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Abstract—We present a lightweight lossless compression al-
gorithm for realtime sensor networks. Our proposed Adaptive
Linear Filtering Compression (ALFC) algorithm performs pre-
dictive compression, using adaptive linear filtering to predict
sample values followed by entropy coding of prediction residuals,
encoding a variable number of samples into fixed-length packets.
Adaptive prediction eliminates the need to determine prediction
coefficients a priori and, more importantly, allows compression to
dynamically adjust to a changing source. The algorithm requires
only integer arithmetic operations and thus is compatible with
sensor platforms that do not support floating-point operations.
Significant robustness to packets losses is provided by including
small but sufficient overhead data to allow samples in each packet
to be independently decoded. Real-world evaluations on seismic
data from a wireless sensor network testbed show that ALFC
provides more effective compression and uses less resources
than some other lossless compression approaches such as S-
LZW. Experiments in a multi-hop sensor network also show that
ALFC can significantly improve raw data throughput and energy
efficiency.1

I. INTRODUCTION

Wireless sensor networks have attracted significant interest
from the research community for a broad range of applica-
tions [1]–[3]. Several recent applications involve high data
rate signals, such as monitoring industrial plants [4], volcano
hazards [5], [6] and civil structures such as buildings or
bridges [7], [8]. For these high rate applications, collecting
high-fidelity data subject to the limited radio bandwidth avail-
able to sensor nodes presents a key challenge. In addition to
the limited physical bit rate of the radios used in low power
platforms, radio links may experience frequent packet losses
due to congestion, interference, and multipath effects. These
problems are exacerbated over multi-hop routing paths. There
is a fundamental tradeoff between the network size and the
total quantity of raw signals that can be collected.

Data compression is an important tool to maximize data
return over unreliable and low rate radio links. For example, it
has been shown in [9] that in some applications a compression
computation yielding only a single byte of data reduction may
be worth spending between roughly four thousand (Chipcon
CC2420) and two million (MaxStream XTend) cycles of
computation.

1The research described in this paper was supported by NASA ESTO
AIST program and USGS Volcano Hazard program under the research grant
NNX06AE42G. The research was carried out at the Jet Propulsion Laboratory,
California Institute of Technology, and at Washington State University.

Sensor networks have some significant limitations such as
limits on computational capability, memory and packet size,
as well as high packet loss rates and small energy supplies.
Those constraints present significant challenges in designing
compression schemes for sensor networks.

At present, sensor nodes (e.g., MICAz, TelosB) usually
have relatively modest computational power and do not sup-
port floating-point arithmetic, thus requiring a low-complexity
compression approach that can operate in real time without the
use of floating-point operations. Even on platforms that sup-
port floating-point arithmetic (e.g, iMote2), it may be desirable
to avoid such calculations to reduce power consumption.

Simultaneous transmission from multiple nodes through
multi-hop relay within a network can lead to congestion,
collision and high packet losses, demanding a compression
scheme that allows packets to be decompressed even when
preceding packets have been lost. Lossless compression is
frequently demanded by science users to preserve fidelity of
critical data (e.g., earthquake data). But packet losses may be
unavoidable in realtime high-fidelity sensor networks due to
limited bandwidth or node mobility. Motivated by this, some
sensor network applications are designed to provide reliable
delivery of critical data and best-effort delivery of non-critical
data.

Many sensor platforms employ hardware that uses the IEEE
802.15.4 standard and limits the maximum packet size to 128
bytes. The TinyOS operating system sets the default data
payload length to 29 bytes and many systems recommend
a packet size of no more than 90 bytes. Providing indepen-
dently decodable packets under such limitations requires that
increased attention be paid to compression parameters or other
overhead information included with each packet.

In this paper, we present a lightweight compression scheme
for sensor networks, called Adaptive Linear Filtering Com-
pression (ALFC). Our intended application is compression of
seismic data, but this method may work well for other data
types.

Adaptive prediction eliminates the need to determine pre-
diction coefficients a priori and, more importantly, allows
the compressor to dynamically adjust to a changing source.
This is particularly important for seismic data because the
source behavior can vary so dramatically depending on seismic
activity. To eliminate floating-point operations, we make use
of rational approximations to real-valued quantities in linear
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prediction. To ensure that samples in a packet can be decoded
without requiring preceding packets to be available to the
decoder, we alter the prediction approach for the first few
samples in the packet so that it does not rely on sample values
in preceding packets.

Predicted sample values are used to losslessly encode source
samples using a variable-length coding scheme. We map each
sample value to a non-negative integer and then encode the
resulting sequence using Golomb codes. This general strategy
is used in the Rice entropy coding algorithm [10], [11] and
the LOCO-I image compressor [12], among myriad other
applications.

We have implemented and evaluated the proposed algorithm
in a multi-hop sensor network testbed with seismic data
feed. The testbed experiments show that our ALFC algorithm
can significantly increase data quantity and energy efficiency,
and provide better performance compared to a recent related
approach [9] in the literature.

The rest of the paper is organized as follows. In section II,
we review related work on predictive lossless seismic data
compression and data compression in sensor networks. We
introduce our proposed linear prediction, packetization and
entropy coding algorithm in section III, then present our
evaluation experiments in section IV. Finally, we conclude our
paper and present potential future research in section V.

II. RELATED WORK

A. Predictive Lossless Seismic Data Compression

Lossless predictive compression generally consists of a
prediction stage, where each sample value is predicted based
on past sample values, and a coding stage, where an entropy
coding method is applied to losslessly encode prediction
residuals (the difference between predicted and actual sample
values). A variety of different approaches for the prediction
and entropy coding stages have been used in the literature for
lossless compression of seismic data.

The least complex predictors include simply using the previ-
ous sample value for prediction, as in the approaches described
in [13], or using linear prediction with fixed coefficients
determined a priori, as in [14]. Better performance can be
obtained at the expense of higher complexity by selecting
prediction coefficients separately optimized for each block
of samples, as is done in [15] and [16] for two different
source models. More sophisticated prediction approaches in
the literature include the use of a 20-stage adaptive recursive
least squares lattice adaptive filtering approach [17], several
repeated stages of adaptive linear prediction using gradient
adaptive lattice filters on very large blocks of samples [18],
and a source model designed to incorporate structural system
information when external exogenous input information is
available [19]. Reference [20] makes use of a somewhat
more conventional adaptive linear filtering approach, as in our
approach. Unlike our sensor network application, however, the
work of [20] is applied to much larger blocks of data (each
at least 50 KB), and employs somewhat higher complexity

prediction, requiring more arithmetic operations and making
use of floating-point prediction coefficients.

For lossless encoding of prediction residuals, approaches
include a method introduced in [21] based on arithmetic
coding and used by [14], [16]–[20]. Slightly lower compres-
sion effectiveness is provide by the simpler bi-level coding
approach described in [15]. The bi-level coding method has
similar complexity to our approach, which relies on Golomb
codes, but note that selecting the coding parameters to obtain
the best performance from bi-level coding assumes knowledge
of the standard deviation of the prediction residuals being
encoded in the block. Even lower complexity ad hoc entropy
coding approaches can be found in the compression methods
described in [13].

The most significant differences between our approach and
these related works is our design requirement that packets
can be decompressed independently as a means of deal-
ing with potentially high packet losses, and the constraints
imposed by small packet size and limited computational
capabilities. Higher computational capabilities would permit
higher complexity compression approaches, e.g., performing
a least-squares optimization to determine optimal prediction
coefficients, optimizing the filter prediction order for each
packet, using floating point coefficients, or using arithmetic
coding. The use of relatively short packets means that the
problem of efficiently encoding overhead information (e.g.,
to indicate coding parameters or prediction coefficient infor-
mation) becomes more significant than in typical seismic data
compression scenarios. We also note that nearly all of the other
approaches encode a fixed number of samples into variable-
length encoded units, while our approach encodes a variable
number of samples into fixed length packets.

B. Compression in Sensor Networks

The literature includes many papers on data compression
for sensor networks, though many of these approaches have
not been evaluated in real sensor network testbeds.

Much prior work focuses on exploiting high spatial cor-
relation in data from fixed sensors in dense networks. In
[22], [23], distributed source coding approaches are used to
exploit data dependencies between nodes in a sensor network.
The approach in [22] minimizes the amount of inter-node
communication for compression using both a quantized source
and correlated side information within each individual node.
This is an interesting theoretical approach, but the choice of
the correlated side information is essential to the performance
of the algorithm and normally not well known in practice. In
[23], an intelligent data gathering node determines the degree
of correlation between data from different source nodes, and
based on this information tells each data node the allowable
amount of compression. Each data source node executes a very
simple compression algorithm that allows correlation between
sources to be exploited even when the node does not have
access to data from neighboring nodes. Note that experiments
in [23] were performed using light, temperature, and humidity
sensors, and it is unclear how well this compression approach
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would work in the presence of seismic events, when the
nature of the data dependency between nodes might change
dramatically and without warning.

Several methods have been proposed to use wavelets and
their variants in analyzing and compressing the sensed data.
Ganesan’s DIMENSIONS [24] was one of the first systems
addressing multi-resolution data access and spatio-temporal
pattern mining in a sensor network. In [24], nodes are par-
titioned into different clusters and organized in a multi-level
hierarchy. Within each cluster, the cluster head performs a two
dimensional wavelet transformation and stores the coefficient
locally. These coefficients are passed to the next level in the
hierarchy for wavelet transformation at a coarser resolution.
While it demonstrates promising results, it relies on two key
assumptions that limit its general applicability: (1) nodes are
distributed in a regular grid; (2) cluster heads can always
communicate with their parents. Wagner [25] proposed an
architecture for distributed wavelet analysis that removes the
assumption about the regularity of the grid. Moveover, [26]
proposes an algorithm for performing the wavelet transforma-
tion by tracing through the path in the minimum spanning tree
and applying the wavelet filter along the path. It minimizes
inter-node communication by transmitting partial coefficients
forward and updating future sensors until the full coefficients
are computed. This approach implicitly assumes that the path
will be sufficiently long enough that wavelet analysis will
be effective. Furthermore, it is not clearly explained how
to choose an optimal path for compression and the spatial
correlation is not fully explored.

While several authors propose compression algorithms
based on spatio-temporal correlation, some recent works do
not assume any correlation based on spatial relationship of
sensor nodes or on temporality between data packets. As
such, they are more general and are better equipped to handle
sorts of low-correlation situations common to mobile sensor
networks. [27] develops a lossless energy aware compression
algorithm and shows the major factor of power usage in re-
source constrained devices. It shows that sending a single bit is
roughly equivalent to performing 485∼1267 ADD operations.
When profiling such usage, it becomes obvious where the most
energy can be saved, and that is in reducing the number of
bits sent over the radio. [9] proposes and evaluates a family of
basic lossless compression algorithms, S-LZW, based on LZW
[28] and tailored to static and mobile sensor networks and
applicable to a wide range of applications. They further discuss
additional steps for transforming or preconditioning the data to
further reduce energy consumption. S-LZW-MC (S-LZW with
Mini Cache) is an extension that makes use of a cache of the
most recently used entries. This additional cache serves as an
appendix to the standard S-LZW dictionary, under the assump-
tion that the sensor’s incoming data tends to be repetitive over
short intervals. S-LZW-MC with Burrows-Wheeler Transform
(BWT) or Structured Transpose (ST) provides more overall
energy saving [27]. In the dictionary-based methods (such
as LZW and its extensions), senders and receivers maintain
the same hash-indexed dictionary, either static or dynamic,

and take the same symbol to represent the incoming data
strings. However, as discussed by the author, some packets
may get lost during transmission and the dictionary may lose
synchronization. Packet loss throughout the sensor network
can be prohibitive for S-LZW compression algorithms that
even stop the decompression process of this block.

Some recent works also adopt linear prediction coding to
data compression in wireless sensor networks. [29] examines
the performance of different variations of the linear predictive
coding (LPC) compression algorithm on different hardware
configurations. The authors do not address the issue of mod-
ifying the compression algorithms to provide robustness to
packet losses on unreliable networks. [30] applies second order
linear prediction with coefficients determined a priori based
on training data. Compression is applied in sensor networks
to humidity sensor data using small (29-byte) packets. Rather
than employ a compression scheme that allows independent
decoding of packets to provide robustness to packet losses,
they assume that lost packets will be re-transmitted as many
times as needed. [31] considers the problem of microacous-
tic/seismic data compression in wireless sensor networks.
An algorithm is employed so that events are automatically
detected and no data is transmitted unless an event is detected.
Prediction approaches considered are limited to (at most) tak-
ing the differences between successive samples. Compression
is performed on blocks of 512 samples, which is fairly large
compared to our application.

III. ADAPTIVE LINEAR PREDICTION COMPRESSION

In this section, we describe our linear predictive compres-
sion approach, originally presented in [32]. We model a sensor
as a one-dimensional data source that produces integer-valued
samples x1, x2, . . .. The instrument has a dynamic range of b
bits, and without loss of generality, we may assume that each
sample value is in the range [−2b−1, 2b−1−1]. In our intended
application, the source is a single component seismometer
with the instrument dynamic range of b = 16 bits. Each
node has relatively modest computational power, and so our
compression approach must have relatively low complexity.
Encoded sample values are transmitted using fixed-length
packets, and so we would like to losslessly encode as many
samples as possible in each packet. A significant additional
problem is that packets are often lost on the channel. For this
reason we impose the additional constraint that the decoding
of a received packet must not depend on the contents of other
packets. We assume that time stamp information is already
included with each packet so the decoder can properly syn-
chronize received sample values once they are decoded. Our
compression approach relies on an adaptive linear prediction
of sample values and entropy coding of prediction residuals.

A. Prediction

1) Adaptive Linear Prediction: We maintain a running
estimate of the mean input signal value µ̂i. This estimate is
used to compute a “de-biased” version of the source samples

di = xi − µ̂i.
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We apply M th order adaptive linear prediction to the de-biased
signal di. I.e., the predicted value d̂i is a linear combination
of the preceding M de-biased values,

d̂i =
M∑

j=1

wj · di−j = wT
i ui. (1)

Here wi = [w1, w2, . . . , wM ]T is a vector of weight
coefficients that are adapted to the source and ui =
[di−1, di−2, . . . , di−M ]T is the vector of the preceding M de-
biased sample values. The predicted sample value is

x̂i = µ̂i + d̂i.

The estimation error, or prediction residual, is

ei = xi − x̂i = di − d̂i.

The prediction x̂i is used to losslessly encode xi using a
variable length coding scheme described in Section III-C. The
entropy coding procedure takes into consideration the fact that
xi is an integer while x̂i is usually not.

After encoding xi, we use the sign algorithm [33] to update
the weight vector:

wi+1 = wi + α · ui · sign(ei)

and we update the mean value estimate via

µ̂i+1 = µ̂i + β · (xi − µ̂i).

Here α and β are parameters that control the adaptation of
the weight vector and mean estimate to the source statistics.

It might seem more natural to perform mean estimation
as part of the sign algorithm instead of as a separate step.
Under this alternative, one could define extended vectors w′

i =
[w′

0, w
′
1, . . . , w

′
M ]T and u′i = [κ, xi−1, xi−2, . . . , xi−M ]T

where κ is some fixed constant. Then we could predict the
value of sample xi directly as x̂′i = w′T

i u′i. We do not adopt
this alternative approach because the prediction of the first
sample value in a packet becomes less straightforward and
because compression effectiveness becomes somewhat more
sensitive to parameter selection.

2) Prediction Using Integer Arithmetic: To eliminate
floating-point operations in the basic algorithm of Sec-
tion III-A1, we use rational approximation to real-valued data
samples to produce a version of the algorithm that requires
only integer arithmetic. Specifically, the real-valued quantities
d̂i, x̂i, µ̂i, ei, wi are approximated using rational values:

d̂i = D̂i/2R

x̂i = X̂i/2R

µ̂i = Ω̂i/2R

ei = Ei/2R

wi =
1
2R

Wi

Here R is some fixed integer, D̂i, X̂i, Ω̂i, Ei are integer
variables, and Wi is a vector of integers. The value of R
effectively controls the resolution at which linear prediction

calculations are performed; we use R = 14 in our experiments.
Since the sample values being predicted are integer-valued,
compression effectiveness should not be highly sensitive to
the value of R used, provided that R is not so large that
arithmetic overflow occurs. In this version of the algorithm, we
perform round-off operations that result in di being integer-
valued, and, consequently, ui being a vector of integers. The
adaptation parameters α and β are chosen to be α = 2−A,
β = 2−B for some integers A and B so that the multiplication
needed to perform the updates can be accomplished via bit-
shift operations.

Each iteration of the integer version of the prediction
algorithm consists of the following steps:
(i) Compute

D̂i = WT
i ui. (2)

(ii) Compute
X̂i = D̂i + Ω̂i.

(iii) Encode the integer sample value xi using the rational
predicted value x̂i = X̂i/2R.
(iv) Compute the (integer) de-biased value di

di = xi −
⌊
(Ω̂i + 2R−1 − 1)/2R

⌋
.

(v) Compute the prediction error

Ei = di · 2R − D̂i.

(vi) Update the weight vector

Wi+1 = Wi + sign(Ei)
⌊
(2Rui + (2A−1 − 1)I)/2A

⌋
where I denotes a vector of ones, and the floor operation is
applied to each component of the vector.
(vii) Update the mean value estimate:

Ω̂i+1 = Ω̂i −
⌊
(Ω̂i − xi · 2R + 2B−1 − 1)/2B

⌋
.

B. Encoding Into Independent Packets

We collect samples from the source, placing the sample
values into a buffer. After each source sample is collected,
we determine whether the encoded bit cost of the samples in
the buffer exceeds the available packet size. If not, then we
gather the next sample. Otherwise, we encode the samples in
the buffer (excluding the newest one), and reset the buffer to
contain only the newest sample.

Compression speed improves if we can quickly identify
situations where the samples in our buffer can fit within a
packet. Towards this end, one can make use of bounds on
the size of encoded samples whenever possible and avoid
explicitly computing the coding cost except when necessary.

To ensure that samples in a packet can be decoded without
requiring preceding packets to be available to the decoder, we
make the following modifications at the start of each packet:
(i) We place encoded quantized versions of µ̂i and wi at the
beginning of each packet. The values of µ̂i and wi are set
to these quantized versions in both the encoder and decoder.
Quantization is uniform, using some numbers Qµ bits of
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resolution for the value of µ̂i and Qw bits for each component
of wi.
(ii) We alter the prediction approach for the first M samples
in the packet so that it does not rely on sample values in the
preceding packet.

We describe these modifications in further detail below.
1) Quantization: The range of possible values of µ̂i is, at

least in principle, equal to the range of possible sample values
xi. This range is uniformly partitioned into 2Qµ bins, and the
index of the quantizer bin containing the value of µ̂i is encoded
in the packet using Qµ bits. The quantizer index could be
encoded a little more efficiently using a variable length code
since smaller magnitude values of µ̂i are presumably more
likely than larger magnitudes, but we did not investigate such
a scheme.

Each component of wi is clipped as needed to ensure
that its magnitude does not exceed some cap 2C (we use
C = 2 in our experiments). Each component is then quantized
using a uniform quantizer with 2Qw bins spanning the range
[−2C , 2C ]. We make use of a simple variable length coding
scheme to exploit the fact that the components of wi are
usually non-increasing in magnitude and alternating in sign,
i.e.,

(i) |w1| ≥ |w2| ≥ |w3| ≥ . . .
(ii) sign(wj) = (−1)j+1

We say that a quantized weight vector is ordinary if it
satisfies these conditions.

We use a single bit to indicate whether the quantized
weight vector is ordinary. If it is not ordinary, the weight
components are sent uncoded using an additional M ·Qw bits.
If the weight vector is ordinary, we encode |w1| directly using
Qw − 1 bits, and for j > 1, we encode the value of |wj |
using dlog2 |wj−1|e bits. And the quantized weight vector is
calculated and encoded every data packet. In our experiments
on seismic data, the quantized weight vector was ordinary
more than 90% of the time.

2) Predicting the Initial Samples in a Packet: Since the
procedure for decoding a packet cannot depend on the contents
of another packet, for the first M samples in a packet we must
modify the regular prediction approach since we do not have
enough data to perform the calculations of equations (1) or
(2) directly. Instead, we do the following:
(i) The first de-biased sample value in a packet is predicted to
be zero. That is to say, for the first sample, prediction makes
use of the quantized bias estimate but not the weight vector.
(ii) For subsequent samples in the packet, when the calculation
in equations (1) or (2) would require the use of samples
from the preceding packet, the first de-biased sample value
is repeated enough times to artificially produce M de-biased
sample values to fill the vector ui.
(iii) Updates of the weight vector wi (or Wi) are not per-
formed for the first M samples in a packet, during which
time this modified prediction strategy is in effect.

3) Packet Overhead and Parameter Tradeoffs: Compres-
sion related packet overhead consists of the following:
(i) The quantized value of µ̂i (encoded using Qµ bits)

(ii) The quantized value of wi (encoded using at most M ·
Qw + 1 bits)
(iii) The value of an index indicating which variable length
code was used to encode prediction residuals (using dlog2 be
bits); see Section III-C.

We summarize the tradeoffs involved in selecting compres-
sion parameters:
(i) Higher order prediction (a larger value of M ) allows
for more accurate prediction, but increases the number of
components of wi, thus generally increasing the amount of
overhead used to encode wi at the start of each packet.
(ii) Higher resolution quantization of µ̂i and wi (i.e., larger
values of Qµ and Qw) increases prediction accuracy but
increases packet overhead.
(iii) Larger adaptation step sizes (larger values of α = 2−A,
β = 2−B) allow faster initial adaptation and adaptation to a
dynamically changing source, but provide worse steady-state
performance when the source is not rapidly changing. In our
experiments, we set A = 15 and B = 8.

C. Entropy Coding

Source sample values are collected in a buffer. After each
source sample arrives, we determine whether the encoded bit
cost of the samples in the buffer exceeds the available space
in the packet. If not, then we proceed to the next sample.
Otherwise, we encode the samples in the buffer (excluding
the newest one) using the entropy coding procedure described
in the remainder of this section and reset the buffer to contain
only the newest sample.

Thus, with the arrival of each new sample, we must de-
termine whether the accumulated samples fit within a packet.
Since the coding option used for a packet can change as new
samples arrive, explicitly computing the encoded length of the
samples in the buffer is not always as simple as incrementing
an encoded bit count with the cost of the new sample. The
obvious brute-force approach is to simply apply the entropy
coding procedure to the samples in the buffer.

Fortunately, we can often avoid the brute-force calculation
by bounding the encoded bit cost to quickly identify cases
where the packet can accommodate the accumulated samples.
For example, the entropy coding procedure guarantees that
the average bit cost to encode n samples is no more than n · b
bits. As another example, if we have computed the bit cost to
encode the first n−1 samples, we can bound the cost to encode
n samples based on a bound on the incremental cost to encode
a single sample. We omit further details of our approach to
bounding the encoded bit cost.

Our entropy coding problem then is to efficiently encode
a length-n sequence of integer-valued samples xi given real-
valued predictions x̂i. To do this, we map each sample value to
a non-negative integer and then encode the resulting sequence
of non-negative integers using a Golomb code. This general
strategy is used in the Rice entropy coding algorithm [10],
[11] and the LOCO-I image compressor [12], among myriad
other applications.
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1) Mapping: It is sensible to refine the predicted value x̂i

to take into account the fact that the true sample value xi is an
integer and is constrained by the instrument dynamic range.
Accordingly, we define

[x̂i] = min{max{round(x̂i), xmin}, xmax}

where xmin = −2b−1 and xmax = 2b−1 − 1 are the minimum
and maximum possible sample values. We use this refined
prediction to calculate the integer-valued prediction residual

ẽi = xi − [x̂i].

We map the signed integer quantity ẽi to a nonnegative integer
fi using a slight variation on the mapping used in [10], [11]:

fi =

{
2|ẽi| − δi, if |ẽi| ≤ θ

|ẽi|+ θ, otherwise.

Here we define

θ = min{[x̂i]− xmin, xmax − [x̂i]}

and

δi =

{
1, sign(ẽi) = sign(x̂i − [x̂i])
0, otherwise.

This mapping is invertible and ensures that fi ∈ [0, 2b−1], i.e.,
fi is a nonnegative integer with dynamic range that matches
that of the original source. More significantly, the mapping
assigns smaller magnitude residuals ẽi to smaller values of
fi. Since smaller magnitude prediction residuals should occur
more frequently than larger magnitudes, we would like to
encode fi using a variable length code that assigns shorter
codewords to smaller integers, such as the codes that we
discuss next.

2) Variable Length Coding: For positive integer m, the mth
Golomb code [34] defines a reversible prefix-free mapping of
nonnegative integers to variable length binary codewords.

We restrict our choices to codes for which m = 2k for some
nonnegative integer k. As noted in [34], coding in this case
becomes especially simple. The codeword for the integer j
consists of the unary representation of

⌊
j
2k

⌋
(that is,

⌊
j
2k

⌋
zeros

followed by a one) concatenated with the k least significant
bits of the binary representation of j. Following the convention
of [12], we refer to this special case as a Golomb-power-of-2
(GPO2) code with parameter k.

The samples in a packet are either all sent uncoded, using
b bits for each sample, or they are all encoded using the same
GPO2 code with some fixed parameter k. The coding option
selected is explicitly encoded as part of the packet overhead,
as described in Section III-B3. For a source with b-bit dynamic
range, the cost of using code parameter k ≥ b − 1 is always
at least as large as the cost of sending the samples uncoded
[35]. Thus, in our application, when we use a GPO2 code, it
must have parameter k satisfying

0 ≤ k ≤ b− 2.

This gives us b−1 GPO2 code choices, along with the uncoded
option, so our selected code can be indicated using dlog2 be
bits of overhead.

The coded samples do not usually perfectly fill a packet;
following the last encoded sample in the packet, any remaining
unused bits in the packet (fill bits) are set to zero. Because each
GPO2 codeword begins with a unary-encoded value, these fill
bits will never be mistaken for a coded sample value, and
the decoder can correctly determine the number of samples
encoded in the packet.

We now turn our attention to the problem of selecting
a coding option that efficiently encodes some number n of
non-negative integers f1, f2, . . . , fn. The traditional solution
to this problem is the Rice algorithm’s brute-force approach:
explicitly compute the coding cost of each option and select
the best one [10], [11]. But it was shown in [35] that the
brute-force approach is unnecessarily complex; if we simply
compute the sum

F =
n∑

i=1

fi

then the mean value F/n allows us to narrow the possible op-
timum code choices to at most three candidates. Furthermore,
by simply comparing this mean value to a list of pre-defined
thresholds, we can perform code selection in a way that gives
compression effectiveness that is quite close to that obtained
under an optimum code selection.2

Our code selection procedure uses the following steps
(further details and mathematical background can be found
in [35]):
(i) If the mean value F/n is sufficiently large, the fi are sent
uncoded. Specifically, we first check if F

n > µ†b
4
= 1

222−b−1

(µ†16 ≈ 23637). If this condition is satisfied, then the uncoded
option is selected. Otherwise, proceed to the next step.
(ii) Compute K as follows. If F

n + 49
128 < 1 then K = 0,

otherwise K is the unique nonnegative integer satisfying 2K <
F
n + 49

128 ≤ 2K+1. This can be implemented in C source code
as:

for (K=0; (n<<(K+1))<= F+(N*49>>7); K++)
;

(iii) Assign k = min{K, b− 2}.
(iv) Compute the bit cost of using the GPO2 code with
parameter k to encode f1, f2, . . . , fn. If this cost exceeds the
uncoded cost (which is n · b bits) then we use the uncoded
option, otherwise we select the GPO2 code with parameter k.

Analysis in [35] shows that the GPO2 code parameter
k selected under this strategy is always within one of the
optimum parameter values. Our experiments with seismic data
samples suggest that the increased bit rate due to occasional
suboptimum code selection is negligible.

2The Rice algorithm also differs from our coding problem in that the Rice
coder encodes a fixed number of samples into a variable number of encoded
bits, whereas in our problem we encode a variable number of samples into
fixed-length packets.
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IV. EXPERIMENTS AND EVALUATIONS

We have conducted compression evaluations on a real
sensor network testbed including several sensor nodes. One
such node is pictured in Fig. 1. The core component
of each node is an iMote2 sensor mote, a new gen-
eration hardware platform for wireless sensor networks.

Fig. 1. Sensor node in Oasis [6] project.

The iMote2 CPU
core frequency can
be configured to
operate from 13
MHz to 416 MHz.
In our evaluation,
we configured the
PXA271 processor on
the iMote2 to operate
in a low voltage (0.85
V) and low frequency
(13 MHz) mode to
conserve energy. An
MDA320CA sensor board is connected to the iMote2 through
a serial peripheral interface, and a low-pass filter is added to
the sensor board to reduce noise. To provide real data sets
to the node for compression evaluation, we wired the sensor
connectors to a PCI-DAC6703 (Digital Analog Converter)
board installed in a PC. The PCI-DAC6703 provides 16
channels of 16-bit analog output and 8 digital I/O bits.
We read real data sets from an archive and wrote them to
the PCI-DAC6703 board. In this way the PCI-DAC6703
simulated real sensor data during the experiments. To form a
multi-hop network, we set the radio power to level 2, which
is the lowest setting.

We use the following data sets in our compression experi-
ments:
(i) FEQ: Frequent EarthQuake swarm data on Sep. 26, 2004,
provided by the U. S. Geological Survey (USGS).
(ii) LLA: Low Level Activity from crater on Jul. 20, 2007,
provided by USGS.
(iii) NS: Noisy Storm with rain, wind, flood and mudflows on
Nov. 6, 2006, provided by USGS.
(iv) Calgeo: A seismic data set consisting of dramatically
changing data samples. This data set is part of the Calgary
Corpus3 and is widely used for compression benchmarking.
(v) SS: A data set from environment measurements (such as
light, temperature and sound), retrieved from the SensorScope
system [36]. It is relatively less volatile.

Our experiments with ALFC use compression parameters
R = 14, A = 15, B = 8, (see Section III-A2), and quantizer
resolution parameter Qw = 5, Qµ = 11 (see Section III-B).
The packet payload is set to 56 bytes. We evaluate compression
performance using prediction order M = 1 as a “baseline”
measure, and also varying M from 3 to 5.

We also compare compression performance of ALFC with
the S-LZW compressor presented in [9], which is a recently-
developed compressor developed for sensor networks, dis-

3http://www.data-compression.info/Corpora/CalgaryCorpus

cussed in Section II-B. S-LZW is a dictionary-based com-
pressor that partitions input data into small blocks to achieve a
balance between dictionary size and the “hit” rate, i.e., the rate
at which matches are found in the dictionary. Both ALFC and
S-LZW are low-complexity lossless compression algorithms
that are designed for sensor networks and do not depend on
dependencies between nodes in the network.

A. Compression Ratio and Resource Usage

In [9], Sadler et al. introduce S-LZW-MC-BWT, which in-
corporates a mini-cache and the Burrows-Wheeler Transform
(BWT) to achieve the best compression among the relevant
S-LZW variations.4

Table I lists the compression ratios achieved on the SS and
Calgeo data sets using the S-LZW-MC-BWT compressor with
different mini-cache sizes (results taken from [9]), and for
ALFC with different prediction orders.

Over the range of parameters evaluated, ALFC demonstrates
an advantage in compression effectiveness for both data sets.
Both compressors provide much better compression on the
better-behaved SS data set. The volatile seismic data in the
Calgeo data set reduces the mini-cache’s hit rate in S-LZW-
MC-BWT, and reduces the accuracy of linear prediction in
ALFC. Interestingly, on the Calgeo data set, first-order pre-
diction outperforms the higher-order prediction in ALFC, and
smaller mini-cache size yields better performance in S-LZW-
MC-BWT. Worth to mention that, we realized that Calgeo
stores data in 32-bit word format and the first 16-bit and
second 16-bit has very different behavior, but both S-LZW
and ALFC just takes it as continuous raw byte streams.

TABLE I
AVERAGE PACKET-LEVEL COMPRESSION RATIO ACHIEVED USING
S-LZW-MC-BWT AND OUR LINEAR PREDICTIVE ALGORITHM

S-LZW-MC-BWT Proposed Algorithm
Data Mini-Cache Size Prediction Order M
Set 8 16 32 64 1 3 4 5
Calgeo 1.3 1.25 1.25 1.25 1.54 1.43 1.38 1.35
SS 4.1 4.2 3.9 3.5 6.26 6.0 6.30 6.13

We next compare the code size and memory usage of the
algorithms. The default memory usage of S-LZW-MC is about
2 kB, which is smaller than other compression algorithms
presented in [9]. Our ALFC implementation uses even less
memory: 768 bytes, which makes it truly lightweight and
suitable for resource-constrained sensor nodes. Our AFLC im-
plementation also has smaller code size of 19.4 kB, compared
to 32 kB required for S-LZW-MC. S-LZW-MC-BWT has even
larger code size because it includes also a Burrows-Wheeler
transform.

Computation cost comparisons between S-LZW-MC-BWT
and ALFC are somewhat less direct because the former is

4Reference [9] also introduces the S-LZW-MC-ST variation, but this
compressor assumes that the pattern of the data to be compressed is known in
advance and attempts to reorder the data to improve compression performance.
Since we assume no such advance knowledge, we make no comparisons with
this variation.
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implemented on an 8 MHz TI MSP430 processor (with 10
kB RAM and 48 kB on-chip flash memory) while the latter
is implemented on the iMote2 running at 13 MHz. S-LZW-
MC-BWT compresses data in blocks of 528 bytes, yielding
compression time of 0.625 ms/byte and 0.587 ms/byte for
SS and Calgeo data sets respectively. For ALFC, compression
time is 0.25 ms/byte for the SS data set and 0.4 ms/byte for
the Calgeo data set. Prediction order was observed to have
little impact on the compression speed of ALFC. Compared
with S-LZW-MC-BWT, our ALFC implementation provides
slightly slower but more effective compression. Fig. 2 shows
compression effectiveness and computation cost of our ALFC
implementation for the different data sets. It’s worth keeping in
mind that dictionary-based methods such as S-LZW variations
are much less robust to packet losses than ALFC.
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Fig. 2. Comparision of compression ratio and computation cost

Fig. 2 illustrates the compression ratio of AFLC when the
prediction order M is varied (indicated in the figure as “LP-
M”, or “baseline” for M = 1). ALFC performs significantly
better on the SS data set than on other data sets, with a
average compression ratio of 6.17. For the FEQ data set,
M = 5 achieves the best compression ratio of 2.3. Fifth order
prediction also delivers the best performance for the LLA data
set. For the NS data set, the compression ratio of M = 3 is
1.7, which is 13% better than that of M = 4. M = 1 also
performs better than M = 4, suggesting that higher order
linear prediction is not worth the added overhead on some
data sets. The same situation occurs for the Calgeo data set,
which contains volatile seismic data.

We also evaluate local energy savings under ALFC, i.e.,
the energy saved when nodes use compression and transmit
compressed packets rather than transmitting raw packets. Here,
we take into account the energy for computation, memory
access and radio communication. The iMote2 uses a CC2420
radio transceiver.5 Fig. 3 shows that for all of the test data
sets, sensor nodes consume less local energy when ALFC is
used than the when no compression is used. For the seismic
data sets from volcanos (FEQ, LLA and NS), fifth-order
prediction minimizes local energy consumption. The figure
also indicates that the local energy saving depends on the
dynamics of the source data. For the Calgeo data set, the

5http://focus.ti.com/lit/ds/symlink/cc2420.pdf
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compression algorithm with most overhead bits is most energy
expensive: fifth order prediction consumes approximately 7%
more energy than the three alternatives considered.

B. Network throughput and energy efficiency

In this section, we evaluate the performance of our ALFC
algorithm in a multi-hop environment over various seismic
data sets with varying network traffic. The testbed consists
of 5 sensor nodes which form a multi-hop topology, as is
shown in Fig. 5. The routing protocol is an enhanced version
of MultihopLQI in TinyOS-1.x. The underlying MAC protocol
is the default MAC protocol in TinyOS-1.x, which is a CSMA-
based MAC protocol. A desktop PC is connected to the sink
node to collect upstream data from all sensor nodes. The data
injected into sensor nodes for our tests is from the FEQ data
set, which contains 30,000 packets of continuous seismic data.
The payload of each packet is 56 bytes. The injected data
rate into each node ranges from 5.4 kbps to 20.8 kbps. The
duration of experiments ranges from 10 minutes to 40 minutes,
and results are averaged over 5 repeated experiments.

14 12615

13

10

12

Sink Node

Base Station 
(PC)

Fig. 5. Topology of the multi-hop sensor network testbed

We first evaluate the energy saving in a network en-
vironment. Improved compression yields reduced transmis-
sions, thus resulting in lower energy consumption from radio
transceivers. In addition, for a given amount of raw data,
increased compression reduces network load, which leads to
fewer collisions and thus fewer retransmissions. We observed
from Fig. 2 that fifth order prediction provides the most
effective compression among alternatives evaluated, and thus
minimizes energy consumption over the network. Fig. 4(a)
shows that the margin becomes even larger with increasing
data rate. The energy consumption without compression is
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Fig. 4. The performance evaluation based on the FEQ data set in a multi-hop network with varying data rate.

as high as 2.5, which is almost twice more than that of
AFLC with fifth order prediction, when the data rate is 20.8
kbps. In other words, compression significantly reduces energy
consumption by reducing the total amount of transmissions.

We further evaluate the network efficiency by measuring the
packet delivery ratio and energy efficiency. Packet delivery
ratio refers to ratio of the successfully decompressed raw
signals at the gateway against the initially collected raw signals
at sensor nodes. When the network is not saturated (e.g., the
data rate from 5.4 kbps to 10.8 kbps), the delivery ratio of
compressed data flow is slightly lower than the case without
compression. This is because compressed packets contains
more raw data samples than uncompressed packets, and the
loss of each compressed packet results in more loss of original
samples. However, as the data rate increases, the network
becomes saturated and congested, more packets are dropped
due to buffer overflow or transmission collision. When the
data rate increases from 10.8 kbps to 14.1 kbps, the delivery
ratio of the uncompressed data flow quickly drops from 0.92
to 0.69, while that of the compressed data flow only drops
slightly from 0.9 to 0.8. It can be seen in Fig. 4(b) that fifth
order prediction provides the best delivery ratio of 0.74 at the
data rate of 20.8 kbps, while that of the uncompressed data
flow is only 0.5. The problem of buffer overflow failure and
channel failure due collision is mitigated by compression. That
is to say, compression algorithm is very important to support
high data-rate sensor networks.

Finally, we evaluate energy efficiency, which refers to the
number of delivered bits per energy unit. It can be calculated
based on the delivery ratio versus the network energy con-
sumption. Using fifth order prediction, the energy efficiency
index drops slowly from 2.4 to 1.0 as we increase the data
rate from 5.4 kbps to 20.8 kbps. Experiencing packet loss
and network congestion, the index of the data flow with no
compression applied suffers from a sudden drop at the data
rate of 10.8 kbps, and keeps decreasing to 0.2 at the data
rate of 20.8 kbps. Fig. 4(c) indicates that, on average, energy
efficiency is improved by more than a factor of two by our
ALFC algorithm compared to the uncompressed case.

V. CONCLUSION AND FUTURE WORK

We have presented a lightweight lossless compression al-
gorithm based on adaptive linear prediction of sample values
and entropy coding of prediction residuals. The relatively low
overhead of linear prediction makes it suitable for real-time
high-fidelity compression. Decoding the data source does not
rely on previously received packets, hence compression is
highly robust to packet losses. We also have evaluated our
approach on a real sensor network testbed by injecting real
seismic data sets.

We note two areas for potential improvement. The first
improvement would be to devise a more effective strategy
for encoding overhead information than the one currently
employed. Along these lines, we could envision strategies
for joint quantization and encoding of overhead information.
For example, we might want to alter the quantization of
wi depending on the magnitude of the bias estimate or the
value of the GPO2 parameter k. Second, the algorithm would
clearly be more practical if it were able to adaptively choose
quantizer resolution based on observation of the data, rather
than requiring user intervention to make this selection.
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