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Abstract. This paper proposes an algorithm for mixed near-field and far-field sources localization, 
using the trilinear decomposition (PARAFAC) model via second-order statistics of the received 
signal. We construct two second order statistical matrices of the received signal and use PARAFAC 
model to obtain the parameters of all sources, then according to the definition of distance of near-field 
source, that we can correctly distinguish the near-field and far-field sources, and we can get the exact 
parameters estimation of all the sources. This method does not need eigenvalue decomposition of the 
covariance matrix of the received signal, and does not need to airspace traverse search, so it greatly 
reduces the computational complexity and automatically matches the parameters, avoiding the 
parameter matching process. MATLAB simulation results show that this is an effective parameter 
estimation algorithm for mixed near-field and far-field sources localization. 

1. Introduction 

Source localization can be classified into far-field source DOA estimation and near-field source 
localization, according to the range between the sources and the array. In both cases, the wave-fronts 
of incoming signals are different completely, so that they have different signal models. In the far-field 
source localization, the wave-front of the incoming signal is assumed to be a plane wave propagating 
in space [1], so each source is parameterized by only the Direction-Of-Arrival (DOA). Many classical 
algorithms have been developed to solve this problem, such as the maximum likelihood (ML) method 
[2-6], the MUSIC method [7-9], and the ESPRIT method [10-12]. But in the near-field sources 
localization, the signal wave-front is spherical, and both the DOAs and ranges are needed to localize 
near-field sources. There are a lot of algorithms that have been raised for near-field source 
localization, for example, the maximum likelihood (ML) method [13], the 2D-music method [14, 15], 
the second-order statistics method [16, 17], the fourth-order cumulants method [18] and so on. 

In many engineering applications, the mixing field contains near-field sources and far-field sources, 
that is the near-field sources and far-field sources will appear at the same time. At this point, the 
algorithm is required not only need to distinguish between the near-field and far-field sources, but 
also to achieve accurate parameters estimation of the sources. There are many algorithms that have 
been proposed for mixed near-field and far-field sources localization [19-22], but if the algorithm that 
is necessary to decompose the eigenvalues of the received signal covariance matrix, or need to 
airspace traverse search, that is too complicated. For the cumulant-based algorithm can avoid spatial 
traversing the airspace search, thus it greatly reduce the computational complexity. Therefore, we 
propose an algorithm based on the second-order statistic matrix, this algorithm does not need to 
decompose eigenvalue of the received signal matrix. It does not need the aerial search process, so the 
calculation is greatly reduced, and in this paper we use three-linear least squares method, so the 
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estimated parameters are automatically paired, after MATLAB simulation experiments verify that 
this is an effective algorithm for mixed near-field and far-field sources localization.  

2. Data model 
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Fig. 1  ULA for mixed source localization 

We consider that there are 3 narrowband and independent mixed near-field and far-field sources 
( 3, 2, 1nf ffK K K= = = ), radiated to the ULA, which contains 2N equally spaced omnidirectional 
sensors, as shown in Fig 1. the intersection of the array is selected as the reference point of the phase. 
The signals received by the (i, 0)th and (0, i)th sensor in the subarray can be expressed as follows 
[23], 
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Where kS  is the k-th (k = 1, 2,...,K) source arrives at the m-th element received and demodulated 
baseband signal, mn  is the additive white noise on the elements. mkτ  is the signal sent by the k-th 
source arrives at the phase difference between the m-th element and the arrival of the reference 
element. For the range of near-field sources 3 1/2 2[0.62( / ) (2 / )]k k kr D Dλ λ∈ , According to Fresnel 

approximation, 2
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the k-th signal, [ ]/ 2, / 2kθ π π∈ − , It is can be seen from the above equations, When kr  tends to 

infinity, kφ  tends to 0. So the above formula can be approximated as, 
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written in the form of matrix, 

(t) (t) (t)= +X ΑS Ν .                                                                                                                         (2) 

While the matrix of receive signal is 0[ ( ),..., ( ),..., ( )]T
N Nx t x t x t−=X , the direction matrix is 

1 1( , ) ( , )[ ,..., ]
k kr ra aθ θ=A , the matrix of source signal is 1[ ( ),..., ( )]T

ks t s t=S , the matrix of noise is 

0[ ( ),..., ( ),..., ( )]T
N Nn t n t n t−=N , The superscript T indicates transpose. 

Throughout the rest of the paper, the following hypotheses are assumed to hold. 
(1) The sources are statistically mutually independent of narrow-band stationary processes with 

non-zero kurtosis. 
(2) The noise is zero-mean Gaussian signal and independent of the signals, its variance is 2σ . 
(3) The source parameters are different from each other, i jφ φ≠ ， i jr r≠  . 
(4) The different elements are isotropic, there is no channel inconsistency, mutual coupling and 

other factors, gain of the space is set to 1. 
(5) In order to avoid phase blur, the distance between the elements must be met min( / 4)kd λ≤ . 
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(6) The range of near-field source 3 1/2 2[0.62( / ) (2 / )]k k kr D Dλ λ∈ , the far-field source kr →∞ , 
0kφ → . 

3. Algorithm Description 

3.1 Define two second-order statistics matrices. Similar to [24], we defined the second-order 
statistics matrix 1R , 2R , for different sensor and time lags , the (m,n)-th element of which has the 
following form, 
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Where 1 ,m n N≤ ≤ , { }*(t) (t)sk k kr E x x=  is the power of the l-th source, which is assumed to be 
nonzero. 

Here we define { }1 ljjdiag e e φφ=Λ  , { }1 ljjdiag e e gg=Ω  , { }1 2, , ,s s sLdiag r r r=Γ  . So 

the Eq. 3 and Eq. 4 can be written as H M M×= ∈1R AΓΩΛA R , -1 -1 H M M×∈2R = AΓΩ Λ A R , 
Where [ ]1 2, ,...,x x xKa a a=A , it is an equivalent direction matrix [25].Because of the assumptions 
i j≠  ， xi xjφ φ≠  ， zi zjγ γ≠  and i jr r≠ , So A is an equivalent direction matrix with rank K. 

3.2 Parameter estimation. As one of the methods for fitting PARAFAC model, trilinear alternating 
least square (TALS) approach [26], Here, we can construct model as follow, 

-1 -1

(: ,: ,1)
(: ,: , 2)

H    
= = +    
    

1

2

ΓΩΛR X
A A N

R X ΓΩ Λ
.                                                                                  (5) 

The superscript H denotes the Hermitian transpose, we define -1 -1( ) ( )T T =  C ΓΩΛ ΓΩ Λ , and 
HB = A , the Eq. 5 can be written as follows,  
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Similarly, using the symmetry of the PARAFAC model, we can construct following slice matrices, 
we can get ( )T T= +X A B C N , ( )T T= +Y B C A N . So, we can get 

[ ]1 1
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 =  A C B C B Y Y  , B̂ , and ˆ TC , Where ( )+  Expressed fake inverse, 
through the above formulas, such an alternating projections-type procedure is iterated for all subsets 
of parameters until the convergence is achieved. We can get the estimate of the parameters ˆ ˆ,A B  and 

Ĉ . Then we can get, 
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3.3 Parameter estimation. We can distinguish near-field sources and far-field sources from the 
parameter estimation of k̂r . If 3 1/2 2ˆ [0.62( / ) (2 / )]k k kr D Dλ λ∈ , the k-th sources are near-field 
sources, or they are far-field sources, while1 k K≤ ≤ . 

3 1/2 22
2

2

the -th source are near-field source[0.62( / ) (2 / )] , ˆcos
(2 the/ ), -th source are far-field source

k k
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                    (7) 

3.4 Algorithm steps. We summarize the algorithm steps presented in this paper as follows, 

Step1. Define the two second-order statistics matrix 1R  and 2R . 

Step2. Use the PARAFAC model, get the estimate of the parameters ˆ ˆ,A B  and Ĉ . 

Step3. Get the parameters ˆkγ  and k̂φ , then get the parameters estimation of sources ( )ˆ ˆ,k krθ . 

Step4. Distinguish near-field sources and far-field sources. 

4. Simulation Results 
Consider there are 2 near-field and 1 far-field narrowband independent sources impinging upon a 

ULA consists 14 elements, which spacing ( )/ 4d λ= .Each Monte Carlo simulation experiment runs 
500 times independently. The performance of the algorithm is measured by the root mean square 
error (RMSE) of the estimated parameters, and it is shown in the follow formula, for example, 

( )
2

1

1 ˆ
M

m
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Mθ θ θ

=

= −∑ .                                                                                                                               (8) 

Simulation 1. Consider there are 3 sources located at {5 0.2λ }, {10 0.6λ }, { 20 +∞ }, The Fig. 
2 depicts the scatter plot of the proposed algorithm for 1000 Monte Carlo simulations when the 
number of elements in array M=14, snapshots J=300, SNR=20dB. In order to be able to show the 
angle information of far-field source, the distance of far-field source defined as 1. 

Simulation 2. Consider there are three sources located at { 1 5θ =  , 1 0.2r λ= }, { 2 15θ =  , 

2 0.4r λ= }, { 3 30θ =  , 3r = ∞ }，while M = 14, From Fig. 3, Fig. 4 and Fig. 5 ,Analysis these figures, 
we can see that, with the increase in number of snapshots and SNR, the accuracy of parameters 
estimation both in far-field and near-field are also improving. 
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Figure 2.  scatter diagram of angle and range                                   Fig. 3  RMSE of azimuth angle of near-field source 
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Fig. 4  RMSE of range of near-field source                                         Fig. 5  RMSE of azimuth angle of far-field source 

5. Conclusion 
In this paper, we propose a method for mixed near-field and far-field sources localization, which 

uses second-order statistics of the received signal, this algorithm does not need to decompose 
eigenvalue of the received signal matrix. It does not need the aerial search process, so the calculation 
is greatly reduced. This algorithm can effectively distinguish the near field and far field signal, and 
the parameters of the source can be estimated directly. After MATLAB simulation experiments 
verify that this is an effective algorithm for mixed near-field and far-field sources localization. 
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