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Abstract—A distributed optimization algorithm is presented
for resource allocation in wireless relay networks. This algorithm
is particularly useful in multiple-source, multiple-relay wireless
networks employing fractional cooperation, in which each relay
contributes only a fraction of its resources to each source; in
this case, the algorithm is used to find the optimal fractions. The
advantage of this distributed algorithm is to permit optimization
in a large network, even though each node is only aware of the
local topology of the network. Examples and simulation results
are presented, illustrating the use of this algorithm.

I. INTRODUCTION

Relaying, in which a source node is assisted by a relay
node to allow its data to reach the destination, is a well-
known strategy to combat fading in wireless networks. In
many contemporary systems, such as in cellular telephony,
the number of sources wishing to transmit information, and
relays available to assist, can be large. In such multiple-
source, multiple-relay wireless networks, the resource allo-
cation problem – i.e., optimal assignment of relay resources
to sources – is a fundamental and important optimization
problem. This problem has been the subject of many recent
papers, optimizing capacity in multi-hop relays [1], [2] and
parallel orthogonal relays [3], as well as examining the effect
of the transmission strategy used by the relays [4].
In this paper, we consider a transmission strategy of frac-

tional cooperation [5], in which each relay forwards a given
fraction ! of the source’s transmission to the destination. This
kind of relaying strategy is particularly suitable for multiple-
source, multiple-relay networks – even though each relay
is only contributing a fraction of its resources to relaying,
good performance can be expected if the number of relays
is large enough. In previous work, we have examined the
optimization of resource allocations in relay networks using
fractional cooperation [6], [7], though these algorithms require
centralized coordination.
The union bound, along with the Bhattacharyya parameter

(BP), can be used to approximate the performance of systems
using error control codes [8]. The union/BP approach is
particularly attractive for wireless relay networks in general,
and fractional cooperation in particular, as it is an upper bound
on frame error rate which is computationally simple and can
be expressed in closed form. The union/BP approach has

previously been used for performance evaluation in [9], [10],
[11]. In our own work, the union/BP approach was used for
relay selection in fractional cooperation [12].
In this paper, our main contribution is a distributed opti-

mization algorithm for multiple-source, multiple-relay wire-
less relay networks using fractional cooperation, where the
objective is to minimize the BP of each relay link. This new
algorithm separates the global optimization problem into a set
of subproblems, which can be evaluated at each source node.
Meanwhile, the relay nodes enforce the separation of these
subproblems by reserving resources for the source nodes as
they converge to a solution. Since this algorithm relies on
local computations and local communication, it allows the
optimization problem to be solved locally by nodes that are
unaware of the global structure of the network. Furthermore,
our general method works with nonconvex optimization prob-
lems (since the BP optimization problem is nonconvex), and
has applications beyond optimizing wireless relay networks.

II. CHANNEL MODEL
A. Relay channel model
We use the channel model and notation from [6], in which

multiple sources attempt to use multiple relays in order to
convey information to a single destination. Furthermore, the
sources and relays employ fractional cooperation so as not to
overburden any single relay.
The nodes in the network are sources (designated Si, i =

{1, 2, . . . , s}), relays (designated Rj , j = {1, 2, . . . , r}), and
the lone destination (designatedD). Source Si forms codeword
cSi

! {0, 1}n, modulates it to form xSi
! {+1,"1}n, and

transmits xSi
; for convenience, we assume that all sources use

BPSK, and have the same transmission length n. Relay Rj

observes transmissions orthogonally from every source, with
observations

ySi,Rj
= hSi,Rj

xSi
+ nSi,Rj

, (1)

where hSi,Rj
is the channel amplitude of the Si-to-Rj link,

and nSi,Rj
is additive, unit-variance Gaussian noise.

Using fractional cooperation, the relay Rj selects a fraction
!j,i of source Si’s transmission and retransmits it; there are
many ways that this selection can be performed, though we
will generally assume that the selection is random; complete



details on fractional cooperation can be found in [5]. The relay
thus transmits the sequence xRj

! {+1,"1}n!j,i. (For each
transmitted codeword from the source, it is worth pointing out
that the relay Rj’s energy expenditure is directly proportional
to !j,i.) Including the direct components from the sources Si,
the destination D observes

ySi,D = hSi,DxSi
+ nSi,D (2)

yRj ,D = hRj ,DxRj
+ nRj ,D, (3)

where, once again, the noise components are additive unit-
variance Gaussian noise. This system can be parametrized by
the channel signal-to-noise ratios: "Si,Rj

= h2
Si,Rj

, "Si,D =
h2

Si,D
, and "Rj ,D = h2

Rj ,D; as well as by the fractions !j,i. A
key parameter of the jth relay is !̄j , the maximum fractional
resources the relay is willing to contribute; clearly, the total
contribution to each source must be no greater than this, i.e.,
for each j,

!

i !j,i # !̄j .

B. Bhattacharyya parameter (BP)
The BP, when used with the union bound, provides an

upper bound on probability of frame error when maximum-
likelihood (ML) detection is used. Given a channel probability
relationship f(y|x), the BP # is given by

# =
"

f(y|x = +1)f(y|x = "1). (4)

For an AWGN channel with SNR ", (4) simplifies to e!" . In
a coded system with block length n, letting Ah be the number
of codewords with Hamming weight Ah, we have from the
union bound that the frame error rate (FER) Pf is given by

Pf #
n

#

h=1

Ah#h. (5)

As in previous work (e.g., [5]), we assume that repeat-
accumulate (RA) codes are used, for which weight enumera-
tors are available in the literature. Since (5) is decreasing as
# decreases, a useful approach is to set a threshold #t on the
BP, ensuring that the upper bound on frame error does not
exceed some maximum (thus ensuring that the actual Pf does
not exceed that maximum).

III. OPTIMIZATION PROBLEMS WITH SEPARABLE
CONSTRAINTS

In this paper, we will consider optimization problems where
the objective and constraints can be separated into subprob-
lems, which can be optimized locally, but where these local
subproblems must interact in order to find the global solution.
This interaction between the local problems is mediated by
a “resource reservation” mechanism. The following example
illustrates the main concepts in this problem.
Consider the following optimization problem, where the

goal is to minimize the total energy consumption while still
achieving the threshold Pf,t for all the source nodes. Let !j,i be
the fraction of cSi

relayed by Rj , and Rj can only contribute
!̄j of the blocklength for relaying. Given the threshold #t,

where Pf,t =
!

Āh#h
t , the optimization problem can be

formulated as follows: find !j,i satisfying

min
!j,i

s
#

i=1

r
#

j=1

!j,i (6)

subject to

#Si,D
$r

j=1(1 " !j,i(1 " #j,i)) # #t, i = 1, . . . , s (7)
!s

i=1 !j,i # !̄j , j = 1, . . . , r, (8)
!j,i $ 0, %i, j. (9)

where #Si,D = exp{"Si,D} is the BP over the Si-D channel,
and #j,i is the BP over the Si-Rj-D link. Here constraint
(7) are denoted as source constraints, and constraints (8) are
denoted as relay constraints, as they are imposed by the source
and relay nodes respectively. In particular, if constraints (7)
are satisfied, then successful decoding is achieved. Note that
since the set of points that satisfies the source constraints is
non-convex, this is a non-convex optimization problem. [13].
Suppose one wished to solve this optimization problem from

the perspective of source Si. The parameters under the control
of Si are !j,i for j = 1, 2, . . . , r. Supposing all other variables
are held constant, and letting zj,i represent resources reserved
for Si by Rj , the optimization problem at Si is written

min
!j,i

r
#

j=1

!j,i (10)

subject to

#Si,D
$r

j=1(1 " !j,i(1 " #j,i)) # #t (11)
!j,i # !̄j "

!

i! "=i zj,i! , j = 1, . . . , r,(12)
!j,i $ 0. j = 1, . . . , r.(13)

Since the quantity zj,i represents a reservation of resources
by all sources other than Si, in the context of optimization
problem (10)-(13), these resources have already been allocated
and are not accessible to Si. Thus, since !̄j represents the
maximum resources available at relay j, and since amount
zj,i! (for each i# &= i) of these resources are already reserved,
then the constraint (12) follows.
It is worth pointing out two features of optimization problem

(10)-(13):
1) If zj,i is treated as a constant, then (10)-(13) can be
solved locally at Si.

2) If zj,i is calculated from the globally optimum solution
at sources Si! , i# &= i, then (10)-(13) produces the
globally optimal solution at Si.

If auxiliary variables like zj,i can be used to separate a
global optimization problem into several local optimization
problems, we say that problem has separable constraints.
In the next section, using this optimization problem as a
motivating example, we introduce an algorithm to solve the
global optimization problem by iteratively solving the local,
separated problems and updating the auxiliary variables zj,i.



IV. ALGORITHM FOR DISTRIBUTED OPTIMIZATION
Obviously, in any problem with separable constraints, the

problem is to correctly allocate the reservation variables zj,i.
In this algorithm, we take the following iterative approach. We
start with zj,i = 0 for all i, j, i.e., there are no reservations.
First, at the sources, we solve the local optimization problems
(10)-(13). Second, at the relays, we enumerate the border
points of the problem, which contain the optimal solution;
if the solution to the local optimization problem is found in
the minimum-energy border point, those local solutions are
reserved and included in zj,i.

A. Definitions and Border Points
Up to this point, it is unclear what method should be used to

divide each relay’s resources such that the appropriate amount
is reserved for each source node. One way to divide up the
resources is presented here and justification for such a division
is provided.
During optimization, each source node Si needs to calculate

the maximum and minimum required resources for relay j,
denoted as Mi(j) and mi(j) respectively. The value Mi(j)
represents the fraction of Rj’s codeword that Si wants to have
assigned to assist in the relaying of the codeword originating
from Si in order to use the minimal energy.
Returning to the motivating example from the previous

section, the value of Mi = [Mi(1), Mi(2), . . . , Mi(r)] is the
solution to the optimization problem (10)-(13). The minimum
required resources, mi(j), is the minimum fraction of Rj’s
codeword needed to relay the codeword of Si in order to sat-
isfy its source constraint, given that all the available constraints
from other resources have been exhausted. In our example, first
let

$ =
1

1 " #j,i

%

1 "
#t/#Si,D

$

j! "=j(1 " (1 " #j!,i)!̄j!)

&

. (14)

Then

mi(j) =

'

0, #SD,i

$

j! "=j(1 " (1 " #j!,i)!̄j!) $ #t,
$, otherwise.

(15)
Analogous values can be obtained for other separable opti-
mization problems.
For each relay Rj the vector qj = [qj(1), qj(2), . . . , qj(s)],

where qj(i) corresponds to the resources allocated by Rj to
Si, is a border point if each source node belongs to exactly
one of the three index sets: WM,j , Wm,j andW #

j . The source
node index are sorted into the corresponding set depending on
the condition it satisfies:

• If qj(i) = Mi(j), then i ! WM,j ,
• If qj(i) = mi(j), then i ! Wm,j ,
• If qj(i) ! (mi(j), Mi(j)), then i ! W #

j , where |W #
j | # 1,

i.e. W #
j can have at most one element.

and let the set of all border points at Rj be denoted as SBP,j .
The set of all border point vectors is indexed by the index
set Kj , so we will refer to border point vectors as qj,k for
k ! Kj .

Assume that the globally optimal solution is

!# = [!#
1,1, !

#
1,2, . . . , !

#
1,s, !

#
2,1, . . . , !

#
2,1, . . . , !

#
r,s].

Next, separate !# into vectors !#
j , which is associated with Rj ,

where
!#

j = [!#
j,1, . . . , !

#
j,s] %j.

Then it can be shown that !#
j ! SBP,j , i.e., the optimal solution

is a border point. The proof is found in [14, Appendix D].
By establishing the fact that !#

j ! SBP,j , we can restrict
the search area for the optimal solution by allowing all the
relays to only allow border points to be assigned as reserved
resources, zj,i, in the local optimization problem in (10)-
(13). Through this, we guarantee that the globally optimal
point is included in the search space used in this distributed
optimization algorithm.

B. Distributed Algorithm
Clearly, while solving the local optimization problem in

(10)-(13), assigning the resources of one relay to source node
Si reduces the amount of resources it can allocate to other
source nodes, Si! , for i# &= i. Since the optimization problem
has been decoupled by having relays reserve resources for
each source node, it is extremely difficult to keep track of
such changes. In the distributed optimization algorithm the
calculation is simplified by first making the assumption that
the available resources from other relays does not change while
solving the local optimization problem. Assume that in the nth
step of the iterative optimization algorithm, the reservation zj,i

is z(n)
j,i , and z(1)

j,i = 0 for all i, j. The steps involved in nth
iteration of are described below:
1) Each source node Si finds the maximum required re-
sources Mi, which is the solution to the optimization
problem in (10)-(13). It then finds the minimum required
resources mi using (15). The values Mi(j) and mi(j)
are passed to Rj .

2) After receiving the Mi(j) and mi(j) from each source
node, Rj finds every border point, and the kth border
point is denoted as qj,k, where qj,k(i) is the com-
ponent associated with Si. The set of values qj,k(i)
corresponding to ith component of qj,k are then sent
to the respective source nodes.

3) For each qj,k(i) received from Rj , Si solves the op-
timization problem in (10)-(13) by substituting !̄j =
qj,k(i) + zj,i. As stated earlier, in order to simplify
the optimization process, the values !̄j! for j# &= j
remain unchanged. If a solution exists and is given
by [!†1,i, . . . , !

†
r,i] then set Ej,k,i =

!r
j!=1 !†j!,i. If no

solution can be found, then set Ej,k,i = '.
– (Three notes concerning step 3: first, the reserva-
tions are ignored, since in this step we are only
searching the solution space for feasible solutions;
second, Ej,k,i represents the total resource request
from i corresponding to the kth border point; third,
Ej,k,i remains a function of j, since it is calculated
based on a change in !̄j .)



4) The calculated minimum energy associated with each
border point from each source node are collected by Rj

to obtain the summed value Ej,k =
!

i Ej,k,i (this is
the global energy expenditure corresponding to border
point qj,k). Let

k$
j = argmin

k
Ej,k

be the minimum summed energy over all border points,
and qj,k"

j
be the associated border point vector. Let

SM,j be the index set of source nodes where qj,k"

j
(i) =

Mi(j). Then for all i in SM,j , Mi(j) of relay j’s
codeword is reserved for relay Si’s codeword. The
reservations are updated via

z(n+1)
j,i = z(n)

j,i +
#

i%SM,j

Mi(j). (16)

5) Check to see whether all the source node constraints
have been satisfied, or all the relays’ resources have been
exhausted. If either condition is true, then this process
is terminated. Otherwise, repeat the process using the
updated reservations z(n+1)

j,i .

V. DETAILED EXAMPLE

A detailed example is given here to illustrates the steps
involved in this distributed algorithm. Assume that the dis-
tributed network comprises two source nodes and three relay
nodes. Let #t = 0.4,

#S1,D = 0.472 #S2,D = 0.647, (17)

!̄1 = 0.382 !̄2 = 0.287 !̄3 = 0.991, (18)

and

" =

(

)

0.413 0.318
0.348 0.136
0.469 0.454

*

+ , (19)

where #j,i is the entry on the jth row and ith column of ".
• Initialize Set n = 1

– z(n)
j,i = 0 for all i, j,

– !̄(n)
j = !j for all j,

• Iteration 1 Each iteration comprises of 5 steps:
1) Find mi(j) and Mi(j) at each source node i using
(10)-(13). In order to satisfy the source constraint
in (11), the left-hand side (LHS) of the equation
must be reduced. The most effective method to
reduce the LHS while minimizing the amount of
resources used can be done by first exhausting the
resource from the relays with smallest #j,i. In this
particular local optimization problem, the optimal
point can be calculated in an iterative manner,
where the resources from the relay with the largest
#j,i is exhausted first, and so forth. This reduces
the complexity of the operations needed for these
local optimization problems. Optimizing the energy
consumed at Si we have the following results:

a) At S1

M1 =
,

0 0.235 0
-

m1 =
,

0 0 0
-

b) At S2

M2 =
,

0.261 0.287 0
-

m2 =
,

0 0 0
-

2) Find border points qj,k at each relay node j
a) Relay 1 receives Mi(1) and mi(1) for i = 1, 2,
and finds one border point (|K1| = 1)

q1,1 =
,

0 0.261
-

b) Relay 2 receives Mi(2) and mi(2) for i = 1, 2,
and finds two border points (|K2| = 2)

q2,1 =
,

0 0.287
-

q2,2 =
,

0.235 0.0522
-

c) Relay 3 receives Mi(3) and mi(3) for i = 1, 2,
and finds one border point (|K3| = 1)

q3,1 =
,

0 0
-

3) Find optimal energy consumed at each source node
i for each given qj,k. Each source node solves the
optimization problem (10)-(13) by substituting each
qj,k passed from Rj from Step 3:
a) At S1:
– Substituting !̄1 = q1,1(1) into the local op-
timization problem while keeping other con-
straints constant, we obtain E1,1,1 = 0.235.

– Substituting !̄2 = q2,1(1) into the optimiza-
tion problem, we obtain E2,1,1 = 0.261.

– Substituting !̄2 = q2,2(1) into the optimiza-
tion problem, we obtain E2,2,1 = 0.235.

– Substituting !̄3 = q3,1(1) into the optimiza-
tion problem, we obtain E2,2,1 = 0.235.

b) At S2:
– Substituting !̄1 = q1,1(2) into the local op-
timization problem while keeping other con-
straints constant, we obtain E1,1,2 = 0.548.

– Substituting !̄2 = q2,1(2) into the optimiza-
tion problem, we obtain E2,1,2 = 0.548.

– Substituting !̄2 = q2,2(2) into the optimiza-
tion problem, we obtain E2,2,2 = 0.662.

– Substituting !̄3 = q3,1(2) into the optimiza-
tion problem, we obtain E2,2,2 = 0.548.

4) Each relay node sums up the energy consumption
reports from all the source nodes and chooses the
optimal border point. Since there is only one border
point,

E1,1 = E1,1,1 + E1,1,2 = 0.235 + 0.548 = 0.783

E2,1 = E2,1,1 + E2,1,2 = 0.261 + 0.548 = 0.809

E2,2 = E2,2,1 + E2,2,2 = 0.235 + 0.662 = 0.897

E3,1 = E3,1,1 + E3,1,2 = 0.235 + 0.548 = 0.783



Since both R1 and R3 have only one border point,
the resources requested by the source nodes are
granted, where z(1)

j,i = M2(j) for j = 1, 3. Since
E2,1 < E2,2, the border point q2,1 is chosen over
q2,2, and z(1)

2,2 = M2(2). The following resources
are reserved at the end of iteration 1:

z(1) =

(

)

0 0.261
0 0.287
0 0

*

+ (20)

where the entry on the jth row and ith column is
z(1)

j,i .
5) Check to see whether constraints are satisfied. In
this case, only the constraint associated with S1 is
satisfied. The constraints are updated using

!(2)1 = !(1)1 "
#

i

z(1)
j,i = 0.121,

!(2)2 = !(1)2 "
#

i

z(1)
j,i = 0,

!(2)3 = !(1)3 "
#

i

z(1)
j,i = 0.991.

• Iteration 2
1) Find mi(j) and Mi(j) at S1. We obtain

M1 =
,

0.121 0 0.166
-

m1 =
,

0 0 0
-

Since the constraint associated with S2 is satisfied,
no optimization is required at S2.

2) As only the constraint of S2 is not satisfied yet, there
is only one border point associated with each relay:
a) Relay 1 receives M1(1) and m1(1) and finds
one border point (|K1| = 1)

q1,1 =
,

0.121 0
-

b) Relay 2 receives M1(2) and m1(2) and finds
one border points (|K2| = 1)

q2,1 =
,

0 0
-

c) Relay 3 receives M1(3) and m1(3) and finds
one border point (|K3| = 1)

q3,1 =
,

0.166 0
-

3) Substituting each qj,k passed from Rj from Step 3,
the optimization is performed at S1 (note that this
step can be skipped as there is only one border point
from each relay):
– Substituting !̄1 = q1,1(1) into the local opti-
mization problem while keeping other constraints
constant, we obtain E1,1,1 = 0.287.

– Substituting !̄2 = q2,1(1) into the optimization
problem, we obtain E2,1,1 = 0.287.

– Substituting !̄3 = q3,1(1) into the optimization
problem, we obtain E3,1,1 = 0.287.
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Fig. 1. Contours of maximum FER for two-source two-relay network with
fading channels using optimization (solid) and equal allocation (dash-dot).

4) As there is only one border point associated with
each relay, no comparison is required, and the fol-
lowing resources are reserved at the end of iteration
2:

z(2) =

(

)

0.121 0.261
0 0.287

0.166 0

*

+ (21)

• Check constraints Since all the source constraints have
been satisfied, the optimization is completed. The opti-
mized variable is given by (21) and the optimized value
is 0.835.

VI. SIMULATION RESULTS
In the first set of simulation results, the minimization of

energy consumption while meeting the FER constraints in
fading channels is illustrated. This system consists of two
source and two relay nodes. In addition, !̄1 = !̄2 = 0.8.
In Fig. 1, the maximum FER over the two source nodes
are shown. The average SNR for the source-destination links
are varied, while the average SNR over the rest of the links
are "̄S1,R1

= "2 dB, "̄S2,R1
= "1 dB, "̄R1,D = 0 dB,

"̄S1,R2
= "2 dB, "̄S2,R2

= "1 dB, and "̄R2,D = 0 dB. In the
plot, the solid lines represent contours the maximum average
FER for the case where optimization is performed, and the
dash-dot lines represent contours for the maximum average
FER for the case where the resources are distributed evenly
among the two source nodes. For all the cases, optimization
improves the maximum average FER over both source nodes
compared to the case when equal allocation is used.
In Fig. 2, the value of

!

i,j !j,i corresponding to Fig. 1
is shown. From these plots, it can be observed that even
though the energy used with optimization is less than that if
the resources were distributed evenly without optimization, the
maximum FER is smaller compared to the case where no opti-
mization is performed as well, where

!

i,j !j,i = !̄1+!̄2 = 1.6.
In Table I, we illustrate the performance of the distribution

algorithm introduced in Sec. IV in the 3-source 3-relay net-
work with "̄Si,D = "2 dB for i = 1, 2, 3, "̄Si,Rj

= 1 dB for
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Optimization FER Max.
Scheme S1 S2 S3 FER
SQP20 0.476 0.520 0.512 0.520
Dist. Opt. 0.482 0.522 0.522 0.522

Optimization Energy Total
Scheme E1 E2 E3 Energy
SQP20 0.485 0.545 0.532 1.562
Dist. Opt. 0.485 0.548 0.534 1.567

TABLE I
COMPARISON OF ERROR PERFORMANCE AND ENERGY CONSUMED WITH

SQP20 AND THE DISTRIBUTED OPTIMIZATION SCHEME.

i &= j, "̄Si,Rj
= 2 dB for i = j, "̄Rj ,D = 0 dB for j = 1, 3,

and "̄Rj ,D = 1 dB for j = 2. and !̄j = 0.8 for j = 1, 2, 3.
In addition to the distributed algorithm, simulation results
obtained using sequential quadratic programming (SQP) [15]
is also illustrated. As mentioned earlier, since the optimization
problem is a non-convex optimization problem, different initial
points used in the conventional optimization schemes may gen-
erate different solutions. Hence random points are generated
and used as initial points for optimization while using SQP;
SQP20 uses 20 randomly generated initial points to run the
optimization algorithm, and the best result is chosen to run
simulations on the rate-1/2 RA code. Using simulations for
500 randomly generating channel coefficients for the given
setting, it was found that the optimal solution found from
20 random points (SQP20) coincides with that found from
200 random points (SQP200) about 85% of the time. We
believe that SQP20 can be used to approximate the global
optimum, without requiring the number of optimizations to be
exceedingly large. As expected, the maximum FER over all
source nodes is smallest with SQP20, where the total energy
consumed is smallest as well, though the distributed algorithm
comes very close.
Recall that when the amount of resources available cannot

support the desired #t, the maximum average FER over all
source nodes must be minimized given the relay resources. A
binary search, where the upper or lower bound on the search
region is reduced by half every iteration, can be used to find

the value of #̃t such that the source constraints can be satisfied
with the given resources. For a resolution of %, and initial value
#t = #̃t, (log2(

1!$t

%
)) iterations will be required to arrive

at a #̃t value such that it is within % of the local optimal
solution. After the value #̃t has been found, the distributed
optimization problem is ran. For 500 randomly generated
channel coefficients, in a setting where the constraints can
be satisfied with the given resources, the number of iterations
needed to arrive at a local minimum point is less than 3 in the
above 3-source 3-relay network.
For this distributed algorithm, the issue of proving conver-

gence is complicated, which we leave to future work. Further,
we also leave to future work the study of the comparative
complexity of this algorithm and centralized algorithms; how-
ever, distributed algorithms are excellent methods to obtain a
solution in large networks such as sensor networks, as they
scales well with the network size.
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