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1 Project Summary

Distributed processing applications in wireless sensor networks need to consider resource constraints.
With high energy cost for wireless communications, application algorithms should be designed to re-
duce communication cost. Sensor readings are highly correlated spatially and temporally; furthermore,
this correlation is extended to multi-modality sensor readings. Effective exploitation of these correlations
can reduce data communication cost significantly. In most sensor applications, events are not happening
in a consecutive manner; therefore, it is a waste of energy to keep nodes active for periods when no
events are happening. In this project, we investigated energy efficiency and power awarenessin wireless
sensor networks. We have devised signal processing algorithms and networking protocols to support
energy efficient operations in wireless sensor networks and have verified the effectiveness and energy
efficiency of these algorithms and protocols using field data sets and experiments. The areas we focused
on include: (i) Compression of sensor readings, (ii) Correlation of sensor readings, (iii) Detection of
eventsin asensor field. Following isthe list of our major accomplishments:

e Integer packing and run-length based coding of sensor readings without taking into account spa-
tial correlation was done for applications where lossless compression with simple processing is
desired.

e A compression scheme was proposed to exploit the spatial correlation which select coding param-
eters based on ajoint energy, rate, and distortion cost function.

e A compression schemewas proposed to exploit spatio-temporal correlation. It usesaset-partitioning
technique to organize large coefficients so that the spatial correlation can be effectively exploited
at the level of significant coefficients.

e A power aware joint coding scheme was proposed for compression of correlated sensor readings
and it also takes into account transmission power consumption and signal reconstruction fidelity.

e A schemeto quantify spatial correlation of sensor readings was proposed. This scheme useslinear
predication to establish initial correlation and tracking based on Kaman filter to fine-tune the
correlation.

o A wavelet based detection of events for a sensor field was proposed. It uses energy distribution as
the criterion to detect false alarms.

e Tripwire cueing in sensor networks, which uses detection results to cue signal processing nodes to
wake up only when necessary for advanced processing.



2 Introduction

Sensor networks became widely available as a variety of inexpensive COTS sensors capable of signif-
icant computations and wireless communication became available [45,9,7,13]. Sensor networks are
becoming important in a number of areas, including target detection, biomedical engineering, environ-
mental awareness and security surveillance. They are generally employed in a field for collection of
signa datato collaboratively make decisions. Lightweight wireless enabled sensors are becoming more
attractive due to their low cost, ease of deployment and high efficiency. These types of sensors have
limited CPU and memory resources.

Sensors in this context are mostly powered by batteries; therefore, it is aso important to efficiently
use this limited energy supply by a node and by a network as a whole. As sensors have been built
with more intelligence and move toward miniature size, the power issue is becoming the key obstacle to
exploit the full potential of wireless sensor networks. Energy conservation by sensor nodes is therefore
critical for many applications of sensor networks.

One typical application of wireless sensor networks is the Automatic target Tracking and Recognition
(ATR), which uses a number of sensor arraysto classify or track targetsin a sensor field using acoustic,
seismic or infrared sensors. There are a few steps including (1) issuing an alarm of a potential target,
(2) confirming the alarm, (3) classifying the target and/or tracking the target. At all these stages, care-
fully designed protocols and algorithms can help applications to conserve energy so that a network can
work in afield with a longer lifetime. Figure 2.1(a) shows three sensor arrays tracking one target and
Figure 2.1(b) shows the processing inside an array.

(a) Target Tracking (b) Processing inside an Array
Figure 2.1: Automatic Target Recognition using Sensor Networks

Since not al components of a sensor node are used by an application at all times, one way to save
energy is to turn off those components which are not needed, and switch them back on when a task
execution needs them. When costs of switching components are taken into account, there can still be
significant energy savings when a component is idle for a sufficiently long period. This idea has been



well exploited in hardware design of sensor nodes and has been proven to be quite successful, eg. a
deep-sleep mode introduced in LUTONIUM [43], and a node design in PASTA architecture [11]. The

same idea can be extended to a sensor network. In a sensor network, a portion of the network can be

switched off when eventsare far off and switched on when an event isimminent or is actually happening.

To enable thisideain a sensor network for energy conservation, there are afew problems that need to be

addressed. Namely, a network has to have a mechanism of identifying events and discriminating them,
and most importantly, this mechanism does not incur high energy cost in itself.

Since radio communication is deemed to consume comparatively high power [52,61], it is equally
important to reduce communication energy dissipation. Unlike in cellular wireless communications,
sensor nodes are normally deployed on the ground with an antenna close to the ground, and they are
equipped with low power radios. Due to these facts, ground scatter and reflection can seriously affect the
radio signal. Therefore, per bit communication cost in wireless sensor networksis high.

Sensor readings collected by nodesin a sensor network are correlated. There are three types of cor-
relations. First, since nodes are deployed in close proximity, sensor readings are spatialy correlated.
Second, since sensor readings are sampled in a short sampling interval, these readings are temporally
correlated. Third, different sensing modalities of a sensor node also see these spatial and temporal cor-
relations, and readings from different sensor modalities are correlated. In sensor network applications,
there arein general two types of communication required: local communication and global communica-
tion. In-network processing is deemed to save communication; however local communicationisrequired
by many al gorithmsfor achieving robustness and expl oiting diversity for result accuracy. Therefore, data
compression is useful to reduce communications cost among local sensors.

In many sensor network applications, sensor nodes collect acoustic, seismic or infrared data, and
sensors collaboratively process signal data to detect/classify/track targets. In one scenario, a network
consists of a number of sensor arrays, with each array having several homogeneous sensors, and each
array is equipped with aradio card for wireless communications. Sensorsin an array are geometrically
close to each other, in the range of 100 meters, whileinter-array distances could be much farther. (Fig. 2.2
shows a field test network with 4 sensor arrays and each has 3 sensors.) One sensor in each array is
elected as the head, which aggregates the data from the members; e.g. nodes with line-of-bearing (LOB)
shown in Fig. 2.2 and the head sensor node also observes the same event. The head may also perform
tasks like information fusion.

There are a number of advantages in having signal processing performed inside a sensor array or
a local region, and these advantages include low communication cost and low latency. Further infor-
mation fusion at the inter-array level may be needed. Only local processing results, which can be
represented by fewer bits, would need to be transmitted among sensor arrays. Figure 2.3 shows a target tracking
application where one sensor array tracks one period of the target course. In it, there are three arrays
(labelled as SA-1, SA-2 and SA-3). SA-1 tracks the target in the first segment (marked in dark gray),
and SA-2 tracks the target in the second segment (marked in black) while SA-1's results are used as the
initial position, and SA-3 starts to track the target once it moves into the third segment (marked in light
gray). Further tracking is done by successive arrays based on the earlier tracking results. This example
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Figure 2.3: Target Tracking using Sensor Arrays

shows one common application characteristic of sensor networks, which uses in-network processing to
save resources, e.g. energy savings due to less communication and memory activities.

There are many research activities to minimize the energy cost for the above scenario from both
network and hardware standpoints [72,68,11,7]. These approaches may not provide sufficient energy
savings for the scenarios of interest especially when the number of events is small and events happen
infrequently. A sensor node must be kept awake all the time in order not to miss any event. Even
though they can be put in low duty cycle mode when no event happens for a long period time, the
energy dissipated may still be substantial due to various hardware constraints [10] and state switch cost.
Furthermore, there will be delay in event processing since the state switch delay also needs to be taken
into account. In addition, radio or sensing components must be awake at al times. For example, a
PXA255 CPU consumes about 10 mW in sleep mode in order to keep its oscillators running and needs
10 msto switch from sleep mode to active mode and the long-haul data radio consumes more than 100
mwW whenidle.

A two-tier sensor network could help conserve energy in wireless sensor networks. In this architec-
ture, there are two types of sensors deployed, namely, trackers and tripwires. A tripwire consumes much
less power compared to a tracker at a low duty cycle. For example, picoRadio can operate at less than 1
W [45] as compared to the 10m W ORINOCO radio. Tripwires are deployed along with trackers, and form



a network to monitor a sensor field so that trackers can be kept in sleep mode to conserve energy when
no events are happening nearby. Tripwires wake up periodically to check the field status and wake up
trackersfor various signal processing tasks only when necessary. Since thereis at least an order of mag-
nitude difference in power consumption between a tripwire and a tracker, by using tripwires, a significant
amount of energy can be saved. Figure 2.4 shows a field example with two targets whose trgjectories are
marked by white curves, where the star shaped objects are tripwiresand “L” shaped objects are trackers.
Different colors are used to indicate different power states of tripwires and trackers.

Figure 2.4: Two targetsin a Two-Tier Wireless Sensor Network

Our contributions on compression of spatio-temporally correlated sensor datainclude anew scheme,
called Embedded Set-Partitioning Iteratively Hierarchical Tree (ESPIHT), with practical bitplane cod-
ing for high compression ratio. To the best of our knowledge, this is the first scheme which deals
with Slepian-Wolf and Wyner-Ziv problems on wavelet transformed data. The benefits include signifi-
cantly better compression ratio with little processing overhead compared to other types of compression
schemes. This scheme can further be made power aware by adapting the coding to channel conditions
so that an optimal power level can be selected. This scheme combined with power control can reduce
communication cost by more than 60% compared to a non-coded case.

For correlation analysis, we have devel oped a scheme which does not reguire sensor data calibration
andisableto predict the correlation of spatial correlationsin sensor data. It applies Discrete Kalman Filter
(DKF) to further track correlation. The proposed DKF approach is an extension to the steepest descent
method since it degradesto the gradient method when the state transition matrix in the state-space model
is set to the identity matrix. This technique can be useful for many sensor network applications. We
have examined applications such as the distributed source coding problem, sensor data storage systems and
sensor data abstract.

For detection, we are focused on how to devise algorithms with sensors collaborating to reduce
processing overhead and latency. In particular, we have devel oped a wavel et based distributed detection
scheme. This scheme uses energy distribution in subbands to identify false alarms. It has an efficient
search scheme and the transformation cost is split among a group of microsensors. A similar scheme
based on FFT segmentation was also developed and tested. It fits well to more powerful sensor nodes



which can perform FFT transforms of small length. In both schemes, a fusion scheme was devel oped
to generate detection predicates for node wake-up purposes. Combined with a two-tier heterogeneous
sensor network, this scheme can bring more than 45% energy savings compared to the duty-cycling
approach.



3 Background and Related Work

Radio communication dissipates significantly more energy compared to computation in sensor nodes.
As sensor networks are severely constrained by energy, it is important to reduce communication energy.
Compressing datato reduce the number of bitsto be sent to meet application demandsis agood approach
to reduce communication energy dissipation in sensor networks.

In general, sensor readings from near-by sensors are correlated in space. Rather than straight data
compression, spatial correlation can be exploited to achieve improved data compression. The distributed
source coding problem of correlated sources has been studied extensively [53,44,25,22]. In [25], atwo-
stageiterative approachis devised followed by anindex-reusewhichisaimed to exploit spatial correlation.
In [44], a data compression scheme, called DISCUS that exploits spatial correlation is presented. The
ideais to use cosets to partition the code space so that a coset index in the form of syndromeis sent and
the recipient will infer the correct codewords through the syndrome and side information. A trellis based
code is used to partition code space in DISCUS. DISCUS has been shown effective when the sensors
are densely deployed and is suitable for data collection type of applications, since encoding complexity
is very simple while decoding is done in a node of sufficient power supply. However, this technique
only exploits spatia correlation. In [22], an interesting problem of correlated coding and transmission
has been studied and the rate allocation at sensing nodes is another degree of freedom in optimization
of data gathering problems. There are two theorems which give lower bounds of rate for the lossless
and lossy compressions. The Slepian-Wolf [53] correlated coding theorem addresses the case of lossless
compression whilethe Wyner-Ziv rate-distortion theorem [66] addresses|ossy compression of correlated
SOurces.

The Slepian-Wolf problem refersto the lossless distributed correl ated source coding problem and the sum
of the achievable rates is lower bounded by the joint entropy, where encoding is done independently of
each other and decoding is done jointly. For atwo-source case X, Y, the achievable rate regions which
can independently describe X and Y are determined by R x + Ry > H(X;Y), Rx > H(X|Y) and
Ry > H(Y|X), where Rx istherateto describe X and Ry istherateto describeY'. Inthisregion, two
corner points are corresponding to the cases where one sourceis described by itsentropy H(X) (H(Y'))
and the other sourceis described by the conditional entropy H (Y| X) (H (X |Y)). Practical codescloseto
these corner points have been designed asshownin Tab. 3.1. Therearetwo general design methodologies:
syndrome partitioning and random binning. Syndrome partitioning is a deterministic binning
approach. Different codes are employed by these designs including Trellis codes, Turbo codes and low
density parity-check codes. In [51], a general design method is proposed to approach any point on the
lower boundaries of the achievableregion. It uses LDPC codes and partitions the parity-check matrix
for different points on the region boundary.

The Wyner-Ziv coding problem refersto the lossy version of the Slepian-Wolf problem in which the
achievable rate of source to be coded is specified by the Wyner-Ziv rate-distortion function. Only for
the correlated Gaussian sources of the Wyner-Ziv problem, the achievable rate is shown to be the same
regardless whether the encoder has the knowledge of the side information [66]. For the case of doubly



Table 3.1: Slepian-Wolf Code Designs
Design | CodesUsed | Binning Method
[44] TrellisCode | Syndrome Partitioning
[12] Turbo Code | Random Binning
[21] Turbo Code | Syndrome Partitioning
[27] Turbo Code | Random Binning
[39] LDPC Code | Syndrome Partitioning
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Figure 3.1: Rate Region of Doubly Symmetric Binary Source for Wyner-Ziv Coding Problem

symmetric binary sources (i.e. the source and side information can be considered to form a binary
symmetric channel), without communication with the source as the side information during encoding,
arate between Ry |y (d) and h(p(1 — d) + (1 — p)d) — h(d) is achievable, where h(.) is the entropy
function; p is the crossover probability, and R x|y (d) isthe minimum rate of X when it is encoded with
knowledge of Y. More specificaly, the achievable rate is determined by alower convex envelope of the
following set:

{(d, n(p(1 = d) + (1 = p)d) — h(d))|0 < d < p} U{(p,0)}.

Figure 3.1 shows afew such curves. From Fig. 3.1, the tangent points, as shown in the legend, could be
arbitrarily close to both extreme points, i.e. (0,0) and (0.5, 0). Thistells us that the achievable rate at
distortion d is almost always h(p(1 — d) + (1 — p)d) — h(d) when p iscloseto 0.5, and that is almost

always along the straight line as %

) when p iscloseto 0. Known approaches, e.g. [38,44], to
the Wyner-Ziv problem use the above methodol ogies with bin dilution for a smaller rate with a possible
error probability bounded away from O, even when the codeword length asymptotically approaches
infinity.

These schemes can be used for exploitation of spatial correlation in sensor readings. However, care
should be taken when applying these schemes since the correlation structure presented in raw sensor
readings may not meet the assumptions of these schemes. This resultsin many schemes applicable only

to dense sensor networks where spatial correlation is high to compensate the overhead of these schemes



[44]. The challenge is how to organize data so that distributed source coding schemes can effectively
exploit spatial correlation. Besides this, a practical scheme should also consider that a proper coding rate
is aways used to control the signal fidelity to meet application SNR requirements. Thisisimportant in
sensor network applications dueto field dynamics. Therefore, the challengeis to devise a scheme which
is flexible enough to provide different levels of compression and fidelity for calibrating data so that the
codec in question always uses the right rate.

In wireless sensor network applications, sensor readings are not only correlated in space, but also
correlated in time. Wavelet transforms tend to compact signal energy into few subbands and afew large
wavelet coefficients can represent the signa to a certain level of fidelity. By devising a clever way
to organize these large coefficients and coding them appropriately, it seems reasonable to expect good
compression performancein terms of exploitation of temporal correlation.

Additional gains can be achieved by exploiting both spatial and temporal correlation which lead usto
the development of a novel spatial and temporal compression scheme for sensor networks. An interest-
ing observation by our experimental study reveals that spatio-temporal, spatial-only and temporal-only
schemes can apply to different types of sensor network applications and our proposed spatio-temporal
compression fitswell in all correlation scenarios via some simple codec parameter adjustments.

Correlation analysis is useful in many applications, for example, compression applications [57,20],
beamforming for target tracking [19], and storage systems in sensor networks [26] [28], and routing
problemswith compression [55]. Since spatial correlation in these applications will be high and evolves
slowly, alinear prediction [42] approach to predict future correlation is normally effective, and it can
also be made efficient. In [20], an agorithm based on linear prediction and gradient method has been
applied for the compression of sensor dataand a zero-polemodel of linear predictionisused. Animplicit
assumption in [20] is that sensor readings are already calibrated so that the single-zero prediction model
could work to exploit the spatia correlation (the temporal correlation is done via an all-pole model in
[20]).

Let H be the vector space of random variables (one random variable is a vector), and define the
following inner product and the norm (H is therefore a Hilbert space):

<X, Y >=¢&[X)Y], |X|=vV<X,X>.

In other words, the inner product of X and Y is their covariance and the norm of X is the standard
deviation of X .

For agivenindex i, the prediction error to z ; (unknown random variable) based on m + 1+ 1 samples
from random variable Y can be represented as /| < z;, Y’ > | where Y’ denotes the random variable
derived from the m + [ 4+ 1 sampleswherem + 1 is the order (lag) of the forward predictionand I + 1
isthe order (lag) of the backward prediction. Under the linear prediction model, we have

m l

Y= oy + Y Biviess
=0 =1
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and < z;, Y >= l
Zaj < Ti, Yitj >+Zﬁj < Ty, Yioj > . (3.1)
3=0 j=1
In order to minimizethe prediction error, we need an orthogonal basi s of the subspace spanned by vectors
Yi—l, Y, Yitm. BY theorthogonality principle, which states that the error vector is uncorrel ated
toitsinput vector [33], if replacing the vectorsin eq.( 3.1) by the orthogonal basis, the unique decompo-
sition of x; corresponding to the basis has a set of coefficients which are exactly the coefficients which
minimize the error of the linear predictor. Fortunately, under the stationary assumption, the order recur-
sive Levinson-Durbin algorithm [24] up to order m + [ + 1 can efficiently find these coefficientsin time
in O((I +m)?) and spacein O(I + m).

Thelinear prediction model is effective for certain applications and it is based on the observation that
prediction coefficients change in a slower manner than the time series samples. These coefficients can
be estimated periodically. However, the computation is heavy for low power sensor nodes. Therefore,
linear predictionis used in our initial estimate.

The Levinson-Durbin algorithm described above can be used to solve a Linear Prediction (LP) system
asfollows: where P is the coefficient matrix and it is defined as follows:

Pz4+b=0 (3.2

L
P = <Z ?J11+k’y1i+j> ;
i=1

kxj

for -1 <k,j <mand

L L L T
b= <Z$zyzl, D Ty 7Z$iyi+m> ~
i=1 =1 i=1

Notethat Fy sequencestartsfromy_;, where!l isthelag on S-forward prediction. Matrix P issymmetric
and almost always invertible. The solution to eq.( 3.2) isT = P~ 'b.

It takes time on the order of O((m + 1)) to directly compute the inverse of P of eq. (3.2). P is
an estimate of a standard covariance matrix and it is a symmetric and positive definite Toeplitz matrix in
practice. When L (i.e. the sample length used in the prediction model) is large enough, this estimate
approaches the covariance matrix of Y and we can simply use the Levinson-Durbin algorithm to solve
eq.( 3.2) for the LP coefficients. Note that in this case, the constant vector of them + [ 4+ 1 simultaneous
linear equations s different from that in the regular case which requiresit isidentical to the first column
of P shifted by one element and with oppositesigns. The Levinson-Durbinalgorithm used inthe research
is a modified algorithm based directly on the orthogonality principle above. There is aso a“superfast”
algorithm[15] for the modified system of equations of eq.( 3.2) taking time on the order of O(n log 2(n)).

The overhead can be manageable in a microsensor node especially when the algorithm is only executed
periodically.
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Many techniques have been explored for energy savings for signal processing in sensor networks.
Previous endeavors focused on how to schedule trackers to go to sleep or to wake up trackers based on
detection outcomes. On the one hand, all nodes wake up according to a predefined schedule so that only
involved nodes are kept active for the exact duration of atask execution. Recently anew MAC - SMAC
[70] has been proposed, and it enables nodes to sleep not only for a scheduled period, but aso for other
periodsfor which it can infer by observing neighbor’s behavior. This scheduling approach only fits well
for certain applications and can save significant energy when a good network structure is known and
a schedule which matches task execution behaviors can be set. However, it can incur heavy initation
and coordination cost when these conditions are not met. On the other hand, tripwire (i.e. lightweight
sensor node) is used to monitor the field and trackers (i.e. signal processing sensor node) are blindly woken
up whenever there are some high energy activitiesin afield. Some of them could be caused by noises.
Onetopicinvestigated in thisresearch is devising aframework for effectively utilizing these
tripwires.

An aternative approach to a two-tier network is to directly use sensor nodes to monitor the field and
wake up other components whenever necessary, e.g. theradio module for wireless data communication.
Thiswould avoid the problem in a two-tier network (i.e. tripwire network tier
and tracker network tier) of increased latency of notification. The energy-latency trade-off has been
studied in [37] for the data gathering application. It is also an interesting problem in the context of
two-tier sensor networks and it deserves to be examined.

A tracker waking-up scheme has been presented in [54] where the focus is on how to select a set
of optimizing trackers from the application point of view. Although the work there is orthogonal to the tracker
cueing scheme we proposed, an aternative cueing scheme (denoted by INIT) can be constructed for that
agorithm by the following steps: (1) any tripwire initially constructs a local database of trackers; (2)
online optimization algorithm proposed in [54] selects a set of trackers to execute an application. This
INIT scheme however, does not solve the so-called exposed alarm problem and fal se alarm problem. The
exposed aarm problem refers to the wake-up of inappropriate nodes which could be caused by tripwire
energy threshold detection. The algorithm proposed in [54] can be executed by a set of woken trackers
to select an optimal set of trackersfor the task in question.

Efficient and effective detection algorithms are critical for energy savings in sensor networks. Only
when events are detected, should a processing on it start. Receiver Operating Characteristics (ROC)
based approach for narrowband signal detection has been well studied in sonar, acoustic and imagery
applications [56]. There are limited works of detection on far-field wideband signal detection. In[41],
an adaptive threshold detection a gorithm has been proposed and it uses field noise to adjust the energy
threshold so that a Constant False Alarm Rate (CFAR) can be achieved. For a narrowband far-field signal, the
amplitude envel ope with Gaussian noise can be modelled by the Rician distribution as shownin eq. 3.3.

2 2
1) = Zzep (5 ) o (55). @9
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where,
1 ™

Io(y) = Py

expl(y cos(t))dt,

and o isthe real noise variance or imaginary noise variance and S is the narrowband signal amplitude.
The noise amplitude follows the Rayleigh distribution as shown in eg. 3.4, which isfor arandom variable
as asquare root of sum squares of two Gaussian random variables.

z

1) = Sem (—@) | (3.)

The false alarm rate at an amplitude threshold 7" is given by eqg. 3.5.

Pio = /T f(z)dz. (3.5)

Likewise, the false positive rate with threshold T can be obtained by eg. 3.6.

0
pr:/T flr)dr. (3.6)

However, when event signals are wideband in many acoustic target tracking applications, above closed-
form formulae for false positive and false alarm rates seem hard to obtain. Therefore, an aternative ap-
proach is needed to identify false darms in this situation. In [62], a Distributed False Alarm Detection
algorithm called DFAD in wavelet domain is proposed. It uses a group of tripwires to perform afalse
aarm detection once an alarm is received or generated by itself. The decision fusion is used in the end

to generate a predicate to determine whether or not to wake up trackers.
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4 Methods, Assumptions and Procedures

We have worked on developing coding algorithms, correlation analysis algorithms and detection algo-
rithms for signal processing in wireless sensor networks. We proposed severa agorithms to exploit
spatial and spatio-temporal correlations, and for energy savings. We also devel oped efficient detection
agorithms to facilitate node control so that nodes are active only for periodsin which they are needed.

4.1 Compression in Wireless Sensor Networks

In a specific ATR scenario with acoustic data from ground vehicles, sensor nodes collect data at the
rate of 1024 samples per frame. In this application, sensor hodes need to send their collected datato a
central node. Here, there is high spatial correlation as all sensors collect data from the same target(s).
Therefore, an efficient coding scheme that can exploit the spatial correlation will reduce the number of
bits transmitted, and hence energy. From the ATR field data, we apply our proposed coding scheme and
achieve afactor of 8 reduction in bits transmitted without losing quality in target detection.

In this work, our focusis on energy efficient coding schemes for wireless sensor networks. We first
applied integer packing and run-length coding which is able to reduce the rate to 3 or 4 bits per sam-
ple where as the sensor ADC precision is 16 bits. However, our analysis has shown that this type of
compression scheme gives poor performance when energy consumption for encoding and decoding pro-
cessing overheads are also considered. We then describe a new coding scheme called EEADSC which
minimizes the Lagrangrian cost function R + A p D + A\g E where R isthe bit rate, D is the distortion, E
isthe energy and Ap, \g are the Lagrangrian coefficients. The proposed scheme fully exploits spatial
correlation in wireless sensor networks and is adaptive according to the Received Signal Strength Indication
(RSSI). We evaluated the proposed scheme using a data set from an ATR application which achieved
up to a factor of 8 data compression. EEADSC uses TCQ quantization and trellis encoding to repre-
sent a 16 bit data value by as few as 2 bits. With the scheme, we reduce the overal energy cost for
communication for this application by a factor of 2.53, including the overhead cost for processing in
encoding/decoding. Table 4.1 shows the compression energy gain and processing overhead for different
schemes. The proposed scheme gives the best performance when the above cost function is considered.

Table 4.1: Energy Profile of Coding Schemes

Unco.(Tx) Unco.(Rx) ||| EEADSC(TxX) EEADSC(RXx) ||| Pack(Tx) Pack(Rx)
Comp. || 0.0 0.0 ||| 331.5mJ 177.29mJ ||| 230.5mJ 245.0mJ
Comm. || 969.2mJ 840.8mJ ||| 107.99mJ 93.86mJ ||| 219.34mJ 189.56 mJ

| Tota [ 1810mJ | 710.65mJ [[| 884.40mJ |
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4.1.1 Power-aware coding for Spatio-temporally Correlated Sensor Data

By noticing the fact that sensor readings are correlated not only spatially but also temporally, we have
proposed a new data compression scheme, called ESPIHT [57], that exploits this spatio-temporal corre-
lation present in sensor networks to reduce the amount of data bits transmitted in a collaborative signal
processing application. The proposed ESPIHT seamlessly embeds a Distributed Source Coding (DSC)
scheme with a SPIHT based iterative set partitioning scheme to exploit both spatial and temporal corre-
lation.

ESPIHT is based on the well-known set-partitioning principle of wavelet coefficients. A new feature
of ESPIHT is that distributed source coding is performed while coding significant coefficients during a
refinement phase. We have implemented a new scheme similar to that of a Set-Partitioning Iteratively Hierarchical
Tree (SPIHT) [50], which is aimed to exploit temporal correlation in sensor readings. We highlight our
modifications to the general SPIHT as follows. The general SPIHT is used for image coding based on

a 2-D wavelet transform. We have developed a 1-D version of SPIHT which is suitable for compression of
sensor readings (we use SPIHT to refer to our implementation for sensor applications hereafter).

Under the set partitioning rule of SPIHT, wavelet coefficients are partitioned in each iteration into three
types. They are denoted as | SO, LIP and L SP, and defined as follows: LIP type of coefficients are
not significant in an iteration; furthermore, none of their descendants are significant;

SO type of coefficients are isolated from further processing (i.e. they are

parents of some LIP nodes) and are insignificant at an iteration, but they could become significant in
further iterations; L SP type of coefficients are significant in an iteration. At

a refinement phase, a bitplane deduced from an LSP queue is output. Changes made to regular SPIHT
are as follows: (1) use of astack structure instead of queue structure to reduce memory requirement, (2)
directly outputting of residualsto reduce the number of bit operationsin the refinement phase, (3) use of a
dynamic programming approach with deepest-first tree traversal to identify significant coefficients, (4)
use of two mark bits to facilitate the search in (3) with one bit for coefficient significance and the other
for subtree significance which is rooted at the visiting node (a binary subtreeis significant if thereis one
or more significant coefficientsin it).

After computing the wavelet transform, wavelet coefficients are arranged into wavelet coefficient
trees (i.e. a speudo-binary tree with a node corresponding to a coefficient according to its subband
position and offset in a subband) with rootsin the coarsest subbands foll owing a specific zigzag scanning
order of these roots. SPIHT iterates on hit positions of these coefficients. Assume there are ¢ + 1
iterations, and it will stop at the g-th bit position, then the largest coefficient has g + ¢ bits. The iteration
starts at the (g + ¢)-th bit position. During the i-th iteration, SPIHT traverses further down the tree to
search for any significant coefficient which is greater than or equal to 2 as the quantization threshold.
For each coefficient in the LIP stack (L1P stack is astack data structure to hold L1P type of coefficients), the
codec records path bits and mark bits if asignificant coefficient is found (the decoder needs thisinformation
to identify the position in the wavel et tree) and pushs any 1SO coefficient into an SO stack. Figure 4.1
shows one example of awavelet decomposition tree. The dark nodesin Fig. 4.1 are significant coefficients
after the current iteration; gray ones are left to successive iterations, and the circle nodes arein LIS after
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the current iteration. Note that thereis also an 1SO node in Fig. 4.1 as shown.

IS0 Insignificant
Subftree

Figure 4.1: Search of Significant Coefficients

Instead of immediately outputting identified significant coefficients, SPIHT pushestheminto an LSP
stack (the LSP stack holds any newly identified significant coefficients, and the 1SO stack is
defined likewise). Coefficients in the SO stack are all checked at the end of the current iteration. Any signif-
icant coefficient will also be pushed into the LSP stack. After all significant coefficients are found, these
coefficients in the LSP stack are popped up with the most significant bit and sign bit removed. The rest of the
bits are then encoded into a bitstream using a non-binary distributed source coding algorithm. There
is also a stack caled LIS which is defined as the placeholder for subtrees which need to be checked
for significance for the next iteration. SPIHT outputs three types of bits: path and mark bits, L SP bits
from the LIP stack and L SP bits from the ISO stack. These types of bits are named as path bits, fidelity bits
and refinement bits. Path bits cannot tolerate any error. Fidelity and refinement bits may introduce
distortion at different levels.

Fidelity bits and refinement bits are further compressed by a distributed source coding codec which
exploitsthe spatial correlation between these significant coefficients of the sender and the corresponding
coefficients (which of course may not be significant at the same iteration) of the receiver. Our codec is
based on the syndrome partitioning method as in DISCUS [44] and [71], where syndromes are used to
partition the space of fidelity and refinement bits into cosets, and coset indices in the form of syndromes
are transmitted. Selection of DISCUS hereis due to its simple decoding algorithm. Alternative schemes
using Turbo codes[27] or LDPC codes [67] can be exploited, as well.

Decoding of ESPIHT consists of three steps: (1) decoding of fidelity and refinement bits using
syndrometo select trellis at each step so that the codeword could generate an all-zero syndrome under it,

(2) recovering of wavelet coefficients, and (3) reconstructing the time domain samples. Steps (2) and (3)
follow the reverse steps of encoding explained above. In (1), to generate side information for decoding,
coefficients in the reference frame at the decoder are identified based on the path bits encoded in the
bitstream. A trellis based decoding scheme using the coset indices and these reference coefficients are
actually used to recover these bits. The decoder needs to transform its frame using the same wavelet basis
and the same number of levels as used during encoding of the source frame. Since the position

information of the significant coefficients at the encoder is embedded in the path and mark bits segment,
these corresponding coefficients search in the reference frame and can be found in a straightforward manner.

Ashaving been pointed out earlier, in wireless sensor networks, radio communication cost is high and
the channel is significantly inferior to other types of networks, e.g. the Internet. Compressed data is more
sensitive to bit errors. However, too much protection on al the compressed bits may lose the benefits
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of source coding due to the high ratio of redundancy in channel coding. If the source coder can provide
information on the importance of compressed bits, different levels of protection can be provided so that
critical information bits is well protected while the application can tolerate some errors on less critical
information bits. There are three ways to support this type of protection: (1) channel coding, (2) high
radio transmission power and (3) an ARQ protocol. In order to provide different levels of protection on
the compressed bits, we take into account all three factors and derive a formulation to minimize system
energy consumption. The resulting coding schemeis optimal in terms of energy conservation.

For practical systems, it has been shown that joint source and channel coding may reduce distortion,
improve efficiency as well as reduce delay [29,40]. In this work, our targeted system is a wireless mi-
crosensor network with applications running on it. We use joint source-channel coding and power control
on the radio communications to reduce the system energy consumption while maintaining a required
SNR gain of the reconstructed signal. The proposed approach applies the ARQ protocol to the output of
the code and combines a source coding scheme, a rate adaptable channel code and power control [58].
We have used both the temporal-only SPIHT [50] and the spatio-temporal ESPIHT [57] source coding
schemes in our research. The proposed method is not limited to these source coding schemes. Any
source coding scheme will work as long as it can separate compressed bits into different levels of im-
portance. The resulting code can provide an Unegual Error Protection (UEP) on source coded bits. In
[18], the importance of symbols are discriminated by designing modulation scheme with different signal
distance on the constellation. However, in this work, we use different Rate Compatible Punctured Con-
volutional Codes (RCPCC) for symbols with a different level of importance. The ARQ adopted in this
work is Type-I hybrid ARQ protocol [47], and is based on the ITOH agorithm [69]. In our analysis, we
have derived alower bound on the energy savings and an upper bound on the SNR loss of the proposed
scheme.

Rates used for sensor data should adapt based on its importance. An unnecessarily low rate (high bit
redundancy) on channel coding will consume energy without providing extra SNR gain or boosting
accuracy of application results. In this subsection, we shall first work on arate selection of I/, packets,
then derive rates for U,,, and U/, packets using RCPC codes.

Assume events of any packet delivery (repeated packet or original packet) are independent, and also
assume one ARQ request is sent by areceiver if one packet has erroneous bit(s) upon channel decoding
using ITOH agorithm. Furthermore, thereis no loss of ARQ packets. Let () denote the probability for
a packet to be requested indicated by an ARQ with code rate % n be the number of packet, and n + &
be the number of packet transmission trials for these n packets. The Probability Mass Function (PMF) p(k, A)
for k with code rate % isasfollows:

1 (PR (1 =) k<
L (PR (L— )" k>n

7

(4.1)
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where P} satisfies the following recursive formula:
Pf=> P, (4.2)

where P/ = 1,and P{ = 1for¥j > 0

From the application standpoint, delivery of n packets hasto be donein atimely fashion, so the maximal
number of repeat requestsisfixed. Let & be the maximal number of repeated requests of packets, and p o
be the required packet delivery probability. Rate selection based on an energy criterion is formulated as
the following Integer Programming Optimization Problem (IPOP):

(A, 7) = argmin([(A — )n] + k)7

AT
subject to:
A > 1 andisrationa (implementable); (4.39)
k
> p(i, A) = po (4.3b)
=0
ko
> p(isA) > Puig (4.30)
k=0
<7< (4.3d)

where Py;, is the minimal packet delivery probability and close to 1; 7 is an antenna power factor
between 7y and 1, and 7 can take one of a fixed number of discrete values. The number of antenna
power levels is fixed and the power on each level is also fixed. Constraint (4.3c) of 1POP is derived
from an application latency requirement. The objective function in IPOP consists of two parts, namely,
[(A — 1)n|7 and k7. Thefirst part is redundancy cost introduced by channel coding and the second
part is repetition cost of some packets introduced by the ARQ protocol. Analytical optimal solution for
the above problem is not aways obtainable since the channel is not stationary. Due to constraints on
hardware implementation, certain coding rates may be too costly and end up with too much circuitry
power dissipation. One solution could be to solve IPOP with a feasible solution space with a limited
pre-selected set of rates (the space in question is presumably smaller).

In order to see how transmission power affects the objective function value with the coding rate fixed
at % denote Ak = ko — k1, where k7 is the number of retransmissions after power adjustment; &5 is
the number of retransmissions before power adjustment; = is the power factor before power adjustment.
Suppose the power after adjustment is 7 + Ar7. In order to save energy, the following must hold:

Ak > ([(A — D)n] +k1)§
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Notethat k1 < ko ingeneral if A7 >0
To select an appropriate power level, the following formula[60] is used:

pi = adi + 3

For example, for an Orinoco WavelL AN radio in a free space at anoise floor of -119dBm, n = 2, a =
14.8mW, and 8 = 11mW. The path loss estimate uses the following formula (see Chapter 3 and
Appendix B of [46]):

PL = PL(dy) + 20 log (di) X,
0

where PL is the average path loss in dB at distance d away from the transmitter in a free space; d isaclose-in
distance, and X, isarandom variablewith zero-mean and variance o. If the close-in distanceis selected
sothat PL(dy) = 0, signal strength at d can be computed in dB as follows:

w = —20log (di> + X,
0

Thus, using the above formula, areceived signal SNR can be derived from its associated noise figure.

We select a code for path-bit packets via solving IPOP with alist of feasible channel coderates. This
is done offline using an exhaustive search based on training data sets. Once a code is determined for path
bits, we are able to determine codes for refinement bits and fidelity bits. In practice, an exhaustive search
is possible since both the number of RCPC codes and the number of power levelsare small. (We set both
numbers to 10 in the experimental study and the search space is only of size 100.) However, if the
granularity istoo fine, IPOP turns out to be intractable.

4.2 Correlation Analysisand Its Applications

In general, sensor readings can be aigned when the polarity difference of the sensing signals is not too big
from two sensors. Readings from close sensors are not skewed far apart. For example, they are off by
-20 to 20 sampling intervals in a near field at 1 KHz sampling rate for moving objects at speeds of
up to 60 mph. Figure 4.2 shows that spatial correlation exists in sensors' readings and node calibration
variesfrom frameto frame. Figure 4.2(a) shows the cross correlation coefficients of two frames gathered
at the same time from two nearby sensors. The correct lag should be 3, which can be computed with
at least 72 samples every second. When only 56 samples are available, the ambiguity is apparent by
noticing the two peaks at -8 and 3, and no correct lag can even be derived when only 48 samples are
available. Figure 4.2(b) shows the calibrated lags over a period of 200 seconds of two nearby sensors.
From Fig. 4.2(b), as it is known that sensor correlation changes over time, node calibration has

to be done periodicaly. This incurs serious overhead for many applications, and calibration does not
take into account the temporal correlation of sensor readings either. Therefore, its usein sensor network
applicationsis rather limited.
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Figure 4.2: Correlation Lagsin Sensor Networks

We have devised two different tracking algorithms and studied their performances. One approach
is to track the correlation once the alignment of two sensors are established. This can significantly
reduce the number of bits sent. The other approach is to use a Discrete Kalman Filter to perform the
tracking using appropriate input control in each prediction update, once a linear predictor generates an
initial alignment between two sensors. To improve the tracking accuracy, periodical re-initialization can
align two sources. Trade-off is played out between tracking accuracy and update frequency. Processing
overhead is manageable since the main overhead, i.e. periodica re-alignment, is done infrequently due to
high tracking accuracy.

We assume the sensors’ clocks are partially synchronized. By that, we mean that the time difference
between two samples recorded at the same time by two different sensors is within one sampling period.
For the case of 1 KHz sampling rate, the time difference for the above is within 1 ms. Note that the
proposed agorithm will work with a coarser clock synchronization. However, the processing overhead
will increase. There are some efficient synchronization schemes developed for sensor networks, e.g.
[31]. We note that the synchronization requirement is not necessary at a network scale, but rather inthe
direct vicinity of a node with which to correlate. This requirement is much easier to fulfill than a global
synchronization. The proposed tracking algorithm is shown by the following steps:

(S1) Each sensor samplesthe signal independently.

(S2) A sender sends a few samples which are only temporally coded in order to establish the initial
coefficients.

(S3) The correlating node estimates the LP coefficients based on the received samples with the aid of
offline computed parameters.

($4) The correlating node applies DKF to track the correlation by performing the following steps:

($4-A) Compute gradient as input control;
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($4-B) Compute Kalman gain matrix and steady state error covariance;
($4-C) Compute the innovation and update state vector as the correlation coefficients;
($4-D) Repeat from S4-A for a given number of steps.

(S5) To reconstruct approximate frames, the correlating node uses a steepest descent method based on
the coefficients from the estimated coefficients of the DKF.

(S6) The correlating node loops back on S4 after each timeout period.

(S7) Based on application fidelity requirements, a new round of analysis can start by looping back to
S2.

The initial estimation requires some fixed number of samples to be transmitted over to the correlating
node, and this number of samplesis determined by the LP orders. In general, when afixed set of signals
are present, thisinitial estimate can be done offline and occurs only once. For some acoustic signalsin our
experiments, this needs to be done periodically and the period of estimate depends on underlying signal
characteristics.

This technique can be applied to a broad spectrum of applications in sensor networks. We explain
two different ways of utilizing this technique: coding and sensor storage systems.

For two correlated sources X and Y, each sampleis drawn from an independent, identical distri-
bution. For the lossless compression case, the achievability of the Slepian-Wolf theorem [53] gives the lower
bound of the transmission rate. The achievability of the Slepian-Wolf theorem states that for two iid sources,
a rate close to the joint entropy H(X,Y") can encode the two sources and the decoding error can be
made arbitrarily small when the numer of samples, n, islarge enough. The achievablerate provided by the
Slepian-Wolf theorem is simply n H (Y| X) by the following identities (the chain rule of joint entropy):

H(X,)Y)=H(X)+HY|X)=H(Y)+ HX|Y),

where H(Y'|X) and H(X|Y') are the conditional entropy, and H(X) and H(Y") are the entropies of
source X and sourceY, respectively. Methods on approaching the Slepian-Wolf limit with practical compres-
sion complexity have been proposed [30,44]. For the lossy compression case, the Wyner-Ziv rate-distortion
function [66] tells that the minimum achievable rate R*(d) at distortion level d with side information
available at the decoder is as follows:

R*(d) = pEH./EII(ld)I(X’ zZY),
where, M(d) isthe set of codecswhich meetsdistortion level d; Z isatransition random variable derived
from a codec and I(.,.) is the mutua information function. Furthermore, a transmission rate lower
than n H (Y| X) is possible when some distortionis allowed. The Wyner-Ziv rate-distortion function requires
that the side information be accurate. In applications of sensor networks, side information facilitating
compression may be presented as an approximation to the codec, and a good correlation analysis scheme

is certainly necessary for a codec to achieve alower transmission rate for agiven distortion level.
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Based on the above discussion, one important issue in the sensor storage and distributed source cod-
ing of correlated sources in wireless sensor networks is to estimate the encoder’s values from the data
available at the decoder. Thisis critical for many resource constrained sensor networks. Correlation
tracking is therefore important in these types of applications, and it directly affects a codec and storage
systems performance. With a high performance correlation analysis scheme, spatial correlation can be
effectively exploited to its maximum. On the one hand, instead of using a decoder’s frame for reference
during decoding, the decoder uses a reconstructed frame. A good correlation analysis scheme can re-
construct the encoder’s frame with a very low RMS error. This can greatly improve the performance of
a codec. On the other hand, a high performance codec can further improve the analysis results due to
the fact that more accurate estimates of source frames are available to adjust estimation parameters. Thisis the
reason why the proposed analysis scheme can significantly improve the compression ratio of a codec.

Assuming a dynamic partition structure for a codec, any codeword can be correctly decoded as
long as thereis a“correct” reference at the decoder within the desired partition. To apply the proposed
model to a codec, a coarser partitioning (i.e. larger average coset size) is used during Kalman filter
tracking, and a measurement vector from the encoder can be confidently used in the estimation so we can
weight more on the measurement. After the Kalman filter update-steps, the normal partition structureis
restored and the steepest descent method is used for a continuous tracking update. With this interleaving
between an update based on DKF and an update based on the steepest descent method, we are able to have a
comparable SNR performance over other schemes.
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Figure 4.3: lllustration of Interleaving of Estimation and Tracking.

Figure 4.3 shows two plots of amplitude readings of one acoustic sensor and one seismic sensor
over a period of 37 seconds where seismic readings (see Fig. 4.3(b)) are zoomed in. The data in these
plots come from the sitex00 data set. Here only a segment of a single vehicle (AAV-0) case is shown to
illustrate how estimation and tracking can be interleaved for the trade-off of accuracy and efficiency. In
Fig. 4.3, correlation is estimated periodically using the steepest descent method on frames marked by a dotted
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rectangle. Note that the reference frame is not shown in this plot. Frames not highlighted in Fig. 4.3 are
tracked directly by the proposed DKF method. Each sample is decoded using corresponding tracked
samples other than the sample in the reference frame. Figure 4.4 shows the decoding performance with

and without correlation analysis. We selected ESPIHT [57] and DISCUS [44] for this comparison, and
these schemes using correlation tracking are denoted as ESPIHT-T and DISCUS-T, respectively. When the
SNR isset at apractical vaue of 20 dB, based on three different data sets, the bit rate can be reduced on
average by at least 0.5 bits per sample because of correlation analysis. This extragain is due to the fact that a
large coset size can be set so that less bits are required to code coset indices during spatial coding.

Bit Rate Comparison
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Figure 4.4: Bit Rate Comparisons of Codecs with/out Correlation Analysis.

Storage systems have been critical for many sensor network applications because of the resource constraint
in sensor networks. High performance storage systems not only reduce the system memory requirement, but
aso facilitate network operations and conserve energy. Promising approaches have been reported, e.g.
[26,28]. These approaches also exploit the temporal, spatial and multi-modality correlations for
efficiency and storage space reduction. The proposed scheme can be used to facilitate online execution
of these storage systems.

Summarizationis one way to help application level queries. With data summary, coarser information
can be extracted for a query, and only if necessary, should further data communications continue. With
the proposed scheme, a data collecting node only needs to store [y + mo + 1 LP coefficients for a
sequence of frames of another node. Compared to DIMENSIONS [26], where wavelet transform is
done on a node closer to the source where source data can be collected easily, the proposed scheme requires
much less information to store, very limited source data transmission in thelocal region and no data
transmission on a large scale. The main feature can be recovered by online tracking using the proposed
tracking algorithm. If further detail is needed, more data can be first compressed using the spatio-temporal
compression algorithm and sent over from another data collecting node which is presumably closer to
the source.

The data can also be organized in a hierarchical fashion with multiple layers, where each layer would
have a different granularity of information. As we know, the coefficient corresponding to the principal index
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conveys the most information about corresponding frames of another node, and further refinement in-
formation is contained in a number of auxiliary coefficients. Data can be organized in such a way that
nodes closer to the source have the principal coefficient and more auxiliary coefficients. A query could be
donein an iterative fashion with finer detail.

4.3 Two-Stage Detection of Events

To facilitate sensor node control in a sensor network, efficient and effective detection algorithms are
essential. There are two types of detections, namely, alarm detection and false alarm detection. Alarm
detection is usually based on a decision threshold which corresponds to an energy level of potential
events. This type of detection is smply called threshold detection here. When a threshold detection
agorithm issues an alarm, this could be an event or false alarm due to noise.

Tripwire threshold detection suffers from False Alarm Problem (FAP). FAP refers to a situation in
which noise strength is large enough to trigger an alarm when no event is actually happening. There
are many sources of false alarms in sensor networks and their applications. (1) ambient noise; (2) meau-
rement of thermal noise; (3) truncation error since alow precision Analog-to-Digital Convertor (ADC) is usu-
aly used; (4) scatter and/or reflection of sensing signals; (5) multi-path and multi-source interference.
(4) and (5) usually cause false positives. These factors are not negligible in sensor network applications,
especialy when a sensor deployment is constrained by physical limitations of sensors, e.g. acoustic sen-
sors are very close to the ground, and these limitations could cause severe ground reflection and further
degrade algorithmic performance of event identification.

By noticing the fact that a signal with a wide spectrum and with energy evenly distributed among
these spectrais less likely to be anything interesting, we can detect false alarms by measuring energy in
different bands. Event signals of interest may be superimposed by noises, and this makes it difficult to
identify an event. False Alarm Detection (FAD) can be donein awavel et domain by first decomposing the
signal samplesusing awavel et transform, and then iteratively checking the energy distribution of subbands
to detect false darms. In Fig. 4.5, the signal energy as shown in dark is concentrated in some frequency
bands and the noise energy is spread across the Nyquist frequency spectrum. Therefore, the signal can
be identified as an event of interest using the iterative detection by noticing the significant difference
between two subbandsin iteration |3a (threeiterationsin Fig. 4.5 as labelled by the thin vertical lines).
One of the desired properties of awavel et based detection isthat it makes an iterative detection possible and
an iterative detection is advantageousin terms of processing overhead and flexibility.

An aternative approach could be based on a short-time windowed Fourier transform. Some draw-
backs of this technique come from the need to select the window function and window length. A
Fourier transform based approach can be viewed as a uniform division of the temporal-frequency reso-
lution which makesit hard to devise an iterative algorithm which is flexible in trading-off accuracy with
processing overhead. There are other factors which could impair the performance and incur overhead,
including energy leakage over adjacent frequency bins during energy estimation, when signals are not
perfectly aligned with discrete frequency bins. On the other hand, the wavelet based approach using
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Figure 4.5: Iterative detection of an event of interest using Wavelets

tree decomposition provides a natural way of iterative design on detection. We may not need to do a
full subband decomposition (either dyadic or pyramidal) and stop whenever the result is satisfactory.
The computational gain of this approach is significant for low power devices. The idea of using wavelet
transformation for false alarm detection stems from the feature extraction and signal classification using
Wavelets packet decomposition [36]. It has been shown to be promising with efficient processing and
accurate results.

In this study, we use the following formula average squared amplitude in dB to compute signa
energy of aframe of fixed length in time domain for threshold detection:

W(k) =10log (% zn:(xf)2> , (4.4)

=0

where, k is aframeindex; n is the frame length and x ¥ is the i-th sample amplitude of k-th frame. For
false alarm detection, the formula for computing a subband energy in wavelet domain is as:

Ny

W) =" (a¥ —av)*, (4.5)

i=0
where u denotes a subband; n., is the length of subband u; a® is the average amplitude of subband
u; ay denotes the i-th coefficient in wavelet subband . Notice that the proposed algorithm works on
azero-mean signal. In the subband energy formula, we do not divide the sum by n, — 1 since we are
interested in an energy ratio instead of subband energy (see (4.6)).

Threshold detection is done on a frame by frame basis. During the k-th frame period, a tripwire
computes a frame energy using (4.4) to the end of this frame. It then compares the energy with a
predefined threshold T'y. If W (k) < T, the tripwire continues to monitor the field. Otherwise, it enters
into the fal se alarm detection stage.

In order to explain the technique for false alarm detection, let « be a non-leaf node in a pre-assigned
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wavel et subtree for atripwire, and let us also denote two corresponding high-pass and |ow-pass subband
transformed from u as u, and w1, respectively. We define the energy ratio as follows:

W) = e W (us)|

RO = W ) T e W ()|

(4.6)

where~, W (uy) and y2 W (uz) arethe energy for low-pass and high-pass subbands, respectively, of node

u; v, and o are the normalization factors for a given transform for low-pass and high-pass subbands,
respectively. When asignal has a mean of zero, by the Parseval theorem, the denominator in eq. (4.6) actually
equals the energy of subband «. By Parseval equality, for the orthogonal basis, as that is the case for
S-Transform with Haar basis, the following holds:

W(u) =y W(ur) + v W (usg). (4.7

The normalization factors only
depend on the basis and how the transform is actually performed (for S-Transform, v, is v/2 and v, is
0.5v/2).

The false alarm detection processing uses a greedy search method on a wavel et decomposition tree.
At each node of level i of wavelet decomposition (the decomposition indices start from 1), it first com-
putes the energy ratio for a node using (4.5), and it then selects the node with a larger energy ratio to
processin the next level. The detection processing iterates until either (1) a search reaches a predefined
lowest level or (2) one node whose energy ratio is greater than threshold 7', is found. For case (1), a
claim of false alarm denoted by H, is generated, and for case (2), a claim of event denoted by H is
generated. Figure 4.6 shows an example of case (2) where nodes in black are processed and it stops at
the black node of the third level of the subtree. In Fig. 4.6, many nodes (in gray) are not processed since

Subtree Root

Average Difference
(Low Pass) (High Pass)

Figure 4.6: Iteration Path of an H Predicate

its energy ratio is smaller than the other child of the same parent. Nodes in circle are evaluated of the
subband energy, but no energy ratio is computed. In the greedy search, it looks ahead by one more level
in order to determine the greater energy ratio. For a case of (1), the search stops at one of the leaves. The
memory required in this processing is not larger than half of original frame length, and memory required
in the next iteration is reduced by half.

For the above algorithm, the fal se alarm rate and the fal se positive rate can be estimated using Bayes formula.
For convenience of notation, we use H to denote a detection predicate of an event and H , to denote a
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detection predicate of afalse darm. There are four combinations of real cases and detection predicates:
(1) Co: Hy <« Hy,
(2) C1: Ho < H,,
(3) Cy: H, «— Hy,
(4) C3: Hy, < H,,

where Z : X «— Y meansthe case Z outputs claim X while thetruthisY. C( and C5 are correct
while C and C5, (false positive) are false.
We can compute the error probability of type C'; asfollows,

P(Cy) =Y [[ PWHa|Du < ev), (48)

path u

where the summation is over al paths of the binary tree of the pyramidal decomposition of a frame.
Similarly, we can compute the error probability of type C', asfollows,

P(Cy) = [[ P(Ho|Du > £2). (4.9)

u

Since each P(Ha\Du < e1) normaly is much less than 0.5, P(C) in eq. 4.8 strictly decreases as
the number of iterations increases. The sameholdsfor P(C'3) in eq. 4.9. By Bayesrule, we have

P(D, <e1|H,)P(H,)
P(Du < 61) ’

P(H,|D, <&1) = (4.10)

and
P(D, > e3|Ho)P(Hy)

P(Hy|Dy > e2) = P, > =)
u

. (4.11)

The estimates of P(D,, < ¢1|H,) ineq. (4.10) and P(D,, > e3|Hp) in eq. (4.11) can be taken as
1 —Bi(e1 — D,) and 1 — B5(D, — e2), respectively, where 3; and 3, can be pre-estimated offline
based on training datasets, so do ¢; and ¢,. These probabilities determine the confidence probabilities
of detections.

4.4 Distributed Tripwire Cueing

Once an event is detected, many signal processing nodes (i.e. trackers) are eager to wake up to process
it. Thereis a so-called exposed alarm problem with tripwires. In this project, we developed a protocol
so that tripwires can cue trackers when an event is detected by tripwires. In this study, maximization of
tracker sleep time, therefore, energy savings on trackers, isthe main goal .

A high-level description of the proposed Multi-Hop Cueing (MHC) protocol is as follows. It uses
three different types of beacons, namely: T-WAKEUPR, T-QUENCH and T-ALARM. T-WAKEUPis sent
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Table 4.2: Characteristics of Tripwire and Tracker Radios

bitrate | typical freqg. power range

Beacon Radio | < 1kbps | 900 MHz <1mw ~10m
DataRadio | > 5 kbps 24GHz > 100 mW | > 100 m

Table 4.3: State Machine of Tripwires

mwW | MCU | RADIO | SENSOR | ADC
™ ~ ~ on ~
TE on off on off
TL off on off off

by atripwire to wake up atracker; T-QUENCH is sent by trackers to stop tripwires from sending T-WAKEUP
and notifies tripwires that at least one tracker has been woken up; T-ALARM is sent by trackers to

notify near-by tripwires to resume its monitoring task. In order to investigate this cueing problem, we

have defined a suitable radio model and waking-up channel.

A tracker can be woken up by a wake-up beacon. A tracker also has a tripwire unit built-in, i.e.
it turns on when its associated tracker is asleep. There are two radios in a tracker where one long-haul
radio, called a dataradio, isfor datacommunication of task execution and onetripwireradio, called a beacon
radio for beacon communication. The tripwire radio in a tracker uses a channel to communicate with
independent channels, and its long-haul radio uses a separate channel for data communication. The
tripwire network forms a so called “wake-up” channel for trackers. The proposed protocol uses this
wake-up channel. In this study, all tripwire radios and long-haul radios have fixed transmission power.
However, this assumption is only for clarifying the explanation, and the proposed scheme does not depend
on this. Table 4.2 summarizes the characteristics of tripwire and tracker radios. Tracker waking-up is
performed as follows. a near-by tripwire wakes up the tripwire unit of a tracker, and this tripwire unit
then wakes up other components of the tracker in which it resides. However, the wake-up initiating tripwire may be
some hops away from a tracker. With multi-hop tripwire cueing, at least one tracker is woken up. There
are two undesirable cases. (1) more than the required number of trackers for a task execution are woken
by tripwires and (2) less than the required number of trackers are woken. Since T-WAKEUP floods, Case
(2) cannot happen unless some deployment problem causes an insufficient number of trackersin a certain
region of afield which is not considered in this proposal. Trackers which are awvake will collaboratively
decide how to put excessive trackers back to sleep in Case (1). It is up to the application level protocolsto
handle how to select an optimal set of trackersfor atask and what optimization criterion should be used.
However, these are beyond the scope of this project.

A tripwire hasthree operational states which correspondsto three machine states, namely: monitoring
state (TM), listening state (TL) and execution state (TE). InaTM state, the tripwireradio and MCU are active
periodically and its sensor is alwayson. InaTL state, the tripwire’'s MCU and its sensor, including the Analog-
to-Digital Convertor (ADC), are turned off whileitsradio is kept on and only the receiver is actually used.

In a TE state, the tripwire's MCU and radio are kept on while its sensor and ADC are turned off. TE isa
transit state. Table 4.3 shows component states in different tripwire states. In Tab. 4.3, the symbol ~denotes

27



Table 4.4: State-Beacon Table

T-WAKEUP | T-QUENCH | T-ALARM
T™ | FORWARD X X
TE X FORWARD X
TL | T-QUENCH X FORWARD

acomponent that is turned on periodically.

Once an alarm is confirmed by a false alarm detection scheme, this tripwire issues awake-up beacon
called T-WAKEUP and it goesto a TL state. A multi-hop cueing algorithm is used to wake up trackers.
The tripwires switch states in the proposed protocol as follows, and the combinations of beacons and
states other than the following cases are simply discarded.

1. InTM state, on receiving a T-WAKEUP beacon or having detected an event (alarm), this tripwire
sends or forwards a T-WAKEUP beacon and goesinto TE state.

2. In TE state, on receiving a T-QUENCH beacon, it forwards this beacon and switchesto TL state;
on receiving a T-WAKEUP beacon, the tripwire forwardsiit.

3. InTL state, onreceiving a T-ALARM beacon, it switchesto TM state.

4. InTL state, on receiving a T-WAKEUP beacon, it replies by a T-QUENCH beacon.
5. Ontimeout in TE state, atripwire goesto TM state.

6. Ontimeoutin TL state, atripwire goesto TM state.

Notice that the timeout value of a TE state is shorter than that of a TL state. A new try can be initiated
when no T-QUENCH beacon is received in the TE timeout period. The TL state timeout is to restore a
tripwireto aTM state when a T-ALARM cannot reach certain tripwires. Item 4 aboveis used to put into
aTL state these tripwires which newly detected a target in the same monitoring region. Note that only
tripwiresin a TE state respond to T-QUENCH beacons.

T-QUENCH isused to put tripwiresinto a TL state when an event is detected. T-ALARM isused
to turn on tripwires for monitoring when an event is out of the detection region of atracker. To deal with
the intrinsic unreliability of tripwires, the low quality of its radio link and possible beacon collisions,
the timeout mechanism is used to restore tripwire states when atarget is out of the detection region or to initiate
anew try to wake up trackers if atarget is still in a detection range. Table 4.4 summarizes the tripwire
responses to these three beacons where x represents no reponse to a beacon at that state. Figure 4.7
summarizes the state transitions of atripwire.
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Figure 4.7: State Diagram of Tripwire
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5 Resultsand Discussion

Microcontrollers (1C) are commonly found in sensor nodes [11,7] and they are limited in resources.

The PASTA [11] sensor node uses several microcontrollers for various functionalities including function of
atripwire. CYGNAL C8051 F020 has only 4352 bytes of on-chip memory and up to 64K off-chip

RAM, and the access to off-chip memory is 7 times slower than on-chip memory. It supports internal

and external oscillators with a programmable clock rate. In our experimental setup (see Fig. 5.1 for the
experiment setting), we used an internal oscillator with system clock rate set at 16 MHz. Two 32-hit integer
memory was required during the energy ratio comparison; one for the current ratio, which istemporary and
overwritten each iteration, the other is used to store the largest ratio. The memory regquirement was kept

low so that off-chip memory could be totally eliminated. With this, an on-chip oscillator could be used and

it allowed the sensor node to be in deep-sleep mode while the tripwire was running. The whole detection could be

done within 10 ms. The extra processing energy cost was kept around 10 mJ per detection.

Figure 5.1: Experimental Setup with MCU Test Board and PASTA Node

This uC wasintegrated in to the PASTA node[11]. We were using the AP HILL dataset (Fig-
ure 5.2 shows that experiment configuration) from field experiments to verify the distributed detection
algorithms as well as our field calibration scheme. These experiments tested our implementation of the
proposed detection algorithm and field caibration of the detection scheme, as well as the tripwire cueing
protocol.
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Figure 5.2: Network Configurationin APHILL Field Experiment

In this study of coding/compression performance, we used ESPIHT and SPIHT (their LINUX imple-
mentations are presented in [57]). In these experiments, we only measured power dissipation due to an RF
component of the transceiver. Other circuitry power dissipation of the radio was excluded. In simulations using
OPNET, bit error thresholds of convolutional codes with different puncturing patterns were ob-
tained using the estimation method of the previous section. The default Error Correction Code (ECC) model
in the OPNET radio pipeline was replaced by our ECC procedure based on RCPC code with correspond-
ing ECC bit error thresholds. In order to output energy dissipation data on each frame from OPNET, we
inserted a new pipeline stage procedure in the radio simulation pipeline. Therefore, radio standby
energy was not included when radios were not active. Input data to the OPNET simulator was output from ES-
PIHT or SPIHT, and there were three data chunks ,while each chunk corresponded to one of U, Uy U A
new process module was developed to read an input file and feed the source size information to a radio
transmitter. The first OPNET simulation had one mobile receiver and one stationary transmitter. There
were three segments on the path tragjectory of the mobile node. Simulation parameters are shown in Table
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Table 5.1: Simulation Parameter Settings

Channel Parameter Parameter Value
network dimension 1kmx 1kmx 10 m
simulation duration 148 seconds
modulation scheme bpsk
radio rx sensitivity -111dBm
datarate 19.2 kbps
base frequency 900 mHz
bandwidth 7.2mHz
maximum Tx power 10dBm
number of RCPC codes 10
total number of power levels 10
TX/Rx antennagain 0dBi
radio closure ray-tracing
propagation model free space
noise accumul ating

5.1. The simulation duration was determined by the data set of length 148 seconds. Although we present the
simulation results based on one data set, we did test two other data sets (SenslT
SITEX00 and ARL APG). Theresults were similar to what is presented here.

In these experiments, convolutional code with rate % and constraint length of 6 was used for both L4,
packets and U4,,, packets, and RCPC code with rate %was used for U, packets. Theleft plot of Fig. 5.3 shows
the energy dissipation using jointly coded ESPIHT, and jointly coded SPIHT vs. the baseline. Compared to
baseline energy dissipation, average energy savings were about 80% and 65% by jointly coded ESPIHT
and jointly coded SPIHT, respectively. Theright plot of Fig. 5.3 shows the energy savings usi ng jointly
coded ESPIHT and standard ESPIHT, while the standard ESPIHT is uniformly coded by either % 5 —, or
% RCPC codes. Average energy savings due to power aware coding was at least 20%. Large variation on
energy savings was due to signal amplitude fluctuation among frames. In our implementation, we selected a
Coiflet basis with 3 vanishing moments. However, other types of bases could be used.

Energy Savings Energy Consumption (EESPIHT vs. ESPIHT)
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Figure 5.3: Energy Dissipation Comparisons
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Theleft plot of Fig. 5.4 shows SNR loss of jointly coded ESPIHT as compared to ESPIHT. In this plot,
SNR differences among frames are shown at two bitrates. 4 iterations and 10 iterations. The 4-iteration
case gives about 25 dB SNR gain and 10-iteration case gives about 50 dB SNR gain on average among
these frames. (The corresponding SNR gain of ESPIHT used in this comparison is shown in the right
plot of Fig. 5.4.) The i-th iteration corresponds to a tree traversal of MSB with & — i — 1 bits, where
k is the number of hits of the largest coefficient in the binary tree (it is 13 for the data set used in the
experimental study). Worse case, jointly coded ESPIHT of the 4-iteration case has 0.58 dB more SNR |oss than
that of ESPIHT over all frames. Jointly coded ESPIHT of the 10-iteration case has 2.4 dB more SNR loss
than that of ESPIHT over all frames. (Thislossiswithin the bound as that shown in Theorem 1.)
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Figure 5.4: SNR Comparisons

The SNR loss of the SPIHT vs. jointly coded SPIHT, with the same experimental configuration as
thosein the left plot of Fig. 5.4, hasalso been obtained. The worse case SNR loss of jointly coded SPIHT
is0.34 dB and 1.9 dB for the cases of 4-iteration and 10-iteration, respectively.

For the next set of simulations, we used OPNET to simulate the network and verify how jointly
coded ESPIHT based design can save energy using rate-adaptable power alocation. Refer to [59] for the
radio power profile used in these simulations. The simulation is based on pairs of nodes with different
distances. The parameters are also shown in Table 5.1. Assume that the distances are al inside the
propagation limit and also assume that every node has 2K x8 bits of information to send in the baseline
every second. The network consists of a number of uniform nodes randomly distributed in afield of size
1km x 1km, while five of them are mobile nodes. Fig. 5.5 shows the normalized powersin jointly coded
ESPIHT compared to the best fixed power case, and a scheme using distance with a given a SNR constraint
with avarying number of nodes. From Fig. 5.5, when the fixed or distance/SNR based power alocation
is used, the powersincrease as the number of nodes increase, while the power is almost constant when
more nodes are added to the network under jointly coded ESPIHT. Thisis simply dueto the lower power
and less bits under jointly coded ESPIHT, which significantly reduces the interference.

The energy dissipation comparison with the 10-node case for a simulation duration of 60 secondsis
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Figure 5.5: Power Dissipation Comparison

Table 5.2: Energy Dissipation Comparison
Ave. Power | E/Bit | Tot. Eng.
jointly coded ESPIHT | 23mwW | 01243 | 370mJ
Distance (SNR) 34mwW | 018pJ | 1537
Fixed Power 39mwW | 021 | 1.95J

shown in Table 5.2. From Table 5.2, it can be seen that on average, jointly coded ESPIHT saves about
20 mJ per second network-wide. Note that the whole network (radio RF) without using jointly coded
ESPIHT dissipates at least 25 mJ per second (excluding energy consumed by individual nodes) under the
distance-SNR based alocation scheme. Jointly coded ESPIHT has the least energy per bit cost among
these three schemes.

In what follows, we shall compare the performances of three correlating schemes, namely, our pro-
posed estimation and tracking scheme denoted by L P/DKF, the scheme used in [20] denoted by LP/SD
and the least squared estimation (using cross correlation coefficients) denoted by LSE. For the com-
parison, we take into account four aspects. (1) tracking accuracy; (2) required communication; (3)
processing overhead of the algorithms; (4) total energy cost which combines both processing and com-
munication costs.

The experimental setup is shownin Table 5.3. In this experiment, communi cation between two nodes
is on the average of one packet every five seconds, and node interference can be totally eliminated via
proper scheduling. Therefore, for simplicity, the communication energy cost estimate does not consider
the affects of the network density and communication interference. Our experiment is directly based on
the C8051 microcontroller with its integrated development environment. It does not need any operating
system support. The program is directly loaded to a designated memory areaand it starts to execute once
the node isturned on.

Table 5.4 shows comparisons with an experimental run of 235 seconds from one of a few different



Table 5.3: Experiment Setting

Processing unit [6] CYGNAL C8051 F020
On-Chip Memory 4096 + 256 Bytes
Clock Rate 16 MHz
Radio type[8] Chipcon CC1000
Communication energy cost 3.2 i J per bit

Table 5.4: Performance and Cost Comparisons (Per Frame)

Mem. (Bytes) | Error (dB) | Comm. (bits) | Time(ms) | Energy (uJ)
LP/SD 128 -10.4 09K 120 470
LP/DKF 128 -11.9 0.3K 230 330
LSE 144 -11.5 3.2K 150 830
LSE/DKF 144 -11.8 0.8K 250 520

datasets. InTable 5.4, the memory is based on the worst-case RAM reguirement. In the cases of LP/SD
and LP/DKF, theworst-case RAM requirementsare dominated by linear prediction, and those of L SE and

L SE/DKF are dominated by linear estimation. Theerror in Table5.4 istaken asthe average estimate error

in RMS divided by the average signal RMS (as the signal power), and it is computed in logarithm form
(dB). The error in RMS is computed using the innovations with reference to real coefficients over 235
seconds. The low estimation error of LSE, compared to LP/SD, is not due to its algorithmic superiority,
but the high volume of raw data transmitted. The processing overhead is measured in the average worst-
case time over al frames. Table 5.4 shows that the proposed approach, when combined with SD or LSE,
can reduce communication significantly without loss of accuracy.

Figure 5.6 shows the average prediction error in RMS and the signal power of the sender, where the
estimation and tracking update is done in 1/5 uniform form. The analysis step size has alength of 6
frames, with one frame length of samples estimated by SD and 5 frames length of samples updated using
tracking; i.e. roughly 17% of the samples need to be sent. The other approaches use different analysis
step sizes with varying number of tracking frames so that a close estimation error can be obtained for
comparison purposes. Figure 5.7 shows the corresponding gradients as the input control sto the proposed
tracking algorithm, and these vectors show some slight temporal correlation.

The per-frame energy cost of the compared schemesis shown in Table 5.4. The proposed scheme
has alower energy consumption, which includes both communication energy cost and processing energy
cost.

Figure 5.8 shows the worst case estimation error vs. different analysis step sizes for different data
sets of two modalities with an L SE based baseline. Two different data sets are used in this comparison.
One is the far-field sitex00 acoustic and seismic data, and the other is near-field ARL acoustic data.
There is clearly a trade-off between the frequency of analysis and fidelity. (Low residual power means
high fidelity.) InFig. 5.8, the tracking update interval is determined based on signal energy variation in
the adaptive method, and arelatively short interval is used when the signal fluctuates. A longer interval is
used when the signal energy stablizes around alevel. The performance of the near-field acoustic data set has
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Figure 5.6: Tracking Performance
Table 5.5: Power Profiles of Tracker and Tripwire
mw CPU | RADIO | MCU/RADIO | SENSOR
IDLE 185 126 18 n/a
ACTIVE | 635 171 30 0.9
SLEEP 67 38 0.1 n/‘a

the best performance. Without this analysis, it would have been almost impossible to exploit the spatial
correlation of sensor readings in a far-field for any good use. In this energy/power comparison study
for atwo-tier heterogeneous sensor network with detection, a PASTA [11] tracker and PASTA tripwires
areused. Their power profiles are shown in Table 5.5, where power consumption data of the PXA255
CPU and the PASTA radio are itemized since they are not active at the same time. Tripwires are dissected
into three parts - MCU, tripwire beacon radio, and ADC, where MCU and the radio are not always active.
ADC on atripwire or atracker is active as long as this tracker or tripwireis on. The application used in this
experiment is a time-domain Line-Of-Bearing (LOB) beamforming [48]. Energy per LOB computation
including transmission is 245 mJ, and the duty-cycle energy per detectionis 1.5 mJ. Tripwires are turned
on periodically, where a tripwire radio is on during the first 100 ms of every second and off during
the remaining period of a second. However, tripwire synchronization cost is omitted since it is required
very infrequently. Energy dissipation comparison is shown in Fig. 5.9. Figure 5.10 shows the power
consumptions of atripwire and tracker. From Fig. 5.10, with cueing protocol and detection at 80% false
alarm rate and 1% fal se positive rate, the duty-cycle power consumption can be brought down within a 10
mW regime. We shall further quantify energy savings of the proposed protocol.

One scenario studied in this section is shown in Fig. 5.11 where two targets are present in afield.
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Figure 5.7: Kalman Filter Input Controls

Positions of trackers and trajectories of targets are from field measurements of target GPS ground truth
data. Simulation parametersaredefinedin Table5.6. The left plot of Fig. 5.12 shows the power consumption
of al tripwiresand thetotal power consumption of both tripwires and trackers for a period of 90 seconds.

The corresponding energy dissipations are shown in theright plot of Fig. 5.12, where the energy ordinate
ismeasured and plotted in logarithmic scale. From these plots, it can be seen that overall tripwire energy
dissipation is comparably negligible, and the savingsin trackers under the proposed schemeis significant

as to be shown next.

Assumptions of these three schemes to be compared are defined in Table 5.7, where “Tr” is for
tracker; “T/W” isfor tripwire; “L/H” for long haul data radio on tracker and “ Snr” is for the sensors on
tracker. “W(S)” isfor wake-up by tracker detection, and “W(T)” is for wake-up by tripwire detection. In
the duty-cycle scheme, the tracker’s sensors have to be always kept on for monitoring events and so doesits
radio for possible wake-up commands from other trackers. To compute the energy dissipation, atimer is
used to check the power of every sensor (tracker and tripwires) every millisecond and add the joules to
the total energy. This should be avery close approximation to the real energy dissipation.

The left plot of Fig. 5.13 showsthe power consumption for a90-second simulation with onetarget. There
are three curves corresponding to these three schemes. Power consumption by MHC is significantly
less than those of the baseline scheme and the duty-cycle scheme. Theright plot of Fig. 5.13 shows the energy
dissipation for this 90-second simulation. The energy savings of MHC is more than 50% when compared to
the duty-cycle scheme. MHC saves energy because it keeps trackers awake only for the period of task
tracking.

Theleft plot of Fig. 5.14 shows the power consumption for a 90-second simulation with two simulta-
neous targets. The power consumption of MHC is still significantly smaller than those of the baseline
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Table 5.6: Field Simulation Parameters
Number of Tripwires 25
Number of Trackers 18
Field Dimension 8012x4015m?
Tripwire Sensor Radius 10m
Tripwire Radio Radius 10m
Tracker Sensor Radius 15m
Tracker Radio Radius 100 m
Tracker Radio Bitrate 1 kbps
TL Timeout 1 second
Fusion Timeout 100 milliseconds
Predication Timeout 50 milliseconds
Beacon Length 8 hits
Wake-up Channel Bit Error Rate 0.01
Beacon Error Probability 2x 1073
Tracker Duty Cycle Rate 50%

scheme and the duty-cycle scheme. Energy dissipation for this comparison is shown in the right plot of
Fig. 5.14. When compared to the single target case, the savings are reduced somewhat. In general, when
many targets are in a field, the savings may not continue since most of the trackers may be awake most of
thetime. However, in practical applications, events happen infrequently. Therefore, the proposed scheme
gives significant energy savings.

Since different applications require different granularities on sensor data accuracy and processing
results, e.g. detection or tracking, tracker density may be different to meet this requirement. In general,
it is expected that MHC can obtain a better energy efficiency with a higher density of trackers while
the average number of tripwires per tracker is kept constant and the assumption of connectivity also holds.
Figure 5.15 shows the average field energy dissipation measured in terms of one fixed measurement area
with avarying number of trackers. The curvesin Fig. 5.15 conform to the above claim on tracker density
when the curve for 27 trackers has the least average energy dissipation.
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Figure 5.9: Energy Comparison of Detection and Tracking

Table5.7: Key Scheme Assumptions
Tr Snr L/H | TIW
Basdline | ON ON ON n/a
Duty/C | W(S) | ON ~ n/a
MHC | W(T) | W(T) [ W(T) | ON

Notification latency may be a concern when the MHC scheme is used instead of direct detection
asthat in the baseline scheme. Another simulation on cueing has been conducted using an NS-2 simulator [1].
Parameters used in the simulation are shown in Table 5.8. Ground two-ray module is selected for the
short-path loss modeling of radio communication since tripwires’ radios are close to the ground and ground
effects are non-negligible.

Figure5.16 showsthe average alarm notification for 100 random eventsto four trackerswith different
tripwire densities and bit error rates. In this set of simulations, tripwires are optimally deployed for the
25-tripwire case while tripwires are randomly deployed in the other cases. As more tripwires are
deployed, robustness increases. However, in general, latency increases due to collision and beacon error.
Figure 5.17 shows the maximum latency of notification to these four trackers. Due to the beacon design
with error resilience, the effects of channel BER on notification latency is rather limited by noticing
that the curves are rather flat along the BER axis, and the maximal latency can be controlled under 200
ms. This latency can be further controlled based on application regquirements by adjusting the TE timer,
increasing the minimum distance of codes and/or decreasing the tripwire-per-tracker ratio.
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Table 5.8: Cueing Simulation Parameters

Number of Trackers 4

Field Dimension 1000x1000m?

Radio Radius 200 m
Radio Pathloss Model Two-Ray Ground
Radio Bitrate 1 kbps
Beacon Delay 10ms
Beacon Length 8 bits
Wake-up Channel BER 0.01

Beacon Code (8,4,4) block code

We have conducted a set of field tests using acoustic signalsin evaluating our detection scheme. One
configuration in these tests uses three tripwires, and results from two of these tripwires are shown.
Figure 5.18 shows signal energy plots from two of these tripwires (left plot for tripwire 2 and right plot
for tripwire 3). Decision statistics are shown in the corresponding two plotsin Fig. 5.19. Note that the
absolute values are used in detection, not the actual mean value since distance is used in the detection
decision. Final detection results from these two tripwires are shown in Fig. 5.20, where value O is for no
adarm (i.e. failed energy dlarmtest), Lisfor false darm and 2 isfor event. From both plots, the detection
rate is more than 90% and false positive rate is less than 1%.
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Figure 5.11: A Two-Target Scenario
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6 Conclusions

Wireless sensor networks are very useful for many applicationsincluding large scale habitat monitoring,
disaster relief, etc. However, sensors are seriously constrained by resources and energy. Promising re-
search on power awareness and energy efficiency span from computation energy efficiency, communica-
tion energy efficiency and power/energy management. In this research, we focused on signal processing
agorithmic aspects of energy efficiency in wireless sensor networks. Significant energy savings can be
obtained by devising new power aware algorithms, analysis and experiments. In fact, communications
energy cost is the dominating factor in many applications, and this research exploits new characteristics
in wireless sensor networks for energy efficiency.

In this project, a novel power aware coding scheme that exploits spatio-temporal correlation in sen-
sor readings is presented. This scheme combines optimal power allocation with ARQ to select proper
coding parameters. The lower bound on energy savings and the upper bound on SNR loss of the scheme are
obtained. Experimental and simulation results show that more than 60% energy savings can be obtained,
as compared to the uncoded case, and more than 35% energy savings, as compared to temporal coding or
spatial coding schemes.

We devel oped a scheme to track correlations in wireless microsensor networks. It uses a linear
prediction model to find theinitial correlation coefficients and then uses a discrete Kalman filter model to
track the correlations. We have applied this algorithm to source coding and eliminated the calibration of
sensor readings. Experiments show that this algorithm gives accurate tracking results of the correlations
with manageabl e processing overhead and low communication cost.

We aso developed a novel multi-hop tripwire cueing and detection scheme for a two-tier wireless
sensor network to conserveenergy. It solved both the false alarm problem and the exposed alarm problem
using an iterative detection algorithm and a cueing protocol. This scheme is simple and only primitive
communicationisrequired for tripwires. Therefore, it fitswell into atwo-tier wireless sensor network con-
sisting of inexpensive tripwires and more complex signal processing sensor nodes. Simulation and field
experimental results show that the proposed scheme saves a significant amount of energy when compared
to other types of network configurations and schemes.
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List of Acronyms

COTS Commercial Off The Shelf

LOB Line Of Bearing

ESPIHT  Embedded Set-Partitioning Iteratively Hierarchical Tree
DKF Discrete Kalman Filter

FFT Fast Fourier Transform

DISCUS Distributed Source Coding Using Syndrome

LDPC Low Density Parity-check Code

SNR Signal Noise Ratio
LP Linear Prediction
ROC Receiver Operating Characteristics

CFAR Constant False Alarm Rate

DFAD Distributed False Alarm Detection

EEADSC Energy Efficient Adaptive Distributed Source Coding

ADC Analog-to-Digital Convertor

TCQ Trellis Coded Quantization

SPIHT Set-Partitioning Iteratively Hierarchical Tree
ARQ Automatic Repeat Request

RCPCC Rate-Compatible Punctured Convolutional Code
RMS Root-Mean Square

FAD False Alarm Detection

FAP False Alarm Problem

MCU Microcontroller

MHC Multi-Hop Cueing
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