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Abstract— Source direction of arrival (DOA) estimation is one
of the challenging problems in a variety of applications, such as
communications, radar, sonar, and seismic exploration.
Several methods based on maximum likelihood (ML) criteria
has been established in literature. Generally, to obtain the
exact ML (EML) solutions, the DOAs must be estimated by
optimizing a complicated nonlinear multimodal function over a
high-dimensional ~ problem space. Bacteria foraging
optimization (BFO) based solution is proposed here to compute
the ML functions and explore the potential of superior
performances over traditional PSO algorithm. Simulation
results confirms that the BFO-EML estimator is significantly
giving better performance at lower SNR compared to
conventional method like MUSIC in various scenarios at less
computational costs.
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I.  INTRODUCTION

DOA estimation is an important problem in the fields of
radar, sonar, radio, astronomy, under water surveillance and
seismology etc to estimate the source location. One of the
simplest versions of this problem is the estimation of the
directions-of-arrival (DOAs) of narrow-band sources where
the sources are located in the far field of the sensor array [1,
2, 3]. Many high resolution suboptimal techniques have
been proposed and analyzed, such as multiple signal
classification (MUSIC) [4], the minimum variance method
of Capon [5], estimation of signal parameters via rotational
invariance technique (ESPRIT) [6] and more [7]. These
techniques give better performance at high SNR only. The
ML technique is used here because of its superior statistical
performance compared to spectral based methods. The ML
method is a standard technique in statistical estimation
theory. A likelihood function can be formulated easily if we
know the observed parametric data [8], [9]. The ML
estimate is computed by maximizing the likelihood function
or minimizing the negative likelihood function with respect
to all unknown parameters, which may include the source
DOA angles, the signal covariance, and the noise
parameters. Since the ML function is multimodal, so direct
optimization is seems to be unrealistic due to large
computational burden. So main contribution is to reduce the
dimensionality by taking some assumptions on signal, noise
and array structure. There are different optimization

techniques available in literature for optimization of ML
function like AP-AML [10], simulated annealing (SA) [11],
genetic algorithms (GA) [12] fast EM and SAGE algorithms
[13] and a local search technique e.g. Quasi-Newton
methods. GA is one of the most powerful and popular
global search tools; however, its implementation is
somewhat difficult due to slow convergence. All these
techniques have several limitations because of
multidimensional cost function which need extensive
computation, good initialization is also crucial for global
optimization and we cannot guarantee that these local search
techniques always have global converge. The evolutionary
algorithms like genetic algorithm [14], particle swarm
optimization and simulated annealing [11], [15], [16] can be
designed to optimize the ML function. Genetic algorithm
[12] and particle swarm optimization [17] had already used
as a global optimization technique to estimate the DOA for
uniform array. In this paper, the bacteria foraging
optimization algorithm is applied to ML criterion functions
for accurate DOA estimation in uncorrelated Gaussian
noise. Recently BFO algorithm has been successfully
applied in different applications and shown that it is giving
better performance compared to different constrained PSO.
Due to multimodal, nonlinear, and high-dimensional nature
of the parameter space, the problem seems to be a good
application area for BFO, by which the excellent
performance of ML criteria can be fully explored.
Strategically pairing PSO with EML has the desired
advantages over Newton-AML based schemes because of
BFO-EML is expected to offer higher quality estimates,
BFO has a better chance to attain the global optimum and
BFO is less sensitive to initialization, however, a good
initial guess speeds up the computation. All these features
make BFO more attractive for direction finding
applications. Via extensive simulation studies, we
demonstrate that with properly chosen parameters, BFO
achieves fast and robust global convergence over PSO and
MUSIC.

II. DATA MODEL AND MAXIMUM LIKELIHOOD
ESTIMATION PROBLEM

A major application of sensor array signal processing is the
estimations of parameters of the impinging signal to the
array. Parameters to be identified include number of signals,
magnitudes, frequency, angle of arrival (AOA), distances



from the sources, and speeds of signals. Of all these
parameters, the DOA estimation is has been paid most
attention, especially in farfield signal applications, in which
case the wave front of the signal may be treated planar,
indicating that the distance is irrelevant thus, the topic of
current research is also focus on DOA estimation using far-
field source consideration. There are two categories of ML
are deterministic ML and Stochastic ML depending on the
model of assumption on the signal waveform. Deterministic
ML algorithms assumes that the signal waveform is
deterministic but unknown, while the stochastic ML
algorithms assumes that the signal waveform is Gaussian
random processes. Both classes of ML algorithms assume
zero mean Gaussian random noise. Let us consider an array
of M WSN nodes are distributed in an arbitrary geometry
and received signals form N narrow band far-field signal
sources at unknown locations. The output of sensor nodes
modelled by standard equation as

x(i) = A®)s() + n(i),i=1,2....L. (1)

Where s(i) is the unknown vector of signal waveforms, n(i)
is unpredicted noise process, L denotes the number of data

samples (snapshots). The matrix A(8) has the following
special structure defined as

A(®)=[a(01), .. . a(by)] 2
Where a(0) is called steering vector and © = [01, 62, . . ., 6,]"
are the parameters of interest or true DOA’s. The exact form
of a(B) depends on the position of the nodes in sensor
network. Further, the vectors of signals and noise are
assumed to be stationary, temporarily white, zero-mean
complex Gaussian random variables with the following
second-order moments given by

E[s(i)s(y)"] = S6ij and E[s(i)s()"]=0
E[n(i)n()"] = c’I5i and E[n()n()]=0 3)

Where &jj is the Kronecker delta, (‘) denotes complex
conjugate transpose, (-)T denotes transpose, E(-) stands for
expectation.

A. Maximum Likelihood Estimation

In many applications it is appropriate to model the signals as
stationary stochastic processes, possessing a certain
probability distribution. Then by far most commonly
advocated distribution is the Gaussian one. Not only is this
for the mathematical convenience of the resulting approach,
but the Gaussian assumption is also often motivated by the
Central Limit Theorem.

Under the assumptions taken above, the observation
process, x(i), constitutes a stationary, zero-mean Gaussian
random process having second-order moments

E[x()x(i)"] = R = A(0)SAM(0)+6°1 0))

In most applications, no a-priori information on the signal
covariance matrix and the number of sources are available.
But here in this work we assume that the number of signals
are known to us. The problem addressed herein is the
estimation of © along with the parameter in S and o*(noise
power) from a batch of L measured data x(1), . . ., x(L).

Under the assumption of additive Gaussian noise and
complex Gaussian distributed signals we can have negative
log likelihood function [3], [17] is given as

1(8,S, 0*) = log|R| + tr{R™*R} »)
where R is the sample covariance matrix and it defined as
5 1 N
R=130, x(Dx@)" ©)
The ML criterion function can be concentrated with respect
to S and o*by following [23]-[25]. The stochastic maximum
likelihood (SML) estimates of the signal covariance matrix

and the noise power are obtained by inserting the SML
estimates of & in the following expressions

S(e) = (A" (8)(R— 1) A" (8)) (7a)
& (8) = - Tr{P; (O)R} (7b)

Where A'is the psedo-inverse of A and Py is the orthogonal
projection onto the null space of A"and are defined as

At = (AHA) 1AM (82)
P, = AA' (8b)
Pi=1-P, (8¢)

Therefore the concentrated form of the UML function now
can be obtained by using (7) in (5) as

fenr (8) = log|(A(©)S(0)AY (8) + F(O)I)|  (9)

III. BACTERIA FORAGING OPTIMIZATION

Bacterial foraging is a new evolutionary computational
method proposed by Passino[26]. The idea of bacteria
foraging algorithm is based on the fact that natural selection
tends to eliminate animals with poor foraging strategies and
favour those having successful foraging strategies. After
many generations poor foraging strategies are either
eliminated or reshaped into new ones. The E.coli bacteria
that are present in our intensities have a foraging strategy
governed by four processes namely Chemotaxis, Swarming,
Reproduction, Elimination and Dispersal

Step-by-step of the algorithm
[Step 1] Initialize parameters n, S, N, Ny, Ny, Neg, Pe,
C() (i=1,2...5) , & Where,

n: Dimension of the search space,



S: The number of bacterium,

N.: chemotactic steps,

Nj: swim steps,

N,.: reproductive steps,

N, elimination and dispersal steps,

P, probability of elimination,

C(i):the run-length unit during each run or tumble.

[Step 2] Elimination-dispersal loop: /=/+1
[Step 3] Reproduction loop: k = k+1.

[Step 4] Chemotaxis loop: j = j+1.

[a] For i=1,2...,S, take a chemotactic step for bacteria i as
follows.

[b] Compute fitness function, J (i,j,k,1).

[c] Let Ji.s= J(i,j,k,0) to save this value since we may find
better value via a run.

[d] Tumble: Generate a random vector A(i) € R" with each
element A,,(i), m=1, 2, ..., S, arandom number on [-1, 1].
[e] Move: Let

i i . AL
0l(j + 1k, 1) = 0(j, k, 1) + C(i) J%))Am (10)

This results in a step of size C(i) in the direction of the
tumble for bacteria i.

[f] Compute J(i,j+1 k1) with 8(i+1,k,7).

[g] Swim:

(i) Let m = 0 (counter for swim length).

(ii) While m <N (if have not climbed down too long)

e Letm=m+1.

o If J(ij+1,k1) <, let Jg = J(i,j+1,k,]). then another step
of size C(i) in this same direction will be taken as
equation(1) and use the new generated O!(j+1,k]) to
compute the new J(i,j+1,k,1).

e Else let m = N,.

[h] Go to next bacterium (i+1): if i » S go to (b) to process
the next bacteria.

[Step 5] If j <N, go to step 3. In this case, continue
chemotaxis since the life of the bacteria is not over.

[Step 6] Reproduction:

[a] For the given k and /, and for each i =1, 2, ...,S, let Jpcain
be the health of the bacteria. Sort bacterium in order of
ascending values.

Jrcattn = 2N (), k1) (11)

[b] The S, bacteria with the highest Jie., values die and the
other S, bacteria with the best values split and the copies that
are made are placed at the same location as their parent.

[Step 7] If k£ <N, go to step 2. In this case the number of
specified reproduction steps is not reached and start the next
generation in the chemotactic loop.

[Step 8] Elimination—dispersal: For i = 1, 2, ..., S, with
probability P,,, eliminate and disperse each bacteria, which
results in keeping the number of bacteria in the population
constant. To do this, if a bacterium is eliminated, simply
disperse one to a random location on the optimization
domain. If / <N,,, then go to step 2; otherwise end.

IV. BFO-EML DOA ESTIMATION

Here we describe the formulation of the BFO algorithm[27]
for EML optimization to estimate source DOA’s. At first
initialize a population of Particles in the search space with
random positions and random velocities constrained
between 0 and m in each dimension [17]. The N
dimensional position vector of the /™ particle takes the form
Xj= [0, ..., 0x], where 0 represents the DOAs. A particle
position vector is converted to a candidate solution vector in
the problem space through a suitable mapping. The score of
the mapped vector evaluated by a likelihood function fz;
which is given in (9), is regarded as the fitness of the
corresponding particle. To evaluate the likelihood function
Jfemr required the data from all the elements of the array for
K number of snapshots . K=20, n=2, S=10, N, =20 N=4,
Nie =4 Neg=2, P.4=0.25, C(1)=0.005 are initialized for the
optimization algorithm. By using algorithm particles with
highest health will be obtained. The optimization iteration
will be terminated if the specified maximum iteration
number is reached.

V. SIMULATION RESULTS AND DISCUSSIONS

Here we present a numerical example to demonstrate the

performance of BFO based DOA estimation using (9)
against PSO and MUSIC [4] which is the best known and
well investigated algorithm. The performances of those
methods are compared in two ways: (a) the DOA estimation
root-meansquared error (RMSE), which is calculated as [12]

1 A
RMSE = /NNTM i Y16, (D) — 0a)* (12)

where N is the number of sources, [1,,(1)) is the estimate of
the n™ DOA achieved in the /" run, On is the true DOA of
the n™ source; and (b) the ability to resolve closely spaced
sources known as probability of resolution (PR). By
definition, two sources are said to be resolved in a given run
if both |8, —0,| and |8, — 0| are smaller than |0, — 6,|/2.

A. Example 1

Here our aim is to demonstrate the performance of ML
estimator computed by PSO, BFO algorithm, and to
compare with MUSIC algorithm. We assume that two
equal-power, uncorrelated signals impinge on 8 sensor UCA
from 130° and 140°. The number of snapshots is taken as 20,
and the SNR varies from -20 dB to 30 dB with the step size
of 1 dB taken for simulation. The function fryy is optimized
using PSO and APSO algorithms for 20 snapshots in case of



PSO and BFO, but 1000 snapshots taken for MUSIC.
The Fig.1 gives the Surface of Exact Maximum Likelihood
function fgyp corresponding to 0° to 180° is given in. The
Fig. 2 gives the DOA estimation RMSE values obtained
using PSO-EML, BFO-EML, and MUSIC as a function of
SNR. Fig. 3 shows the resolution probabilities (RP) for the
same methods. Two sources are considered to be resolved in
an experiment if both DOA estimation errors are less than
the half of their angular separation.

As can be seen from Fig. 2 and Fig. 3, BFO-EML yields
significantly superior performance over PSO-EML as a
whole, by demonstrating lower DOA estimation RMSE and
higher resolution probabilities. The accurate DOA estimates
are observed because 1) EML criterion functions are
statistically optimal although computation-extensive, and 2)
the designed BFO is a robust and reliable global
optimization algorithm. MUSIC, on the other hand,
produces less accurate estimates.

to 180°.
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Fig. 2. DOA estimation RMSE values of PSO-EML, APSO-EML, and
MUSIC versus SNR. Two uncorrelated sources impinge on 8-sensor UCA
at 130° and 140°. Number of snapshots is 20.
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Fig. 3. Resolution probabilities of PSO-EML, BFO-EML and MUSIC
versus SNR. Two uncorrelated sources impinge on 8-sensor UCA at 130°
and 140° Number of snapshots is 20.

VI CONCLUSION

In this paper, bacteria foraging optimization (BFO) is
proposed to estimate the DOA using maximum likelihood
function. With newly introduced features matching scheme
and intelligent initialization, carefully selected evolution
operators and fine-tuned parameters, the BFO-EML
estimator achieves fast convergence. Simulation results also
demonstrate that BFO-EML outperforms other estimators,
MUSIC of the DOA estimation RMSE and source
resolution probability, with less computational cost, which
is similar to that of MUSIC, and the result estimates
asymptotically achieve the stochastic CRLB.

REFERENCES

[1] I Akyildiz, W. Su, Y. Sankarasubramaniam, and E. Cayirci, “A
survey on sensor networks,” Communications Magazine, IEEE, vol.
40, no. 8, pp. 102-114, Aug 2002.

[2] J. Chen, R. Hudson, and K. Yao, “Maximum-likelihood source
localization and unknown sensor location estimation for wideband
signals in the near-field,” Signal Processing, IEEE Transactions on,
vol. 50, no. 8, pp. 1843-1854, Aug 2002.

[3] B. Ottersten, M. Viberg, P. Stoica, and A. Nehorai, “Exact and large
sample ML techniques for parameter estimation and detection in
array processing,” Radar Array Processing,Simon Haykin (ed.),
Springer- Verlag., pp. 99—152, Feb 1993.

[4] R. Schmidt, “Multiple emitter location and signal parameter
estimation,” Antennas and Propagation, IEEE Transactions on, vol.
34, no. 3, pp. 276-280, MARCH 1986.

[S] J. Capon, “High-resolution frequency-wavenumber spectrum
analysis.”

[6] R.Roy and T. Kailath, “ESPRIT-estimation of signal parameters via
rotational invariance techniques,” Acoustics, Speech and Signal
Processing, IEEE Transactions on, vol. 37, no. 7, pp. 984-995, Jul.
1989.

[71 H. Krim and M. Viberg, “Two decades of array signal processing
research: the parametric approach,” Signal Processing Magazine,
IEEE, vol. 13, no. 4, pp. 67-94, Jul. 1996.

[8] P. Stoica and A. Nehorai, “Music, maximum likelihood and cramer-
rao bound,” in Acoustics, Speech, and Signal Processing, 1988.
ICASSP-88., 1988 International Conference on, vol. 4, Apr 1988, pp.
2296-2299.

[9] P. Stoica and K. Sharman, ‘“Maximum likelihood methods for
directionof- arrival estimation,” Acoustics, Speech and Signal



[10]

(1]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

Processing, IEEE Transactions on, vol. 38, no. 7, pp.
1132-1143, Jul 1990.

1. Ziskind and M. Wax, “Maximum likelihood localization
of multiple sources by alternating projection,,” Acoustics,
Speech and Signal Processing, IEEE Transactions on, vol.
36, no. 10, pp. 1553-1560, Oct 1988.

P. J. M. van Laarhoven and E. H. L. Aarts, Simulated
annealing: theory and applications (Mathematics and Its
Applications). Springer publisher, 1987.

M. Li and Y. Lu, “A refined genetic algorithm for
accurate and reliable DOA estimation with a sensor array,”
Wirel. Pers. Commun., vol. 43, no. 2, pp. 533-547, 2007.

P. J. Chung and J. F. B'ohme, “Doa estimation using fast
em and sage algorithms,” Signal Process., vol. 82, no. 11,
pp. 1753-1762, 2002.

J. Rodriguez, F. Ares, E. Moreno, and G. Franceschetti,
“Genetic algorithm procedure for linear array failure
correction,” Electronics Letters, vol. 36, no. 3, pp. 196—
198, Feb 2000.

P. J. M. Laarhoven and E. H. L. Aarts, Eds., Simulated
annealing: theory and applications. Norwell, MA, USA:
Kluwer Academic Publishers, 1987.

D. Thompson and G. Bilbro, “Sample-sort simulated
annealing,” Systems, Man, and Cybernetics, Part B:
Cybernetics, IEEE Transactions on, vol. 35, no. 3, pp.
625632, June 2005.

M. Li and Y. Lu, “Maximum likelihood DOA estimation
in unknown colored noise fields,” Aerospace and
Electronic Systems, IEEE Transactions on, vol. 44, no. 3,
pp. 1079-1090, July 2008.

J. Kennedy and R. C. Eberhart, “Particle swarm
optimization,” in in Proc. IEEE Conf. Neural Networks,,
vol. IV, IEEE service center, Piscataway, NJ, 1995, pp.
1942-1948.

“Particle swarm optimization: developments,
applications and resources,” in in Proc. congress on
evolutionary computation 2001,, 1EEE service center,
Piscataway, NJ,Seoul, Korea., 2001.

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

T. Panigrahi, A. Patnaik, S. Sinha, and C. Christodoulou,
“Amplitude only compensation for failed antenna array
using particle swarm optimization,” in Antennas and
Propagation Society International Symposium, 2008. AP-S
2008. IEEE, July 2008, pp. 1-4.

D. Boeringer and D.Werner, “Particle swarm optimization
versus genetic algorithms for phased array synthesis,”
Antennas and Propagation, IEEE Transactions on, vol. 52,
no. 3, pp. 771-779, March 2004.

J. Robinson and Y. Rahmat-Samii, “Particle swarm
optimization in electromagnetics,” Antennas and
Propagation, IEEE Transactions on, vol. 52, no. 2, pp.
397-407, Feb. 2004.

B. Friedlander and A. Weiss, “On direction finding with
unknown noise covariance,” vol. 2, pp. 780-784, Oct-2
Nov 1994.

——, “Direction finding using noise covariance
modeling,” Signal Processing, IEEE Transactions on, vol.
43, no. 7, pp. 1557-1567, Jul 1995.

A. G. Jaffer, “Maximum likelihood direction finding of
stochastic sources: A separable solution,” in in Proc.
ICASSP 88,, vol. 5, New York, April 1988, pp. 2893—
2896.

Liu Y., Passino K.M. Biomimicry of Social Foraging
Bacteria for Distributed Optimization: Models, Principles,
and Emergent Behaviors // Journal of Optimization Theory
and Applications. — 2002. — Ne3 (115). — P. 603-628

Passino K.M. Biomimicry of Bacterial Foraging for
DistributedOptimization and Control // IEEE Control
System Magazine. —2002. — Ne3 (22). — P. 52-67.

De Castro L.N., Von Zuben F.J. Artificial Immune
Systems.Part I. Basic Theory And Applications. —
Technical Report No. Rt Dca 01/99. — Brazil:
Feec/Unicamp, 1999. - 95



