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ABSTRACT

Adaptive networks with mobile nodes possess the
distributed adaptation abilities in addition to the col-
lective patterns of motion. Thus, mobile adaptive
networks have been used in new applications such as
modeling the biological networks and source localiza-
tion. The original mobile adaptive networks needs
full cooperation among the neighbor nodes meaning
that each node gathers the information from all of its
neighbour nodes. This strategy requires large amount
of communications per iteration per node. To address
this problem, in this paper we propose a mobile diffu-
sion adaptive network with selective cooperation. In
the proposed algorithm each node selects a subset of
its neighbors so that its steady-state performance be
as close as possible to the traditional mobile diffusion
network. Since the selective cooperation reduces the
learning rate we also use affine projection algorithm
(APA) as the learning rules at the nodes. Our simula-
tion results reveal that the proposed algorithm is able
to achieve the same mean-square deviation (MSD) as
the original mobile adaptive network but with a lower
communication per iteration per node.

Keywords: Mobile adaptive network, Distributed
estimation, Selective cooperation, Target localiza-
tion.

1. INTRODUCTION

One of the important trends of the current techni-
cal developments is to connect smart devices to each
other and create highly complex systems. Such de-
velopment can be observed in many areas such as
sensor networks [1–3], peer-to-peer (P2P) networks
[4], fog computing systems [5], robot swarms [6–8],
and smart grids [9, 10]. Most of the these complex

Manuscript received on May 23, 2016 ; revised on June 3,
2016.
1 The author is with Faculty of Electrical Enginering,

University of Tabriz, Tabriz, 51664, Iran, Email: lot-
fzad89@ms.tabrizu.ac.ir
2 The author is with Department of Electrical Engineer-

ing, Malayer University, Malayer, 65719-95863, Iran, Email:
a rastegar@ieee.org
3 The author is with Department of Electrical Engineer-

ing, Malayer University, Malayer, 65719-95863, Iran, Email:
a.khalili@ieee.org
4 The author is with Department of Electrical and Computer

Engineering, National University of Singapore, Singapore-
117583, Email: kafiul islam@nus.edu.sg

systems have a commonality: they consist of a mul-
titude of separate agents (nodes) that are connected
only with their neighbors, perform decentralized pro-
cessing to achieve a global objective by relying on
local information. The global objective, in most ap-
plication is to estimate a desired parameter, namely
wo ∈ RM , (M ≥ 1). Based on the intended applica-
tion, the vector wo may represent different physical
quantities, e.g. location of a target and parameter
of an auto-regressive (AR) model. Different meth-
ods/algorithms have been reported in the literature to
solve the distributed learning problems including con-
sensus strategies [11, 12] and adaptive networks. The
main problem of consensus solutions is that do not
allow the network to undertake a continuous learning
and optimization [13] which motivated the develop-
ment of adaptive networks.

An adaptive network is a collection of nodes with
adaptation and learning abilities that interact with
each other to solve estimation and inference tasks in
real-time [14]. Two major classes of adaptive net-
works are incremental strategy [15–26] and diffusion
strategy [27–35]. Incremental networks need a Hamil-
tonian cycle among the nodes, i.e., a cyclic path that
covers all nodes in the network, which is generally
difficult to enforce since determining a Hamiltonian
cycle is an NP-hard problem. In addition, cyclic tra-
jectories are not robust to node or link failure [36]. In
comparison, diffusion strategies are scalable, robust,
and able to match well the performance of incremen-
tal networks. It is shown in [37] that diffusion-based
adaptive network leads to faster convergence and
lower mean-square deviation than consensus strate-
gies. Moreover, diffusion least-mean-squares (LMS)
strategies for distributed estimation can deliver lower
excess-mean-square-error (EMSE) than a centralized
solution [38]. Thus, in this work we design our pro-
posed algorithm based on the diffusion strategy.

Diffusion LMS algorithms consist of two steps in-
cluding the adaptation step, where the node updates
the weight estimate using local measurement data,
and the combination step where the information from
the neighbors are aggregated. Based on the order of
these two steps, diffusion algorithms can be catego-
rized into two classes known as the Combine-then-
Adapt and Adapt-then-Combine (ATC). It is ob-
served that the ATC version of diffusion LMS out-
performs the Combine-then-Adapt (CTA) algorithm
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[39]. The ATC algorithm in its general form can be
written as{

ψk,i = fa
(
wk,i−1

)
(Adaptation),

wk,i = fd
(
ψl,i, l ∈ Nk

)
(Combination)

(1)

for some functions fa and fd. In (1) wk,i−1 denotes
local estimate of node k at time i − 1. Furthermore,
Nk denotes the number of nodes directly connected
to node k at time i, including itself. As we can see
from (1) in adaptation step, node k uses its own data
to update the weight estimate wk,i−1 to intermediate
value ψk,i. In the combination step, each node gath-
ers the intermediate estimates ψl,i, l ∈ Nk combines
them to obtain the updated weight estimate wk,i.

1.1 Motivations and contributions

In some applications such as gas leak detection,
search and rescue operations, cleaning leftover mine
fields, and robotic odor source localization we face
with distributed target (source) localization with mo-
bile nodes (mobile robots). The original adaptive net-
works in [27–35] can not be used to solve such prob-
lems as they did not incorporate the node mobility.
In [40, 41] another dimension of complexity which is
node mobility has been added to the diffusion net-
works. The resultant mobile adaptive networks per-
form two diffusion-based estimation tasks: one for
estimating the location of a target and the other one
for tracking the center of mass of the network. In-
corporating the node mobility enables the resulting
diffusion networks to use them in new applications
such as modeling the various forms of sophisticated
behavior exhibited by biological networks [42–44] and
source localization [45–47].

We can conclude from (1) that in combination
step, each node needs to gather the information (in-
termediate estimates ψk,i) from all of its neighbour
nodes. Specifically, required communication cost per
iteration per node is |Nk − 1|M for real data and
2|NNk − 1|M for complex data. Thus, this step may
require large amount of communications at each it-
eration for dense networks or for large M . In some
applications, however, networks cannot afford large
communication overhead. To address this problem,
in this paper we propose a mobile diffusion adaptive
network with selective cooperation. More specifically,
in the proposed algorithm each node selects a subset
of its neighbors so that its steady-state performance
be as close as possible to the traditional mobile dif-
fusion network. On the other hand, the selective co-
operation reduces the learning rate of the resultant
network. To improve the convergence rate of mo-
bile diffusion network with selective cooperation we
use affine projection algorithm at the nodes as the
learning rules. Our simulation results reveal that
the proposed algorithm is able to achieve the same
mean-square deviation (MSD) as the original mobile

adaptive network but with a lower communication
per iteration per node. We believe that the proposed
algorithm can be successfully applied to solve decen-
tralized source localization with mobile nodes such as
robotic odor source localization.

1.2 Paper organization and notation

The outline of the paper is as follows: In Section
2.we provide a brief overview on modeling of coor-
dinated motion behavior of collective mobile nodes.
The proposed algorithm is introduced in Section 3.
. The numerical simulation results are provide in
Section 4.. Finally, concluding remarks are made in
Section 5..

Throughout the paper we use boldface letters for
matrices and vectors and small letters for scalars.
The notation ∗ is used to denote complex conjuga-
tion for scalars and complex-conjugate transposition
for matrices. We use E to denote the expectation op-
erator. Finally, ∥x∥2Σ represents the weighted norm
notation defined as x∗Σx.

2. MOBILE ADAPTIVE NETWORKS WITH
SELF-ORGANIZATION ABILITIES

To begin with, consider a collection of N nodes
distributed over a 3-dimensional space. Let xk,i de-
note the location vector of node k at time i relative
to a global coordinate. The location of the center of
mass at time i is denoted by xg

i and is given by1

xg
i =

1

N

N∑
k=1

xk,i (2)

Each node can update its location vector from xk,i to
xk,i+1 as

xk,i+1 = xk,i +∆tvk,i+1 (3)

where ∆t shows the time step and vk,i+1 is the ve-
locity vector of the node. As (3) reveals, the velocity
vector is an important factor in determining the up-
dated location of the node. Other factors, in turn,
influence the velocity vector such as [40]
• distance of node to the target,
• the desire to move in coordination with the other
nodes,
• the desire to keep the certain distance from neigh-
bors to avoid collisions.
As we continue we will see how to use these factors
to adjust the velocity vectors at the nodes.

Remarks 1. Since the objective of every node is to
move toward the position of the target, then we can
conclude that the center of gravity of the network also
will approach the target as time evolves, i.e.

lim
i→∞

xg
i → wo

More details on mobile adaptive networks can be found in [40]
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One way to adjust the velocity vectors is to use the
position vectors as

vk,i = α
wo − xk,i

∥wo − xk,i∥
(4)

In (4), α is a positive scaling factor used to bound
the speed in pursuing the target. Obviously to use
(4) each node needs to know wo beforehand which is
not possible in practice. Instead, nodes can replace
wo by local estimates wk,i, which will be shown fur-
ther ahead. Another factor considered in determining
the motion of the nodes is to avoid collisions during
the moving toward the target by keeping the certain
distance say, r from neighbors i.e.

r − ε ≤ ∥xk,i − xl,i∥ ≤ r + ε, l ∈ Nk\{k}

where ε is positive and small enough quantity. In
order to maintain this certain distance by each node
we define a cost function as

Jk(vk,i) =
∑

l∈Nk\{k}

[
∥(xk,i +∆t vk,i)

− (xl,i +∆t vl,i)∥ − r
]2

(5)

where xk,i + ∆t vk,i is the updated location of the
node k, and xl,i+∆t vl,i shows the updated location
of the neighbors of the node k. Minimizing (5) en-
sures that the safe distance between node k and its
neighbor will be kept after updating the location of
nodes. So to get the optimal vk,i which minimizes
(5), we differentiate Jk(vk) with respect to vk,i.

∂Jk(vk,i)

∂vk,i
= 2

∑
l∈Nk\{k}

(
∆t vk −∆t vl,i − (xl,i − xk,i)

+ r
xl,i − xk,i +∆t (vl,i − vk,i)

∥xl,i − xk,i +∆t (vl,i − vk,i)∥

)
(6)

To derive vk,i from (6) we consider the last term in
(4). Fig. 1 depicts the current location of nodes k and
l and their updated locations. The term ∆t (vl,i −
vk,i) denotes the misaligned distance of nodes k and l
after the update relative to their displacement before
the update. As the velocity of node k and its neighbor
are close together the term ∆t(vl,i−vk,i) is negligible.
So we have

xl,i − xk,i +∆t (vl,i − vk,i)

∥xl,i − xk,i +∆t (vl,i − vk,i)∥
≈ xl,i − xk,i

∥xl,i − xk,i∥
(7)

By substituting (7) in (6) and putting it equal to
zero vk,i is obtained as follows:

vk,i =
1

|Nk| − 1

∑
l∈Nk\{k}

[vl,i

+ (1− r

∥xl,i − xk,i∥
)
xl,i − xk,i

∆t
]

(8)

Fig.1: Location of node l relative to node k before
and after the update.

First term of (8) denotes the average velocity of the
neighbors of the node k. The second term repre-
sents a linear combination of the displacement vectors
{xl,i−xk,i} which suggests that the nodes should ad-
just their velocities to be consistent with average dis-
placement vector in neighborhood while maintaining
a distance r from their neighbors [40].

As we mentioned earlier, another factor influenced
the velocity vector of nodes is the desire of the nodes
to have a harmonic motion with other nodes. It
means that the speed of each node is relevant with
other nodes. The average velocity of nodes, which is
defined as follows reflects the harmonic motion:

vg =
1

N

N∑
l=1

vl,i (9)

Obviously nodes cannot use this term directly to ad-
just their velocity vectors because they do not have
access to all velocities {vl,i} across the network. In-
stead, the nodes replace by local estimates vg

k,i. Thus,
using (4), (8) and (9) we modify the velocity vectors
as:

vk,i+1 = α
wo − xk,i

∥wk,i − xk,i∥
+ βvg

k,i + γδk,i (10)

where {β, γ} are non-negative weighting factors. We
have

δk,i =
1

|Nk| − 1

∑
l∈Nk\{k}

(
1− r

∥xl,i − xk,i∥

)
(xl,i − xk,i)

(11)
Note that in (10) the local estimation of {wo,vg} is
used instead of their global quantity. It means we will
use {wk,i,v

g
k,i} which will be shown later.

Finally to estimate wo which is the main objective
of the network, each node needs to know the distance
and direction relative to the target. Each node by
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Fig.2: The model of system in R3 denotes the loca-
tion of a node and its distance from target, dok.

having this data and observations, and considering
a origin coordinate for all nodes, can estimate the
location of the target relative to the origin coordinate.
Also, we assume that every node knows its location
relative to the defined global coordinate system. For
better understanding and to obtain a mathematical
model for this process we consider the Fig. 2. As this
figure shows, the distance between a target located
at wo and a node k located at xk,i at time i can be
defined as the following inner product

dok(i) = uk,i(w
o − xk,i) (12)

where uk,i denotes the unit direction vector pointing
to wo, and by using the azimuth angle, θk(i) , and
the elevation angle, φk(i), this vector can be defined
as follows

uk,i = [cos θk(i) cosφk(i) sin θk(i) cosφk(i) sinφk(i)]
(13)

It is assumed that the measurement of distance to
target is noisy, so we have

dk(i) = uk,i(w
o − xk,i) + nk(i) (14)

In (14), nk(i) denotes the additive noise. Using Fig.
2, we can derive a linear regression model by rear-
ranging the nk(i) as

d̂k(i) = dk(i) + uk,ixk,i = uk,iw
o + nk(i) (15)

Equation (15) represents the linear relation between

d̂k(i) and uk,i. The local estimation of wo by diffu-
sion mechanisms and in a distributed manner by each
node will be described in following. First we assume
that every node k at each time instant i has access
to {d̂k(i),uk,i}. Using these local data and the data
given by other nodes in its adjacent, to estimate the
target position in a distributed manner, each node

desires to minimize the following cost function

Jglob
w (ω) =

N∑
k=1

E[d̂k(i)− uk,iw]
2

(16)

Individual nodes cannot optimize (16) because they
do not have access to the data across all nodes. To
solve this problem, we can apply the ATC diffusion
algorithm that was developed in [39]. The adaptation
and combination steps for the ATC algorithm is given
by

ψk,i = wk,i−1 + µk

∑
l∈Nk

cwl,ku
T
l,i[d̂l(i)− ul,iwk,i−1]

wk,i =
∑
l∈Nk

ψl,i (17)

where µk is the step-size used by node k and
{awl,k, cwl,k} are set of non-negative real coefficients
which satisfy the following properties

N∑
l=1

cwl,k =
N∑
l=1

awl,k = 1

cwl,k = awl,k = 0 if l /∈ Nk (18)

To use (3) and (10), we need to estimate the velocity
of the center gravity, vg, in a distributed manner.
Since the velocities of nodes are changing in time, we
need to keep track of vg over time. So we introduce
the global cost function as follows:

Jglob
v (vg) =

N∑
k=1

E ∥vk,i − vg∥2 (19)

Following the derivation in [40], one can arrive at the
following diffusion algorithm for estimating vg

ϕk,i = vg
k,i−1 + λk

∑
l∈Nk

cvl,k(vl,i − vg
k,i−1)

vg
k,i =

∑
l∈Nk

avl,kϕl,i (20)

where λk is a positive step size used by node k and
{awl,k, cwl,k} are set of non-negative real coefficients sat-
isfying the same properties as (19).

3. PROPOSED ALGORITHM

In this section, we investigate the case where nodes
cooperate only with subset of their neighbors. We
present an algorithm in which the goal is to reduce
the required communication cost per iteration per,
while at the same time maintain the performance of
the network.

3.1 Adaptive estimation with selective coop-
eration

As mentioned earlier, in the conventional diffusion
strategies each node cooperates with all of its neigh-
bors. In some applications, networks cannot afford
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large communication overhead due to energy con-
sumption cost or bandwidth restrictions. In order to
minimize the communication overhead for such appli-
cations, we need to introduce a new decision metric
that selects only a subset of neighbours to consult at
node k. To this end, we firstly consider a stand alone
adaptive filter. In such a filter, the objective is to
minimize the following function at every iteration i

argmin
wi

∥wi −wo∥ (21)

where wi is an estimation of wo at time i. Since wo

is unknown we can use its most available estimate
i.e. wi−1. In mobile diffusion networks (See (17)),
each node requires the intermediate estimates of its
neighbors. To reduce the amount of communications,
we can select neighbors of node k that have small
estimated variance product measure and ignore the
other neighbors. Therefore for diffusion networks we
define the decision metric as follows

tk(i) =
∥∥ψk,i −wk,i−1

∥∥2 (22)

Thus, based on (24) node k selects node l to update
the weight vector if we have

tl(i) ≤ tk(i), l ∈ Nk

The estimation processes for a diffusion mobile adap-
tive network with decision metric tk(i) is shown in
Fig. 3. Note that we can further reduce the required
communication if we define a decision metric for es-
timation of vg which is required in the combination
step of equation (20). So we define

sk(i) =
∥∥∥ϕk,i − vg

k,i−1

∥∥∥2 (23)

By using this metric, some steps of the flowchart
shown in Fig. 3 needs to be changed as we have
shown in Fig. 4.

Remarks 2. As we will show in the simulations, the
selective cooperation causes a penalty on convergence
speed of mean square deviation (MSD) curve of the
network. This issue can be addressed by replacing the
LMS learning rules by the affine projection algorithm
(APA).

3.2 Convergence rate improvement

To describe the mobile diffusion networks with se-
lective cooperation and affine projection learning, we
consider a stand alone filter with APA. In this algo-
rithm the unknown vector wo is estimated (in a stand
alone filter) via the following update equation

wi = wi−1 + µU∗
i (εI+UiU

∗
i )

−1 [di −Uiwi−1]
(24)

Fig.3: Proposed algorithm for selective cooperation
to estimate the position of a target in mobile adaptive
network.

where ε is small positive constant. The Ui and di are
expressed as follows

Ui
∆
=


ui

ui−1

...
ui−K+1

 di =


d(i)

d(i− 1)
...

d(i−K + 1)


(25)

Specifically, we choose a positive integer K (usually
K ≤ M) and M is the size of the weight vector of the
input signal.

In estimation the position of a target in mobile
adaptive network when nodes get closer to the target
the input signals of each node get colored so this cause
the lower convergence rate in estimation process. To
improve the convergence rate we are interested in us-
ing affine projection algorithm. Note that, since the
computational complexity of APA is more than LMS,
we just use the APA when nodes get closer enough
to the target. In (17), in the intermediate estimation
step we can apply APA instead of LMS algorithm so
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Fig.4: Proposed algorithm while applied for both es-
timation processes.

the ψk,i can be compute by APA as follows:

ψk,i = wk,i−1 + µkU
T
k,i(εI+Uk,iU

T
k,i)

−1

× [dk,i −Uk,i(wk,i−1 − xk,i)]
(26)

where

Uk,i
∆
=


uk,i

uk,i−1

...
uk,i−K+1

 dk,i =


dk(i)

dk(i− 1)
...

dk(i−K + 1)


(27)

According to the above remarks, the intermediate es-
timation of the position of the target step in the pro-
posed algorithm represented in the Fig. 4, can be
changed as will be shown in Fig. 5. We can see that
for specified time ranged (i < L) LMS algorithm is
used and for the rest (i > L) APA is applied for esti-
mation.

4. SIMULATION RESULTS

In this section we present simulation results to
evaluate the performance of our proposed algorithm.
We use a network with N = 100 nodes that are uni-
formly distributed inside a cube with length 12. The
simulation parameters are set as follows. The step
sizes of updates are set to µk = λk = 0.5 for all nodes
at each iteration. The combination coefficients are
set as awl,k = avl,k = 1

Nk(i)
if l ∈ Nk(i). The factors

of velocity control are α = β = 0.5 and γ = 1. We
set the time duration to ∆t = 0.5. Finally, optimal

Fig.5: Improved algorithm after using APA.

Fig.6: Transient network MSD of the target posi-
tion.

distance between two neighbours is set to r = 3. The
observation noise nk(i) is assumed to be zero-mean
Gaussian noise. The noise variance varies with the
distance between the target and the node since the
measurements are noisier at farther distance. Thus
we use the following relation

σ2
n,k(i) = 0.1∥wo − xk,i∥2

Fig. 6 shows the network transient MSD for two dif-
ferent cooperation rules. In the first case, we assume
that each node cooperates with specified number of
its nearest neighbours at every iteration. To do so,
we do the simulation, first for 10 nearest neighbours
and then for 20 nearest neighbours. In the second
case we only use subset of 10 and 20 nearest neigh-
bours, so the number of neighbours will vary during
each iteration. We can see from Fig. 6 that when
we use the proposed selective cooperation algorithm
the steady-state error gets better, but at the cost of
penalty on convergence rate. For instance, Fig. 7
shows the transient MSD performance of 48th node
with the number of neighbours that cooperate with
the 48th node, for both full and selective cooperation
cases. As we see, the proposed algorithm reduces
the amount of communication overhead (number of
nodes reduces) while gives a better steady- state per-
formance. Table 1 shows the number of the commu-
nications exchanged among the nodes of the network
for the usual cooperation rule and selective coopera-
tion. Results show that in selective cooperation we
have about 30 percent reduction in the amount of
communications between nodes.
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Amount of communications
10 nearest neighbors 20 nearest neighbor

Full cooperation 173897 346522
Selective cooperation 105790 214466

Table 1: Amount of communications between nodes for two different cooperation rules.

Fig.7: Transient MSD of the target position for 48th
node (top), and Number of neighbours that consult
with node 48 at each iteration for both full and selec-
tive cooperation cases (bottom).

As we mentioned earlier, the selective coopera-
tion deteriorates the convergence rate of the network
MSD. To solve this problem we can use AP algorithm
instead of LMS algorithm in estimation process for
part of time interval. Fig. 8 shows the simulation
results when we apply the AP algorithm for part of
time and compare it with the usual way when we just
use LMS algorithm for target position estimation. As
we can see from Fig. 8, for the same steady-state er-
ror, combing LMS and AP algorithms leads to better
convergence rate in compared to the case when we
just use LMS algorithm. In this simulation we used
LMS for iteration i < 170 and then we applied AP
algorithm. In Fig. 9 presents the results when we use
APA to compensate for the low convergence speed
caused by using selective cooperation.

Fig.8: Transient network MSD when AP has been
applied.

Finally, in Fig. 10 we illustrate the maneuver of
mobile network in space over time for two different
methods. Column (a) shows the motion of the nodes
toward the target while using usual algorithm, and
(b) represents the moving of the nodes while using

Fig.9: Transient network MSD of proposed algo-
rithm compared to the usual method.

Fig.10: Mode of movement of nodes towards the
target in R3 over four different times for two different
algorithm.

proposed algorithms.

5. CONCLUSION

Recently, adaptive networks are being used in a
wide range of contexts due to their real-time adap-
tation and learning abilities. Incorporating the node
mobility enables the resulting diffusion networks to
use them in new applications such as modeling the
various forms of sophisticated behavior exhibited by
biological networks and source localization. In this
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paper we proposed an algorithm for estimation of po-
sition of a target in a mobile network. In this al-
gorithm, every node selects a subset of its neighbor
that have to satisfy the given threshold. The pro-
posed algorithm is able to provide steady-state per-
formance near to ATC algorithm while it has reduced
communication overhead. We presented some simu-
lation results to clarify the discussions. The proposed
algorithm can be used in practical applications such
as odor source localization using multiple coopera-
tive robots where we need to solve distributed source
localization problem with mobile nodes. The current
work assumes ideal connecting links among the nodes.
In our future work we will develop mobile adaptive
networks with selective cooperation in a practical sce-
nario when the links are subject to channel noise.
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