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Abstract

Extracting information that is embedded in the propagating acoustic signals
is important in environmental parameter estimation and geoacoustic inversion.
Accurately retrieving this information leads us to effectively estimate parameters
that are of utmost importance in environmental studies, climate monitoring, and
defense. The most important pattern of the frequency content with time exhibits in
the dispersion characteristics of the waveguide resulting from the dispersive
environments. Currently, there is no accurate stochastic model describing the
ocean acoustics time-series available, consequently, the estimated dispersion
curves are not precise. This project, hence, has investigated a stochastic
characterization of ocean acoustics time-series for dispersion tracking with a
sequential Bayesian filtering framework. An accurate mathematical and statistical
description of the ocean acoustics signals was developed and it will serve as the
foundation in dispersion tracking. In addition, the adaptive resampling scheme was
implemented in the filtering system to further enhance the performance of tracking
system. Simulation results shown the superiority of the proposed method to the

conventional technique used in literature.

Keywords : Bayesian filtering; frequency estimation; signal processing; time-

series, ocean acoustics
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CHAPTER 1

EXECUTIVE SUMMARY

1.1 Introduction to the research problem and its significance

In the last few decades, there has been explosive growth in the research and de-
velopment of numerical and statistical models used as tools in research involving
underwater acoustics. The particular area of interest in underwater acoustics is the
propagation of sound in a shallow ocean environment. The reason, in part, for such
interest is the way that submarines are constructed today. Some submarines, such
as those which transport navy seals, are much smaller than they were years ago.
Their compact size nowadays allows the submarines to maneuver into more shallow
water. Moreover, the submarines are actually designed to be very much quieter than
they were in the past. This, as a result, makes them more difficult to be detected.
The harder these sounds are to detect, the easier it is for these vessels to approach
land, and therefore, travel into shallow water. These sounds, if detected, can be
linked to a sound propagation model for the estimation of source location. Acoustic
signals propagating in the ocean carry information about geometry and environmental
parameters within the propagation medium. Effectively estimate parameters that are
of utmost importance in environmental studies, climate monitoring, and defense just
as described above, can be performed when accurate information from acoustic signals
was extracted.

Motivated by the importance of environmental parameter estimation and geoa-
coustic inversion, the proposal focuses on the use of sequential Bayesian filtering to
obtain accurate estimates of instantaneous frequencies within the acoustic field mea-
sured at an array of hydrophones. We use normal mode modeling for the propagation

of broadband signals in this work. Group velocity is the most important quantity



describing pulse dispersion in a waveguide. Dispersion depends on the characteristics
of the waveguide that we wish to extract. With this reason, when we obtain accurate
dispersion characteristics, inversion of geoacoustic properties and bottom properties
can be performed. Compressional wave speeds can also be estimated based on the
dispersion behavior of broadband acoustic propagation.

This research project hence proposes a stochastic characterization of ocean
acoustics Time-Series for tracking the dispersion pattern of the received signal. The
goal is to obtain the robust characterization that mathematically and statistically
describes the dispersion curve accurately.

The results from the proposed method show that the frequency estimates using
the developed stochastic and mathematical models are better than the conventional

method, resulting in enhancing the accuracy of the extracted dispersion curves.

1.2 Objective

To achieve accurate stochastic nature and dispersion curve of the ocean acoustic

time-series using the sequential Bayesian filtering framework.

1.3 Research Methodology

The methodology of this work is described as the followings.

1.3.1 Review the literatures

The literature for this work includes parameter estimation in ocean acoustics, math-
ematical and stochastic models of the time-frequency representations of the ocean
acoustic signals, and Bayesian filtering. To be specific, the statistical description of
the signals and noise in the transformed domain must be studied, especially when the

statistical independence property is broken. The closed-form chi-squared probability



distribution with DOF of two was found to be sufficient to represent the spectrogram

of the ocean acoustic time-series.

1.3.2 Analyze and develop the stochastic models

After the literature reviews, we then developed the appropriate model and analyze
their accuracy mathematically. To begin with, the simplest chi-squared probability
distribution where the noise is considered to be statistically independent for both two
components in the frequency domain will be developed. This model is the starting
point for the investigation of the more accurate model where the noise assumption
is relaxed. As described before, DOF may not be exactly two; we then derived the
accurate model that fits or can capture the desired information where chi-squared
with DOF of two is indeed reasonable. This is not trivial since the acoustic model for
the signal propagating in the ocean must be incorporated with the statistical model
in order to deliver all the required models setting for the PF implementation which
will be discussed in the next step. We needed to be careful in the analysis before the

PF implementation.

1.3.3 Validate the models by implementing the filtering framework

After careful and rigorous analysis from the previous step, a particle filtering frame-
work was developed and used to test the performance of the models to the ocean
acoustic time-series. We firstly implemented the chi-squared distribution model with
DOF two for the PF and perform the filtering to acquire the tracking results which
will be used to compare to the benchmark, conventional MAP estimates, and the
recent results in [12]. Then, the next crucial step is devoted for PF implementation to
achieve better accuracy in which the MSE is reduced compared to the recent works in
literatures. Moreover, we investigated the validity of the model by presenting the slices

of the spectrogram and the corresponding spectrums from resulting mathematical



model of the acoustic time-series and statistical noise model. If the both models are
accurate, slices of the spectrogram and spectrums should be coincided; and this is for
the validation of the accuracy of the models.

In addition to what we described above, simulations to test the analysis about
the effects of the use of the various window functions has been performed.

The proposed models should be robust to the noise, i.e., we evaluated the
performance of the models for different noise levels. This is what the PF is developed
for; the estimates provided by the PF should still be accurate in low SNRs, and we
performed this evaluation in this project. Finally, noise variance PDF's for different
SNR levels as estimated from PF were displayed to present the tracking performance
of the filter. This is one of the tests that can confirm the model validity and accuracy.
Conventional MAP estimates, the benchmark of the estimation problem was used to

compared to our results. We found that the results from this project were superior.

1.3.4 Analyze and discuss the results

The results from the previous step were analyzed and discussed. We discussed the
performance of the filter where the simplest model is used. Then when the com-
plicated statistical was implemented and performed, the comparison of the tracking
results can be provided. The advantages, disadvantages, findings, or observations

have been discussed.

1.3.5 Draw conclusions and suggestions

After the analysis and discussions, conclusions and suggestions was provided.

1.4 Outputs

The outputs from this project are listed as follows:



1. P. Taveeapiradeecharoen, K. Chamnongthai, and N. Aunsri, Bayesian Compressed
Vector Autoregression for Financial Time-series Analysis and Forecasting, IEEFE

ACCESS T7:16777-16786, 2019.

2. N. Aunsri, Effect of Window Functions on the Sequential Bayesian Filtering
Based Frequency Estimation, The 21st International Symposium on Wireless

Personal Multimedia Communications (WPMC- 2018) pp. 411-415, 2018.

3. Sequential Bayesian Filtering with Stochastic Characterization of Ocean Acoustics
Time-series for Frequency and Dispersion Estimation, submitted to Measurement,

now Under Review

4. Particle Filtering with Adaptive Resampling Scheme for Modal Frequency Identification
and Dispersion Curves Estimation in Ocean Acoustics, submitted to Applied

Acoustics, Under Review (minor revision)



CHAPTER 2

BASIC THEORY

2.1 Introduction

A problem of frequency estimation has always been one of the most important task in
science and engineering applications including physics, signal processing, communica-
tion, and ocean acoustics; see [6,10,30,32,33] for examples. Given a white Gaussian
noise contaminated ocean acoustics time-series, we consider a time-frequency analysis
of such time-series via a short-time Fourier transform (STFT). The goal of this work
is to incorporate the statistical description of the signal in the frequency domain to
a sequential frequency estimation framework, the particle filtering, in particular, to
obtain the posterior PDF of the frequency and its corresponding quantities. The
posterior PDF of these quantities play an important role in environmental inversion
in which the geoacoustics properties of the ocean can be revealed [6,24, 25].
Frequency estimation in ocean acoustics has been as of interest for decades as
seen in literature [5,6,22,35,36]. The importance of this problem stems from the
fact that most important pattern of the frequency content with time exhibits in the
dispersion characteristics of the waveguide resulting from the dispersive environments.
Therefore, retrieving this information could lead us to effectively estimate parameters
that are of utmost importance in environmental studies [11,20,24,27,28|. This work
implements a PF based on the incorporation of mathematical and statistical models
of the ocean acoustics signal in the frequency domain to construct the likelihood
function and the particle weight calculation for formulating the frequency PDF and,
hence, the dispersion PDF of the signal. We derive an accurate statistical model to
explain the stochastic property of the noisy ocean acoustics time-series and combine it

with a modal representation of the signal in the frequency domain in order to obtain



more accurate frequency estimates and, therefore, a better dispersion estimates from

the measured data.

2.2 Fundamental of modal mode technique in ocean acoustics

The evolution of the frequency content of an acoustic signal with time plays a key
role as a “footprint” of the propagation medium. This is typically the case with
broadband signals with frequencies of a few hundred Hz propagating from long
distances in underwater environments. The frequency content with time exhibits the
variation pattern as a result of dispersion characteristics of the waveguide, allowing the
estimation of modal arrival times and amplitudes for various modes and frequencies
within each mode.

The ocean acoustics model in the time-frequency space can be considered as a
broadband acoustic signal received at a hydrophone. The acoustic signal received at

a hydrophone in the ocean can be expressed as

1 +Oo ! ’ ’ /
p(r, 2, 2, t) = gy Z/ pw(w )Gn(r, z, zr,w exp{i(w t — k,r — %)}dw . (20)

where r represents the distance between source and receiver, z and z, are the source
and receiver depths, respectively, k, stands for the modal wave number, p is the

source spectrum, w = 27 f, where f is frequency in Hz and

T

e )m\lln(z)llln(zT), (2.2)

Gn(ra Z? Zr7w) =

where W,, are orthogonal, normalized, depth-dependent functions, and p(z,) is the
medium density. To simplify the analysis, we consider now only one mode. The

frequency spectrum of a finite time segment of the signal is given by [22,35]:

t+At )
P(w,t) = / pu(r, 2, 20, t)e T drT, (2.3)
t—At



whereas the segment starts and ends at ¢t — At and ¢t + At, respectively. Substituting

the nth term of Eq. (2.1) into Eq. (2.3) and performing integration, we then obtain

P,(w,t) =

et /°° , s osin(w — w)At
7r

/ ™ ’
n\’'y <y ~r, / ' t_kn — —)}dw .
pw(w )Gh(r, z, zm,w) T exp{i(w r 4)} w

oo
(2.4)
We can approximate the above quantity by using stationary phase approximation
technique as explained in [35], then the squared frequency spectrum of a finite time
segment of the signal can be expressed as
o|sin(w — wy, ) At |2

s
]Pn(w,t)|2 = Wm(wn)Gn(r, 2, Zpy W) | , (2.5)

W — Wy

for |w —w,| < 53

It can be clearly seen that the spectrum expressed in Eq. (2.5) has a peak at
w,, which is called a modal frequency. This observation allows us to formulate a PF
framework for tracking the instantaneous power spectral peaks to identify the modal

frequencies of the acoustic signal, which will be discussed in the next section.

2.3 Sequential Bayesian Filtering

Back to 1960 where the pioneer work in new filtering method named Kalman Filter
(KF) was proposed as reported in [17]. The filter delivers an optimal estimator
according to the minimum mean squared error metric. However, the limitation of the
KF is that the evolution of the unknown parameters is assumed to be in the case of
Gaussian and additive perturbations, the additive Gaussian noise model is considered
in the observed data, and a linear function describing the measurements and state
vector parameters.

It is not a case for most practical systems that the assumptions made for the KF's
are always valid, most systems are nonlinear/non-Gaussian as well as non-additive

noise structure. Variants of the KFs were developed to remedy these problems; the



extended KF (EKF), unscented Kalman filters (UKFs), and ensemble Kalman filter
(EnKF) are examples of KF variants that were proposed in literature. Nevertheless,
a system with highly nonlinear models and complex noise processes are not easily to
deal with, it requires computational or numerical approaches to formulate the desired
posterior PDFs, and the inferences on the state parameters have to be done numeri-
cally since the closed form PDF's may not be feasible to obtain, these approaches are
particle filtering.

Particle filter (PF), a class of sequential Monte Carlo method, is used for
the estimation of the underlying posterior PDFs of random variables, allowing the
extraction of the desired information from complex noisy observation data becomes
possible. PF, derived from the basic importance sampling (IS) concepts, is a numer-
ical approach proposed to effectively handle nonlinear relations between unknown
parameters and observations, complex noise processes, and unknown as well as the

time-varying dynamical systems [2,12,13,26,29, 34].

2.4 Bayesian Filtering Framework and its conceptual solution

In this section, the fundamentals of sequential Bayesian filtering are recalled and a

construction of particle filtering method is then provided.

2.4.1 State space model

Consider the following nonlinear system:

Xn = n—l(Xn—hVn—l) (26)

yn = gn(xmwn)- (27)



where n is time, x C R" is the n,-dimensional state vector, y C R"™ is the n,-
dimensional observation vector, v,,_; denotes n,-dimensional process noise vector,
and w,, denotes n,-dimensional measuring process noise vector.

The first state equation describes how the states evolve with time; and the
transition of the states from the consecutive time is followed the nonlinear function
first order process f, as given in Eq. (2.6). The second equation is called the
observation equation relating the observation data to the state vector through a
nonlinear function g, and this equation is given in Eq. (2.7). Both f,_; and g,
are known in this work. The state and observation noise quantities are declared as v,,
and w,,, respectively. Functions f,,_; and g,, are typically nonlinear and assumed to be
the known multivariate functions. The evolution of the state vector with time is done
via a function f,_; relating the changes of the state parameters from the previous
time to the current time according to the process noise v,_;. The relationship
between the state vector and the observation vector is described by the measurement
or observation function g, and the measuring process noise. Both process noises can
by additive, multiplicative, or other forms depending on the problem at hands.

In general, let X,, = [x1,Xa,...,X,| be a sequence of the unknown state vectors
up to time n, the aim of filtering is to recursively estimate the state vector x,, based
on a set of available information from the measurements Y,, = [y1,yo,...,¥n]. This
problem can be addressed by computing the posterior PDF p(x,|Y,). Assuming that
the initial PDF of the state vector p(xg|yo) = p(x0), the posterior PDF p(x,|Y,) can
be computed recursively using the following two steps: prediction and updating. We

will detail these steps for PF implementation in Section IV.

2.4.2 Bayesian Inference
As discussed, we require two equations describing the state-space model; one ex-

presses the evolution of the state and one connects the relation between states and

10



observations. We assume that each observation y,, depends solely on the current state
X,, and the observations up to time n are conditionally independent given the states

X,, therefore

n

p(Y,lX,) = HP(Yi|Xn)- (2.8)

i=1
The states of the model are assumed to change over time according to a first order
Markov process, therefore the current state depends only the state at a previous time
step yielding:

n

p(X,) = p(x0) HP(Xi’Xiq)- (2.9)

i=1

The goal of the PF is to gather the posterior PDF of the unknown states when

the observed data is available at time step n, p(X,|Y,), and it can be given as:

p(Yn|X5)p(xo)

(2.10)

From Egs. (2.8) and (2.9), we can express the posterior distribution p(X,|Y,)

as

p(xo) TTi_y p(yilx:)p(xi|xi-1)

p(Xn‘YTJ = p(Yn) )

(2.11)

where p(xg) is the prior density and we assume it to be a uniform density in this
work, i.e., the chance of the existence of the modal frequencies is assumed to be
equal over the search interval. The observation y, is independent of the states
at all other times and we assume that the observation data up to step n are also
independent. Bayesian framework recursively estimates the marginal PDF p(x,|Y,)

from the previous marginal PDF p(x,_1|Y,). By assuming that the marginal PDF

11



p(x,-1|Y,_1) is available, the prediction of the PDF p(x,|Y,_1) can be computed
from transitional PDF p(x,|x,_1) obtained from the state equation of Eq. (2.6). We

can then rewrite Eq. (2.11) as:

p(Yn|Xn)p(Xn|Xn71)p(Xn71 |Yn71>
P(ynlYn1) ,

p(Xa|Yy) = (2.12)

where

b3l Vo) = [ [ plyalptel)

X p(anl ‘Ynfl)dxnfldxn-

(2.13)

Moreover, the PDF p(x,|Y,,_1) can be expressed as the so called Chapman-Kolmogorov

equation:

p(xn‘Yn—l) - /p(Xn|Xn—17 Yn—l)p(xn—l |Yn—1)dxn—1

- / Pl 1P (01 [ Y1) (214)

the new estimate of the states at time step n is:

PYn[%n)P(Xn| Y1)

PeaYn) = = N

(2.15)

Assume that the observation data Y, is available, the likelihood of the state
vector X, is obtained from the density p(y,|x,). Since the posterior PDF of the states
is available according to the sequential update discussed above, the interference can
then be performed using this probability distribution. The estimate function of the

state can be calculated from

12



F(xn) = Ep(xnlYn)[F(Xn>|Yn]

_ / I (x0)p(x[Y ). (2.16)

2.4.3 Particle filtering
Working in a sequential filtering framework, we implement PFs for identifying the
trajectories of the modal frequencies with time of the ocean acoustics signal. It
must be clear that the KF families cannot be applied to our problem because the
relationship between the observed data and the states is highly nonlinear.

For each time step, the PF approximates a probability density of p(x,|x,) by

constructing by a set of random samples with their associated weights as

N
P(Xnlyn) ~ Z wh §(x, — X)) (2.17)
i=1
and
o P(XL[Y)
Wy, X —e 2.18
oK, Y. 219

where 0 is the Dirac delta function, NV is the number of particles used in the approx-
imation, and the quantity ¢(X%|Y,,) is the importance density. The accuracy of the
filter, i.e., the performance of the approximated distribution to the true continuous
density increases as the increasing of N [8,29]. In other words, SN | w? d(x, —x) —
P(X,|yn) as N — oo. Since we assume that our process follows the first order Markov
process, the results from the previous time step n — 1 and the importance density can
be chosen that the minimization of the IS errors is achieved, we therefore obtain the
importance weight for each particle as (for full derivation details, please consult [29])

7

wy, = p(YnlX;,)w, 1. (2.19)
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The degradation of the sequential IS (SIS) performance stems from the problem
that the variance of the importance weights always increases monotonically over time.
After running a filtering process for a few iterations, only few particles tend to occupy
high weights but the rest of particles holds the weights that are close to zero. In some
extreme cases, just only one particle is a survival and it holds a unit weight. This
means that the diversity of the particle distribution is not achieved and results in a
failure of the posterior probability distribution representation using this framework.
This problem is called degeneracy. There are improvement algorithms proposed to
overcome degeneracy problem, the wildly use method is called resampling scheme.
The trick is to eliminate small importance weight particles and, on the other hand,
those of the large weights are regenerated. The amount of regeneration depends on
the importance weights of the parent particles. We call the process that combines SIS
and resampling as sequential importance resampling (SIR). The resampling process is
typically performed when the effective number of particles N¢// falls below a threshold

as discussed in [12,18]. The effective number of particles is determined as

1

N = ———
Zz]'\]:l(w:z)z

(2.20)

Even that the resampling reduces the effects of degeneracy, two new problems
occurs [29]. First, resampling step introduces the limitation of the ability to parallelize
the SIS algorithm because all weights have to be summed during normalization.
Second, the assumption of statistical independence is no longer valid after resampling.
A problem that may arise after resampling is the loss of particle diversity due to all of
the particles are identical breaking down to a noninformative distribution. Therefore,
convergence issues are generated along the process if resampling takes serious loss of

particle diversity. This is well-known as sample impoverishment which is commonly
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exhibited in PF applications. Recently, there are some developments of PFs [13,21,29]

that have been designed to resolve these problems.

2.4.4 Classical Likelihood Formulation

This section offers a consideration of likelihood formulation which is the core of the
PF since the likelihood for each particle is used to form a posterior PDF of the modal
frequency of the signal. We provide the likelihood formulation here in this section just
for from the classical approach used in literature and some modifications according to
our problem. Note that this functions are not accurate as discussed in the previous

section, the correct likelihood formulation will be discussed in the next chapter.

2.4.4.1 Treating model as known amplitude
The length of yy is the range of frequencies of interest. The likelihood for the unknown

frequencies evaluated for a particle given the Gaussian noise assumption is:
M
1

p(yrlxi) o el’p{—@HYk = arglsine(f — i) P[P} (2:21)

=1

2.4.4.2 Multiple Model Particle Filter

The estimation problem for the multiple model scenario needs careful consideration.
In a noisy environment, the PF favors the model with the highest order because there
is an inherent bias towards large dimensionality. Let’s consider the situation where
we have a time-series with one modal frequency with an amplitude of one. There
are infinite ways to generate combinations of multiple modes with the exact same
modal frequencies and different amplitudes in such a way that their sum is the true
mode. To compensate for this, a penalizing factor is added to the original likelihood
for remedying the typical preference of high-order models. This penalty factor comes

from the prior density on the order. In this work we select uniform priors:

15



plag;) =1 (2.22)

1

p(agj) = 17 (2.23)

where L is the length of the Fourier transform that supports the frequency space.

The likelihood function in this case is given by

1
pyilxe) o LTke:vp{—%zHyk Zam since(f — xi;)]°[’}. (2.24)

The penalizing term L%c impacts the value of the likelihood. For small values
of 7, this term has a value associated with a higher probability than that for larger

values of r(k).

2.4.4.3 Treating noise variance as an unknown parameter
The observation equation and the structure of the measurement noise are the same
as discussed in the previous subsections except that the noise variance is now added
to the state vector. The likelihood function in this case is given by:

1 1 - 4
P(Yrlxk, ak, i) o (F)L/QUK p{— ||.Yk > arglsine(f — )P} (2.25)
k j=1

The following non-informative prior for the variance of the additive white Gaussian

noise is employed [1,7]:
1
plo?) o — (2.26)

02

By including the above prior density, the joint posterior density of the unknown

parameters given the observed data is:

1 1 1 -
2 - - s -
P(Xk; ax, T, 0% [yr) o o2 (210?12 T © eap{— % 2||Yk ; 1 ag;[sinc(f — zi;))?|*}-

(2.27)
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CHAPTER 3

THE PROPOSED METHOD

3.1 Probability distribution of a noisy time-series

Consider a noisy signal x[n] of length N, which is composed of a deterministic part
s[n] and noise part g[n], i.e., z[n] = s[n] + g[n], where g[n] is assumed to be zero
mean white Gaussian noise with variance 0. From the assumption, the distribution

of each sample z[n] is

z[n] ~ N(g[n], C) (3.1)

where N (a,b) is the normal distribution with mean a and variance b, and here C is
the autocorrelation function.
The spectrogram S, (I, k) at time [ and frequency k of signal z[n| obtained from

STFT is calculated from the squared modulus of the STFT as

Sp(l k) = X (1, k)2 + Xim(1, k)2, (3.2)

X, (I, k) and X;, (I, k) are real and imaginary parts of the STFT and they are com-

puted by

X,(Lk) =Y w(n —Da(n) cos(—QWk%), (3.3)
and N

Xim(l k) =" w(n — )a(n) sin(—QWk%), (3.4)

where w(n) is the analysis window with length N.
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From the assumption of the signal model, the signal in the time-domain x[n] is
distributed according to Eq. (3.1). Following the property of the normal distribution
that a linear combination of the Gaussian distributions is also Gaussian distributed.
Since both X, (I,k) and X, (l,k) are linear combinations of N Gaussian random
variables with coefficients w(n —1) cos(—27k%) and w(n —1) sin(—27k %), respectively,
therefore, these two quantities are Gaussian random variables as well. It can be shown
that the variance of both real and imaginary parts of STFT is ¢2/2, the half of the
noise variance of noise part in the time-domain [15].

According to Eq. (3.2), the spectrogram S,(n, k) is the sum of two squared
Gaussian random variables. It can be shown that S, (n, k) follows the x? distribution
with two degrees of freedom. The degrees of freedom of a y? distribution depends
on number of elements in the combination; here we have real and imaginary parts,

squared and added together to generate the spectrogram as previously described.

In general, let us now consider a random variable X; ~ N(0,0%),i =1, ...,2, ...

X is the sum of the squares of X;. Let X = Zf\il X2, and it is distributed as a x?

77

variable. This distribution can be characterized by three parameters, a x? PDF of a

random variable X can be given as:

3

1 T az2
= (= —(z+c)/2b
fXWJLC(X)_ Qb<c> e Ianz( b ), (3.5)

where I,,(.) stands for the n-order modified Bessel function of the first kind. The
parameters a, b and ¢ are the degrees of freedom, coefficient of proportionality, and
non-centrality parameter, respectively. Theses parameters will be defined according
to our problem which will be discussed later

In this chapter, we describe the proposed statistical model and the adaptive
resmpling technique used in this project. The likelihood estimation is based on the

stochastic property of the signal which will be explained later. Next, the adaptive
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resampling to enhance the quality of the estimates from the PF will be discussed

subsequently.

3.2 Adaptive Resampling

Even with the resampling step reducing the effects of degeneracy, new problems still
occurs [29]. First, resampling step introduces the limitation of the ability to parallelize
the SIS algorithm because all weights have to be summed during normalization.
Second, the assumption of statistical independence is no longer valid after resampling.
Therefore, convergence issues are generated along the process if resampling takes
a serious loss of particle validity. For some cases, a problem that may arise after
resampling is the loss of particle diversity due to all of the particles being identical as
a result from a replication of those particles with high importance weights, breaking
down to a noninformative distribution. This is well-known as sample impoverishment
which is commonly exhibited when the noise level in the observed data is low.
Recently, there are some developments of PFs [9,13,21,29] that have been designed
to resolve these problems.

In this work we incorporated the adaptive resampling scheme for eliminating the
loss of particle diversity problem. This is one of the main concerns of the conventional
SIR problems. The scheme was introduced in a seismic event tracking application [14]
and it was successfully applied to the PF for frequency estimation using a time-varying
autoregressive model [3]. New particles for the next state are constructed based on the
weights of their parent particles. Number of the offspring particles, m} = (N w,ﬂ +M,
is calculated and then the process generates the offspring particles from their parents
N (zt,N\i). M is an integer chosen empirically. Note that ’_o-‘ creates the roundup
to the nearest integer. Amount of new particles also depends on the weights of their
parents and the quantity A%, called fission factor, that is used to control the offsprings

construction. The fission factor of the ith particle can be computed by [14]
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M)]_l (3.6)
max wj — Wy ’ '

Ny = [1 + e:cp(

where Wy, represents the mean of the weights at time step k. Then we create new

particles based on the parent particles and the corresponding fission factor as
), ~ N (@), \p), (3.7)

where xfc and i are the offspring the parent particles, respectively.

Eq. (3.6) works as follows: if a parent particle occupies low weight, the higher
fission degree is obtained, dictating the process to create higher quality particles. On
the other hand, if the parent particle has high weight, the lower fission degree acts
as a protector to conserve the high quality parent particle. In summary, the adaptive
resampling process creates a new better set of particles based on the importance
weights of their parent particles, and then propagates this new set into the next time

step.

3.3 Particle filtering implementation

In this work, the dimension of the state is unknown, therefore we need to estimate
number of frequencies present at each time step, resulting in the requirement of
additional state variable. The transition probability matrix is used to dictate the
probabilities of order changes; that is, frequency trajectories may leave or enter at
each step [19] . If at time step n — 1, the signal is composed of m,,_; modes (number
of central frequencies). Then it becomes m,, in the next time step n with probability
p(my, = jlmu—1 = i) = m;. It should be noted that the constraint Zj mi; = 1 must

be satisfied.

20



According to Eq. (2.5), we obtain the measurement equation that relates the

observation data y, and frequency particles z,; for the STFT method as follows:

mn

Yn = Z anjsinc(f — xn)])* + Wi (3.8)

j=1

Note that y, is the FT of the acoustic time series: our approach relies on modeling
the signal in the frequency domain at consecutive time slices.

Although we desire to estimate the frequencies of the signal, constructing the
likelihood of the observation data requires a construction of replica of the signal. We,
therefore not only estimate the frequency, but also need to estimate its corresponding
amplitude as well. Since the amplitudes a,, are unknown, we create a new state vector
containing these unknown quantities and treat it similarly to the unknown frequencies
Zn;. Moreover, we also estimate the noise variance since we normally treat it to be

an unknown parameter. To summarize, the state transition equations are given by:

f, =11 +vi,1, (3.9)

a, =a, 1+ Van—1, (310)
and

On =00 1+ Van 1 (3.11)

Therefore, frequency particle and amplitude particle can be sampled from the follow-
ing densities:

£~ N(F 02 ), (3.12)

n—1Yv1,n

aﬁz ~ N(aizflv Ugg,n)a (313>
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and the measurement noise variance particle can be drawn from the density:

2, 2,i 2
Uw,n ~ N(gw,n—l’ gvg,n)? (314)
where o7, and o7, ,, are the frequency and amplitude state perturbation variances,
hile 2 , is the vari f the stat turbation of t noi i
while ¢, , is the variance of the state perturbation of measurement noise variance.

After sampling is employed, the likelihood can be computed via the measurement
equation.

The implementation of the method for frequency estimation using particle fil-
tering is from what was developed and presented in previous section. The y? behavior
of the data implies a likelihood function that will be used for weight/probablity
calculation for individual particle. The x? behavior of the FT shaping the form of
the likelihood is explained as follows. According to Eq. (3.5), the real and imaginary
parts of the FFT are normally distributed with non-zero 'means’. These 'means’ are
the corresponding FT's of the signal. Follow the statistical independent property, the
sum of the squares of the real and imaginary parts follows non-central x? distribution
with two degrees of freedom. The sum of the squares of the means of the real and
imaginary parts is the non-central parameter.

The above analysis is just for a single point in the frequency domain. For the
complete length of the Fourier transform for a slice of the spectrogram, the non-central
parameter is a vector of length L, which is actually the replica of the squared spectrum
of the signal. The x? parameters are as follows: the noncentral parameter is the replica
of the signal in our problem and the number of degrees of freedom is two as discussed
earlier. The coefficient of proportionality is based on the fact that both real and
imaginary parts of the STFT are Gaussian random variables with common variance
0?/2 [16]. Therefore, the coefficient of proportionality is 02/2 . Let x,, is a state
vector containing f,,, a,, and m,, from the discussion in Section II, the likelihood

function can be given by:
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(-—(Yh‘+'§:231anﬂ5i”0(f-—'$njﬂ2)>

2
Uw,n

[\/< Vs Z;nz”l anjlsine(f — xnj))? >]
I .

1
Z(Yn|Xn> & Wexp

(3.15)

Tt 2

where < o, @ > stands for a dot product operator. Please be noted that the term L%n
is a prior density acting as penalizing term that impacts the value of the likelihood.
For small values of m,, this term has a value associated with a higher probability
than that for larger values of m,,.

We can merge all the steps from SIS and resamping step to construct the SIR

algorithm which is the essential of particle filtering approach used in this work. The

SIR algorithm is outlined as follows.

e Initialization Since the PDF's of parameters at n = 0 are not known. Therefore,
to construct the joint PDF of all unknown parameters, the prior densities for
the parameters to be estimated need to be initialized at the beginning of the
filtering process. The initial particles are sampled from these prior PDFs.
Statistical properties of the priors depend on the knowledge about the data
and state variables. In this work, prior densities are drawn from the uniform
distributions depending on the entire support space for each parameter. Using
Bayes theorem, the likelihood must be multiplied by the priors of all unknown

parameters in order to create the joint PDF of the parameters.

e Prediction This stage starts with a set of equal weight particles from the
previous time. The frequency, amplitude, and measurement noise variance
particles from the precedent step are propagated via normal densities prescribed

by the transition densities of Eqs. (3.12)- (3.14), respectively.

e Updating As previously described that the SIS is utilized to the PF at the

prediction step and it needs a transition prior as its importance sampling

23



density. Now, the updating process starts with a set of equal weight particles,
w!_, = 1/N. From the measurement equation and the noise in the data
acquisition process, the weight of each particle is computed using the data

(spectrogram slice) just arrived.

e Resample This stage is introduced to remedy the sampling degeneracy. A new
set of particle {x/,w) =1/N }fil are sampled from an approximated density
p(x,]Y,) computed at the updating stage. Resampling creates new particles
according to the weights of their parent particles w!, generating more particles
where the parents have high weights. After resampling, all particles occupy the

same weight.

To decide what frequency is the one that we are seeking for, we select the most
frequent value as a point estimates of elements of frequency state vector, namely, for

a frequency state vector f},, of a modal frequency j at time n is computed as

~

fin=MAP(fijn), J=1,2, ..., my,. (3.16)

where M AP,(f;jn) represents the mode most frequent value of f;;, for mode j at time

step n among all particle .
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CHAPTER 4

SIMULATION RESULTS

In previous discussions, we described the fundamentals of Bayesian filtering for fre-
quency estimation and the proposed model and also an adaptive resampling scheme to
enhance the quality of the estimates from the PF. This chapter delivers the simulation

results from the filters comprehensively.

4.1 Tracking Results from PF with adaptive resampling

4.1.1 Modal Identification
To test the performance of the AR-PF, we employed the SIR-PF and AR-PF to
the data generated for a realistic underwater medium. Fig. 4.1 displays a noise-
free spectrogram of an ocean acoustics signal calculated from a length of the time-
segment 180 via a short-time Fourier transform with hamming window. A slice of
the spectrogram at time 200 ms is shown in Fig. 4.2. We can see that there are a
few modes that appear at this time slice. It should be noted that we can have up
to six modes but the possibility for this scenario is very low. To justify the number
of modes, the filter allows itself to track model order and the decision is based on
the weights of particles. We assume that the signal contains at least one modal
component and may not exceed six modes. Particle filter initialization is constructed
with a uniform prior for the searching frequency interval of 200-600 Hz, therefore
we initiated the frequency particles with x ~ ¢[200, 600], where x ~ U[a,b] is the
uniform distribution PDF with parameters a and b. Also, the noise variance particles
are initiated according to work reported in [6].

Next we show the modal estimates from the SIR-PF and AR-PF where the

signal is clean, as seen in Fig. 4.3. The number or particles used in this experiment
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Figure 4.1 Spectrogram of an ocean acoustics signal.
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Figure 4.2 A slice of the spectrogram at time 200 ms.

was 500 for both filters. The results shown in Fig. 4.3 are the estimated spectrums as

obtained by SIR-PF that is shown with red colour, and by AR-PR as displayed with
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green colour. The modal frequencies (spectral peaks) are calculated from the highest
posterior probability, i.e., the modal frequencies are identified via the mazimum a
posterior (MAP) estimator, i.e., the most frequent value of the tracking parameter is
chosen. From the results, the estimated spectrums from both filters coincide nicely
with the squared F'T magnitude of the acoustic data. This is not surprising that the
SIR-PF can capture almost all of the useful information embedded in the data since

the noise level is extremely small. For this case AR-PF may not be necessary.
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Figure 4.3 A slice of the spectrogram at time 200 ms (solid line) with the
modal spectrum constructed using the MAP estimates for the SIR-PF and AR-PF
superimposed.

We further illustrate the tracking results when the noise level becomes higher.
Noise is assumed to contaminate the signal in the frequency domain and we added
the same amount for all time slices. Since the spectrogram becomes weaker as time
progresses, a single signal-to-noise ratio (SNR) cannot be defined but is decreasing as

time evolves.
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We demonstrated, with number of particles of 1000 for both filters, in Fig. 4.4
that the performance of the AR-PF becomes superior than the SIR-PF when the noise
level is increased. The SIR-PF can estimate the modal frequencies in the spectrogram
only with those modes that occupy high amplitudes. For the frequencies with low
amplitudes, SIR-PF fails to do so but the AR-PF. A zoomed in version of Fig. 4.4
is provided to demonstrates the AR-PF. This evidence is presented in Fig. 4.5 which
obviously presents that a modal frequency of 458 Hz can be captured by the AR-PF
while the SIR-PF cannot track it. The AR-PF, therefore, exhibits an excellent match

between the estimated spectrum and the observed noisy data.
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Figure 4.4 A slice of the spectrogram at time 250 ms (solid line) with the
modal spectrum constructed using the MAP estimates for the SIR-PF and AR-PF
superimposed.

Finally, we demonstrated the robustness of the AR-PF where the acoustic signal
was contaminated by a high level of noise, i.e., the SNR is low. Again, the number
of particles used for this test was 5000. The illustrating example of the modal

identification at time slide 250 ms is shown in Fig. 4.6. In Fig. 4.6(a), we show the
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Figure 4.5 Ilustration of the ability of AR-PF to capture a mode with modal
frequency of 458 Hz.

original signal and its noisy realization, while the estimates from SIR-PF and AR-PF,
and plot of original signal are presented in 4.6(b). The estimates from SIR-PF are
displayed using red colour, the estimates from AR-PF are indicated by the green
colour, and the black line is the original signal. The estimated spectrum as obtained
from the AR-PF clearly outperforms that from the SIR-PF. For this case, we obviously
observed that the SIR-PF loses its capability to track the modal frequencies effectively
since most peaks of the estimates from the SIR-PF do not match with those of the
original ones. On the other hand, peaks and modal amplitudes are almost similar
to the original signal, therefore, AR-PF offers an estimated spectrum that is closed
to the original signal. Another observation is that the SIR-PF also misses a modal

frequency at 455 Hz, but not with the AR-PF. This demonstration is to emphasize
the robustness capability of the AR-PF.
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Figure 4.6 Original and estimated spectrums at time 250 ms from AR-PF and
SIR-PF for low SNR: (a) original signal (black) and its noisy realization (blue); (b)
original signal (black), estimated spectrum as obtained by the SIR-PF (red), and
estimated spectrum as obtained by the AR-PF (green).

4.1.2 Dispersion Tracking
We now perform the full sequential Bayesian filtering framework to obtain dispersion
curves of the ocean acoustics signal. According to the acoustic model of the propa-
gated signal under the dispersive media discussed in Section 3, we utilized the particle
filtering along with the adaptive resampling scheme to extract the modal frequencies
of the acoustic signal. These frequencies form the dispersion characteristic of the
ocean acoustics property via the dispersion curves that were obtained from the PF.
We showed in Fig. 4.7 the spectrogram of the noisy ocean acoustics signal. It
should be noted that the signal is weaker as time increases, therefore the SNR cannot
be defined as a single SNR for the whole signal but it is decreasing as time evolves. We
set the number of particles for this experiment to 2000 for both filters. The tracking
results from the SIR-PF and AR-PF are shown in Figs. 4.8-4.9. For the first 350 ms,

the tracks from the SIR-PF and AR-PF are not significantly different. However, the
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tracks from AR-PF are better than those from the SIR-PF as clearly seen from the
present of more uncertainty in the tracks from SIR-PF, meaning that the ability to
handle the noise of the SIR-PF is inferior to that of the AR-PF. Moreover, at time
450-475 ms, we observed that the estimates from AR-PF do not deliver ambiguity
but SIR-PF, as seen at the top most tracks.

To get a better justification of the performance of the filters, we compute the

RMS error (RMSE) defined by the L, norm averaged over K spectrogram slides:

K
1 A~
RMSE = | == ;1: £, — ] |2 (4.1)

where fk is the vector of true values of the normalized frequencies and f % 1s the vector
containing the normalized frequency estimates at time step k. The RMSE values
from both filters are shown in Table 4.1. Please be noted that the SNR for each case
is the average SNR over all slices since the SNR for each slice varies with time as
mentioned earlier. From the Table, for any SNR levels, the AR-PF provides lower
RMSEs than the SIR-PF. Moreover, the quality of the estimation by the AR-PF is
much better when the SNR levels become lower as seen from much higher RMSEs for

the SIR-PF compared to RMSEs for AR-PF.

Table 4.1 Prediction performance of PF via RMSE with different SNR levels.

Average SNR (dB) RMSE(S[R_]JF) RMSE(AR_PF)

3 0.2122 0.1565
-3 0.2982 0.1855
-7 0.3653 0.2321
-10 0.4592 0.2959
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Figure 4.8 Frequency tracks of a noisy ocean acoustics signal as estimated by the

SIR-PF.

Next,

we present the robustness of the proposed filter by considering two dif-

ferent SNRs, the SNRs vs time for the two noise levels are displayed in Fig. 4.10.
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Figure 4.9 Frequency tracks of a noisy ocean acoustics signal as estimated by the
AR-PF.
For the SNR level of Fig. 4.10(a), in Fig. 4.11 we demonstrated how the proposed
filter is robust to the noise. It can be obviously seen that the quality of the frequency
estimates from the AR-PF is much better than those from the SIR-PF, resulting in
an excellent tracking as the dispersion curves can be followed nicer by using AR-PF.
We observed from the tracks from the SIR-PF that the appearance of noisy tracks
is more obvious as the decreasing of the SNR. More evidence to show the robustness
of the proposed filter is also revealed in the tracks from AR-PF shown in Fig. 4.12,
where the noise level for this test is given in Fig. 4.10(b). The frequency estimates
that were obtained from the AR-PF is superior to those obtained from the SIR-PF,
the tracks after 250 ms from the AR-PF is much better since more modes can be
tracked very well while the SIR-PF losses its capability to do so.

We showed in Fig. 4.13(a) the frequency estimates from the SIR-PF, while
in Fig. 4.13(b) the frequency estimates from the AR-PF, the average SNR level

in this case was -7 dB. The quality of the frequency trajectories from AR-PF is
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Figure 4.10 The SNR of a noisy ocean acoustics signal for two different noise levels
as a function of time.
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Figure 4.11 Frequency tracks of a noisy ocean acoustics signal with SNR of Fig.
4.10(a) as estimated by: (a) SIR-PF and (b) AR-PF.
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Figure 4.12 Frequency tracks of a noisy ocean acoustics signal with SNR of Fig.
4.10(b) as estimated by: (a) SIR-PF and (b) AR-PF.

maintained better than the ones obtained from the SIR-PF, especially when the
signal becomes weaker, i.e. for noisier situations. Therefore the AR-PF offers a
better estimated dispersion curves than the SIR-PF. To investigate the capability in
capturing the modal frequencies PDF's of the ocean acoustics signal of both filters,
Fig. 4.14 demonstrates the frequency PDFs at time 200 ms obtained from the filters.
At time 200 ms, the signal contains 3 modes: the true values of modal frequencies are
358, 389, and 396 Hz. It is obviously seen that the AR-PF delivers high likelihood
regions to the true values and it can detect all modes, but the SIR-PF can detect only
two modes. Moreover, the AR-PF provides lower uncertainty in frequency estimation,

resulting in a better tracking performance.
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Figure 4.13 Tracking for two filters: (a) SIR-PF and (b) AR-PF. The numbers of
particles was 10,000.
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Figure 4.14 The frequency probability density functions for the signal at time 200
ms. (a) The frequency PDFs as obtained by SIR-PF and (b) the frequency PDF's as
obtained by AR-PF.
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4.2 Tracking results using a realistic probability density function of the

spectrogram

In this work, a frequency content between 200-600 Hz generated from a source is
propagating in the ocean and is observed at a hydrophone. The signal was generated
according to the environment that is similar to that of the Gulf of Mexico experiment
23], the sampling rate was 2000 Hz. The ocean acoustics time-series is shown in Fig.
4.15. The spectrogram of the signal as obtained from the STFT is displayed in Fig.
4.16.

As seen in Fig. 4.16 that the pattern of the dispersion curves of the signal
is obviously seen after 0.3 s, therefore, we process the signal after this time. In
addition, our tracking process assumption is that we are tracking the separated modal
frequencies of the signal, the mentioned starting time is reasonable in this case since
the pattern shows that the modes are quite well separated after this time segment.
For this simulation result, the signal in Fig. 4.16 is used for the tracking process but
the white Gaussian noise was added to the acoustic time-series before the STFT and
spectrogram calculation. The MAP frequency trajectory estimates obtained for the
PDF's as provided by the PF are illustrated in Fig. 4.17 with black dots and they are
superimposed on a segment of the spectrogram.

To illustrate the validity of the model and the performance of the filter, we
show in Fig. 4.18 the spectrogram slice of the signal at a particular time using a
solid line; and displayed using red stars, a MAP replica of the signal obtained from
the filter. We can see that the squared STFT magnitude are coinciding with MAP
replica spectrum; this shows how the mathematical and statistical models made in
this work are successfully combined to estimate the frequency of the ocean acoustics
signal.

We further investigate the robustness of the proposed model to noise by adding

higher level of noise into the original signal. It should be noted that, in our work,
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Figure 4.15 The synthetic ocean acoustics time-series.
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Figure 4.16 The spectrogram of synthetic ocean acoustics time-series.
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Figure 4.17 A segment of the spectrogram of synthetic ocean acoustics time-series
to be processed.
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Figure 4.18 A spectrogram slice of the synthetic ocean acoustics time-series at a
particular time (solid line) and the replica spectrum constructed using the results
from the PF superimposed (red stars).
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Figure 4.19 Two noisy realization spectrograms of the synthetic ocean acoustics
time-series for two different noise levels.
we cannot define a single signal to noise ratio (SNR) value since the signal becomes
weaker as time progresses due to the attenuation of signal with time. Two noisy
realizations for different SNR levels are shown in Fig. 4.19, where the signal in later
case was contaminated by a higher noise level as we can see from Fig. 4.19(b) that the
spectrogram is noisier, resulting in more uncertainty in the dispersive pattern. The
frequency estimates as obtained by the PF are shown in Figs 4.20-4.21. The quality of
the tracking results from the filter for both cases are quite similar even the noise level
in the measured signal is higher. This could be an evidence of the noise robustness
of the filter which is a result of the proposed accurate statistical characteristic of the
TF representation of the signal.

We provide a tracking result from a severe case where the signal is corrupted by
extreme amount of noise, the spectrogram is shown in Fig. 4.22. The MAP frequency
trajectory estimates obtained from the PF are revealed in Fig. 4.23. Although some

modes are missing in the tracking results, the frequency estimates are fairly satisfied,
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Figure 4.20 Tracking results as provided by the PF; the average SNR is 19.3 dB.
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Figure 4.21 Tracking results as provided by the PF; the average SNR is 14.6 dB.
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Figure 4.22 Spectrogram of extreme noisy ocean acoustics time-series; the average
SNR is 5 dB.

and the estimated dispersion is adequate for further processing since a few modes are
nicely traced by the filter and these are sufficient for the inversion for sediment sound
speed profile and other geoacoustics properties [24,25].

Root Mean Squared Error (RMSE) results from the PF implementation are
shown in Fig. 4.24, with stars, diamonds and circles indicating the RMS errors for
the average SNRs 15, 10, and 5 dB, respectively. To compare the performance of
the filter, we perform conventional Maximum a Posteriori (MAP) estimation which
is equivalent to the Maximum Likelihood (ML) estimation since uniform priors are
chosen in our work. It is not surprising that for a small number of particles, the
proposed method delivers high RMSE than that of the MAP estimation. This is
because of a limited number of particles in the processor cannot capture a stochastic
behavior of the signal. However, the errors for all cases significantly decrease as

the increase of the number of particles. More importantly, the PF errors become
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Figure 4.23 Frequency tracks as estimated by the PF for the extreme noisy ocean
acoustics time-series; the average SNR is 5 dB.

dramatically lower than the corresponding conventional MAP errors, illustrating the

superiority of the proposed method to the MAP estimation.
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CHAPTER 5

CONCLUSIONS

5.1 Conclusions

In this work, we developed an approach for sequentially estimating modal frequencies,
amplitudes, number of modes, and noise variance. The main goal was the identifica-
tion of a dispersion pattern of a signal propagating in the ocean. Our technique is a
Monte Carlo method for drawing inferences from state-space models, where the state
of a system evolves with time or space and information about the state is obtained
via noisy observations made at each time step.

A standard approach for frequency estimation was based on the assumption
that the additive white Gaussian noise was assumed to corrupt the original signal
in the frequency domain, which was not accurate. The signal for our FT domain
does not fall in Gaussian error. Therefore, we have to fix this inaccurate setting.
Consequently, the main contribution of this work was the stochastic characterization
derivation of the ocean acoustics time-series. We have derived that the probability
density function of the spectrogram can be written as a form of the noncentral y?
distribution with two degrees of freedom. We then implemented a PF based on the
accurate model to track the modal frequencies and dispersion curves of the ocean
acoustics signal, the tracking results outperforms the conventional method.

An extra implementation that we have done in this project is devoted to the
improvement on the resampling step, a step that plays a crucial role in PF, by using
the so called adaptive resampling method. The adaptive resampling utilized in this
project creates a new effective set of particles for constructing a posterior PDF of the

tracking parameters including modal frequency, its corresponding amplitude, number
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of modes, and noise variance. The method delivers better tracking results evaluated
via RMSE, as reported in the previous chapter.

In summary, this project have created two new analysis and implementations
of the particle filter to accurately estimate the modal frequencies and dispersion
curves of the ocean acoustics time-series. By using the RMSE metric to evaluate
the performance of the proposed methods, our work has shown its superiority to the

conventional MAP estimator significantly.

5.2 Future Work

There are several aspects of this work that will be addressed and improved by
developing more sophisticated algorithms.

We expect that modal frequency estimation will become more accurate after
the implementation of a smoothing scheme. Specifically, once our filter, which is
a “forward” process moving from one time instant to the next, estimates tracks, a
smoother will be employed to refine the estimates of the frequency PDFs and, thus,
the MAP inference on the modal frequencies.

We will also look for the new transform techniques that can reduce the effect
of the low resolution problem of the STFT approach, TVAR model may be a good

choice to start with.
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ABSTRACT Advanced time series models have been intensively developed and used to predict in financial
data such as foreign exchange data (forex). In this paper, we implement the random compression method
to reduce a large dimensional forex data into much smaller matrix form. Then, Bayesian inferences on
vector autoregression are used to obtain all interesting parameters. Subsequently, the models are able to
perform out-of-sample prediction up to 14 days ahead of forecast. For empirical works, 30 forex pairs are
used in this paper. The results show that Bayesian compressed vector autoregression (BCVAR) and time-
varying BCVAR (TVP-BCVAR) deliver excellent forecasting on AUD-JPY, CAD-CHF, CAD-JPY, EUR-
DKK, EUR-MXN, and EUR-TRY forex datasets according to mean square forecasting error, outperforming

the traditional benchmark Bayesian Autoregression.

INDEX TERMS Bayesian methods, compression algorithms, finance, autoregressive processes, forecasting,
Bayesian model averaging, dymamic model averaging, Kalman filter.

I. INTRODUCTION

Recently, econometricians have been working intensively
on developing tools for forecasting big economic data with
the concerns of dealing with the financial big data which
is available recently. Vector autoregressions (VARs) method
has been a crucial tool in finance and economics since the
seminal work of Sims [1]. Given a large dimension of data
in forecasting process especially in VARs, computational
burden is always one of the main problems. Specifically,
Bayesian VARs which include the method of Markov Chain
Monte Carlo (MCMC) is almost impossible where the num-
ber of predictors is as a scale of hundreds or thousands.
In literatures, number of works concerning about this issue
reported previously that some works successfully tackled this
kind of problem such as [2]-[4], for examples. The curse
of dimensionality usually arises when the number of avail-
able observations is often less than the number of predic-
tors in VARs equations. This is one of the reasons why we

The associate editor coordinating the review of this manuscript and
approving it for publication was Luis Javier Garcia Villalba.

call the method that is dealing with this kind of problem
as “high dimensional method”. Econometricians typically
work through prior shrinkage on the parameters in order to
avoid such over-parametrization; the Minnesota prior, for
example, is one among the other famous shrinkage meth-
ods. In addition, another approach such as least absolute
shrinkage and selection operator were proposed, see [5].
There are many sources of literatures where researchers work
with compressing the data instead of parameters; see [6].
Recently, Guhaniyogi and Dunson [7] developed the com-
pressing strategy with a Bayesian regression, where the num-
ber of predictors in model equations is randomly compressed
by introducing a special matrix to perform that task.

The advances of computer and computational Bayesian
approach play an important role in solving sophisticated
financial problems via numerical methods by means of Monte
Carlo simulation, allowing the approximated posterior distri-
bution of the underlying parameters is obtained without diffi-
culty [8], [9]. Compression method has been utilized in many
applications including signal processing, compressed sens-
ing, machine learning, and image processing, etc [10], [11].
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The compression is performed with the similar idea to that of
the principal component analysis (PCA). The PCA method
treats the random variable as factor to be the representative
of the variation from large dimensional matrix. It has been
known that the PCA requires computational burden; com-
pression, however, is computationally simpler. From a large
dimensional matrix, we compress it with random algorithm.
In literature, Guhaniyogi and Dunson [7] illustrated an appli-
cation in using compression involving up to 84,363 explana-
tory variables. Among the others see [3] and [12] where
these works adapted dynamic model averaging developed
by Raftery ef al. [13], and implemented it to be applicable
in VAR model for forecasting the macroeconomic and daily
forex, respectively. Moreover, Ji et al. [14] presented the
compression method for signal processing in a Bayesian
compressing fashion.

In this work, we propose a random compression method
to reduce a large dimensional forex data into much smaller
matrix. Then the Bayesian model averaging (BMA) approach
is employed to the weight of each random compressed VAR
for achieving the best prediction model.

The rest of the paper is structured as follows. Section II,
afoundation of Bayesian compressed vector autoregression is
presented. Then Section III describes how the BCVAR is for-
mulated for forecasting. In Section IV, we provide the details
of the extension of the method to the time-varying parameters.
Empirical works including data preparation and forecasting
results are found in Section V. Conclusions are made in
Section VI, and data appendix is provided in Section VII.

Il. BAYESIAN COMPRESSED VECTOR AUTOREGRESSION
For better comprehension, the notations that are used in this
work are provied in details in Table 1.

Consider a general form of VAR model,

Y, =BY, )+ ¢ (D

where Y; is n x T series of dependent variable matrix of T
observations. B is n x n matrix of VAR parameters that we
wish to estimate, Y;_, are predictors which typically are the
lags of dependent variables with p lags selected according to
the problem at hands. Residual, €,, is normally distributed and
it follows the assumption €, ~ N (0, 2).

For the large size VAR model, suppose we want to estimate
100 n variables with p = 1, the dimension of the predictors
Y;—1 would be k x T, where k = n x p + 1 in case of
constant term included and k = n X p in case of no intercept,
and B is extremely large and if we need to estimate up to
10, 000 parameters. In this case, the curse of dimensionality
is unavoidable, see literature for instances [15]-[17]. In addi-
tion, the computation can be cumbersome especially when
working with a Markov Chain Monte Carlo method such as
Gibbs-sampling in Bayesian VAR.

The idea of compressed VAR is that we randomly generate
“the projection matrix” & to compress the predictors in
matrix Y; . Instead of fully estimate VAR model in equation
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TABLE 1. Mathematic symbol notations.

Notations | Descriptions

t Time observation of data

p Number of lag in predictor matrix in VAR

k Number of predictors before random compression

m Number of predictors after random compression

Y: Dependent Variables in VAR

Yip Predictors in VAR

B Parameters in compact form of VAR

€t Residuals in VAR

Q Variance of residual matrix in VAR

P Random projection matrix

B¢ compact VAR parameters after compression

m Number of predictors after random compression

© Unknown parameters for generate random compression matrix
A Lower triangular matrix

Zt Predictor matrix after rearranging reduced-form VAR

(S} Parameters after rearranging reduced-form VAR

P Diagonal matrix contains variance of residuals

@f Compressed VAR parameters of equation ¢

Zy Compressed VAR predictors of equation i

o Compressed VAR residuals variance of equation 7

Vit Disturbance term in state equation of equation ¢

Ait Variance of disturbance term in state equation of equation ¢
of Prior mean of ©F

v, Prior variance of ©¢

e Prior mean of variance of residuals

v, Prior variance of variance of residuals

ag,rt) Posterior mean of @;t of equation ¢ in model

REZ) Posterior variance of ©f ; of equation ¢ in model r

){tl Forgetting factor to determine the degree of variation in parameters

(1), we can rewrite the VAR equation as follow:
Y; = BY(®Y,—1 +€) (2)

where ® is m x k matrix with m <« k, subject to normalization
®P’' = [. We may define )N’t_l = &Y;_ with the dimension
of m x T. We see that the matrix of predictors in VAR is
relatively small for the uncompressed VAR.

As mentioned above that compression method is done by
treating ®;; as random matrix. It is thus necessary to define
the elements in projection matrix. We adopt [18], the method
of drawing ®;; to this work, where it is sampled from the
following distribution:

1 2
Pr(®; = )=,
Pr(®; = 0) = 2(1 - g,

1
Pr(d; = —5) =1 —¢)? 3)

where ¢ and m are also treated as unknown parameters.
Since we have no prior information about those parameters,
we then initialize ®;; in a fully random fashion <I>§.r) where
r = 1,..., R denotes number of generations. Specifically,
we follow [7] where ¢ is drawn from Ula, b], a uniform
distribution, where a and b are set to the constant numbers
of slightly above zero and below than one, respectively.
In addition, Guhaniyogi and Dunson [7] suggest to simulate
number of compression matrix m from U[2log(k), min(T , k)]
distribution. Since we need to find <I>E.r) that performs the
best on forecasting based on the available data, we therefore
apply Bayesian Model Averaging (BMA) to augment weight
for each random CIDE;) by calculating the marginal likelihood
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for each model and average across the various models in
forecasting exercise.

After defining random projection matrix, we are able to
estimate compressed parameters in VAR (B¢) using typi-
cal natural conjugate prior in Bayesian fashion conditional
on CIDEJ.r). The posterior distribution of interested parameters,
marginal likelihood, and predictive density of the compressed
VAR in equation (2) can be obtained, see [19] for details.
Please note that the compressed VAR approach involves
multiplying both sides of the equation (1) by &, thus we
also compress the dependent variables. To finish compress-
ing VAR model, we need to define the estimation of error
covariance matrix as well. Koop et al. [20] suggest to work
with a re-parameterized version of the Bayesian compressed
VAR (BCVAR) which allows compression enters into the
error covariance matrix by the following a triangular decom-
position of €2 as in [21] and [22].

AQA' =T X 4

where A is a lower triangular matrix with ones on the main
diagonal, and ¥ is diagonal matrix with o;(i = 1,...,n)
on its diagonal. We rewrite A = I, + Z, where A is a
lower triangular matrix with zeros on its main diagonal [20].
Rearranging the reduced-form VAR in equation (1), then we
obtain:

Y, = TY,_, +A(-Y,) + ZE
= 0Z + XE; (%)

where Z, = [Y,_,,—Y], T = AB, © = [I',A], and
E, ~ N(O,1I,). Due to the lower triangular structure of
A, each specific VAR equation includes as follow: if i =
1, i.e., the first equation in BCVAR, predictor Z; would
contain (Y;—p, Y py1,..., Y1), if i = 2, ie., the sec-
ond equation in BCVAR, the predictor matrix contains

(Y;Lp’ Yz/—p+1’ ..., Y/, =Y1,), the third equation includes
(Y,’_p, Yt/—p-i-l’ Y =Yg, —Y>,,)".! In this sense, Koop

et al. [20] exploited the estimation and proved that VAR
estimations can be done equation-by-equation at a time.

Given such above manipulation, we can now rewrite the
compressed version VAR as follow:

Yi: = O4(;Z)) + oiEi (6)

wherei=1,...,n.
Now estimating the compressed parameters can be
employed using the MCMC from Bayesian inference.

Ill. FORECASTING USING BAYESIAN COMPRESSED
VECTOR AUTOREGRESSION

For each estimation of posterior draws of @l.c and o;, we fol-
low a standard Bayesian method as discussed in [23] for the
prior distribution so called “‘seemingly unrelated regression
model” (SUR-Model):

cr 2 c 2
Ojloi ~ N©;,07V)) (7
ly, i+ denotes the i-th element of the vector Y;

VOLUME 7, 2019

o7t ~ G(s7 % v,) (8)

The quantities ©f and V; are unknown parameters. How-
ever we set ©f = O and V; = 0.5 x I as suggested by
Koop et al. [20]. The prior cri_z follows Gamma distribution
with mean gi_z and degrees of freedom y;. Once the priors and
Bayesian compressed VAR model specifications have been
defined, the one-step ahead forecasting density is available
in a simple computational effort. Despite that, z—step ahead
predictive densities for 4 > 1 are not available according to
BCVAR specification in equation (6). To compute predictive
densities for & > 1 according to [20], we convert BCVAR
from equation (6) into triangular VAR in equation (5) and now
the interested parameters become:

® = [(©50!",0,), (@50, 0,1,
(r)
e (@6 Y

102, (@507, 01 (9)
where <I>§r) denotes r number of random projection matrices
of equation i-th in BCVAR. After this transformation has been
performed, typical Bayesian VAR inference can be used to
derive h—step ahead predictive densities.

Since we apply up to R random projection matrix, i.e., CDEr),
where r = 1,...,R. Given R models, predictive density
distribution can be obtained using the following specification:

R
exp(—0.5¥,) ")
P(Yin|D') = P19, D),
r; SR exp(—0.5%,)
(10)

where D! is the available information at time ¢, ¥, is BIC, —
BIC,;in. The quantity BIC, is the Bayesian information crite-
ria of model using & and BIC,;, is the minimum value of
BIC across all ®®) models, calculated from k; x In(T)+ T x
ln(%) , and k; denotes number of predictors in i-th equation
in equation (6), T is number of data observations and SSE is
a sum of square error from equation (6).

Finally we only need to specify the parameter of ¢ (ele-
ments in random projection matrix) and m (the number of
predictors after the compression) as from the distribution
in equation (3). In this work, we draw ¢ from the uniform
U[0.1, 0.8] and m is simulated from discrete distribution of
Ul1, 5in(k;)].

IV. COMPRESSED VAR WITH TIME-VARYING
PARAMETERS

Work in [3] adapted the algorithm that is based on Kalman fil-
ter approach to update the parameter to be time-variant. This
algorithm is efficient in computational perspective. Found
in [21], where all VAR equations are estimated jointly by
using MCMC method. Even after compressing VAR model
as in equation (6), the dimensions of VAR is still large and the
computational burden arises. Therefore it is necessary to per-
form the compressed TVP-VAR via computational Bayesian
perspective [3]. The model involves only updating process via
Kalman filter in state-space model which we can rewrite the
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Time-varying compressed VAR (TVP-BCVAR) as follows:

Yii = O (®iZi 1) + 0iEiy, (1D

and

0, = ®£t—l + Vit (12)
where V; ; ~ N(0, A; ;). Instead of estimating full covariance
matrix A;; which can be daunting from the computational
point of view, we avoid this concern by using forgetting
factor. In this sense, the compressed parameters of above
equations follow the random walk.

Below, we briefly describe the Kalman recursions of equa-
tion i-th at a specific time instant. We also refer the reader
to [3] and [24] for further details. Given the information up
to time + — 1, compressed time-varying parameters @C,
time ¢ follow ©f, ~ N(a frt), R(r)) where a( ") and R(r) are
mean and variance of compressed coefflclents of equatlon
i-th estimated with different random projection matrices ngr)
attime ¢. The brief version of Kalman recursion can be written
as follow:

o (r)
Qip =Mty
R =) + A (13)

We replace A as Al(.? = & At”)C(r) | using forgetting
factors A; ;. Re-arranging equation we have:

R =27} ) (14)

i,t—1
The one-step-ahead predictive mean and variance of Y; ; fol-

low a normal distribution with mean fi(:) and variance Qgrt),
where:

O = @02
Q(r) — Z(r)R(r)Z(r)+(T(r) (15)

1,1

here crl-zt = Ki’tUizt_l + (1 - K,;,)E?t. The updated posterior
distribution for ®7 , given the information at time ¢ is written
as:

mgrt) = agr) + A(r)e(r)

it’

") _ p®
Ci,t - Ri,

where Afrt) is the adaptive coefficient matrix, i,e., Ajrt) =

RO @z (r>)
T Re-arranging from equations (13) through (16),

we firli[ally have:

1 — Xj)var(©¢
O, =05+ ( o )\.( l’t_”t_l)ui,t (17
i1,t
In this sense, the compressed parameters matrix ©;, fol-
lows a random walk using forgetting factor approximation to
its error scalar, where subscription i and ¢ imply the time-
varying coefficients of equation i at time ¢. In addition,
var(®;;—1;,—1)° is a variance from prediction equation of
®?,z—1 given information up to time ¢t — 1, and u; , ~ N(0, 1).
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TABLE 2. BCVAR-Mean square forecasting error (MSFE) h=1,...,7.

ForexPairs | h=1 | h=2 | h=3 | h=4 | h=5| h=6 | h=7
AUD-CAD 0.920 | 0.809 | 0.815 | 0.833 | 0.738 | 0.721 0.838

AUD-CHF 1.014 0.987 0.971 0.934 | 0923 0.923 0.923
AUD-JPY 0.122 0.264 0.387 0.498 0.591 0.649 | 0.729
AUD-NZD 1.148 1.243 1.221 1.179 1.080 1.060 1.070
BGN-RON 0.529 0.541 0.492 0.511 0.765 0.956 | 0.970

CAD-CHF 0.521 0.577 0.592 0.546 | 0.520 | 0.524 | 0.554
CAD-JPY 0.045 0.125 0.203 0.284 | 0.365 | 0.436 | 0514
CHF-BGN 0.738 0.721 0.695 0.645 0.623 0.582 | 0.534
CHF-JPY 0.952 0.964 0.873 0.862 0.807 0.740 | 0.748
CHF-RON 0.690 0.693 0.668 0.617 0.624 | 0.647 0.618
CHF-TRY 0.818 1.122 1.118 0.996 1.059 1.051 1.013
EUR-AUD 1.067 1.012 1.007 0.937 0.919 0.935 0.887
EUR-CAD 0.619 0.552 0.587 0.524 | 0.497 0.529 | 0.520
EUR-CHF 0.719 0.678 0.646 0.598 0.577 0.540 | 0.505
EUR-CZK 1.079 1.198 1.117 1.093 1.263 1.508 1.494
EUR-DKK 0.070 0.191 0.320 | 0458 0.614 | 0.766 | 0.895
EUR-GBP 0.723 0.804 0.786 0.772 0.753 0.669 | 0.662

EUR-HKD 1.095 1.115 1.148 1.145 1.116 | 0.893 0.893
EUR-HUF 2.275 2570 | 2.521 2453 2.247 2.208 2274
EUR-ILS 0.759 0.681 0.641 0.653 0.673 0.631 0.595
EUR-JPY 1.014 0.906 0.881 0.865 0.824 | 0.735 0.716

EUR-MXN 0.893 1.067 1.002 1.015 1.130 1.144 1.139
EUR-NOK 0.690 0.879 0.897 0.827 0.801 0.807 0.776
EUR-NZD 1.064 1.128 1.103 1.060 1.019 1.047 1.039
EUR-PLN 1.151 1.444 1.386 1.349 1.334 1.459 1.486
EUR-RON 0.703 0.716 0.663 0.641 0.960 1.203 1.231
EUR-RUB 0.410 0.502 0.485 0.454 | 0407 | 0395 | 0.350
EUR-SEK 1.086 1.466 1.390 1.334 1.400 1.429 1.389
EUR-SGD 1.532 1.448 1.442 1.340 1.303 1.260 1.130
EUR-TRY 0.012 0.046 0.088 | 0.123 | 0.156 | 0.189 | 0.209

Here 02 is considered to have similar properties as Expo-

nentially Welghted Moving Average. E , is the squared pre-
diction error at time ¢ calculated from the i-th equation of
VAR, see [3] for more details. The important parameters that
need to be set are A;; and k; ;, where these parameters control
the degree of time variation in TVP-BCVAR parameters and
also o . Given the use of the forgetting factor, if we set
Ait and ki to 1, the VAR becomes constant parameter with
no stochastic volatility. Koop et al. [20] developed algorithm
that allows these parameter to be varying over time via the
following formulae:

El t—1
Aig =2+ (1 —=2) xexp(=0.5 x —5—), (18)

and
Kis =k + (1 — k) x exp(—0.5 x kurt(E; —30.-1)),  (19)

where 02 _; is the variance estimate of time t — 1 and
kurt(E,, 1—30:+—1) 18 the excess kurtosis of the VAR prediction
error estimated over a month ago (based on our daily data
used, we estimated over 30 observations). A and k are set as
the minimum values of optimal forgetting and decay factors.
In this work, we follow [20] where A and x were set as
0.98 and 0.94, respectively.

V. EMPIRICAL WORKS

A. DATA AND CONFIGURATIONS

We use the BCVAR to forecast daily forex up to 30 pairs.”
All pairs are transformed to be stationary similar to the sug-
gestion from [20]. There forex spans from 7 FEBRUARY

2For forex pair details such as transformation code before running this
algorithm and source can be seen at VI.
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TABLE 3. BCVAR-Mean square forecasting error (MSFE) h =8, ..., 14.

ForexPairs | h=8 | h=9 | h=10 | h=11 | h=12 | h=13 | h=14
AUD-CAD 0.850 | 0.840 0.831 0.792 0.817 0.771 0.843
AUD-CHF 0.925 | 0917 0.700 0.709 0.690 0.692 0.698
AUD-JPY 0.819 | 0.860 0.856 0.844 0.800 0.775 0.796
AUD-NZD 1.074 1.049 1.001 0.989 0.992 0.998 1.001
BGN-RON 0.967 1.011 0.998 0.997 0.997 0.948 0.924
CAD-CHF 0.556 | 0.561 0.464 0.479 0.475 0.504 0.511
CAD-JPY 0.586 | 0.635 0.651 0.651 0.641 0.637 0.643
CHF-BGN 0.538 | 0.502 0.451 0.451 0.463 0.450 0.468
CHF-JPY 0.758 | 0.759 0.721 0.755 0.922 0.888 0.958
CHF-RON 0.623 | 0.612 0.548 0.552 0.561 0.541 0.538
CHF-TRY 1.013 1.010 0.996 1.034 1.070 1.095 1.244
EUR-AUD 0.891 0.881 0.710 0.763 0.753 0.742 0.736
EUR-CAD 0522 | 0514 0.475 0.466 0.471 0.451 0.500
EUR-CHF 0.510 | 0.489 0.443 0.446 0.459 0.448 0.462
EUR-CZK 1.484 1.499 1.421 1.417 1.429 1.397 1.403
EUR-DKK 1.019 1.127 1.181 1.215 1.232 1.219 1.171
EUR-GBP 0.639 | 0.605 0.558 0.554 0.545 0.575 0.556
EUR-HKD 0910 | 0.897 0.874 0.883 0.910 0.824 0.851
EUR-HUF 2440 | 2.440 2.443 2.454 2.265 2.257 2.257

EUR-ILS 0.595 0.584 0.553 0.603 0.663 0.633 0.642
EUR-JPY 0.735 0.736 0.656 0.669 0.773 0.739 0.835
EUR-MXN 1.148 1.106 1.049 0.978 0.955 0.955 0.936

EUR-NOK 0.752 | 0.719 0.658 0.672 0.657 0.651 0.648
EUR-NZD 1.042 | 0.046 1.003 0.976 0.903 0.901 0.899
EUR-PLN 1.453 1.481 1.423 1.446 1.416 1.431 1.437
EUR-RON 1.229 1.268 1.243 1.250 1.256 1.195 1.164
EUR-RUB 0.334 | 0.304 0.269 0.251 0.263 0.278 0.271
EUR-SEK 1.388 1.344 1.202 1.245 1.234 1.205 1.213
EUR-SGD 1.197 1.199 1.139 1.202 1.199 1.087 1.054
EUR-TRY 0.223 | 0.242 0.258 0.279 0.304 0.336 0.384

TABLE 4. TVP-BCVAR-Mean square forecasting error (MSFE) h=1,...,7.

ForexPairs | h=1 | h=2 | h=3 | h=4 | h=5| h=6 | h=7
AUD-CAD 0.902 0.810 0.827 0.843 0.746 | 0.728 0.850
AUD-CHF 0.988 0.969 | 0.961 0.946 | 0.935 0.940 | 0.937
AUD-JPY 0.121 0.276 | 0.425 0.563 0.685 0.769 0.872
AUD-NZD 1.099 1.232 1.189 1.170 1.075 1.060 1.077
BGN-RON 0.545 0.548 0.490 | 0515 0.775 0.968 0.982
CAD-CHF 0.532 0.566 0.585 0.545 0.517 0.527 0.559
CAD-JPY 0.045 0.130 | 0.214 | 0.303 | 0.390 | 0.467 | 0.561
CHF-BGN 0.721 0.713 0.698 0.660 | 0.624 | 0.583 0.535
CHF-JPY 0.962 0.973 0.866 | 0.857 0.806 | 0.741 0.757
CHF-RON 0.672 0.684 | 0.663 0.619 0.614 | 0.639 0.613
CHF-TRY 0.824 1.115 1.091 0.960 1.017 1.010 | 0.993
EUR-AUD 1.056 0.998 0.987 0.928 0.924 | 0.940 | 0.891
EUR-CAD 0.626 0.530 0.561 0.499 0.479 0.512 | 0516
EUR-CHF 0.697 0.670 0.642 | 0.608 0.573 0.538 0.501
EUR-CZK 1.071 1.218 1.121 1.074 1.228 1.480 1.485
EUR-DKK 0.067 0.181 0.304 | 0.436 | 0.589 0.739 0.870
EUR-GBP 0.747 0.829 | 0.797 0.781 0.759 0.690 | 0.677
EUR-HKD 1.126 1.149 1.169 1.153 1.111 0.850 | 0.861
EUR-HUF 2.310 2.563 2482 2.398 2214 2.178 2.264
EUR-ILS 0.812 0.739 | 0.691 0.723 0.696 | 0.622 | 0.599
EUR-JPY 0.989 0.885 0.873 0.862 | 0.821 0.740 | 0.722
EUR-MXN 0918 1.042 | 0.977 0.994 1.126 1.136 1.138
EUR-NOK 0.701 0.881 0.897 0.815 0.791 0.812 | 0.788
EUR-NZD 1.000 1.083 1.070 1.038 1.035 1.063 1.039
EUR-PLN 1.126 1.442 1.386 1.348 1.351 1.473 1.488
EUR-RON 0.725 0.739 0.671 0.649 | 0.974 1.221 1.254
EUR-RUB 0.421 0.510 | 0.492 | 0457 0.425 | 0.420 | 0.370
EUR-SEK 1.050 1.447 1.367 1.274 1.360 1.414 1.390
EUR-SGD 1.532 1.428 1.426 1.318 1.289 1.240 1.121
EUR-TRY 0.009 0.034 | 0.065 | 0.092 | 0.115 | 0.133 | 0.141

2018 through 2 AUGUST 2018. 70 % of all data observations
are trained and the rest 30 % of the data are used for predic-
tive performance evaluation of each model. We also include
the alternative models which are treated to be one of the
best model to handle large size VAR such as Dynamic Fac-
tor Model (DFM), Minnesota Prior Bayesian VAR (BVAR-
Minn), and Bayesian AR (B-AR).

Four lagged dependent variable is selected, i.e., p = 4.
Forecasting horizon is 14 day-ahead. We measure predicting
performance using Mean square forecasting error (MSFE)
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TABLE 5. TVP-BCVAR-Mean square forecasting error (MSFE)
h=8,...,14.

ForexPairs | h=8 | h=9 | h=10 | h=11 | h=12 | h=13 | h=14
AUD-CAD 0.858 0.850 0.835 0.804 0.826 0.787 0.868
AUD-CHF 0.937 0.925 0.701 0.708 0.687 0.692 0.698
AUD-JPY 0.986 1.050 1.062 1.067 1.031 1.002 1.032
AUD-NZD 1.073 1.060 1.014 0.997 1.002 1.020 1.024
BGN-RON 0.979 1.028 1.015 1.019 1.016 0.964 0.940
CAD-CHF 0.560 0.564 0.470 0.482 0.477 0.516 0.528
CAD-JPY 0.648 0.717 0.753 0.768 0.765 0.760 0.764
CHF-BGN 0.543 0.494 0.442 0.444 0.459 0.446 0.467
CHF-JPY 0.765 0.769 0.736 0.767 0.928 0.887 0.957
CHF-RON 0.620 0.601 0.539 0.548 0.564 0.545 0.545
CHF-TRY 0.998 0.999 0.987 1.027 1.054 1.068 1.232
EUR-AUD 0.891 0.889 0.707 0.761 0.755 0.748 0.740
EUR-CAD 0.520 0.513 0.479 0.469 0.471 0.457 0.507
EUR-CHF 0.512 0.477 0.430 0.436 0.455 0.443 0.457
EUR-CZK 1.481 1.492 1.421 1.421 1.442 1.417 1.431
EUR-DKK 0.998 1.111 1.185 1.245 1.274 1.258 1.215
EUR-GBP 0.652 0.614 0.562 0.559 0.553 0.585 0.565
EUR-HKD 0.910 0.915 0.904 0.882 0.889 0.809 0.868
EUR-HUF 2.440 2.438 2.434 2.430 2227 2234 2251
EUR-ILS 0.601 0.595 0.579 0.581 0.607 0.573 0.593
EUR-JPY 0.743 0.740 0.662 0.670 0.770 0.735 0.834
EUR-MXN 1.134 1.105 1.049 0.970 0.940 0.932 0.906
EUR-NOK 0.761 0.746 0.685 0.703 0.688 0.674 0.663
EUR-NZD 1.038 1.046 1.001 0.977 0.912 0.926 0.932
EUR-PLN 1.455 1.480 1.427 1.441 1.407 1.427 1.463
EUR-RON 1.256 1.295 1.264 1.281 1.287 1.220 1.186
EUR-RUB 0.355 0.322 0.276 0.256 0.270 0.285 0.272
EUR-SEK 1.404 | 1a.363 1.214 1.264 1.258 1.214 1.217
EUR-SGD 1.201 1.208 1.162 1.205 1.188 1.089 1.067
EUR-TRY 0.145 0.153 0.163 0.177 0.190 0.204 0.220

TABLE 6. Out-of-sample predictive performance of AUD-xxx forex pairs
relative to Bayesian-AR.

Forex Pairs | Model h=1|h=2|h=3|h=4|h=5|h=6|h=7|h=8|h=9|h=10 | h=11 | h=12 | h=13 | h=14

BCVAR 0§95 | 0921 | 0935 | 0986 | 0984 | 0966 | 0967 | 0965 | 0960 | 0984 | 0998 | 1002 | 1003 | 1019

TVP-BCVAR | 0879 | 0922 | 0949 | 0998 | 0996 | 0975 | 0.981 | 0974 | 0982 | 0990 | 1013 | 1013 | 1024 | 1050

AUD-CAD | BVAR-MINN | 1065 | 0993 | 0958 | 105 | 1027 | 1.001 | 0975 | 0928 | 0938 | 0954 | 098 | 0979 | 0971 | 0994
B

BCVAR 0987 | 0973 | 0967 | 0927 | 0957 | 0961 | 0961 | 0959 | 0988 | 0991 | 0982 | 0994 | 1002 | 0991
TVP-BCVAR | 0961 | 0954 | 0958 | 0038 | 0969 | 0979 | 0976 | 0.971 | 0.997 | 0993 | 0981 | 099 | 1002 | 0991
AUD-CHF | BVAR-MINN | 0987 | 0912 | 0914 | 0810 | 0915 | 0954 | 0955 | 0957 | 1006 | 1018 | 0987 | 1010 | 1034 | 0983

BDEM 1000 | 0943 | 1.001 | 0981 | 0.991 | 1.016 | 0.997 | 0975 | 1009 | 1023 | 0992 | 1009 | 1010 | 0998

BCVAR 0993 | 1.020 | 1.055 | 1091 | 1072 | 1056 | 1050 | 1086 | 1055 | 1074 | 1080 | 1074 | 1085 | LIII
TVP-BCVAR | 0985 | 1065 | LIs8 | 1234 | 1244 | 1252 | 1256 | 1258 | 1289 | 1333 | 1367 | 1384 | 1404 2
AUDJPY | BVAR-MINN | 1223 | 1305 | 1267 | LIsd | 1072 | 1028 | 0986 | 0919 | 0904 | 0876 | 0859 | 0840 | 0864 | 0910

BDFM 3707 | 1950 | 1371 | 1152 | 1021 | 0945 | 0912 | 0860 | 0838 | 0844 | 0852 | 0818 | 0839 | 0877
BCVAR TO35 | 1008 | 1.003 | 1007 | 1029 | 1024 | 1036 | 1.027 | 1014 | 1005 | 1009 | 1007 | 1010 | TOI7
TVP-BCVAR | 0991 | 0999 | 0077 | 0999 | 1025 | 1025 | 1043 | 1026 | 1025 | LoI8 | L0I17 | L0I17 | L032 | L040
AUD-NZD | BVAR-MINN | 123 3

BDEM 0992 | 1012 | 1.002 | 0991 | 0981 | 0978 | 0992 | 0980 | 0975 | 0959 | 0984 | 0993 | 0999 | 1.012

and Mean absolute forecasting error (MAFE) relative to AR
using Bayesian inference. MSFE and MAFE which are below
one suggesting that the proposed model is able to beat B-AR
benchmark.

The mean square forecasting error of 30 pairs of forex
using Bayesian compressed VAR (BCVAR) and Time-
varying Bayesian compressed VAR (TVP-BCVAR) are
shown in Tables 2-3 and Tables 4-5, respectively. For each
table, three lowest Mean Square Forecasting Error are pre-
sented by boldface. From the results, BCVAR gives the best
forecast for EUR-TRY pair in every forecasting exercise i.e.
(h = 1,2,...,14) (one-day-ahead through fourteen-day-
ahead prediction). Other forex pairs that are worth to mention
include CAD-JPY, EUR-DKK and EUR-RUB.

It can be observed that the forecasting errors between
different foreign exchange pairs are very different when refer-
ring to the result, some forex pair such as EUR-HUF has
extremely high MSFE relative to others. The possible reason
behind this is that the information that we use as the predictors
in each equations are four lagged dependent variables and
random compressed of other forex pairs. Therefore higher
MSFE means that those predictive information is not relevant
to changes in EUR-HUF forex pair. It is obvious that BCVAR
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TABLE 7. Out-of-sample predictive performance of CHF-xxx forex pairs
relative to Bayesian-AR.

Forex Pairs | Model h=1|h=2|h=3 h=5 8| h=9|h=10]h h=13| h=14
BCVAR T265 | 1244 | 0982 | 1001 | 0997 T009 | 1008 | 1006 | 1000 | 1006 0997 | 099

BoNRON | TVP-BCVAR | 1303 | 1260 | 0979 | 1009 | 1009 102 | 1020 | 1022 | 1018 | 1028 1013|1013
BVAR-MINN | 1.453 | 1360 | 1069 | 1161 | 1104 1064 | 1068 | 1002 | 1094 | 1082 1045 | 1058

1404 | 1321 | 0892 | 0911 | 0962 0955 | 0961 | 0960 | 0954 | 0959 0959 | 0957

BCVAR TI38 [ 0987 | 1021 | 0942 | 0927 0930 | 0915 | 0944 | 0960 | 0980 TOI7 | 1015

Cap-chE | TVPBCVAR | Li6d | 0968 | 1008 | 0940 | 0923 0928 | 0923 | 0948 | 0971 | 0986 1041 | 1049
BVAR-MINN | 1418 | 1154 | 1188 | 0989 | 0899 0956 | 0929 | 0970 | 1027 | 1036 1083 | 1063

BDFM 0990 | 1123 | 1.003 | 0986 0940 | 0903 | 0963 | 0998 | 0969 1032 | 1042

BCVAR T156 | L130 | L142 | 1130 T1a2 | L132 | L4 | 1102 | LO7T 0983 | 0949

CApapy | TVP-BCVAR 1199 | 1192 | 1215 | 1221 1246 | 1252 | 1268 | 1274 | 120 173 | L7
BVAR-MINN 1432 | 1281 | 1189 | 1123 1049 | 0993 | 0939 | 0839 0610 | 0364

2770 | 2056 | 1.870 | 1737 1520 | 1389 | 1272 | 1184 0970 | 0901

BCVAR 095 | 1078 | 1015 | 0993 0987 | 0.048 | 0058 | 0983 TO2T | 0952

Chpsoy | TVP-BCVAR 1083 | 1078 | 1039 | 0.0993 0988 | 0956 | 0944 | 0963 1011 | 0950
BVAR-MINN | 1817 | 1881 | 1655 | 1423 | 1330 1322 | 1263 | 1250 | 1284 1343 | 1267

1124 | 1183 | 1197 | 1080 | 1071 1115 | 1106 | 1136 | 1234 LI78 | 1169

BCVAR TO39 | 1048 | 1006 | 0954 | 0954 0967 | 0973 | 0973 | 0976 0963 | 0972

Cipapy | TVPBCVAR | 1050 | 1057 | 0997 | 0948 | 0953 0979 | 0981 | 0.987 | 099 0962 | 0970
BVAR-MINN | 1198 | 1107 | 1026 | 0963 | 0950 0971 | 0969 | 1.002 | 0984 0953 | 0966

BDEM 1242 | 1257 | 1162 | 1048 | 0982 0945 | 0947 | 0969 | 0956 0907 | 0946

BCVAR TO64 | 1105 | 1084 | 1.052 | L046 TO68 | 1037 | 1063 | 1095 T129 | 1o#

CHFRON | TVP-BCVAR | 1037 | 1092 | 1076 | 1057 | 1029 1060 | 1033 | 1043 | 1078 1139 | 1058
BVAR-MINN | 1892 | 1882 | 1687 | 1576 | 1.is6 1460 | 1402 | 1421 | 1475 1521 | 1592 | 1425

1029 | 1152 | 1138 | 1077 | 1o 1156 | 1142 | 1168 | 1223 1256 | 1208 | 1iss

TO98 | 1061 | 1056 | 1031 | 1029 TO05 | 1002 | 0995 | 0991 T00T | 1019 | 1016

CHF-TRY 1106 | 1055 | 1031 | 0994 | 0987 0985 | 0988 | 0984 | 0982 0985 | 0993 | 1007
1398 | 1232 | 1211 | 1144 | 107 | 1096 | Lo6s | 1075 | 1018 | 0980 0946 | 0949 | 0983

1378 | 1131 | i34 | naed | 1455 | 178 | 1025 | 107 | 10es | 1065 1003 | 0987 | 099

TABLE 8. Out-of-sample predictive performance of EUR-xxx forex pairs
relative to Bayesian-AR.

Forex Pairs | Model h=1]|n=2 h=5 h=11
BCVAR 057 | 1092 039 033
TVPBCVAR | 1046 | 1078 1045 1030
EUR-AUD | gyAR-MINN | 1250 | 1189 1077 1077
BDFM Liss | L8t 1091
BCVAR iz | T 0967
. TVPBCVAR | 1134 | 1076 1063 0969
EURCAD | gvaRMINN | 1710 | 1825 1328 1030
BDFM 1229 | 1292 1272 0992
BCVAR 052 [ 1079 0552 o8
urccip | TYPBCVAR | Lol | 1066 0986 0964
3 BVARMINN | 1756 | 1823 1355 1278
BDFM 1107 | 1167 1066 1220
BCVAR o053 | 1035 T000 Toi
TVPBCVAR | 1025 | 1062 0980 1048
y
EURCZK | pyARMINN | 1193 | 1114 1041 1089
1005 | 1037 1036 1021
CVAR 012 | 0813 | 069 0699
TVPBCVAR | 0961 | 0771 0670 0716
EURDKK | gyAR-MINN | 1315 | 1282 1221 1043
M 5540 | 2151 0970 0768
BCVAR 0993 | T087 TS 0901
. TVPBCVAR | 1027 | 1120 L4 0999
EUR-GBP | pyARMINN | 1343 | L0 1256 0997
DFM 119 | 1079 1043 Lo11
FCVAR 037 | 1030 T030 s
TVPBCVAR | 1077 | L6l 1026 Lol
EURHKD | pyarMiNN | 1435 | 1387 1166 1020
BDFM 1209 | 1195 1058 1045
TI2r | 108 T050 To07
TVPBCVAR | 1138 | 1085 1035 0997
y
EURHUE | puARMINN | 1254 | 1158 1043 1067
BDFM L1104 | 1079 1091 1019
O | 0965 TOTS TOaT
TVPBCVAR | 1121 | 1047 1049 0993
BURILS | BVAR-MINN | 1178 | 0.992 1085 0902
1 1075 | 1059 1138 1093
1025 [ 0970 0958 0981
. TVPBCVAR | 1001 | 0947 0954 0983
BURIPY. | BvAR-MINN | 1433 | 1230 0943 0944
BDFM 1186 | 1060 0917 0953
BCVAR 083 [ 0822 0902 o)
TVPBCVAR | 0857 | 0803 0899 0844
EURMXN | pvaR-MINN | 0872 | 0820 0958 0942
BDEM 0955 | 0950 0960 0905
OV T8 | 1018 065 0971
' TVP-BCVAR | 1055 | 1020 1052 1015
)
EUR-NOK | pvap-MINN | 1055 | 0995 1021 1013
Lia | Lo 1029 1012
215 [ T T003 TO6%
TVPBCVAR | 1143 | 1084 1018 1070
BURNZD | gVAR-MINN | 1602 | 1437 1252 1189
BDFM 1221 | 1201 1088 1097
BCVAR TO16 | 1025 0987 T057
TVP-BCVAR | 0994 | 1024 09%9 1054
BURPLN | BVAR-MINN | L111 | 1058 1042 1095
BDFM 1019 | 0994 1020 1031
BCVAR 156 | 1141 098 To0T
TVPBCVAR | 1172 | 1177 1003 1020
FURRON' | pvaR-MINN | 1134 | 1236 1088 1097
BDEM 1237 | 1163 0960 0974
BCVAR T208 | 1316 7 0916
TVPBCVAR | 1303 | 1337 1321 0934
JRRUI
EUR-RUB | pyap-INN | 1848 | 1665 1137 0940
1699 | 1376 1237 0908
BCVAR TO65 | T.008 T.067 TOTE
TVP-BCVAR | 1030 | 0995 1036 1034
EURSEK | BVAR-MINN | 1058 | 1086 Lis1 1054
EDF 1295 | 1082 1068 1024
BC 16 [ 1129 T038 T036
§ TVP-BCVAR | 1163 | 1114 1027 1039
EURSGD | pyAR-MINN | 1508 | Lals 1107 1000
BDFM List | 1153 1061 1042
BCVAR T576 | 1368 7367 96
. TVPBCVAR | 1017 | 1006 1006 0382
BURTRY | pvAR-MINN | 1414 | 1353 1203 Lo
BDFM 16312 | 6612 3501 | 3590 | 3661 | 3752 3919

and TVP-BCVAR models predict poorly on EUR-HUF in all
forecasting exercises.

The results from TVP-BCVAR model are similar to the
results from the BCVAR model, where the TVP-BCVAR
model predicts the best mostly on EUR-TRY pairs as seen
in Table 5. Moreover, EUR-CHF, EUR-RUB and CAD-
JPY are honorable mentions in these forex pair lists. It is
thus reasonable to conclude that the advanced time series
model such as BCVAR and TVP-BCVAR are capable of
tracking the movement of those mentioned forex pairs with
the lowest MSFE especially when allowing time-variation in
TVP-BCVAR model, the MSFE is substantially reduced for
every prediction exercises, i.e., h = 1,2, ..., 14 as shown
in Tables 4-5.
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FIGURE 1. Forecasted value and actual value at h = 1. (a) CAD-JPY.
(b) EUR-DKK. (c) EUR-RUB. (d) EUR-TRY.

In addition, we summarize the MSFE relative to Bayesian
AR with four lags B-AR(4) model. The details are presented
in Tables 6-8. These tables report the ratio between the
MSEFE of model i and the MSFE of the benchmark B-AR(1),
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FIGURE 2. Forecasted Value and actual value at h = 3. (a) CAD-JPY.

(b) EUR-DKK. (c) EUR-RUB. (d) EUR-TRY.
computed as

i—h t—h

2 2
MSFE; jn = Ze,-,j,ﬂrh/ Zebcmk,j,t-i-h’

=t =1
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where el% it and ei cmk jo+h A€ the squared forecasting
errors of variable j at time t and forecast horizon & modeled
by model i and the Benchmark model Bayesian-AR(1) model,
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FIGURE 4. Forecasted value and actual value at h = 14. (a) CAD-JPY.
(b) EUR-DKK. (c) EUR-RUB. (d) EUR-TRY.

respectively.® Variables ¢ and 7 denote the start and end of the
out of sample forecasting periods.

3(i € BCVAR, TVP — BCVAR, BVAR — MINN, BDFM)
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According to Tables 7 and 8, we found that the BCVAR
and TVP-BCVAR are not fully suitable to forecast all the
forex pairs. In other words, these methods are based closely
on the information of the predictors. Therefore, it is pos-
sibly because of the predictors included in our model are
not completely informative in prediction the movement of
forex pairs. Nevetheless, we found the huge advantage in
predictive performance on EUR-MXN, EUR-DKK and EUR-
TRY of model BCVAR and TVP-BCVAR relative to tradi-
tional model B-AR. Another empirical result that is worth to
mention is that predictive performance is gained substantially
when using TVP-BCVAR relative to BCVAR to forecast
EUR-TRY. This implies that by allowing the time variation in
the model, it can help to achieve better forecasting this forex
pair, see Table 8. Moreover, for forecasting EUR-DKK exer-
cise, after three-period-ahead prediction (2 = 3), the MSE
of BCVFAR and TVP-BCVAR relative to B-AR is tremen-
dously reduced. This means that the EUR-DKK pair is
extremely correlated to the selected predictors. In other
words, other forex pairs rather than EUR-DKK are informa-
tive enough to forecast EUR-DKK pair. This was proved by
the BDFM model result in Table 8 showing that after the
4-days-ahead forecast, the MSFE is decreased dramatically.

We present more results on how BCVAR, TVP-BCVAR
and other models can forecast the selected forex pairs,
we illustrate the accuracy more obviously by showing the
actual value vs. the forecasted values from multiple models
in Figs. 1-4. The predicting exercises are &7 = 1, 3,7 and 14.
Forex pairs which are presented in those figures are CAD-
JPY, EUR-DKK, EUR-RUB and EUR-TRY. We selected
these pairs based on the lowest MSFE. According to the
results, it can be concluded that BCVAR, TVP-BCVAR and
other models provide the best forecasting when the hori-
zon of 1. The longer out-of-sample forecast, the higher
of mean square forecasting error. The benchmark model,
i.e., Bayesian AR(4) cannot track the actual movement of
EUR-RUB by using the lag predictors. In other words,
by implementing the forex pair predictors, BCVAR and
TVP-BCVAR, the accuracy is gained considerably.

VI. CONCLUSIONS

We propose multiple the advanced time series models* to
forecasting forex up to 30 pairs. All forex data range between
7 FEBRUARY 2018 and 2 AUGUST 2018. Each forex
was transformed to be stationary based on Augmented-
Dickey Fuller test (ADF-test), see Table 9 for more details
on transformation code. We found that Bayesian com-
pressed VAR (BCVAR) and time-varying Bayesian com-
pressed VAR (TVP-BCVAR) were able to deliver the best
forecasting on the forex CAD-JPY, EUR-DKK, EUR-RUB
and EUR-TRY by means of Mean Square Forecasting Error
(MSFE). We found the huge advantage on using BCVAR and

4Bayesian compressed VAR (BCVAR), time-varying Bayesian com-
pressed VAR (TVP-BCVAR), Minnesota prior Bayesian VAR (BVAR-
Minn), Bayesian dynamic factor model (BDFM), Bayesian Autoregression
(B-AR)
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TABLE 9. Stationary forex tranformation.

Sources
Yahoo Finance

Forex Pairs | Transformation Code
AUD-CAD
AUD-CHF
AUD-JPY
AUD-NZD
BGN-RON
CAD-CHF
CAD-JPY
CHF-BGN
CHF-JPY
CHF-RON
CHF-TRY
EUR-AUD
EUR-CAD
EUR-CHF
EUR-CZK
EUR-DKK
EUR-GBP
EUR-HKD
EUR-HUF
EUR-ILS
EUR-JPY
EUR-MXN
EUR-NOK
EUR-NZD
EUR-PLN
EUR-RON
EUR-RUB
EUR-SEK
EUR-SGD
EUR-TRY

[ A N SR NS TR S R NS 2 (S R ST ST A B NS 2 AT SO S I NS R ST ST S I NS R NS NI S T NI NS T NS S I S

Transformation code = 1 is level data, 2 is first differentiate.

TVP-BCVAR relative to typical Bayesian AR(4) to predict
EUR-DKK for all forecasting exercises h = 1,2,...,14
(one-day through fourteen-day-ahead forecast).

According to the lowest MSFE in all tables represented
above, for those who are interested in applying Bayesian
compressed VAR model to predict forex pairs, EUR-TRY,
EUR-DKK and CAD-JPY are best forex pairs when forecast-
ing one-day-ahead until five-day-ahead and EUR-TRY, EUR-
RUB and EUR-CHF when forecasting eight-day-ahead until
fourteen-day-ahead. Those predictive performance evalua-
tions can be seen in Table 4 and Table 5. We also suggest that
in order to gain the highest profit from using these methodolo-
gies, forecasting EUR-TRY might be the best choice accord-
ing to the empirical results.

DATA APPENDIX
See Table 9.
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Abstract—Window functions are typically used in time-
frequency (TF) signal analysis, especially in spectrogram cal-
culation. In frequency estimation problems, most methods for
solving such tasks rely on the spectrogram-based approach where
the time-series of the signal is considered in the frequency
domain via the short-time Fourier transform (STFT). Sequential
Bayesian filtering h as b een o ne o f t he m ost p owerful methods
for sequential estimation of time-varying parameters where the
signal model and observation data are complicated in terms
of nonliear/non-Gaussian assumptions. The method integrates
mathematical and statistical properties of the signal in order to
construct a posterior probability density functions of the inter-
esting parameters. Therefore, when window function is applied
in STFT, the statistical property of the transformed domain may
be destroy, resulting in the movement of the frequency estimates
according to the window type used in spectrogram calculation.
Therefore, we investigate in this work the effect of windows on
the accuracy of the sequential Bayesian filtering based frequency
estimation. Simulation results show that window has some effect
only when the noise level is high.

Index Terms—Window functions, spectrogram; frequency es-
timation; particle filter; s equential B ayesian fi Itering; signal
processing

I. INTRODUCTION

Frequency estimation has been one of the most important
tasks in signal processing, ranging from various kinds of
applications [1], [2], [3], [4], [5], [6]. Number of techniques
have been proposed to such problems extensively. We focus in
this work for spectrogram based time-frequency representation
of the signal since it is a conventional approach for most
applications. [5], [7], [8] for instances.

This study is based on the sequential Bayesian filtering
framework, a particle filtering, in particular. The main reason
that this method was considered is from the nature of the
signals what we are tracking. Since frequency content of
the signal is varied with time, i.e., the number of frequency
components and their strength vary and they are considered
as a function of time. The particle filter (PF), is therefore a
suitable approach too deal with this kind of signal. One may
consider a Kalman filter (KF) as a choice, but the limitations
of KF prevent its usability for nonlinear and non-Gaussian
problems, our problem here is also a case that KF cannot
work properly [9], [10], [11].

978-1-5386-5757-7/18/$31.00 ©2018 IEEE

The rest of the paper is organized as follows. Section II
describes the concept of time-frequency analysis of the time-
series, and the use of window functions in the analysis. We
briefly introduces a sequential filtering method for frequency
estimation in Section III. Section I'V presents simulation results
and discussion. The conclusions can be found in Section V.

II. WINDOW FUNCTIONS

In signal processing, one the signal is to be analyzed in the
frequency domain via the STFT, window function is typically
used in the spectrogram calculation in order to enhance the
quality of the transform. In this work, we focus on the
frequency estimation problem where the Fourier transform
of the time-series is considered for the TF analysis. Four
window functions including Rectangular, Hamming, Hanning,
and Blackman windows are investigated and the functions of
these windows are given in Egs. (1)-(4), respectively.

wRect[n] =1, (H
WHam|[n] = 0.54 + 0.46 cos(mn/M), (2)
WHan[n] = 0.5+ 0.5cos(mn/M), 3)

and
WRlack[n] = 0.42 + 0.5 cos(mn/M) + 0.08 cos(2mn/M), (4)

forO<n<M-1.

These windows are chosen based on their usage popularity
for many applications. In frequency estimation using STFT ap-
proach, these windows are typically considered as mentioned
earlier.

Standard Short-Time Fourier Transform is performed in the
work for a TF representation of the signals, the corresponding
squared magnitude of the STFT is expressed by:

2

1 ,
SG, = %|/m(7)w(7—t)e’3‘”d)\ )

where w(t) is the window function.
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III. SEQUENTIAL FILTERING FOR SPECTROGRAM-BASED
FREQUENCY ESTIMATION

In Bayesian filtering, the main goal of this approach is
to obtain the posterior probability density function (pdf) of
the underlying parameters (frequencies for this study). This
is done via a state space model where two equations are
needed for describing the states and observation data. The
first equation is called state transition equation which gives
the relation of the states from the current time to the next
time step by the perturbation noise. This equation is given as:

Xn = n—l(xn—lvvn—l) (6)

Yn = gn(xmwn)' )

where n is time, x,, is a state vector containing the frequency
components and the associated amplitudes of the signal. Vector
¥n is the observed data, in this problem y,, is the spectrogram.
Both functions f,,_; and g, are known nonlinear functions,
and v,_; and w, are perturbation and observation noises,
respectively.

In this work, we implemented a multiple model particle
filter (MMPF) to track the frequency trajectories of the signal
since the number of existing frequencies is a function of time.
Based on this kind of filter, it is able to adapt the order (this
reflects the length of the state vector) in such a way that the
particle can adequately capture the stochastic behavior of the
tracking signal. To see the details of the MMPF, especially in
frequency estimation and some other applications, the reader
is invited to consult the works from [12], [13], [14], [15], [16],
[17].

A random sample of parameter values, generated from a set
of initial prior specifications (uniform prior for each parameter
was chosen), is propagated via the standard Bayesian updating
scheme. A combination of the prior with a likelihood is
performed to yield the posterior density for each time slice.
The linkage of one time slice to the next is through the
state Eq. (6) of the sequential model, so that the posterior
distribution for one time slice becomes the prior distribution
for the next time slice. A likelihood for each particle is
computed based on the observation Eq. (7). We follow the
technique presented in [16], the reader is referred to that
paper for details. In this work we investigate the effect of the
window functions to the filtering using PF, where [16] does
not consider this issue.

IV. SIMULATION RESULTS

The spectrogram of the signal considered in this work
is shown in Fig. 1; this spectrogram was computed using
Hamming window. The signal contains multiple components
and each component may appear or exit at any time. Through-
out the paper, the number of particles used for performance
evaluation was 500. We first illustrate the tracking results
from the PF for SNR of 30 dB, the frequency estimates as
provided by the PF where Hamming and Hanning windows
were used in spectrogram computation are shown in Fig. 2

Freguency
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Fig. 1: Spectrogram of the signal to be investigated.
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Fig. 2: Frequency estimates as obtained by the PF where the
spectrogram was computed using (a) Hamming window and
(b) Hanning Window. The SNR is 30 dB.

(a) and (b), respectively. Figure 3(a) and (b) display the fre-
quency estimates from the PF where Blackman and rectangular
windows were used in spectrogram computation, respectively.
From the figures, it can be seen that the tracking results
from all tests are almost identical except that the result from
rectangular window. Frequency estimates from the PF where
the rectangular window was used are not clear as compared
to the other windows, and we found that some frequency
components that do really exist are generated by the PF for
the rectangular window case.

Next, we further demonstrate the results from the experi-
ment where the SNR is low, in Fig. 4 we show the spectrogram
of the signal with SNR of 10 dB. The frequency estimates as
provided by the PF from Hamming, Hanning, Blackman, and
rectangular windows are shown in Fig. 5(a) and (b) and Fig.
6(a) and (b), respectively. It can be noticed from the results
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Fig. 3: Frequency estimates as obtained by the PF where the
spectrogram was computed using (a) Blackman window and
(b) Rectangular Window. The SNR is 30 dB.
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Fig. 4: Spectrogram of the signal to be investigated, the SNR
is 10 dB.

that the tracks from Hamming and Hanning windows are better
than from Blackman and rectangular windows. In addition,
result from rectangular window is the worse one compared to
the others, this could be a result from its function which does
not provide any contribution to the windowed segment of the
signal.

Finally, we illustrate the effect of the window functions
when we now consider a signal with more frequency compo-
nents and more complex than the precious example. The spec-
trogram of this signal is shown in Fig. 7. Tracking results are
provided in Figs. 8-9. Spectrogram with rectangular window
is the worse one again since it delivers frequency estimates
with the highest errors compared to the other windows used
in spectrogram calculation.
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Fig. 5: Frequency estimates as obtained by the PF where the
spectrogram was computed using (a) Hamming window and
(b) Hanning Window. The SNR is 10 dB.
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Fig. 6: Frequency estimates as obtained by the PF where the
spectrogram was computed using (a) Blackman window and
(b) Rectangular Window. The SNR is 10 dB.

V. CONCLUSIONS

In this paper, we investigate how window functions affect
the performance of frequency estimation from a sequen-
tial Bayesian filtering approach. Several frequent use win-
dow functions were considered including Hamming, Hanning,
Blackman, and rectangular windows. The investigation was
taken by considering two signal examples with varied SNR.
Simulation results suggested that the tracking results as de-
livered by the PF where the spectrogram was computed with
rectangular window were poor; this could be a result from no
contribution of this window type in spectrogram calculation.
The other windows for spectrogram calculation, allow the
PF to better tracks frequency components of the signal. It
should be noted that even the frequency tracks from any
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Fig. 7: Spectrogram of the signal with more frequency com-
ponents.
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Fig. 8: Frequency estimates as obtained by the PF where the
spectrogram Fig. 7 was computed using (a) Hamming window
and (b) Hanning Window. The SNR is 10 dB.

window except from the rectangular window are better, one
the spectrogram calculation with window function has done,
the stochastic property of the TF representation would change.
In this work, based on the acceptable model and its widely
used in literature, we constructed the likelihood function using
Gaussian error model, which was not accurate. If the other
models are used, tracking results would also change, and
rigorous analysis and PF implementation must be performed.
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Abstract

Useful information embedded in the ocean acoustic time-series can be retrieved
from frequency content of the measured time-series. Therefore, frequency esti-
mation in ocean acoustics has long been one of the most important problems in
geoacoustic inversion. A challenging task is to obtain more accurate frequency
content in which the mathematical and stochastic properties are together suit-
ably combined to obtain the required information. This paper, thus, considers
the analysis and simulation of the ocean acoustics time-series in the frequency-
domain where the signal in the time-domain was corrupted by white Gaussian
noise for frequency and dispersion estimation. Via a sequential Bayesian filter-
ing framework, we incorporate a mathematical description of a broadband ocean
acoustics signal propagating through the ocean with statistical property of such
type of noisy signal, the accurate posterior probability density function (PDF)
of frequencies along with their associated amplitudes is eventually obtained. Se-
quential filtering is implemented for frequency and dispersion estimation to test
the performance of the derived model. Although the data are noisy, simulation

results demonstrate a significant advantage of the proposed method.
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1. Introduction

A frequency estimation has always been one of the most important and
challenging problems in science and engineering applications including physics,
signal processing, communication, and ocean acoustics; see [1, 2, 3, 4, 5, 6] for
examples. Given a white Gaussian noise contaminated ocean acoustics time-
series, we consider a time-frequency analysis of such time-series via a short-time
Fourier transform (STFT). The goal of this work is to incorporate the statistical
description of the signal in the frequency domain to a sequential frequency
estimation framework, the particle filtering, in particular, to obtain the posterior
PDF of the frequency and its corresponding quantities. The posterior PDF of
these quantities play an important role in environmental inversion in which the
geoacoustics properties of the ocean can be revealed [2, 7, 8.

Back to 1960 where the pioneer work in new filtering method named Kalman
Filter (KF) was proposed as reported in [9]. The filter delivers an optimal
estimator according to the minimum mean squared error metric. However, the
limitation of the KF is that the evolution of the unknown parameters is assumed
to be in the case of Gaussian and additive perturbations, the additive Gaussian
noise model is considered in the observed data, and a linear function describing
the measurements and state vector parameters.

It is not a case for most practical systems that the assumptions made for
the KF's are always valid, most systems are nonlinear/non-Gaussian as well
as non-additive noise structure. Variants of the KF's were developed to remedy
these problems; the extended KF (EKF), unscented Kalman filters (UKFs), and
ensemble Kalman filter (EnKF) are examples of KF variants that were proposed
in literature. Nevertheless, a system with highly nonlinear models and complex
noise processes are not easily to deal with, it requires computational or numerical

approaches to formulate the desired posterior PDF's, and the inferences on the
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state parameters have to be done numerically since the closed form PDF's may
not be feasible to obtain, these approaches are particle filtering.

A Particle filter (PF), a class of sequential Monte Carlo method, is used for
the estimation of the underlying posterior PDFs of random variables, allowing
the extraction of the desired information from complex noisy observation data
becomes possible. PF, derived from the importance sampling (IS) concept, is a
numerical approach that was proposed to effectively handle nonlinear relations
between unknown parameters and observations, complex noise processes, and
unknown as well as the time-varying dynamical systems [10, 11, 12, 13, 14, 15].

Frequency estimation in ocean acoustics has long been as of interest for
decades as seen in literature [16, 17, 18, 2, 19]. The importance of this problem
stems from the fact that most important pattern of the frequency content with
time exhibits in the dispersion characteristics of the waveguide resulting from
the dispersive environments. Therefore, retrieving this information could lead
us to effectively estimate parameters that are of utmost importance in environ-
mental studies [20, 21, 22, 23, 8]. The approach described in [2] assumed that
noise contaminated the signal in the frequency domain, resulting in a Gaussian
form of the likelihood function. Therefore, the likelihood formulation based on
this assumption is not accurate. In reality, the noise is additive Gaussian in
the time domain, generating complex noise components after Fourier transform
(FT) calculation. The contribution of this work is therefore to construct an
accurate statistical model of the noise after FT calculation and then use the
resulting model for likelihood and particle weight calculation. This work imple-
ments a PF based on the incorporation of mathematical and accurate statistical
models of the ocean acoustics signal in the frequency domain to construct the
accurate likelihood function and the particle weight calculation for formulating
the frequency PDF and, hence, the dispersion PDF of the signal.

The remainder of this paper is structured as follows. Section II provides a
time-frequency analysis of a noisy time-series and frequency approximation of
ocean acoustics for our work. Section III presents a foundation of sequential

Bayesian filtering framework and particle filtering used in this work. A PF
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implementation based on the constructed ocean acoustics model and stochastic
property of the signal is presented in Section IV. Section V discusses the tracking
results of the frequency estimates from particle filter, and Section VI delivers

the conclusions.

2. Time-frequency analysis of Ocean Acoustics time-series

2.1. Probability distribution of a noisy time-series

Consider a noisy signal z[n] of length N, which is composed of a deterministic
part s[n] and noise part g[n], i.e., z[n] = s[n| + g[n], where g[n] is assumed to
be zero mean white Gaussian noise with variance 2. From the assumption, the

distribution of each sample x[n] is

x[n] ~ N(g[n], C) (1)

where N (a,b) is the normal distribution with mean a and variance b, and here
C is the autocorrelation function.

The spectrogram S, (I, k) at time [ and frequency k of signal x[n] obtained
from STFT is calculated from the squared modulus of the STFT as

Sa(l, k) = Xo (L, k) + Xim (1, k)%, (2)

X, (l,k) and X;,,(l, k) are real and imaginary parts of the STFT and they are

computed by
N
n
X, (1,k) = ; w(n — 1)a(n) cos(—2k 7 ), (3)

and

WE

Xim(Lk) = w(n —xz(n) sin(—271’k:%)7 (4)

n=1

where w(n) is the analysis window with length N.
From the assumption of the signal model, the signal in the time-domain
z[n] is distributed according to Eq. (1). Following the property of the nor-

mal distribution that a linear combination of the Gaussian distributions is also
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Gaussian distributed. Since both X, (I,k) and X;,,(l,k) are linear combina-
tions of N Gaussian random variables with coefficients w(n — ) cos(—27k%)
and w(n —1) sin(—27k} ), respectively, therefore, these two quantities are Gaus-
sian random variables as well. It can be shown that the variance of both real
and imaginary parts of STFT is 02/2, the half of the noise variance of noise
part in the time-domain [24].

According to Eq. (2), the spectrogram S, (n, k) is the sum of two squared
Gaussian random variables. Therefore, S, (n, k) follows the x? distribution with
two degrees of freedom. The degrees of freedom of a x? distribution depends
on number of elements in the combination; here we have real and imaginary
parts, squared and added together to generate the spectrogram as previously
described.

In general, let us now consider a random variable X; ~ N(0,02), i =
1, ...,2, ..., N, X is the sum of the squares of X;. Let X = vazl X2, and it
is distributed as a x? variable. This distribution can be characterized by three
parameters, a x2 PDF of a random variable X can be given as:

Fxtiape(X) = %(%)%e—(ﬁc)/%l%z(@)’ (5)
where I,,(.) stands for the n-order modified Bessel function of the first kind. The
parameters a, b and ¢ are the degrees of freedom, coefficient of proportionality,
and non-centrality parameter, respectively. Theses parameters will be defined

according to our problem which will be discussed later in the Section IV.

2.2. Frequency approximation of ocean acoustics signal

According to work in [2], the power spectrum can be given by

| Pa(w, )] = ) (6)

™ sin(w — w)At
)G, 2, 2 2 Z A

s
for |w —wn| < z5-
Quantity r is the distance between source and receiver, z and z, are the source

and receiver depths, respectively, p is the source spectrum, Gy, (r, z, 2,-) is a func-
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tion relating to normal mode quantity, k, represents the modal wave number,
w =27 f, where f is frequency in Hz.

It is obvious that the power spectrum is approximated by a squared sinc
pulse, weighted by the squared amplitude of the modal arrival. A linear com-
bination of these pulses can be used to approximate the power spectrum of a
multiple-mode signal, allowing a construction of a replica of the signal in parti-
cle filtering implementation which will be explained later. This approximation
technique is called a modal representation of the a signal which was successfully

used for broadband acoustic signals propagating in underwater media [16].

3. Bayesian Filtering Framework and its conceptual solution

In this section, the fundamentals of sequential Bayesian filtering are recalled

and a construction of particle filtering method is then provided.

8.1. State space model

Consider the following nonlinear system:

Xn = nfl(xnflyvnfl) (7)

Yn = gn(xnywn)- (8)

where n is time, x C R"* is the n,-dimensional state vector, y C R"v is the
n,-dimensional observation vector, v,_; denotes n,-dimensional process noise
vector, and w,, denotes n,-dimensional measuring process noise vector.

The first state equation describes how the states evolve with time; and the
transition of the states from the consecutive time is followed the function of the
first order process f,, as given in Eq. (7). The second equation is called the
observation equation relating the observation data to the state vector through a
nonlinear function g,,, and this equation is given in Eq. (8). Both f,_; and g,
are known in this work. The state and observation noise quantities are declared

as v,_1 and wy,, respectively. Functions f,,_; and g, are typically nonlinear
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and assumed to be the multivariate known functions. The evolution of the state
vector with time is done via a function f,_; relating the changes of the state
parameters from the previous time to the current time according to the process
noise v,,_1. The relationship between the state vector and the observation vector
is described by the measurement or observation function g, and the measuring
process noise w,. Both noises can by additive, multiplicative, or other forms
depending on the problem at hands.

In general, let X,, = [x1,X2,...,X,] be a sequence of the unknown state
vectors up to time m, the aim of filtering is to recursively estimate the state
vector x,, based on a set of available information from the measurements Y,, =
[¥1,¥2;--.,¥Yn]. This problem can be addressed by computing the posterior PDF
p(x,|Y ). Assuming that the initial PDF of the state vector p(xo|yo) = p(xo),
the posterior PDF p(x,[Y,) can be computed recursively using the following
two steps: prediction and updating. We will detail these steps for PF imple-

mentation in Section IV.

3.2. Bayesian Inference

As discussed, we require two equations to describe the state-space model;
one expresses the evolution of the state and one connects the relation between
states and observations. We assume that each observation y, depends solely
on the current state x,; and the observations up to time n are conditionally

independent given the states x,,, therefore

p(YnlX,) = Hp(yi|Xn)' 9)
i=1

The states of the model are allowed to change over time according to a first
order Markov process, therefore the current state depends only the state at a

previous time step, yielding:

n

p(X,) = p(xo) [ [ p(xilxi—1)- (10)

=1
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The goal of the PF is to gather the posterior PDF of the unknown states
when the observed data is available at time step n, p(X,|Y,), and it can be

given as:

p(Yn|Xn)p(XO)
p(Yn)
From Egs. (9) and (10), we can express the posterior distribution p(X,,|Y,)

as

p(x0) [Tiz, p(yilx:)p(xilxi-1)
p(Yn) ’
where p(x¢) is the prior density and we assume it to be a uniform density in

this work, i.e., the chance of the existence of the modal frequencies is assumed
to be equal over the search interval. The observation y,, is independent of the
states at all other times and we assume that the observation data up to step
n are also independent. Bayesian framework recursively estimates the marginal
PDF p(x,|Y,) from the previous marginal PDF p(x,_1|Y,). By assuming
that the marginal PDF p(x,-1|Y,—1) is available, the prediction of the PDF
p(x|Yrn—1) can be computed from transitional PDF p(x,|x,—1) as suggested

by state equation of Eq. (7). We can then rewrite Eq. (12) as

P(YnlXn)p(Xn [Xn—1)P(Xn—1|Y 1)
p(yn|Yn71) ’

where

p(Yn|Yn—1) ://p(Yn|X7L)p(Xn|Xn—1)
(14)
X p(Xn,1|Yn,1)an,1an.

Moreover, the PDF p(x,|Y,—1) can be expressed as the so called Chapman-

Kolmogorov equation:

p(xn|Yn71) = pxn|xn 17 n— l)p(xn71|Yn71)dxn71

/
/

p Xn|xn 1 anllYnfl)dxnfl- (15>
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The new estimate of the states at time step n is:

P(Yn|Xn)D(%n | Y1) .

PolYn) = Y )

(16)

Assume that the observation data Y, is available, the likelihood of the state
vector X, is obtained from the density p(y,|x,). Since the posterior PDF of
the states is available according to the sequential update discussed above, the
statistical inference can then be performed using this probability distribution.

The expected value of a function of the state can be calculated from

ﬁ(xn) = Ep(xnIYn)[F(Xn)|Yn]
/F(Xn)p(xn|Yn)dxn (17)

3.8. Particle filtering

Working in a sequential filtering framework, we implement PF for identifying
the trajectories of the modal frequencies of the ocean acoustics signal. It must
be clear that the KF families cannot be applied to our problem because the
relationship between the observed data and the states is highly nonlinear.

For each time step, the PF approximates a probability density of p(x,|yx)

by constructing by a set of random samples with their associated weights as

N
p(Xnlyn) = Z wyd(xn — X;,) (18)
i=1

and ‘

w!, o M, (19)
where § is the Dirac delta function, N is the number of particles used in the
approximation, and the quantity ¢(X!|Y,) is the importance density. The
accuracy of the filter, i.e., the performance of the approximated distribution to
the true continuous density increases as the increasing of N [25, 11]. In other

words, Ziil w 8(x, —x1) = p(Xn|yn) as N — oco. Since we assume that our

filtering follows the first order Markov process, the results from the previous
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time step n — 1 and the importance density can be chosen in such a way that
the minimization of the IS errors is achieved, we therefore obtain the importance
weight for each particle as (for full derivation details, please consult [11])

i

wy, = p(ynlx),)wh_;. (20)

The degradation of the sequential IS (SIS) performance stems from the prob-
lem that the variance of the importance weights always increases monotonically
over time. After running a filtering process for a few iterations, only few par-
ticles tend to occupy high weights but the rest of particles holds the weights
that are close to zero. In some extreme cases, just only one particle is a survival
and it holds a unit weight. This means that the diversity of the particle distri-
bution is not achieved and this results in a failure of the posterior probability
distribution representation using this framework. This problem is called de-
generacy. There are improvement algorithms proposed to overcome degeneracy
problem, the wildly used method is called resampling scheme. The trick is to
eliminate small importance weight particles and, on the other hand, those of
the large weights are regenerated. The amount of regeneration depends on the
importance weights of the parent particles. We call the process that combines
SIS and resampling as sequential importance resampling (SIR). The resampling
process is typically performed when the effective number of particles N¢// falls
below a threshold as discussed in [12, 26]. The effective number of particles is

determined as

R
S (wi)?

Even that the resampling reduces the effects of degeneracy, two new problems

Nelt = . (21)

occur [11]. First, resampling step introduces the limitation of the ability to
parallelize the SIS algorithm because all weights have to be summed during
normalization. Second, the assumption of statistical independence is no longer
valid after resampling. A problem that may arise after resampling is the loss

of particle diversity due to all of the particles are identical, breaking down

10
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to a noninformative distribution. Therefore, convergence issues are generated
along the process if resampling takes serious loss of particle diversity. This
is well-known as sample impoverishment which is commonly exhibited in PF
applications. Recently, there are developments of PFs [11, 13, 27] that have

been designed to resolve these problems.

4. Particle filtering implementation

In this work, the dimension of the state is unknown, therefore we need
to estimate number of frequencies present at each time step, resulting in the
requirement of additional state variable. The transition probability matrix is
used to dictate the probabilities of order changes; that is, frequency trajectories
may leave or enter at each time step [28] . If at time step n — 1, the signal is
composed of m,,_1; modes (number of central frequencies). Then it becomes m,,
in the next time step n with probability p(m,, = j|lm,_1 = i) = m;. It should
be noted that the constraint Zj m;; = 1 must be satisfied.

According to Eq. (6), we obtain the measurement equation that relates
the observation data y, and frequency particles x,; for the STFT method as

follows:

Mn

Vn = Za"j [sinc(f — x,;)]% + Wi, (22)

j=1
Note that y, is the FT of the acoustic time series: our approach relies on

modeling the signal in the frequency domain at consecutive time slices.
Although we desire to estimate the frequencies of the signal, constructing
the likelihood of the observation data requires a construction of replica of the
signal. We, therefore not only estimate the frequency, but also need to estimate
its corresponding amplitude as well. Since the amplitudes a, are unknown,
we create a new state vector containing these unknown quantities and treat it
similarly to the unknown frequencies x,;. Moreover, we also estimate the noise
variance since we normally treat it to be an unknown parameter. To summarize,

the state transition equations are given by:

fn = In-1 +V1,n717 (23>

11
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a, =ap_1+ Vo n—1, (24)

and

Th =0 1+ Va1 (25)

Therefore, frequency particle and amplitude particle can be sampled from the
following densities:

£~ N (1,00, 1), (26)

a; ~ N(aith ng,nq)» (27)

and the measurement noise variance particle can be drawn from the density:
2,i 2,i 2
Uw,n ~ N(O'w,nfh §U3,H71)7 (28)

where aglm_l and ag%n_l are the frequency and amplitude state perturbation
variances, while gg_%nfl is the variance of the state perturbation of measurement
noise variance. After sampling is employed, the likelihood can be computed via
the measurement equation.

The implementation of the method for frequency estimation using particle
filtering is from what was developed and presented in previous section. The
X2 behavior of the data implies a likelihood function that will be used for
weight /probablity calculation for individual particle. The x? behavior of the
FT that shapes the form of the likelihood is explained as follows. According
to Eq. (5), the real and imaginary parts of the FFT are normally distributed
with non-zero ’means’. These 'means’ are the corresponding FTs of the sig-
nal. Follow the statistical independent property, the sum of the squares of both
real and imaginary parts follows non-central x? distribution with two degrees of
freedom. The sum of the squares of the means of the real and imaginary parts
is the non-central parameter.

The above analysis is just for a single point in the frequency domain. For

the complete length of the Fourier transform for a slice of the spectrogram, the
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non-central parameter is a vector of length L, which is actually the replica of the
squared spectrum of the signal. The x? parameters can be declared as follows:
the noncentral parameter is the replica of the signal in our problem, and the
degrees of freedom is two as discussed earlier. The coefficient of proportionality
is based on the fact that both real and imaginary parts of the STFT are Gaussian
random variables with common variance 02/2 [29]. Therefore, the coefficient
of proportionality is 62/2 . Let x, is a state vector containing f,,, a,, and m,,,

from the discussion in Section II, the likelihood function can be given by:

— Mn ) . . N2
U(ynln) ¢ 2o emp< (yn + 200 a%imc( f = )] ))
29
\/< Yn, Z;ﬂ:nl QAnj [sinc(f — mnj)]Q > ( )
’ 72,2 ~

where < e, e > stands for a dot product operator. Please be noted that the

1
L

term is a prior density acting as penalizing term that impacts the value of
the likelihood. For small value of m,,, this term has a value associated with a
higher probability than that for larger value of m,,.

We can merge all the steps from SIS and resamping step to construct the

SIR algorithm which is the essential of particle filtering approach used in this
work. The SIR algorithm is outlined as follows.

e Initialization Since the PDFs of parameters at n = 0 are not known.
Therefore, to construct the joint PDF of all unknown parameters, the
prior densities for the parameters to be estimated need to be initialized
at the beginning of the filtering process. The initial particles are sampled
from these prior PDFs. Statistical properties of the priors depend on the
knowledge about the data and state variables. In this work, prior densities
are drawn from the uniform distributions depending on the entire support
space for each parameter of the distributions. Using Bayes theorem, the
likelihood must be multiplied by the priors of all unknown parameters in

order to create the joint PDF of the parameters.

e Prediction This stage starts with a set of equal weight particles from the

13



270

275

280

285

previous time. The frequency, amplitude, and measurement noise variance
particles from the precedent step are propagated via normal densities pre-

scribed by the transition densities of Egs. (26)- (28), respectively.

e Updating As previously described that the SIS is utilized to the PF at
the prediction step and it needs a transition prior to act as its importance
sampling density. Now, the updating starts with a set of equal weight
particles, w! _; = 1/N. From the measurement equation and the noise in
the data acquisition process, the weight of each particle is computed using

the data (spectrogram slice) just arrived.

e Resample This stage is introduced to remedy the sampling degeneracy.
A new set of particle {xJ,w} =1/N }11 are sampled from an approx-
imated density p(x,|Y,) computed at the updating stage. Resampling
creates new particles according to the weights of their parent particles
w!,, generating more particles when the parents have high weights; and
the parents with low weights, they will be eliminated. After resampling,

all particles occupy the same weight.

The block diagram to illustrate the PF framework is shown in Fig.1. To
decide what frequency is the one that we are seeking for, we select the most
frequent value as a point estimates of elements of frequency state vector, namely,

for a frequency state vector f,, of a modal frequency j at time n is computed as

o~

where M AP;(fi;n) represents the mode most frequent value of f;;,, for mode j
at time step n among all particle 7.
5. Simulation Results

In this work, a frequency content between 200-600 Hz generated from a
source is propagating in the ocean and is observed at a hydrophone. The signal

was generated according to the environment that is similar to that of the Gulf
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Figure 1: Block diagram of the framework.

of Mexico experiment [30], the sampling rate was 2000 Hz. The ocean acoustics
time-series is shown in Fig. 2. The spectrogram of the signal as obtained from
the STFT is displayed in Fig. 3.

As seen in Fig. 3 that the pattern of the dispersion curves of the signal is
obviously seen after 0.3 s, therefore, we process the signal after this time. In
addition, our tracking process assumption is that we are tracking the separated
modal frequencies of the signal, the mentioned starting time is reasonable in
this case since the pattern shows that the modes are quite well separated after
this time segment. For simulation results in this work, the signal in Fig. 3 is
used for the tracking process but the white Gaussian noise was added to the
acoustic time-series before the STFT and spectrogram calculation. The MAP
frequency trajectory estimates obtained for the PDF's as provided by the PF are
illustrated in Fig. 4 with black dots and they are superimposed on a segment
of the spectrogram.

To illustrate the validity of the model and the performance of the filter, we
show in Fig. 5 the spectrogram slice of the signal at a particular time using a
solid line; and displayed using red stars, a MAP replica of the signal obtained
from the filter. We can see that the squared STFT magnitude are coinciding
with MAP replica spectrum; this shows how the mathematical and statistical

models made in this work are successfully combined to estimate the frequency
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Figure 2: The synthetic ocean acoustics time-series.
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Figure 3: The spectrogram of synthetic ocean acoustics time-series.
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Figure 5: A spectrogram slice of the synthetic ocean acoustics time-series at a particular time
(solid line) and the replica spectrum constructed using the results from the PF superimposed

(red stars).

of the ocean acoustics signal.

We further investigate the robustness of the proposed model to noise by
adding higher level of noise into the original signal. It should be noted that, in
our work, we cannot define a single signal to noise ratio (SNR) value since the
signal becomes weaker as time progresses due to the attenuation of signal with
time. Two noisy realizations for different SNR levels are shown in Fig. 6, where
the signal in later case was contaminated by a higher noise level as we can see
from Fig. 6(b) that the spectrogram is noisier, resulting in more uncertainty
in the dispersive pattern. The frequency estimates as obtained by the PF are
shown in Figs 7-8. The quality of the tracking results from the filter for both
cases are quite similar even the noise level in the measured signal is higher in

the later one. This could be an evidence of the noise robustness of the filter
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Figure 6: Two noisy realization spectrograms of the synthetic ocean acoustics time-series for

two different noise levels.

which is a result of the proposed accurate statistical characteristic of the TF
representation of the signal.

We provide a tracking result from a severe case where the signal is corrupted
by extreme amount of noise, the spectrogram is shown in Fig. 9. The MAP
frequency trajectory estimates obtained from the PF are revealed in Fig. 10.
Although some modes are missing in the tracking results, the frequency esti-
mates are fairly satisfied, and the estimated dispersion is adequate for further
processing since a few modes are nicely traced by the filter and these are suffi-
cient for the inversion for sediment sound speed profile and other geoacoustics
properties [7, 8].

Root Mean Squared Error (RMSE) results from the PF implementation are
shown in Fig. 11, with stars, diamonds and circles indicating the RMS errors for

the average SNRs 15, 10, and 5 dB, respectively. To compare the performance
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Figure 7: Tracking results as provided by the PF; the average SNR is 19.3 dB.
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Figure 8: Tracking results as provided by the PF; the average SNR is 14.6 dB.
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Figure 9: Spectrogram of extreme noisy ocean acoustics time-series; the average SNR is 5 dB.
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Figure 11: Comparison of PF estimation for different noise levels. Maximum likelihood esti-

mates are superimposed.

of the filter, we perform conventional Maximum a Posteriori (MAP) estimation
which is equivalent to the Maximum Likelihood (ML) estimation since uniform
priors are chosen in our work. It is not surprising that for a small number
of particles, the proposed method delivers high RMSE than that of the MAP
estimation. This is because of a limited number of particles in the processor
cannot capture a stochastic behavior of the signal. However, the errors for all
cases significantly decrease as the increase of the number of particles. More
importantly, the PF errors become dramatically lower than the corresponding

conventional MAP errors, illustrating the superiority of the proposed method

to the MAP estimation.
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6. Conclusions

Mathematical description of modal frequency of ocean acoustics and an accu-
rate statistical model are integrated to fabricate the particle filtering framework
for frequency estimation of the ocean acoustics time-series. A time-frequency
analysis was performed via the STFT in order to construct the accurate stochas-
tic characteristic of the signal in the frequency domain. The likelihood function
is in the form of the non-central chi-squared distribution with two degrees of
freedom and this plays the crucial role in weight calculation of the particle.
Based on the derived likelihood function, a multiple order particle filtering, a
filter that is capable of capturing the time-varying property of the unknown
number of modes of the signal, was developed for the estimation of the modal
frequencies along with their corresponding amplitudes of the ocean acoustics
signal. The results show that filter performs excellent tracking compared to
the conventional MAP estimate. We also tested the noise robustness capabil-
ity of the filter by providing the tracking results in different noise levels, and
the results illustrated its performance under different noise levels. Finally, we
provide a performance comparison of the proposed method with a conventional
MAP estimator via the RMS errors. As expected, PF errors are significantly
lower than that from the conventional MAP estimator for almost every cases,

especially when higher number of particles was used.
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Abstract

The goal of this work is to accurately estimate the modal frequencies and dis-
persion curves from a measured ocean acoustics signal. A particle filtering
approach, a class of sequential Monte Carlo methods, is developed for modal
frequency identification and dispersion curves estimation from a time-frequency
representation of ocean acoustics signal. The adaptive resampling algorithm for
enhancing the quality of a set of particles after likelihood calculation is imple-
mented to improve the accuracy of the modal estimates as well as the dispersion
curves of the signal. Results demonstrate the advantages in implementing the
adaptive resampling into the conventional sequential importance sampling par-
ticle filter (SIS-PF) instead of using the sequential importance resampling (SIR)
scheme. The noise robustness of the proposed method is demonstrated through
examples where the realizations of different Signal-to-Noise Ratio (SNR) levels
were used to test the performance of the adaptive resampling method. The re-
sults display the evidences that the adaptive resampling particle filter (AR-PF)
is superior to the SIR-PF. Via root mean square error (RMSE), the AR-PF
delivers smaller errors than those obtained by the SIR-PF for all SNR levels,

emphasizing the benefit in incorporating the adaptive resampling into the PF
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for modal frequency identification and dispersion curves estimation of ocean

acoustics signal.

Keywords: Modal frequency, frequency identification, dispersion curve,

adaptive resampling, particle filter, ocean acoustics.

1. Introduction

The task of signal estimation and detection is one of the most important
areas in signal processing. The problem of frequency estimation has been very
challenging for decades. In ocean acoustics, the signals that propagate in the
medium carry information about the underwater environments. Extracting in-
formation from these signals allows us to obtain the medium characteristics and,
hence, the system design for environmental study, climate monitoring, and de-
fense applications can be achieved efficiently. The frequency content embedded
in the ocean acoustics time-series is one of the quantities that has been exten-
sively utilized for the ocean acoustics inversion since it occupies the ability to
exhibit the dispersion characteristic of the ocean acoustics signals. To accom-
plish this task, we worked on the frequency domain via the short time Fourier
transforms (STFTs) to identify the modal frequencies of the ocean acoustics
signal. This is done by constructing the replicas of the original signal and then
formulating the likelihoods to perform Bayesian inference on the modal frequen-
cies [1, 2].

An appropriate processor framework to handle the noise in such a way that
the impact on the embedded information of interest is minimized can be ob-
tained from the ability in dealing with the characterization of the signal and
that of the noise. This characterization is to capture the stochastic model that
relates statistical properties of the information and noise effectively. The diffi-
culties, however, can be regarded as the uncertainty of noise identification. In
other words, when the statistical properties of noise are not easily determined,

consequently, the characteristic of the noise may not be justified precisely. As
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for the view of filtering, the accuracy of the estimated parameters of interest
cannot be satisfied. Simple Bayesian filtering methods may fail to give satisfac-
tory results. Not only does the noise characterization has the capability of the
filtering, most physical systems in practice are classified as nonlinear systems,
thus dictating the complexity of the mathematical models used for describing
the observed data and the interested parameters. These complications have
brought engineers and scientists to focus on a sophisticated filtering approach
that can deal with these problems effectively.

A Particle filtering framework, a class of sequential Monte Carlo method, is
concerned with the estimation of the underlying posterior probability distribu-
tion of a random data of interest for performing statistical inferences, allowing
the extraction of the desired information from noisy measurement data. This
kind of filtering framework has started from the Kalman Filter (KF) [3]. It is
the very first well-known filter in sequential Bayesian filtering framework and it
delivers an optimal estimator for the minimum mean squared error goal. The
assumption for the implementation of this filter is that the evolution of the
unknown parameters is classified in the cases of Gaussian and additive pertur-
bations, the additive Gaussian noise model present in the observed data, and a
linear function describing the measurements and state vector parameters.

Many practical systems in real world problems are nonlinear /non-Gaussian
and non-additive noise systems, therefore, a simple filtering framework can-
not work with these systems properly. Consequently, the generalizations of the
standard KF filter are required to handle such kind of problems. In literature,
variants of the KFs were proposed and implemented for solving those prob-
lems including extended Kalman filter (EKF) [4, 5, 6], unscented Kalman filters
(UKFs) [7], and ensemble Kalman filter (EnKF) [8]. Unfortunately, a large
number of problems with highly nonlinear models and complex noise processes
are not easy to deal with, and they require a computational or numerical ap-
proach for the formulation of the desired posterior PDF's and the inferences on
the state parameters. Particle filtering is a powerful framework to deal with

nonlinear filtering developed for such scenarios using stochastic computational
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techniques for nonlinear/non-Gaussian systems, which comes into the consid-
eration. Some problems in ocean acoustics that the particle filtering approach
was used are reported in the literature [1, 9, 10, 11, 12, 13, 14]. In addition, it
was also used in acoustic source tracking application which can be found from
the work in [15].

Conventional particle filter is implemented based on the sequential impor-
tance resampling (SIR) algorithm. This formulation usually initiates the sam-
pling impoverishment problem, leading to the situation that the particles suffer
from the loss of their diversity. This stems from the fact that the particle filter-
ing method formulates new samples from a set of discrete random numbers for a
representation of the continuous probability distribution. For the extreme case,
when SIR recursively performs, only one particle is used to represent a whole
parameter space, thus resulting in a failure of the process. There are develop-
ments of enhancing algorithm in order to remedy this problem as found in the
studies done by [16, 17, 18]. We extended the work in [19] to this study to im-
prove the performance of the PF for the identification of the modal frequencies
and dispersion curves of the ocean acoustics signals.

The remainder of this paper is structured as follows. Section 2 provides a
short review of particle filtering framework and describes the adaptive resam-
pling scheme. Section 3 presents a mathematical ocean acoustics modelling via
the time-frequency space of the ocean acoustics signals that were propagated
in the medium. We discuss in Section 4 how the PF formulation based on the
constructed ocean acoustics model can be constructed to identify the modal
frequencies and estimate the dispersion curves. In Section 5, we present the
results of the modal estimates from particle filters; ones from the conventional
resampling scheme and ones from adaptive resampling method. Section 6 is de-
voted to the dispersion tracking. We show in this section the evidences that the
adaptive resampling method offers better tracking results than the conventional

resampling. Conclusions follow in Section 7.
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2. Particle Filtering with Adaptive Resampling Scheme

2.1. Sequential Filtering Framework and Particle filter

Working in a sequential filtering framework, we implemented PFs for iden-
tifying the trajectories of the modal frequencies of the ocean acoustics signal
with time. It must be clearly noted here that the KF families cannot be ap-
plied to our problem because the relationship between the observed data and
the state parameters (modal frequencies) is nonlinear. To utilize the PF frame-
work, let Xy = [x1,X2,...,Xg] be the sequence of the unknown state vectors
and Yi = [y1,¥a,---,¥s] be the set of the observations measured at the first
k time steps. The goal of the method is to gather the posterior PDF of the
unknown state parameters when the observed data is available at time step k,

p(Xk|Yx), and it can be given as:

(Y5 Xk)p(Xo)
p(Yy) ’ M)

where p(Xg) is the prior density and we assume it to be a uniform density in

p(Xk|Yr) =

this work, i.e., the chance of the existence of the modal frequencies is assumed
to be equal over the search interval. The observation y,, is independent of the
states at all other times and we assume that the observation data up to step k
are also independent. To justify the possible states when the data is observed,
we constructed the likelihood function based on the assumption explained above
as p(Yi|Xg) = Hle p(y;|Xk). In addition, the first order Markov process is

considered, incorporating the prior density allows us to rewrite Eq.(1) as:

k
P(Xo i=1 P\Y ;1% )P\X4|Xi—1
Py - P ILyeelrin) o
The construction of the state space model is typically based on two equations
as follows:
Xy = fr—1(Xp—1, Vi-1), (3)
and
Y = gr(Xk, Wi). (4)
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The first one is the state equation that describes how the states evolve with
time. The transition of the states from the consecutive time is followed the
nonlinear function fx_; under the first order Markov process as given in Eq.
(3). The second equation, Eq.(4), is called the observation equation that de-
scribes the relation between the observation data and the state vector through
a nonlinear function g;,. Both f;, and g, are known in this work which will be
discussed later. The state and observation noise quantities are declared as vy,
and wy, respectively.

For particle filtering, at each time step, the approximated probability density
p(Xk|yx) is built by the probability mass function (PMF) using a set of random

samples with their associated weights as

N
pxilye) = ) wid(xn —xj) ()
i=1
and '
,  p(XLlY
wi (X% Yk) 6)

(X |Yr)
where § is the Dirac delta function, and N is the number of particles used
in the approximation. The accuracy of the filter, i.e., the performance of the
approximated distribution to the continuous density, increases as the increasing
of N [20, 21]. In other words, Zf\]:l wi(xk — %) — p(xklys) as N — oo. The
quantity q(X};|Yk) is the importance density. Since we assume that our process
follows the first order Markov process, the results from the previous time step
k — 1 and the importance density can be chosen whereas the minimization of
the IS errors is achieved, we therefore obtain the importance weight for each

particle as (for full derivation details, please consult [21])

wy = p(yr|x})wj,_1- (7)

One way the SIS performance can be sabotaged is by seeing that the vari-
ance of the importance weights always increases monotonically over time. After
running a filtering process for a few iterations, only few particles tend to oc-

cupy high weights but close to zero for the rest. In some extreme cases, just
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only one particle is a survival and it holds a unit weight. This means that the
diversity of particle distribution is not achieved and this results in the failure of
the posterior probability distribution representation by using this framework.
This problem is called degeneracy. There has been number of improvements
from the proposed algorithms to overcome the degeneracy problem; the wildly
use method is called a resampling process, an extra step that is performed after
particle weight calculation. The trick of the resampling is eliminating small im-
portance weight particles and, on the other hand, those of the large weights are
regenerated. The amount of regeneration depends on the importance weights of
the parent particles. We call the process that combines SIS and resampling as
sequential importance resampling (SIR) [22]. The resampling step is typically
performed when the effective number of particles N¢// falls below a threshold

as discussed in [23, 24, 25]. The effective number of particles is determined as

N = S e ®

2.2. Adaptive Resampling

Even with the resampling step reducing the effects of degeneracy, new prob-
lems still occurs [21]. First, resampling step introduces the limitation of the
ability to parallelize the SIS algorithm because all weights have to be summed
during normalization. Second, the assumption of statistical independence is
no longer valid after resampling. Therefore, convergence issues are generated
along the process if resampling takes a serious loss of particle validity. For some
cases, a problem that may arise after resampling is the loss of particle diversity
due to all of the particles being identical as a result from a replication of those
particles with high importance weights, breaking down to a noninformative dis-
tribution. This is well-known as sample impoverishment which is commonly
exhibited when the noise level in the observed data is low. Recently, there are
some developments of PFs [17, 21, 26, 27] that have been designed to resolve

these problems.
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In this work we incorporated the adaptive resampling scheme for eliminating
the loss of particle diversity problem. This is one of the main concerns of the
conventional SIR problems. The scheme was introduced in a seismic event
tracking application [16] and it was successfully applied to the PF for frequency
estimation using a time-varying autoregressive model [19]. New particles for
the next state are constructed based on the weights of their parent particles.
Number of the offspring particles, mi = {N wﬂ + M, is calculated and then
the process generates the offspring particles from their parents N'(zi, \}). M is
an integer chosen empirically. Note that {o] creates the roundup to the nearest
integer. Amount of new particles also depends on the weights of their parents
and the quantity A, called fission factor, that is used to control the offsprings

construction. The fission factor of the ith particle can be computed by [16]

i

wy, — W )}—17 )

‘= [1 + exp(ﬁ
max wy, — Wk
K3
where wj, represents the mean of the weights at time step k. Then we create
new particles based on the parent particles and the corresponding fission factor

as

] ~ N}, Ay, (10)

where :1:{c and z}, are the offspring the parent particles, respectively.

Eq. (9) works as follows: if a parent particle occupies low weight, the higher
fission degree is obtained, dictating the process to create higher quality particles.
On the other hand, if the parent particle has high weight, the lower fission degree
acts as a protector to conserve the high quality parent particle. In summary,
the adaptive resampling process creates a new better set of particles based on
the importance weights of their parent particles, and then propagates this new

set into the next time step.
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3. Modal Frequency Approach in Time-Frequency Representation of

Ocean Acoustics Model

The evolution of the frequency content of an acoustic signal with time plays
a key role as a “footprint” of the propagation medium. This is typically the
case with broadband signals with frequencies of a few hundred Hz propagating
from long distances in underwater environments. The frequency content with
time exhibits the variation pattern as a result of dispersion characteristics of
the waveguide, allowing the estimation of modal arrival times and amplitudes
for various modes and frequencies within each mode.

The ocean acoustics model in the time-frequency space can be considered
as a broadband acoustic signal received at a hydrophone. The acoustic signal

received at a hydrophone in the ocean can be expressed as

1 +Oo ’ ’ ’ ’
p(r, z, 20, 1) = > Z/ ww )Gp(r, 2, zp,w Yexp{i(w t — kpr — %)}dw . (11)

where r represents the distance between source and receiver, z and z, are the
source and receiver depths, respectively, k, stands for the modal wave number,
1 is the source spectrum, w = 27 f, where f is frequency in Hz and

ivm
p(2r )V 2k

where U, are orthogonal, normalized, depth-dependent functions, and p(z,.) is

Gn(r, 2, 2r,w) = W (2)Wn(2r), (12)

the medium density. To simplify the analysis, we consider now only one mode.

The frequency spectrum of a finite time segment of the signal is given by [28, 29]:

t+AL .
P, (w,t) = / Pn(r, 2, 2p, t)e” 7 dr, (13)
t—At

whereas the segment starts and ends at ¢t — At and t + At, respectively. Sub-
stituting the nth term of Eq. (11) into Eq. (13) and performing integration, we

then obtain

—iwt oo : o , ,
Py (w,t) = € - / pw(w )Gp(r, 2, 2, w )Sm(:‘j,fzwexp{i(w t—knr—%)}dw .
(14)

o0
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We can approximate the above quantity by using stationary phase approxima-
tion technique as explained in [29], then the squared frequency spectrum of a
finite time segment of the signal can be expressed as

™ 5| sin(w — wy ) At )2

‘k_//‘g|ﬂ(wn)Gn(T,zazrawn)| - | > (15)

" W —wpy

|Pa(w, t)* =

for |w —wn| < £5-

It can be clearly seen that the spectrum expressed in Eq. (15) has a peak at
wy, which is called a modal frequency. This observation allows us to formulate a
PF framework for tracking the instantaneous power spectral peaks to identify
the modal frequencies of the acoustic signal, which will be discussed in the next

section.

4. Particle Filtering Formulation for Modal Frequency Identification

To construct the PF equations, we here use f, for instantaneous modal
frequency instead of w,. From the above analysis, we can express the observation

equation of Eq. (4) as follows:

My,
Vi = axjlsine(f — fi;)* + wi. (16)

j=1

The quantity fi; is a value containing the modal frequency of mode j at
time step k, and My, is the order or number of modal frequencies (modes) at
time step k. The observed data yj is the squared magnitude of the Fourier
transform of the acoustics time series, and this model is considered in the fre-
quency domain. For each time step (spectrogram slice), the center of a sinc is a
position of modal frequency and it evolves with time. By connecting the modal
frequencies at all spectrogram slice, it creates full trajectories of the frequencies,
providing the estimation of a dispersive pattern of the ocean acoustics signal.
The measurement noise wy, is assumed here to be an additive, zero mean, and
normally distributed, that is, wj ~ N(0,02). It should be noted that even the
assumption of the noise is Gaussian type but the system is highly nonlinear since

the state and the observed data are related via a nonlinear function. Therefore,

10
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the PF is considered to be a framework for modal frequency and dispersion
curves tracking in this work.

Number of modal frequencies is varied with time, therefore we also need to
estimate the number of the modal frequencies for each time slice. To do so
the multiple order particle filter (MMPF) is required [30]. In addition, we also
assumed in this work that the amplitude of each modal frequency and the noise
variance are not known. Therefore, number of modal frequencies along with the
noise variance must also be estimated at every time slices; the strategies to deal
with this can be found in [1, 31, 32].

For each time step, the predicting frequency at the current step is obtained
from the frequency at the previous time and a small perturbation, vi_;. The

state equation containing those parameters to be estimated is given by
Xp = Xp—1 + Vi1, (17)

here xj, is a vector containing modal frequencies.

For each iteration, once the importance weights of particles are computed
based on the observation equation of Eq. (16) which forms the Gaussian error
model, the full joint posterior PDF for modal frequencies, modal amplitudes,

number of modes, and observation noise variance is [1],

My,
1 1 1 1

2 - 2112

P(Xx, ax, My, 05| yx) o< o2 (2ro?)F/2 LM egcp{—%z ||Yk—j§_1 akj[sinc(f—zk;)]"|"}-

(18)
where R is the length of the analysis window of the Fourier transform, ay is a
vector containing modal amplitudes that correspond to the modal frequencies at
time step k, and M}, is the number of modal frequencies at time step k. A prior
1/LMk acts as a penalization factor that protects the process from favoring a
large order. At this point, the adaptive resampling scheme is then performed in
order to obtain a new efficient set of particles for the next time slice.

The joint posterior PDFs obtained from both sampling methods are identical
by means of the form of equation. However, the approximated PDF's constructed

from both methods are different since they are formulated from different sets of

11
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particles. Since a set of particles after resampling using adaptive reasampling
method is better than the SIR method, the approximated PDF from adaptive
resampling PF (AR-PF) also represents joint PDFs that are closer to the true

ones. Simulation results to illustrate this are provided in Section 6.

5. Modal Identification

To test the performance of the AR-PF, we employed the SIR-PF and AR-PF
to the data generated for a realistic underwater medium. Fig. 1 displays a noise-
free spectrogram of an ocean acoustics signal calculated from a length of the
time-segment 180 via a short-time Fourier transform with hamming window.
A slice of the spectrogram at time 200 ms is shown in Fig. 2. We can see
that there are a few modes that appear at this time slice. It should be noted
that we can have up to six modes but the possibility for this scenario is very
low. To justify the number of modes, the filter allows itself to track model
order and the decision is based on the weights of particles. We assume that the
signal contains at least one modal component and may not exceed six modes.
Particle filter initialization is constructed with a uniform prior for the searching
frequency interval of 200-600 Hz, therefore we initiated the frequency particles
with x ~ U/[200, 600], where x ~ UJa,b] is the uniform distribution PDF with
parameters a and b. Also, the noise variance particles are initiated according to
work reported in [1].

Next we show the modal estimates from the SIR-PF and AR-PF where the
signal is clean, as seen in Fig. 3. The number or particles used in this experiment
was 500 for both filters. The results shown in Fig. 3 are the estimated spectrums
as obtained by SIR-PF that is shown with red colour, and by AR-PR as displayed
with green colour. The modal frequencies (spectral peaks) are calculated from
the highest posterior probability, i.e., the modal frequencies are identified via
the mazimum a posterior (MAP) estimator, i.e., the most frequent value of
the tracking parameter is chosen. From the results, the estimated spectrums

from both filters coincide nicely with the squared FT magnitude of the acoustic

12
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Figure 1: Spectrogram of an ocean acoustics signal.

data. This is not surprising that the SIR-PF can capture almost all of the useful
information embedded in the data since the noise level is extremely small. For
this case AR-PF may not be necessary.

We further illustrate the tracking results when the noise level becomes higher.
Noise is assumed to contaminate the signal in the frequency domain and we
added the same amount for all time slices. Since the spectrogram becomes
weaker as time progresses, a single signal-to-noise ratio (SNR) cannot be defined
but is decreasing as time evolves.

We demonstrated, with number of particles of 1000 for both filters, in Fig.
4 that the performance of the AR-PF becomes superior than the SIR-PF when
the noise level is increased. The SIR-PF can estimate the modal frequencies
in the spectrogram only with those modes that occupy high amplitudes. For
the frequencies with low amplitudes, SIR-PF fails to do so but the AR-PF.
A zoomed in version of Fig. 4 is provided to demonstrates the AR-PF. This

13
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Figure 2: A slice of the spectrogram at time 200 ms.

evidence is presented in Fig. 5 which obviously presents that a modal frequency
of 458 Hz can be captured by the AR-PF while the SIR-PF cannot track it. The
AR-PF, therefore, exhibits an excellent match between the estimated spectrum
and the observed noisy data.

Finally, we demonstrated the robustness of the AR-PF where the acoustic
signal was contaminated by a high level of noise, i.e., the SNR is low. Again,
the number of particles used for this test was 5000. The illustrating example
of the modal identification at time slide 250 ms is shown in Fig. 6. In Fig.
6(a), we show the original signal and its noisy realization, while the estimates
from SIR-PF and AR-PF, and plot of original signal are presented in 6(b). The
estimates from SIR-PF are displayed using red colour, the estimates from AR-
PF are indicated by the green colour, and the black line is the original signal.
The estimated spectrum as obtained from the AR-PF clearly outperforms that
from the SIR-PF. For this case, we obviously observed that the SIR-PF loses

14
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Figure 3: A slice of the spectrogram at time 200 ms (solid line) with the modal spectrum

constructed using the MAP estimates for the SIR-PF and AR-PF superimposed.

its capability to track the modal frequencies effectively since most peaks of the
estimates from the SIR-PF do not match with those of the original ones. On the
other hand, peaks and modal amplitudes are almost similar to the original signal,
therefore, AR-PF offers an estimated spectrum that is closed to the original
signal. Another observation is that the SIR-PF also misses a modal frequency
at 455 Hz, but not with the AR-PF. This demonstration is to emphasize the
robustness capability of the AR-PF.

6. Dispersion Tracking

We now perform the full sequential Bayesian filtering framework to obtain
dispersion curves of the ocean acoustics signal. According to the acoustic model
of the propagated signal under the dispersive media discussed in Section 3,

we utilized the particle filtering along with the adaptive resampling scheme to
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Figure 4: A slice of the spectrogram at time 250 ms (solid line) with the modal spectrum

constructed using the MAP estimates for the SIR-PF and AR-PF superimposed.

extract the modal frequencies of the acoustic signal. These frequencies form
the dispersion characteristic of the ocean acoustics property via the dispersion
curves that were obtained from the PF.

We showed in Fig. 7 the spectrogram of the noisy ocean acoustics signal. It
should be noted that the signal is weaker as time increases, therefore the SNR
cannot be defined as a single SNR for the whole signal but it is decreasing as
time evolves. We set the number of particles for this experiment to 2000 for
both filters. The tracking results from the SIR-PF and AR-PF are shown in
Figs. 8-9. For the first 350 ms, the tracks from the SIR-PF and AR-PF are not
significantly different. However, the tracks from AR-PF are better than those
from the SIR-PF as clearly seen from the present of more uncertainty in the
tracks from SIR-PF, meaning that the ability to handle the noise of the SIR-PF
is inferior to that of the AR-PF. Moreover, at time 450-475 ms, we observed
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Figure 5: Illustration of the ability of AR-PF to capture a mode with modal frequency of 458
Hz.

that the estimates from AR-PF do not deliver ambiguity but SIR-PF, as seen
at the top most tracks.

To get a better justification of the performance of the filters, we compute
the RMS error (RMSE) defined by the Lo norm averaged over K spectrogram

slides:

K A
RMSE = | = SOIIf, — £ (19)
k=1

where f;c is the vector of true values of the normalized frequencies and f k1S
the vector containing the normalized frequency estimates at time step k. The
RMSE values from both filters are shown in Table 1. Please be noted that the
SNR for each case is the average SNR over all slices since the SNR for each slice

varies with time as mentioned earlier. From the Table, for any SNR levels, the
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Figure 6: Original and estimated spectrums at time 250 ms from AR-PF and SIR-PF for low
SNR: (a) original signal (black) and its noisy realization (blue); (b) original signal (black),
estimated spectrum as obtained by the SIR-PF (red), and estimated spectrum as obtained by
the AR-PF (green).

AR-PF provides lower RMSEs than the SIR-PF. Moreover, the quality of the
estimation by the AR-PF is much better when the SNR levels become lower as
seen from much higher RMSEs for the SIR-PF compared to RMSEs for AR-PF.

Next, we present the robustness of the proposed filter by considering two
different SNRs, the SNRs vs time for the two noise levels are displayed in Fig.
10. For the SNR level of Fig. 10(a), in Fig. 11 we demonstrated how the
proposed filter is robust to the noise. It can be obviously seen that the quality
of the frequency estimates from the AR-PF is much better than those from
the SIR-PF, resulting in an excellent tracking as the dispersion curves can be
followed nicer by using AR-PF. We observed from the tracks from the SIR-
PF that the appearance of noisy tracks is more obvious as the decreasing of

the SNR. More evidence to show the robustness of the proposed filter is also
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Table 1: Prediction performance of PF via RMSE with different SNR levels.

Average SNR (dB) RMSE(SIR_pF) RMSE(AR_pF)

3 0.2122 0.1565
-3 0.2982 0.1855
-7 0.3653 0.2321
-10 0.4592 0.2959
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Figure 7: Spectrogram of a noisy ocean acoustics signal.

revealed in the tracks from AR-PF shown in Fig. 12, where the noise level for

this test is given in Fig. 10(b). The frequency estimates that were obtained

from the AR-PF is superior to those obtained from the SIR-PF, the tracks after

250 ms from the AR-PF is much better since more modes can be tracked very

us  well while the SIR-PF losses its capability to do so.

We showed in Fig. 13(a) the frequency estimates from the SIR-PF, while
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Figure 8: Frequency tracks of a noisy ocean acoustics signal as estimated by the SIR-PF.

in Fig. 13(b) the frequency estimates from the AR-PF, the average SNR level
in this case was -7 dB. The quality of the frequency trajectories from AR-PF
is maintained better than the ones obtained from the SIR-PF, especially when
the signal becomes weaker, i.e. for noisier situations. Therefore the AR-PF
offers a better estimated dispersion curves than the SIR-PF. To investigate
the capability in capturing the modal frequencies PDFs of the ocean acoustics
signal of both filters, Fig. 14 demonstrates the frequency PDF's at time 200 ms
obtained from the filters. At time 200 ms, the signal contains 3 modes: the
true values of modal frequencies are 358, 389, and 396 Hz. It is obviously seen
that the AR-PF delivers high likelihood regions to the true values and it can
detect all modes, but the SIR-PF can detect only two modes. Moreover, the
AR-PF provides lower uncertainty in frequency estimation, resulting in a better
tracking performance.

Finally, we comprehensively validated the adaptive resampling algorithm by
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Figure 9: Frequency tracks of a noisy ocean acoustics signal as estimated by the AR-PF.

varying the number of particles and average noise levels. Shown in Fig. 15 is
the Monte Carlo RMSE (MCRMSE) over all spectrogram slides K = 600 and
N, noisy realizations, the MCRMSE is defined by

K
) .
MCRMSE = K—M;Hf’k—f’kH? (20)

where f;c and fAI r are as defined previously, two-hundred realizations were run
for a Monte Carlo performance evaluation, N, = 200.

MCRMSEs are plotted against the number of particles, line with squares and
line triangles to represent the MCRMSEs for AR-PF and SIP-PF, respectively.
In the figure, blue lines with marks indicate the errors for average SNR of 3
dB; red lines with marks indicate the errors for average SNR of 3 dB; and
magenta lines with marks indicate the errors for average SNR of -7 dB. With

the number of particles increasing, the errors are significantly reduced as a result
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Figure 10: The SNR of a noisy ocean acoustics signal for two different noise levels as a function

of time.

from the approximated PDFs that are closer to the true ones, demonstrating
the advantage in using large number particles. In addition, for any SNR levels,
PF provides smaller errors for both resampling methods, but the errors from
the AR-PF are significantly smaller than the errors from SIR-PF, illustrating
the benefit of implementing the adaptive resampling instead of the conventional
resampling method. These results confirm that the AR-PF can handle the ocean

acoustics signal with a low SNR efficiently.

7. Conclusions

Mathematical and statistical models are integrated to construct the parti-
cle filtering framework along with an efficient adaptive resampling scheme for
the identification of the modal frequencies and dispersion curves tracking in

the ocean acoustics signal. The broadband acoustic signal propagating in the
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Figure 11: Frequency tracks of a noisy ocean acoustics signal with SNR of Fig. 10(a) as

estimated by: (a) SIR-PF and (b) AR-PF.

medium is considered in the time-frequency representation of the signal via
the STFTs. Each modal frequency is modelled as the squared sinc waveform
centered at the modal frequency and each time slice allows multiple modes to
appear. The adaptive resampling scheme offers a new better set of particles
that will be used for the next time step, allowing the modal frequencies and
dispersion curves to be extracted more efficiently. The simulation results show
that the AR-PF performs much better than the SIR-PF for all SNR levels. The
modal frequencies and dispersion curves are successfully tracked using the de-
veloped method and the estimates with AR-PF are substantially better than
the conventional SIR-PF, especially for low SNR. Finally, we illustrated via the
Monte carlo RMSE vs the number of particles that the tracking performance of
the AR-PF was found to be noticeably superior, obtaining much lower errors

for all SNR levels.
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Figure 12: Frequency tracks of a noisy ocean acoustics signal with SNR of Fig. 10(b) as
estimated by: (a) SIR-PF and (b) AR-PF.

Acknowledgements

This work was supported by the Thailand Research Fund (TRF) and the Of-
fice of the Higher Education Commission (OHEC) under the grant MRG6080152.
The authors would like to thank School of Information Technology, Mae Fah
Luang University for facilities support. Also, the authors would like to ac-
knowledge the advice and support of Professor Zoi-Heleni Michalopoulou at the
Department of Mathematical Sciences, New Jersey Institute of Technology, NJ,
USA.

References

[1] N. Aunsri, Z.-H. Michalopoulou, Sequential filtering for dispersion tracking
and sediment sound speed inversion, J. Acoust. Soc. Am. 136 (5) (2014)
2665-2674.



=
=

600

=]

-
™
=
=
£
(5]
=
o
o
[T

B2
(=]

=]

0 50 100 150 200 250 300 350 400 450 500 550 600
Time {ms)
800 (b)

Frequency (Hz}
B 5 3
=] =)

=]
=]

50 100 150 200 250 300 350 400 450 500 550 600
Time (ms)

Figure 13: Tracking for two filters: (a) SIR-PF and (b) AR-PF. The numbers of particles was
10,000.

[2] N. Aunsri, A Bayesian filtering approach with time-frequency representa-
tion for corrupted dual tone multi frequency identification, Engineering

Letters 24 (4) (2016) 370-377.

[3] R. E. Kalman, A new approach to linear filtering and prediction problems,
Transactions of the ASME - Journal of Basic Engineering 82 (series B)
(1960) 35-45.

[4] J. V. Candy, E. J. Sullivan, Model-based processor design for a shallow
water ocean acoustic experiment, J. Acoust. Soc. Am. 95 (4) (1994) 2038
2051.

[5] J. V. Candy, D. H. Chambers, Model-based dispersive wave processing: A
recursive Bayesian solution, J. Acoust. Soc. Am. 105 (6) (1999) 3364-3374.

[6] O. Carriére, J.-P. Hermand, J.-C. Le Gac, M. Rixen, Full-field tomography

25



t{ll

0.4

0.3

01} j/%
4 IL\ A L 2 4 T S

320 340 360 380 400 420 440 460 480
Frequency (Hz)

(b)

0.4 T

0.3
a |

0.2 |
o I

01rF || ||

0 i .ul L _&. i =0

320 340 360 380 400 420 440 460 480
Frequency (Hz)

Figure 14: The frequency probability density functions for the signal at time 200 ms. (a) The
frequency PDFs as obtained by SIR-PF and (b) the frequency PDF's as obtained by AR-PF.

and Kalman tracking of the range-dependent sound speed field in a coastal

water environment, J. Mar. Syst. 78 (4) (2009) S382-S392.

[7] C. Yardim, P. Gerstoft, W. S. Hodgkiss, Sensitivity analysis and perfor-
mance estimation of refractivity from clutter techniques, Radio Science 44

(2009) RS1008.

[8] O. Carriére, J.-P. Hermand, J. V. Candy, Inversion for time-evolving sound-
speed field in a shallow ocean by ensemble Kalman filtering, IEEE J.
Oceanic Eng. 34 (4) (2009) 586-602.

[9] J. V. Candy, Environmentally adaptive processing for shallow ocean ap-
430 plications: A sequential bayesian approach, The Journal of the Acoustical

Society of America 138 (3) (2015) 1268-1281. arXiv:https://doi.org/

26



435

440

0.6 T T T T T T T T

=—f—A\R-FF 3dB
=== SIR-PF 3dB
05k == pAR-PF -3dB | |
=== SIR-FF -3dB
== AR-PF -7 dB
=== SIR-PF -7 dB

.
B e R AL NP GNP N

e

&=
-...__‘e‘___.*

bom.
AR St - S PPN

RMSE
=
‘o

S

) . . . . . . . .
1000 2000 3000 4000 5000 6000 7OOO 8000 9000 10000

MNo. of particles

Figure 15: Comparison of PF estimation performance at average SNRs of 3, -3, and -7 dB:

RMS errors are plotted vs the number of particles.

[11]

[12]

10.1121/1.4928140, doi:10.1121/1.4928140.
URL https://doi.org/10.1121/1.4928140

N. Aunsri, S. Hemrungrote, A Bayesian approach for frequency estimation
using TV AR model for ocean acoustics time-series, in: Proceedings. Asia-
Pacific Signal and Information Processing Association Annual Summit and

Conference (APSIPA), 2014, pp. 1-4.

Z.-H. Michalopoulou, N. Aunsri, Environmental inversion using dispersion
tracking in a shallow water environment, J. Acoust. Soc. Am. 143 (3) (2018)
EL188-EL193. doi:10.1121/1.5026245.

C. Yardim, Z.-H. Michalopoulou, P. Gerstoft, An overview of sequential
Bayesian filtering in ocean acoustics, IEEE J. Oceanic Eng. 36 (1) (2011)
73-91. doi:10.1109/J0E.2010.2098810.

27



445

450

455

460

465

470

[13]

[14]

[16]

[17]

[18]

[19]

R. Duan, K. Yang, F. Wu, Y. Ma, Particle filter for multipath time de-
lay tracking from correlation functions in deep water, The Journal of the
Acoustical Society of America 144 (1) (2018) 397-411. arXiv:https:
//doi.org/10.1121/1.5047671, doi:10.1121/1.5047671

URL https://doi.org/10.1121/1.5047671

Z. Yang, H. Zhao, W. Xu, Bayesian passive acoustic tracking of a cooper-
ative moving source in shallow water, IET Radar, Sonar Navigation 8 (3)

(2014) 202-208. doi:10.1049/iet-rsn.2012.0338.

K. A. Steen, J. H. McClellan, O. Green, H. Karstoft, Acoustic source
tracking in long baseline microphone arrays, Applied Acoustics 87 (2015)
38 — 45. doi:https://doi.org/10.1016/j.apacoust.2014.06.002.

URL http://www.sciencedirect.com/science/article/pii/

S0003682X14001534

X. Han, H. Lin, Y. Li, H. Ma, X. Zhao, Adaptive fission particle filter for
seismic random noise attenuation, IEEE Geoscience and Remote Sensing

Letters 12 (9) (2015) 1918-1922.

P. Malarvezhi, R. Kumar, Particle filter with novel resampling algorithm:
A diversity enhanced particle filter, Wireless Personal Communications.

84 (4) (2015) 3171-3177.

C. Musso, N. Oudjane, F. LeGland, “Improving regularised particle filters”
, in A. Doucet, N. de Freitas, and N. Gordon, Sequential Monte Carlo

Methods in Practice, Springer, New Jersey, 2001.

N. Aunsri, A TVAR particle filter with adaptive resampling for fre-
quency estimation, in: 2016 International Symposium on Intelligent Sig-
nal Processing and Communication Systems (ISPACS), 2016, pp. 1-5.
doi:10.1109/ISPACS.2016.7824772.

J. V. Candy, Bayesian Signal Processing: Classical, Modern and Particle
Filtering Methods, John Wiley & Sons, New Jersey, 2009.

28



475

480

485

490

495

[21]

[22]

[23]

[24]

[25]

[26]

B. Ristic, S. Arulampalam, N. Gordon, Beyond the Kalman Filter: Particle
Filters for Tracking Applications, Artech House, Boston, MA, 2004.

A. F. M. Smith, A. E. Gelfand, Bayesian statistics without tears: A

sampling-resampling perspective, Amer. Statistician 46 (1992) 84-88.

N. J. Gordon, D. J. Salmond, A. F. M. Smith, Novel approach to
nonlinear /non-Gaussian Bayesian state estimation, IEE Proc. F, Radar

and Signal Processing 140 (2) (1993) 107-113.

A. Doucet, S. Godsill, C. Andrieu, On sequential Monte Carlo sampling
methods for Bayesian filtering, Statistics and Computing 10 (3) (2000)
197-208.

A. Kong, J. S. Liu, W. H. Wong, Sequential imputations and Bayesian
missing data problems, J. Amer. Statist. Assoc. 89 (425) (1994) 278-288.

0. Cappé, S. Godsill, E. Moulines, An overview of existing methods and
recent advances in sequential Monte Carlo, Proc. IEEE 95 (5) (2007) 899-
924.

F. Gustafsson, F. Gunnarsson, N. Bergman, U. Forssell, J. Jansson,
R. Karlsson, P. J. Nordlund, Particle filters for positioning, navigation,

and tracking, IEEE Trans. Signal Process. 50 (2002) 425-437.

Z.-H. Michalopoulou, A Bayesian approach to modal decomposition in

ocean acoustics, J. Acoust. Soc. Am. 126 (5) (2009) EL147-EL152.

T. C. Yang, A method for measuring the frequency dispersion for broad-
band pulses propagated to long ranges, The Journal of the Acoustical So-
ciety of America 76 (1) (1984) 253-261.

J. R. Larocque, J. P. Reilly, W. Ng, Particle filters for tracking an unknown
number of sources, IEEE Trans. Signal Processing 50 (12) (2002) 2926—
2937.

29



[31] C. Andrieu, M. Davy, A. Doucet, Improved auxiliary particle filtering: ap-
plications to time-varying spectral analysis, in: 11th IEEE Signal Process-

500 ing Workshop on Statistical Signal Processing, 2001, pp. 309-312.

[32] Z.-H. Michalopoulou, R. Jain, Particle filtering for arrival time tracking in
space and source localization, J Acoust. Soc. Am. 132 (5) (2012) 3041-3052.
doi:10.1121/1.4756954.

30



REFERENCES

C. Andrieu and A. Doucet. Joint Bayesian model selection and estimation of
noisy sinusoids via reversible jump MCMC. [EEE Trans. Signal Processing,
47(10):2667 2676, Oct 1999.

M. Arulampalam, S. Maskell, N. Gordon, and T. Clapp. A tutorial on particle
filters for online nonlinear /non-Gaussian Bayesian tracking. IEEE Trans. Signal
Process., 50:174-188, 2002.

N. Aunsri. A TVAR particle filter with adaptive resampling for frequency estima-
tion. In 2016 International Symposium on Intelligent Signal Processing and
Communication Systems (ISPACS), pages 1-5, Oct 2016.

N. Aunsri. Effect of window functions on the sequential bayesian filtering based
frequency estimation. In The 21st International Symposium on Wireless Personal
Multimedia Communications (WPMC- 2018),, pages 411-415, 2018.

N. Aunsri and S. Hemrungrote. A Bayesian approach for frequency estimation
using TV AR model for ocean acoustics time-series. In Signal and Information
Processing Association Annual Summit and Conference (APSIPA), 2014 Asia-
Pacific, pages 1-4, Dec 2014.

N. Aunsri and Z.-H. Michalopoulou. Sequential filtering for dispersion tracking and
sediment sound speed inversion. J. Acoust. Soc. Am., 136(5):2665-2674, 2014.

G. E. P. Box and G. C. Tiao. Bayesian Inference in Statistical Analysis. Addison—
Wesley, New York, 1992.

J. V. Candy. Bayesian Signal Processing: Classical, Modern and Particle Filtering
Methods. John Wiley & Sons, New Jersey, 2009.

O. Cappé, S. Godsill, and E. Moulines. An overview of existing methods and recent
advances in sequential Monte Carlo. Proc. IEEE, 95(5):899-924, 2007.

T. Chen, L. Liu, and L. Guo. Joint carrier frequency and doa estimation using
a modified ula based mwc discrete compressed sampling receiver. [IET Radar,
Sonar Navigation, 12(8):873-881, 2018.

H. Dong and S. E. Dosso. Bayesian inversion of interface-wave dispersion for seabed
shear-wave speed profiles. IEEE Journal of Oceanic Engineering, 36(1):1-11,
2011.

A. Doucet, S. Godsill, and C. Andrieu. On sequential Monte Carlo sampling methods
for Bayesian filtering. Statistics and Computing, 10(3):197-208, 2000.

124



[13] F. Gustafsson, F. Gunnarsson, N. Bergman, U. Forssell, J. Jansson, R. Karlsson, and
P. J. Nordlund. Particle filters for positioning, navigation, and tracking. /FEE
Trans. Signal Process., 50:425-437, 2002.

[14] X. Han, H. Lin, Y. Li, H. Ma, and X. Zhao. Adaptive fission particle filter for
seismic random noise attenuation. IEEE Geoscience and Remote Sensing Letters,
12(9):1918-1922, Nov. 2015.

[15] R. V. Hogg, J. W. McKean, and A. T. Craig. Introduction to Mahematical Statistics.
Pearson Prentice Hall, 6th edition, 2005.

[16] C. Hory, N. Martin, and A. Chehikian. Spectrogram segmentation by means of
statistical features for non-stationary signal interpretaion. IEEE Trans. Signal
Processing, 50(12):2915-2925, 2002.

[17] R. E. Kalman. A new approach to linear filtering and prediction problems.
Transactions of the ASME - Journal of Basic Engineering, 82 (series B):35-45,
1960.

[18] A Kong, J. S. Liu, and W H Wong. Sequential imputations and Bayesian missing
data problems. J. Amer. Statist. Assoc., 89(425):278-288, 1994.

[19] J. R. Larocque, J. P. Reilly, and W. Ng. Particle filters for tracking an unknown
number of sources. IEEE Trans. Signal Processing, 50 (12):2926-2937, 2002.

[20] C. Li, S. E. Dosso, H. Dong, D. Yu, and L. Liu. Bayesian inversion of multi-
mode interface-wave dispersion from ambient noise. IFEE Journal of Oceanic
Engineering, 37(3):407-416, 2012.

[21] P. Malarvezhi and R. Kumar. Particle filter with novel resampling algorithm:
A diversity enhanced particle filter.  Wireless Personal Communications.,
84(4):3171-3177, 2015.

[22] Z.-H. Michalopoulou. A Bayesian approach to modal decomposition in ocean
acoustics. J. Acoust. Soc. Am., 126(5):EL147-EL152, 2009.

[23] Z.-H. Michalopoulou, M. B. Porter, and J. P. Ianniello. Broadband source localization
in the Gulf of Mexico. J. Comput. Acoust., 4:361370, 1996.

[24] Zoi-Heleni Michalopoulou and Nattapol Aunsri. Environmental inversion using
dispersion tracking in a shallow water environment. The Journal of the Acoustical
Society of America, 143(3):EL188-EL193, 2018.

[25] Zoi-Heleni Michalopoulou and Andrew Pole. Sediment sound speed inversion with
time-frequency analysis and modal arrival time probability density functions.
The Journal of the Acoustical Society of America, 140(1):EL131-EL136, 2016.

[26] L. Pei, D. Liu, D. Zou, R. Lee Fook Choy, Y. Chen, and Z. He. Optimal
heading estimation based multidimensional particle filter for pedestrian indoor
positioning. IEEE Access, 6:49705-49720, 2018.

125



[27] G. Potty, J.H. Miller, P. Dahl, and C.J. Lazauski. Geoacoustic inversion results from
the ASTAEX East China Sea Experiment. J. Acoust. Soc. Am., 29 (4):1000-1010,
2004.

[28] S. D. Rajan and K. M. Becker. Inversion for range-dependent sediment compressional-
wave-speed profiles from modal dispersion data. I[EEE Journal of Oceanic
Engineering, 35(1):43-58, 2010.

[29] B. Ristic, S. Arulampalam, and N. Gordon. Beyond the Kalman Filter: Particle
Filters for Tracking Applications. Artech House, Boston, MA, 2004.

[30] Alam Abbas Syed, Qiyu Sun, and Hassan Foroosh. Frequency estimation of sinusoids
from nonuniform samples. Signal Processing, 129:67 — 81, 2016.

[31] P. Taveeapiradeecharoen, K. Chamnongthai, and N. Aunsri. Bayesian compressed
vector autoregression for financial time-series analysis and forecasting. [FEFE
Access, T:16777-16786, 2019.

[32] S. Tomar and P. Sumathi. Amplitude and frequency estimation of exponentially

decaying sinusoids. [EFEE Transactions on Instrumentation and Measurement,
67(1):229-237, Jan 2018.

[33] E. E. Tsakonas, N. D. Sidiropoulos, and A. Swami. Optimal particle filters for tracking
a time-varying harmonic or chirp signal. IEEFE Transactions on Signal Processing,
56(10):4598-4610, 2008.

[34] F. Yang, L. Zheng, and Y. Luo. A novel particle filter based on hybrid deterministic
and random sampling. IEEE Access, 6:67536-67542, 2018.

[35] T. C. Yang. A method for measuring the frequency dispersion for broadband pulses
propagated to long ranges. The Journal of the Acoustical Society of America,
76(1):253-261, 1984.

[36] I. Zorych and Z.-H. Michalopoulou. Particle filtering for dispersion curve tracking in
ocean acoustics. J. Acoust. Soc. Am., 124(2):EL45-EL50, 2008.

126



