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ABSTRACT: A method for detection of faulty elements in antenna arrays from far-field

radiation pattern is presented. The proposed technique finds variation of current from cor-

rect values in the faulty elements. A step wise approach is proposed to determine magnitude

and phase of current excitation and location of faulty element using neural networks. The

results with radial basis function neural network and probabilistic neural network are

compared. VVC 2008 Wiley Periodicals, Inc. Int J RF and Microwave CAE 19: 270–276, 2009.

Keywords: far-field radiation pattern; current magnitude faults; current phase faults; artificial

neural network and array factor

I. INTRODUCTION

In many real time applications it is required to have

high-performance antenna array systems. To achieve

this, the system must be monitored continuously. If

any one or more of the elements in the array is not

functioning properly due to failure of drive electron-

ics, the antenna system will not function properly.

The failure causes change in magnitude and phase of

current fed to the antenna elements. Hence, a system

is devised to detect the faults. The change in ampli-

tude of the current in the antenna element is known

as current magnitude faults. The change in phase of

current is called current phase faults. Both these

faults are defined as current faults. In the present arti-

cle, a stepwise method is proposed to detect the loca-

tion and change in current magnitude and phase of

the faulty element.

The isolation of current magnitude fault is presented

by Lee et al. [1] using built in transmission line signal

injector embedded at radiating aperture. It is too ex-

pensive to use signal-injecting circuit at the design

stage, in addition, size and weight are also increased.

Bucci et al. have reported diagnosis of on-off faults in

planar array from noisy far-field radiation pattern using

global optimization technique [2]. Rodriguez et al.

have used genetic algorithm to detect the faulty ele-

ments in small-size arrays [3]. But, the genetic algo-

rithm has to be run several times to yield high accu-

racy for large size arrays. Bucci et al. diagnosed phase

faults of planar arrays [4], but the current magnitude

faults were not considered. Authors of the present arti-

cle published a method to find error in current magni-

tude of faulty element if the location of the faulty

element is known [5] and proposed a method to find

error in current magnitude, phase, and location of

single faulty element [6]. In the present article, an attempt

is made to extend the concept to two faulty elements.

The presence of any aforementioned faults modify

radiation pattern of the array which motivates to

devise a method to diagnose faults. The proposed

method detects the faults based on the change in the

radiation pattern. Far-field radiation pattern can be

measured without removing the array from its work-

ing site and without a serious interruption of its nor-
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mal operating conditions. For satellite-borne antennas

and large earth-based antennas, it is convenient to

detect faults by measurement of far-field radiation

pattern. In this article artificial neural network (ANN)

approach is adopted to identify the faults in the array

due to ANN’s built in flexibility, less computing time

and robustness to noise. Initially, the ANN is trained

with two thirds of all possible faulty patterns and is

tested with remaining one third of the faulty patterns

with predefined measurement errors. This method can

be used for large earth-based antennas like atmos-

pheric weather radar, astronomy radar, and satellite

antenna arrays.

II. THEORY

In this section, equations for amplitude and phase of

deviation pattern are derived for two cases.

a. Antenna array with single faulty element and

b. Array with two faulty elements

and in the next section, the description of ANNs

adopted to detect the faults using the derived equa-

tions is given.

A. Array Factor for General Antenna
Array Without Any Faults

A linear array of N number of isotropic elements uni-

formly distributed with spacing d along x-axis is con-
sidered as shown in Figure 1. The array factor A(y) is
given by [7]

AðhÞ ¼
XN
n¼1

ane
jðn�Nþ1

2
Þ/ ð1Þ

where N, number of elements in the antenna array, /
5 kd sin y 1 a; k ¼ 2p=k is propagation constant, a
is phase shift introduced between successive ele-

ments, an is excitation coefficient, and y is angle of

observation from array normal.

For uniform excitation (an 5 1) the normalized

array factor AN(y) is given by

ANðhÞ ¼ 1

N

XN
n¼1

ejðn�
Nþ1
2
Þ/ ð2Þ

1. Derivation for Amplitude and Phase of Devia-
tion Pattern of an Array with Single Faulty Ele-
ment. The array factor Ar(y) for N element array

with current magnitude in rth element as ar and phase

error as d/r can be obtained from eq. (2) as

ArðhÞ ¼ 1

N

XN
n¼1
n6¼r

ej n�Nþ1
2ð Þ/ þ ar

N
ej r�Nþ1

2ð Þ/þd/r ð3Þ

The deviation pattern Ad(y) of the array is defined

as the difference between fault-free pattern and pat-

tern with faulty element.

AdðhÞ ¼ ANðhÞ � ArðhÞ

¼ 1

N

XN
n¼1

ej n�Nþ1
2ð Þ/ � 1

N

XN
n¼1
n 6¼r

ej n�Nþ1
2ð Þ/

� ar
N
ej r�Nþ1

2ð Þ/þd/r

¼ 1

N
ej r�Nþ1

2ð Þ/ � ar
N
ej r�Nþ1

2ð Þ/þd/r

¼ 1

N
½cos /r þ j sin /r � ar cosð/r þ d/rÞ

� jar sinð/r þ d/rÞ�
¼ 1

N
½cos /r � ar cosð/r þ d/rÞ

þ jðsin /r � ar sinð/r þ d/rÞÞ� ð4Þ
where

/r ¼ r � N þ 1

2

� �
/

AdðhÞ ¼ BrðhÞffnrðhÞ
where amplitude of deviation pattern is

BrðhÞ ¼ 1

N
1þ ar

2 � 2ar cos d/r

� �1=2 ð5Þ

Phase of deviation pattern is

nrðhÞ ¼ sin�1 sin /r � ar sinð/r þ d/rÞ
NBrðhÞ

� �
ð6Þ

Figure 1. Linear antenna array.
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The phase of the deviation pattern along the

normal to the array can be obtained by substituting

y 5 0 in (6) and is given by

nrð0Þ ¼ sin�1 �ar sin d/r

NBrð0Þ
� �

ð7Þ

From the eq. (5) it is evident that amplitude of

deviation pattern is independent of angle of observa-

tion and location of faulty element. Further, it is

clearly understood from eq. (7) that the phase of devi-

ation pattern at zero angle of observation is independ-

ent of location of faulty element. The derived eqs. (5)

and (7) are used in calculating the magnitude and

phase errors of current in faulty element.

2. Derivation for Amplitude and Phase of the
Deviation Pattern of an Array with Two Faulty
Elements. The array factor Ars(y) with two faulty

elements is obtained from eq. (2) as given by

ArsðhÞ ¼ 1

N

XN
n¼1
n6¼r
n6¼s

ejðn�
Nþ1
2
Þ/ þ ar

N
ej r�Nþ1

2ð Þ/þd/r

þ as
N
ej s�Nþ1

2ð Þ/þd/s ð8Þ

where ar and d/r are magnitude and phase error of

current in rth element and as and d/s are the magni-

tude and phase error of current in sth element

The deviation pattern Ad(y) for this array is given

by

AdðhÞ ¼ ANðhÞ � ArsðhÞ

¼ 1

N

XN
n¼1

ej n�Nþ1
2ð Þ/ � 1

N

XN
n¼1
n 6¼r;s

ej n�Nþ1
2ð Þ/

� ar
N
ej r�Nþ1

2ð Þ/þd/r � as
N
ej s�Nþ1

2ð Þ/þd/s

¼ 1

N
ej r�Nþ1

2ð Þ/ þ 1

N
ej s�Nþ1

2ð Þ/

� ar
N
ej r�Nþ1

2ð Þ/þd/r � as
N
ej s�Nþ1

2ð Þ/þd/s

¼ 1

N

cos /r þ j sin /r þ cos /s þ j sin /s

�ar cosð/r þ d/rÞ � jar sinð/r þ d/rÞ
�as cosð/s þ d/sÞ � jas sinð/s þ d/sÞ

2
64

3
75 ð9Þ

where

/r ¼ r � N þ 1

2

� �
/; /s ¼ s� N þ 1

2

� �
/;

AdðhÞ ¼ BrsðhÞffnrsðhÞ ð10Þ

where

BrsðhÞ ¼ 1

N

2þ a2r þ a2s � 2ar cos d/r

�2as cos d/s þ 2 cos /r � /sð Þ
�2as cos /r � /s � d/sð Þ
�2ar cos /s � /r � d/rð Þ
þ2aras cos d/r � d/sð Þ

2
66664

3
77775

1=2

ð11Þ

is the amplitude of deviation pattern for the two

faulty elements case and

nrs hð Þ¼

sin�1 sin/rþsin/s�arsin /rþd/rð Þ�assin /sþd/sð Þ
N3Brs hð Þ

� �

ð12Þ
is the phase of the deviation pattern.

From eq. (11) it is understood that amplitude of

the deviation pattern is same if distance between two

faulty elements is same.

The amplitude and phase for this case at zero

angle of observation are given by

Brsð0Þ ¼ 1

N
½4þ a2r þ a2s � 4ar cos d/r

� 4as cos d/s þ 2aras cos d/r � d/sð Þ�1=2 ð13Þ

nrsð0Þ ¼ sin�1 �ar sin d/r � as sin d/s

N 3 Brsð0Þ
� �

ð14Þ

From eqs. (13) and (14) it is apparent that both the

quantities are independent of location of faulty ele-

ments. The eqs. (13) and (14) are used to find magni-

tude and error in phase of current in faulty elements

for the array with two faults. Further eq. (11) is used

to determine the distance between faulty element

locations. Finally, to account for the noise and mea-

surement errors a random variable is introduced.

III. ARTIFICIAL NEURAL NETWORKS

Artificial neural network (ANN), a set of inter linked

nodes, is mainly used for classification and approxi-

mation of unknown function. Different architectures

like feed forward back propagation neural networks,

radial basis function neural networks (RBF), and

probabilistic neural networks (PNN) are used for

classification and implemented with different algo-

rithms. Among these three architectures RBF and
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PNN are faster, do not suffer from problems such as

local minima, require less number of examples to

train, more accurate, and can tolerate measurement

errors.

The problem of detecting faults in the two cases

mentioned earlier is dealt with ANNs. Two types of

ANNs are used to for this purpose and comparison is

made on their performance.

A. Radial Basis Function

Radial basis function (RBF) network is a nonlinear,

layered, and feed forward network. It consists of

three layers, namely, input layer, hidden layer and

output layer. The input layer consists of source nodes.

The second layer, called a hidden layer, is of high

enough dimension. The output layer supplies the

response of the network to the activation patterns

applied to the input layer. The transformation from

the input space to the hidden space is nonlinear and

that from hidden space to the output space is linear.

Each hidden node evaluates a kernel function of the

incoming input. The classifier output is a weighted

linear summation of the kernel functions. The error

function of the classifier is given by [8] and is to be

minimized during learning.

E ¼
X
x2X

XM
i¼1

di xð Þ � yi xð Þð Þ2 ð15Þ

where X is the set of all training samples, M is the

number of classes of the training samples, di is the

desired response, and yi is the actual response.
This RBF is utilized in this article to determine

the location of faulty element or elements.

TABLE I. Parameters of the Array

Serial No Parameter Value Value

1 No. of isotropic elements 51 101

2 Distance between successive

elements

k/2 k/2

3 Excitation 1 Amp 1 Amp

4 No. of samples of radiation

pattern between angles

0 and 90 degrees

16 16

5 Error in current magnitude

considered

60%, 70%, 80%, 90%, 110%,

120%, 130%, 140% of 1 Amp

60%,70%,80%,90%,110%,

120%,130%,140% of 1 Amp

6 Error in phase 220, 215, 210, 25, 5, 10, 15,

20 degrees

220, 215, 210, 25, 5, 10, 15,

20 degrees

7 No. of possible faulty

patterns for one faulty

element

51 3 8 3 8 101 3 8 3 8 combinations

8 No. of possible faulty

patterns for two faulty

elements

1275 3 64 3 64 5050 3 64 3 64 combinations

9 % Measurement error

considered (6)

0,3,6 0,3,6

Figure 2. Amplitude of deviation pattern for the array

with 101 elements.
Figure 3. Phase of deviation pattern for the array with

101 elements.
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B. Probabilistic Neural Network

The probabilistic neural network (PNN) is basically a

classifier. The general classification problem is to

determine the class membership of a multivariate ran-

dom vector X into one of N possible groups where N
5 n1, n2. . .nm. With the knowledge of probability

density functions (PDF), hn(X), for all groups, X can

be classified according to the Bayes optimal decision

rule. X is classified into population i if the following

inequality holds,

picihi Xð Þ > pjcjhj Xð Þ ð16Þ
where, p, is prior probability of membership in a group

n; and c, is cost of misclassification into group n.
The common density estimator to estimate a uni-

variate PDF from a random sample is given by

dðxÞ ¼ 1

ð2pÞr=2rrn
Xn
i¼1

e�
x�xij j2
2r2 ð17Þ

The scaling parameter, r, defines the width of the

area of influence and should decrease as the sample

size increases. Equation (17) is the foundation of the

original PNN proposed by Specht [9].

PNN architecture consists of four layers, namely,

input layer, pattern layer, summation layer, and out-

put layer. The neurons in the input layer distribute

the inputs to the pattern units. Each pattern neuron

computes a distance measure between the input and

the training case represented by that neuron. The

summation layer has one neuron for each class. Each

summation neuron that is dedicated to a single class

sums the pattern layer neurons corresponding to num-

bers of that summation neuron’s class [9]. The num-

ber of nodes in pattern layer is equal to number of

input nodes and number of nodes in summation layer

is equal to number of classes.

This PNN-based ANN is also used to find the

location of faulty elements.

C. Method Adopted for Detection of
Faults Using ANNs

To solve the problem of detecting the faults, three

ANNs are used.

One is (ANN1): To locate the faulty element in

single faulty element array.

Second one (ANN2): To find the distance between

the faulty elements in two faulty elements array, and

Third one (ANN3): To identify the location of two

faulty elements.

The fault diagnosis of antenna array is done by

following a step-wise approach as the combinations

of faults that can occur in an antenna array are many.

The steps are listed below.

TABLE II. Comparison of Deviation Pattern with Derived Equations for 101-Elements Array

Location of

Faulty Elements

Magnitude of

Current (Amp)

Phase of Current

(degrees)

Magnitude of Deviation

Pattern at y 5 0 (Amp)

Phase of Deviation Pattern

at y 5 0 (degrees)

From

Figure 1

From eq.

(5) or (13)

From

Figure 2

From

eq. (7) or (14)

21 0.9 25 0.0013 0.0013 237.2 236.68

12, 14 0.6, 0.9 215, 220 0.0073 0.0073 38.87 38.91

45, 52 0.7, 0.8 215, 25 0.0058 0.0058 25.5 25.36

TABLE III. Parameters of RBF Artificial

Neural Network

Parameter ANN1 ANN2 ANN3

Number of

input nodes

16 16 16

Number of

hidden nodes

16 16 16

Number of

output nodes

1 1 1

Number of

training patterns

101 Equal to

difference

between

faulty

locations

Equal to

difference

between

faulty

locations
Figure 4. Success rate of fault diagnosis for 51, 101 ele-

ment array using PNN and RBF networks.
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Step I: Classifying the number of faulty elements

(single faulty element array or two faulty elements

array).

Single faulty or two faulty elements array is classi-

fied based on the amplitude of deviation pattern. If

amplitude of deviation pattern is invariant with angle

of observation, the array is classified as array with

single faulty element otherwise it is classified as array

with two faulty elements.

Step II (a): To find the magnitude, phase of current

and location of single fault element. The error in excita-

tion is determined with the help of eq. (5) and (7). Based

on eq. (6), ANN1 is trained with phase of deviation pat-

tern to identify the location of faulty element.

Step II (b): The error in excitation is determined

using eqs. (13) and (14).

The distance between the faulty locations is deter-

mined by training ANN2 with amplitude of deviation

pattern. ANN3 is trained with phase of deviation pat-

tern to find location of faulty elements.

IV. RESULTS AND DISCUSSIONS

The method described in the earlier sections is imple-

mented for two cases: one is array with 51 elements and

other one is with 101 elements assuming that there exists

either single or two faulty elements. The spacing

between elements is taken as k/2 and all the elements are

isotropic, excitedwith current of magnitude 1 Amp.

As the deviation pattern plays an important role in

diagnosing the faults in antenna arrays, it requires

large numbers of samples to describe the deviation

pattern correctly. This dictates a large number of

input nodes for the neural network. As large neural

network is hard to implement and needs a lot of time

for training, the number of input nodes to ANN is to

be minimized. An appropriate method is used to min-

imize the numbers of input nodes in a given ANN to

improve the efficiency.

All possible faulty patterns for single and two

faulty elements in the array are divided into two sets:

training set and test set. The selection of an adequate

set of patterns to train a neural network is very im-

portant. The neural network has to be trained with a

set of input output data pairs. The training will be

stopped if any one of the following conditions is sat-

isfied: maximum number of epochs, maximum time,

and minimum performance error. The test set is

chosen randomly to test the ANN by introducing

three possible errors: no measurement error, 63%

TABLE IV. Test Results for 101-Element Array When a Single Faulty Element Exists for PNN Network

with 6% Measurement Error

Actual Failures Results from the Method

Location of

Faulty Elements

Magnitude of

Current (Amp)

Phase of Current

(degrees)

Location of

Faulty Elements

Magnitude of

Current (Amp)

Phase of Current

(degrees)

r ar d/r r ar d/r

10 0.6 210 10 0.6 210

41 0.8 215 41 0.8 215

55 1.2 5 55 1.2 5

66 0.9 10 66 0.9 10

75 1.2 20 75 1.2 20

TABLE V. Test Results for 101-Element Array When Two Faulty Elements Exists For PNN Network

with 6% Measurement Error

Actual Failures Results from the Method

Location

of Faulty

Elements

Magnitude

of Current

(Amp)

Phase of

Current

(degrees)

Location

of Faulty

Elements

Magnitude

of Current

(Amp)

Phase of

Current

(degrees)

r s ar as d/r d/s r s ar as d/r d/s

31 27 1.1 0.9 210 10 31 27 1.1 0.9 210 10

31 56 0.8 0.7 15 5 31 56 0.8 0.7 15 5

28 86 0.7 1.2 220 210 28 86 0.7 1.2 220 210

75 96 0.8 0.9 10 5 75 96 0.8 0.9 10 5

45 55 1.2 1.4 215 20 45 55 1.2 1.4 215 20
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and 66% measurement errors. Table I lists the vari-

ous parameters considered as inputs for the ANN.

Using the parameters listed in Table I, the devia-

tion pattern is determined. Figures 2 and 3 show the

amplitude and phase of deviation pattern of an array

with 101 elements for specific faults.

It is observed from Figure 2 that amplitude of

deviation pattern is constant with angle of observa-

tion for single element faulty array. Comparison of

amplitude and phase of deviation pattern depicted in

Figures 2 and 3 with values obtained from derived

equations at zero angle of observation are given in

Table II. Deviation pattern is sampled uniformly at

16 points between angles 08 and 908 which are used

as inputs to the neural network for training.

Table III lists the parameters of neural network

based on RBF. Two different ANNs are used for fault

diagnosis one is RBF and the other one is PNN. The

performance of these two networks in the form of

success rate for 51 and 101 elements array is com-

pared in Figure 4. One hundred and one-elements

array using PNN network with 6% measurement error

are tabulated in Tables IV and V.

V. CONCLUSIONS

RBF- and PNN-based neural network models are

applied to diagnose current faults of an antenna array.

The neural network can be trained off line for any

number of elements, spacing, and excitation. Once

the network is trained, it can detect location and cur-

rent magnitude and phase of faulty element in the

antenna array. A high success rate demonstrates the

validity of the proposed technique.
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