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ABSTRACT

Mobile sensor networks (MSNs) have wide applications such as military target detection and tracking, detection of
toxic chemicals in contaminated environments, and search and rescues after disasters. etc. In many applications,
a core problem is to conduct cooperative scalar field mapping (or searching) over a large area of interest.

Centralized solutions to the scalar field mapping may not fit for large mobile sensor network due to the
single-point-of-failure problem and the limited scalability. In this paper, autonomous mobile sensor networks are
deployed to map a scalar field in a cooperative and distributed fashion. We develop a cooperative sensor fusion
algorithm based on distributed consensus filters. In this algorithm each agent receives measurements from its
neighboring agents within its communication range, and iteratively updates the estimate of the unknown scalar
field and an associated confidence map. A motion planning algorithm is used to obtain a path for complete
coverage of the field of interest. A distributed flocking control algorithm is adopted to drive the center of the
mobile sensor network to track the desired paths. Computer simulations are conducted to validate the proposed
algorithms. We evaluate the mapping performance by comparing it with a centralized mapping algorithm. Such
a cooperative sensing approach can be used in many military surveillance applications where targets may be
small and elusive.

Keywords: Cooperative sensing, Sensor fusion, Flocking control, Mobile sensor networks.

1. INTRODUCTION

Mobile sensor networks (MSNs) have broad applications including military target detection and tracking; co-
operative detection of toxic chemicals in contaminated environments; search and rescue operation in disasters;
forest fire monitoring, etc. In many applications, a core problem is to conduct cooperative scalar field mapping
(or searching) over a large area of interest. Centralized solutions to the scalar field mapping may not fit for large
mobile sensor network due to the single-point-of-failure problem and the limited scalability. In recent years,
missions that require the mapping of a scalar field become prominent. Measuring and exploring an unknown
field of interest have attracted much attention of environmental scientists and control engineers.1–6 They have
numerous applications including military target detection, surveillance, environmental monitoring,7 and oil spill
and toxic-chemical plume tracing.8, 9 Because the 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 the scalar field, one of the important research problems in MSNs is to achieve
cooperative sensing among sensors in a distributed fashion. Development of a novel cooperative sensing algorithm
based on distributed estimation and control algorithms for MSNs is very challenging. The estimation and control
have to be performed in each sensor node using only local information, while as a whole they exhibit collective
intelligence and achieve a global goal. In a resource-constrained multi-agent system, the communication range
and sensing range of each agent are small compared to the size of a surveillance region. Hence, agents cannot
accomplish the mission without an effective flocking control and path planning strategy.
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In this paper,the problems of cooperative sensing and cooperative motion control are addressed. Our work
has three parts. 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 within its communication range. Each mobile sensor
node will then iteratively update the estimate of the scalar field. Second, we use a distributed flocking control
algorithm to drive the center of the mobile sensor formation to track the desired paths. Third, we build a path
planning strategy to obtain a complete coverage of the field.

The rest of this paper is organized as follows. The next section presents the models of the scalar field and
the measurement of each sensor node, as well as the problem formulation. Section 3 describes the distributed
consensus filters and the distributed sensor fusion algorithm for building a map of the unknown scalar field.
Section 4 presents the flocking control algorithm and the path planning strategy for complete coverage of the
scalar field. Section 5 shows the simulation results. Finally, section 6 concludes this paper.

2. SCALAR FIELD AND MEASUREMENT MODELING AND PROBLEM
STATEMENT

In this section we present the model of the scalar field, the model of the measurement of each sensor node and
the problem statement.

2.1 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 ]. We can rewrite Equation (1) as

F =
K∑

j=1

θjφj , (2)

here φj is a function representing a density distribution, and θj is the weight of the density distribution of
the function φj .

We can model the function φj as a multiple variate Gaussian distribution (other distribution functions such
as Poisson, Student, Cauchy distributions, ..., can also be used):

φj =
1√

det(Cj)(2π)2
e

1
2 (x−μj

x)C−1
j

(y−μj
y)T

, j ∈ [1, 2, ..., K].

here [μj
x μj

y] is the mean of the distribution of function φj , and Cj is covariance matrix (positive definite) and it
is represented by:

Cj =
[

(σj
x)2 co

jσ
j
xσj

y

c0
jσ

j
xσj

y (σj
y)2

]
,

where c0
j is a correlation factor.

2.2 Measurement Model
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 based on the following equation

mk
i (t) = Ok

i (t)[F k(t) + nk
i (t)], (3)

here nk
i (t) is the Gaussian noise with zero mean and variance V k

i (t) at time step t. We assume that nk
i is

uncorrelated noise which satisfies

Cov(nk
i (s), nk

i (t)) =
{

V k
i , if s = t

0, otherwise,

Proc. of SPIE Vol. 8137  81370Y-2

Downloaded from SPIE Digital Library on 02 Oct 2011 to 198.151.130.25. Terms of Use:  http://spiedl.org/terms



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

Ok
i (t) =

{
1, if ‖qi(t) − qk

c ‖ ≤ rs
i

0, otherwise,
(4)

here qi ∈ R2 is the position of sensor node i; qk
c ∈ R2 is the location of cell k at its center. This definition tells us

that if cell k is inside the sensing range, rs
i , of sensor node i then cell k can be measured or observed. Otherwise

the observability is zero. Note that rs
i can be the same for all sensors (rs

1 = rs
2 = ... = rs

n = rs) or different.

Each mobile sensor node makes an measurement at cell k corresponding to its position. We assume that
the variance V k

i (t) is related to the distance between the sensor node i and the location of the measurement
according to:

V k
i (t) =

{
‖qi(t)−qk

c ‖2+cv

(rs
i
)2 , if ‖qi(t) − qk

c ‖ ≤ rs
i

0, otherwise,
(5)

here cv is the small positive constant between 0 and 1. The reason of introducing cv is to avoid the variance
V k

i (t) being zero when the distance ‖qi(t) − qk
c ‖ equals to zero.

2.3 Problem Formulation

Given the measurements of sensor node i and its neighbors at each cell of the scalar field F as modeled in
Equation (3) (see Figure 1), our goal is to build the map for the scalar field F modeled by Equation (1).
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Figure 1. Illustration of the measurement model using multiple mobile sensor nodes.

3. DISTRIBUTED SENSOR FUSION ALGORITHM

3.1 Overall Approach

In this section we present a distributed sensor fusion algorithm to allow each sensor node to find out an estimate
of the value at each cell of the scalar field based on its own measurement and its neighbor’s measurements. 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
during its movement. To achieve it, we develop two consensus filters. The consensus filter 1 is to find out an
estimate of the value of the field F at each cell at time step t. Since each mobile sensor node makes its own
measurement at each cell at time step t with its own weight (confidence), the consensus filter 2 is used to find
out 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 estimate phase. Then, during the movement of each sensor node, it will have multiple
spatial estimates of each cell associated with their own confidences. Hence, these spatial estimates are fused
iteratively through the weighted average protocol, and this process can be called the temporal estimate phase.
To summarize:

(1) Spatial estimate phase:
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• Building a weighted average consensus filter (consensus filter 1) to find out an agreement of the estimates
among the sensor nodes at each time step t,

• Building an average consensus filter (consensus filter 2) to find out an agreement of the weights (confidences)
of the measurements among the sensor nodes at each time step t,

(2) Temporal estimate phase:

• Building a weighted average protocol to iteratively update the spatial estimates for sensor node i during
its movement,

3.2 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, and each edge denotes the communication link between
sensor nodes.

We know that during the movement of the sensor node, the relative distance between them may change,
hence the neighbors of each sensor node also change. Therefore, we define a neighborhood set of sensor node i
at time step t as follows:

Ni(t) = {j ∈ ϑ : ‖qj − qi‖ ≤ r, ϑ = {1, 2, ..., n} , j �= i} , (6)

here r is the communication (active) range, and it can be the same as or less than rs.

3.2.1 Consensus Filter 1

Distributed consensus10–15 is an important computational tool to achieve cooperative sensing. We consider
distributed linear iterations of the following form

xk
i (l + 1) = wk

ii(l)x
k
i (l) +

∑

j∈Ni(t)

wk
ij(l)x

k
j (l), (7)

here l is iteration index. The initial condition for the state is given as xk
i (l = 0) = mk

i (t). The weight, wk
ii(l),

is the self weight or vertex weight of each sensor to cell k, and wk
ij(l) is the edge weight between sensor i and

sensor j. These weights will be discussed more later.

Our problem here is to estimate the value of the field F at each cell k at each time step t. Since each
sensor node makes 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 all 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:

Ek(t) =
∑n

i=1 wii(t)mi(t)∑n
i=1 wii(t)

. (8)

If Equation (7) converges we have Ek
1 = Ek

2 = ... = Ek
n = Ek. Therefore, our goal is to let

liml→∞(xk
i (l) − Ek(t)) → 0 (9)

We can write Equation (9) in the matrix form

liml→∞xk(l) = Ek(t)1 (10)

here xk(l) = [xk
1(l), xk

2(l), ..., xk
n(l)]Tn×1, and 1 = [1, 1, ..., 1]Tn×1.

We can also write Equation (7) in the matrix form

xk(l + 1) = wk(l)xk(l) (11)
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with initial condition xk(0) = mk(t), and mk(t) = [mk
1(t), mk

2(t), ..., mk
n(t)]Tn×1.

To make Equation (7) converge to Ek(t) we need

liml→∞wk(l + 1) =
1
n
11T (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 equals to 1, or

wk
ii(l) +

∑

j∈Ni(t)

wk
ij(l) = 1. (13)

To satisfy this, we have the following designs of weight.

Weight Design 1:

From Equation (13) the vertex weight at node i is obtained as

wk
ii(l) = 1 −

∑

j∈Ni(t)

wk
ij(l). (14)

here, wk
ij(l) is defined as

wk
ij(l) =

cw
1

V k
i (t) + V k

j (t)
, i �= j, j ∈ Ni(t), (15)

here, cw
1 is a constant. If both sensor nodes i and j do not observe cell k (Ok

i (t) = Ok
j (t) = 0) then to avoid

dividing by zero the edge weight wk
ij(l) is set to zero.

Therefore we have the following form of weight design

wk
ij(l) =

⎧
⎪⎨

⎪⎩

cw
1

V k
i

(t)+V k
j

(t)
, if i �= j, j ∈ Ni(t),

1 − ∑
j∈Ni(t)

wk
ij(l), if i = j,

0, otherwise.

(16)

Now we need to find cw
1 to satisfy Equation (13). We know that min(V k

i (t)) = min(‖qi(t)−qk
c ‖2+cv

(rs
i
)2 ) = cv

(rs
i
)2 if

‖qi(t) − qk
c ‖ = 0. Hence we have

min(V k
i (t)) + min(V k

j (t)) =

{
2cv

(rs)2 , if rs
i = rs

j = rs,
cv

(rs
i )2 + cv

(rs
j )2 , otherwise.

(17)

To satisfy Equation (13) we need

0 <
∑

j∈Ni(t)

wk
ij(t) < 1 ⇒ 0 <

∑

j∈Ni(t)

cw
1

V k
i (t) + V k

j (t)
< 1 ⇒ 0 < cw

1 <
V k

i (t) + V k
j (t)

|Ni(t)| , (18)

here |Ni(t)| is the number of neighbors of sensor node i at time t, and from (17) and (18) we can select cw
1 as

{
0 < cw

1 < 2cv

(rs
i
)2|Ni(t)| , if rs

i = rs
j = rs,

0 < cw
1 < 1

|Ni(t)| (
cv

(rs
i
)2 + cv

(rs
j
)2 ), otherwise.

(19)

Weight Design 2:

From Equation (13) by assigning the same value to all edge weights we obtain:

wk
ij(l) =

1 − wk
ii(l)

|Ni(t)| . (20)
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here, wk
ii(l) is defined as

wk
ii(l) =

cw
2

V k
i (t)

, (21)

where cw
2 is a constant. If sensor node i does not observe cell k (Ok

i (t) = 0) then the vertex weight wk
ii(l) is set

to zero.

Therefore we have the following weight design

wk
ij(l) =

⎧
⎪⎨

⎪⎩

cw
2

V k
i (t)

, if i = j,

1−wk
ii(l)

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

(22)

Now we discuss how to select the constant cw
2 . In order to satisfy Equation (13) we need the following

condition:
0 <

cw
2

V k
i (t)

< 1. (23)

Since min(V k
i (t)) = cv

(rs
i
)2 when ‖qi(t) − qk

c ‖ = 0, we have:

0 <
cw
2

cv

(rs
i
)2

< 1 ⇒ 0 < cw
2 <

cv

(rs
i )2

. (24)

Finally, the consensus filter 1 (CF1) is summarized as

CF1 : xk
i (l + 1) = wk

ii(l)x
k
i (l) +

∑

j∈Ni(t)

wk
ij(l)x

k
j (l)

wk
ij(l) =

⎧
⎪⎨

⎪⎩

cw
1

V k
i

(t)+V k
j

(t)
, if i �= j, j ∈ Ni(t),

1 − ∑
j∈Ni(t)

wk
ij(l), if i = j,

0, otherwise.
or,

wk
ij(l) =

⎧
⎪⎨

⎪⎩

cw
2

V k
i (t)

, if i = j,

1−wk
ii(l)

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

(25)

3.2.2 Consensus Filter 2

Since each sensor node has its own confidence of the measurement of the value of the scalar field at each cell at
each time step t we need to find an agreement among the confidences of sensor nodes. The consensus algorithm
2 is introduced to find the overall confidence from each time step t. This overall confidence is the estimated
weight, W k

i (t), of the weighted average protocol as shown in Equation (30).

Let yk
i (l = 0) be the confidence of the measurement of the value of the scalar field at cell k at each time step

t for sensor node i, or yk
i (l = 0) = wk

ii(t). Let yk
j (l = 0) be the confidence of the measurement of the value of the

scalar field at cell k at each time step t for sensor node j with j ∈ Ni(t), or yk
j (l = 0) = wk

jj(t). Then, we have
the following consensus filter

yk
i (l + 1) = wk

ii(l)y
k
i (l) +

∑

j∈Ni(t)

wk
ij(l)y

k
j (l), (26)

In this consensus filter, we use the Metropolis weight11 as

wk
ij(l) =

⎧
⎨

⎩

1
1+max(|Ni(t)|,|Nj(t)|) , if i �= j, j ∈ Ni(t),
1 − ∑

j∈Ni(t)
wk

ij(l), if i = j,

0, otherwise.

(27)
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Weighted Average Update Protocol 

Estimated Value at each time step  

Measurements from robot i and its 
neighbors 

Confidences (Weights) of measurements 
from robot i and its neighbors 

Consensus Filter 1 Consensus Filter 2 

Estimated Weight at each time step  

Final Estimate 

Spatial Estimate Phase 

Temporal Estimate Phase 

Figure 2. Frame work of distributed sensor fusion algorithm based two different consensus filters.

3.3 Distributed Fusion Algorithm

From the consensus filters 1 and 2 we would like to design a distributed sensor fusion algorithm to allow each
sensor node to on-line estimate the value of the scalar field at each cell based on its own measurement and its
neighbor’s measurements. The overall design of such a distributed sensor fusion algorithm is shown in Figure 2.
In this algorithm, we have two phases running at the same time. In the spatial estimate phase, the measurements
of each sensor node and its neighbors at cell k at time step t are inputs of the consensus filter 1. Then, the
output of this consensus 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 inputs of the consensus filter 2. Then, the output of this consensus is the estimate of the
confidence of the measurement of the scalar field at cell k at time step t. During the movement of sensor nodes
, each sensor obtain several spatial estimates of the value at cell k associated with its own confidence, hence the
final estimate is iteratively updated based on these spatial estimates via the weighted average protocol. The
detail to implement this algorithm is shown in Algorithm 1.

4. FLOCKING CONTROL ALGORITHM AND PATH PLANNING STRATEGY

In this section we present the distributed flocking control algorithm that allows the mobile sensor nodes to move
together without collision and track the leader (target). Then, we present the path planning strategy to ensure
that the MSN can cover the entire scalar field.

4.1 Flocking Control Algorithm

We consider n mobile sensor nodes moving in an m (e.g., m = 2, 3) dimensional Euclidean space. The dynamic
equations of each sensor node are described as:

{
q̇i = pi

ṗi = ui, i = 1, 2, ..., n.
(31)

here pi ∈ Rm is the velocity of sensor node i, and ui is the control input of sensor node i.

The geometry of flocks is modeled by an α-lattice16 that meets the following condition:

‖qj − qi‖ = d, j ∈ Ni(t), (32)
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Algorithm 1: Distributed Sensor Fusion Algorithm

Input: the weight wk
ii(t), and the measurement of sensor node i and its neighbors to cell k, mk

i (t) and
mk

j (t).

Output: the final estimate of the cell k, E
k

i (1 : tl)
for each time step t do

for each sensor node i do
Step1: Make a measurement (observation) mk

i (T ) to cell k if ‖qi(t) − qk
c ‖ ≤ rs

i

Sensor node i obtains the measurements of cell k from its neighbors and itself
for each iteration l do

Sensor node i runs the consensus (7) with wk
ij(t) is defined in (16) or (22)

xk
i (l = 0) = mk

i (t)
xk

i (l + 1) = wk
ii(l)x

k
i (l) +

∑
j∈Ni(t)

wk
ij(l)x

k
j (l)

Sensor node i runs the consensus (26) with wk
ij(l) is defined in (27)

yk
i (l = 0) = wk

ii(t)
yk

i (l + 1) = wk
ii(l)y

k
i (l) +

∑
j∈Ni(t)

wk
ij(l)y

k
j (l)

end
Step2: Obtain the estimate of cell k after running the consensus
Let lc be a time step that both consensus filters converge, then we have:
Ek

i (t) = xk
i (lc); W k

i (t) = yk
i (lc)

Step3: Update process to find the final estimate of the value of the scalar field at cell k
- Update weight (confidence):

W
k

i (t) = W k
i (t − 1) + W k

i (t − 2) + ... + W k
i (0) (28)

- Update the final estimate based on the weighted average protocol:

E
k

i (t = 0) = Ek
i (t = 0) = xk

i (lc) (29)

E
k

i (t) =
W

k

i (t − 1)E
k

i (t − 1) + W k
i (t)Ek

i (t)

W
k

i (t − 1) + W k
i (t)

(30)

end
end
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here d is a positive constant indicating the distance between sensor node i and its neighbor j. However, at singular
configuration (qi = qj) the collective potential used to construct the geometry of flocks is not differentiable.
Therefore, the set of algebraic constraints in (32) is rewritten in term of σ - norm16 as follows:

‖qj − qi‖σ = dα, j ∈ Ni(t), (33)

here the constraint dα = ‖d‖σ with d = r/kc, where kc is the scaling factor. The σ - norm, ‖.‖σ, of a vector is
a map Rm =⇒ R+ defined as ‖z‖σ = 1

ε [
√

1 + ε‖z‖2 − 1] with ε > 0. Unlike the Euclidean norm ‖z‖, which is
not differentiable at z = 0, the σ - norm ‖z‖σ, is differentiable every where. This property allows to construct a
smooth collective potential function for sensor nodes.

To achieve three basic flocking rules (flock centering, collision avoidance, and velocity matching). The function
fα

i 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 robots. This function is designed as16

fα
i = cα

1

∑

j∈Ni

φα(‖qj − qi‖σ)nij + cα
2

∑

j∈Ni

aij(q)(pj − pi), (34)

where cα
1 and cα

2 are positive constants, and each term in (34) is computed as follows:16

1. The action function φα(z) that vanishes for all z ≥ rα with rα = ‖r‖σ is defined as follows:

φα(z) = ρh(z/rα)φ(z − dα) (35)

with the sigmoidal function φ(z) defined as φ(z) = 0.5[(a + b)σ1(z + c) + (a − b)], here σ1(z) = z/
√

1 + z2 (z is
an arbitrary variable), and parameters 0 < a ≤ b, c = |a − b|/√4ab to guarantee φ(0) = 0. The bump function
ρh(z) with h ∈ (0, 1) is

ρh(z) =

⎧
⎨

⎩

1, z ∈ [0, h)
0.5[1 + cos(π( z−h

1−h ))], z ∈ [h, 1)
0, otherwise.

(36)

2. The vector along the line connecting qi to qj is

nij = (qj − qi)/
√

1 + ε‖qj − qi‖2. (37)

3. The elements aij(q) of the adjacency matrix [aij(q)] are defined as

aij(q) =
{

ρh(‖qj − qi‖σ/rα), if j �= i
0, if j = i.

(38)

To allow all sensor nodes to move together and track a leader (static/moving target), the negative feedback
function f t

i is introduced as

f t
i = −ct

1(qi − qt) − ct
2(pi − pt)

−cmc
1 (q(Ni∪{i}) − qt) − cmc

2 (p(Ni∪{i}) − pt), (39)

here ct
1, c

t
2, c

mc
1 and cmc

2 are positive constants.

The pair (q(Ni∪{i}), p(Ni∪{i})) is defined as

{
q(Ni∪{i}) = 1

|Ni∪{i}|
∑|Ni∪{i}|

i=1 qi

p(Ni∪{i}) = 1
|Ni∪{i}|

∑|Ni∪{i}|
i=1 pi

here |Ni ∪{i}| is the number

of agents in agent i’s local neighborhood including agent i itself.

The final distributed flocking control algorithm is presented as follows:

ui = fα
i + f t

i

= cα
1

∑

j∈Ni

φα(‖qj − qi‖σ)nij + cα
2

∑

j∈Ni

aij(q)(pj − pi)

−ct
1(qi − qt) − ct

2(pi − pt)
−cmc

1 (q(Ni∪{i}) − qt) − cmc
2 (p(Ni∪{i}) − pt). (40)
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4.2 Path Planning Strategy

Based on the flocking control algorithm (40), all mobile sensor nodes can form a quasi lattice formation, and the
center of mass (CoM) of the network as defined in Equation (41) can track the leader (qt, pt) successfully.

{
q = 1

n

∑n
i=1 qi

p = 1
n

∑n
i=1 pi

(41)

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 multi-robot path planning problem becomes a single robot path planning
problem. There are some typical types of motion planning for a mobile robot to have complete coverage of
the field of interest such as boustrophedron motion or wall-following motion.17 In this paper we plan the leader
motion using a typical boustrophedron motion.17 The result of the path planning is shown in Figure 3. and it
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Figure 3. Seven mobile sensor nodes flock together and cover the scalar field (the filled square: 12 × 12). The motion
path (red color) is generated by the leader, and the CoM (black/darker color) of the network tracks the leader with small
overshoots at sharp change points of the path.

can generate a path for the network to go so that the field is fully covered.

5. SIMULATION RESULTS

In this section we test our consensus filter 1, then use our distributed sensor fusion algorithm to build the map
of the scalar field.

5.1 Simulation for Consensus Filter 1

In this subsection we test our consensus filter 1 for the case of a single cell k = 1. We randomly generate a
connected network of 10 nodes as shown in Figure 4a. The location of the cell measurement is located at the
center of the network (the read square in Figure 4a). 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 to this location.

Each node makes a measurement as

m1
i = F 1 + n1

i .

here F 1 = 50, and n1
i is the Gaussian noise, N(0, V 1

i ), with V 1
i = ‖qi−q‖2+cv

(rs
i
)2 , cv = 0.01, rs

1 = rs
2 = ... = rs

10 = 1.6,

and q = 1
10

∑10
i=1 qi.
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The results of the convergence of the consensus filter (7) with two different weights, (16) and (22), are
presented in Figures 4. We can see that the consensus filter with Weight Design 2 in Equation (22) converges
faster than the one using Weight Design 1 in Equation (16). We also see that node 4 which has less neighbors
than others converges slower.
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Figure 4. (a). 10 nodes estimate the value at cell k (pink square). (b, c) Result of convergence of 10 nodes, and agreement
of 10 nodes when applying Weight Design 1 in (16). (d, e) Result of convergence of 10 nodes, and agreement of 10 nodes
when applying Weight Design 2 in (22).

5.2 Simulation for Scalar Field Mapping

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

                                              a)                                                                                                                   b)                                                    

Figure 5. (a) the original map of the scalar field F , (b) the built map of the scalar field F using Algorithm 1.

We model the environment (scalar field F ) as multiple variate Gaussian distributions. We set Θ = [30 10 8 20],
and use four multiple variate Gaussian distributions (K = 4), and each one is represented as:

φ1 =
1√

det(C1)(2π)2
e

1
2 (x−3)C−1

1 (y−2)T

,

here C1 =
[

2.25 0.2999
0.2999 2.25

]
, with c0

1 = 0.1333.

φ2 =
1√

det(C2)(2π)2
e

1
2 (x−1)C−1

2 (y−4.5)T

,

here C2 =
[

1.25 0.1666
0.1666 1.25

]
, with c0

2 = c0
1.

φ3 =
1√

det(C3)(2π)2
e

1
2 (x+2)C−1

3 (y−3)T

,
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here C3 = C2, and c0
3 = c0

2.

φ4 =
1√

det(C4)(2π)2
e

1
2 (x−4)C−1

4 (y+4)T

,

here C4 = C3, and c0
4 = c0

3.

The field F has a size x×y = 12×12, and it is partitioned into 25×25 = 625 cells. The result of the built map
of the scalar field is shown in Figure 5. The snapshots of multiple sensor nodes forming a flock and building the
map of the unknown scalar field are shown in Figure 6. The errors between the built and original maps in one and
three dimensions are shown in Figure 7, 8, respectively. Three algorithms, Algorithm 1 with the weighted average
update protocol, Algorithm 1 with the normal average update protocol, and the centralized fusion algorithm,
are compared. 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. The confidence map which is built based on the summation of the weights at
each cell of the field F is shown in Figure 9.
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Figure 6. The snapshots of building the map of the scalar field F using Algorithm 1.
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                       a)                                                                            b)                                                                                c) 

Figure 7. The error between the built and original maps for all cells in one dimension. (a) for Algorithm 1 with the
normal average update protocol; (b) for centralized fusion algorithm; (c) for Algorithm 1 with the weighted average
update protocol.
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                    a)                                                                                  b)                                                                                c) 

Figure 8. The error between the built and original maps for all cells in three dimensions. (a) for Algorithm 1 with the
normal average update protocol; (b) for centralized fusion algorithm; (c) for Algorithm 1 with the weighted average update
protocol.
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Figure 9. The summation of weights or the confidence of the estimate at each cell of the scalar field F

6. CONCLUSION AND FUTURE WORK

This paper presented a cooperative sensing algorithm for mobile sensor networks that form a flock to build
the map of an unknown scalar field. 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 at
each cell. The final estimates of the values of the scalar field are updated on-line based on the weighted average
protocol. Experimental results are collected to demonstrate the proposed algorithm. To show the effectiveness
of our proposed distributed sensor fusion algorithm we compare it with a centralized fusion algorithm in term
of mapping error. Such a cooperative sensing approach can be used in many military surveillance applications
where targets may be small and elusive.

In the future we plan to implement this algorithm on real sensor nodes, and we would like to investigate how
the formation of the network and the motion planning affect to the sensing quality.
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