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Abstract— An integrated design of a joint distributed Multiple Input Multiple Output (MIMO) systems have
source coding and an adaptive signal processing schemefound great importance in wireless communications due
for a virtual multiple input multiple output (V-MIMO) o possible enormous performance improvements over
communications—based, cooperat.ive. wireless sensor net-g;so systems [2]-[4] and [5]. Various MIMO techniques
work is proposed. We employ a distributed coding scheme like Space Time Block Codes (STBC), Vertical Bell

that exploits inherent correlations among sensor data . .
and an adaptive correlation tracking technique based on Laboratories Layered Space Time (V-BLAST), layered

Recursive Least Squares (RLS) algorithm that provides SPace-time designs and smart antenna techniques [6]-
improved energy efficiency compared to previously pro- [10], have already been proposed for wireless Local Area
posed such joint coding and signal processing schemed\Network (LAN) and cellular systems. According to [11],
for single input single output (SISO) communications MIMO systems have been shown to outperform systems
based systems. An integration scheme with virtual space- with receiver diversity alone in the case of interference-
time block coding based M-ary quadrature amplitude |imited cellular systems. But the main drawbacks of
modulation (M-QAM) communication is also developed. \y\vo techniques are that they could require complex
The system efficiency is analyzed for various transmission receiver circuitry, signal processing as well as large

distances and various channel conditions. Our results : . . )
show that the proposed system achieves significant energyphys,ICaI d|mer15|ons to accommodate multiple antennas.
savings compared to conventional designs beyond certainBUL, in most wireless sensor networks, nodes are battery-
transmission distances. The achieved energy efficienciesoperated and also cannot accommodate multiple anten-
and low decoding error rates justify the application of nas because of their physical size limitations making
the proposed scheme in energy constrained wireless sensodirect application of MIMO techniques unsuitable for
networks. sensor networks. However the recently proposed Virtual
MIMO (V-MIMO) concept allows the realization of
MIMO communication in wireless sensor networks via
There is a new-found interest in research geared-called local communications among sensors [12].
towards developing large-scale, low-cost wireless sensod scheme similar to virtual MIMO has also been in-
networks. Some of the driving applications of suchestigated under the term VAA (Virtual Antenna Arrays)
sensor networks include environmental observation amd [13]. There, antenna diversity at mobile terminals
forecasting, habitat monitoring, remote ecological moifeach with one antenna element) is achieved through
itoring, biomedical applications such as health moni¥AA-space time block codes. Specificalyx 2 VAA
toring as well as military applications. Most of thesés illustrated, where a base station (BS) transmits the
networks consist of battery-operated sensors which intsymbols in a sequence similar to that of Alamouti
duce strict energy constraints. Thus, energy efficiency[§] to distributed mobile terminals. One of the mobile
of prime importance in the design of such wireless sendgerminals acting as a relaying mobile station (MS), relays
networks. Previously proposed techniques for ener@g received data to the target MS over another fading
conservation in wireless sensor networks include, fohannel (with SISO implementation). At target MS, the
example, information packet aggregation along sensmmbining of all received symbols (a modified version
communication paths to reduce header overheads afidAlamouti combining) is performed to retrieve the
switching off nodes when they are not functioning [1].originally transmitted symbols of BS. In relation to the
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above, higher order space-time codes for VAA are alsnissions from data collection sensors as well as en-
addressed in [14]. VAA application to wide-band codergy per each transmission can be reduced. Throughout
division multiple access (W-CDMA) and the effect othis paper, we assume an M-ary Quadrature Amplitude
different configurations in a wireless mobile system witModulation (M-QAM) for communication. The proposed
VAA are demonstrated in [15] and [16] respectivelysystem’s performance is compared to various reference
Information theoretic results characterizing the capacisystems. These systems include V-MIMO without dis-
for proposed VAA have been presented in [17]. Resourtributed compression, SISO without compression, and
allocation strategies have also been derived where BESO with compression. These comparisons have been
analysis is performed exclusively for space-time bloakade with a different channel conditions over different
encoded transceivers. transmission distances. Our results establish that energy
Till now, the research on virtual MIMO for wirelessefficiencies are significantly improved in all cases be-
sensor networks have primarily been limited to demogend certain transmission distances. In addition to that,
stration of energy efficiencies compared to traditionghe proposed V-MIMO based system can also lead to a
SISO systems. The integration of virtual MIMO withsignificant reduction in decoding errors compared to that
other energy saving techniques such as distributed coofiteference systems.
pression and/or signal processing has not been addressékhe remainder of this paper is organized as follows: In
at all. While virtual MIMO itself could provide signifi- Section Il the virtual MIMO architecture is introduced
cant communication energy savings, it is also importaatong with the related energy expenditure expressions.
to design efficient integration techniques that lead tdext, the proposed integrated scheme is detailed fol-
improved system performance. In this paper we take bBowed by the derivation of energy consumption expres-
initial step towards such an integrated design of virtualons for the complete system. The test-bed used to
MIMO based wireless sensor systems. In particular, vemalyze the energy-efficiency of the proposed scheme
integrate distributed coding and adaptive signal processtd the experimental results are given in Section III.
ing with V-MIMO architecture. Finally Section IV summarizes the conclusions of this
Our approach to energy efficiency in wireless sensaork and presents possible future work.
networks is based on the assumption that the data from
. I . . [l. INTEGRATED DESIGN OFV-STBC AND
different sensors exhibit spatio-temporal correlations.
A scheme exploiting the redundancy caused by thesDeISTRIBUTED COMPRESSION FOR WIRELESS SENSOR
; : NETWORKS
inherent correlations to compress sensor data before
transmission was proposed in [18]. This scheme cén System model
be applied to network models having two types of Consider a wireless sensor network consisting of low-
nodes: a data gathering node (DGN) and sensing end data collection sensor nodes and a high-end DGN.
data collection nodes, where the DGN is assumed The DGN collects and processes the data from all low-
be less energy-constrained relative to the sensing nodssd nodes, and also provides feedback to the sensors if
Thus, data gathering node performs most of the complegeded. Although several V-MIMO schemes have been
computations, based on which the sensors compress tpeaposed for sensor networks [12], [21], in this paper we
data before transmitting them to the DGN. In [18] andoncentrate on space-time block coding based commu-
[19], a Least Mean Squares (LMS) based correlatigncation [6]. In order to realize MIMO communications
tracking algorithm was proposed. However, an RL$a a sensor network, the sensor nodes should be able to
based adaptive algorithm can provide a much fastcommodate multiple antennas. But, the sensor nodes
rate of convergence and accurate estimation compapath be of small dimensions making it difficult to employ
to LMS leading to better compression rates resultimgultiple antennas. Thus, in [21], [22] sensor cooperation
in fewer decoding errors and increased energy savirigsintroduced to achieve the so-calledrtual MIMO
[20]. Since DGN is assumed to have no (or at leasbmmunications
less) energy constraint, it is reasonable to assume that iConsider a set of sensors in a network that has data
can support the somewhat increased complexity of Rii& be transmitted to the DGN. A group of nodes that are
algorithm. close to each other forms a cluster as in Fig. 1. Each node
We demonstrate that with a judicious integration aissociates itself with at least one pre-determined cluster.
such distributed compression techniques with the YAformation sharing among sensor nodes within a cluster
MIMO architecture, both the number of required trangealled local communication) is required for a cluster



coding of sensor data from a particular cluster to the
DGN. Note that unlike sensor nodes, the DGN may be
able to accommodate multiple antennas. This assumption
allows us to achieve true MIMO capability with local
communications only on the transmitter side inside a
cluster and creating a set of virtual dual antenna array
systems in the network. Transmission of STBC sensor
data from a virtual antenna array to the DGN is known
as long-haul communication (Figure 2 shows both local

)
wﬁf Complex and long-haul communication process).
Circuitry For
Signal Processing @

For convenience, consider a network with each cluster
@T having two sensor nodes and a DGN. Let one of the
sensors (reference sensor) always send its data uncoded
or compressed with respect to its past readings. The other
sensor can then compress its data with respect to its
Fig. 1. Sensor Cluster Formation and Encoding Information Trangast readings and that of the reference sensor’s readings,
mission by DGN based on the sensor correlation information provided by
DGN as in Fig. 1. Thus, each sensor can compress
Sensor Cluster its data without any inter-sensor communication. But
for a cluster to act as a multiple antenna unit, inter-
— sensor communication inside the cluster is necessary

e after compression of the original data. Though, after
Y local communication each sensor of a cluster has data

Sensor Clusters

Data Gathering Node

from other sensors, it cannot (and does not need to)
Yl : . .
free? determine the correlation structure required for data
compression since the data shared is already compressed
Virtual Multiple Complex using the side information from the DGN.
Antenna System | o eain % The DGN collects the information from a cluster
' and computes the data correlations, based on which
' sensors compress their data. We assume that each sensor
{—> Local Communication Data Gathering Node  of g cluster receives the encoding information from
— Longhaul Communication DGN periodically everyTg.. time period. Each sensor
compresses all samples within the entire period gf.
Fig. 2. Local and Long-haul Communications (which we denote bWpg,.) and then combines them into
a single stream before the local communication. Thus,
during correlation tracking the local communications
to form a virtual multiple antenna system where eacitre performed once in evet¥z.. time period. As the
sensor node acts as an antenna element of a central@ggbding information of each sensor is broadcasted by
antenna array, which can be seen in Fig. 2. The logdk DGN, every node has knowledge of the encoding
communication within the cluster can be implementeghformation of all the other sensors in the cluster. As the
for example, using time division multiplexing. Receivelocal communications are performed with compressed
side (DGN side) inter-sensor communications can alg@ta, the transmission requirements are reduced.
be implemented if the DGN may be able to accommodatepifferent digital modulation schemes can be used for
only one or two antennas to utilize the MIMO capabilitypoth local and long-haul communications. Note that,
The proposed communication strategy of [13] can kgth the assumed M-QAM modulation it may be re-
performed in sensor networks where one sensor clusigiired to add few extra bits (called don't-care bits) to
to another sensor cluster communication or sensor clustes information bit stream to make the total number of
- DGN communication is necessary, of course at the cafits for modulation divisible by ( = log, M). If M-
of relaying transmission. QAM is used for local communication, each sensor node
This virtual multiple antenna system enables STBE€an retrieve the originally transmitted information after




demodulation, simply by removing the extra don't-care Longhaul Communication
bits. The number of don’t-care bitsV) added will 2 X 2 MIMO

depend on the corresponding encoding information of a ()
particular sensor. Note that, if transmission is performed 2
at each and every sample instant, the don’t-care bits neey
to be added every time. But, if a block transmission is ! |

done once ever{'g.., as proposed here, the number o T @ ()| .

don’t-care bits to be added is relatively small compare J k
i1.2)

to the total number of bits in a stream thereby reduci
Received= fij, "

Antenna 1 £(2,1)
Received= h,}

the extra energy consumption.

Adaptive Correlation Tracking
At DGN

Virtual Multiple
Antenna Unit

After local communications, each sensor demodulaté
the received data symbols broadcasted by other senso
of the cluster and combines them to form a single stream
of data. Therefore sensors in a cluster act as antenna
elements of a multiple transmitting antenna system. As-
suming that the data streams available to all the antenna Fig. 3. Example of a Two-Sensor Cluster and DGN
elements are the same, STBC is implemented for long-

haul communication. Let us denote bij) the symbol - .
. K to demonstrate the realistic performance gains of the
stream of thej-th sensor and for simplicity assume
roposed system.

that Ny = 2 (N, is the number of sensors within ap In this paper, we consider an AWGN channel for

cluster). After the local communication inside the clustelrOcal communications and two-sensor clusters and a

thle two f“;‘}'es have foIIowin92 symbpl132 at time: (i) DGN with either one or two antenna elements and
b,(c)andbl(c’)atnodel(ii)b,(c)andb,(c’)atnodez,R leiah fading ch | for lona-haul i
56 i< the estimate of¢) at nodes. Then. e 2 eigh fading channel for long-haul communications.
whereb;™ " is the estimate ob;~ at nodej’. Then, the \ith apove assumptions, eitherx 1 or 2 x 2 virtual
space-time block coding scheme (the Alamouti schemglyo systems are formed for long-haul communication
is implemented as folllc))ws: A(\E) the first time instanfynich can be generalized &, x Nz multiple antenna
nodes 1 and 2 transrrﬂfc andb,”, respectively. At the systems, withlV, sensors per cluster aniz antenna

second time instant nodes 1 and 2 transm@,f’l)) elements at the DGN. Since number of sensors per
cluster is assumed to &%, = 2, the space-time block

£(1,2) * . .
and { by respectively (see Fig. 3). Of course erro(r:oding scheme used in this paper is the Alamouti scheme

propagation will occur if any errors occurred during th@n

Antenna 2

[

I | S Y h . Receiver side local communications can also be
ocal communications. However, one can ensure that sidered so that instead of a DGN, another sensor

error rate during the local communications is below @ster can receive the sensor data acting as a virtual
certain level by judicial choice of system parametets, .aiver antenna array [12]

(note that the clusters have a very small radius so

that the transmission power required to ensure a goBe Energy consumption computation

error rate can be relatively small). Figure 3 illustrates The two main components of power consumption
the steps involved in the implementation of V-STBGlong a signal path are power consumed by all power am-
communications (local and long-haul) for2ax 2 V- pilifiers (Pp4) and power consumed by the circuit blocks
MIMO case along with distributed compression after thg?,) [12], [21]. The Pp, term can be approximated as
reception of encoding information from DGN. [12]:

In [21] M-QAM constellation optimization with re- Ppy = (14 a)Pou (1)
spect to transmission distance was also performed t . : , -
improve the system efficiency. We may also consid erea = §/n — 1 W'j[h " bemg the drain efficiency
such optimum rates in our system in order to further irr‘f’-f Fhe RF power amphf!er and is the peal;\;fto;\a}\gﬁge
prove the energy efficiency. However, distant-dependefti0 (PAR). If M-QAM is used, therg = 3757
variable-rate communication may not be realistic in [2]. The transmit power,,, can be calculated as
low-power wireless sensor network. Thus, in our nu- (47)% d* M,

Ny -
merical results we consider fixed-rate M-QAM systems Pout Ep Iy, (2)



where d is the transmission distance, is the signal the active filters at the transmitter side and the frequency
attenuation parametery; and GG, are the transmitter synthesizer, respectively. Similarly, the circuit power
and receiver antenna gains respectivalys the carrier consumption during the reception of the broadcasted data
wavelength, A/, is the link margin, N¢-receiver noise from other sensors of the cluster is

figure, E-average energy per bit required for a given bit-

error-rate (BER) specification an, is the system bit P& =~

rate. The receiver noise figurg, is given by Ny = %

whereN,. is the power spectral density (PSD) of the tot

Poynth + PLNA + Pz + Prra + Prir + Pap&l)

here Prya, Prra, Prar and P4pc are the powers
onsumed by Low Noise Amplifier (LNA), the interme-

effective noise at the receiver input ang is the single- diate frequency amplifier (IFA), the active filters at the

sided thermal noise PSD at the room temperature.
may computeF, using the standard expressions given

in [21]. Under an AWGN channel fdr (with (M = 2%))
even and> 2,

_ 2

Py b
b71 .(3)
1(1- %)

2b

for a fixed average bit error ratg; . Whenb is odd £,
can be approximated by dropping the te<m— L) in

V2o
the denominator of the argument of inver@efunction

in (3).

— M —1)N,
5 - M-

-1
3b @

eiver side and the A/D converter (ADC), respectively.
The total energy consumption per bit for local com-
munication can then be estimated as:

oc Locry Locra
EtLocal _ PPA(L )+Pé' T)+(Né_1)xpé Rf;

Rb(Loc) \=

where R,(L°) is the bit rate for local communication.
In this casePpa L) is computed from (1) wheré&, is
computed using (3) since the local channel is assumed
to be AWGN and withd = dy... Note that,d,. is the
distance between any pair of sensors in a cluster.

As DGN is not energy constrained the total circuit

For a2 x 1 Alamouti MISO system, with the as-energy consumption of a cluster during long-haul com-
sumptions of a Rayleigh fading channel and BPSRunication can be given as

modulation,E}, can be computed by inverting,

_ 1

2
1 1
TR (RS
VIt @, VIt B,

for a fixed P,. The bit error rate of an M-ary QAM STBC
base® x Nz MIMO system with a square constellation

(i.e. b is even) is given by, fob > 2, [21]

_ 4 1 1

2Ng
1
(1 - - ) x (5)
Y 1+ Ey /2N,
2Np—1 ’

k
1 /(2N —1+k 1
D Gl I FIFEN——
2k k 14+ —L
k=0 \/ E,/2N,

Whenb > 2 is odd, we will use (5) after dropping
) as an upper-bound for the BERC System Training for D|Str|but3d Compl‘eSSion

Thus, again by inverting the above equatibp can be

the term (1 — 51>

computed for a fixedP,.

PéLOnQ) ~ (PDAC + me: + Pfilt + Psynth) X NS (9)

where N, is the number of sensor nodes in a cluster.

For long-haul communication, the total energy con-
sumption per bit for a cluster is approximated as
PPA(Long) —I-PéLong)

- . (10)

Long
Et Rb(Long)

where R, (Lo9) is the bit rate for long-haul communica-
tion. Again herePp 4“9 is computed from (1) with

d = drong, Wheredy.,, is the distance between the
cluster and the DGN. Since the long-haul communication
channel is assumed to be Rayleigh, thBp can be
computed using either (4) or (5). We assume that the
DGN has perfect knowledge of the channel coefficients.

Before starting real-time data compression the DGN
needs to initialize the existing correlation structure

The power consumption in all the circuit blocks of @among sensor data so that it can predict future sensor
sensor to broadcast the data during local communicatioeadings. Thus, during the initial training peridd,,. un-

within the cluster can be computed as

PéLocn-) ~ Ppac + Pniz + Pfilt + Psynth (6)

coded sensor data samples from each sensor are collected
by the DGN. When the system is under training the DGN
computes the prediction, or side information, of sensor

where Ppac, Prmiz, Prit, Psyntn, @re the power con- j as a linear combination of the past readings of sensor
sumption values for the D/A converter (DAC), the mixer; along with the current readings of already decoded



sensors available at the DGN as follows (Note that, herderen is the bits per sample without compression. At
we have assumed that sensors are ordered accordinthéoend of the training period, the DGN initializes the
the order they are decoded, starting with the referengeediction error variance as:
sSensor). IfX,i]) is the reading of the sensgrat timek,

N
then the prediction forX,iJ) can be computed at DGN ogm =% ! : Z \e;”y? (16)
as: i r e

D. Correlation Tracking

j—1 M
v = JZ o X+ 3" XD = 0T (k)2 (k) (11)  The distributed compression algorithm requires an un-
=1 =t derlying codebook which supports multiple compression
whereafj)'s andﬁz.(j)’s are the weighting coefficients andrates and common to both DGN and each of the sensor as
we have defined, in [18]. Using this codebook a sensor need to use only
i(k,7) bits (wherei(k,j) is the encoding information
from DGN to sensoy at timek) to represent its reading
Om = (xM xP o xPTY XD, XD, XD, )T. instead of the: bits produced by an-bit A/D converter
wherei(k, j) < n. The decoding errors will not occur if

Note that, in numerical results, we considered the sige o . -
( Y , L . ﬂ1e predlctlonYk(”) and the actual readlngf,g’) are no
information as a linear combination of the past readmg&

: . rther thar2?(%))~1 A apart whereA is the quantization
of sensorj and current reading of only the reference

sensor since each cluster has only two sensors) {gp of A/ID converter.
. . y ' q’hus, if the actual reading and the prediction are not
prediction error is ;

more than2!*/)~1A apart, thenX,ff) will be decoded
el(j) — X,gj) —Yk(j) — X]gj) —Q(j)(k)Té(j)(k)_ (12) correctly. Using the Chebyshev's inequality the proba-
bility of decoding error can be bounded as

00 = (o af) . o, g0 g0 . g9 )

In this paper, we propose to updat€’ (k) for each

i i i . . L )
k using the following RLS algorithm: | P eg) > 21(’%1)—1A] < . 2 .,
00 = 09 (k+1) = 09(k) + gk + 1) €], (13) (Za)
Whereg(j)(k+ 1) is the gain vector defined as where the prediction erroe,(g) is assumed to have a
- distribution with zero mean and varianeé(j). We can
AU RO (&) 20 (k + 1) set the probability of decoding error to be less than a

(7) — .
gV (k+1) = L+ A1 20Tk +1) (RO(k) L 20 (k _Ell) given value
with A being the exponential weighting factor of the RLS —

e

algorithm. Note that, although RLS algorithm increases (2i(kvj)—1A)2'

computational load at the DGN, compared to previousfy,y the required encoding information can be computed

proposed LMS updating, since DGN is assumed to h

no energy constraints we believe this is justifiable [20]. )
During initial system training all sensors share their o 1 T

data with other sensors inside a cluster via local com- ik,j) = 5 108y A2P,

munications. Each sensor combines the data of all the

samples forVy, period and then broadcasts the combined At each time instank, a filtered estimate of?, can

information during local communication. Once, eacBhe obtained as x

sensor hasN;. samples from all the sensors in the ) ) (2

cluster it acts as an antenna element of the so formed T = (1- ’V)Ueggl +a(eg’) (18)

multiple antenna system. Then STBC is implemented fWhereO <~ < 1 is aforgetting factor[23].

transmitting data from the cluster to the DGN. Thus, the The i(7-c,j)_

total energy required for training by aN, sensor nodes

of a cluster is

2
g%
egf)

+1. (17)

-bit stream transmitted by a sensor rep-
resents the information needed by the DGN in order
to decode the actual sensor reading with the help of
codebook [18]. At each sample instakt the DGN
ETT = (EFecal 4 BLoM9) i x N, x Ny, (15) broadcasts encoding informatiaifk, ) of all sensor



nodes of a cluster. Sincgk, j) < n, this requires using
a maximum ofN; x log,(n) bits. If L is the total number r—1 ({ N.

of samples collected from each sensor of a cluster alNdc’ ZO NRec;i(P NRec + Ner +1,5)
r is the number of times a cluster receives encoding . ]7
information updates from the DGN during correlation Therefore, the total extra energy spent on don't care

mod log, M) . (25)

tracking, then we have that, bits is,
EEIt'ra — EtLocal x NlDogzl + EtLO’ng x Ngg'g' (26)
L = Ny 41 X Npee. (19)
Thus, -
E. Energy Efficiency of the Complete System
L — Ntr

r=———-. (20) The total energy consumed by the proposed V-MIMO-

based system in collecting all samples from all the
The overall energy consumption from all sensors gensors of a cluster can be computed as

a cluster in receiving this encoding information can be plotal _ pTr | pRe | pComp | pExtra (27)

computed as (since we are only concerned by the energy ’

spent by the data collection sensors), To compute the energy efficiency of the proposed system

r x PR x logy(n) x (N2) with respect to three different reference systems. First,

Efe = Tong ) (21) is a system where all sensors send their readings to the
R, DGN uncompressed (i.e., SISO with no compression).
where, In this case, the total energy consumption of the system

is given by,
P % Pyynin + Puna + Prmiz + Prea + Pray + Pape. (22)  pRefl _ [ EtSISO x N, x (n 4 n mod log, M) . (28)

where E 159 is computed using (1) and (6) as
We assume that local and long-haul communications
are also performed times, once in everyl'’z.. time EtSISO — Ppa
period during correlation tracking. The total energy R,(S159)
consumption for transmission of compressed readings\mereRb(SISO) is the bit rate. In this cas@p 4(5750)
all the sensors of a cluster to the DGN is then given by computed as in (2) witd = dy,,,, and [21],

(SISO) PéLocTz)

(29)

( I ) Ng r—1 NRec(p+1)+Nir ) 1
EComp — EtLocal +Et ong Z Z Z(k7j) B _
§=1Pp=0k=Npgecp+Ner+1 B, = 2(M-1) No 1— __hb —11(30)
Ny L 3b 2 (1 _ L)
= (Efocal + EtLO”g) SN k). (23) Va2t
§=1k=Nep+1

The second reference system is one in which all sen-

As the sensors combine the data of all the samplessiars send their readings using the proposed distributed
eachTr.. period before long-haul communication th&€ompression technique but with no virtual transmitter or
number of don’t care bits need to be added for M-QANEceiver diversity incorporated (i.e., SISO with compres-
modulation at each transmitting antenna element redusésn). In this case, the overall energy expenditure of the
resulting in increased energy savings. The number gfstem can be given as
don’t care bits required by a sensor for local communi-
cation during correlation tracking can be computed asphef2 _ peomp | pSISO (N, x n x N, + NSL©) | (31)

N. r—1 where
Ng’éal = Z Z [NRec ’i(p NRec + Ntr + 17j)} mod 10g2 M (24) L Ns
1 —1 p=0
o ECom = EFISO 5 N N Ni(k,g). (32)

Note that extra energy needs to be spent for transmit- k=Ner+1 j=1

ting these don'’t care bits. Similarlwg’gg for long-haul The number of don't care bitgvggSO in this case
communications can be computed as: is computed exactly as in (24). Here we also assume
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that sensors combine th€g.. samples after each time
sensors receive the encoding information from the DGN. . .

Finally, we consider a reference system having virtug'oSenVe- = 65 and Ng.. = 20 in all computations.
multiple antenna clusters with no distributed compreMoreover, a perfect feed back is assumed when the DGN

sion (i.e., V\MIMO with no compression). The totaiS€Nds the encoding information to the sensor nodes.
energy consumption of this system can be given as All power-cqnsumptlon parameter values are the same
as in [12]; i.e., we have assumd@,;; = 30.3 mW,

Pfilt = 2.5 mW, Pfilr = 2.5 mW, Prya = 20 mW,
Psynth =50 mW, M; = 40 dB, Nf =10dB, G;G, =5
dBi andn = 0.35.

We define the energy efficienayz of the proposed  First, assuming a single antenna element at DGN and
scheme with respect to any of the above referenggo-sensor clusters2(x 1 V-MISO) STBC is imple-

ERef3 — (plocal 4 BFO"9) x Ny x L x (n+n mod logy M). (33)

systems as mented.
FRef _ pTotal Figure 4 shows the overall energy consumption per
npftel = ey % 100%. (34) information bit of the considered schemes with rate-

optimized M-QAM for long-haul communication. Note
that, the rate-optimized system pre-computes the opti-
The simulation test bed we considered is a networkal constellation size that results in minimum per bit
with 1 DGN and two clusters, each with a pair oénergy consumption for each transmission distance. In
equi-distant sensors. One of the 4 sensors always deitg. 4, 16-QAM based local transmissions and a very
as a reference sensor. We fix the local communicationnservativex = 2 path loss exponent are assumed
distanced;,. (distance among the sensor nodes of affig4]. It can be observed from Fig. 4 that the proposed
cluster) to 10 meters in all simulations. Simulations aseheme outperforms SISO without compression scheme
performed for the same sensor data sets of humidity aaftler ~ 25 meters, and SISO with compression scheme
temperature that were used in [18] over 4000 samplaier ~ 125 meters. At distances below 125 meters,
for each sensor. A 12-bit A/D converter with a dynamithe energy consumption of the proposed scheme almost
range of [-128,128] is assumed for both data sets. Aflatches that of SISO with compression scheme. Hence
wireless communications are assumed to be perforntbé proposed scheme with rate optimization can be used
using M-QAM modulation. AWGN and Rayleigh chanfor all the transmission distances without considerable
nels are assumed for local and long-haul communicatidess in energy savings fat;,,, < 125 meters and with
respectively in all performance simulations. We hawsgnificant energy savings felr.,, > 125 meters.

Ill. EXPERIMENTAL RESULTS
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But optimal variable-rate M-QAM requires complexrates the performance of the above schemes with path
circuitry at sensor nodes making it unsuitable for loWoss exponent. = 3.5 and s = 3, assuming fixed-rate
power wireless sensor networks. In order to overcorf@mmunication. As before again 16-QAM is considered
this we propose to use sub-optimal, fixed rate M-QAN®r local communications. Figure 6 shows that proposed
for both local and long-haul communications. Accordscheme with fixed-rate 4-QAM, for example, can provide
ingly Fig. 5 shows the per bit energy consumptioBNOrmous energy savings over a SISO-based system even
for proposed scheme with 4-QAM and 16-QAM foifor few tens of meters whem > 3. This makes the
long-haul communications and SISO with BPSK (alseroposed virtual MIMO-based wireless sensor network
using compression). Note that 16-QAM is used for loc&lesign a good candidate in practice. Figure 7 shows the
communication in the proposed scheme. We note th@@rformance of & x 2 V-MIMO system withx = 3.
the proposed scheme can be used with 16-QAM for disigure 7 also assumes fixed rate proposed schemes as
tances below 170 meters, while the 4-QAM modulatiopefore.
can be employed for distances beyond. Such a dual-ratdable | shows the energy efficiency of the proposed
system seems to provide almost the same performaseieme for a fixed 16-QAM2 x 1 V-MIMO system
as that of the proposed scheme with optimal variabléth respect to the reference systems considered. (Note
rates shown in Fig. 4. An alternative for applicationthat, ng', nz® and 7g® represents the efficiency with
requiring the usage of a fixed-rate modulation is t®spect to SISO-without compression, SISO-with com-
employ 4-QAM for all transmission distances if longpression and V-MIMO without compression systems,
haul communications distance is larger than 170 metefgspectively).

However, so far we have been conservative in taking
path loss exponenk = 2. While k = 2 corresponds
to free space propagation, near earth propagation enFrom the above numerical results it can be concluded
countered in wireless communications may correspotitht the overall energy consumption of the proposed V-
to much larger path loss exponents. In particular usuaMiIMO based distributed compression scheme can be
3 < k < 6 [24]. As we will see below, with such much less than that of a corresponding SISO-based
realistic values ofx, the proposed integrated systemsystem even for transmission distances of few tens of
with V-MIMO outperforms corresponding SISO systemmeters in realistic wireless channels. The performance
even for very small long-haul communication distanagain of the proposed scheme improves with increasing
between the DGN and a sensor cluster. Figure 6 illusignal path loss exponent of the channel. Moreover,

IV. CONCLUSIONS



TABLE |
ENERGY EFFICIENCIES(IN %) OF THE PROPOSEDSCHEME WITH RESPECTTO DIFFERENTREFERENCESYSTEMS (2 X 1 VIRTUAL
STBC, AXED-RATE 16-QAM, k = 3)

d(m) |10 14 20 24 28 |31 |35 |40 |45 [50 [60 |70

- 246 | 4367 |73.11 |81.63 |86.34| 88.55| 90.48| 91.96| 92.87| 93.45| 94.12| 94.46
nE> -132.02 | -35.46 | 34.81 |55.36 | 66.78| 72.13| 76.82 | 80.42 | 82.62| 84.05| 85.67 | 86.51
ne 57.66 |57.68 |57.73 |57.77 |57.81|57.84| 57.89| 57.93| 57.97| 58.00| 58.04 | 58.06

as we showed with numerical results above, even wit®]
fixed-rate systems the proposed V-MIMO based scheme
can provide significant performance improvements.

For this work, we have assumed that the DGN hagy
a perfect knowledge of channel coefficients and hence
channel estimation is not considered. It is also assumed

that the sensors and the DGN are synchronous with edth

other. In future, we will be considering methods for
efficient channel estimation and synchronization suitable
for wireless sensor networks of the type considered hetl
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