependencies between sensor outputs.

As the target follows the random trajectory T,

suppose fi(T) be the corresponding random binary

firing sequence of sensor i. Here, we investigate the

mutual information between the pairs of sensor

outputs, denoted by I(fi(T),fj(T)), and we expect the

mutual information to be high for the sensor pairs

that fire and remain silent simultaneously. On the

other hand, for the pairs that detect the target

asynchronously, the mutual information is expected

to be small. Similarly, the sensor pairs that contain

one or two sensors that never detect the target rather

than occasional false alarm firings will show almost

zero mutual information. According to the sensor

model given in Eq. (1), which defines a monotoni-

cally decreasing function of sensor-to-target dis-

tance, the pairwise mutual information graph (where

each sensor is a node and the edge strength connecting

two nodes is given as Iij) is expected to connect the

neighboring sensors at the regions with p(xt)/p(f1,...,fn),

while isolating sensors where this ratio is small.

The mutual information between the sensor output

sequences fi(T) and fj(T) is defined as the expected

value of the ratio of the joint and marginal

distributions of these sequences: p(fi(T),fj(T)),

p(fi(T)), and p(fj(T)).

I fi Tð Þ; fj Tð Þ
� �

¼ E log
p fi Tð Þ; fj Tð Þ
� �

p fi Tð Þð Þp fj Tð Þ
� �

" #

ð7Þ

In practice, the estimation of this mutual informa-

tion requires the estimation of the joint probability

densities, which increases exponentially with the

length of the sequences. Assuming (reasonably) that

each sensor exhibits independent firing behavior at

each time step Tk of the trajectory, the joint

distribution of each sensor_s firing sequence over T
becomes separable into the product of firing proba-

bilities at each time step: p fi Tð Þð Þ ¼ p fi T1ð Þð Þ . . .

p fi TNð Þð Þ . Similarly, assuming each pair of sensors

are independent from their pairwise behavior at other

time steps, we obtain the separability of the joint

distribution of the time sequences into the product of

the individual firing behaviors at each time instant:

p fi Tð Þ; fj Tð Þ
� �

¼ p fi T1ð Þ; fj T1ð Þ
� �

. . . p fi TNð Þ; fj TNð Þ
� �

.

This simplifies the statistical difficulty posed by the

high dimensionality of Eq. (5), and reduces the

expression to the simple bivariate mutual informa-

tion between two binary random variables.

I fi Tð Þ; fj Tð Þ
� �

� E log
YN

k¼1

p fi Tkð Þ; fj Tkð Þ
� �

p fi Tkð Þð Þp fj Tkð Þ
� �

" #

¼
XN

k¼1
E log

p fi Tkð Þ; fj Tkð Þ
� �

p fi Tkð Þð Þp fj Tkð Þ
� �

" #

¼
XN

k¼1
I fi Tkð Þ; fj Tkð Þ
� �

ð8Þ

At this point, one can utilize the sensor output

sequences while a set of training targets to estimate

the pairwise mutual information between pairs of

sensors i and j. In a more realistic scenario, one

would initialize the mutual information between

sensors uniformly for all pairs (thus, no regulariza-
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tion is imposed and IRML starts as ML, IRPF starts

as PF), and recursively updating these quantities

according to the sensor sequences for the current

target. Since the aim of this paper is to present the

information regularization concept, here we assume

that we are given a set of training targets to be

utilized for the estimation of the mutual information

for each sensor pair. Recursive updates for the

information regularization with a suitable forgetting

factor, on the other hand, can also be used for

extending the modeling capabilities of information

regularization to target processes from a nonstation-

ary distribution. These will be investigated in a

future publication. Given concatenated firing sequen-

ces fi(T) and fj(T) for many target trajectories

(represented by T), the joint and marginal firing

probabilities p(fi,fj), p(fi), and p(fj), where fi,fj

Z{0,1}, are estimated by relative occurrence fre-

quencies. That is, if the concatenated firing sequen-

ces fi(T) and fj(T) have N sampling time instants, the

frequency of four possible co-firing patterns,

{(0,0),(0,1),(1,0),(1,1)} for sensor i and j are counted

and normalized by N to estimate the joint and

marginal probability distributions in Eq. (8).

A sensor that is at a central location for a given

target dynamics is expected to have large mutual

information with its neighboring sensors. The matrix

constructed using these pairwise mutual information

values Iij ¼ I fi Tð Þ; fj Tð Þ
� �

can be regarded as a

similarity matrix (generalized version of the adja-

cency matrix in graph theory; used in spectral

machine learning methods). This adjacency matrix

represents a graph that summarizes the statistical

similarity of the sensor activity in the network, which

in the case of target tracking is also related to the

spatial organization of the sensors. We define the

information regularization weights as the degree of

each node (sum of edge strengths that are connected to

a particular node/sensor) normalized by the volume of

the graph (sum of all edges in the graph):

wi ¼
P

j I fi Tð Þ; fj Tð Þ
� �

P

j

P

l I fl Tð Þ; fj Tð Þ
� � ð9Þ

An illustration of the IR weights in Eq. (9) for a

random walk target behavior is provided in Figs. 1

and 2. Note that this selection corresponds to

assuming a fully connected graph where each sensor

is a node and the pairwise mutual information values

are edge weights. Alternatively, sparsely connected

geographical neighborhood graphs could be incorpo-

rated to impose communication only between spa-

tially nearby nodes. Thresholding the pairwise mutual

information values and maintaining only the strong

connections would also yield another sparse connec-

tivity graph based on statistical similarity and could

encourage both geographical selectivity and improved

outlier rejection. Imposing zero entries in the similarity

matrix using one of these methods corresponds to

enforcing no-similarity between certain sensors, thus

helps reduce centralization, communication require-

ments, and overall computation load.

Figure 1. Sample target trajectories using the random walk

model given in Eq. (14) for 20 sample Monte Carlo (MC)

simulations.

Figure 2. Information regularization weights over a 20�20

uniform sensor grid using 100 MC realizations of Eq. (14) as

training data.
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Using the information regularization weights pro-

posed in Eq. (8), we define the information regular-

ized maximum likelihood (IRML) criterion for target

localization. IRML criterion is obtained by modify-

ing ML criterion in Eq. (3) using the information reg-

ularization weights assigned to each sensor in Eq. (9).

The regularized likelihood function becomes a weight-

ed geometric mean:

p ft xt; wjð Þ ¼
Yn

s¼1
qwsfts

ts 1� qtsð Þws 1�ftsð Þ ð10Þ

At this point it is important to emphasize that

IRML uses only the independent sensor firing

assumption that is also utilized by the ML approach.

Moreover, the independent sensor firing assumption

here does not imply anything about the mutual

information between the sensor output sequences

given in Eqs. (5) and (6). The latter simply defines a

statistical similarity measure between these time

series, and does not imply statistical dependency of

instantaneous sensor firings.

Considering the logarithm of Eq. (10), the objec-

tive criterion of IRML takes a weighted log-

likelihood form:

bxxIRML ¼ arg maxx

P

fi¼1 wi log p fi ¼ 1j x� sik kð Þ
þ
P

fi¼0 wi log 1� p fi ¼ 1j x� sik kð Þð Þ ð11Þ

The IRML estimate can be obtained by maximiz-

ing the criterion in Eq. (11) using a fixed-point

iterative algorithm similar to the mean-shift cluster-

ing algorithm [23]. For the firing model of Eq. (3)

with a=b, taking the gradient of Eq. (11) with respect

to x, equating to zero, and rearranging terms yields

the following simple iterative optimization rule

(detailed derivation in the Appendix):

bxxt ¼

P

fi¼1

wi
qi bxxtð Þ��ð Þsi

qi bxxtð Þ þ
P

fi¼0

wi
qi bxxtð Þ��ð Þsi

1�qi bxxtð Þð Þ

" #

P

fi¼1

wi
qi bxxtð Þ��ð Þ

qi bxxtð Þ þ
P

fi¼0

wi
qi bxxtð Þ��ð Þ
1�qi bxxtð Þð Þ

" # ð12Þ

w h e r e qi xð Þ ¼ p fi ¼ 1j x� sik kð Þ ¼ �þ 1� 2�ð Þ
e� x�sik k2=h2

.

In order to reduce iterations-to-convergence, avoid

irrelevant local optima, and incorporate temporal

information regarding the dynamics of the target

trajectory, the iterations in Eq. (12) are initialized to

the IRML-estimate of the target location obtained at

the previous time step using Eq. (11).

The application of the proposed regularization to

PF is straightforward. Simply, the regularized likeli-

hood function in Eq. (10) is used in the weight

updates of the particles:

xp
t ¼ xp

t�1 þ vt�1 up
t / up

t�1p ft xp
t ; w
�

�

� �

ð13Þ

4. Applications of the IR Principle

Before proceeding to the experimental results regard-

ing the IRML and IRPF algorithms, we will briefly

discuss how information regularization can be utilized

to address common problems in sensor fusion. The

redundancy between sensor outputs (in the sense of

insignificant performance gain relative to added com-

munication and computational resource requirements)

can be eliminated in a variety of ways depending on

the application. To reduce the communication require-

ments, one can use the pairwise mutual information

graph as a similarity matrix of sensor pairs, which

facilitates the clustering of similar sensors together for

communication purposes, yielding a hierarchical

decision fusion scheme, or enabling selective sensor

communication based on past information relevance.

Sensor clustering can be utilized to define sub-

networks to minimize unnecessary network-wide

communications. Furthermore, one can replace the

group of similar sensors with fewer sensors depending

on the application and the coverage area of this group

of sensors. Similarity based clustering—for instance

spectral clustering—techniques (see [23] for some

pointers to relevant literature) based on the mutual

information similarity measure in Eq. (7) would be

essential for these modifications.

Another prospect would be to reorganize the sensor

locations to avoid similarly behaving sensors, which

will efficiently maximize the information diversity of

the overall sensor network, and increase the perfor-

mance under the given statistics of the target phenom-

enon. Sensor network reorganization could also be

achieved in a self-organizing fashion by employing

sensors that have the ability to modify their location

(and orientation if directional sensors are used).

Sensor failure detection is another promising appli-

cation for the information regularization principle.

Temporal evolution of the pairwise mutual information
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matrix can be exploited to identify sensors that exhibit

unexpected sudden changes in their co-sensing behav-

ior with neighboring sensors, presumably due to

failure.

5. Experimental Results

In this section we present experimental results for a

sensor network with firing probabilities as given in Eq.

(2). We compare results obtained with proposed

IRML and IRPF with benchmarks ML and PF. For

simplicity, we use sensors uniformly deployed on a

grid in all of the experiments. Note that, this is not

necessarily an optimal choice. As mentioned in the

previous section, sensor locations can in fact be

selected according to the pairwise mutual information

matrix to increase the information diversity among

the sensors for a particular target trajectory model.

Mean localization errors (average Euclidean dis-

tance between true and estimated position of target)

averaged over the trajectories generated in 100

Monte Carlo runs are provided. In these experiments,

the target trajectories were random walks generated

according to

xt ¼ xt�1 þ �þ vt�1 ð14Þ

where m=[0.01,0]T and v is a circular bivariate

Gaussian random variable with covariance (0.0052I).
The probability of miss and false alarms are assumed

to be equal: a=b, and a 1�1 unit-distance-square area

of interest covered by a uniform 10�10 sensor grid is

considered.

Figure 3 shows the mean localization error of all

four methods as a function of false alarm rate a
(maintaining a=b). Figure 4 shows the mean

localization error of all four methods as a function

of equivalent density of sensors (simulated by

manipulating the half-detection range h of the

sensors). Proposed IRML and IRPF estimators

significantly outperform their benchmark counter-

parts ML and PF estimators. This is due to the fact

that the proposed regularization scheme achieves an

effective dimensionality reduction in the measure-

ment vector by projecting the log likelihood function

on a more informative subspace determined by the

IR weight vector, which is illustrated for a 20�20

uniform sensor grid in Fig. 2 that demonstrates how

sensors in greater synchrony with others receive

higher importance weights. In addition, as expected,

the PF approaches outperform the ML approaches

due to the additional advantage provided by the

target dynamic model information.

6. Discussions

Effective and efficient utilization cheap, low-power,

and reliable sensing devices in dense sensor networks

for various problems such as detection, localization,

and tracking provides an accuracy-complexity trade-

off. In ideal situations with complete or very accurate
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Figure 3. Mean of the distance between the actual target

position and the estimated location in 100 Monte Carlo simu-

lations for a 10�10 uniform sensor grid as a function of false

alarm (detection) probability: ML (solid), IRML (dashed).
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prior knowledge regarding the measured phenomena,

sensor fusion using Bayesian techniques usually

provides accuracy-optimal but when such prior

information is not available maximum likelihood

provides a simple yet relatively inaccurate solution.

In this paper, we presented the application of an

information regularization principle to maximum

likelihood and particle filter target localization using

motion sensor networks. Improved accuracy was

obtained compared to both benchmarks with insignif-

icant additional computational training burden.

The information regularization principle is based on

the assumption that the observed distributed phenom-

enon exhibits spatial or temporal correlations that can

be captured by sensor activity correlations, as well as

being (quasi-) stationary. The two assumptions lead to

the expectation that the sensor network will comprise

of sensors that behave in a statistically similar manner.

This similarity can be best measured nonparametri-

cally by the pairwise mutual information between the

activities of two sensors. Due to the correlations

exhibited by the target phenomenon, the sensor

activities exhibit strong correlations between sensors

measuring statistically nearby aspects of the observed

variable. Consequently, such sensor pairs develop a

strong mutual information connection indicating

measurement redundancy.

In this paper, we have focused on the application

of information regularization on incorporating prior

sensing experience into the Bayesian sensor fusion

framework through a modified maximum likelihood

target localization criterion that emphasizes sensors

that exhibit higher statistical correlation in their

firing activity. This is motivated by the assumption

that these sensors are sensing relevant and consistent

information. Information regularization reduces the

effect of outlier sensors that fire falsely without the

presence of a target in their neighborhoods, thus

improve localization accuracy compared to standard

maximum likelihood and particle filter estimation

significantly.

Contemporary challenges in sensor network

research include decentralization and bandwidth con-

straints. The IR principle can be easily adapted to

handle these constraints by assuming a suitable sparse

connectivity (adjacency) graph between the sensors,

thus enabling sensors to eliminate their communica-

tion with and dependency on other sensors that do not

provide synchronous relevant information or that are

geographically separated.
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1. Appendix

The fixed point iteration in Eq. (12) is derived in this

appendix. The gradient of the IRML criterion given

in Eq. (11) with respect to the target position x is:

rT
x JIRML ¼

X

fi¼1
wi
rT

x qi xð Þ
qi xð Þ þ

X

fi¼0
wi
rT

x 1� qixð Þ
1� qixð Þ

ð15Þ

w h e r e qi xð Þ ¼ p fi ¼ 1j x� sik kð Þ ¼ �þ 1� 2�ð Þ
e� x�sik k2=h2

. N o t e t h a t rT
x qi xð Þ ¼ qi xð Þ � �ð Þ

�2 x� sið Þ
�

h2
� �

. Substituting this in Eq. (15), we

obtain:

rT
x JIRML ¼ �2h�2

X

fi¼1

wi
qi xð Þ � �ð Þ x� sið Þ

qi xð Þ

�
X

fi¼0

wi
qi xð Þ � �ð Þ x� sið Þ

1� qi xð Þð Þ

2

6

6

6

6

4

3

7

7

7

7

5

ð16Þ

Equating Eq. (16) to zero and rearranging terms to

leave x alone on one side of the equation yields a

fixed-point update:

x ¼

P

fi¼1

wi
qi xð Þ��ð Þsi

qi xð Þ þ
P

fi¼0

wi
qi xð Þ��ð Þsi

1�qi xð Þð Þ

" #

P

fi¼1

wi
qi xð Þ��ð Þ

qi xð Þ þ
P

fi¼0

wi
qi xð Þ��ð Þ
1�qi xð Þð Þ

" # ð17Þ

Note

1. Note that in general target tracking problems, the target motion

dynamics are unknown so they must be estimated jointly with

the state vector, which would include not only position, but

also velocity, and acceleration history.

References

1. P. K. Varshney, Distributed Detection and Data Fusion,

Springer, New York, 1997.

2. J. N. Tsitsiklis, BDecentralized Detection by a Large Number of

Sensors,^ Math. Control Signals Syst., vol. 1, 1988, pp. 167–182.

Ozertem and Erdogmus



3. J. C. Chen, K. Yao, and R. E. Hudson, BSource Location and

Beamforming,^ IEEE Signal Process. Mag., vol. 19, 2002, pp.

30–39.

4. R. R. Brooks, P. Ramanathan, and A. M. Sayed, BDistributed

Target Classification and Tracking in Sensor Networks,^ Proc.

IEEE, vol. 91, no. 8, 2003, pp. 1163–1171.

5. A. Baptista, T. Leen, Y. Zhang, A. Chawla, D. Maier, W. C.

Feng, W. C. Feng, J. Walpole, C. Silva, and J. Freire,

BEnvironmental Observation and Forecasting Systems: Vision,

Challenges and Successes of a Prototype,^ in Encyclopedia of
Physical Science and Technology, R. A. Meyers (Ed.),

Academic, 3rd edn., vol. 5, pp. 565–581.

6. P. Bonnet, J. Gehrke, and P. Seshadri, BQuerying the Physical

World,^ IEEE Pers. Commun., vol. 7, 2000, pp. 10–15.

7. A. Cerpa, J. Elson, M. Hamilton, and J. Zhao, BHabitat

Monitoring: Application Driver for Wireless Communications

Technology,^ ACM SIGCOMM_2000, Costa Rica, 2001.

8. H. Jimison, M. Pavel, J. McKanna, and J. Pavel, BUnobtrusive

Monitoring of Computer Interactions to Detect Cognitive

Status in Elders,^ IEEE Trans. Inf. Technol. Biomed., vol. 8,

2004, pp. 248–252.

9. B. G. Celler, T. Hesketh, W. Earnshaw, and E. Ilsar, BAn

Instrumentation System for the Remote Monitoring of Changes

in Functional Health Status of the Elderly, International Confer-

ence,^ IEEE-EMBS, New York, 1994, pp. 908–909.

10. G. Coyle, L. Boydell, and L. Brown, BHome Telecare for the

Elderly,^ J. Telemed. Telecare, vol. 1, 1995, pp. 183–184.

11. F. Ye, H. Luo, J. Cheng, S. Lu, and L. Zhang, BA Two-Tier

Data Dissemination Model for Large-Scale Wireless Sensor

Networks,^ Proceedings of ACM-ICMCM, 2002, pp. 148–159.

12. Z. Chair, and P. K. Varshney, BOptimal Data Fusion in

Multiple Sensor Detection Systems,^ IEEE Trans. Aerosp.

Electron. Syst., vol. 22, no. 1, 1986, pp. 98–101.

13. A. Artes-Rodriguez, R. Torres-Lopez, and L. Tong,

BDistributed Detection by Multiple Tests in Sensor Networks

Using Range Information,^ Proceedings of EUSIPCO, 2004.

14. A. Artes-Rodriguez, BDecentralized Detection in Sensor Net-

works Using Range Information,^ Proceedings of ICASSP,

vol. 2, 2004, pp. 265–268.

15. D. B. Reid, BAn Algorithm for Tracking Multiple Targets,^
IEEE Trans. Automat. Contr., vol. 24, 1979, pp. 843–854.

16. C. Y. Chong, S. Mori, and K. C. Chang, BDistributed

Multitarget Multisensor Tracking,^ Advanced Applications,

vol. 1, 1990, pp. 247–295.

17. L. Chen, M. J. Wainwright, M. Cetin, and A. S. Willsky,

BData Association Based on Optimization in Graphical

Models with Application to Sensor Networks,^ Math. Comput.

Model., vol. 43, 2006, pp. 1114–1135.

18. S. Haykin, BCognitive Radar,^ IEEE Signal Process. Mag.,
vol. 23, 2006, pp. 30–40.

19. L. Doherty, B. A. Warneke, B. Boser, and K. S. J. Pister,

BEnergy and Performance Considerations for Smart Dust,^
International Journal of Parallel and Distributed Sensor
Networks, vol. 4, no. 3, 2001.

20. A. Doucet, N. de Freitas, and N. Gordon, Sequential Monte

Carlo Methods in Practice, Springer, New York, 2001.

21. E. A. Wan, and R. van der Merwe, BKalman Filtering and

Neural Networks,^ in The Unscented Kalman Filter, Simon

Haykin, (Ed.), Wiley, 2001 (chapter 7).

22. R. Duda and P. Hart, Pattern Classification and Scene
Analysis, Wiley, New York, 1973.

23. U. Ozertem, and D. Erdogmus, BSpectral Clustering with Mean

Shift Vector Quantization,^ Proceedings of MLSP, 2005.

Umut Ozertem received his B.S. in Electrical & Electronics

Engineering in 2003 from the Middle East Technical University,

Turkey. After working at Tubitak-BILTEN between August

2003 and July 2004 under the supervision of Aydin Alatan, he

joined the Adaptive Systems Lab in the CSEE Department of the

Oregon Health & Science University as a Ph.D. student. He is

currently working with Deniz Erdogmus, and his research

interests include statistical signal processing and machine

learning with a focus on information theoretic methods.

Deniz Erdogmus received his B.S. in Electrical & Electron-

ics Engineering (EEE), and B.S. in Mathematics both in 1997,

and the M.S. in EEE in 1999 from the Middle East Technical

University, Turkey. He received his Ph.D. in Electrical &

Computer Engineering from the University of Florida (UF) in

2002. He worked as a research engineer at TUBITAK-SAGE,

Turkey from 1997 to 1999 and was a research assistant and a

postdoctoral research associate at UF from 1999 to 2004.

Currently, he is an assistant professor at the CSEE and BME

Departments of the Oregon Health and Science University.

His research focuses on information theoretic and nonpara-

metric techniques in statistical signal processing and its

applications to biomedical problems. He has served in

editorial and scientific boards of a number of journals and

conferences. He was the recipient of the IEEE-SPS 2003

Best Young Author Paper Award and 2004 INNS Young

Investigator Award.

Information Regularized Sensor Fusion: Application To Localization With Distributed Motion Sensors


	Information Regularized Sensor Fusion: Application to Localization �With Distributed Motion Sensors
	Abstract
	Introduction
	Problem Statement
	Information Regularization Using Pairwise Sensor Activity Mutual Information Graph
	Applications of the IR Principle
	Experimental Results
	Discussions
	Appendix
	References




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (None)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /AardvarkPSMT
    /AceBinghamSH
    /AddisonLibbySH
    /AGaramond-Italic
    /AGaramond-Regular
    /AkbarPlain
    /Albertus-Bold
    /AlbertusExtraBold-Regular
    /AlbertusMedium-Italic
    /AlbertusMedium-Regular
    /AlfonsoWhiteheadSH
    /Algerian
    /AllegroBT-Regular
    /AmarilloUSAF
    /AmazoneBT-Regular
    /AmeliaBT-Regular
    /AmerigoBT-BoldA
    /AmerTypewriterITCbyBT-Medium
    /AndaleMono
    /AndyMacarthurSH
    /Animals
    /AnneBoleynSH
    /Annifont
    /AntiqueOlive-Bold
    /AntiqueOliveCompact-Regular
    /AntiqueOlive-Italic
    /AntiqueOlive-Regular
    /AntonioMountbattenSH
    /ArabiaPSMT
    /AradLevelVI
    /ArchitecturePlain
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialMTBlack-Regular
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialRoundedMTBold
    /ArialUnicodeLight
    /ArialUnicodeLight-Bold
    /ArialUnicodeLight-BoldItalic
    /ArialUnicodeLight-Italic
    /ArrowsAPlentySH
    /ArrusBT-Bold
    /ArrusBT-BoldItalic
    /ArrusBT-Italic
    /ArrusBT-Roman
    /Asiana
    /AssadSadatSH
    /AvalonPSMT
    /AvantGardeITCbyBT-Book
    /AvantGardeITCbyBT-BookOblique
    /AvantGardeITCbyBT-Demi
    /AvantGardeITCbyBT-DemiOblique
    /AvantGardeITCbyBT-Medium
    /AvantGardeITCbyBT-MediumOblique
    /BankGothicBT-Light
    /BankGothicBT-Medium
    /Baskerville-Bold
    /Baskerville-Normal
    /Baskerville-Normal-Italic
    /BaskOldFace
    /Bauhaus93
    /Bavand
    /BazookaRegular
    /BeauTerrySH
    /BECROSS
    /BedrockPlain
    /BeeskneesITC
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BenguiatITCbyBT-Bold
    /BenguiatITCbyBT-BoldItalic
    /BenguiatITCbyBT-Book
    /BenguiatITCbyBT-BookItalic
    /BennieGoetheSH
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BernhardBoldCondensedBT-Regular
    /BernhardFashionBT-Regular
    /BernhardModernBT-Bold
    /BernhardModernBT-BoldItalic
    /BernhardModernBT-Italic
    /BernhardModernBT-Roman
    /Bethel
    /BibiGodivaSH
    /BibiNehruSH
    /BKenwood-Regular
    /BlackadderITC-Regular
    /BlondieBurtonSH
    /BodoniBlack-Regular
    /Bodoni-Bold
    /Bodoni-BoldItalic
    /BodoniBT-Bold
    /BodoniBT-BoldItalic
    /BodoniBT-Italic
    /BodoniBT-Roman
    /Bodoni-Italic
    /BodoniMTPosterCompressed
    /Bodoni-Regular
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolFive
    /BookshelfSymbolFour
    /BookshelfSymbolOne-Regular
    /BookshelfSymbolThree-Regular
    /BookshelfSymbolTwo-Regular
    /BookwomanDemiItalicSH
    /BookwomanDemiSH
    /BookwomanExptLightSH
    /BookwomanLightItalicSH
    /BookwomanLightSH
    /BookwomanMonoLightSH
    /BookwomanSwashDemiSH
    /BookwomanSwashLightSH
    /BoulderRegular
    /BradleyHandITC
    /Braggadocio
    /BrailleSH
    /BRectangular
    /BremenBT-Bold
    /BritannicBold
    /Broadview
    /Broadway
    /BroadwayBT-Regular
    /BRubber
    /Brush445BT-Regular
    /BrushScriptMT
    /BSorbonna
    /BStranger
    /BTriumph
    /BuckyMerlinSH
    /BusoramaITCbyBT-Medium
    /Caesar
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /CalisMTBol
    /CalistoMT
    /CalistoMT-Italic
    /CalligrapherRegular
    /CameronStendahlSH
    /Candy
    /CandyCaneUnregistered
    /CankerSore
    /CarlTellerSH
    /CarrieCattSH
    /CaslonOpenfaceBT-Regular
    /CassTaylorSH
    /CDOT
    /Centaur
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturyOldStyle-BoldItalic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Cezanne
    /CGOmega-Bold
    /CGOmega-BoldItalic
    /CGOmega-Italic
    /CGOmega-Regular
    /CGTimes-Bold
    /CGTimes-BoldItalic
    /CGTimes-Italic
    /CGTimes-Regular
    /Charting
    /ChartreuseParsonsSH
    /ChaseCallasSH
    /ChasThirdSH
    /ChaucerRegular
    /CheltenhamITCbyBT-Bold
    /CheltenhamITCbyBT-BoldItalic
    /CheltenhamITCbyBT-Book
    /CheltenhamITCbyBT-BookItalic
    /ChildBonaparteSH
    /Chiller-Regular
    /ChuckWarrenChiselSH
    /ChuckWarrenDesignSH
    /CityBlueprint
    /Clarendon-Bold
    /Clarendon-Book
    /ClarendonCondensedBold
    /ClarendonCondensed-Bold
    /ClarendonExtended-Bold
    /ClassicalGaramondBT-Bold
    /ClassicalGaramondBT-BoldItalic
    /ClassicalGaramondBT-Italic
    /ClassicalGaramondBT-Roman
    /ClaudeCaesarSH
    /CLI
    /Clocks
    /ClosetoMe
    /CluKennedySH
    /CMBX10
    /CMBX5
    /CMBX7
    /CMEX10
    /CMMI10
    /CMMI5
    /CMMI7
    /CMMIB10
    /CMR10
    /CMR5
    /CMR7
    /CMSL10
    /CMSY10
    /CMSY5
    /CMSY7
    /CMTI10
    /CMTT10
    /CoffeeCamusInitialsSH
    /ColetteColeridgeSH
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CommercialPiBT-Regular
    /CommercialScriptBT-Regular
    /Complex
    /CooperBlack
    /CooperBT-BlackHeadline
    /CooperBT-BlackItalic
    /CooperBT-Bold
    /CooperBT-BoldItalic
    /CooperBT-Medium
    /CooperBT-MediumItalic
    /CooperPlanck2LightSH
    /CooperPlanck4SH
    /CooperPlanck6BoldSH
    /CopperplateGothicBT-Bold
    /CopperplateGothicBT-Roman
    /CopperplateGothicBT-RomanCond
    /CopticLS
    /Cornerstone
    /Coronet
    /CoronetItalic
    /Cotillion
    /CountryBlueprint
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /CSSubscript
    /CSSubscriptBold
    /CSSubscriptItalic
    /CSSuperscript
    /CSSuperscriptBold
    /Cuckoo
    /CurlzMT
    /CybilListzSH
    /CzarBold
    /CzarBoldItalic
    /CzarItalic
    /CzarNormal
    /DauphinPlain
    /DawnCastleBold
    /DawnCastlePlain
    /Dekker
    /DellaRobbiaBT-Bold
    /DellaRobbiaBT-Roman
    /Denmark
    /Desdemona
    /Diploma
    /DizzyDomingoSH
    /DizzyFeiningerSH
    /DocTermanBoldSH
    /DodgenburnA
    /DodoCasalsSH
    /DodoDiogenesSH
    /DomCasualBT-Regular
    /Durian-Republik
    /Dutch801BT-Bold
    /Dutch801BT-BoldItalic
    /Dutch801BT-ExtraBold
    /Dutch801BT-Italic
    /Dutch801BT-Roman
    /EBT's-cmbx10
    /EBT's-cmex10
    /EBT's-cmmi10
    /EBT's-cmmi5
    /EBT's-cmmi7
    /EBT's-cmr10
    /EBT's-cmr5
    /EBT's-cmr7
    /EBT's-cmsy10
    /EBT's-cmsy5
    /EBT's-cmsy7
    /EdithDaySH
    /Elephant-Italic
    /Elephant-Regular
    /EmGravesSH
    /EngelEinsteinSH
    /English111VivaceBT-Regular
    /English157BT-Regular
    /EngraversGothicBT-Regular
    /EngraversOldEnglishBT-Bold
    /EngraversOldEnglishBT-Regular
    /EngraversRomanBT-Bold
    /EngraversRomanBT-Regular
    /EnviroD
    /ErasITC-Bold
    /ErasITC-Demi
    /ErasITC-Light
    /ErasITC-Medium
    /ErasITC-Ultra
    /ErnestBlochSH
    /EstrangeloEdessa
    /Euclid
    /Euclid-Bold
    /Euclid-BoldItalic
    /EuclidExtra
    /EuclidExtra-Bold
    /EuclidFraktur
    /EuclidFraktur-Bold
    /Euclid-Italic
    /EuclidMathOne
    /EuclidMathOne-Bold
    /EuclidMathTwo
    /EuclidMathTwo-Bold
    /EuclidSymbol
    /EuclidSymbol-Bold
    /EuclidSymbol-BoldItalic
    /EuclidSymbol-Italic
    /EuroRoman
    /EuroRomanOblique
    /ExxPresleySH
    /FencesPlain
    /Fences-Regular
    /FifthAvenue
    /FigurineCrrCB
    /FigurineCrrCBBold
    /FigurineCrrCBBoldItalic
    /FigurineCrrCBItalic
    /FigurineTmsCB
    /FigurineTmsCBBold
    /FigurineTmsCBBoldItalic
    /FigurineTmsCBItalic
    /FillmoreRegular
    /Fitzgerald
    /Flareserif821BT-Roman
    /FleurFordSH
    /Fontdinerdotcom
    /FontdinerdotcomSparkly
    /FootlightMTLight
    /ForefrontBookObliqueSH
    /ForefrontBookSH
    /ForefrontDemiObliqueSH
    /ForefrontDemiSH
    /Fortress
    /FractionsAPlentySH
    /FrakturPlain
    /Franciscan
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /FranklinUnic
    /FredFlahertySH
    /Freehand575BT-RegularB
    /Freehand591BT-RegularA
    /FreestyleScript-Regular
    /Frutiger-Roman
    /FTPMultinational
    /FTPMultinational-Bold
    /FujiyamaPSMT
    /FuturaBlackBT-Regular
    /FuturaBT-Bold
    /FuturaBT-BoldCondensed
    /FuturaBT-BoldItalic
    /FuturaBT-Book
    /FuturaBT-BookItalic
    /FuturaBT-ExtraBlack
    /FuturaBT-ExtraBlackCondensed
    /FuturaBT-ExtraBlackCondItalic
    /FuturaBT-ExtraBlackItalic
    /FuturaBT-Light
    /FuturaBT-LightItalic
    /FuturaBT-Medium
    /FuturaBT-MediumCondensed
    /FuturaBT-MediumItalic
    /GabbyGauguinSH
    /GalliardITCbyBT-Bold
    /GalliardITCbyBT-BoldItalic
    /GalliardITCbyBT-Italic
    /GalliardITCbyBT-Roman
    /Garamond
    /Garamond-Antiqua
    /Garamond-Bold
    /Garamond-Halbfett
    /Garamond-Italic
    /Garamond-Kursiv
    /Garamond-KursivHalbfett
    /Garcia
    /GarryMondrian3LightItalicSH
    /GarryMondrian3LightSH
    /GarryMondrian4BookItalicSH
    /GarryMondrian4BookSH
    /GarryMondrian5SBldItalicSH
    /GarryMondrian5SBldSH
    /GarryMondrian6BoldItalicSH
    /GarryMondrian6BoldSH
    /GarryMondrian7ExtraBoldSH
    /GarryMondrian8UltraSH
    /GarryMondrianCond3LightSH
    /GarryMondrianCond4BookSH
    /GarryMondrianCond5SBldSH
    /GarryMondrianCond6BoldSH
    /GarryMondrianCond7ExtraBoldSH
    /GarryMondrianCond8UltraSH
    /GarryMondrianExpt3LightSH
    /GarryMondrianExpt4BookSH
    /GarryMondrianExpt5SBldSH
    /GarryMondrianExpt6BoldSH
    /GarryMondrianSwashSH
    /Gaslight
    /GatineauPSMT
    /Gautami
    /GDT
    /Geometric231BT-BoldC
    /Geometric231BT-LightC
    /Geometric231BT-RomanC
    /GeometricSlab703BT-Bold
    /GeometricSlab703BT-BoldCond
    /GeometricSlab703BT-BoldItalic
    /GeometricSlab703BT-Light
    /GeometricSlab703BT-LightItalic
    /GeometricSlab703BT-Medium
    /GeometricSlab703BT-MediumCond
    /GeometricSlab703BT-MediumItalic
    /GeometricSlab703BT-XtraBold
    /GeorgeMelvilleSH
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Gigi-Regular
    /GillSansBC
    /GillSans-Bold
    /GillSans-BoldItalic
    /GillSansCondensed-Bold
    /GillSansCondensed-Regular
    /GillSansExtraBold-Regular
    /GillSans-Italic
    /GillSansLight-Italic
    /GillSansLight-Regular
    /GillSans-Regular
    /GoldMinePlain
    /Gonzo
    /GothicE
    /GothicG
    /GothicI
    /GoudyHandtooledBT-Regular
    /GoudyOldStyle-Bold
    /GoudyOldStyle-BoldItalic
    /GoudyOldStyleBT-Bold
    /GoudyOldStyleBT-BoldItalic
    /GoudyOldStyleBT-Italic
    /GoudyOldStyleBT-Roman
    /GoudyOldStyleExtrabold-Regular
    /GoudyOldStyle-Italic
    /GoudyOldStyle-Regular
    /GoudySansITCbyBT-Bold
    /GoudySansITCbyBT-BoldItalic
    /GoudySansITCbyBT-Medium
    /GoudySansITCbyBT-MediumItalic
    /GraceAdonisSH
    /Graeca
    /Graeca-Bold
    /Graeca-BoldItalic
    /Graeca-Italic
    /Graphos-Bold
    /Graphos-BoldItalic
    /Graphos-Italic
    /Graphos-Regular
    /GreekC
    /GreekS
    /GreekSans
    /GreekSans-Bold
    /GreekSans-BoldOblique
    /GreekSans-Oblique
    /Griffin
    /GrungeUpdate
    /Haettenschweiler
    /HankKhrushchevSH
    /HarlowSolid
    /HarpoonPlain
    /Harrington
    /HeatherRegular
    /Hebraica
    /HeleneHissBlackSH
    /Helvetica
    /Helvetica-Bold
    /Helvetica-BoldOblique
    /Helvetica-Narrow
    /Helvetica-Narrow-Bold
    /Helvetica-Narrow-BoldOblique
    /Helvetica-Narrow-Oblique
    /Helvetica-Oblique
    /HenryPatrickSH
    /Herald
    /HighTowerText-Italic
    /HighTowerText-Reg
    /HogBold-HMK
    /HogBook-HMK
    /HomePlanning
    /HomePlanning2
    /HomewardBoundPSMT
    /Humanist521BT-Bold
    /Humanist521BT-BoldCondensed
    /Humanist521BT-BoldItalic
    /Humanist521BT-Italic
    /Humanist521BT-Light
    /Humanist521BT-LightItalic
    /Humanist521BT-Roman
    /Humanist521BT-RomanCondensed
    /IBMPCDOS
    /IceAgeD
    /Impact
    /Incised901BT-Bold
    /Incised901BT-Light
    /Incised901BT-Roman
    /Industrial736BT-Italic
    /Informal011BT-Roman
    /InformalRoman-Regular
    /Intrepid
    /IntrepidBold
    /IntrepidOblique
    /Invitation
    /IPAExtras
    /IPAExtras-Bold
    /IPAHighLow
    /IPAHighLow-Bold
    /IPAKiel
    /IPAKiel-Bold
    /IPAKielSeven
    /IPAKielSeven-Bold
    /IPAsans
    /ISOCP
    /ISOCP2
    /ISOCP3
    /ISOCT
    /ISOCT2
    /ISOCT3
    /Italic
    /ItalicC
    /ItalicT
    /JesterRegular
    /Jokerman-Regular
    /JotMedium-HMK
    /JuiceITC-Regular
    /JupiterPSMT
    /KabelITCbyBT-Book
    /KabelITCbyBT-Ultra
    /KarlaJohnson5CursiveSH
    /KarlaJohnson5RegularSH
    /KarlaJohnson6BoldCursiveSH
    /KarlaJohnson6BoldSH
    /KarlaJohnson7ExtraBoldCursiveSH
    /KarlaJohnson7ExtraBoldSH
    /KarlKhayyamSH
    /Karnack
    /Kartika
    /Kashmir
    /KaufmannBT-Bold
    /KaufmannBT-Regular
    /KeplerStd-Black
    /KeplerStd-BlackIt
    /KeplerStd-Bold
    /KeplerStd-BoldIt
    /KeplerStd-Italic
    /KeplerStd-Light
    /KeplerStd-LightIt
    /KeplerStd-Medium
    /KeplerStd-MediumIt
    /KeplerStd-Regular
    /KeplerStd-Semibold
    /KeplerStd-SemiboldIt
    /KeystrokeNormal
    /Kidnap
    /KidsPlain
    /Kindergarten
    /KinoMT
    /KissMeKissMeKissMe
    /KoalaPSMT
    /KorinnaITCbyBT-Bold
    /KorinnaITCbyBT-KursivBold
    /KorinnaITCbyBT-KursivRegular
    /KorinnaITCbyBT-Regular
    /KristenITC-Regular
    /Kristin
    /KunstlerScript
    /KyotoSong
    /LainieDaySH
    /LandscapePlanning
    /Lapidary333BT-Bold
    /Lapidary333BT-BoldItalic
    /Lapidary333BT-Italic
    /Lapidary333BT-Roman
    /Latha
    /LatinoPal3LightItalicSH
    /LatinoPal3LightSH
    /LatinoPal4ItalicSH
    /LatinoPal4RomanSH
    /LatinoPal5DemiItalicSH
    /LatinoPal5DemiSH
    /LatinoPal6BoldItalicSH
    /LatinoPal6BoldSH
    /LatinoPal7ExtraBoldSH
    /LatinoPal8BlackSH
    /LatinoPalCond4RomanSH
    /LatinoPalCond5DemiSH
    /LatinoPalCond6BoldSH
    /LatinoPalExptRomanSH
    /LatinoPalSwashSH
    /LatinWidD
    /LatinWide
    /LeeToscanini3LightSH
    /LeeToscanini5RegularSH
    /LeeToscanini7BoldSH
    /LeeToscanini9BlackSH
    /LeeToscaniniInlineSH
    /LetterGothic12PitchBT-Bold
    /LetterGothic12PitchBT-BoldItal
    /LetterGothic12PitchBT-Italic
    /LetterGothic12PitchBT-Roman
    /LetterGothic-Bold
    /LetterGothic-BoldItalic
    /LetterGothic-Italic
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LetterGothic-Regular
    /LibrarianRegular
    /LinusPSMT
    /Lithograph-Bold
    /LithographLight
    /LongIsland
    /LubalinGraphMdITCTT
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSansUnicode
    /LydianCursiveBT-Regular
    /Magneto-Bold
    /Mangal-Regular
    /Map-Symbols
    /MarcusHobbesSH
    /Mariah
    /Marigold
    /MaritaMedium-HMK
    /MaritaScript-HMK
    /Market
    /MartinMaxxieSH
    /MathTypeMed
    /MatisseITC-Regular
    /MaturaMTScriptCapitals
    /MaudeMeadSH
    /MemorandumPSMT
    /Metro
    /Metrostyle-Bold
    /MetrostyleExtended-Bold
    /MetrostyleExtended-Regular
    /Metrostyle-Regular
    /MicrogrammaD-BoldExte
    /MicrosoftSansSerif
    /MikePicassoSH
    /MiniPicsLilEdibles
    /MiniPicsLilFolks
    /MiniPicsLilStuff
    /MischstabPopanz
    /MisterEarlBT-Regular
    /Mistral
    /ModerneDemi
    /ModerneDemiOblique
    /ModerneOblique
    /ModerneRegular
    /Modern-Regular
    /MonaLisaRecutITC-Normal
    /Monospace821BT-Bold
    /Monospace821BT-BoldItalic
    /Monospace821BT-Italic
    /Monospace821BT-Roman
    /Monotxt
    /MonotypeCorsiva
    /MonotypeSorts
    /MorrisonMedium
    /MorseCode
    /MotorPSMT
    /MSAM10
    /MSLineDrawPSMT
    /MS-Mincho
    /MSOutlook
    /MSReference1
    /MSReference2
    /MTEX
    /MTEXB
    /MTEXH
    /MT-Extra
    /MTGU
    /MTGUB
    /MTLS
    /MTLSB
    /MTMI
    /MTMIB
    /MTMIH
    /MTMS
    /MTMSB
    /MTMUB
    /MTMUH
    /MTSY
    /MTSYB
    /MTSYH
    /MT-Symbol
    /MTSYN
    /Music
    /MVBoli
    /MysticalPSMT
    /NagHammadiLS
    /NealCurieRuledSH
    /NealCurieSH
    /NebraskaPSMT
    /Neuropol-Medium
    /NevisonCasD
    /NewMilleniumSchlbkBoldItalicSH
    /NewMilleniumSchlbkBoldSH
    /NewMilleniumSchlbkExptSH
    /NewMilleniumSchlbkItalicSH
    /NewMilleniumSchlbkRomanSH
    /News702BT-Bold
    /News702BT-Italic
    /News702BT-Roman
    /Newton
    /NewZuricaBold
    /NewZuricaItalic
    /NewZuricaRegular
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NigelSadeSH
    /Nirvana
    /NuptialBT-Regular
    /OCRAbyBT-Regular
    /OfficePlanning
    /OldCentury
    /OldEnglishTextMT
    /Onyx
    /OnyxBT-Regular
    /OpenSymbol
    /OttawaPSMT
    /OttoMasonSH
    /OzHandicraftBT-Roman
    /OzzieBlack-Italic
    /OzzieBlack-Regular
    /PalatiaBold
    /PalatiaItalic
    /PalatiaRegular
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /PalmSpringsPSMT
    /Pamela
    /PanRoman
    /ParadisePSMT
    /ParagonPSMT
    /ParamountBold
    /ParamountItalic
    /ParamountRegular
    /Parchment-Regular
    /ParisianBT-Regular
    /ParkAvenueBT-Regular
    /Patrick
    /Patriot
    /PaulPutnamSH
    /PcEncodingLowerSH
    /PcEncodingSH
    /Pegasus
    /PenguinLightPSMT
    /PennSilvaSH
    /Percival
    /PerfectRegular
    /Pfn2BlackItalic
    /Phantom
    /PhilSimmonsSH
    /Pickwick
    /PipelinePlain
    /Playbill
    /PoorRichard-Regular
    /Poster
    /PosterBodoniBT-Italic
    /PosterBodoniBT-Roman
    /Pristina-Regular
    /Proxy1
    /Proxy2
    /Proxy3
    /Proxy4
    /Proxy5
    /Proxy6
    /Proxy7
    /Proxy8
    /Proxy9
    /Prx1
    /Prx2
    /Prx3
    /Prx4
    /Prx5
    /Prx6
    /Prx7
    /Prx8
    /Prx9
    /Pythagoras
    /Raavi
    /Ranegund
    /Ravie
    /Ribbon131BT-Bold
    /RMTMI
    /RMTMIB
    /RMTMIH
    /RMTMUB
    /RMTMUH
    /RobWebsterExtraBoldSH
    /Rockwell
    /Rockwell-Bold
    /Rockwell-ExtraBold
    /Rockwell-Italic
    /RomanC
    /RomanD
    /RomanS
    /RomanT
    /Romantic
    /RomanticBold
    /RomanticItalic
    /Sahara
    /SalTintorettoSH
    /SamBarberInitialsSH
    /SamPlimsollSH
    /SansSerif
    /SansSerifBold
    /SansSerifBoldOblique
    /SansSerifOblique
    /Sceptre
    /ScribbleRegular
    /ScriptC
    /ScriptHebrew
    /ScriptS
    /Semaphore
    /SerifaBT-Black
    /SerifaBT-Bold
    /SerifaBT-Italic
    /SerifaBT-Roman
    /SerifaBT-Thin
    /Sfn2Bold
    /Sfn3Italic
    /ShelleyAllegroBT-Regular
    /ShelleyVolanteBT-Regular
    /ShellyMarisSH
    /SherwoodRegular
    /ShlomoAleichemSH
    /ShotgunBT-Regular
    /ShowcardGothic-Reg
    /Shruti
    /SignatureRegular
    /Signboard
    /SignetRoundhandATT-Italic
    /SignetRoundhand-Italic
    /SignLanguage
    /Signs
    /Simplex
    /SissyRomeoSH
    /SlimStravinskySH
    /SnapITC-Regular
    /SnellBT-Bold
    /Socket
    /Sonate
    /SouvenirITCbyBT-Demi
    /SouvenirITCbyBT-DemiItalic
    /SouvenirITCbyBT-Light
    /SouvenirITCbyBT-LightItalic
    /SpruceByingtonSH
    /SPSFont1Medium
    /SPSFont2Medium
    /SPSFont3Medium
    /SpsFont4Medium
    /SPSFont4Medium
    /SPSFont5Normal
    /SPSScript
    /SRegular
    /Staccato222BT-Regular
    /StageCoachRegular
    /StandoutRegular
    /StarTrekNextBT-ExtraBold
    /StarTrekNextPiBT-Regular
    /SteamerRegular
    /Stencil
    /StencilBT-Regular
    /Stewardson
    /Stonehenge
    /StopD
    /Storybook
    /Strict
    /Strider-Regular
    /StuyvesantBT-Regular
    /StylusBT
    /StylusRegular
    /SubwayRegular
    /SueVermeer4LightItalicSH
    /SueVermeer4LightSH
    /SueVermeer5MedItalicSH
    /SueVermeer5MediumSH
    /SueVermeer6DemiItalicSH
    /SueVermeer6DemiSH
    /SueVermeer7BoldItalicSH
    /SueVermeer7BoldSH
    /SunYatsenSH
    /SuperFrench
    /SuzanneQuillSH
    /Swiss721-BlackObliqueSWA
    /Swiss721-BlackSWA
    /Swiss721BT-Black
    /Swiss721BT-BlackCondensed
    /Swiss721BT-BlackCondensedItalic
    /Swiss721BT-BlackExtended
    /Swiss721BT-BlackItalic
    /Swiss721BT-BlackOutline
    /Swiss721BT-Bold
    /Swiss721BT-BoldCondensed
    /Swiss721BT-BoldCondensedItalic
    /Swiss721BT-BoldCondensedOutline
    /Swiss721BT-BoldExtended
    /Swiss721BT-BoldItalic
    /Swiss721BT-BoldOutline
    /Swiss721BT-Italic
    /Swiss721BT-ItalicCondensed
    /Swiss721BT-Light
    /Swiss721BT-LightCondensed
    /Swiss721BT-LightCondensedItalic
    /Swiss721BT-LightExtended
    /Swiss721BT-LightItalic
    /Swiss721BT-Roman
    /Swiss721BT-RomanCondensed
    /Swiss721BT-RomanExtended
    /Swiss721BT-Thin
    /Swiss721-LightObliqueSWA
    /Swiss721-LightSWA
    /Swiss911BT-ExtraCompressed
    /Swiss921BT-RegularA
    /Syastro
    /Sylfaen
    /Symap
    /Symath
    /SymbolGreek
    /SymbolGreek-Bold
    /SymbolGreek-BoldItalic
    /SymbolGreek-Italic
    /SymbolGreekP
    /SymbolGreekP-Bold
    /SymbolGreekP-BoldItalic
    /SymbolGreekP-Italic
    /SymbolGreekPMono
    /SymbolMT
    /SymbolProportionalBT-Regular
    /SymbolsAPlentySH
    /Symeteo
    /Symusic
    /Tahoma
    /Tahoma-Bold
    /TahomaItalic
    /TamFlanahanSH
    /Technic
    /TechnicalItalic
    /TechnicalPlain
    /TechnicBold
    /TechnicLite
    /Tekton-Bold
    /Teletype
    /TempsExptBoldSH
    /TempsExptItalicSH
    /TempsExptRomanSH
    /TempsSwashSH
    /TempusSansITC
    /TessHoustonSH
    /TexCatlinObliqueSH
    /TexCatlinSH
    /Thrust
    /Times-Bold
    /Times-BoldItalic
    /Times-BoldOblique
    /Times-ExtraBold
    /Times-Italic
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Oblique
    /Times-Roman
    /Times-Semibold
    /Times-SemiboldItalic
    /TimesUnic-Bold
    /TimesUnic-BoldItalic
    /TimesUnic-Italic
    /TimesUnic-Regular
    /TonyWhiteSH
    /TransCyrillic
    /TransCyrillic-Bold
    /TransCyrillic-BoldItalic
    /TransCyrillic-Italic
    /Transistor
    /Transitional521BT-BoldA
    /Transitional521BT-CursiveA
    /Transitional521BT-RomanA
    /TranslitLS
    /TranslitLS-Bold
    /TranslitLS-BoldItalic
    /TranslitLS-Italic
    /TransRoman
    /TransRoman-Bold
    /TransRoman-BoldItalic
    /TransRoman-Italic
    /TransSlavic
    /TransSlavic-Bold
    /TransSlavic-BoldItalic
    /TransSlavic-Italic
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /TribuneBold
    /TribuneItalic
    /TribuneRegular
    /Tristan
    /TrotsLight-HMK
    /TrotsMedium-HMK
    /TubularRegular
    /Tunga-Regular
    /Txt
    /TypoUprightBT-Regular
    /UmbraBT-Regular
    /UmbrellaPSMT
    /UncialLS
    /Unicorn
    /UnicornPSMT
    /Univers
    /UniversalMath1BT-Regular
    /Univers-Bold
    /Univers-BoldItalic
    /UniversCondensed
    /UniversCondensed-Bold
    /UniversCondensed-BoldItalic
    /UniversCondensed-Italic
    /UniversCondensed-Medium
    /UniversCondensed-MediumItalic
    /Univers-CondensedOblique
    /UniversExtended-Bold
    /UniversExtended-BoldItalic
    /UniversExtended-Medium
    /UniversExtended-MediumItalic
    /Univers-Italic
    /UniversityRomanBT-Regular
    /UniversLightCondensed-Italic
    /UniversLightCondensed-Regular
    /Univers-Medium
    /Univers-MediumItalic
    /URWWoodTypD
    /USABlackPSMT
    /USALightPSMT
    /Vagabond
    /Venetian301BT-Demi
    /Venetian301BT-DemiItalic
    /Venetian301BT-Italic
    /Venetian301BT-Roman
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /VinetaBT-Regular
    /Vivaldii
    /VladimirScript
    /VoguePSMT
    /Vrinda
    /WaldoIconsNormalA
    /WaltHarringtonSH
    /Webdings
    /Weiland
    /WesHollidaySH
    /Wingdings-Regular
    /WP-HebrewDavid
    /XavierPlatoSH
    /YuriKaySH
    /ZapfChanceryITCbyBT-Bold
    /ZapfChanceryITCbyBT-Medium
    /ZapfDingbatsITCbyBT-Regular
    /ZapfElliptical711BT-Bold
    /ZapfElliptical711BT-BoldItalic
    /ZapfElliptical711BT-Italic
    /ZapfElliptical711BT-Roman
    /ZapfHumanist601BT-Bold
    /ZapfHumanist601BT-BoldItalic
    /ZapfHumanist601BT-Italic
    /ZapfHumanist601BT-Roman
    /ZappedChancellorMedItalicSH
    /ZurichBT-BlackExtended
    /ZurichBT-Bold
    /ZurichBT-BoldCondensed
    /ZurichBT-BoldCondensedItalic
    /ZurichBT-BoldItalic
    /ZurichBT-ExtraCondensed
    /ZurichBT-Italic
    /ZurichBT-ItalicCondensed
    /ZurichBT-Light
    /ZurichBT-LightCondensed
    /ZurichBT-Roman
    /ZurichBT-RomanCondensed
    /ZurichBT-RomanExtended
    /ZurichBT-UltraBlackExtended
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org?)
  /PDFXTrapped /False

  /SyntheticBoldness 1.000000
  /Description <<
    /DEU <>
    /ENU <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [2834.646 2834.646]
>> setpagedevice


