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Abstract – This paper considers the problem of detecting
and classifying a radar target signal from a jamming signal
produced from a target jammer source. Jamming is
intentional emission of radio frequency signals to interfere
with the operation of a radar by saturating its receiver
with noise or false information. In order to distill the features
of radar echo-signal affected by strong jamming noise, the
adaptive filters are used to remove the noise and recover the
radar echo-signal. An Adaptive filter which has self adjusting
characteristics and it adapts automatically to change in its
input signal. Adaptive filters are used when there is spectral
overlap between the signal and noise. The proposed method
uses Wiener filter, Least Mean Squares(LMS) algorithm and
Recursive Least Mean(RLS) algorithm in order to detect the
radar echo signal affected by jamming noise and results of all
the filters are compared with the Signal-to-noise ratio, range
of convergence and number of iterations. The simulation
results show that the RLS algorithm is effective for anti-
jamming of radar signal.

Keywords – LFM Signal, LMS Algorithm, RLS Algorithm,
SNR, Wiener Filter.

I. INTRODUCTION

The environment of jamming is complicated and diverse
in real processing of actual combat, thus bring great
challenge to modem radar system. In most cases, radar is
required to have the ability of detecting target and
estimating target parameters from the high jamming
environments, so it should have the ability of flexible
reaction and anti-jamming [1]. Radar system should also
have the ability of picking-up echo and removing the
jamming signal according to the mixed signals of echo and
jamming signal, therefore, it can have a better detecting
and tracking effect. As for the simple jamming mode,
radar's signal processing module can deal with it by
classical filter theory and traditional signal processing
technique. But in the noisy and complicated environment,
the anti-jamming ability of radar[7,8] is unable to fulfill
the request, special in the sparse signal decomposition.
Therefore adaptive anti-jamming will be an important and
exigent research which wills automatic separate the owner
echo from other signals. From the principle of radar
system anti-jamming, it can be found that its basic theory
is consistent with that of Adaptive algorithm.

In order to intentionally interfere the military tactical
communication signals, various jamming techniques are
proposed and analyzed [2, 3]. Jamming techniques can be
categorized into noise jamming, tone jamming and so on,
based on the characteristics of the jamming signal source.

Noise jamming is based on the adding different types of
noises.

In this paper noise jamming source is considered as a
random noise. Random noise is a type of noise comprised
of transient disturbances which occur at random times; its
instantaneous magnitudes are specified only by probability
distribution functions which give the fraction of the total
time that the magnitude lies within a specified range. In
the noisy and complicated environment, the anti-jamming
ability of radar is unable to fulfill the request, special in
the case of sparse signal decomposition [4,6]. Therefore
adaptive anti-jamming will be an important and exigent
research which wills automatic separate the owner echo
from other signals.

An Adaptive filter [5] is essentially a digital filter with
self-adjusting characteristics. It adapts automatically to
change in its input signals. Adaptive filters are used when
there is a spectral overlap between the signal and noise, if
band occupied by noise is unknown or varies with time
and to deal with non-stationarity of the desired signal or
noise.

In stationary environment adaptive filter converges at
the optimum point .The filter responds to changes in signal
statistics by readjusting weights to new set of weights
provided change in signal statistics is slower than
convergence rate. In a non-stationary environment the
bottom or minimum point continually moves, and its
orientation and curvature may also be changing. Sporadic
Interference of short duration or bad data often upset the
filter weights. Algorithm performs well when measured
interference signal is highly correlated with actual
interference but weakly correlated with desired signal.
Some of the desired signal components are cancelled if
interference is correlated with desired signal.

A Wiener filter takes as the input a signal y(m), and
produces an output signal xˆ (m) , where xˆ (m) is the least
mean square error estimate of a desired or target signal
x(m)[5].

One of the applications of Wiener filtering [9] is the
problem referred to as noise cancellation. The goal of a
noise canceller is to estimate a signal )( nd from a noise

corrupted observation using eq. 1
)()()( 1 nvndnx  (1)

that is recorded by a primary sensor. With a noise
canceller autocorrelation of the noise is obtained from a
secondary sensor that is placed within the noise field.
Although the noise measured by this secondary
sensor, )(2 nv , will be correlated with the noise in the

primary sensor, the two processes will not be equal. There
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may be a number of reasons for this, such as differences in
the sensor characteristics, differences in the propagation
paths from the noise source to the two sensors, and
leakage of the signal )(nd into the measurements made by

the secondary sensor. Since )()( 21 nvnv  , it is not

possible to estimate )( nd by simply subtracting

)(2 nv from )(nx .Instead, the noise canceller consists of

a Wiener filter that is designed to estimate the noise
)(1 nv from the signal received by the secondary

sensor. This estimate, )(1̂ nv is then subtracted from the

primary signal )(nx , to form an estimate of )( nd ,

which using eq.(2)

)()()( 1 nvnxnd


 (2)

If the statistics of the signal are known beforehand, an
optimum filter can be designed according to the Wiener–
Hopf equations. The drawback of this approach is that in
the real world the signals input to the filter are not
stationary. Under such circumstances, adaptive filters must
be designed to track the changes of signal and noise.
Adaptive filter is that it uses the filter parameters of a
moment ago to automatically adjust the filter parameters
of the present moment, to adapt to the unknown signal and
noise, or over time changing statistical properties, in order
to achieve optimal filtering.

The adaptive filter relies on a recursive algorithm for its
operation, which makes it possible for the filter to perform
satisfactorily in an environment where complete
knowledge of the relevant signal characteristics is not
available [10]. The algorithm starts from some
predetermined set of initial conditions, representing
whatever we know about the environment. Yet, in a
stationary environment, we find that after successive
iterations of the algorithm it converges to the optimum
Wiener solution. In a nonstationary environment, the
algorithm offers a tracking capability, in that it can track
time variations in the statistics of the input data, provided
that the variations are sufficiently slow.

The paper is organized as follows. Firstly, Section 2
discusses the Wiener filter, adaptive LMS and RLS
algorithm. The radar echo signal model in the presence of
noise is in section 3 and presented the experimental results
in Section 4.

II. THEORY AND ALGORITHMS OF WIENER

FILTER AND ADAPTIVE FILTERS

A. Wiener filter
The design of an FIR Wiener filter that produces the

minimum mean square estimate of a given process
)( nd by filtering a set of observations of a statistically

related process )(nx [11]. It is assumed that )(nx and

)(nd are jointly wide-sense stationary with known

autocorrelations, )( kr x and )( kr d , and known cross-

correlation )( krdx . Denoting the unit sample response of

the Wiener filter by )(nw , and assuming a (p-1) st-order

filter, the system function using eq. 3
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With )(nx the input to the filter, the output, denoted by

)(ˆ nd using eq.4, is the convolution of )(nw with )(nx ,
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The aim is to find the filter coefficients, )(kw that

minimizes the mean square error given by eq. 5
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B. Adaptive LMS algorithm
LMS is used to adjust the coefficients of the digital filter

to minimize error signal ek according to some criterion.
Least Mean Squares Algorithm is based on steepest
descent algorithm where weight vector is updated from
sample to sample using eq. 6.

Wk+1 = Wk - µ▼k (6)
Where Wk and ▼k are the weight and true gradient

vectors respectively at the kth sampling instant and µ
controls the stability and rate. Instead of computing Wopt

in one go in the LMS the coefficients are adjusted from
sample to sample in such a way so as to minimize the
MSE. The LMS algorithm is a practical method of
obtaining the estimates of the filter weights Wk in real
time without the matrix inversion or the direct
computation of the auto correlation and cross correlation.
▼k which depends on autocorrelation R and cross-
correlation P is estimated using eq. 7.

▼k = -2ekXk (7)
The Widrow-Hopf LMS algorithm for updating the

weights from sample to sample is given by eq. 8.
Wk+1 = Wk + 2 µ ekXk (8)

Where, ek=yk - wk
T Xk

Condition for convergence is 0 < µ < 2/λmax ,

where λmax is maximum eigen value of input data
covariance matrix.

Fig.1. Block diagram of adaptive filter as a noise canceller

The most successful adaptive algorithm is the LMS
algorithm as a noise canceller .The block diagram of LMS
algorithm as a noise canceller is shown in Figure.1. In the
LMS the coefficients are adjusted from sample to sample
in such a way so as to minimize the MSE. The input which
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is corrupted by noise is given as input to summer.A
reference noise correlated with the noise present in the
input signal is the input to the adaptive filter. Two signals
xk, yk applied simultaneously to the filter.yk consists of a
signal component and noise component that is correlated
with xk .Adaptive filter produces an optimal estimate of
part of yk that is correlated with xk which is then
subtracted from yk to yield ek

Implementation of the basic LMS algorithm
Computational Procedure:
Step1: Initially set each weight w(i) ,i=0,1,2,….N-1 to
arbitrary fixed value such as zero. For each subsequent
sampling instant k=0,1,….N-1 Carry out steps 2 – 4
below.
Step2: Compute filter output ňk

Step3: Compute error estimate ek = yk – ňk

Step4: Update the next filter weights
wk+1(i) = wk(i) + 2 µ ek xk-1

C. Adaptive RLS algorithm
The Recursive Least Squares (RLS) algorithm ensures

fast convergence even when the eigenvalue spread of the
input signal autocorrelation matrix is large. All these
advantages come with the cost of an increased
computational complexity and some stability problems,
which are not as critical in LMS based algorithms.

In each of the adaptive filtering methods discussed so
far, we have considered gradient descent algorithms for
the minimization of the mean-square error using eq. 9

   2
)( neEn  (9)

The difficulty with these methods is that they all require
knowledge of the autocorrelation of the input
process,  )()( knxnxE  and the cross-correlation

between the input and the desired output,
 )()( knxndE  . When this statistical information is

unknown, and estimate these statistics from the data. In
LMS adaptive filter, for example, these ensemble averages
are estimated instantaneous values, eq. 10.

  )()()()( knxneknxneE   (10)

Although this approach may be adequate in some
applications, in others this gradient estimate may not
provide a sufficiently rapid rate of convergence or a
sufficiently small excess mean-square error. An
alternative, therefore, is to consider error measures that do
not include expectations and that may be computed
directly from the data. For example, a least squares error
using eq. 11.

   



n

i

ien
0

2 (11)

requires no statistical information about )(nx or )( nd ,

may be evaluated directly from )(nx and )(nd .

Implementation of the basic RLS algorithm
Computational Procedure:
Step1: Initially set each weight w(i) to arbitrary fixed
value (such as 1) and initialize P (Inverse Matrix) to
diagonal matrix Carry out steps 2 – 4 below.
Step2: Compute filter output
Step3: Compute error estimate ek = yk – ňk

Step4: Update the Gain Vector G, Inverse Matrix
P, and Filter weights W as follows

αk = γ + xT(k)Pk-1x(k)
Gk = Pk-1x(k) / αk

Pk = (1/γ) [Pk-1 – Gkx
T(k)Pk-1]

Wk = Wk-1 + Gkek

III. TIME-DOMAIN SIGNAL MODEL IN THE

PRESENCE OF NOISE

In this paper, assume that the transmitted signal of radar
is linear frequency modulation (LFM) waveform [7, 8]. A
typical LFM waveform can be expressed by eq. 12.
s(t)= exp(j π(β/τ)t2) where 0≤t≤τ (12)
where β is the bandwidth and τ is the pulse duration.

Assume that there is a target located at range R, the
returned signal from the target is then given by eq.13
si(t)=s(t-2R/C) (13)

So the echo-signal with noise can be expressed by eq. 14
y(t)=si(t)+n(t) (14)

Where n(t) is a random noise

IV. EXPERIMENTAL RESULTS

In this section, we discuss the reconstruction of the echo
signal without noise and the anti-jamming results with
Wiener, adaptive LMS and RLS algorithm. The filtering
method using Wiener,LMS and RLS filters can reconstruct
the returned signal from target exactly as when the
returned signal is not interrupted by the noise. At the same
time, the output SNR value is improved in the
reconstructed return signal.
According to above analysis, in the simulations, the PRF
of the transmitted LFM signal is set to 2KHz, the width of
the pulse T is 100μs, the no. of pulses is 5 and the band
width B is 800KHz(Fig.1). Assuming this echo signal
includes only one target echoes.

Figure 2. shows the original transmitted LFM signal not
interrupted by noise. Figure 3. the received radar echo-
signal which is interrupted by the noise and the features of
the echo-signal are concealed by the noise. SNR value for
the echo signal interrupted by the noise is -6db. But the
original received echo signal can be extracted by Wiener
filter, Adaptive LMS and RLS filter. Figure 4. shows the
reconstructed echo signal using Wiener filter and the SNR
value is improved to 11.71db. Figure 5. shows the
reconstructed echo signal using LMS Algorithm and the
SNR value is improved to 17.54db when µ=0.2 . Figure 6.
shows the reconstructed echo signal using RLS Algorithm
and the SNR value is improved to 24.44db when γ
=0.98.The RLS algorithm has a good recovery of the
returned signal from targets.
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Fig.2. LFM Radar input signal

Fig.3. received radar echo-signal interrupted by the noise

Fig.4. Wiener Filter output (SNR)o/p=11.71db
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Fig.5. LMS Filter output (SNR)o/p= 17.54db
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Fig.6. RLS Filter output (SNR)o/p= 24.44db

Table I: Comparison between filters for different input
SNR

S.
No

(SNR)i/p

(db)
Wiener
Filter

LMS
(µ=0.2)

RLS
(γ=0.98)

(SNR)O/p(db) (SNR)O/p(db) (SNR)O/p(db)
1 -7 12.11 18.5 25.11
2 -6 11.71 17.54 24.44
3 -5 11.50 17.05 23.5
4 -4 10.22 17.3 22.4
5 -3 9.12 16.7 22.0
6 -1 8.05 16.2 21.4
7 2 7.90 15.99 20.32
8 4 6.15 15.6 18.55
9 8 4.09 14.59 18.4

10 13 3.06 14.02 15.88

I gives the comparison between three filters for different
input SNR. Assuming order of the filter as 32 and
convergence value as µ=0.2 for LMS and γ =0.98 for RLS
.The simulation result shows RLS algorithm can recover
the original echo signal better than the Wiener and LMS
filters, also the error produced at the output of adaptive
filter using RLS is less compared to Wiener and LMS
filters and output SNR produced at output of adaptive
filter using RLS is more compared to Wiener and LMS
filters.

Table II: Comparison between filters for different
convergence values.

S.No. LMS Filter RLS Filter
µ (SNR)O/p (db) γ (SNR)O/p (db)

1 0.1 10.98 0.98 24.44
2 0.15 15.26 0.985 24.40
3 0.2 17.54 0.99 22.49
4 0.5 17.68 1.0 21.05

II gives the comparison between three filters for
different convergence values. Assuming input SNR of -
6db and the order of the filter as 32 .The simulation results
shows RLS algorithm weights are stable for a convergence
value of γ =0.98 and the convergence value for LMS filter
is µ=0.5 and output SNR produced at output of adaptive
filter using RLS is more compared to Wiener and LMS
filters.
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Table III: Comparison between filters for different number
of Iterations

S.N
o.

Number
of

Iterations

Wiener
Filter

LMS
(µ=0.2)

RLS
(γ =0.98)

(SNR)O/p

(db)
(SNR)O/p

(db)
(SNR)o/p

(db)
1 10 2.21 13.32 16.58

2 32 11.71 17.54 24.44
3 50 11.89 24.33 31.84

4 80 12.12 26.88 31.82

5 100 12.89 26.76 31.81

III gives the comparison between three filters for
different number of iterations .Assuming input SNR of -
6db and convergence value of µ=0.2 for LMS and γ =0.98
for RLS. The simulation results shows that the
reconstructed signal error is reduced for 100 iterations in
Wiener filter whereas reconstructed signal error is reduced
for 80 iterations in LMS Algorithm and for 50 iterations in
RLS Algorithm.

V. CONCLUSION

The Wiener and adaptive filters are mostly used for
noise reduction. It has been proven that the filtering
method using Wiener, LMS and RLS filters can
reconstruct the returned signal from target exactly as when
the returned signal is not interrupted by the noise. At the
same time, the output SNR value is improved in the
reconstructed return signal. This filtering method can
extract the features of the original echo signal.
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