






distributed LS-SVR, only neighbour’s position, corresponding
kernel value (a scaler value, not a matrix) and learning
parameter α is needed in each communication session. In
addition, the communication session only occurred once
before LS-SVR and CVT algorithm loop. As a conclusion,
the distributed LS-SVR algorithm is given in Algorithm 1.

Algorithm 1 Distributed LS − SV R Algorithm
Initialise αi = 0, index = 0
Loops until the terminal condition is met:

Each sensor node obtains the distance ||qi − qj ||
from its neighbour set Ni

Each sensor node calculates its own kernel functions
K(qi, qj) from its neighbour set Ni

Construct matrix A
for i = 1 to N + 1

Σ = 0
for j = 1 to N + 1

if i ̸= j
Σ = Σ+Aijx

(l−1)
j

end if
end j-loop
x
(l)
i = (1− γ)x

(l−1)
i + γ

Aii
( yi − Σ)

end i-loop
Update {αi}Ni=1 from x

(l)
i

index← index+ 1
end

III. DISTRIBUTED COVERAGE CONTROL

A CVT algorithm is used for coverage control in this
paper. In a CVT algorithm, ith sensor’s position (generating
points) in Q is denoted by qi and any arbitrary point from
Q is denoted by q. ith sensor’s Voronoi cell Vi is defined as
equation (10).

Vi = {q ∈ Q | ∥q − qi∥ ≤ ∥q − qj∥ ,∀i ̸= j} (10)

CVT is a weighted Voronoi tessellation where each gen-
erating point moves towards the mass centre of its own Vi.
In this paper, the density distribution of CVT is related with
the estimated field function. According to equation (10), the
ith sensor needs the location information from all the other
sensors of the network to build its own Vi, which is not
applicable in a distributed system. To develop a distributed
CV T , a range-limited Voronoi cell Wi is introduced:

Wi ={q ∈ Q | Ωi ∩ Vi} (11)

where Ωi = {q ∈ Q| ∥qi − q∥ ≤ B} is a circular region of
radius B around ith sensor. A cost function of the locational
optimisation problem in a range-limited Voronoi cell Wi is

given in equation (12), and a lower H value shows an optimal
locational placement. [12]

H(p1, . . . , pn) =
n∑

i=1

∫
Wi

1

2
∥q − pi∥2 f(q)dq (12)

To find the mass centre of a range-limited Voronoi cell,
the following definitions are used:

MWi =

∫
Wi

f(q)dq

LWi =

∫
Wi

qf(q)dq

CWi =
LWi

MWi

where MWi , LWi and CWi denote the mass, the first moment
and the centre of ith range-limited Voronoi cell, respectively.
To minimise H in equation (12), the gradient of the cost
function is applied for controlling the movement of each
mobile sensor node:

ui = −β
∂H

∂qi
= βMWi(CWi − qi) (13)

where ui is the ith sensor’s speed and β is a step length of
mobile node motion. The distributed CVT algorithm is given
in Algorithm 2.

Algorithm 2 Distributed CVT algorithm
Initialise MWi = 0, LWi = 0
Agent qi is randomly located at a certain region
Loops until the terminal condition is met:

Sample environmental variable zi
Execute the distributed SV R algorithm
Obtain the updated f(q) from SV R
MWi =

∫
Wi

f(q)dq

LWi =
∫
Wi

qf(q)dq
Calculate the new mass centre CWi = LWi/MWi

Move qi towards to CWi with a certain speed
end

As a fact that gradient based algorithms converge to local
minima, a simple explorer behaviour is also considered in this
paper. The explorer behaviour works in this way: if the sensor
reading is lower than a certain threshold, a random direction
is selected from 0 to 360 degree and the mobile sensor node
moves a certain distance in that direction. Normally this
threshold depends on the practical scenarios.



IV. SIMULATIONS

A polluted environment is simulated in this section. As the
property of Gaussian-like kernel based method, any smoothly
changed distribution with higher value in middle is easier to
handle. Instead of using a single Gaussian shape function,
here we use a combination of two Gaussian functions, a ring
shape.

The environment was constructed in a 1× 1 area. A ring
shape field function (14) was deployed.

f(q) = 0.8 exp

(
− (x− 0.5)2 + (y − 0.5)2

σ2
1

)
− 0.8 exp

(
− (x− 0.5)2 + (y − 0.5)2

σ2
2

)
(14)

where σ2
1 = 0.05 and σ2

2 = 0.025. To build the model
of this simulated environment, a mobile sensor network with
N = 30 nodes was used and the limitation of communication
range was set to 0.2. The time scale of this simulation was
defined by CVT algorithm loops and 10 loops of LS-SVR
algorithm was nested in each of CVT loop. The number of
loops in LS-SVR algorithm was based on a trial and error
approach; more loops can achieve a learning result with
lower error, but this may cause the over fitting problem and
consume more computing time.

Figure 2, 3 and 4 show a complete simulation procedure. In
each of these figures, (a) and (b) gives the true field function
and the estimated result, (c) shows the error changes during
the simulation and (d) is the top view of sensors distribution.

Fig. 2. Initial state of simulation.

30 sensors were randomly deployed at the corner of
environment as showed in figure 2(d). At the beginning,
the estimated result (b) is quite different from the true field

function (a). This is because the distribution of sensors was
not optimised according to the field function and there were
only a few sensors can obtain the valued readings.

Fig. 3. Simulation result at 20th loop.

Figure 3 gives a intermediate state of simulation. From this
figure, we notice that the sensors were getting spread into the
whole simulating environment in (d). A dot in (d) denotes
a sensor running exploring behaviour and a star denotes a
sensor running gradient descending behaviour. Along with
the movement of sensors, the estimated result in (b) was
getting closer to the true distribution gradually. The error
curve in (c) also shows the error between the estimated result
and the true distribution is descending.

Fig. 4. Simulation result at 60th loop.

Figure 4 shows the final result of this simulation. Com-



paring (a) and (b) at this moment, the estimated result is
quite similar with the true distribution. Figure 4(c) shows the
network achieved a relatively low error after about 30 loops
and was able to keep this result constantly. (d) is the final
distribution of the sensor network in this simulation.

In this simulation we only give a result with small number
of sensors, since this is more difficult than having more sen-
sors. With a suitable kernel support range and communication
range configuration, it can also apply on larger scale sensor
networks.

V. CONCLUSIONS

A combination of LS-SVR and CVT has been researched
and a distributed approach for estimating environmental field
functions has been proposed in this paper. This approach
combines the field function modelling (LS-SVR) and the lo-
cational optimising (CVT) together to implement the goal of
the field function modelling and the mobile sensor coverage
control. It takes the optimised output from each other and
runs alternately to achieve the ultimate optimal result. The
core of the distributed approach is the use of a suitable
kernel function with finite support. Our works in next stage
concentrate on improving performances of SVR with various
kernel functions. Also, the bio-inspired controlling methods
(for locational optimising) are considered.
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