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Abstract- In this paper, a greedy algorithm called Orthogonal Matching Pursuit (OMP) can reliably diagnose faulty 

sensors in array antenna from compressed measurements. This technique starts from collecting the measurements of the 

far-field pattern generated by the array under test. The difference between the measured healthy reference array pattern 

and collected measurement is minimized using a greedy algorithm. The simulation results based on OMP validate the 

detection of faulty sensors from compressed number of measurements.  
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I. INTRODUCTION 

 

The existence of faulty sensors in array antenna 

causes the degradation of sidelobes, null depth and 

main beam null depth level. The diagnosis of faulty 

sensors has been studied in [1-9] and various 

algorithms are available in literature. However, these 

techniques are computationally costly as they require 

large number of measurements. Recently compressed 

sampling techniques have been developed in the 

antenna research community [10-12]. Compressed 

sensing (CS) techniques require less number of 

measurements than traditional methods. For array 

diagnosis problem, detection of faulty sensors in 

large number of linear antenna arrays is most 

commonly used in radar and satellite 

communication.  

There are at least five classes of computational 

algorithms for solving sparse recovery problems: 

greedy pursuit, convex relaxation, Bayesian 

framework, non-convex optimization and Brute force 

[13]. The BPA is successful and finds the solution by 

linear programming (LP). However for large arrays 

this technique is slow. If the measurement matrix 

satisfies the restricted isometry property (RIP), then 

the BSA converge near the exact solution. Another 

greedy approach called orthogonal matching pursuit 

(OMP) is very fast and the important feature is easy 

to implement. 

Regrettably, the estimation of RIP of large 

measurement matrices is still an issue to solve. Due 

to the demand of RIP evaluation of the measurement 

matrix in [11] the OMP algorithm was developed to 

detect the faulty sensors in antenna array form far-

field compressed measurements.  

The main goal of OMP is to detect the faulty sensors 

in an antenna array. The antenna array used in this 

application consists of large number of radiating 

sensors. There is a possibility of getting failure of 

one or more antenna sensors as the array size 

increases. The radiation pattern of the antenna array 

degraded when some of the sensors in the array are 

not working completely. Before correcting the faulty 

patterns, it is very important to build up an accurate 

algorithm for the diagnosis of faulty arrays. Due to 

sensor failure, the power pattern of the array disturbs 

in terms of peak sidelobe level and null depth level 

[14-16]. The diagnosis problem can be solved easily 

by replacing the faulty sensors in ground scenario but 

it is very difficult in case of space to replace the 

faulty sensors. In literature the various numbers of 

available techniques for array detection are 

exponentially weighted moving average [4], 

exhaustive searches [5], matrix method [6], neural 

network [7] and heuristic computing techniques [8-

9]. However, these methods are computationally 

expensive as they require that the number of 

measurements should not be less than the number of 

antenna sensors in the array. 

In the last decade, the greedy type methods have 

become popular in the research community. The 

main advantage of greedy approaches is the recovery 

of sparse signals with accuracy. The greedy 

approaches outperforms better than simple least 

square methods because it shrinks the coefficient of 

insignificant regressors to zero. Another advantage 

of greedy approaches is the computational feasibility.  

Compressed sensing techniques for the diagnosis of 

faulty sensors have been proposed in the antenna 

research community [10]. The application of CS for 

the diagnosis of faulty sensors in array reduces the 

number of measurement. In array diagnosis, the 

purpose is to locate the faulty sensors in linear array. 

The sparse vector is defined as the difference of the 

weight vector of the healthy reference array and the 

array under test [10]. In compressed sensing (CS), 
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sparsity in signals allows us to under sample the 

signal below the Nyquist sampling criterion. In CS, 

less number of measurements in sparse signal 

contains complete information compared to its 

dimensions, so that exact recovery from less number 

of measurements is possible [17]. CS has many 

applications i.e. Magnetic Resonance Imaging (MRI) 

[18]. The array detection problem, we adapted based 

on a greedy algorithm called OMP [19-20] to handle 

the recovery of faulty sensors. The main advantages 

of this greedy algorithm are its speed and ease of 

implementation. Restricted isometry property (RIP) 

should be fulfilled by measurement matrix to avoid 

information in the actual signal from distortion, such 

as Gaussian matrices. For the exact recovery, the 

number of measurements taken are 

i.e.  log /M S N S , where  measurements are 

taken from a signal of length N  having S  defective 

sensors, then sparse signal could be recovered with 

high probability. 

In this paper, a greedy algorithm called Orthogonal 

Matching Pursuit (OMP) can reliably diagnose faulty 

sensors in antenna array from compressed 

measurements. This technique starts from collecting 

the measurements of the far-field pattern generated 

by the array under test. The difference between the 

measured healthy reference array pattern and 

collected measurement is minimized using OMP 

algorithm. A Monte-Carlo simulation is performed to 

illustrate the performance of the proposed method 

from a small number of measurements.  

The remaining of the paper is organized as follows. 

The data model is discussed in section 2, while in 

section 3, we have designed OMP for the diagnosis 

of faulty sensors. Section 4 describes the simulations 

and the results, while section 5 concludes the work 

and recommended some future direction. 

 

II. DATA MODEL FOR THE ARRAY 

DIAGNOSIS  

 

Consider a linear array of N  sensors radiated in 

space placed along z-axis as shown in Fig. 1. We 

assume that several sensors are damaged in array 

and do not radiate. The main task is to detect these 

sensors from far-field patterns using a small number 

of measurements than the number of sensors in the 

array. For this setup, we take an even number of 

sensors, let 2N M  and the distance between the 

adjacent sensors / 2 , where  is the wavelength of 

free space. The power pattern of the healthy linear 

array are given by [21] 
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where nh  is the weight vector of the nth antenna 

sensor, k  is the wave number, and i  is the i-th 

measurement pattern in angular direction 

arccos(2 / )i m N  where , ...m M M   The far-

field power pattern of the array under test is given as, 

  
1

2 1
) cos ( ) sin

2
(m i i

N

n
n m

n
t kdAT n 




 
 
 

                         (2) 

 where 
nt  is the nth weight vector of the array under 

test. In (2), 
nt is given as, 

                                                         

0
n

n

with propability
t

h otherwise





                     ( 3)   

where 1   is the fraction of faulty sensors. The 

difference field pattern between the healthy and the 

array under test is given [11] by the following 

equation  
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where    , 1, 2,3,...,is i K s  and nw  is the nth 

sensor of the array under test failure vector which is 

given by w h t
n n n
                                                                 

(6) 

In order to solve the array diagnosis problem, we 

find out the sparsest solution. In practical condition, 

some of the sensors damage in the array, thus the 

damage vector becomes sparse.  
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where Φ  is the measurement matrix [9].  
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Figure 1- Geometry of linear array antenna 
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III. ORTHOGONAL MATCHING PURSUIT 

DIAGNOSIS TECHNIQUE 

 

In this section, we have proposed a sparse 

optimization technique called OMP for the detection 

of faulty sensors in array antenna. The main 

advantage of this technique are its speed and easy to 

implement. Let us suppose that s  is m  sparse and 

 1 2, ,..., Nx x x  be vectors of N measurements. 

TheΦ  is N K  matrix whose rows are 

measurement vector. 

 ν Φs n               (9) 

Since the vector s  has m defective sensors. The 

observation vector ν Φs  is linear combination of 

m  columns form matrixΦ . Now the problem 

become sparse, so the sparse approximation 

technique can be used for the diagnosis of defective 

sensors. To diagnose the defective sensor, we require 

to find which column of Φ  contribute in the 

measurement vector ν . The column in the matrix Φ  

is taken in the greedy manner. At every iteration we 

select the column ofΦ  that is correlated with the left 

over part of ν . The task here is to detect the vector s  

based on the observation vector ν  and measurement 

vectorΦ . This technique is of significant interest 

when the number of measurement is much less than 

the number of antenna sensors. 

In compressed sensing various algorithms using the 

RIP for the measurement matrix Φ  [22]. The 

measurement matrix Φ  satisfy the RIP with 

constant  0,1                                             

   
22 2

2 22
1 1x x x    Φ            (10) 

A sufficient condition for RIP constant (with 

constant 2 1    ) to allow 
1
l -minimization 

assures the exact recovery of all S-sparse signal. If 

the columns of the measurement matrix Φ  are 

independent and identically distributed Gaussian 

random variables then 

                                                            

  2log /M O S N S               (11) 

with probability will assure the RIP of order S [23]. 

Accordingly it is achievable to estimate correctly x 

from small number of measurements. If one wish to 

recover all S-sparse vectors via OMP then from 

equation (11) we need   2 log /M O N SS  

linear measurements. 

 

IV. NUMERICAL SIMULATION 

 

In this section, the performance analysis of OMP is 

checked for different number of simulation results. 

The main goal of this work is to diagnose the faulty 

sensor in array antenna. The far-field power pattern 

in this case represents a -35 dB peak sidelobe level. 

The noise is an additive white Gaussian with 

power 2

n
 . A number of failures (S) is represented by 

zero weights, and are selected randomly at the first 

instant from 100 numbers of sensors. The 

normalized mean square error (MSE) is determined 

in detecting the faulty sensors at the j-th iterations is 

given by the following equation,  
2
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where ˆ
jw is the reconstructed weight by the 

proposed method and ow is the original weight of 

the array antenna. The major  
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Figure 2 The original pattern and the defective (3

rd
, 6

th
 , 7

th
, 8

th
 ) 

noisy pattern. 

 

At first instant, the noise free case is studied. The 

recovery is exact if the MSE of the estimated weights 

is lower than -100 dB. A simple relationship between 

the number of failures S and number of 

measurements M conforms the exact diagnosis of 

faulty sensors, i.e.  M=2S. Various simulation results 

show the dependence of the number of linear 

measurement on the number of failure sensors in 

array antenna. The simulation is performed for 

N=100, N=150 and N=200 sensors. The simulation 

result shows that large number of sensors will 

require increasing number of measurements. For the 

simulation results, we take 300 trials. In each trial, 

MSE is estimated, if the MSE is lower than -100 dB, 

then the number of trial is terminated. The MSE is 

calculated as function of number of measurement M 

and 2S varying from 2 to 45. The curves for different 

scenario are plotted in Fig. 3. Fig. 3 shows that for a 

fixed number of defective sensors, the success rate 

increases from 0.25 to 0.9 for different number of 

measurements. The red dotted line in Fig.3 assures 

the success rate more than 0.9. 
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Figure 3 A linear array of N=100 sensors; success rate recovery 

of weights (MSE< -100 dB against the number of measurement 

(M) and number of failure (2S). 

  

Fig. 4 shows the confidence level of number of 

measurements for different number of sensors.  

The three different curves are plotted of success rate 

more than 0.9 for N=100, N=150 and N=200. From 

this figure it is clear that as the number of sensors 

increases, we require more number of measurements 

for the detection of faulty sensors. 
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Figure 4 The number of measurement (M) against the number 

of failure (2S) in different number of sensors N=100, N=150 and 

N=200 for the recovery of weights. 

Now we consider the effect of noise to diagnose the 

faulty sensors in antenna array.  We added a 

Gaussian random noise with SNR=55 dB to the 

measured data. Fig. 5 shows that MSE of -40 dB will 

give us the satisfactory values of weights to allocate 

the defective sensors in antenna arrays.  

Fig. 6 shows that MSE of -45 dB will assures almost 

the exact diagnosis of faulty sensors in noisy 

environment. 
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Figure 5 Original weights, weights obtained from noisy data 

using OMP algorithm, N=100, M=27, S=9 MSE=-40 dB 
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Figure 6 original weights, weights obtained from noisy data 

using OMP algorithm, N=150, M=35, S=12 MSE=-45 dB. 

 

Fig.7 shows the success rate of number of 

measurements versus 2S for different scenario in 

noisy environment. The MSE in this case is -40 dB, 

the different curves of success rate of number of 

measurement versus 2S for noisy environment is 

shown in Fig.7. From this Fig, it is clear that the 

number of measurement increases for the noisy 

environment for the detection of defective sensors.  
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Figure 7 Recovery of weights (MSE=-40 dB from noisy 

environment against the number of measurements (M) and the 

number of failure (2S); N=200 SNR=50 dB. 

Fig.8 shows the success rate for different value of 

MSE =-35 dB, -40 dB, and -45 dB. From this Fig. is 

clear that the success rate is quiet sensitive to the 

noisy environment. For lower value of MSE we 

require to increase the number of measurements for 

exact diagnosis of defective sensors. 
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Figure 8 The number of measurement (M) against the number 

of failure (2S) in different MSE=-30, -35, -40 dB; SNR=50 dB, 

N=100. 
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V. CONCLUSION 

 

In this work, the OMP algorithm is used to diagnose 

the faulty sensor from compressed measurements. 

The simulation results conforming the effectiveness 

of the proposed method, based on the estimation of 

the mean square error evaluation against the number 

of linear measurements and the number of faults. 

The results show the exact number of linear 

measurements to obtain the desired mean square 

error 
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