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ABSTRACT

This paper investigates the possibility estimating the direction of
arrival (DOA) in a system identification perspective. The system
is modeled as an autoregressive (AR) process and extended
Kalman filter (EKF) is used to estimate the DOA, which forms a
state of the augmented state vector of the EKF. The states
generate the signals at a linearly phased array. Simulation results
demonstrate the feasibility of the approach to estimate DOA to a
reasonable degree of convergence especially at high SNRs.
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1. INTRODUCTION

The problem of estimating the direction of arrival of plane waves
sampled by an array of sensors has extensively been investigated
in the last decade[l]. Array signal processing has found
important application in diverse areas such as radar, sonar,
communication and seismic exploration. A problem central to the
sensor array processing is the estimation of direction of arrival
(DOA) of the signals [2]. Recently high resolution methods for
this type have captured the attention of many researchers [2].

In this paper, the DOA estimation is viewed as a system
identification problem. A recursive estimation system
identification procedure based on extended Kalman algorithm is
applied, which leads to an iterative solution to the DOA problem
[2]. The application of Kalman filtering requires signal
modeling by dynamic state equations and the assumption that
the stochastic process involved is gaussian. Despite its
generality, the KF has found limited application in sensor array
processing, because it needs a precise modeling of the process to
be estimated.

In a stochastic environment, the Kalman filtering is one of
the best linear estimators. The KF can be readily used to
estimate the states of a linear model with known
parameters[4,5].If the model turns out be non-linear , a real time
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Taylor approximation of the system function at the previous state
and that of the observation function at the corresponding
predicted position is considered which is the extended Kalman
filter[4]. This EKF has already proved to be an effective tool for
both state estimation and adaptive parameter identification [4,6-
7].

The organization of the paper is as follows. In section 2 our
approach in obtaining an AR model for the sensor array
processing is explained. The EKF based algorithm for joint state
and parameter estimation is explained in section 3. The
simulation results are discussed in section in section 4. Finally a
summary of the results is made and conclusions are drawn in in
section 5.

2. MODELING
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Fig. 1. Incident signal and sensor array

We have an incoming plane wave in a white noise
background.The data vectorX(n)represents the data received by
an array of N sensors and M is the total number of snapshots.
The signal vector at a sensor can be decomposed in to
Xp(k)=SX,(k—1) where S is a function of the parameter that

enters non-linearly in to the model and S=[a; a, . . an].

The AR coefficients a; to an are obtained from a finite set of
measurements of the signals impinging on the first sensor and

m
Xn(k) = Z ajXyy and Xp,q(k) = xl(k)e121:sm 8d/A
-1

, where d is the inter element spacing, A is the wave length of
the signal and © is the physical direction of arrival of the
incoming plane wave.

Thus the system matrix can be formed as
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The system can now be modeled as follows
Xy(k) X1k -1)

X5 (K) X1(k - 2)
X3(K) | = Ak(0)] Xk -3)

X (K) X1(k - N)

3. THE EXTENDED KALMAN FILTER
SYSTEM IDENTIFICATION

In this paper the EKF is applied to estimate the state vector,
which contains DOA as its component. That is DOA is estimated
in an adaptive manner. The unknown parameter DOA is not
considered as deterministic. If 6.1 = 6 = 6 the variance is zero
and the EKF procedure only yields 0y = 6,1 for all k independent
of the observation data and this does not give any information on
Ok. By using variance in parameter Oy as zero, the unknown
system parameter cannot be identified via EKF method.

The adaptive DOA estimation problem in the extended Kalman
filter sense, is formulated in the following manner. Suppose the
system state space description

Xir1 = Ak (O X + W€y (i)

Yy =Cr (0 )X, +my s considered where

X, €R" s the state vector , Y, € R" is the output vector , &

and m ¢ are uncorrelated gaussian white noise sequence with
zero mean and gaussian distribution having covariance matrices
designated by Q & R respectively.

In this application the objective is to identify 6 and hence it is
considered as a random vector such as 61 =6k +¢ (i)

¢ k IS any zero mean gaussian white noise uncorrelated with 1
and with pre-assigned positive definite variances Var(s x ) =S« .
Now the system (i) together with assumption (ii) can be
reformulated as the non-linear model

{Xku} _ {Ak(ek)xk} +|:Wk(ek)§k:|

Ok41 Bic &K
S X
Yk = Ckek 0[ Ok:|+T]k

\?k = X(k) ,thus the measurement function h=1.and the extended

Kalman filter procedure is applied to estimate the state vector
which includes 6 ¢ in an adaptive way.

3.1 Algorithm for Adaptive Estimation of 6[8].
Fork=1,2....
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|:Xk,k1:| _ |:Ak—1(ek—1)xk—1:|

Ok | O 1

1o}
A =| Ak1(Ok-1)Xk1 %{Ak—l(ek—lxk—l}
0 |

Pek 1= APy 1A + M where

M :|:Wkl(ekl)le(Wk1(le))T 0 }
0 Sk-1

Gk = Pk,kfl Ck(ekyk,l) 0 TS where
S= Cy(Okk1) OPix1 Cu(Ors O+Ry "

Pk = 1 -Gy Ck(Ok,k-1) 0 Pys

X Ky k-1 ;
{ek}{e +Gk Yie = CiO k1) Xk .
k kk 1

4. SIMULATION AND RESULTS

Simulated data are used to evaluate the performance of the
algorithm described in 2 and 3 respectively. A uniform linear
array of 8 sensors as shown in figure 1 is used. To implement the
EKF algorithm for parameter estimation, the state vector is
augmented with the parameter 6, which is the angle of arrival.
Four sources with different DOAs ( -40° 22° 30° and 60 ° )
were selected and white noise of different powers were added to
the source signals to achieve suitable noise levels. Figures 2-5
demonstrates the convergence of the estimated DOAs with actual
ones. Figures 6-9 show RMSEs and CRBs of the DOA estimates
for the model discussed in section 2. Each point on the plot is
obtained after hundred montecarlo simulations. The tuning of the
process noise covariance Q and observation noise covariance R
is done manually and are set to fixed values and do not form part
of the estimation process in the EKF recursions. Although the
use of fixed values may produce questionable convergence
results, it has not created any problem in the results presented in
this paper

RMSE/CRB

H
i

i I i

| | fr il | o fe b 1

6 | | | INEEEER | | IR

10 10° 10°
Number of snapshots

Fig.2 DOA estimation RMSEs and CRB verus number of
snapshots for true DOA= -40 deg
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Fig.3 DOA estimation RMSEs and CRB versus number of
snapshots for true DOA= 22 deg
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Fig.4 DOA estimation RMSEs and CRB versus number of
snapshots for true DOA= 30 deg
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Fig.5 DOA estimation RMSEs and CRB versus number of
snapshots for true DOA= 60 deg
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Fig.6 DOA estimate versus the number of samples for true
DOA=-40 deg at SNR=-5
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Fig.7 DOA estimate versus the number of samples for true
DOA= 30 deg at SNR=0
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Fig.8 DOA estimate versus the number of samples for true
DOA= 22 deg at SNR=3
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Fig.9 DOA estimate versus the number of samples for true

DOA= 60 deg at SNR=5

5. CONCLUSION

In this paper we have attempted to treat the DOA estimation as
a system identification problem. The key to this algorithm is the
use of AR for modeling and EKF for system identification. The
DOA estimation is done in the presence of modeling error. The
estimation is a two step procedure where, at first a parameterized
state space realization of the array model is identified and then,
the DOA parameter is extracted from the identified parameter. It
is seen that the model along with the EKF algorithm gives better
convergence to the true values, even at low SNRs. Further the
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CRB and RMSE plots demonstrate that the results are promising.
The estimation procedure adapted can be extended to broad band

and arbitrary signals.
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