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Abstract – Localization of multiple sources and the reception of the signals emitted by those sources are fundamental 

problems of sensor array processing. Direction-of-Arrival (DOA) estimation has been largely used in many fields, as a 

case in point: localization and target monitoring and the like. The EM-MUSIC method could scrupulously improve the 

direction finding accuracy and resolution with low SNR in comparison with the classical MUSIC algorithm which is 

an uncorrelated algorithm. The method discussed in this paper no longer requires the direct calculation of the inverse 

covariance matrix and it is an iterative procedure based on Expectation Maximization (EM) algorithm that acts 

regarding the coherent and non-coherent signal. Moreover, an adaptive compressive processing (CSP) scheme is 

applied to low-sampling rate and a computationally inexpensive operation in the antenna array processing. In addition, 

Signal subspace focusing (SSF) algorithm is proposed for use in the coherent signal subspace method for computing 

the correlation matrices. To verify the performance of the proposed method, simulations were built in Matlab software 

and final results show the benefits that are achieved.  

Keywords – Adaptive Compressive Processing (CSP), Direction of Arrival Algorithm (DOA), EM-MUSIC method, 

Signal Subspace Focusing (SSF). 

I. INTRODUCTION 

It could be agreed that the basic problem in array signal processing is to obtain data about all of the remote 

sources by processing the information received from array sensors [1]. The estimation of direction-of-arrival 

(DOA) was one of the pioneer technologies in the array signal processing research field [2]. The estimation of the 

DOA of multiple signals is an important problem in array signal processing including radio astronomy, radar, 

mobile communication, and sonar [3]. Many papers from the 1960s to the 1990s have been devoted to the design 

of the DF system, but most of the papers published in recent decades with previous ones have focused on how to 

process and design DFs in the form of processor algorithms. In these algorithms, the received signal strength of 

the sensors set is used and by separating the signal space from the noise space by a predetermined threshold, the 

received signals profile and the direction of the received signals can be obtained. A serious problem in array 

processing is solving the problem of resource dependencies and also resources that are close to each other, that 

creates an active field of research. In order to receive multiple sources in a receiver with array antennas, although 

there is a large distance between two sources, there are no problems by using the FFT method. However, when 

these two received signals have proximity in the environment relative to each other, this method causes ambiguity 

in determining the location of resources and the division of the two sources from each other. Knowledge seekers 

published many papers and have been done so many endeavors in order to solve such problems among them, the 

maximum likelihood (ML) method of Capon (1969) and Burg's maximum entropy (ME) method (1975) which 

are between the non-subspace techniques [4], [5]. The methods that mentioned above, have some main restrictions, 

especially the bias and sensitivity in parameter estimates, even though they have been successful most of the times 
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and widely used, this is because they widely use an incorrect model of the measurements [6]. Then, in 1979 the 

subspace technique proposal and the measurement model correction with sensor arrays of arbitrary form was 

introduced by Schmidt [7]. The classical subspace approaches were basically implemented by both MUSIC [8], 

[9] and ESPRIT [10], [11] algorithms, in which the estimation of the target arrival angle was gained according to 

the probability and statistical characteristics of the received array signal with mathematical decomposition 

methods. Although algorithms of MUSIC and ESPRIT could achieve high angular resolution for the DOA 

estimation, they were only suitable for weakly correlated signals or the uncorrelated ones [2]. When signal sources 

are coherent, the coherent signals will merge into each other. So, the autonomous signal sources which are received 

by the array decreases that contributes to reduction of the array covariance matrix rank and number of larger 

eigenvalues less than the received signal, too [3]. Some experts researched on the MUSIC algorithm for 

diminishing computational load, for instance: the root-MUSIC algorithm was developed by Bara bell in 1983 [12] 

and some improved root-MUSIC algorithm [9], [13] but the mentioned algorithms were still relatively 

complicated with low accuracy in estimation. Many improvements have been proposed for MUSIC algorithms 

that perform better in the presence of coherent signals. Many of these methods include improvement and 

correction in the preprocessing of the covariance matrix, which is called spatial smoothing. The spatial smoothing 

methods always impose restrictions on the type and structure of the array. After solving the problem of coherence, 

another problem that occurs in high-resolution incoming angle estimation methods is the variation of noise power 

between the sensor and the other sensor. The presence of variable noise power in spatial smoothing methods with 

a high Signal to Noise Ratio (SNR) is somewhat solvable, but with increasing power and also the lack of access 

to the SNR, these methods also fail. One of the ways to improve the error of the used models is the estimation of 

the time series by using Kalman filter (KF). Kalman filtering, also known as Linear Quadratic Estimation (LQE), 

is an algorithm based on Markov chain that uses series of measurements observed over time and works for both 

linear and nonlinear (with some consideration) states. KF by using system dynamic estimates states of systems or 

unknown variables, more precise and accurate than those based on a single measurement alone, even though 

almost always that encounters inaccuracies in the model with stochastic noise. The filter which is named after 

Rudolf E. Kalman, with a recursive algorithm estimates posteriori state from its priori [14]. For the reasons 

mentioned above, it seems it is necessary to overcome coherent sources problem and variation of noise power. 

The classical coherent signal subspace method (CSSM) which is going to explain, proposed by Wang and Kaveh 

[15]. The CSSM transforms the correlation matrices at each and every frequency bin into one general correlation 

matrix at the center frequency by using the focusing matrices, but the performance of focusing matrices principally 

depends on the focusing angles which are the rudimentary estimates of true DOAs of source signals [16]. After 

all, the CS models talk about samples acquisition from a signal with Nyquist rate consideration, by using a random 

measurement matrix. Compressive sensing lossless projects a high-dimensional waveform that is sparse in some 

basis, onto an acquisition matrix, that is incoherent with the sparsifying basis, resulting to a low-dimensional 

compressively sensed (CS) sequence [17]. In the rest of this paper, first, the proposed adaptive CSP scheme uses 

readily available tracking information and reduces the number of CS measurement as well. Second, the MUSIC 

algorithm as one of the subspace-based estimation method is going to review. Third, Signal subspace focusing 

(SSF) method is used to generate the final correlation matrix. Forth, The EM-MUSIC algorithm was discussed. 

And the final step is simulation, results and conclusion. 
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II. COMPRESSIVE SENSING 

A. The Principle of CS 

Statistical models and distribution functions for radar signals are considered in various aspects of radar 

estimation and detection that are capable of a more comprehensive and accurate modeling of the target signal and 

its parameters. Because in many radar applications, the samples received from the target are result of a radar 

radiated signal and the target at different points collision, and then their scatteration. The radar signal can be 

modeled in a sparse way, therefore, the compressive sensing method for receive signal sampling got used. On the 

other hand, Compressive sensing processing adds an additional error in estimation, particularly, when the process 

is aware of the received waveform characteristics [18]. In order to improve the estimation error due to the use of 

compressed measurements use waveforms with side lobes lower than the ones of the conventional waveforms 

used in the radar [19]. 

B. CSP with an Adaptive Measurement Matrix 

After having considered all available information, compressive sampling is performed. This approach differs 

from existing adaptive compressive sensing methods as presented in [20] where the sampling process is adapted 

during the acquisition process. One approach is using particle filter (PF) which is based on Monte Carlo sampling. 

Thus, according to the information that acquired sequentially, a tracker based on PF identifies, at each discrete 

time step 𝑘 of the tracking mission and for each sensor 𝑢, a finite set of delay-Doppler pairs that are probably to 

correspond to the correct target state. The kinematic model limited this set and the posterior distribution on the 

target state at time step 𝑘 −  1, as [21] provides a full account of that. The set elements are indexed as 𝑙 𝑢,𝑘 =

 0, . . . , 𝐿𝑢,𝑘 − 1, where 𝑘 =  1, . . . , 𝐾 and𝑢 =  1, . . . , 𝑈. 𝐿𝑢,𝑘 is the cardinality of the set which rises as the 

uncertainty on target state ascents each index 𝑙𝑢,𝑘 is then associated with a delay-Doppler pair{𝜏𝑙,𝑢,𝑘,  𝜈𝑙,𝑢,𝑘}. In the 

set described above, a dictionary of 𝐿𝑢,𝑘 delay-Doppler shifted versions of the transmitted waveform 𝑠(𝑚), 𝑚 =

 0, . . . , 𝑀 −  1 is built at every time step k and for each radar sensor𝑢. The dictionary is expressed as a 𝑀𝑑  ×  𝐿𝑢,𝑘 

matrix 𝑺𝑢,𝑘 with columns 𝑠𝑢,𝑘(𝑙, 𝑚) =  𝑠(𝑚 − 𝜏𝑢,𝑘)𝑒
𝑗2𝜋𝑚𝜈𝑢,𝑘

𝑀𝑑
⁄

, 𝑚 =  0, . . . , 𝑀𝑑 − 1, 𝑙 =  0, . . ., 𝐿𝑢,𝑘  − 1. The 

length 𝑀𝑑  >  𝑀 is chosen to accommodate the maximum delay of a radar return waveform. 𝑈 radar sensors 

receive delay-Doppler shifted versions of the transmitted waveform due to the target’s range and range-rate, at 

time step 𝑘 of a tracking mission. 

The radar waveform 𝑠(𝑚) is considered as a multicarrier phase-coded (MCPC) [22] sequence consisting of 

Bj�̈�rck constant amplitude autocorrelation (CAZAC) sequences [21]. MCPC waveforms can be adaptively 

configured at each time step of the tracking mission, based on the possible delay- Doppler shifts in𝑆𝑢,𝑘, to have 

zero AF side lobes [23]. 

The adaptive CSP Matrix: The proposed measurement acquisition matrix 𝛷𝑢, 𝑘 contains data on the target state 

that is sequentially updated by a PF [21]. It also unites a set of almost orthogonal sequences which, when using 

MCPC radar waveforms, decline the side lobes of the compressed AF to the small side lobes of the almost 

orthogonal set. Specifically, the proposed acquisition matrix generated for each sensor 𝑢 at time step 𝑘 of a 

tracking mission is given by: 𝛷𝑢,𝑘  =  𝑄𝑢,𝑘𝑆𝑢,𝑘
∗  where 𝑆𝑢,𝑘, which contains prior information. 𝑄𝑢,𝑘 is a 𝐶 ×  𝐿𝑢,𝑘 

matrix with columns the 𝐿𝑢,𝑘 delay- Doppler cyclically shifted versions of a Bj�̈�rck CAZAC sequence 𝑞(𝑐), 𝑐 =
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 0, . . . , 𝐶 − 1 of length𝐶. A Bj�̈�rck CAZAC that is cyclically shifted in time by 𝜏 and Doppler shifted by 𝜈, where 

the pair {τ, ν} corresponds to an index 𝑙, is given by 𝑞(𝑐, 𝑙)  =  𝑞(𝑐 −  𝜏)𝐶𝑒
𝑗2𝜋𝑐𝜈

𝐶⁄ , 𝑐 =  0, . . . , 𝐶 – 1, 𝑙 =

 0, . . . , 𝐿𝑘  −  1. The time index is taken modulo C denoted as(𝑐 − 𝜏) 𝐶. The choice of CAZACs as columns 

in 𝑄𝑢,𝑘, that provide the almost orthogonal set (low AF side lobes), should not be confused with the transmitted 

waveform which may also be a CAZAC. For the adaptive CSP, 𝐶 is restricted to be a prime number [21] to 

construct the CAZAC in 𝑄𝑢,𝑘. 

Reference [18] shows that CSP with adaptive measurement matrix outperforms CSP with random measurement 

matrix. 

III. SUB-SPACE BASED METHOD 

In the classical beam forming method, it is attempted at each moment to direct the beams in a particular path 

and calculate the output power in that direction. Accordingly, the direction in which the maximum power is 

achieved, could be one of the sources of signaling paths. The classical beam forming method requires a large 

number of elements to achieve high resolution. When the number of sources is greater than one and their distance 

is low, this method is not accurate. When there is more than one signal source, the output power of the array from 

undesired signals in other directions will also be affected, while in the Capon method, the undesirable interference 

will be decreased by minimizing the total antenna output power and fixing the signal power in the desired viewing 

angle direction. Generally, when the resources are dependent, this method does not provide the correct response, 

and even for high SNR, it is not possible to separate two signals at close angles. While the performance of the 

Capon beam forming method which has a better performance than the classic one, is significantly influenced by 

the number of antenna elements and the SNR of the input signal, it should be considered that this method is not 

suitable to calculate the correlated resources. This method requires the calculation of an inverse covariance matrix, 

which is difficult for large arrays. Capon spatial spectrum is defined by: 

𝑃𝑐𝑎𝑝𝑜𝑛(𝜙) =
1

𝑎𝐻𝑅𝑢𝑢
−1𝑎(𝜙)

                                               (1) 

Where 𝑅𝑢𝑢 is the autocorrelation matrix of the array received signal and 𝑎(𝜙)is the steering vector. Although 

classical beam forming techniques, such as the Capon method, are generally successful and widely has been used, 

these methods have fundamental constraints on high precision resolution. The proposed technique with high 

resolution by Schmidt is called the Multiple Signal Classification algorithm (MUSIC). 

MUSIC algorithm: Multiple signal classification is a subspace approach according to the Eigen structure 

exploitation of input covariance matrix [24] for DOA estimation. MUSIC algorithm equations are described in 

Table I.  

Table I. MUSIC Algorithm Implementation. 

 Received signal: 

𝑥(𝑡) = 𝐴𝑠(𝑡) + 𝑛(𝑡) 

Autocorrelation of received signal: 

𝑅𝑥 = 𝐸[𝑋𝑋𝐻]          
𝑅𝑥 = 𝐸[(𝐴𝑠 + 𝑁)(𝐴𝑠 + 𝑁)𝐻]         

= 𝐴𝐸[𝑠𝑠𝐻]𝐴𝐻 + 𝐸[𝑁𝑁𝐻] 
= 𝐴𝑅𝑠𝐴𝐻 + 𝑅𝑁 

Eigen structure exploitation: 

(𝜆1 , 𝜆2 , … . . .   , 𝜆𝑀)are eigenvalues of spatial correlation matrix𝑅𝑥. 
𝑅𝑥 − 𝜆𝑖𝐼 = 0 

𝐴𝑅𝑠𝐴𝐻 + 𝜎2𝐼 − 𝜆𝑖𝐼 = 0 

𝐴𝑅𝑠𝐴𝐻 + (𝜎2 − 𝜆𝑖)𝐼 = 0 
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Therefore, eigenvectors 𝜈𝑖of 𝐴𝑅𝑆 𝐴
𝐻  are obtained using: 

𝜈𝑖 = 𝜎2 − 𝜆𝑖 

MUSIC spatial spectrum: 

𝑃𝑚𝑢𝑠𝑖𝑐(𝜃) =
1

𝑎𝐻(𝜃)𝐸𝑁𝐸𝑁
𝐻𝑎(𝜃)

 

IV. PROPOSED METHOD 

A. Signal Subspace Focusing (SSF) 

The focusing matrix plays a decisive role in correlated methods. Depending on the matrix used in the correlated 

methods, various algorithms for direction are obtained. In many of these ways, it has tried to reduce to the lowest 

the focusing loss in a situation where it has errors in the angles estimation. A new method for finding a focusing 

matrix is expressed which is robust to a false initial estimation of resource angles. In this paper, the SSF algorithm 

will be used to calculate the angles of entry in the correlated form, which calculates the transition matrix T without 

the need to calculate the initial angles. The basis of this method is based on the transfer of the signal subspace 

related to the power spectral density matrix to the signal subspace, which is transmitted by the focusing matrix, 

according to the following conditions: 

𝑇(𝑓𝑘)𝐸𝑠(𝑓𝑘) = 𝐸𝑠(𝑓0)                      (2) 

In the above equation, 𝐸𝑠(𝑓0) and𝐸𝑠(𝑓𝑘) can be defined as follows: 

𝐸𝑠(𝑓𝑘) = [𝑒1(𝑓𝑘), 𝑒2(𝑓𝑘), … , 𝑒𝐷(𝑓𝑘)]       (3) 

∀𝑖 = 1,2, … , 𝐷 

𝐸𝑠(𝑓0) = [𝑒1(𝑓0), 𝑒2(𝑓0), … , 𝑒𝐷(𝑓0)]                         (4) 

∀𝑖 = 1,2, … , 𝐷 

𝑒𝑖(𝑓0)  and 𝑒𝑖(𝑓𝑘) vectors are equal to the eigenvectors corresponding with D, the initial eigenvalue (descending 

order).The focusing matrix T should be a unitary matrix and apply in the following circumstances [25]: 

min
𝑇(𝑓𝑘)

‖𝐸𝑠(𝑓0) − 𝑇(𝑓𝑘)𝐸𝑠(𝑓𝑘)‖𝐹        𝑘 = 1,2, … , 𝐾 

𝑇𝐻(𝑓𝑘)𝑇(𝑓𝑘) = 𝐼                                 (5) 

Reference [25] shows the solution of the above equation is obtained as follows: 

𝑇(𝑓𝑘) = 𝑉(𝑓𝑘)𝑈𝐻(𝑓𝑘)                                         (6) 

𝑉(𝑓𝑘) and 𝑈(𝑓𝑘) respectively, are the left and right singular vectors of the matrix 𝐸𝑠(𝑓𝑘)𝐸𝑠
𝐻(𝑓0). By multiplying 

(5) in 𝑋(𝑓𝑘), the output of the array is as follows: 

𝑌(𝑓𝑘) = 𝑇(𝑓𝑘)𝑋(𝑓𝑘)           𝑘 = 1,2, … , 𝐾           (7) 

In order to calculate the focusing matrix T, as we know, if the resources are independent of each other, we will 

have: 

𝑠𝑝𝑎𝑛{𝑒1(𝑓𝑘), 𝑒2(𝑓𝑘), … , 𝑒𝐷(𝑓𝑘)} = 𝑠𝑝𝑎𝑛{𝑎(𝜃1, 𝑓𝑘), … , 𝑎(𝜃𝐷 , 𝑓𝑘) }                         (8) 

Given the above relationships, we can define𝐸𝑠(𝑓𝑘)  as follows: 

𝐸𝑠(𝑓𝑘) = 𝐴(𝜃, 𝑓𝑘)𝐵(𝑓𝑘)                                           (9) 
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𝐸𝑠(𝑓0) = 𝐴(𝜃, 𝑓0)𝐵(𝑓0)                                        (10) 

That 𝐵(𝑓𝑘) is a matrix 𝐷 ×  𝐷, with order 𝐷 (𝑟𝑎𝑛𝑘 𝐵(𝑓𝑘) =  𝐷). we also define the column vectors of matrix 

𝐵(𝑓𝑘)as follows: 

  𝑏𝑖(𝑓𝑘) =
𝑃𝑆(𝑓𝑘)𝐴𝐻(𝜃,𝑓𝑘)𝑒𝑖(𝑓𝑘)

𝜆𝑖(𝑓𝑘)−𝜎2(𝑓𝑘)
                                  (11) 

Where 𝜆1 ≥ 𝜆2 ≥ ⋯  ≥ 𝜆𝐷 ≥ 𝜆𝐷+1 = ⋯ =  𝜎2(𝑓𝑘) ،are eigenvalues of the power spectral density matrix of 

received signal which is expressed as 𝑃𝑥(𝑓𝑘)  and arranged in descending order. 

The proposed algorithm for calculating covariance matrix is described in the following: 

1. Calculate 𝑋(𝑓𝑘)of input data by calculating FFT (FFT Filter Bank). 

2. Calculate the matrix 𝑃𝑥(𝑓𝑘)   from 𝑋(𝑓𝑘). 

3. Calculate 𝐸𝑠(𝑓𝑘) and 𝐸𝑠(𝑓0) by decomposition of 𝑃𝑥(𝑓𝑘)  into eigenvectors and eigenvalues based on (9) and 

(10). 

4. Calculate (6) using left and right singular vectors of the matrix 𝐸𝑠(𝑓𝑘)𝐸𝑠
𝐻(𝑓0). 

5. Calculate 𝑌(𝑓𝑘) based on (7). 

6. Calculate the covariance matrix: 

 𝑅𝑦(𝜃) = ∑ 𝑌𝐻(𝑓𝑘)𝑌(𝑓𝑘)𝐾
𝑘=1   

B. EM-MUSIC Method 

Expectation Maximization (EM) algorithm is an iterative method that is trying to find an estimate with a 

maximum likelihood for the parameters of a parametric distribution. This algorithm is a common method when 

some random variables are latent. EM algorithm in primitive work of Dempster, Larid, and Rubin (1977) [26] 

Shumway and Stoffer (1982) [27] was introduced to estimate the parameters in space state. The method is 

mentioned above, is an iterative maximum likelihood method is applicable to patterns with missing data, as well 

as latent ones here. Although the above equations are not mathematically identifiable in the form of a space state, 

for each nonsingular Hermitian matrix H, we can construct a pattern corresponding to a rotation in the factors and 

upload the corresponding coefficients with: 

𝑥(𝑡) = 𝐴𝑠(𝑡) + 𝑛(𝑡)                                                     (12) 

The result of using this pattern and imposing some limitations, it is possible to estimate a unique set of pattern 

parameters with the data. This is a common problem in classical factor analysis and the main approach to dynamic 

factor analysis by H. Stock and W. Watson. However, the linear Gaussian space state model of equations can well 

be represented in the framework of a Kalman filter and the parameters are estimated using the EM algorithm. 

Although, it is impossible to calculate the likelihood of complete data due to some obscure observations, it is 

possible to calculate the conditional likelihood of complete data on the observed data in the estimation of input 

parameters. 
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V. SIMULATION 

Assuming that the arrays are consist of the M sensors (ULA), and the received data in the output of these arrays 

are obtained from sampling at different moments by compressive sensing with an adaptive measurement matrix. 

The data received by the FFT filter bank separated to K narrowband frequency bin. Then MUSIC and EM-MUSIC 

algorithms calculate for each of the narrowband frequency bin, and finally calculates the output by averaging. The 

DOA estimation of non-coherent and coherent signals based on MUSIC and EM-MUSIC algorithms were 

analyzed through Matlab simulation. Four signals with low frequency 𝑓𝑙= 80 MHz, high frequency 𝑓ℎ= 120 MHz 

and bandwidth 40 MHz have simulated two times based on tableII which is defined bellow. 

Table II. Simulation States 

State Entry Angles (𝜃) SNR(dB) 

1 10,30,35,65 20 , 10 

2 10,33,35,65 20 , 5 

As Fig. 1 and 2 shown, the simulation output in this case is represented for SNR = 20dB. As can be seen, in the 

lower SNRs,   EM-MUSIC algorithm accurately detect sources and acts regarding to the coherent and non-

coherent signal. It accurately detects resources at a 35 degree angle. 

                       (a) 

  (b) 

Fig. 1. Comparison between (a) EM-MUSIC and (b) MUSIC algorithms for Non-coherent signals. 

  (a) 

(b) 

Fig. 2. Comparison between (a) EM-MUSIC and (b) MUSIC algorithms for coherent signals. 



 

Copyright © 2019 IJECCE, All right reserved 

8 

International Journal of Electronics Communication and Computer Engineering 

Volume 10, Issue 1, ISSN (Online): 2249–071X 

 

In fact, the SNR of the received signal and the separation of the angle of input of the signals into the antenna 

array are two important parameters in the rate of operation of the orientation of each algorithm. 

  In low SNRs and resources at close angles, the EM-MUSIC method provides a better result than the MUSIC 

method. 

As Fig. 3 and 4 shown, it is assumed that two coherent signals incident to ULA with 50◦and 60◦ respectively. 

The elements number is M=10, the sampling number is N=100 and SNR= 5dB.  

 

Fig. 3 DOA estimation on MUSIC algorithm 
 

Under the above conditions, the MUSIC algorithm is unable to separate and detect two sources at a distance of 

10 degrees. 

 

Fig. 4 DOA estimation on EM-MUSIC algorithm 

Whereas under the same conditions, the proposed algorithm is capable of detecting and localization two sources 

at angles 50 and 60 degree. 

As in Fig. 5 and 6, it is assumed that two coherent signals incident to ULA with 30◦and 60◦ respectively. The 

elements number is M=10, the sampling number is N=100 and SNR= 20dB.  
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Fig. 5 DOA estimation on MUSIC algorithm. 

  
Fig. 6 DOA estimation on EM-MUSIC algorithm 

A quick glance at the provided snapshots highlights that, while EM-MUSIC can achieve the DOA estimation 

the coherent signal source, the MUSIC algorithm to fail. 

VI. CONCLUSION 

In this paper, EM-MUSIC algorithm is used to estimate the angles of arrival in correlated signals radar mode, 

which is an iterative method, when the number of arrays in the antenna is high, this method seems to be desirable 

to reduce the computational load. Also, due to the high volume of received samples in the antenna arrays and to 

reduce the sampling rate, the compressive sensing is used with an adaptive measurement matrix. As a result, in 

the lower SNR and Close resources, the EM-MUSIC algorithm leads to improvements in the estimation of the 

position of the correlated resources. 
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