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Distributed Sensor Fusion for Scalar Field Mapping
Using Mobile Sensor Networks
Hung Manh La and Weihua Sheng, Senior Member, IEEE

Abstract—In this paper, autonomous mobile sensor networks
are deployed to measure a scalar field and build its map. We
develop a novel method for multiple mobile sensor nodes to build
this map using noisy sensor measurements. Our method consists of
two parts. First, we develop a distributed sensor fusion algorithm
by integrating two different distributed consensus filters to achieve
cooperative sensing among sensor nodes. This fusion algorithm
has two phases. In the first phase, the weighted average consensus
filter is developed, which allows each sensor node to find an estimate of the value of the scalar field at each time step. In the second
phase, the average consensus filter is used to allow each sensor
node to find a confidence of the estimate at each time step. The
final estimate of the value of the scalar field is iteratively updated
during the movement of the mobile sensors via weighted average.
Second, we develop the distributed flocking-control algorithm to
drive the mobile sensors to form a network and track the virtual
leader moving along the field when only a small subset of the
mobile sensors know the information of the leader. Experimental
results are provided to demonstrate our proposed algorithms.
Index Terms—Cooperative sensing, flocking control, mobile
sensor networks (MSNs), sensor fusion.

I. I NTRODUCTION
A. Motivation

M

OBILE sensor networks (MSNs) [1] have broad applications, including target tracking, cooperative detection
of toxic chemicals in contaminated environments, search and
rescue operations after disasters, forest fire monitoring, etc. In
recent years, missions that require the mapping of a scalar field
have become prominent. Measuring and exploring an unknown
field of interest have attracted much attention of environmental
scientists and control engineers [2]–[8]. There are numerous
applications, including environmental monitoring [9] and oil
spill and toxic-chemical plume tracing [10], [11]. Because the
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scalar field is often distributed across a large area, we need
many sensors to cover the field if the sensors are mounted
at fixed locations. MSNs in which sensors can move together
and take measurements along their motion trajectories are ideal
candidate for such missions.
In order to create the map of a scalar field, the MSN should
be able to achieve cooperative sensing among sensors in a
distributed fashion. The development of a novel cooperative
sensing algorithm based on distributed estimation and control
algorithms for MSNs is very challenging. The estimation and
the control have to be performed in each sensor node using only
local information, while as a whole, the network should exhibit
collective intelligence and achieve a global goal. In a resourceconstrained multiagent system, the communication range and
sensing range of each agent are small compared with the size of
the surveillance region. Hence, agents cannot accomplish the
mission without an effective flocking control and path planning
strategy. Therefore, this paper aims to develop a cooperative
sensing scheme to address both estimation and motion control
problems to build the map of the scalar field. Our idea is to
combine distributed estimation, distributed motion control, and
path planning strategy to allow mobile sensors to obtain the
estimates of the field during their movements.
B. Literature Review
Cooperative sensing in MSNs has been recently studied by
researchers in control engineering [2], [6], [8], [12]–[20], and
it can be utilized in target tracking, environmental mapping,
monitoring, exploration, and coverage.
The early work on this technique can be found in [15]
and [16], where the cooperative sensing algorithm for MSNs
to estimate the state of dynamic targets is proposed. The localization and the tracking of dynamic targets are addressed.
To achieve active sensing, the mobility of sensing agents is
utilized to improve the sensing performance. However, the
gradient controller for cooperative sensing is designed in a
centralized way. To relax this limitation, the distributed gradient
controller is proposed in [18], and it is designed by constructing
a dynamic average consensus estimator and using a one-hop
neighbor for communication, so that both formation control and
cooperative sensing are integrated in order improve the sensing
performance.
In addition, the developed cooperative sensing algorithms for
target estimation and the cooperative sensing algorithms for
source seeking and radiation mapping have been also developed
[19]–[24]. The problem of source seeking is first addressed
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in [21], and then, it is thoroughly studied in [22]–[24] for
the case when direct gradient information of the measured
quantity is unavailable. Specifically, Pang and Farrell [22]
address chemical plume source localization by constructing a
source likelihood map based on Bayesian inference methods.
Mesquita et al. [23] induces source-seeking behavior without
direct gradient information by mimicking E. coli bacteria.
Mayhew et al. [24] propose a hybrid control strategy to locate
a radiation source utilizing only radiation intensity measurements. Moreover, cooperative sensing for radiation mapping
is developed in [19] and [20]. The control algorithm takes
into account sensing performance, as well as dynamics of the
observed process; therefore, it can steer mobile sensors to
locations at which they maximize the information content of
the measurement data.
In addition, cooperative sensing algorithms have been developed for environmental estimation [4], sampling, and exploring
[5], [6], [25]. The extensive survey of the current work in this
area can be seen in [26]. In [4], an MSN is deployed in an
environment of interest and takes measurements of a dynamic
physical process modeled as a spatiotemporal random field.
A distributed Kriged Kalman filter is developed to infer the
random field and its gradient. In [25], underwater vehicles are
deployed to measure temperature and currents. The vehicles
communicate via an acoustic local area network and coordinate
their motion in response to local sensing information and the
evolving environments. This MSN aims to sample the environment adaptively in space and time. In [5], a class of underwater
vehicles are used to obtain a sampling coverage over a large
area. A cooperative control method is proposed to control vehicles to generate patterns on closed smooth curves. To further
improve the cooperative sensing performance, both cooperative
motion control and cooperative sensing are integrated based on
cooperative Kalman filters [6] to control the shape of the sensor
node formation in order to minimize the estimation error.
Other significant works in cooperative sensing for environmental modeling and coverage can be found in [2], [3], [8],
and [27]. Cooperative sensing based on the gradient descent
algorithms to obtain the optimal coverage is developed in [3].
For dynamic environment coverage, a control strategy based on
the discrete Kalman filter is developed [2]. The approach relies
on the Kalman filter to estimate the field and on the filter’s
prediction step to plan the vehicles’ next move to maximize the
estimation quality. In [27], an optimal filtering approach toward
fusing local sensor data into a global model of the environment
is developed. Their approach is based on the use of average
consensus filters to distributively fuse the sensory data through
the communication network. Along with the consensus filters,
the control laws are developed for mobile sensors to maximize
their sensory information relative to current uncertainties in the
model.
Overall, to our best knowledge the existing works in the area
of cooperative sensing using MSNs mostly focus on target(s)
tracking, environmental estimation, sampling, modeling and
coverage, sensor placement, source seeking, and radiation mapping. The problem of the scalar field estimation and mapping
based on multiagent cooperative sensing has not been fully
addressed.
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In this paper, the problems of cooperative sensing and cooperative motion control are addressed. First, we develop a
distributed sensor fusion algorithm by integrating two different distributed consensus filters to achieve cooperative sensing among sensor nodes. In this algorithm, each sensor node
obtains measurements from itself and its neighboring sensor
nodes. Each mobile sensor node will then iteratively update
the estimate of the scalar field. Second, to allow the mobile
sensors to move together and take measurements, we develop
a distributed flocking-control algorithm to drive them to form a
network and track a virtual leader. The trajectories of the virtual
leader are planned, so that the MSN can cover the entire field.
In summary, the contributions of our paper are:
1) Development of a distributed sensor fusion algorithm to
achieve cooperative sensing among sensor nodes to build
the map of a scalar field.
2) Development of a distributed flocking-control algorithm
for an MSN to navigate the scalar field for the mapping
process.
The rest of this paper is organized as follows: The succeeding
section presents the models of the scalar field and the measurement of each sensor node, as well as the problem formulation.
Section III describes the distributed consensus filters and the
distributed sensor fusion algorithm for building a map of the
unknown scalar field. Section IV presents the flocking-control
algorithm and the path planning strategy for complete coverage
of the scalar field. Section V shows the simulation results.
Finally, Section VI concludes this paper.
II. S CALAR F IELD AND M EASUREMENT M ODELING
AND P ROBLEM S TATEMENT
In this section, we present the model of the scalar field, the
model of the measurement of each sensor node, and the problem
statement.
A. Model of the Scalar Field
We model the scalar field of interest as
F = ΘΦT .

(1)

Here, Θ = [θ1 , θ2 , . . . , θK ], and Φ = [φ1 , φ2 , . . . , φK ],
where j is the index, and K is the total number of function
distributions. We can rewrite (1) as
F =

K


θj φ j .

(2)

j=1

Here, φj is a function representing the density distribution,
and θj is the weight of the density distribution of function φj .
We can model function φj as a bivariate Gaussian distribution, i.e.,
φj = 

1
det(Cj )(2π)2
×e

j
j T
−1
−1
2 (x−μx )Cj (y−μy )

,

j ∈ [1, 2, . . . , K].

768

IEEE TRANSACTIONS ON CYBERNETICS, VOL. 43, NO. 2, APRIL 2013

Here, cv is the small positive constant between 0 and 1. The
reason of introducing cv is to avoid variance Vik (t) being zero
when distance qi (t) − qck  is equal to zero. This means that, if
the position of agent i is exactly at the location of cell k, then
agent i makes the measurement with the smallest variance of
noise but still greater than zero.
C. Problem Formulation

Fig. 1. (a) One example of the scalar field and it is partitioned into multiple
cells. (b) Illustration of the measurement model using multiple mobile sensor
nodes.

Here, [μjx μjy ] is the mean of the distribution of function
φj , and Cj is the covariance matrix (positive definite) and is
represented by

  2
j
σxj
coj σxy
Cj = 0 j
 j 2
σy
cj σxy
where c0j is a correlation factor.
One example of the scalar field is shown in Fig. 1(a). In this
field, we have four Gaussian distributions associated with different weights of Θ. Each Gaussian distribution can represent
an oil leak or chemical leak, etc.

Given the measurements of the sensor node i and its neighbors at each cell of the scalar field F as modeled in (3) [see
Fig. 1(b)], our goal is to build the map for the scalar field F
modeled by (1) with a certain level of confidence.
Fig. 1(b) shows one example of multiple mobile sensor nodes
measuring the value at cell k of the scalar field F . Since cell k is
in the sensing range of sensor nodes 1, 2, and 3, it is measured
by these sensors only. Each of these sensor nodes measures
the value at cell k with its own confidence and exchanges
the measurement to its neighbors. In general, cell k may be
measured multiple times as long as it is inside the sensing range
of the sensor node. Through the distributed consensus filter, the
measurements of cell k are propagated over the network; hence,
all sensor nodes can obtain the estimate of cell k. Our task is to
build a cooperative sensing scheme to allow mobile sensors to
build the map of the scalar field during their movements.
III. D ISTRIBUTED S ENSOR F USION A LGORITHM

B. Measurement Model

A. Overall Approach

We partition the scalar field F into a grid of C cells. Each
sensor i makes an observation (measurement) of the scalar field
at cell k (k ∈ {1, 2, . . . , C}) at time step t, i.e.,

mki (t) = Oik (t) F k (t) + nki (t) .
(3)
Here, nki (t) is the Gaussian noise with zero mean and variance Vik (t) at time step t. We assume that nki is the uncorrelated
noise which satisfies


Cov nki (s), nki (t) =

Vik ,
0,

if s = t
otherwise.

Here, Cov is the covariance. Oik (t) is the observability of the
sensor node i at cell k at time step t, and it is defined as
Oik (t) =

if qi (t) − qck ≤ ris
otherwise.

1,
0,

(4)

Here, qi ∈ R2 is the position of the sensor node i; qck ∈ R2
is the location of cell k. This definition implies that, if cell k is
inside the sensing range ris , of the sensor node i, then cell k can
be measured or observed. Otherwise, the observability is zero.
Each mobile sensor node makes a measurement at cell k
corresponding to its position. We assume that variance Vik (t)
is related to the distance between the sensor node i and cell k
according to
Vik (t) =

qi (t)−qck 
2
(ris )
0,

2

+cv

,

if qi (t) − qck ≤ ris
otherwise.

(5)

In this section, we present a distributed sensor fusion algorithm to allow each sensor node to obtain an estimate of the
value at each cell of the scalar field. Our algorithm has two
phases. First, each sensor node finds an estimate of the value
of the scalar field F at each cell at time step t. Second, each
sensor node finds a final estimate of the value of the scalar field
F at each cell over the time. To achieve these two phases, we
develop two consensus filters. Consensus filter 1 is to obtain
an estimate of the value of field F at each cell at time step t.
Since each mobile sensor node may have its own measurement
at each cell at time step t with its own weight (confidence),
consensus filter 2 is used to obtain an agreement among these
confidences.
At each time step t, each mobile sensor node needs to find an
estimate of the value of each cell based on consensus filter 1 and
find an overall confidence of this estimate based on consensus
filter 2. This process can be called the spatial estimation phase.
Then, during the movement of each sensor node, it will have
multiple spatial estimates of each cell associated with the
corresponding confidences. Hence, these spatial estimates are
iteratively fused through a weighted average protocol, and this
process can be called the temporal estimation phase.
B. Distributed Consensus Filters
Let us consider a dynamic graph G consisting of a vertex
set ϑ = {1, 2 . . . , n} and an edge set E ⊆ {(i, j) : i, j ∈ ϑ, j =
i}. In this graph, each vertex denotes a mobile sensor node,
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and each edge denotes the communication link between sensor
nodes.
During the movement of the sensor nodes, the relative distance between them may change; hence, the neighbors of each
sensor node also change. Therefore, we define a neighborhood
set of the sensor node i at time step t as follows:
Ni (t) = {j ∈ ϑ : qj −qi  ≤ r, ϑ = {1, 2, . . . , n}, j = i} .
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We can also write (7) in the following matrix form:
xk (l + 1) = wk (t)xk (l)

with the initial condition xk (0) = mk (t); here, mk (t) =
[mk1 (t), mk2 (t), . . . , mkn (t)]Tn×1 .
To make (11) converge to E k (t), we need

(6)
wk (t) =

Here, qi ∈ R2 is the position of the sensor node i, and r is
the communication (active) range and can be the same as or
less than rs .
1) Consensus Filter 1: Distributed consensus [28]–[33] is
an important computational tool to achieve cooperative sensing. We consider distributed linear iterations of the following
form:
k
(t)xki (l) +
xki (l + 1) = wii



k
wij
(t)xkj (l).

(7)

j∈Ni (t)

Here, l is the iteration index in the running process of the
consensus filter, and t is the time step when sensor i makes
an observation/measurement at cell k. Specifically, at each time
step t, sensor i runs the consensus filter (7) to find an agreement
among all measurements of sensors by exchanging information
with its neighbors only.
The initial condition for the state is given as xki (l = 0) =
k
k
mi (t). Weight wii
(t) is the self-weight or the vertex weight of
k
(t) is the edge weight between
each sensor at cell k, and wij
sensor i and sensor j.
The problem here is to estimate the value of field F at each
cell k at each time step t. Since the network may have more than
one sensor node making the observation at cell k at time step
t based on its own confidence (weight), the consensus should
converge to the weighted average of all observations (measurements) at cell k from these sensor nodes in the network. This
weighted average is the estimate of the value at cell k at time
step t, and it is computed as
E k (t) =

n
i=1 wii (t)mi (t)
.
n
i=1 wii (t)

(8)

If (7) converges, we have E1k (t) = E2k (t) = . . . = Enk (t) =
E (t); here, Eik (t), with i = 1, . . . , n, is the estimate of the
field at cell k at time step t of the sensor node i. Therefore, our
goal is to let
k





lim xki (l) − E k (t) → 0.

l→∞

lim xk (l) = E k (t)1.

l→∞

1 T
11 .
n



k
(t) +
wii

k
wij
(t) = 1.

(13)

j∈Ni (t)

To satisfy this, we can design the weights of the consensus
filters as follows:
Weight design 1: From (13), the vertex weight at node i is
obtained as


k
(t) = 1 −
wii

k
wij
(t).

(14)

j∈Ni (t)
k
(l) is defined as
Here, wij
k
(t) =
wij

Vik (t)

cw
1
,
+ Vjk (t)

i = j,

j ∈ Ni (t).

(15)

Here, cw
1 is a designed factor. If none of the sensor nodes
i and j observes cell k (Oik (t) = Ojk (t) = 0), then to avoid
k
dividing by zero, the edge weight wij
(l) is set to zero.
Therefore, we have the following form of weight design:
⎧
cw
1
⎪
if i = j, j ∈ Ni (t),
⎨ V k (t)+V
k (t) ,
i
j
k
wij (t) = 1 −
(16)
k
⎪
j∈Ni (t) wij (t), if i = j,
⎩
0,
otherwise.
Now, we need to find cw
1 to satisfy (13). We know that
min(Vik (t)) = min(qi (t) − qck 2 + cv /(ris )2 ) = cv /(ris )2 if
qi (t) − qck  = 0. Hence, we have




min Vik (t) + min Vjk (t)
=

2cv
(r s )2 ,
cv
2 +
(ris )

cv

(rjs )

2

,



if ris = rjs = rs
otherwise.

To satisfy (13), we need


k
wij
(t) < 1 ⇒ 0 <
0<
j∈Ni (t)

(10)

Here, xk (l) = [xk1 (l), xk2 (l), . . . , xkn (l)]Tn×1 , and 1 = [1, 1,
. . . , 1]Tn×1 .

(12)

In order to achieve this, we need to ensure that the sum of all
weights including the vertex and edge weights at each node is
equal to 1 or

(9)

We can write (9) in the following matrix form:

(11)

j∈Ni (t)

(17)

cw
1
<1
Vik (t) + Vjk (t)

or
0 < cw
1 <

Vik (t) + Vjk (t)
.
|Ni (t)|

(18)
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Here, |Ni (t)| is the number of neighbors of the sensor node i
at time t, and from (17) and (18), we can select cw
1 as
⎧ w
2cv
if ris = rjs = rs
⎨0 < c1 < (ris )2 |Ni (t)| ,


(19)
cv
cv
1
⎩ 0 < cw
, otherwise.
2 +
2
1 < |Ni (t)|
s
s
( ri )
( rj )
Weight design 2: From (13), by assigning the same value
to all edge weights, we obtain
k
(t) =
wij

k
(t)
1 − wii
.
|Ni (t)|

(20)

cw
2
Vik (t)

(21)

k
Here, wii
(t) is defined as
k
(t) =
wii

where cw
2 is a designed factor. If the sensor node i does not
k
(t) is set
observe cell k (Oik (t) = 0), then the vertex weight wii
to zero.
Therefore, we have the following weight design:
⎧ cw
2
⎪
if i = j
⎨ Vik (t) ,
k
k
wij (t) = 1−wii (t)
(22)
⎪
⎩ |Ni (t)| , if i = j, j ∈ Ni (t)
0,
otherwise.
Now, we discuss how to select constant cw
2 . In order to satisfy
(13), we need the following condition:
cw
0 < k2 < 1.
Vi (t)

(23)

Since min(Vik (t)) = cv /(ris )2 when qi (t) − qck  = 0, we
have
0<

cw
2
cv
2
(ris )

< 1 ⇒ 0 < cw
2 <

cv
.
(ris )2

(24)

2) Consensus Filter 2: Since each sensor node has its own
confidence (weight) of the measurement at each cell at each
time step t, we need to find an agreement among the confidences of sensor nodes. Consensus algorithm 2 is introduced
to find the overall confidence from each time step t.
In this consensus algorithm, the input is the confidence of
the measurement of each sensor node, and it is defined as the
weight of the measurement in (14) or (21). The output of the
consensus is the overall confidence, which is the estimated
weight Wik (t) of the weighted average protocol, as shown in
(27) (28) (29).
Let yik (l = 0) be the confidence of the measurement of the
value of the scalar field at cell k at each time step t for the sensor
k
(t). Let yjk (l = 0) be the confidence
node i, or yik (l = 0) = wii
of the measurement of the value of the scalar field at cell k at
each time step t for the sensor node j with j ∈ Ni (t), or yjk (l =
k
0) = wjj
(t). Then, we have the following consensus filter:

k
yik (l + 1) = Miik (t)yik (l) +
Mij
(t)yjk (l).
(25)
j∈Ni (t)

Fig. 2.

Framework of distributed sensor fusion algorithm.

k
Here, Mij
(t) is the Metropolis weight [29] as

⎧
1
⎨ 1+max(|Ni (t)|,|Nj (t)|) ,
k
k
Mij (t) = 1−
j∈Ni (t) Mij (t),
⎩
0,

if i = j, j ∈ Ni (t)
if i = j
otherwise.

(26)

C. Distributed Fusion Algorithm
Based on consensus filters 1 and 2, we can design a distributed sensor fusion algorithm to allow each sensor node to
estimate the value of the scalar field at each cell using its own
measurement and its neighbor’s measurements. The overall
design of such a distributed sensor fusion algorithm is shown
in Fig. 2. In this algorithm, we have two phases running at the
same time. In the spatial estimation phase, the measurements
of the sensor node i and its neighbors at cell k at time step
t are the inputs of consensus filter 1. Then, the output of this
consensus filter is the estimate of the value of the scalar field
F at cell k at time step t. In the temporal estimate phase, the
confidences (weights) of the measurements of each sensor node
and its neighbors at cell k at time step t are the inputs of
consensus filter 2. Then, the output of this consensus filter is
the estimate of the confidence of the measurement of the scalar
field at cell k at time step t. During the movement of the sensor,
each sensor node obtains a sequence of estimates of the value
at cell k with associated confidence. Hence, the final estimate
is iteratively updated based on these spatial estimates via the
weighted average protocol. The details of the algorithm are
shown in Algorithm 1. Note that the motion of each sensor node
is controlled based on the flocking-control algorithm discussed
in the succeeding section.
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Algorithm 1: Distributed Sensor Fusion Algorithm
k
(t) and the measurement of the sensor node
Input: weight wii
i and its neighbors to cell k, mki (t), and mkj (t).
k

Output: the final estimate at each cell k, E i (t).
for each time step t do
for each sensor node i do
Step1: Make a measurement (observation) mki (t) to cell k if
qi (t) − qck  ≤ ris .
The sensor node i obtains the measurements of cell k from
its neighbors and itself.
for each iteration l do
The sensor node i runs consensus (7) with the weight defined
in (16) or (22):
xki (l = 0) = mki (t),
k
k
(t)xki (l) + j∈Ni (t) wij
(t)xkj (l).
xki (l + 1) = wii
The sensor node i runs consensus (25) with the weight
defined in (26):
k
(t),
yik (l = 0) = wii
k
yik (l + 1) = Miik (t)yik (l) + j∈Ni (t) Mij
(t)yjk (l).
end
Step2: Obtain the estimate of cell k after running the
consensus.
Let lc be an iteration that both consensus filters converge,
then we have:
Eik (t) = xki (lc ); Wik (t) = yik (lc ).
Step3: Update process to find the final estimate of the value
of the scalar field at each cell k.
-Update weight (confidence), i.e.,
k
W i (t)

=

Wik (t

− 1) +

Wik (t

− 2) + · · · +

Wik (0).

(27)

-Update the final estimate based on the weighted average
protocol, i.e.,
k

E i (t = 0) = Eik (t = 0) = xki (lc )
k
k
W (t − 1)E i (t − 1) + Wik (t)Eik (t)
k
.
E i (t) = i
k
W i (t − 1) + Wik (t)

(28)
(29)

end
end

IV. F LOCKING -C ONTROL A LGORITHM
AND PATH P LANNING S TRATEGY
In this section, we first present the distributed flockingcontrol algorithm, which can steer the MSN to track a virtual
leader that moves in the desired paths. These desired paths are
generated based on the path planning strategy, which ensures
that the MSN can cover the entire scalar field.
A main issue for multiple mobile sensors to move together is
that these sensors need to avoid colliding with each other, which
requires the use of cooperative control methods [34]–[36]. One
of these methods is the flocking control [35], which is inspired
by the flocking or schooling phenomenon in which a number
of mobile agents move together and interact with each other locally while ensuring no collision, velocity matching, and flock
centering [37]. In the nature, fish, birds, ants, and bees, etc.
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demonstrate the phenomenon of flocking. In natural flocking,
usually, only few agents in a group have the information of
the target, such as the knowledge about the location of a food
source or the migration route [38], [39]. However, they can still
flock together in a group based on local information. Inspired
by this natural phenomenon, a flocking-control algorithm is
designed to coordinate the motion of multiple mobile sensors.
Based on our algorithm, all mobile sensors can form a network
and track the target (virtual leader) even only very few of them
know the information of the leader. In this algorithm, we adopt
a target navigation term in order to reduce the large tracking
force at the initial tracking time, so that the mobile sensors can
form a network and track the leader. We use a damping force
term to reduce the tracking overshoot.
A. Flocking-Control Algorithm
We consider n mobile sensor nodes moving in a 2-D Euclidean space. The dynamic equations of each sensor node are
described as
q̇i = pi
ṗi = ui ,

i = 1, 2, . . . , n.

(30)

Here, qi ∈ R2 and pi ∈ R2 are the position and the velocity
of the sensor node i, respectively, and ui is the control input of
the sensor node i.
The geometry of flocks is modeled by an α-lattice [35] that
meets the following condition:
qj − qi  = d,

j ∈ Ni (t).

(31)

Here, d is a positive constant indicating the distance between
the sensor node i and its neighbor j. However, at the singular
configuration (qi = qj ), the collective potential used to construct the geometry of flocks is not differentiable. Therefore,
the set of algebraic constraints in (31) is rewritten in terms of
σ-norm [35] as follows:
qj − qi σ = dα ,

j ∈ Ni (t).

(32)

Here, constraint dα = dσ with d = r/kc , where kc is the
m
scaling factor. The σ-norm
 .σ of a vector is map R =⇒ R+
defined as zσ = 1/[ 1 + z2 − 1] with  > 0. Unlike
the Euclidean norm z, which is not differentiable at z = 0,
the σ-norm zσ is differentiable everywhere. This property
allows constructing a smooth collective potential function for
sensor nodes.
To allow mobile sensors to move together without collision
and track a moving target (virtual leader) while only some of
the sensors know the location and the velocity of the leader, we
propose the distributed flocking-control algorithm as follows:
ui = fiα + fit + fidam .

(33)

Here, fiα is the formation control term, fit is the navigation
term, and fidam is the damping term. The detail of each term is
provided below.
1) Formation Control Term: To achieve three basic flocking rules (flock centering, collision avoidance, and velocity
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matching), function fiα , which consists of a gradient-based
component and a consensus component, is used to regulate the
artificial potential forces (repulsive or attractive forces) and the
velocity among agents. This function is designed as [35]


fiα = cα
φα (qj −qi σ ) nij +cα
aij (q)(pj −pi ) (34)
1
2
j∈Ni

cα
1

j∈Ni

cα
2

and
are positive constants, φα (z) is the action
where
function, nij is the vector along the line connecting qi to qj ,
and [aij (q)] is the adjacency matrix. For more details on these
terms, please refer to [35].
Algorithm 2: Design of the Navigation Term
for each informed agent j, j ∈ NI do
if qiinf (t) − qt (t) > K1 qiinf (0) − qt (0) then

 inf
K2
qj − q t
fjt = − inf
qi (t) − qt (t)

 inf
K3
− inf
pj − p t .
qi (t) − qt (t)
Here, 0.9 < K1 < 1, K2 > 0, and K3 > 0,
else




fit = −ct1 qjinf − qt − ct2 pinf
j − pt .

(35)

end
end

constant K1 chosen between 0.9 and 1 is used to ensure
that a small attractive force is applied at the initial time of
the target-tracking process. Weights K2 /qiinf (t) − qt (t) and
K3 /qiinf (t) − qt (t) are designed, so that the attractive force
is small enough at the initial time, and then, it becomes bigger
when distance qiinf (t) − qt (t) decreases. Here, K2 and K3
are positive constants. If these constants are large, the sensor
node i can reach the target faster.
3) Damping Force Term: Since only the informed agents
NI have the information of the target, the damping force can
be only applied to these agents. The idea behind this damping
force is to reduce the tracking overshoot when the informed
agents are close to the target. That is, the damping force for
the informed agents is only effective if the distance between the
informed agent and the target is less than a certain threshold.
This threshold is designed based on the active range r.
Algorithm 4: Decentralized Flocking-Control Algorithm
with a Minority of Informed Agents
Input: Position and velocity of each agent (qi , pi ); position
and velocity of the target (qt , pt ) for the informed agents (NI ).
Output: Control law for each agent ui
for each agent i do
Compute


fiα =
φα (qj − qi σ )nij +
aij (q)(pj − pi ) (38)
j∈Ni

Algorithm 3: Design of the Damping Force Term
for each informed agent j, j ∈ NI do
if qiinf (t) − qt (t) < K4 r then
fjdam = −Kdam pinf
j .

(36)

Here, 0 < K4 < 1 and Kdam > 0,
else
fjdam = 0.

(37)

end
end
2) Navigation Term: First, let us define NI as a subset of
informed agents and NU I as a subset of uninformed agents
|NU I |. Hence, we have NI ∪ NU I = N ; here, N
with |NI |
is the set of all agents (uninformed and informed agents), or
N = {1, 2, . . . , n}.
The navigation term allows the agents to stay together. The
main idea behind this term is that, if we let the informed agents
keep strong cohesion to uninformed agents at the initial time of
the target-tracking process, the connectivity can be maintained.
In order to do this, we have to reduce the initial momentum
of the attractive force to the target for the informed agents.
This means that we should have small attractive force at the
initial time when the distance between the informed agent
and the target is large. Based on this analysis, we design the
navigation term as shown in Algorithm 2. In this algorithm,

j∈Ni

end
for each informed agent j, j ∈ NI do
if qiinf (t) − qt (t) > K1 qiinf (0) − qt (0), then

 inf
K2
fjt = − inf
qj − q t
qi (t) − qt (t)

 inf
K3
− inf
pj − p t
qi (t) − qt (t)
(0.9 < K1 < 1, K2 > 0 and K3 > 0)
else




fit = −ct1 qjinf − qt − ct2 pinf
j − pt

(39)

end
if qiinf (t) − qt (t) < K4 r then
fjdam = −Kdam pinf
j

(40)

(0 < K4 < 1 and Kdam > 0)
else
fjdam = 0

(41)

end
end
for each uninformed agent k, k ∈ NU I do
fkdam = 0 and fkt = 0
end
Update the control law for each agent i
ui = fiα + fidam + fit .

(42)
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Fig. 4. Tracking error between the position of the virtual leader (qt ) and the
average of the position of the two informed agents (mean(q inf )).
Fig. 3. Seven mobile sensor nodes flock together and cover the scalar field.
(Red) The motion path is generated by the leader, and (black/darker color) the
CoM of the network tracks the leader with small overshoots at sharp turning
points of the path.

This means that, when the target is inside the active range
of the informed agent j, the damping force fjdam is applied;
otherwise, fjdam = 0. In order to do that, constant K4 is used
(0 < K4 < 1). When the damping force fjdam is applied, the
informed agent j will reduce its speed gradually to approach
the target. Hence, the tracking overshoot is reduced. Overall,
the damping force is designed in Algorithm 3. Here, Kdam
is the gain of the damping force. If Kdam is large, the network
moves to the target slowly.
Finally, the whole decentralized flocking-control algorithm
is proposed in Algorithm 4.
B. Path Planning Strategy
Based on the flocking-control Algorithm 4, all mobile sensor
nodes can form a lattice formation, and the center of mass
(CoM) of the informed agents (sensors) as defined in (43) can
track leader (qt , pt ), i.e.,
q=
p=

1
|NI |
1
|NI |

|NI | inf
i=1 qi
|NI | inf
i=1 pi .

(43)

Here, |NI | is the number of informed agents.
The results of the flocking control can be shown in Figs. 3
and 4. Fig. 3 shows the snapshots of seven mobile sensors
forming a network and tracking the leader moving in the red
line, while only two of them know the location and velocity of
the leader. Fig. 4 shows the tracking error between the position
of the virtual leader (qt ) and the average of the position of the
two informed agents (mean(q inf )). We can see that the tracking
performance has a small offset distance between the virtual
leader and the informed agents. At the sharp turning points
of the path of the virtual leader, the tracking performance has
bigger errors.

Since the network can track the leader, to allow the network
to cover the entire scalar field, we only need to design the path
of the leader, so that the field is fully covered. We assume
that the leader knows the total number of sensor nodes in the
network. Then, based on the distance between sensor nodes
(dα ), the leader can compute the size of the network. Then,
our multirobot path planning problem becomes a single robot
path planning problem. There are some typical algorithms of
motion planning for a mobile robot to have complete coverage
of the field of interest, such as boustrophedron motion or wallfollowing motion [40]. In this paper, we plan the leader motion
using a typical boustrophedron motion.
V. S IMULATION AND E XPERIMENTAL R ESULTS
In this section, we test consensus filters 1 and 2, and
flocking-control Algorithm 4. Then, we use the proposed distributed sensor fusion Algorithm 1, along with flocking-control
Algorithm 4, to build the map of a scalar field.
A. Test of Consensus Filters 1 and 2
Consensus filter 1 is tested for the case of a single cell k = 1.
We randomly generate a connected network of 10 nodes, as
shown in Fig. 5(a). The cell is located at the center of the
network [see the red square in Fig. 5(a)]. The ground truth of the
measurement at this location is 50. In this case, the location of
the measurement is inside the sensing range of all nodes; hence,
all nodes can make its own measurement at this location.
Each node makes a measurement as
m1i = F 1 + n1i .

(44)

Here, F 1 = 50, and n1i is the Gaussian noise, N (0, Vi1 ),
with Vi1 = qi − q2 + cv /(ris )2 , cv = 0.01, r1s = r2s = . . . =
s
= 1.6, and q = 1/10 10
r10
i=1 qi . The initial condition for
running consensus filter 1 is x1i (l = 0) = m1i .
The results of the convergence of consensus filter 1 associated with two different weights, i.e., weight design 1 defined
in (16) and weight design 2 defined in (22), respectively, are
presented in Fig. 5. In Fig. 5(a), to compare the speed of
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Fig. 5. (a) Ten nodes estimate the value at (red/black square) cell k. (b) and (c) Result of convergence of ten nodes and agreement of the ten nodes when applying
the consensus filter 1 with weight design 1 in (16). (d) and (e) Result of convergence of ten nodes and agreement of the ten nodes when applying consensus
filter 1 with weight design 2 in (22).

Fig. 6. (a) Distribution of ten nodes. (b) and (c) Result of convergence of ten nodes and agreement of the ten nodes when applying consensus filter 2 in (25) with
the Metropolis weight (26).

the convergence of (x1i (l) − E 1 ) among nodes, we generate a
connected network with ten nodes in which we let the node 4
have only four neighbors, while other nodes have more than or
equal to seven neighbors. From Fig. 5(b) and (d) we can see that
(x1i (l) − E 1 ), converge to zero after 300 iterations for Weight
Design 1 and 5 iterations for Weight Design 2. Therefore, it is
better to use Weight Design 2 since it can converge faster. We
can also see that node 4 converges slower than the other nodes;
this is because it has less neighbors. Additionally, to clearly see
the convergence, we show the result of the agreement among
nodes in Fig. 5(c) and (e).
For testing consensus filter 2, we let each sensor make its own
measurement as with F 1 = 50, and n1i is the Gaussian noise,
N (0, 1). The initial condition for running consensus filter 2 is
yi1 (l = 0) = m1i .
The results of the convergence of consensus filter 2 are
presented in Fig. 6. Fig. 6(b) shows the convergence of (yi1 (l) −
1
1/10 10
I=1 yi (0)), and we can see that they converge to zero

after 40 iterations. Fig. 6(c) shows the agreement among ten
nodes, and all nodes in the network can agree on the same
1
average value (1/10 10
i=1 yi (0)). We also see that node 1,
which has less neighbors than others, converges slower.
B. Experimental and Simulation Results of the
Flocking-Control Algorithm 4
In this section, we test our proposed flocking-control Algorithm 4. First, we test our algorithm with seven physical
robots. Then, to show the effectiveness and the scalability of
our algorithm, we test it with 50 robots in simulation.
In the experiment, we use seven Rovio robots [41] that have
omnidirectional motion capability. Basically, these robots can
freely move in six directions. The dynamic model of the Rovio
robot can be approximated by (30). However, the accuracy of
the localization of the Rovio robot is low, and the robot does
not have any sensing device to sense the pose (position and
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Snapshots of seven Rovio robots flocking together when applying our proposed flocking-control Algorithm 4.

Fig. 9. (a) Original map of the scalar field F . (b) Built map of the scalar field
F using Algorithm 1.

robots (purple triangles) to flock together. More simulation and
experiment results, and parameters used to run the algorithm
are referred to [43].
Fig. 8. Snapshots of 50 robots flocking together (simulation) with two of them
knowing the information of the target.

velocity) of its neighbors. Hence, we use a VICON motion
capture system [42] to track objects. Initially, the seven Rovio
robots are randomly deployed. Then, two robots, which are
closest to the target, are selected to be the informed agents
[two robots have cameras facing up as shown in snapshot in
Fig. 7(d)]. Based on the flocking-control Algorithm 4, all robots
can flock together and track the target.
In simulation, we test our proposed Algorithm 4 with 50
robots. First, these robots form a network and go to the rendezvous point (red square), as shown in Fig. 8. After that, we let
two robots (blue squares), which are closest to the target, know
the position and velocity of the target. By observing Fig. 8,
we can see that the two informed robots can drag all 48 other

C. Simulation of Scalar Field Mapping
In this section, we use the proposed distributed sensor fusion
Algorithm 1 and the proposed flocking-control algorithm with
a minority of informed agents, i.e., Algorithm 4, to build the
map of a scalar field. In the flocking-control algorithm, only a
few sensor nodes closest to the virtual leader know its position
and velocity. Based on our algorithm, all mobile sensor nodes
can flock together and form a network of lattice formation. Our
flocking-control algorithm allows the MSN to maintain the connectivity and reduce the tracking overshoot (see Figs. 3 and 4).
To model the environment, four multiple variate Gaussian
distributions (K = 4) with Θ = [20 50 35 40] are used, and
each one is represented as
φ1 = 

1
det(C1

)(2π)2

e

−1
−1
T
2 (x−2)C1 (y−2)
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Fig. 10. Snapshots of multiple mobile sensors flocking together and building the map of the scalar field. In these snapshots, (blue squares) only two mobile
sensors have information of the virtual leader. (White line) Trajectory of the center of position of two informed mobile sensors.

Fig. 11. (a) Error between the built and true maps for all cells in one dimension. (b) Error between the built and true maps for all cells in three dimensions.
(c) 3-D confidence map.

2.25
where C1 = [
0.2999
0
c1 = 0.1333
φ2 = 
where C2 = [

0.2999
], with the correlation factor
2.25
1

det(C2

1.25
0.1666

)(2π)2

e

−1
−1
T
2 (x−1)C2 (y−.5)

0.1666
], with the correlation factor
1.25

c02 = c01
φ3 = 

1
det(C3

)(2π)2

e

−1
−1
T
2 (x−4.3)C3 (y−3.5)

where C3 = C2 , with the correlation factor c03 = c02 , and
φ4 = 

1
det(C4 )(2π)2

e

−1
−1
T
2 (x−3)C4 (y+3)

where C4 = C3 , with the correlation factor c04 = c03 .
Field F is partitioned into a grid of cells. The result of the
built map of the scalar field is shown in Fig. 9. The snapshots
of multiple sensor nodes forming a flock and building the map
of the unknown scalar field are shown in Fig. 10. In this figure,

we can see that only two mobile sensors (blue squares) have
information of the virtual leader (qt , pt ), but they can drag the
whole network to track the virtual leader while maintaining the
network connectivity. The errors between the built and original
maps in one and three dimensions are shown in Fig. 11(a),
(b), respectively. The final confidence of the estimate at each
cell of field F is shown in Fig. 11(c). The confidence map
represents the accuracy of the estimate of the field. The higher
confidence, the better accuracy of the estimate. The cells near
the border of the field have less measurements compared with
the ones inside the field. Therefore, these border cells have
lower accuracy [see Fig. 11(c)].
To see the effectiveness of the proposed method, three algorithms, i.e., Algorithm 1 with the weighted average update
protocol, Algorithm 1 with the normal average update protocol,
and the centralized fusion algorithm, are compared in terms
of map error. We see that the map error in Algorithm 1 with
the weighted average update protocol is similar to the one
using the centralized fusion algorithm but slightly smaller than
the one using Algorithm 1 with the normal average update
protocol.
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VI. C ONCLUSION AND F UTURE W ORK
This paper has presented a cooperative sensing algorithm
for MSNs that form a flock to build the map of an unknown
scalar field. The developed flocking-control algorithm can drive
mobile sensors to cover the whole field and take measurements.
The proposed distributed sensor fusion algorithm consists of
two different distributed consensus filters, which can find an
agreement on the estimates and an agreement on the confidences among sensor nodes. Each sensor node cooperates with
neighboring sensors to estimate the value of the field. The final
estimates of the values of the scalar field are updated online
based on the weighted average protocol. Simulation results
validate for both distributed consensus filters and the distributed
sensor fusion algorithm. In the future, we plan to implement this
algorithm on real sensor nodes, and we will investigate how the
formation of the network and the motion planning affect to the
sensing quality.
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