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Abstract: When the traditional anchor aided location al-
gorithm is used to select the mobile beacon path in the
sensor network, there is no analysis of the energy imbal-
ance of nodes in non-dense conditions, the optimal net-
work node cannot be selected, and the selection error of
the optimal path of the beacon is larger. A path selection
algorithm for mobile beacons in a sensor network under
non-dense distribution is proposed. Using themobile bea-
con based wireless sensor network location algorithm, the
weighted centroid algorithm and the extended Kalman �l-
ter (EKF) are used to obtain the accurate location results
of the unknown nodes around the mobile beacon in the
sensor network under non-dense distribution condition.
The optimal node energy partition of the unknown node
is obtained by the chaotic di�erential evolution method,
and the optimal location of the optimal energy node in the
wireless sensor network is calculated using the dynamic
escape particle swarm optimization method, and the op-
timal beacon path is extracted. The experimental results
show that the proposed algorithm can enhance the clus-
teringperformance of the optimal node in thewireless sen-
sor network andhas a better performance of dynamic node
selection in wireless sensor network, and the convergence
speed is faster and the operation time is shorter.
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1 Introduction
With the increasing application of wireless sensor net-
works, their performance requirements have gradually im-
proved. In wireless sensor networks, the energy of nodes
is limited, and this is the key factor that interferes with
the e�ciency of communication. Under the condition of
non-dense node distribution, the rational use of node re-
sources to optimize the structure of sensor networks is the
key method to expand the application of wireless sensor
networks, and it has become a hot issue in this �eld. For
example, Huang et al. [1] proposed the use of a histori-
cal beacon and RSS to obtain three constraints and intro-
duce a range-free location algorithm with low communi-
cation cost. When receiving the signal strength, the algo-
rithm was disturbed by noise, resulting in inaccurate re-
ception results. Halder & Ghosal [2] proposed amobile an-
chor aided localization algorithm to reduce implementa-
tion costs by using a limited number of mobile anchors.
The algorithm did not fully analyze the problem of node
energy imbalance under non-dense condition, and can-
not select the best network nodes. Alomari et al. [3] intro-
duced a new static path planning model. This model en-
sured that all nodes in the sensor network could receive lo-
cation information. Compared with a similar static model,
the new static path planning model estimated its own lo-
cation, with high positioning accuracy, but had low com-
munication e�ciency and large defects. Sun et al. [4] pro-
posed a beacon deployment strategy to ensure location in
wireless sensor networks. However, due to the constraints
of the network, the strategy had some limitations. Singh &
Khilar [5] proposed an analytical geometric distance free
location scheme based on mobile beacon points in wire-
less sensor networks, but the analysis of the scheme was
complex and ine�cient.

In view of the above problems, this paper proposes an
algorithm formobile beaconpath selection inwireless sen-
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sor networks under non-dense distribution. Firstly, a lo-
calization method based on mobile beacon is designed to
accurately locate the mobile beacon path in wireless sen-
sor networks under non-dense distribution. Then the node
selection optimization algorithm based on chaotic di�er-
ential evolution and dynamic escape particle swarm opti-
mization is used to select the optimal path of mobile bea-
con in the sensor network under non-dense distribution.

2 Methods

2.1 Node localization algorithm in wireless
sensor network based on mobile beacon

2.1.1 The principle of positioning

Mobile model of beacon
In the process of robot localization, the robot can tra-

verse the whole area according to the arti�cial track. How-
ever, the key di�erence is that the mobile beacon in the
sensor network under non-dense distribution has little or
only small control [6]. At present, the mobile models for
non-dense distributed sensor networks include random
mobility model and S-type. The randommobile model has
a small requirement for the hardware con�guration of the
beacon, but it is di�cult to cover the whole non dense
sensing area, resulting in low location coverage [7]. Al-
though S-type and other regular models can traverse the
sensing area according to the pre-trajectory, they require
high hardware con�guration of beacons [8]. In this pa-
per, the Gauss Markov model is used for mobile beacons.
The model does not require signi�cant hardware con�gu-
ration of beacon and can cover the whole non-dense sens-
ing area. TheGaussianMarkovmodel is de�nedas follows:

vk = αvk−1 + (1 − α) vmean + γv
√

1 − α2 (1)

dk = αvk−1 + (1 − α) dmean + γd
√

1 − α2 (2)

Where, vkand dk represent the speed and direction of the
time k. vmean is the average speed, is the average direction
of motion, γv and γd represent Gauss random variables,
and α is the adjustment parameter of randomness, then
the location of the non-dense sensor network is as follows:

xk = xk−1 + vk−1 × cos (dk−1) (3)

yk = yk−1 + vk−1 × cos (dk−1) (4)

Where, xk and yk represent beacon movement to the hori-
zontal and vertical positions of kth intervals respectively.

Distance measuring method
This paper calculates the distance between unknown

node and mobile beacon by using the received signal
strength indication (RSSI) value andpropagationpath loss
empirical model [9]. In the actual application environ-
ment, the log-normal distribution model of random inter-
ference is usually introduced as the path loss model of
wireless sensor networks due to factors such asmultipath,
di�raction and obstacles.

PL (d) = PL (d0) + 10n lg
(
d
d0

)
+ Xσ (5)

Where, d0 = 1 m is the reference distance; PL (d0) is the
path loss after passing the distance of d0; d is the real
distance; PL (d) is the path loss after the beacon signal
reaches the unknown node; Xσ is the shielding factor of
the average value of zero with the unit dB; n is the path
loss index, and its value depends on the surrounding en-
vironment and the type of the building.

Weighted centroid algorithm model
The weighted centroid algorithm uses the former m

virtual beacons with the largest RSSI value received by
each unknown node as the location reference informa-
tion, in order to ensure thepositioningaccuracy [10]. There
is not a uni�ed standard for determining weighted cen-
troid values, but the choice of weights must ensure that
the beacon nodes which are closer to the unknown nodes
have the greaterweight value [11]. This paper proposes that
the weight value corresponds to the reciprocal of distance:
w1 : w2 : · · · : wm = 1/d1 : d2 : · · · : 1/dm. The weight se-
lection is simple and feasible, and it fully meets the basic
requirements of weight selection. Such an unknown node
can be expressed as:

Xest =
m∑
i=1

(Xi ×

wi/ m∑
j=1

wj

) (6)

Where, Xi are the received coordinate (xi , yi) of the ith vir-
tual beacon, Xest is the initial estimated coordinate of un-
known node, and wjis the unknown node.

Establishment of the extended Calman �ltering
model [12]

Simulation of state equation is:

Xk = A × Xk−1 + wk (7)

Xk = (xk , yk)T represents the coordinate vector of un-
known nodes after �ltering of the k − 1 beacon. wk is the
measurement process noise, andA is the secondorder unit
matrix.
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The simulation of observation equation is:
The distance between unknown nodes and beacons is

used as the observation quantity (Zk) of extended Kalman
�lter tracking distance. The observation equation is as fol-
lows:

Zk = f (Xk) + vk = H × Xk + vk (8)

The observation equation is linearized [13]:

Zk =
[
∂dn
∂x

∂dn
∂y

]
× Xk + vk (9)

Where, dk =
√

(xbk − xk)2 + (ybk − yk)2. dk is the dis-
tance between the unknown node and the k virtual bea-
con, (xbk , ybk) is the coordinate of the k beacon of the un-
known node, and vk is the observation noise, the Gauss
distribution randomnumberwith zeromean value, and its
standard deviation is σ1. Of which H is the Jacobi matrix
of f (Xk).

The EKF calculation process is as follows:
The current state is predicted using the previous state

of the system:

X (k |k − 1 ) = AX (k − 1 |k − 1 ) (10)

The covariance of the current state of the system is up-
dated:

P (k |k − 1 ) = AP (k − 1 |k − 1 )AT + WQWT (11)

The extended Calman gain is computed as:

Kg (k) = P (k |k − 1 )HT
(
HP (k |k − 1 )HT + VRVT

)−1

(12)
Combining the predicted and observed values, the op-

timal estimated value of the present state is estimated:

X (k |k ) = X (k |k − 1 ) + Kg (k) (Z (k) − HX (k |k − 1 )) (13)

The covariance of the present optimal estimated value
is updated:

P (k |k ) = (1 − Kg (k)H) P (k |k − 1 ) (14)

Making cyclic iteration, and then return step (1).
Where, Q is the covariance matrix of process noise:

Q = 0; R is the covariance matrix of observation noise:
R = σ2

1; σ1 is the standard deviation of Gaussian distribu-
tion random number vk. W is the Jacobian matrix of the
state equation and is the Jacobian matrix of the observa-
tion equation.

2.1.2 Design of the algorithm

In this paper, a mobile beacon is �rst used to allow the
Gauss Markov model to traverse the sensing area, and
to publish the location information periodically. The un-
knownnodeprocesses the location information [14]. Then,
the initial coordinates of the unknown nodes are calcu-
lated by the weighted centroid algorithm. Finally, the EKF
iteration cycle is used to converge the initial position coor-
dinates to the true coordinates of the unknown nodes [15].
The concrete steps of the algorithm are as follows:

The mobile beacon traverses the entire sensing area.
The Gauss Markov model is used by the Mobile bea-

con to periodically broadcast the location and RSSI pack-
ets during the mobile process.

The unknownnode processes the received virtual bea-
con [16].
a. the unknown node receives and records the virtual bea-
con information [(xbi , ybi); RSSI]; i = 1, 2, . . . ,m after re-
ceiving the information. m >= 3.
b. the recorded information is sorted [17]. According to the
rankingof RSSI values from large to small, if theRSSI value
is equal, the arrangement is not sequential.
c. the set of distance observations from unknown nodes to
beacon locations are recorded: D = {d1, d2, . . . , dm}, i =
1, 2, . . . ,m. di corresponds to the received sequenceRSSIi
and di from the big to the small, and when the distance
value is the same, the arrangement is not sequential.
(3) The weighted centroid method is used to calculate the
approximate location Xest = ∑m

i=1

(
Xi ×

(
wi/

∑m
j=1 wj

))
of unknown nodes.
(4) The approximate location of unknown nodes provided
by step (3) is used to determine the initialization state of
EKF. TheEKF loop iteration is used toprecisely locate every
unknown node.

2.2 Path selection algorithm for mobile
beacon in wireless sensor networks
under non-dense distribution

According to the precise location of each unknown node
obtained in the upper section, the optimal path of the mo-
bile beacon is obtained using the optimal path selection
algorithm of mobile beacon in the sensor network under
non- dense distribution [18], and the detailed process is:

Chaos di�erential evolution method is used to obtain
the optimal node energy partition of unknown nodes.

In order to describe the diversity of the direct groups
of di�erent sub-regions in the sensor networks under non-
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dense distribution, the variance of the �tness value of the
data group and the diversity factor mf are set, and then
there are:

mf = 1
NP

NP∑
i=1

(f (xi) − f̄ (x))2 (15)

Where, NP represents the size of the sensor networks
under non-dense distribution, f (xi) is the �tness value of
ith chromosome in similar genetic algorithm, and f̄ (x) is
the average �tness value.

In the iterative process, in order to avoid the algorithm
entering the local optimal value too early, it is necessary
to integrate the perturbation theory of chaotic time series
to improve the algorithm performance. According to the
chaos theory, the optimal search of unknown nodes is car-
ried out through the Logistic chaotic time series shown in
Eq. (16) [19].

xn+1 = µxn (1 − xn) (16)

Where, n = 1, 2, 3, . . . , x ∈ [0, 1]µ ∈ [0, 4]. x is to sim-
ulate sequence elements, n is an iterative time step, µ is
an adjustable parameter. Through numerical iteration, it
is found that

If 0 ≤ µ ≤ 1, the iteration system has only x = 0 stable
1- periodic point.

If 0 ≤ µ ≤ 3, the iterative system has an unstable 1-
periodic point x = 0, and a stable 1-periodic point x = 1 −
1/µ.

If 3 ≤ µ ≤ 3.449, there are two unstable 1-periodic
points and x = 1 − 1/u.

x = 1
2
(

1 + µ
√

(µ + 1)(µ − 3)
)

(17)

x = 1
2µ
(

1 + µ
√

(µ + 1)(µ − 3)
)

(18)

Eq. (17) and (18) are two stable 2-periodic points of the sys-
tem: when 3.449 ≤ µ ≤ 3.544, the periodic point becomes
unstable, and four stable 4-periodic points appear in this
case.

When parameter continues to increase, µ > 3.544, the
4-periodic point and eight stable 8-periodic solutions. If it
continues to iterate, it will �nd that the 8- periodic solu-
tions �uctuate, and there are 16 stable periodic solutions,
so go on, then.

Based on the characteristics of chaotic variables, the
optimal search of the unknown nodes in the sensor net-
work under non-dense distribution is carried out [20]. The
chaos disturbance is integrated into the unknown node
partition process, and the optimization of the unknown
node partition of the sensor network is completed under

the non- dense condition, and the best energy of the un-
known node is obtained [21].

The optimal location of nodes in the wireless sensor
network is found.

According to the above process, the optimal energy
node of unknown nodes in the sensor network is obtained
under non-dense distribution. By using the dynamic es-
cape particle swarm optimization method, the optimal
position of the optimal energy node in wireless sensor
networks is calculated, and the network node coverage
optimization is realized [22]. The dimension of wireless
sensor network space is set to k, the number of parti-
cles in the dynamic escape particle swarm is n, Yk =
(yj1, yj2, . . . , yjk) represents the space position of the jth
particle. The speed of particle motion is represented by
Wj = (wj1, wj2, . . . , wjk). The optimal space position in
the process of particle motion is represented by Qj =
(qj1, qj2, . . . , qjk), and the best space position of all par-
ticles in the global search process can be calculated by the
following formula.

wl+1
jk =x (l) × wljk

+ d1s1k
(
pbestljk − yljk

)
d2s2k

(
pbestljk − yljk

)
yl+1
jk =yljk + wljk (19)

Where, d1 is the weight coe�cient of the running speed
of the dynamic escape particle, and the d2 is the weight
coe�cient of the running speed of all the particles in the
wireless sensor network, s1k and s2k are the random num-
bers in the rangeof 0~1, and yljk is the thdimensional space
position parameter of the dynamic escape particle j during
the �rst iteration process, and wljk is the running speed of
its corresponding escaping particles. pbestljk is the spatial
escape position of particle j in the kth dimension, and x
is the inertia weight coe�cient. Through the operation, it
can be obtained

x (l) = 0.9wl+1
jk − 0.5 × l/max−step (20)

Where, l is the number of iterations for network node cov-
eragebydynamic escapeparticle swarmoptimization, and
max−step is the maximum number of iterations.

The following formula can be used to calculate the
spatial location parameter mbest of the coverage area in
wireless sensor network under non- dense distribution.

mbest = x (l)
N∑
j=1

qj/N

= x (l)

 N∑
j=1

qj1/N,
N∑
j=1

qj2/N, ...,
N∑
j=1

qjk/N


(21)
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Where, 1 is the spatial position parameter of dynamic es-
cape particle j in th dimension. N is the number of nodes.

The detailed process ofmobile beacon’s path selection
under non- dense distribution is as follows:

Initialization. Firstly, the initialization of node energy
control parameters, including the maximum number of it-
erations, dimensions, iterations and disturbance range, is
carried out. Then the node area is initialized, and a ran-
dom matrix is randomly generated as the initial popula-
tion, and then an initial membership matrix is generated
to select the initial optimal individual and the global opti-
mal individual.

An evolutionary computation is carried out according
to the di�erential evolution algorithm [23].

The threshold ζ is set, the diversity factor is calcu-
lated, andmf and ζ aremade comparison analysis. Ifmp >
ζ , then go to step (4), if mf > ζ , then go to step (5);
(4) The chaotic sequence is integrated into the partition to
produce a randommatrix z, which is c × D, and each com-
ponent is between (0, 1), and NP chaotic sequence vari-
ables are obtained according to the Logistic chaotic map-
ping.

xn+1 = 4xn(1 − xn), n = 1, 2, . . . , NP (22)

The chaotic components that integrate into the indi-
vidual perturbation variables are:

∆xi = a + (b − a) xn , n = 1, 2, ..., NP (23)

The perturbed variables that are loaded into the pop-
ulation are:

xn,G = xn,G + ∆xi (24)

The distance from each data to the clustering center is
calculated, to adjustU. The population is updated through
the new U, and the individual with the smallest �tness is
the optimal individual of the present generation.

The optimized coverage of thewireless sensor network
nodes is carried out by the dynamic escape particle swarm
optimization (DDE-PSO) algorithm to calculate the opti-
mal location of wireless sensor network node mbest.

If G = mbestGmax, the iteration is stopped and the
global optimal individual and the optimal �tness value are
the output. If it is not, then G = G + 1, and make iteration
with the step (2).

The above analysis process is based on the uniform
traversal characteristics of chaotic sequences and the ef-
�cient global search ability of di�erential evolution algo-
rithm. Chaotic perturbation is incorporated into the node
energy partition process to get the best energy node. Dy-
namic escape particle swarm optimization is used to cal-
culate the optimal position of the optimal energy node

in wireless sensor networks, which is the optimal beacon
path.

3 Results

3.1 Experimental setting

In order to improve the performance of the mobile beacon
path optimal selection algorithm in the sensor networkun-
der non-dense distribution, the related simulation exper-
iments are carried out. The simulation conditions are as
follows: setting up the target area of wireless sensor net-
work is the �at area 100 m × 100 m. The radio transmit-
ting parameters of the mobile beacon node refer to the
experimental data measured by MICA2mote, in Motorola
Florida R&D Center, the attenuation factor in formula (5)
is n = 2.38, and the standard deviation of the Gauss distri-
bution randomvariable is σdB = 7.98dB. The communica-
tion radius of each unknown node is r = 10 m (the greater
the communication radius is, the more location informa-
tion can be obtained, but at the same time, the higher the
cost of the nodes is, so the 10mcommunication radius that
the current sensor nodes can basically reach is chosen).
The noise γv and γd in Eq. (1) and Eq. (2) are all subject to
Gauss random distribution, with a mean value of 0 and a
variance of 1. The noise value of the model increases a cer-
tain degree of freedom,making it more close to the beacon
movement a�ected by various environmental parameters.
In order tomake the beacon tomove beyond the boundary
of the sensing area, the average speed vmean is not larger
and set as 2 m/s, the average motion direction dmean is set
to 90◦, that is, the direct direction. When the beacon ap-
proaches the boundary, dmean should change the beacon
into the sensing area with the change [24]. The random-
ness adjustment parameter α = 0.6 is set, α is a number
between 0 and 1, the larger the value of α is, the greater
the model’s dependence on the previous state is and the
enhancement of the memory is [25–31].

50 sensor nodes are randomly distributed in the plane
area, and the starting point of the beacon is (50, 50). Ac-
cording to the Gauss Markov model, the beacon moves
2500 s, so that thewhole sensing area is basically covered.

3.2 Analysis results

If the moving time of a certain beacon is 3000 s, the av-
erage speed is 2m/s, the interval of the broadcast informa-
tion is 1s, and the number of iterations is 50, the number of
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virtual beacons received is changed, the number of virtual
beacons varies from 3 to 27 (the number of virtual beacons
received by eachunknownnode is di�erent, the number of
virtual beacons selected is based on the RSSI value). The
location of ten unknown nodes is simulated and the av-
erage value is taken. The anchor assistant location algo-
rithm, the free location algorithm and the proposed algo-
rithm are compared, and the corresponding location error
change curves of mean square root are shown in Figure 1.

Figure 1: Curves of virtual beacon number and mean square root
error

If the number of virtual beacons received by an un-
known node is 21, themoving time of themobile beacon is
3000 s, the interval of the mobile beacon broadcast infor-
mation is 1s and the number of iterations is 50, the motion
speed of the beacon is changed, the ten unknown nodes
are located and simulated, and the average value is taken,
then the average root mean square error curve of the algo-
rithm proposed in this paper is as shown in Figure 2.

If the number of virtual beacons received by an un-
known node is 21, the moving time of the mobile beacon
is 3000 s, the interval of the mobile beacon broadcast in-
formation is 1s and thenumber of iterations is 50 times, the
motion speed of the beacon is changed, and the unknown
nodes are located and simulated, then the change of cov-
erage rate by using the algorithm proposed in this paper is
as shown in Figure 3.

If the number of virtual beacons received by unknown
nodes is 21, the moving speed of the mobile beacon is
2 m/s, the interval of the mobile beacon broadcast infor-
mation is 1s and the number of iterations is 50 times, the
moving time of the beacon in the sensing area is changed,

Figure 2: Graph of motion speed and mean square root error of
algorithm beacon in this paper

Figure 3: Graph of beacon velocity and location coverage of algo-
rithm in this paper

and the change curve of the localization rate by using the
proposed algorithm is shown in Figure 4.

If the number of virtual beacons received by unknown
nodes is 21, the running time of the mobile beacon is
3000 s, the speed is 2 m/s, the interval of broadcast in-
formation is 1 s, the number of EKF iterations is changed,
and the average value mean square error curve of the ten
unknown nodes is simulated and the average root mean
square error curve of the proposed algorithm is shown as
Figure 5.

After locating themobile beacon in the sensor network
under non-dense distribution, the anchor aided location
algorithm, the free location algorithmand the proposed al-
gorithm are used to optimize the path selection of the mo-
bile beacon in the wireless sensor network under the non-
dense distribution. The rectangular frame is used to de-
scribe the target area of the wireless sensor network node,
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Figure 4: Graph of beacon mobile time and location coverage in this
algorithm

Figure 5: Graph of EKF iterations and mean root mean square error
of the algorithm

the prototype is used to describe the sensor radius, and the
solid point is used to describe the spatial location of the
node. The optimization results are described in Figures 6
and 7, respectively.

100 separate dynamic nodes selection simulation ex-
periments for wireless sensor networks are conducted re-
spectively. The proposed algorithm, the anchor aided lo-
cation algorithm and the free location algorithm are sim-
ulated, and the average optimum �tness, the average op-
eration time and the average iteration number of the three
algorithms are obtained. Thedetailed results are described
in Table 1.

4 Discussion
As can be seen from Figure 1, as the number of beacon
nodes increases, the average mean square root position-
ing error of the three algorithms decreases, but the degree

Figure 6: Node selection result of wireless sensor network based on
anchor aided localization algorithm

Figure 7: Node selection result of wireless sensor network based on
free localization algorithm

of reduction decreases slowly. When the number of vir-
tual beacons received by an unknown node is 3, the mean
square root positioning errors of the three algorithms are
9.5 m, 8 m and 6.7 m respectively. When the number of vir-
tual beacons is 27, the corresponding average root mean
square error is 4.6 m, 4.1 m, and 1.7 m. The average root
mean square error of the proposed algorithm is stable
when the virtual beacon reaches over 21, indicating that
the proposed algorithm is obviously better optimized than
two other algorithms.
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Table 1: Average performance comparison of 100 times independent optimization

Average optimum �tness /% Mean operation time /s Average iteration time
Anchorage aided location
algorithm 7. 63 54. 66 54. 95

Free location algorithm 8. 11 53. 87 54. 12
Algorithm in this paper 9. 89 34. 73 33. 71

Figure 8: Node selection results of WSN algorithm in this paper

As shown in Figure 2, with the increase of beacon
speed, the average rootmean square error increases gradu-
ally, and the degree of increase gradually increases. When
the moving beacon speed is below 2 m/s, the average root
mean square error is basically stable at 0.6 m. When the
speed is 5 m/s, the average root mean square error is 8.34
m. Although the moving time of the beacon is certain, the
speed of the mobile beacon increases and the distance
between the two continuous packets sent by the beacon
increases, which leads to the density of the virtual bea-
cons received by some unknown nodes. However, some
unknown nodes receive sparse virtual beacons, leading to
an increase in average root mean square error.

From Figure 3, we can see that the location coverage
decreases with the increase of the moving speed of the
beacon. When the speed is below 2 m/s, the coverage rate
reaches 100%. When the speed is 5 m/s, the coverage rate
is only 71%. Although the moving time of the mobile bea-
con is certain, the speed of the mobile beacon increases,
the distance between the virtual beacons is increased, and
the virtual beacons received by some unknown nodes are
dense, so that enough location information can be ob-
tained. And some unknown nodes receive virtual beacons

sparsely, sometimes even cannot receive virtual beacons,
which leads to the reduction of location coverage.

From Figure 4, we can see that with the gradual in-
crease of the mobile beacon’s moving time, the coverage
of unknown nodes will gradually increase. When the bea-
con’s moving time is 500 s, the location coverage is only
69.6%. When the moving time is more than 2500 s, the lo-
cation coverage is stable to 100%.

As seen in Figure 5, with the increase of the num-
ber of EKF iterations, the initial location of the unknown
nodes calculated by the weighted centroid method can be
converged to the real position, so the average root mean
square error will gradually decrease. When the number of
iterations is 50, the root mean square error is 5.1 m. When
the number of iterations is 350, themean rootmean square
error is basically stable at about 0.9 m.

Through simulation and analysis, it is demonstrated
that the proposed algorithm can achieve high locating ac-
curacy in non-dense distribution, and the algorithm is rel-
atively simple, without complex computation. In the same
case, the locating e�ect is obviously superior to the anchor
assistant location algorithm and the free localization algo-
rithm. The locating error is mainly related to the moving
time, moving speed, the number of virtual beacon points
received and the number of iterations. The longer the bea-
con moves, the slower the speed is, the more the num-
ber of beacons is, the larger the number of iterations is,
the smaller the root mean square error is and the higher
the locating accuracy is. However, due to the low cost and
low power consumption of the wireless sensor network,
in practical application, the moving time of the beacon
cannot be too long, the running speed cannot be too high
or too low, the number of virtual beacons cannot be too
great, and the number of iterations should not be too high
in practical applications. The optimal location parameters
should be chosen according to the locating accuracy trade-
o� in the speci�c application. According to the simulation
results, when the beacon’smoving time is 3000 s, themov-
ing speed is 2 m/s, the number of virtual beacons is 21 and
the number of iterations is 350 times, its locating e�ect is
best, and it canmeet the location requirements of thewire-
less sensor network in the general situation.
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As shown in Figures 6, 7 and 8, the coverage rate of
wireless sensor networks is better under the optimal path
selection algorithm and the coverage rate of the other two
algorithms ismore decentralized in the process of optimiz-
ing the node selection process for a non-dense distributed
sensing network. The other two algorithms are used to
optimize the selection of wireless sensor network nodes.
The uniformity of node distribution is poor, and the cover-
age area of repetitive nodes is greater. The proposed algo-
rithm is used to select wireless sensor network nodes, not
only the node uniformity is higher than the other two al-
gorithms, but also the coverage area of repetitive nodes is
signi�cantly reduced. It shows that the algorithm ensures
the balance of network energy consumption and prolongs
the network lifetime.

It is seen from Table 1 that in the average best �t-
ness contrast, the best �tness of the proposed algorithm
is 9.89%, the anchor assistant location algorithm is 7.63%,
the free location algorithm is 8.11%, and the algorithm
has the highest �tness. In the comparison of average com-
puting time, the algorithm used in this paper is 34.73 s,
compared to that of anchor assistant location algorithm
(54.66 s) and the free location algorithm (53.87 s). The pro-
posed algorithm has the shortest time and the highest e�-
ciency. As summarized in Table 1 the proposed algorithm
has theminimumnumber of iterations and the fastest con-
vergence speed. The algorithm can quickly and e�ectively
accomplish the node selection optimization of sensor net-
works in non- dense node distribution. The proposed algo-
rithm not only has better dynamic node selection perfor-
mance, but also has fast convergence speed and less com-
putation time.

It can be seen that the proposed algorithm has the fol-
lowing advantages:

The fact that all nodes in traditional WSN are station-
ary is overcome. It only uses a GPS function, and canmove
the beacon to traverse the entire sensing area beforehand,
reduces the number of actual stationary beacons that need
to be arranged, thus greatly saving the location cost.

The Gauss Markov model is used to move the beacon.
The parameters of themodel, such as themoving time, the
moving speed and the randomness adjustment parame-
ters, are all adjustable, and the di�erent parameters can
be suitable for the location applications of wireless sensor
networks with di�erent sizes and precision requirements.

The unknown node passively receives the virtual bea-
con information in the process of location, and does not
need the direct communication between the unknown
node and the mobile beacon, thus greatly saving the com-
munication cost and network cost.

The algorithm is scalable and the beacons can adopt
di�erent mobile models. If the number of mobile beacons
is increased, the locating e�ect can be further improved,
but the cost will be increased at the same time. Therefore,
the suitable number of mobile beacons should be taken
into consideration.

The algorithm is relatively simple and feasible, and
the computational complexity is relatively low. The algo-
rithm has high locating accuracy, robustness and fault tol-
erance. Occasionally, a single node failure does not a�ect
the whole locating process.

It can enhance the clustering performance of the opti-
mal nodes of the wireless sensor network, and has better
performance of dynamic node selection in wireless sensor
network, and the convergence speed is faster and the op-
eration time is less.

5 Conclusions
In this paper, the optimal selection of mobile beacon path
for sensor networks under non-dense distribution is de-
signed to locate the mobile beacon nodes in the sensor
network and to calculate the optimal location of the best
energy node of the wireless sensor network, so as to ob-
tain the optimal beacon path. This method can e�ectively
solve the complexity and ine�ciencycomputation of tradi-
tional algorithms, and can save communication costs and
network costs, and has a good application value.
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