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PAPERS

Estimating DOA and PPS parameters of signal
received by ULA in heavy noise environment

Igor Djurović1 , Marko Simeunović2 ∗ , Vladimir V. Lukin3

Estimation of the direction-of-arrival (DOA) and parameters of polynomial phase signal (PPS) impinging on the uniform
linear array (ULA) of sensors in heavy-tailed noise environments is considered in this paper. To estimate signal parameters, a
recently proposed quasi maximum-likelihood (QML) estimator is adopted. The proposed algorithm consists of two successive
steps: (1) noise influence mitigation by using the proposed normalization strategy and (2) signal parameters estimation using
the DOA-QML approach. The algorithm performance is evaluated for both monocomponent and multicomponent signals.
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1 Introduction

Direction-of-arrival (DOA) estimation is a fundamen-
tal problem in numerous applications including radars,
sonars, underwater acoustics, indoor navigation and com-
munications [1–3]. DOA is commonly estimated from sig-
nal captured by array of sensors. Depending on applica-
tion, there are various array geometries such as uniform
linear array (ULA), uniform rectangular array (URA),
uniform circular arrays (UCA), co-prime arrays, etc [4–6].
The ULA is the most popular one and it is used to form
other geometries. In the literature, the DOA is estimated
by using eigenvalues [7–8], meta-heuristic search algo-
rithms [6], phase differentiation [9–13], compressive sens-
ing [14], time-frequency distributions [15], etc.

Dealing with signals corrupted by non-Gaussian noise,
in particular impulsive and/or heavy tailed noise, is com-
mon in array signal processing [16–24]. Such disturbances
can significantly reduce performance of techniques devel-
oped for Gaussian noise environment. In many disciplines,
the nonlinear signal processing approach is a common tool
for reducing negative effects of the impulsive/heavy-tailed
noise. For example, in signal and image processing, nu-
merous robust filter families related to modifications and
upgrades of the median filter have been developed in last
two decades [25–27]. However, robust filters require sort-
ing that is computationally demanding operation. Know-
ing that sensor nodes are often of limited resources and
that processing can introduce some delays in real-time
evaluation, their application is limited.

Normalization/regularization and hard/soft limiters
implementations are also common tools in robust signal
processing and robust statistics [28]. This paper proposes
the normalization strategy based approach for estimation

of DOA and parameters of signals impinging on the ULA
of sensors. Signals received by the ULA are represented
by the polynomial phase signal (PPS) model and a re-
cently developed DOA-quasi maximum likelihood (DOA-
QML) algorithm [15, 29] is coupled with the proposed
normalization strategy. When Gaussian noise is consid-
ered, the DOA-QML algorithm has excellent performance
compared to other state-of-the-art estimators [6, 9–12].
Thus, the proposed extension is important for covering
challenging noise environments.The algorithm consists of
two stages. In the first stage, ensemble of sets of param-
eter estimates with various normalization factors is pro-
duced, while in the second stage, the optimal set is se-
lected based on an appropriate criterion function.

2 Problem statement

Consider a source emitting PPS1 defined as [31, 32]

x(n) =A exp(jφ(n)) + ν(n)

=A exp

(

ja0 + j

M
∑

m=1

am
nm

m

)

+ ν(n),
(1)

where A is the constant or slowly varying amplitude,
M is the signal order, {am | m ∈ [0,M ]} are phase
parameters, while ν(n) is additive noise. Assume that
noise is zero-mean complex with independent real and
imaginary parts but of impulsive or heavy tailed nature
and the number of signal samples is N .

1PPS signals are motivated by the Weierstrass theorem that

states that any continuous function on finite interval can be modeled

by polynomial [30].
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Signal (1) is received by the ULA consisting of L sen-
sors separated with intersensor distance d . Since sensor
positions differ, the l th sensor will capture delayed ver-
sion of (1)

xl(n) = x(n− lτ) , l ∈ [0, L) , (2)

where τ = d sin θ/c , θ is DOA, and c is speed of sig-
nal propagation in considered environment. Our goal is
to estimate phase parameters {am|m ∈ [0,M ]} and in-
tersensor delay τ from noisy observations x(n).

Equation (2) represents a general wideband ULA sig-
nal model. In practice, it has been commonly assumed

that instantaneous frequency (IF), ω(n) =
∑M

m=1 amnm−1 ,
does not change during travel of impinging signal across
the ULA [6]. In that case, τ is relatively small, signal is

narrowband and xl(n) ≈ A exp
(

jφ(t)−jlτω(t)
)

. Narrow-
band signals can be more easily processed compared with
wideband ones. Here we will consider general case and
our approach can be adopted for the simplified model.

3 Algorithm development

3.1 Monocomponent signals

The PPS estimation in the ULA sensor network is
popularized by [6] where technique referred to as the
chirp/polynomial beamformer (CB/PB) is proposed. The
PB is the maximum-likelihood (ML) estimator of the
DOA and phase parameters of signal (2). It can be de-
scribed as

J(ξ;α1, ..., αM ) =

∑

l

∑

n

∣

∣

∣

∣

xl(n) exp

(

−j

M
∑

m=1

αm

(n− lξ)m

m

)∣

∣

∣

∣

2

(τ̂ ; â1, ...,âM ) = arg max
(ξ;α1,...,αM)

J(ξ;α1, ..., αM ).
(3)

The main drawback of the PB-based approach is (M+
1)-dimensional search that significantly limits its applica-
bility. In [6], in order to avoid the direct search, even for
the second order PPS, the PB maximization is performed
by the genetic algorithm.

To reduce calculation complexity, the phase differenti-
ation (PD)-based methods are used as alternatives to the
PB approach [9–12]. The PD, realized by auto-correlation
function, decrements signal order reducing the search di-
mension at the same time. However, it introduced nu-
merous issues. Some of them are common to the PD es-
timators applied on a single sensor: increased breakdown
point and mean squared error (MSE), error propagation
from higher toward lower order phase parameters, prob-
lems with cross-terms, etc. The other shortcomings are
caused by sensor architecture itself. For example, inter-
sensor delays causing difficulties in fusing results of the
PD procedures applied among sensors since particular
phase function and observed phase coefficients on sensors

are different. Some of techniques addressing these issues
are reviewed in [33, 34].

The QML-based estimation procedure has been pro-
posed in order to avoid shortcomings of the PB- and PD-
based estimators [33]. This technique can be conceptually
described as hybrid of the linear time-frequency (TF) rep-
resentations, phase unwrapping and ML estimator with
advantages drawn from all of them but without associ-
ated peculiarities. The QML does not require PDs and
unlike (M +1)-dimensional search required by the PB, it
performs 1-D search only. This technique consists of three
main steps:

Step 1 Coarse parameter estimation – signal parameters
are estimated using linear TF representation, ie, short
time-Fourier transform (STFT);

Step 2 Fine parameter estimation – the O’Shea strat-
egy [35] based on phase unwrapping and signal filtering
is used to remove bias caused by the STFT-based esti-
mator and to improve the estimation accuracy close to
achievable limits given by the Cramer-Rao lower bounds
(CRLB);

Step 3 Selection of optimal estimate – the ML function
is used to determine the optimal estimate by searching
over set of windows widths in the STFT.

The QML has been applied in numerous important
scenaria including: non-Gaussian noise, random samples
consensus algorithm (RANSAC), fading amplitude or
short signal components, for different parametric signal
models but also for unknown signal models, multicompo-
nent signals, multidimensionalsignals, etc [33]. One of the
main advantages of the QML algorithm is fact that its ac-
curacy is stable with respect to the phase order increase.
It is well known that many of existing phase parameter
estimators have performance significantly deteriorating
with increase of the phase order [33]. For example, the
high-order ambiguity (HAF)-based estimators have de-
creasing breakdown point of the algorithm for 6dB with
each order of polynomial in the signal phase. However,
the QML is tested on high-order polynomials even for
M = 40 with minor loss of accuracy [33]. In addition,
the QML is applied to nonpolynomial modulated signals
showing excellent accuracy [33].

Our goal is to exploit usage of the QML in the es-
timation of parameters of PPS captured by the ULA in
impulsive/heavy-tailed noise environments. This problem
has been already addressed in [33] where the robust QML
is proposed. In its initially stage, the algorithm calculates
the robust TF representation instead of the STFT. The
robust filtering in time domain is used in refinement stage
and selection of optimal estimate is performed with crite-
rion function appropriate for non-Gaussian environment.
However, this approach is computationally complex since
the robust TF representations require time consuming
sorting operations for each point in the TF plane. In array
signal processing applications, such calculation complex-
ity is unacceptable due to weak computation capabilities
of sensor nodes and long signal recordings.
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To reduce influence of impulsive noise and improve
both calculation complexity and estimation accuracy, in
this paper, we propose signal pre-processing prior to pa-
rameter estimation using the classical DOA-QML algo-
rithm [15]. Signal can be pre-processed by utilization of
the following normalization strategy [28]

xl,b(n) =
xl(n)

√

|xl(n)|2 + b2
, (4)

where b is factor that has influence on normalization

characteristics. For b → ∞ relation (4) has output pro-

portional to the input signal without reducing effects of

impulses, while for b → 0 the fractional lower order nor-

malized signal [36] is obtained. Distortion of signal con-

tent is a side effect of the normalization procedure. There-

fore, parameter b should be selected as a trade-off be-

tween impulsive noise suppression and signal distortion.

Algorithm 1: Robust DOA-QML estimation

Input: Signal xl(n), l ∈ [0, L) and set of intersensor delays T

First stage: Estimation of normalization parameter b

Perform signal normalization with b = 0

xl,0(n) =
xl(n)
|xl(n)|

. (5)

Using the DOA-QML algorithm, estimate signal parameters

{â01, . . . , â0M ; τ̂0} = DOA-QML{xl,0(n)} . (6)

Estimate the signal amplitude as

Â =

√

√

√

√

[

1
L

∣

∣median
{

Re
[
∑L−1

l=0 xl(n) exp
(

−j
∑M

m=1 â
0
m

(n−lτ̂0)m

m

)]}∣

∣

2

+ 1
L

∣

∣median
{

Im
[
∑L−1

l=0 xl(n) exp
(

−j
∑M

m=1 â
0
m

(n−lτ̂0)m

m

)]}∣

∣

2 . (7)

Second stage: Re-estimation of signal parameters

Based on the estimated amplitude, update b parameter as

b = ζÂ , (8)

where (as it will be demonstrated in numerical experiments) accurate results are obtained for wide

range of parameter ζ (we adopted ζ ∈ [0.3, 0.6] what will be demonstrated in simulation section).

Re-estimate signal parameters using the DOA-QML algorithm as

{âb0, âb1, . . . , âbM ; τ̂b} = DOA-QML{xl,b(n)} , (9)

where signal is normalized with parameter b from

xl,b(n) =
xl(n)√

|xl(n)|2+b2
. (10)

Output: Signal parameters estimate {â0, â1, . . . , âM ; τ̂} = {âb0, âb1, . . . , âbM ; τ̂b}

Algorithm 2: The DOA-QML algorithm

Input: Signal xl(n) and set of intersensor delays T

for l ∈ [0, L) do

Calculate the FT of xl(n)
Yl(ω) = FT{xl(n)} . (11)

foreach ξ ∈ T do

Perform compensation of assumed time-delay as

ỹl(n) = IFT{Yl(ω) exp(−jωlξ)} . (12)

Signals received by the sensor array are same or similar since intersensor time-delay is at least

partially compensated. Thus, sum compensated signals

ỹ(n) =
∑L−1

l=0 ỹl(n). (13)

Estimate signal parameters using the QML algorithm given by Algorithm 3

{âξ0, âξ1, · · · , âξM} = QML{ỹ(n)} . (14)

Calculate the criterion function (the standard ML function for Gaussian noise environment

under assumption that impulsive noise is removed) as

J(ξ) =
∑

n

∣

∣

∣
ỹ(n) exp

(

−j
∑M

m=1 â
ξ
m

(n−lξ)m

m

)
∣

∣

∣

2

.

The optimal set of estimates is obtained as follows

ξ̂ = argmaxξ J(ξ), (15)

{â0, â1, . . . , âM} = {âξ̂0, âξ̂1, . . . , âξ̂M} . (16)

Output: Signal parameters estimate {â0, â1, . . . , âM} and time delay estimate ξ̂



178 I. Djurović, M. Simeunović, V. V. Lukin: ESTIMATING DOA AND PPS PARAMETERS OF SIGNAL RECEIVED BY ULA . . .

Algorithm 3: The QML algorithm

Input: PPS x(n) and set of window widths H

foreach h ∈ H do

Calculate the STFT:

STFTh(n, ω) =
∑

k x(n+ k)wh(n) exp(−jωk), (17)

where wh(k) is rectangular window with wh(k) = 1, k ∈ [−h/2, h/2) and 0 elsewhere.

Estimate the IF of PPS signal:

ω̂h(n) = argmaxω |STFT (n, ω)| . (18)

Calculate coarse parameter estimates by applying the polynomial regression algorithm on estimated IF [15]

{ãh1 , . . . , ãhM} = polyfit{ω̂,h (n)} , (19)

where polyfit represents polynomial regression in the least squares sense used to estimate

polynomial coefficients. For details refer to [15]. Note that MATLAB function with the same name

can be used for this purpose. Perform dechirping and signal filtering

x̂(n) = 1
K+1

∑K

k=−K x(n+ k) exp
(

−j
∑M

m=1 ã
h
m

(n+k)m

m

)

. (20)

Unwrap the phase of x̂(n)

φ̂(n) = unwrap{phase{x̂(n)}} . (21)

For phase unwrapping classical procedure avoiding phase jumps over 2π is applied [15].

Estimate residual phase coefficients in order to refine coarse estimation by the polynomial regression of φ̂(n)

{δãh0 , δãh1 , . . . , δãhM} = polyfit{φ̂(n)} . (22)

Refined estimates are obtained by summing estimates (21) and (22)

âhm = ãhm + δãhm, m ∈ [1,M ], âh0 = δãh0 . (23)

Optimal estimates are obtained maximizing the ML function

J(h) =
∑

n

∣

∣

∣
y(n) exp

(

−j
∑M

m=1 â
h
m

nm

m

)
∣

∣

∣

2

, (24)

ĥ = argmaxh J(h), (25)

{â0, â1, â2, . . . , âM} = {âĥ0 , âĥ1 , âĥ2 , . . . , âĥM}. (26)

Output Phase parameters estimates {â0, â1â2, . . . , âM} .

Algorithm 4: The DOA-QML algorithm for multicomponent signals

Input: Multicomponent signal xl(n), l ∈ [0, L) with Q components having parameters

{aq0, aq1, ..., aqM ; τq, Aq} .
Perform signal normalization with b = 0

xl,0(n) =
xl(n)
|xl(n)|

(27)

Estimate parameters of the strongest component (q = 1) {â011, . . . , â01M ; τ̂01 } and perform signal dechirping

x̂l(n) = xl(n) exp
(

−j
∑M

m=1 â
0
1m

(n−lτ̂0

1
)m

m

)

. (28)

Calculate the FT of signal (28), X̂l(ω) = FT{xl(n)} .
Remove components that are away from the origin

X̂l(ω) = 0 for |ω| ≥ |∆ω| . (29)

Perform evaluation of the inverseFT, x̃l(n)=IFT{X̂l(ω)} , and estimate amplitude of the strongest component as

Â1 =

√

√

√

√

1
L

∣

∣median
{

Re
[
∑L−1

l=0 x̃l(n) exp
(

−j
∑M

m=1 â
0
1m

(n−lτ̂0

1
)m

m

)]}∣

∣

2

+ 1
L

∣

∣median
{

Im
[
∑L−1

l=0 x̃l(n) exp
(

−j
∑M

m=1 â
0
1m

(n−lτ̂0

1
)m

m

)]}∣

∣

2
. (30)

Estimate normalization parameter b̂ ∈ ζÂ1 . Then we can proceed with re-estimation of the strongest

component and estimation of all other components using normalization parameter b̂ as follows.

for q = 0 to Q do

Estimate parameters of q th component {âb̂q1, . . . , âb̂qM ; τ̂ b̂q } using the DOA-QML algorithm.

Demodulate received signal with estimated components parameters

x̂l(n) = xl(n) exp
(

−j
∑M

m=1 â
b̂
qm

(n−lτ̂ b̂
q )

m

m

)

. (31)

Eliminate DC component of x̂l(n)

Ŷl(ω) = FT{x̂l(n)} , (32)

Ŷl(ω) = 0, (33)

x̂l(n) = IFT{Ŷl(ω)} . (34)

Modulate signal xl(n) = x̂l(n) exp
(

j
∑M

m=1 â
b̂
qm

(n−lτ̂ b̂
q )

m

m

)

. (35)

Output: Final estimates {âq1, . . . , âqM ; τ̂q} , q = 1, . . . , Q
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Some other normalization strategies used in robust signal

processing are reviewed in [37–39].

The classical approach in the selection would consider

brute force search for optimal b in some predefined inter-

val. This would lead to significant increase of calculation

complexity. In order to keep complexity as low as possi-

ble, we propose to perform selection/estimation through

two-stage procedure:

Stage 1 Set b = 0, perform normalization and estimate

signal amplitude A using the DOA-QML approach;

Stage 2 Normalize signal xl(n) by b selected to be pro-

portional to amplitude obtained in Stage 1 and estimate

its parameters and intersensor delay by the DOA-QML.

Normalization influences primarily amplitude of the

signal that can be affected by impulsive noise. The DOA-

QML in its course estimation stage estimates signal pa-

rameters by estimating IF using the STFT. The IF is in-

versely proportional to number of zero-crossings [40, 41]

that is not affected by changes in the signal amplitude.

Therefore, normalization would have minimal influence

to IF estimation while at the same time reduces effect of

impulsive noise.

The basic structure of the robust DOA-QML algo-

rithm for monocomponent signals described in (2) is given

by Algorithm 1.

The DOA-QML algorithm used in (9) is summarized

by Algorithm 2. Firstly, for predefined set of possible inter

sensor delays, the method performs time-delay compen-

sation of signal received by each sensor using the FFT.

Since their arrival times are now synchronized, compen-

sated recordings are summed to form vector whose pa-

rameters are estimated by the QML algorithm developed

for single sensor case (Algorithm 3, already explained in

Introduction). In this way, several sets of parameter esti-

mates are obtained. Optimal one corresponds to τ that

maximizes criterion function.

Calculation complexity

The proposed algorithm calculates the DOA-QML

approach twice and this step is dominant operation

that determines the overall complexity of the estima-

tion procedure. Calculation complexity of the DOA-QML

has been already derived in [15] and it is of order of

O( ||H ||N2||Ω|| log2 N ) operations, where H is set of

window width used for the QML algorithm evaluation,

T set of intersensor delays, N number of signal samples

and || · || operator determines number of elements in the

corresponding set. If the STFT is realized recursively, this
can be reduced to O( ||H ||N2||Ω||) operations [42].

In order to illustrate benefits of signal normalization

strategy (4) consider the robust variant of the QML. The

robust DOA-QML algorithm evaluated by marginal me-
dian STFT would require O( ||H || · ||Ω||N3 log2 2N ) oper-

ations that is significantly larger comparing to the com-

plexity of the proposed approach [33].

3.2 Multicomponent signals

When multicomponent signals are considered, there
are several potential strategies for the selection of nor-
malization parameter b . Similar strategy to monocompo-
nent case can be adopted here. Thus, one have firstly to
perform estimation of phase signal parameters and am-
plitudes by considering b = 0 and in the next step to
perform re-estimation by considering signal where each
component is normalized according to optimal b value.

An alternative to this approach is to estimate ampli-
tude of the strongest component only, and to perform
re-estimation of normalized signal where each component
is normalized using b calculated based on estimated am-
plitude. It is more efficient approach with respect to po-
tential adjustment of b for each component not affecting
significantly accuracy of the proposed technique. The al-
gorithm is summarized by Algorithm 4.

4 Numerical examples

In this section, performance of the proposed approach
is compared with classical DOA-QML- and HAF-based
algorithms from [9] and [11]. Experiments are performed
considering signals corrupted by α -stable noise and
mixed Gaussian and impulsive noise on both monocom-
ponent and multicomponent signals.

To avoid misunderstanding, we introduce the following
notations:

• DOA-QML-C – the DOA-QML approach applied on
original signal (classical DOA-QML);

• DOA-QML-N – the DOA-QML approach applied on
normalized signal (proposed approach);

• HAF – the HAF-based approach from [11] applied on
original signal;

• HAF-N – the HAF-based approach from [11] applied
on normalized signal;

• AHAF-N – the HAF-based approach from [9] applied
on normalized signal.

Monocomponent signal corrupted by α-stable
noise

Consider the ULA consisting of L = 25 sensors sepa-
rated with d = 0.5 m. The third-order PPS with param-
eters A = 1, a0 = π/3, a1 = 21/N , a2 = 34/N2 and

a3 = 36/N3 is captured by the ULA at angle θ = π/8.
Number of samples and sampling interval are respectively
N = 256 and ∆t = 1. A widely used model of non-
Gaussian (heavy-tailed) noise is the α -stable noise char-
acterized by two basic parameters α (responsible for im-
pulsivity) and γ (that deals with noise intensity) [37, 43].
The noise parameters are unknown in advance and their
estimation is very difficult. Thus, we analyze a wide range
of noise impulsivity to show that the proposed method is
robust enough in wide sense. Signal is corrupted by the
α−stable noise with parameters α ∈ [0.8, 2] and γ = 0.2.
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Fig. 1. MSE of phase parameters: (a3, a2, a1) and intersensor delay (τ ) estimates for signal corrupted by α -stable noise impinging on
the ULA obtained by the DOA-QML-C, DOA-QML-N, HAF-N and AHAF-N
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Fig. 2. MSEs of phase parameters and intersensor delay estimates for α -stable noise and DOA-QML-N as function of normalization
factor b

Parameter α corresponds to tail of the probability den-
sity function, ie , number of impulses in the signal. For
example, α = 1 represents the Cauchy noise with infinite
variance. Smaller α corresponds to the heavier impulsive
noise contribution while for α = 2 the Gaussian noise

with variance proportional to γ is obtained.

The MSEs of phase parameters {a3, a2, a1} and in-
tersensor delay τ obtained by the DOA-QML-C, DOA-
QML-N, HAF-N and AHAF-N are given in Fig. 1. MSEs
are calculated using 200 trials of Monte Carlo simulations
while signal normalization is done considering ζ = 0.5.

Obtained results clearly demonstrate advantages of the
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Fig. 3. Estimation of parameter a3 for mixed Gaussian and impulsive noise environment for 3%, 10%, 20% and 30% of impulses as
function of the SNR (ratio between signal ampitude and Gaussian noise variance)

Table 1. MSEs of two component signal impinging on the ULA corrupted by Cauchy noise obtained by the DOA-QML-N and DOA-
QML-C algorithms

First component Second component

MSE(dB) â3 â2 â1 τ̂ â3 â2 â1 τ̂

DOA-QML-C -142.81 -97.08 -60.34 -37.49 -139.55 -103.56 -57.70 -38.29

DOA-QML-N -153.93 -97.36 -70.57 -45.87 -148.64 -111.91 -67.18 -48.71

proposed approach over counterparts. The MSE of the

DOA-QML-C (case when normalization is not performed)

significantly increases as amount of impulsiveness in-

creases (with reducing α) while the proposed technique

(DOA-QML-N) gives rather stable results outperform-

ing other considered techniques (the HAF-N, AHAF-N

and DOA-QML-C). For example, for the Cauchy noise

(α = 1), the proposed normalization approach has lower

MSE with respect to the DOA-QML-C for more than

12 dB while for other phase parameters, improvement is

even higher and it is up to 14 dB. It can be seen that

MSEs of normalization based approaches (DOA-QML-

N, HAF-N and AHAF-N) are approximately parallel,

ie normalization keeps them on similar level not influ-

enced by impulsive noise strength. However, the DOA-

QML-N outperforms the HAF-N and AHAF-N counter-

parts between 4 dB and 14 dB depending on the consid-

ered parameter. The DOA-QML-C, as expected, outper-

forms the DOA-QML-N only for α = 2 (Gaussian noise).

This improvement is less than 0.2 dB for all parameters.

In order to justify selection of parameter b , in Fig. 2,
we show MSEs obtained in the estimation of phase pa-
rameters {a3, a2, a1} and intersensor delay τ by consid-
ering several values of normalization parameter b . From
Fig. 2, it can be seen that MSE variations with respect
to parameter b are less than 1dB for all α confirming

our decision to take estimate of b as b = ζÂ , where
ζ ∈ [0.3 , , 0.6].

Monocomponent signal with mixed Gaussian and

impulsive noise

Signal from previous example is corrupted by mixed
Gaussian and impulsive noise. Impulses positions are ran-
domly selected and their magnitudes are set to be five
times larger that the signal amplitude. Half of impulses
had positive, while remaining half had negative values.
Percentage of impulses in signal is controlled with pa-
rameter p that took the following values 3%, 10%,
20%, and 30%. The variance of the Gaussian noise com-
ponent is σ2 and signal-to-noise ratio (SNR) is calcu-
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Fig. 5. STFT of two-component PPS signal considered in numerical
examples.

lated with respect to Gaussian noise component only,
ie SNR = 10 log 10 [A2/σ2] . MSEs of the DOA-QML-
C, DOA-QML-N, HAF-N and AHAF-N a3 estimates
obtained by 250 Monte Carlo simulations are shown in
Fig. 3.

As expected, for small percentage of impulses, the
DOA-QML-C and the DOA-QML-N have similar behav-
ior. However, with increase of percentage of impulsive
noise, we are witnessing advantage of the proposed tech-
nique. For example, for p = 10% and SNR = 15 dB, im-
provement with the proposed strategy is more than 11 dB
and improvement is less emphatic as Gaussian noise com-
ponent increases. Further increase of p does not influence

the proposed technique and again improvement with re-
spect to the DOA-QML-C is increasing. For example, for
p = 20% and SNR = 5 dB, improvement is about 7 dB.

Figure 4 depicts influence of the number of sensors L
to the accuracy of the proposed technique in comparison
with DOA-QML-C, HAF-C and HAF-N. Noise param-
eters are SNR = 10 dB and p = 10%. The proposed
technique outperforms all alternatives for at least 2 dB.
The HAF-C-based technique is far the worst and not use-
ful for the impulsive noise case. It is important to note
that the proposed technique is suitable even for relatively
small number of sensors L = 5.

Multicomponent signal

The proposed algorithm has been tested on the third-
order two-component signal corrupted by the Cauchy
noise (α = 1 and γ = 0.2). Signal parameters are:
first component – amplitude A1 = 1, DOA θ1 = π/3,
phase parameters a0,1 = π/3, a1,1 = 21/N , a2,1 =

120/N2 and a3,1 = 48/N3 ;
second component – amplitude A2 = 0.7, DOA θ2 =
π/12 and phase parameters a0,1 = π/4, a1,1 = 16/N ,

a2,1 = −150/N2 and a3,1 = 12/N3 .

The STFT of signal captured by the first sensor is
given in Fig. 5. From figure, one can notice that signal
components are overlapping in the TF plane. For many
techniques, parameter estimation of this signal is very
challenging. However, the proposed approach is able to
accurately estimate signal parameters as far as their mag-
nitudes differs. The estimation procedure can be done by
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estimating component-by-component meaning that the
stronger component is first estimated. Then it is peeled
from the mixture and the weaker component is estimated.
In the case of more complicated signatures, ie , overlap-
ping components of the same magnitude, some of compo-
nents tracking or signal decomposition techniques in the
TF plane should be employed.

To obtain MSEs of DOA-QML-C and DOA-QML-N
parameter estimates, 250 Monte Carlo simulations are
used. Their results are given in Tab. l. It can be seen
that achieved improvement is about 10 dB with respect
to the case without normalization.

5 Conclusion

In this paper, the DOA-QML algorithm is extended
for heavy tailed noise environments. The proposed algo-
rithm consists of two steps. In the first step, impulsive
noise is mitigated by using signal normalization strategy,
while signal parameters and DOA are estimated in the
second step using the classical DOA-QML algorithm. Ex-
periments performed on both monocomponent and mul-
ticomponent signals have shown excellent performance of
the proposed approach.

References

[1] J. E. Ball, and N. H. Younan, “Radar and Radio Signal Process-
ing”, Multidisciplinary Digital Publishing Institute, 2017.

[2] H. S. Maghdid, I. A. Lami, K. Z. Ghafoor, and J. Lloret,
“Seamless Outdoors-Indoors Localization Solutions on Smart-
phones: Implementation and Challenges”, ACM Computing Sur-
veys (CSUR), vol. 48, no. 4, pp. 1–34, 2016.

[3] M. Garcia, J. Tomas, F. Boronat, and J. Lloret, “The devel-
opment of two systems for indoor wireless sensors self-location”,
Ad Hoc & Sensor Wireless Networks, vol. 8, no. 3-4, pp. 235–258,
2009.

[4] H. Xu, Y. Zhang, B. Ba, D. Wang, and P. Han, “Fast Two-
Dimensional Direction-of-Arrival Estimation of Multiple Signals
in Coprime Planar Array”, Jornal of Sensors, 2019.

[5] W. Zhang, X. Chen, K. Cui, T. Xie, and N. Yuan, “DOA Es-
timation for Coprime Linear Array Based on MI-ESPRIT and
Lookup Table”, Sensors, vol. 18, no. 9, pp. 3043, 2018.

[6] A. B. Gershman, M. Pesavento, and M. G. Amin, “Estimating
parameters of multiple wideband polynomial-phase sources in
sensor arrays,”, IEEE Transactions on Signal Processing, vol. 49,
no. 12, pp. 2924–2934, 2001.

[7] R. Schmidt, “Multiple emitter location and signal parameter
estimation”, IEEE transactions on antennas and propagation,
vol. 34, no. 3, pp. 276–280, 1986.

[8] R. Roy, A. Paulraj, and T. Kailath, “Esprit - a subspace rotation
approach to estimation of parameters of cisoids in noise”, IEEE
transactions on acoustics, speech, and signal processing, vol. 34,

no. 5, pp. 1340–1342, 1986.
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polynomial phase signals”, Signal Processing, vol. 92, no. 11,

pp. 2769–2774, 2012.
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to the Wigner distribution” [lecture notes], IEEE EEE Signal

Processing Magazine, vol. 31, no. 3, pp. 163–174, 2014.

[43] D. Middleton, “Non-Gaussian noise models in signal process-

ing for telecommunications: new methods an results for class A

and class B noise models”, IEEE Transactions on Information

Theory, vol. 45, no. 4, pp. 1129–1149, 1999.

Received 19 April 2020


