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Abstract
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Readability enhancement of time-frequency distributions based on
kernels with compact support by image processing of TF diagrams:
Application to feature extraction and signal classification

by Mohammed Amin ADOUL

Time-frequency distributions (TFDs) based on time-lag kernels with compact
support (KCS) have proved their high performance in terms of resolution and
crossterms suppression. However, as for all kernel-based quadratic TFDs,
these distributions suffer from spreading out signal terms. This is due to the
unavoidable smoothing effects of the kernel in the ambiguity domain. The
main objective of this manuscript is to improve concentration, interference
rejection and so time-frequency readability of this representation class. The
latter has the advantage of being tuned using a single parameter while ex-
ternal windows are no longer needed. The KCS-TFDs, referred to as KCSDs,
are first optimized using objective performance measures used in the liter-
ature. Important signal features are extracted as well through analysis of
time slice plots. The obtained TF diagrams are then enhanced using a spe-
cific method that includes two-dimensional Wiener filter, automatic binariza-
tion and morphological image processing techniques. The enhanced plots
are compared to those obtained from the original TFDs using several tests
on real-life and multicomponent frequency modulated (FM) signals includ-
ing the noise effects. Moreover, a comparative study involving a selection of
the best-performing reassignment time-frequency distributions is provided.
The obtained results show a significant improvement of concentration, time-
frequency localization of the autoterms as well as interference and noise sup-
pression. As viable applications, the proposed approach is used first to in-
stantaneous frequency (IF) estimation of several synthetic and real-life M-ary
frequency shift keying (MFSK) signals. It is shown that the IF estimator from
the enhanced plots performs better than smoothed pseudo Wigner-Ville dis-
tribution (SPWVD) and reassignment post-processing-based TFDs in terms
of mainlobe width (MLW) and variance, respectively, even at low signal-to-
noise ratio (SNR). On the other hand, time-frequency characterization of con-
tinuous wave linear frequency modulation (CW-LFM) and pulse linear FM
(PLFM) radar signals are also investigated.
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Résumé

Les distributions temps-fréquence (TFDs) a base de noyaux a support com-
pact (KCS) ont prouvé leurs hautes performances en termes de résolution et
de suppression des termes croisés. Cependant, comme pour tous les dis-
tributions quadratiques basés sur le noyau, ces distributions souffrent de
I'étalement des termes de signal. Cela est dii aux inévitables effets de lis-
sage du noyau dans le domaine de I'ambiguité. L'objectif principal de ce
manuscrit est d’améliorer la concentration, le rejet des interférences et donc
la lisibilité temps-fréquence de cette classe de représentation. Ce dernier a
I'avantage d’étre réglé a I'aide d'un seul parametre alors que les fenétres
externes ne sont plus nécessaires. Les KCS-TFDs sont d’abord optimisés
a l'aide de mesures de performance objectives utilisées dans la littérature.
Les caractéristiques importantes du signal sont également extraites grace
a 'analyse des tracés de tranches de temps. Les diagrammes TF obtenus
sont ensuite améliorés a 1’aide d"une méthode spécifique qui comprend un
tiltre de Wiener bidimensionnel, une binarisation automatique et des tech-
niques de traitement d’images morphologiques. Les tracés améliorés sont
comparés a ceux obtenus a partir des TFD d’origine a l'aide de plusieurs
tests sur des signaux modulés en fréquence (FM) réels et multicomposants,
y compris les effets de bruit. Par ailleurs, une étude comparative portant
sur une sélection de les distributions temps-fréquence de réaffectation les
plus performantes sont fournies. Les résultats obtenus montrent une amélio-
ration significative de la concentration, de la localisation temps-fréquence
des autotermes ainsi que de la suppression des interférences et du bruit. En
tant qu’applications viables, 1’approche proposée est d’abord utilisée pour
I'estimation de fréquence instantanée (IF) de plusieurs signaux synthétiques
et réels de modulation par déplacement de fréquence (MFSK). Il est dé-
montré que l'estimateur IF des parcelles améliorées fonctionne mieux que la
pseudo-distribution de Wigner-Ville lissée (SPWVD) et les distribution basée
sur le post-traitement RTFDs en termes de largeur de lobe principal (MLW)
et de variance, respectivement, méme a faible rapport signal sur bruit (SNR).
D’autre part, la caractérisation temps-fréquence des signaux radar a mod-
ulation de fréquence linéaire a onde continue (CW-LFM) et FM linéaire a
impulsions (PLFM) est aussi étudiée.
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Chapter 1

Introduction

Radar signal processing, underwater acoustics, biomedicine, oceanography,
and seismology are only some of the possible interest fields for measure-
ments of signals with time-varying spectra. Non-stationary signals, i.e. those
signals with time-varying frequency contents in both time and frequency.
However, in these fields, measuring the instantaneous characteristics of a
particular non-stationary process is often an important task. Among all sig-
nal processing techniques, time-frequency signal analysis (TFSA) can reveal
certain structures of signals that are not apparent in other techniques.

TFSA has been developed for non-stationary signals. In the literature,
research on time-frequency has been divided into linear and nonlinear (or
quadratic) methods. Linear representations are basically representations that
satisfy linear properties of equations in statistical signal processing. The
linear methods such as short-time Fourier transform (STFT), S-transform,
wavelet transform, Gabor Representation, and so on, are easy to implement.
However, due to the Heisenberg uncertainty principle, there is always a
tradeoff between time and frequency resolutions. Besides the poor time-
frequency localization, linear TFRs are recognized by their weak ability for
noise elimination.

The nonlinear methods such as Wigner—Ville distribution (WVD) have re-
ceived much attention because of their useful properties, as well as to its ex-
cellent concentration for mono-component signals. A monocomponent sig-
nal is described in the time-frequency domain by one single “ridge”, corre-
sponding to an elongated region of energy concentration. A multicomponent
signal may be defined as the sum of two or more monocomponent signals.
However, the presence of cross-terms in the basic is a classical problem when
analyzing multi-component and/or nonlinear signals. Many other quadratic
time-frequency distributions (QTFDs) have been developed, such that each
QTFD can be written as a smoothed version of the WVD using a specific ker-
nel filter. Kernels are designed as low-pass filters in the ambiguity domain
to eliminate and suppress the cross-terms. The generalized kernel-based ap-
proach allows the definition of new distributions that are better adapted to
particular signal types, using a simple procedure. However, the QTFDs rep-
resent the majority of traditional time-frequency TF methods used in practi-
cal applications that deal with non-stationary signals.
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Recently, it was shown that kernels with compact support (KCS) derived
from the Gaussian kernel allow the best tradeoff between a high cross-term
rejection and a good auto-term resolution. The Gaussian kernel suffers from
information loss due cut-off to compute the time-frequency distribution and
the prohibitive processing time due to the mask’s width which is increased
to minimize the information loss. On the contrary, kernels with compact sup-
port are found to improve processing time and recover this information loss
and at the same time retain the most important properties of the Gaussian
kernel. Motivated by these interesting properties, three kernels with compact
support derived from the Gaussian kernel are used for time-frequency anal-
ysis namely the Cheriet-Belouchrani (CB), the separable CB (SCB), and the
polynomial CB (PCB). The induced distributions referred to as CB distribu-
tion (CBD), SCB distribution (SCBD), and PCB distribution (PCBD), respec-
tively are generated following a specific method that uses first the Hilbert
transform for producing analytical signals from real samples of the original
signal. The use of the analytic associate rather than from the signal itself
avoids spurious terms caused by interference between positive-frequency
and negative-frequency components. However, then computes the convo-
lutions of the proposed compact support kernels and the instantaneous au-
tocorrelation functions and finally applies a Fourier transform to determine
information related to the energy of the original signal with respect to time
and frequency. These methods are devoted to suppressing the cross-terms
and maintaining the concentration of the auto-terms from the Wigner-Ville
distribution. To measure signal auto-term concentration and possibly auto-
matically determine parameters for a TFR, objective performance measures
are needed so that the performance of the generated distribution is opti-
mized. In this manuscript, some often applied measures for quantifying the
concentration and resolution are discussed. However, the KCS-based TFDs
outperform other well-known classical distributions in terms of cross-term
reduction while still achieving the best time-frequency resolution and then
preserving high energy concentration around the components’ instantaneous
frequencies. Unfortunately, as all QTFDs, the KCS-based TFDs suffer from
degradation in time-frequency localization. This is due to the smoothing ef-
tects of the Doppler-lag kernel that acts as a two-dimensional filter in the
ambiguity domain.

Many proposed methods for readability enhancement of the TFRs are
available today. Some of these are: reassignment method, synchrosqueez-
ing transformation, multi-taper, high-order synchrosqueezing transform, s-
method, time—frequency image de-blurring, and de-noising methods. These
methods cannot be indifferently applied, owing to their specific fields of ap-
plication, according to various utilization limits, such as time and frequency
resolutions, noise levels, computing speed, original representations, and so
on.

This justifies the need for new enhancement tools suitable for high-
resolution TFDs such as the KCS-based TFDs. Otherwise, important signal
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characteristics may be corrupted or become lost while the major challenge is
to accurately estimate these characteristics whatever is the application: blind
source separation, sound processing, telecommunications, seismic, interfer-
ence rejection in spread spectrum communications systems, multicomponent
target detection, and watermarking in multimedia, just to name a few. To ad-
dress the readability enhancement issue, we propose a low-complexity post-
processing that includes a 2D Wiener filter, automatic binarization, and mor-
phological image processing techniques. The performances of KCS-based
TFDs are significantly improved by the proposed method. The image post-
processing is applied to the time-lag KCS distributions to overcome the
smoothing effect of the compact support kernel in the ambiguity domain and
eliminate interfering terms. The proposed method is used to generate the en-
hanced KCS-based distributions referred to as the ECBD, the ESCBD, and the
EPCBD, respectively. The latter are compared to a selection best performing
post-processing time-frequency analysis methods using performance evalu-
ation measures. For practical application, the proposed method is used for
the characteristics estimation of multicomponent nonstationary radar signals
and radio communication HF signals embedded in noise.

In addition, the proposed enhancement of the time-lag compact support
kernels provide four additional important advantages concerning optimiza-
tion and implementation: 1) No external smoothing windows are needed to
achieve high concentration and resolution in time or frequency since the ker-
nel vanishes itself outside a compact set, 2) The proposed distributions are
computed and their performance is optimized through the tuning of a single
parameter that controls the kernel’s bandwidth. In particular, the smoothing
parameter of the PCB time-lag kernel is an integer, 3) The proposed enhance-
ment post-processing method produces a sharper TF plot with low compu-
tational cost, and 4) No information about the analyzed signal is needed.






Chapter 2

Time-frequency signal analysis

2.1 Overview

In this chapter, theoretical background to time-frequency signal analysis is
presented, and examples of basic and commonly used time-frequency repre-
sentations (TFRs) are given. Due to the amount of literature published on the
topic, only the most relevant work is described.

2.2 Signal analysis?

Engineering problems are analyzed and solved by asking relevant questions.
It is quite common to find multiple plausible hypotheses to a problem when
different questions are posed or when solutions are sought under different
trains of thought. Signal analysis is no different, many transformations,
methods, and generalizations have evolved to model the wide variety of
signals that are encountered in various real-life problems such as commu-
nications, neurosciences, fault detection, radar, sonar, and acoustics. Signal
analysis is the characterization and study of the basic properties of signals
and was historically developed concurrently with the discovery of signals in
nature such as the sound wave, electric voltages and currents. A signal is
generally a function of many variables. For example, the electric field varies
in both space and time. However, these models are used to retrieve a sig-
nal that undergoes dispersion, attenuation, and corruption with extraneous
signals when it propagates through a canal.

2.3 Time domain

In the time domain signals are expressed as a function of time as illustrated
in Figure 2.1. In general, when an analysis uses a unit of time such as seconds
or one of its multiples (minutes or hours) as a unit of measurement then it is
in the time domain. Time-domain methods work better for wideband signa-
ture studies, are provide better visual representations for understanding the
tield interactions, and better suited for parallel processing. For these reasons,
most people are relatively comfortable with time-domain representations of
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FIGURE 2.1: Frequency-modulated continuous wave radar
(FMCW). (a) Time representation and (b) Frequency represen-
tation.

signals. However, the time-domain representation has limitations. It does
not clearly show how the frequency varies with time. In other words, the
time-domain representation tends to obscure information about frequency
because it assumes that the two variables t and f are mutually exclusive.

2.4 Frequency domain: Fourier transform

Any practical signal can be represented in the frequency domain by its
Fourier transform. The Fourier transformation occupies a privileged place
in the signals theory and treatment. FT provides a representation easy
to read and interpret, and to describe the content of a stationary signal
without loss of information; we often talk about the spectrum of a signal to
characterize it. The Fourier transform (FT) is complex; it magnitude is called
the magnitude spectrum (Figure 2.1. Using fast Fourier transform). It shows
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how the energy of the signal is distributed over the frequency domain.

The Fourier transform of a one-dimensional signal x(t) is given by [1]

X(f) = /_ 0:0 x(t)e 21 g 2.1)

The inverse Fourier transform is a mathematical formula that converts a sig-
nal from the frequency domain f to one in the time domain t. It is given by

1]
x(t) = [ X(Hedf 22)

Amplituds

Arplitude

Tima [s] Time [s]

sOUE NGy OHE] Fraquarey [He

FIGURE 2.2: Time and frequency representations of two non-
stationary signals. Time representations (top) and frequency
representations (bottom).

Fourier analysis is a basic tool in signal processing, essential in many
fields of research, but it quickly shows justified limits when one leaves the
rigorous framework of its definition: the domain of stationary signals of fi-
nite energy. In Fourier analysis, all temporal aspects (beginning, end, and
duration of an event), although present in the phase, become unreadable in
the spectrum. If we want to know the spectral components of a signal using
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the Fourier transformation, we then lose knowledge of the instantaneous oc-
currence of these components (Figure 2.2, two different signal have the same
magnitude spectrum). This requires us to use other mixed time-frequency
representations which make it possible to locate them or to locate these vari-
ations over time. A partial solution to this problem, the most intuitive, con-
sists of the division of a nonstationary signal into a sequence of short-term
Fourier transforms. A second solution, more satisfactory, consists in looking
directly for a tool adapted to the study of non-stationary phenomena in the
time-frequency representation.

2.5 Linear-based time-frequency representations

2.5.1 Short-time Fourier transform

The first solution, implemented intuitively in the middle of the century, cor-
responds to Fourier analysis with a sliding window or the short-time Fourier
transform (STFT). The principle of the STFT is based on the application of
a local Fourier spectral representation to segments of the signal sampled se-
quentially using a sliding window. The STFT of a signal x(t) can be given by
the following equation [1]

STETu(t, f) — / Y X (O)k* (T — t)e 2 Tdr (2.3)

The spectrogram (Figure 2.3) being the square module of a short time Fourier
transform, it represents the energy of the signal in time, according to the
segment analyzed, and in frequency, according to the Fourier coefficient [1]

2
SPI(t, f) = |STFTy(t, f)|? ‘ / — e 2T dr (2.4)

A special case of the STFT is the Gabor transform (Figure 2.4). The latter is
an STFT using a Gaussian window h(t)

h(t) = (5)‘1%3—39 (2.5)

The main drawback of STFT is its limited resolution. Indeed, it is impos-
sible to have perfect localization both in time and frequency. In other words,
the more support time of the sliding window is smaller the more the resolu-
tion in frequency is bad and conversely.

2.5.2 Wavelet transform

In 1982, Morlet opened the way leading to use wavelets transformations.
This analysis, also called time-scale analysis, is used to detect phenomena
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that take place on different frequency scales encountered in a signal. The
wavelet transform (WT) can be used to analyze signals in time-frequency
space and retain the important components of the original signals. In the past
20 years, WT has become a very effective tool in signal and image process-
ing. Figure 2.5 represent the scalogram (the squared modulus of the wavelet

Signal in time
T

Real part

Linear scale SCALO, Morlet wavelet, Nh0=31.6228, N=1000, log. scale, pcolor, Thid=5%

Energy spectral density
Frequency [kHz]
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Time [ms]

FIGURE 2.5: Scalogram of FM signal.

transform). Currently, WT is widely used in many practical applications.
However, the fundamental idea of WT is to decompose the signal using an-
alyzing functions, particularly ones constructed from an oscillating mother
wavelet with zero mean [2, 3]. It is interpreted as a signal filtering process
processed by a bandpass filter whose bandwidth is variable. His instanta-
neous response is not other than the analyzing wavelet for each scale, it is the
scale factor “a” which fixes the filter bandwidth. WT is divided into contin-
uous WT (CWT) and discrete WT (DWT). The continuous wavelet transform
of a signal x(t) is defined by [4, 1]
—+00
CWT(b,a) = F(O) P, (t)dt (2.6)

—o0

and

1 —b
Pan(t) = S (t ) 2.7)

a

where a and b are the scales and time shifts of a reference wavelet ¢, respec-
tively, x is the complex conjugate of the reference wavelet, ¢ is time, and
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WT(a, b) is the time-scale representation of the signal.

The mother wavelet i indicates that the duration of function is very lim-
ited, hence the local characteristics of non-stationary signal can be accurately
captured by wavelet analysis.

The main difference between the continuous wavelet system and the dis-
crete wavelet system is that the dilation and translations parameters (b, a) for
the CWT are varying over all of RxR*, and in the case of DWT, the dilation
parameter 2 and the translation parameter b take only discrete values [5].

As the same for STFT, the continuous wavelet transform thus suffers from

tinite localization as well as reduced readability due to spectral smoothing [6,
7, 3].

2.6 Belinear-based time-frequency representation

2.6.1 Wigner-Ville distribution

A particularly interesting time-frequency energy distribution is the Wigner-
Ville distribution (WVD) which provides a time-frequency representation
without any restriction on the time and frequency resolutions. It is quite
suitable for the analysis of non-stationary signals since it does not require
any assumptions about the signal itself. The Wigner-Ville distribution of a
continuous input signal x(t) is defined by

Welt, f) = /_ 0; Xa (t + %) X (t - %) e~ 2nfT g1, 2.8)

where x,(t) is the analytic signal associated with the real signal x(¢) using
the Hilbert transform. The purpose of the analytic signal is to consider the
positive frequencies only in the representation.

For the linear chirp signal (see Figure 2.6), the mono-component complex-
valued sinusoid and impulse, the WVD give exactly the instantaneous
frequencies, i.e. perfectly localized time-frequency representations. For
these kinds of signals, the time-frequency resolution of the WVD is unbeat-
able. Beside of its excellent concentration for mono-component signals, the
Wigner-Ville distribution (WVD) has received much attention because of its
mathematical properties. However, the presence of cross-terms (as we can
see in Figure 2.7) in the WVD is a classical problem when analyzing multi-
component and/or nonlinear signals. Many others quadratic time-frequency
distributions (QTFDs) have been developed, such that each QTFD can be
written as a smoothed version of the WVD using a specific kernel filter [1].

2.6.2 Pseudo Wigner-Ville distribution

The Wigner-Ville distribution can be improved by filtering. Pseudo Wigner-
Ville distribution (PWVD) is nothing else but a frequency filtered WVD. The
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FIGURE 2.6: WVD of FM signal.

distribution was thus obtained while keeping the spirit of the Wigner-Ville
distribution. Is an analysis through a short-term sliding window with a
fixed and a finite duration, which makes it a close neighbor of the spectro-
gram. However, the PWVD is a prominent member of the class quadratic
time—frequency representations [8]. It satisfies a large number of desirable
mathematical properties, such as high resolution, and the time—frequency
marginal property.
The pseudo Wigner-Ville distribution is given by [8, 1]

—+o0

PWVDx(t, f) = /

—00

h(T)x, (t + %) X, (t - %) e Tdr (2.9)

Nevertheless, the quadratic nature of the pseudo-Wigner-Ville distribu-
tion also produces a great number of spurious values (cross-terms) between
the auto-terms (see Figure 2.8) when it is applied over multiple-component
signals [8]. These interference’s are called inter-cross-terms that restrict the
application fields of the PWVD in valid analysis, interpretation, and param-
eters extraction from signals. Thus, suppressing cross-terms and improving
the PWVD is always an active domain of time—frequency analysis.
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2.6.3 Smooth-pseudo Wigner-Ville distribution

Though the PWVD successfully removes the intra-cross-terms, it fails to re-
move the inter-cross-terms. To overcome this limitation, another method
called smoothed pseudo-WVD (SPWVD) was proposed [9, 10]. Figure 2.9
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show the SPWVD of the previous signal. We can observe that the SPWVD
is cross-terms free. However, the SPWVD uses sliding windows in time and
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FIGURE 2.9: SPWVD of four atoms signal. 2D plot (top) and
mesh plot (bottom).

frequency to capture the frequency characteristics as functions of time. A
particularly interesting of smoothing implements a time and frequency sepa-
rable kernel, as a product of a temporal window and spectral window, which
are controlled arbitrarily and independently.

SPWVDL(t, f) = /:oh(r) /t:o (s —1t)x, <s + g) X, (s - %) ds e 1274t
(2.10)
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It is one of the best performing TFDs when no information on the signal pa-
rameters is available or when analyzing signals with high number of compo-
nents and non-linear IF laws [11]. The main drawback of filtering operation
is the degradation of time-frequency concentration and resolution (as we can
see in Figure 2.10, SPWVD fail to solve two components).
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FIGURE 2.10: SPWVD of two closely spaced parallel linear FM.
2D plot (top) and mesh plot (bottom).

2.6.4 Pseudo Margenau-Hill distribution

The Margenau-Hill is the most general expression of a Cohen’s class mem-
ber deduced from linear time-frequency representations. It takes the form
of a product of two short-time Fourier transforms, and also amounts to a
separable time and frequency filtering of the Rihaczek distribution, just like



2.6. Belinear-based time-frequency representation 17

the smoothed pseudo Wigner-Ville distribution does for the Wigner-Ville
distribution. Margenau-Hill distribution can extract the instantaneous fre-
quency to characterize the temporal variation of low-frequency electrome-
chanical oscillations [12]. Furthermore, Margenau Hill distribution also has
been applied to intra-pulse modulation classification and oscillometric pres-
sure waveforms [12]. For Margenau-Hill would bring the serious interfer-
ence by cross term, it paid attention to Pseudo Margenau-Hill distribution
(PMHD).The PMHD is the smoothed version of Margenau-Hill, wich can
defind as [13]

PMHD(t, f) = %/Jr h(T) [x(t+T)x*(t) + x(t)x* (t — 7)) e 2 TdT
” .11)

Good cross-term and interference’s rejection characteristics can be ob-
tained using the pseudo Margenau-Hill distribution (PMHD), which de-
pends on a smoothing window.

The use of the Margenau-Hill distribution for a multi signal components
are at the same positions in time or frequency is not recommended, due to
the superposition of these terms on the useful signal. Figure 2.11 shows the
smoothed distribution of Margenau-Hill for a four atoms signal. We can see
that the cross terms are better reduced but the concentration and resolution
are affected.

2.6.5 Pseudo Page distribution

Motivated by the development of a causal energy density, Page proposed the
following distribution (the Page distribution) [14, 15, 16]

2
PDx(t,f) = % {‘/tOOX(u)e_jzﬂfudu }}
t 2.12)

:2%{ﬂﬂ<1mxmyfhﬂm0*eﬁw%

The proposed causal energy density is calculated at each time instant through
the overall duration of the signal.

Page distribution is the only distribution of Cohen’s class that is unitary,
simultaneously causal, compatible with modulations, and preserves time-
support. On the other hand, it verifies most properties of the WVD, except for
group delay and compatibility with filterings. The frequency-smoothed ver-
sion of the Page distribution is named the pseudo Page distribution (PPD).
The PPD allows suppressing the interferences between signal components.

Unfortunately, although PPD reduces interferences, concentration perfor-
mance is systematically degraded (Figure 2.12). The situation becomes more
complex for noisy signals.
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2.6.6 Choi-Williams distribution

The Choi-Williams distribution (CWD) seeks to reduce the interference
terms of WVD while maintaining many of its properties. For this purpose,
it is considered an energy representation belonging to the Cohen class. It is
defined using a Gaussian kernel as [1]

_ \/% 7_7#0(;_”)2 TN _x TN\ —jenfr
CWDL(t, f) = // 7] e < x (u + 5) X (u - 5) e dudt (2.13)

Where o represents the kernel width, which controls the interference’s rejec-
tion in the time-frequency plane; If ¢ is very large, the function is relatively
flat and cross-term suppression is not achieved and the Choi-Williams dis-
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FIGURE 2.13: CWD of four atoms signal. 2D plot (top) and
mesh plot (bottom).
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tribution turns into a WVD. For small values of o, the function is peaked at
the origin, is one along the axis, and falls off away from the axis. Therefore
this kernel satisfies the cross term minimization (best interference smooth-
ing can be obtained, see Figure 2.13) property. The benefits of CWD lie in
the satisfaction of many WVD properties, in particular concerning tempo-
ral and frequency marginal, and the interference terms reduction. Also, the
CWD shows no interferences within the time—frequency plane since the com-
ponents do not share the same time and frequency supports. Conversely,
its disadvantages result from the non-conservation of the temporal and fre-
quency supports. On the other hand, the kernel of the CWD is interfer-
ing for regions localized at the same frequency or time regions over the
time—frequency plane. Therefore, the effectiveness of the Choi-Williams de-
pends enormously on the content of the analyzed signals.

2.6.7 B-distribution, modified B-distribution and the ex-
tended modified B-distribution

There are several attempts in introducing a new kernel function that effec-
tively reduces cross-terms while preserving time—frequency resolution. This
class of distribution is called reduced interference TFD. B-distribution (BD),
modified B-distribution (MBD), and extended modified B-distribution ker-
nels’ are belong to this class [17, 18, 1].

The B-distribution satisfies most of the desirable properties sought for a
time-frequency distribution [18, 19]. Authors in [18, 19], show that the B-
distribution is real, time and frequency shift invariant and its first moment
with respect to the frequency yields the instantaneous frequency of the sig-
nal. They applied the method of cross-terms filtering in the ambiguity do-
main to the design of a low-pass filter-type kernel with a sharp cut-off, es-
sential to ensure the clear separation of the auto-terms from the cross-terms.
The equation for the B-distribution may be written in the following form [17,
18, 1]

L TN o T\ —prfr
Dx(t, f) = // cosh?? (t — u) <”+ 2) Ya (” 2>€ dudt (2.14)

Where B is the kernel parameter. However, the BD kernel has a sharp cut-off
edge around the origin of the Doppler-lag plane. The volume of the kernel is
controlled by its parameter. When § = 0, the B-distribution kernel becomes
null at the origin in the ambiguity domain where more signal auto-terms
are present in this plane [1]. To address this issue, an improved version of
B-distribution based kernel namely Modified B-distribution was introduced
[20, 1].

MBD removes the cross-term interference and retains a high
time—frequency resolution [1]. It also provides superior performance in
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strengthening closely spaced auto-terms. The MBD is expressed as [1]

cosh 2P (¢ — u) T T ,
- * _ - —j2nft
MBDy(t, f) = // fcosh zﬁédé <u+ 2) X, <u 2) e dudt
(2.15)

The MBD does not have any parameters to adapt a specific direction of the
smoothing window in the TF domain. Therefore, this method cannot achieve
an optimal energy concentration for frequency modulated signals that follow
a certain direction in the TF plane.

The Extended Modified B Distribution (EMBD) is an improvement of the
MBD obtained by adding an identical kernel function in the lag direction
in the ambiguity domain [1]. This modification allows the EMBD to include
smoothing over both time and frequency axes (the MBD performs smoothing
only over the time axis) [1]. It is essentially cross-terms free and has high
resolution in the time-frequency domain. However, the extended version of
the modified B-distribution is given by [1]

IT( oc+]7TT )|? cosh 2P (t — u)
EMBDx tf // fCOSh 2[3 gdg

X Xg (u + E) x; (u — %) e 2 Tdu dt (2.16)

Where « and  are kernel parameters. This TFD use these two parameters to
control the kernel bandwidth in the ambiguity domain.

2.6.8 Compact kernel distribution

The choice of the two-dimensional kernel is crucial in the definition of a
quadratic TF distributions and it determines the properties of the gener-
ated distribution e.g. instantaneous frequency (IF), marginal conditions, real-
valued, as well as its overall performance in terms of energy concentration
and resolution. The general purpose of the two-dimensional kernel is to re-
duce the interference terms in the time-frequency distribution. One of the
best useful kernels proposed for this goal, are compact kernels (CKs). Com-
pact kernel distributions are proposed to vanish outside a given range in the
ambiguity plane; unlike Gaussian windows, they do not have infinite length,
so there is no need to truncate the kernel using rectangular windows that
may cause loss of information and the processing time [1]. These TFDs have
been shown to outperform many other fixed kernel-based methods in terms
of their ability to eliminate cross-terms while preserving the resolution of
auto-terms in some cases [1]. Such high-resolution performance (Figure 2.16)
is attained by these kernels by combining their compact support with a flexi-
bility to adjust both size and shape of the kernel independently, as expressed
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below [1]

cD? CE2
20032 -
§(1,7) = Giv)ga(r) = 4 < ¢ T W <D T <E o1y
0 otherwise.

where ¢, D, and E are the smoothing parameters. Where G;(v)g>(7) is sepa-
rable the kernel in Doppler-lag domain, v is Doppler and 7 is time lag.
The general form of the quadratic time-frequency distribution is given by

[1]

TED(t, f) = ///g(v,r)xa <u + %) X, <u — %) 2 vt—vu=£7) 34 dv dt

(2.18)
The above equations show that both Duppler v and lag T windows are deter-
mined, respectively, by the parameters D and E. While parameter ¢ controls
their shape [1]. Moreover, the kernel width in the Duppler-lag domain can
be explicitly determined by prior knowledge of the signal components [1].
However, the compact kernel distribution-based are designed to have an ex-
tra degree of freedom to adjust both the length and shape of the Duppler-lag
filter so that they can achieve the best energy concentration for auto-terms
with significant reduction of cross-terms.

2.7 Conclusion

The need for defining time-frequency tools when dealing with nonstationary
signals and the main aspects of TFRs have been reviewed in this chapter in
the context of the current study. An attempt was made to provide a com-
parison between the most relevant TFRs and a clear basis for choice. The
criterion of choice is based on one’s intuition of how a TFR should perform
for suitable analysis. The review concentrated around T-F belonging to the
linear and non-linear TFRs class.

The limitation of the WVD with regard to cross-terms was addressed.
Alternatively, a smoothing procedure will reduce their effect, at the ex-
pense of decreased resolution and affects localizing the signal within the
time—frequency plane. Therefore, a trade-off between interference attenua-
tion and time—frequency localization should be respected.
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Chapter 3

Readability enhancement of TFRs:
Methods and performance
comparison

3.1 Introduction

As discussed in Chapter 2, time-frequency representations aim to extract rel-
evant characteristics of the signal by representing it over a two- dimensional
plane. These methods have been extensively studied in the last decade, re-
sulting today in many useful analysis T-F methods. Among them, the linear
TFRs and the quadratic TFRs are probably the most widely used. The linear
methods are easy to implement. However, according to the uncertainty prin-
ciple, these methods cannot achieve the best time resolution and frequency
resolution simultaneously. Bilinear or quadratic TFRs originating from the
Wigner-Ville distribution are powerful tools for analyzing non-stationary sig-
nals. However, the trade-off between concentration and cross-terms removal
is a classical problem when dealing with these methods. These shortcomings
must be overcome in order to obtain time-frequency representation that can
be both easily read and easily included in a signal processing application.
This is exactly what the enhancement methods have been devised for. In this
chapter, the theoretical background to enhancement time-frequency signal
analysis is presented and examples of basic and commonly used methods
are given.

3.2 Reassignment method

A general procedure for enhancing the time-frequency resolution and read-
ability of TFDs is the reassignment principle. The reassignment idea was in-
troduced in 1976. It was applied to the spectrogram by Kodera [21] then rein-
troduced and generalized by Auger and Flandrin as a post-processing tech-
nique to any time-frequency distribution [22, 23]. The reassignment method
has been successfully applied to the best-known TFDs such as pseudo WV
distribution (PWVD), smoothed pseudo WV distribution (SPWVD), pseudo
Page distribution (PPD), pseudo Margenau-Hill distribution (PMHD), just to
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name a few. The authors in [24] propose a reassignment process that uses
the second order derivatives of the phase of the short-time Fourier transform
(STFT), and provides the user with a setting parameter. The latter allows pro-
ducing either a weaker or a stronger localization of the signal components in
the time-frequency plane.

3.2.1 Principle

The reassignment method has been proposed as a way to improve the con-
centration of time-frequency representations by assigning the values of a TFR
to a center of gravity of the considered time-frequency region [1, 25]

B(t ) = ﬁtf) // UWV Dy (1, 0)WVDy(t —u, f —v)dudo  (3.1)

Fult, f) = ﬁ// oWV Dy (1, 0)WVDy(f—u, f —v)dudo  (3.2)

where f, f , Sp! ., and WV D are new time and frequency points, spectrogram
of signal x(t) using window h, and Wigner-Ville distribution, respectively.
The spectrogram value SP! is moved from (¢, f) to (£, f), leading to define
the reassigned spectrogram as [1]

RSPA(t, f) = / SPI(u,0)6 (t — Bu(1,0)) 8 (f = fulu,0) ) dudo  (3.3)

where ¢ is Dirac function.
The reassignment principle has been used with a large number of distri-
butions, which can be defined as [1, 25]

+o0o —+00 . R
RTFR, (¥, f') = /_oo [ CTER(L PO [Y T )] 6 [1 - it f)] atdf,
(3.4)
where
~ B [T [ 1¢(1,0)WVD,(t — 7, f — v)dtdo
e f)= [T (T, v)WVD,(t — 1, f — v)dtdo ()
400 p+o0
Abf)=fo [0 72 vp(T,0)WVD(t — 7, f — v)dtdo (36

[12 [ (T, v)WVDy(t — 7, f — v)drdo

where ¢(7,v) is the smoothing kernel.

The reassignment is often understood as the “squeezing” after the
“smoothing”, that is the refocusing of the signal terms after their spreading
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caused by the WVD smoothing in time and frequency. It performs well only
when the signal components are not too close in the time-frequency plane
and the signal is embedded in moderate level of noise. However, one of the
most powerful properties of the reassignment method is that the application
of the reassignment process to any distribution of Cohen’s class yields per-
fectly localized distributions for chirp signals and frequency tones [1].

3.2.2 Reassigned time-frequency representations: perfor-
mance analysis

In this section, some reassigned time-frequency representations performance
are analyzed. More information and practical details about the implementa-
tion of the method can be found in [26, 23, 27, 28, 29].

3.2.2.1 Reassigned spectrogram and reassigned scalogram

A typical example corresponding to a sum of two crossing linear frequency
modulations (LFMs) and one non-crossing FM is analyzed. The display of
the spectrogram and its reassigned version is given in Figure 3.1. The rep-
resentations obtained with the scalogram and its reassigned version for the
signal are presented in Figure 3.2. In this study, we utilize a scalogram with
the analytical Morlet wavelet for the analysis. However, the TF localization
of these TFRs is dramatically increased by the reassignment method. For
the reassigned scalogram a beating effect occurs and results in interference
fringes (at the point of crossing). Other simulation results are presented in
Figure 3.3 and Figure 3.4.

3.2.2.2 Reassigned smoothed pseudo WV distribution

As mentioned in Chapter 2, STFT or spectrogram suffer from a difficult trade-
off between frequency and time resolutions, which makes them irrelevant for
several real case applications. Hopefully, other powerful TF representations
exist, which can also be reassigned. For instance, the smoothed pseudo-
Wigner-Ville distribution is a very flexible tool, which allows an indepen-
dent adjustment of the time and frequency smoothing. However, the reas-
signed SPWVD can be obtained as indicated in Section 3.2.1. The improve-
ment brought by this kind of representation is clearly evidenced as we can
see in Figure 3.5 and Figure 3.6 (same signal as Figure 3.1).
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3.2.2.3 Other reassigned TFRs

The reassigned method has been also applied to pseudo Page distribution
(Section 2.6.4) and pseudo-Margenau-Hill distribution (Section 2.6.5). Figure
3.7 and Figure 3.8 show the PPD and PHMD, and their reassigned versions
using the same signal as Figure 3.1. However, these TFRs are better enhanced
but the T-F quality very much depends on the original representation quality.
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FIGURE 3.7: Time-frequency representations of sum of two
crossing LFMs and one non-crossing FM. PPD (left) and reas-
signed PPD (right).
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FIGURE 3.8: Time-frequency representations of sum of two
crossing LFMs and one non-crossing FM. PMHD (left) and re-
assigned PMHD (right).

3.3 Synchrosqueezing transformation

To solve problems invertible of the reassigned spectrogram (RSP) and other
reassigned TFRs, posterior processing schemes such as the synchrosqueez-
ing method [30, 31, 32, 33] have been proposed. Initially introduced for the
continuous wavelet transform and later extended to the STFT [25, 34, 35, 36].
The main limitation of these approaches is that they require the computa-
tion of several STFTs using non-causal windows which prevent their use in
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real-time applications. Moreover, it is worth noting that the aforementioned
techniques mostly reassign the time-frequency energy in the frequency direc-
tion, so that the strongly modulated multicomponent signal with fast varying
instantaneous frequency (IF) may not be satisfactorily dealt with [31, 37, 38].
However, synchrosqueezing transform (SST) is yet another approach whose
initial goal was to enhance the readability of the TFR. The SST is a special
case of time—frequency reassignment method [31, 32]. In such a way that the
reassigned transform was still invertible. The SST proved to be an efficient
tool to obtain improved TFRs while allowing for mode retrieval. However,
the SST suppresses the time—frequency blur by squeezing TF representation
in a proper scale range, thus achieving a better time—frequency resolution
[31, 38].

To suppress the blur along the scale dimension, the SST reallocates the
time-scale distribution to the IF at any time-scale location (¢, a) [38]

(3.7)

T 1 ICWTy(t,a)
f<t’ (Z) =Re |: JZNCWTx(t/a) ot :|

where CWT is the continuous wavelet transform (Section 2.5.2). If
CWTy(t,a) # 0, yielding a Wavelet-based synchrosqueezing transform
(WSST)

WSST, (¢, f) = /O T CWTL (1, a)a=/% [ -1t a)} da (3.8)

WSST consists in vertically moving the coefficients according to the map

~

(t, f(t,a)). The SST was then adapted to STFT in [39, 25, 38]. STFT based
synchrosqueezing (denoted by FSST) defined as

BST (1) = g7 o STPIt 08 [7 = Fe.p]dr  69)
with
fltf) = % {a [Wg(STaFth(t’f))]} (3.10)

where arg() is the argument of a complex number.

The effect of synchrosqueezing enhancement on the time—frequency rep-
resentation can be demonstrated using a signal such as a waveform shown in
Figure 3.9. The synchrosqueezing transformation produces a sharper T-F plot
compared to the original TFRs. The resolution of FSST being the same what-
ever the frequency, the representation becomes less sharp when the modula-
tion increases. For WSST, the representation is sharper when the frequency
increases. However, SST assumes the constituent components are well sepa-
rable in the frequency domain and the signal is weak frequency modulated
[40].

To overcome SST drawback, many improvements have been proposed
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FIGURE 3.9: Illustration of STFT, CWT, FSST and WSST on a
synthetic signal [41].

involving second-order synchrosqueezing transform and high-order syn-
chrosqueezing transform [38, 37]. However, these methods are plagued by
internal limitation that they operate on a linear TF representation, associated
with a fixed TF resolution given by a global window or wavelet.

3.4 Other enhancement methods

3.4.0.1 Multi-taper

In a statistical sense, different attempts have been made to take advantage
of the idea of multitapering [42, 43]. This is a technique originally proposed
to deal with stationary signals. It is used to reduce the variance and hence
stabilize power spectrum estimation in the spectral analysis. However, the
classical method of multitapering still suffers from the TF localization trade-
off.
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3

3.4.0.2 S-method

To produce a T-F representation that does not suffer from a cross-term
problem and has a high-energy concentration for auto-terms (close to that
of the WVD), S-method was proposed. It aims to combine the advantages
of both the WVD and the spectrogram. The S-method is based on the
principle that the WVD can be represented as the convolution of the STFT
with its conjugate along the frequency axis [1]. The enhanced spectrogram
(S-method) achieves better results than the spectrogram (see Figure 3.10).
However, the S-method gives high energy concentration for tones but fails
to concentrate energy for the spikes [1].

250
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FIGURE 3.10: TFRs of a two-component signal [1]. (a) spectro-
gram; (b) S-method.
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3.4.0.3 Image enhancement

In other sense, several studies have shown that image processing techniques
can be applied to the images produced by time-frequency representations of
one-dimensional signals, so that to allow IF estimation and crossterm reduc-
tion [44, 45, 46, 47]. To resolve the problem of discontinuity of IF trajectories,
the peaks in [44] were tracked and their local connectivity was exploited.
Like the pixels connection in images, the discrete peak points were linked to
form individual components. In fact, a peak extraction is directly performed
on the TER by finding the local maxima of the distribution over time. This is

Time (secs)

10E

'{ F— =
=
1 2 3 4 5 [ & 8 9
Frequency (Hz) Frequency (Hz)

(a) (b)

Frequency [Hz)
(c)

FIGURE 3.11: Illustration of the (t, f ) image denoising algo-

rithm [48]. (a) The MBD of a two-component quadratic FM

signal. (b) The MBD of the same signal corrupted by additive
white Gaussian noise (SNR = 0 dB). (c¢) The denoised MBD.

done by locating the TF points where the first derivative along the frequency
axis is 0 and the second derivative is negative. This operation is followed
by an image processing technique called component linking (connecting two
peaks that are in a neighborhood) [44]. Denoising and enhancement [49, 50,
51], as well as classification [52, 53] were also considered. In [54], the im-
age’s histogram obtained from a time-frequency image based on the Hilbert-
Huang transform was used as an input to a classifier. This method has been
used to interpret a frequency response analysis of a power transformer. Other
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authors even proposed segmentation for this purpose [55, 56, 57, 58, 59].
However, for the context of readability enhancement time—frequency image
de-blurring and de-noising methods are used [48]. Image de-convolution
techniques have been applied to estimate an original high-resolution TFD
from the Spectrogram [48]. Another method used singular value decompo-
sition to reduce noise by applying low-pass filtering to singular vectors [48].
Other image processing tools for the improvement of TFDs readability and
energy concentration are described in [48, 1].

The proposed image processing methods are useful tools for readability
enhancement. However, many of these methods cannot overcome the fun-
damental resolution limit of TFRs in dealing with closely spaced signal com-
ponents [48, 1].

3.5 Conclusion

In practical applications, nonstationarity signals with the multi-components
feature are close to each other, and may even have spectral overlapping or
crossings when frequency varies over time, particularly under low levels of
noise. Therefore, excellent time-frequency readability is in need to pinpoint
the frequency contents and time variability of such signals. To address this
issue, we have presented the most useful tools introduced for this propose.
The enhanced representations provide considerable improvement in concen-
tration compared to the original representations. On the other hand, the en-
hanced TFRs using post-processing provide clean plots compared to their
original versions.
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Chapter 4

Time-frequency readability
enhancement of compact support
kernel-based distributions using
image post-processing :
Application to instantaneous
frequency estimation of M-ary
frequency shift keying signals

4.1 Introduction

Quadratic time-frequency distributions (QTFDs) have been successfully ap-
plied to various real-life problems such as neurosciences, fault detection,
communications, radar, sonar and acoustics, just to name a few [1]. These
distributions constitute powerful tools to process and analyze nonstationary
signals accurately and efficiently by performing a mapping from the one-
dimensional input signal x(t) into a two-dimensional function of time and
frequency TFD(t, f) so that [60, 61, 62]

TED,(t, f) = // 7ooej2”’7(s_t)c/>(17,r)x (s + %) x* <s — %) e P T dpdsd(4.1)

where ¢(77,T) is the Doppler-lag kernel that can be thought of as a 2D fil-
ter that smooths interferences. Another interesting formulation can be ob-
tained by introducing the concept of the time-lag kernel G(t, 7) defined as
the Fourier transform of ¢(7, T) with respect to 7

—+o00
G(t,T) = / o (17, T)e 12 dy (4.2)



Chapter 4. Time-frequency readability enhancement of compact support
42 kernel-based distributions using image post-processing : Application to
instantaneous frequency estimation of M-ary frequency shift keying signals

Hence, any kernel-based TFD associated to the analytic signal x,(t) can be
rewritten in a more compact form as follows

400 +00

TFD,, (t, f) = / / G(t—s,7T)x, (s -+ %) x; (s - %) e P dsdr (4.3)

—00 —&0

In this form, QTFDs induce various crossterms geometries. While analyzing
nonstationary signals, kernel-based TFDs are expected to be crossterm free
and provide the highest energy concentration of the autoterms around their
respective IF laws. Unfortunately, although these TFDs that are smoothed
versions of the Wigner-Ville distribution (WVD) reduce interferences, con-
centration performance is systematically degraded. The situation becomes
more complex for noisy multicomponent signals with closely spaced compo-
nents while visual inspection remains difficult and very subjective.

This chapter proposes to improve time-frequency concentration of Kernel
with Compact Support (KCS)-based TFDs [63, 64], referred to as KCSDs, by
using image processing tools. Herein, the use of the latter are motivated by
the particular features provided by the aforementioned TFDs compared to
the best-known traditional TFDs. Kernels with compact support, originally
derived from the Gaussian kernel, are found to recover information loss and
improve processing time and, at the same time, retain the most important
properties of the Gaussian kernel [65]. Moreover, no external windows are
needed to cut off the kernel. This is due to the analytical property of this type
of kernels that vanish themselves outside a given set [66, 67].

The published work in [63] shows that, defining a family of compact sup-
port kernels in the time-lag domain, permits to obtain Doppler-lag KCS that
are much better concentrated around the origin of the ambiguity plane. As
a result, a more efficient filtering of the crossterms is performed while the
signal proper terms are better preserved.

The most important characteristic of the induced TFDs, namely the
Cheriet-Belouchrani distribution (CBD), the separable CB distribution
(SCBD) and the polynomial CB distribution (PCBD) is that they are tuned
using a single parameter that controls the kernel’s bandwidth.

The following contributions are in order: The first contribution concerns
the readability enhancement of the TF diagrams obtained from the optimized
time-lag KCSDs. The idea is to use concentration measure to automatically
select the sole optimal parameter that controls the related kernel’s spread in
the ambiguity domain [63]. This tuning permits to get the best concentration,
resolution, interference and noise reduction. These performances are then
significantly improved by introducing a low-complexity post-processing that
includes a 2D Wiener filter, automatic binarization and morphological image
processing techniques. It is important to be careful here and do not confuse
between post-processing readability enhancement and resolution improve-
ment which realistically cannot be achieved in the post-processing. In fact,
the frequency and time resolutions are already set up while generating the
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time-frequency representation used in the first place; what comes later is just
interpolations. However, reducing interference and noise levels and enhanc-
ing the autoterms concentration allow improving the characteristics that af-
fect the components resolution in the TF plane namely: energy concentra-
tion around the true IF laws, instantaneous bandwidths as well as sidelobes
and crossterms amplitudes. Herein, our previously mentioned image post-
processing is applied to the time-lag KCSDs to overcome the smoothing effect
of the compact support kernel in the ambiguity domain and eliminate inter-
fering terms. In order to provide an objective assessment for quantifying
concentration and interference rejection, we introduce a comparative study
between the proposed method and the original TFDs based on the energy
concentration measure [68, 69, 70], the ratio of norms [71], the Rényi entropy
[72], the stankovic measure [73], the normalized instantaneous resolution
[74] and the Reinhold measure [75]. Supported by a deep analysis of time
slices, extraction of the most important signal characteristics is also investi-
gated. The proposed method is used to generate the enhanced KCS-based
distributions referred to as the ECBD, the ESCBD and the EPCBD, respec-
tively. The latter are compared to the best performing post-processing time-
frequency analysis methods namely, the reassignment SP (RSP), the reassign-
ment Stankovic distribution (RSD), the reassignment PWVD (RPWVD), the
reassignment SPWVD (RSPWVD), the reassignment PPD (RPPD), and the re-
assignment PMHD (RPMHD) using the aforementioned performance evalu-
ation measures. The second contribution concerns the application of the pro-
posed method to IF estimation of multicomponent nonstationary signals em-
bedded in noise. In particular, the enhanced PCBD plots are used to extract
the IF laws of M-ary frequency shift keying (MFSK) real-life signals. Our pro-
posed approach is compared to those results obtained from SPWVD and the
best-known reassignment TFRs in terms of the mainlobe width (MLW) and
the variance, respectively. Among the KCS-based TFDs, the polynomial CB
distribution is herein preferred because the adjusting parameter that controls
its kernel’s bandwidth is an integer. This provides two practical advantages:
1) easier automatic optimization procedure and 2) possibility of real-time
implementation of an IF estimator. Various Monte Carlo simulation-based
comparisons confirm that the proposed approach considerably enhances the
concentration of the signal proper terms and the artifacts” suppression while
the accuracy of IF laws’ estimation is significantly improved for both real-life
and synthetic MFSK signals embedded in noise. Two radar signals are also
analyzed so that to extract their main time and frequency features.

The remainder of this chapter is organized as follows. The next section
introduces the quadratic TFDs derived from time-lag kernels with compact
support. Section 4.3 presents the most used objective performance measures
that serve to assess time-frequency representations and select their optimal
smoothing parameters. Then, the proposed time-frequency readability en-
hancement method is described in Section 4.4. In Section 4.5, the overall per-
formances based on concentration and interference mitigation are evaluated
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using several tests involving real-life and synthetic examples. Both linear
and nonlinear frequency modulated signals including very closely spaced
and noisy multicomponent signals are considered. IF estimation of MFSK
signals is investigated in details in Section 4.6. The results of analysis of the
two CW-LFM and PLFM radar signals are presented in Section 4.7 while the
computational complexity of the enhanced KCSDs is discussed in Section 4.8.
Finally, Section 4.9 concludes the chapter.

4.2 KCS-based time-frequency distributions

The kernel with compact support is derived from the Gaussian kernel by
transforming the space into a unit ball through a change of variables so that
the Gaussian is defined on the unit ball and vanishes on the unit sphere.
Then, the kernel is extended over all R? by taking zero values outside the unit
ball to make the convolution product possible [65]. In [76], a separable kernel
with compact support (SKCS) applied to image processing was introduced
while the authors in [77] proposed a new formulation of a polynomial kernel
tamily with compact support, called PKCS, for scale-space image processing.

Table 4.1: Mathematical expressions and tuning parameters of time-
lag kernels with compact support [63].

KCS-TFDs | Time-lag KCS kernels Tuning parameters
CBD )
etcB(bT)  jf E£T <1
Gep(t 1) = D2
cs(t:T) {0 otherwise.
and )
CD
ECB(t,T) :C+t2+T27D2 . .
C : areal positive parameter that adjusts the
kernel’s bandwidth as ¢ does for the
SCBD Gaussian function. However, C is inversely
2 < D2 proportional to the compact support spread.
pescn(t0)escn(07) i d D is a predetermined parameter.
’ ’ an
G t,T) =
SCB( ) Tz < Dz
0 otherwise.
where 5
CD
escp(t,0) =C+ 2_Dp2
cp?
esce(0,7) =C+ 22
PCBD 7 : an integer that controls the bandwidth
wtl (12 2 T 2L 2 ) of the kernel’s smoothing window. This
Gpep(t,T) = T2 (A2 = (P +72)" if 2+ 1% < A?| results on much easier optimization of the
’ otherwise. PCBD. Here again, the kernel support is
narrowed as 7 increases. A is a predeter-
mined parameter.

Applied to time-frequency signal analysis (TFSA), the compact support
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kernels namely, the G¢p, the Gscp and the Gpcp are expressed in the time-
lag domain as reported in Table 4.1 together with their respective smoothing
parameters. We see that the induced distributions from (4.3), referred to as
the CBD, the SCBD and the PCBD, are simply tuned using a single parameter
that controls the bandwidth extent. This tuning is much finer using the CB
and the SCB kernels since C is a real positive number.

(©)

FIG. 4.1: The 2D plots of the KCS kernels in the time-lag do-

main (D = A = 2.5): (a) G¢cp (C =0.8), (b) Gscp (C =0.8) and (c)

Gpcp normalized with respect to its peak located at the origin (t
=0,7=0)(y=1).

Fig. 4.1 shows the plots of the CB, SCB and PCB kernels in the time-lag
plane. The smoothing parameters C and <y are set to 0.8 and 1, respectively,
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Dappler ) E: R K-

(a) (b)

(©

FIG. 4.2: The 2D plots of the KCS kernels in the ambiguity do-

main normalized with respect to their peaks located at the ori-

gin (1 =0,7=0)(D=A=25): (a) ¢cp(C =0.8), (b) ¢scp (C =
0.8) and (c) ¢pcp (¥ =1).

while D = A = 2.5. The corresponding 2D profiles in the Doppler-lag plane
are displayed in Fig. 4.2.

The CBD, SCBD and PCBD quadratic TFDs are real-valued, since Ggcs(t,
T) = Ggcg(t, —T), and are generated as follows: After adjusting the smoothing
parameters according to the optimization procedure explained in Section 4.3,
the convolutions of the compact support kernels reported in Table 4.1 and
the instantaneous autocorrelation function Uy, (t, T) = x,(t + 5)x; (t — 5) are
computed and then a Fourier transform is applied to determine information
related to the energy of the signal x(t) with respect to time and frequency.



4.3. Objective performance measures of TFDs 47

From TFSA point of view, the most important is that, thanks to the specific
forms of the three time-lag KCS, no sidelobes are generated by their inverse
Fourier transforms with respect to t; the Doppler-lag kernels ¢cg, ¢scp and
¢pcp. Centered around the origin in the ambiguity domain, the latter show
a great ability of crossterms’ suppression while preserving the signal proper
components yielding to a notable improvement of TF resolution and energy
concentration of the autoterms.

4.3 Objective performance measures of TFDs

Visual inspection of the best performing TFDs consists on looking for the
most appealing TF diagrams. This corresponds to “cleaner” plots that pro-
vide better concentration of the signal’s proper terms around their respective
bandwidths, more accurate time-frequency localization and reduced inter-
ference and noise levels. However, the decision made is subjective and not
straightforward at all. This justifies the need for quantitative performance
measures to evaluate the goodness of a given joint time-frequency represen-
tation. Table 4.2 presents a selection of the most commonly used performance
evaluation methods that serve to objectively assess TFDs and/or to set their
optimal parameters.

Table 4.2: Objective performance measures used to assess TFDs and set their
optimal smoothing parameters.

Objective Mathematical expression Optimal
measure TFD’s
criterion
Ratio of . Maximize
norms [71, > Y. TFDy(n,k) RN
78, 79] RN = Kk >
(Z ZTED:(n, k))
n k

Rényi Minimize
entropy . Ruse,
normalized R 1 | ; % TFDS (1, k)
by signal NSE, — 1—ua 08> Z Z TFDx (Tl, k)
energy [72, noK
79, 80, 81] ) ) )

where « is the order of the information

with o > 2.

Continued on next page
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Table 4.2: Objective performance measures used to assess TFDs and set their
optimal smoothing parameters. (Continued)

Rényi Minimize
entropy N Rnpv,
normalized R 1 | ; % TFDs (n,K)
by NPV T T =0 082 \ D [TRD, (1, 0]
distribution n ok
volume [72, ) ) )
79, 80, 81] where « is the order of the information
T with a« > 2.
Energy con- Maximize
centration M = 1 CM
[68, 69, 70] L L |TFDx(n, k)|
n k
where
—_— TFDy(n, k
TEDy (1, k) = x(n,K)
%22 [TFD (1, k) 2
n k
Stankovic Minimize Sg
measure [73] 1\ P
Sg = Y_) |TFDy(n,k)|?
n k
B = 4 : the smallest integer providing
useful informative measure for the large
class of the investigated signals

Continued on next page
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Table 4.2: Objective performance measures used to assess TFDs and set their
optimal smoothing parameters. (Continued)

The The value of
normalized the NIR will
instanta- NIR(t) =1— 1 ( As(t) + 1 Ax(t) be close to
neous 3\Am(t)  2Am(H) one for good
resolution performing
[74, 66, 67] +(1-D (t))) TFDs and
zero for poor
where performing
Viy (1) + Vi (1) ones (TFDs
D(t) =1— —2 : with large
2(fi (1) = fin (1) interference
Fig. 4.3 that displays the TFD of a signal terms and
z(t) at the instant (f = tg). Two criteria are components
inspected. First, the average crossterms poorly
amplitude Ax(tp) and the average resolved).
sidelobes amplitude
As(to)z (A51 (i’o) + As, (to)) /2 should be
much smaller than the average mainlobes
amplitude
AM(tO):(AMl (to) + AMz(tO)) /2. Second,
the instantaneous bandwidths V; (tp) and
Vi, (tg) around the IFs f; (tp) and f;,(to)
should be as narrow as possible. An
overall measure NIR is taken to be the
median of the instantaneous measures
NIR(t) corresponding to different time
slices in the relevant sections of the signals.
Reinhold NIR demands accurate detection for the The value of
measure [75] | signal components and a maximum of two | the RM will
components at any time instant with be close to
approximately equal amplitudes. The one for good
Reinhold measure extends the NIR by performing
relaxing the equal amplitudes restriction. | TFDs and
It employs an adaptive detection zero for poor
algorithm to identify the signal performing
components regardless of their IF ones.
complexity and amplitude differences.




Chapter 4. Time-frequency readability enhancement of compact support
50 kernel-based distributions using image post-processing : Application to
instantaneous frequency estimation of M-ary frequency shift keying signals

1.2

Via (%)

P, (to,f) / max (pZ(tO,f))

0.3 0.4
freq.

FIG. 4.3: Slice of a TFD of a two-component FM signal taken at
time instant t = ¢y (adopted from [74]).

44 The proposed TF readability enhancement
method

Our main interest is to improve concentration performances of the KCS TFDs
that are already recognized by their high resolution and crossterms’ rejection
[63, 66, 67]. For this purpose, we propose a low-complexity enhancement
method that includes eight steps as reported in Fig. 4.4.

4.4.1 Optimized KCS-TFDs (OKCSDs)

First, a Hilbert transform is applied so that to provide the analytic signal
from the real-valued samples of the input signal. This is a common oper-
ation in time-frequency signal analysis that allows to suppress components
with negative frequencies and interferences between positive and negative
frequencies as well.

Then, the time-lag KCS TFDs are generated with their optimal tuning pa-
rameters being automatically selected using the energy concentration mea-
sure that does not require any setting. Applied to a large class of real-life
and synthetic signals, the CM and the Stankovic measure with a parameter
have proved their ability to classify the different time-frequency representa-
tions in the right order of increasing performance. This constitutes a simple,
fast and valuable quantitative tool for TFRs optimization especially for the
KCSDs that have an extremely interesting practical advantage since their ad-
justment is performed by simply changing a single parameter. However, the
seven metrics reported in Table 4.2 are all used throughout this paper for
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Signal
¥

Hilbert transform

Y
Optimized KCS-TFDs (OKCSD)
Y
Resized TFD image (RTFDI)
Y
Gray-level TFDI (GTFDI)
Y
Wiener filter
v

Automatic binarization

Y

Morphological image processing

lBinary mask (BM)

RTFDI
lEnhanced RTFDI

Interpolation

v
Enhanced KCS-TFDs (EKCSDs)

FIG. 4.4: Block diagram of the proposed method for enhanced
KCS-based distributions.
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performance comparison purposes. More precisely, by controlling the vol-
ume under the optimal KCS kernel, the parameter C for the CBD and the
SCBD, and v for the PCBD controls the tradeoff between crossterms sup-
presion and autoterms smearing while the most convenient value of kernel
volume is application specific.

In order to reduce the processing complexity and improve the process-
ing speed without loosing the main information from the original TFDs, the
optimized KCS-TFDs, denoted by OKCSD, are resized by a scale S (0<S5<1)
using simply nearest neighbor interpolation. Then, the resized TFD image
(RTFDI) is converted into a grayscale image, denoted by GTFDI, while color
information is partially recovered at the end by a simple masking.

4.4.2 Wiener filtering

The next step consists of Wiener filtering [82, 83] that is applied to the gray-
level TFDI (GTFDI). Commonly used for image enhancement, the purpose
of this last operation is to reduce the noise, typically assumed to be additive,
without destroying the image’s details. Wiener uses a pixel-wise adaptive
technique based on statistics approximate from a local neighborhood of ev-
ery pixel. In other words, it minimizes the overall mean square error in the
process of inverse filtering and noise smoothing. The Wiener filtering is a
linear estimation of the original image. The approach is based on a stochas-
tic framework. The orthogonality principle implies that the Wiener filter in
Fourier domain can be expressed as follows [83]

H*(flff2)5xx(f1rf2) (4.4)
f1, f2)[2Sxx(f1, f2) + Syn (f1, f2) '

W(fl/fZ) = |H(

or equivalently

Wi fo) = ULl )

S
[H(fu, f2)|2 + S

where Syy(f1, f2) and Sy, (f1, f2) are respectively power spectra of the orig-
inal image and the additive noise, and H(f1, f2) is the blurring filter. For
practical applications, the power spectrum of the undegraded image and
the power spectrum of the noise are not typically available. So, the power
spectrum ratio is replaced by a parameter K whose optimal value must be
experimentally determined [84]

H*(f1,f2)
(fu f2)]?+K (*6)

If K is too high, the restored image is very smoothed. If K is too small, the
effect of the correction term in the denominator of the filter is insignificant.
Using Wiener filter provides superior denoising results compared to the tra-
ditional filters.

W(fl/fZ) = ‘H



4.4. The proposed TF readability enhancement method 53

4.4.3 Binarization and morphological processing

The filtered GTFDI is converted into a binary image. The latter is the sim-
plest type of images and has only two intensity values, “0” (background)
and “1” (signal component). In order to create a binary image from a gray-
level image, a thresholding operation must be performed. For the purpose of
this paper, we use the so-called Otsu method [85]. It can be summarized as
follows

Step 1: Compute the histogram of the filtered GTFDI. Recall that a his-
togram is a probability distribution of the observed gray values i =
1,...,1 (I is the image maximum gray level):

p(i) =3
That is, the number of pixels n; having greyscale intensity i as a fraction
of the total number of pixels 7.

Step 2: Calculate the foreground and background variances for a single
threshold (T),

- Calculate the weights of the foreground pixels and background
pixels:

I T
We(D)= ¥ p(i)and Wy(T) = ¥ p(i)
i=T+1 i=1

- Calculate the mean of the foreground pixels and background pix-
els:

1. T . .
_ i p(i) —y ip0)
ur(T) = i=¥+1 We(T) and up(T) = igl W5 (1)

1r(T) be the mean of all pixels greater than the threshold and pg(T) be
the mean of all pixels less than the threshold.

Step 3: Calculate the “Between-class variance”: o?(T) =
2
Wi (T)WE(T) [pp(T) — pr(T)]

The optimal threshold T is the one that maximizes the between-class
variance.

The Otsu threshold is a number in the range [0, 1]. It is automatically calcu-
lated from the filtered GTFDI to be used as a sensitivity factor for adaptive
thresholding using the local mean intensity around the neighborhood of the
pixel [86]. A high value leads to thresholding more pixels as foreground (sig-
nal component). The goal of this method is to create a binary representation
of the filtered GTFD image such that to classify each pixel into one of two
categories: “signal component” or “background”. In the context of our en-
hancement approach, the background category corresponds to the sidelobes,
crossterms and background noise. Other methods for automatic threshold-
ing can be used [84, 87].
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After binarization, we perform the morphological image processing. The
latter deals with tools for extracting image components that are useful in
shape representation and description. In this study, the selected methodol-
ogy of morphological processing is as follows

1) In order to resolve the loss of connectivity, we set "0" valued pixels to
"1" if they have two nonzero neighbors that are not connected.

2) As a result of the thresholding, some unwanted pixels would appear
as noise in the resulting image. To remove these unwanted objects, we
used area open (bwareaopen) operation [88].

3) We apply the morphological thinning algorithm [89] (also called skele-
tonizing). Thinning can convert the object (the component) to an
archetypical stick figure, preserve the connectivity, respect the topolog-
ical properties of the shape and simplify the shape [89, 90].

The result of the morphological operations is a binary image, called BM for
binary mask, where the IF of the component is indicated as a white line ("1"
valued pixels), while the rest of the area appears in black (zero-valued pixels).

44.4 Enhanced KCSDs

The resized TFD-based image RTFDI is masked by the generated mask BM
so that
Enhanced RTFDI = BM x RTFDI 4.7)

It is important to note that, since the last four operations in Fig. 4.4 are ap-
plied to the resized image, much lower computational cost is required. On
the other hand, the multiplication in (4.7) is done pointwise. However, since
the binary mask generated from the original compact support KCSD is al-
ready zero-valued outside the compact set, the number of multiplication
points that need computation is considerably reduced. This feature makes
the proposed enhancement method more suitable for the KCS-based distri-
butions rather than the other best-known time-frequency representations. At
the end, the size of the original TFD is recovered by a simple interpolation us-
ing the same scale S and the enhanced distributions, referred to as EKCSDs,
are obtained.

It is shown in the next section that by considering as images the KCSDs
of a signal corrupted by noise, the proposed method overcomes the origi-
nal TFDs” drawbacks while preserving their useful properties. In particular,
the time-lag KCS-TFDs provide the best tradeoff between highest autoterm
resolution and interference rejection [63]. This feature allows to select the
best threshold that separates the signal components from the background
and crossterms, and so to perform the best automatic binarization, which is a
very important step in our approach. In the case of noisy signals, the Wiener
filter helps as well in convenient threshold selection. On another hand, the
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width and shape of components produced by the KCSDs are more appropri-
ate for the morphological image processing proposed in this paper.

4.5 Performance evaluation based on concentra-
tion and resolution measures

4.5.1 Example 1: Sum of two linear and nonlinear FM com-
ponents

In the first example, we deal with a multicomponent synthetic signal of du-
ration T=256 sec composed of a linear FM and a sinusoidal FM such that
f(t = 1) = 04 Hz; f(t = 256) = 0.3 Hz for the linear chirp component
and f(t = 1) = f(t = 256) = 0.1 Hz; f(t+ = 128) = 0.3 Hz for the non-
linear FM component. Fig.4.5 shows the obtained TF diagrams using the
original CBD, SCBD, PCBD and their enhanced versions namely, ECBD, ES-
CBD and EPCBD using the proposed image processing-based method. It is
obvious that the enhanced KCSDs produce more peaky plots that are prac-
tically interference-free and are characterized by much better concentration
and more separation of components.

TABLE 4.3: Objective performance measures obtained from the
original KCSDs and the enhanced ones of the signal of example

1.
TFD Ryse, Rnpy; RN(x107%) S4(x107™) CM(x107%) NIR RM
CBD (C=55.98) -7.8782 -7.8782 1.427 415145 9.13 0.9213 0.9314
ECBD (5=0.5) -8.3421 -8.3421 24 0.39697 45.88 0.9972  0.9872
SCBD (C=55.07) -7.9032 -7.9031 1.448 406344 9.17 0.9217 0.9342
ESCBD (5=0.5) -8.3687 -8.3687 24.445 0.41331 45.99 0.9972  0.9872
PCBD (y=19) -8.9664 -8.9664 2.326 956762 9.83 0.9214 0.9247
EPCBD (5=0.5) -9.5464 -9.5464 30.744 0.75173 48.94 0.9983 0.9862
Percentage (%) of increase or decrease >5 >5 > 12x10? >99 > 397 >76 >53

In order to provide an objective assessment, we record in Table 4.3 the
RNsE;, Rnpv,, RN, S4, CM, NIR and RM values realized by the investigated
distributions. As expected, the enhanced KCSDs result on lower values of
the Rysg,, Rnpys and the Stankovic measures and higher values of the RN,
CM, NIR and RM measures compared to the original distributions. On the
other hand, from concentration and interference suppression point of view,
the enhanced PCBD with a tuning parameter v = 19 and S = 0.5 is selected
as the optimal representation of the signal of example 1 yielding to the best
time-frequency localization.
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FIG. 4.5: The original KCSDs and the enhanced ones of a signal

composed of a linear and a nonlinear chirps. (a) CBD (C=55.98),

(b) SCBD (C=55.07), (c) PCBD (y=19), (d) ECBD (5=0.5), (e) ES-
CBD (5=0.5) and (f) EPCBD (5=0.5).
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FIG. 4.6: The original KCSDs and their enhanced versions of

a signal composed of two very closely spaced parallel linear

chirps; embedded in 10 dB AWGN. (a) CBD (C=30.48), (b)

SCBD (C=29.60), (c) PCBD (y=32), (d) ECBD (5=0.5), (e) ESCBD
(5=0.5) and (f) EPCBD (5=0.5).
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4.5.2 Example 2: Sum of two very closely spaced parallel lin-
ear FMs embedded in noise

In order to check the effect of additive noise, we consider a multicomponent
signal of length 256 that consists of two very closely spaced parallel linear
FMs with frequencies increasing from 0.1 to 0.3 Hz and from 0.15 to 0.35 Hz,
respectively. Then, we embed the signal in an additive white Gaussian noise
(AWGN) with signal-to-noise ratio (SNR) of 10 dB. The time-frequency plots
of Fig. 4.6 indicate that the enhanced CBD, SCBD and PCBD produce much
cleaner TF diagrams compared to the original distributions. The two time-
varying FM components are best concentrated in their respective frequency
ranges while the background noise is greatly reduced.

TABLE 4.4: Parameters of the time slices of the original and
enhanced KCSDs of the signal of example 2 computed at t,=128
sec (SNR=10 dB).

TFD Ay, Am, Ax As, As, fiy fi Vi Vi
CBD (C=30.48) 1 0.9552 0.2455 0.0172 0.0167 0.1988 0.2500 0.0165 0.0151
ECBD (5=0.5) 1 0.9350 0 0 0 0.1988 0.2520 0.0012 0.0009
SCBD (C=29.60) 1 0.7890 0.3089 0.0054 0.0034 0.1988 0.2520 0.0171 0.0120
ESCBD (5=0.5) 1 0.7308 0 0 0 0.1988 0.2559 0.0012 0.0001
PCBD (y=32) 0.9456 1 0.2764 0.0078 0.0104 0.1988 0.2500 0.0170 0.0168
EPCBD (5=0.5) 1 0.9995 0 0 0 0.1988 0.2520 0.0011 0.0011
Percentage of minimum improvement (%) / / 100 100 100 / / >92 >93

When analyzing multicomponent signals, the TFD’s performance does
not depend on energy concentration solely but those parameters that affect
resolution as well, reflecting how much the induced distribution is able to
separate two closely spaced signal’s autoterms when visualized in the time-
frequency plane. This property requires analysis of time slices as shown in
the plot of Fig.4.3 that displays the TFD of a signal z(t) at the instant (t =
to). It follows that readability enhancement allows more accurate estimation
of the exact number of components and their true instantaneous frequency
laws.

In order to evaluate more deeply the performance of the enhanced
KCSDs, we inspect the time slice plots of Fig. 4.7 obtained at the time instant
to=128 sec; the middle of the signal duration. The most important param-
eters extracted from these plots are recorded in Table 4.4. As expected, the
obtained results indicate that the enhanced distributions have the narrow-
est instantaneous bandwidths V; and V;,, which means that the energy of
each component is highly concentrated close to the path of its instantaneous
frequency. This provides the best performance of the recovered representa-
tions thanks to the Wiener filtering, binarization and morphological image
processing applied to the TF images generated from the original time-lag
KCSDs. On the other hand, even if the two components are very closely
spaced in presence of noise, the EKCSDs are able to distinguish between the
two linear chirps by reducing to the best the crossterms, the sidelobes and
the noise levels as well.
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FIG. 4.7: Normalized slices of the original and enhanced
KCSDs plotted at £p=128 sec of two closely spaced linear chirps
embedded in 10 dB AWGN (example 2).

Another important overall performance indicator concerns the accuracy
of instantaneous frequency estimation from the TF plots. Fig. 4.8 shows that
the actual IF laws are still been best estimated from the enhanced KCSDs
peaks even with a scale S=0.5 reducing considerably the processing time.
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FIG. 4.9: The original KCSDs and their enhanced versions of

a signal composed of two very closely spaced parallel linear

chirps; embedded in —2 dB AWGN. (a) CBD (C=30.03), (b)

SCBD (C=31.03), (c) PCBD (y=33), (d) ECBD (5=0.5), (e) ESCBD
(5=0.5) and (f) EPCBD (5=0.5).

In the same context, we inspect again the previous signal at bad transmis-
sion conditions (SNR = —2 dB). This means that the signal is buried under the
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FIG. 4.10: Normalized slices of the original and enhanced
KCSDs plotted at tr=128 sec of two closely spaced linear chirps
embedded in —2 dB AWGN.

noise and cannot be recovered by the narrow-band receiver. Fig.4.9 shows
the obtained TF diagrams using the original and enhanced KCSDs. The time
slice plots at ty = 128 sec are depicted in Fig. 4.10 with their main parameters

been recorded in Table 4.5.

From Fig. 4.9, we see clearly that the EKCSDs generate the most appeal-
ing plots and provide the best components separation even at negative SNR.
This is a direct result of the high decrease in the instantaneous bandwidths,
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TABLE 4.5: Parameters of the time slices of the original and

enhanced KCSDs of the signal of example 2 computed at t,=128

sec (SNR= —2 dB).

TFD Ay Ax  As  fa fa Vi V, RM
CBD (C=30.03) 09939 -0.1598 0.1722 02039 02510 0.0157 0.0196 0.8440
ECBD (5=0.5) 09703 0 01652 02020 02510 0.0039  0.0039 09166
SCBD (C=31.03) 09362 04812 02548 02020 02490 0.0196 0.0235 0.6703
ESCBD (5=0.5) 09294 0 02409 02020 02490 <0.0020 <0.0020 0.8997
PCBD (7=33) 09535 01538 02801 02000 02588 0.0235 0.019 0.7530
EPCBD (5=0.5) 09579 0 02783 0.1980 0.2588 <0.0020 <0.0020 0.9371
Percentage of minimum improvement (%) / 100 >0.5 / / > 80 >80 > 8.6

the crossterms, sidelobes and noise amplitudes. The achieved readability
enhancement is better seen from the normalized slices of Fig. 4.10 and the
achieved RM measures reported in Table 4.5 revealing that the EPCBD is the
best performing TFD at the time instant ¢y = 128 sec.

Fig. 4.11 displays the TF contour plots of the enhanced PCBD, the original
one and a selection of reassignment TFRs. It is obvious that the signal com-
ponents are the best resolved using the EPCBD thanks to the high achieved
concentration and crossterms suppression. The RSP and the RSD, however,
results on the best reduction of the sidelobes generated by the background
noise.

4.5.3 Example 3: Sum of two crossing nonlinear FMs

In order to check the effect of crossing, we consider a multicomponent sig-
nal of length 256 that is composed of two intersecting sinusoidal FMs. The
nonlinear components consist of an increasing and decreasing sinusoidal fre-
quency modulated signals such that f1(0) = 0.2 Hz and f,(0) = 0.45 Hz,
having both a period T = 256 sec with smallest and highest frequencies
equal to 0.2 Hz and 0.45 Hz, respectively. Fig.4.13 shows the obtained TF
diagrams using the original and enhanced KCSDs using the proposed image
processing-based method.

The latter are compared to the most popular reassignment TFRs as plot-
ted in Fig.4.12, namely, the RPWVD, the RSPWVD, the RPPD, the RSP, the
RSD and the RPMHD. From visual inspection, one can see that the enhanced
KCSDs produce the most appealing plots followed by the RSD and the RSP.
This corresponds to better components concentration and less interference
than the other distributions.

In order to provide an objective assessment, we record and plot in Fig 4.14
the Rnsg,, RN, S4, CM, NIR and RM values achieved by the investigated
representations. We observe that the energy normalized Rényi entropy mea-
sure Rysg, defines the RSD and the EPCBD as the best-performing TFRs, as
expected from the plots of Figs. 4.12-4.13. However, the PCBD is classified
as the signal third best representation better than the ESCBD, the ECBD and
the RSP.



Chapter 4. Time-frequency readability enhancement of compact support
64 kernel-based distributions using image post-processing : Application to
instantaneous frequency estimation of M-ary frequency shift keying signals

> R ®

0.45 f; 0.45 e T
0.4 0.4

E 0.3 E 0.3

= 03 = 03

z z

g o025 g o025

8 8

2. B2 2. 12

& o

\C 0.15 \C 0.15

2
o

s ks

iy

0 k3 A o i ok ;' e Kl
150 200 250 [} 50 100 150 200 250
Time in samples Time in samples
(a) (b)
0.5 05 -
N
0.45 0.45
0.4 0.4
E 0.35 w03 -
= 03 = 03 -
z 2 0aslt ¥
c 0.25 c 025 i e
g g i«
& 0.2 g 0.2 # z 7
o 015 o 0.15 yy 2 C Mo
0.1 0.1 ?’ =
0.05 0.05
0 oL
0 50 100 150 200 250
Time in samples
95 - 05 R T
0.45 0.45 ot g2t i
s B g y
0.4 : 0.4 e ! o P
- gk ,,'wq‘ BT g g by e i
—0.35 e th .

i

> =035 F— o
™ N 7 B T b 0
T oy P T gl B | ey | oim a9 M,W‘
= o e = y— T i g
i p Py < “ TYNIETE - B g
- e R A ialugiis e

ol .
c H el 15
@ s [} [T ] ,wwﬁ A
3 * g =] oy IR, o t §
= ns M : g 0.2 -;Jmpaegdw W!MM v B .
i ; o U TR et 0.
i 015 [ 5 o & oas T w@mm@f??ﬁ; FRATT -
) . Ve
0.1 = 0.1 R . “ e
FORTY SF ko R
® v oo
0.05 0.05 R - T
- e e Plreeyyr i o B s [ Sl
oL & ot . . e
0 50 100 150 200 250 0 50 100 150 200 250

Time in samples Time in samples

(e) (f)

Frequency [Hz]

Frequency [Hz]

e
ot
n

— | pE—
0 50 100 150 200 250 0 50 100 150 200 250
Time in samples Time in samples

(8) (h)

FIG. 4.11: The original PCBD, its enhanced version and a selec-
tion of reassignment TF representations of a signal composed of
two very closely spaced parallel linear chirps; embedded in —2
dB AWGN. (a) RPWVD (Hamming(65)), (b) RSPWVD (Ham-
ming(25), Hamming(65)), (c) RPPD (Hamming(65)), (d) RSP
(Hamming(65)), (e) RSD (Hamming(65)), (f) RPMHD (Ham-
ming(65)), (g) PCBD (C = 33) and (h) EPCBD (S = 1).
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FIG. 4.14: Comparison between a selection of TFRs in repre-

senting the signal of example 3 (two crossing nonlinear FMs)

using several popular objective performance measures. (a)
RNsE,, (b) RN, () Sy, (d) CM, (e) NIR and (f) RM.

The ratio of norms measure RN is optimized using the RSP and the RSD
followed by the RPPD, the RSPWVD and the RPMHD whose concentrations

are better than the enhanced KCSDs. It is obvious that neither Rysg, nor RN

can exactly match the foreseen results of TFRs” performances in accordance
to the visual inspection of the t-f diagrams.

The CM, S4, NIR and RM measures identify the ECBD, the ESCBD and
the EPCBD as the signal best representations followed by the RSP and the
RSD. The latter perform better than the RPWVD, the RPDD and the RPMHD.
Hence, these measures are, in this case, the best informative ones in terms
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of accurate concentration performances and interference reduction indica-
tions. This has been confirmed by a wide variety of tests involving a large
class of real-life and synthetic signals as discussed in the present work and
the previously conducted studies in [63, 66, 67, 91].

4.54 Example 4: Sum of two signals with time-varying am-
plitudes

In order to check the effect of time-varying amplitude, we consider a multi-
component signal of length 256 that is composed of linear FM and sinusoidal
FM with time-varying amplitudes. The nonlinear component consist of an in-
creasing sinusoidal frequency modulated signal such that f1(1) = 0.3 Hz and
have a period T = 135 sec with smallest and highest frequencies equal to 0.2
Hz and 0.4 Hz, respectively, and f(t = 1) = 0.025 Hz; f(t = 256) = 0.125 Hz
for the linear chirp component. Fig. 4.15 shows the obtained TF diagrams us-
ing the original and enhanced KCSDs using the proposed image processing-
based method.

The latter are compared to an optimal TFD as plotted in Fig. 4.15, namely
the piece-wise spline Wigner-Ville distribution (PW-WVD) [11]. The PW-
WVD formulate by decomposing a standard non-stationary signal model us-
ing piece-wise linear frequency modulated (LFM) basis and by exploiting the
Wigner-Ville distribution optimality for LFM signals [11]. It is more suitable
to serve as a reference TFD. However, from visual inspection, one can see that
the enhanced KCSDs produce the most appealing plots and are most similar
to the optimal TFD.

4.5.5 Example 5: The bat echolocation signal

The third evaluation example is shown in Fig. 4.16 where the bat echolocation
real-life signal [92] is represented in the time-frequency plane using the time-
lag KCSDs and the enhanced ones. The parameters D and A are both set to
2.5. The time-lag kernel’s length L is set to 256. The results illustrated in Fig.
4.16 show that the proposed enhancement method provides cleaner plots.
This reflects a significant improvement in the readability of the KCS distribu-
tions. Table 4.6 reports comparisons between several popular concentration-
based performance measures of TFDs in representing the investigated signal.

From resulting Rysg, and Rypy, values recorded in Table 4.6, one ob-
serves that, from concentration point of view, the enhanced distributions out-
perform the original TFDs. We also see a significant increase in the RN and
CM measures and decrease in the S4 measure. This confirms the effective-
ness of the proposed method in improving concentration of the time-lag KCS
distributions. In addition, from Fig.4.16 and Table 4.6, one can see that the
proposed method with a resize scale S=0.5 achieves the best performance.
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FIG. 4.15: The original KCSDs and the enhanced ones of sum of

two signals with time-varying amplitudes (example 4). (a) PW-
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TABLE 4.6: Concentration-based performance measures ob-
tained from the original KCSDs and the enhanced ones of the
bat echolocation signal (example 5).

TFD Rnse,  Rwpw, RN(x107%) S4(x107™) CM(x107°)
CBD (C=25.95) -2.2161 -2.2161 3.175 23713 11.26
ECBD (5=1) -2.6575 -2.6575 41.621 0.03922 50.48
ECBD (5=0.5) -2.6484 -2.6484 41.627 0.03326 50.53
SCBD (C=26.27) -2.2089 -2.2088 3.154 22988 11.27
ESCBD (5=1) -2.6440 -2.6440 41.565 0.03861 50.46
ESCBD (5=0.5) -2.6351 -2.6351 41.580 0.03349 50.48
PCBD (y=27) -2.7079  -2.7079 3.149 34125 11.22
EPCBD (5=1) -3.1487 -3.1487 41.559 0.05628 50.45
EPCBD (5=0.5) -3.1405 -3.1405 41.586 0.04681 50.51
Percentage (%) of increase or decrease > 15 > 15 > 12x102 >99 > 354

4.6 Application to IF estimation of MFSK signals

The objective of this section is to compare the enhanced PCBD and a selec-
tion of time-frequency representations in estimating the true IF laws of MFSK
signals. The PCBD is chosen because its tuning is the simplest and the fastest
since the time-lag PCB needs the setting of a single integer parameter rather
than a real parameter as for the CBD and the SCBD. The established compar-
isons are in terms of visual inspection of the estimated IF plot and the slice
of the time-frequency representation. Then, an objective study is performed
based of the main-lobe width (MLW) and the performance of the IF estimator
obtained from several measures. Finally, two real-life MFSK high-frequency
radio communications signals are analyzed.

4.6.1 Performance evaluation of IF estimation

MEFSK signals are widely used in digital communications [93, 94], radar sys-
tems [94, 95], and acoustic communications systems [96, 97, 98]. MFSK
signals have constant amplitude and time-varying frequencies that change
abruptly between symbols. This instantaneous variation can be described by
their IF estimates. In this paper, we consider 2FSK, 4FSK, 8FSK, and 16FSK
signals. The IF is estimated as the frequency with the maximum energy con-
tent in the TFD of the MFSK signal at each time instant, so that [1]

f(n) = arg{mkax TFDy(n,k)} (4.8)

-~

where f(n) are the estimated IFs which correspond to the subcarrier frequen-
cies of the signal. For discussion purposes, the IF of the enhanced PCBD for
a 4FSK signal embedded in 4 dB AWGN is estimated and compared. Fig.
4.17 shows the estimated IF and the TFR slice of the corresponding signal
obtained from the enhanced PCBD and the SPWVD, respectively. It is seen
that the enhanced PCBD provides better accuracy of the IF estimate. For
the SPWVD, distortion is observed in the IF estimate plots at some of the
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FIG. 4.17: TF and TFR slice at ty=500 sec of a 4FSK signal using

the enhanced PCBD and SPWVD at SNR of 4 dB. (a) EPCBD

(y=3, S=1): IF (left) and TFR slice (right), (b) SPWVD: IF (left)
and TFR slice (right).

signal samples due to the influence of noise. The enhanced PCB distribu-
tion, however, is constantly distortion-free. Moreover, the TFR slices at £
= 500 sec clearly indicate that the MLW obtained from the enhanced PCBD
is the narrowest. Hence, the image postprocessor improves significantly the
concentration around the instantaneous frequency laws of MFSK symbols.
Results confirming this statement are presented in Table 4.7 where the MLW
estimates are recorded for SNR values of 4 and 10 dB.

Generally, the SNR and the signal modulation level have no significant
effect on the MLW related to the enhanced PCBD. This is because the use
of thinning produces the same component shape for all signals. However,
it is observed that the MLW values for the enhanced PCBD are smaller than
those obtained from SPWVD. Besides the MLW of the TFR slices, there is
also a difference in the average sidelobe level that is much lower for the en-
hanced PCBD compared to SPWVD. These numerical results reveal that the
proposed enhancement method improves concentration and eliminates the
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TABLE 4.7: MLW values obtained from the enhanced PCBD
and SPWVD at different modulation levels and SNRs.

MLW

SNR Signals = Enhanced PCBD  SPWVD
2FSK 0.0023 0.0101

4dB  4FSK 0.0025 0.0105
8FSK 0.0023 0.0222
16FSK 0.0023 0.0135
2FSK 0.0023 0.0120

10dB  4FSK 0.0023 0.0110
8FSK 0.0023 0.0200
16FSK 0.0024 0.0118

best the sidelobs and crossterms and then enhances time-frequency localiza-

tion of the different signal’s events.

In the same context, Fig. 4.18 represents the energy density spectrum of a

Energy density spectrum

o
=)

2 05
A

M o4

0.3

0.2

0.1

0

0 005 01 015 02 025 03 035 04 045 05
Normalized frequency
(a)
Energy density spectrum

1

0.9

0.8

07

0.6
=
=)

@ 05
A

M o4

03

0.2

0.1

0

A

0 005 01 015 02 025 03 035 04 045 05

Normalized frequency

(b)

FIG. 4.18: Energy density spectrum of a 16FSK signal at

SNR=10 dB. (a) PCBD (y=4) and (b) EPCBD (5=0.8).
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16FSK signal at SNR of 10 dB using the PCBD and the EPCBD. Once again, a
clear and significant improvement is seen in components concentration and
interference rejection. Hence, the proposed method is able to resolve very
closely-spaced sinusoids confirming the results presented in Section 4.5.2.

4.6.2 Variance comparison

In order to objectively assess the performance of the enhanced PCBD and
a selection of the most-used reassignment time-frequency representations in
estimating the IF laws, Monte Carlo (MC) simulation-based comparisons are
performed. The MFSK signals are evaluated in a zero mean and ¢ variance
AWGN channel. It is assumed that the signal components and noise are in-
dependent from each other. The mean-square error (MSE) is employed to
evaluate performances by running 300 MC simulations while the SNR is var-
ied from -1 to 12 dB with a 1 dB step. Assuming the actual instantaneous
frequency for all signals been known, the MSE for the IF estimate is given by

— A 2
MSE = MN ; (f(n) — f(n)) (4.9)

where f(n) and f(n) are the true and estimated frequencies at n' instant, N
is the length of the analyzed signal, and M is the total number of MC simu-
lations. Fig.4.19 shows the plots of IF estimate MSE with respect to SNR for
2FSK, 4FSK, 8FSK and 16FSK signals. The results indicate that the RPPD has
the highest MSE while the EPCBD and the RPMHD provide the smallest MSE
values. It can also be seen that, the enhanced PCBD provides, for all inves-
tigated MFSK signals, a much lower overall MSE compared to the RSD, the
RSP, the RPWVD, and the RSPWVD. In addition, the EPCBD outperforms the
RPMHD. In general, the MC simulation-based results reveal that the EPCBD
performs the best as a blind IF estimator. The most remarkable advantage of
the EPCBD is that, unlike the other best performing TFRs, there is no need
of additional settings of external windows. This is done thanks to the spe-
cial form of the auto-windowed time-lag KCS kernels that vanish themselves
outside the compact support yielding, at the same time, to a very low com-
putational cost. Particularly, the PCBD is recognized by its lowest numerical
complexity and simplest tuning since its kernel is polynomial [63].

In order to show the enhancement on IF estimation Fig. 4.20, represent the
originals TFDs and the enhanced ones using 300 MC. We can clearly see the
enhancement on IF estimation of MFSK signals.

4.6.3 IF estimation of a real-life MFSK signals

In order to illustrate the practical effectiveness of the proposed method, the
enhanced PCBD is applied to the analysis of two real-life communications
signals in the HF band. The first signal’s carrier frequency is 8.180 MHz.
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FIG. 4.19: Comparison of MSE values corresponding to IF esti-

mates from the enhanced PCBD and a selection of reassignment

TFRs with 300 MC simulations. (a) 2FSK, (b) 4FSK, (c) 8FSK,
and (d) 16FSK.
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The time representation of this signal is depicted in Fig.4.21(a). Fig.4.22(a)
shows the enhanced PCBD and the estimated IF. It can be seen that the signal
has four normalized frequencies at 0.08065, 0.129, 0.1855 and 0.2339. The
symbol duration corresponds to 68 samples as derived from the minimum
time interval in the observed IF. Since the sampling frequency is 8000 Hz,
the signal’s subcarrier frequencies are then 645.2 Hz, 1032 Hz, 1484 Hz and
1871.2 Hz, with symbol duration equal to 8.5 ms.

Fig.4.21(b) displays the time representation of the second real-life MFSK
signal that is sampled at 8 KHz. From the estimated IF laws depicted in Fig.
4.22(b), we find that M = 8 and the estimated subcarrier frequencies are: 720,
800, 940, 960, 980, 1064, 1120 and 1140 Hz while the symbol duration is 250
ms corresponding to 2000 samples.
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FIG. 4.21: Time representation of a real-life MFSK radio com-

munications signals in the HF band. (a) The first signal and (b)
The second signal.
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FIG. 4.22: Time-frequency characteristics of real-life MFSK ra-

dio communications signals in the HF band: EPCBD (left) and

IF estimate (right). (a) The first signal and (b) The second sig-
nal.

4.7 Application to radar signals

Radar is widely used both in military and non-military applications such
as tracking missiles, aircraft, flight control systems, and geological observa-
tions, just to name a few. By definition, to avoid detection or interception by
non-cooperative intercept receiver, low probability of intercept (LPI) radars
utilize special emitted waveform that has been specifically designed for this
propose [99]. A time-varying signal such as LPI radar signals, the spectral
description of which depends on time, is best analyzed with time-frequency
representations. In this framework, two commonly used radar signal types
are analyzed using the enhanced PCBD. The two signals are: Continuous
wave linear frequency modulation (CW-LEM) and pulse linear FM (PLFM).
These signals can be categorized as LPI radar signal waveforms [99] with
their parameters recorded in Table 4.8. The actual radar signals parameters,
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however, may vary according to the applications. The time representation

TABLE 4.8: Signal parameters of the two investigated radar sig-
nals. Pulse repetition period (T), pulse width (T},), highest fre-
quency (fmax) and bandwidth BW [100].

Signals PLFM CW-LEM
Time parameters T=2s T =04ms
szls Tp:0.2rns

Frequency parameters fyox = 10Hz  f = 10 MHz
BW =10Hz BW = 10MHz

of a two-pulses PLFM signal is depicted in Fig. 4.23(a). The EPCBD and IF
estimate are shown in Fig. 4.23(b). The estimated parametres are: Pulse rep-
etition period (T = 2.04 s), pulse width (T, = 1.02 s ), maximum frequency
(fmax = 10.2 Hz) and bandwidth (BW = 9.5 Hz). The estimation error is
about 2% for fx, 5% for BW, 27, for T and 1% for T),.

Fig. 4.24 shows the TF analysis results related to a two-pulses CW-LFM
signal. The maximum frequency of the signal is estimated at 9.9 MHz while
the occupied bandwidth is about 9.7 MHz. The pulse width and the pulse
repetition period are found to be equal to T, = 199.7us and T = 399.4us,
respectively. The estimation error is 1% for fax, 3% for BW and only 0.15% for
the time parameters. As a conclusion, the performed enhancement allows
providing precise information about both when and at what frequencies a
radar signal event occurs.

Typically, electronic support deals with a non-cooperative environment
where prior knowledge of the true signal characteristics are unknown. In
this context, the obtained results show that the enhanced KCSD provide an
accurate low-complexity analysis tool for a broad class of signals. The es-
timated parameters can be used for further complex tasks such as features
extraction and classification even at bad transmission conditions (low SNR
values and high interference).

4.8 Computational complexity

The complexity of each enhanced KCSD is measured in terms of the pro-
cessing time. The enhanced TFD computational complexity is estimated by
running Monte-Carlo simulations where the processing time is evaluated
through generation of the TFDs of 400 test signals and repeating the pro-
cess 20 times. The test signals are multicomponent nonstationary signals
with linear and nonlinear components. The sampling frequency is set to 1
Hz, the time duration is T = 256 sec while the number of components is
randomly chosen from 1 to 4. The time supports of components are also ar-
bitrary selected within the interval ]0,255]. Table 4.9 presents the average
processing time of each enhanced TFD including: (1) the TFD computation
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and optimization and (2) the proposed image-based post-processing. This
table shows that the enhanced SCBD is the most computationally demand-
ing technique while the CBD and the PCBD are comparable in terms of the
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required processing time. On the other hand, we see that the proposed post-
processing is of very low numerical complexity and does not depend on the
input TFD that is simply considered as an image of a fixed dimension.

TABLE 4.9: Computational time (s) required by the proposed
method estimated from MC simulations (CPU Intel Core 15-

6200U, 2.3 GHZ).
KCSD Optimized TFD (OKCSD) Image-based post-processing EKCSD
CBD 0.4006 + 0.0023 0.0121 + 0.00057 0.4127
SCBD 5.0183 + 0.0234 0.0083 £ 0.00039 5.0266
PCBD 0.4575 £ 0.0026 0.0105 £ 0.00051 0.4680

4,9 Conclusion

This chapter shows that, by considering the resulting TFD diagrams as im-
ages, it is possible to enhance readability and so improve both concentra-
tion and interfering terms suppression of the original representations. This
is done through the use of convenient image processing tools. Within this
framework, we have proposed a new method that is applied to the optimized
time-lag KCS-based TFDs. The image-based post-processing employs two-
dimensional Wiener filter, automatic binarization and morphological image
processing in enhancing the original CBD, SCBD and PCBD distributions.
Several experimental tests on synthetic and real-life signals were performed
in order to extract the exact time-frequency characteristics. Supported by ob-
jective assessments, the obtained results show that the enhanced KCSDs pro-
vide significant improvement in concentration and time-frequency localiza-
tion compared to the original distributions. Furthermore, a great reduction
of crossterms, sidelobes and noise levels is observed even in the hard case of
very closely spaced linear chirps embedded in noise. For practical applica-
tions, we have considered the use of the enhanced PCBD in estimating the
instantaneous frequency of MFSK signals. The PCBD is preferred because
its numerical complexity is the lowest and its tuning is the simplest and the
fastest since the time-lag PCB requires the selection of a single integer param-
eter rather than a real smoothing parameter as for the CB and SCB kernels.
We have seen that the enhanced PCBD produces precise time—frequency rep-
resentations of MFSK signals at different modulation levels, leading to accu-
rate extraction of the IF laws from the TFR’s peaks even at low SNRs. In addi-
tion, comparisons were made with SPWVD and a selection of the most pow-
erful reassignment TFRs in terms of the mainlobe width and the achieved
IF estimation MSE, respectively. The numerical results show that the pro-
posed method outperforms the other investigated representations. Further-
more, the enhanced PCBD allows precise determination of other important
parameters such as subcarrier frequencies and symbol duration. Thus, the
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modulation parameters of unknown MFSK signals can be directly estimated
from the IF laws and be used as input to a classifier network. Another ex-
tremely interesting property of the KCSDs is that the powerful smoothing is
performed without any need of external windows. This is the most constrain-
ing drawback when using the best-performing reassignment TFRs discussed
in this paper namely, the RPWVD, the RSPWVD, the RSP, the RPPD, the RSD
and the RPMHD as well as the SPWVD. In this case, it is very hard to set the
optimal window’s type and length from the large offered choices.

The main drawback of our proposed approach is that its overall perfor-
mance depends on the goodness of the original TFD that must be optimized
and also on the automatic thresholding. Hence, if the kernel’s smoothing pa-
rameter and the threshold are not properly selected, discontinuities of the
signal components will appear. These limitations were particularly seen
when the noise power is greater than the signal power (negative SNRs). Con-
cerning optimization of TFDs, the used concentration-based measures are not
computationally demanding especially with the current speed of processors
while the automatic threshold selection can be bettered using other thresh-
olding techniques. Another drawback appears at small energies of TFDs
that result on suppression of some signal details that are considered as back-
ground. This situation is particularly observed at the beginning and the end
of the components frequency events. This loss affects the accurate estimation
of the IF laws at these two regions and can be recovered by simple interpola-
tion.

Note that our approach is generic and may be applied to any TFR. Fu-
ture work will include the application of the proposed method to enhance
results related to EEG signals’ classification [64, 101], motors” diagnosis [91],
frequency-hopping spread spectrum (FHSS) systems and blind source sepa-
ration.
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Chapter 5

Conclusions

In essence, the main message and findings of this manuscript are as fol-
lows. The time-domain representation tends to obscure information about
frequency because it assumes that the two variables t and f are mutually ex-
clusive. In Fourier analysis, all temporal aspects (beginning, end, duration
of an event), although present in the phase, become unreadable in the spec-
trum. This requires us to use other mixed time-frequency representations
which make it possible to locate them or to locate these variations over time.
Characteristic features of non-stationary signals in the T-F domain can be en-
hanced by using data-dependent representations. In particular, linear-based
time-frequency representations such as STFT and CWT are powerful tools
for time-varying signals analysis. The main drawback of these methods is
their limited resolution. Indeed, it is impossible to have perfect localization
both in time and frequency. For a monocomponent linear frequency mod-
ulation signal, the WVD is optimal for energy concentration about the in-
stantaneous frequency. It has received much attention because of its mathe-
matical properties. However, if a signal has nonlinear frequency modulation
and/or multiple components, the WVD suffers from cross-terms and/or in-
ner artifacts, respectively; in either case, quadratic time-frequency distribu-
tion should be preferred over the WVD in most applications. The design
of QTFDs is best undertaken by designing the desired kernel smoother in
the ambiguity domain and using FTs to see the effects in the TF domain.
To be a useful tool for practical applications, QTFDs are expected to resolve
auto-terms components while reflecting the components IF laws through the
peaks of their dominant ridges in the (t, f ) plane. Each QTFD can be writ-
ten as a smoothed version of the WVD using a specific time-lag kernel filter.
Kernels are designed as low-pass filters in the ambiguity domain to elimi-
nate and suppress the cross-terms. Some members of the quadratic TFDs are
pseudo Wigner-Ville distribution (PWVD), smooth-pseudo Wigner-Ville dis-
tribution (SPWVD), B-distribution (BD), Choi-Williams distribution (CWD),
and modified B-distribution (MBD).

One of the best-designed kernels is the compact support kernel family.
Applied to time-frequency signal analysis (TFSA), the compact support ker-
nels namely, the CB, the SCB, and the PCB are simply tuned using a single
parameter that controls the bandwidth extent. This tuning is much finer us-
ing the CB and the SCB kernels since C is a real positive number. The induced
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distributions referred to as the CBD, the SCBD, and the PCBD show a great
ability for cross-term suppression while preserving the signal proper compo-
nents yielding to a notable improvement of TF resolution and energy concen-
tration of the auto terms. Unfortunately, although QTFDs that are smoothed
versions of the Wigner-Ville distribution (WVD) reduce interferences, con-
centration performance is systematically degraded. The situation becomes
more complex for noisy multicomponent signals with closely spaced compo-
nents and may even have spectral overlapping or crossings when frequency
varies over time, while visual inspection remains difficult and very subjec-
tive. Therefore, excellent time-frequency readability is in need to pinpoint
the frequency contents and time variability of such signals. To address this
issue, many post-processing enhancement methods were introduced. The re-
assignment method was one of the early introduced. It performs well only
when the signal components are not too close in the time-frequency domain
and the signal is embedded in a moderate level of noise. To solve problems
invertible of the reassigned TFRs, posterior processing schemes such as the
synchrosqueezing method were proposed. Initially introduced for the con-
tinuous wavelet transform and later extended to the STFT. In the context
of readability enhancement, many other methods were proposed such that
multi-taper, S-method, time—frequency image de-blurring, and de-noising.
These methods are useful tools for readability enhancement. However, many
of these methods cannot overcome the fundamental concentration limit of
TFRs in dealing with closely spaced signal components. To improve time-
frequency readability of Kernel with Compact Support (KCS)-based TFDs,
a new approach was proposed that employs a two-dimensional filter, auto-
matic binarization, and morphological image processing. The obtained re-
sults show that the enhanced representations provide considerable improve-
ment in concentration compared to the original representations. On the other
hand, the enhanced TFRs using image post-processing provide clean plots
compared to their original versions. In addition, advanced procedures for
the design and enhancement of high-resolution distributions can allow the
extraction of more precise information defining discriminatory features such
as the instantaneous frequency:.
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