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Abstract: The wireless sensor network (WSN) has received increasing attention since it has many potential applications such as the
internet of things and smart city. The localization technology is critical for the application of the WSN. The obstacles induce the
larger non-line of sight (NLOS) error and it may decrease the localization accuracy. In this paper, we mainly investigate the non-line
of sight localization problem for WSN. Firstly, the Pearson's chi-squared testing is employed to identify the propagation condition.
Secondly, the particle swarm optimization based localization method is proposed to estimate the position of unknown node. Finally
the simulation experiments are implemented. The simulation results show that the proposed method owns higher localization
accuracy when compared with other two methods.
Keywords: Localization, Non-line of sight, Oearson's chi-squared testing, Propagation condition identification, Wireless sensor
network.

1. INTRODUCTION
Wireless sensor network (WSN) is an emerging technology in recent years and it becomes the key technology for
the internet of things (IoT) [1]. WSN which integrates the sensor technology, modern communication and wireless
communication technology is an intelligent information processing platform. It has a wide application prospects and the
development of it will have profound influence to human life and production of various fields. The localization
technology is one of the most important applications for the WSN [2]. The sensor node should know the position of
itself in the network initialization phase. According to the measurement modes, the localization methods can be
categorized as received signal strength (RSS) [3], time of arrival (TOA) [4], time of difference of arrival (TDOA) [5]
and angle of arrival (AOA) [6] localization methods. The RSS localization methods do not need more hardware support,
so it is a lower cost solution. But the RSS is easily affected by environment and the localization accuracy is low. TDOA
and AOA localization methods need additional hardware such as antenna array or ultrasonic transducer, therefore, they
are suit for the small-scale localization scene. In this paper, we investigate the TOA localization method.
The contributions of this paper as follows:
1. The propagation condition identification method based on the Pearson's chi-squared testing is proposed. The
advantage of the proposed method is that it does not need the prior knowledge of the NLOS error.
2. NLOS error mitigation method is proposed. This method could mitigate the NLOS error effectively.
The reminder of this paper is organized as follows: in section 2, we describe the related works in NLOS localization.
The system setting and measurement model are expressed in section 3. In section 4, the proposed methods are
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presented. The simulation results are presented in section 5. Section 6 concludes this paper.
2. RELATED WORKS
The accuracy localization results can be achieved in the free space. However, the propagation condition between the
nodes is non-line of sight (NLOS) in most localization scenes such as indoor and subway environment [7]. The
localization accuracy degrades dramatically in NLOS environment. The NLOS localization has received much attention
of researchers. According to whether the parameters of the NLOS error is known, the NLOS localization methods can
be divided into two categories: parametric based and non-parametric localization methods [8]. The advantage of the
parametric based localization methods is that it can achieve higher localization accuracy. However, it need to know the
parameters and distribution of the NLOS error, it is unrealistic in most conditions. For the dynamic environment, the
parameters of NLOS error are changing over time. Therefore, the non-parametric localization methods own more
flexible.
There are many parametric NLOS localization methods are proposed in recent years. The NLOS identification in
MIMO-OFDM based sensor network is proposed [9]. In this method, the mean value and standard deviation of spacefrequency correlation over multiple transmit and receive antenna combinations are used to identify the propagation
condition. A low complexity algorithm for estimating the channel condition is proposed [10]. This method uses a priori
statistical channel model information to compute the probability of each of each channel condition. And then a soft and
hard weight assignment schemes is integrated into the localization algorithm. The sequential probability ratio test is
used to identify whether the measurement contains the non-line of sight (NLOS) errors [11]. And a particle swarm
optimization based maximum joint probability localization algorithm is proposed to mitigate the NLOS error.
The non-parametric NLOS localization methods have received many attentions. A low complexity localization
algorithm based on NLOS node identification using minimum subset is proposed for the NLOS environment [12]. This
method could reduce the amount of calculation and need less number of LOS measurements. A support vector machine
(SVM) classifier is used to distinguish between LOS and NLOS conditions. And the development of SVM regressor
based techniques is proposed to mitigate the ranging bias in NLOS situations [13]. The Edgeworth expansion method is
proposed to reconstruct the statistics of the measurement noise and estimates the accurate error bounds [14]. This
method could improve the localization accuracy and does not need to estimate a priori the statistic of the channel.
3. BACKGROUNDS
N beacon nodes and one unknown node are randomly deployed in the field. The position of ith beacon node denotes
as Xi [xi, yi]. The position of the unknown node is U [x, y]. The beacon nodes emit the signal to the unknown node. The
unknown node receives the signal and converts it into the distance. The true distance between the ith beacon node and
the unknown node is:

di

(1)

Xi U

In LOS condition, the measurement distance between the ith beacon node and the unknown node is [15]:

dˆi

di

(2)

ni

where, ni is the measurement noise which is modeled as the zero mean with σi standard deviation Gaussian

distribution, i.e. ni ~ N  0,  i2  .

In NLOS condition, the measurement distance between the ith beacon node and the unknown node is:

dˆi

di

ni

nNLOS

(3)

where, nLOS is the NLOS error, it obeys different distributions in different environments [16, 17]. It may obey
Uniform distribution ( nNLOS ~ U  a, b ) , Exponential distribution ( nNLOS ~ E 1/   ) or other distributions.
4. PROPOSED METHODS
In this section, we introduce the proposed method in details. The proposed method consists of two steps:
propagation condition identification and NLOS mitigation. We employ the Pearson's chi-squared testing method to
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detect the propagation condition. And the LOS measurements are used to establish the localization objective function
and the NLOS measurements are introduced as the constraints. Finally, we employ the particle swarm optimization
method to estimate the position of unknown node.
4.1. Propagation Condition Identification Method
According to Eq.(2), the measurements obey Gaussian distribution in LOS condition. However, the measurements
do not obey the Gaussian distribution in NLOS condition. We assume that the unknown node could obtain M
1
2
M
measurements for ith beacon node, the measurement set can be expressed as Di   dˆi , dˆi ,..., dˆi  . We firstly assume
that the measurements obey the Gaussian distribution. Then we firstly estimate the mean and standard deviation of the
measurements as follows:

ˆ i
ˆ
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The measurements set are divided among r different cells, i.e. R1, R2, …, Rr. the ith cell is defined as Ri   i 1 ,  i  ..
And then compute the number of the measurements occurs in each cell Oi. Oi is termed as the number of measurements
of type ith. The observed frequency for type ith is defined as:

f obs _ i 

(6)

Oi
M

A simple application is to test the hypothesis that, in the general population, values would occur in each cell with
equal frequency. Therefore, we estimate the theoretical frequency of type ith according to the estimated parameters in
Eq.(4) and Eq.(5) as follows
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The value of the test-statistic is:

where,   x  

1


2

x

(7)


dx .


 f obs _ i  f theor _ i

ftheor _ i


 2  M  i 1 ftheor _ i 
r





2

(8)

According to the central limit theorem, X2 is approximate, Xα2 (r-1), α is the significance level. For a given
significance level, the refused domain is defined as:

 2  2  r  1

(9)

So the propagation condition is LOS if  2  2  r  1 , otherwise the propagation condition is NLOS.
4.2. Non-Line of Sight Mitigation Method
When the propagation condition is identified, we proposed a NLOS error mitigation method to improve the
localization accuracy. We employ the Fig. (1) to show the principle of the proposed localization method. As shown in
Fig. (1), there are three beacon nodes in the field. The propagation condition between BN1 and unknown node is LOS.
The propagation condition of other two beacon nodes is NLOS. Since the LOS measurement contains small error and
the NLOS measurement contains larger positive error, the position of unknown node surrounds the circle with BN1 as
the center. And position of unknown node is in the circles with BN2 and BN3 as the centers.
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We assume that at least one LOS measurement can be obtained. The LOS measurement set denotes as
LOS ˆ LOS
ˆ
 d1 , d 2 ,..., dˆqLOS  . The NLOS measurement set denotes as  dˆ1NLOS , dˆ2NLOS ,..., dˆ pNLOS  . We establish the localization




objective function as follows:
min
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Fig. (1). The illustrate of the NLOS localization.

In order to estimate the optimal solution for the objective function, we propose to employ the particle swarm
optimization (PSO) method to solve it. In past several years, PSO has been successfully applied in many research and
application areas [18]. The PSO method is a population-based stochastic approach for solving continuous and discrete
optimization problems. In PSO, the particles move in the search space of an optimization problem. The position of a
particle represents a candidate solution to the optimization problem. Each particle searches for better positions in the
search space by updating its velocity and position according to rules.
The position of the particle is denoted as S={P1,…PL}, L is the number of particles. The updated equations of
velocity and position for the ith particle at kth step are:
vi  k   vi  k  1  c1  pbesi  Pi  k  1   c2  gbest  Pi  k  1 

Pi  k   Pi  k  1  vi  k 

(11)
(12)

where, vi(k) is the velocity of particle i at step k. pi(K). is the position of the ith particle, pbest represents the best
location in the search space ever visited by the ith particle, gbest is the best location discovered so far. c1 and c2 are two
acceleration constants, where c1=c2 = 2. ξ and η are two uniform random numbers in [0,1]. The maximum number of
iterations is 50.
The steps of PSO based localization as follows:
1.
2.
3.
4.
5.
6.
7.
8.
9.
10.
11.
12.

Initialize the parameters of PSO.
Randomly generate an initial population with positions.
Evaluate the fitness values F={f1,…f20} of each particle according to Eq.(10).
For t = 1 to 50 do
For i = 1 to 20 do
Update the velocity of particle Pi using equation (11).
Update the location of particle Pi using equation (12).
Evaluate the fitness values of the new particle Pi.
If f(Pi) >f(pbesti), then replace pbesti with Pi.
If f(Pi) >f(gbest) gbest, then replace gbest with Pi.
End for
End for
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The gbest is the estimated position of the unknown node.
5. SIMULATION RESULTS
In this section, we evaluate the performance of the proposed method. Let us consider a scenario consisting of N
beacon node placed in the 50m × 50m square. The parameters of the measurement model are shown in Table 1. In this
section, the NLOS error is assumed that obeys the Uniform distribution ( nNLOS ~ U  0, b  ) or Exponential distribution
( nNLOS ~ E 1 /   ). We mainly evaluate two aspects of the proposed method: the identification success rate and the
localization accuracy. We compare the proposed method with maximum likelihood (ML) method and residual
weighting algorithm (Rwgh) method. The simulation results are obtained by 1000 Monte Carlo runs. The average
localization error is considered to evaluate the localization accuracy. It is defined by:
AVE 

1 MC

MC i 1

Uˆ i  U i

2

(13)

Where, Ui is the true position of unknown node for ith trial. Uˆ i is the estimated position of the unknown node.
Figs. (2 and 3) show the performance of identification success rate when the NLOS error obeys the Uniform
distribution ( nNLOS ~ U  0, b  ) or Exponential distribution ( nNLOS ~ E 1 /   ) respectively. Fig. (2) shows the
relationship between the parameter b and the identification success rate under different standard deviations of
measurement noise. It can be observed that the success rate increases with the value of parameter b increases. It is
because the larger value of parameter b, the non-Gaussian characteristic of measurement more obvious. And the
standard deviation of measurement noise has the negative impact of the success rate. The larger standard deviation will
induce larger interference. On the whole, the proposed method could achieve higher success rate.
Table 1. The default parameters.
Parameters

Symbol

Default Values

The number of beacon nodes

N

7

The standard deviation of measurement noise

σi

1

The NLOS errors

U (a, b)

U(0,10)

The number of measurements

Ms

500

The significance level

α

0.05

The number of particles in PSO

L

20

The number of cells

r

7

1

Identification Success Rate/%

0.95
0.9

i=1

0.85

i=2
i=3

0.8
0.75
0.7
0.65
0.6
0.55

7

8

9

10
b

Fig. (2). The parameter b versus identification success rate.
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12
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0.975
i=1

Identification Success Rate/%

0.97

i=2

0.965

i=3

0.96
0.955
0.95
0.945
0.94
0.935
0.93

2

4

6

8



10

12

14

Fig. (3). The parameter λ versus identification success rate.

Fig. (3) shows the impact of the parameter λ on the identification success rate. The success rate decreases with the
value of parameter λ increases. And the standard deviation of measurement noise has less negative impact on the
success rate compared with Fig. (2). The larger standard deviation of measurement noise results in better performance
of success rate. The success rate is greater than 93% in most situations.
Fig. (4) shows the relationship between the number of beacon nodes and the average localization error when NLOS
error obeys Uniform distribution U (0,7) and U (0,11). It can be observed that the ML method has the worst localization
accuracy. And the proposed method owns the best performance. When the NLOS error obey U (0,11), average
localization accuracy is 6m, 2.45m and 0.67m for the ML method, Rwgh and the proposed method respectively. The
localization errors of the three method increase with the value of parameter b increases. This is because the larger value
of parameter b, the more NLOS error interference.
9

ML(U(0,7))
RWGH(U(0,7))
Proposed(U(0,7))
ML(U(0,11))
RWGH(U(0,11))
Proposed(U(0,11))

Average Localization Error/m

8
7
6
5
4
3
2
1
0

5

6

7
8
The number of beacon nodes

9

10

Fig. (4). The number of beacon nodes versus average localization error.

Fig. (5) illustrates the impact of the standard deviation of measurement noise on the average localization error when
the NLOS error obey the Exponential distribution E(5) and E(9). The localization error of ML method increases with
the standard deviation increases. The localization errors of the Rwgh and the proposed method remain relatively stable.
Therefore, the Rwgh and the proposed methods are robust to the NLOS error obeys the Exponential distribution. The
performance of the proposed method improves 85.89% and 64.62% when compared with ML and Rwgh method.
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Average Localization Error/m

12
ML(E(5))
RWGH(E(5))
Proposed(E(5))
ML(E(9))
RWGH(E(9))
Proposed(E(9))

10
8
6
4
2
0

1

2
3
4
5
The standard deviation of measurement noise i

6

Fig. (5). The standard deviation of measurement noise versus average localization error.

CONCLUSION
In this paper, the NLOS localization problem for wireless sensor network is investigated. The proposed method
consists of two main steps: the non-parametric propagation condition identification method and PSO based NLOS error
mitigation method. The Pearson's chi-squared testing method is used to detect the propagation condition. The advantage
of this method is that it does not need the prior knowledge of the NLOS error. The LOS measurements are used to
establish the localization objective function and the NLOS measurements are employed as the restrictions. The PSO
method is used to estimate the position of the unknown node. The simulation results show the proposed method
outperforms the other method.
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