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Abstract
Wireless microsensors are being used to form large,
dense networks for the purposes of long-term environmental
sensing and data collection. Unfortunately, these networks
are typically deployed in remote environments where energy
sources are limited. Thus, designing fault-tolerant wireless microsensor networks with long system lifetimes can
be challenging. By applying energy-efficient techniques at
all levels of the system hierarchy, system lifetime can be extended. In this paper, energy-efficient techniques that adapt
underlying communication parameters will be presented in
the context of wireless microsensor networks. In particular,
the effect of adapting link and physical layer parameters,
such as output transmit power and error control coding, on
system energy consumption will be examined.

1. Introduction
Recently, researchers have been increasingly interested
in wireless microsensor networks [1, 2, 5]. This rising interest is in large part due to the compelling applications
that will be enabled once wireless microsensor networks
have been deployed [5]. In a wireless microsensor network, hundreds to thousands of small, sensor nodes are
scattered over some environment for the purpose of gathering data. Each of these distributed sensors contain computation and communication elements and can be designed
to provide long-term, remote autonomous environmental
monitoring. When events of interest are detected, sensors
may process the data before sending information about the
environment to a remote basestation. Because of the remote nature of these networks and the size of the individual nodes, however, nodes do not have access to unlimited energy. Thus, in order to prolong system lifetimes,
energy-efficient algorithms and protocols should be used.
At the same time, these techniques should also be aware
of user-specified quality requirements such as latency and

data precision. Since these parameters express an application’s quality needs, energy-efficient algorithms and protocols must be careful not to compromise this quality while
minimizing energy consumption.
The need to minimize energy consumption while maintaining user constraints makes the design of wireless microsensor networks challenging. While techniques to minimize the energy consumption of portable, multimedia devices have been studied extensively [3, 4], these techniques
may not be applicable to wireless microsensors. For example, while conventional hand-held devices only need to last
hours or days, microsensor nodes need to last several years.
Therefore, different energy-efficient techniques will need to
be applied. In this paper, energy-efficient techniques for
communication among the nodes will be presented. Since
wireless communication over long distances can be expensive, minimizing the energy for communication is very important. In general, the minimum output transmit power required to transmit a signal over a distance d is proportional
to dn where 2 ≤ n ≤ 4.
In the design of any communication system, one parameter of interest to users is the reliability of the links between
a transmitter and receiver. Reliable data transfer can be provided either by increasing the output transmit power (Pout )
of the radio or by adding forward error correction (FEC) to
the data. With the use of FEC, we can decrease the probability of bit error (Pb ) for any fixed value of the output
transmit power. However, FEC will also require additional
processing and thus, additional energy at the transmitter and
receiver. Depending on the FEC algorithm used and the
implementation of the algorithm, the additional processing
may require so much power that any savings made in the
reduction of the output transmit power will become negligible. In this paper, we attempt to minimize the system
energy required to send data between a transmitter and receiver by partitioning the communication energy between
the output transmit power and the processing required by
error-correction coding.

2. Energy Cost of Computation
During communication between two nodes, energy is
expended during transmission of the data (output transmit
power) and when framing and error correction is performed.
We define the communication energy to be the sum of the
energy required to transmit data using a radio and the energy required to perform encoding and decoding of the
data1 . A similar definition is introduced in [6] in the context
of portable terminals.
In order to evaluate the communication energy in wireless microsensor networks, we have implemented a sensor
node with appropriate processing and communication elements. Before discussing the tradeoffs that can be made
between coding energy and output transmit power, we will
briefly describe the implementation of our node.

2.1. The µAMPS Wireless Sensor Node
The µAMPS wireless sensor node has the ability to scale
the energy consumption of many different subcomponents
in response to changes in the environment, state of the network, and application requirements in order to maximize
system lifetime and reduce energy consumption of the node.
Thus, all layers of the system can adapt layer-specific parameters (e.g. error correction scheme) to minimize energy
usage. Figure 1 gives an overview of the architecture of
the sensor node. The node is designed with collaborative
sensor applications in mind. However, the flexibility of the
architecture allows it to be used in different application scenarios.
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2.2. Computation Energy Model
The encoding and decoding of error-correcting codes can
be performed on different platforms. In our initial system,
coding will be performed on the StrongARM using C. Instead of modeling the energy required for encoding and decoding the data, the energy consumed will be directly measured.
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passed through an anti-alias filter and directed to an analogto-digital (A/D) converter. Once data is sampled by the
sensing subsystem, it is transferred to on-board RAM. The
sensor, analog filters, and A/D collectively use 5 mA at 5 V.
The data collected is processed by a StrongARM (SA1100) microprocessor. Selected for its low power consumption, high performance, and static CMOS design, the SA1100 can be adapted to support dynamic voltage scaling.
The clock speed can be dynamically adjusted from 50 to
206 MHz, while the voltage supply has a range of 0.9 to
1.5 V. In addition to the processor, ROM and RAM are also
on-board. A lightweight, multi-threaded “µ-OS” running
on the SA-1100 has been customized to allow software to
scale the energy consumption of the processor. The µ-OS,
signal processing algorithms, and the network protocols are
stored in ROM.
In order to deliver data or control messages to neighboring nodes, the data is transmitted wirelessly using a radio based on a commercial single-chip 2.4 GHz transceiver
with an integrated frequency synthesizer [9]. The on-board
phase-locked loop (PLL), transmitter chain, and receiver
chain are capable of being shut-off via software or hardware control for energy savings. To transmit data, an external voltage-controlled oscillator (VCO) is directly modulated. By directly modulating the VCO, the circuit implementation is simpler and power consumption is reduced.
However, the amount of data that can be transmitted continuously is limited. The radio module is capable of transmitting up to 1 Mbps at a range of up to 10 m.
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Figure 1. Architectural overview of our microsensor node.

Since the µAMPS node is designed with sensing applications in mind, our initial node contains an acoustic sensor and a seismic sensor. Data sensed by either sensor is
1 This definition does not fully capture the energy of all tasks required
for communication. However, in this paper, we will ignore the energy
required to perform higher protocol layer operations.

The average energy consumption of radio communication can be modeled by:
Eradio = Etx + Erx
= [Ptx (Ton−tx + Tstartup ) + Pout Ton−tx ]
+ Prx (Ton−rx + Tstartup )
(1)
where Ptx/rx is the power consumption of the transmitter/receiver, Pout is the output transmit power which drives
the antenna, Ton−tx/rx is the transmit/receive on-time (actual data transmission/reception time), and Tstartup is the
start up time of the transceiver as shown in Figure 2. Note

that if L is the size of the packet in bits and R is the data
rate in bits per second, then Ton−tx/on−rx = L/R.
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Figure 2. A diagram of the radio model.

In this radio model, the power amplifier needs to be
on only when communication occurs. In addition, during
the startup time, no data can be sent or received by the
transceiver. This is because the internal phase-locked loop
(PLL) of the transceiver must be locked to the desired carrier frequency before data can be demodulated successfully.
It is necessary to highlight a few key points about the
radio we use in our design. First, note that the power consumption of the transceiver (Ptx/rx ) dominates the output
transmit power (Pout ). Since wireless sensor networks are
designed to operate over short distances, this is a reasonable assumption. In addition, the transceiver power does
not vary over the data rate, R. At the 2.4 GHz frequency
band (as in other gigahertz bands), the power consumption of the transceiver is dominated by the frequency synthesizer which generates the carrier frequency. Hence, to
a first order, R does not affect the power consumption of
the transceiver [10]. Second, the startup time can have a
large impact on the average energy per bit (Eb ) since wireless sensor networks tend to communicate using very short
packets. In order to save power, a natural idea is to turn off
the radio during idle periods. Unfortunately, when the radio
is needed again, a large amount of power is spent to turn it
back on; transceivers today require an initial startup time on
the order of hundreds of microseconds during which large
amounts of power is wasted. Given that Ptx = 81 mW,
Prx = 180 mW, Tstartup = 450 µs and Pout ≈ 0 dBm,
the effect of the startup transient is shown in Figure 3, where
the energy per bit is plotted versus the packet size. We
see that as packet size is reduced, the energy consumption
is dominated by the startup transient and not by the active
transmit and receive time. Hence it is important to take this
inefficiency into account when designing energy-efficient
communication protocols. The radio parameters used here
are based on the commercial low power transceiver we are
using in the µAMPS node.
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Figure 3. Effect of startup transient where R =
1 Mbps, Tstartup ≈ 450 µs, Ptx = 81 mW, Prx =
180 mW and Pout = 0 dBm.

3. Impact of Link Layer Parameters on System
Energy
In general, the “link layer” has a variety of purposes in
the protocol stack. One of the tasks of the link layer is to
specify the encodings and length limits on packets such that
messages can be sent and received by the underlying physical layer. The link layer is also responsible for ensuring
reliable data transfer. In the following section, the impact
of varying error control on the energy consumption of our
node will be discussed. In [8, 7], a similar exploration of the
impact of adapting packet size and error control on system
energy efficiency was conducted.

3.1. Data Reliability
The level of reliability for the link between transmitter
and receiver will depend on the needs of the application and
on user-specified constraints. In many wireless sensor networks, such as machine monitoring and tank detection networks, the actual data will need to be transferred with an
extremely low probability of error.
In a wireless microsensor network, we will assume that
nodes communicate over a frequency non-selective, slow
Rayleigh fading channel. Consider one node transmitting data to another over such a channel using the radio
described in Section 2.3. The radio presented uses noncoherent binary frequency-shift keying (FSK) as the modulation scheme. For comparison purposes, the best achievable probability of error using raw, non-coherent binary
FSK over a slowly fading Rayleigh channel will be presented.
In general, γb,rx = α2 (Eb /N0 ), where γb,rx is the

received energy per bit to noise power ratio and α is a
random variable describing the attenuation property of the
fading channel. It is shown in [11] that the probability
of bit error using non-coherent, orthogonal binary FSK is
Pb = 2+γ1 . Unfortunately, this does not directly tell us
b,rx
the transmit power Pout that must be used in order to get a
certain probability of error. In order to determine Pb as a
function of Pout , we must consider the implementation of
the radio. In general, one can convert γb,rx to Pout using
µ ¶
Pout
1
Eb
=
·
N0 rx
Ploss ᾱ W Nth Nrx
where Ploss represents the large-scale path loss, ᾱ is the
average attenuation factor due to fading, W is the signal
bandwidth, Nth is the thermal noise and Nrx is the noise
contributed by the receiver circuitry known as the noise fig1
ure. In general, Ploss ∝ 4πd
n , 2 ≤ n ≤ 4.
An estimate for Ploss ᾱ ≈ 70 dB. With a signal bandwidth of W = 1 MHz, Nth = −174 dBm and Nrx ≈
10 dB, we find that Pout = Eb /N0 − 34 dBm assuming a
data rate of 1 Mbps. This equation can be used to find the
transmit power needed to obtain a certain average Eb /N0 .
The uncoded curve in Figure 4 shows the probability of bit
error plotted against the output power of the transmitter for
an uncoded signal.
Since using a power amplifier alone is highly inefficient,
forward error correction (FEC) is applied to the data to decrease the probability of error. However, some additional
processing energy must be expended. The additional energy, denoted by Edsp , to both encode and decode the data
will need to be considered. Additional energy cost will also
be incurred during the communication of the message since
the length of each frame will increase. If the raw transmission rate R remains the same, then both the transceiver and
output amplifier will be on for a longer duration.
Many types of error-correcting codes can be used to improve the probability of bit error. In this paper, we will only
consider convolutional codes with varying coding rates.
The upper bound on Pb can be determined by applying
∞
1 X
Pb <
βd P (d)
k
d=dfree

where d represents the Hamming distance between some
path in the trellis decoder and the all-zero path, {βd } are
the coefficients of the first derivative of the transfer function
T (N, D) with respect to N , {P (d)} are the first-event error
probabilities, and dfree is the minimum free distance [11].
Figure 4 shows the Pb for different code rates and varying constraint lengths. These results were obtained using
MATLAB simulation. Note that the probabilities shown assumes the use of a hard decision Viterbi decoder at the receiver.
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Figure 4. The probability of bit error of several different rate convolutional codes plotted versus the
transmit power for the radio described in Section
2.3. Ploss = 70 dB, Nrx = 10 dB, and R = 1 Mbps.
The number of information bits is 10000.

3.2. Energy Consumption of Coding
While the bounds on the performance of convolutional
codes can be theoretically determined as shown above, the
energy required to encode and decode will vary depending
on the underlying architecture. In addition, since convolutional encoding of a bit stream will increase the size of the
packet by approximately 1/Rc , L will also increase, thereby
increasing the radio energy required to transmit a packet. If
(e)
we denote the energy to encode as Edsp and decode data as
(d)

Edsp , then the total energy cost of the communication can
be derived from (1) as
(e)

E = Ptx (Ton−tx + Tstartup ) + Pout Ton−tx + Edsp
(d)

+ Prx (Ton−rx + Tstartup ) + Edsp

(2)

Given this model, we can then derive the average energy to
transmit, receive, encode and decode each information bit.
If Rc is the code rate and L is the packet length transmitted,
then the number of information bits is L0 ≈ LRc . Thus, the
total energy per information bit, Eb = E/L0 .
In general, for convolutional codes, the energy required to encode data is negligible. However, performing Viterbi decoding on the StrongARM using C can
be computationally-intensive and is likely to be energyintensive2 . We have measured the energy per useful bit
required to decode rate 1/2 and 1/3 convolutional codes
on the SA-1100. We denote the average decode energy
2 By optimizing and rewriting the code in assembly, it is possible to gain
a factor of 5 to 10 reduction in energy consumption.

(d)

per information bit as Edsp,b . The energy to decode 1/2rate codes is shown in Figure 5. From our measurements,
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Figure 5. Measured decoding energy per useful bit
for Rc = 1/2 codes with 3 to 9.

we were able to make a couple of key observations. First,
the energy consumption scales exponentially with the constraint length. This is expected since the number of states
in the trellis increases exponentially with constraint length.
We also observed that the energy consumption seems to be
independent of the rate. This is reasonable since the rate
only affects the number of bits sent over the transmission. A
lower rate code does not necessarily increase the power consumption since the number of states in the Viterbi decoder
is unaffected. Therefore, given two convolutional codes C1
and C2 both with constraint lengths K, where RC1 < RC2 ,
the per bit energy to decode C1 and C2 is the same even
though more bits are transmitted when using C1 .
Given the data in Figure 5, we can now determine which
convolutional code to use to minimize the energy consumed
by communication for a given probability of error. In Figure 6, the total energy per information bit Eb is plotted
against Pb . Figure 6 shows that the energy per bit using
no coding is lower than that for coding. The reason for this
result is that the energy of computation, i.e. decoding, dominates the energy used by the radio for the channel we have
described in Section 3.1. For example, assuming the model
described in (2) and Pout = 0 dBm, the communication energy to transmit and receive per useful bit for an Rc = 1/2
code is 85 nJ/bit. On the other hand, the energy to decode
an Rc = 1/2, K = 3 code on the SA-1100 is measured to
be 2.2 µJ per bit with a latency of 64 ms. These results imply that using the StrongARM to perform error correction
coding is extremely inefficient3 .
Since the use of the StrongARM to perform Viterbi dethat the x-axis of the graph extends below 10−9 . For such low
probabilities of error, these results may not be entirely valid. We only show
the results below 10−9 so that the different codes can be distinguished.
3 Note

Figure 6. The energy per useful bit plotted against
Pb of an uncoded signal and a few convolutional
codes with different rates and constraint lengths.
(Ploss = 70 dB, Nrx = 10 dB, R = 1 Mbps). The
number of information bits is 10000.

coding is highly energy inefficient, a dedicated integrated
circuit solution to perform decoding is preferred. To explore the power characteristics of dedicated Viterbi chips,
we implemented one-half rate Viterbi decoders with different constraint lengths and synthesized them using 0.18 µm
TSMC ASIC technology. Our designs are fully parallel implementations of the Viterbi algorithm in which a separate
add-compare-select (ACS) unit is used for each state. In
addition, the designs use the one pointer traceback method
of implementing the survivor path registers. Using Synopsys Power Compiler, we estimated the energy per bit used
by our designs during the decoding of twenty thousand encoded information bits. Figure 7 shows the energy per bit
for various constraint lengths. Using our implementation, in
addition to our radio model, we can determine the minimum
energy code to use for a given probability of error. In Figure
8, the total energy per information bit Eb is plotted against
Pb . From the graph, one can see that the communication
and computation scheme to use will be dependent on the
probability of error desired at the receiver. For Pb = 10−4 ,
no coding should be used. This is due to the fact that the
transceiver power (Ptx/rx ) is dominant at high probabilities of error. Since coding the data will increase the on time
(Ton ) of the transceiver, using coding will increase the overall energy per useful bit4 . Note that once Pb > 10−5 , the
overall communication energy with coding is smaller since
the energy of the power amplifier (Pout ) will begin to dom4 At high probabilities of error, the output transmit power does not need
to be very high. Furthermore, the energy to perform decoding is small.
Thus, the transceiver energy is dominant. Since coding increases the number of bits to transmit, the energy with coding will be greater.
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using minimal energy. If a microprocessor (SA-1100) is
used to implement the Viterbi algorithm, it is generally better to use no coding since the decoding energy is enormous.
On the other hand, the use of a dedicated Viterbi decoder
can lower the decoding energy per information bit by up to
five orders of magnitude. As a result, sensor data can be encoded using a convolutional code to allow for lower output
transmit power.
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inate.
Figure 8 also provides the additional insight that high
rate codes use less energy per bit than lower rate codes for
the same probability of bit error. This is primarily due to
the fact that high rate codes transmit less bits during communication than lower rate codes.

4. Conclusion
In this paper, we have demonstrated how to minimize
the communication energy required for point-to-point communication. In particular, we considered how to adjust the
transmit power and the underlying convolutional coding algorithm in order to achieve a desired probability of error
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