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to include modeling uncertainty. In [6], a simple distributed
iterative scheme was proposed to compute the maximumlikelihood estimate of the parameter of interest. In [7], the
authors developed distributed consensus-seeking algorithms
for estimation of deterministic signals. The uncertainty in the
exchanged information was also considered in [8] by using
a Kalman filtering approach. In [9], the authors consider the
average consensus problem under quantization constraints. In
the context of detection consensus, [1], [10] and [13] considered a binary consensus problem (consensus over a parameter
that can only take two values) over AWGN channels. In
[11] we extended the binary consensus problem to the fading
environments where the impact of link uncertainty on group
consensus is characterized using a probabilistic approach.
In this paper, we consider the scenario where a number of
sensors are trying to estimate a parameter of interest cooperatively by communicating over fading channels. We devise
different iterative strategies in terms of local decision making
and information processing. More specifically, we consider
two strategies based on fusion and diversity and characterize
their performance mathematically. We show the impact of
graph connectivity and link quality on both approaches and
highlight the underlying tradeoffs. Finally, our simulation
results confirm the proposed framework.

Abstract—In this paper we consider a network of distributed
sensors that are trying to measure a parameter of interest cooperatively, by exchanging their acquired information repeatedly over
fading channels. We consider different ways of using the available
bandwidth, in terms of what each node can send to its neighbors.
More specifically, we characterize the impact of local fusion
and show how it is a suitable policy when graph connectivity
is low. When poor link qualities are the main bottleneck, on
the other hand, we show how a diversity approach can be more
beneficial. The proposed framework highlights the underlying
tradeoffs between fusion and diversity approaches in cooperative
networks. It furthermore explores the impact of multiple sensing
on the overall performance.
Index Terms—Fading channels, Best Linear Unbiased Estimation (BLUE), Graph connectivity

I. I NTRODUCTION
In recent years, there has been significant interest in cooperative sensing, estimation/detection and control. Such problems
arise in many different areas such as environmental monitoring, surveillance and security, smart homes and factories and
target tracking. Distributed detection and estimation, in particular, is an integral part of such cooperative operations and
has received considerable attention in recent years. Consensus
problems arise when the agents need to reach an agreement on
the value of a parameter and can help to improve the overall
estimation/detection quality through repeated communications.
Detection Consensus refers to the problems in which the
parameter of interest takes values from a finite known set [1].
Estimation consensus, on the other hand, refers to the problems
where the parameter of interest can take values over an infinite
set or an unknown finite set [1].
Estimation consensus problems received considerable attention over the past few years. In particular, control community
has applied tools from algebraic graph theory and advanced
matrix analysis to characterize estimation consensus problems
over graphs that are not fully connected [2]. [3] provides
a comprehensive survey of the literature on such consensus problems. Recently, there has been considerable interest
in estimation consensus over unreliable links from signal
processing and communication community. In [4], authors
considered the distributed average consensus problem and
characterized the weight matrix to achieve the fastest possible
convergence rate. In [5], authors extended the previous work

II. P ROBLEM F ORMULATION
Consider a cooperative network of M sensors that are
trying to measure a parameter in their environment. Let ωi
represent the sensing noise of the ith node, which can be
modeled as a zero-mean Gaussian variable with the variance
σω2 i . Let xi represent the sensed value of the ith node. We
have the following: xi = C + ωi for 1 ≤ i ≤ M, where
C represents the parameter of interest. Different nodes are
assumed to make independent measurements, i.e. ωi and ωj
are taken to be uncorrelated for i = j. Each agent sends its
noisy measurement to those nodes that it can communicate
with, over Rayleigh fading channels. Let rj,i represent the
fading coefficient for the link from node j to node i. The
receiver will learn rj,i and use it in the estimation process. We
take the underlying communication network as an undirected
graph G = (V, E), where V = {1, · · · , M } is the vertex set
and E ⊆ V × V represents the edge set. We assume that if
(i, j) ∈ E, then (j, i) ∈ E, namely the graph is undirected (still
rj,i and ri,j could be different). The graph G is connected if
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there is a sequence of edges in E that can be traversed to go
from any vertex to any other. In the following we denote the set
of neighbors of node i ∈ V as Ni = {j ∈ V : (j, i) ∈ E}∪{i},
including itself.
Let nj,i represent the receiver noise in the transmission from
the jth node to the ith one, where j ∈ Ni and j = i . nj,i is
2
a zero-mean Gaussian variable with variance of σj,i
. Let yj,i
represent the reception of the ith node from the transmission
of the jth one. Using the analog model for relay channels in
amplify-and-forward mode [12] we have:
yj,i = rj,i xj + nj,i for j ∈ Ni , j = i,

where channel to noise ratio is defined as CNRj,i = σj,i
2 .
j,i
In this part we consider the scenario where the nodes sense
the common value only one time but try to improve their
estimate by communicating with their neighbors a number of
times. We consider two strategies for this case: Fusion and
Diversity. In the fusion strategy, each node fuses its received
information, at every time step, and sends its fused value to
its neighbors. We will show that, if graph connectivity is low,
this approach can help propagate the information through the
network. Another possible approach is for each node to use
its transmission and repeat its original sensed value, without
any fusion. This approach can provide a time diversity and
can improve the overall reception quality [13]. If the graph
connectivity is high enough but the link qualities are the
main bottleneck, this approach can perform better than the
fusion technique. It is the goal of this section to analyze both
approaches and highlight the underlying tradeoffs.

(1)

and yi,i = xi . We assume that each node has the corresponding
knowledge of σj,i s and rj,i s and uses it in the estimation process. Moreover, we assume that noise and fading coefficients
are uncorrelated from link to link.
III. S CENARIO 1: S INGLE S ENSING AND M ULTIPLE
C OMMUNICATION (SSMC)
In this part we consider the case where each node senses
the parameter of interest only once. It then keeps on communicating its value with its neighbors in order to improve
its estimation quality. Let Oi = {oi1 , · · · , oi|Ni | } denote
the ordered set of the neighbors of node i. We define
yi = [yoi1 ,i , · · · , yoi|N | ,i ]T , Ri = diag(roi1 ,i , · · · , roi|N | ,i ),
i

xi = [xoi1 , · · · , xoi|N | ]T , ni = [noi1 ,i , · · · , noi|N
i

i

T
,i ] ,
|

A. SSMC - Fusion approach
Motivated by consensus strategies [14], in this part we
consider the scenario where each node fuses the received
information in every iteration and sends the fused value to
its neighbors. This approach increases the flow of information
in the network and is in particular suitable for cases where
the graph connectivity is the main bottleneck. After the first
iteration, each node’s estimation, based on the best linear
approach of Eq. 2 and Eq. 3, can be expressed by:

αj,i (0)yj,i (0)
(7)
φ̂i (1) =

i

ωi =

[ωoi1 , · · · , ωoi|N | ]T where ri,i = 1, ni,i = 0 and diag(x) is
i
a diagonal matrix with the elements of vector x on its main
diagonal. The sensing and communication equations for the
ith node will be as follows:
xi = C1 + ω i and yi = Ri xi + ni ,
E{ω i ω Ti }

j∈Ni

=C+

(2)

In the next time step, the problem would have the same form
if we define an equivalent sensing noise. More specifically,
we define theequivalent noise
as follows based  on Eq.

7: ω
i (1) =
α
(0)
r
(0)ω
j,i
j,i
j (0) + nj,i (0) . As it
j∈Ni
can been seen, the equivalent sensing noises are correlated,
which makes the mathematical derivations more challenging.
Therefore we need to change the architecture of the best
linear unbiased estimation for the next iterations. For the
ordered Oi , we define φ̂i (k) = [φ̂oi1 (k), · · · , φ̂oi|N | (k)]T

where φ̂i is the ith node’s estimate of the parameter of interest
and αi = [αoi1 ,i , · · · , αoi|N | ,i ]T . The estimation error can be
i
easily characterized as E{ φ̂i − C)2 } = αTi (Ri 2 Ωi + Ni )αi .
To ensure an unbiased estimator, we should have αTi Ri1 = 1.
We have
α∗i = arg min αTi (Ri 2 Ωi + Ni )αi ,
subject to αTi Ri1 = 1.
(4)

i

where φ̂j (k) denotes node j’s estimate after fusion at time
 i (k) = [
ωoi1 (k), · · · , ω
oi|N | (k)]T . We have:
k and ω
i

 i (k).
φ̂i (k) = C1 + ω

By noting that Eq. 4 is a convex function of αi , we have
2
2
2
2 −1
1 rj,i (rj,i σωj + σj,i )
∗

αj,i
=
for j ∈ Ni . (5)
rj,i
r2 (r2 σ 2 + σ 2 )−1
l,i ωl

T

Let i denote the estimation error of node i, we have:
=

1
2
σω

+
i



(6)
(σω2 j +

j∈Ni ,j=i

1
)−1
CNRj,i

i|

T
,i (k)]

and

β i (k) = [βoi1 ,i (k), · · · , βoi ,i (k)] where βj,i (k) =
|Ni |
rj,i (k)αj,i (k). The next estimate of node i can be expressed
by:


φ̂i (k + 1) = αTi (k) Ri (k)φ̂i (k) + ni (k)

l,i

1

(8)

Also we define αi (k) = [αoi1 ,i (k), · · · , αoi|N

l∈Ni

i = E{(φ̂i − C)2 }



αj,i (0) rj,i (0)ωj (0) + nj,i (0) .

j∈Ni

E{ni nTi }.

where Ωi =
and Ni =
The ith node
tries to estimate the common value by using the Best Linear
Unbiased Estimation (BLUE) of the received information:
(3)
φ̂i = αTi yi ,

l,i



= β Ti (k)φ̂i (k) + αTi (k)ni (k)
= β Ti (k)1C + β Ti (k)
ω i (k) + αTi (k)ni (k).

< σω2 i ,

(9)
2

We then have the following optimization problem:

∗
β Ti (k)
β i (k) = arg min E
ω i (k) + αTi (k)ni (k)

Proof:
2

subject to 1T β i (k) = 1.
We define γ i (k) = [

noi ,i (k)
1
roi ,i (k)
1

,··· ,

trace(S(k + 1)) =

,

=

(10)
noi
roi

|Ni |

,i

(k)

and Γi (k) =

=

E{γ i (k)γ Ti (k)}, which is a diagonal matrix (averaging is over
noise). We have αTi (k)ni (k) = β Ti (k)γ i (k), resulting in,
β ∗i (k)

= arg min β Ti (k) (Si (k) +
subject to 1T β i (k) = 1,

Γi (k)) β i (k),

=

(11)

i

M


1


1T Q−1
i (k)1
i=1

M


1
.
1T (Si (k) + Γi (k))−11
i=1

(Si (k) + Γi (k))−1 =
A−1 − A−11(a−1 (k) + 1T A−11)−11T A−1 ,
 A 
1)
and 1T (Si (k)+Γi (k))−11 = 1T A−11− a−1(1(k)+
1T A−11 , where
M −1
1
A is a diagonal matrix and 1T A−11 = b(k)+σ
2 + b(k) . After
some derivations, we have
1
1
= a(k) + M −1
1
1T (Si (k) + Γi (k))−11
b(k)+σ 2 + b(k)
T

Therefore the overall error covariance matrix, S(k) =
E{
ω (k)
ω T (k)}, can be expressed by:
(13)

As can be seen from the solution of Eq. 11, in order for the
ith node to find β ∗i (k), it needs to calculate Si (k). Calculating
Si (k), however, requires knowing current estimation error
covariance (after fusion) of all the neighbors of node i as
well as the cross correlation between any two estimation
errors in its neighborhood. Since calculating the cross correlations would require node i to use information that may
not be available locally (for instance use update Eq. 13), we
also propose a sub-optimal version of the optimum solution
as follows. Let i (k) = E{(φ̂i (k) − C)2 }. From Eq. 13,
each node can update
its local error covariance as follows:

1
−1
i (k+1) = β Ti (k) Si (k)+Γi (k) β i (k) = 
1T Si (k)+Γi (k)

β Ti (k)Qi (k)β i (k) =

Theorem 1: For a fully-connected graph with AWGN links
and same sensing and communication qualities, the trace of
the error covariance matrix is a decreasing sequence with time.
Proof: Consider a fully-connected graph with rj,i = 1,
2
= σ 2 and σω2 i = σω2 for 1 ≤ i, j ≤ M and j = i.
σj,i
Then, we have the following decomposition of Si (k): Si (k) =
a(k)11T + b(k)I. Furthermore, Γi (k) = σ 2 I i , where I is
the identity matrix and I i is the identity matrix with zero in
(i, i) entry. Using the Matrix Inversion Lemma for a general
B = A + XRY , we have: B −1 = A−1 − A−1 X(R−1 +
Y A−1 X)−1 Y A−1 . Let A = b(k)I + σ 2 I i , X = 1, R = a(k)
and Y = 1T . We have:

Si (k) + Γi (k). Next we define B(k)  [Bm,n (k)], where
βn,m (k),
n ∈ Om
. The unbiased esBm,n (k) =
0,
n∈
/ Om
timation guarantees that B(k) has one as an eigenvalue
with vector 1 as its corresponding eigenvector. Let φ̂(k) =
 (k) = [
ω1 (k), · · · , ω
M (k)]T . We
[φ̂1 (k), · · · , φ̂M (k)]T and ω
have:
⎡
⎤
..
.
⎢ T
⎥
⎥
 (k + 1) = B(k)
ω
ω (k) + ⎢
(12)
⎣ αi (k)ni (k) ⎦ .
..
.

S(k + 1) =B(k)S(k)BT (k)


+ diag · · · , β Ti (k)Γi (k)β i (k), · · · .

M

i=1

ω i (k)
ω Ti (k)}. The solution can then be
where Si (k) = E{
Q−1 (k)1
easily characterized as β ∗i (k) = 1T Qi −1 (k)1 , where Qi (k) =

−1

2

< a(k) + b(k),
and as a result
trace(S(k + 1)) =

M


1
< trace(S(k)).
1T (Si (k) + Γi (k))−11
i=1

Theorem 2: For a fully-connected graph with AWGN links
and same sensing and communication qualities, the average
steady state estimation error covariance of any node can be
approximated as follows for large enough M :


1

(∞) ≈

and sends it to other nodes in its neighbor set. Then, we can
approximate Si (k + 1), using only the information available
locally: Si (k +1) ≈ diag(oi1 (k +1), · · · , oi (k +1)). While
|Ni |
this is a sub-optimal strategy, our simulation results show that
the performance loss is considerably small, as we will see later
in this section. Alternatively, one can consider strategies where
each node learns its cross correlations with its neighbors.
Lemma 1: Let S(k + 1) be the error covariance matrix
k + 1. We have trace(S(k + 1)) =
M in iteration
1
ω i (k)
ω Ti (k)}.
T
i=1 1 (S (k)+Γ (k))−11 , where Si (k) = E{
i


β Ti (k)Si (k)β i (k) + β Ti (k)Γi (k)β i (k)

i=1
T

(k) ]
,i

|Ni |

M



∞
σ2 
1
σω2
+ 2

M
M
k=0 k + 1 +

2 ,
σ2
2
M σω

(14)

where σ 2 and σω2 are as defined in Theorem 1.
Proof: For a fully-connected graph with AWGN links and
same sensing and communication qualities, we can have the
following decomposition: B(k) = p(k)11T + q(k)I, where
p(k) and q(k) are scalars. Therefore,
S(k + 1) = a(k + 1)11T + b(k + 1)I
= B(k)S(k)B(k) + (M − 1)p2 (k)σ 2 I.

i

3

(15)

By substituting the decomposition of S(k) and B(k), we have:

B. SSMC - Diversity approach
As mentioned earlier, diversity techniques can be used to
improve system’s performance if link qualities are the main
bottleneck. In this case, each node senses the common value
one time. It then transmits the sensed value without fusion
to all its neighbors a number of times. Upon receiving the
estimates of other nodes, each node takes an average of the
received information to overcome communication errors. It
then uses the BLUE fusion approach to provide a better
estimation of the common value. We have:

a(k + 1)




= M p(k) + q(k) a(k) + p2 (k)M + 2p(k)q(k) b(k)
1 − q 2 (k)
= a(k) +
b(k),
(16)
M
where B(k)1 = 1 results in M p(k) + q(k) = 1. Furthermore,
b(k + 1) = (M − 1)p2 (k)σ 2 + q 2 (k)b(k)
(17)
 1 − q(k) 2 2
= (M − 1)
σ + q 2 (k)b(k).
M

xj (k + 1) = xj (k),
yj,i (k) = rj,i (k)xj (k) + nj,i (k).

For a fully-connected graph, characterizing β 1 (k) suffices
for characterizing B(k). By utilizing Matrix Inversion Lemma,
β 1 (k) and q(k) can be characterized as:
⎡ 1 ⎤

Let φ̂j,i (k) denote the best linear estimation of node i of the
noisy sensing of node j ∈ Ni \{i} at time k. It can be easily
confirmed that for k  0 we have

b(k)

β 1 (k) =

1
1
b(k)

+

M −1
b(k)+σ 2

⎢ 1 ⎥
⎢ b(k)+σ2 ⎥
⎢ . ⎥,
⎢ . ⎥
⎣ . ⎦

φ̂j,i (k) =
(18)

1
b(k)+σ 2

 1

1
σ2
−
.
=
M −1
b(k) b(k) + σ 2
σ 2 + M b(k)
+ b(k)+σ
2
(19)
1

1
b(k)

j∈Ni

Substituting Eq. 19 in Eq. 17 results in:
b(k + 1) =

(M − 1)σ 2 b2 (k) + σ 4 b(k)
.

2
σ 2 + M b(k)

where i,i (k) = 0 and φ̂i,i (k) = xi (k). For k  0, we have

2
i (k) = E{ φ̂i (k) − C }
(25)
1
=

−1 .

1
2
j∈Ni ,j=i σωj + j,i (k − 1)
σ2 +

(20)

For large M , we can approximate M − 1 with M , resulting
2
b(k)
in b(k + 1) ≈ σ2σ+M
b(k) . Considering the initial condition
b(0) =

σω2 ,

we have: b(k) ≈

Eq. 16 will result in,
a(∞) ≈

σ2
M
2
k+ Mσσ2
ω

ωi

As k goes to infinity, the effect of channel errors is reduced.
The steady state behavior will then be similar to one time
communication over ideal channels:
  1 −1
.
(26)
lim i (k) =
k→∞
σω2 j

. By noting that a(0) = 0,

∞

1 
b(k)
b(k) − 

2
M
1 + σM2 b(k)
k=0

(21)

j∈Ni

σ2
2
M σω

∞

k+
1
σ2  
−


2
2
2
M2
k + Mσσ2
k + 1 + Mσσ2
k=0
ω
ω
∞

1
σ2  
1
= 2
−
2
2
σ
σ
M
k + M σ2
k + 1 + M σ2
k=0

=

∞
1
σ2 
+ 2

M
k=0 k + 1 +

=

ω

For a fully-connected network with AWGN channels and same
sensing and communication qualities, we have σωj = σω ,
σ2
rj,i (k) = 1 and σj,i = σ. Therefore, j,i (k) = k+1
which
2

results in i (k) =

σ
2 k+ 2
σω
σω
M k+ σ2
M σ2

for ∀i.

ω

ω

C. Comparison of fusion with diversity approaches

2
σ2
2
M σω

∞
σ2 
1
σω2
+ 2

M
M
k=0 k + 1 +

j,i (k)
φ̂j,i (k − 1) + j,i (k)CNRj,i (k)yj,i (k),
j,i (k − 1)
(23)

−1
where −1
j,i (k) = j,i (k − 1) + CNRj,i (k), and j,i (k) =
E{(φ̂j,i (k) − xj (k))2 }. For k = −1, we take j,i (−1) = ∞.
The ith node then fuses φ̂j,i for j ∈ Ni . We have the following
for the estimation of the ith node of C by using a BLUE
estimator:

(j,i (k) + σω2 j )−1

φ̂i (k + 1) =
φ̂ (k), (24)
2 −1 j,i
j∈Ni (j,i (k) + σωj )

and
q(k) =

(22)

As indicated in the previous section, for a fully-connected
graph, diversity approach can provide a better performance.
On the other hand, fusion approach can outperform diversity
if link qualities are the main bottleneck. Fig. 1 and Fig. 2
compare the performance of SSMC approach for both fusion
and diversity cases over a star-shaped and fully-connected (FC)
graph respectively. The figures show average of the estimation

2 .
σ2
2
M σω

As k goes to infinity, we have b(∞) = 0 and S(∞) =
a(∞)11T , which results in (∞) = a(∞).
4

mean square estimation error

error covariance of all the nodes (averaged over fading as
well). In all the simulations, we assume that C = 10 and
σω2 = 5. Link qualities are worse for Fig. 2 as compared to Fig.
1. As can be seen, fusion strategy outperforms the diversity
one in Fig. 1 since the main bottleneck is connectivity. As the
link qualities get worse in Fig. 2, however, it can be seen that
the diversity approach provides a better overall performance by
reducing link uncertainties. In practice, a combination of both
approaches may be suitable to account for different scenarios.
It can also be seen that the performance of the proposed suboptimal fusion strategy, based on the diagonal approximation
of Si (k), is considerably close to the optimum one.

Similar to the previous section we consider two cases of fusion
and no fusion. In each iteration, every node measures the
common value and sends its measurement to its neighbors over
the fading channels. In order to take into account new sensing,
we modify the definition of xi (k) and yi (k) as follows:
yi (k + 1) = Ri (k)xi (k) + ni (k),
(27)

[xi (k)]m ,
oim = i
where [xi (k)]m =
and [.]m
oim = i
xi (k + 1),
denotes the mth element of the argument vector. In the time
step k + 1, node i estimates the common value based on its
estimation at time k, new sensing at time k + 1 and received
information
from its neighbors
at time k. Therefore, φ̂i (k +


1) = f φ̂i (k), yi (k + 1) where f (.) is a linear function that
minimizes the following cost:

2


.
(28)
E f φ̂i (k), yi (k + 1) − C

6
5.5

SSMC with fusion, star topology, CNR=0dB
4.5

SSMC with fusion, star topology, CNR=0dB (sub-optimal)

3.5

SSMC with diversity, star topology, CNR=0dB
Lower bound for a fully connected topology
with ideal communication

By using a best linear estimation, we have:
−1

φ̂i (k + 1) = φ̂i (k) + i (k + 1)1T Ri (k) Ri2 (k)Ωi + Ni


× yi (k + 1) − Ri (k)1φ̂i (k)
and
−1
 2
−1
−1
T

i (k + 1) = i (k) + 1 Ri (k) Ri (k)Ωi + Ni
Ri (k)1.

2.5
1.5

where φ̂i (0) = xi (0) and i (0) = E{ωi2 }. After some
straightforward simplifications, we can characterize the best
linear estimator as:
i (k + 1)
φ̂i (k)+
(29)
φ̂i (k + 1) =
i (k)
−1 

yi (k + 1),
i (k + 1)1T Ri (k) Ri2 (k)Ωi + Ni

0.5
0
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10
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time step (k)
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45

50

Fig. 1. A comparison of fusion and diversity techniques for the SSMC
case with M=6, the graph is star-shaped with fading channels for non-ideal
communication cases.

mean square estimation error

where
5.5

−1
 2
−1
1. (30)
T 2
−1
i (k + 1) =i (k) + 1 Ri (k) Ri (k)Ωi + Ni

SSMC with fusion, FC topology, CNR=-20dB
SSMC with fusion, FC topology, CNR=-20dB (sub-optimal)

For k ≥ 0 we have:

SSMC with diversity, FC topology, CNR=-20dB
Lower bound for a fully connected topology with
ideal communication

4.5

i (k + 1) =

3.5

1
i (k)

+

1
2
σω

+
i



1


−1 .
σω2 j + CNR−1
j,i (k)

j∈Ni ,j=i

2.5

(31)

1.5

For a fully-connected graph with AWGN
 links and the same
sensing and communication
qualities
σωi = σω , rj,i (k) =

1 and σj,i = σ , Eq. 31 results in:

0.5
0
0

20

40
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80
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time step (k)

140

160

180

i (k) =

200

1
( σ12
ω

+

M −1
2 +σ 2 )k
σω

+

1
2
σω

, ∀i.

(32)

B. MSMC - with fusion

Fig. 2. A comparison of fusion and diversity techniques for the SSMC case
with M=6, the graph is fully connected with fading channels for non-ideal
communication cases.

As discussed in the previous section, if the graph was fully
connected, each node in each time had all the information of
other nodes (albeit noisy). For a not fully connected graph,
however, information of some of the nodes will never reach
some other nodes directly. In order to increase the flow of
information in the network, in this part we consider the case
where each node fuses its current sensing with its received
information and sends it to its neighboring nodes.

IV. S CENARIO 2: M ULTIPLE S ENSING AND M ULTIPLE
C OMMUNICATION (MSMC)
A. MSMC - no fusion
In this part, we consider the scenario that the nodes have the
capability of sensing the parameter of interest multiple times.
5

mean square estimation error (dB)

As an example, consider a star-shaped network. In each
iteration, the leaf nodes send their current sensed values to the
center node. At time k, the center node has all the information
received from the end nodes at time k − 1, its sensed value
at time k as well as its previous estimation, based on which
it can update its estimate. Without loss of generality, assume
that node 1 is the center node. Let f1,i (k) represent the fused
value that the center sends to node i = 1 at time k. We have:
f1,i (k) =

M


αj,1 (k)yj,1 (k − 1) + α1,1 (k)x1 (k), (33)

j=2,j=i

mean square estimation error (dB)

where x1 (k) and yj,1 (k) denote the sensed value of the center
node and its reception from node j at time k, respectively.
αj,1 (k) can be easily calculated based on the BLUE approach.
As can be seen from Eq. 33, we excluded the information
received from node j from the update that will be sent to
it, in order to facilitate mathematical derivations. In general,
however, calculating the optimum coefficients for more general
graphs requires considering correlation of different information flow paths and is a subject of further extensions.
Fig. 3 shows the impact of link qualities and graph topology
on the performance of MSMC for the case of no fusion. Fig.
4 shows the impact of fusion on MSMC performance over a
star-shaped network. It can be seen that fusion can improve
the performance since graph connectivity is low. Its impact is
more drastic when link qualities are better, as expected.

MSMC, FC topology, CNR=0dB, M=6
MSMC, star topology, CNR=0dB, M=6
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the main bottleneck. We furthermore explored the impact of
multiple sensing on the overall performance.

MSMC, FC topology, CNR=-20dB, M=6
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Fig. 4. Impact of fusion on the performance of MSMC over a star-shaped
graph.
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Fig. 3. Performance of MSMC for the case of no fusion over both a fully
connected and a star-shaped graph for different link qualities.

V. C ONCLUSIONS
In this paper we considered a distributed and cooperative
estimation problem over fading channels. We considered different ways of using the available bandwidth, in terms of what
each node can send to its neighbors. More specifically, we
mathematically characterized the impact of both fusion and
diversity strategies on the overall performance and highlighted
the underlying tradeoffs. We showed that the fusion strategy
is more suitable when the graph connectivity is low while
diversity technique is a better candidate if poor link quality is
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