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Abstract

This paper investigates the use of a Hopfield neural network
for interference cancellation. It is suggested to use the neural
network to estimate the signal subspace that contains the inter-
ferences. The array weight vector is constructed orthogonal to
this subspace. It is shown that this array provides effective inter-
ference cancellation for narrowband sources.

1. Introduction

A large number of algorithms have been developed for beam-
forming with interference cancellation. The problem has been
traditionally solved using matrix manipulation techniques.
Methods based on inversion of the spatial covariance matrix, such
as the maximum likelihood (ML), require o(N?) operations. The
ML method provides optimal signal-to-noise ratio and accurate
pattern zeros for multiple interference sources spaced wider than
a beamwidth. However, the performance of those methods is de-
pendent on the interference-to- background-noise ratio and the
spatial distribution of the sources. For interference sources spaced
closer than a beamwidth the pattern zeros will be generally dis-
placed from the true source bearings. Furthermore, the array will
not necessarily allocate a zero to each source. For these cases,
methods based on the eigen analysis of the covariance matrix im-
prove the interference cancellation. The eigen analysis requires
o(N") operations, which makes real-time operation prohibitively
expensive for most applications. With advances in VLSI technol-
ogy, parallel architectures have been proposed to make real-time
applications possible.

Recently much interest has been focused on using neuron-like
networks to solve complex optimization problems. Those networks
are capable of identifying which of the exemplars used to “train”
the network is best represented by a noisy input. Neural networks
have been applied to direction finding problems. In particular, a
number of researchers have used the Hopfield net to obtain super-
resolution angle of arrival estimators. Since the neural network
solves a least-squares problem, it can resolve uncorrelated as well
as correlated sources. This feature makes the neural network par-
ticularly attractive in situations where multipath reflections are a
problem.

In this paper we suggest the usage of a Hopfield network to
solve the interference cancellation problem. The approach taken
may be viewed as an extension of the concept of Eigen-canceler
developed by the author, [1]. The neural processor substitutes
for one of the building blocks of the Eigen-canceler, namely the
algorithm that performs the eigen-analysis of the array covariance
matrix. A functional block diagram of the interference canceler
is shown in Figure 1. Prior to processing by the neural network,
it is necessary to remove the desired signal from the data to pre-
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Figure 1. Functional Diagram of a Neural Network
Interference Canceler

clude its cancellation with the interference. This is achieved by
a blocking transformation. The resulting modified data vector is
input to the Hopfield neural net. The neural net output is used to
estimate the interference subspace. To provide the beamforming
and interference cancellation functions in a coordinated manner,
the array weight vector is then constructed to meet the following
requirements:

1. Cancel the interference, namely, the weight vector is orthog-
onal to the interference subspace

2. Provide fixed gain to the desired signal

3. Optimize the signal to background noise ratio

2. Signals, Interferences and Noise

Our model comprises a collinear array with N equally spaced
elements and two independent sources: a desired source with
known angle of arrival and an interference to be canceled. The
assumption of two sources is made for sir'nplicity. To handle mul-
tiple signals, the network has to be expanded to account for the
interactions between the position vectors spanning the signal sub-
space, [2]. Plane waves originating from the sources impinge on
the array at distinct angles {6;,! = 1,2}. The signals are as-
sumed narrowband, zero-mean stochastic, processes of the form
a0t 1 =1 2 where a, wy and ¢(t) are the i-th signal source
amplitude, frequency and phase, respectively. For convenience,
signals will be denoted by their complex envelopes, s;, I = 1,2.
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The array output is sampled, and the k-th snapshot is given by:

(k) = so(k)do + s1(k)dy + (k) 1)
where the subscripts “0” and “1” refer to the desired signal and
the interference respectively. ¥ is the measurement noise which is
assumed white Gaussian and uncorrelated from sensor to sensor.
The position vectors dg; are given by:

doy = [1 & ..

ug,; is related to the source angle of arrival by
ug,; = 2xlsin b1/ A; [ is the interelement spacing and A the wave-
length emanating from the sources.

ej(N"l)uo,l]T (2)

The signal blocking is intended to remove the desired signal
from the data to preclude its cancellation. The theory for the
signal blocking transformation is given in full detail in [1]. This
transformation has in its nullspace the position vector of the de-
sired signal, and while modifying the interference position vector,
it preserves its planar feature. It is important to point out that
while the weight vector is derived from the modified data, the
preservation of the plane waveform enables the application of this
weight vector directly to the sensors. The signal blocking trans-
formation C has the following properties:

1. Cis (N,N —1) and has full column rank.

2. The desired signal position vector is in the nullspace of C.
Cdy =0 3)

3. Other position vectors are preserved planar though they may
be rotated by C.

Cd, = ad, (4)
where d; is defined similarly to d; except it is (N —1)-dimensional

rather than N-dimensional. Namely, d, = [1 e/t ... e/(V-2u]T,
Using those properties the modified data vector @ can be written:

z(k) = Ca(k)

= asidi +Co(k) (5)

Note that #(k) has a term related to the interference source and
a term related to the noise.

3. Beamforming utilizing a Hopfield Network

Hopfield [3] suggested to solve optimization problems using a
network of highly interconnected non-linearities. In particular, he
showed how to relate the network to an energy function. Rastogi
et. al., [2] and others applied Hopfield’s methods to estimate the
angle of arrival of a planar waveform. Our objective is to apply
the same methods in the context of the interference cancellation
problem. The modified data vector @ consists of a planar wave-
form (the modified interference position vector) and noise. The
following cost function is minimized utilizing a p- neuron Hopfield
network:

E= Il—{i |2(k) = [Pra(k) ... Pz(Bo P (6)

k=1

where K is the number of data snapshots, P; = d‘v(d:fd;)“ldf,
t=1,...,pls a projection matrix that projects the modified data
vector (k) onto the signal direction vector d; = d(6;). A stereo-
type position vector d(f;) is associated to each of the p neurons
of the network. The state vector v takes values between 0 and 1.
The output states corresponding to the position vectors contained
in the received data will take on values close to 1, while the other
states will take on values close to 0. The number of neurons in
the network determines the resolution in estimating the angle of
arrival of the signal to be canceled.

Using the approach taken by Rastogi et. al., [2], the network
weights are data dependent and computed from the relations:

K
T, = —2Real =3 !PiPlz i,j=1...p (1)
! I( k=1 ’
T; =0 (8)

The network bias inputs are given by:

1 1 X
- _ 1 15 tpse -
I, = 2RealKk§=]:cP,:c i=1l...p (9)

The neuron input/output relation is given by:

(k) = %[1 +tanh(@)] (11)

where u and v are the p-dimensional input/output neuron vectors,
and A is a gain factor. The neurons’ output is updated using the
relation:

uk+1)=uk)+Tv+1 (12)

For the case of a single interference source, and after conver-
gence, one of the elements of v will take value 1, vg = 1, while the
rest will have values close to zero. This output state corresponds
to the projection matrix Pg = dg(dids)='dL. If the network
converged to the global minimum then dgs is the stereotype posi-
tion vector closest to the interference position vector d;. Ignoring
noise effects, we have:

1. If ds = d,, vs = 1, all other output states equal to zero:

&
Il

|y [’ di — Psd, |°
=0 (13)

where v is a complex scalar. The cost function is minimized
and the output state vg = 1 points correctly to the interfer-
ence position vector.

2. If dg # d,, vs = 1, all other output states equal to zero:

E |7l dy — Psdy |*
|7 Pl di = pds |*

|7 P (V=D(= 2" (14)

1

where p = (dids)~'did,. Note that dids = (N —1). The
cost function is minimized by the largest | p |. The largest
| p | is achieved by the position vector ds closest to the
interference position vector d;.
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There are not known conditions that ensure convergence to the 18
global minimum; however, we found that, in practice, the state 161\ DESIRED SIGNAL |
vector converged to the global minimum in the majority of cases.
14 ]
Define the vector: zZ 12 |
: §
1 X x 1
Q(z) = T S [Piz(k) ... Pya(k)]v (15) 2
b k= € osr INTERFERENC]
Then, after convergence, we have : 06l
0.4t
1 K
Q) = X ;PS‘C (16) 0 o1 o2 03 04 65 06 07 083 05 1
=1
sin
After some calculations it can be shown that: (@)
Q(z) = fd, + 17 s
(z)=pd, + f ) DESIRED SIGNAL
where 3 is a complex scalar and f is a noise vector. We use the o Pet00 )
veetor Q(&), which can be calculated from the data and the net- K=20
work state vector v, as the estimate to the interference position INR=15
vector, and construct an array weight vector w orthogonal to Q. 5 15 ]
If @ is a good estimate of dy, then the weight vector will placea %
null in the array pattern in the direction of the interference. g 1t p
INTERFERENCE
To simultaneously minimize the output noise power, cancel the osl |
interference, and set the gain for the desired signal, the following
optimization is used:
% 8T oz 03 04 05 05 07 05 @3 1
miny whw subject to w!'Q(z) =0 and wildy=g (18) )sm
b
25
where g is the required gain to the desired signal. Using Lagrange DESIRED SIGNAL
multipliers to calculate the optimal weight vector we get: R N=4
A p= i
K=20
t INR=20
w=dy— % (19) =
QtQ < 15f i
Since @ is a function of the data @, so is the weight vector w. %
This weight vector is now copied back to the sensors. Note that, g 1+ i
while the array has N elements, w is only (N — 1)-dimensional. INTERFERENCE
The degree of freedom missing from the weight vector has been sl |
used by the signal blocking transformation.
0

4. Results and Discussion sin

(©)
. . 25

To evaluate the proposed interference cancellation method, we DESIRED SIGNAL
considered a four element array and carried out a series of com- N=4
puter simulations. The model consisted of an interference source r ;;:12%0 ]
at sin 0 = 0.4 degrees off broadside, and a desired source at broad- INR=25
side. The two sources emitted narrowband waveforms with inde- 5 15k i
pendent (between sources and between samples) phase distributed &
uniformly in the range (—m,7). The desired signal was 10 dB & nl
above the noise at each element, while the interference-to-noise ra- & INTERFERENCE 1
tio was varied to examine its effect on the canceler’s performance.
The noise was modeled as complex Gaussian with zero-mean and 051 1
unity variance. K = 20 snapshots were averaged for the compu-
tation of the network weights and the vector Q. 0
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Figure 2(a) through (d) shows the adapted array pattern for sin
increasing interference-to-noise ratios. The ordinate is the sine (d)
of the angle of look, and the abscissa is the array gain in linear  Figure 2. Adapted Array Patterns and Interference Cancellation
arbitrary units. The neural processor places accurate nulls in the Time Responses for Different Interference-to-Noise Ratios
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direction of the interference, except for the low INR = 10 dB case,
where the null is offset. By comparing Figure 2(a) with Figure 3,
the quiescent (before adaptation) array pattern, it is observed that
even for the low interference power case there is some interference
cancellation. Figure 2(e) through (h) shows the array gain to the
desired signal and the interference during the convergence process.
The linear constraint in (18) preserves the desired signal during
the process. The higher the interference-to-power, the closer is
Q to the actual interference position vector, hence the better in-
terference cancellation. While for INR = 10 dB, the interference
is suppressed only by 5 dB, for INR = 25 dB, the suppression is
better than 40 dB.
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5. Conclusions

In this paper the application of a Hopfield neural network to
the interference cancellation problem has been proposed. The case
of a single desired signal and single interference has been treated.
Results presented here show that the array places an accurate null
in the direction of the interference.
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Figure 2. Adapted Array Patterns and Interference Cancellation
Time Responses for Different Interference-to-Noise Ratios - Continued
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Figure 3. Quiescent Array Pattern
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