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ABSTRACT

In this paper a new blind beamforming algorithm fmparating and estimating coherent signals argvat an
antenna array was proposed. This algorithm was tase Toeplitz matrix reconstruction implementedotiyh
constructing the Hermitian Toeplitz matrix. Thegrgl sources’ direction-of-arrival(DOA) was estabied by
spectral peak searching after using singular valieeomposition of the matrix. In this way the dii@ttvector of
coherent sources used for beamforming was achielied.new algorithm can effectively estimate theeoeit
signals’ direction-of-arrival and separate the inpndent signals from different directions withonbwing a priori
knowledge of the signals, and the correlation ¢oeffit of isolated signal and the source signatlsse to 1. It also
has a higher output SINR under the low SNR. Thelatians indicated that the proposed methods workkelllin a
variety of situations.
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INTRODUCTION

Beamforming means that forming the main lobe ia threction of the desired signal and suppresshgg t
interferences in other directions, which is theasapon of the sources, or multi-user separatidnadly [1]. In recent
years, multi-user separation, especially blind seweparation has received considerable attemtioornmunication
system because of its robust performance in unknsignal separation, which is necessary to introducee
information. Blind separation can be used to rec@w@urces from their linear instantaneous mixtunéhout
knowing the transcendent knowledge of the signatet for their statistical independence. Now satwhave also
put forward many proposals in this area[2][3][4pwkver, the separation performance of many algostfor the
coherent sources is poor.

Based on the previous researches, we know thatat@mathe sources can be achieved with usingitheksteering
vector, achieved by DOA estimation. Therefore D@Areation of the coherent sources is a key prebmyinvork for
blind separation. Space smooth technique [5][@& more useful decoherence algorithm with dimensamtuction
currently. It has less calculation and is easyrplément, but the decoherence is at the expertbe oumber of array
elements to the array. Due to the loss of arraytape, the number of coherent sources that calistiaguished will
be reduced. A forward and backward spatial smogtlatgorithm improved is proposed[7], which taked fu
advantage of the information of the various subrixigtauto-correlation and cross correlation in@rtb enhance the
resolution of the algorithm, so that the effectgerture of the array can be reduced to the minintliowever, in the
case of uniform linear array, forward and backwspdtial smoothing method requires at least 2N atayents for
the DOA estimation of N coherent signal sourced, ggrformance of the algorithm is poor in the |oMRS

Consider the deficiency of above algorithms, a m@@A estimation and blind separation algorithm ohent
signals based on Toeplitz matrix reconstructioprigposed in this paper. This algorithm arrangegé¢keive data’s
correlation function of each array element andregfee array element (that is the first array eldnén form the
Hermitian Toeplitz matrix first. Then through thagular value decomposition of the matrix the signdbspace and
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noise subspace can be get, in this way the diregtator of coherent sources for beamforming véllghieved. The
algorithm has good performance of separation withdomplexity and strong ability to distinguish esént sources.

EXPERIMENTAL SECTION

Narrow-band signals model

Consider N far-field narrow-band signals are inoiden an array antenna, which the element numbisrdf Assume
the number of array elements is equal to the nurabehannels, namely the signals received by agtagnent are
transmitted from each channel to the processoicwtieals with the data received from M channels.

Under the assumption above, the signals can bessgd on complex envelope as:
(1) = y(y eV (@)
s(t-1)=y(t-1) d@t-n+(t-) @

Where, U (t) denotes the magnitude of the received sig@t) is the phase, andy, = 277f . Assumer is the
signal delay time, thus

u(t=r)=u(t) 3)

Pt-1)=¢(1) )
According to the above formula we have:

s(t-1)=s(d e’ i=1,2,--, N (5)

The above equation shows that for narrow-band S'@(nb) , when the delay is much smaller than the reciprafdhe

bandwidth, the role of delay is equivalent to fhestdelay of the signal’s complex envelapét) on the array element

conversed into a phase shift, and the change ofitaig can be ignored. This conclusion is a verpantant role in
array signal processing.

As we all know transmission environment is very pticated, and its rigorous mathematical model nexpuia
complete description of the physical environmentwever, above approach is not conducive to therigigo. In
order to get a more useful parameter model, we siogilify the wave transmission hypothesis. So sguae that:

(1) Receiving array element is in the far fields gignal can be approximately considered a planve wa

(2) Transmission medium is lossless, linear, naiieration, homogeneous and isotropic.

(3) Geometry of receiving array element is muchlEmthan the wavelength of the incident plane wavel the array
element is no orientability, so the receiving aresgment can be approximately considered as amorig

(4) The spacing of receive array element is mugdelathan the size of array elements, the intevadietween array
elements can be ignored.

Based on above assumptions, an uniform linear asrajjowed in Fig. 1. For a stable signal s(t)uassthat the
received data vector of first array element is:

s(t)

Fig. 1 Uniform linear array model

x(t) = s()+ n(P ©)
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Then the second array element receives the sigjtia dame time is
jz—nd sin(@ ) (7)

%) =x(t-1,)=gfe +n()

, the distance between adjacent array antengh, id is wavelength of source signals, and

Where, T, = %

Hi is the DOA of § (1). Similarly, the signals received by the other arements can be also achieved, and these
signals are arranged in a column vector,

x®] [ O | rnw]|[ Y ] n(Y

-j2rdsin@ ) <j 218 sin@ )
x40 _| she’ N Qfo = ¢ () + w}ﬂ -
Xu (D] | sty ™mzmsne || n, ()] | gl ™M) n, (9

For N signal sources, assume the incident direstispectively if &, 8,,--- 6, ], then the above equation can be
turned into :

L L L] [s0] [
e—err%sin(Bl) e—j 274 sing, ) e—j 27 singy ) t n.(t

X(t) = X%F)+ 4) €)
_éﬂMAﬂ@ymm gl M-V sing ) i M- D2 s, i s, (1) n,, (t)

Be expressed on matrix form as:
X (t) = AS(t) + N (t) (10)

Where, A is the steering vector matrix.

Coherent signals model
When considering many signals, there are threeilphisss for the relationship between these signalbt relevant

(ie, independent), relevant or coherent. For tvadighary signals (V), %(t) their correlation coefficient can be
defined as:

E[s(9s()]

= (11)

EECAEESH

By the Schwartz inequality, we know tﬂ{ﬂik| <1, therefore, the correlation between signals isndefas follows:

ik

o, =0 S(t) ands (t) are independent
0< |,0ik| <1 s(t) ands(t) are correlate
,oik| =1 S(t) ands (t) are coherent

According above definition, when the signals arderent the mathematical expression is: the diffezevalue
between the coherent signals is a complex constastiming that there are N coherent sources,ghat i

s(h=as() i=12,--N (12)

2689



Ling Tang J. Chem. Pharm. Res., 2014, 6(6):2687-2696

Where,sj(t) is generation source, because it generates N autggmal sources incident on the array.
Into (10), we get the mathematical model of cohesenrces:
al

a
X =Al 7 |s()+N({O)=Ass()+N() (13)
aN
Where,0 is N X1-dimensional vector formed by a series of complexstants.

DOA estimation based on Toeplitz matrix reconstruction
In this section, the general condition is giverpSse that there are M antenna in a uniform liaeay(ULA) and N
unknown sources, its structure and received dattoware shown in Fig. 2, then the received sign@ksach array

element respectively i§(t), X (t),--- X,_,(t). The noise is Gaussian white noise, which the pafés o’ and
noise and signals are independent, Sktheeceived signal is shown as follow[10]:

s(9

/7

% L.
N e |

(1) Xa(1) Xn(1) X4 ()

Fig. 2 Approved Linear Array Model

N
— T iZfdksin(@) _
X ()= s(he” + ()= AMKIs(D, s §OT + n(» (14)
i=1
Wheres (t) denotes theth signal sourcen, (t) denotes white Gaussian noise on kth array elemente ")
denotes thekth line and theith column of data of steering vector matrix A,
A=[a(8),a(b,), -, aby)] (15)
fjﬂsing‘ -jM 71)@ sing T
Where a(g)=[lLe * ,--,e 4] stands for the steering vector ol of S(t) .

A(K) (k=1,2,-- ,M)in (14) denotes all the elements of steering vactoin the kth line.
Autocorrelation matrix of received signals is definas [3]:

R=E[XX"] = APA" + ¢?| (16)

Where, P = E[SSH] is autocorrelation matrix of source signats? is the power of noise. Superscript T and H
expresses respectively transposition and conjugatsposition.

Do eigen-decompositionR = UXU " a7

WhereU is eigenvector matrix, diagonal matri¥X which formed by the eigenvalues is:
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r= y (18)

And the eigenvalues satisfy the following relatioips
AN,z 2 A >, ==, =0 (19)

N+1

Two diagonal matrices are defined as follows:
/11 AN+1

N+2

Z,= . . 2= ’ (20)
A A

Where 2 is diagonal matrix formed by large eigenvalugg, is diagonal matrix formed by small eigenvalues.
Then the eigenvector matrix corresponding to eighres is divided into two parts: one is signal galee
Us =[e., &, -, §] with large eigenvalues, the other is noise subspge=[€,,,;, €1 §,] with small
eigenvalues. Thus (17) can be expressed as:

R=YAge"+ > Aegd =[U,U,]2U,UJ" =uZ U +0U Y | (21)

j=N+1

For the ideal case of independent signal soureeartay covariance matrix R has the Toeplitz stimgctBut in reality,
due to finite snapshots and system deviation, laagtesence of coherent sources, the Toeplitz gyoplecovariance
matrix R is damaged, generally matrix is diagondthyninant, which thus affects the performance @Albased on
covariance matrix decomposition. In this paperew oeplitz matrix is reconstructed from correlatimnction,

which is extracted by the received data of eachyagtement, in order to achieve the purpose of lier@mce.

We can get the received data vector of the firstyaglement through (14):

(1) = Zs(t) +n()=AQS" + n() (22)

Correlation function is defined as follows:
r(k =1)=E[x X']= AQ)E[SS"]A"(K + 0’1 = AQRA"(K) +0°l (23)

Where,R is autocovariance matrix of signal sourc&s=[s, s, -+, §]' . Whenk changes from 1 to M, the
correlation vector received [$(0),r (1),-- r M - 1)], and

[r(0).r (@) r M -DI=AQR A" (DA" (2);- A" M )] (24)

It is obvious that the data vector contains allittiermation of sources. The matrix formed by Mretaition functions
as:

r(0) r() o rM-1)
R - r(:—l) r(:O) rMm :_ 2) (25)
r-m+1) r(-M +2) - r (0) Vix M
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and r(-k) =r’(k) . It can be proved thaR. is Mx M Hermitian Toeplitz matrix. With the singular value

decomposition (SVD) oR_ , signal subspadd¢and noise subspadd,, can be obtained. Then the sources’ DOA
can be established by spectral peak searchingsgdwrum estimation formula is:

_ 1
PMUSIC - H H (26)
a" (BUnUn a(b)
The angle corresponding to the maximum pointspatsal peaks is at the incidence direction ofalign
y(®)
Transducerb » W, Z >
b Output
f /
Transducer\l | Wl
[ A
| /7 .
[ .
Transducer M-1 P :
[
I : g Waa
o
I
Adaptive
signal |«
5| rocessor

Fig. 3 Beamformer system

Beamfor ming and blind separation

The physical meaning of beamforming is that althoagay antenna pattern is omnidirectional, butdihection gain
of received array can be adjust to the desirecttiine after the weight sum of the output of thegyequivalent to the
formation of a beam. As shown in Fig. 3, the badéa is to complete the "orientation" by adjustihg weighting
coefficients.

Where W:[WO,Wl,m,V\{V,_l]H, thus the output is:

YO =W = > Wi, (9 @)

In this paper, the multiple-input multiple-outpytstem by the composition of N-beamformers is shawkig. 4.
According to the basic concept of the beamfornter ,dutput of each beamformer is:

Y, =w'X, (ei=1..N) (28)

WhereW. denotes thdth complex weight vector of beamformer.

Array 1 % Y,
Array 2 % X Wz Y

Y

Fig. 4 Multi-user beamformer system

Now the question is, how to make each beamformgaubto lock a signal source by adjusting all & theight vector
w under an optimal rule, in the condition of withdumowing the steering vector and the transcenkieotvledge of
the signals.
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Based on the estimated steering vector of eactcsowgctor, then beamforming is achieved, which sgpa the
individual user signals. The minimum output enerdyOE) criterion which has important applications in
communications and radar signal processing is usdgtamforming to design the weight vectgr the sampled
signals are expressed as discrete form, considétengverage of the output energylbysnapshot being minimum,
namely:

1l R
min=> |y(®) f = min=% "X ¢)1 (29)
w L wo L
The autocorrelation matrix of signal vectdt(t) is:

R L
R, = %Z X ()X () (30)
t=1

Then MOE criteria corresponding to (28) can bedfamed to:

L L ~
min%zw(t)f: miny" %ZX X" ¢)w=minw'R w (31)
W t=1 W t=1 W
When N - oo,
1l
E{ W9 1% :“LrmeZ] ¥ =w'R,w (32)
t=1

Equation (10) is discretized and then into aboweag&qgn:

E(I MO} =Bl (X3 w'd6)|”+ iE{I sOOFHwW'a@) " +o°|w[* (32)

Seen from above equation, the first is the desiigiohl, interference signals is the second anthiletterm is additive
noise. The weight vect satisfies the constraints:

w"a(g,) =a" (8,)w = 1(beamforming) (34)
w"a(8) =0, =1,--,J )(null form) (35)

The beamformer will only achieve the desired sigadiile reject all other interference signals. ®ifere, the best

design of beamformer becomes making the outpu'ggnE»{| w( t)|2} minimized under the above constraints.

Solve the optimization problem with Largange algori. Then objective functiod (W) can be constructed according
to (32) and (34):
J(w) =w"R w+A[L-w"a(8,)] (36)

WhendJ(w) /0w =0, thus:
Wopr = A R;ia(ed) (37)

Insert W, to the constraint (34) can be obtained,
1
A=— = (38)
a” (&)R.a(6,)

A is inserted into (37), eventually the beamformetrfgom output energy minimization is

R.a(6,)

X

* " a(g,)Rla6,)

(39)
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Consider the Toeplitz property of covariance maRifor coherent signals will be damaged, the mategds to be
reconstructed in order to achieve the purpose oblierence. Autocovariance matrix after reconswucts R,

steering vectoé(é{) of the source can be obtained from above DOA efitmaso the optimal weight beamformer
optimal weight is:
S s )

i AH -1a (40)
a"(g)R*%(q)

Algorithm Summary

Based on above analysis, the process is expresdeticavs:

1. Generate the received data of the first arl@ayent according to (22).
2. Build correlation functiorr (k —1),k =1,....M .

3. Form Hermitian Toeplitz matriR, through (25).

4. Establish signal subspdde by singular value decomposition . .
5. Estimate coherent signals’ DOA by spectral pgsseching.
6. Obtain the optimal beamforming weight vecwirthrough (40).

In addition, for the performance evaluation of disource separation algorithm, we take the coroslapefficient of
the separated signgl, and the corresponding source sigsfe\las a measure [12]:

|E(Y §)F
E(y F)E(s )

p; = (41)

If P = 1, indicating that the ith separated signal andjthesource signal are identical. Thus the estimatioorés

inevitable, Pj can only be close to 1, and the more the valuecampes to 1, the better the separation performiance

RESULTSAND DISCUSSION

Consider a linear array of eight elements expoeesbtne coherent sources. The spacing between atjacay
antenna is half the wave length. The noise is agdithite Gaussian noise, which power is 1.

DOA estimation of coherent sources
Consider four coherent sources arriving frorb0 ,— 30,10 , 40, the corresponding fading factor margin is

1,0.9,0.8,0.’, signal to noise ratio are 20dB, 512 snapshots, 180 times Monte-Carlo experiment. As shown in

Fig. 5, the spatial spectrum of reconstruction atgm based on Toeplitz matrix forms a more shagpkpin the
direction of the source, and can accurate DOA bEoent sources more accurately.

DOA estimation deviation as SNR changes

Three coherent sources arriving frod0 ,10°,20, the corresponding fading factor margin1s0.9, 0.£, signal

to noise ratio changes form 0dB to 20dB, we cateltaevery 1dB, and 100 times Monte-Carlo expernim&he result
of simulation is showed in Fig. 6. It can be semf Fig. 6, under the circumstances with differgighal to noise
ratio, the proposed reconstruction algorithm basedoeplitz matrix maintains a smaller estimatiewidtion.

Testing separ ation perfor mance of each source
Consider three coherent sources arriving fre80, 15, 30, the corresponding fading factor margin is

1,0.9,0.¢, signal to noise ratio are 20dB, 512 snapshoig. 7Hs array pattern corresponding to three oupouts.

From the figure, we see the algorithm can sepaath source, and obtain a greater gain in thetatireof useful
source, thus has a deep nulling in the directioth@fother sources. And the correlation coeffidenftevery isolated

signal and responding source signal are 0.99289. 0.996, which means the performance of separatigonasl.
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Relationship of output SNR and signal angle

Assuse three coherent sources, the angle betwgreaisthanges form to 40 , we calculate it everfi; . The result

of simulation is showed in Fig. 8. From the figunee can see that the algorithm is stable, and h&rag output
signal to noise ratio.

1
120+ - 04 i
08 J
100+ | _
207} J
g 2
T sof ] = 08¢ _
2 2
§ s 05 1
& 60f 4 2
g 2 DAW—M—G—G—G——@%—G—G{
5 £
& a0} i 7 03p i
02r J
20+ |
oAt |
0
%0 20 20 o 20 20 50 0 2 4 B 8 SN;&E) 12 14 18 18
DOA(degree)
Fig. 5 DOA estimation of coherent signal sources Fig. 6 DOA estimation deviation with SNR

Relationship ofinput SNR and output SINR
Consider three coherent sources arriving froi80’, 15, 30, the corresponding fading factor margin is

1,0.9,0.§, 512 snapshots. It can be seen from Fig. 9, wheinput SNR increases, the average of output S$NR

also growing, which means the better stable perdimca of the algorithm. The output of each beamfoae capture
a user signal, suppress remaining signal as imégrée signal. And the algorithm also has a highgrut SINR in the
case of low input SNR.
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Fig. 7 Array pattern of each source
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Fig. 8 Relation of output SNR and signal degree Fig. 9 Relation of input SNR and output SINR
CONCLUSION

On the research of DOA estimation and blind searatlgorithms of coherent sources, a new separatigorithm

based on Toeplitz matrix reconstruction is propasethis paper, through arranging the receive data'rrelation
function of each array element and reference agtament to form the Hermitian Toeplitz matrix fazabherence,
then steering vector of coherent sources can bievashby spectral peak searching in the purpodeeaiforming.
The algorithm can estimate signals’ DOA quickly arapture the desired weight vector, so it has addadind

separation to coherent sources. The simulationltseguicates the effectiveness and robustneshefpropose
dalgorithm.
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