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As a microsensor
node must operate
for years on a tiny
battery, researchers
must apply
innovative systemlevel techniques to
eliminate energy
inefficiencies that
would have been
overlooked in
the past.
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Distributed networks of thousands of collaborating microsensors promise a maintenancefree, fault-tolerant platform for gathering rich
multidimensional observations of the environment. Because a microsensor node must operate for years on a tiny battery, researchers must
apply innovative system-level techniques to
eliminate energy inefficiencies that would have
been overlooked in the past. In this article we
advocate two particular enablers for energy
conservation: the ability to trade off performance for energy savings within the node, and
collaborative processing among nodes to reduce
the overall energy dissipated in the network.
New levels of energy efficiency — attained
through global system-level perspectives on
node and network energy consumption — will
enable a future where networks of hundreds,
thousands, and eventually many millions of collaborating nodes are as commonplace as today’s
cellular phone.

DISTRIBUTED MICROSENSOR NETWORKS
Ranger Smith enters the station at the edge of his
forest preserve, triggering a flurry of activity from
the thousands of climate microsensors in the building. Having kept the building a trifle warm in his
absence, the nano-nodes open innumerable vents
to condition the hallway as he walks through. His
demand to see the thermal profile of the reserve
ripples across roughly 100 square miles of wilderness, waking up nearly a quarter of the million sensors that were airdropped a few years back. “Paint”
on the wall receives and interpolates the data, rendering a visual picture through actuating nodes.
Bad news: the thermal map indicates hot spots,
and a million-node cluster is not responding. If
only nano-nodes could put out fires…
While paintable “smart dust” [1] lies well within the realm of science fiction, networks of hundreds to thousands of pill-sized microsensor
nodes are rapidly approaching our grasp [2, 3].
Many of the necessary components and technologies are already available. Microscopic micro-electrical mechanical system (MEMS) motion sensors
are routinely fabricated on silicon. Digital circuits
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shrink in area constantly; a sensor node’s complete data processing unit can fit on a pinhead.
Entire radio transceivers, including the associated digital electronics, have been fabricated on a
single chip [4]. Refinements of these enabling
technologies will soon yield the form factors
practical for a microsensor node.
Microsensors promise to revolutionize spatial
data gathering. Driven by data aggregation —
the fusion of multiple observations from different perspectives — a spatially distributed network of nodes returns a rich, high-resolution,
multidimensional picture of the environment
that is not possible with a single sensor or a
small group of sensors. The sheer number of
nodes naturally leads to the network’s robustness
and fault tolerance to the loss of individual
nodes, making maintenance unnecessary. Since
the nodes self-organize into ad hoc networks,
deployment can be as easy as sprinkling nodes
about the region of interest or dropping them by
air, and setting up a conveniently located base
station to which the nodes will relay their observations. These advantages, and the nodes’
diminutive size, make sensor networks ideal for
any number of inhospitable or unreachable locations where deployment is difficult, wires impractical, and maintenance impossible. The cramped
confines of an appliance, facilities that produce
toxic radiation or chemical vapors, lands of
extreme desert or Arctic climates, and even the
surface of foreign moons and planets are excellent candidates for easily deployed, maintenance-free microsensor networks.
The microsensor network is a domain with
operational demands unlike any current
paradigm in wireless communication. Consider
a network specification for a machine monitoring application [5]. This application scenario
specifies up to 12 nodes/m 2 and a maximum
radio link of 10 m. Nodes are expected to process about 20 2-byte radio transmissions/s and
to operate for 5–10 years with an AA battery.
Practically every specification is a departure
from the norms of current wireless technology.
A microsensor node is the antithesis of highbandwidth or long-range communication: node
densities are higher, transmissions shorter, and
data rates lower than any previous wireless sys-
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tem. The energy of radio transmission, normally the largest burden of the system, will likely
be dwarfed by other components. As a lowdata-rate and low-duty-cycle device, the node
will be subject to unprecedented operational
diversity, characterized by long idle periods
interspersed with brief spurts of activity and
communication.
Amid these unusual specifications lies the
greatest challenge: the need for an unprecedented
system lifetime from a wireless device. The node
is a completely new breed of battery-powered
device: a complete, diversely functional wireless
device with the lifetime of a digital wristwatch.
Adding to the challenge is the slow progress in
battery energy density improvements. While the
density of, say, transistors on a chip has consistently doubled every 18 months, the energy density of batteries has doubled every 5–20 years,
depending on the particular chemistry, and prolonged refinement of any chemistry yields diminishing returns [6]. Moore’s law simply does not
apply to batteries, making energy conservation
strategies essential for extending a node’s lifetime.
To achieve years of lifetime in a microsensor
network, energy inefficiencies in the system must
be confronted and eliminated. We must take
steps well beyond common low-power design
practices in battery-powered wireless systems and
employ innovative techniques across the system
hierarchy. In the following sections we carefully
characterize the energy consumption of microsensor nodes and advocate two strategies for energy
conservation: the ability to trade off performance
for energy savings within the node, and collaborative processing among nodes to reduce the overall
energy dissipated in the network.

MICROSENSOR NODE IMPLEMENTATION
AND CHARACTERIZATION
The MIT project for micro-Adaptive Multidomain Power-Aware Sensors (µAMPS) is developing prototypes and technology enablers for
power-aware distributed microsensor nodes. Figure 1 is our conceptual diagram of a µAMPS
microsensor network. We envision a few hundred
to a few thousand homogeneous nodes spread
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■ Figure 1. The µAMPS microsensor network consists of hundreds to thousands of nodes that collaboratively gather environmental observations (footsteps of the jogger) and forward them to a remote base station (within the
house). Individual nodes consist of an array of environmental sensors, A/D
conversion, digital signal and network protocol processors, and a radio
transceiver for two-way communication.

densely over a two- or three-dimensional space.
The nodes are energy-constrained and immobile
once placed. The nodes gather and transmit
observations to a reasonably distant base station
that is free from energy constraints. Within each
node, an array of environmental sensors receives
external stimuli from the environment, and analog-to-digital (A/D) conversion moves analog
observations into the digital domain for further
processing. A data processor aggregates and analyzes the observed data. Two-way communication
with other nodes and a remote base station is
achieved through a network processor, which
packetizes and encodes the data for robustness
and security, and a radio transceiver. We feel that
this architecture is sufficiently general to encompass first-generation microsensor applications.

NODE IMPLEMENTATION
µAMPS-1 is our first full implementation of the
µAMPS vision. The node is constructed from
off-the-shelf low-power components for rapid
demonstration of functionality in a series of
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■ Figure 2. a) The µAMPS-1 sensor node is implemented in stackable boards; each board is 55 mm on a
side; b) energy-conserving hooks present in µAMPS-1 reduce the peak power of the node by the proportions
shown here; power dissipation scales from a minimum of 27 mW to a peak of 976 mW.
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■ Figure 3. a) For low duty cycles, an SA-1100 processor consumes more energy through leakage than active switching; b) running the
SA-1100 at lower clock frequencies to compensate for a low duty cycle actually increases the total energy per operation since more leakage energy is dissipated over a longer clock period.
stackable 2-in square boards. Figure 2a illustrates two complete boards. µAMPS-1 contains
an onboard acoustic sensor, low-power 12-bit
A/D, a StrongARM SA-1110 processor for both
the data and protocol processing functions, and a
2.4 GHz direct sequence spread-spectrum radio.
To improve energy efficiency, the node includes
custom circuitry for dynamic voltage scaling of
the SA-1110 core, hooks for shutdown of each
analog component, and a fully programmable link
layer. The peak power dissipation of the node is
just under 1 W with all components fully on.
Dynamic supply voltage scaling for the SA-1110
saves up to 450 mW. Shutting down the radio
saves 300 mW. Figure 2b plots the fractional contributions of these techniques to the power dissipation of µAMPS-1.
As we gain design experience with the
µAMPS-1 node, we plan to integrate the functionality of the sensor node into custom integrated circuits. The next-generation µAMPS-2 node
will feature custom digital signal processing
(DSP) and protocol processing chips designed
for power awareness from the ground up. Our
custom processors will provide integrated poweraware implementations solely of the signal processing and communications operations required
of the node. By removing the architectural overhead of decoding and processing general-purpose instructions, we will trade the flexibility of a
general-purpose processor for a lean energy-efficient processor that supports only the functionality required of the microsensor application.
From our previous experiences with such
domain-specific processors [7], we expect at least
a three-order-of-magnitude power reduction
over the SA-1110. Our ultimate goal is a
microsensor system on a chip, integrating MEMS
sensors, A/D, data and protocol processing, and
a radio transceiver onto a single die. The entire
node would occupy a 1 cm cube.
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ENERGY CONSUMPTION CHARACTERISTICS
It is instructive to consider the power consumption characteristics of the node in three parts: the
sensing circuitry, the digital processing, and the
radio transceiver. The sensing circuitry, which
consists of the environmental sensors and the
A/D converter, requires energy for bias currents,
as well as amplification and analog filtering. Their
power dissipation is relatively constant while on,
and improvements to their energy efficiency
depend on increasing integration and skilled analog circuit design. In the following discussion, we
consider the energies of the remaining two sections, digital computation and radio transmission,
to find that their energy consumption characteristics fundamentally conflict with the operational
characteristics of the microsensor node.
A node’s digital processing circuits are typically used for digital signal processing of gathered data and implementation of the protocol
stack. Energy consumed by digital circuits consists of dynamic and static dissipation. The
dynamic energy of digital computation is the
energy required to energize (“switch”) parasitic
capacitors on an integrated circuit from zero
voltage (a digital zero) to the voltage of the
power supply (a digital one). Dynamic energy is
described by CV DD 2 , with C representing the
switched capacitance and V DD the supply voltage. Static dissipation originates from the undesirable leakage of current from power to ground
at all times and is described by I0eVDD/nVth, where
V th is the threshold voltage of the transistors,
and I0 and n are constants for the process technology. Summing the switching and leakage
energy yields E = CV DD 2 + (tV DD )I 0 e V DD / nVth
for a computation that switches a total capacitance C over duration t. Note that for a constant
supply voltage V DD , switching energy for any
given computation is independent of time, while
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■ Figure 4. a) 466 µs startup transient from the µAMPS-1 2.4 GHz radio, measured at the input to the radio's voltage controlled oscillator; b) the effects of startup energy revealed — the total radio energy per bit required to transmit packets of various sizes. In our model,
the data rate is 1 Mb/s, the radio electronics consume 81 mW, and the radiated output power is 1 mW (0 dBm).

leakage energy is linear with time. While switching
energy has historically exceeded leakage energy
for modern complementary metal oxide semiconductor (CMOS) applications, the trend is beginning to reverse with recent semiconductor process
technologies. Each new process generation (e.g.,
0.18 µ or 0.13 µ) increases leakage threefold, and
leakage is beginning to approach 50 percent of a
digital circuit’s operating power [8].
A microsensor’s long idle periods impose a
low duty cycle on its processor, encouraging the
dominance of leakage energy. Figure 3 illustrates
this concern with data gathered from the SA1100 microprocessor. Figure 3a shows that leakage energy begins to dominate over switching
energy as the processor’s duty cycle is reduced.
Leakage energy is proportional with time,
whether or not the processor is doing useful
work. As a result, slowing down the clock actually increases the amount of leakage energy within
each clock period, causing the energy per operation to increase. This is illustrated in Fig. 3b. A
reduction in clock frequency reduces the number
of idle cycles, but leakage nonetheless remains
proportional to time.
The easiest way to reduce leakage is to shut
down the power supply to idle components.
Microsensor nodes will no doubt benefit from
this time-honored technique. For relatively simple circuits such as analog sensors, circuits can
be powered up and down quickly, with no ill
effect. Shutting down more complicated circuits,
however, can cost time and energy overhead.
For example, powering down a processor
requires the preservation of its state. If the processor should be needed immediately after it has
been powered down, the energy and time
required to save and restore the state is wasted.
There exists a hidden time and energy cost to
shutting down a circuit that must be balanced
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with the expected duration of the shutdown.
There is a break-even point at which the energy
savings of shutdown equal the energy overhead
of shutting down and restoring the circuit.
Nowhere is the hidden cost of shutdown
greater than in the radio transceiver. The energy
consumption of the radio consists of static power
dissipated by the analog electronics (analogous
to leakage in the digital case, except that these
bias currents serve the useful purpose of stabilizing the radio) and the radiated RF energy. The
radiated energy, which scales with transmitted
distance as d2 to d4 depending on environmental
conditions, has historically dominated radio
energy. For closely packed microsensors, however, the radio electronics are of greater concern.
The energy required for a complete radio transmission can be described as Ptx(Ttransmit + Tstart)
+ PoutTon, where Ptx represents the power of the
transmitter electronics, T transmit the transmit
duration, Tstart the startup time, and PoutTon the
radiated energy. The startup time T start is our
specific concern. Today’s transceivers require an
initial startup time on the order of hundreds of
microseconds, during which transients in the
analog electronics need to settle. The radio
transceiver in µAMPS-1, for instance, has a measured startup transient of 466 µs, which is illustrated in Fig 4a. Substantial amounts of energy
are consumed during the startup period.
With the low data rates inherent to sensor
networks, the packets transmitted by the radio
between idle periods are likely to be small. Figure 4b presents the energy per transmitted bit as
the length of the transmitted packet is varied. As
the packet grows shorter, the energy per bit
increases dramatically. The energy of active
transmission is being swamped by the startup
energy. Starting up the radio entails a fixed
energy cost, while transmitting bits is a variable
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■ Figure 5. Measured energy consumption per operation for the SA-1100 processor, as clock frequency and voltage are varied. A lower frequency at the
same voltage incurs a higher per-operation cost due to additional leakage
energy.
cost that is linear in the number of bits transmitted. While the radio’s high bias currents require
that we accept the cost of shutdown, the node
ought to amortize the startup energy over more
transmitted bits to reduce the energy cost per bit
of transmission. Increased buffering between
transmissions, provided that the additional latency can be tolerated, is one approach.

THE POWER-AWARE MICROSENSOR NODE
The energy models presented above suggest that
great inefficiencies can occur when the microsensor’s demands are mapped onto contemporary
hardware. Creative thinking is required to ensure
minimal energy consumption at all times. The
approach we advocate is power awareness, the
design of circuits, architectures, and algorithms
that can gracefully trade off performance and
quality for energy savings. The key realization is
that the node’s high operational diversity will necessarily lead to energy inefficiency for a node that
is optimized for any one operating point. Perhaps
the nodes are accidentally deployed more closely
together than expected, or stimuli are fewer and
farther between, or the user chooses to tolerate a
few additional milliseconds of latency. How can
the node automatically take advantage of these
new conditions to save additional energy? A node
that cannot adapt to relaxed performance
demands with energy reductions is wasting precious battery energy.
Power awareness, then, is really an awareness of
the exact performance demands of the user and the
environment. A power-aware system consumes just
enough energy to achieve that level of performance, and not one decibel, byte, or hertz more.
Power-aware systems exhibit this characteristic at
all levels of the system hierarchy. Energy trade-offs
are enabled at the circuit level and exploited at the
algorithm level. In this section, we illustrate how we
can trade off energy for a variety of performance
parameters at all levels of the system hierarchy.
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CIRCUITS: ENERGY VS. LATENCY THROUGH
VOLTAGE SCALING
A primary performance metric for digital
CMOS circuits is latency: the propagation
delay of digital signals flowing through the
logic. Latency can be traded for energy savings
in CMOS circuits by varying the circuit’s supply
voltage. As discussed in an earlier section, a
higher supply voltage results in a shorter propagation delay through CMOS gates, which
results in a faster computation, but subjects the
gates to quadratically higher switching energy
and exponentially higher leakage current. A
lower supply voltage thus offers dramatic energy savings at the expense of additional latency.
A microsensor node’s high operational diversity all but ensures that an application’s average
performance demands will fall well below a circuit’s peak performance at maximum voltage.
(Below, for instance, we discuss how scalable
data processing algorithms can ease the workload presented to its processor.) Therefore, it
is often desirable to trade latency for energy
savings.
For a circuit with fully static CMOS logic —
the most common logic family for low-power
circuits — supply voltage can be adjusted on
the fly. Hence, we can run a processor with a
higher voltage when peak performance is
demanded and scale back to a lower voltage
when latency requirements are looser. In other
words, computations are “stretched out” to fill
the entire latency window, saving power and
eliminating the need for component shutdown.
µAMPS-1 supports this dynamic voltage scaling
(DVS) technique on the SA-1110 microprocessor [9]. Figure 5 demonstrates the range of
voltages and clock frequencies at which the
processor can operate, under reasonable environmental conditions. A lower clock frequency,
which relaxes the latency constraints on the circuits, allows the processor to operate with
lower supply voltages.
DVS is implemented on the µAMPS-1 node
through collaboration between the SA-1110’s
operating system and voltage regulator, as
illustrated in Fig 6a. The voltage regulator is a
programmable DC-DC converter that can provide a variable supply voltage to the SA-1110
core. The operating system, our custom adaptation of the widely used eCOS operating system for embedded processors, monitors
processor workload and the current latency
constraints required by the application. The
operating system attempts to schedule the minimum clock frequency and supply voltage necessary to meet the application’s latency
constraints.
The energy savings enabled by DVS can be
substantial. Figure 6b illustrates the energy consumed by the complete µAMPS-1 node (with
radio off) as the SA-1110 clock frequency is
adjusted. Enabling DVS on the SA-1110 alone
reduces total node energy for µAMPS-1 by up to
a factor of two. Since faster processing consumes more energy, DVS provides digital circuits with the ability to offer “just enough
performance” to meet latency constraints with
minimum energy.
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■ Figure 6. a) Dynamic voltage scaling (DVS) support aboard µAMPS-1 — the node operating system running on the SA-1110 monitors
workload and latency requirements, and controls the voltage driven by the buck regulator that powers the SA-1110 core; b) DVS on the
µAMPS processor alone reduces total node energy by nearly 50 percent. DVS enables a factor-of-four energy scalability on the node.

ARCHITECTURES: ENERGY VS. BIT PRECISION
THROUGH ENSEMBLES OF SYSTEMS

ALGORITHMS: ENERGY VS. ACCURACY
THROUGH INCREMENTAL REFINEMENT

CMOS circuits become complete digital systems
through the collaboration of functional units,
such as adders, multipliers, and memory cells.
These are the fundamental building blocks of
DSPs and microcontrollers for protocol stacks.
We explore the power awareness of these functional units by considering a multiplication unit
and its energy scalability over a new dimension
of performance: the bit width of its computation.
Multiplier circuits are typically designed for a
fixed maximum operand size, such as 64 b/input.
In practice, however, the actual inputs to the multiplier are typically far smaller. Calculating, say,
an 8-bit multiplication on a 64-bit multiplier can
lead to serious energy inefficiencies due to unnecessary digital switching on the high bits. The
problem size of the multiplication is a source of
operational diversity, and large monolithic multiplier circuits are insufficiently power-aware.
An architectural solution to high input bitwidth diversity is the incorporation of additional
smaller multipliers of varying sizes, as shown in
Fig 7. Incoming multiplications are routed to
the smallest multiplier that can compute the
result, reducing the energy overhead of unused
bits. An ensemble of point systems, each of which
is energy-efficient for a small range of inputs,
takes the place of a single system whose energy
consumption does not scale as gracefully with
input. The size and composition of the ensemble is an optimization problem that accounts for
the probabilistic distribution of the inputs and
the energy overhead of routing them. Details
and further examples are beyond the scope of
this article but are plentiful in [10]. In short, an
ensemble of systems improves power awareness
for digital architectures with a modest cost in
chip area. As process technologies continue to
shrink digital circuits, we feel that the area
trade-off is worthwhile.

Now that the node’s digital circuits can adapt
their energy consumption to a diversity of inputs
and latencies, we are motivated to design the
algorithms running on these circuits to take
advantage of these properties. Power-aware
algorithms permit scalability in the number of
operations (and hence the energy) required of
the algorithm. These algorithms gracefully
degrade result accuracy as the number of operations (and hence the required energy) is scaled
back. In other words, the algorithms offer incremental refinement: the algorithm yields a reasonable approximation of the answer after a minimal
number of operations, and the result grows
increasingly accurate as more and more operations are performed.
Traditional computational algorithms offer an
“all-or-nothing” approach to computation in
which the final result is not accessible until the
entire computation is complete. Fortunately,
broad classes of such signal processing algorithms that do not naturally offer incremental
refinement can be restructured to attain it.
While techniques exist to scale computation with
well-defined formal metrics for the quality of
signal processing [11], a simple and intuitive
approach is the most significant first transform
which rearranges an algorithm’s computations by
their significance to the final result. Most significant transforms are known to exist for the fast
Fourier transform (FFT), discrete cosine transform (DCT), and a variety of other linear signal
processing operations. We motivate this technique in the context of beamforming, the fusion
of data streams from multiple sensors into a single high-quality stream.
Finite impulse response (FIR) filtering is a
common beamforming technique. A finitelength discrete-time impulse response is convolved with a digitized data stream from a
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sensor. Traditional time domain FIR filtering
calculates the partial sums of the convolution in
numerical order: one output tap at a time, from
y[0] to y[n]. Reducing the amount of computation to the filter would result in completely
uncalculated output samples toward y[n]. Traditional filtering methods thus yield poor energy
quality scalability.
Intuitively, the partial sums that are largest in
magnitude, and therefore the largest contributors to the final result, arise from samples of the
impulse response that have the highest magnitude. Hence, sorting the coefficients by magnitude and computing the partial sums derived
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from the largest taps first will produce a reasonable approximation of the final result from just a
few taps of the impulse response. Figure 8a
shows an example beamforming FIR filter
response with the five most significant taps highlighted. Figure 8b compares the output from the
full filter with the approximation generated by
just five well-chosen taps. Since the energy consumed by the filter is proportional to the number of taps convolved, processing the most
significant taps first achieves a graceful degradation of quality for energy savings. The power
awareness of FIR filtering has been enhanced
with very little overhead: on the StrongARM
processor, we measured the energy required for
sorting the taps of a 128-tap filter to be 4 percent of the energy required to produce a single
sample of output.
Most significant first transforms are also
applicable on a signal-by-signal basis. A node
that wishes to aggregate signals received from
multiple nodes can sort the incoming signals by
their signal-to-noise ratio (SNR). When energy
is constrained, the node aggregates the highest
SNR signals first to ensure that the lowest SNR
signals are discarded when the computation is
scaled back. Utilizing the scalable versions of
essential microsensor signal processing algorithms ensures that the algorithm will be able to
provide a graceful degradation of quality under
energy constraints.

RADIO LINK: ENERGY VS. BIT ERROR RATE
THROUGH ENERGY-AGILE CODING
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■ Figure 7. A monolithic multiplier (top) is less power-aware than an ensemble
of multipliers (below). The ensemble routes each pair of incoming operands to
the smallest multiplier that can compute the result to take advantage of the
lower energy consumption of the smaller circuit. On a series of operands typical of speech processing applications, the ensemble consumes 57 percent less
power than the monolithic multiplier [10].
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In our final example of enhancing power awareness, we explore the trade-off between energy
consumption and the performance of the node’s
radio link. The performance metric we employ is
link reliability, measured by the link’s bit error
probability. In the case of a periodic data gathering network, this metric can be loosely viewed as
the user’s tolerance to missed samples, as bit
errors lead to packet errors, causing lost data
samples.
The energy vs. link quality trade-off here is
a particularly interesting one, for there are two
completely different ways to scale the link’s bit
error rate (BER). These options are summarized in Fig. 9a. The physical layer solution is
to increase the transmit power of the radio,
resulting in a higher SNR for the transmission.
The link layer solution is to envelop the transmitted data in a stronger error-correcting code
that is more resistant to poor link quality. The
use of a more error-resistant code requires
more computation energy in the network. In
the case of convolutional codes, which are
appropriate for microsensor networks, the
energy required by the Viterbi decoder for the
code increases exponentially with the code’s
constraint length.
To explore these two dimensions, we considered a family of convolutional codes of varying
rate by puncturing a rate-1/2 base code. For
each code, we computed the radio transmission
power required to achieve a range of bit error
probabilities for a sample path loss of 70 dB.
Detailed energy models were generated from a
custom CMOS layout of a network processor,
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■ Figure 8. a) Finite-impulse response with the five most significant taps highlighted; b) a signal is filtered through both the full FIR filter
and an abbreviated filter consisting of the five previously highlighted taps. Even a few of the most significant taps provide a close approximation to the full result.
the µAMPS-1 radio electronics, and transmission
path loss. Summing the energies of coding,
decoding, and transmission from these models
yields the total energy per bit vs. the probability
of error for each code under consideration. Figure 9b plots these curves.
The graphs illustrate that the most energyefficient coding strategy changes as the BER
varies. When high error rates are tolerable,
total energy is minimized by shutting down the
Viterbi decoder and using no error-correcting
code at all. The required transmission energy to

attain the desired BER is already low without
coding, and any computational energy for error
correction would actually dominate the total
energy consumption. As the BER demands
grow more stringent, the need for additional
transmit power grows, and it becomes advantageous to expend more energy for stronger
error-correcting codes. These results are for a
single transmission distance representing a 70
dB path loss. Different transmission distances
would uniformly raise or lower the radio transmission energies for each code, resulting in a
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■ Figure 9. a) Energy for communication is dissipated at the network processor, which encodes and decodes the packets, and the analog
radio transceiver; b) energy required to transmit 10 kb of data at 1 Mb/s over a 70 dB path loss, with various coding schemes. The globally optimal coding scheme, which is highlighted above, dynamically selects stronger codes as the tolerable bit error decreases.
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■ Figure 10. In a collinear three-node network, we consider four potential multihop routes from the most distant sensor node to the base station. The minimum energy routing strategy over the lifetime of the network is a temporal
rotation among these roles, in a ratio determined by the nodes’ energy consumption characteristics.

shift in the breakpoints where different coding
schemes (or no coding at all) become optimal.
In short, a maximally energy-quality scalable
link layer requires a network processor that can
adjust its coding scheme on the fly as the quality
demands on the link change.

NETWORKING 1000 NODES
In the previous section we encouraged poweraware design at all levels of the system hierarchy, from CMOS circuits to signal processing
algorithms. A complete system-wide view of the
node that considers the interactions among all
levels of the system hierarchy is essential for
minimizing the total energy consumption of the
node. Extending this view to encompass the
entire network, the interactions among multiple
nodes determine the total energy consumption of
the network. In other words, the microsensor network can be seen as a spatial distribution of discrete chunks of energy, and the total network
energy is characterized by the sum and spatial
variance of these chunks. With microsensors’
unprecedented reliance on collaboration, the
concept of network energy is a novel but natural
view. In this section we demonstrate techniques
for embedding network energy reduction into
the natural collaboration among nodes.
Propagating data from the observer nodes to
the base station is an energy-intensive operation.
Direct wireless communication between all
nodes and a potentially distant base station is
infeasible. For starters, direct communication
would squander precious wireless bandwidth,
since frequency reuse would not be possible.
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From the system energy point of view, there are
two inefficiencies: a great deal of redundant data
is being transmitted, and all nodes are transmitting over the long wireless link to the base station. Collaborative routing protocols can reduce
both inefficiencies.
Multihop routing is a step in the right direction. In multihop, intermediate nodes act as
routers for others’ data. Observed data from the
farthest corners of the network propagate from
node to node in a series of short wireless hops,
eventually reaching the base station. The r 2–r 4
path losses of wireless communication dictate
that many small hops will consume less transmission energy than a single long-distance link,
assuming that processing overhead is minimal.
In a naïve multihop scheme, all data destined
for the base station will flow through the nodes
nearest to the base station, causing these nodes
to die quickly. The burden of making the final
long hop to the base station shifts to ever farther
nodes as the closest ones continue to die like a
receding tide. Although we have reduced total
system energy, the hotspots in energy consumption near the base station that lead to uneven
spatial energy consumption are symptomatic of
global inefficiency, which leads to shortened network lifetime.
Maximizing the lifetime of a multihop network requires careful consideration of each
node’s role in the process. We choose the
collinear three-node network depicted in Fig. 10
as a motivating example. In a three-node network, there are four useful routes from the farthest node to the base station: direct
transmission, a single hop through one or the
other of the intermediate nodes, or hops through
both nodes. We seek the routing strategy that is
optimal-the one that maximizes system lifetime.
It turns out that no single route, by itself, is
an optimal route over the entire life of the network. The optimal solution actually involves a
rotation of roles over time. This result is
obtained by considering each possible route in a
linear program for maximizing the network lifetime under the constraints of a positive lifetime
value and fixed battery energy for each node.
This technique is discussed in detail and generalized in [12]. The final numerical result depends
heavily on the node energy models that quantify
the trade-off between the path loss of transmission and the startup and static power dissipation
of the routing nodes. For the scenario of Fig. 10,
the optimal role assignment using energy models
from [12] suggests sending 24.5 percent of packets through each of the one-hop routes, and the
remaining 51 percent through the two-hop route.
(Direct transmission is never used.) Rotating the
nodes’ roles is an effective collaborative technique for prolonging lifetime.
Cluster-based routing protocols are an alternative to multihop with special advantages for
microsensor networks. The Low Energy Adaptive Clustering Hierarchy (LEACH) protocol
serves as our example. LEACH is a clusterbased protocol in which groups of adjacent
nodes organize themselves into ad hoc clusters.
One node in each cluster, the clusterhead,
receives data from the other nodes in the cluster
and forwards the combined data from the entire
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■ Figure 11. Two ways to partition a computation over a cluster of nodes: a) all digital computation (FFT, beamforming, and line-ofbearing detection) is performed at the clusterhead; b) computation is distributed between the clusterhead and observer nodes. The second system partition utilizes the network’s inherent parallelism to relax global latency deadlines.
cluster to the base station in a single long-distance transmission. New clusterheads (and new
clusters as well) are chosen at periodic intervals
to rotate this energy-draining role around the
network [13].
Clusterheads are an ideal place to aggregate
data from the cluster’s nodes. Data aggregation
is the fusion of multiple streams of correlated
data inputs into a single high-quality output. A
class of algorithms known as beamforming algorithms can perform this aggregation, either with
or without knowledge of the nodes’ locations
[14]. Since environmental observations from
adjacent nodes in the cluster are likely to be
highly correlated, aggregation is an essential collaborative tool to reduce the number of bits
transmitted over wireless links.
We conclude this section with an example of
networkwide energy minimization on poweraware nodes. In a collaborative effort with the
Army Research Laboratory, we have implemented the ARL processing algorithms to track the
bearing of moving targets on the µAMPS hardware. A seven-sensor cluster takes acoustic
observations of the target. The observations are
each processed with an FFT and beamformed
together in the frequency domain.
We seek to implement this processing flow
over the sensor network in a way that minimizes
total network energy, under a fixed latency constraint on the processing. While the beamforming of the six data streams must necessarily take
place at the clusterhead, the FFT operations can
be processed at either the clusterhead or the
observer nodes. In the former case, the clusterhead receives six time-domain observations and
performs six FFTs. In the latter case, each
observer node performs a single FFT on its data
stream and transmits the frequency domain
result to the cluster head. Figure 11 illustrates
these two possible system partitions.
Although only the distribution of computa-
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tion, and not its amount, has changed, the latter
distribution of computation halves the power
required for computation on SA-1100-based
nodes. The constraint on latency requires that
we operate the clusterhead’s SA-1100 processor
at its full operating voltage, in order to compute
six FFTs and beamform the results in time. Distributing the FFTs over the six observers reduces
the workload on the clusterhead and allows the
observer nodes to work in parallel. With less
computation to complete in the same amount of
time, the clusterhead and observers can operate
their processors at a lower voltage. From our
experiments, the result is a total computational
energy of 3.4 mJ across the nodes vs. 6.2 mJ for
the inferior partition. Taking advantage of the
network’s inherent parallelism, we have distributed a global latency constraint across the
entire cluster to relax local latency constraints at
the clusterhead, and allowed the power-aware
nodes to take advantage of the additional allowable latency. In short, collaboration among the
nodes can achieve more than just high-quality
data: collaboration can reduce and distribute
overall system energy.

CONCLUSION AND FUTURE DIRECTIONS
A microsensor network that can gather and
transmit data for years demands nodes that
operate at energy efficiencies unheard of in
today’s wireless systems. Sensor nodes must take
advantage of operational diversity, such as the
long periods of idle time between interesting
events, by gracefully scaling back energy consumption. The user must precisely define the
network’s performance requirements using metrics ranging from latency to accuracy to reliability so that the network performs just enough
computation to meet the user’s specific
demands, and no more. The network must consider itself as a single entity, where collaborative
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Only with such
careful attention to
the details of energy
consumption at
every point in the
design process can
we expect to see
a thousand-node
microsensor network
that can deliver
years of continuous
service.
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communication protocols remove redundancies
in computation and communication, and maintain an even spatial distribution of energy. Only
with such careful attention to the details of
energy consumption at every point in the design
process can we expect to see a 1000-node
microsensor network that can deliver years of
continuous service.
We have focused our discussion on the hardware and algorithmic enablers for energy-efficient microsensor networks. The final step in
the design hierarchy, the design of an application programming interface (API) and development tools that will bring the functionality of
the network into the hands of users, is an emerging field of research. We envision that an ideal
node API would expose the power-aware operation of the node without sacrificing the abstraction of low-level functionality. The API would
enable an application to shut down or throttle
the performance of each hardware component
on the node. Top-level API calls directed at the
network as a single entity would allow quality
and performance to be set and dynamically
adjusted, allowing the network to manage global
energy consumption through energy-quality
trade-offs. Power-aware signal processing routines would be available as a library and be
callable with ceilings on their latency or energy
consumption.
Deploying software for a 1000-node microsensor network requires advances in network simulation. A simulator and development
environment for microsensor networks must
enable programmers to profile the performance
and energy efficiency of their software and hardware over a variety of operating conditions.
Energy profiling requires the creation of accurate energy models for the cost of computation
and communication on the nodes. Simulating
1000-node and larger networks will require new
techniques in high-speed simulation. Simulation
results published in the literature rarely exceed
several hundred nodes due to the limited performance of existing tools. Perhaps the simulator
could locate and cache redundant computations
across nodes, or offer a trade-off between result
precision and speed.
The deployment of the first successful sensor network will be an exciting and revolutionary milestone. From there, the research
opportunities only become more interesting.
One possible next step is a node with infinite
lifetime. Since nodes are essentially sensing
energy in the environment, why not harvest it
for operation as well? A “sensor” that efficiently transduces environmental energy into
useful electrical energy is an energy harvester.
With the refinement of energy harvesting techniques that can gather useful energy from
vibrations, blasts of radio energy, and the like,
self-powered circuitry is a very real possibility.
Energy harvesting schemes developed in the
laboratory have generated 10 µW of power
from mechanical vibrations, already enough for
low-frequency DSP [15]. With continuing
advances in energy harvesting and improvements in node integration, a batteryless infinite-lifetime sensor network is possible.
As we hinted in the introduction, ultra-dense

sensor networks are also a logical next step. As
silicon circuits continue to shrink, the physical
size of the nodes themselves will shrink as well.
As node form factors shrink and researchers
become comfortable with network protocols for
1000-node networks, networks with several hundred to several thousand nodes per square meter
will begin to appear. Such a dense network
would offer a new level of parallelism and fault
tolerance … not to mention trivially small radio
transmission energies.
It is inevitable that wireless microsensor networks will mature from laboratory curiosities to
networks of millions of nodes, deployed through
paintbrushes, misters, injections, and aircraft. So
perhaps it is not far-fetched to envision that the
wireless microsensor network will be the true
enabler for ubiquitous computing: the availability of computational power that is taken for
granted anywhere, at any time. To be truly
imperceptible, technology must be omnipresent.
And in Ranger Smith’s forest preserve, teeming
with many millions of nano-nodes, it is.
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