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Abstract—The problem of direction of arrival (DOA) estimation ~ Superresolution algorithms have been successfully applied to
of mobile users using linear antenna arrays is addressed. To re- the problem of DOA estimation to locate radiating sources
duce the computational complexity of superresolution algorithms, with additive noise, uncorrelated, and correlated signals. One

ies.gépn;ruc:gg:;ees gr;alaclr?qzsggicsgovr\llhgmug;(;),bghem(?(%?;dprﬁgilre]g a0f the main disadvantages of the superresolution algorithms

suitable artificial neural network trained with input output pairs. IS that they require extensive computation and as a result
This paper discusses the application of a three-layer radial-basis they are difficult to implement in real-time. Recently, neural

function neural network (RBFNN), which can learn multiple networks have been proposed as successful candidates to
source-direction findings of a six-element array. The network carry on the computational tasks required in several array

weights are modified using the normalized cumulative delta rule. . L . . .
The performance of this network is compared to that of the processing applications [6], [7]. Also, in the DOA estimation

MUSIC algorithm for both uncorrelated and correlated signals. Problem [8], [9], neural network are used in the estimation
It is also shown that the RBFNN substantially reduced the CPU of the noise subspace necessary for the computation of the

time for the DOA estimation computations. MUSIC spectrum by mapping the problem to the quadratic
Index Terms—Antenna arrys, direction of arrival estimation. ~ €nergy function of the network. In this paper, the application
of neural networks to handle the computational problem of
the DOA estimation step is treated from a different point of
view. The DOA problem is approached as a mapping which
OBILE satellite communication systems using freean be modeled using a suitable artificial neural network
quency division multiple access (FDMA) are facindgrained with input output pairs [10]. The network is then
an increasing number of potential users to be served in tt@pable of estimating or predicting outputs not included in
same allocated bandwidth. Multiple reuse of each channtie learning phase through generalization. Moreover, one of
accomplished by the spatial separation of channels assigtieel main advantages of neural networks is that they can be
the same narrow frequency band, is used to avoid co-chanimablemented in analog circuits with time constants in the
interference. Cells with the same frequency are separateddugler of nanoseconds [6], [14] and consequently they have
the reuse distanc® which is directly related to the clusterfast convergence rates. In Section Il, the architecture of a
size C. IncreasingC allows more users to be served in theadial-basis function neural network (RBFNN) is presented as
same geographic area, increases the carrier to interferemedl as the input preprocessing and output post-processing.
ratio but also yields larger reuse distances. Closer proximithe MUSIC algorithm is briefly described in Section lll.
of cofrequency cells or beams allows additional frequendy Section IV the training algorithm used in this paper
reuse [1]-[3] . This can be accomplished through two steps. discussed. Section V presents results obtained from the
First, a superresolution angle of arrival (DOA) algorithmapplication of the RBFNN to the DOA estimation for multiple
multiple signal classification (MUSIC) [4], is used to locatesources with comparisons to the performance of the MUSIC
desired as well as cochannel mobile users. This algorittadgorithm for uncorrelated and correlated signals.
has the advantage of high resolution for signals with small
angular separation (few degrees to few tenths of a degree in 1. RADIAL -BASIS FUNCTION NEURAL NETWORK

many mobile satellite systems) and is known to perform well ppENN's [11], [12] are a member of a class of general-
under low signal-to-noise ratios (SNR’ '

I. INTRODUCTION

CO”J“”CF'O!" with any adaptive array technique [5] so tha(‘;ﬁ;ation networks which can be viewed as an application of an
the radiation pattern of the array is adapted to allocaffyimization problem, RBFNN can be considered as designing
the maximum toward the mobiles of interest while Oth&le o networks as a curve fitting (or interpolation) problem in
sources of interference in the same frequency slot are n“'@%igh-dimensional space. The mapping from the input space
and the system is able to track these mobiles in real tin"tg. the output space may be thought of as a hypersutface

representing a multidimensional function of the input. During
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2 ... K frequency. Based on the information theoretic criteria for
model selection [13], one can estimate the number of signals
K apriori. A neural network approach to this problem may be
the subject of further investigation. A neural network is used
to perform the inverse mapping: CM — RX. The network
is to be trained byN patterns generated from (1) so that
=] T T T
|

Incident waves

it can associate the output vectarl ), s(2), -+, s(N) with

PREPROCESSING the corresponding DOA vectom(1),60(2),---,6(N). Input
vectors s are mapped through the hidden layer then each
z output node computes a weighted sum of the hidden layer
outputs. Thus, we can write for a set of ddta(¢),8(¢)),¢ =
17 27 e 7N}

RADIAL BASIS FUNCTION NEURAL

NETWORK LR, ‘ o
6r(j) = > wih(||s(5) — s()1*)
=1
k:]-vav J:177N (2)
o) wherew? represents théth weight of the network. Using the
Gaussian function foh we can rewrite (2) as
N
INPUT VECTOR Or(j) = Z wé“‘e_”S(j)—S(i)Hz/crg' 3)
Z, Y2 YZINTIOEN i=1

The parameters, controls the influence of each basis
function. Using matrix notation (3) becomes

©=WH (4)

where@ andW (the weight matrix) ard{ x N matrices and
H is N x N matrix.

Since a large matrix is highly likely to be ill-conditioned,
the dimension of may be reduced by selecting the number
of centerss(z) to be lower than the number of data points.
Let the number of centers ble where L < N; it follows that
{5 & o (:\) OUTPUT LAYER w and_H are anK x LandL x N matrices. To derive

- T i the optimal solution for the network weights the least squares
1 1 1 (LS) approach can be used [10] to obtain

o 6, o W =0H* (5)
OUTPUT VECTOR where H* is the pseudo-inverse given by

H" =H'(HH") L. (6)

Fig. 1. Architecture of a three-layered radial-basis function network.

the surface built as an approximation r The architecture  The estimate of the DOA can thus be given as
considered in this paper involves three layers, the input layer PN T 1

(sensory nodes), a hidden layer of high dimension, and an 0=WH=0"(HH")""H. (7)
output layer, as shown in Fig. 1. The transformation from the

input space to the hidden-unit space is nonlinear, whereas fheData Preprocessing

transformation from the hidden layer to the output space isFirst, the array output vectors are generated then trans-

linear. i formed into appropriate input vectors to be presented to the
The array performs the mappir@: R* — C" from the network. The estimation phase consists of transforming the
space of DOA{# = [0, 0, --,6x]} to the space of sensorsensor output vector into an input vector and producing the
output {s = [s1, s2,-- -, sp]}, namely DOA estimate. Since in the DOA problem, the initial phase
K « contains no information about the direction of the incoming
Sy = Z ayel (M (wo/e)dsinbytar) (1) signals, it is eliminated from the training data by forming the
bl spatial correlation matrix?
where K is the number of signalsjy/ is the number of K , , )
elements of a linear array;, represents the complex amplitude Ry = Z pred T odsint/e L SR . (8)

of the kth signal, oy, the initial phase andy is the center k=1



EL ZOOGHBY et al: RADIAL-BASIS FUNCTION NETWORKS FOR DIRECTION OF ARRIVAL ESTIMATION 1613

The last term of the right-hand side of this equation containgth P = E{ss’} is the signal covariance matrix, the
all the cross-correlated terms between signals. Sinceifer superscript H” denotes the conjugate transpose, ahds

m’ R,,m does not carry any information on the D@QR,,,,, = the unit matrix. Note that#’ has dimensionX x K, while
Ele pr), We can rearrange the rest of the elements intof& has dimensionM x M,A; > A2 > A\ > M1 =
new input vectorb given as .-+ X = o2 are the eigenvalues @ ande; are its orthonormal

eigenvectors. The eigenvectors corresponding to the Krst
largest eigenvalues are referred to as the signal eigenvectors
and those corresponding to the minimum eigenvalues are

It follows that the number of input units is given byreferred to as the noise eigenvectors. The subspace spanned
M(M — 1). Note that we need twice as many input nodes : . 9 - P X
the signal eigenvectors is called thignal subspaceand

for the neural network since it does not deal with complexy

. ts_orthogonal complement spanned by the noise eigenvectors
numbers. Hence, the total number of input nodes needed Ts ; .
P is called thenoise subspacelhe matrixR — 021 = APAY

2M(M — 1). The dimension of the hidden layer is equal t?1as the same eigenvectors Bswith eigenvalues\; — o2 for

the number of the Gaussian functiofisthat can be chosen ' .
to be equal toN if perfect recall is desired. Obviously, the® ~ 1,2,---, K, and; = 0 for i > K. It follows that

b=[Ra, -, Ry, Ri2, -+, Ryo, Ry -+ 7RJ\4(1\4—1)]T-

number of output node is equal to the number of sigials o K o
In the simulations performed later, the relative signal power APAT =) (N = 0P)eief 12)
is taken as unity though different power levels do not affect i=1

the procedure of detecting the DOA. The input vector is then Therefore, the signal direction vectors and the signal eigen-
normalized by its norm in the training, testing, and estimatiofectors span the same subspace. This implies that all signal

phases, i.e., direction vectors are orthogonal to the noise subspace. The
b MUSIC algorithm estimates the DOA of th& signals by
z= w (10) finding the values ob corresponding to thé& maxima of the
function
B. Network Training g _ 1 (13)
1) Generate array output vectofs(n),n =1,2,---,N}. MUSIC ™ ARy VH 4
2) Evaluate the correlation matrix of theh array output whereV is the M x M — K matrix whose columns are the
vector {R(n),n = 1,2,--- ,N}. M — K eigenvectors spanning the noise subspacg,dfe.,
3) Form the vectordb(n),n =1,2,.---,N}.
4) Normalize the ins;{)u(t \)/ectors using (4)]; V=lexr exsz oo enl (14)
5) Generate the training s¢b(n),((n),n =1,2,---, N}.
6) Employ an appropriate RBFNN training procedure to IV. NORMALIZED CUMULATIVE DELTA RULE
learn the training set generated in step 5). After experimenting with various learning algorithms, the

The main advantage of using an RBFNN over other aplorm—Cum [11] was used to perform the training. In the
proaches is that it does not require training the network wigiandard delta rule the error is backpropagated to prior layers
all possible combinations of input vectors. For the network there it is accumulated until the first layer is reached and
generalize it is sufficient to perform the training with vectoréen the weights are updated after each training presentation.
that span the expected range of input data, e.g., uniforrflymomentum term is used to smooth out the weight changes.
distributed from—90 to +90 in the simulations reported inIn the Norm-Cum rule, the weight changes are accumulated

this paper. over several training presentations (specified by the Epoch)
and the application of the weight updates is made all at once.
C. DOA Estimation or Generalization Phase When a learning counter reaches an integer multiple of the

eflccumulation period in the epoch, the accumulated weight
ol- . . ) ;
changes are applied to the connecting weight. The learning
rate is normalized (divided by the square root of the epoch
size).

1) Evaluate the sample correlation matrix using the ¢
lected array output measurements.
2) Form the vectors.
3) Produce the normalized input vectors.
4) Present input vectors to the RBFNN and obtain the V. SIMULATION RESULTS
estimate of DOA.
A. Uncorrelated Signals

[ll. MusIC ALGORITHM . . .
In the simulations performed, an array/df = 6 elements is

Assuming that the signals received at the different sensefseq, therefore, the dimension of the input layer was set to 60
are contaminated with statistically independent white noise gges. A hidden layer of 50 nodes was chosen. In Fig. 2, the
varianceo?, it follows that the received spatial correlationyrray receives two uncorrelated signals with different angular

matrix R of the noisy signals can be rewritten as separationgAf = 2° and5°) where the DOA were assumed
M to be uniformly distributed from-90° to +90° in both the
R=APA" + 521 = Z Aicgel! (11) training and testing phases. Two hundred input vectors were

i=1 used for training. For the testing phase 50 input vectors were
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Fig. 2. DOA estimate versus number of samplésising RBFNN. Source 1 90 T T T T
is varied from—90 to 90, while source 2 is®’5and 2 separated from source 1.

80} solid: exact AQA o

x: MUSIC

used for the network simulated withé = 5° and 100 input  7o- RBFNN .
ol

vectors for all the rest of the networks. For all networks a
learning coefficient of 0.3 was used for the hidden layer ang eor
0.15 for the output layer while the epoch size was set to 1@,50_
The width o, of the Gaussian transfer function is set as the?
root mean square (rms) distance of a specific cluster center g0
the nearest neighbor cluster center(s). The results show that the |
network successfully produced actual outputg {ery close
to the desired DOA (dotted). DOA obtained from the MUSIC 2t
algorithm are shown in Fig. 3 and compared to those obtained
from the RBFNN method foA@ = 5°. Also, the error in the  1°f
DOA estimate of the two incoming signals (sources) is plotted.
Fig. 4 shows the results obtained from MUSIC in the case of °
2° angular separation. It can be concluded from Fig. 3 that
the performance of the RBFNN method approaches that of tFie- 3. (a) DOA estimates Versusrrgumber of samplesising MUSIC for
MUSIC algorithm. Fig. 5 shows a network trained with inpu_fonr ﬂga&gfsﬁéxnzllsr\?:gj;ngg) é)r;p'aﬁig)oEgg;&g;ﬁ%’ﬂg%%ﬁfgﬁﬁm
vectors generated from two signals with angular separatiefimates for an array of six elements ahd = 5°.

of 3° and tested with a set of data generated from signals

with Af = 1.5°. This shows that the network improved its \oreover, the training was performed with data derived
performance through generalization and yielded satisfactafym ideal signals (assuming the absence of noise) whereas
results. Since the maximum number of signals that an array gga testing was performed with data contaminated with ad-
resolve is bounded by the number of its elements, a netwqffive Gaussian noise to simulate real measurements. For
with six output nodes was trained and tested with six Sig“f’ﬁémparison, DOA obtained from MUSIC and RBENN as
incoming from sources at different angular separations. TRl as the error in DOA estimation for correlated signals
performance of this network is shown in Fig. 6 . are plotted in Figs. 7 and 8, respectively. The RBFNN out-
performed the conventional MUSIC yielding smaller error.

In this case, the correlation matrix approaches a singular
In many applications, the signals received by the arrayatrix. Although the performance of the MUSIC algorithm
are correlated or coherent (perfectly correlated). To study thader correlated signal environment can be improved using
effect of such cases on the performance of the neural netwgskeprocessing scheme such as spatial smoothing, this technique
the training data was generated assuming the array receiy@®lves additional computational complexity to the algorithm,
two signals with angular separation of °10A correlation whereas the RBFNN approach dealt with this situation simply
coefficient y was assumed with a signal covariance matrigy taking into consideration the correlation between incoming

(or the power matrix) in case of two sources given by  signals when the correlation matrik was generated for
training. The case of coherent signals is shown in Fig. 9 with

pP= <,Ypp gﬁ;)- (15) ~ = 1¢/7/4, To investigate the effect of the number of nodes

25

B. Correlated and Coherent Sources
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Fig. 8. Comparison between the error in MUSIC and RBFNN DOA esti-
mates for two correlated signais= 0.867%/3 A#H = 10°.

100 100
e P 50 of the hidden layer the network was trained using 50 and 100
ﬁ o 0 nodes. It was expected that increasing the dimension of the
é hidden layer may improve the interpolation performed by the
-50 -50 RBFNN by moving to higher dimensional spaces, however
100 100 the ability of the network to produce estimates closer to the
0 50 100 50 desired DOA was not improved dramatically when the number
of units was increased from 50 to 100 as shown in Fig. 10.
100 100 100 In Fig. 11, the CPU time taken by the MUSIC algorithm to
50 50 50 perform the eigendecomposition and obtain the spectrum is
g plotted as a function ofV—the number of different pairs of
£ 0 © © sources. ForV = 50 and 100, the RBFNN needed less than
< 5 50 - a second to estimate the DOA.
105 50 100 "% 50 100" % 50 100 VI. CONCLUSION

Fig. 6. RBFNN DOA estimates for an array of six elements with six The problem of DOA estimation is dealt with as a nonlinear

uncorrelated sources. : Exact DOA; o: RBFNN.

mapping from the space of sensor output to that of the angles
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100 . ; 1 : ; 1 [ . ; 6. In this paper, the neural network approach was chosen to
solve this problem. In particular, RBFNN were used due to

P j their ability for data interpolation in higher dimensions. It
o

[$a]
<
T
\
I

was found that networks implementing these functions were
indeed successful in performing the required task and yielded
good performance in the sense that the network produced
actual output very close to the desired DOA. Also it was
demonstrated that these networks are able to generalize, by
training and testing using data sets derived from different
signal conditions mainly with the effect of noise added to the
data used for testing. The main advantage of the RBFNN is

AQA in deg
o
T

%
@ . . . . .
= the substantial reduction in the CPU time needed to estimate
2 the DOA.
. ) ‘ ) , ‘ ‘ ‘ ‘ ! REFERENCES
o 10 20 8 40 50 60 70 8 90 100
) ) ) . [1] T. Gebauer and H. G. Gockler, “Channel-individual adaptive beam-
Fig. 9. /RB1FNN DOA estimate for two coherent signals§ = 10 forming for mobile satellite communications|EEE J. Selected Areas
v = 1ledm/1, Commun vol. 13, pp. 439-448, Feb. 1995.

[2] S. Swales, M. Beach, D. Edwards, and J. Mcgeehan, “The performance
Source 1. 50 hidden nodes Source 2. 50 hidden nodes enhancement of multibeam adaptive base-station antennas for cellular
100 i 100 i land mobile radio systems|EEE Trans. Veh. Technolvol. 39, pp.
N 56-67, Feb. 1990.

[3] A. H. El Zooghby and C. G. Christodoulou, “Optimum beamforming
for co-channel interference nulling in mobile satellite communications,”
in IEEE AP-S Int. SympBaltimore, MD, July 1996, pp. 552-525.

[4] R. O. Schmidt, “Multiple emitter location and signal parameter estima-
tion,” IEEE Trans. Antennas Propagatol AP-34, pp. 276-280, Mar.

dashed: desired 1986.

A [5] M. Mozingo, Introduction to Adaptive Arrays New York: Wiley, 1980.

0 20 40 60 80 100 120 71000 20 40 60 80 100 120 [6] P.R. Chang, W. H. Yang, and K. K. Chan,“A neural network approach

N N to MVDR beamforming problem,1EEE Trans. Antennas Propagat.
Source 1, 100 hidden nodes Source 2, 100 hidden nodes vol. 40, pp. 313-322, Mar. 1992.
100 ¥ 100 - [7] H. L. Southall, J. A. Simmers, and T. H. O’Donnell,” Direction finding
dashed: desired / in phased arrays with a neural network beamforméEEE Trans.
Antennas Propagatvol. 43, p. 1369, Dec. 1995.

[8] L. Long and L. Y. Da, “ Real-time computation of the noise subspace
for the MUSIC algorithm,”IEEE Int. Conf. Acoust., Speech, Signal
Processing Minneapolis, MN, Apr. 1993, vol. I, p. 485-488.

dashed: desired [9] D. Goryn and M. Kaveh, “Neural networks for narrowband and wide-

. \ band direction finding,"Proc. IEEE Int. Conf. Acoust., Speech, Signal

1008 A0 Processing New York, NY, Apr. 1988, pp. 2164-67.
0 20 40 € 80 100 120 0 20 40 €0 80 100 520 [10] S. Haykin, Ed.,Advances in Spectrum Analysis and Array Processing
Englewood Cliffs, NJ: Prentice-Hall, 1995, vol. IlI.

Fig. 10. Effect of the dimension of the hidden layer on the performance 6¥1] S. Haykin, Neural Networks A Comprehensive FoundatioOntario,

the RBFNN. Canada: Macmillan College Publ., 1994.

[12] B. Mulgrew, “Applying radial basis functionsJEEE Signal Processing
Mag. vol. 13, no. 2, pp. 50-65, Mar. 1996.
[13] M. Wax and T. Kailath, “Detection of signals by information theoretic

dashed: desired solid: actual

DOA in Degree
(=]

DOA in Degree
(=)

)
S
,
o
3

solid: actual

L
[}
=}

solid: actual

o
j=]

DOA in Degree
(=]

DOA in Degree
o

4
<)

solid: actual

200 T i " ' ' T " ' ' criteria,” IEEE Trans. Acoust., Speech, Signal Processing ASSP-33,
p. 387, Apr. 1985.
180r- ] [14] T. J. Moody and C. J. Darken, “Fast learning in networks of locally
150 tuned processing unitsReural Computat.vol. 1, p. 281, 1989.
140 .

pry
N
(=]
T
1

Ahmed H. El Zooghby (S'91) was born in Egypt,
in 1969. He received the B.Sc. and M.Sc. degrees
(both in electrical engineering) from Alexandria

CPU TIME in seconds
=)
(=)
T
:

80} 4 University, Egypt, in 1991 and 1994, respectively.
He is currently working toward the Ph.D. degree
60} R ) ‘_.'i at the Electrical and Computer Engineering Depart-
ment, University of Central Florida, Orlando.
40t . From October 1991 to November 1992 he served
as an Instructor in the Air Defense College, Alexan-
20} - ,* dria, Egypt. He joined the Arab Academy for Sci-
ence and Technology in 1992, where he worked as
% 1'0 2'0 3'0 4'0 5<0 elo 7'0 elo 9*0 100 a Lecturer in the Electronics and Computer Engineering Department. His
N specific research interests include neural networks, smart antennas, adaptive

arrays and multiple beam antennas, and superresolution direction finding
Fig. 11. CPU time required by the MUSIC algorithm as function of numbealgorithms with applications in mobile and cellular communications.
of samplesN. Mr. Ahmed is a member of Eta Kappa Nu Honor Society.



EL ZOOGHBY et al: RADIAL-BASIS FUNCTION NETWORKS FOR DIRECTION OF ARRIVAL ESTIMATION

g

=+

e

Christos G. Christodoulou (S’80—M’'84-SM'90)
received the B.Sc. degree (physics and matt
from the American University of Cairo, Egypt,
in 1979, and the M.S. and Ph.D. degrees (electric:
engineering) from North Carolina State University,
Raleigh, in 1981 and 1985, respectively.

He has been with the University of Central
Florida, Orlando, since 1985, where he serves &
a Professor. His research interests are in the are
of computer-aided modeling of electromagneti
systems, neural network applications in electro®

1617

Michael Georgiopoulos(S'82—-M'86) received the
Diploma degree in electrical engineering from the
National Technical University of Athens, Athens,
Greece, in 1981, and the M.S. and Ph.D. degrees
from the Department of Electrical Engineering, Uni-
versity of Connecticut, Storrs, in 1983 and 1986,
respectively.

In 1987, he joined the University of Central
Florida, Orlando, FL, where he is currently an
Associate Professor in the Department of Electrical
and Computer Engineering. His research interests

magnetics, satellite and personal communication antennas, and frequesey in the areas of neural networks, fuzzy logic, genetic algorithms, and
pattern recognition. He is also interested in applications of the aforementioned

selective surfaces.
Dr. Christodoulou is a member of URSI (Commission B).

technologies in communications, electromagnetics, signal/image processing,

forecasting, etc.
Dr. Georgiopoulos is a member of the Technical Chamber of Greece and

of the International Neural Network Society.



