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Abstract— In this paper, we identify analogies between the
themes of source and channel coding and some problems that
arise in the context of wireless sensor networks. Our aim is to
establish a framework within which well-known methods from
the former two areas are used in tackling problems associated to
sensor networks. First, we address an important tradeoff between
required precision and transmission rate in a class of sensor
networks by using rate-distortion theory. We then address the
problem of optimal placement of super-sensors in an area covered
by sensors with the objective to minimize a generic cost factor
that captures several special cases, and we show the analogy
to a vector quantization problem. Based on the analogy of the
resulting system with a discrete source emitting symbols, we show
that a traffic load balancing problem in the sensor network can
be reduced to an entropy maximization problem. Finally, we
consider a hierarchical sensor coverage problem that involves
deploying a set of sensors with sophisticated sensing capabilities
over a grid of ordinary sensors. We cast the problem in the
framework of channel coding by defining appropriate analogies
under the common denominator of redundancy.

I. I NTRODUCTION

Sensor networks consist of several generally stationary
battery-powered sensors, which are constrained in physical
size and processing capabilities and form wireless networks
with the objective of monitoring a certain area and commu-
nicating information created there at a central site[1]. Sensor
networks have received an unprecedented amount of interest
recently from the research community as well as the industry
due to their wide range of applications. Such applications
include military communications, disaster recovery, surveil-
lance or intrusion detection, environmental or other process
monitoring, health-care and industrial quality or inventory
control, to name a few.

Sensor networks should be deployed and operated so that
the following objectives are met: (i) the sensors cope with
bandwidth limitations especially in the case of transfer of
bandwidth-demanding information, (ii) they must use their
limited energy resources judiciously and thus extend the net-
work lifetime, (iii) they must monitor or measure and represent
a physical process subject to some specified accuracy, and (iv)
the network must be able to handle a certain amount of sensor
failures by creating a fault-tolerant system.
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The authors of [2] discuss distributed signal compression
by exploiting the inherent spatial or temporal correlation
among sensor output data and indirectly address objective (i).
Regarding objective (ii), in [3], the problem of routing traffic
from monitoring nodes to gateways so as to maximize network
lifetime is considered. The solution involves balancing energy
consumption among monitoring nodes. The work in [4] tackles
the multi-objective problem of improving data quality in terms
of distortion and increasing network lifetime by performing
iteratively the steps: (a) for fixed sensor placement, find flows
(i. e., a routing discipline) from sensors to the sink [3], (b)
for fixed flows, find a new sensor placement that improves
lifetime and does not increase distortion and (c) find a sensor
placement that improves distortion and does not increase
lifetime. Objective (iii) per se is the topic of [5] and objective
(iv) is studied in [6].

Clustering is another technique that is oftentimes employed
in sensor networks in view of the aforementioned objectives.
The hierarchical structure imposed by clustering techniques
leads to significant reduction of consumed energy, since nodes
have to relay traffic to their corresponding cluster-heads and
do not need to employ long-range transmissions. A direct con-
sequence of clustering is the elongation of network lifetime.
Several centralized or distributed clustering approaches have
been proposed in the literature (see [7] and references therein).
Clustering methods often aim at creating clusters such that
nodes within a cluster are within one [8] ord > 1 hops [9]
from their cluster-heads, while attempting to balance the load
among cluster-heads and reduce the number of clusters in the
network.

This paper constitutes an attempt to view some fundamental
problems that arise in sensor networks within a source- or
channel-coding framework. The idea is first to draw the
analogies among the research areas and then to utilize well-
known methods and theory from the latter two areas in order
to provide solution to problems related to sensor networks.

To this end, we first consider a flat sensor network ar-
chitecture where all nodes belong to the same class in the
sense of having the same (limited) processing capabilities. We
discuss the tradeoff of obtaining accurate measurements versus
reducing the number of bits that need to be communicated and
show its analogy to the information-theoretic tradeoff of rate-
distortion theory.

Next, we consider the situation where the available sensors
are of two types: ordinary monitoring nodes of limited size,



energy and processing capabilities and more powerful sensors,
so called ”super-sensors”. An interesting arising issue is the
problem of optimally placing a set of super-sensors over
a deployed topology of ordinary sensors with the objective
to minimize a generic cost that captures energy cost for
communication between ordinary sensors and super-sensors.
We show that this problem can be viewed in the context of
vector quantization, where the communication cost has similar
role to that of distortion resulting from quantization. We also
explain how the problem of maximizing source entropy can
be mapped to an associated problem in the context of sensor
networks.

Finally, we consider an application of channel coding in a
problem that arises in sensor networks, where each sensor is
subject to failure with some probability. The question is to
identify the amount of redundancy that needs to be added to
the system (in the sense of additional sensors) so as to achieve
a certain level of performance, which in this case is described
by the probability of error in measurements. In Section II we
present an overview of vector quantization and in Sections III,
IV and V we discuss the above mentioned problems. Section
VI concludes our paper.

II. OVERVIEW OF VECTORQUANTIZATION

Vector quantization can be viewed as a generalization of
scalar quantization. Given a set ofn-dimensional continuous-
valued vectors distributed based on some joint probability
density function (p.d.f.)p(x), the problem is to find quan-
tization vector levelŝx1, . . . , x̂L so as to minimize the ex-
pected distortion between the continuous-valued vectors and
quantization vector levels. The distortion between the actual
point x and quantized point̂x is d(x, x̂), whered(·, ·) is the
distortion measure, which could be, for example, the`p-norm,
with p a positive integer. For illustrative purposes we restrict
ourselves to the casen = 2. Let Q(·) denote a function such
that Q(x) = x̂ is the vector quantization level to which the
point x is mapped. As shown in Fig. 1, vector quantization
results in a division of the two-dimensional plane into cells
Ck, k = 1, . . . , L, so thatCk , {x : Q(x) = x̂k}.

The probability that̂xk is the output of quantization ispi ,
P (x ∈ Ck) =

∫
Ck

p(x) dx, and the average distortion is

D =
L∑

k=1

P (x ∈ Ck)E[d(x, x̂k)|x ∈ Ck]

=
L∑

k=1

(∫
Ck

p(x) dx
) ∫

x∈Ck

d(x, x̂k)p(x)dx. (1)

It can be shown [10] that the mapping of the continuous-
valued pointsx into cells that minimizes the expected distor-
tion is performed based on the nearest-neighbor rule, that is
Q(x) = x̂k if and only if d(x, x̂k) ≤ d(x, x̂j), for k 6= j,
j = 1, . . . , L. In addition, the vector quantization level for
a cell should be selected so that, assuming the boundaries
of the cell are fixed, the average distortion in the cellCk is
minimized.

The optimal vector quantization problem has been studied
extensively in the literature, and several algorithms have been
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Fig. 1. Quantization pointŝxk and quantization regionsCk.

proposed. The so called Lloyd algorithm is simple and intuitive
and its main steps are outlined as follows [10]:
Step 1:Set iteration numberi = 0, D(0) = ∞, and arbitrarily
pick a set of output vectorŝxk(i).
Step 2: Set i = i + 1. Create the regionsCk(i) by mapping
each pointx to the closest̂xk(i).
Step 3:Select new quantization pointŝxk(i). Each point̂xk(i)
is chosen so that average distortion is minimized, under the
constraint that its corresponding regionCk remains fixed and
equal toCk(i).
Step 4: Calculate the average distortionD(i) by using (1)
with the quantization pointŝxk(i) and corresponding regions
Ck(i). If D(i − 1) − D(i) > ε, go to Step 2, else terminate
algorithm.

The algorithm is guaranteed to converge to a local minimum
of the distortion. By repeated applications of the algorithm
with different initializations, it is possible to arrive at the
global minimum of distortion.

III. R ATE-DISTORTION TRADEOFF IN A FLAT SENSOR

NETWORK ARCHITECTURE

In this section, we discuss the fundamental problem of
information representation in a sensor network and associate
it to rate-distortion theory. As shown in Fig. 2, we consider a
wireless sensor network deployed over a large region whose
task is to sense the occurrence of a sequence of events. We
limit ourselves to the case where the information pertains to
location and time data (e.g as in the cases of monitoring
a forest for the event of fire and battlefield monitoring for
intruders).

In order to preserve their limited energy resources, it is
important for the nodes to transmit the information with as few
bits as possible, since energy consumption is proportional to
the number of transmitted bits. Another reason that motivates
the use of few bits for sensor transmission is the fact that
communication between the sensors and the central site may
often take place over a common wireless link of certain
capacity. That is, a certain maximum number of bits can be
transmitted from all sensors through the link. The bandwidth
of the link is shared among transmitting sensors based on some
scheduling principle. In addition, due to the time-varying link
quality, link capacity fluctuates and in some time periods when
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Fig. 2. Our setting: A wireless sensor network is deployed over a region,
with the aim of sensing a sequence of events, and reporting their location
to a central site. Communication is over a common wireless link of limited
capacity.

channel quality is deteriorated, the number of bits that can be
accommodated in the link is even more limited. Lastly, sensor
devices are inherently weak, and minimizing the number of
bits they must transmit simplifies their design.

However, the attempt of sensors to convey information with
few bits will affect the precision of transmitted data, since
representation of data with fewer bits brings along the notion
of distortion. Namely, a tradeoff exists between the need to
preserve energy resources and that of transmitting information
with certain accuracy. The situation is analogous to the basic
issue raised in rate distortion theory [11], where the problem
is to convey the output of a random source of information by
using as few information bits as possible, and with introducing
as little distortion as possible. The basic question of rate dis-
tortion theory is: given a maximum acceptable distortion, find
the minimum rate representation of the source that achieves
it. Or equivalently, for a given rate, find the minimum amount
of achievable distortion.

We now specify our setting in detail. The arrival of events
is modeled as a point process{Xn} over a two-dimensional
regionA. Each realization of the process,{xn} is a sequence
of points that corresponding to event occurrences. Events
appear independently of each other at periodic time intervals
and an event appears in an area of sizedx around pointx
with probability p(x)dx, where

∫
A p(x) dx = 1, with p(·)

representing a event occurrence spatial probability density
function (p.d.f). We assume that the region is covered with a
large number of sensors that can determine the exact location
of the event with high accuracy. In order to preserve energy
by reducing the number of transmitted, a sensor may report
as x̂k the location of thek-th event whose actual location is
xk. Then, a distortiond(x, x̂) is incurred, whered(·, ·) is the
distortion measure, which for example can be the squared-
error distortion or thè p-norm distortion, withp a positive
integer. Let{X̂n} be the point process reported by the sensors.
The distortion between the actual and reported process over a
block of K events is

d(Xn, X̂n) =
1
K

K∑
k=1

d(xk, x̂k) (2)

and sinced(Xn, X̂n) is a random variable, its expected value
is defined as the distortionD.Assume now that a sensor uses

R bits per event on average. A rate distortion pair(R,D) is
calledachievableif it is possible to represent event locations
using on the averageR bits per event while incurring average
distortion D. The closure of the set of all achievable rate
distortion pairs is the rate distortion region. Therate distortion
function is defined as the minimum of ratesR so that pair
(R,D) is in the rate distortion region for a given distortion
D. Similarly, thedistortion rate functionD(R) is defined as
the minimum of distortionsD such that(R,D) is in the rate
distortion region for a given rateR. These notions capture
the optimal tradeoff between the number of bits used by a
sensor in order to represent an event and the precision in the
description.

Under this formulation, our problem becomes the calcula-
tion of R(D) (equivalentlyD(R)) for a given distributionp(·)
and a given distortion functiond(·, ·), and the determination
of the strategy that achieves them. This problem has already
been studied extensively in the past, in the context of rate
distortion theory [11]. In that setting, it is typically assumed
that the process{Xn} is a signal created, and optimally
distorted, locally. In our case, the creation, and subsequent
distortion of the signal, happen on a network wide basis, and
this differentiation must be taken into account.

In general, the rate distortion curve is achieved only by
the use of arate distortion code [11] that codes a group of
symbols{Xk}, k = 1, . . . ,K, to a group of symbols{X̂

k
},

j = 1, . . . ,K, with an average distortion that approaches
D, and a bit rate that approachedR, as K → ∞. In our
setting however, as already discussed, the input symbols of
{Xn} will have to be distorted locally. Therefore, the rate
distortion function will not be in general achievable, but will
represent an upper bound to the performance of the wireless
sensor network.

In its task to represent the required information with the
minimum number of necessary bitslocally, a sensor can
apply quantization. As discussed in Section II, this entails
the mapping of the actual location of an eventx into one
of L discrete valueŝx`, ` = 1, . . . , L, the quantization levels.
Assuming that the spatial p.d.f. of the process{Xn} is known,
the optimum quantizer results in a rateR = dlog2 Le bits per
event and distortionD(R). The corresponding distortion-rate
curve is the uppermost one in Fig. 3).

However, more efficient encoding can be performed, in the
sense that we can further reduce the number of transmitted
bits per event for the same distortion, or equivalently decrease
distortion for the same rate (see middle curve in Fig. 3.
Indeed, quantization produces a discrete information source
{x̂n}, with x̂n ∈ {x̂1, . . . , x̂L}, where each quantization level
x̂i has probabilities of appearancepi, which comes as an
output of the quantization procedure. By applying source
coding techniques that are known as entropy coding, a sensor
can reduce the number of transmitted bits. The underlying
principle of entropy coding techniques, such as Huffman
coding is the following: in order to reduce the average number
of bits per symbol (event in our case), fewer information bits
should be used to describe symbols (in our case events) that
have higher probability of occurrence. Note that the bottom
curve corresponds to the distortion-rate functionD(R). As
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Fig. 3. The rate distortion curve for quantization, quantization followed by
entropy coding and for a Gaussian continuous-amplitude source.

discussed, this curve represents the information theoretic lower
bound on distortion for a given rate, or equivalently the lower
bound on required rate for a given distortion.

It should be noted that the framework described above refers
to the tradeoff between transmission rate and accuracy of
transmitted data for the case of one measuring sensor. In the
more general case, several sensors sense an event and each
sensori is limited to a transmission rate ofri bps. Each sensor
does not collaborate with others and transmits its observation
with different rate to a central site, which subsequently needs
to reconstruct the observed event process within the prescribed
distortion bounds. The objective is to find a sensor transmis-
sion vector with minimum total rate subject to a maximum
distortion constraint. This brings upon an information-theoretic
multi-terminal source coding problem which is referred to
as the CEO problem [12]. In the CEO problem, a source is
observed by several observers and independent messages are
sent by them to another agent, the CEO. This latter agent
attempts to recover the source to meet a fidelity constraint. It
is also interesting to investigate the opportunity of distributed
selection of sensors that will transmit the event process subject
to the aforementioned constraints.

IV. OPTIMAL PLACEMENT OF SUPER-SENSORS AS A

VECTORQUANTIZATION PROBLEM

We now consider a sensor architecture that consists of two
types of sensors. The first one includes cheap, ordinary sensors
of small physical size having stringent energy constraints and
limited processing and communication capabilities. Their only
task is to sense the environment. A functionp(x) captures
the information generation density (in terms of bps/m2) from
these sensors as a function of positionx ∈ A, whereA is the
coverage area. The second type of sensors is referred to as
super-sensors and includes devices of larger physical dimen-
sions with higher processing and communication capabilities
and more energy resources. We are given a certain number
of super-sensors. Instead of transmitting information traffic to
the operations center, each sensor relays information to its
closest super-sensor, which has a larger transmission range
and is responsible for forwarding the traffic further. Sensors
are much more densely deployed that super-sensors.

Let xi be the location of thei-th super-sensor and consider
a sensor in positionx. Let c(|xi − x|) be the cost of sending

a transmission from positionxi to position x. The cost
function c(·) can capture several kinds of communication
cost between a sensor and a super-sensor. For example, if
c(|xi − x|) = |xi − x|α, where α is a constant, it captures
the energy consumed for the single-hop information transfer
from a sensor to a super-sensor. To see this, assume that
the propagation mode between a sensor and a super-sensor
includes only path loss with attenuation exponentα. Let
simultaneous transmissions from several sensors towards the
same super-sensor be resolved with a scheduling protocol that
allocates transmission turns to sensors, so that collisions at the
super-sensors are avoided. Also, let us neglect the interference
from transmissions of sensors to neighboring super-sensors.
In this admittedly simplistic model, theSNR at the receiver
of the super-sensori at distance|xi − x| from the sensor
is P/(N |xi − x|α), whereP is the transmission power and
N is the receiver thermal noise power. Clearly, in order to
achieve a given SNR requirement at the super-sensor, the
sensor should transmit with power proportional to|xi − x|α.
If the cost function takes the formc(|xi − x|) = |xi − x|, then
it is proportional to the distance between a sensor and a super-
sensor and can roughly denote the number of hops in which a
sensor reaches a super-sensor. Finally, if the cost is exponential
in the number of hops, i.ec(|xi−x|) =

[
1− (1− w)|xi−x|], it

captures the probability of error in packet transmission from
the sensor to the super-sensor, wherew is the probability
of packet transmission error over one hop and errors occur
independently in different hops.

The problem then is as follows. Given the information
density functionp(x) and a number of super-sensorsL, find
the locations of super-sensorsx1, . . . , xL that minimize total
communication cost between sensors and super-sensors. The
problem can be seen to be equivalent to that arising in
the context of vector quantization, where the objective is to
identify vector quantizer levels that minimize distortion. The
outcome of the vector quantization is the division of areaA
in L areas (or clusters)Ci, i = 1, . . . , L, so that the total cost

C =
L∑

i=1

∫
Ci

c(|xi − x|)p(x)dx (3)

is minimized.
As was mentioned in Section II, the Lloyd algorithm

results in local minima in the optimization problem above,
while repeated runs with different starting points can lead
to closer approximations of global minima as well. Another
methodology that can aid in avoiding local minima is that
of deterministic annealing [13]. The quantization distortion as
outcome of the algorithm can be directly mapped to the total
cost required in order to communicate messages from sensors
to super-sensors. At the end of the algorithm, a partition of
the area has been achieved and each super-sensor is allocated
with some percentageqi of the information rate of the network,
where

qi =
∫

Ci

p(x)dx. (4)

Clearly, this is a measure of the total rate load that super-
sensori will receive from sensors that belong to its cluster.
A percentage vectorq = (q1, . . . , qL)T corresponds to the



set of L super-sensors. This vector can be considered to be
the probability mass function of a discrete memoryless source
emitting L possible source symbols, where the probability of
occurrence ofi-th symbol isqi. The entropy of this source is,

H(q) = −
L∑

i=1

qi log qi (5)

We now proceed to another analogy. The portion of rateqi

that corresponds to super-sensori reflects the intensity of
traffic load that super-sensori will receive from sensors. A
meaningful objective in that case would be to find an allocation
of sensors to super-sensors such that the load is balanced
among super-sensors. This would come at the expense of
a larger communication cost. Balancing the load of super-
sensors can be pursued in order to prevent overload events or
even preserve energy resources of super-sensors. Balancing the
load of super-sensors is equivalent to maximizing the entropy
of a symbol-emitting source, which is achieved when all the
qi are equal. It would be interesting to devise an algorithm
that solves this optimization problem with the additional
constraintsq1 = . . . = qL. It would also be worthwhile
to study the tradeoff between balancing the load of super-
sensors and reducing energy consumption. We are currently
investigating these research issues.

V. A CHANNEL CODING FRAMEWORK FOR A SENSOR

NETWORK PROBLEM

We now focus on another problem that arises in the context
of sensor network deployment. Consider a two-dimensional
N ×N grid representing an area to be covered with sensors.
An event occurring in a certain square(i, j), namely in the
i-th row andj-column of the grid is modeled by a Bernoulli
random variableXi,j . Therefore,Xi,j equals1 or 0, with
respective probabilitiesq and1− q which may or may not be
known. The set of all events occurring in the area is modeled
by a two-dimensional matrix process{X(n)} = {Xi,j(n) :
i, j = 1, . . . , N}, wheren is the time index. A sensor is placed
at the center of each square with the aim to trackXi,j(n).
The sensing range of the sensor is assumed to be exactly the
required one so as to sense the square where the sensor is
appointed.

Due to the fact that sensor devices are prone to failures,
certain sensors covering some squares may malfunction and
thus will not able to provide accurate information about the
local event in this square. Sensor malfunction may happen
occasionally (i.e. at specific time instances) or may be the
result of permanent failure. Letp denote the probability of
malfunction of a sensor. The objective of sensor deployment
is to accurately track the event process that takes place within
the area. To this end and in order to overcome the sensor
malfunction problem, a solution would be to utilize additional
sensors. For instance, if additional sensors were allocated with
the task of sensing each square, the probability of correct
detection of the event in the square would increase due to the
introduced redundancy. However, this solution would incur the
use of a significantly larger number of sensors than what was
originally planned for the area.

Fig. 4. A two-dimensional grid with circular or directional coverage areas
of sophisticated sensors.

Consider now the alternative of using a few additional
sensors which are more sophisticated in terms of their sensing
abilities. For instance, a sensor with greater receiver sensitivity
would have greater sensing range and would be able to sense
a square area consisting of more squares, e.g 4, 9, or more.
Alternatively, a sensor could be equipped with directional
sensing capabilities, so that it could sense more than one
squares in the horizontal or vertical direction, as shown in
Fig. 4. This is often the case for movement detection with
surveillance cameras or sound detection scenarios.

We refer to the type of coverage provided by such a
sophisticated sensor ascoverage pattern(i, j) if the sensor can
cover i and j consecutive cells in the horizontal and vertical
direction respectively. In general, a sophisticated sensork may
have a collection ofnk coverage patternsCk = {(i`, j`) :
` = 1, . . . , nk} to choose from, depending on its level of
sophistication.

The output signal of a sophisticated sensor that covers
more than one cells is some modulo-2 operation on events
in the individual squares such as ”OR”, ”AND” or ”XOR”,
since the sensors cannot distinguish among individual events.
Usually, there exists a specification on a maximum allowable
probability of error in detecting the events,P ∗, which reflects
the required reliability of the detection mechanism. Assume
that sophisticated sensors perform a certain modulo-2 oper-
ation and consider a certain deployment in the grid, which
is characterized by the identities of cells that are covered by
each sophisticated sensor. A placement is calledfeasiblewith
respect toP ∗ if the probability of error in event detection does
not exceedP ∗. In this setting, there exist several challenging
questions, such as:

• Given the probability of sensor malfunctionq, a number
of sophisticated sensorsK, each with its set of coverage
patternsCk, for k = 1, . . . ,K, and given a maximum
allowable error probabilityP ∗, does there exist a feasible
placement?

• In the problem setup above, identify a sensor placement
that minimizes the probability of error in the detection of
events in the entire grid.

We now proceed to the analogy with channel coding. The
values of events that emanate from the grid form the set
of information bits that are about to be transmitted through



a channel. Now, we can distinguish the following kinds of
malfunction of a sophisticated sensor that covers a square of
the grid:

• A sensor can measure an event correctly with probability
1− q and incorrectly with probabilityq.

• A sensor can measure an event correctly with probability
1 − q but cannot provide any measurement with proba-
bility q.

Sensors are caused to malfunction independently of one
another. The first kind of malfunction can be seen to be
analogous to the situation encountered by bits passing through
a binary symmetric channelwith probability of errorq, while
the second kind of malfunction can be identified as equivalent
to the case when bits pass through abinary erasure channel
with probability of erasureq [11].

In addition, the identification of a placement ofK sophisti-
cated sensors to anN×N grid clearly adds redundancy to the
measurement bits. Therefore, each placement corresponds to
a code, in whichK parity (redundancy) bits are appended to
N2 information bits and form the codeword that is transmitted
through the channel. Since each sophisticated sensor performs
a modulo-2 operation on bits of events in covered squares,
the code is obviously systematic, namely each parity bit is a
combination of some information bits. However, an additional
constraint dictated by the definition of the coverage pattern
comes into play: the required codeword should be formed so
that each parity bit includes the combination ofonly consec-
utive bits in the horizontal and/or the vertical directions.

The theory of block codes (see for example Chap.8 in
[10]) can be applied in order to derive efficient encoding and
decoding schemes, so that the probability of correct detection
of events is improved. The encoding operation is performed by
a encoder which can be represented by a matrix operation on
the information bit vector in order to generate the codeword
bit vector. As was mentioned earlier, the encoder should take
into account the additional constraints on the parity bits that
stem from the nature of coverage patterns. The design of such
an encoder in the setting of a sensor network is an interesting
open issue.

Furthermore, decoding pertains to reconstruction of the
original set of information bits that describe the events so that
the minimum number of errors occur. For the binary symmetric
channel case, the optimum decoder in the sense of minimizing
the probability of a codeword error is based on the concept
of minimum distance decoding. According to this principle,
the decoder compares the received codeword to all possible
transmitted ones and decides in favor of the one that is closest
(in the Hamming distance sense) to the received one. However,
the decoding rule for the binary erasure channel needs more
investigation. In either case, the channel coding framework
offers fertile ground for the derivation of algorithms and
performance bounds in the framework of a sensor network.
The ultimate objective is to specify the tradeoff between the
level of required redundancy and quality of measurements
captured by probability of detection error.

VI. D ISCUSSION

In this paper, we considered some problems that arise in
the context of sensor networks and studied them from the

viewpoint of well-known problems from the area of source
and channel coding. The paper constitutes a first step towards
understanding the nature of such problems and could serve as
a guideline for obtaining algorithms and performance bounds
that have their origins in the areas of source and channel
coding.

There exist several directions for future study and we list
a few of them. With respect to the first problem, the analogy
with rate-distortion theory will establish performance tradeoffs
between distortion and rate for the case of one observing
sensor. For the case of several observing sensors, the CEO
problem offers an interesting framework. The study for the
second problem should focus on design of algorithms for
clustering schemes that minimize communication cost. The
tradeoff between load balancing at cluster-heads and increase
in communication cost should also be quantified. An interest-
ing issue pertains to the case where the information generation
density function cannot be assumed to be known. For the
last problem, the design of efficient encoding and decoding
rules as well as fundamental performance limits in terms of
probability of event detection warrant further attention. Finally,
we note that the last problem can be cast in the framework of
compression and source coding, if the objective is to deploy
the sophisticated sensors such that event information bits are
conveyed with a small number of bits and tolerable distortion.
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