KSII TRANSACTIONS ON INTERNET AND INFORMATION SYSTEMS VOL. 13, NO. 1, Jan. 2019 172
Copyright (© 2019 KSlII

Channel Fading Effect Analysis on Diffusion
Cooperation Strategies over Adaptive
Networks

Jie Yang®, Ehsan Mostafapour?, Amir Aminfar?, Jie Wang', Hao Huang®, Afsaneh Akhbari?,
C. Ghobadi?, Guan Gui*
L College of Telecom and Information Engineering, Nanjing University of Posts and Telecom, Nanjing, China
2 Department of Electrical Engineering Urmia University, Urmia, Iran
3 Department of Electrical Engineering, Ghiaseddin Jamshid Kashani University, Abyek, Iran.
Emails: jyang@njupt.edu.cn, e.mostafapour@urmia.ac.ir, 13675171572@163.com, 673496228 @qqg.com,
afakhbari@gmail.com, a.aminfar@urmia.ac.ir, ch.ghobadi@urmia.ac.ir, guiguan@njupt.edu.cn.
*Corresponding author: guiguan@njupt.edu.cn

Received August 23, 2018; revised November 5, 2018; accepted September 27, 2017;
published January 31, 2019

Abstract

In this paper, we investigate the performance of the diffusion adaptation strategies for
parameter estimation in wireless adaptive networks, where the nodes exchange information
over noisy and fading wireless channels. This paper shows the differences between the effect
of Rayleigh and Rician fading over wireless adaptive networks and proves that the Rician
fading is a more practical model in such kinds of networks. Simulation results imply that the
effect of Rayleigh fading is more degrading for the estimation process than Rician fading.
Also, the simulation results show the performance of adapt then combine (ATC) diffusion
algorithm is better than the combine then adapt (CTA) algorithm by merely considering noise
in wireless channels. While the performance of CTA prevails ATC over the wireless adaptive
network in the presence of noise plus channel fading.
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1. Introduction

The adaptive networks work with several agents distributed in an area gathering data in order

to estimate a desired entity [1-7]. All of these agents have access to some measurements and
with the help of their processing unit, they perform local estimations. These estimations are
usually performed by simple adaptive algorithms such as least mean square (LMS) in order to
reduce processing power. But despite these simple algorithms, the use of complicated
cooperation schemes makes adaptive networks a powerful tool for distributed estimation.
Several cooperation techniques are presented for the collaboration of agents, but the most
useful ones are incremental and diffusion strategies [2].

Diffusion strategy is a more practical mode of cooperation because finding a Hamiltonian
cycle for the network topology of the incremental mode is sometimes not possible [5].
Recently, the diffusion strategy has been used in several applications including sparse system
identification [6] and multitask networks [8] where the adaptive network is assigned to
perform estimations for more than one desired variable.

Although the performances of adaptive networks have been considered in several different
environmental conditions like: noisy links ([5], [15] and [16]), imperfect links ([3], [5]) and
fading channels ([1], [2] and [4]), we can still find unchecked scenarios in this problem. Also,
some new challenges are continually being presented for wireless channels in future wireless
communication systems [11-13]. The performance of the incremental strategy in Rayleigh
fading condition has been considered in [1], while the authors of [2] have considered the
performance in the same Rayleigh channel for diffusion strategy. However, in [2] the exact
impact of fading channel on the adaptive network has not been considered directly. Instead,
the authors have presumed that the channel estimation is available in sensor nodes and
equalization is possible in order to delete the effect of fading. In [14] the use of adaptive
networks in channel estimation has been considered. However, in [14] the effect and
estimation of Rayleigh fading have only been analyzed with Incremental strategy.

Based on previous studies, in this paper, we examine the direct effect of fading channels on
the performance of diffusion adaptation strategy. Besides the Rayleigh fading model, we also
consider the scenario of Rician channel. The assumption of Rician model for links among
nodes is a more practical one than the Rayleigh fading model because, in this model, we can
usually consider a powerful link between adjacent nodes. In this case, we can expect that the
performance of networks becomes much better than the previously presented results in [1] and
[4]. Our analysis showed that unlike other cases, the fading effect can be more reduced by
CTA algorithm and in this case, the performance of the diffusion CTA algorithm is superior to
the performance of ATC diffusion algorithm. Also, we showed that the performance of both
diffusion schemes in Rician fading is better than Rayleigh fading because in Rician case, as we
mentioned, there is a powerful line of sight between the transmitter and the receiver nodes and
this phenomenon results in a more accurate data communication between them. The rest of
this paper is designed as follows: In part 11, we introduce the adaptive model and problem
statement. Furthermore, the details of the impact of the fading channels on the diffusion
algorithms are presented in this part. In section 11l. We reviewed the fading models that are
used in this paper. In part IV, we presented the simulation results to investigate the channel
effects. And in part V, we concluded our paper and suggested further insights.
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Notation: We utilized small bold-faced letters to show vectors and capital bold-faced letters
for matrices. The operator [-]* shows complex conjugate for scalar values and Hermitian
transposition for matrices. Furthermore, E[-] is used for presenting the mathematical
expectation and the operator ||-|| is utilized for showing the Euclidian norm of a vector.

2. Problem statement

Usually, for adaptive networks we assume a linear relation linking the desired values and the
input data vectors[1]:

di () = e, w° + v (V) (1)

where d,, (i) represents the desired values, u, ; represents the regressor vectors, and vy (i)
shows the measurement noise that follows Gaussian distribution. Our purpose is to estimate
the optimal weight vector w° by minimizing the global cost:

J910b (w) = YN_ E|dy (i) — wye w|” )

By minimizing this cost function with respect to w we seek to achieve the optimum weight
vector as [7]:

wo = (Zﬁ:l Ru,k)_l(zgzl Rdu,k) (3)

where Ry, = E[uj, ;uy ;] and Ry, = E[dy (Duy, ;| represent the correlation of inputs (or
regressors) and the cross-correlation of inputs and desired values. Due to the fact that we do
not have these correlation quantities, we must use the iterative or adaptive schemes to arrive at
the results. Up until now, many centralized and distributed adaptive algorithms have been
presented to solve this problem [7, 9]. In distributed algorithms, each sensor node collects data

and applies local estimations of the unknown vector namely 1/1,(;), then sends this estimation to
its neighboring nodes. However, through this sharing of information, the neighboring nodes
receive these local estimations with some deficiencies. These deficiencies may occur in the
shape of channel noise or fading. In Fig. 1, the additive noise signals and channel coefficients
are present in all the links between nodes.

The difference between incremental and diffusion distributed strategies is in this data sharing
process. In the incremental strategy, each node only needs one local estimation of its
immediate neighboring node to perform its own estimation. But, in the diffusion strategy, each
node collects several local estimations from neighboring nodes and by combining them,
performs estimation. This shows that the diffusion strategy is more prone to the channel
deficiencies. The performance of these strategies must be evaluated and compared in different
scenarios.

For assessing the diffusion network estimation performance, two main error criteria are
proposed in the literature namely: the Excess Mean Square Error (EMSE) and the Mean
Square Deviation (MSD) [1, 7]. These values can be obtained by the definition of the
following error vectors:

b 2w - (4)
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ear(D) 2w, PP, )

where 17;55') represents the weight error vector. Also, e, (i) denotes the apriori local error at
node k and iteration i. The values of MSD and EMSE in the steady state condition are then:

MsD = E || ||2 (6)

EMSE 2 E|eg ()|’ @)

We only need the MSD values for presenting our simulation results. As mentioned, in the
diffusion strategy each node needs to combine several local estimations of its neighboring
nodes and then perform its own estimation. This process entails two different methods
described as below:

2.1 The Combine Then Adapt (CTA) diffusion strategy with noisy and fading links

For the CTA strategy first of all the network nodes combine their estimated and sent data and
then update their local estimation. We must take heed to the point that the combined estimates
that are received estimations from neighboring nodes are affected by channel noise and fading
coefficients, through the links. Therefore, we have:

t) = hwd +q), 1N, ©)

where tg represents the received estimations from node [ to node k, h,(f% is the channel

coefficient among these nodes at each iteration i and q,((‘% is the channel noise that follows
Gaussian distribution with zero mean and the covariance matrix of @, = E [q,(c‘% q‘,;g*] As
we can see in Fig. 1, the channel coefficients (h,(f}) are multiplied to the exchanged data and

channel noises (q,(f}) are added to them.

Nodek — 2 R @ QIE:LELL
k—1,1

Nodek — 1 -
[
hk,l

Fig. 1. The diffusion adaptive network with fading and noisy channels.



176 Jie Yang et al.: Channel Fading Effect Analysis on Diffusion Cooperation Strategies over Adaptive Networks

The CTA algorithm formulation with the presence of the channel fading and noise is then
given as:

G = Ve @t ©)
¢ =0k + it (@ — g 7V) a0

where a;; represent the combination coefficients that play an important role in the
performance of the diffusion network. There are several techniques to choose these values that
are described in [7]. In this paper, we used the Uniform combination method for determining
these coefficients. In this method we have:

1
al'k = {n_k’ l € Nk (11)
0, otherwise

Where n, £ |V, | represents the size of the neighborhood of node k that can be 2 to 7. All of
the neighbors of node k are assigned uniformly with the same weights, nik

2.2 Adapt Then Combine (ATC) diffusion strategy with noisy and fading links

The next diffusion algorithm is the ATC where the network nodes first update their local
estimations and then combine their estimations with the neighboring nodes:

00 = 9 + et () — w9 ™) 42

For the CTA algorithm, we used the rg)l notation to represent the received information from
node [ to node k and can write

rO) =h{ed +al), 1e N (13)
‘Pg) = ZlENk ak,lrl(cl_)z (14)

Again, we used the Uniform combination method for determining the a, ; values in this
algorithm.

3. Overview of fading channel models

To the best of our knowledge, the effects of the no wireless radio fading models other than the
Rayleigh distribution have been considered in the performance of the adaptive networks
[1]-[4], while it is a very important issue. In this paper, we studied the exact impact of fading
channel models on the performance of diffusion adaptation strategies, here we consider two
main fading channel models. In order to simulate the fading condition, we can produce the
channel coefficients between each pair of nodes [ and k separately according to the presumed
model.
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3.1 Rayleigh fading channel model

The fading channel coefficients can be produced by Rician or Rayleigh distributions, based on
the existence or the absence of the specular signal component or the line of sight [10-11].
Fading can be modeled as Rayleigh if the multiple reflective paths are many and there is no
main line-of-sight (LOS) path between the transmitter and the receiver. The fading coefficient
h; at the ith time instant can be given as the combination of two Gaussian variables:

A0 = JG9) + (0 (15)

where x,((l? and y,ﬁ‘l) represent two independent zero mean Gaussian variables with variance o
and in this case the Rayleigh distribution of channel envelop is given as:

h h?
fRayleigh (h) = G_gexp [_ %] ,7=0 (16)

3.2 Rician fading channel model

In [10-11], it is mentioned that if there is a main LOS path in the communication link between
transmitter and receiver, then the fading can be modeled as Rician. The fading coefficient h,((lg
at the ith time instant can be given as:

h0 = (<0 +8) + (50 an)

where S is the amplitude of the specular component and we define the Rician K factor (not to
be mistaken with k the node indices) as:

k=2 (18)

- 2
20y

that shows the ratio of the specular to the diffuse energy, and changing its values has a
significant impact on the performance of the network. In this case, the Rician distribution of
channel envelop is given by:

h h2+p2 h
frice®) = Zrexp [ 1y [2£] 7 = 0 (19)

2
20y

where I,[.] is the zeroth-order modified Bessel function [11] which is shown in Fig. 2.
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Zero-order Modified Bessel Function of the First Kind
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Fig. 2. The zeroth-order modified Bessel function.
14 T T T T
Rayleigh o
aylel = =K=1
121 yielg [ || m———k=3] T
----- K=5
1} | —K=7] |
Rician
T
08 L L
L /( .o-"‘\
o * O §
o LA
06 A
04
02
0 —
0

Fig. 3. The PDFs of Rayleigh and Rician distributions based on the Rician K factor.

Following the relations of (16) and (19), the difference between the Rayleigh and the Rician
PDFs are shown in Fig. 3.

4. Simulation studies

After the consideration of the proposed channel fading models, here are presented the impacts
of the Rayleigh and Rician channel models on the performance diffusion ATC and CTA
algorithms. We designed a network with 20 nodes with the structure of Fig. 4.
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Fig. 4. The structure of a diffusion adaptive network with 20 nodes.
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For the topology of Fig. 4, the amount of neighboring nodes for each agent is different and it
can be between 2 and 7 nodes. For the combination coefficients a, ; we specified them due to
these number of neighboring nodes. Our goal is to estimate the unknown optimal vector with
the size of M = 4 like w® = [1 1 1 1]7 /+/4. The detailed features of the utilized variables in
our simulations are given in Fig. 5.

In Fig. 6, we presumed that the variance of the measurement noise is equal to a,f,k for each
node k and the covariance matrix of channel noise between the node k, [ is equivalent to
Qr, = JCZ,kI, where I is the M x M identity matrix, and therefore we only need to know the
variance values. For generating our fading channel coefficients as in (15) and (17) we used
zero mean Gaussian variables with variance ag = 1. In this case, if we consider K for three
values of 0, 5 and 7, the 8 becomes 0, 3.16 and 3.74 respectively.

First, we compare the performance of the network in a noisy environment and a noisy plus
fading condition using MSD criteria. Also, in Fig. 6, we presented that the performance of the
network in a noisy environment is much better than its performance in a fading environment.
In all of the simulations, the performances of Both ATC and CTA algorithms are presented.
The important fact is that the performance of CTA diffusion strategy is more acceptable than
ATC diffusion when we have fading. We assume that this is because of the combination
method of the CTA diffusion algorithm that performs adaptation process after the combination,
and this allows the adaptive algorithm in each sensor to reduce some of the effects of fading in
the adaptation step.

N =20, A =4
u T T T T
e ATC ONIY NOISY
-3 = = CTAonlynoisy 1
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o 1 " CTA noise+fading
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Fig. 6. Algorithms comparisons in noisy and noisy plus fading environments.
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Fig. 7. Algorithms comparisons in noisy and noisy plus fading environments.

In Fig. 7, MSD curves are depicted for several cases of the Rician K factor. We expected
that the performance of the diffusion network relies on the value of K and as the value of it
increases, the power of the prominent path between nodes increase and consequently the
performance of network gets better. We ran our simulations for 3 values of K and presented
the results for MSD of the network. It is important to mention when K = 0, the fading is
Rayleigh. In this figure, we can see that the performance of the network in Rician fading is
much better than Rayleigh fading and as we mentioned earlier, the Rician fading model is a
better assumption for adaptive networks than Rayleigh fading.

In order to show the MSD comparisons under different Rician factor K, we depict the
MSD curves, where the performance of the diffusion network is presented for all rational
values of K factor at the same time.

In Fig. 8, we can see that as the value of K factor increases, the performance diffusion
network gets better. Also, in all the conditions the performance of CTA diffusion strategy is
more acceptable than that of ATC diffusion scheme.
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Fig. 8. Algorithm comparisons in Rician fading with different K values.

5. Conclusion

In this paper, we investigated the performance of diffusion adaptive networks in the presence
of Rayleigh and Rician fadings, respectively. First of all, we showed that the Rician fading for
wireless adaptive networks is a more practical model than Rayleigh fading model. Secondly,
we presented that the effect of fading is much more degrading for networks in comparison
with noisy links. Finally, the computer simulation results demonstrated that in the presence of
fading, the performance of the CTA diffusion strategy is more acceptable than ATC diffusion
strategy. Other more advanced fading models can also be applied to the adaptive networks. In
future works, we will work on the combining weights of diffusion strategy in order to find a
suitable combination policy for reducing the effects of fading.
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