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Abstract

Cooperative communications have been proposed to exploit the spatial diversity gains inherent in multi-

user wireless systems without the need of multiple antennasat each node. This is achieved by having

the users relay each others messages and, thus, forming multiple transmission paths to the destination. In

resource constrained networks, such as wireless sensor networks, the advantages of cooperation can be further

exploited by optimally allocating the energy and bandwidthresources among users based on the available

channel state information (CSI) at each node. In the first part of this article, we provide a tutorial survey

on various power allocation strategies for cooperative networks based on different cooperation strategies,

optimizing criteria and CSI assumptions. In the second part, we show the close relation between cooperative

communication networks and several sensor network applications due to the cooperative nature of the sensors.

These applications include distributed detection/estimation and data gathering. We show that the techniques

developed in cooperative communications can be used to solve many sensor network problems.

I. INTRODUCTION

Emerging wireless applications such as sensor and wirelessmesh networks have an increasing demand

for small and low cost devices that are densely deployed overa wide area. The limited battery-lifetime of

devices and the scarce bandwidth shared by a large number of users often hinder the development of these

systems. Therefore, many research efforts have been made tomaximize the system performance under the

respective resource constraints. However, the effectiveness of these solutions could be limited by the uneven

resource distribution or the diverse channel quality amongusers, which is especially true in highly dynamic

and/or hostile environments. Interestingly, some of theseissues can be alleviated or resolved if users are

willing to share their local resources and cooperate in transmitting each other’s messages. This is the essence

of cooperative communications [c.f. Section II].
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Cooperative communications [1]–[4] exploit the spatial diversity inherent in multiuser systems by allowing

users with diverse channel qualities to cooperate and relayeach other’s messages to the destination. Each

transmitted message is passed through multiple independent relay paths and, thus, the probability that the

message fails to reach the destination is significantly reduced. Without knowing the channel conditions or

the amount of resources available, each user is given a fair opportunity of utilizing the cooperative relaying

channel. However, if the channel state information (CSI) isavailable to the users, one can redistribute the

resource usage or traffic load to improve the communication efficiency. Based on different network topologies

and cooperation methods, optimal resource allocation policies can be derived under various performance

criteria and system constraints to achieve significant performance gains [c.f. Section III].

In conventional multiuser systems, it is often assumed thatusers are independent of each other and, thus,

competing for the channel resources. While resource allocation and user cooperation enable efficient usage

of resources in the short term, the long term fairness among users should also be considered. However,

this independence assumption falls short in sensor networks, where users are coordinated to achieve one

common application and the transmitted data is often highlyredundant due to the spatial correlation among

local observations. In this setting, resources should be allocated to maximize the application goal, such as

the detection performance or the network lifetime, while fairness among users may become a lower priority.

The knowledge of application characteristics or data statistics can be exploited to improve communication

efficiency. In fact, many sensor network models show great similarities with cooperative communication

systems, as detailed in Section IV. This observation motivates the use of available cooperation methods to

reduce the communication cost in sensor network applications. Specifically, instead of having users compete

for channel usage, we show that resources can be utilized more efficiently by allowing sensors with highly

correlated data to cooperate and transmit simultaneously in the same channel or time slot. The advantages

of cooperation in resource constrained wireless networks are elaborated in Sections III and IV.

II. BASIC CONCEPTS OFCOOPERATIVE COMMUNICATIONS

The termcooperative communications [1]–[4] typically refers to a system where users share and coordinate

their resources to enhance the transmission quality. This idea is particularly attractive in wireless environments

due to the diverse channel quality and the limited energy andbandwidth resources. With cooperation, users
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Fig. 1. A three-node cooperative network model.

that experience a deep fade in their link towards the destination can utilize quality channels provided by

their partners to achieve the desired quality of service (QoS). This is also known as the spatial diversity

gain, which is similarly achieved in Multiple-Input-Multiple-Output (MIMO) wireless systems.

Two features differentiate cooperative transmission schemes from conventional non-cooperative systems:

1) the use of multiple users’ resources to transmit the data of a single source; and 2) a proper combination

of signals from multiple cooperating users at the destination. A canonical example is shown in Fig. 1, where

we have two users transmitting their local messages to the destination over independent fading channels.

Suppose that the transmission fails when the channel entersa deep fade,i.e., when the signal-to-noise ratio

(SNR) of the received signal falls below a certain threshold, as indicated with the grey region in Fig. 1. If

the two users cooperate by relaying each others’ messages and the inter-user channel is sufficiently reliable,

the communication outage occurs only when both users experience poor channels simultaneously.

Most cooperation strategies involve two phases: the coordination phase and the cooperative transmission

phase. Coordination is needed in these systems since antennas are not located at a single terminal as in a

MIMO system. This may result in system inefficiency, but the cost is often compensated by a significant

diversity gain at high SNR. Coordination can be achieved by direct inter-user communication or by the use of

feedback from the destination. Based on the information obtained through coordination, cooperating partners

compute and transmit messages so as to reduce the transmission cost or enhance the detection performance

at the receiver in the second phase.

Many cooperation techniques have been proposed based on theconcept of relaying [5]. Some of these

methods are Decode-and-Forward (DF), Amplify-and-Forward (AF) [2], Coded Cooperation [4], Compress-

and-Forward (CF) [6],etc, most of which adopt either maximal ratio combining or selective combining at
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the destination. At each time instance, one user acts as the source node while the other user serves as the

relay node as shown in Fig. 1. Each user has the right to serve as the source node in a typical cooperative

system. At first, the source,e.g. user1, broadcasts its message to both the relay node and the destination.

If the relay node employs the DF scheme, it will decode and regenerate a new message to the destination

subsequently. When the regenerated message is encoded to provide additional error protection to the original

message, it is also referred to as coded cooperation. At the destination, signals from both the source and the

relay paths are then combined for detection. If the AF schemeis employed, the relay node simply amplifies

the received signal and forwards it directly to the destination without decoding the message. In the CF

schemes, the relay node retransmits a quantized or compressed version of the received message, exploiting

the statistical dependencies between the message receivedat the relay and that received at the destination.

Among these strategies, DF and AF are the most popular ones due to their simplicity and intuitive designs.

The advantages of relay cooperation often rely on sufficiently reliable inter-user channels. For example, in

the DF scheme, a node is able to relay the message only if it is able to receive from the source reliably while,

in the AF scheme, the quality of the relayed signal is limitedby the quality of the source-relay link since

both the signal and noise are amplified at relays. Therefore,relays should be adopted only if the source-relay

channel is sufficiently reliable. This observation leads tothe selective relaying (SR) [2] cooperation scheme

where relays are selected to retransmit the source message only if the quality of the transmission over the

inter-user channel meets a certain criterion.

The cooperative communication schemes described above canbe readily extended to a large network,

as shown in Fig. 2, whereS is the source node,D is the destination node, andR1, · · · , RN are the relay

nodes. The relay nodes form a distributed antenna array thatrelays the messages from the source to the

destination. With space-time encoding at the relays, a spatial diversity gain that is proportional to the number

of relays [7] can be achieved. Hence, for a given QoS requirement (e.g. a target received SNR or bit error

rate), the total transmit power decreases with the number ofrelays, thus achieving energy efficiency. These

cooperation schemes can also be extended to multihop networks by concatenating multiple layers of the

simple relay networks shown in Figs. 1 and 2.

Many issues in cooperative communications still need to be addressed. Most existing work focus on

exploiting the diversity and multiplexing advantages in terms of the outage probability, the error rate, the
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Fig. 2. A dual-hop cooperative network.

capacity, the energy and bandwidth utilizationetc, which are often achieved through the use of distributed

space-time coding [7], error-correction coding [4], or adaptive modulation techniquesetc. Simple network

models are considered and strict synchronization among distributed users are often assumed, which are

difficult to achieve in practice. A major challenge lies in the design of asynchronous cooperation strategies,

e.g. [3], [8]. Furthermore, since cooperation involves the interaction between multiple users, the system

inevitably requires a cross-layered study between the physical layer and the medium access control (MAC)

or higher layers [9]. In the following, we focus on the advantages of cooperative communications in resource

constrained networks and show how the resource utilizationcan be made more efficient with power allocation

and by exploiting data dependencies.

III. POWER ALLOCATION METHODS

A review of power allocation methods under different network topologies, multiple access channels,

cooperation methods and CSI assumptions is given in this section. We first study the three-node topology

shown in Fig. 1, then the dual-hop topology shown in Fig. 2 andfinally a general multi-hop topology. When

the CSI is not known to the transmitter, the spatial diversity gain is achieved by allowing users to have a fair

share of each others’ resources. With the CSI knowledge, significant improvements in terms of BER, outage

probability or capacity can be attained by applying optimalpower allocation among cooperating nodes.

A. Three-Node Relay Networks

Consider the three-node relay network shown in Fig. 1. Without loss of generality, we let user 1 be the

source node (S) that intends to transmit a message to the destination (D) while user 2 serves as the relay
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node (R). In the first step, sourceS transmits symbolXS to both R and D. The received signals at the

relay and the destination can be expressed as

XR = hSR · XS + WR and XD1 = hSD · XS + WD1,

respectively, wherehSR andhSD are the channel coefficients for the S-R and the S-D links, andWR and

WD1 denote the additive channel noise. In the second step,R transmits symbolU = f(XR) as a function

of the received signalXR. Consequently, the signal received atD can be written as

XD2 = hRD · U + WD2 = hRD · f(XR) + WD2,

wherehRD is the channel coefficient between the R-D pair andWD2 is the additive channel noise.

In the following discussion,WR, WD1 and WD2 are assumed to bei.i.d. circularly symmetric additive

white Gaussian noise with varianceN0 = 1. The transmitted messagesXS and U have the variancesPS

andPR, respectively, which represents the power emitted by each node. The main objective is to determine

the optimal allocation ofPS and PR to maximize the QoS performance atD, subject to the total power

constraintPS + PR ≤ P0. The optimal power allocation scheme depends on specific QoSmeasures such as

the outage probability, capacity, SNR and BER. We consider cases with full and partial CSI separately.

Case I: Nodes with Full CSI

When full CSI is available toS, R and D (i.e., complex coefficientshSR, hSD, hRD are known), the

power emitted by each node can be redistributed to compensate for non-ideal channels. This problem has

been studied for both DF and AF cooperation schemes and theirsolutions depend on whether the direct

S-D link is taken into account (i.e., XD1 is combined withXD2 in signal detection). If bothXD1 andXD2

are combined for detection at the destination, it is referred to as the case with diversity. If onlyXD2 is

considered, it is the case without diversity, which reducesto a simple multi-hop relay problem.

We first examine the DF power allocation that maximizes the channel capacity. If there is no direct link

betweenS andD, it is evident that the capacity of the relay path is equal to the minimum of the S-R and

the R-D link capacity. Thus, the optimal power allocation becomes a standardmax-min problem [10],i.e.,

CDF,w/o diversity= max
{PS ,PR}

min

{

1

2
log(1 + |hSR|

2PS),
1

2
log(1 + |hRD|2PR)

}

.
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The solution must yield an equal capacity (or SNR) for both links,i.e., log
(

1+PS |hSR|
2
)

=log
(

1+PR|hRD|2
)

.

Hence, we havePS = P0
|hRD|2

|hSR|2+|hRD|2 andPR = P0
|hSR|2

|hSR|2+|hRD|2 [10].

If there is a direct link betweenS and D, more power should be allocated toS since its transmission

contributes to the direct path as well as to the relay path. Ifthe direct channel has better quality than the

S-R link or the R-D link, it is natural to allocate all power toS alone. An interesting scenario to justify

the DF scheme is considered in [2], whereR retransmits only when it correctly decodes the message and

D is said to receive a message successfully only when its transmissions through both paths are successful.

Under such a scenario, the power allocation problem can be formulated as

CDF,diversity= max
{PS ,PR}

min

{

1

2
log(1 + |hSR|

2PS),
1

2
log(1 + |hSD|2PS + |hRD|2PR)

}

,

and the capacity is maximized withPS = P0
|hRD|2

|hSR|2+|hRD|2−|hSD|2 andPR = P0
|hSR|2−|hSD|2

|hSR|2+|hRD|2−|hSD|2 [10]. As

expected, more power is allocated toS as compared to the case without diversity.

The optimal power allocation of the AF scheme with respect tothe end-to-end capacity can be derived

similarly. In the AF scheme,R does not decode the message but simply retransmits an amplified version of

the received signal. Since the signal transmitted byR will contain an amplified version of the noise along the

S-R link, both the noise variance,N0, and the total power,P0, play a role in power allocation. Specifically,

for the case without diversity, the ratio betweenPS andPR becomes [11]

PS

PR
=

√

|hRD|2P0 + N0

|hSR|2P0 + N0
.

With diversity, the power allocation problem exists only when the S-R link and the R-D link are sufficiently

good when compared with the S-D link. Otherwise, one should simply allocate all the power toS. When

power allocation is needed, a similar dependence onP0 andN0 is observed. For example, when|hSR| ≈

|hRD| and are both sufficiently larger than|hSD|, the ratio betweenPS andPR can be approximated as [11]

PS

PR
≈

|hSR|
2|hRD |2P0 + |hRD|2|hSD|2P0 + |hSD|2N0

|hSR|2|hRD|2P0 − |hSR|2|hSD|2P0 − |hSD|2N0
.

Example of Case I. Consider a three-node network whose relay node is located inthe middle ofS andD,

and its distance to both nodes isd = 1. All nodes have full knowledge of channel coefficientshSR, hRD

and hSD, which arei.i.d. circularly symmetric Gaussian random variables with zero mean and variances
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Fig. 3. Comparison of outage probabilities of AF and DF schemes in the three-node network with equal and optimal power

allocation.

σ2
SR = 1, σ2

RD = 1 andσ2
SD = 1/2α, whereα = 3 is the path loss coefficient. We would like to achieve

rateR = 1 at D under the total power constraintPS + PR = P0.

The outage probabilities of AF and DF schemes with diversityare compared in Fig. 3. For each scheme,

we plot results obtained from equal and optimal power allocation methods. Although the DF scheme achieves

higher capacity when averaged over channel realizations, it does not provide a good diversity gain since

the transmission depends on successful decoding atR. Therefore, the outage probability of the AF scheme

outperforms that of the DF scheme when the SNR value is sufficiently high. Besides, the optimal power

allocation scheme has a SNR gain of approximately 3dB over the equal power allocation method.

Case II: Nodes with Partial CSI

It is often difficult to have full CSI in a highly dynamic environment as described above, since all nodes

have to track the channel status continuously. To address this issue, power allocation strategies based on

partial CSI have been developed. For example, a power allocation strategy for the DF scheme was developed

in [12] based on the averaged channel gains,i.e., E[|hSR|
2] andE[|hRD|2], which are easier to obtain in

practice. The strategy proposed in [12] minimizes an upper bound of the symbol error rate (SER) forM -ary

modulations,e.g. M-QAM or M-PSK, which is shown to be near optimal at high SNR regimes. When

diversity combining is performed at the destination,D, the power allocation ratio is found to be [12]

PS

PR
=

1 +
√

1 + CE[|hRD|2]/E[|hSR|2]

2
> 1,

whereC is a positive constant that depends on the specific modulation used.

It is worthwhile to point out that more power is allocated toS since it contributes to both the direct
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and relay paths. Interestingly, the channel gain of the S-D link plays no role in the above power allocation

scheme. Furthermore, ifE[|hSR|
2] ≪ E[|hRD|2], all power should be allocated toS sinceR would not be

able to decode messages reliably. On the other hand, ifE[|hSR|
2] ≫ E[|hRD|2], the power should be equally

distributed betweenS andR. Under similar CSI assumptions, the power allocation for the AF scheme was

derived in [13], [14] with respect to the outage probability.

B. Dual-Hop Relay Networks

In the case of dual-hop relay networks shown in Fig. 2, power allocation becomes much more interesting

due to the increased degree of freedom as a result of more relay nodes. As shown in Fig 2, let us consider

N relay nodes, denoted byRk, k = 1, · · · , N , and lethSk andhkD denote the complex channel coefficients

from the sourceS to the relayRk and fromRk to destination nodeD, respectively. A two-stage cooperation

is adopted. That is,S broadcasts its message in the first stage and the set of relays{Rk, k = 1, · · · , N}

transmits simultaneously in the second stage. The transmitpowers ofS andRk are denoted byPS andPk,

respectively. The total power constraint is imposed on the summation of relay powers,i.e.,
∑N

k=1 Pk ≤ PR.

Since power allocation amongPS and PR can be determined using techniques derived in the previous

subsection, we focus on the power allocation among relay nodes in this subsection.

Case I: Full CSI at Relay and Destination Nodes

The system of multiple relay nodes in Fig. 2 can be viewed as a virtual antenna array that transmits noisy

versions of the source messages. When full CSI is known at therelays, a precoding technique similar to that

in MIMO systems can be used to compensate for both the channelgain and the phase rotation experienced

by the relays to achieve better detection performance. The optimal solution depends on the orthogonality of

the relay channels as discussed below.

For orthogonal relaying channels,D receivesN copies of the source symbol from the relay nodes with

no interference among each other. With knowledge of the exact channel coefficients, theN symbols can be

combined coherently atD to increase the received SNR. With the AF scheme, the capacity of the parallel

relay channel can be found as [15]

CAF,orthogonal =
1

2
log

(

1 +
N
∑

k=1

|hSk|
2|hkD|2PSPk

|hSk|2PS + |hkD|2Pk + 1

)

,
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and the capacity-maximizing power allocation strategy results in the following water-filling solution [15]

Pk = |hSk|2√
γk

(

1√
η − 1√

γk

)+
, where(a)+ = max(a, 0) andγk = |hSk|2|hkD|2

PS |hSk|2+1 . The valuePSPkγk is the power

of the signal component contributed by nodeRk and the Lagrange multiplier,η, is chosen to meet the total

power constraint of the relay nodes. Note that relay nodeRk is allowed to transmit if and only ifγk > η.

Power allocation for the DF scheme with orthogonal relay channels was derived in [7] to maximize the

capacity. Consider a set of relay nodes, denoted byRD, that is able to correctly decode the messages

transmitted byS. That is, for allk ∈ RD, the desired transmission rate is smaller than the capacityof the

S-Rk link. These relays decode and forward the messages toD, acting as multiple antennas on a single

terminal. In the wideband or the low SNR regime [16], the capacity can be approximated by

CDF,orthogonal ≈
1

2

∑

k∈RD

Pk|hkD|2, if Pk|hkD|2 ≪ 1.

Thus, it is converted to an equivalent problem that maximizes the sum of the SNR values from the set,

RD, of decodable relay nodes. The solution to the above optimization problem is to choose the relay node

amongRD with the best channel towardsD and allocate all the power to that node. This means that the

selective relaying scheme is optimal for the DF scheme with orthogonal relay channels.

Let us now consider the case of non-orthogonal channels. If the signals forwarded by the relay nodes

arrive simultaneously atD, the received signal atD can be written as

Z =

N
∑

k=1

hkDUk + WD,

whereWD is the AWGN with unit variance andN is the total number of relay nodes in the network. The

transmitted symbolUk = f(Xk) at relay nodeRk is a function of received signalXk and the specific

cooperation scheme. When the CSI is not known to relay nodes,signals arriving atD may be mixed

constructively or destructively due to different carrier phase shifts atD. On the other hand, if both the

amplitude and phase information of all channels are known tothe relay nodes, the phase shift effect can be

compensated and the signals can be added coherently atD with a beamforming technique.

For the AF scheme over non-orthogonal channels, relays can be viewed as multiple antennas with complex

gains applied to the output of each antenna,i.e., the transmitted symbol can be written asUk = wAF
k Xk.

When full CSI is available at the relays, the optimal beamforming factors were derived in [17] to optimize
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the received SNR. Specifically, the gain applied atRk is equal to

wAF
k = λAF

|hSk||hkD|

1 + PS |hSk|2 + Pk|hkD|2
·

h∗
Sk

|hSk|
·

h∗
kD

|hkD|
,

whereλAF is a constant used to meet the total power constraint,i.e.,
∑N

k=1 |w
AF
k |2(PS |hSk|

2 + 1) = PR,

and the transmit power allocated to nodeRk is equal toPk = λ2
AF

|hSk|2|hkD|2(PS |hSk|2+1)
(1+PS |hSk|2+Pk|hkD|2)2 .

Please note that the phase rotation along the S-Rk link and theRk-D link must be compensated bywAF
k

in the AF scheme. However, for the DF scheme, only the phase rotation along theRk-D link have to be

compensated since the decoding at the relay eliminates the effect of phase rotation along the S-Rk link. The

beamforming factors must take into account decoding errorsat relay nodes as proposed in [18]. When the

BPSK modulation is used, the optimal beamforming factor ofRk that maximizes the SNR atD becomes

wDF
k = λDF

(1 − 2pek
)h∗

kD

1 + 4PR|hkD|2pek
(1 − pek

)
,

wherepek
= Q(

√

2PS |hSk|2) is the error probability at nodeRk for BPSK. As pek
approaches0.5, the

power allocated toRk goes to zero. Similarly,λDF is chosen to satisfy the total power constraint.

Case II: Channel Gain Known to Relays and Full CSI at Destination

When the phase information is not available to the relays, itis difficult to compute the beamforming

gain accurately and a noncoherent combination of signals may result in random constructive or destructive

interference atD. To avoid the random interference among different relay nodes, we may allocate all power

to one relay as proposed in [19], [20]. It was shown in [20] that this selective relaying strategy is optimal in

minimizing the outage probability for the DF space-time-encoded scheme under the total power constraint.

Specifically, powerPR should be allocated to the node with

k∗
DF = arg max

k
min{PS |hSk|

2, PR|hkD|2}.

This scheme was also proposed for the AF scheme in [21]. This strategy achieves a diversity order ofN

while the equal power distribution method provides no diversity gain if space-time codes are not used. It was

shown in [19] that selective relaying achieves better throughput than the case of orthogonal channels even

with the optimal power allocation over sub-bands since the latter scheme requiresN times the bandwidth.

With selective relaying, power allocation strategies can be derived to maximize the lifetime of a wireless

sensor network, which is the longest time that the system remains operational. The power allocation strategy
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that maximizes the capacity or SER may not extend the networklifetime since these objective functions

do not take the residual battery energy of each relay node into account. To extend the network lifetime,

the selection strategyk∗ = arg maxk ek/Pk was used in [22], [23], whereek is the residual battery energy

at relayRk. With this strategy, the network lifetime can be extended considerably when compared to the

power allocation that depends only on the channel conditions.

Case III: Partial CSI at Relays and Full CSI at Destination

The power allocation strategies presented above were shownto offer significant performance gains under

the total power constraint. However, it is often difficult toobtain the instantaneous CSI for all links of

the system in practice. This problem is made even more challenging when the number of users increases.

To address this issue, power allocation strategies with less stringent assumptions on the CSI have been

proposed. Specifically, a power allocation strategy for theDF space-time-encoded scheme was derived in

[24] by assuming that relayRk knows only the instantaneous channel gain of the S-Rk link, i.e., |hSk|
2,

and the average channel gain of theRk-D link, i.e., E[|hkD|2]. Then, a near optimal solution that minimizes

the outage probability by selecting a set of relays and allocating them with an equal share of power was

developed. The set of selected relays isB = {k : PS |hSk|
2 > η,PRE[|hkD|2] > η}

⋃

{k : PS |hSk|
2 >

η,E[|hkD|2] > E[|hjD|2],∀j 6= k}, whereη is the SNR needed for reliable decoding.

With the same amount of channel information, the optimal power allocation strategy for the AF scheme

was derived in [25]. In this case, since instantaneous values of hkD, for all k, are not known to relays,

they cannot compensate for the phase rotation properly. Then, the best selection leads to the optimal power

allocation strategy. Specifically, it is optimal [25] to select the node with the highest SNR value that is

averaged over the channel gain between the relay and the destination. A near optimal solution is obtained

by approximating the SNR with the first-order Taylor’s expansion so that

k∗ = arg max
k

PSPR|hSk|
2E{|hkD|2}

1 + PS |hSk|2 + PRE{|hkD|2}
.

C. Multi-Hop Relay Networks

The cooperative transmission system can be extended to a multi-hop scenario by concatenating multiples

of the three-node or the dual-hop networks. Instead of restricting to the two-hop cooperation, signals fromM

hops away can be combined to enhance the detection at the destination. In conventional multi-hop systems,
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the received signals that contain insufficient energy for reliable detection are discarded,e.g. signals from

distant transmitters. On the contrary, with cooperation, the receiver may combine signals transmitted via

different relays, regardless of the signal strength, to enhance the detection performance or to reduce the

energy consumption. The gain in energy efficiency and the respective power allocation strategies have been

studied in [26], [27]. The challenge lies in the fact that, since a network could be deployed over a large

area, we can no longer assume that signals from all users arrive at the receiver simultaneously. Instead, we

should view this system as the transmission of a source signal through a multi-path fading channel generated

by asynchronous relays, which can be resolved by the RAKE receiver or some equalization technique, as

treated in [3], [8], [27]. The complexity of the optimal power allocation scheme increases exponentially with

the number of nodes in the network [27]. To control the complexity, scalable yet suboptimal solutions were

proposed and significant energy saving can still be observed.

IV. EXPLOITING DATA DEPENDENCIES INCOLLABORATIVE SENSORNETWORKS

Sensor networks provide a perfect example of resource constrained cooperative networks. In fact, in sensor

systems, users are often linked through a common application and cooperate to achieve a common task with

limited energy and bandwidth resources. In this section, wepoint out the connection between the cooperative

communication system and sensor networks, and give examples to show how the techniques developed from

the cooperative communication system can be used to solve several sensor network problems. Specifically,

we consider two applications: 1) decentralized detection and estimation and 2) data gathering of correlated

sources. There is a large amount of literature on this subject, and we only review methods in [28]–[31] to

provide examples to show this connection. We refer readers to [32] for more references on this topic.

A. Decentralized Detection and Estimation

A decentralized detection or estimation problem is illustrated in Fig. 4, whereN sensors (or users),

denoted byS1, S2, · · · , SN , collect observationsX1,X2, · · · ,XN , respectively, about the eventΘ. These

observations are governed by the conditional probabilityPX|Θ(X1, · · · ,XN |Θ) and the random variableΘ

is of the distributionπΘ. Based on local observations, each sensor transmits a signal through a Gaussian

multiple access channel to the destination node,D, where the global decision is made. Specifically, sensor
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Fig. 4. Decentralized detection and estimation.

Si transmits messageUi = fi(Xi) which is passed through the multiple access channel as shownin Fig.

4 and the decision̂Θ = g(Z) is made atD based on received signalZ =
∑

i Ui + W . Interestingly, the

model in Fig. 4 is almost identical to the dual-hop network inFig. 2 except that the source is replaced by

the eventΘ and the signals received at the relays are described by the probabilistic channelPX|Θ. Hence,

techniques learned from the cooperative communication literature can be easily extended to this scenario.

Consider the case where the estimated parameterΘ is Gaussian with zero-mean and varianceσ2
Θ. Suppose

that each sensor observes a version ofΘ through the AWGN channel and the observation at sensorSi can

be modeled asXi = Θ + Vi, where{Vi,∀i} are i.i.d. Gaussian with zero-mean and varianceσ2
V . Based on

its local observation, each sensor transmits a message toD, where the MMSE estimate is computed.

Consider an equivalent of the AF relaying scheme [33] where each sensor transmits an amplified version

of its observation through the Gaussian multiple access channel. To satisfy the individual power constraint

P/N , sensorSi transmits symbolUi =
√

P/N
σ2

Θ
+σ2

V

Xi and the following signal

Z =

√

NP

σ2
Θ + σ2

V

· Θ +

(
√

P/N

σ2
Θ + σ2

V

∑

i

Vi + W

)

is received atD. Then, the MMSE estimate iŝΘ = E[ΘZ]
E[Z2] Z and the MSE distortion is equal to

D(P ) =
σ2

Θσ2
V

N
1+(σ2

W
/σ2

V
)(σ2

Θ
+σ2

V
)/P + σ2

V

,

which increases asO(1/N) [33]. Note that the total power constraint
∑

i E[|Ui|
2] ≤ P is trivially satisfied

in this case. Even with optimal power allocation under the total power constraint, the scaling performance

remains the same asN goes to infinity. However, when sensors do not cooperate, they must compete for

the multiple access channel and the sum of transmission rates achieved must satisfy

Rtot =
∑

i

Ri ≤
1

2
log2

(

1 +
NP

σ2
W

)

,
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whereRi is the rate allowed by sensorSi. Even if distributed source coding is used to eliminate redundancy

among correlated sensors, the distortion still scales asO(1/ log N) [33]. Thus, a clear advantage in the

distortion performance is observed for the cooperative system.

The decentralized detection problem was studied in [34], where the data transmitted by sensors are viewed

as locally generated DF messages. Consider a binary hypothesis test whereΘ ∈ {0, 1}. To convey the

information ofΘ to D, each sensor (say sensorSi) decodes and retransmits messageUi = log
PXi|Θ

(Xi|Θ=1)
PXi|Θ

(Xi|Θ=0) ,

based on the knowledge of the local dataXi and the data statistics. Then,D receives the following signal

Z =
∑

i

γUi + W = γ log

∏

i PXi|Θ(Xi|Θ = 1)
∏

i PXi|Θ(Xi|Θ = 0)
+ W,

where γ is a scaling factor used to meet the total power constraintP . When the channel is noiseless,

the received signal is identical to the log-likelihood ratio of a centralized detection system, which is the

sufficient statistic of the detection problem. The centralized detection system refers to the case where the

optimal detection is made based on the perfect knowledge ofX1, · · · ,XN at the central terminal. The

scheme achieves the optimal centralized detection performance in the sense that the decrease of the error

probability asN increases (i.e., the error exponent) is consistent with the centralized system. When wireless

fading channels are considered, resource allocation can beapplied to improve the system efficiency.

Due to the similarities between the decentralized detection and the dual-hop relay network, we can adopt

similar techniques such as AF and DF schemes to achieve the cooperation among distributed sensors. The

data fusion process can be handled in the same way as the signal combination performed atD.

B. Data Gathering over Correlated Sources

In this section, we show how to use cooperative communications to facilitate data gathering among highly

correlated sensors. This problem is different from the original cooperative communication system since the

data at the sensors are not received explicitly from a commonsource but measured from the environment with

relations governed by the statistical correlation of the sensor field. Since the messages are not completely

identical, advanced strategies are required to resolve their differences.

We consider a set of sensors, denoted byS = {S1, S2, · · · , SN}, and the correlated dataX = [X1, · · · ,XN ],

whereXi denotes the data acquired by sensorSi. The goal is to obtain a reconstruction of the acquired
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(b) Group Testing

Fig. 5. Two data gathering techniques: (a) spatial samplingand (b) group testing.

sensor dataX at the destination subject to a distortion constraint. Withspatially correlated sensors, it is

likely that sensors within a close vicinity of each other would observe highly correlated data. Thus, separate

transmission of each sensor’s data will result in an unnecessary waste of resources. In the detection and

estimation problems mentioned previously, the sensors that observe from a single source can also be viewed

as sensors that observe highly correlated data. Although the goal and the measure of performance is different

for the data gathering application, the approach is similar. Specifically, instead of competing and causing

congestion as done in conventional networks, these highly correlated sensors should cooperate and share the

use of transmission channels to provide a more effective solution for data gathering.

Two data gathering techniques are shown in Fig. 5: the spatial sampling technique, that exploits the concept

of selective transmissions; and the group testing technique, which utilizes the simultaneous transmission

of highly correlated sensor groups. The efficiency of data gathering can be further improved with more

sophisticated coding techniques, which can be found in [35]. In the following, we discuss the spatial sampling

and group testing methods to demonstrate the effectivenessof the cooperative approach.

Spatial sampling [28], [36] employs the selective relaying(SR) technique proposed in the cooperative

communications literature. With this technique, a group ofcorrelated sensors share the transmission channel

by allocating only one sensor to transmit, serving as a representative of other sensors in the group. This

technique is applicable when the distortion constraint canbe met without gathering the data from all sensors

in the network. A specific data gathering protocol was proposed in [28] based on the spatial sampling

method. Given the distortion constraint and the correlation model of the sensors’ data, the system initially

computes a “correlation radius” to define groups of sensors that are sufficiently correlated to share the same

channel. Specifically, if two sensors lie within the correlation radius of each other, only one of the two

sensors will be selected to transmit. At the beginning of theprotocol, each sensor accesses the channel

with equal probability. Once a transmission has occurred, sensors in the vicinity of that node overhear the
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transmission and decide whether or not it should continue totransmit based on its relative position to the

transmitting node. The coordination between sensors is achieved through direct exchange of information

through the broadcast channel. As a result, only a portion ofsensors are transmitting to the destination as

shown in Fig. 5(a). When CSI is known at the sensors, the communication efficiency can be further improved

by allowing sensors with a better channel to transmit with a higher probability. This can be achieved in a

distributed manner through opportunistic carrier sensingas proposed in [36].

Selective transmission is shown to be energy efficient underloose distortion constraints. However, when

a smaller distortion is desired, the advantages of selective transmission may diminish since the number of

selected sensors tend to increase rapidly. In this case, an efficient method to resolve differences between

the data of cooperating users is needed. To resolve sensor data under strict distortion constraints, a group

testing strategy was proposed in [29], [37]. With the group testing technique, sensors with the same message

transmit simultaneously in the same time slot, which is similar to the DF or the AF relaying with one source

and multiple relays. Since only closely located users will be sufficiently correlated to cooperate, it will

require multiple group transmissions to obtain the entire data setX as illustrated in Fig. 5(b). When users

participating in a certain group transmission do not contain the same bit, sensors will be informed of this

event and a smaller subgroup will be chosen to transmit in thesubsequent time slot. It has been shown that,

with cooperation, the total number of channel transmissions can be significantly reduced when sensor data

has low aggregate entropy. To coordinate the transmission of sensors, we may adopt a query-and-response

protocol, where the destination node,D, queries a group of sensors before each transmission time slot and

the queried sensors respond cooperatively toD. The coordination among sensors is achieved through the

feedback from the destination node.

Example: Binary Markov Data Model

Consider a binary Markov data model, where the sensors’ dataX1, · · · ,XN collected by the 1-D sensor

arraySi, 1 ≤ i ≤ N , form a two-state Markov chain andXi ∈ {0, 1} for all i. The transition probabilities

are α = Pr(Xi+1 = 1|Xi = 0) andβ = Pr(Xi+1 = 0|Xi = 1). Whenα = β ≪ 0.5, a transition occurs

rarely between sensors so that sensors are likely to containthe same data bit. In this case, a large group can

be chosen to cooperate in each time slot, and the total numberof cooperative transmissions will be reduced.

On the other hand, whenα andβ are large, the transition occurs frequently and the size of each group should
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Fig. 6. Comparison of the expected number of channel accesses as a functionp parameterized byρ (solid lines) and the data

entropy (dashed lines).

decrease accordingly. Under the stationary distribution with p = Pr(Xi = 1) = α
α+β , the correlation between

consecutive sensors can be represented by the correlation coefficientρ = E[XiXi+1]/σ
2
X = 1 − α − β.

Before each cooperative transmission,D sends a query to a group of sensors asking “Do you all contain

the same bit1 (or 0)?”. If the guess is accurate, all sensors in the group remainsilent. If there is a sensor

not consistent with the query, it will respond with a signal pulse, indicating that it contains the other bit. In

this case, smaller subgroups of the original group have to bequeried in subsequent time slots. The queries

from D are chosen based on the data statistics and the response of previous queries.

In Fig. 6, we show the expected number of channel accesses,E[L], that is required to achieve a lossless

reconstruction ofX under a noiseless channel, which is compared with the data entropy H(X) [37]. Since

the sequence of channel responses is binary and uniquely represents the dataX, the expected response length

is lower bounded by the entropy ofX. We see from Fig. 6 that the number of transmissions scales well

with the amount of information contained in the data,i.e., the entropyH(X). An energy efficiency gain

was shown in [38] due to the use of cooperative transmissions.

V. CONCLUSION AND FUTURE WORK

The importance of cooperative communications in resource constrained wireless networks was explained,

and a comprehensive survey of optimal power allocation for different network topologies and cooperation

schemes was provided in this work. Based on the concept of cooperation, we further showed that the

knowledge of the data statistics at each user can also be exploited to improve the communication efficiency,
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especially in correlated sensor networks. To this end, we identified similarities between cooperative commu-

nications and the distributed statistical inference and data gathering problems in wireless sensor networks.

Power allocation has been studied under different CSI assumptions. However, the method used to estimate

the channel state is often not considered. The tradeoff between the channel estimation performance and the

power allocation efficiency requires further investigation. The extensions to multi-hop networks are also

challenging research topics and requires cross-layered studies to exploit the cooperative advantages. In the

application to sensor networks, even though significant performance gains can be obtained via cooperation,

the desired statistics of correlated data may not be available in practice. It is interesting to exploit partial

knowledge of data statistics to reduce the communication cost. The robustness of these strategies should be

considered in the presence of dynamic or hostile environments.

REFERENCES

[1] A. Sendonaris, E. Erkip, and B. Aazhang, “User Cooperation Diversity–Part I: System Description” and “User Cooperation

Diversity–Part II: Implementation Aspects and Performance Analysis,”IEEE Trans. Commun., vol. 51, no. 11, Nov. 2003.

[2] J. Laneman, D. Tse, and G. Wornell, “Cooperative diversity in wireless networks: Efficient protocols and outage behavior,”

IEEE Trans. Inform. Theory, vol. 50, no. 12, pp. 3062–3080, Dec. 2004.

[3] A. Scaglione and Y.-W. Hong, “Opportunistic large arrays: Cooperative transmission in wireless multi-hop ad hoc networks

for the reach back channel,”IEEE Trans. Signal Processing, vol. 51, no. 8, Aug. 2003.

[4] M. Janani, A. Hedayat, T. E. Hunter, and A. Nosratinia, “Coded cooperation in wireless communications: Space-time

transmission and iterative decoding,”IEEE Trans. Signal Processing, vol. 52, no. 2, pp. 362–371, Feb. 2004.

[5] T. Cover and A. E. Gamal, “Capacity theorems for the relaychannel,”IEEE Trans. Inform. Theory, vol. 25, no. 5, Sept. 1979.

[6] G. Kramer, M. Gastpar, and P. Gupta, “Cooperative strategies and capacity theorems for relay networks,”IEEE Trans. Inform.

Theory, vol. 51, no. 9, pp. 3037–3063, Sept. 2005.

[7] J. Laneman and G. Wornell, “Distributed space-time-coded protocols for exploiting cooperative diversity in wireless networks,”

IEEE Trans. Inform. Theory, vol. 49, no. 10, pp. 2415–2425, Oct. 2003.

[8] S. Wei, D. L. Goeckel, and M. Valenti, “Asynchronous cooperative diversity,”IEEE Trans. Wireless Commun., vol. 5, no. 6,

pp. 1547–1557, June 2006.

[9] P. Liu, Z. Tao, Z. Lin, E. Erkip, and S. Panwar, “Cooperative wireless communications: a cross-layer approach,”IEEE Wireless

Commun. Mag., vol. 13, no. 4, pp. 84–92, Aug. 2006.

[10] Q. Zhang, J. Zhang, C. Shao, Y. Wang, P. Zhang, and R. Hu, “Power allocation for regenerative relay channel with Rayleigh

fading,” in Proc. of the IEEE Vehicular Technology Conference, vol. 2, May 2004, pp. 1167–1171.

[11] J. Zhang, Q. Zhang, C. Shao, Y. Wang, P. Zhang, and Z. Zhang, “Adaptive optimal transmit power allocation for two-hop

non-regenerative wireless relay system,” inProc. of the IEEE Vehicular Technology Conference, vol. 2, 2004, pp. 1213–1217.

[12] W. Su, A. K. Sadek, and K. J. R. Liu, “SER performance analysis and optimum power allocation for decode-and-forward

cooperation protocol in wireless networks,” inProceedings of the IEEE Wireless Communications and Networking Conference,

Mar. 2005, pp. 984–989.

[13] M. O. Hasna and M.-S. Alouini, “Optimal power allocation for relayed transmissions over Rayleigh-fading channels,” IEEE

Trans. Wireless Commun., vol. 3, no. 6, pp. 1999–2004, Nov. 2004.

[14] X. Deng and A. M. Haimovich, “Power allocation for cooperative relaying in wireless networks,”IEEE Commun. Lett., vol. 9,

no. 11, pp. 994–996, Nov. 2005.

January 25, 2007 DRAFT



20

[15] I. Maric and R. D. Yates, “Bandwidth and power allocation for cooperative strategies in Gaussian relay networks,” in

Proceedings of the 38th Asilomar Conf. on Signal, System and Computers, vol. 2, Nov. 2004.

[16] ——, “Forwarding strategies for Gaussian parallel-relay networks,” inProceedings of the Conference on Information Sciences

and Systems (CISS), Mar. 2004.

[17] I. Hammerstroem, M. Kuhn, and A. Wittneben, “Impact of relay gain allocation on the performance of cooperative diversity

networks,” inProc. of IEEE Vehicular Technology Conference (VTC), 2004.

[18] M. Abdallah and H. C. Papadopoulos, “Beamforming algorithms for decode-and-forward relaying in wireless networks,” in

Proc. on the Conference on Information Sciences and Systems (CISS), 2005.

[19] Y. Zhao, R. Adve, and T. Lim, “Improving amplify-and-forward relay networks: optimal power allocation versus selection,”

in Proceedings on the IEEE International Symposium on Information Theory (ISIT), 2006.

[20] A. Bletsas, H. Shin, and M. Win, “Outage-optimal cooperative communications with regenerative relays,” inProceedings of

the Conference on Information Science and Systems (CISS), 2006.

[21] A. Bletsas, H. Shin, M. Win, and A. Lippman, “Cooperative diversity with opportunistic relaying,” inProceedings of the IEEE

Wireless Communications and Networking Conference (WCNC), Apr. 2006.

[22] Y. Chen and Q. Zhao, “Maximizing the lifetime of sensor network using local information on channel state and residual

energy,” inProceedings of the 39th Conference on Information, Science, and Systems (CISS), 2005.

[23] W.-J. Huang, Y.-W. Hong, and C. J. Kuo, “Lifetime maximization for amplify-and-forward cooperative networks,” in

Proceedings of the IEEE Wireless Communications and Networking Conference (WCNC), 2007.

[24] J. Luo, R. Blum, L. Cimini, L. Greenstein, and A. Haimovich, “Decode-and-forward cooperative diversity with powerallocation

in wireless networks,” inProceedings of IEEE Global Telecommunications Conference, vol. 5, Nov. 2005, pp. 3048 – 3052.

[25] Z. Yi and I.-M. Kim, “Joint optimization of relay-precoders and decoders with partial channel side information in cooperative

networks,” inProceedings of the Military Communication Conference (MILCOM), 2006.

[26] Z. Yang, J. Liu, and A. Host-Madsen, “Cooperative routing and power allocation in ad-hoc networks,” inProceedings of IEEE

Global Telecommunications Conference, Nov. 2005.

[27] Y.-W. Hong and A. Scaglione, “Energy-efficient broadcasting with cooperative transmission in wireless ad hoc networks,”

IEEE Trans. Wireless Commun., vol. 5, no. 10, Oct. 2006.

[28] M. C. Vuran and I. F. Akyildiz, “Spatial correlation-based collaborative medium access control in wireless sensornetworks,”

IEEE/ACM Trans. Networking, Apr. 2006.

[29] Y.-W. Hong and A. Scaglione, “On multiple access for correlated sources: A content-based group testing approach,”in Proc.

of IEEE Information Theory Workshop, San Antonio, TX, Oct. 2004.

[30] G. Mergen and L. Tong, “Type based estimation over multiaccess channels,”IEEE Trans. Signal Processing, vol. 54, no. 2,

pp. 613–626, Feb. 2006.

[31] K. Liu and A. M. Sayeed, “Asymptotically optimal decentralized type-based detection in wireless sensor networks,” in Proc. of

International Conference on Acoustics, Speech, and Signal Processing (ICASSP), Montreal, Canada, May 2004, pp. 873–876.

[32] Signal Processing Magazine: Special Issue on Distributed Signal Processing in Sensor Networks, vol. 23, no. 4, July 2006.

[33] M. Gastpar and M. Vetterli, “Source-channel communication in sensor networks,” inProc. of IEEE/ACM International

Symposium on Information Processing in Sensor networks (IPSN), 2003.

[34] K. Liu and A. M. Sayeed, “Optimal distributed detectionstrategies for wireless sensor networks,” inProc. on the 42nd Annual

Allerton Conference on Communications, Control and Computing, Monticello, IL, Oct. 2004.

[35] Z. Yang and L. Tong, “Cooperative sensor networks with misinformed nodes,”IEEE Trans. Inform. Theory, vol. 51, no. 12,

pp. 4118– 4133, Dec. 2005.

[36] Q. Zhao and L. Tong, “Energy-efficient information retrieval for correlated source reconstruction in sensor networks,” IEEE

Transactions on Wireless Communications (to appear), 2006.

[37] Y.-W. Hong and A. Scaglione, “Group testing for binary markov sources: Data-driven group queries for cooperative sensor

networks,”submitted to IEEE Transactions on Information Theory, 2006.

[38] Y.-W. Hong, A. Scaglione, R. Manohar, and B. Sirkeci-Mergen, “Dense sensor networks that are also energy efficient:When

‘more’ is ‘less’,” in Proc. of IEEE Military Communications Conference (MILCOM), Oct. 2005, pp. 1–7.

January 25, 2007 DRAFT


