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ABSTRACT

In wireless sensor networks, the dynamic network topology and the limitation of communication resources may lead to degradation of the
estimation performance of distributed algorithms. To solve this problem, we propose an event-triggered adaptive partial diffusion least mean-
square algorithm (ET-APDLMS). On the one hand, the adaptive partial diffusion strategy adapts to the dynamic topology of the network while
ensuring the estimation performance. On the other hand, the event-triggered mechanism can effectively reduce the data redundancy and save
the communication resources of the network. The communication cost analysis of the ET-APDLMS algorithm is given in the performance
analysis. The theoretical results prove that the algorithm is asymptotically unbiased, and it converges in the mean sense and the mean-square
sense. In the simulation, we compare the mean-square deviation performance of the ET-APDLMS algorithm and other different diffusion
algorithms. The simulation results are consistent with the performance analysis, which verifies the effectiveness of the proposed algorithm.

Published under license by AIP Publishing. https://doi.org/10.1063/5.0007405

In distributed algorithms, nodes cooperate to complete param-
eter estimation, which plays a vital role in signal processing.
The existing traditional distributed algorithms have high esti-
mation performance but often ignore the problem of high
communication costs. Therefore, in recent years, there have
been many studies on communication cost reduction algo-
rithms (such as partial, data-selective). In this article, we
propose the event-triggered adaptive partial diffusion least
mean-square (ET-APDLMS) algorithm to reduce the commu-
nication costs of the network. Besides, different from the
traditional communication cost reduction algorithm, the ET-
APDLMS algorithm considers that the actual environment
(such as the ocean and atmosphere) on the impact of network
topology structure, makes the algorithm adapt to different
application environments. The theoretical results prove that
the algorithm is asymptotically unbiased, and it converges in

the mean sense and the mean-square sense. In the simulation,
we compared the mean-square deviation (MSD) performance
of the ET-APDLMS algorithm and other different diffusion
algorithms.

I. INTRODUCTION

In recent years, wireless sensor networks (WSNs) have been
widely used in different fields, such as power grids and environ-
mental detection. For WSNs, there are many methods for estimating
unknown network parameters.1,2 Centralized solutions and dis-
tributed solutions are concerned because of their better estimation
performance. In the centralized strategy, every node in the network
transmits its data to the center node for processing. In this method,
the central node has to undertake many computing tasks. Once the
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central node is damaged, or its energy is exhausted, it may cause
the entire sensor network to collapse. Fortunately, in the distributed
strategy,3–6 local nodes cooperate to complete the estimation task of
the network, which solves the problem of centralized strategy.

Distributed solutions can be divided into three categories:
incremental,7–11 consensus,12–17 and diffusion.18–29 For the diffusion
strategy, nodes communicate with each other through a broadcast.
The strategy does not rely on any central control mechanism or
protocol, which makes the diffusion strategy more robust to the
communication link damage or node damage. Due to these advan-
tages, diffusion strategies have been widely used in WSNs. Cattivelli
and Sayed conducted a comprehensive and pioneering study based
on diffusion and proposed the Adapt Then Combine (ATC) and
Combine Then Adapt (CTA) strategies and carried out a detailed
theoretical analysis in the literature3 and made a detailed theoretical
analysis in the paper. In order to deal with impulsive noise, Chen
and his co-workers conduct in-depth research and propose novel
and efficient diffusion correntropy algorithms in the literature.34,35

In WSNs, nodes are often limited by computing capability and
electrical power. When a node performs a distributed task, most of
the power consuming action is data transmission. Therefore, long-
term network stability must decrease internode communication.
Many algorithms try to reduce internode communication, such as
partial diffusion26,30,31 and data-selective.32

The literature32 proposes a data-selective strategy based on an
estimate error, which reduces the data redundancy by setting appro-
priate thresholds, thereby achieving the purpose of saving commu-
nication resources. In the literature,26 a partial diffusion strategy
based on the LMS algorithm is proposed, in which nodes use a sub-
set of the intermediate estimate for parameter estimation, thereby
reducing the communication cost of the network. However, the tra-
ditional partial diffusion algorithm does not consider the impact
of dynamic network topology on estimation performance, and the
waste of communication resources is caused by data redundancy.

In a real-world environment, the topology of the network may
change at any time (e.g., the marine environment). Dynamic net-
work topology means that the neighbor nodes of each node are
changing every moment (As shown in Fig. 1, node 2 starts as the
neighbor node of node 5, and with the change of environment, node
2 becomes the neighbor node of node 6.), which often affects the esti-
mation performance of the traditional partial diffusion strategy. In
order to solve this problem, this paper proposes an adaptive partial
diffusion strategy. It makes the algorithm adapting to the dynamic
network topology. At the same time, in order to reduce network
data redundancy, an event-triggered mechanism is designed in the

FIG. 1. Dynamic network topology. Red represents the neighbor node of node 5,
and blue represents the neighbor node of node 6.

TABLE I. Abbreviations and symbols in the paper.

LMS Least mean square
CTA Combine then adapt
ATC Adapt then combine
DLMS Diffusion LMS
ET-APDLMS Event-triggered adaptive partial diffusion LMS
[Nk] The number of neighbor nodes of the node k
F The average number of neighbors of each node

adaptive partial diffusion strategy, and the ET-APDLMS algorithm
is proposed.

In the performance analysis, we study the communication cost
of the ET-APDLMS algorithm and prove that the algorithm is stable
in the mean and mean-square sense. In the simulation, we com-
pare the estimation performance of the ET-APDLMS algorithm,
the PDLMS algorithm, and the DLMS algorithm. The agreement
between the simulation results and the performance analysis results
confirms the effectiveness of the ET-APDLMS algorithm.

The main contributions of this paper are as follows:

A. An adaptive partial diffusion strategy is designed for dynamic
network topology environments.

B. In order to reduce the network data redundancy, an event-
triggered mechanism is designed in the adaptive partial diffu-
sion strategy, and the ET-APDLMS algorithm is proposed.

C. The stability and communication cost of the proposed
algorithm is given in the performance analysis.

The system model and preparatory work are introduced in Sec. II.
We describe the ET-APDLMS algorithm in Sec. III, the performance
analysis of the algorithm is given in Sec. IV, the simulations of the
proposed algorithm are presented in Sec. V, and the conclusions are
given in Sec. VI.

There are many abbreviations and symbols in the paper, which
are listed in Table I for easy reading.

II. SYSTEM MODEL AND A REVIEW OF TRADITIONAL

ALGORITHMS

In this section, we describe the data model of the algorithm
and review the traditional distributed algorithm and the traditional
partial algorithm.

A. Data model

The communication between nodes is described by an undi-
rected graph G = (N, ξ), which consists of the set of nodes N and
the set of edges ξ ⊆ N × N. There is an edge (i, j) ∈ ξ , which means
node i exchanges information with node j. The neighbor node of the

node i is represented by Ni , {j ∈ N|(i, j) ∈ ξ}.
Each node has an input vector, xk,n ∈ R

L×1, and an output
signal, dk,n ∈ R, which can be related via a linear model,

dk,n = xT
k,nwo + vk,n, (1)

where vk,n is spatially independent zero-mean Gaussian noise, whose
variance is expressed as σ 2

v,k = E
[

v2
k,n

]

, n is the time index, and T
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denotes matrix/vector transposition. The optimal solution of the
network is represented by wo.

B. Distributed LMS

We seek the optimal estimate wo by minimizing the global cost
function,

Jglob(w) ,

N
∑

k=1

E
∣
∣dk,n − xT

k,nw
∣
∣
2
. (2)

In the distributed estimation, the global optimal estimate is obtained
by finding the local optimal estimate. It can be related to the
following linear relationship:

Jglob(w) =

N
∑

l=1

Jloc
l (w). (3)

The local cost function of the network can be expressed as

Jloc
k (w) =

∑

l∈Nk

cl,kE
∣
∣dl,n − xT

l,nw
∣
∣; (4)

here, {cl,k} are non-negative real entries for a N × N matrix C,

cl,k = 0 if l /∈ Nk, C1=1,1TC = 1
T, (5)

where 1 denotes the N × 1 vector, with unit entries.
In order to solve the cost function equation (4), the Adapt-

then-Combine (ATC) diffusion LMS algorithm is proposed in the
literature.3 ATC is as follows:







ψk,n = wk,n−1 + µk

∑

l∈Nk
cl,kxl,n(dl,n − xT

l,nwk,n−1)

adapt,
wk,n =

∑

l∈Nk
al,kψl,n combine,

(6)

where {al,k} are non-negative real entries for an N × N matrix A,

al,k = 0 if l /∈ Nk, A1=1,1TA = 1
T. (7)

The implementation of the ATC is given in Fig. 2.
The traditional distributed LMS algorithm achieves a higher

estimation accuracy. However, in the process of transmitting data,
a large amount of redundant data is transmitted, which causes the
waste of communication resources.

C. Traditional partial diffusion algorithm

In order to reduce the communication cost of the distributed
diffusion algorithm, a partial diffusion algorithm was proposed in
the literature.26 Each node uses a subset of the intermediate esti-
mate of neighbor nodes for the parameter estimation, and the
implementation process of the algorithm is













ψk,n = wk,n−1 + µk

∑

l∈Nk
cl,kxl,n(dl,n − xT

l,nwk,n−1)

adapt,

wk,n = akkψk,n +
∑

l∈Nk/{k}
al,k[Al,nψl,n+(IL−Al,n)ψk,n]

combine.

(8)

Here, the L × L diagonal entry-selection matrix Akn has M ones and
L − M zeros on its diagonal. The matrix Akn selects the M entries
of the intermediate estimate that the node k transmits at the time

FIG. 2. The implementation process of ATC. The algorithm steps and the
information exchange process for each step are explained in the figure.

instant n. The traditional partial algorithm reduces the commu-
nication cost of the algorithm, but the estimation accuracy of the
algorithm is low. Moreover, the traditional partial algorithm does
not consider the effect of a dynamic topology environment.

The traditional distributed partial diffusion algorithm does not
consider the influence of dynamic network topology on the esti-
mation performance and the impact of data redundancy on the
communication costs. Considering the shortcomings of the tradi-
tional distributed LMS algorithm and traditional local algorithms,
we propose the ET-APDLMS algorithm.

III. ET-APDLMS ALGORITHM

A. Dynamic network topology model

In a real environment (such as the ocean, atmosphere, etc.),
the position of the sensor moves as the environment changes, which
leads to the change of the network topology. In this paper, we design
a dynamic topology model to simulate topology changes in a real
environment. There are N nodes in the network, and the location of
each sensor node is expressed as

(

ak,n, bk,n

)

, k ∈ {1, 2, . . . , N}, and n
is the time index. The dynamic network topology model is defined as

ak,n = ak,n−1 + ma

k,n
,

bk,n = bk,n−1 + mb
k,n,

where {ma

k,n
, mb

k,n
}, respectively, represent the moving distance of

(

ak,n, bk,n

)

relative to
(

ak,n−1, bk,n−1

)

. The dynamic network topology
model is shown in Fig. 3.

B. Algorithm design

The ET-APDLMS algorithm considers the impact of dynamic
network topology. According to the dynamic network model
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FIG. 3. Dynamic network topology model. ma

k,n and m
b

k,n represent the moving

distance of the node k in the a direction and the b direction, respectively.

designed above, we find that the number of neighbor nodes of each
node changes with the movement of nodes. Therefore, we add the
constraint H to the cost function and design the new cost function
as follows:

Jloc
k (w) =

∑

l∈Nk

cn
l,kE

∣
∣dl,n − xT

l,nw
∣
∣

s.t. (M, [Nk]) ∈ H, (9)

cn
l,k = 0 if l /∈ Nk, C

n
1=1,1TCn = 1

T. (10)

Here, M denotes the dimension of the intermediate estimate
subset of neighbor nodes. We use [Nk] to denote the number of
neighbor nodes of the node k. (M, [Nk]) need to satisfy the condi-
tion H, and {cn

l,k} are time-varying non-negative real entries for an
N × N matrix Cn.

To minimize the cost function in Eq. (9), the diffusion
algorithm can be implemented in two scenarios (ATC and CTA).
In the literature,3 it has been proved that the ATC algorithm makes
more effective use of data than the CTA algorithm; therefore, the
ATC algorithm is superior to the CTA algorithm. In this paper, we
mainly consider the ATC algorithm.

1. Adaptation step

The intermediate estimate ψk,n of the system can be obtained
by the adaptive step, and the process is

ψk,n = wk,n−1 + µk

∑

l∈Nk

cn
l,kxl,n(dl,n − xT

l,nwk,n−1). (11)

In this step, information is transmitted between neighbor
nodes to obtain the intermediate estimate of the nodes. However,

there is a large amount of data redundancies in this step, which will
increase the communication cost of the system.

2. Event-triggered mechanism

To avoid waste of communication resources caused by data
redundancies, we design an event-triggered mechanism, which
decides for each node whether the current intermediate estimate is
sent out to its neighbors or not.

The trigger event Ek,n is designed as

Ek,n :
∥
∥ψk,n − ψk,net

∥
∥ >

1

(n+1)ρ
, (12)

where ρ is a positive scalar, while 0 < ρ < 1 and net is the latest trig-
gering time. According to Ek,n, the intermediate estimates that the
node k transmits at the time instant n as

ψk,n = γk,nψk,net + (1 − γk,n)ψk,n; (13)

here,

γk,n =

{

0 if Ek,n occurs,

1, otherwise.
(14)

When Eq. (12) is not satisfied, ψk,net will be used as the inter-
mediate estimator of the node to complete the estimation task of
the algorithm and to reduce the network communication cost. The
implementation process is shown as Eqs. (13) and (14).

In Fig. 4, the implementation process of the event trigger mech-
anism is given. After the algorithm completes the adaptive process,
the intermediate estimation of the algorithm is obtained. We use Ek,n

to determine whether the current intermediate estimate is meaning-
ful and then decide to use the current intermediate estimate ψk,n

or the event-triggered intermediate estimate ψk,net to complete the
estimate.

3. Combination step

In order to adapt to the dynamic changes of the net-
work topology, we design an adaptive partial strategy, which is
implemented by

wk,n = an
k,kψk,n +

∑

l∈Nk/{k}

an
l,k[Hl,nψl,n + (IL − Hl,n)ψk,n]

s.t. (M, [Nk]) ∈ H, (15)

an
l,k = 0 if l /∈ Nk, A

n
1=1,1TAn = 1

T. (16)

FIG. 4. The event-triggered mechanism.

Chaos 30, 063103 (2020); doi: 10.1063/5.0007405 30, 063103-4

Published under license by AIP Publishing.

https://aip.scitation.org/journal/cha


Chaos ARTICLE scitation.org/journal/cha

Here, the L × L diagonal entry-selection matrix Hk,n has M ones and
L − M zeros on its diagonal. {an

l,k} are time-varying non-negative
real entries for an N × N matrix An. The matrix Hk,n selects the M
entries of the intermediate estimate that the node k transmits at the
time instant n. (M, [Nk]) needs to satisfy the condition H, which is
designed by

H : M =

⌈
th

[Nk]

⌉

, (17)

where th is a threshold designed according to the network scale and
d�e means taking the upper bound.

The matrix Hl,n is expressed as follows:

Hl,n:

















1, 0, 0, 0, . . . , 0
0, 1, 0, 0, . . . , 0
0, 0, 1, 0, . . . , 0
0, 0, 0, 1, . . . , 0

...
. . .

0, 0, 0, 0, . . . , 0
︸ ︷︷ ︸

M ones and L−M zeros on its diagonal

















. (18)

This paper combines the event-triggered mechanism and the
adaptive partial diffusion strategy to propose the ET-APDLMS
algorithm. The implementation process of the algorithm is shown
in Table II and Fig. 5.

IV. PERFORMANCE ANALYSIS

In this section, we will analyze the mean and mean-square per-
formance and communication cost of the ET-PDLMS algorithm. To
facilitate the analysis, we use the following assumptions:

TABLE II. ET-APDLMS algorithm.

Initialize:
Start with {wk,0 = 0}, for all k, given non-negative real coefficients
{cn

l,k, a
n
l,k} satisfying Eqs. (10) and (16), presetting ρ, 0<ρ < 1, set

thresholds th the network scale nodes, for each time n> 0, repeat:
Adaptation:

ψk,n = wk,n−1 + µk

∑

l∈Nk

cn
l,kxl,n(dl,n − xT

l,nwk,n−1)

Event-trigger:
Ek,n :

∥
∥ψk,n − ψk,net

∥
∥ > 1

(n+1)ρ

γk,n =

{

0 if Ek,n occurs
1, otherwise

ψk,n = γk,nψk,net + (1 − γk,n)ψk,n

Combination:
Setting matrix Hl,n according to H

H : M =
⌈

th
[Nk]

⌉

wk,n = an
k,kψk,n +

∑

l∈Nk/{k}

an
l,k[Hl,nψl,n + (IL − Hl,n)ψk,n]

FIG. 5. Implementation process of ET-APDLMS. The steps of the algorithm and
the information exchange process and the event triggering mechanism of each
step are described in the figure.

A1. The elements of the input vector xk,n are spatially and
temporally independent, and their covariances are expressed as

E
[

xk,nxT
k,n

]

= Rk ∈ R
L×L ∀ k, n. (19)

A2. The elements of the noise vector vk,n are spatially and
temporally independent,

E
[

vk,n

]

= 0 and E[v2
k,n] = ζ 2

k ∈ R ∀ k, n. (20)

A3. The step size parameter µk is small enough that its squared
value can be ignored.

A. Estimate-error equation

Define the intermediate estimate-error vector as

ψ̃k,n = wo − ψk,n (21)

and the estimation-error of node k as

w̃k,n = wo − wk,n. (22)

Bring Eqs. (1)–(11) and then subtract wo from both sides to get
the intermediate estimate-error vector,

ψ̃k,n =



IL−µk

∑

l∈Nk

cn
l,kxk,nxT

k,n



 w̃k,n−1 − µk

∑

l∈Nk

cn
l,kxk,nvk,n ∀ k.

(23)

According to Eqs. (10) and (16), rewrite the estimate of node
k as

wk,n =



IL−
∑

l∈Nk/{k}

an
l,kHl,n



ψk,n +
∑

l∈Nk/{k}

an
l,kHl,nψl,n. (24)
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Replace the estimate in Eq. (24) with wo to get

wo =



IL−
∑

l∈Nk/{k}

an
l,kHl,n



 wo +
∑

l∈Nk/{k}

an
l,kHl,nwo. (25)

The estimate-error vector can be obtained by subtracting Eq. (24)
from Eq. (25),

w̃k,n =



IL −
∑

l∈Nk/{k}

an
l,kHl,n



 ψ̃k,n +
∑

l∈Nk/{k}

an
l,kHl,nψ̃l,n. (26)

If the intermediate estimate ψk,n of the node k satisfies
∥
∥ψk,n − ψk,net

∥
∥ < 1

(n+1)ρ
at the time n, the intermediate estimate of

node k is expressed as

ψk,n = ψk,net . (27)

Therefore, we define the stacking vector of the intermediate
estimate-error vectors for all nodes as

ς̃n =












ψ̃1,n

...

ψ̃k,net

...

ψ̃N,n












. (28)

To facilitate subsequent analysis, we represent the intermediate
estimate-error stacking matrix ς̃n as

ς̃n = (ILK−MXn)ω̃n−Mgn. (29)

For Eq. (29), we define

M =blockdiag{µ1IL, . . . ,µkIL, . . . ,µNIL},

gn =












∑

l∈N1
cn

l,nxl,nvl,n

...
∑

l∈Nk
cn

l,net
xl,netvl,net

...
∑

l∈NN
cn

l,nxl,nvl,n












,

and

Xn = blockdiag







∑

l∈N1

cn
l,nxl,nxT

l,n, . . . ,
∑

l∈Nk

cn
l,net

xl,netx
T
l,net

, . . . ,

∑

l∈NN

cn
l,nxl,nxT

l,n






.

ω̃n is the estimate-error stacking matrix of all nodes, defined as
follows:

ω̃n =











w̃1,n

...
w̃k,net

...
w̃N,n











.

We can verify that

ω̃n+1 = Bnς̃n, (30)

while

Bn =






B1,1,n, . . . , B1,K,n

...
...

BK,1,n, . . . , BK,K,n




 ,

Bi,j,n =









IL −
∑

l∈Ni\{i}
an

l,kHl,n if j = i,

an
j,iHj,n if j ∈ Ni\{i},

OL, otherwise,

where OL is the L × L zero matrix.
Bring Eq. (29) into Eq. (30), we get the estimate-error vector,

ω̃n+1 = Bn(ILK−MXn)ω̃n−BnMgn. (31)

B. Mean performance

ω̃n, Xn, and Bn are independent of each other, in view of A1
and A2. Taking the expectation of both sides of Eq. (31). We get

E
[

ω̃n+1

]

= Q(ILK−M<)E
[

ω̃n

]

, (32)

where

< = E [Xn]

= blockdiag{R1, . . . , RN}′

and

Q = E [Bn] .

According to Eq. (32), if the algorithm is required to be stable
in the mean sense, the matrix Q(ILK−M<) is required to be sta-
ble. All the rows of Q add up to unity. Therefore, when the matrix
(ILK−M<) is stable, Eq. (32) is stable as well, and we have

|λmax{ILK − M<}| < 1, (33)

and λmax{�} represents the largest eigenvalue of the matrix. The
eigenvalue of the matrix ILK−M< is the union of the eigenvalues
of the matrix IL−µkRk. Therefore, Eq. (33) is satisfied when

|1 − µkλmax{Rk}| < 1 ∀ k.

By analysis, if the algorithm is required to be stable in the mean
sense, the step size range is

0 < µk <
2

λmax{Rk}
∀ k. (34)

C. Mean-square performance

The squared weighted Euclidean norm of a vector b with a
weighting matrix A is

∥
∥b

∥
∥

2

A
=bTAb. (35)

Using this Euclidean norm, we analyze the mean-squared stability of
the ET-APDLMS algorithm. Taking the squared Euclidean norm on
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both sides of Eq. (31) and applying the expectation operator while
considering A1 and A2, we have

E
[

‖ω̃n+1‖
2
6

]

= E
[

‖ω̃n‖
2
0

]

+ E
[

gT
nMB

T
n6BnMgn

]

, (36)

0 = (ILK−MXn)B
T
n6Bn(ILK−MXn), (37)

where6 is a random symmetric nonnegative-definite matrix.
Under A1 and A2, ω̃n and 0 are independent of each other.

Thus, we get

E
[

‖ω̃n‖
2
0

]

= E
[

‖ω̃n‖
2
E[0]

]

. (38)

By defining

γ = vec{E[0]}

and

δ = vec{6},

according to Eq. (38), we modify Eq. (36) to

E
[

‖ω̃n+1‖
2
δ

]

= E
[

‖ω̃n‖
2
γ

]

+ E
[

gT
nMBT

n6BnMgn

]

. (39)

vec{�} is a vectorization operator, which can stack the columns of
a matrix into a single column vector and vecT{�} represents the
transpose of this operation. According to the relationship between
the matrix vectorization operation and the Kronecker product, we
express vec{�} as

vec{ABC} = (CT ⊗ A)vec{B}. (40)

Meanwhile, we rewrite γ as

γ = 3δ, (41)

where

3 = E[((ILK − MXn)⊗ (ILK − MXn))]D (42)

and

D = E[BT
n ⊗ BT

n]. (43)

The derivation process of D is given in the literature.26 Considering
A3, we approximate Eq. (40) as

3≈ (IL2K2−ILK ⊗ M<−M< ⊗ ILK)D. (44)

According to the relationship between the vector operation vec{�}
and the matrix trace proposed in the literature,33 we have

tr{ATB} = vecT{B}vec{A} (45)

and

E[gT
fnMBT

n6BnMgfn] = vecT{H}Dδ, (46)

H = blockdiag{µ2
1ζ

2
1 R1, . . . ,µ

2
Nζ

2
NRN}. (47)

Bringing Eqs. (41) and (46) to Eq. (39) yields

E
[

‖ω̃n+1‖
2
δ

]

= E
[

‖ω̃n‖
2
3δ

]

+ vecT{H}Dδ. (48)

When3 is stable, Eq. (48) is stable in the mean-square sense, and3
can be approximated as

3 ≈ [(ILK−M<)⊗ (ILK−M<)]D. (49)

Therefore, the stability of Eq. (49) has the same condition as the sta-
bility of (ILK−M<). Therefore, choosing the step size µk satisfying
Eq. (34) makes the algorithm stable in the mean-square sense.

D. Communication cost analysis

In this section, we analyze the communication cost of dif-
ferent algorithms from the adaption step and the combination
step.

(a) Communication cost analysis of the DLMS algorithm
Adaption: In this step, each node receives {xl,n, dl,n} from the
neighbor nodes. xl,n is an L-dimensional vector and dl,n is a
scalar. Suppose that each node in the network has an average of

F = 1
N

N
∑

k=1

[Nk] neighbor nodes. Therefore, the amount of data

transferred in this step is NF(L + 1).
Combination: In this step, each neighbor node shares its inter-
mediate estimation ψl,n, which is an L-dimensional vector.
Therefore, the data quantity transmitted in this step is NFL.

(b) Communication cost analysis of the PDLMS algorithm
Adaption: The communication cost of the PDLMS algorithm in
this step is the same as that of DLMS. Therefore, the amount of
data transferred in the adaption step is NF(L + 1).
Combination: In this step, a subset of intermediate estima-
tions of neighbor nodes of the node k is used for the param-
eter estimation. It is assumed that the data used are an M-
dimensional vector, and the remaining L − M dimensional data
are replaced with the intermediate estimation of node k; there-
fore, the data quantity transmitted in the combination step
is NFM.

(c) Communication cost analysis of the ET-APDLMS
algorithm
Adaption: The communication cost of the ET-APDLMS
algorithm in this step is the same as that of DLMS. Therefore, the
amount of data transferred in the adaption step is NF(L + 1).
Combination: In this step, a subset of intermediate estimations
of neighbor nodes of the node k are used for the parameter esti-
mation. It is assumed that the data used are an M-dimensional
vector (The choice of M is related to H), and the remaining
L − M dimensional data are replaced with the intermediate esti-
mation of the node k; therefore, the data quantity transmitted in
the combination step is NFM.

Considering the event-triggered mechanism, we assume that
the number of iterations that will transmit the intermediate estimate
is Ĩ

(

Ĩ < I
)

.
The sum of the communication costs of the I iterations of these

algorithms is shown in Table III.

TABLE III. Communication cost analysis.

Algorithm Communication costs

DLMS [NF(L + 1) + NFL]I
PDLMS [NF(L + 1) + NFM]I

ET-APDLMS NF (L + 1) I + NFMĨ
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V. SIMULATIONS

To illustrate the performance of the algorithm in the network,
we design a wireless sensor network with 50 nodes. The input xk,n

and noise vk,n of each node are given in Fig. 6.
The ET-APDLMS algorithm is used in dynamic topological

networks. In this paper, a dynamic network topology model is
designed to simulate the actual use environment (such as the ocean
and atmosphere). When nodes are connected, it means that nodes
can communicate with each other. We randomly placed 50 nodes in
the 200 ∗ 200 area. To observe the change of the dynamic topology,
we present the network topology at four moments (n = 1, n = 50,
n = 100, and n = 150). According to Fig. 7, we find that the net-
work topology changes with time, and the most direct manifestation
is that the number of neighbors of nodes changes.

ET-APDLMS is an adaptive algorithm to select a subset of the
dimensions of the intermediate estimator according to the number
of neighbor nodes. In this paper, simulation is designed to prove the
effectiveness of changing the dimension of the intermediate estimate
subset for improving the estimation accuracy. In Fig. 8, M represents
the dimension of a subset of the intermediate estimate. The step size
used in the simulation is µk = 0.05, and each node has an average
of F = 4 neighbor nodes. By analyzing the average of 50 indepen-
dent simulation values, we find that when the number of neighbors
of nodes is the same, the estimation performance of the algorithm
improves with the increase of M.

Previous simulations have verified the influence of the dimen-
sion of the subset of the intermediate estimate (M) on the estimation
performance when the number of neighbor nodes (F) is the same. In
this simulation, we verify that if the subset dimension (M) of the
intermediate estimator is the same, the number of neighbor nodes
(F) will affect the estimation performance of the algorithm. Each
node has an average of F neighbor nodes, the step size used in the
simulation is µk = 0.05, and the dimension of the subset of the
intermediate estimate is M = 4. According to Fig. 9, by analyzing

FIG. 6. Input signal and noise.

FIG. 7. Dynamic network topologies. In the figure, four network topologies of
n = 1, n = 50, n = 100, and n = 150 are given, respectively.

the average of 50 independent simulation values, we found that the
estimation performance of the algorithm improved with the increase
of the number of adjacent nodes.

The traditional partial algorithm mainly aims at the case of high
communication costs but does not consider the effect of dynamic
topology networks on the estimated performance. The PDLMS
algorithm in the dynamic and non-dynamic network topology is
analyzed by 50 independent simulation values. According to Fig. 10,

FIG. 8. The effect of the dimension M of the subset of the intermediate estimate
on the estimation performance. The mean of 50 independent simulations with
µk = 0.05 and F = 4 is shown in the figure.

Chaos 30, 063103 (2020); doi: 10.1063/5.0007405 30, 063103-8

Published under license by AIP Publishing.



Chaos ARTICLE scitation.org/journal/cha

FIG. 9. The impact of the number of neighbors on the node on the estimate per-
formance. The mean of 50 independent simulations with µk = 0.05 and M = 4
are shown in the figure.

it is found that the estimation performance of the PDLMS algorithm
is low in a dynamic network environment

Figure 11 compares the estimate performance of the ET-
APDLMS algorithm, the DLMS algorithm, and the PDLMS
algorithm. The step size used in the simulation is µk = 0.05,
and the threshold th = 25. The simulation results show that the
ET-APDLMS algorithm is more adaptive to the dynamic net-
work topology than the PDLMS algorithm. Compared with the

FIG. 10. PDLMS algorithm in the dynamic network topology. The simulation
results were derived from the mean value of 50 independent simulations, in which
µk = 0.05.

FIG. 11. Estimation performance of the DLMS, PDLMS, and ET-APDLMS. The
simulation results were derived from the mean value of 50 independent simula-
tions, in which µk = 0.05.

DLMS algorithm, the estimation performance of the ET-APDLMS
algorithm is slightly lower, but the previous analysis shows that the
communication cost of the ET-APDLMS algorithm is significantly
reduced.

VI. CONCLUSION

In this paper, we find that a dynamic network topology affects
the estimation performance of partial diffusion strategies. There-
fore, an adaptive partial-diffusion strategy is designed in this paper.
Meanwhile, in order to reduce the communication resource waste
caused by data redundancies in the adaptive partial diffusion strat-
egy, we designed the event-triggered mechanism and proposed
the ET-APDLMS algorithm. Through simulation, we find that the
ET-APDLMS algorithm is more adaptive to a dynamic network
topology than the PDLMS algorithm. Compared with the DLMS
algorithm, the ET-APDLMS algorithm uses the subset of interme-
diate estimation to complete parameter estimation; therefore, the
estimation performance is slightly lower, but the communication
cost can be effectively reduced. The simulation results are consis-
tent with the performance analysis, which proves the effectiveness
of the proposed algorithm.
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