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ABSTRACT

Airborne laser bathymetry, a relatively new state-of-the-art technology for the mapping of sea
depth by using active airborne laser ranging systems, has proved successful for charting shallow waters
worldwide including Canada, Australia, and the United States. In order to improve the reliability and
efficiency of using airborne laser ranging systems, in particular, the Canadian LARSEN 500 airborne
system, for the estimation of sca depth, one- and two-dimensional (1-D and 2-D) signal prccessing
algorithms are developed. The processing involved is carried out in a two-phased approach. In phase
1, 1-D signal processing is explored. Specifically, 1-D digital smoothing is applied to the laser wavefor.s
for noise reduction. Results show that this process can remove noise while preserving the important
characteristics of the laser signal, In order to analyze the laser reflections quantitatively, a mathematical
model function that can be used to characterize the smootbed laser waveforms received by the LARSEN
500 under diverse circumstances is established. Two algorithms are also developed for the det:ction of
the peak of the laser pulse reflected from the sea surface and bottom. The algorithms have been
implemented and tested extensively with real-world LARSEN waveforms. Tests show that the algorithms
can reject noise pulses and pulses arising from turbid layers ip the sea and locate the correct pulse in
the presence of varying degrees of noise.

In order to separate the surface and bottom reflections independently of the degree of their
overlap, a waveform-decomposition technique based on a robust optimization method is developed. An
initialization scheme is also developed in conjunction with the decomposition technique which can reduce
the amount of computation required in the decomposition quite significantly. Comparison resuits
obtained from statistical analysis show that the proposed technique offers considerable potential in
improving the depth estimates particularly when the resolution between the sviface and bottom
reflections is low. In addition, it can be used to automate the depth estimation process.

In phase 11, 2-D rignal processing is used to improve the reconstruction of ocean topography from
individual depth estimates. A type of 2-D intevpolating filter is introduced to suppress impulsive noise
present in the scattered measurements. It is found that as a result of the filtering, the representation of
the sea floor, which can be in the form of 2-D contour maps or 3-D surface plots, becomes a more

accurate representation of the ocean bottom.




i
To improve the accuracy in the reconstruction, a sophisticated triangle-based 2-D interpolation
technique designed using the finite-clement method is applicd. To increase the reliability of che
reconstruction, optimal triangulated irregular nctworks are constructed before carrying out the
interpolation. In order to assess the accuracy of tire decomposition results when the resolution between
the laser reflections is very iow, a procedure which incorporates the 2-D intespolation technique is
developed.
To further enhance the reconstructed profiles, an adaptive 2-D filiering procedure is introduced,
This procedure is developed using 2-D power spectral aralysis of the depta profiles. In areas where the
signal characteristics of the bathymetric data vary rapidly, 2-D filtering based on minimum mcean-
squared error estimation is explored. It is shown that the derived filter is a 2-D spacc-variant filter and
its applicasion to bathymetric profiles collected by the LARSEN 500 system is also mplemented. Results
obtained show that these two filtering procedures are useful in reducing random noise inherent in the

reconstructed profiles which is difficult to detect and eliminate in 1-D processing,
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CHAPTER ONE
INTRODUCTION

Over the past fifty years, acoustic echo sounding bas dominated the field of hydrography and, in
pariicular, the ficld of bathymetry. The use of sound to measure water depth can be traced back to
World War 1 [1]. One of the earliest instruments used for mapping ocean topography was the echo
t-under [2). The technology of the acoustic echo sounder has improved through the years with the
introduction. of morc accurate and reliable equipment, Conventional echo sounding metbods provide
topogr=pidie data only along a single path directly beneath the track of the survey ship [3]. To achieve
adequate bottom coverage, the side-scanning sonar and the multi-narrow-beam sonar methods were
developed [4]. The side-scanning sonar method permits the measurement of the sea-bed topography for
a wide area but iz absolute depth cannot be measured. The multi-beam method has a narrower
observation rangz but it permits measurement of the true depth. Sonar systems based on the methods
mentioned above require surface vessels to carry them and thus the speed of acquisition of bathymetric
data is limited by the speed of the vessels, Moreover, hydrographic susvcy ships cannot operate safely
in shallow waters.

To increase the flexibility of opesation and the rate of coverage of a given area, several remote-
sensing techniques have been employed, for example, aerial photography {5} and satellite multi-spectral
imaging [6). Aerial photography has been tried with limited sx:>cess since water depths exceeding 10 m
are difficult to discern. In addition, the application of this technique is criticeily dependent on water
clarity, sea state, and the amount of scattered solar radiation from either the sky or the sea.
Multi-spectral imaging, though less affected by environmental variations than aerial photography, is

capable of measuring depths only up to 20 m when the sky is free of clouds in the region of interest.
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To increase the accuracy and depth weasuring capability in shallow coastal waters, aisborne lases
ranging systems have been introduced. In airborne leser buthymetry, sea depth is measured using the
light detection and ranging (LIDAR) system. [a this system, a serics of short intense pulses of
blue-green laser light are projected from the aircraft into the ocean. The laser light is reflected back
from the surface and hottom of the sca, and sea depth can be deduced from the time difference between
the surface and bottom reflections. Backscattered radiation from th: water column, carrying information
on the degrze of turbidity of the sea, is also received and can be analyzed.

The feasibility of using airborne laser techniques was first demonstrated with a system constructed
at the Syracuse University Research Corporation in 1968 [7]. This systei: ‘ncorporated a pulsed
blue-green laser and was carried on a Turbe-Commander aircraft, It measnred aepths of up to 8 m with
an estimated accuracy of £ 0.5 m in Lake Ontario. The bluc-green laser was chosen because the
wavelengths involved permit adequate depth resolution and minimize absorption of laser light in coastal
waters |8].

The first commercially built research system was the pulsed-light airborne depth soundes (PLADS}
developed by Raytheon for the US Naval Oceanographic Office [9). Flight tests were conducted over
the Gulf of Mexico in 1972. During tests in turbid coestal waters with a beam attenuation length (AL)
of 1 to 2 m, bottom profiles of up to 14 m were obtained. Attenuation length is a measure of water
clarity and is defined as the depth over which the laser power is attenuated by a facior equal to the
exponential constant e . A more recent development in the United States was an airborne oceanographic
LIDAR system (AOL) built by Avco Everett Research Laboratory, Inc. for NASA [10)-{11]. The AGL
is a spatially-scanning pulsed laser system which has two major areas of application, namely, airborne

bathymetry and laser-induced flucrometry. As an airborne laser bathymetric system operating in turbid
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waters with beam AL of 1 m, depth measurements of up to 10 m can be obtained. Another system in
the Uaited States, which is known as the airborne bathymetric survey (ABS) system, was developed by
Naval Ocean Research and Development Activity (NORDA) [12). This system combines two
independent optical sensors, namely, a laser sounder and a multi-spectral scanner, into one integrated
system.

In Australia, investigations into airborne laser hydrography began in 1972 by the Electronics
Research Laboratory at Salisbury in response to a request from the Royal Australian Navy [13]. Initial
research and development was carried out during 1974-1975 and an experimental system, the Weapons
Research Establishment laser airborne depth sounder referred to as WRELADS 1 was built in 1976, In
the following year, a series of flight trials were carried out in the waters of North Queensland including
the Great Barrier recf. A maximum depth of 40 m was measured in clear waters with a diffuse AL of
10 m. The experimental nonscanning system WRELADS 1 was followed by the scabaing system
WRELADS I which not only provided positional information for (ke soundings but also navigational
guidance for the pilot [14). Results of the flight trials showed that water depths in the 2 to 30 m range
can be meatured with an accusacy of £ 1 m. A more recent development in Australia is the laser
airborne depth sounder (LADS) [15]. New features in this system include the use of an all-digital
airborne data acquisition system and the doubling of the laser pulse rate to 168 pulses per second.

In Canada, the use of airborne laser methods in the field of hydrography was initiated by the
development of the MK I low-power neon laser bathymeter. Testing of the MK I over Kingst.'n Harbour
in Lake Ontario was carried out by the Canada Centre fur Remote Sensing (CCRS) in 1976 [16). A
second generation of the system, MK 11, is a nonscanning LIDAR system and initially served as a

complement to aerial and satellite remote sensing techniques [17). Results obtained from the Magdalen
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Islands flight trials showed that in turbid waters with beam AL of 1.4 m, depths in the range of 0.6 to
20 m were recorded. In order to increase speed, extent of coverage and flexibility, a more advanced
system, the LARSEN 500, was developed by CCRS and the Canadian Hydrographic Service (CHS) [18)-
[20]. This is an advanced airborne scanning LIDAR system designed to measure water depths in shallow
coastal waters and meets the standards of CHS. The LARSEN 500 can measure depths from 1.5 to 40
m to an accuracy of 0.3 m. Several flight tests of the system began in 1984 over numerous areas such
as the Ottawa River, Lake Ontaric, Lake Huron and Cambridge Bay {18]. In the Cambridge Bay arca,
water depths in the range of 35 to 40 in were measured with beam Al of 3.3 m. A maximum water
depth of 10 m wes measured in the highly turbid waters of the Ottawa River and more than 20 m was
measured in the less turbid waters of Lake Huron (beam Al. = 0.75 10 1 m). The concept and <y eration

of this system is briefly described ia the next sectica.

L. CONCEPT ANDP OPERATICN

The laser-beam geomet:y for the LARSZN 500 is illustrated in Fig. 1.1 and the principles of operation
are as follows. Blue-green and infi.. >d (IR) laser pulses are projected simultancously from the aircraft
into the ocean in a quasi-circular fashion. The IR pulse is scattered by the water surface whereas the
blue-green pulse is refiected back from the surface, the water column, as well as the battom of the
oceen. The surface echo is muc's stronger than the bottom return since signal attenuation in water is
much stroag:r than in air. Two separate optical channels are used to detect and process the reeeived
IR and tluc-green signals [21). In the IR optical channel, a synthetic palse is generated when the IR
reflection is received in the aircraft. This pulse is combined with the output of the blue-green optical
channel to yield a LARSEN waveform. This waveform is sampled at 2-ns iatervals and 256 consecutive
samples are digitized to 6-bit accuracy, and are then recorded. Fig. 1.2 illustrates a typical LARSEN

waveform,
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In Fig. 1.2, we note that a fixed amount of delay is introduced between the IR syntkctic pulse and
the bluc-green signals to prevent their overlap. The IR pulse scrves as a surface marker |21 and is used
with the blue-green bottora return to estimate sca depths. However, when ocean and wi ather conditions
are unfavorable, the IR reflection may not be received and, as a result, the synthetic pulse may be
absent from the waveforms. Sea depth can be estimated by measuring the time delay between the
bluz-green surface and bottom reflections by using the relation

depth ~ %
where T, is the time interval between the peaks of the blue-green surface and bottom reflections, ¢
is the speed of light in air, and 7 is the refractive index of sea water.

The shape of the waveform varies dramatically depending on sea depth and sea turbidity. Other
major factors that influence depth soundings are the shape and texture of the sea bottom, sea-surface
roughness, and the angle of the laser beam with respect to the sea surface [14). A selection of
waveforms is shown in Fig, 1.3.

The quasi-circular scanning performed by the LARSEN 500 system is generated by a scanning
depth sounder which produces a swath of 270 m wide and a uniform sounding density on a grid spacing
of 35 m with a positioning accuracy of about 15 m. The system performs a circular scan across the track
as it moves along the track. It is designed to produce a regular pattern of depth soundings on the

surface of the sea as shown in Fig. 1.4. Each arc showa in the figure consists of nine laser soundings or

nine blue-green laser pulses.

1.2 PROBLEMS ENCOUNTERED

Water quality is an important factor in the depth penctration of a laser pulse as it affects the range and

accuracy of dep'h measurement. As absorption and scattering of laser light are very strong in water [22),
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particle conteat sircigly influences the attenuation introduced. This problem is particularly serious in
coastal waters, which are prime areas for laser bathymetry, since microscopic marine life is abundant
in these areas. Backscatter from suspended and dissolved particles in water tends to weaken the
laser-signai reflections from the sea bottom [23) whereas scattering by particles causes spatia! spreading
of the laser beam [24), These effects can influence the determination of the sea depth quite significantly.

In general, different concentrations of turbid layers throughout the water column can cause
different levels of beam dispersion. Minimal dispersion occurs when the concentration of turbid layers
is near the sea bottom. On the other hand, dispersion is maximum when turbid layers is highly
concentrated near the sea surface [25]. Besides ihe turbid layers in the water column, dispersion of the
beam also increases with increasing depth. Dispersion tends to enlarge the footprint of the beam on the
se« bottom. Dificrent sea bottora compositions due to rocks, sea grass, bushes etc., can broaden the
reflected pulse therch - influencing the estimation of the depth. Furthermore, the accuracy of depth
measurement may also be affected by dense bottom vegetation, resulting in shailow depth estimates [5).

As mentioaed, each waveform consists of ciqnal reflections including a surface reflection, a volu-
metric backscatter from the water, and a weak bottom return. When the blue-green laser pulse travels
in a water column of uniform turbidity, the backscattered energy decays exponentially with increasing
depth [23]. By contrast, if the turbidity of the water column is nonuniform, distorted backscatter enve-
lopes are obianed which have spurious peaks. Fig. 1.5 is an example of this type of waveform. Other
factors that can degrade tae accuracy of depth measurement include the noise generated by the elec-
tronic equipment in the aircraft such as the laser-pulse receiving system, and noise due o ambient light.
Under daytime operation, radiation scattered from the sun and sky at the water surface can saturate the

detector and increase the background DC noise level [26] thereby distorting the depth estimation.
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To enhance the sca-depth estimation process, a number of data processing techniques have been
proposed in recent years. In [27), a waveform processing algorithm was described. The algorithm was
developed using heuristic rules to identify surface and bottom reflections from the received waveforms.
These rules involve the use of amplitude and rise-time information of the received reflections to
minimize the effects of spurious signals and noise. Sea depths are estimated by using a type ~f threshold
detector. In (28], an algorithm was proposed in which the detection of the bottom reflection in the
received waveforms involves (1) the use of a highpass filter to remove low-frequency components in the
received waveiorms, (2) the computation of a quantity known as pulse confidence for every possible
bottom return in the filtered waveform, and (3) the identification of the two pulses with the highest

pulse confidence for further processing.

1.3 SCOPE OF THESIS
The objectives of the thesis are to explore the use of signai processing to (1) improve the accuracy of
sea-depth estimation, (2) automate the estimation process, and (3) improve the representation of
sea-bed topography in the form of 2-D contour maps and 3-D surface plots for perspective displays. To
achieve these objectives, one- and two-dimensional (1-D and 2-D) digital sign.l processing algorithms
are developed for the processing of the LARSEN waveforms in a two-phased approach. In phase 1, 1-D
processing algorithms are developed to pracess each LARSEN waveform individually to obtain the best
estimates of sea-depth measurement. The depth estimates obtained in phase I are then improved further
in phase 11 by using 2-D digital signal processing algorithms.

Chapter 2 describes a set of signal processing algorithms that can be used to preprocess the
received waveforms in order to facilitate automatic sea-depth estimation. First, laser reflections received

from the ocean are interpreted in terms of their moments. On the basis of this interpretation, the
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appiication of a special class of digital smoothing filters to laser reflections for noise reduction is
explored. A mathematical model functin that can be used to characterize the smoothed LARSEN
waveforms received under diverse circumstances is next established. With the use of this model function,
two algorithms are thua developed to detect the peak of the surface and bottom reflections in the
waveforms. In laser bathymetry, the surface peak is usually strong but the bottom peak is difficult to
identify in many cases. In order to test the performance of the bottom-peak detection algorithm under
different noise and resolution conditions, simulation studies are carried out.

Sea depths estimated from the peak positions in the waveforms may be affected depending on the
resolution of laser reflections in the waveform. To address the problem of resolution directly, a
waveform-decomposition procedure is deve”aped in Chapter 3 to resolve laser waveforms into separate
signal components which represent the surface and bottom reflections. The procedure also includes an
initialization scheme which is developed for improving the efficiency of the decomposition process, based
on the results obtained from the algorithms in Chapter 2.

Depth estimates obtained through waveform decomposition are compared with corresponding
estimates obtained by a local surveying company using state-of-the-ast techniques. To gain insight into
the depth estimation process, the comparison results are analyzed with respect to different ranges of sea
depth and different ranges of resolution between laser reflections.

The depths estimated by the methods described are represented on a two-dimensional surface
forming a 2-D depth profile. To improve the represeatation of sea bed, a type of 2-D interpolating filter
is introduced in Chapter 4 to filter rogue measurements in the scattered data. A sophisticated 2-D
interpolation technique is then applied to reconstruct the sea-bed topography from the processed

scattered measurements. Next, through the incorporation of this interpolation technique, a procedure
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is designed to assess the 1-D processing results when the resolution between the laser reflections is very
low.

To enhance the reconstructed profiles, an adaptive 2-D filtering procedure which involves 2-D
power spectral analysis is developed in Chapter S. This procedure is designed to be adapted to the signal
in each region of the profile on the basis of the distribution of signal power in the frequency domain.
In this chapter, the application of estimation theory for the enhancement of laser bathymetric profiles
is also explored. Results show that the 2-D signal processing involved can enhance the laser bathymetric
profiles, thereby improving measurement accuracy in laser bathymetry.

Conclusions and directions for further research are found in Chapter 6.
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CHAPTER TWO
SMOOTHING, CHARACTERIZATION, AND DETECTION OF LASER
REFLECTIONS

2.1 INTRODUCTION

Noise embedded in laser waveforms can degrade the depth-measurement accuracy. In order to minimize
the noise present while preserving the information content of the original signal as far as possible, a
special class of smoothing digital filters is employed to preprocess the waveforms. In this chapter, we
discuss the properties of these filters and illustrate their application to the LARSEN wavcforms,

Sea depth is estimated by measuring the time delay between the water surface and sea bed
returns, Although less than 5 % of the signal is reflected back from the water surface to the receiver
[5), the bottom reflection is considerably weaker than the surface reflection because of the exponential
attenuation of light in water {8). Consequently, the detection of the surface peak is relatively simple
whereas the detection of the bottom peak requires more detailed analysis of the shape of the waveform,
Physical characterization of the preprocessed waveforms by specially selected mathematical functions
is, therefore, first studied. An algorithm designed for the detection of the surface peak is then presented.
Finally, an algorithm for the elimination of sharp spikes and high-frequency noise: and the detection of

the peak in the bottom reflection is presented.

2.2 DIGITAL SMOOTHING OF LASER SIGNALS

In laser bathymetry, the temporal position of the reflected laser pulses in the received waveforms is used
to provide sea-depth information. Accurate estimation of the temporal position of these pulses is,
therefore, necessary. Unfortunately, noise embedded in the laser waveforms, which may originate from

a variety of sources such as the electronic equipment of the recciving system and the A/D quaniization
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process, may modify the positior of the laser pulses and, therefore, can cause inaccuracies in the
sea-depth estimates. Standard lowpass filtering can remove noise in the high-frequency band but it may
also deform the information content of the signal if its spectrum extends into the high-frequency band.
Our objective in this section is to discuss a smoothing process that can remove noise while preserving
the information content of the signal up to a desired degree. To help understand such a smoothing
process, we first vepresent a signal f(¢), which may represent a laser reflection from the sea, in tel:ms
of its moments. We then describe a type of smoothing digital filter that can preserve these moments up

to a desired order while removing widcband noise.

2.2.1 Moment representation of signals
Assume that a signal (¢, of unknown form is a piecewise-continuous, bounded function, which can be

expressed in terms of a series of Hermite polynomials as

f()= 2 ApHp(t) (1)

m=0

where H,,(t) represents the Hermite polynomial of order m and

Ap =

[ae et J(OH (1) dt (22)

z"'mz Jn

represents its coefficient. Polynomials H,y,(t) for m = 0, 1, 2, ... form an othogonal set of functions
2

with respect to e ~ and the expression for these polynomials can be found in [29].

Coefficient A, in Eq. (2.2) can be expressed in terms of the moments of £(¢) [30]. By doing this,

J(t) in Eq. (2.1) can be rewritten as

f(0 = 2 %(c)um

1] (23)
Ju2

where
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‘N m 2.4
dmit) G(‘)-,-n-!- (249)
and
1 - (t-my)?
G(1)= exp | em—— (25)
2nu9 2u

The quantities my and uy are the normalized first moment and normalized second central moment of
J(¢), respectively. Except for the first three constants ¢g, €3, and 3, the values of ¢, in Eq. (24) are

obtained from the central moments of f(t). They are given by

=1, c1=¢3=0, C3=£-0 €4= — -3 ' (2.6)
32 2
W L

where c3 and c4 arc the skew and excess of f(t), respectively. Other values of ¢,), can be found in
[30]. Note that each c,,, is a function of the central moments of f(¢) which are of order m at most.
From Egs. (2.3) to (2.6), we note that signel f(t) can be completely described by its moments.
Therefore, if we can preserve the moments of f(1), we can preserve the information content of f(¢).
If the laser reflections in the waveforms are interpreted as distribution curves of photons received
at each specific instant of time, then the moment representation just meationed can be related to the
important physical features of the laser reflections. For example, the first normalized moment, i.c., the
mean m , refers to the peak position of a symmetric laser reﬂeclion; The second normalized moment,
i.e,, the variaace u5, provides an indication of the wid h of the reflection. The skew provides a measure
of the degree of asymmetry or tailing of the reflection, and the excess denotes the sharpness of the
return pulse. Our requirement in smoothing is to remove noise while preserving the moments, and hence

the physical features, of the signal. In this way, the structural parameters estimated from the waveform
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become more precise and, therefore, can enhance the results of a number of depth-estimation

algorithms including the waveform decomposition that will be discussed in Thapter 3.

2.2.2 Signal enhancement by preserving moments
The signals obtained in airborne laser bathymetry are discrete-time sequences. Suppose that we have
a discrete-time signal f(n) corrupted by white Gaussian noise w(n) with zero mean and variance 0’2‘,.
The observed signal is given by
x(n) =f(n) +w(n)

where n is the sampling index. We wish to determine f(n) from x(n) using - linear discrete-time
system in such a way that w(n) can be reduced while minimizing the distortion of f(n). If y(n) is the
response of the discrete-time system, it can be written as

yn) =y,(n) te,(n) 2.7
where y,(n) and e, (n) are components of y(n) due to f(n) and w(n), . . tively, as shown
schematically in Fig, 2.1. From Eq. (2.7), the output sequence y(n) can also be written as

y(n) =f(n) +efn) + e,y (n)
={(n) +e(n)

where ej(n) is the error signal, e, (n) is the error due to white noise, and e(n) = ef(n) +ey(n)is
the total error.
There are many types of processing that can be used in the estimation of f(n). In our case, we
reduce ¢ ,(n) by preserving the moments of f(n) up to a desired order, say L, i.c.,
Milygm)1=Milf(m)}, 1=0,1,2,.,L (28)
where M| <] denotes the /th moment in the discrete-time domain. We minimize e, (n) by minimizing

its variance, namely, ai(n).
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Fig. 2.1 Block diagram of discrete-time system.
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A discrete-time system that yiclds minimum c‘i (n) while satisfying Eq. (2.8) is described in {31].

This system is in the form of a finite-duration impulse response (FIR) zero-phase digital filter; the
impulse response of such a filter is obtained by minimizing Ej,, the energy in /i (n), such that

Mgir(n))=1  and  Mylh(n)}=0, 1=1,2,.,L (29)

When L is large, i.e., when the highest-order moment to be preserved is large, highly-detailed

original signal compcnents can be preserved at the expense of having only a small arnount of noise

reduction. On the other hand, when L is small or when only the fundamental features of the vignal need

to be preserved, noise reduction can be significant. In the processing of the LARSEN waveforms, we

find that the peak position, pulse width, and the degree of tailing or skew of the laser reflections are

important quantities to be preserved as they are useful not only in sea-depth estimation, but also, as will

be discussed in Section 2.4 and Choier 3, in examining the sensitivity of the sea-depth estimates to the

shape of the reflections. In view of this, L was chosen to be 3.
The determination of /1(n) such that requirement in Eq, (2.9) is satisfied is described in detail

in [31). For the case L =3, /i(n) can be expressed as

EKZ+3K-1-512)  |p| sk

) "3 R HER S HEK )

where 2K is the order of the filter. For a 12th-order digital filter (K =6), the impulse response is
obtained as
h(n) = .i;_s.{-u, 0,9, 16, 21, 24, 25, 24, 21, 16,9, 0, -11)
Extensive experimentation has shown that a filter order of 12 yields a good estimation of f(n)
in conjunction with excellent noise reduction. Higher filter orders can lead to more noise reduction but
the improvement is not commensurate with the increase in computational complexity or cost of

hardware required.
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Fig, 2.2 shows typical received LARSEN waveforms and Fig. 2.2 shows the corresponding
processed waveforms. By comparing the smoothed waveforms with the original waveforms, we find that
the peaks of the laser reflections become more well-defined after the reduction in background noise,
as illustrated in Fig. 2.3(a), (b), and (c) and, in general, the physical structure of the waveforms is
preserved. Fig. 2.3(b) shows that the general shape of the bottom reflection is maintained after
smoothing even when the bottom return is very weak. Fig. 2.2(c) shows that the bottom reflection lies
very close to the surface reflection. After smoothing, the peak «f the bottom return continues to be
consistent with the one in the original waveform but with the background noise removed, as depicted
in Fig. 2.3(c). We conclude, therefore, that preprocessing by an FIR filter of the type described can

bring about a significant improvement in the sea-depth estimation.

2.3 CHARACTERIZATION OF WAVEFORMS
The reflections of the laser pulse from the sea can be analyzed quantitatively by representing the
received wavefor.as by mathematical functions. The purpose here is 1o reduce a complicated process
that depends on many parameters (o a simpler one involving a small number of parameters. This data
redur.iion requires approximation and, therefore, some degree of error may be involved. However, if the
characterization of the waveforms facilitates the data processing and, further, if the parameters of the
functions turn out to be physically meaningful, then by understanding the influence of each parameter,
one can gain insight into the behavior of the process.

In characterizing the LARSEN waveforms, we have three requirements in the formulation of the
mathematical functions. They include (1) mathematical functions should not be limited to characierizing

waveforms received from specific areas of the sea with specific optical characteristics, (2) me:hematical
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functions can be obtained either analytically or numerically, and (3) since this is a data reduction
process, the total number of parameters in the mathematical functions should be kept small.

At the outset, we preprocess the raw LARSEN waveforms by the digital smoothing filter as
discussed in Section 2.2 to remove noise. Specially selected mathematical functions are then used to
characterize the smoothed waveforms. In this analysis, we assume that atmospheric effects on the laser
pulse are negligible. This assumption is valid since the atmospheric temporal dispersion of the pulse is

small and its intensity is only slightly reduced when compared to that of the transmitted pulse [32].

2.3.1 Characterization of surface reflection

In this section, we refer to the combined effects of the laser backscatter from the sea surface and the
laser backscatter from the water column as the surface reflection. The first component is primarily
asfected by the ocean surface reflectance, the ficld of view of the receiver, the scan angle of the laser
beam off nadir, etc. A detailed discussion of the effects of these facters on bactscatter can be found in
{33]). The second component, on the other hand, depends on the optical characteristics and depth of the
sea. A theoretical study of laser light backscattered from water ranging from clear to turoid is given in
[23) and an experimental study of this subject is described in [34]. Below, we attempt to characterize the
physical structure of the surface reflection in terms of mathematical functions.

We assume throughout that the turbidity of the water column is uniform. In such a case, the
backscattered energy from the water column tends to decay exponentially and, therefore, causes the
trailing edge of the reflected pulse to become asymmetrical. A mathematical function that was found
to model the effect of turbidity well is the exponentially modified Gaussian (EMG) function. This
function can yield a large variety of asymmetrical profiles that resemble the surface reflections contained

in the LARSEN waveforms.
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The EMG function is obtained via the convolution of the standard Gaussian function and an
exponential decay function and is given by
YEMG (1) = f1(t) * Lot}

where

() = hG exp [ ~(t -1G) 205

is the Gaussian function

0 = e Tu)

is the exponential decay function, and u(t) is the unit-step function

u(t) 1 fort20
0 otherwise

The convolution of f3(¢) and f5(¢) is given by the integral

YEMG(!) = -h—TG— (;”e"'/’ exp {-I(MG) ‘Vlz/ZaZG}dv (2.10)

Eq. (2.10) shows that the EMG function ygps¢;(¢) depends on four parameters: the function amplitude
hg, the time of maximum amplitude ¢, and the standard deviation o of the parcat Gaussian
function, and the time constant T of the exponential decay function.

To reduce the complexity of the expression, we normalize the function Uy introducing the variable

(t-tg)
°G

T =

which measures the time ¢ in units of the standard deviation o and Jufines the ratio

S8 @1)

T

which determines the shape of the function.

By introducing a new variable
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ol o5, -T (2.12)
°G

the EMG function can be rewritten as

-T2z (Se-TV/2 (@ perEhae

YEMG(t) = hG Sz € (S,-T)

In order to retain the original Gaussian function as a factor in th. EMG function, a modifying function

J(x) will be introduced. It is convenient to formulate the argument of this function as

x=8-T
8o that
-T2

YEMG(t) = " f(x)e

where
2 2
J(x) =5, e* /fome-g /zdt'
= S, p(x)

with

px) =¢* %2 f:e -&% d¢ (2.13)

In order to ease the computation of Eq. (2.13), we can relate p (x) to the error function to carry
out the computation. Results have shown, however, that when x is very small (x < -13) floating-point
overflow may occur in the computation in computers whose dynamic range is 10738 t0 1038, Since x
decreases with increasing T and a large T arises from a situation when the tail of the reflected pulse
from the water column is long, overflow is not uncommon in situations where the ocean depth is large.

To avoid overflow errors in the computation of the EMG function, an alternate method is
investigated. On separating the exporential term in p (x) in Eq. (2.13) from the normal probability

integral and replacing x by -z, we get




K1

2
S, /2-TS '
YEMG() =7 hg e( o/ 7 Sel (219)

where

1= (2 e_€2/2

-0 fz;-

2=T-S,

dé

and ¢ is defined in Eq. (2.12).
The integral / in Eq. (2.14) can be approximated by a polynomial expression [35) as

. A(2)B(q) forzs0

d 1-A(2)B(q) forz>0

where

2
Az) = L7272
27

s .
B(q)=.2:1 biq'
| =

and p, by, .., bs are the consténls given in Table 2.1. The method used here for the evaluation of the
EMG function has been found to be accurate and reliable in describing actual ficld data from a variety
of different areas.

TABLE 2.1

CONSTANTS IN THE POLYNOMIAL APPROXIMATION
FOR / IN EQ. (2.14).

p = 0231642 by = 178148
by = 0319382 by = -18212
by = -0356564 bs = 133027
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If we want to determine the asymmetry of the EMG function, it is important to use the ratio S,

in Eq. (2.11) rather than the absolute values of oG and 7. Fig. 2.4 shows the shape of different EMG
functions with various values of S,. As can be seen from the figure, a decrease in S, causes an increase
in the csymmetry of the pulse. On the other hand, when S, becomes very large, the EMG function will
assume the shape of the Gaussian function. By varying the fovr parameters (hg, tG, oG, and 7) of
the EMG function, we can force the amplitude, peak position, width, and asymmetry of the profile tc;

resemble the surface reflections collected by the LARSEN 500 system from different areas of the sea.

2.3.2 Characterization of bottom reflection

The bottom reflection is affectcd by a number of major factors such as sea turbidity, bottom reflectivity,
sea state and sea depth. Different sea bottom compositions due to rocks and sea grass can broaden the
reflected pulse significantly while the dispersion effects of laser pulse in water may skew the bottom
reflection. In order to solve the resolution problem described in Section 1.2 while satisfying the three
requirements listed at the beginning of Section 2.3, we characterize the bottom reflection in the

LARSEN waveforms using the Gaussian function. This function is given by

YG(1) = Amay ¥ 1 =(t ~tpag)? /20%] (2.15)

where Ay, is the maximum amplitude of the Gaussian function, ¢,,4, is the position at which the
maximum amplitude occurs, and o is the standard deviation. We use this function because its three
paramelers can be adjusted to quantify different amplitudes, peak positions, and widths of the profile.
Here, we have neglected the dispersion effects which may skew the bottom reflection. However, one
might use a more general function, like the EMG function discussed in Section 2.3.1, in order to take

care of the asymmetry of the profile.
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Two reasons for our choice of the Gaussian function are as follows. When the bottor ref ection

has an asymmetrical profile, the peak position of the skewed bot* w reflection is sensitive to two things
according to [36]: (1) the dispersion effects of laser pulse and (2) the angle at which the laser pulse
penetrates the sea. Specifically, an increase in dispersion causes a shift of the peak position to the left
resulting in a smaller depth estimate; and an increase in the penetration angle causes a shift of the peak
position to the right resulting in a larger depth estimate. The use of the symmetrical Gaussian function
in Eq. (2.15) is analogous to arsuming that, on the average, the depth bias due to the use of the peak
position to estimate sea depths is small. Our second reason for choosing the Gaussian function is that
it is relaiively well-behaved mathematically. Moreover, its analytical representatior. reduces the

computational complexity and increases the efficiency of sea depth estimation,

2.3.3 Analysis of simulated waveforms
We now wish to simulate the LARSEN waveforms represented by the function y7(¢) which is formed
by overlapping the EMG curve in Eq. (2.14) with the Gaussian curve in Eq. (2.15), namely,

yr(t) = YEMG(!) *yG(?) (2.16)
As the ratio S, determines the asymmetry of the EMG function, we would like to investigate the effect
of this ratio on the shape of y (). As can be seen in Fig. 2.5(a), for sufficiently small values of S,
the two pcaks cannot be distinguished. In this respect, a decrease in S, has a similar effect as a
decrease in peak separation. For a constant S, the loss of resolution between two peaks is most
pronounced when the trailing peak is relativeiy weak as shown in Fig, 2.5(b). This figure shows the effect
of different pulse widths of the bottom reflection on the overall simulated waveform. We see that when
the bottom reflection is broadened to a certain degree, it is totally embedded in the surface reflection

and, as a result, the sea depth information is lost, Loss of resolution between two peaks may also occur
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in the case of a stronger trailing peak. This behavior is shown in Fig. 2.5(c) which depicts the change
in the waveform shape for different peak separations. At smaller peak separations, the component peaks
may overlap to such an extent that two peaks are fused into one. In physical situations, this occurs when

the laser pulse is reflected from shoals or areas close to the shoreline where the sea water is very

shallow.

2.4 PEAK DETECTION

This section describes the algorithms developed for the detection of the blue-green surface and bottom
peaks in a waveform. The detection of the blue-green surface peak is essential for sea-depth estimation
if the IR pulse is not received by the system. Even though the IR pulse is received, the detection of the
surface peak is still necessary to provide structural information to waveform decomposition in order to
extract the bottom return from the waveform, as will be discusscd in Chapter 3. A simple algorithm for
surface-peak detection is described in Section 2.4.1. Section 2.4.2 provides an algorithm for the detection
of the bottom peak. With a reasonable knowledge of the bottom-peak position, efficicnt waveform
decomposition can be achieved which results in accurate sea-depth estimation. Alternatively, the
algorithm can be used for the direct estimation of sea depth when efficiency rather than accuracy is

preferred.

2.4.1 Detection of surface peak
Surface peaks are relatively strong in the LARSEN waveforms in most cases and, therefore, their
detection is quite simple.

To initialize the search for the surface peak, a search range called surface zone is set up in the
waveform. The surface zone is the particular part of each waveform where the surface peak is expected

to occur and is illustrated in Fig. 2.6. The peak 2one is the region where the amplitude of the laser signal
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is greater than a specified threshold value as illustrated in Fig. 2.6. In every waveform, the surface zone
is fixed while tle peak zone is variable. It is possible to have no peak zonc and this occurs when no
surface return is detected by the receiver. On the other hand, two peak zones can be present in the
surface zone and this can occur when the sca water is shallow. Sometimes it is possible to have both
surface and bottom peaks in one peak zone. This usually happens when the water depth is between 2
to 4 m. The algorithm developed to detect the surface peak can also detect the bottem peak when it is
situated in or next to the boundary of the surface zone. Once the bottom peak is identificd, it can be
used to confirm the result obtained in Section 2.4.2, The following is a brief description of the algorithm.

The algorithm first checks if there is any peak zone in the surface zone. If the algorithm finds o
peak zone, it will continue to search for a second peak zone. After the ranges of the peak zones have
been defined, the algorithm proceeds to search for the surface and bottom peaks.

The first peak in the first peak zone is always identified as the surface peak. If there is o second
peak in the first peak zone, it will be identified as the bottom peak. If there is no sccond peak zone in
the waveform, the algorithm ends and outputs the results, If a second peak zone is present, the
maximum peak found in this zone is identificd as the bottom peak and overrides the bot.om peak found
earlier in the first peak zone. A pseudo-ccde for the implementation of this algorithm is given in

Appendix A-1.

2.4.2 Detection of bottom peak

In this section, we present a simple algorithm that incorporates a lowpass digital ditferentiation
technique that can be used to locate the bottom peak position in the received waveforms. The function
of lowpass differentiation is twofold: (1) to obtain the first de-' ¢ of the raw signal received, and (2)

to eliminate spurious spikes and high-frequency noise components in the signal. It is important to note
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that the noise-reduction process described here serves a different purpose from that described in Section
2.2. In Section 2.2, we reduce irregularities and retain the physical structure of the whole wavefcrm so
that wavcform decomposition can be applied to the smoothed waveform,; in this section, we concentrate
on the detection of the bottom reflection by filtering the 'vaveform based on the spectral content of the

bottom reflection.

A Lowpass Digital Differentiation

The bottom return appears as a pulse in the waveform. To estimate its peak position, we can
compute the first derivative of the laser signal and calculate the zero-crossing position. However,
reflections from turbid layers may also appear as pulses in the waveform. As a result, we may find
multiple zero crossings in the differentiated signal. Our objective is to construct an algorithm that
identifies the zero crossing corresponding to the bottom peak. In order to do this, we first need to
examine the _haracteristics of the pulses in the waveform.

Like other researchers [37], we find that the reflections from turbid layers usually appear as
broader pulses when couspared with the pulse arising from the sea bottom. As a result, the rate of
change of signal intensity is not as high as that belonging to the bottom reflection. Since the first
derivative provides the rat: of change of the signal, we can design an algorithm based on the
differentiated signal to discriminate against any reflections from turbid layers and detect the bottom
reflection. In Fig, 2.7, we illustrate that when a pulse f(¢) is differentiated, the derivative f ’(t) reaches
its peaks (botis positive and negative) when f(¢) is at its inflection points. In the case where the change
in signal intensity at the edges is rapid, as in the bottom return pulse, |f ’(l)l is large. Based on these
observations, we expect the differentiated signal to contain a number of local maxima and minima and

each extremum has a different magnitude depending on the slope at the corresponding inflection point.
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Fig. 2.7 A reflection pulse f(¢) and its derivative.
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In order to utilize this information to detect the correct pulse, i.e., the one that corresponds to the
bottom reflection, we analyze the differentiated signal further.

Depending on the water quality and depth of the sea, the volume backscatter in the received
waveform may overlap with the bottom reflection. This situation arises occasionally when the water is
not clear and the sea is not deep. The effect of overlap on the bottom reflection is illustrated in Fig. 2.8
where the bottom pulse is approximated by a Gaussian function and the volume backscattered envelope
is represented by ar exponential decaying function. In this illustration, we can make two interesting
observations. First, the apparent bottom reflection is shifted to the left and, therefore, the corresponding
zero crossing does not represent the true bottom-peak position. As a result, the aciuracy of the
sea-depth measurement is affected. Second, we observe that the rate of change of signal intensity at the
leading edge of the bottom pulse is reduced somewhat by the overlap. Consequently, the size of the local
maximum in the differentiated signal is reduced.

Our peak-location process involves two parts. The first part is concerned with the selection of th
appropriate zero crossing and the second part deals with the location of the bottom peak according to
the selected zero crossing. To select the desired zero crossing, the algorithm initially searches for a local
maximum in the differentiated waveform starting from the location of the peak of the surface reflection.
If a local maximum is found, the algorithm continues to search for the local minimum immediately next
to it. The algorithm records the locations of these extrema and continues to search for another pair,
Only one pair of extrema locations is preserved, namely, the one that corresponds the global minimum
so far. The zero crossing located within this pair represents the desired zero crossing. A pseudo-code

for the implementation of this algorithm is given in Apperdix A-2,
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A simple method to reduce the problem with the shifting of the zero crossing in f ’(t) is to use
the average of the positions of the selected maximum and minimum to approximate the true bottom-
peak position. Let £(¢) be the bottom return, k (¢) be the water-column backscattesed signal, and y (¢)
be the sum of these two signals. If & (1) is approximated by a linear function, i.e., X (¢) =7t +c, where

r <0 and ¢ > 0, and f(¢) is approximated by a symmetric function such as a Gaussian function, then
y(e) =f(1) ert+c

and
MORTORY @17)
Assuming that » does not offset f / (¢) to the extent that a local maximum no longer exists, Eq. (2.17)

implies that the positions of the extrema in y’ () are identical to those in f / (¢) and the effect of the

overlap between the backscattered envelope and the bottom reflection can be compensated.

B. Design of Lowpass Digital Differentiator

The ideal amplitude response of a lowpass differentiator is shown in Fig, 2.9. The x ~axis variable
v shown represents the normalized frequency which is defini:d as v = wT /n where o is the frequency
in rad/s and T is the sampling period in s; parameter v, is the normalized cutoff frequency. The value
of v, defines the maximum frequency at which the filter operates as a differentiator and frequency
components higher than v, will be suppressed.

Our goal is to determine an optimal v, such that reflections from the sea bottom are correctly
differentiated while spurious spikes and high-frequency noise are suppressed. As a first step, we need
to investigate the spectral content of the bottom reflection.

In Secticn 2.3.2, we characterize the bottom reflection as a Gaussian function as expressed in Eq.

(2.15). The discrete-time nature of the signals requires yG(t) in Eq. (2.15) to be represented as
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Fig. 2.10 A family of amplitude spectra of Gaussian pulses for various values of b.
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2
(B ~Nyae) )
YG(n) = Apiay €5p 7 (218)
y))
where
Imax b= Al

nmat = —T-'
n is the sampling index, and 7 is the sampling period. The discrete-time Fourier transform of yG(n)
is given by

2,22
YG(w) = by3m exp [.‘L_:_:‘L] (2.19)

and its amplitude spectrum has the same value. For convenience, we have assumed that A4, = 1 and
Bypax © 0 in Eq. (2.18). Parameter A, is a scaling factor and its value is insignificant when designing
the differentiator. The quantity 4y, on the other hand, is simply a time-shifting parameter and the
amplitude spectrum of a time-shifted sequence is the same as that of the original sequence. By

expressing the amplitude spectrum in Eq. (2.19) in terms of the normalized frequency v, we get

2,22
[YG ()| = b/2m exp [;’1_;_‘.’..] (2.20)

Evidently, the amplitude spectrum also has a Gaussian shape that depends only on parameter b which
controls the width of the bottom reflection. Fig. 2.10 shows a family of amplitude spectra for various
values of b. We observe that for all values of b, the spectrum is monotonically decreasing. Further,
except for small values of b, the energy of the function is concentrated in the low-frequency region. Our
interest is to establish a relationship between the optimal cutoff frequency v, and the width parameter
b so that we may determine v, based on our knowledge of the typical ranges of b in the LARSEN
waveforms, By examining the statistical results obtained from waveform decomposition, we find that,
on the basis of a sample of 1000 waveforms collgcted from different ocean areas, 90 % of the bottom

reflections have b > 4.88. If v, is determined based on the spectrum of the Gaussian function with
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b = 4.88, we can correctly differentiate most of the bottom reflections. The amplitude spectrum of
yG(n) with b =488 is shown in Fig, 2.11. Assuming that frequency components with amplitude
spectrum less than -20 dB represent noise, then with the use of Eq. (2.20), a relationship between v,
and b can be derived as v, = 0.683/b. For b = 4.88, we obtain v, = 0.14.

For an ideal lowpass digital differentiator with zero phase, the appropriate frequency response is

fo w| <
HoeloT) - jo r lo| <o
d ay
0 for o, < || <

where @, is the highest frequency for which differentiation is required and @y is the sumpling
frequency. A differentiator whose frequency response approximates Hd(ei ‘”T) can be designed as an
FIR digital filter using the window method. In order to obtain an FIR filter of finite order, the ideal

impulse response, after truncation, is represented as

hen) 1 [sin nve  nve cos nnve
n - -
7l p2 n

(2.21)

for n =1, 2, .., K where 2K is the order of the filter. Note that i(-n) = -h(n) forn = 1,2, ., K, ic,
h(n) is antisymmetrical about the origin.

A good window for the application at hand is the Kaiser window [38] and its application involves
multiplying 4 (n) in Eq. (2.21) by the window function to obtain the required impulse response [39]. The
shape parameter, a, of the window can be chosen to be 4.5 and a suitable filter order is 20. As a result,
ve = 0.14 and stopband attenuation would be at least S0 dB. The amplitude response of the resulting

differentiator is shown in Fig, 2.12.
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Fig. 2.11 Normalized amplitude spectrum of a Gaussian pulse for b = 4.88.
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C. Simulation Studies

In this section, we present simulation results obtained by using the methods described in Sections
2.4.2-A and 2.4.2-B. Two sets of simulations have been carried out.

In the first set, random noise was added to Gaussian pulses of different widths and then the
algorithm was used to estimate the peak pasition of the Gaussian pulse. The signal-to-noise ratio (SNR)
of the signal was varied in the simulation to study the effects of noise on the accuracy of the results. Let

y(n) = yG(n) +w(n)
be the degraded signal where y(n) is a Gaussian function defined in Eq. (2.18) and assume that
w(n) is white noise of zero mean and variance ci. For the purpose of illustration, an example of
differentiation of y(n) is provided in Fig. 2.13. The signal y(n) shown in Fig, 2.13(a) is formed by using

b =5 and SNR = SdB. The SNR in dB is defined as

VAR [yg(n)]

VAR Iw(n)]

where VAR [ +] denotes the variance of | +]. Fig. 2.13(b) illustrates the differentiated signal and Fig.

SNR = 10logyg

2.14 shows the overall results obtained from yg(n) of different widths and at different SNRs. In
general, the root-mean-square (RMS) error between the estimated and true peak positions decreases
as the SNR increases, as may be expected. When the SNR is 4 dB, the RMS error is close to 4 samples
but when SNR is equal to or exceeds 8 dB, the RMS error is within 1 sample.

The second set of simulations involved the characterization of the LARSEN waveforms by the
model described in Section 2.3.3. Different degrees of random noise were added to the simulated
waveform to evaluate the accuracy of the method. In addition, values of the parameters in the model
were varied in order to test \he sensitivity of the algorithm under different ocean conditions. In this case,

the degraded signal, which represents the raw LARSEN waveform, is characterized by




y()

y )

30

20+~

Original peak position, » =100

-30

5040 60 80 100 120 140 160 180 200
n, sample no.

Fig. 2.13(a) Degraded signal y(n), SNR = 5 dB.

30

10

o

Estimated pe >k
position, n=5-

Do A AL g
UV VY
|

5030 60 80 100 120 140 160 180 200

n, sample no.

Fig. 2131 ) Lowpass differentiated signal y ‘(n).

49




50

~N w &

RMS error, 0o. of samples

-t

&
e}
[
[ ]
b
(-,
S

Fig. 2.14 RMS error between the estimated and true peak positions for various SNRs. The vaives of
b used in the simulation are 4, 6, 8, 10, 12,




51
y(n) = y7(n) +w(n)
where y7(n) is the model in Eq. (2.16) in discrete-time representation and w(n) is white noise of zero
mean and variance aﬁ,. The seven parameters of y(n) were varied in the simulation to adjust the
amplitude, pulse width, and peak position of the surface and bottom reflections, as well as the skewness
of the backscattered envelope. Fig. 2.15 illustrates an example of lowpass differentiation of y(n).

As described in Section 2.3.3, interference due to multiple returns from the sea may affect the
resolution of laser reflections. The resolving power depends on the technique used and some results will
be given in this section to show the sensitivity of the developed algorithm under different degrees of
resolution between laser reflections. A measure of resolution, which may be referred to as the resolution

factor, can be defined as

At
Ry - L (2.22)

where At p is the time separation between the surface and bottom peak positions, w5 is the sum of the
second-order central moments of ygp(n) and yG(n), and N is a normalizing factor that scales R
in the range between 0 and 1 for the waveforms examined. Parameter uy is computed as
uy = (o +7%) + b

where o and 7 control the width and tailing of ygpsG(n ), respectively, and b is defined in Eq. (2.18).
As Eq. (2.22) implies, small separation between the surface and bottom reflections gives low values of
Rg when pj remains constant, Also, an increase in the skewness of the backscattered envelope and/or
increase in the pulse width of the bottom refiection can decrease R;. Note, however, that R may not

be low even if the separation of the two peak positions is small. This happens when the backscattered

envelope is not prominent (i.e., when the water is clear) and the bottom return is narrow.
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Fig. 2.16 illustrates the performance of the algorithm at different SNRs for two ranges of R;.
Several observations are in order. First, the trend shown in the graph suggests that as the effects of
random noise decrease, the estimated bottom peak position becomes more accurate at both ranges of
resolution. Further, for all the SNR values shown, the RMS error is consistently larger for lower R;.
This indicates that intesference of laser reflections in the waveform can degrade the performance of the
algorithm »nd thus introducc bias in the estimation. Next, we see that the difference between the RMS
errors decreases as thc SNR increases, which shows that when the level of the random ncise in the
waveform is less, the algorithm becomes less sensitive - the variation in Ry, as may be expected.

In general, tae algorithm is effective in detecting the peak position of the bottom reflection in the
presence of random noise under certain resolution conditions. In conditions waere the resolution is fairly
low, the uccuracy of the algorithm is limited. However, its 2 pplication offers a number of advantages.
They include (1) decreased sensitivity to amplitude variations in the bottom reflection, (2) noise pulses
are suppressed rather than amplified as in standard differentiation, and (3) the algorithm is simple to
apply.

2.5 CONCLUSIONS

The laser reflections received from the ocean surface and bettom have been interpreted in terms of their
moments. On the basis of this interpretation, a special class of digital smoothing filters has been used
to preprocess the laser reflections. After preprocessing, we have shown that the important fundamental
characteristics, such as peak position, pulse width, and skewness of the laser reflections can be preserved
in the noise-reduction process.

In the chapter, we have also developed a mathematical model function to represent LIDAR

waveforms received from different situations. In order to gain insight into how the laser reflections in
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the waveform interfere with each other, we have varied the model parameters and examined the effecis
of these parameters on the resolution between the surface and bottom peaks.

Next we have developed two algorithms to identify the surface and bottom peaks in the LARSEN
waveforms. The surface peak is identified by means of thresholding and the bottom peak is detected
through the incorporation of lowpass digital differentiation. A method for identifying the zero crossing
in the lowpass differentiated waveform that corresponds to the bottom reflection is also designed.
Simulation studics have been carried out to test the algoritam under different noise and resolution
conditions. Results have shown that the algorithm is insensitive to amplitude variations in the bottom
reflection and is effective in detecting the bottom peak position provided that the surface and bottom

peaks are not fused into a single peak.
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CHAPTER THREE
ESTIMATION OF SEA DEPTH

3.1 INTRODUCTION
Surface and bottom reflections in the waveforms overlap and their separation depends on the depth of
the ocean. When the sea is deep, the bottom reflection is usually weak and in some cases it is also
broadened significantly due to the dispersion of the laser beam in water. Under these circumstances,
the bottom reflection may be embedded in the tail of the surface reflection and the separation between
the two reflections is lost. On the other hand, when the sea is shallow, the bottom reflection is usually
strong and lies close to the surface reflection. They strongly overlap and may merge into o single peak
situated in the surfac: zone. Again, the separation between the two reflections is lost. When the sea is
of moderate depth and the water column is of nonuniform turbid'ty, the bottom reflection may be
embedded in the backscattered envelope if the bottom return is not strong enough. The situation may
be worse if the bottom reflectivity of the ocean is weak and the reflected pulse is broadened significantly.

Sea depth estimates obtained directly from the LARSEN waveforms may not be sufficicntly
reliable even when the peaks of the surface and bottom reflections are distinct. The reason is that when
there is a certain degree of overlap between the surface and bottom reflections, the position of their
peaks will be modified. Specifically, the peak of the surface reflection will shift to the tigﬁl, and the peak
of the bottom reflection will shift to the left, resulting in a smaller depth estimate.

In order to improve the accuracy in sea-depth estimation, we need to first accurately separate the
bottom reflection from the surface reflection. From the position of the peaks of these two reflections,
we can then determine the sea depth. To do this, we utilized the mathematical model function developed

in Chapter 2 along with an optimization technique described in this chapter to decompose LARSEN
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waveforms into two separate signal components which represent the surface and bottom reflections. The
parameters of the matkematical model estimated from this waveform-decomposition process are then
used to obtain sea-depth estimates. Using this technique, depth estimates can be obtained independently
of the degree of overlap of the surface and bottom reflections in the LARSEN waveforms.

In this chapter, a scheme for obtaining initial estimates of the mode! function parameters in Eq.
(2.16) is presented. The locations of the surface and bottom peaks that have been detected in each
waveform in Chapter 2 are u-=d for this purpose. Then some general optimization methods applicable
to this problem are reviewed and a procedure for solving the problem is described. Optimization results
are subsequently presented.

In order to help evaluate the results, depth estimates obtained through waveform decomposition
are compared with corresponding estimates obtained by a local surveying company using state-of-the-art

techniques; furthermore, a statistical analysis of the results is undertaken.

3.2 INITIAL ESTIMATION OF PARAMETERS

If the bottom peak in the LARSEN waveform is not embedded in noise or fused with the surface peak
into one, we can identify the bottom peak and obtain an accurate estimate of its position using the
algorithm described in Section 2.4.2-A. By using this estimate together with a simple algorithm, the
parameters of the Gaussian function in Eq. (2.15) can be estimated directly from the waveform.
However, if the bottom peak cannot be identified by this algorithm, the three parameters obtained from
the results of the previous waveform can be used as initial estimates for the current waveform. These
estimates are fairly accurate since there is, usvally, a high degree of spatial correlation among
neigtboring depths. If the waveform being processed is the first waveform, arbitrary values within the

range of inicrest can be assigned to the three parameters. This assignment is permissible since
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optimization algorithms are usually tolerant to initial estimates that are far from the minimum point
although the amount of computation could be increased to some extent.

In order to evaluate the four EMG parameters hg, (G, oG, and 7 in Eq. (2.10) from the
waveform, an algorithm involving the estimation of the four parameters Ag, Bg, W, and 1) illustrated
in Fig. 3.1 is used. Parameter a is a fraction of the peak height. W, is computed as tg - 14, and A,
and B, arc computed as tp =14 and tg - 1p, respectively. With a specified, it is possible to
determine the EMG parameters by calculating the second central moment uppsc; of the EMG function

[40). For a = 0.1, we have

2
Wa (BG/AG +1.25) (3.1)
HEMG * a7

With W, and B, /A, known, parameter o; is evaluated as

o * Va (32)
327(B,/Aq) *12
Parameter 7 is related to gy and og as
WEMG = % * 7 (33)

Once ugppmG and og are determined from Eqs. (3.1) and (3.2), 7 can be obtained from Eq. (3.3) as

2 (34)
T = JHEMG - 9%

Given tp, tG can be determined from og; and By/Aq as

G = tp - aG[-0.193(Ba/Aa)2 + 1162(B4/A,) - 0.545 (.3)

The only parameter left is & ;. However, if we substitute o, 7, and ¢¢; from Egs. (3.2), (34), and
(3.5) into Eq. (2.10) and assume that at ¢ =), the amplitude of the surface peak is ygrrc (¢ p); hence

hg can be calculated. Strictly speaking, the amplitude of the surface peak may be modified by the
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Fig. 3.1 Determination of Ag, By, W, and ¢, from EMG function.
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bottom reflection and, therefore, it cannot truly represent the function value yppsc (¢ p)- Nevertheless,
our requirement at this point is to obtain reasonable initial estimates of the function parameters so as
to initialize the optimization algorithm. Equations for the computation of the EMG parameters using
other values of a are also available in [40]. Tables 3.1 and 3.2 list the equations for a = 0.3 and
a = 0.5, respectively.

Among the three a values we have discussed, the smaller the a used, the more accurate are the
EMG parameters obtained. Nevertheless, we have used all three sets of equations. The procedure used
to choose a under different circumstances is as follows. Initially, a is chosen as 0.3 to locate 1,4 and
tp in the waveform. The value 0.1 is not used because of two reasons. If the surface and bottom
reflections overlap, it is usually difficult to locate tg in thc waveform. On the other hand, if there is
wide separation between the surface and bottom returns, the sea is very deep and deep waters can
increase the pulse broadening effect. In such a case, it may not be possible to locate 1g with a = 0.1
as illustrated in Fig, 3.2. However, using a = 0.3, as illustrated in Fig. 3.2, yiclds satisfactory results for
most waveforms. However, this value of a cannot guarantee the location of ¢g. For example, if the
bottom return is strong and the water is not deep, the bottom and surface returns overlap strongly and
tp cannot be located. Fig. 3.3 illustrates an example where tg cannot be located with a = 0.1 or
a = 0.3. When tg cannot be located using a = 0.3, a is changed to 0.5 and the location process is
continued. Fig. 3.3 shows how tp can be obtained when a = 0.5. When the sea is very shallow, the
bottom reflection is usually strong and situated close to the surface reflection. As shown in Fig, 3.4, the
two reflections can overlap to such a degree in such a case that the location of ¢ is not possible even
when a = 0.5. However, if we examine the simulated waveform more closely, we find that the trailing

portion of the waveform is contributed solely by the EMG function (dotted line) and the Gaussian




TABLE 3.1
EQUATIONS FOR THF. COMPUTATION OF THE EMG PARAMETERS FOR a = (.3,

2
WS (Ba/Aq - 03)

Wa
%G * 38(B,/Ag) + 048

3
Te J"EMG - 9%

1G = tp - aa[-o.o(B,/A,)z +258(Bg/Ag) - 1.58

TABLE 3.2
EQUATIONS FOR THE COMPUTATION OF THE EMG PARAMETERS FOR a = 0.5.

2
W2 (Bg/Aq - 0.7)
MEMG * 5

Wa
°G ° 33(B,/4y)

l 2
T = \MEMG ~ °G

G =tp - aG[- 146(Bo/Ag) + 5(Ba/Ag) - 314
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Fig. 3.4 An example illustrating the case where tg can be located with @ = 0.1 even though tp is
beyond the location of the bottom peak.
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function (dashed line) resides only in a specific region. In this case, we can conclude that a = 0.1 can
locate ¢g since the tail of the EMG function is not modificd even though : g is beyond the location of
the bottom peak. Therefore, if tg cannot be located with a = 0.5, we assume that the surface and
bottom returns are strongly overlapping. In such a case, we switch a to 0.1 and start the location process
for ¢tg again. We should note that the trailing part of the waveform may not be contributed solely by
the surface reflection even if the two reflect’~=s strongly overlap. However, when the water is ver:
shallow the pulse broadening effect is reduced and thus the bottom reflection hardly extends to the
trailing part of the waveform. It should be noted that the Gaussian and EMG function parametcers,
obtained from the waveforra using the results of Chapter 2 and the measurements referred to in Fig,
3.1 are only approximations duc mainly to the fact that the surfacc and bottom reflections are
overlapping. In order to decompose the waveform into separate and more accurate components, a

procedure utilizing an optimizaticn technique will t - used. This is described in the following section,

3.3 OPTIMIZATION OF PARAMETERS

A smoothed waveform can be decomposed into two signal components representing the surface and
bottom reflections by fitting the waveform to a mathematical model function which involves a number
of adjustable parameters. The model in our case is (see Eq. (2.16))

yT(t) = YEMG(!) * yG (1) (3.6)

The basic approach is to construct an objective function that will measure the difference between the
data and y 7(¢) for a particular selection of the seven parameters of yi; (1) and ygppc; (1) in Eq. (3.6).
The parameters of y7(t) are then adjusted to minimize the objective functinn, thereby yielding the
parameter values that correspond to the best Sit. The adjustment process is thus a problem in

minimization in many dimensions.
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Let E(x) be the objective function and x = [AG tG 9G T Amax 'mar a]T be the vector of
the parameters of y7(t). E(x) is a function dependent on the elements of x and the independent
variable ¢ of the form
E(x) g{e(x, 4, e(x, ty), .., e(x, ’m)} )
where t4, 3, .., ¢, are values of ¢ at the m sample points. The residuals e(x, fz) are given by
e(x, tg) = ex(x) =y7(x, tg) - y(tx) (38)
for k =1, 2, .., m where y(t;) represents the smoothed waveform. Our goal is to minimize E(x) by
varying the clements of x.
The objective function E(x) can assume several forms. In the problem at hand, the sum of squares

of the residuals ey (x), namely,

Ew e ¥ e T (39)
= ey (x) = e(x) e(x)
k=1
where
e() = ey (®) - ex () - em@]’ (3.10)

was found to give good results.

The method used to minimize E(x) is known as the Levenberg-Marquardt method which was
proposed by Levenberg [41) and enhanced by Marquardt [42]. This method utilizes the specific least-
squares structure of Eq. (3.9) in minimization and takes advantage of the fast convergence of the
steepest-descent method far from the minimum point and the fast convergence of the Newton-Raphson
method as the minimum point is approached. Various implementations of the Levenberg-Marquardt
method have been proposed and the approaches of Powell {43}, Osborne [44], and Mofe [45] can
achieve convergence from almost any starting point. In our case, we have adopted the trust-region
approach [45]-{46] to find the search direction and step length in each iteration in order to assure

convergence. The methods that make use of this approach in minimization are also referred to as
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restricted-step methods by Fletcher [47). In the following, we first briefly review the mati:matical details
of both the steepest-descent method and Newton-Raphson methods. We then de:cribe the problem
formulation of the Levenberg-Marquardt method with the trust-region approach and present its solution,

The steepest-descent and Newton-Raphson methods are both gradient methods for optimization
based on the Taylor expansion given by

f(x +8) = f(x) +g®)7s + .;- s TH.)s 3a.1)
with the terms involving third- and higher-order derivatives neglected. Vector g in Eq. (3.11) is known
as the gradient vector and H as the Hessian matrix [47). Both are evaluated at the current point x. Eq.
(3.11) can also be expressed as

Js+5) = [(x) + 8f ©12)
where the scalar correction Af corresponds to the last two terms in Eq. (3.11).

Optimization methods in which the final term in Eq. (3.11) is neglected arc termed first-order
methods. In these methods, second derivatives are assumed small enough to be neglected. If an
optimization method utilizes second derivatives, it is termed a second-order method. The steepest-desc-
ent method uses the gradient g to determine a suitable direction of movement s and it is the most
fundamental first-order method. On the other hand, the Newton-Raphson method uses the Hessian
matrix H to determine s and therefore it is a second-order method.

To determine s by using the steepest-descer! method, Af in Eq. (3.12) is expressed as

af = g(97s
Our purpose is to determine the maximum negative vaiue of Af so that f(x +s) in Eq. (3.12) is

minimized. It can be shown that the step s in this method is given by

P L)
[g(®)]
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with ¥ > 0 chosen such that f(x + s) is minimized.

The steepest-descent method is usually robust, is simple to apply, and converges rapidly at points
which are not in the neighborhood of the solution. However, as the solution is approached convergence
becomes very slow. The Newton-Raphson method, described as below, overcomes this disadvantage.

In the Newton-Raphson method, our objective is to determinc the required s to approximate the

minimum of f(x + s) in Eq. (3.11) from the point x. Expanding Eq. (3.11) into coordinate form yields

N ), 1 s O 3.13
Jle sy =10 ¢i§l a ii§:1 j2=:1 TR .

To approximate s, consider g and H fixed and partially differentiate Eq. (3.13) with respect to the

elements s s j =1,2, .., n. Setting the results to zero gives

e n
YW, 5 5 H® (3.14)
& /= tax; 3%;j

for j =1, 2, .., n. By expressing Eq. (3.14) in matrix form and solving for s, we get
s = -HE g @.13)
The convergence of the Newton-Raphson method is rapid when x is close to the minimum.

However, if x is far from the minitaum. convergence is slow and steady progression towards the

minimum cannot be guaranteed.

3.3.1 The Gauss-Newton least-squares method

An iterative method developed for solving nonlinear least-squares problems is referred to as the Gauss-
Newton method. This method is designed based on the Newton-Raphson meihod and, therefore, g and
H must be obtained in each iteration in order to compute s in Eq. (3.15). Referring :» our
least-squares minimization problem in Eq. (39), the elements of g can be derived by partial

slifferentiation of E(x) with respect to each parameter in turn as
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Q) . 3 g 2K 619
i k=1 axj
for i =), 2, .., n, Using the first-derivative matrix
ael ael ael ]
oxy axl' 3.!,,
; i ;
de de ¢
|2 - g -
1 i oxy
i ; i
deyy, de,y de,y
| xq a; %y,
Eq. (3.16) becomes
80 = 23(x)Te(x) (317)
where

E(x) oE(x) dEM)|T

g(x) =
o o o,

and e(x) is defined in Eq. (3.10).
Now assuming that the e;, k =1, 2, .., m has continuous second-order partial derivatives, par:ia

differentiation of En, (3.16) with respect to each parameter gives

3k m o dep(x) dex(x) O ey ()
=2 2 (3.18)
e kgl T + k2=:1 ey (x) B o)

If we assume that the second term in Eq. (3.18) is ncgligible, we have

ax;axj k=1 ox; ax,

2E - )"__': dey (x) dey(x) (3.19)

Eq. (3.19) for i and j = 1,2, .., n gives approximations for the clements of the Hessian matrix and

hence we can write

H(x) = 23(x)7 J(x) (3.20)
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Using Egs. (3.17) and (3.20), the step in the Newton-Raphson minimization procedure given in Eq.

(3.15) may now be written as

§ = '[.l(u)r.l(x)]-1 J(x)Te(x) (3.21)

3.3.2 The Levenberg-Marquardt least-sqguares methed with the trust-region
approach

In the neighborhoad of the solution, J(x)TJ(x) is positive definite in Eq. (3.21) and so the application
of the Gauss-Newton method in minimization would converge. However, at points far from the
minimum or when the minimization problem is highly nonlinear, the procedure may not converge to
yield a minimum. There are two ways to improve the Gauss-Newton method: Use the inethod with (1)
a line-search approach or (2) a trust-region approach. When the method is modified to include line

searching, the step s in Eq. (3.21) can be modified as

5= 'V[J(")TJ(X)]-IJ(x)Te(x) (3.22)

where y > 0 is the line-scarch parameter. The method that uses Eq. (3.22) in least-squares optimization
is usually referred to as the damped Gauss-Newton method.
An alternative way to improve the Gauss-Newton method is to modify not only the step length but

also the search direction. The trust-region approach to minimization is to find a step s that solves

min m(x + ) = E(x) +g(x)7s + -21-8 TH@)s (3.23)
subjectto Isly s &

where m is the local quadratic model of £(x) in the neighborhood of x and & is the trust radius that
defines the size of the trust region. Norm |sl4 in Eq. (3.23) represents the Euclidean norm of the s*cp

s. From Egs. (3.9), (3.17), and (3.20), we can rewrite Eq. (3.23) as
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min m(x +s) = e(x)Te(x) +2s T.l(x)T e(x) +s T.l(x)T.l(x) S
subjecttosly) s &

(3.29)

The solution of Eq. (3.24), which can be obtained using the Levenberg-Marquardt method, is given

() = a1 + 3 Tae0] " 307w (3:25)
for Is(A)ly s 6

where A is a non-negative scalar and I is the # x n identity matrix. For a sufficiently large value of A,
the matrix Al + J(x)T.l(x) in Eq. (3.25) is positive definite. In this case, the divergence of the process
is avoided ever: when the solution is far from the minimum. As A -»®, the effect of the term Al

increasingly domirates that of J(x)TJ(x) so that s(A) in Eq. (3.25) tends to
sy = - 30 et
’ A
Using Eq. (3.17), the above equation can be rewritten as

) = - (5o
which is essentially an increment in the steepe.t-descent direction. Orn the other hand, when A - 0 Eq.
(3.25) tends to the standard Gauss-Newton increnent in Eq. (3.21).

From Eq. (3.25), we see that the minimization process involves two major steps. The first is to
choose the size of the trust region & and the second is to find a value for A such that the vector s(A)
satisfies Eq. (3.25) for a specificd 8. To improve the speed of convergence, & can be varied adaptively
using the values of & and E(x) obtained in the previous iteraiion. A minimization algurithm hased on
the above principles [46] is as follows:

1.  Initialize x and &. Set x, = x and evaluate E, = E(x.).

2, Set A = 0, compute s)y = s(A) using Eq. (3.25), and evaluate Isyl2.

3. If Isylo s 1.56 then sct 8 = sy, & = min {5, sy} and go to Step 5.




4, Find a value of A, A*, and a corresponding vector s(A°) using Eq. (3.25) such that
Is(A*)1, € [0.755, 1.56). Set s =s(A").

5. Set x, = x; +s5. Evaluate E, = E(x,) and AE = E, - E.
6. If AE 2 0 then reduce & such that & € [0.15, 0.58) and go to Step 4.

7. Compute m(x,) using Eq. (3.24) and set AEpred = m(x,) ~ E;. Compute
R = AE/AE,,,M. If R s0.1 th.nse §=68/2; elseif R 2075 then set & = 26,

8 M [si|/(B+* Ixil) < afori=12 .,n then output x; = x,, Ef = E, and stop;
else set x. = x,, E, = E, and go to Step 2.

Vector x can be initivlized using estimates based on the method of Section 3.2 and the trust radius 8
can be initialized as the size of the Cauchy step [46], [48], which is the size of the step s that minimizes
m(x +s) in the steepest-descent direction. In the algorithm, Eq. (3.25) is solved as follows. If the size
of the Gauss-Newton step Isyly obtained from Eq. {3.25) with A = 0 is less than or equal to the
upper bound of the trust region, which is chosen as 1.56, then we make a trial step to point x, and
decide whether x, is acceptable for the next iteration. However, if the size of the Gauss-Newtoa step
is greater than the upper bound, we obtain s by solving Eq. (3.25) for A using the iterative process
detailed in [45]-[46] such that Is(A)l, = &. In practice, the condition ls().*)lz € [0.755, 1.56] should
be satisfied.

To decide whether the trial step s obtained either from Step 3 or Step 4 is successful, we compare
the two values of the objective function obtained in Steps 1 and 5, namely, £, obtained at the current
point x; and E, at the trial point x,. If there is a reduction in the objective function, x, is accepted
and the trust regicn is modified for the next iteration. Otherwise, the trust region is reduced in size and
8(A) is obtained by sclving Eq. (3.25) for the new trust region. The amount of the reduction in the trust

region can be obtained using a method based on quadratic interpolation as described in [46). The
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relative change in x is checked in Step 8 and the algorithm is stopped when the norm of s is within the
step tolerance. Typical values for a and B used in waveform decomposition are given in Table 3.3 as

will be described in the next section.

3.3.3 Optimization results and discussions

In this section, we illustrate the decomposition method by two examples. Example 1 illustrates the case
where the surface and bottom reflections strongly overiap and merge into a single peak in the received
waveform. As can be seen in Fig. 3.5(a), the optimization algorithm has resolved the waveform into two
reflections; the sea depth can, thercfore, be easily determined from the peak positions of these two
reflections. The small separation between the surface and bottom reflections in Fig, 3.5(a) indicates that
the water is very shallow. In Example 2, the waveform was obtained in an area where the sea is
relatively deep and the water column has nonuniform turbidity. Fig. 3.5(b) shows the smoothed
waveform and its decomposition. Although the backscattered envelope is distorted with peaks and lumps
which cannot be fully eliminated by digital smoothing, the weak bottom reflection was detected by the
optimization algorithm. The results obtained in these two examples are given in Table 3.3. As can be
seen, the CPU time and number of function evaluations required in the optimization depend heavis

TABLE 3.3
OPTIMIZATION RESULTS OBTAINED IN EXAMPLES 1 AND 2

CPU Time, Func, Depth, Error
Example a p 8 Evals. m x 1072
1 0.1 0.001 8.7 5 2.7 2.56
0.01 0.001 199 10 2.7 238
2 0.1 0.001 98 5 28.7 3

0.01 0.001 22.6 11 288 2.95
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Fig. 3.5 Smoothed waveform decomposed into surface and bottom reflections: (a) very shallow
water, strong bottom reflection; (b) deep water, weak bottom reflection.
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on the values of a and B, the parameters in the stopping criterion. The normalized root-mean-square
(RMS) error in the least-squares optimization is computed as y[E(x)/m] /4, where A is the maximum
amplitude of the smoothed waveform, and m is the number of data points in the waveform. Vector x is
initialized using estimates bascd on the method of Section 3.2. The decomposed reflections shown in Figs.
3.5(a) and (b) were obtained using a = 0.1 and § = 0.001. The computer used was a Sun-3/160¢
workstation based . » the Motorola MC68020 CPU chip and is equipped with a MCG68881 floating-point
coprocessor. Table 3.4 gives the average processing time, number of function evaluations required, and
normalized RMS error obtained when 500 waveforms were processed with a = 0.1 and § = 0.001.

The values of the parameters in the stopy.ing criterion, namely, a and B, have been selected to achieve
a compromisc between processing speed and accuracy of the results. In practice, however, these parameters
can be adjusted to suit the area being surveyed. They may also be set by some adaptive mechanism.

The use of optimization techniques in the estimation of sea depth offers several advantages. First, the
overlapping surface and bottom reflections in the waveform are mathematically resolved into two separate
components. Therefore, both the detection and resolution problems can be solved simultaneously.
Furthermore, the method is insensitive to changes to the degree of overlap. Consequently, more accurate

results compared to those in Chapter 2 can be obtained. However, initial estimation of the model parame-

TABLE 34
AVERAGE CPU TIME, FUNCTION EVALUATIONS, AND NORMALIZED RMS ERROR
IN OPTIMIZATION. (a = (.1, § = 0.001)

Depth, CPU Time,
Waveforms m 8 Func, Bvals, Error

500 1.5 t0 46 92 5 271 % 1072
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ters of y7(t) is required in the optimization process and for rapid convergence, good estimates are
necessary. In fact, the accuracy of the initial estimates relies upon the locations of the surface and bottom
peaks obtained in Chapter 2. With reliable peak locations, we can then use the algorithm described in
Section 3.2 to provide reliable initial estimates. In the case when the waveform is poorly represented by
y7(t), unreliable initial estimates may result in slow convergence or convergence on to ialse values.

As in Chapter 2, the peak locations of the surface and bottom reflections can be used to estimate the
sea depth. To locate tp in Fig. 3.1, the EMG function is first evalvated using the optimized EMG
parameters. Based on the fact that ¢ p is always greater than ¢, it can be casily located using an iterative
search scheme.

The model parameters used in estimating sea depths may also be used to investigate the optical
properties of the sea. Recent studies [5), [16), [49] have shown that the physical structure of the received
laser waveforms, especially the backscattered envelopes, are related to the scattering and absorption of the
laser beam in water. For example, the amplitude of the backscattered signal is indicutive of the degree of
scattering while its decay with time is related to absorption. Since the EMG parameters reflect the physical
structure of the backscattered signal, they may be useful in a number of applications. First, with the
knowledge of the optical parameters of the ocean, operating limits of the LIDAR system can be
cha, : ‘terized and adjustments can be made to maximize its performance. As a result, more accurate depth
estimates can be obtained. In addition, the LIDAR bathymeter may also be used for non-bathymetric
purposes such as in the measurement of sea water turbidity. A quantitative measure of turbidity is the rate
of attenuation of the laser beam in water, and this rate is dependent on the degree of scattering and

absorption of the laser light in water.
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3.4 COMPARATIVE STUDY

In order to examine the effectiveness of the proposed techniques, a fairly extensive comparative study
has been undertaken. In this study, waveforms collected in a survey in the Canadian Central Arctic in
1990 using the LARSEN 500 airborne system were processed using the f~'lowing procedure. First,
waveforms were smoothed by the 12th-order digital smoothing fiiter as described in Section 2.2 to
remove noise. The surface-detection and depth-detection algorithms described in Section 2.4 were then
applied to the smoothed waveform for the estimation of the blue-green surface and bottom peak
positions, Using these estimates, the decomposition technique described in Section 3.3 was then applicd
to the smoothed waveform to extract the bottom return, Sea depth was subsequently estimated according
to the peak position of the extracted bottom return. The .!2pth estimates obtained were then compi-:d
with corresponding estimates obtained by a local surveying company.

The processing applied by the surveying company involved the use of heuristic rules in the
algorithm to identify the bottom reflection in the waveform. Specifically, the algorithm assigns a
confidence level to each possible bottom return pulse in a waveform and the pulse with the highest
confidence level is selected and regarded as the laser reflection from the ocean bottom. The confidence
level is assigned on the basis of the characteristics of a pulse, which include the amplitude and width
of a pulse as well as the ratio between these two quantities. The algorithm can keep track of the lacation
of the selected bottom reflection in a series of waveforms and the corsesponding trend thus established
is used to correct for anomalies in the data. When the bottom reflection is identificd, the peak of the
reflection is located directly from the waveform and sea depth is then estimated based on this peak

position,
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In both approaches, the location of the surface reflection chosen for sea-depth estimation is the

peak position of the synthetic infrared pulse generated by the LARSEN 500. The two sets of depth
estimates reported have been corrected for tide and path correction for the scanning beam geometry

has been applied.
When the resolution between the laser reflections is very low, sea-depth estimates are not available

from the surveying company. In order to evaluate the decomposition results under this circumstance,

we have formulated a procedure in Chapter 4 to perform further comparisons.

3.4.1. Difference in depth estimates as a function of sea depth
Let dyyp be the depth estimate obtained by the waveform decomposition, d7g the estimate obtained

by the susveying company, dy = dyp -dTg their difference, and

d
d, = 71 s 1009
drs

the magnitude of the difference expressed as a percentage. We first analyzed d, by examining how d,
is distributed in different sea-depth ranges. To do this, we grouped d, into several categories according
to its size, and then we crosstabulated each category of d, with dyyp), as shown in Table 3.5.

Table 3.5 is a row-percentage table in which the sum of all the percentages in each row is 100 %.
The advantage of using the row-percentage format is that we are able to make comparisons across
different sea-depth ranges even though the number of waveforius collected in each depth range is not
uniform. From Table 3.5, we can make the following ohservations. For depth ranges from 5 to 10 m,
a total of 89.1 % of dg are within 6 % of dyg. When depth ranges from 10 to 20 m, a total of 88.6 %
of dj are within 3 % of dyg. When depth ranges from 20 to 40 m, at least 99 % of df are within
2% of dg. These results are derived from processing 1000 waveforms collected from various areas in

the Canadian Central Arctic.
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TABLE 3.5
DISTRIBUTION OF d, FOR DIFFERENT SEA-DEPTH RANGES
(NUMBERS SHOWN ARE ROW PERCENTAGES)

d,, percent
dwyp, m <1 i-2 2-3 3-6 6-12
Sto10 6.3 9.4 156 578 109
10 to 20 43.1 354 101 114
20 to 30 67.7 316 0.7

30 to0 40 96.8 32

Comparison of the two results showed agreement particularly when the sea is relatively deep, although
differences can be noted. The major cause for the differences is primarily duc to the use of different
approaches to estimate the location of the bottom reflection in the waveforms. Examination of Table 3.5
suggests that when the sea is deeper, the agreement between the two sets of results increases, and vice versa.
In order to explore the implications of these results and make the comparison more mecaningful, we have
investigated the correlation between dy and sea depth to understand under what circumstances these
differences occur. Our effort indicates that when sea depth ranges from 5 to 10 m and 30 to 40 m, d ¢ does
not appear to be related to dyyp . On the other hand, when sea depth ranges from 10 to 20 m and 20 to 30
m, there is a reasonable degree of lincar correlation between ds and dyp, as can be seen in Fig. 3.6(a)
and (b). When dyp ranges between 10 and 20 m, a negative correlation exists between dg and dyp, as

can be noted in the scatter plot of Fig. 3.6(a), i.c., dg becomes more positive as sea depth decreases; the
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Fig. 3.6 Scatter plot of dy versus dyyp: (a) sea depth is between 10 and 20 m; (b) sea depth is
between 20 and 30 m.
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correlation coefficient was found to be -0.63. A similar correlation exists for values of dyyp in the range
20 to 30 m, as can be noted in Fig. 3.6(b). In this case, the correlation coefficient was found to be -0.69.

An analysis of the above results will now be undertaken. As discussed in Chapter 1, when a blue-green
laser pulse is projected from the aircraft into the water column, some of the photons will be scattered
upwards to form the backscattered envelope in the waveform and the shape of this envelope depends on the
turbidity of the ocean. For sea depth estimates between 10 and 20 m, the tailing of the backscattered
envelope may interfere with the leading edge of the bottom reflection. As a result, the bottom peak is
displaced to the left and thus smaller depth estimates will be obtained. When the sea is deeper, the influcnce
of the backscattered envelope on the bottom return is reduced. In this case, the displacement of the bottom
peak is insignificant.

The trend shown in Fig. 3.6(a) is seen to confirm the above interpretation. Measurement d7yg is
consistently less than dyp because of the possible influence of the tailing of the envelope on the bottom
return. A similar argument applies to the trend shown in Fig. 3.6(b). In this case, the waveforms are
collected from an area with a different degree of sea turbidity. Consequently, the amplitude of the
backscattered signal and its rate of decay are different. Specifically, the influence of the tail of the cavelope
extends more to the right of the waveform and can lead to a slight displacement of the bottompeak position
to the left. An ircrease in sea depth results in a decrease of the interference and eventually the influcace
of the backscattered energy on the bottom return becomes insignificant. When sea depthranges from 3010
40 m, the bottom return is located further to the right and, therefore, its pasition is not influsnced by the
backscattered envelope. As a result, dy no longer relates to sea depth. On the otiier hemtl; when ssa dépth
ranges from 5 to 10 m, the temporal position of the bottom reflection is locatod immaedimsely ¢y the right

of the surface reflection. The bottom return may interfere with the volumetric buoksentter-aad /v overlap
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with the surface reflection depending on ihe sea depth. As a result, the dispiacement of the botsom peak is

moic prominent when sea watcr is shallow, as indicated in Table 3.5.

3.4.2. Difference in depth estimates as a function of resolution

In the preceding section, the effect of sea depth on dy has been examined. An aliernative possibility is to
examine the effect of resolution Rg on dy. Rg has been defined in Eq. (2.22) and its valuc may dzpend on
sea iurbidity, sca depth, bottom composition of the ocean, rcughness of the ocean surface, ~ic. In this
comparison, we havs crosstabulated Rg and |d jl in Table 3.6 where the three rows provide results for low,
medium, and high resolutions, We observe that when the resolution is low, slightly more than half of the
propostion of d 1 are within 0.25 m or about 1 sample in the waveform. When the resolution is medium, the
proportion becomes more than 80 %, and it increases to more than 90 % when the resolution i3 high, When
the resolution is at least in the medium range, all of the differences are found to be within 0.5 m or about
2 samples in the waveform. When the resolution is low, about 6 % of 2¢ are not within 0.5 m. In general,

TABLE 36

DISTRIBUTION OF |dy| FOR DIFFERENT RANGES OF Ry
(NUMBERS SHOWN ARE ROW PERCENTAGES)

|d !' ,m
Ry <0.25 025-05 05-075 0.75-1.0
Low R;: 03-0.5 56.6 376 40 18

Medium R,: 0.5-0.75 83.0 170

High R,: 0.75-10 92.4 16
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the higher the resolution, the better the agreement betwsen the two results, i.e., the difference in the two
approaches becomes more explicit when tie resolution is low.

Fig. 3.7(a), (b). (c) shows typical profiles of dyp, d7g, and d . The two profiles generated by dyp
aad dpg are highly correlated in all sea-depth ranges. We see, in additios, that dyyy, is consistently larger
thaa dyg and that the dif.crence dg between the two profiles is progressively diminishing as the ocean

becomes deeper, as may be expected from the above comparisona.

3.5 CONCLUSIONS

A waveform-decomposition procedure has been developed to decompose each LARSEN waveform into the
surface and bottom reflections. The procedure involves the use of the Levenberg-Marquardt minimization
algorithm with a trust-region approach in ordei to assure convergrace from almost any starting point. An
initialization scheme that leads to a reduction in the amount of computation in aecomposition has also been
proposed.

A comparative study of sea-depth estimates ~“tained with corresponding estimates obtained by a
surveying company has then been performed. The differences between the two sets of resalts have been
examiried with respect to different ranges of sea depth und resolution,

Since the waw..o'm parameters obtained through decomposition quantify the characteristics of the
laser reflections, including the shape of the backscattered envelope, these parameters will be useful in
number of applications. Firsily, it has been found that there exists a “propagatior bias” {24] in sea-depth
measurements obtained by using the LIDAR technology owing to the multirle scattering of photons in the
water column, As discussed in [16), this bias can e estimated from the shape of the backscattered envelope,
which can be deduced using the decomposition approach. Secondly, waveforms collected from different
survey missions or areas can be compared systematically and the characteristics of the LIDAR signature can
be studied in relation to variations of the optical propertics of the sea as well as the changes in the ocean

and weather conditions,
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CHAPTER FOUR
TWO-DIMENSIONAL SIGNAL PROCESSING OF SCATTERED SEA-DEPTH
KSTIMATES

4.1 INTRODUCTION

In laser bathymetry, noise embed...u in sea-depth estimates can be broadly divided into two types. The
first type of noise corrupts a laser waveform when it is collected at a sounding location. As a result of
the application of 1-D s’qnal processing techniques described in Chapters 2 and 3, the effects of this type
of noise on the accuracy of sea-depth estimates are significantly reduced. The second type of noisc is
the noise inherent in the 2-D bathymetric profiles which is difficult to detzct in individual waveforms,
and, therefore, difficult to eliminate with 1-D processing. This type of noise generally depends on the
positioning of laser soundings, sea state during survey missions, and the mzasurement errors of the
LIDAR system. Specifically, the geographical position of each laser sounding is dependent upon the
laser-firing angle, aircraft position, and altitude information. Measurement inaccuracies due to one or
more of these factors contributes uncertainties in the laser-sounding location and this, in tur.;, gives rise
to uncertainties in the depth estimates at the recorded geographical positions. Another type of etror
inherent in the bathymetric profiles is associated with the condition of sea. The world’s oceans are rarely
calm and when the wind is strong during a survey, white caps and foam patcites begin to form and this
may lead to altitude errors measured from the aircraft as well as errors in sea depths estimated on the
basis of the time delay between the surface and buttom reflections. On the other hand, measurement
errors inherent in the LIDAR system may produce a range bius or offset in the bathymetric
measuremnents. All of these errors combine to form a noise component and since these errors are

randoun in nature, they can be approximated 25 wideband noise in the bathymetric data set.
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Another type of error, which is difficult to detect in 1-D processing, manifests itself in a tatally
different form in a bathymetric profile. This type of error is often caused by false returns from the
ocean, i.e., laser pulses are reflected by objects other than ocean bottom, for sxample, fish shoals. In
addition, laser reficctions from the ice mass are also quite common in the bathymetric survey missions
in places such as the Canadian Central Arctic. Since the sea depths estimated from the waveforms
received under these circumstances can be very different from the actual depths, considerable errors,
which are in the form of impulsive noise, may result if further processing of the batl.iymetric profiles is
not applied.

In this chapter, we introduce a type of 2-D interpolating filters for the elimination of impulsive
noise and in Chapter 5 we will describe two different methods developed for ¢liminating wideband noise
in the profiles. The reason for dealing with the problem of impulsive noise first is that the processing
techniques developed for the removal of wideband noise require the conversion of the scattered depth
estimates into a regular grid of data. If the impulsive noise is not removed from the scattered depth
estimates, the estimates on the constructed regular grid located close to the impulsive noise components
can be significantly affected and, thereby, seriously degrade the representation of the sea-bed
topography.

A sophisticated 2-D imerpolation technique that can be vsed to convert scattered data poiats into
a regular grid of data will be discussed in this chapter. With the application of this interpolation
technique, sea-bed topography can be reconstructed from irregularly spaced data points and, therefore,
can eventually be represented in the fonn of contour maps or represented as 3-D surfaces for perspec-

tive view. The 2-D interpolation technique may also be used to construct maps of various resolutions

for different application needs.
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In Chapter 3 we hsve performed a corparative study in detail to examine our 1-D processing
resuits by comraring these results with those obtained by a surveying company. However, in cases where
the vesolutior: of leser reflections in the waveforms is very low, the depth estimates are ot available
from the surveying company. Ja order to assess the accuracy of our 1-D processing results obtained
under these circumstances, we will complete the comparative study in this chapter by describiag a
procedure which incorporates the 2-D interpolation technique.

To facilitate 2-D interpolation, 2-D geometric transformations must be carried out on the position
of each sounding. This tcpic will be addressed in Section 4.2. A 2-D interpolation method d~sigaed to
suppress undulations in the resulting surfaces will then be derived in Section 4.3. In Section 4.4, we
discuss the filtering of impulsive noise. The application of the interpoletion method to assess the

accuracy of our {-D results under the very-low resolution conditions will be illustrated in Section 4.5,

4.2 AFFINE TRANSFORMATIONS

The direction of a flight line is mainly dependent upon the geographical location of the surveyed arca
and, therefore, it varies in survey missions. When the ~ircraft is flying along the track in a pasticular
direction, the sounding pattern generated on the surface of the ocean has an orientation which is related
to the flight direction. Fig. 4.1 shows ibe sounding pattern of a particular flight path in one of the
LARSEN survey missions. As shown in the figure, the position of each sounding can be represented by
x and y coordinates. Ia order to provide a convenicnt way for performing 2-D interpolation and filtering
in this chapter as well as 2-D processing in the next chapter affine transformations are usually carried
ont. There are ihree distinct transformatioas ~ translation, rotation, and =caling of coordinates applicd
in sequence. To illustrate this, we refer to Fig. 4.1 again. For the purpose of illustration, cnly ten sweeps

of laser soundings projected along a single track are shown in the figure. Each sweep or arc shown
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consists of nine laser soundings which ¢ain be numbered from scan 0 to scan 8. In order to detzrmine
the direction of the flight line, a straight line is fitted through all soundings of a particula: scan number
in b2 least-squares sense (scan 4 was chasen in this figure). The slope of the least-squares line is then
used to aciermine the angle 8 as shown in the figure. With the angle 9 known, we can define o
translated and rotated Cartesian-coordinate system, 3ay the x’ -y’ system shown in Fig. 4.2. In this
case, x* is the along-track coordinate and y’ is the across-track coordinate. When the grid-point
coordinates are specitied in the (x*, y*) form, a rectangular grid can be generated from the irregularly
spaced date using 2-D interpolation.

Different flight dircctions require different orientatiuns of the coordinate sysiem 10 be set up to
generate rectangular grids. However, if we restrict ourselves to using only one orientation of the
Cartesian-conrdinate system regardless of flight directions, we can apply appropriate geometric rotation
to the coordinates of the irregularly spaced data in Fig. 4.1 to obtain the same results. Fig. 4.3 shows

the data with (ransformed coordinates using the transformation equation

(p) = [P} T(Ty, Ty)i [R(2)1[S(Sy)] @
where
V20 L EANARRY
represents the transformed sounding location expressed in the homogencous- >oordinate form [50],
(p)=lxy 1]
represents the original svunding location expressed in the same form, and

[1 0 0
(T(Ty, Ty)) -[0 10
1
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sepresents the translation matrix with transintion distances 7', and 7, in the x ond y directions,
respectively. ‘The matrix

cosa sina 0

[R(a)] = -sina cosa 0
XRp(1 -cosa) +Ypsina YR(l -cosa) -Xpsina 1

represents the matrix for rotation about (Xg, YR) and a is the angle of rotation determined from &
in Fig. 4.1. Since the rotation in this example is clockwiss, @ = ~0. The matrix
A} f 00

(S¢S =f0 550
011

represents the transformation matrix {or scaling witk (e scaling factor § 1- Note that the same scaling
factor is applied to both the x and y coordinates so that the spatial relationship of the depth estimates
can be prescrved after transformations.

To gencrate a rectangular grid using the data points in Fig. 4.3, grid-point coordinates (x*, y*)
must be specified. Moreover, a boundary must be set up to enclose the grid points so that the function
values at the grid points are approximated from neighboring points through the use of 2-D interpolation,
not 2-D extrapola.con, Extragolation is not used to approximnate sea depths because it does not lead to
a high degree of accuracy. If the interpolating function presented in the next section is used for
extrapolation, vareliable estimates would be obtained especially when the grid poir.ts are away from the

boundary.

4.3 2-D INTEPPOLATION USING TRIANGULATED-IRREGULAR NETWORKS
Vrrious 1-D interpolation techniques can be used for the estimation of 1-D function values at arbitrary

points and by far the most common technique is polynomial interpolation. .o some praciical problems,




92
however, the use of polynomial interpolation gives unsatisfactory results and is, thercfore, not suitable,
For example, n order to interpolate tabular data, it may be necessary to use a fairly high-degree
polynomial. Polynomials of high degree often have a very oscitiatory biehavior which is undesirable in
estimaiing function values that are smooth in nature.

An alternative approach is to use piecewise polyromial interpolation. Here, several lower-degree
polynomials are joined together in a coniinuous fashion so that the resulting piecewise polynomial
interpolates the data. Unfortunai=ly, the resulting curve oiien sutters from ¢ lack of smoothness and has
discontinuons derivatives if no continuity conditions are imposed at the endpoints. Thus, piecewise
polynomial interpolation is not vicll-suited for approximating most of the functions which arise in
physical problems, since such functions are usually fairly smooth. To overcome the oscillatory hehavier
of polynoiials and still provide o smooth approximation, an interpolation technique using splines has
been used extensively, The resulting curve traced out by the spline has the property that it interpolates
the function at each data point and, furthermore, it smooths out as much as possible between the points.
Thus, the oscillatory Uehavior of the approximation is minimized.

Like polynomial interpolation, spline functions can be easily extended to two-dimensional form
to yerform 2-D interpolation. However, 2-D interpolation using these techniques is usually performed
at the vertices of a rectangular grid. The problem of interpolating on a mesh that is not Cartesian, i.e.,
one that has tabulated function values at “random” points in 2-D space, is not often addressed.

To overcome this difficulty, triangle-based interpolation has gained widespread use particularly in
describing the topography of the terrain, Early computer algorithms for 2-D interpolation over a
triangular mesh were direct implementation of methods used by surveyors for the hand mapping of

topography [51). In these algorithms, data points are first connected by straight lines to form a mesh of
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triangle . and the resnlting «.rface is modeled as a combination of o series of Yat, triangular planes,
There are two major shortcomings of using wis type of algorithms in 2-D intc:polation. Firsi, the
triangles thus formed may be “thin”, i.e,, the lengih of onc side can he verv ditferent from that of the
other two sides. Thin triangles generally are noi prefurred because they usuaily give rise to faicly
inaccurate interpolation results. Secondly, the approximution of a surface, particularly for representing
the ocean bathymeiric data, by a combination of flat planes is a vesy crude approximetion,

Various algorithms have heen developed to improve the triangutation procedure [52)-{56] und
attempts have been madc te construct a unique, “optimal” set of trianglcs from the scattered Jate, An
optimal set of triangles implies the . the individual triangles should be as close to equiangular as posaible,
or that the longest side of each triangle should te as short as possible. i has been shown that by using
the lccal optimization procedure introduced by Lawson [57] in triangulation, the resulting triangulation
becomes a Delaunay triangulation [58), indicating that the triangles form--! are as ncarly equiangular
as possible [59])-{60). As a result of this desirable property, this procedure has been adopted for the
triangulation of the scattered laser soundings.

The procedure described in [57] utilizes a criterion, known as the max-min uagle criterion, to
triangulaie a quadrilateral. Specifically, let @ be a strictly convex quadrilateral made up of four data
points so that each of its four interior angles is less than 180 degrees. In such a case, precisely two
different triangulations, denoted by T and I’ -espectively, can be performed on Q. Let T denote a
triangle and a(T) be the minimum angle in 7. Further, let a(T) = min {4(T): Te T} be the
minimum angle of the two triangles in the triangulation I, The mav-min angle crit=rion states that the

triangulation I should be selected if

a(r) > a(r’)
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In other words, Q should be triangulated in such a way that the final triangulatior. maximizes the
minimum intesior angle of the two resulting triangles.

To construct a triangular network that -atisfies the max-min angle criterion, one can first quickly
construct an initial triangulation and then swap triangles whencver necessary [S2]. A more efficient
approach that is adopted bere is to start with one ti._igle and then add one data point at a time so as
to maintain that the current network is locally optimal [58).

Although interpolation by fitting planar facets to :ach triangle is a fast and economical method,
the interpolated surface has an undesirable jagged appearance and can misrepresent the bathymetric
surface to a very large extent. A better approximation to the surface can be achieved by using curved
or beni triangular plates, i.e., fitting a smooth curved surface over each triangle by using a low-order
bivariate polynomial. For instance, one of the ea:iest methods involves finding three closest neighbors
of each triangle and then fitting a second-order bivariate polynomial to these three data points and to
the three vertices of the triangle. The resulting potynomial will pass throtgh all these six data points and
it may then be used to evaluate the clevation at a series of locations within the triangle. The surface
constructed in such a way usu.lly has abrupt changes across the boundaries of the triangles and,
therefore, gradient information is generally used in formulating the polynomial so that the slope also
changes smoothly from one triangle to the next, i.c., to provide C 1 continuity in the triangular mesh.

A more sophisticated approach is to perform interpolation on :he basis of the finite-clement
method (FEM). One procedure is to model the surface over each triangle as a “tricubic polynomial”
as defined in [61]. There are nine coefficie::is in the polynomial and the values of these coefficients are
determined not only from the values but also from the first-order partial derivatives at the vertices of

a triangle. The derivatives are estimoted by using a least-squares procedure. With the use of this
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int.rpolation metiind, cl continuity can be achieved in the resulting surface [62). Another
triangular-based interpolation that is based on an FEM is discussed in [57). This method involves the
partitioning of each trizng,.. into three subtriangles b drawing internal boundaries from the centroid
to each vertex of the triangle, a cubic polynomial in botk x and y is then used to model the surface
within each subtriangle [63). By using this method, c! continuity is assured across . ernal and
external boundaries of the triangle.

A different approach to applying the FEM in approximating the surface over a triangular region
is discussed by Zlamal [64]. In this approach, a bivariate Sth-degrce polynomial is c~ustructed over each
triangular cell. The coefficients of the polynomiz! are uniguely defined by the given 2 values of the data,
as well as the first- and second-order partial derivatives at certain points, called nodes, on the boundary
of the triangular cell. It was proved by Zlamal that by using, this method in constructing a suriace over
the triangulated domain, cl continuity can be assured. In addition, the polynomials have piecewise
continuous second-order derivatives. The procedure can be bricfly described as follows.

For each triangular cell T, lct Py, I =1,2,3 be the vertices of T and @y, 1 =1,2,3 be the
midpoints of the sides of 7. To estimate the function value z(x,y) at any point P(x,y) in T, a
Sth-degree polynoiaial in bhoth x and y is used, ie.,

z(x,y) = zs: si; qlkxj yk @2

j=0 k=0
where g, are the coefficients of the polynomial to be determined using the z values and 9z /dx,
oz /oy, a2 /axz, 3%z /ayz, and %2 /3x 3y (or denoted as z,, 2y, Zyys Zyys and Zyy respectively)
at P;. In addition, three normal derivatives 9z(Q;) /dv are also required in determining i where v

is the normal to the side of 7. The theory was generalized by Zenibek [65] to (4m +1)th-degree
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polynomials. Conditions uniquely determining a polynomial of ihe degree 4m +1 are given in [65].
These conditions are sct up so that functions generated are m -times continuously differentiable on a
triangulated closed domain.

The approximation procedure discussed by Zlamal will now be adopted for 2-D interpolation of
scattered sea-depth estimates. Since the resulting representative surface formed will be based on a
collection of l~cal parametric surfaces, which are represented by the bivariate Sth-degree polynomials,
the local details of the topography can be expressed. In effect, the resulting bathymetric surface will be.
dominated by local trends in the data. Since both the first- and second-order derivatives are utilized in
cval..ating the parametric surface, the local slope, convexity, and concavity of local topography will be
accurately revealed and, thereby, giving a clear indication of the pronounced trends and anomalies in
the data.

In the following sections, we will describe the 2-}) interpolation procedure. Conditions set up to
ensure the smoothness of the interpolatcd values are first examined. Next, a method for the estimation
of partial derivatives at the vertex of each triangle is described. Procedures for determining the

coefficients of the fifth-degree polynomials are then presented and interpolation results are provided.

4.3.1 Continuity considerations in 2-D interpolation
In this section, the continuity of th. interpolating function is discussed. it is shown that if certain
conditions are satisfied, the interpolating surface along the side of the triangle is smooth.

The interpolating function is a smooth function when the interpolating function and it= first-order
partia! derivatives are continnous on the boundaries of the triangular cells. To demonstrate this, a
rotated Cartesian-coordinate system, namely, the s-t system is introduced [66). In the s~t system, the

s axis is parallel to one side of the triangle. Since the coordinate transformation between the x-y system
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and the s-t system is linear, the partial derivatives 2y, 2y, Zyy, 2y, and 2,y ot each vertex of the
triargle uniquely determine the valucs of 2y, 2y, 2y, 2, and zg at the corresponding vertex, As the
s axis is parallel to one side, say side P; Py, of the tsiangle, the values of z, 2, and zgg at the two ends
of Pj Py uniquely determine a fifth-degree polynomial in s on the side PjPy.

Since PjPy is the common side shared by two adjacent triangles, ti¥.wo iifth-degree polynomials
determined from z, 2, and zg; at the ends of Pj Py coincide. The interpolated valucs along the side
Pi Py, given by tiie two polynomials are therefore the same and this proves the conticuity of the
interpolating function along a side of a triangle.

I~ order to maintain the continuity of the first derivative along each ride of a triangle Akima |66)
has imposed a condition that the first-order partial derivatives of the interpolating function in a direction
normal to each side of a triangle is a polynomial of degree three at most in the var iable measured in
the direction of the side of the triangle. In other words, 2, is a polynomial of degree three at most in

s . Equivalently, the condition

245555 © 0 43)

must be satisfied at each side of the triangle.

The proof of the continuity of z, along the side of the trianglc is similar to the proof of the
continuity of the interpolated values as mentioned earlier. Here, the velues of z; and 2, at the ends
of a side, say side P;Py, uniquely determine a polynomial z;, of degree three in s on PjPy. Again,
since PjPy is the common side shared by the two triangles, the two polynomials of degree three in s
determined from z; and z;; at the ends of P; Py coincide‘.- This proves the continuity of 2, along a side
of a triangle. Since the int:rpolating function has continuous derivatives at the boundaries of cach

triangle, smoothness of the resulting surface is assured.
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43.2 Estimation of partial derivatives
This section deals with the estimation of partial derivatives locally at the vertex of each triangle. Tke
partial de.ivatives estimated are not uniquc and the accuracy of the estimation generally varies from
method to method. One method which is formulated as a local least-squares problem is described in
{57}. In this method. 3 bivariate quadratic polynomial which consists of six coefficients is fitted to the
z value at a vertex Pg and the 2 values of its 16 immediate neighbors. The polynomial is forced to
interpolate the z value ai /g and it fits the remaining points in a weighted least-squares sense. The
first-order portial derivative:. of the polynomial evaluated at P then give 8z /0x and 9z /dy 2: Py. The
amouni of computation required by this method is large and it provides only the first-order derivatives.
Furthermore, the approach is somevhat ad hoc.

A preferred method which is adopted in our case for the estimation of partial derivatives in the
scattered data points is describ:d in {66). First, the method is applied to the 2 values to estimate 2, and
2y at each data point »-.d the same method is then applied to the first derivatives obtained to esiimate
Zgxs Zyy, and 2z,

Let the projections of the data points D;, i =0, 1,2, .,n be P;, i =0, 1, 2, .., n inthe x-y plane.
In order to estimate zy and zy, we first construct vectors Do D and Do Dy, j, k = 1,2, ., + and form
cross products of DgDj and Dy Dy (j # k) in such a way that tl;e 2 component of the cross product
is always positive. Then we taks a vector sum S of all the vector products. Lastly, we construct a plane
normal to S and estimate zy and 2y, of the data point Dy at Po by differentiating the function
representing the plane.

To estimate 2y, and (zx)y at Po, we apply the same procedure as previously described except

that the estimated 2, values instead of the z values of the data points are used in constructing the




9
vectors DgDj and Do Dy . Similarly, to estimate 2y, and (2y)y at Py, we replace the z values with
the 2y values when constructiug vectors DoDj and Do Dy,. The sverage of (z,)y and (zy )y previously
computed becomes the estimate of zyy, at Pp.

The number of closest neighboring points of P is chosen to be four, which is within the preferred
range as suggested in [66}, in the estimation of partial derivatives at Pgy. The procedure described above
involves the use of the direction of the cross product of two vectors Do Dj and Do Dy, and, therefore,
it fails when the data points are collinear. Should this happen, the duta point D,, which has the
projection P,, furthest from: Py can be replaced by another dats point which is not =ollinzar with the

present data and has the projection next closest to Py.

4.3.3 Determination of ceefficients of ¢the bivariate polysomial
The function value z(x, y) at any point P(x, y) in a triangle can be interpolated by the bivariate
fifth-degree polynomial of Eq, (4.2). In this scction, the required twenty-onc coefficients djk will be
determined. To determine these coefficients, twenty-one independent conditions must be set up. In
Section 4.3.1, the condition in Eq. (4.3) must be satisfied at each side of the triangle. Since a triangic
has three sides, three conditions can be set up. In Section 4.3.2, we estimated the five partial derivatives
2y Zys Zgys Zyy, AN 2y, at each vertex of the triangle. As a result, fifteen conditions can be set up
at the three vertices of the triangle. The remaining three conditions can be set up using the 2 values
of the data at the three vertices of the triangle.

To facilitate the determination of the coefficients, a procedure given in [67) is adopted. First, a
new coordinate system, the u-v system, is set up to simplify the representation of a triangular cell,
From the relationship between the x~-y system and the u-v system, the five partial derivatives 2y, 2y,

Zuu» 2yy and 2z, at each vertex of the triangle can be cbtained. The polynomial in Eq. (4.2) is then
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expressed in terms of u and v. The condition set up in Section 4.3.1 for each side of the triangle is first
used to set up relationships among the coefficients of this newly-formed polynomial. With the remaining
cighteen conditions, the coefficients of the polynomial can finally be determined.

The u~v coordinate system is set up as shown in Fig. 4.4(a) and the vertices Py, 1 =1, 2,3 of the
triangle are located at points (0,0), (1,0) and (0, 1). Fig, 4.4(b) shows the corresponding descripi.an
in the Cartesian-coordinate syztem. The coordinate transformation between the two systems is

determined by the relationships
x=au +bv +xq 44)
y=cu+dvey )

where

a=x3-X
b=x3-x @)
¢c=y2°Nn

d=y3-y

Using Eq. (4.4), u and v can be expressed in terms of x and y as

_d@=x) ~bly -y1)
(ad - bc)

. ~c(x -xy) *+a(y ~y1)
(ad -bc)

(46)

Using the same equation, the partial derivatives in the x-y system can be transformed to those in the

u=-v system, For example, 2,, can be expressed as
o g 3y
du 9xdu dyadu
or

2y = azg *czy

Similarly, other first- and second-order derivatives are obtained as
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Fig. 44 Geometric description of a triangle: (a) the u-v coordinate system; (b) the x-) Cartesian-

coordinate system.
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2y = bzy ¢ d2y

Zyy ® azzxx *2ac¢ zgy oczzyy
2y = D22y +2bd 2y +d 2z,

Zyy = ab 2y + (ad + be) 2y *cd 2y,
Sinve 2y, 2y, Zxy, Zyy, and 2yy can be determined using the method described in Section 4.3.2, we can
readily solve for 2y, 2y, 2y, 2yy, and 2y, using the above equations.

To express the {ifth-degree polynomial z(x,y) in Eq. (4.2) in terms of u and v, we car write

5 5-
z(uyv)e ¥ Ej pikujvk (4.7
J=0 k=0

Note that Eq. (4.7) is also a fifth-degree polynomial as the coordinate transformation between the x-y
and .u ~v coordinate systems is linear. As a result of this transformation, the 21 coeificients py of Eq.
(4.7) can be determined.

First, we consider the smoothness condition as expressed by Eq. {4.3). To utilize thie condition,
we rotate the s~ system as discussed in Section 4.3.1 in such a way that the s axis is parallel to each
side of the triangle. Fig. 4.5(a), (b), and (c) refer to cases wiere the s axis is parallel to th- sides Py Py,
PyP3, and PyP3, respectively. Consider the case where the s axis is parallel to the side Py P. In this

case, the coordinate transformation between the s=t system and the u-v system is given by

y o 08y (5 =50) - cosbyy (¢ - f0)
L, sin6y,

t-tg @8

v’._
Ly sin 6,y

where (sg, fp) is the vertex position of Py,
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Py
P;
Pl / /
(a)
Py

P

(b)

Fig. 4.5 Geometric rotation of the s-¢ system: (a) the 5 axis is paralicl to the side PyPp; (b) the s
axis is paralicl to the side PyP3.
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Py

()

Fig. 45 Geametric rotation of the s=t system: () the s axis is parallel to the side PaP3, @y is the
angle betweca the u axis and the s axis,




10>
I.,,w\laz-n:2
L, = b2 +d?
-1 {d -1 (¢
6, =t -] -t -
uv = T [b] " [a]

and a, b, ¢, and d are the geometrical constants given in Eq. (4.5). Using Eq. (4.8), purtin!
differentiatiou of z =2z (u, v) in Eq. (4.7) with respect to ¢ gives

] du ot adv ot

Lysing,, " TI,sing, "
The partial derivative with respect to s using Eq. (4.8) is given by
O0s Ouds dvas
..1_ i‘.". (4.10)
L, du
If we partially differentiate Eq. (4.9) four times with respect to s using Eq. (4.10), we obain
1 | -cosfyy 1
29555 = 7 L on ouvzuuuuu + mzvuuuu (LAY

Two derivatives, namely, 2, uy 804 Zyyyuyuu, can be obtained by partially differentiating the

polynomial z,,,, in Eq. (4.7) with respect to u and v and their values are

Zyuuuy = 120959 4.12)
Zyyuuu = AP41

Substituting Eq. (4.12) into Eq. (4.11) and letting 2,500 = 0, we get
L,pay - 5Ly cos 6y, psg =0 4.13)
In effect, a relation between polynomial coefficients p4q and pgq is obtoined.
The result obtained for the case when the s axis is parallel to the side Py Pj can be similarly

derived, In this case,
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2 _L -1 2z - _..c:s_c.“.y_z (4.19)
tssss L4 m UV L, sty vvvwy .
v
and the derivatives are obtained as
Zyppor = P14 (4.15)

Zypyyy = 120p05
After substituting Eq. (4.15) into Eq. (4.14) and letting 2,¢c0c = 0, we get
Lyp1g =SLy cosby,y pos = 0 (4.16)
The result obtained for the case where the s axis is parallcl to the side PoPj is slightly more complex

and is given by

54%Bpsy +A3(4BC +AD)pyy +A2C(3BC +24D)p3;
+AC2(2BC +34D)py3 + C3(BC +44D)py4
+5C*Dpys = 0

(4.17)

where

L, sing,,
05 (G - Bys)
L, sin 6,
sin 65 (4.18)

C = S
Lysing,,

c0s 8¢

D = ——

o ()

with constants a, b, ¢, and 4 defined in Sq. (4.5).

Some of the coefficients of z,,, are interrelated by Eq. (4.13), (4.16), and (4.17). In order to

determine their actual values as well as the values of the remaining coefficients, we proceed as follows.
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First, we partialiy differentiate z(u, v) in Eq. (3.7) with respect to u and v. The five partial derivatives

are then cbtained as
S §5-j
vy = ¥ ¥ fl’jk“u-l)v"
j=1 k=0
4 5-j
ZV(U,V) = 2 z kp]kujp(k'l)
j=0 k=1
S 5-j
av) = 5 T jG-1)prul-Dvk @.19)
je2 k=0
3 5-j ‘
ZVV(U.V) e E E k(k'l)pjkujv(k-z)
j=0 k=2

4 §5-j )
2yy) = 3, X jhppul-DyD
j=1 k=1

Next we evaluate z,,, in Eq. (4.7) and its partial derivatives in Eq. (4.19) at the three vertices of the
triangle. In other words, we substitute (u,v) = (0,0}, (0,1), (1,0) in turn into Egs. (4.7) and (4.19).
Since the values at the left-hand side of Eqs. (4.7) and (4.19) are known guantities, we obtain a sct of
algebraic equations involving the unknown coefficients pjy . From Egs. (4.13), (4.16) and (4.17) together
with this set of equations, we can, therefore, solve for all py in Eq. (47). Since the procedure is

noniterative, the coefficients can be found quite efficiently.

4.34 Interpolation resuits

In: order to test the performance of the 2-D interpolation technique described 1 this chaptzr, we will
apply it to three cases corresponding to bathymetric information obtained in three different areas. In
case (i), we apply the technique to one iwundred irregularly spaced data points coliected from an area
where the Jepth of the ocean ranges from 26 m to 34 m. In cases (ii) and (iii), we apply the technique

to the same number of data points collected from areas where depths vary from 7.2 m to 86 m and
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2 m to 12 m, respectively. The 3-D surface and contour plots of the interpolated results are given in
each case,

As mentioned earlier, in order to perform 2-D interpolation, the x-y plane consisting of the
sounding positions must be partitioned into a number of triangles. Fig. 4.6 Jhows the results of the
triangular grid constru~ted on the x-y plane in Fig. 4.3, There are 144 triangles construc.cd in Fig. 4.6
and many of them are approximately equilztcral. Equilateral triangles are preferable because more
accurate results can be obtained in the 2-D int -polation.

To generate 2-D deptis profiles, all rectangular grid points are located and interpolation is
performed at all grid points. Fig. 4.7(a) shows a 3-D surface plot representing the sea-bed topography
of a surveyed area and Fig. 4.7(b) shows the corresponding contour plot. The derth in this area ranges
from 23 m to 34 1 and we can see that the resulting surface appears smooth and natural.

When the depth of the ocean is more or less constant over a large area, reasonable results can
still be maintained after interpolztion. Fig. 4.8(a) shows the surface plot resulting from data collected
in the area where the depth rang:s from 7.2 m to 8.6 m. As can be seen, the oscillatory behavior of the
approximation is minimized. Fig. 4.8(b) depicts the contour plot of the resulting surface.

Fig. 4.9(a) shows the results of a surveyed arca where the depth ranges from 2 m to 12 m. The
resulting surface is continuous and smooth as can be seen in the corresponding contour plot in Fig,

4.9(b).

4.4 2-D FILTERING OF IMPULSIVE NOISE
A sea-depih estimate can be regarded as an unreliable or a vogue measurement if its valae is not
supported by its neighboring points, i.c., if it is significantly different from those in its neighborhood in

a local region of a 2-D sea-depth profile. Rogue measurements appear as sharp spikes in the profile,
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Fig. 4.6 Construction of a triangular grid from irregularly spaced data.
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which do not represent geological features of the ocean floor and their occurrence is often due to errors
in measurement as indicated in Section 4.1. Since spikes appear as impulses in a profile, they are
referred to as impulsive noise.

In this section, we introduce one type of 2-D interpolating filters for removing impulsive noise
from the scattered sea-depth estimates. In filtering impulsive noise, we have two objectives in mind, The
first objective is to identify the rogue sea-depth estimates present in a profile so that further action can
be undertaken. The second objective is to apply correction to these spikes or rogue estimates by
assuming that spikes generally do pot represent geological features. Obviously, the first objective is
independent of the second one and, as a result, one may need not to ﬂl(&il.l both simultaneously. We
assume that spikes are due to noise present in a profile and, therefore, appropriate correction will be
applied to these estimates after they have been detected.

In order to suppress impulsive noise and eliminate its effects on surrounding depth estimates, it
is desirable to have some mechanism to operate only on the impulsive noise components and leave the
rest of the signa! intact. And, to be applicable to laser bathymetry, the technique developed should
handle data points that do not fall on a regular grid and, further, the correction applied to the impulsive
value must be reasonable so that the corrected vaiue will conform to the trend and slope in the local
region and relate naturally to its neighbors. To achieve this, a nonlinear scheme which involves two
stages, has been developed. The first stage is concerned with the scarch for samples with impulsive

values while the second stage deals with the correction of these values.

4.4.1 ldentification of impulsive values based on order-statistics filters
In order to identify impulsive values, a method based on the principle of a type of nunlinear filtering

known as order-statistics filtering [68] is developed. In a one-dimensional order-statistics fifter (OSF),
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the output at a point is given by a linear combination of the order statistics of a set of data located on
the left and right of that point, Specifically, if yj, is the kth output sample of an OSF with window size
2N + 1, then for an input sequence {x), yy is given by

N +1

Y = wix
k jg ¥ ()

(4.20)

where x(j) is the jth smallest sample among the 2V + 1 samples inside the window centred at k and
wj is a constant weight applied to x j)- Note that when wyy,q =1 and the rest of the weights are set
to zero, the OSF becomes a median filter; whean,l =Wge2 = 2WoN+l—g © 1/[2(N -q) +1]
where 0 sq s N and the rest of the weights are set to zero, the OSF becomes an alpha-trimmed mean
filter [69). The median filter has been ¢ own to be effective in suppressing impulsive noise [70]-[71]
while the alpha-trimmed mean filte; allows compromise between noise averaging and impulsive noise
suppression 59), [72). Thus by setting the weights in Eq. (4.20) appropriately, we can design filters for
specific needs. Our objective is to extend the basic underlying principle in the OSF, namely, the ordering
and weighting of input sequence, to the two-dimensional domain with scattered data points for effective
detection of impulsive values.

Suppose that we have a set of depth estimates D = {d;, i = 1, 2, ..., N} scattered in a 2-D profile.
In order to determine if d; is an impulsive value, we can proceed as follows. First, we define a
acighborhood of d; and then utilize the spatial relationship among the data points within the
neighborhood to predict the value of d;. If d; is different from the prediction by a significant amount,
then this indicates that d; is an isolated value which does not conform to its neighbors in a local region.
Hence, d; should be considered as an impulsive value. Note that this scheme works well if the neighbors

of ¢/; do not contain impulsive noise components; otherwise, serious prediction error may result causing
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d; to be considered as 2. impulsive value when it is not, or vice versa. One alternative to alleviate this
problem is to first rank all the data points in the neighborhood of d; according to their values. Then,
limit the influence of the data points which deviate substantially from the median of the ranked list on
the prediction. By doing so, extreme values, both low and high, can no loager distort the prediction and,
as a result, the prediction becomes more reliable. Hence, the accuracy in detecting impulsive values in
a profile can be improved quite significantly.
Suppose that a depth estimate d; is located at the sounding lovation ¢; defined on an x-y
Cartesian-coordinate system. To define a neighborhood of d;, we search for its closest depth estimates
Z-° (z].j =1,2,.,M)} at the corresponding sounding location § = (sj,j =1, 2, ..,M) within a
predefired search range R. When Z is defined, we then sort the elements in Z into ascending order
such that 2(1) S2(2) S ~ S2(pf) where 2(j) represéms the jth item in the ordered array. To limit the
influence of possible extreme values, we discard ¢4 and g9 samples from the low and high cnds of the
ordered array, respectively, to form
X =A2(q) +1) 2(g1 +2) = 2 (M - )}
In order to utilize the data points in X to predict the value at ¢;, we apply proportinnal weights to each
2(j) in X to express the relative influence of each point on the prediction. Since, in general, the spatial
correlation of a typical bathymetric surface decreases with increasing distance in a local region, the
weights applied to the more distant points should be less than those applied to the nearby points. One

suitable weighting function is the inverse distance-powered function given by

A
Wj'—-b-
Iy
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where /; represents the Euclidean distance between §; and ¢;, §; denotes the sounding location of

2(j)» b controls the degree of influence of distance on the prediction, and A4 is a normalizing constant

defined as
Ae—l
M-q; .
j=q1 41 ;?’-
such that
M-q;
i=q1+1 "

By applying wj 10 2(j) in X for each j , the prediction at ¢; can be obtained as
M-q;

pe X wiz(j)
j=q1*1

To determine whether d; is an impulsive value, we compare d; with p and if their absolute diffcic -

(4.21)

|p - d;| is greater than a threshold value, say T, then d; is considered as an impulsive value. Fig. 4.10
depicts the block diagram illustrating the overall detection process. The process is represented as a
cascade of a nonlinear operation, i.e., ranking, with a linear operation, i.e., weighted averaging, followed

by a decision process.

4.4.2. Replacement of impulsive values by using 2-D interpolation

Suppose that the depth estimate d; located at ¢; has been identified as an impulsive value, in order to
obtain a reasonable cstimate d; to replace d;, we apply the 2-D interpolation method as discussed in
Section 4.3 at c;. Specifically, we start by searching for a set of depth estimates U = {zj, j
1, 2, .., L) at the corresponding location V = (s,, Jj =142 ., L)} in a neighborhood of d;. By using

V, a triangular grid is constructed according to the scheme as described in Section 4.3 such that the




Fig. 4.10 Block diagram fur the detecton of rogue sea-depth estimates.
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vertex of each triangle represents the projection of each data point in U on the x-y plane. From the
triangular grid, we then determine the particular triangular cell C within which d; is located. Once C
is determined, our next step is to estimate the first- and second-order partial derivatives with respect
to x and y, respectively, using the proccdure outlined in Section 4.3.2 at each vertex of C in order to
obtain the gradient and curvature information at these three data points. Using this knowledge together
with the depth information at the vertices of C, a representative surface, which is in the form of a
bivariate Sth-degree interpolating polynomial as expressed in Eq. (4.7), is then constructed to describe
the behavior of the topography over C. By evaluating the interpolating function explicitly at ¢;, d; is

then obtained.

4.4.3. Filtering algorithm and results
The procedure developed in Sections 4.4.1 and 4...2 can be set up as an algorit'ym, Algorithm 4.1, as
follows. The process for detecting rogue measvremaznts in a profilc is carried out in the first part of the
algorithm whilc the second part deals with the correction procedure by using 2-D interpolation. The
algorithm contains several important parameters and the following provides a guideline for chorsing the
values of these parameters.
In Step Al, the algorithm uses a predetermined search radius 7 to limit the search range. In order
to automate the computation of r for a given M, the following procedure can be used.
1.  Select an arbitrary data point from the profile and search for its M closest neighbors to form a
set of M + 1 data points.

2. Compute the mean centre [73) m, = (x., yc) from these M + 1 data by

1 Mzol 1 Mzﬂ
xc' x" and yc'—-— y
M+1 /3 UESW - Bd

where (x;, y;) represents the sounding location of the ith data.
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Algorithm 4.1: 2.D filtering of im} ulsive noise
For each data point d;,i = 1, 2, .., N in a profile do:

Al

A2,

A3

A4,

Search for the laser sounding location Sjr j =1,2,..,M closest to ¢; within a search radius
r where ¢; is the sounding location of d;.

Sort Z = (zj. j=12 ..M} where 2j is the depth estimate at s j into ascending order to
form an ordered array Y,
Remove g1 and g data samples from the low and high ends of Y, respectively, i.c., form
X =z 01y (g 2y~ 2M -}
Compute a ‘veighted sum p from X by using Eq. (4.21).
I |p -d;] > T then:

i. Report d; is a rogue measurement.

ii.  Record the location ¢;.
iii.  Increment the counter K where K = 0 initially.

For each rogue measurement d;,i = 1, 2, .., K do:

B1.

B2,

Search for (he depth estimates U (z,-, j=1,2 .,L} at the corresponding sounding
location V = {s j» j =12, .., L} which are closest to ¢; where ¢; is the location of the
roguc measurement d;, 5; ¢ ¢pi=12.,Kforalljand L > M,

Construct a triangular grid by using ' and identify the trianguiur cell C within which d; is
located.

Estimate the first- and second-order partial derivatives at the three vertices of € by using the
data points in U.

Construct a 2-D interpolating function z(x, y) over C by using Eq. (4.7). Evaluate the
function at ¢; to obtain d;.
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3.  Compute the standard distance [73] {, by

M1
o= |+ Ex i}

where /; is the Euclidean distance between the ith data and m,.

4. Repeat Steps 1 to 3 in different areas of the profile in order to compute an average of the

standard distance 70.

5. Compute r = A-I-o where A is a scaling constant typically in the range 1 < 1 < 2,
Since standard distance is a concise statistical measure of the spatial dispersion of data points, the use
of this measure for the computation of » provides a convenient and reliable way to define ».

From Steps Al to Ad of the algorithm, we assume that a total of M neighbors can be found within
r for each d;. When the actual number of neighbors found is less than M in particular areas, the
ordering and computation involved in these steps should be modified accordingly.

The choice of M in Step Al and the choice of g1 and gy in Step A3 depend on the sounding
density of the laser system, the computational time allowed, as well as the reliability of the depth
estimates in the profile. Typically, M s 8 and ¢y, g2 S 2 can be used. Since rogue measurements are
identified in Step AS by means of thresho'ding, proper choice of T is essential. In shallow-water
bathymetry using airborne laser system, sea depth that can be estimated typically ranges from 1.5 to 40
m. Therefore, the use of a large value of T, say 10 m, is effective in identifying appropriate rogue
measurements,

In the second part of the algorithm, we use L neighbors of the rogue measurement to perform

2-D interpolation. To improve interpolation, depth estimates which have been identified as rogue

measurements are not considered as neighbors, as indicated in Step B1. To simplify the imp!>mentation,
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we perform the triangulation in Step B2 and estimate the partial derivatives in Step B3 by using the
same L neighbors of d;. In Step B2, the objective to perform triangulation is to obiain C which should
be approximately equilateral to improve the interpolation result. To achieve this, besides using the
immediate acighbors of d;, a few more data points close to ¢; are needed 1o improve the triangulation.
As a result, L should not be small. In Step B3, we estimate the partial derivatives at each vertex of C
locally. To achieve this, the number of closest neighbors chosen for each vertex is fous. Therefore, in
order to improve th: estimation of d;, the L ucighbors chosen should include the neighhors of each
vertex. In order to satisfy the requirements in both Steps B2 and B3, L =16 is chosen in our
implementation.

Algorithm 4.1 has been applied to the depth profiles obtained in Lake Huron, Ontario, Canada
during a survey in 1992 by using the LARSEN 500 sirborne system. In the application, M =7 and
g1 = q3 = 1 were used to predict p. In addition, b =2 was used in order to achieve inverse distance-
squared weighting, i.c., the influence of a depth estimate at d; is inversely proportional to its squared
distancc from d;. The valuc 70 =455 m has been determined from the profiles according to the
scheme presented in this section and with A = 1.5, we obtained 7 = 68.3 m as the search 1 udius. In order
to reject only relatively large spikes while tolerate local fivctuations, 7 =10 m was used. Fig. 4.11
:ilustrates an example of the applicatior of Algorithm 4.1. In Fig. 4.11(a), the data point nf interest d;
has a value of 17.58 m. In order to determine if it is an impulsive value, its seven closest neighbors,
which are shown in Fig. 4.11(a), are first selected and then ranked to form an ordered array. After
removing the first and last samples, namely, 4.61 m and 6.72 m, respectively, from the array, the
remaining samples are weighted by using Eq. (4.21) to obtain p = 5.81 m. Since the absolute difference

between d; and j is greater than 10 m, d; is detected as an impulsive value. To replace this value
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through the use of 2-D interpolation, we select its 16 closest neighbors from the profile as shown in Fig.
4.11(b). Based on the location of these data, we find that « ; is located within the triangle with vertices
Py, P>, and P3 as shown in the figure. In order té estimate the partial derivatives at each vertex, the
four closest neighbors of each vertex are selected as indicated in Fig. 4.11(b). By using the values of the
estimated partial derivatives together with the depth estimates at each vertex, the interpolating function
in Eq. (4.7) is constructed and the interpolation value is found to be 6.26 m, which is more consistent
with the surrounding samples as expected. Fig. 4.12 illustrates another example of the application of the
algorithm. Fig. 4.12(a) shows that the depth estimate d; = 25.12 m is different from p = 7.34 m by more
than 10 m; as a result, d; is considered as a rogue measurement. Fig. 4.12(b) illustrates that this
measurem.at is replaced by a value of 7.04 m after 2-D interpolation. Since the depth in the area
surrounding the impuisive value ranges from 6 to 8.5 m, the replacement provides a far better

representation of the sea depth.

4.5 PERFORMANCE OF 1-D SIGNAL PROCESSING UNDER THE VERY-.0W
RESOLUTION CONDITIONS

In Chapter 3, we have performed a detailed comparative study of the sea-depth estimates obtained from
the 1-D processing algorithms with the results obtained by the surveying company. In this section, we
complete the comparative study by considering the situation wherc the resolution between the laser
reflections is very low, which may represent cases when the surface and bottom reflections strongly
overlap or when the bottom reflection is embedded in the backscattered envelope. Under these
circumstances, sea-depth estimates are not available from the surveying company. As a result, we assess
the q.ality of the 1-D results by comparing them with some predictions, To make the comparison

meaningful, the prediction made at a sounding location should in some way accurately express the
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combined influences of the surrounding data. One approach to achieve this is to use the 2-D
interpolation method described in Section 4.3. Suppose that we wish to obtain a predicted value d; at
a sounding location ¢;, we can employ the interpolation procedure described in Section 4.4.2.
Specifically, we first identify the sounding locations at which the depth estimate are not available from
the company due to the fact that the resolution between the laser reflections is very low. If ¢; is the
identified sounding location, a set of 1-D results U can be searched in a neighborhood of ¢;. A
triangular grid is then constructed from U and the particular triangular cell within which ¢; is located
can be identified. Subsequently, 2-D interpolation is performed at ¢; to obtain d;. The predicted value
d; is then compared with the waveform-decomposition result obtained at ¢;. Fig. 4.13 provides an
example of the comparison. The predicted value obtained from interpolation is based on the 16
neighbors of ¢;, which are also shown in Fig. 4.13. In the example, we obseﬁe that there is a 0.05-m
difference between the interpolation and decomposition results. If the interpolated value is treated as
a reasonable prediction, which is valid particularly when the sea bottom is not rough, then the 1-D result
estimated from the wav=form can be considered as a satisfactory result. The overall comparisor is
illustrated in Fig. 4.14.

The scattered plot depicted in Fig. 4.14(a) shows the comparison of the two results at the sounding
locations where depth estimates are unavailable from the surveying company, These locations ase chosen
at random from different areas in Lake Huron, Ont. and tke sample collected contains about 130 laser
soundings. From Fig. 4.14(a), it is interesting tc see that although the two results are obtained from
different means, they are quite consistent with each other. Some outliers can also be found from the
figure indicating that the discrepancy hetween the two results can be large at some sounding loraticns,

although the number of outliers is relatively small.
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Fig. 4.14(b) shows a histogram of the differences dy between the two results where dy = dyp - d;

for all i which are plotted in Fig. 4.14(a). Three of the outliers found in Fig. 4.14(a) are not shown in
the histogram but their values are displayed below the plot. By examining the histogram, we find that
approximately 80 % of dy are within £0.5 m and 92 % of dy are within 1 m. These results show
that a large proportion of the waveform-decomposition results are fairly close .o the predictions based
on 2-D interpolation. This suggests that the application of decomposition can offer significant potential
in recovering *“lost” sea depths due to the lost of resolution between the laser rc.lections which occurs

frequently in areas with turbid waters,

4.6 CONCLUSIONS

A sophisticated 2-D interpolation technique has been described for the reconstruction of 3-D sea-bed
topography from the scattered sea-depth estimates. The technique has been applied to typical laser
bathymetric data and, as expected, the interpolated depth profiles obtained are free of oscillations and
appear natural,

A type of 2-D interpolating filter has been introduced for the filtcring of impulsive noise. Based
on the concept of order-statistics filtering, the interpolating filter has been found to be effective in
identifying rogue measurements from the 2-D irregularly spaced sea-depth estimates. When the rogue
measurements are unwanted signal, the interpolating filter can be applied to provide reasonable
approximation to sea depths so that the approximations can conform to the slope and trend of the local
topography.

The quality of 1-D results obtained under the very-low resolution conditions has been assessed

through a comparison with the predictions obtained from 2-D interpolation. Comparison results
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indicated that “lost” sea depths due to a loss of resolution can be restored from the received waveforms

through the use of waveform decomposition.
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CHAPTER FIVE
TWO-DIME! ISIONAL SIGNAL PROCESSING OF INTERPO! ATED SE.«

DEPTH ESTIMATES

5.1 INTRODUCTION

In Chapter 4, we have discussed a type of 2-D interpolating filter that can be used to filter impulsive
noise present in the scattered Lathymetric data. After the impulsive noise is removed by using this type
of filter, 2-D interpolation can be applied to the scattered data to form a rectangular grid of data points.
In this chapter, we focus our attention on the removal of wideband noise present in the 2-D interpolated
profiles.

As detailed in Section 4.1, a number of sources may give rise to random r+rors in the scattered
depth estimates which constitute wideband noise in a 2-D profile. To eliminate wideband noise, we
suggest two adaptive 2-D filtering procedures. The first procedure involves 2-D power spectral analysis
of sea-bed topography on a block-by-block basis. By examining the estimated power spectrum in each
block, we can determine the appropriate type of 2-D digital filter to be designed and the values of the
corresp- .ding filter parameters. The second procedure involves the estimation of the bathymetric data
from the interpolated data based on a 2-D space-variant filter. In this procedure, we perform filtering

on a point-by-point basis so that noise smoothing can be adapted to each data point in a profile.

§2 2.D FILTERING BASED ON POWER SPECTRAL ANALYSIS

Bathymetric profiles can be analyzed in the frequency domain for a number of purposes. For example,
one can utilize the frequency-domain representation to provide an objective quantitative characterization
of the ocean floor. Different characteristics of the ocean floor give rise to distinguished patterns in the

spatial-frequency domain and when these patterns are carefully analyzed in relation to the morphology
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of the sea flo. r, elaborate geophysical studies with regard to the relief-forming geological processes can
be carried out,

Another purpose in processing bathymetric profiles in the frequency domain is for noise reduction.
Here, we examine the frequency contents of both the signal and the noise. With the knoledge of the
corresponding frequency contents, we can then design appropriste 2-D digital filters that can remove
noise from the measured profile. After filtering, the data obtained are an improved and more reliable
representation of the sea-bed topography.

In this section, we explore the use of 2-D digital filtering in bathymetric profiles. In order to
preserve the iniegrity of the signal in the filtering, we will formulate an adaptive approach.

Let R be the region of interest, which may represent the surveyed area. To process the profile
in R, we first divide R into a number of blocks. At the kth block, we let fy(ng, ny) be the true
bathymetric data. If the block size chosen is large enough, say, 500 m x 500 m, then fi(ny, ny) can
be decomposed into two components as

fx(ny, nz) = tg(ny, n2) *+lg(ny, n2) Gy
where t;(nq, n3) denotes the trend of the data at the kth block and /i (nq, ny) denotes the local
variations about this trend. Further, we let v (nq, np) be the wideband noise present in this block of
data. Under these circumstances, the measured dzpth can be represented as

8k(ny, 12) = fr(ny, n2) + vy(ny, n2) 2)
= tg(ny, n3) + ig(ny, ny) + ve(ng, n)

by using Eq. (5.1). In our problem, gy (n}, n7) is the profile obtained after 2-D interpolation.
Suppose that #(ny, ny) can be identified, we can cbtain a detrended profile as
xk(ny, n2) = gx(ng, ny) = ty(ny, 3) (53)

and by using Eq. (5.2)
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xi(nq, n2) = lx(ny, ny) * vy(ng, n3) (54)

As a result, xi(nq, ny ) represents the local variations which are corrupted by noise. Our objective is

to smooth x (11, ny ) in Eq. (5.4) such that vz{ny, ny) can be reduced while preserving I;(ny, n2).
To achieve this we need to examine the power spectrum of x(ny, n3).

The advantage of separating the trend component from the profile before performing spectral
analysis is that the frequency components associatcd with the trend are mainly concentrated in the
region close to the zero frequency. This component will dominate the power-sprctrum estimate,
obscuring other low-frequency components which have smaller amplitude. Subtracting the trend from
the profile often leads to better estimate of the spectrum in the low-frequency region. As a result, we
can then focus our attention on the frequency components of /3 (nq, n7 ) in the spectrum. By doing so,

the widcband noise can be eliminated more effectively.

§.2.1 Estiiaation of 2-D power spectrum
There are various methods to estimate the power spectrum of a 2-D depth profile. One approach is
known as the periodogram method [74), which is based on the direct Fourier transformation of finite-
length segments of tae signal. Another approach is known as the correlation-windowing method [74],
which is also referred to as the smoothed-periodogram method [75). In this method, we first estimate
the 2-D autocorrelation function from the data sequence. Then a suitable 2-D window is applied to the
autocorrelation estimate. The resulting sequence is subsequently transformed to obtain an estimate of
the power spectrum.

Both the periodogram and correlation-windowing methods are based on the use of the discrete
Fourier transform (DFT); therefore, the estimate of the power spectrum can be computed by exploiting

the computational efficiency of fast Fourier transform (FFT) algorithms. In the periodogram method,
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the variance of the spectrum estimate can be quite large. However, by choosing an appropriate 2-D
window in the correlation-windowing method, we can include only those autocorrelation estimates for
which the variance is low. As a result, the variance of the estimated power spectrum can be reduced.
To simplify the notation, we use x(n1, 72 ) to denote x4 (11, n7) since the following description

is applicable to any block of data. Let x(nq, ny) be a 2-D stationary random process and x(ny, n7)
be a sample of x(nq, n7). Our spectral-estimation problem is to estimate the 2-D power spectrum of

x(nq, ny), which is defined as

Py(wg, w3) = Y Y Rymymp) eaimlmle-imzm2 (5.5)

ml 2 =M mZ = «(D
where Ry (my, mp) denotes the 2-D autocorrelation function of x(ny, n3 ). Assuming that x(ny, n3)

is ergodic, Ry(mq, my) can be estimated from x(ny, ny) as

| Namlm =1 Ny -1
ﬂx(ml, my) = VoG E 2 x(ny, np)x(ny+my, n3+my) (5.6)
"2 ny=0 ny =0
where |my| s Nq - 1, my] s Ny = 1, Ry(my, my) = Ry(-my, -my), and Ny x N is the size of
x(nq, ny). Eq. (5.6) can be implemented by using the DFT method in order to take advantage of its

associated fast FFT algorithms. Specifically, Ry(m1, m3) can be computed as
1 2
, e — IDFT [ |X(kq, k 5.7
Ry(my, mp) Ny IDFT [ |X(ky, k2)|°} (5.7

where X(kq, k3) = DFT [x(nq, n3)], and DFT [+] and IDFT [*] represent the DFT and inverse
DFT of [°], respectively.

In Eq. (5.6), we see that when |my | is close to Ny - 1 and/or |my| is closc to Ny - 1, fewer
samples of x(nq, ny) are used in the computation of R (myq, my) and, therefore, the variance of

Ry (my, my) is expected to increase with increasing |mq| and/or |ma|. In order to reduce the
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variance of R (M1, ma), we can apply an appropriate 2-D window to R x(my, my) to reduce the
contribution of the correlation estimates when |my| and |my| are large. By doing so, we can improve

the estimate of the power spectrum.

To obtain an estimate of the power spectrum by using the correlation-windowing method, we can

express
M -1 M1 ~joymy -jwymy
Py(oy, ) = Yy ) Ry(my, my)w(my, my)e e
my ==-(My-1) my=-(My-1) 8)

where w(ny, np) represents a 2-D window function of size (2M; - 1) x (2M3 -1). Note that
My < Ny and My < Ny so that unreliable values of Ry(mq, my) are excluded in computing
Py(oy, 07).

The window used in estimating the power spectrum of 2-D profiles is a separable 2-D Kaiser
wii: ‘ow expressed as

w(ny)w(ng) for|ny|s My -1, |ny| s My -1 (59)

w(ny, n2) = 0 otherwise

where w(n) represents the 1-D Kaiser window function [39]. Since the power spectrum is nonnegative
by definition, Px(‘”l’ @) obtained from Eq. (5.8) should also have this property. However, the
nonnegativity of Py (wq, w)) may not be guaranteed if w(n) in Eq. (5.9) is a Kaiser, Hamming, von
Hann, or rectangular window. A sufficient condition to guarantee Py(wy, @) to be nonnegative for
all @y and wj is that

Ww)20 for -n <wsn (3.10)

where W(w) is the frequency spectrum of w(n). Eq. (5.10) is satisfied when w(n) is a triangular
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window. Therefore, this window function can be nsed in Eq. (5.9) when ﬁx(w‘. @) ) is found to have
negative values.

The power spectrum estimation method is illustrated in Figs. 5.1, 5.2, and 5.3. Fig. 5.1 shows the
measured data g (ny, ny) which is consiructed by using 32 x 32 interpolated data points. The 3-D
perspective plot of gy (ny, #2) is shown in ig. 5.1(a) and the corresponding contour plot is depicted
in Fig, 5.1(b). To simplify matters, we assume that the trend of a block of profile can be approximated
by a linear trend surface given by

txing, n3) = ag + agny + axny B4
where ag, a1, and a5 are constant coefficients of this first-order bivariate polynomial. In order to
estimate 1*.ese coefficients, ¢y (11, ny) was fitted to g4 (nq, n7) in the least-squares sense, and the
values ag = 737, ay = 8.41 x 1072, and a3 = 1.03 x 10”! weic obtained. By using Eq. (5.3),
Xy (nq, ny) can be determined. Fig. 5.2(a) shows a 3-D perspective plot of xx (ny, np) and Fig, 5.2(b)
shows the corresponding contour plot.

To obtain Py (@}, @y ), we first estimated the 2-D autocorrelation sequence by using Eq. (5.7).
A 2-D Kaiser window of size 53 x 53 (My = My = 27) was then applicd to Ry(m), m3). The shape
parameter a of the Kaiser window was chosen to be 4. The 2-D discrete-time Fourier transform in Eq,
(5.8) was then implemented to obtain £, (wy, @y ) and the result is shown in Fig. 3.3. Fig. 5.3(a) shows
the power spectrum with values ranging from 0 to -50 dB, Fig. 5.3(b) shows the upper part of the
spectrum with values ranging from 0 to -20 dB, and Fig. 5.3(c) illustrates the contour plot of the
spectrum shown in Fig. 5.3(a).

The x- and y-axes variables vy and vo shown in Fig. 5.1(c) represe  .! . normalized spaiial

frequencies in the east and north directions, respectively, which are defined as vq = w9 Ly/n and
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Fig. 5.3 2-D power-spectrum estimate Px (v1, v2): (a) 3-D surface plot (0 w ~50 dB); (b) 3-D
surface plot (0 to -20 dB); and (c) contour plot (0 to -50 dB).
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vy = w3 Ly/n. The spatial frequencies wy and wy are in rad/m and Ly and Ly, which denote the
spatial distances between the interpolated points in the east and north directions, respectively, are in
meters. In the example, both Ly =Ly =18 m. In Fig. 5.3, we see that the energy of x(ny, ny) is
concentrated in the low-frequency region and slowly decreases as vy and vo increase. From our
experimental study, we find that this is typical for x(ny, ny) when tg(nq, ny) is represented by a first-
order polynomial expressed in Eq. (5.11). Based on this observation, we conclude that 2-D lowpass

filters should be used to reduce wideband noise in x(ny, n7).

§.2.2 Filtering procedure, results, and discussions

Finite-duration impulse response (FIR) filters have been chosen in our implementation since they are
always stable and can have zero phase response. If our objective is to place the same emphasis on each
spatial d'rection in filtering, the frequency response should approximate a circularly symmetric function,

Consider the desired frequency response of a circularly symmetric lowpass filter defined by

1 for |lw12 rol s o G12)
e
0 for ,lwlz-.*mzz > o, o), Jop| <n

where @, is the cutoff frequency of the digital filter. Applying the 2-D Fourier series to Hy (v, @3)

Hy(an, p) =

in Eq. (5.12) yields the desired impulse response

W 2 2
ha(ny, n2) & e J(wg N * 113 ) (5.13)
2n||n12 onzz

where J(¢) represents the Bessel function of the first kind and the first order. To obtain an FIR filter

of finite order, a 2-D window function should be applied to k4 (n4, n3) in Eq. (5.13) as
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h(ny,n3) = hg(ny, n3)w(ny, nz) (5.19)

For a zero-phase 2-D digital filter with real impulse response, hg(ny, n3) and w(nq, ny) must be
symmetric with respect to the origin, i.e.,

hg(ng. ny) = hy(-ny, -n3)
w(ng, n3) = w(-ny, =n3)

Let C represent the region of support of /1(nq,n3). If we choose C to be the set of samples

C={(ny,n3): ~-5sny,nys5) (5.15)
the resulting filter is an (11 x 11)-point FIR filter. In general, a lowpass filter with a larger support
region has better characteristics in terms of smaller transition width and smaller deviation from the
desired frequency response. However, in our case, the results have shown that the size of Cin Eq. (5.15)
is sufficient for the application at hand.

The 2-D window used in the desiy - of the lowpass filter is a circularly symmetric Kaiser window
[76) which has the region of support € defined in Eq. (5.15). The shape parameter of the Kaiser window
a was chosen as 1.5 and the resulting filter has at least 25-dB attenuation in the stopband.

Referring to Eq. (5.4), x(nq, ny) at the kth block is composed of the sigu:al /5 (1, ny) and the
wideband noise vy (ny, ny). In order to reduce a large amount of noise at the expense of reducing a
small amount of signal, the cutoff frequency of the lowpass filter should be chosen as the frequency at
which the signal power decreases to a level which is close to the noise-power level. By using this value
of cutoff frequency in lowpass filtering, high-frequency components which are mainly due to noise will
be largely attenuated and iow-frequency components which are mainly due to signal will be preserved.
In order to determine such a cutoff frequency, we assume that the noise level of vy (nq, np) is 20 dB
below the maximum signal level of {4 (ny, ny) in the power spectrum. In other words, if we normalize

P.(v, v2) so that the maximum value has 0 dB, then v, is the frequency at which Py(vy, v3) =
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= ~20 dB where v, = w, L /n represents the normalized cutoff frequencyand L = Ly = L represents
the spatial distance. Since Py(vq, v3) is a 2-D spectrum estimate, the frequencies at which
Py(v1, v3) = -20 dB constitute a contour in the (v, v3) plane. Therefore, in order to determine v,
we first estimate the contour with the value of =20 dB in Py (vq, v2). Next, a circle is fitted to this
contour in the least-squares sense and the radius of this circle then provides an estimate of v,. Fig.
5.4(a) illustrates the -20-dB contour of Py(vq, v2) obtained from Fig. 5.3(c). By determining the
radius of the best-fit circle, we found that v, = 0.36. Fig. 5.4(b) shows the frequency response of the
designed 2-D lowpass filter.

Note that there may be more than one -20-dB contour estimated from Py(vq, v3) for a
particular block of profile. Should this happen, our criterion is to select the outermost ~20-dB contour
that surrounds the origin of the (vq, v2) plane. We select the outermost contour because our interest
is to preserve as much signal as possible in the noise-reduction process. We choose the contour that
surrounds the origin of the (v4, v2) plane in order to ensure that fluctuations in the spectrum estimate
will not affect the procedure in determining the cutoff frequency.

Let

y(ny, n3) = h(ny, n3) * x(ny, n;) (5.16)
be the output of the lowpass filter where h(nq, n3) represeats the impulse response of the filter with
v¢ =0.36. The smoothed version of the profile can be obtained by combining the trend component
t(ny, n3) = tx(nq, ny) in Eq. (5.11) with y(ny, n3) in Eq. (5.16) as

5(nq, np) =t(ny, np3) *y(ny, n3) (5.17)
The smoothed profile in Eq. (5.17) is shown in Fig. 5.5(a). To facilitate comparison, the measured data

g(ny, n2) = gr(nq, ny) is also shown in the figure. We observe that, as a result of lowpass filtering,
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Fig. 54 Design of 2-D lowpass filters: (a) method to determine the cutoff frequency of a lowpass

filter; (b) frequency response of the lowpass filter designed with v, = 0.36.
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the contour lines correspond to s(nq, ny) appear to be smoother than those corresponding to
g(nq, n3). On the other hand, since the cutoff frequency is chosen specific to this block of data, the
underlying structure of the profile is maintained after filtering.

To reconstruct the topography, we have applied 2-D interpolation to s(ny, 77 ) to increase the
definition of the profile. Fig. 5.5(b) shows the data g(ny, ny) according to the x- and y-ranges as

defined in Fig. 5.5(a). Fig. 5.5(c) shows the high-definition profile of s(ny, ny) in the same area.

§.3 2-D FILTERING BASED ON MINIMUM MEAN-SQUARED ERROR
ESTIMATION

In Section 5.2, we have developed a method to filter bathymetric profiles on a block-by-block basis.
Within a block, we assume that the profile is widesense stationary so that Eq. (5.5) can be used to
computc the power spectrum. Using a larger block size generally reduces the variance of the power-
spectrum estimate and hence the cutoff frequency determined from the spectrum estimate for this block
of profile would be more appropriate. On the other hand, since the same filter will be applied to this
larger block, the preservation of signal in the filtering may be less effective in areas where the signal
characteristics vary rapidly. Our objective in this section is to discuss a 2-D filtering technique whereby
filtering is carried out on a point-by-point basis so that noise reduction can be adapted to each data
point. In terms of signal preservation, this type of filtering can be more effective compared to the
method described in Section 5.2.

To begin with, we assume that (1) a 2-D measured profile is a sample of a 2-D random process,
(2) the noise is white and additive, and (3) the sea-floor relief is a nonstationary random process. As

in Section 5.2, let R be the region of interest and
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g(ny, ma) = f(ny, n3) + v(ny, ny) (5.18)

for ny, ny € R be the measured data, which is again the interpolated profile ir. our problem. Eg. (5.18)
can be written in a compact form by using lexicographic ordering [77). For example, g(ny, #2) for
ny=4,2 .,Nyandny = 1,2, .., Ny can be converted to a column vector of length Nj x N as
g = (81 82 - uzv,lT
where
g = 81 &2 ~ 8iN,l
By using this notation, Eq. (5.18) can be written as
g=fe+v (5.19)
The goal is to estimate f based on g by using a lincar estimator such that the estimated profile fis
as close to f as possible, Many objective criteria exist to evaluate i and the criterion that minimizes
the mean-squared error between ? and f is used in our problem. Mathematically, t should .~ derived
such that E[(f - l)2] is the minimum.

The derived linear minimum mean-squared error estimator depends only on the first and second-
order statistics, which can be expressed as [78]

b= E[f] + CpC, (g - Elg]) (5:20)

where E[-] is the expectation of [*],
Cpg = EI(T - EL11)(8 - S(a])]
is the cross-covariance matrix between f and g, and

Cg = EI(8 - E[8])(g - El8])]

is the covariance matrix of g.
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As mentioned in Section 4.1, the noise in a 2-D profile mainly arises from three sources: the
LIDAR system, the sea state, and the geographical positioning of laser soundings. Since these sources
have no direct relationship with the ocean topography, we assume that the noise is independent of the
signal. With this assumption and the assumption that noise has zero mean, we can write

Cr ° Cs and Cg =Cp+C,y (5.21)
where C 1 and C, are the covariance matrices of f and v, respectively. Substituting Eq. (5.21) into Eq,
(5.20) yields

b=Elf)+Cr(Cpe ) @ - ElD (522)

As a result, a nonstationary-1nean, nonstationary-covariance model for £ and v must be specified
in order to obtain . While this model serves our purpose, rapid computation of ¢ is unlikely to be
achieved since Eq. (5.22) involves computations of large matrices. “usthermore, the underlying models
for the distribution of f and v must be specified.

One way to reduce the complexity of # is to assume that C f is diagonal so that the original modcl
can be reduced to a nonstationary-mean, nonstationary-variance model, which was first established in
[79). When this model is applied to sea-bed topography, we can say that the gross structuse of the
topography is carried by the nonstationary mean of f, whereas the nonstationary variance of f provides
a statistical measure of the local roughness of the sea floor, which, in turn, provides information on the
focal fluctuations of the relief. While the characterization may not provide a sufficient description of the
behavior of the ocean floor, we will show that its use in Eq. (5.22) will lead to a workable 2-D filter that
does not require computations of large matrices and, more importantly, can give rise to reasonable and

useful results,
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According to Eq. (5.22), the sea-depth estimate at location (n;, n3) can be expressed as

VAR [ f(ny, n3))
Jmy, my) =Elf(ny, m2)] ¢ s [f(, n2)] * VAR [v(n1, 13)]

(8(ny, n2) - E[g(ny, 2)])
(5.23)

where E[g(nq, n3)] = E[f(ny, n3)] since noise is assumed to have zero mean. When the a priori
statistics E[f(nq, n3)), VAR|f(ny, n3)], and VAR [v(ny, n3)] are known, Eq. (5.23) says that
{0 1» f7) can be obtained spatially on a point-by-point basis from the measurement g(ny, n3).
To see the effects of the a priori statistics and measurement on f (4, n3) more clearly, we can
rearrange Eq. (5.23) as
J(ny, np) = ag(ng, n3) + (1 - @)Elf(ny, n2)] (5.29)

where

VAR[I(nlo nZ)]

= - 5.
VAR [ f(nq, n3)] + VAR [v(ny, n3)] (525)

Clearly, Eq. (5.24) shows that f (14, n5 ) is a weighted sum of the sea-depth measurement and the mean
of the true bathymetric data, and the weight is determined from the variances of the true data and noise.
As in Section 2.4-C, we define the signal-to-noise (SNR) ratio as the ratio between the variance

of signal and the variance of noise. In this case,

_ VAR {(ny, 1))

RS (5.26)
VAR |[v(ny, n2)]

SNR

where SNR is now expressed in linear scale. With Eq. (5.26), we can express a in Eq. (5.25) in terms

of SNR as

SNR
o S 3
* " SNR+1 (527

Substituting a in Eq. (5.27) into Eq. (5.24) yields

Jr, ng) = e (SNRg(ny, n) + Elf(ay, n2))) (528)
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Eq. (5.28) says that when the SNR is low, ie, SNR <« 1, indicating that the noise dominates the
fluctuations in the profile, then f(ny, n3) = E[f(nq, n3)), which means that the estimated value
conforms to the gross structure of the topography rather than the noisy measurement. In effect, noise
filtering is carried out. When the SNR is high, i.c, SNR > 1, indicating that the local variations are
due mainly to the roughness of the ocean bottom, then Ji (ny, ny) = g(ny, np) in Eq. (5.28), which
means that the characteristics of the ocean topography are preserved in filtering. Hence, the application
of Eq. (5.28) to R provides a compromise between noisc reduction and preservation of detailed ocean-

bottom characteristics.

§.3.1 Implementation of 2-D filtering

In ocean bathymetry, the a priori statistics E{ f(nq, n3)], VAR | f(ny, n3)],and VAR [v(ny, n3)] are
not known in advance and, therefore, they must be estimated from the bathymetric profile. When we
assume that the ensemble statistics in Eqs. (5.26) and (5.28) can be replaced by local spatinl statistics

of the profile, then

E{f(n1, n2)] = mg(ny, n2)
VAR| f(ny, n2)] = qp(my, n2) (5.29)
VAR [v(ny, n2)] = qy(ny, n2) = qy

where the variance of noise is assumed to be constant. By using Eq. (5.29) in Eqgs. (5.26) and (5.28), we

get
sNR = 41 "2) (5:30)
v
and
101, m2) = gy (SNRE(1,n2) + mp(oy, m2) (531)

In order to provide an estimate for mf(nl, ny) iu Eq. (5.31), we use the sample mean, ie.,
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ry+K ny+K
My mg) ¢ s L Y gt k) (532)
(2K +1)? ky=-(n1-K) kp =~(n2-K)
where (2K + 1) x (2K + 1) is the size of the region used in the estimation.

The variance q7(ny, n ) in Eq. (5.30) can be estimated from the variance of the data g(n, n2)

as
qg (”19 n) -q, ior qg (ny, ny) > qy s
4y (ny, mp) = (5.33)
0 for ag (ny.n3) s q,
where
ny+K ny+K
dg (ny, np) = .._._1__5 y Y (8(k1, k2) = g (ky, k2))?
(2K +1)° kg ==(n1-K) kg =-(n2-K) (539)

is the sample variance of g(ny, ny) computed using a local region of size (2K + 1) x (2K +1). The
estimate rh,(nl, ny) in Eq. (5.34) can be obtained from Eq. (5.32) and g, is assumed known.

In order to estimate g,, in our problem, we need to examine each component that constitutes the
noise. Besides the three error components mentioned previously, approximation errors of 2-D
interpolation may also be introduced. The approximation error of interpolation depends on the
interpolation technique used. If we assume that the error introduced by the interpolation technique
described in Chapter 4 is fairly small compared to other three errcrs then the total noise variance can
be derived from each of the three individual noise variance. By using the fact that these three error
sources are independent of each other, we can express

Qv =41+ 45 + dp
where §; represents the variance of the measurement error in the LIDAR system, g, the variance of

the crror due to sea state, and § p the variance of the error due to the imprecision of the laser-sounding
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position. Based on the findings in [80], it can be shown that

4 =007 m% g5 =009 m  and gp - 0.02 m?
for the LARSEN 500 airborne system. As a result, §,, = 0.18 m2. By substituting this value of §,, as
gy into Eq. (5.33), ar(n:, 12 ) can be obtained. With q,(n 1» n7 ) and @, known, an estimate of SNR
can be computed from Eq. (5.31). Us: g this value of SNR and the estimate g (ny, ny) obtained from
Eq. (5.32), we can then determine | (n1, n2) from Eq. (5.30). When the space-variant filter in Eq. (5.30)

is applied to the whole bathymetric region, adaptive noise reduction can be achieved.

5.3.2 Filtering results and discussions

Figs. 5.6 and 5.7 illustrate an example of the application of this type of filtering to signal g(ny, ny)
= gi(nq, n2) shown in Fig. 5.1. Fig. 5.6(a) and (b) show the 3-D and contour plots of the estimated
variance ¢ 1 (n1, ny) obtained from using Eq. (5.33). The window size used for computing mf (ny, np)
in Eq. (5.32) and ag (ny, n3) in Eq. (5.34) was 5 x 5. Sincc both sidcs of the ridge at locations
approximately (400 m, 320 m) and (400 m, 240 m) are relatively steep, we observe that ¢ r(n1, n2)
is relatively large at these locations. In addition, since relatively stecp slopes can be found at locations
(360 m, 60 m) and (360 m, 400 m), qf(nl, ny) at these locations are found to be quite large, which

are approximately 4 m? and 3.5 m?

, respectively. Since the topography is relatively gentle when easting
is hetween 160 and 240 m, q,(nl, ny) is below 0.5 m? and the corresponding contour lines are not
shown in Fig. 5.6 (b).

Fig. 5.7(a) compares the filtered profile obtained by using Eq. (5.30) with the measurement
g(ny, n2). Since the shape of the ocean bottom varies, the amount of filtering applied varics.

Specifically, noise smoothing is minimal on both sides of the ridge and in sloping regjons. On t..e oth

hand, smoothing is effective in areas with gentle topography as can be seen by comparing the two sets
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of contour lines at locations approximately (200 m, 160 m), (160 m, 320 m), and (280 m, 280 m). Fig.
5.7(b) shows the 3-D plot of g(ny, n3) corresponding to the data shown in Fig. 5.7(a). Fig. 5.7(c) shows
the result of applying 2-D interpolation to increase the definition of the profile Jn, ny) in the same
area.

To illustrate the effects of filtering more clearly, we refer to Fig. 5.8. In this figure, the residual
profile

r(ny, ny) =gy, ny) = fnq, np)

is plotted with the variance § /i (n4, np) on the same graph. To improve readability, the contour labels
for §y(n1, ny) are not shown. In Fig. 5.8, we observe that |r(ng, n2)| s 02 m when a(ny, n2) 2
0.5 mz, i.c., the amount of filtering is small in areas with high-detail features. On the other hand, we
observe that when gy (ny, n2) < 0.5 mz. i.e., in areas where the contour lines of qg(ny, n2) are not
shown, indicating that the topography is gentle, |7(13, n2)| s 0.4 m is found. The amount of filtering

is, therefore, larger in these areas.

§4 CONCLUSIONS

An adaptive 2-D filtering proredure applicable to bathymetry, in particular, to airborne laser bathymetry,
for the removal of wideband noise has hzen developed. This procedure deals with 2-D power spectral
analysis of lases bathymetric profiles and the application of 2-D nonrecursive lowpass filtering with
adaptive cutoff frequency. Sin:e the filtering is carried out on a block-by-block basis, most of the signal
content can be preserved while the wideband noise .2duced. As the power spectral information is now
available in each block of profile, one can therefore explore the use of this information to analyze the
relief of the ocean, e.g., to determine the ruggedness of the ocean or to classify different features in the

occan.
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In order to remove noise and preserve rapid-changing occan characteristics, laser bathymetric
profiles have been filtered adaptively on a point-by-point basis. To do this, a nonstationary-mean,
nonstationary-variance mode! has been adopted to characterize the sea-floor relief. It has been shown
that if the noise in bathymetric profiles can be estimated accurately, a high-degree of signal preservation

can be achieved in noise reduction.
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CHAPTER SIX
CONCLUSIONS

We have developed a set of signal-processing algorithms which can lead to significant improvements in
the reliability and efficiency of airborne lascr ranging systems, in particular, the LARSEN 500 airborne
system.

The thesis starts by considering the raw laser waveforms received at each sounding location and
concludes by providing an accurate representation of the 3-D ocean-bottom topography. The processing
involved is carried out in two phases. In phase I, 1-D processing techniques are used to process laser
waveforms individually to obtain improved estimates of seca depth. These depth estimates are then
improved further in phase 11 by employing 2-D signal processing techniques. After the application of
1-D and 2-D prcceessing, the resulting depth profiles are considered to be accurate representations of
the true sea-bed topography. Throughout the thesis, emphasis has been placed on techniques that can
be automated.

The results achieved are summarized in Section 6.1 and recommendations for further research are

presented in Section 6.2.

6.1 RESULTS OF THE THESIS

In Chapter 2, we have interpreted the reflections of the laser pulse from the sea as distribution curves
of photons received at cach time instant. We have shown that if we can preserve the moments of the
reflections, we can preserve the important characteristics such as the peak pusition and pulse shape of
the reflections. In order to preserve thes: characteristics and remove noise, we have applied a special

class of digital smoothing filters to the received waveforms t2 preserve the moments up to the third
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order while minimizing the variance of whitc noise. As a result, distortion of the original signal can be
minimized in the noise-reduction process.

Next, we have examined the mathematical characterization of the smoothed laser waveforms, To
characterize the waveforms received under diverse circumstances, we have established a mathematical
model function that depends on seven model parameters, By varying the values of these parameters, we
can vary the characteristics of the function to give a variety of profiles to resemble the received
waveforms obtained from different arcas. The model function can be computed numerically and by
analyzing the simulated waveforms using this model function, we have shown that the resolution between
the surface and bottom peaks is largely dependent on the asymmetry of the surface reflection, the pulse
width of bottom reflection, and the separation between the peaks.

In Chapter 2, we have also developed two algorithms to identify the surface and bottom peaks in
the LARSEN waveforms. The surface peak is detected by using a simple thresholding technique and the
bottom peak is detected through the application of lowpass digital differentiation. The algorithm that
incorporates the lowpass differentiation technique detects the bottom reflection and rejects noise pulscs
and pulses that may arise from turbid layers. Experimental results have shown the algorithm to be
effeotive in locating the peak of the correct pulse in the presence of varying degrees of noise.

In Chapter 3, we have formulated an approach to perform the decomposition of each waveform
into separate components representing the surface and bottom reflections. The decomposition is
implemented by using the Levenberg-Marquardt optimization method. In order to assure convergence
from almost any starting point, we have used the trust-region approach to update the search direction
and step length in each iteration. We have also developed an initialization scheme that can provide good

initial estimates to the model parameters; as a result, the amount of computation required in the
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optimization has been reduced quite significantly. Results have shown that accurate decomposition of
the LARSEN waveforms is possible, which can lead to significant improvement in the accuracy of the
depth information.

In the second part of Chapter 3, we have performed a detailed comparative study of sea-depth
estimates obtained from the waveform decomposition with corresponding estimates obtained by a
surveying company. From the statistical analysis, we have observed a high degree of agreement between
the two sets of results. When the resolution between the surface an? bottom reflections is low, which
is typical when the sea water is turbid and/or when the water is shallow, we have found that the
proposcd decomposition technique offers a significant improvement in the sea-depth estimates, The
chapter concludes with a number of suggestions of the other applications of the opiimization results.

In Chapter 4, we have developed a type of 2-D interpolating filter to filter impulsive noise present
in the scattered depth estimates. The filtering is performed in two stages. In the first stage, we kave
extended the conce, t of ordur-statistics filtering to detect rogue sea-depth measurements that are
irregularly spaced in = 2-D domain. In the second stage, we have replaced rogue measurements by more
reasonable values that conform to the local topographical structure of the sea floor through the
application of a sophisticated 2-D interpolation techrique. As a result of the filtering, the representation
of the sea-bed topography, which can be in the form of 2-D contour maps or 3-D surface plots, becomes
more consistent with the nature of the oczan bottom.

In order to reconstruct the 2-D depth profiles representing the sea floor, we have applied a
triangle-based 2-D interpolation technique to the scattered measurements by first constructing an
optimal triangulated-irregular network from these measurements. The depth profiles are generated with

respect to various sizes of the regularly spaced grids so that maps of higher resolution can be obtained.




161
This interpolation technique has been applied to typical bathymetric data to estimate sea depths and has
been shown to yield accurate results.

In Chapter 4, we have utilized the interpolation technique to assess the accuracy of the
decomposition results when the corresponding results are not available from the surveying company, due
to poor resolution between the laser reflections.

In Chapter 5, we have enhanced the reconstructed profiles by applying two adaptive 2-D filtering
procedures to the bathymetric profilss. In the first approach, we filter the data on a block-by-block basis
by examining the 2-D power spectrum estimatzd in each block. With the knowledge that the energy of
the depth profiles is mainly concentrated in tue low-frequency region, we have formulated an approach
to filter wideband noise by using 2-D lowpass filtering with adaptive cutoff frequency. In the second
approach, we filter the depth profiles based on minimum mean-squ:red crror estimation. We have
shown that the derived filter is a space-variant filter and the filtering can be performed on a point-by-
point basis so that noise reductiua can be adapted to each data point. Results obtained show that these
two filtering procedures are effective in eliminating wideband noise inherent in the 2-D bathymetric data

which is difficult to detect and eliminate in 1-D processing.

6.2 RECOMMENDATIONS FOR FURTHER RESEARCH

In order to achieve the ultimate goal of real-time bathymetric charting, it is desirable to implement the
developed algorithms in hardware, for example, in the form of customized VLSI chips. Mapping VLSI
into bathymetric signal-processing applications offers inexpensive computing power as well as enables
the use of massive parallelism inherent in the developed signal-processing algorithms. To achieve this,
one may first cunduct studies to determine the exact data throughput and storage requirements of the

processing algorithms. One can then evaluate current VLSI-oriented architectures such as systolic arrays
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and wavefront arrays and investigate the appropriate architecture for the implementation. In order to
take full advantage of the parallel-processing capabilities of the VLSI architecture, onc may also adapt
the developed algorithms to the parallel-computing eavironment and evaluate the effects of the
architecture on the algorithm efficiency.

Another research area is to investigate a mathematical characterization of the topographic
configuration of the ocean bottom by taking the morphology of the sea floor into account. Depending
on the »7plication nceds, the topography can be characterized in a deterministic or stochastic fashion.
The deterministic characterization can be useful for studying many aspects of ocean dynamics, e.g., the
propagation of ocean waves in coastal areas. In addition, it may also be useful to study the nature of the
geologic processes acting to form the sea floor. On the other hand, the stochastic characterization can
be uscful for investigating the morphology of the small-scale bathymetric features, which can be
important to coastal and ocean engineering,

As discussed in Chapter 3, the shape of the backscatter envelope in a waveform varies closely with
the optical properties of the sca, which are, in turn, mainly determined by the sea-water turbidity. Since
the laser signature has been quantified in 1-D processing, one may wish to conduct a study to
systematically investigate the changes of the laser signature, essentially in the backscatter envelope, as
a result of the changes of the optical properties of the sea. Research results of this study may provide
a fundamental linkage between optical properties and laser signature and by using this linkage, the
feasibility of direct measurement of water turbidity using airborne LIDAR systems can be ascertained.

To reduce the massive amount of data that is typically collected in airborne bathymetric surveys,
two data-reduction methods can be suggested. One is to estimate sea depth in real time so that only the

depth estimates, instead of the entire laser waveforms, are stored. The second method is to perform
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real-time waveform decomposition so that both the sea-depth estimates and the model parameters that
provide information about each waveform arc stored. Nevertheless, in some occasions, it may b
necessary to collect raw laser waveforms for post-mission processing in order to evaluate, for example,
the performance of the LIDAR system and the quality of the laser waveforms received during surveys,
and explore other potential uses of the waveforms such as in turbidity measurement. The laser data
obtained on bcard the aircraft can be significantly reduced in size without affecting the original
information through the application of advanced data compression. In view of this, onc may wish to
develop appropriate data-compression algorithms for bathymetry and implement the algorithms in the
form of dedicated integrated-circuit chips so that real-time bathymetric data compression can be
achieved.

In estimating sea depths by means of the waveform-decomposition technique, a deterministic
approach is used to estimate the parameters of the established model function. To explore this further,
one may wish to consider the statistical asper’s of this daia-modeling problem. For insiance, onc may
estimate the uncertainties involved in the data measurements and incorporate this estimation in the
optimization process. One can also establish confidence limits on each estimated parameter and wifize
this information in 2-D interpolation so as to provide a quantitative assessment of the bathymetric

surface in a statistical sense.
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APPENDIX A-1
PSEUDO-CODE FOR THE DETECTION OF SURFACE PEAK

Let

loc_surface : location of surface peak
loc_bottom : location of bottom peak

loc_inl  : location where the first peak zone starts
loc_outl : location where the first peak zone ends
loc_in2  : location where the second peak zone starts
loc_ort2  : location where the second peak zone ends

inl : the flag is set when loc_inl is determined
outl : the flag is set when loc_out! is determined
in2 : the flag is set when loc_in2 is determined
ous2 : the flag is set when loc_out2 is determined

loc_peak : location of the firs peak found in the surface zone
loc_max1 : location of the maximum point in the first peak onc
loc_max2 : location of the maximum point in the second peak zone

big1 : current maximum amplitude found in the first peak zonc
big2 : current maximum amplitude found in the second peak zone
x[*] : independent variable of the waveform

amp{x{+]) : amplitude of the laser waveform

Remarks: loc_inl and loc_out] define the range of the first peak zone. loc_in2 and loc_out2 define the
range of the second peak zone.

surface_detect()

For each waveform do
1. [Initialize all location and amplitude parameters to zeros. Reset all flags.

2. For each of the data points in the surface zone do

{Check location: Beginning of first peak zone})

2.1 If (inlis hot set and amp(x{i]) > threshold )
2.1.1  Assign this location to loc_inl.
212  Setinl.




{Check location: End of first peak zone})

22 I (inl is set but outl is not set and amp(x[i]) < threshold )
22.1  Assign the previous location x{i-1] to loc_outl.
222 Setoutl.

{Check location: Beginning of the second peak zone)

23 If (outl is set but in2 is not set and amp(x{i]) > threshold )
23.1  Assign this location to loc_in2.
232 Setin2.

{Check location: End of second peak zone}

24 If (in2 is set but out2 is not set and amp(x[i]) < threshold )
24.1 Assign the previous location x{i-1) to loc_our2.
242 Set our2.

{Check location: First prak in the surface zone}
2.5 If ( first peak is not located and amp(x[i]) > amp(x[i+1]) and
amp(x]i +1)) > amp(x]i+2)) and amp(x|i +1)) > amp(x]i+3]) )
2.5.1 Retain current i.
252 Assign x{i] to the peak location loc_peak.
2.53 While ( amp(x{i-1]) = amp(x]i]) )
2531 Set x|i-1] as the peak location loc_peak.
2532 Decrease i by 1.
254 Restore current i,
2.5.5 Set flag indicating that the first peak has been located.

{Check location: Peak of maximum amplitude in the first peak zone}
26 If (inlis set but out! is not set and amp(x|i]) > bigl )

26.1 Update loc_max! by assigning x[i] to it.

262 Update maximum amplitude bigl.

{Check locat' wn: Peak of maximum amplitude in the secocnd peak zone)
2.7 I (iin2 15 set but our2 is not set and amp(x{i]) > big2 )

271 Update loc_max2 by assigning x{i] to it.

272 Update maximum amplitude big2.

END ({for)
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{Determine surface and bottom peak locations, if present)
3. I (loc_peak = loc_maxl )
3.1 Record loc_surface as loc_peak.

else if ( inl and outl are both set )
32 If (loc_inl < loc_peak < loc_outl’)
3.2.1 Record loc_surface as loc_peak.
322 Record loc_bottom as loc_maxl.
else
Record loc_surface as loc_maxl.

else if (inl is set but out] is not set )
33 If (loc_peak > loc_inl )
331 Record loc_surface as loc_peak.
332 Record loc_bottom as loc_max].
else
Record loc_surface as loc_ maxl.

else if (inl 1s never set )
34 Record loc_surface as zero indicating that no surface reflection is present in the waveform.

4, If (in2 and out2 are both set )
4.1 Record loc_bottom as loc_max2,

S. If (in2 is set but ows2 is not set )
51 If (loc_max2 is not equal to the last location of the surface zone )
5.1.1  Record loc_bottom as loc_max2.
else
Search for the bottom-peak location beyond the surface zone until the amplitude of
the signal starts to decrease. Record that location as x{tmp]. Assign x{tmp ~1] to
loc_bottom.

END {for}
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APPENDIX A-2
PSEUDO-CODE FOR THE DETECTION OF BOTTOM PEAK

Let

loc_surface

loc_bottom :

loc_pos
loc_neg

max_neg
max_pos
loc_posi

loc_negl

loc_max

surface
posl
negl
max

rightmost
lefimost

bypass

]
diff(x*})

: location of surface peak

location of bottom peak

: location of a positive peak found in the differentiated waveform
: location of a negative peak found in the differentiated waveform

: location of the maximum negative peak in the differentiated waveform
: location of the positive peal: which corresponds to the maximum negative peak next to it

in the differentiated waveform

: location of positive peak found in the differentiated waveform it ihe first data in the

search range is positive

: location of negative peak found in the differentiated waveform if the first data in the

search range is positive

: location of the maximum positive peak found in the differentiated waveform

: index loc_surface
: index loc_pos1
: index loc_negl
: index loc_max

: the rightmost location that has the same amplitude as the present location
; the leftmost location that has the same amplitude as the present location

: the flag is set when the positive peak detected is not the desired one. This peak should

be bypassed.

: independent variable of the waveform
: amplitude of the differentiated waveform




175

bottom_detect_main()

For each waveform do
1. Read in surface from surface_detect().

2. If (surface reflection is detected in surface_detect() )
2.1 Read in the differentiated waveform diff.
22 Call bottom_detect(diff, surface) and assign the returned value to loc_bottom.
else
Assign loc_bottom to zero.
END ({for}

bottom_detect(diff, surface)
1. Initialize all location and amplitude parameters to zeros. Reset all flags.

2. Search for the location of the maximum positive peak in the differentiated waveform. Assign this
location to loc_max.

{Search for a positive peak if first-searched data is positive)

3. If ( diff(x[surface)) is positive )
3.1 Update surface by adding 2 to it to give a correct starting point.
32 Repeat

3.21 If ( bypass is set )
32.1.1. Reset bypass.

322 For each of the rest of the data points starting from diff(x|surface]) till the end of
the differentiated waveform do
3221  If ( diff(x]i]) is positive )
{data is in the positive region}
I ( diff(x[i]) > diff(x|i-1]) and diff(x]i -1]) > diff(x]i-2]) )
Assign i to posl.
Assign x[i}] to loc_posl.
Set flag indicating that a positive peak has been detected.
else
{data is in the negative region}
If ( a positive peak is detected and it is at least 2 samples before
the end of the waveform )
If ( diff(x[i]) < diff(x[i+1]) and diff(x]i+1])
< diff(x]i +2]) )
Assign i to negl.
Assign x|i} to loc_negl.
End the for loop.
else
Assign i to surface.
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End the for loop.
END {for}

323 If ( positive peak is detected )
{Choose innermost locations})
323.1  Find rightmost of loc_pos]. Find leftmost of loc_negl.
323.2 If ( this positive peak is the maximum positive peak in the differentiated
waveform )
Assign (max +1) to surface.
Set bypass.
Initialize location and amplitude parameters to 2eros.
else
Record loc_bottom as (loc_posl + loc_negl) /2.
Set flag indicating that bottom peak has been detected.
End until ( bypass is not set )

4. If ( bottom neak is not detected )
4.1 Call bottom_scarch(diff, surface) and assign the returned value to loc_bottom.

bottom_search(diff, su/face)
1. Initialize all location variables to zeros. Reset all flags.
2. For cach of the data points in the bottom zone do

21 If ( diff(x[i]) is positive )
211 I ( diff(x[i}) > diff(x{i~1]) and diff(x[i -1]) > diff(x[i-2]) )
2111 Assign x|i} to loc_pos.
2.1.1.2  Set flag indicating that a postive peak has been detected.

22 If (positive peak is detected and negative peak is 1 + detected and diff(loc_pos) > 1.0 and
diff(x]i]) is negative )
221  If ( diff(xli]) < diff(x]i+1)) and diff(x]i +1}) < diff(s]i+2]}) )
2211  Assign x{i] to loc_neg.
2212 Set flag indicating that a negative peak has been detected.

23 If ( both positive and negative peaks are detected )
{A bottom peak is present})
231 I ( diff(loc_neg) < diff(max_neg) )
{Choose innermost locations}
23.1.1  Find lefimost of loc_neg. Find rightmost of loc_pos.
2312 Update max_pos and max_neg.
2313 Reset all flags.
END {for}

3.  Record loc_bottom as (x[max_pos] + x{max_neg])/2 and return this value.




