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SUMMARY
It is a fact that energy consumption is a key issue in wireless sensor networks. In order to improve the
energy efﬁciency of network utilization, distributed power control methods are advocated. However, the
sensors are deployed randomly, which results in the channel gains that are difﬁcult to be obtained; thus,
how to estimate channel gains accurately to increase node communication efﬁciency and reduce energy consumption is the motivation of our work. In this paper, a cooperative and distributed algorithm based on diffusion least mean square (LMS) is ﬁrstly proposed to estimate channel gain by utilizing the equality and
collaboration of sensor nodes. Its objective is to enhance the accuracy and convergence of the estimation
process. Because the presented globe-based scheme is unrealistic for practical utilization, two distributed
estimation algorithms are investigated for different network scenarios, namely, exchange diffusion combine
LMS and exchange combine diffusion LMS. Simulation results demonstrate the effectiveness of our
methods. Copyright © 2015 John Wiley & Sons, Ltd.
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1. INTRODUCTION
Wireless sensor networks (WSNs) are multi-hop self-organizing networks, which include numerous
low-cost tiny sensor nodes deployed in the monitoring areas [1, 2]. Its main features can be concluded as follows: (i) node adaptation: which means that sensor location cannot be predeﬁned,
and the relationship of neighboring sensors is unknown. Thus, self-adaptation ability of sensor
nodes is required, by which multi-hop wireless networks through topology control and network protocol can be constructed. (ii) Cooperation: because sensor networks have to measure some complex
data, the cooperative measurement is advocated among sensor nodes. (iii) Large-scale network: it
has double meanings, that is, sensor nodes are deployed in large geographic areas or plenty of
sensor nodes are distributed in a small area.
For WSNs, because of the measurement requirement, the sensor nodes are often deployed to the area
that human beings are hard to reach; take the temperature or humidity observation in forest for example.
Furthermore, the sensor nodes are supplied by battery, which is actually limited. Because it is difﬁcult or
even impossible to charge or change thousands of sensor nodes, while these nodes are required to work for
a few months or even years, reducing the energy consumption is one of the key problems for WSNs [3].
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It is known that only a small amount of energy is consumed for data processing, while bulk of the
energy is utilized for communication among sensor nodes (i.e., the power ampliﬁcation for signals).
In order to improve energy efﬁciency for node communication, distributed power control methods
are recommended [4–6]. If the channel gains of WSNs can be estimated beforehand, we can conduct distributed power control method to adjust transmission power according to the channel state
for energy saving. However, the sensor nodes are deployed randomly in most cases, and during the
initial stage of the node placement, the network environment, neighboring nodes, and channel gains
are unknown to the sensor nodes. Although plenty of literatures have studied the power control
methods for WSNs, the channel gains are assumed to follow some stochastic distribution, which
is not always true. Because channel estimation plays a key factor in power control scheme in
WSNs, channel estimation is the main focus of our work.
In recent years, the related works on channel gain estimation mainly focused on the methods that
each sensor node estimates the channel gain individually, for example, Kalman ﬁltering and least
mean square (LMS) [7, 8]. These methods evaluated the channel error by utilizing the iterative
methods so that the estimated error tends to be zero after each iteration. However, the estimation
values of the sensor nodes are unrelated, which results in these values that are vulnerable to interference, and the estimated error increases sharply as network size scales. Because the interference
occurs randomly, it is difﬁcult to judge which estimation value has large error; thus, the network
robustness is weak and results in the power control methods that are inappropriate. In our work,
multiple nodes in WSNs are utilized together to measure one target, and nodes are stimulated to estimate the channel gain in a cooperative way for estimation accuracy improvement.
The remainder of this paper is shown as follows: Section 2 illustrates diffusion LMS (D-LMS)
together with adaptive diffusion LMS (AD-LMS) algorithms. In order to reduce network energy
consumption further, Section 3 proposes two methods, namely, exchange diffusion combine
LMS (EDC-LMS) and exchange combine diffusion LMS (ECD-LMS), which are realistic to implement by adjusting the adaptive factor. Simulation results are given in Section 4, and Section 5 concludes our work.
2. LEAST MEAN SQUARE-BASED CHANNEL GAIN ESTIMATION SCHEMES
In this section, we ﬁrst brieﬂy introduce the traditional LMS method for channel estimation and
then present D-LMS and AD-LMS schemes to overcome the drawbacks of the LMS method.
The main variables and notations used in this paper are shown in Table I.
2.1. Fundamental idea of least mean square
Least mean square method is studied to restrain antenna sidelobe, which is simple, with low complexity, and can achieve good network performance in terms of resistance to multipath interference
signal [9]. LMS method is proposed based on LMS error and steepest descent method. It is suitable
for the statistical features of the signal that are steady but unknown and can be utilized to estimate
an unknown variable.
Table I. The main variables and notations used in this paper.
x(n)
y(n)
μ
ωo
ωloc
l
ψ ik
cl,k
dk(i)

Input signals at moment n
Output response signal at moment n
Step factor to control algorithm convergence
Channel gain to be estimated
Channel gain estimated by the local node
The estimated channel gain of node k at time i
Binary variable that is 1 if nodes l and k are connected
The received signal of node k at time i

ψ i1
k
ek(i)
ak(i)

Linear combination of the values estimated by the neighboring sensor nodes
The estimation error of node k at time i
The gradient of the estimated error square of node k at time i

Copyright © 2015 John Wiley & Sons, Ltd.

Int. J. Commun. Syst. (2015)
DOI: 10.1002/dac

ENERGY-AWARE, COOPERATIVE, AND DISTRIBUTED CHANNEL ESTIMATION SCHEMES

The signal error of LMS is deﬁned as the error between output and desired signals, namely,
e ðn Þ ¼ d ðn Þ  y ðn Þ

(1)

where d(n) and x(n) are the desired and input signals at moment n, respectively. y(n) = WHx(n) represents the output response signal at moment n, and
eðnÞ ¼ dðnÞ  yðnÞ ¼ dðnÞ  W H xðnÞ

(2)

The mean square error (MSE) is the statistical expectation of e(n)2, the minimization of MSE
value equals to minimize the value to be estimated (i.e., W).
Then, we generally introduce the steepest descent method [10]. At ﬁrst, an initial value of W is
set; this weight is updated according to the iterative formula until the iteration converges. The
physical interpretation is to search a new weighting point from the initial point and follow the
negative gradient direction until the minimum weighting point can be found. This can be illustrated as
W ðn þ 1Þ ¼ W ðnÞ  μ∇W ξ

(3)

where μ is the step factor to control the convergence property of algorithm and ∇W is the gradient of ξ.
Least mean square utilizes the steepest descent method, and by updating the weighting vector in a
recursive way, the optimal vertex to minimize network error can be achieved. The gradient of the
instant error power can be calculated by

W ðn þ 1Þ ¼ W ðnÞ  μ∇W jeðnÞj2 ¼ W ðnÞ þ 2μe ðnÞxðnÞ

(4)

The step factor μ has an important inﬂuence on network performance, which determines the convergence rate and proportionality [11]. The imbalance is caused by noise effect, which results in the
deviation of the estimated value. From the analysis stated previously, the LMS-based algorithm can
be utilized to estimate the channel gain of the sensor node under the condition that one node transmits signals continuously to other nodes. However, some drawbacks exist in this algorithm. For
example, the estimated values among different sensor nodes are unrelated and isolated. Because
the estimation procedure of each node is inﬂuenced by noise and interference inevitably, the total
error is intolerable if these estimation values are combined together.

2.2. Diffusion least mean square-based channel gain estimation method
In this section, D-LMS-based channel gain estimation algorithm is presented to overcome the drawbacks of LMS. In a WSN with N sensors, assuming that the channel gain is ωo, our object is to
estimate the channel gain values in M channels. Because the distance between the target sensor
node collection and the measuring point is far enough, similar with [12], we consider that the channel gains between the measuring point and the sensor nodes in the collection are the same, and
at time i  1 as in [13], the error of
assuming that the estimated value of channel gain ωo is ψ i1
k
this value can be calculated by
ϕ ik 1 ¼ ∑ cl;k ψ il 1

(5)



ψ ik ¼ ϕ ki 1 þ μk uk;i d k ðiÞ  uk;i ϕ ki 1

(6)

l∈N k

where the aggregated estimation value ϕ ik  1 is the weighting value of all the nodes in the collection, cl,k
denotes whether nodes l and k are connected, ψ ik is the updated estimation value after one iteration, dk(i)
Copyright © 2015 John Wiley & Sons, Ltd.
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is the received signal during each iteration, μk is the step of iteration, uk,i is the known text sequence of
sensor node, and the asterisk on the top right corner means the calculation of the associate matrix.
The main object of D-LMS algorithm is to reduce the interference caused by channel estimation. In
order to analyze the overall network performance, we describe the algorithm by the following matrixes:





ψ i ¼ col ψ i1 ; ⋯; ψ iN ; φi 1 ¼ col ϕ i1 1 ; ⋯; ϕ iN1

(7)



U i ¼ diag u1;i ; ⋯; uN;i ; di ¼ colfd1 ðiÞ; ⋯d N ðiÞg

(8)

where col is short for column vector and diag stands for diagonal matrix. Deﬁne the diagonal matrix D,
which contains the corresponding iteration step and is shown as
D ¼ diagfμ1 IM ; ⋯; μN IM g

(9)

The received signal is a combination of channel gain, which can be deﬁned as
dk ðiÞ ¼ uk;i ωo þ vk ðiÞ

(10)

where v is the independent identically distributed background noise. Thus, we can obtain


ψi ¼ Gψi1 þ DUi d i  Ui Gψi1

(11)

where G is the transfer matrix of weighting value C and C = [cl,k] is the aggregation matrix consisting
of the network topology information.
Similar with [13, 14] and according to the matrix property of two-dimensional norm, we know that

kBGk2 ≤ kBk2 kGk2

(12)

where B = (I  DRu) and Ru = diag{Ru,1, ⋯, Ru,N} is the block diagonal matrix.
If σ max is deﬁned to solve the largest singular value, σ max(BG) ≤ σ max(B)  σ max(G). For random
symmetric matrix B, matrix G is also random and symmetric; thus, σ max(G) = 1. Because σ max(B)
= |λmax(B)| and |λmax(ΒG)| ≤ σ max(BG), and λmax is the maximum spectral radius, we can obtain

jλmax ðBGÞj ≤ jλmax ðBÞj

(13)

It is known that the spectral radius of BG is generally less than that of B, which means that the
error estimated by D-LMS is less than that obtained by LMS; thus, the accuracy of estimation in
D-LMS algorithm is higher than that in LMS algorithm.

2.3. Adaptive diffusion least mean square-based channel gain estimation method
Diffusion LMS algorithm collects the estimation information of nodes in a cooperative method,
where the weighting value ck,l determines the network performance. Because only one sensor node
is estimated during each round of channel estimation process, the weighting values are determined
by metropolis rule; however, these values during each iteration process are constant.
Because the noise of each sensor node varies constantly, during one iteration step, if the noise of
the estimated node increases suddenly, the estimation accuracy decreases. However, the weighting
values still keep constant, which will affect the estimation of the next step. In order to overcome this
drawback, the AD-LMS method is presented, which can update the weighting values adaptively.
Copyright © 2015 John Wiley & Sons, Ltd.
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The generated value of ϕ ik  1 is composed of the estimated value of the local and the neighboring
nodes, which can be illustrated as


ϕ ik 1 ¼ λik ψ ik 1 þ 1  λik ψ i1
k

(14)

herein, ψ i1
is the linear combination of the values estimated by the neighboring sensor nodes, which
k
satisﬁes
ψ i1
¼ ∑ cl;k ψ li 1
k

(15)

l∈N k =k

The aggregated result ϕ ik  1 obtained by (14) will be sent to the self-adapting ﬁlter of the local
node. If ek(i) is deﬁned as the estimation error, the iteration process is similar with D-LMS estimation algorithm, which can be expressed as
ek ðiÞ ¼ d k ðiÞ  uk;i ϕ ik1

(16)

ψ ik ¼ ϕ ik1 þ μuk;i ek ðiÞ

(17)

The core idea of AD-LMS estimation algorithm is to adjust the local weighting factor
λk (a k ) ∈ [0, 1] adaptively, so that the estimation error of the iteration process can be reduced.
The gradient of the estimated error square can be calculated by
h
i
aik ¼ aik1  μa ∇a jek ðiÞj2

(18)

The relationship between λk and ak is
λik ¼

1
 
2

1 þ exp ai1
k =2

(19)

By combining Equations (18) and (19), we can obtain
aik ¼ aik

1



uk;i 
þ μa  β ψ ik1  ψ ki 1 ek ðiÞλik 1  λik
uk;i 

(20)

where β is a non-zero normalization constant and set to 2 in our work. aik is adopted for the (i + 1)th
iteration, which has relationship with the ith error. Because different methods can construct different
adaptive aggregation schemes, the form of Equation (20) is not constant.

3. ENERGY-AWARE DISTRIBUTED CHANNEL GAIN ESTIMATION SCHEME
Although the globe estimation algorithm can achieve relative accurate solution, it is hard for implementation because its robustness is weak, the scalability is poor, and the energy consumption is
high. In order to reduce the total network energy consumption, a distributed channel gain estimation
scheme is presented based on the fundamental principle of globe estimation algorithm. Our method
intends to overcome these drawbacks on the one hand and on the other hand, attempts to approach
the network performance achieved by the globe optimization method.
In the globe estimation algorithm, the sensor nodes in WSNs send the estimated value ψ k (including
the received signal dk and the text sequence uk) to the center node for aggregation; then this node
Copyright © 2015 John Wiley & Sons, Ltd.
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combines the received information and estimates the channel gain. The expressions for globe estimation algorithm can be illustrated as
1
¼ ∑ ccen;l ψ il 1
ϕ icen

(21)



1
1
ψ ik ¼ ϕ icen
þ μk uk;i dk ðiÞ  uk;i ϕ icen

(22)

l∈N

where cen stands for the center node for aggregation and N is the collection of network sensor nodes.
Because the globe estimation algorithm combines the information from all the sensor nodes in
WSNs, it is unrealistic for utilization. In this section, based on the principle of the globe estimation
algorithm, a distributed channel estimation scheme, named EDC-LMS, is presented to overcome
the drawbacks stated previously.

3.1. Exchange diffusion combine least mean square estimation algorithm
The total energy consumed in WSNs can be shown as
N

2
J glob ðωÞ ¼ ∑ Edk ðiÞ  uk;i ω

(23)

k ¼1

where E stands for the expectation calculation, ω is the estimation value of actual channel gain ωo, and
the received signal dk(i) and the text sequence uk,i are wide-sense stationary variances.
According to [14], the globe optimal estimation value ωo can be expressed as
1

N

ω¼

∑ Ru;k

N

∑ Rdu;k

k ¼1

(24)

k ¼1

where Ru,k is a number larger than 0, Ru;k ¼ Euk;i uk;i ; Rdu;k ¼ Edk ðiÞuk;i , and the upper superscript
means complex conjugate transpose. Because time i is considered, the values of Ru,k and Rdu,k vary
from time to time.
Similar with [15], the consumed energy can be expressed as


2


J loc
k ðωÞ ¼ ∑ cl;k Ε d l ðiÞ  ul;i ω

(25)

l∈N k

and the optimal local estimation value is
!1
ωloc
k

¼

∑ cl;k Ru;l
l∈N k

N

!

∑ cl;k Rdu;l

(26)

l∈N k



We can observe that value ωloc
k is merely dependent on the covariance value Ru;l ; Rdu;l l∈N k , and
it can be measured by the sensor node k. Deﬁne variable Γk, which equals to Γk ¼ ∑ cl;k Ru;l ;
l∈N k

Equation (25) can be expressed as


loc 2

þconst
J loc
k ðω Þ ¼ ω  ω k
Γk

(27)

where const means a constant value independent of ω. For any Hermitian ∑ > 0, we have kak2∑ ¼ a ∑a,
which stands for a weighting vector norm. Then Equation (23) can be rewritten by
Copyright © 2015 John Wiley & Sons, Ltd.
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N

N

l¼1

l≠k

loc
loc
J glob ðωÞ ¼ ∑ J loc
l ð ω Þ ¼ J k ð ωÞ þ ∑ J l ð ωÞ

(28)

By combining Equations (27) and (28), for any k ∈ {1 , 2 , ⋯ , N}, we can obtain
J

glob′

N 
2

2
loc 



ðωÞ ¼ ∑ cl;k E dl ðiÞ  ul;i ω þ ∑ ω  ωl
l≠k

l∈N k

(29)

Γl

Therefore, the problem of reducing energy consumption by estimating ω has been converted to
lower Equation (29). In order to reduce the consumption of sensor node k, some additional information from other nodes is still required, for example, the local estimation value ωloc
l and matrix Γl. The
distributed method is stated as follows.
At ﬁrst, the covariance matrix Γl in (29) is substituted by a Toeplitz matrix, where Γl = bl,kIM. bl,k
is a collection of non-negative real coefﬁcient, which is the weighting factor of each neighboring
collection. IM is a M × M unit matrix. The weighting collection bl,k is set as
bl;k ¼ 0

l ∉ Nk; IT B ¼ IT

if

(30)

where bl,k can be deﬁned similarly with cl,k. We use estimation value ψ l of sensor node l to replace the
best local estimation value ωloc
l in (29); by this approximate substitution, node k employs Equation (31)
to reduce the energy consumption, which can be illustrated as

2
2


J dist
k ðωÞ ¼ ∑ cl;k E d l ðiÞ  ul;i ω þ ∑ bl;k kω  ψ l k

(31)

l∈N k =k

l∈N k

By calculating the gradient of (31), we can obtain


∇ω J disr
k ðω Þ



¼ ∑ cl;k Ru;l ω  Rdu;l þ ∑ bl;k ðω  ψ l Þ

(32)

l∈N k =k

l∈N k

Thus, we can obtain a recursive value based on ω of node k, deﬁned by ωik, which can be illustrated as




ωik ¼ ωik1 þ μk ∑ cl;k Rdu;l  Ru;l ωik1 þ νk ∑ bl;k ψ l  ωik1

(33)

l∈N k =k

l∈N k

where μk and νk are step lengths. We set an estimation value ψ ik to decompose Equation (33) into two parts,
shown as


ψ ik ¼ ωik1 þ μk ∑ cl;k Rdu;l  Ru;l ωik1

(34)



ωik ¼ ψ ik þ νk ∑ bl;k ψ l  ωik1

(35)

l∈N k

l∈N k =k

Then, we set ψ l to ψ il , which is the estimation value of node l at time i. ωi1
is also set to ψ ik
k
because the latter contains more information than the former factor, which can improve network
performance [16]; thus,

 

ωik ¼ ψ ik þ νk ∑ bl;k ψ il  ψ ik ¼ 1  νk þ νk bk;k ψ ik þ νk ∑ bl;k ψ il
l∈N k =k

Copyright © 2015 John Wiley & Sons, Ltd.
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In order to solve this problem efﬁciently, two factors are added:


ak;k ¼ 1  νk þ νk bk;k

l¼k

al;k ¼ νk bl;k

l≠k

(37)

By substituting (37) into (36), we can obtain
ωik ¼ ∑ al;k ψ il

(38)

l∈N k

where the weighting factors al,k and cl,k are non-negative real numbers and satisfy
al;k ¼ cl;k ¼ 0

if l ∉ N k ; CI ¼ I; I T C ¼ I T ; I T A ¼ I T

(39)

herein, A is an N × N matrix, and the factors inside are {al,k}.
Some approximations can be made, that is, Ru;k ≈ uk;i uk;i and Rdu;k ≈ dk ðiÞuk;i . By substituting
these approximations into (34), we can obtain the expression of the EDC-LMS algorithm, illustrated as



ψ ik ¼ ωik1 þ μk ∑ cl;k ul;i dl ðiÞ  ul;i ωik1

(40)

ωik ¼ ∑ al;k ψ il

(41)

l∈N k

l∈N k

In order to keep pace with the presented D-LMS and AD-LMS algorithms, the aggregated value
ψ ik is utilized to replace ωik , which can be shown as
ψ ik ¼ ϕ ik

1


þ μk ∑ cl;k ul;i dl ðiÞ  ul;i ϕ ik

1



(42)

l∈N k

ϕ ik ¼ ∑ al;k ψ il

(43)

l∈N k

herein, cl,k represents the percentage of information transmitted from sensor nodes l to k to the whole
information sent to node k. al,k is the percentage of information transmitted from sensor node l to the
estimation value ψ il .

3.2. Exchange combine diffusion least mean square estimation algorithm
In Section 3.1, Equation (33) has been decomposed into (34) and (35); in this subsection, we change
the two parts in (33) to reduce computational complexity further and can be expressed as


¼ ωki 1 þ νk ∑ bl;k ψ l  ωki 1
ψ i1
k

(44)



ωik ¼ ψ ik1 þ μk ∑ cl;k Rdu;l  Ru;l ωik1

(45)

l∈N k =k

l∈N k

Copyright © 2015 John Wiley & Sons, Ltd.
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We use ωil

1

to replace ψ l in (44) and utilize ψ ik

1

to replace ωik

1

in (45); therefore,

ψ ki 1 ¼ ∑ al;k ωil 1

(46)



ωik ¼ ψ ik1 þ μk ∑ cl;k Rdu;l  Ru;l ψ ik1

(47)

l∈N k

l∈N k

By substituting the expressions of {Ru,l, Rdu,l}, the iterative formulations of ECD-LMS algorithm are shown as
ψ ki 1 ¼ ∑ al;k ωil 1

(48)



ωik ¼ ψ ik1 þ μk ∑ cl;k ul;i dl ðiÞ  ul;i ψ ik1

(49)

l∈N k

l∈N k

It can be observed that each node in the D-LMS algorithm utilizes the received information (own
information) in the iterative steps as shown in (6), while for EDC-LMS and ECD-LMS estimation
algorithms, the nodes not only use their own information but also combine the information from the
neighboring node collections as shown in (42), (43), (46), and (47).

3.3. Analysis of EDC-LMS and ECD-LMS algorithms
Because the main difference between EDC-LMS and ECD-LMS is using different solution
sequences, we then analyze the difference between these two algorithms. By comparing (41) and
(49), we can see that
(
EDC :

ωik

)
ωil 1

¼ ∑ al;k
l∈N k

þ μl ∑
m∈N l

cm;l um;i

d m ði Þ 

um;i ωil  1

d m ði Þ 

um;i ωil  1

(
ECD :

ωik

¼ ∑ al;k
l∈N k

(50)
)

ωil 1

þ μk ∑
m∈N k

cm;k um;i

(51)

The weighting factors are set to the same values for comparison. In order to calculate ωik ,
ECD-LMS method requires all the information of node m ({dk(i) , uk,i}) in the neighboring node
k. EDC-LMS algorithm needs to utilize the information of node m in the neighboring node l, and
node l is the neighboring node of node k, which means that the information of two hops is required
for each iteration. However, only one hop information is needed for ECD-LMS, which means that
the efﬁciency of this method is higher than that of EDC-LMS.
3.4. Local adaptive adjustment factor
It is known that after adding local adaptive adjustment factor for D-LMS, its estimation accuracy
can be enhanced; therefore, the adaptive adjustment factors for EDC-LMS and ECD-LMS are
added for network performance improvement. We take EDC-LMS, for example, to state the method
of adding adaptive adjustment factor. The aggregated equation of EDC-LMS is
ϕ ik ¼ ∑ al;k ψ il

(52)

l∈N k

Copyright © 2015 John Wiley & Sons, Ltd.
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After introducing local adaptive factor, we can obtain


ϕ ik ¼ λik ψ ik þ 1  λik ψ ik

(53)

where ψ ik ¼ ∑ al;k ψ il .
l∈N k =k

The local error can be expressed as
ek ðiÞ ¼ d k ðiÞ  uk;i ϕ ik1

(54)

The local adaptive factor is deﬁned as mik , which is updated according to
h
i
mik ¼ mik1  μm ∇m jek ðiÞj2
By substituting the relationship equation λik ¼

1
2
1þjexpðmik =2Þj

(55)

into (55), the value of the next iter-

ation can be calculated by


uk;iþ1  i
i
i
miþ1
¼ mik þ μm 
β ψ k  ψ ik ek ði þ 1Þλk 1  λk
k
uk;iþ1 

(56)

By adding the adaptive factor into EDC-LMS algorithm, the presented algorithm can regulate the
weighting factor for network performance improvement.
4. SIMULATION RESULTS
The simulation platform of our work is MATLAB (MathWorks, Inc., Natick, MA, USA). In order
to reduce network energy consumption further, we utilize the sleeping mechanism proposed in
[17, 18], that is, an independent random sleep (or on/off) schedule is conducted, and each sensor
node chooses on and off periods from certain probability distributions, which does not depend on
other sensors. Each sleeping cycle consists of K frames, and the condition that the waked-up sensor
nodes are from the same group should be ensured during each period. The considered WSN
includes 50 sensor nodes and has multiple neighbor collections, where different channel gains
can be estimated in different collections. The main parameters used are shown in Table II.
If the ﬂuctuation of the estimated error is less than 0.01, we consider that the estimated value is
stable. Although the channel gains of sensor nodes in the same collection are considered to be the
same, the noise on different nodes is different, so that the estimated channel gains vary from node
to node. The estimated errors of sensor nodes have relationship with topology structure, which
Table II. Simulation parameters.
Parameter name
Number of node
Number of neighboring set
Number of channel to be estimated
Real value of channel gain
Number of iteration
Step of text sequence
Step of iteration
Amplitude of text sequence
Number of neighboring nodes
Channel model

Copyright © 2015 John Wiley & Sons, Ltd.
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50
10
10
12–56
2000
2000 code element
0.5 and 0.9
[1, 1]
From 3 to 6
Gaussian channel and Rician channel

Int. J. Commun. Syst. (2015)
DOI: 10.1002/dac

ENERGY-AWARE, COOPERATIVE, AND DISTRIBUTED CHANNEL ESTIMATION SCHEMES

decides the reliability and the weighting factor of each sensor node. In order to approach the real network scenario, the aggregated weighting factors are set proportionally to the signal-to-noise ratio
(SNR) value.
We ﬁrst conduct the simulation for average excess mean square error (EMSE); the local EMSE ς k
(i) can be calculated by
 
2
ςk ðiÞ ¼ Euk;i ωo  ψ ik1 

(57)

Figure 1 is the simulation result obtained by the local EMSE without adaptive control, and the
estimated number equals to 6. Because the values of y-coordinate are expressed by decibel, the
higher the histogram is, the better the corresponding network performances can be achieved.
It can be observed that the values gained by EDC-LMS and ECD-LMS are less than those gained
by LMS and D-LMS, which means that the accuracies of the former methods are higher than the
latter schemes. This is because for LMS, only one sensor node estimates the channel gain and no
information interaction exists; D-LMS method requires the information from neighboring sensor
nodes; however, because of the diffusion of estimation, merely the information received by the local
node is required (that is the received signal dk and text sequence uk); therefore, the estimation accuracy of D-LMS is higher than that of LMS. Because EDC-LMS and ECD-LMS schemes also
require the information from other sensor nodes during the diffusion estimation, the interactions
among nodes in EDC-LMS and ECD-LMS are tighter than that in D-LMS; therefore, the estimation
accuracies of the EDC-LMS and ECD-LMS schemes are higher than that of D-LMS. From Figure 1,
we can also see that the EMSE values obtained by EDC-LMS and ECD-LMS are smaller than that
of AD-LMS, which means that the latter has higher estimation accuracy than the former. It should
be noted that the EMSE value obtained by ECD-LMS is lower than the value gained by EDC-LMS,
which means that the estimation accuracy of the former is higher than the latter.
In order to analyze the estimation error from the point of the whole network, we compare the network performance of global EMSE and set the iteration step to 0.5. As shown in Figure 2, because
the globe EMSE values estimated by AD-LMS algorithm are less than those obtained by other
algorithms, the accuracy of AD-LMS is the highest. When the number of iteration reaches 1600,
the curves keep stable. By comparing the end of different curves, we can see that the performance
gap between LMS and D-LMS is 3 dB, while this gap between EDC-LMS and D-LMS is also 3 dB.
The reason behind is also the method of information interaction.
The iteration step is set to 0.9 in Figure 3, which corresponds to the abnormal situation. Simulation results demonstrate that although the iteration number reaches 2000, all the curves are not convergent. The corresponding positions of D-LMS, EDC-LMS, and ECD-LMS keep unchanged;
however, the speed of convergence increases. Then we focus on the network performance obtained
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Figure 1. The local EMSE of algorithms without adaptive control.
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Figure 2. The global EMSE of different algorithms without adaptive control.

Figure 3. The global EMSE of different algorithms in abnormal situation.

by AD-LMS and observe that its ﬂuctuation becomes very large. It can be also seen that the estimation accuracy of AD-LMS is merely better than LMS, which means that the large iteration step has
strong effect on the performance of AD-LMS. From the analysis stated previously, we can see that
if self-adaptive factor is not added into EDC-LMS and ECD-LMS, their estimation accuracies are
higher than those of LMS and D-LMS while lower than that of AD-LMS, which demonstrates
the importance of adaptive adjustment factor. In the following analysis, this factor is added into
EDC-LMS and ECD-LMS schemes.
It can be observed in Figure 4 that after adding self-adaptive factor, the EMSE values gained by
EDC-LMS and ECD-LMS schemes are less than those gained by the other algorithms, which
means that the estimation accuracies of EDC-LMS and ECD-LMS are higher than those of the other
algorithms. To analyze the estimation error from the view of the whole network, we compare the
network performance of global EMSE with adaptive control scheme. As shown in Figure 5, after
introducing the adaptive factor, the achieved network performances by EDC-LMS and ECDCopyright © 2015 John Wiley & Sons, Ltd.
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Figure 4. The local EMSE of different algorithms with adaptive control.

LMS are better than those by the other schemes. By comparing the ampliﬁcation in Figure 5, we can
see that comparing with AD-LMS scheme, EDC-LMS and ECD-LMS methods can increase 2 and
1 dB, respectively.
We also change the step from 0.5 to 0.9 in Figure 6 and observe that the ﬂuctuations of curves
obtained by LMS and AD-LMS are large and diverging. For D-LMS, EDC-LMS, and ECD-LMS,
their gained curves are stable and convergent. It should be noted that the curves of EDC-LMS and
ECD-LMS have some overlaps, which means that the difference between these two algorithms is
not so distinct. Therefore, the large step factor has less impact on EDC-LMS and ECD-LMS algorithms than on the other schemes.
We then analyze the weighting factor of the local node λk, which demonstrates how fast the
estimation error can be reduced. It also reﬂects the degree that how well the channel gain can be
estimated by the local sensor node. By comparing with the received SNR value of each node, the
relationship between the local weighting factor and the received SNR value can be studied. We
select six nodes randomly from the whole network, marked nodes 1–6. Figure 7 shows the impact
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Figure 5. The global EMSE of different algorithms with adaptive control.
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Figure 6. The global EMSE of different algorithms in abnormal situation with adaptive control.
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on the change of weighting factor on different nodes. We set the initial weighting factor of each
node to 0.5 and observe that the curves keep stable after some iterations. From the subﬁgure shown
in Figure 7, we can see that the SNR values of nodes 2 and 3 are high, which results in the
weighting factor of nodes 2 and 3 that is larger than that of the other nodes; the conclusion can
be made that the weighting factor is proportional to the SNR value.
Then, we consider the Rician channel situation; the channel gain varies during the estimation process, which is different from the scenario in Gaussian channel model. The iteration step is set to 0.5,
and the channel gain is assumed to change with constant time duration (i.e., after 600 times iteration), and the channel gain changes after each time duration. The unit of channel gain in Figure 8
is decibel, and it can be observed that as the channel gain varies, the curves of the AD-LMS estimation algorithm change immediately, while big jump values exist on the curves achieved by
LMS and D-LMS schemes. This is because AD-LMS utilizes adaptive method and adjusts the
weighting factor dynamically to reduce the affect brought by the network interference. We also
see that AD-LMS algorithm can achieve better network performance than D-LMS and LMS
schemes. From the aspect of the estimated channel gain curves, the values estimated by AD-LMS
are nearest to the true value, which demonstrates its high accuracy than the other schemes.
Because D-LMS and AD-LMS adopt cooperation principle, the information of the neighboring
estimation values should be obtained. The analyses stated previously assume that the values sent
to the nodes can be estimated accurately; however, this condition cannot always hold in real wireless network scenarios because the sensor nodes in the same neighboring collection are still affected
by noise. It can be observed in Figure 9 that as the estimation error becomes larger, the gap between
conditions B and C also increases, which means that the fading and noise cannot be ignored. The
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Figure 8. The estimation curve of the three algorithms in the Rician channel.
Copyright © 2015 John Wiley & Sons, Ltd.

Int. J. Commun. Syst. (2015)
DOI: 10.1002/dac

Z. NING ET AL.

Figure 9. The global EMSE when interference exists between neighbor nodes.

reason behind is that the fading can be worked out in advance before the process of channel gain
estimation.
We then analyze network cost brought by the presented algorithms. Comparing with LMS, the
additional cost of D-LMS is from the cooperative estimation of neighboring nodes, including the
computation cost of node estimation and the aggregation of the estimated values. Therefore, its
computational complexity is in direct proportion to the nodes involved into the estimation process.
For AD-LMS, the additional costs are mainly from the updating processes of the local weighting
values, including the computations of two-dimensional norm and power operations.
5. CONCLUSION
On the one hand, when a large number of information require to be exchanged among sensor nodes,
the energy consumption is high. On the other hand, the sensor nodes are frequently deployed on
some area where human beings are hard to reach and the energy cannot be supplied timely; therefore, energy consumption is the key problem in WSNs.
In this paper, we estimate the channel gain information and adopt distributed power control
schemes to increase the communication efﬁciency so that energy consumption can be reduced.
Because the locations of the sensor nodes are difﬁcult to be obtained, how to estimate the channel
gain affects the survivability of WSNs directly. We ﬁrst study the cooperative D-LMS algorithm
to increase the estimation accuracy of LMS. Then, by introducing the adaptive weighting factor,
AD-LMS method is presented to reduce the estimation error further. Although the globe estimation
algorithm can achieve relatively accurate solution, it is hard for implementation because its robustness is weak, the scalability is poor, and the energy consumption is high. Based on the principle
of globe estimation algorithm, we propose two distributed methods, namely, EDC-LMS and
ECD-LMS algorithms to lower network energy consumption. Simulation results demonstrate that
the algorithms with adaptive weighting factor can decrease local errors largely. For EDC-LMS
and ECD-LMS algorithms, because the information exchange and the cooperation degree are tighter,
their estimation accuracies are higher than those of the other schemes.
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