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ABSTRACT

In a sensor network, the infrastructure (in terms of the sen-
sor capabilities, number of sensors, and deployment strategy)
plays a significant role in determining the performance of the
network. In this paper, we study the effect of infrastructure
decisions on the performance of a sensor network. We study
the effect of the infrastructure for two types of network de-
livery models (phenomenon driven and continuous) and dif-
ferent network protocols (DSR, DSDV and AODV). We show
the performance both in terms of network efficiency as well as
meeting the application accuracy and latency demands. By ex-
ploring the criteria for effective infrastructure configurations,
we open the door for network optimizations that control the
effective topology to better achieve the application require-
ments.

1. CATEGORIES & SUBJECT DE-

SCRIPTORS

C.2.1 Network Architecture and Design, Wireless commu-
nication.

2. GENERAL TERMS

Performance, Design, Experimentation.

3. INTRODUCTION

Sensor networks represent a new paradigm for reliable envi-
ronment monitoring and information collection. They hold the
promise of revolutionizing sensing in a wide range of appli-
cation domains because of their reliability, accuracy, flexibil-
ity, cost-effectiveness, and ease of deployment. Furthermore,
in future smart environments, it is likely that sensor networks
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will play a key role in sensing, collecting, and disseminating
information about the environment.

A sensor network is a tool for distributed sensing of one
or more phenomena, and reporting the sensed data to one or
more observers. As such, the performance of the network is
best measured in terms of meeting the accuracy and delay re-
quirements of the observer. Additional performance metrics
include the life time of the network, cost of the sensors and
their deployment, fault tolerance and scalability [34].

Conceptually, a sensor network is organized as a three layer
system: (1) infrastructure: refers to the physical sensors (their
physical characteristics and capabilities), the number of sen-
sors and their deployment strategy (how/where they are de-
ployed); (2) networking protocol: responsible for dissemina-
tion of the sensed data by creating and maintaining paths be-
tween the sensors and the observer(s); and (3) the application:
responsible for translating the observer interests into specific
network-level operations. Cross-cutting optimizations across
the three levels are possible to improve the performance of the
network.

Although there is a large body of work in building and net-
working sensors (a good bibliography of sensor network re-
search can be found on this website [27]), these studies focus
on optimizing the application and networking protocol to im-
prove performance. In contrast, this paper considers the trade-
offs in the infrastructure design and their implications on per-
formance and the design of the networking protocol. We also
study the effect of biasing the deployment to reflect the phe-
nomenon motion pattern on the performance of the network.

Intuitively, it appears that a denser infrastructure leads to
a more effective sensor network because higher accuracy is
likely and a larger aggregate amount of energy is available in
the network. However, if not properly managed, a denser net-
work will lead to a larger number of collisions and potentially
to congestion in the network; this will increase latency and re-
duce energy efficiency. Moreover, the large number of samples
reported by the sensors may exceed the accuracy requirements
of the observer. Thus, simply increasing the reporting rate or
the number of sensors may actually harm the performance of
the network. We study this tradeoff using different application
scenarios (phenomenon driven vs. continuous update data re-
porting) and for different infrastructure configurations.

One of the lessons learned from this study is that a form of
congestion control is necessary to make sure that the reported
samples do not exceed the capacity of the network. In ad-
dition, this control is necessary to optimize the lifetime of the



network while meeting the minimum accuracy requirements of
the application. Thus, the congestion control must not only be
based on the capacity of the network, but also on the accuracy
level required at the observer. The traffic in a sensor network
is different from conventional networks; it is a collective com-
munication operation with redundancy. Thus, the network pro-
tocol has the flexibility of meeting the performance demands
by controlling the reporting rate of the sensors, controlling the
virtual topology of the network (by turning off some sensors
for example), or optimizing the collective reduction commu-
nication operation (by fusing data along the way for example).
We note that this application driven congestion control is dif-
ferent, and at a lower level, from proposals to incorporate ap-
plication dependent processing and/or data aggregation within
the network.

The remainder of this paper is organized as follows. In Sec-
tion 4 we overview the role of the infrastructure and discuss
the available deployment strategies. Section 5 overviews the
modeling approach and the evaluation environment. In Sec-
tion 6 we present the experimental study. Section 7 overviews
some related work. Finally, Section 8 presents some conclud-
ing remarks.

4. INFRASTRUCTURE FEATURES

The infrastructure of a sensor network refers to the charac-
teristics of the individual sensors, the number of sensors de-
ployed, and the deployment strategy. We will discuss each of
these in turn.

4.1 Sensors’ Capabilities

A sensor typically consists of five components: sensing
hardware, memory, battery, embedded processor, and trans-
receiver. These components affect the performance of the sen-
sor and ultimately that of the network. For example, the ac-
curacy of the sensing hardware or transducer will affect the
accuracy of the sensing at the observer. Similarly, the size
of the memory affects the buffering space at the sensors and
the ability of the network to handle transient bursts in traffic.
The battery size determines the amount of energy available at
the sensor and affects the lifetime of the network. The capa-
bilities of the embedded processor determine the level of op-
timization that is possible at the sensors without introducing
excessive loss of power or intolerable levels of delay. Finally,
the characteristics of the transreceiver determine the transmis-
sion range of the network and the capacity of the transmission
channel. Improving the characteristics of any of these sub-
systems increases the cost, form factor or both for the sensor.
Thus, within the available budget for the sensor network, the
designer must decide whether to invest in a large number of
inexpensive sensors, or a smaller number of expensive, higher
quality ones.

4.2 Number of Sensors

Intuitively, for a given type of sensor, increasing the number
of sensors deployed in the field should result in a better per-
forming network with respect to the metrics identified earlier;
otherwise, why pay the extra cost. Consider: (1) the accuracy
of the sensing should improve since there are more sensors
in a position to report on the phenomena; (2) the available
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energy within the network increases; and (3) the additional
sensor density offers the potential for a better connected net-
work with more efficient paths between the sensors and the
observers. However, increasing the number of sensors in turn
results in a higher number of sensors reporting their results per
unit time. If this increased load exceeds the capacity of the net-
work in terms of access to the shared wireless medium as well
as congestion in intermediate nodes, increasing the number of
active sensors may end up adversely affecting the performance
of the network.

With respect to capacity, the problem can be viewed in terms
of collision and congestion. To avoid collisions, sensors that
are in the transmission range of each other should not transmit
simultaneously. Consider sensors 1... M, each with transmis-
sion range r, that are arranged in a chain. For any given sensor
S, sensors located in the range loc(i) —r and loc(i) +7 should
not transmit at the same time. Research by Woo et al. [35] has
addressed some of the issues with the collision problem, try-
ing to improve upon existing MAC layers. To the best of our
knowledge, congestion has not been addressed by past studies.

We consider a phenomenon driven reporting model where
a sensor reports if it is in range of the phenomenon. Assume
that we have IV sensors out of which M sensors are in range of
the phenomenon at a given time 7". Assume that the M sensors
are in interference range with each other (e.g., the transmission
range is greater than or equal to the sensing range). Of the M
reporting sensors, each sensor S; will transmit data toward the
observer with bit rate b(.S;). The total data in transit from time
T to T + § where ¢ is the average latency can be expressed as

M
Data = b(S;) )
i=1

If this value reaches a certain fraction of the channel capac-
ity, congestion will occur [16]. If Ciotq; is the total channel
capacity then

M

Z b(Si) <= aCiotal

i=1

(@)

where « is a fraction of the capacity dictated by the self-
interference that arises in multi-hop connections (« is typically
around 0.25 [17]). Thus, the upper bound on the reporting rate
is dictated by the channel capacity. On the other hand, appli-
cation specific criteria such as the required accuracy places a
lower bound on the reporting rate; the reporting rate should be
high enough to satisfy the desired accuracy. At any point in
time the number of active sensors should be such that the ap-
plication specified accuracy requirements are met. If, in order
to meet the accuracy requirements, Copplication 1S the required
channel capacity then we have:

M

Capplication <= Z b(Sz) <= actotal (3)
i=1

Capplication <= actotal (4)

to support the application requirements.

Note that not all sensors are equal in terms of accuracy: de-
pending on the location, a specific sensor may have a higher
quality data sample, or a combination of sensors may together
provide a higher accuracy than another combination. How-
ever, we can qualitatively comment on the factors on which



the number of active sensors depends. From a networking per-
spective, it depends on factors such as the geographic locations
of the reporting sensors, buffer lengths, and packet processing
times. From an application perspective, the value of informa-
tion sensed by the sensor needs to be considered as well. If a
sensor is providing some unique information about some fea-
ture of the phenomenon, then the application might require
that sensor to report irrespective of the location of that sensor.
Thus, application level information must be used in determin-
ing what sensors to report and when to meet the application
performance metrics. We intend to pursue such protocols in
the future.

4.3 Deployment Strategies

Finally, it is important to consider the deployment strategy
for the sensors (e.g., their distribution within the phenomena
field). We consider three deployment strategies: (1) random
deployment — the sensors are “sprayed” with a uniform distri-
bution within the field; (2) regular deployment — the sensors
are placed with some regular geometric topology in the sen-
sor field (for example, a grid); and (3) planned deployment —
sensor deployment is planned (for example, biased to provide
higher sensor density in areas where the phenomenon is con-
centrated). It is unclear whether regular deployment will offer
advantages over uniformly distributed random deployment; if
it does not, random deployment is preferable because of its
low cost.

In the remainder of this paper, we will evaluate these in-
frastructure tradeoffs for two types of monitoring disciplines
(phenomenon driven and continuous reporting), and different
routing protocols. The evaluation environment and modeling
approach are presented in the next section.

S. EVALUATION ENVIRONMENT

In order to model the complex relationships described
above, we have developed an evaluation environment within
the NS-2 simulator [2]. Contrary to most sensor network stud-
ies, we have made the phenomenon explicit and decoupled it
from the sensor network organization. This allows us to study
the effect of varying the design within the sensor network us-
ing scenarios that are independent of it. We model two types of
phenomena: (1) discrete phenomena (for example, animals in
a habitat monitoring application [5]); and (2) continuous phe-
nomena (for example, the temperature in a temperature track-
ing application). For each of these types of phenomenon, the
sensors wake up periodically according to some user defined
schedule, take samples of the phenomenon and report their re-
sults if required by the application.

To model the transducer states, we have assumed that a
transducer operates in two modes: sleep and active to model
the low duty cycle necessary for power efficient operation. The
transducer periodically wakes up and enters the active state
to check the status of the phenomenon. For example, in the
case of a discrete phenomenon, the transducer will wake up
at a time interval of every Jt seconds and check whether it
can sense the phenomenon, such as an animal in its range. If
it can then it will report the reading to the observer using its
transceiver. This model can support both continuous as well as
phenomenon driven model. For a phenomenon driven model,
absence of a phenomenon (e.g., animal) during periodic active
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state will not result in reporting about the phenomenon and the
sensor will go back to the sleep state.

The environment also decouples the three levels of the sen-
sor network: infrastructure, protocol and application. The rea-
soning again is to provide a vehicle to allow comparison of
“apples to apples”; we can study the effect of varying the de-
sign at each of these levels on the performance of the network
under uniform assumptions. For example, we can study the ef-
fect of changing the network protocol for a given application
and infrastructure. In this paper, we study the effect of vary-
ing the infrastructure on the performance of the network for
different applications and network protocols.

In this work, we considered an application with a discrete
phenomenon that moves around in a square grid (e.g., ani-
mal tracking) as well as an application with a continuous phe-
nomenon that can always be sensed (e.g., temperature sens-
ing). We also considered two application level scenarios: (1)
continuous update: the sensors periodically report their lo-
cal measurement to the observer; and (2) phenomenon driven:
sensors report their measurements to the observer periodically,
but only if they have data of interest to report (in this case, the
discrete phenomenon is within detection range). Other sce-
narios can be easily constructed; for example, scenarios with
multiple phenomena or multiple observers can be directly gen-
erated.

We are interested in application-level performance; conven-
tional network performance metrics such as throughput are of
secondary interest. We consider the following performance
metrics.

1. Accuracy: The accuracy of a measurement at a sensor is
specific to the physical transducer and the nature of the
phenomenon. In general, we assume that the measure-
ment has a tolerance that increases with the distance be-
tween the sensor and the phenomenon. At the observer,
it is likely that multiple samples will be received from
the different sensors. These samples must be combined
intelligently to produce a more accurate estimate of the
location of the phenomenon. It is possible to bias the
estimate towards sensors with higher confidence (closer
to the phenomenon) and towards more recent samples.

2. Latency: Latency refers to the delays in obtaining the
samples at the observer due to network congestion, the
duty cycle of the sensors, or intelligent filtering of sam-
pled data. For real time sensing applications, delays in
reporting the state of the phenomenon leads to a loss in
accuracy. For the purposes of this study, we report only
the packet latency within the network.

3. Energy efficiency and fault tolerance: the energy ef-
ficiency of the network may be measured in different
ways. For now, we report the energy expenditure within
the network.

4. Goodput: Goodput is the ratio of the total number of
packets received by the observer to the total number of
packets sent by all the sensors over the simulation time.

5. Scalability is also of interest. While we do not investi-
gate scalability directly, efficient data reporting and re-
ducing network load is conducive to scalability.



Table 1: Parameters used in the simulation studies.

Simulation area 800800 m”
Transmission range 250 m
Startup-Energy 10000 J

Discrete phenomenon

sensing range 200 m
Phenomenon speed random between 1 — 2 m/s
MAC Protocol 802.11
Bandwidth 2 Mbps

Transmit Power 0.660 W

Receive Power 0.395 W
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Figure 1: 15x15 grid deployment.

6. EXPERIMENTAL STUDY

We considered a scenario where a discrete phenomenon is
being tracked by sensors placed in a square grid of dimen-
sions 800 meters by 800 meters. We assumed that each sensor
data sample has a uniformly distributed tolerance of +/- 5% of
the actual distance between the sensor and the phenomenon.
In the phenomenon driven scenarios, only the sensors within a
discrete phenomenon sensing range report their estimate of the
location of the phenomenon to the observer. The packet size
was fixed at 100 bytes unless specified. We used the energy
model from the Directed Diffusion sensor network protocol
study [13]. The buffer space available at each sensor is of size
5 packets; a larger buffer size will enable the network to with-
stand a higher level of transient congestion but will not help
with sustained overloading of the network. From its initial po-
sition, the phenomenon walks towards a random destination
with a speed randomly chosen between 1 m/s and 2 m/s.

The parameters used in our simulations are summarized in
Table 1. Changing these parameters will have an effect on the
capacity of the network and the offered load, but due to space
limitations this effect is not pursued.

Figures 1, 2 and 3 show a sample of the topologies that
were used for the experiments. Figure 1 shows a 15x15 grid
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Figure 3: Biased network of 100 sensors.

topology, which includes 223 sensor nodes, 1 observer node
and 1 phenomenon node. Figure 2 shows a network with
100 sensors randomly distributed. Figure 3 shows a biased
network, where the designer has some idea about the phe-
nomenon mobility. In this case if the designer knows that the
phenomenon moves in general in upper right corner (hot-spot),
then sensors can be deployed with non-uniform density so that
more sensors are located in the hot-spot region.

We first establish the basic infrastructure configuration
tradeoffs using the following parameters. We used Dynamic
Source Routing (DSR) [14] as the networking protocol and
explore both grid deployment and random deployment of the
sensors. Finally, we explore biasing the deployment pattern to
match the phenomenon motion pattern. Each simulation was
run for 50 seconds, and every point represents the average of
three different random seeds. Unless stated otherwise, the data
delivery model was phenomenon driven.



Effect of reporting frequency on goodput at various densities
100 —& 4

=% - T -
- —5- 5x5 grid
— 10x10 grid
- 12x12 grid ||
5 15x15 grid

percentage goodput %

02 0.4 0.6 1.2
reporting period in seconds

Figure 4: Goodput as a function of network density and
sensor reporting period (grid deployment).
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Figure 5: Delay as a function of network density and sen-
sor reporting period (grid deployment).

6.1 Basic Infrastructure Tradeoffs

6.1.1 Goodput and Delay Study

In the first set of experiments, we study the effect of in-
creasing the sensor density on the efficiency of the network.
Figure 4 shows the goodput of the network as a function of the
reporting period for several levels of network density. The de-
ployment strategy was regular; sensors were placed in square
grids with the stated number of sensors per side. We first note
that as the data rate increases (reporting period decreases), the
goodput drops when the rate exceeds the capacity of the net-
work and sensed packets start to be dropped. It is interest-
ing to note that the drop in goodput is more pronounced for
the denser networks. This is due to the larger number of sen-
sors close to the phenomenon effectively increasing the offered
load to the network, resulting in more collisions and a higher
number of packets dropped due to congestion. This effect is
corroborated by the packet latency results (Figure 5): the la-
tency increases with the data rate as well as the density of the
network.
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Effect of reporting period on goodput at various densities in random deployment
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Figure 6: Goodput as a function of network density and
sensor reporting period (random deployment).
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Figure 7: Delay as a function of network density and sen-
sor reporting period (random deployment).

We repeated these experiments for random deployment,
keeping the same number of sensors as each of the studied
grids. The results for goodput (Figure 6) and delay (Figure 7)
do not show appreciable differences in comparison to grid de-
ployment. Note that we do not consider the scenario with 25
sensors, as was done in the grid case, because the network was
too sparse to maintain connectivity with random deployment.

6.1.2 Accuracy Study

In terms of application performance, we measured the accu-
racy of the tracking of the phenomenon position. More specif-
ically, the observer generates an estimate of the phenomenon
location based on the samples it receives from the sensors. We
measured the error in these samples in the following way. We
discretized time into small slots and averaged the samples re-
ceived in each slot. We then compared this average to the ac-
tual location of the phenomenon at that time. The error is the
square root of the sum of the square of the difference between
the estimated location and the actual location averaged over



Effect of reporting period on accuracy at various densities in grid
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Figure 8: Error as a function of network density and sen-
sor reporting period (grid deployment).

Effect of reporting period on accuracy at various densities in random deployment
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Figure 9: Error as a function of network density and sen-
sor reporting period (random deployment).

the number of slots in the simulation. More specifically,

E = Vo (S@) — A®))?

n

(&)

where S(4) is the sensed value in time slot 4, A(¢) is the actual
value at time slot ¢, and m is the number of slots in the du-
ration of the simulation. This is a proof of concept approach
to calculating error; any statistical measure for correlating the
measured value against the actual value will suffice.

Figure 8 shows the average error for the grid deployment
strategy under different densities and for different reporting
periods. At high reporting rates, network capacity is exceeded,
as was observed in the previous graphs. Because of the la-
tency in the receipt of the samples and the loss of many sam-
ples, the error value is high. On the other hand, if the report-
ing frequency is low, not enough samples are obtained and
the average error rises. With sparse networks (example 5x5
grid) the error is higher when the network is not saturated
because the number of sensors in a position to measure the
phenomenon and the average distance between a sensor and
the phenomenon increases. For such scenarios, the error is
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Figure 10: Energy depletion as a function of network den-
sity and sensor reporting period (grid deployment).
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Figure 11: Energy depletion as a function of network den-
sity and sensor reporting period (random deployment).

minimized with a higher reporting frequency; the additional
samples reduce the error and the network is slower to saturate
because there are fewer sensors competing for the shared air
space. With random deployment (Figure 9) the same pattern
can be observed.

6.1.3 Energy-Efficiency Study

The energy depletion in the network is shown in Figure 10
and Figure 11 for the grid sensor deployment and random de-
ployment respectively. The energy depletion is a function of
the reporting rate as well as the density of the network. Recall
that the density of the network in the phenomenon driven sce-
nario correlates with the number of nodes that report their data.
However, as suggested by the goodput results, a large portion
of this energy is wasted when the capacity of the network is
exceeded. Moreover, the additional cost incurred to buy more
sensors will not be rewarded by a higher lifetime for the net-
work because the depletion rate also increases. In fact, when
we consider the normalized energy expenditure per sensor (as
Figure 12 shows for grid deployment) the average sensor gets
depleted more quickly with higher density. Thus, the lifetime
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Figure 12: Energy depletion per sensor as a function of
network density and sensor reporting period (grid deploy-
ment).

of the network likely drops with increased density even though
we start with a much higher total available power in the net-
work! Accordingly, there is a need for intelligent management
of the infrastructure from an energy perspective as well.

To summarize, in agreement with intuition, increasing the
network density can result in higher accuracy, but only if the
sensing traffic is kept below the network capacity. This is an
expanded form of the congestion control requirement for reg-
ular computer networks; due to the redundant collective com-
munication nature of sensor network traffic, the network has
the ability of controlling what data gets reported to meet the
observer requirements. It is likely that the observer is satisfied
with less than the optimal achievable accuracy. Thus, the net-
work protocol must control the available infrastructure and the
reporting discipline to meet the accuracy requirements while
minimizing the energy expenditure. The sensor network must
converge on a good accuracy to reporting pattern/energy solu-
tion. This may be achieved, for example, by deciding to turn
off some sensors, by adapting the reporting frequency, or by
fusing sampled data within the network.

6.2 Continuous Update Reporting Model

For the continuous update reporting model (all sensors re-
port continuously), the offered load was significantly higher
than the phenomenon driven model. Energy depletion results
(not shown) displayed this effect. As can be seen in Figure 13,
the goodput values using continuous update reporting were
significantly lower than for phenomenon driven traffic. Error
is not directly comparable across the two scenario types.

6.3 Controlled Deployment

In this experiment, we study the effect of biasing the deploy-
ment to the phenomenon’s motion pattern. In this experiment,
the phenomenon was restricted to move in the right half of the
800 meters by 800 meters field. Furthermore, the deployment
of the sensors was skewed to reflect this fact: the density of the
sensors in the left half was kept fixed (and low) while the den-
sity of the sensors in the right half was increased. Figure 14
shows the accuracy using biased deployment vs. grid deploy-
ment. As can be seen from the figure, the desired effect of in-
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Figure 13: Goodput as a function of sensor reporting pe-
riod for continuous update traffic and a 10x10 grid.
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Figure 14: Average error comparison — controlled vs. grid
deployment.

creasing the accuracy was achieved (the average error is lower
in the biased deployment case). In fact, with biased deploy-
ment, a network of 100 sensors performs better than one with
144 sensors that are deployed in a grid. However, note that
with aggressive reporting the network saturates faster under
biased deployment, since the average number of nodes within
reporting range of the phenomenon increases. This effect was
also seen in the goodput results (not shown). The increased
accuracy comes at the cost of extra energy depletion as well
(results not shown). These results again argue that the network
protocol should carefully manage the infrastructure.

6.4 Other Supporting Experiments

In order to further investigate the congestion problem, we
conducted experiments with different packet sizes, in order to
study the effect on goodput and accuracy with a change in
bandwidth, where an increase in packet size corresponds to
a reduction in bandwidth. The results shown in Figures 15
and 16 show that congestion becomes a serious problem with
low bandwidth (packets with large size), as goodput drops dra-
matically and the average error increases appreciably.
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Figure 15: Goodput as a function of packet size and sensor
reporting period for a 15x15 grid.
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Figure 16: Error as a function of packet size and sensor
reporting period for a 15x15 grid.

We also conducted experiments with the observer at differ-
ent relative distances with respect to the phenomenon, mov-
ing closer to the phenomenon in each case. Results shown in
Figure 17 indicate that with an increase in path length, good-
put decreases from 85% when the observer is closest to the
phenomenon to 30% when the observer is furthest from the
phenomenon. This agrees with the previous results in that the
further the observer is from the phenomenon, the longer the
average path from the sensors to the observer and the more
data must be transmitted throughout the network, increasing
network load and causing congestion.

Although the results we have presented and the conclusions
we have drawn should be not be heavily impacted by the net-
work/routing protocol (ignoring in-network processing), we
investigated the effect of using other routing protocols. We
investigated AODV [22] which, like DSR is reactive routing
protocol. Also, we studied DSDV [23], which is a proactive
protocol. Figure 18. indicates AODV performed almost iden-
tically to DSR, while DSDV was considerably poorer in all
cases.
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Figure 17: Goodput as a function of variation in path
length and sensor reporting period for a 15x15 grid.
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Figure 18: The effects of the routing protocol on goodput
for a 12x12 grid.

7. RELATED WORK

Because of the unique requirements on sensor network
nodes, several groups have proposed architectures for sensor
nodes [1, 6, 8, 15, 24, 25, 26, 31, 35]. On top of these archi-
tectures, several studies targeted the development of power-
efficient medium access protocols (e.g., [30, 32, 35]). Net-
working and data dissemination issues have also received con-
siderable interest. Due to the data-centric nature of sensor net-
works, researchers proposed alternative addressing schemes
that take advantage of this fact [9, 12]. A number of rout-
ing/data aggregation approaches were also proposed [3, 10,
11, 13, 18]. A number of studies have explored imple-
menting services for sensor networks, including positioning
mechanisms [4, 21, 28], time synchronization [7] and energy
scans [36]. Other studies considered specific sensor network
applications and their implication on protocol design [5, 29,
33, 34].

Meguerdichian et al. define the problem of exposure in sen-
sor networks [19] and propose localized algorithms to address



it [20]. The exposure problem is the problem of determining
whether a sensor network can keep track of a phenomenon that
moves within the observation field. Depending on the sensor
density/deployment, there could be blind spots in the observa-
tion field. Clearly, exposure is influenced by the deployment
configuration of the sensors and is related to our work.

8. CONCLUDING REMARKS

In this paper, we investigated the effect of infrastructure
tradeoffs on the performance of a sensor network. First, we
systematically increased the deployed sensor density and the
required reporting rate and observed the performance of the
network. When the offered load from the sensors to the net-
work exceeded the capacity of the network, the performance
dropped according to both network and application level met-
rics. Thus, by simply deploying more sensors, we may end up
harming the performance of the network. This argues for in-
telligent management of the infrastructure by the network pro-
tocol: a form of congestion avoidance is needed that is signif-
icantly different from congestion avoidance in traditional data
networks. In particular, the network protocol must balance the
offered load to the network against the required accuracy at the
observer.

The task of the sensor network may be viewed as a redun-
dant collective communication process from the sensors to the
observer. It is redundant in that multiple sensors may report
correlated information or information with an accuracy level
(e.g., reporting rate) higher than that required by the applica-
tion. Thus, the congestion avoidance mechanism must con-
verge on a reporting rate/discipline that is just sufficient to
meet the performance requirements at the observer. The net-
working protocol may accomplish this by reducing the report-
ing rate per sensor, turning some sensors off and/or fusing in-
formation to optimize the collective communication operation.

We also investigated the effect of different deployment
strategies on the performance of the network. We discovered
no appreciable differences between grid-type deployment and
random deployment for the scenarios we considered. How-
ever, biasing the infrastructure density to the phenomenon
movement pattern resulted in significantly higher accuracy.
This is an example of using application level information to
better architect the infrastructure.
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