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ABSTRACT 

In this work we present an evaluation of kernel-based methods of estimating 

spectral density statistics compared to histogram-based methods based on evaluations of 

fine structures. The data is from the Monterey Accelerated Research System, where 

month-long windows of data from February 2019 to January 2021 were preprocessed to 

provide 30-second power averages for analysis.  The data was processed in MATLAB 

where it was analyzed through traditional histogram and kernel-based methods to 

produce spectral probability densities (SPD). The structure presented in the respective 

SPDs for each method was compared to determine where the methods converge, what 

differences appear, and which method performs best. Performance was analyzed through 

a statistical analysis of physical noise sources, specifically wind speed at the surface of 

the water. We developed a simple classifier that can categorize ambient noise data as 

being associated with high wind speed or low wind speed, which demonstrates a distinct 

difference between days with similar noise level characteristics and different noise level 

characteristics. This classifier was optimized in the 200-400 Hz range, where the statistics 

for the dataset for accuracy, precision, recall, and F-value were 0.6302, 0.6317, 0.9936, 

and 0.7706, respectively, with a windy vs. non-windy threshold value set at 65 dB re 1 

μPa/√Hz. We found that for the chosen time duration of analysis window, the classifier 

had similar performance regardless of method. 
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Executive Summary

Passive acousticmonitoring (PAM) is the technology that allows us to collect and analyze the
ambient noise data for this thesis. PAM outputs large quantities of data, which necessitates
the use of machine learning techniques to automate processing and analysis data. This
thesis seeks to gauge the performance of kernel-based methods compared to conventional
histogram methods. This performance is analyzed through the scope of a statistical analysis
of wind-induced ambient noise. We also seek to analyze the effect the smoothing aspect of
kernel density estimators has on spectral features in the power spectral densities (PSDs) and
spectral probability densities (SPDs).

This thesis employs several methods to analyze the data, starting with the conventional
method of presenting acoustic data, the PSD. This is followed by the slightly more advanced
method of the SPD. From the SPD, we can perform a pairwise distance analysis to compare
the SPDs contained in different time segments to each other to establish categorizations of
ambient noise based on the effect of wind speed at the surface. From this, we can build a
classifier based on the mean values of the SPDs to predict whether a particular segment in
time is windy based solely on the ambient data.

The results show that there are no significant differences in the obvious spectral features
when comparing kernel-based methods with the histogram method. The pairwise distance
analysis establishes a clear relationship between wind speed and ambient noise level as
well as establishes an optimal frequency range where the ambient noise is dominated by
the wind speed. The simple classifier is able to perform well on average for each month,
but it also establishes that there is negligible difference in performance between the kernel
density estimator and histogram method.

Future works based on this thesis could involve reducing the high resolution present in the
PSDs from the fast fourier transform analysis by using large-scale automated analysis on
real-time data in order to fully utilize kernel density estimation. On the other hand, while
the efforts for this thesis examine the influence of high wind events on acoustic spectral
probability density curves, follow-on efforts could lead to similar classifiers to distinguish
vessel types or other signals that can impede a sonar system’s performance.
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CHAPTER 1:
Introduction

1.1 Motivation
Passive acoustic monitoring (PAM) of the ocean is important because it allows us to
measure, monitor, and identify sources of sound [1]. The advances in PAM technology
have driven the development of autonomous recording units in the form of gliders, drifting
platforms, and cabled ocean observatories [2]. The latter, cabled ocean observatories, are
composed of seafloor-mounted hydrophones that connect to shore stations via cables to
allow straightforward access to power and data acquisition [2].

Developing the technology to advance PAMsystems and themethodology tomost effectively
use it is relevant to the Navy, particularly for undersea warfare (USW) and anti-submarine
warfare (ASW). One of the current SONAR programs for submarines is the Acoustic Rapid
Commercial Off-the-Shelf Insertion (A-RCI). This open-architecture SONAR system uses
legacy sensors and commercial central processors in order to execute themission of detecting
surface vessels, submarines, mines, and other submerged objects while avoiding counter-
detection [3]. A-RCI uses the acoustic arrays (such as the spherical and hull arrays) and
the towed arrays in order to process acoustic data [3]. Being able to better utilize passive
monitoring systems will contribute to the mission of USW and ASW, especially when
it comes to contact detection and identification. Improving the methodologies for PAM
systems will allow the Navy to monitor signals that may interfere with SONAR systems and
identify the sources of acoustic signals.

With advancements in the PAM systems come the ability to gather large volumes of data,
and therefore the need to process these vast quantities of data. Currently, the A-RCI systems
struggle to operate effectively in high-density surface ship environments, which prompts
the need for some form of automation to assist SONAR operators. The rise of machine
learning allows us the ability to automate large-scale streams of passive sonar data.
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1.2 Problem Statement
A common acoustic metric is the sound pressure level (SPL), which expresses the RMS
acoustic pressure amplitude of a particular time window and frequency range, typically
on a decibel scale [2]. Acoustic metrics are often expressed as a dB level relative to a
reference pressure, which is 1 `%0 for underwater acoustics. A common way to express
acoustic data is through a power spectral density (PSD), which shows how sound level
varies with frequency. Specifically, PSDs describe the signal power density as a function
of discrete frequency bands [2]. The percentiles are also used to present acoustic data.
Exceedance levels — the percentile levels across frequency spectra — can be used, but
a more comprehensive analysis can be found in the spectral probability density (SPD),
which presents the empirical probability density of SPLs in each frequency band [2]. To
characterize discrete events, a spectrogram can be used, which is a common time-series plot
that shows how sound levels vary with time at each frequency.

Density estimation is commonly used to investigate features such as multimodality and
skewness in a dataset [4]. Histograms are the most commonly used density estimator, but
depending on the method of use, an alternative density estimator may be necessary. Even in
the univariate case, changing the origin— even when bin width is held constant— can alter
the presentation of the data that may introduce misinterpretations of features that emerge
in the data [4]. Kernel density estimation provides a smoother and more efficient output
to the conventional histogram method and therefore could prove to be a valid alternative
when analyzing underwater noise level statistics. To establish the effectiveness of kernel
density estimation compared to its predecessor, these results need to be processed through
a performance metric.

1.3 Research Objectives
The primary research objective is to determine whether kernel-based methods perform
better than traditional methods of estimating spectral density statistics. In order to achieve
this objective, we focus on analyzing specific case studies with a focus on physical noise
sources. These could include shipping noise or wind noise as observed by underwater
soundscape monitoring via a passive sonar system.
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Specifically, in passive sonar observations there is abundant data available for wind speed
near the surface, so we can differentiate between windy and non-windy segments of time
by analyzing the statistics of underwater noise levels.

The secondary objective is to determine whether different data features become evident
using Kernel-based methods. Since kernel-based methods have a smoothing effect, it is
possible that periodogram and spectrogram features will be more obvious but noisier.

1.4 Organization
Chapter II introduces the background of passive acousticmonitoring and the analysis of noise
sources. It then covers the background on common presentations of acoustic monitoring
and lays the groundwork for comparing histogram and kernel-based methods.

Chapter III discusses overall research methodology.

Chapter IV examines the experiment’s outcomes and includes metrics, observations, effi-
ciency, and accuracy of histogram and kernel-based methods in analyzing acoustic data.

Chapter V covers a description of the thesis work’s achievements and a list of potential
future works.

3
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CHAPTER 2:
Background

This chapter provides background and a review of the previous work on passive sonar mon-
itoring and analysis of noise sources. Passive acoustic data can be collected and relayed to
shore in near real-time due to advances in low-power instrumentation and computational
speed [5]. These measurements provide insight into natural sound sources as well as anthro-
pogenic sound sources, shipping in particular [5]. The study of ambient noise is important
to underwater acoustics since ocean acoustic signals are disrupted by the dynamics of am-
bient noise, potentially leading to a low signal-to-noise ratio and reducing the chances of
detection [6].

Studies on shipping noise using PAM technology have demonstrated a steady increase in
ambient noise levels in the low-frequency ranges over several decades [7]. Ambient noise
has increased in the 10-50 Hz range, which is dominated by shipping noise [5]. This is
proportional to the increase in shipping activity over the years, effectively providing insight
into anthropogenic noise sources. Similar insight can be sought by looking at natural noise
sources.

Understanding natural ambient noise can aid in the measurement of the processes producing
the noise as well as assess SONAR performance [8]. Given the prevalence of ambient noise
induced by wind in frequency ranges up to 50kHz, it has been shown from previous studies
that sound spectra can be predicted based on wind speed at the surface using wind speeds
from 2 to 14 m/s [8]. The METOC wind data covers a much wider range of wind speeds,
from 0 to over 15 m/s. However, the effect wind speed has on ambient noise decreases as
frequency increases, with wind having the greatest effect on ambient noise in mid-range
frequencies, which is around 500 Hz [9]. This is likely due to the production of bubbles at
high wind speeds, which scatters and absorbs sound [10].

5



Figure 2.1. From Wenz (1962), this shows how the SPL of ambient noise
can be estimated based on knowledge of sea state, shipping activity, wind,
etc. Source: [11]

Figure 2.1 shows the Wenz curve, which demonstrates how different noise sources interact
to produce particular SPLs. As stated previously, we can see howwind speed correlates with
sea state, and that its effect on ambient noise level starts at around 100 Hz and is maximized
around 500 Hz, then dropping off as frequency increases. When analyzing ambient noise
in the frequency range below 500 Hz, two wind-speed-dependent regions exist: one before
the wind speed at which waves begin breaking and one after [12].
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For the region after the formation of whitecaps, Kennedy and Goodnow showed that there
is a broad maximum at 400 Hz produced by waves breaking due to high winds, and that the
generated noise has the characteristic of dipole or doublet radiation [12]. The mentioned
methods and experiments in the above section utilized PSDs for evaluations of noises, one
of the common presentations of acoustic data. However, PSDs are not the only means of
presenting acoustic data.

2.1 Presentation of Acoustic Data
The Power Spectral Density (PSD) is a conventional method used to display acoustic noise
when investigating temporal variation, larger datasets from improved passive acoustic mon-
itoring (PAM) systems require more robust analysis techniques [13]. Merchant introduces
the idea of spectral probability densities (SPD) in his paper "Spectral Probability Density as
a Tool for Ambient Noise Analysis." To retrieve the SPD, a dataset of instantaneous pressure
samples is first divided into M segments, where each segment has N samples. Each data
segment is given by

?< (=) = |(=)
U

?(= + <#) (2.1)

where m is the segment, n is the sample, w(n) is a window function, and U is the coherent
gain factor of the window function [13]. The discrete Fourier transform (DFT) is then

%< ( 5 ) =
#−1∑
==0

?< (=)4G?(−2c8 5 =
#
) (2.2)

where f is the frequency. The DFT is symmetric around the Nyquist frequency for real
signals, so the single-sided pressure amplitude spectrum is given by

%<BB ( 5 ′) =
√

2
#
%< ( 5 ′) (2.3)

where 1 ≤ 5 ′ ≤ #/2 . The PSD is then

%(�< ( 5 ′) = 1
�
|%<BB ( 5 ′) |2 (2.4)
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where B is the noise power bandwidth of the window function given by

� =
1
#

#−1∑
==0
(|(=)
U
)2 (2.5)

A periodogram that displays how the power of the initial signal data is distributed with
frequency can be constructed as an N/2 by M matrix of the PSDs for each data segment
such that

%(� ( 5 ′, <) = 10;>�10(%(�< ( 5 ′)) (2.6)

The Spectral Probability Density (SPD) of a frequency bin can be constructed from the
histogram of the PSD M-values at frequency f’ such that

(%� ( 5 ′) = 1
"ℎ

� (%(� ( 5 ′, <), ℎ) (2.7)

where the H function represents the histogramwith a bin width h in dB re 1 `%02�I−1 [13].

Merchant shows that SPDs can reveal multimodality and outliers in the data by revealing the
underlying noise level distribution. Furthermore, SPD Analysis can preclude the masking
of low-amplitude tonals since the full dynamic range is used [13]. The combination of
these benefits makes the use of SPDs in statistical analysis preferred when comparing the
effectiveness of histogram-based methods and kernel-based methods in this thesis.

2.2 Argument for Kernel Density Estimation
Kernel density estimation provides an alternative technique to the traditional histogram
in probability density estimation. A kernel density estimation function is the probability
density function (PDF) of a chosen variable. It is defined by

5̂_ (G) =
1
=_

=∑
8=1

 ( G − G8
_
) (2.8)

where G1, G2, ...G= are the samples taken from the given distribution, _ is the bandwidth
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(which determines the amount of smoothing for an estimate), and K is a kernel smoothing
function, or kernel [14]. A kernel is a wavelength function of a window. Kernel density
estimation provides a smoother output compared to histogram methods, and this smoothing
effect does not lead to significant information loss [15], [16]. One potential drawback from
using kernel density estimation is it will underestimate the tail end of distributions [16]. This
thesis then seeks to understand whether the smoother outputs using kernel-based methods
outperform the convention of using histogram-based methods.

9
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CHAPTER 3:
Methodology

This chapter describes the experiments conducted in this thesis to compare kernel density
estimation methods for the evaluation of PSD relative to the classical approach of utiliz-
ing histograms. Parameters of kernel methods are introduced. Additionally, dataset and
performance metrics for evaluation are described.

3.1 Kernel Parameters
A kernel function needs to satisfy the condition [4]

∫ ∞

−∞
 (G) = 1 (3.1)

For this thesis, the normal, box, triangle, and Epanechnikov kernels were used. The normal
kernel is expressed by

 (G) = 1
f
√

2c
exp(− (G − `)

2

2f2 ) (3.2)

where ` is the mean of the distribution and f2 is the variance [17]. For the MATLAB
function ksdensity, the normal kernel is the default. The box kernel is expressed by

 (G) =


1 if −1
2 ≤ G ≤

1
2

0 otherwise

The triangle kernel is expressed by

 (G) = 1 − |G | (3.3)
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where |G | ≤ 1 [17]. And the Epanechnikov kernel is expressed as

 (G) = 3
4
(1 − G2) (3.4)

where |G | ≤ 1 [17]. These kernels are the kernel smoothing functions for the kernel density
estimation function referenced in Equation 2.8 from the previous chapter.

3.2 Data Background
The data comes from the Monterey Accelerated Research System (MARS). There are two
years of data pre-processed to provide 30-second averages.MARS consists of a 52-kilometer
undersea cable that carries data and power to a hub on the seafloor, where a directional
hydrophone is attached to one of the nodes at about 891 meters below the surface of
Monterey Bay [18]. The project is led by Dr. Kevin B. Smith, chairman and professor of
Physics at the Naval Postgraduate School in Monterey, CA. The directional hydrophone
samples sound at a rate of 8kHz [18]. An accelerometer-based particle motion sensor is
used to determine the direction of fluid current data. For wind data, data was collected from
the Station 46042 buoy owned and maintained by the National Data Buoy Center. The buoy
is located 27 nautical miles west-northwest of Monterey [19]. The locations of the NOAA
buoy and MARS sensor can be seen in Figure 3.1, where the asterisk indicates the location
of the NOAA buoy and the "X" marker represents the location of the MARS sensor.

The MARS sensor utilizes a vector sensor system in addition to the pressure sensor sys-
tem typical of PAM technologies. The output data is organized into four channels, which
include one omnidirectional pressure channel and three dipole velocity channels. The data
is calibrated through a calibration curve specific to each channel, which limits the opera-
tional band of the sensor to 20-1200 Hz. The data is processed in a way that is consistent
with Welch’s method, which is where a power average is taken over the time window by
performing a fast Fourier transform (fft) on 1-second windows to acquire a spectrum with 1
Hz bin width, then taking the power average over the length of time. The spectrograms are
produced by taking 1-second samples of the data and applying a 50 percent overlap between
samples, which results in spectrogram data in 1 Hz bins every half second.

12



Figure 3.1. Bathymetric Map of the Monterey Bay

3.3 Data Organization and Analysis
The kernel-based method is similar to Welch’s method. This uses smoothing to estimate
probability density functions on a spectrum. This method samples random 3D vectors
(for multivariate data) in kernels (which was previously established to be the wavelength
function of a window). The kernel is applied to each frequency bin and analyzed over a time
series.

The MATLAB function ksdensity was used to generate the probability density function
(PDF) matrices and the spectral probability density (SPD) matrices analyzed here. [kspdf,
kscenters] = ksdensity(freqvector, xbins) has the inputs of the RMS pressure data (freqvec-
tor) and a specified number of bins (xbins) to output the probability density estimate (kspdf)
and the bin centers (kscenters).

13



3.3.1 Constructing the PDF, SPD, and Percentile Matrices
For the full PDFs and SPDs, a ‘for’ loop created a 2-D matrix for the histogram PDF
and each kernel smoothing function PDF for each parameter variation. The ‘for’ loop runs
through each frequency vector in the pre-processed pressure data to build each PDF. Within
the ‘for’ loop, the code called the ‘ksdensity’ function, which processes the frequency vector
from the pressure dataset over an ‘xbins’ argument which spans the range of the pressure
dataset. ‘xbins’ is constructed with 761 points, which gives increments of 1/8 dB. The
resulting vector from ‘ksdensity’ was then normalized by the bin width. The parameters
of the ‘ksdensity’ function were varied to output arrays for the default kernel (at full, 80
percent, 50 percent, and 20 percent bandwidths), box kernel (at full, 80 percent, 50 percent,
and 20 percent bandwidths), triangle kernel (at full, 80 percent, 50 percent, and 20 percent
bandwidths), and Epanechnikov kernel (at full, 80 percent, 50 percent, and 20 percent
bandwidths).

To construct the histogram array, some extra work is needed since the ‘histogram’ function
inputs and outputs in terms of bin edges, as opposed to centers (of the bins). Bin edges
need to be converted to centers in order to compare the histogram output to the ksdensity
output, since xbins is in terms of centers for the latter function. After converting to centers,
the ‘histcounts’ function retrieved the histogram PDF, normalized with the ‘probability’
function. This allows the sum of each frequency vector to add up to one, hence verifying
integration over the PSD. A nested ’for’ loop constructed the matrices that contain the
percentiles of interest (10 percent, 50 percent, and 90 percent) for each frequency for each
time increment.

3.3.2 Confirming Smoothness of KSFE
Individual frequency bins were plotted to analyze the power spectral distribution to compare
the smoothness of kernel and histogram methods. The points of interest were at 25, 50, 100,
and 200 Hz. The frequency vectors associated with 25, 50, 100, and 200 Hz were isolated in
the PDFs of interest. Here, that was the histogram PDF, KSFE PDFs with varying kernels,
and KSFE PDFs with varying bandwidths. At each frequency, the vectors were plotted for
each bandwidth at the default kernel for comparison and the vectors for each kernel at full
bandwidth.
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3.3.3 Segmented Data Analysis
For this analysis, there is a bug in the code that is inherent in the data. Due to an artifact 
from the original code used to process the raw data, the time vector data does not add up to 
2880 30-second averages for each day. There are 45 seconds missing at the end of every 
12 hours from the data that has been provided to me. To get around this, the data was 
analyzed assuming about one less day per month. So, for February of 2019, only the first 27 
days were analyzed (since MATLAB cannot process half days using the following 
methodology).

A nested ‘for’ loop created a 3-D array for each PDF I wanted to analyze, where the 3rd 
dimension of the array is associated with the number of segments. So, the first ‘for’ loop 
indexed by time increment and the nested ‘for’ loop indexed by frequency. Within the 
nested ‘for’ loop, the ‘ksdensity’ function was called, which processes the frequency 
vector from the pressure dataset over an ‘xbins’ argument which spans the range of the 
pressure dataset. ‘xbins’ was constructed to have 761 points, which gives increments of 
1/8 dB.

The resulting vector from ‘ksdensity’ was then normalized by the bin width. The parameters 
of the ‘ksdensity’ function were varied to output array for the default kernel (at full, 
80 percent, 50 percent, and 20 percent bandwidths), box kernel (at full, 80 percent, 50 
percent, and 20 percent bandwidths), triangle kernel (at full, 80 percent, 50 percent, and 
20 percent bandwidths), and Epanechnikov kernel (at full, 80 percent, 50 percent, and 20 
percent bandwidths). The histogram arrays were constructed similarly to the methodology 
in subsection 3.3.1. This methodology was used to produce matrices segmented both by 
day and by 3-hour increments.

3.3.4 Pairwise Distance Analysis
From the day-by-day comparison, the MATLAB function pdist2 was used to compare 
multiple parameters for the pairwise distances for the different combinations of days for 
kernel and histogram PSDs. ‘pdist2’ returns the distance between each pair of observations 
specified in the input. This provides actual statistics to compare probability distributions. 
To do this, a nested ‘for’ loop was used to create a matrix where the columns contained the 
pdist2 values for each day comparison and the rows specified the frequency. An indexing 
function using the intersect command easily selected day comparisons for analysis.

The distance metrics used in pdist2 are the Euclidean, cosine, correlation, and hamming
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metrics. Given a m-by-n matrix where GB designates the row vectors G1, G2, ...G< and ~C
designates the column vectors ~1, ~2, ...~=, the Euclidean distance is defined as

32
4D2 = (GB − ~C) (GB − ~C)′ (3.5)

The cosine distance is defined as

32>B = 1 −
GB~
′
C√

(GBG′B) (~C~′C)
(3.6)

The correlation distance is defined as

32>A = 1 − (GB − ḠB) (~C − ~̄C)′√
(GB − ḠB) (GB − ḠB)′

√
(~C − ~̄C) (~C − ~̄C)′

(3.7)

The hamming distance is defined as

3ℎ0< =
#(GB 9 ≠ ~C 9 )

=
(3.8)

where ‘j’ is an index that denotes the location in the row and column vectors.

Histogram plots of all pdist2 comparisons were constructed to compare the distributions
for comparing windy vs. windy days, windy vs. non-windy days, and non-windy vs. non-
windy days under the different parameters (Euclidean, Cosine, Correlation, and Hamming).
The mean values for each distribution across each frequency were taken to plot the mean
pdist2 values for each type of comparison (windy vs. windy, etc.). From this, a couple of
frequency ranges were identified that are likely more effective than the full frequency range,
and the histograms were re-plotted with these specific frequency ranges to compare the
distributions. From the re-plotted histograms, it became evident that the 200-400 Hz range
is optimal for analysis.
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3.4 Experiment: Classification of Windy vs. Non-Windy
Noise using SPD Percentiles

This is the main performance metric to compare the two methods, being the capability to
extract wind events from spectral densities. This is also where the physical relevance of the
statistical analysis lies. Using the METOC data from the buoy, each 3-hour segment was
established as either windy or not windy by hand. To do this, the average wind speed was
calculated in meters per second and if the average was above 9.5 meters per second, the
segment was considered windy. The 9.5 meters per second comes from the average wind
speed necessary for waves to start breaking on the surface according to the Beaufort wind
scale. Assigning 1 as windy and 0 as non-windy, a vector was constructed that defines the
true class labels. A custom function called ‘classreport’ output the precision, recall, F-value,
and accuracy given a true class label vector and a classifier prediction vector.

To determine the best threshold based on the 50th percentile SPDs, a vector of the average
SPDs across all frequencies for each 3-hour segment was constructed. This vector was run
through a nested for-loop that stepped through threshold values from the lowest dB value to
the highest dB value (in the average SPD values) for each 3-hour segment. If an SPD value
was below the threshold value, it was predicted to be non-windy and assigned a value of 0 in
a new vector. Otherwise, it was predicted to be windy and assigned a value of 1. Now having
a true class label and various classifier prediction labels, the classreport function was called
to output precision, recall, F-value, and accuracy vectors where each element is comparing
the true class label to each classifier prediction label. Accuracy is defined as [20]–[22]

022DA02~ =
TP + TN

total # of positives and negatives
(3.9)

where TP is true positives and TN is true negatives. Similarly, precision, recall, and F-value
are defined as

?A428B8>= =
TP

TP + FP
(3.10)

A420;; =
TP

TP + FN
(3.11)
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� − {0;D4 = 2*precision*recall
precision + recall

(3.12)

where FN is false negatives and FP is false positives. From this, the threshold thatmaximized
accuracy, precision, and recall was identified. This methodology was repeated for each
month by only taking the average 50th percentile SPD data for the optimal frequency range
identified from the mean pdist2 value plots.
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CHAPTER 4:
Results

In this section, most important results of this thesis are presented.

4.1 KSFE and Histogram PDFs
FromFigure 4.1, it is evident that the kernel smoothing function estimate produces smoother
outputs than the histogram output while maintaining major features in the PDF. Scattered
noise at the edges of the histogram PDF were eradicated by the smoothing inherent in the
KSFE. Varying the type of kernel for the KSFE presents essentially no difference by simply
looking at the PDFs produced in Figure 4.2. Varying the bandwidth, as seen in Figure
4.3, shows that the KSFE PDF starts to more closely resemble the histogram PDF as the
bandwidth decreases, as expected.

Figure 4.1. The KSFE PDF represented here is for the full bandwidth and
the default (normal) kernel. Both the KSFE PDF and the histogram PDF
here are for the entire month of February 2019.
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Figure 4.2. Comparison of Kernel Parameters for KSFE for February 2019

Figure 4.3. Comparison of Bandwidth Variation for KSFE for February 2019

Figure 4.4 shows the 10th, 50th, and 90th percentile SPDs from January of 2020. The 90th
percentile plot picks out the very high wind events, demonstrated by how the noise levels
are much higher in the 90th percentile.
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(a) (b)

(c)

Figure 4.4. 3-Hour SPDs for JAN 2020 for the 10th (a), 50th (b), and 90th
(c) Percentiles

4.2 Smoothness of KSFE
Taking 1 Hz slices of the PSD reveals how closely the various kernels approximate the
histogram PSD in Figure 4.5. The box kernel is closest to the histogram method but all of
the kernels are within a small margin of each other. As observed from Figure 4.5, the 20
percent bandwidth does most closely match the histogram output which was predicted from
observing the PSDs.
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(a) (b)

(c) (d)

Figure 4.5. Kernel Variation Comparison for 1 Hz Slices

22



(a) (b)

(c) (d)

Figure 4.6. Bandwidth Variation Comparison for 1 Hz Slices

4.3 Pairwise Distance Analysis
From Figure 4.7, there are distinct differences in the windy vs non-windy distributions and
the windy vs windy and non-windy vs non-windy distributions for the Euclidean, cosine,
and correlation distance metrics, which indicates that there should be a threshold to predict
whether a day is windy or non-windy from the SPDs. The distributions suggest that the
cosine and correlation distancemetrics are best for picking out rare events, but the Euclidean
distance metric is useful if more sensitivity is necessary. Figure 4.8 shows that there may be
an optimal frequency range in either the 200-400 Hz range or the 600-1200 Hz range. This
is consistent with our understanding of how wind speed at the surface affects underwater
noise levels. Noise induced by wind is prominent in the high sonic band, particularly in the
200-800 Hz range [23]. This figure also shows that there is a constant, loud tonal at about
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500 Hz, which makes it difficult to analyze the data around this frequency range. This tonal
is caused by a glitch in the system with an unknown source, so it is best to not process the
data in the 200-400 Hz range.

As seen in Figure 4.9a, the 200-400 Hz frequency range has the most separated distributions
and is therefore the optimal frequency range for analyzing noise induced by wind. While
Figure 4.4 does show that there is significant noise below 200 and even 100 Hz during high
wind events, those distributions are less separated from low-wind time segments compared
to the 200-400 Hz range and the 600-1200 Hz range.

Figure 4.7. Pairwise Distance Analysis Comparison Across Entire Frequency
Range
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Figure 4.8. Mean Pairwise Distance Comparisons by Frequency
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(a)

(b)

Figure 4.9. Pairwise Distance Analysis Comparison for 200-400 Hz Band (a)
and 600-1200 Hz Band (b)

4.4 Establishing a Threshold
The accuracy in predictingwindiness ismaximizedwhere precision and recall are optimized.
This is consistent for both histogram and kernel methods. The average values across the
2019 data can be found in Table 4.1, the average values across the 2020 data can be found
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in Table 4.2, and the average values across all the data can be found in Table 4.3. The
ideal threshold to differentiate between windy and non-windy segments of time remained
constant at around 64 `%0/

√
�I except for the winter months for both 2019 and 2020,

where it increased to 67 or 68 `%0/
√
�I. This could be due to changes in the sound speed

profile in the cooler weather, thus affecting how sound propagates in the water.

Changing the frequency range to 200-400 Hz did improve the machine learning statistics
across the board. Optimizing the frequency range also lowers the ideal threshold value. The
optimal values for accuracy, precision, recall, and F-value are displayed in Tables 4.4 and
4.5 for the February 2019 data.

Machine Learning Statistic Histogram Kernel
Ideal Threshold 65 dB re `%0/

√
�I 65 `%0/

√
�I

Accuracy 0.6267 0.6267
Precision 0.6281 0.6281
Recall 0.9928 0.9928
F-Value 0.7677 0.7677

Table 4.1. Histogram vs. Kernel SPD Analysis Statistics for 200-400 Hz
Frequency Range for 2019

Machine Learning Statistic Histogram Kernel
Ideal Threshold 65 dB re `%0/

√
�I 65 `%0/

√
�I

Accuracy 0.6345 0.6345
Precision 0.6362 0.6362
Recall 0.9947 0.9947
F-Value 0.7743 0.7743

Table 4.2. Histogram vs. Kernel SPD Analysis Statistics for 200-400 Hz
Frequency Range for 2020
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Machine Learning Statistic Histogram Kernel
Ideal Threshold 65 dB re `%0/

√
�I 65 `%0/

√
�I

Accuracy 0.6302 0.6302
Precision 0.6317 0.6317
Recall 0.9936 0.9936
F-Value 0.7706 0.7706

Table 4.3. Histogram vs. Kernel SPD Analysis Statistics for 200-400 Hz
Frequency Range for Entire Dataset

Machine Learning Statistic Histogram Kernel
Ideal Threshold 72 dB re `%0/

√
�I 72 `%0/

√
�I

Accuracy 0.8194 0.8194
Precision 0.7652 0.7652
Recall 0.88 0.88
F-Value 0.8186 0.8186

Table 4.4. Histogram vs. Kernel SPD Analysis Statistics for Entire Frequency
Range for FEB 2019

Machine Learning Statistic Histogram Kernel
Ideal Threshold 69 dB re `%0/

√
�I 69 dB re `%0/

√
�I

Accuracy 0.8472 0.8472
Precision 0.8018 0.8018
Recall 0.89 0.89
F-Value 0.8436 0.8436

Table 4.5. Histogram vs. Kernel SPD Analysis Statistics for 200-400 Hz for
February 2019

It is evident from the statistics that using the kernel-based method does not improve pre-
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diction accuracy compare the conventional histogram-based method. Figures 4.10 through
4.13 display the confusion matrices for the 50th percentile SPDs for February 2019. The
upper left quadrant represents the number of true positives generated by the classifier, the
lower left quadrant represents the false negatives, the upper right quadrant represents the
false positives, and the lower right quadrant represents the true negatives. These confusion
matrices demonstrate that narrowing the frequency band to the 200-400 Hz range decreased
the number of false positives and false negatives.

Figure 4.10. Entire Frequency Range Figure 4.11. 200-400 Hz Band Only

Figure 4.12. Entire Frequency Range Figure 4.13. 200-400 Hz Band Only
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CHAPTER 5:
Conclusion and Future Work

5.1 Conclusions
This thesis work set out to demonstrate the performance of kernel-based methods with
reference to histogram methods. This performance was analyzed through the scope of a
statistical analysis of physical noise sources, specifically wind speed at the surface of the
water. We also sought to analyze the effect the smoothing aspect of kernel density estimators
had on spectral features.

We demonstrated the ability to apply kernel smoothing estimates to produce smoother PSDs
and SPDs as well as the ability to apply pairwise distance analyses to reveal categories in
the ambient noise based solely on wind speed. There were no specific spectral features
revealed through the kernel density estimates that were not already obvious through the
histogram method. The pairwise distance analysis provided an optimal frequency range to
capture ambient noise induced by wind.

Additionally, we demonstrate a simple classifier that is able to categorize ambient noise
data as being associated with high wind speed or low wind speed. The proposed approach
achieves a performance optimized in the 200-400 Hz range, where the statistics for the
entire data-set for accuracy, precision, recall, and F-value were 0.6302, 0.6317, 0.9936,
and 0.7706, respectively, with a windy vs non-windy threshold value set at 65 dB re 1
`Pa/
√
�I. Additionally, we found that for the chosen time duration of analysis, the window

classification model had similar performance with either kernel based or histogram-based
input features.

5.2 Future Work
While the efforts for this thesis examined the influence of high wind events on acoustic
spectral probability density curves, follow-on efforts could lead to similar classifiers to
distinguish vessel types or other signals that can impede a sonar system’s performance.
Since vessels not only of varying type but also of varying country of origin have potentially
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distinct acoustic signatures, this route in particular could prove useful to the Navy.

The challenge with comparing kernel-based methods and histogrammethods here is that the
PSD resolution through the fft analysis was very high, making it so the kernel-basedmethods
could not fully demonstrate the advantage that its smoothing capabilities provide. Future
work could reduce this resolution by using large-scale automated analysis on real-time data
in order to fully utilize kernel density estimation.

This thesis focused on the analysis of the omnidirectional pressure data, but future work
could also implement the vector sensor channels of the MARS data. This would add a
directional aspect to the analysis, which is relevant to the Navy since the ability to track
contacts and detect mines necessitates a directional aspect from the data.

5.3 Final Thoughts
The pairwise distance analysis provided some of the more interesting results in this thesis.
This analysis demonstrated a distinct difference between days with similar noise level
characteristics and different noise level characteristics. Since days were classified by the
level of wind speed at the surface, it is safe to say that noise induced by wind is the dominant
ambient noise source, especially for the 200-400 Hz range. The cosine and correlation
distance metrics proved to be most useful in identifying rare events. On the other hand, the
Euclidean distance metric is more sensitive to smaller or lower velocity wind events.

While building classifiers proved to be moderately successful, it did prove that there was no
difference between kernel and histogram methods when classifying windy and non-windy
segments of time. This may be due to the volume of data available for this research such
that the smoothing effect of kernel density estimation didn’t have the desired impact. There
is very high resolution in the PSDs with the fft analysis. These results may be different
with sparse data, but underwater acoustics data is seldom sparse. Having high resolution
is desirable but has the potential to be computationally expensive. There could be an
advantage to utilizing large-scale automated analysis with real-time data in order to reduce
fft resolution. Then kernel density estimation could be used efficiently here in a way that
histogram methods could not.
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