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A parametric method for non-stationary
interference suppression in direct
sequence spread-spectrum systems
Slobodan Djukanović, Vesna Popović, Miloš Daković, LJubiša Stanković
Abstract – The problem of non-stationary
interference suppression in direct sequence
spread-spectrum (DS-SS) systems is considered. The phase of interference is approximated by a polynomial within the considered
interval. According to the local polynomial
Fourier transform (LPFT) principle, the received signal is dechirped by using the obtained
phase approximation and the interference is,
in turn, suppressed by excising the corrupted
low-pass frequency band. For the estimation
of polynomial coefficients, we use the product
high-order ambiguity function (PHAF), known
for its capability to successfully resolve components of a multicomponent polynomial-phase
signal (PPS). The proposed method can suppress interferences with both polynomial and
non-polynomial phase.
In addition, it can
suppress both monocomponent and multicomponent interferences. The simulations show
that the proposed method outperforms timefrequency (TF) methods, that successfully deal
with multicomponent interferences, in terms of
the error probability and computational complexity.

I. I  
Direct sequence spread-spectrum (DS-SS)
systems [1] are characterized by inherent interference rejection capability, which makes them
suitable for use in congested communication
channels. However, a strong interference (jammer) superimposed on the transmitted SS signal can severely deteriorate the performance of
DS-SS receiver. To this end, numerous jammer
suppression techniques have been proposed in
order to enhance the DS-SS receiver’s performance in severe jamming environments [2—7].
Time-frequency (TF) based methods [8] are effective in suppressing broadband interferences
characterized by narrow instantaneous bandwidths. Methods based on linear TF representations can filter the corrupted SS signal
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in the transform domain; corresponding synthesis procedures output the jammer-free signal. Proposed linear TF methods include the
short-time Fourier transform (STFT) [3], the
fractional Fourier transform [4], and the local
polynomial Fourier transform (LPFT) [5, 6].
In these papers, the jammer removal is accomplished via a binary mask, applied in the
transform domain, which excises the corrupted
frequency bins of the representation.
The Weierstrass’s theorem [9] states that an
arbitrary time-varying phase can be well approximated by a polynomial within the observed finite interval. Many methods for
the estimation of phase coefficients of a
polynomial-phase signal (PPS) have been proposed in the literature [10—15]. One of the
most popular is the high-order ambiguity
function (HAF), originally referred to as the
polynomial-phase transform (PPT) [12]. The
HAF, however, suffers from the identifiability
problem when components of a multicomponent PPS have the same highest order phase
coefficients, a situation encountered in multipath channels and SAR systems [16]. In order to overcome this problem, Barbarossa et
al. proposed the product high-order ambiguity function (PHAF) [14].
We propose a method for the jammer suppression that uses the LPFT principle and the
PHAF as the means of phase estimation. After the phase is estimated by a polynomial, the
corrupted received signal is dechirped. In the
Fourier transform of the dechirped signal, the
jammer will be concentrated in the low-pass
band, and therefore it can be suppressed by
excising corrupted low-pass frequencies. The
phase estimation, jammer excision and reconstruction of a jammer-free received signal are
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the steps of the proposed jammer suppression algorithm. The algorithm also deals with
jammers with non-polynomial phase, which is
achieved by narrowing the observed time interval. Moreover, owing to the ability of the
PHAF to unambiguously estimate components
of multicomponent signals, the algorithm can
be easily extended to suppress multicomponent jammers.
Paper is organized as follows. Section 2
covers the theoretical background regarding
the LPFT, PHAF and DS-SS systems. The
proposed method is introduced in Section 3,
where algorithms for both monocomponent
and multicomponent jammers suppression are
presented. Simulations are presented in Section 4, and conclusions are drawn in Section
5.
II. T

    

A. Local polynomial Fourier transform
The M th order discrete form of the LPFT
of a signal x(n) is defined by [6, 17]
LPFT (n, k) =



x (n + m) w (m)

m

−j

×e

M


i=1

i+1

m
ωi (i+1)!



B. Product high-order ambiguity function
The most common model used in parametric analysis of non-stationary signals is a PPS
model. The HAF was proposed to deal with
PPSs, both monocomponent and multicomponent [12,13]; however, it suffers from the identifiability problem when components of a multicomponent PPS have the same highest order
phase coefficients. This problem can be resolved by using the PHAF [14].
First, we define the multilag high-order instantaneous moment (ml-HIM) of a signal
x (n) , n = 0, · · · , N − 1, in the following manner:
x1 (n) = x(n)
x2 (n; τ 1 ) = x1 (n + τ 1 )x∗1 (n − τ 1 ),
x3 (n; τ 2 ) = x2 (n + τ 2 ; τ 1 )x∗2 (n − τ 2 ; τ 1 ),
..
.
xP (n; τ P −1 ) = xP −1 (n + τ P −1 ; τ P −2 )
× x∗P −1 (n − τ P −1 ; τ P −2 ),
(2)
where τ i = [τ 1 , τ 2 , · · · , τ i ], i = 1, ..., P − 1,
are sets of used time lags. In xk (n; τ k−1 ), k =

1, 2, · · · , P , index n goes from k−1
i=1 τ i to N −
k−1
τ
−
1.
The
multilag
HAF
(ml-HAF) is
i=1 i
defined as the DFT of the ml-HIM,
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(1)

where w (m) represents the analysis window
of length N, ω i is the ith transform parameter and DFTk [·] represents the discrete Fourier
transform operator. If x(n) is a monocomponent PPS, the LPFT can represent the ideal
TF representation of x(n) for an appropriate choice of the order M and parameters ω i ,
i = 1, 2, · · · , M . In reality, however, parameter estimation is performed over a multidimensional space, implying high computational
complexity [5]. The parameters of PPSs can
be estimated using different, computationally
less demanding approach, described in the following section.

N−2

XP (f ; τ P −1 ) =

 P −1
k=0


τ k −1

xP (n; τ P −1 ) e−j2πf n .

n=0

(3)
When the considered signal x (n) is a monocomponent P th order PPS, i.e.
x (n) = Aej2π

P

m=0

αm (n∆)m

,

(4)

where αm are polynomial coefficients and ∆ is
the sampling interval, the P th order ml-HIM
of x (n) is a complex sinusoid with frequency
[14]
P
−1
f = 2P −1 ∆P P !αP
τ k.
(5)
k=1

The coefficient αP can be therefore estimated
by searching for the position of maximum in
the ml-HAF. Finding the position of maximum of the ml-HAF is usually performed in
two stages, coarse search and fine search. The
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coarse search represents finding the maximum
bin of the ml-HAF. The fine search represents
refining the coarse estimate through some iterative maximization method [18—20].
If we dechirp x (n) by using the estimated
value α
 P , i.e.
P

x (n) = x (n) e−j2παP (n∆) ,

(6)

the resulting signal x (n) will be the (P − 1)th
order PPS. Now the coefficient αP −1 can be
estimated by searching for the position of maximum in the (P − 1)th order ml-HIM of x (n).
This procedure can be repeated to estimate all
lower-order phase coefficients [12, Section III].
When the considered signal x (n) is a multicomponent PPS, that is
x (n) =

K


Ak ej2π

k=1

P

m=0

αk,m (n∆)m

,

(7)

where αk,m are polynomial coefficients of the
kth component, the P th order ml-HIM will
contain K sinusoids that correspond to autoterms, each having the frequency proportional to the highest order phase coefficient,
according to (5). In addition to the autoterms,
the ml-HIM will contain a large number of
cross-terms which are, in general, P th-order
PPSs [14]. Specially, when the highest-order
phase coefficients of some components coincide, the corresponding cross-terms are complex sinusoids, implying that some of the peaks
in the ml-HAF correspond to the cross-terms
[14]. Consequently, the maxima-based phase
coefficients estimation is ambiguous, since a
peak corresponding to a cross-term can lead
to inaccurate estimation of the PPS’s coefficients.
The effect of cross-terms can be significantly
reduced using the PHAF proposed in [14]. In
the PHAF, Q sets of time lags are used,
(1)

(2)

(Q)

TQ
P−1 = τ P−1 , τ P−1 , · · · , τ P−1 ,
(l)

(l)

(l)

(8)

(l)

where τ P −1 = τ 1 , τ 2 , · · · , τ P −1 and l =
1, ..., Q. The PHAF is defined as
XPQ (f, TQ
P−1 ) =

Q


l=1

(l)

XP (β(l) f , τ P−1 ),

(9)
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with the scaling coefficient
β (l) =

P −1 (l)
k=1 τ k
.
P −1 (1)
k=1 τ k

(10)

The PHAF uses the fact that the frequencies
of autoterms in the ml-HIM are proportional
to the product of used time lags. On the other
hand, the frequencies of cross-terms are not
proportional to this product. Therefore, the
autoterms are enhanced more significantly in
the PHAF than the cross-terms, since they are
at the same positions in the scaled frequency
for each ml-HAF, whereas the cross-terms are
not aligned in the ml-HAFs obtained after the
scaling over frequency.
How do we choose time lags? Authors in
[14] suggest that the optimal lags for the P th
order ml-HAF are all equal to each other and
to
M
τ opt =
,
(11)
2P
where M is the number of available samples.
We will follow this suggestion.
C. Direct sequence spread-spectrum basics
In DS-SS systems, an SS signal to be transmitted, s (n), is obtained by modulating each
information bit by a pseudo-noise (PN) sequence p (n) whose length is L chips. In addition, p (n) is characterized by E [p (n)] = 0
and E [p (n) p∗ (m)] = δ (n − m), where E [·]
denotes the statistical expectation and δ (n)
is the Dirac delta function [1]. The SS signal
with 1 sample/chip will be assumed, when the
perfectly flat spectrum is obtained [7].
At the receiver side, information bits are
restored by correlating the baseband received
signal y (n) and a synchronized replica of the
PN code, thus producing the decision variable
d=

L−1


y (n) p (n) .

(12)

n=0

The measure of performance of the DS-SS
receiver is the output signal-to-noise ratio
(SNRout ) defined as [1, 2]
SNRout =

E 2 [d]
.
Var [d]

(13)
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In particular, if y (n) is composed of the
SS signal and additive white Gaussian noise
(AWGN) with zero mean and variance σ 2w , the
decision variable becomes
d = L + dw ,

(14)

where dw is a Gaussian variable with zero
mean and variance Lσ2w . In this case,
SNRout =

L
.
σ2w

(15)

III. J    
A. Statement of the problem
We will assume that the baseband received
signal y (n) contains three sequences as follows:
y (n) = s (n)+J (n)+w (n) ,

0 ≤ n ≤ N −1,
(16)
where s(n) is a unit amplitude SS signal, J(n)
is a complex-valued jammer and w(n) is an
AWGN sequence with zero mean and variance σ2w . The SNR is defined as SNR =
10 log10 1/σ2w . All the three signals are uncorrelated with each other. We will also assume that y (n) may contain several information bits, i.e., L < N .
The constant amplitude model for J (n),
J (n) = Aejφ(n) ,

(17)

is used, where A and φ (n) respectively denote
the amplitude of the jammer and its phase.
Assuming that the original phase function φ (t)
is continuous within the observed time interval, φ (n) can be approximated by a polynomial according to the Weierstrass’s approximation theorem [9]. The signal-to-jammer ratio
(SJR) is defined as SJR = 10 log10 1/A2 .
For the received signal (16), the correlation
(12) yields
d = L + dJ + dw ,

with E [dJ ] = 0 and Var [dJ ] = LA2 [21]. The
influence of a low power jammer is well mitigated by the correlation process, but when
J (n) is a high power jammer, Var[dJ ] can dramatically reduce the SNRout . In that case,
y (n) has to be preprocessed before the correlation is performed.
B. Monocomponent jammer suppression
We propose to divide the received signal into
non-overlapping segments so that, for each
segment separately, the jammer’s phase φ (n)
can be approximated by a third-order polynomial, or equivalently, the IF of the jammer can be approximated by a parabola. The
estimated polynomial coefficients are used to
dechirp the jammer, which is, in turn, suppressed by excising the corrupted low-pass frequency bins of the dechirped signal.
The jammer suppression can be performed
in an adaptive manner by using the following
recursive procedure.
Step 1. Estimate the coefficients α1 , α2
and α3 of a polynomial that approximates the
jammer’s phase φ (n) by using the PHAF and
the coefficient estimation procedure (see section II-B and (4)-(6)). We will denote the obtained estimations as α
1 , α
 2 and α
3 .
Step 2. Form
θ (n) = α
1 (n∆) + α
 2 (n∆)2 + α
 3 (n∆)3 (19)

and dechirp y (n) according to yθ (n) =
y (n) e−j2πθ(n) .
Step 3. Calculate Yθ (k) = DFTk [yθ (n)].
If the dechirped jammer occupies no more than
K low-pass frequency bins, suppress it by setting corrupted bins to zero, which results in
the filtered spectrum Yθf (k) . The filtered signal yf (n) is therefore obtained as
y f (n) = IDFTn Yθf (k) ej2πθ(n) ,

(20)

(18)

where dJ and dw respectively represent the
correlator outputs due to the jammer and
AWGN. The central limit theorem (CLT) implies that, for large enough L, dJ can be well
approximated by a white Gaussian variable

where IDFTn [·] represents the inverse discrete
Fourier transform operator. On the other
hand, if the dechirped jammer occupies more
than K low-pass frequency bins, split the considered segment into two halves and perform
the steps 1—3 for both halves separately. If,
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however, the length of one half is less than the
minimal considered length, do not split the
segment but set all the corrupted frequency
bins to zero and reconstruct the jammer-free
segment according to (20).
In the first step of the algorithm, we essentially approximate the jammer’s IF within the
considered segment by a parabola determined
by α
1 , α
 2 and α
 3 . If it is well approximated
within the whole signal of N samples, we suppress the jammer by excising the corrupted
frequency bins of yθ (n); otherwise, we split
the signal into two halves and separately perform the IF estimation on both halves, first
left then right. Reduced segment length implies reduced IF variation we deal with. If
the IF estimation obtained for the left half
(first N/2 samples) is sufficiently well, we filter the left half; otherwise, we split the left
half into two halves and so on. Once we filter the current left half, we repeat the procedure for the corresponding right half. This
way, the whole signal is adaptively split into
non-overlapping segments and the length of
each segment equals N/2p , where p = 0, 1, 2....
Spectra of dechirped segments are illustrated
in Fig.1, where we consider a jammer with sinusoidal phase, Type 5 in Table I. We first operate on N samples (Fig.1(a)), then on initial
N/2 samples (Fig.1(b)) and finally on initial
N/4 samples (Fig.1(c)). The first N/4 samples
will not be further split since the jammer is
well concentrated at the DC component, which
is not the case for N and N/2.
We decide whether the jammer’s IF is sufficiently well approximated by a parabola or
not by comparing K low-pass frequency bins
of Yθ (k) to the predefined threshold T r. In
ideal case, when the parabola perfectly fits the
jammer’s IF, the whole jammer will be concentrated at Yθ (0), implying K = 1 as a natural
choice. In reality, however, estimated coefficients do not coincide with the true ones. In
addition, the error-propagation effect makes
the estimation of lower-order coefficients less
accurate [12]. A non-polynomial phase inherently cannot be perfectly fit by a third-order
polynomial. The dechirped jammer will be
therefore spread over Yθ (k) for k = 0; low-

a 1000

815
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0

f 1/2
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f 1/2

|Y θ(f)|

1000

0
-1/2

|Y (f)|
θ

c
500

0
-1/2

0

f 1/2

Fig. 1. The spectrum |Yθ (f ) | corrupted by a jammer
with sinusoidal phase; f is normalized frequency.
The parts correspond to first (a) N samples; (b)
N/2 samples; (c) N/4 samples.

frequency components of Yθ (k) will contain
more jammer than the high-frequency ones
(see Fig.1). Having this in mind, in this paper,
we will say that the jammer’s IF is sufficiently
well approximated by a parabola if at most
K = 3 low-pass frequency bins of Yθ (k) (DC
component and one bin from each side of the
DC component) are corrupted.
How to choose the threshold T r? We will
use the Neymann-Pearson criterion and choose
T r so that a fixed probability of false alarm
(PFA) is provided. To this end, let us denote variable Yθ (k) in the jammer-free case
as Y0 . We can approximately model |Y0 | as a
Rayleigh variable. Indeed, in DS-SS systems,
the AWGN can be much stronger than the SS
signal [1] (see (15)), so their sum can be approximated by a Gaussian white noise with
zero mean and variance that equals σ2sw =
σ 2s + σ 2w , where σ2s is the variance of the SS
signal. Both real and imaginary part of Y0 are
therefore zero-mean Gaussian variables with
common variance σ 20 = N21 σ2sw , where N1 is the
DFT length, implying that |Y0 | is a Rayleigh
variable with parameter b = σ0 . The mean
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and variance of |Y0 | satisfy [22]


π
µ|Y0 | =
b
2


π 2
b .
σ 2|Y0 | = 2 −
2

(21)
(22)

C. Multicomponent jammer suppression

(23)

Taking into account the advantages of the
PHAF regarding the estimation of multicomponent signals, the proposed algorithm can be
easily extended to the multicomponent jammer case. Let us assume that the jammer contains NJ components that conform to model
(17), i.e.

We will herein take
T r = µ|Y0 | + 4σ |Y0 | ,

O(N log2 N )1 , where O(·) represents the big
O notation. On the other hand, the TF-based
jammer suppression methods have the complexity of O N 2 log2 N [3, 5].

which yields the PFA of P (|Y0 | ≥ T r) =
5.5121 × 10−4 .
One way to estimate b, and, in turn, µ|Y0 |
and σ|Y0 | , is to use TF representations of the
received signal. For this purpose we will take
the simplest TF representation, the STFT. In
the TF plane, J (n) occupies a narrow frequency band compared to both the SS signal and the AWGN that are spread over all
frequencies. This allows for the estimation of
µ|Y0 | and σ|Y0 | from the STFT bins that belong
to the TF areas where the jammer’s contribution can be neglected.
What is the minimal segment length we consider? In order to reduce the computational
complexity of the DFT calculation, we will
take that the length of the signal block to be
processed, N , satisfy N = 2m , where m is a
positive integer. After splitting, segments will
be of the length Ns = 2m−1 , 2m−2 ... On each
segment, we perform the coefficient estimation
procedure based on the PHAF. Estimate α
 3 is
obtained from the third-order ml-HIM of y (n),
y3 (n; τ 2 ), whose length is Ns − 2(τ 1 + τ 2 )
(see (2)). Taking (11) yields the length of
y3 (n; τ 2 ) of Ns /3, implying that small values of Ns cannot provide accurate estimate α
3,
which will emphasize the error-propagation effect. In this paper, we will adopt the minimal
Ns = 28 = 256 samples, which gives the length
of y3 (n; τ 2 ) of 85 samples. We have experimentally shown that minimal Ns = 128 does
not provide any gain over minimal Ns = 256,
whereas Ns < 128 gives very poor accuracy to
α
3.
Finally, by observing the steps of the proposed method, as well as the computational
complexity of the PHAF [14], we conclude
that the overall computational complexity is

J (n) =

NJ


Ai ejφi (n) ,

(24)

i=1

where Ai and φi (n) respectively denote the
amplitude and phase of the ith component.
Assuming that NJ is known [13, 14], we
can suppress the jammer starting from the
strongest component. The procedure is a modification of the estimation algorithm proposed
in [13, Section II] and is given below.
Step 1. Set p = 1.
Step 2. If p = NJ go to step 4. Otherwise,
estimate the phase coefficients α1 , α2 and α3
of the strongest component and form θ (n) according to (19) (see steps 1 and 2 of the algorithm for the monocomponent jammer suppression).
Step 3. Dechirp the received signal and
suppress the strongest jammer component by
setting at most K corrupted low-pass frequency bins to zero. Reconstruct the signal
1 Consider the estimation of α from an N samples
3
long y (n). It is estimated from the DFT of y3 (n; τ 2 ).
For τ 1 = τ 2 = N/6, y3 (n; τ 2 ) has N/3 samples, and
its calculation requires N complex multiplications (see
(2)), or 4N real multiplications and 2N real additions, giving the complexity of O(N), for both multiplications and additions. On the other hand, the
calculation complexity of an N/3 samples long DFT
is O(N log2 N) multiplications and additions, which is
also the complexity of the fine search frequency estimation [19]. The overall complexity of the α3 calculation
is therefore O(N log2 N). The similar reasoning holds
for the α2 and α1 estimation. The dechirping operation in the algorithm requires N complex multiplications. The first two steps of the algorithm, therefore,
require O(N log2 N) operations, and it can be easily
seen that the same holds for the third step.
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with the strongest component suppressed using (20). Set p = p + 1 and go to step 2.
Step 4. Estimate θ (n) of the last component and dechirp the received signal. If the
dechirped component occupies no more than
K low-pass frequency bins, suppress it by setting corrupted bins to zero and reconstruct the
jammer-free segment (20). Otherwise, perform
the steps 1—3 for the left half and the right half
of the observed signal. If the length of one half
is less than the minimal considered length (256
samples), do not split the segment but set all
the corrupted frequency bins to zero and reconstruct the jammer-free segment (20).

817

mers defined in Table I. The sixth row represents results obtained in case of a multicomponent jammer that comprises the Type
2 and Type 3 components characterized by
SJR = −22dB and −25dB, respectively. We
also considered the case when the Type 3 jammer is passed through a multipath channel, resulting in a two-component jammer. The direct and delayed components are characterized
by SJR = −25dB and −22dB, respectively.
The delay is N/7. The obtained results are
given in the last row of Table II; in Type 3d ,
d stands for delay. For the monocomponent
jammers, the proposed method slightly outperforms the other two methods. The difference in performance is more emphasized with
multicomponent jammers, which is due to the
IV. S  
fact that the proposed method is not affected
The performance of the proposed method by intersections of IF trajectories of jammer
is evaluated for the received signal corrupted components. On the contrary, in the intersecby several jammer types. The phase func- tion area, the LPFT method cannot minimize
tions of the considered jammers are given in the instantaneous bandwidth of jammer’s comTable I. The first three types correspond ponents [5].
to a complex-sinusoid, linear FM (chirp) and
Figure 2. presents results obtained when
quadratic FM jammer, respectively, whereas
variable SNR and SJR are considered. In spetypes 4 and 5 respectively conform to an
cific, Fig. 2(a) and 2(b) present Pe and SNRout
exponential and sinusoidal model. In addicurves versus SNR that varies from -15dB to
1
tion, N = 1024, L = 64, ∆ = N , SJR =
-6dB, whereas Fig. 2(c) and 2(d) present Pe
2
−25dB and SNR = −8dB, i.e., σw = 6.31.
and SNRout curves versus SJR that varies from
The analytical SNRout value for the jammer-110dB to 0dB in increments of 5dB. In both
free received signal therefore equals 10.14 (see
cases, the Type 3 jammer is considered, and
(15)). The third-order PHAF is calculated
in the variable SNR case, it is characterized
using five sets of time lags, given as follows:
by fixed SJR = −25dB. In the variable SJR
(1)
(2)
(3)
N N
11N 14N
τ 2 = ( 6 , 6 ), τ 2 = ( 75 , 75 ), τ 2 = case, the AWGN with fixed SNR = −8dB
(4)
(5)
23N
19N 31N
7N 13N
( 17N
120 , 120 ), τ 2 = ( 150 , 150 ), τ 2 = ( 60 , 60 ), is considered. The variable SNR case indiwhereas the second-order PHAF is calculated cates that the proposed method slightly out(1)
(2)
(3)
using sets τ 1
= N4 , τ 1
= N5 , τ 1
= performs the other two methods for all the con(4)
(5)
3N
9N
11N
sidered SNRs. On the other hand, in the vari10 , τ 1 = 40 , τ 1 = 40 . All time lags have
to be rounded to the closest integer before use able SJR case, the difference in performance
in the ml-HIM calculation. In time lags selec- is much more emphasized for smaller SJRs.
tion, we were guided by recommendation (11). The LPFT and STFT curves depart from the
The proposed PHAF-based filtering is com- PHAF one at around -40dB [5]. The proposed
pared to the STFT-based filtering [3] and method performs approximately the same even
LPFT-based filtering [5, 6]. Both in the STFT for SJRs around -110dB. For SJR values close
and LPFT calculation, the Hanning window to 0, however, the parameter estimation in the
with 128 samples is used. The obtained proposed method does not produce accurate
SNRout and error probability (Pe ) values for results, which results in performance degradaall the three methods are given in Table II. tion [18—20].
The first five rows of Table II correspond to
In this section, the numerical Pe and SNRout
the results obtained for monocomponent jam- values were calculated over 50000 runs, except
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TABLE I
P           

Phase function φ (n)
(n∆)

2
2π − N3 (n∆) + N3 (n∆)


2
3
41N
2π N7 (n∆) − 37N
(n∆)
+
(n∆)
41
63


2
2
N 3 ln(N/2)
N
(n∆)
3
2π ln N
e
−
(n∆)
4
(2) 2
N
7π
π
2π 3π cos 9 (n∆ + 5 )
2π N
5

Type 1
Type 2
Type 3
Type 4
Type 5

Pe  SNRout    

Type 1
Type 2
Type 3
Type 4
Type 5
Type 2 + Type 3
Type 3 + Type 3d

TABLE II
PHAF-, STFT-  LPFT-     

SNRout
PHAF STFT
10.10
9.88
10.11
9.35
10.06
9.57
9.75
9.46
10.04
9.62
10.07
8.64
10.13
8.46

for the curves in the variable SNR case which
were simulated over 150000 runs.

LPFT
9.90
9.74
9.69
9.54
9.58
9.16
9.68

PHAF
7.11e-4
6.96e-4
7.53e-4
8.73e-4
8.19e-4
7.97e-4
7.60e-4

Pe
STFT
8.37e-4
1.11e-3
1.04e-3
9.69e-4
1.05e-3
1.76e-3
2.01e-3

calculation complexity.
R   

V. C  
In this paper, a simple and computationally efficient method for jammer suppression in
DS-SS systems is proposed. The phase of the
jammer is locally approximated by a polynomial, and its coefficients, estimated using the
PHAF, are used to dechirp the received signal, thus dislocating the jammer to the lowpass frequency band. The jammer is successively suppressed by excising the corrupted frequency band of the received signal. In order to
suppress jammers with non-polynomial phase,
we developed an algorithm that adaptively divides the observed time interval so that, within
each segment, the phase of the jammer can be
satisfactorily approximated by a polynomial.
The algorithm is extended so that it can suppress multicomponent jammers. Simulations
show that the proposed method outperforms
standard TF based methods used for jammer
suppression, both in the error probability and

LPFT
8.04e-4
9.06e-4
8.88e-4
9.97e-4
1.02e-3
1.22e-3
9.82e-4
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