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ABSTRACT

Accurate and fast processing of shallow water multibeam echosounder data is necessary
to obtain high resolution bathymetric maps of a seafloor. The manual processing methods
which are currently being used to identify the outliers in multibeam data, though accurate,
are time consuming due to the large amount of data involved. In this thesis, an automatic
outlier detection method is proposed to identify outliers from shallow water multibeam data
fast and accurately.

Initially, two methods, robust estimation and median filtering, are described and imple-
mented as possible candidates for an automatic method to detect outliers. Both methods
are evaluated using synthetic data and based on the results obtained, median filtering is
selected as the most promising candidate for automatic outlier detection. A new automatic
outlier detection method is then proposed based on a two-stage median filtering algorithm.
The method consists of three main parts, the preprocessing, the first stage, and the sec-
ond stage of the two-stage median filtering algorithm. The preprocessing of the multibeam
data is done to facilitate the implementation of a localization method used in the two-stage
median filtering algorithm. The selection of parameters used in both stages of the me-
dian filtering is done based on the properties of the multibeam echosounder system and
the multibeam data. Multibeam field data sets obtained from the Institute of Ocean Sci-
ences (IOS) are used to evaluate the performance of the proposed method. The processed
multibeam data sets using the proposed method are compared with the results obtained by
experienced operators at the IOS manually. The evaluation of the results indicate that over
95% of the oultiers are detected and true objects on the seabed are preserved. The results
are validated using visualization of the bathymetric images generated from the multibeam

data sets.
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Chapter 1

Introduction

1.1 Multibeam Echosounder Systems

Bathymetry is the area of science that deals with the measurement of ocean depth in seas
and lakes as well as the processing of the information derived from such measurements [1].
An image map of ocean depths is known as a bathymetric map. Over the past sixty years,
acoustic echosounding has dominated the field of bathymetry. The use of sound to measure
water depth can be traced back to World War I [2]. One of the earlier instruments used
for ocean topography was the echosounder [3]. The technique of echosounding, first used
by German scientists in the early 20th century, uses sound waves bounced off the ocean
bottom. The technology of echosounding has improved through the years with the intro-
duction of more accurate and reliable equipment. There are two primary systems for the
acquisition of acoustic bathymetric data: the singlebeam echosounder system (SBES) and
the multibeam echosounder system (MBES).

A conventional singlebeam echosounder system consists of a single hull-mounted trans-
ducer that acts both as an acoustic transmitter as well as a receiver (transceiver). The
echosounder system produces a vertically transmitted acoustic pulse with a single fre-
quency, typically within the 100 — 300 kHz range. The transducer produces an acoustic
pulse with a cone angle of 3 — 8°, oriented vertically downwards as shown in Fig. 1.1,
thereby concentrating the energy of the transmitted pulse in a circular area on the seabed.

The radius of this circular area is primarily dependent upon the water depth, 1.e. the deeper
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the water, the larger is the radius of the circular area ensonified by the echosounder. The
returned echo from the ensonified area on the seabed is received by the transducer, ampli-
fied electronically, and recorded. The timetaken for the sound to travel through the sea and
back is then used to calculate water depth. The sooner the sound waves return, the smaller
the water depth and the higher the elevation of the seabed. The echosounder repeatedly
pings the seabed as the ship moves along the water surface, producing a continuous line

showing ocean depths directly beneath the ship.

Figure 1.1. A Singlebeam Echosounder System.

Since the 1950s, this technology has evolved in two different ways. One way is to
mount a boom across the ship and install a number of transducers along the boom. At one
specified instant of time, all the transducers transmit pulses in sequence to the bottom and
thus a number of depths are measured. This kind of system is in effect a multitransducer
system. It is used in surveys in inland lakes, rivers, and open harbors with calm water. The

other way is to design a transducer so that at one specified instant of time, acoustic energy
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1s transmitted in a sector and a number of discrete beams are received within the sector. The
sector is wide in an athwartship plane, i.e. perpendicular to the ship track, but narrow in the
fore-aft plane, i.e. parallel to the the ship track. The beams in the sector are received either
to have a uniform angular spacing within the sector or to have a uniform distance spacing
in the intersection of the sector with the sea floor. Such a system is called a multibeam
system. It was first used for offshore deep water surveys. Recently, it has started to be used
for medium and shallow water bathymetric mapping. With the extensive application of
multitransducer and multibeam systems, their names and the meaning of these names have
been changed. Some authors call these two systems sweep and swath systems, respectively.
Other authors refer to both of these systems as swath systems but the second type as fan-
type swath systems. The term swath is related to the fact that the coverage of a survey line
in both systems is a strip instead of a line in the traditional singlebeam mapping. In this
thesis, the term multibeam systems refers mainly to fan-type swath systems.

Over the last decade, medium and shallow water multibeam bathymetric mapping sys-
tems have been produced. Compared to the singlebeam mapping systems, these systems
have the advantages of 100% coverage of the seafloor, high rates of data collection, and
wide swath coverage. A multibeam echosounder system is based on the fact that more
beams are better than one. About 30 years ago, the US Navy developed a system that sends
out many acoustic beams simultaneously to get a series of water depth readings along the
line of a moving vessel. With recent advancements in acoustic transducer design and digi-
tal signal processing, the use of multibeam echosounders in bathymetry has grown rapidly.
Multibeam echosounder systems are highly efficient and offer the only way of obtaining
full sea bottom coverage.

A typical multibeam echosounder system consists of a single transducer array. The
transducer array consists of several elements called staves, which transmit and receive
acoustic energy independently, and a unit to connect staves and to control the transmis-
sion and reception. Different types of transducer arrays, such as circular or flat arrays, are

used depending on the system and the application. The transducer array transmits a fan
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of acoustic energy into the seawater as shown in Fig 1.2. The available frequencies range
from 100 kHz to 450 kHz. Acoustic energy is transmitted in a wide sector in an athwartship
plane, typically 120°. When the transmitted acoustic energy hits the seabed or some under-
water structure, reflection or backscatter acoustic energy is generated which returns to the
transducer array as shown in Fig. 1.2. The backscatter energy is received in a number of
narrow channels which have different angles with the normal of the transducer array, The
received acoustic energy in each narrow channel is called a beam. The angle between the
center of the beam and the normal of the transducer array is called a beam angle. Usually,
the outer parts of the swath are ensonified later than the inner parts. Hence, the echo signals

from the outer parts of the swath arrive later and form a larger angle as shown in Fig. 1.2.

Athwartship
-
\_

¥ Transducer array

Figure 1.2. Operation of multibeam echosounder system.

From the angle and the travel time (or rather the range, which is the product of the
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two-way travel time and the speed of sound), the echo location and the depth at each echo
location is computed. As shown in Fig. 1.2, a multi-element transducer atray provides
many (30-150) individual soundings of the water depth and echo strength for each ping.
Automatic seafloor tracking programs determine depths and echo strengths for each trans-
ducer element, correct for transducer motion, and calculate a geographic coordinate for
each individual sounding. A wide swath (up to 7 times the water depth) can be surveyed in
a single pass through an area. Survey lines are spaced to provide overlapping coverage of
the seafloor. The data acquired are used to generate high resolution images which contain
information about the morphology of the seafloor. Multibeam echosounding can detect

features which are not always detected by singlebeam echosounding,

1.2 Concept and Operation

The thesis is based on a project sponsored by Institute of Ocean sciences (I0S), Sidney,
BC, Canada. Canadian Hydrographic Services (CHS) operates Simrad EM3000 which is a
300 kHz multibeam echosounder capable of mapping the seafloor at depths between 3 and
70 meters below the transducer. The post-processing of EM3000 multibeam echosounder
data acquired by CHS is performed at the IOS. The objective is to generate high-quality
bathymetric maps of the seafloor from the multibeam echosounder data. The multibeam
data contains sparse erroneous soundings which do not correspond to the soundings in
their neighborhood. These soundings are termed outliers. The occurrence of outliers can

be explained by
e surface reflection
o reflection from fish shoals

e low signal-to-noise ratio in bad weather conditions

o turbulent flows with bubbles in front of the transducers
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Outliers are random in nature and they can be considered as impulsive error in the multi-
beam echosounder data. Although outliers are sparse in numbers, it is very time consuming
to identify them from the huge amount of data acquired by multibeam echosounder systems
as the processing methods in use are mainly manual. The latest generation shallow-water
multibeam sonar can acquire more than 1, 000, 000 depth measurements per hour [4]. For
example, the density of data for a Simrad EM3000 running at 10 knots at a depth of 10
meters is around 25, 000, 000 points/km? and it can acquire more than 10,000, 000 data
points in one hour [5]. With this amount of data, even a low percentage of erroneous data
(outliers) can take a long time to be detected and removed. An automatic outlier detection
method is necessary to speed up the post-processing of multibeam echosounder data. An
automatic method should be capable of detecting most of the outliers in a very short time

and it should not miss any objects on the seafloor.

1.3 Literature Survey

With the advancement in multibeam echosounder system technology, interest in automating
the outlier detection process has grown considerably. Different approaches are found in the

literature, such as:

o The simplest algorithms filter outliers using slope based criteria, which only flag the

most severe outliers and produce poor resuits on low noise shallow water data [6].

o Mitchell [7], Eeg [8], and Claussen and Kruse [9] select an “environment” around
each beam (data point) and the local standard deviation is used as a criterion for eras-
ing single measurements. The standard deviation for the data in the environment is
calculated from a fitting plane or surface. These methods work well but are unrealis-

tically time consuming for large data files.
e Ware et al. [10] divide the data set into cells and some statistical values are estimated

for each data set. These statistical values are then used to classify data points as valid

or as outliers. These authors concluded that automatic detection by their algorithm
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requires three times the normal coverage of the seafloor. Such an algorithm can

therefore only be used as an aid to interactive outlier editing.

e Dijkstra et al. [11] developed an automatic algorithm based on filtering. Frequen-
cies that are larger than that of the seafloor topography are rejected and the remain-
ing frequency spectrum is used to construct the clean data. This technique requires
knowledge of the seafloor topography in the frequency domain and is not robust with

respect to outliers.

o Bourillet et al. [12] produced a software module that can be used for outlier elimina-
tion, which is included in a commercial package called TRISMUS. It uses more than
one method to select the outliers: a quartile method and a slope method. The method

is not fully automatic and some operator editing is strongly suggested.

e Duetal. [13] proposed a method based on a statistical analysis of the data in a work-
ing window, the dimension of which starts from the whole data set and decreases or
increasés during data analysis. The outlier elimination on the working windows is
based on data clustering based on the assumption that the noise in the data follows
a uniform distribution. This method is feasible for automatic outlier elimination be-
cause the data analysis can be carried out in realistic time even though the algorithm

elaborated by these authors “may be far away from practical applications” [11].

o Bisquay and Debese [14] used a robust estimator to detect outliers from the the multi-
beam data. The algorithm is based on a local model of the seabed. The fitting of
a quadratic surface over the raw data is carried out using a Tukey robust estima-
tor [15]. Detected outliers are soundings with high residual values between the mea-
sured depths and the depths estimated from the local model. The method has been

shown to give promising results for deep water muitibeam data.

Some of the cited methods were tested on data sets of limited dimensions (10, 000 data
points) and would be unrealistically time consuming on large data sets (> 100, 000 data

points).
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1.4 Outline of Thesis

This thesis presents a method that can automate the process of outlier detection in the
multibeam echosounder data. The thesis is organized in five chapters. |

In Chap. 1 the thesis topic is introduced. Some background information about multi-
beam echosounder systems is provided and relevant details about the working of the MBES
are discussed. The motivation behind the problem considered in this thesis is presented and
it was observed that an automatic method is required to speed up the post processing of
the shallow water multibeam data. Some automatic methods available in the literature are
discussed and the organization of the thesis is presented.

In Chap. 2 two methods, robust estimation and median filtering, are presented as pos-
sible candidates for automatic outlier detection. The two methods are evaluated using syn-
thetic data and results obtained are presented. Based on the results, median filtering is
found to be very fast and computationally less extensive and is selected as a method to
detect outliers. The results using the median filtering method are further investigated and
some suggestions to improve the performance of the method are discussed. Conclusions
based on the results are presented.

In Chap. 3 a new automatic outlier detection method based on a two-stage median fil-
tering algorithm is presented. The method consists of three main parts, the preprocessing,
the first stage, and the second stage of the two-stage median filtering algorithm. The pre-
processing is done to facilitate the implementation of a localization method used in the
two-stage median filtering algorithm. The two-stage median filtering algorithm is devised
based on the suggestions made in Chap. 2. The first stage of the algorithm is used to detect
potential outliers and the second stage of the algorithm is used to revalidate some of the
potential outliers that are located on the boundaries of the true objects. The selection of the
parameters used in the algorithm is discussed and the conclusions drawn are presented.

In Chap. 4 the multibeam field data obtained from the IOS is used to evaluate the per-

formance of the automatic outlier detection method presented in Chap. 3. The selection of
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parameters used for the multibeam field data is discussed. The results obtained are eval-
vated using direct comparison of the locations of the outliers detected by the proposed
automatic method with the locations of the outliers detected by the experienced operators
at the IOS. The results indicate that the proposed method is very fast and is capable of
detecting most of the outliers in the multibeam data without removing the true objects on
the seafloor. The results are further validated using visualization of the bathymetric images
generated from the multibeam data sets.

In Chap. 5 the conclusions drawn from the work are presented. The selection of median
filtering as an outlier detection method and the proposed automatic outlier detection method
are summarized. The results obtained using the proposed method indicate that the proposed
method is able to detect, in a very short time, over 95% of the outliers in the multibeam field
data without removing true objects. Some suggestions for future research are presented at

the end of the chapter.



10

Chapter 2

Analysis of Two Outlier Detection

Methods

2.1 Imntroduction

In the field of multibeam survey, post-processing of the multibeam data takes much more
time as compared to the time taken for data acquisition. A crucial step in the post-processing
is to remove outliers from the data set. Two approaches are generally considered for the

identification of outliers [14]:

o The first approach entails visvalizing all the soundings of a survey and then removing
the doubtful soundings manually. This procedure requires powerful and versatile
graphic tools and is very time consuming.

o The second approach uses automatic tools which remove the soundings identified as

doubtful according to some rules.

Both approaches have their pros and cons. The manual approach is painfully slow but,
on the other hand, the automatic approaches presented so far in the literature are prone
to corrupt the data leading to incorrect results. The ideal approach would be to have an

automatic detection algorithm that

e correctly identifies most of the outliers present in the data,

e keeps data corruption to absolute minimum, and



2.2 Outlier Detection Using a Robust Estimator 11

e is time efficient.

In this chapter, the effectiveness of two different methods in identifying potential out-
liers in multibeam data is evaluated. The first method uses a robust estimator to identify
outliers from the data. This method is appropriately termed as robust estimator [14] method
and is described in detail in Sec. 2.2. The second method uses a median filter to detect the
outliers from the data. This method i’s called median Sfiltering [16] method and is described
in detail in Sec. 2.3. In Sec. 2.4, the performance of each method is evaluated using syn-
thetic data. The synthetic data used is a model of the seabed and hence represents the
multibeam data. A detailed discussion of the results is presented in Sec. 2.5. Based on the
results and discussion, median filtering is selected for further investigation. Some sugges-
tions for improving the performance of median filtering as a method to detect outliers are

presented in Sec. 2.6 and will be used in chapter 3. In Sec. 2.7, conclusions are drawn.

2.2 Outlier Detection Using a Robust Estimator

In the robust estimator method, the detection of outliers relies on a local model of the
seabed using a quadratic surface which is generated using a robust estimator. The Tukey
robust estimator [15] is used because of its adaptive capabilities.

The method is based on the assumption that the topography of the seabed can be ap-
proximated using patches of quadratic surfaces. The geographic area is divided into square
cells each of size L x L and a quadratic surface is fitted to the data in the cell. Consider a
quadratic surface given by

z = zlas+1las +ryos+ras+ya +ag = x‘a 2.1)

where
x = [z y? zy 2z y 1T

and
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a=[a; as a3 ay a1 ag)?

is a column vector of real coefficients. In order to fit a surface to the data in each cell, a
standard estimation procedure such as a least squares method without any weighting of the
data points cannot be used. The reason is that in the Jeast squares method all the data points
are taken into account in the same way to estimate the surface and as the data contains
outliers, they would distort the surface and lead to an erroneous seabed representation [17].
In a robust estimator, the weights for each data point are adaptively modified and, as a
result, not all the data points are taken into account for the surface fitting [14].

The robust estimator fits the majority of the data and usually can be computed using
iterative re-weighted least squares (IRLS). The robust estimator is not sensitive to small -
proportion of outliers in the data. The iterative construction scheme is based on the gener-
alized least-squares scheme consisting of several iterations. In the first iteration, a quadratic
surface patch is fitted to the data in the selected cell of size L x L using the same weight
for all data points. The residual values, 7;, between the data points on the fitted surface and
the data points on the original surface provide the information to compute the weights, w;,
that will be used in the next iteration. In each iteration, coefficients a of quadratic surface

are calculated as follows:

gﬁ:a@{quh#A)%_ﬁ34? 2.2)

with
P = ’zi—xg-é(j‘l}l (2.3)

where x; and z; represent the location and the depth value for sounding 4, and

2

G-1n \2 . )

! o G- (1)

[1 o (a.,ﬂ(a‘-dl) ) ] if T < Trnediaon
meaian

(-1) -

w (2.4)

0 otherwise

Eq. (2.4) allocates a weight between 0 and 1 to each point which depends on its residual

value 7;. The two extremes 0 and 1 indicate possible outliers and data points very close
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to the seabed, respectively. The above robust estimator is called a Tukey estimator [18)].
Soundings having a weight equal to zero at the last step are detected as possible erroneous
soundings. The Tukey estimator has adaptive capabilities since the threshold of rejection
of the soundings changes from one step to the next one (Eq. 2.4). It depends on the median
value r,‘,-’.{;;gm computed over all the residuals in the cell and on o which is known as the
inverse sensitivity of the estimator [14].

The method requires the setting of two parameters, namely the inverse sensitivity o,
and the size of the cells, L x L. The inverse sensitivity is a parameter used to compute the
weights for each data point. To detect outliers, the difference between the original data and
the surface generated by the robust estimator is computed for all points with zero weight.
A histogram of these error values is generated. A threshold is selected and all data points

corresponding to error values above the threshold are identified as outliers.

2.3 Outlier Detection Using a Median Filter

Median filtering is a nonlinear signal processing technique which is useful in reducing im-
pulsive or salt-and-pepper noise. It is also useful in reducing random noise while preserving
edges in an image [19]. This edge-preserving property of median filters can be very useful
in processing multibeam data as the edges in the multibeam data may represent rocks or
crevices in the otherwise flat seabed.

The median of n numbers z;, 3, ..., Z,, for n odd, is the middle number in size. For
example, if all n numbers are ordered into an ascending array X;i.e. X; = zq, 2o, ..., %y

sothatz; < z < 3 and so on, the median of this array would be

yi = Median X; = z, (2.5)
where v = (n + 1)/2. The median is denoted by

Median(z;, Z2, ..., Zn) (2.6)

wherez; < 2o < 23 < ... < z,.



2.3 Outlier Detection Using a Median Filter 14

A one-dimensional median filter of size n, for odd n, whose input is a sequence {X;,1 €

Z}ie X; = z1, X2, ..., Ty, is an algorithm that will perform the operation [20]

¥; = Median X; £ Median(z;—y ..., Ziy ..., Tiwy), 1€ 2Z 2.7

where v = (n + 1)/2, and Z denotes the set of all natural numbers. However, as we are
dealing with a surface (seabed), 2-D filtering is required. A two-dimensional median filter
with window size L x L on a surface {X;;, (¢,7) € 2%}, is an algorithm that will perform
the operation [20]

. A .
Yy = Median X;; = Median(z;_rjs, ..., Tijy -+, Titrjts) (2.8)

where (r,3) € A, (4,5) € 22

In a two-dimensional median filter, a window slides over the surface, and the median
value of the sample points within the window becomes the output value corresponding
to the sample point being processed. An important parameter in using a median filter
is the size of the filter window. Median filters are well suited for suppressing impulsive
noise provided that the size of the window is chosen to be at least twice the width of the
impulses [19]. If this is the case, noise impulses which are sufficiently separated will be
completely eliminated by the median filter. However, impulses lying close to each other
may not be removed, depending on the window size. The window size is an important
parameter and has to be chosen carefully for the median filtering method to work properly.

Median filtering can be used to detect outliers in the multibeam data. The data is filtered
using a median filter of suitable window size, and the filter output is subtracted from the
original multibeam data and a histogram of the error values is generated. Based on the
histogram, a threshold is then selected and if the error value for a data point is larger than

the threshold, this point is identified as an outlier.
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2.4 Results

The two detection methods discussed in the previous section have been applied to synthetic
data. The use of synthetic data helps in evaluating the performance and the properties of
these methods.
The criteria used to evaluate the performance of each method are
number of actual outliers detected

Detecti te = 2.9
clection rate total number of actual outliers (2.9)

False detection rate = number of false outliers detc?cted 2.10)
total number of actual outliers

and computation complexity.

Since the number and location of outliers are known for the synthetic data, the detec-
tion rate and false detection rate can be easily calculated according to Egs. 2.8 and 2.9.
The computation complexity is also readily measured by calculating the number of flops

(floating point operations) required by each method to process the same synthetic data.

2.4.1 Synthetic data

Seabed can be of any shape and the modeling of a typical seabed can be complicated. The
synthetic data is used for testing the ability of the two methods to detect outliers as well as
to discriminate between true objects and outliers. For this reason, a rather simple seabed
is used with the addition of some bumps representing rocks as well as a large number of
outliers of various magnitudes.

Fig. 2.1 shows two different models of simple seabed, flat and rising. The x-axis of the
plot is the direction of travel of the ship, the y-axis marks the individual beams, and the
z-axis represents the depth in meters. For the purpose of illustration, only 35 beams are
shown in the figure as it makes it easier to observe the grid and individual beams. In the
synthetic data used for testing the methods, 127 beams are used representing one ping of
an actual MBES with 127 beams.
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Figure 2.1. Two different models of seabed.

To a flat model of seabed, a few bumps representing rocks or other objects on the seabed
are added. Impulsive noise is then added to the synthetic data using uniformly distributed
random numbers. Fig. 2.2 shows a segment of the seabed including a bump representing a
rock. In Fig. 2.3 the same segment of data is shown when impulsive noise is added. The

rest of the synthetic data look similar to the data shown in Fig, 2.3.

2.4.2 Robust estimator

The robust estimator iteratively generates surface patches considering only those samples
with residual values less than the median residual value of all samples within the specified
window. The samples which do not satisfy this criterion are given zero weight and are
considered as potential outliers. Fig. 2.4(a) shows a segment of the original synthetic data,

which is the same as that shown in Fig. 2.3. The inverse-sensitivity parameter ¢ and the
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2.4 Results 18

window size I, x L were chosen as 4 and 7 x 7, respectively.

(a) Segment of original synthetic data (b) Robust estimator generated surface

{d) Magnitude Threshold = 0.2

Figure 2.4, (a) segment of original synthetic data, (b) Robust estimator generated surface,
(¢, d) Seabed obtained using the robust estimator method with a window of [7 7| and various

values of magnitude threshold,

Fig. 2.4(b) shows the surface generated by the robust estimator. As discussed earlier
in Sec. 2.3, the residual values between the data points on this generated surface and the
data points on the original surface provide the information to compute the weights assigned
to each data point according to Egs. 2.3 and 2.4. In Fig. 2.4(c), a magnitude threshold of
0.5 is used and the resulting seabed is shown. A magnitude threshold of 0.5 detects as
the outliers all those data points that have absolute magnitude difference of 0.5 or more
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Figure 2.5. Histogram of the error values obtained using the robust estimator method,

than the corresponding data points on the robust estimator generated surface. Similarly,
Fig. 2.4(d) shows the resulting seabed after using a magnitude threshold of 0.2. The de-
tected outlier value was replaced by the corresponding data point value from the robust
estimator generated. In Fig. 2.5, a histogram of the error values of the detected soundings
(potential outliers having zero weight) is generated. The large rectangular shaped area near
the zero on the horizontal axis represents the number of data points with error values less
than +0.25. It shows that the magnitude differences between data points on the original
surface and corresponding data points on the robust estimator generated surface are very
small for most of the data points. The detected outliers are the points corresponding to a
magnitude difference of more that 4-0.5.

To evaluate the performance of the robust estimator, various window sizes, values of c,

and threshold values have been used. The results are shown in Tables 2.1 and 2.2.
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Table 2.1. Results using robust estimator with @ = 4 and with synthetic data containing

T3 outliers.

Window | Magnitude | Detection | False Detection [ Number
Size | Threshold | Rate, % Rate, % of Flops
[3 3] 0.5 75.34 17.81 50,524,678
(3 3] 0.3 76.71 30.14 50,524, 678
(3 3] 0.1 83.56 52.05 50,524,678
[5 5] 0.5 79.45 21.92 41,461, 551
[5 5] 0.3 84.93 34.25 41,461, 551
[5 5] 0.1 89.04 64.38 41, 461, 551
[7 7] 0.5 83.56 12.33 42,160,901
[77] 0.3 84.93 19.18 42,160,901
[77] 0.1 89.04 42.47 42,160, 901
[99] 0.5 89.04 24.66 42, 520, 320
[99] 0.3 95.89 45.21 42,520, 320
[0 9] 0.1 95.89 75.34 42,520, 320

2.4.3 Median filter

Figs. 2.6(a), 2.6(b), and 2.6(c) show the results obtained by applying 2-D median filtering to
the data of Fig. 2.3 using window sizes of [3 3], [5 5], and [9 9], respectively. In Fig. 2.6(d),
a median filter with window size of [1 3] is used, which corresponds to 1-D median filtering
to each individual beam with a window length of 3. With this filter length, spikes of length
of at 1eas;t two samples are not detected as outliers. Fig. 2.6(d) shows the spikes which were
present on a particular beam for at least two consecutive pings.

For the detection of outliers, the error values between the original data and the output of

the median filter were computed. A histogram of these error values is presented in Fig, 2.7.
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Table 2.2. Results using robust estimator with window size [7 7] and with synthetic data

containing 73 outliers.

Alpha | Magnitude | Detection | False Detection | Number

Threshold | Rate, % Rate, % of Flops
1 0.5 78.08 34.25 45,173,419
1 0.3 84.93 58.90 45,173,419
1 0.1 86.30 80.82 45,173,419
2 0.5 82.19 13.70 42,817,343
2 0.3 86.30 24.66 42,817,343
2 0.1 87.67 42.47 42,817,343
4 0.5 83.56 12.33 42,160,901
4 0.3 86.30 26.03 42,160, 901
4 0.1 89.04 42.47 42,160, 901
8 0.5 84.93 10.96 42,520, 320
8 0.3 87.67 28.77 42,520, 320
8 0.1 90.41 43.84 42,520,320

There is a good separation of outliers corresponding to the clusters above 0.5 and below
0.5. For the elimination of the outliers, a magnitude threshold is selected. Based on the
histogram of Fig. 2.7, a threshold of 0.5 is a good choice and the elimination of outliers
resulted in the seabed segment shown in Fig. 2.8. By comparing the processed data with
the original synthetic data in Fig. 2.1 it can be seen that most of the outliers have been
removed while the true objects i.e. rocks etc. have been retained.

To observe the effect of the window size on the detection of outliers, various window
sizes were used and the results obtained are presented in Table 2.3. These results indicate
that median filtering requires less computations but is sensitive to the window size. As

can be seen from Table 2.3, when the window size is increased, the false detection rate is
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(a) Segment of original synthetic data (b) Median filtering with a window [5 5]

Figure 2.6, Output of the median filter.

increased.
The results in Tables 2.1 and 2.2 indicate that the robust estimator requires significantly
more computation than the median filter (see Table 3.2) but tends to be slightly less sensitive

to the window size.

2.5 Discussion of the Results

From the results, both methods, i.e., the robust estimator as well as the median filtering were

able to detect most of the outliers. The median filtering was more sensitive to the window
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Table 2.3. Results using median filter with synthetic data containing 73 outliers.

Window | Threshold | Detection | False Detection | Number
Size Rate, % Rate, % of Flops
(3 3] 0.5 89.04 13.70 20,225
[33] 0.3 91.78 13.70 20,225
[3 3] 0.1 94.52 13.70 20,225
[5 5] 0.5 91.78 31.51 20, 392
[5 5] 0.3 94.52 31.51 20,392
[5 5] 0.1 97.26 31.51 20, 392
[77] 0.5 93.15 47.95 20, 536
[77] 0.3 95.89 47.95 20,536
[77] 0.1 98.63 47.95 20,536
[9 9] 0.5 94.52 79.45 20,801
[99] 0.3 97.26 79.45 20, 801
[99] 0.1 100.00 79.45 20, 801

size than the robust estimator and an inappropriate selection of window size resulted in
erroneous outlier detection or elimination of data points corresponding to true objects on
the seabed. As shown in Fig. 2.6 with a window size [9 9] the true object on the seabed
model is completely eliminated. However, with an appropriate window size, the median
filter was able to detect nearly all the outliers while preserving the data points representing
true objects on the seabed.

Both median filtering and robust estimator methods have been compared according to
the number of flops taken by each method for processing the same synthetic data set. In
general, the number of flops required by the median filtering method is less than 0.1% of
that required by robust estimator method which indicates that median filtering is signifi-
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cantly faster. The number of flops depended on the number of iterations used for the robust
estimator method, as may be expected.

In both outlier detection methods, as the detection rate increases, a significant increase
in false detection rate was observed. For example, in the case of the robust estimator (Table
2.1), at a detection rate of 95.9%, a false detection rate of 75.34% is observed. In the case
of median filtering (Table 2.3), a detection ratio of 100% corresponds to a false detection
rate of 79.45%. False detection rates of these magnitudes are unacceptable as they imply
that perfectly valid data points data are identified as outliers.

As median filtering is much faster than robust estimation, it will be useful to use median
filtering for automatic detection process. To reduce the false detection rate, improvements
should be made to the median filtering method. Some suggestions for improvement are

discussed in the following section.

2.6 Suggestions for Improvements

Two improvements are required for the median filtering method to make it useful for reli-
able outlier detection. First an approach for finding the appropriate window sizes is needed
and second a method is needed that can reduce false detection rate. As we have used only
synthetic data so far, the appropriate window size can be selected as 3 x 3 which is the
smallest window size for true médian filter. Selection of the smallest window size avoids
the problem of losing small data groups representing 3 objects on the seabed. However, to
increase the detection rate, a larger window size is required, so that outliers lying close to
each other can be detected. The appropriate window size should be chosen based on the
information about the size of the smallest object observable on the seabed and this is the
approach that will be used in the following chapters.

To reduce the false detection rate, the effect of median filtering on the synthetic data
was carefully studied. The location of each valid data point that was falsely detected as an

outlier was investigated and it was found that most of these such data points were lying on
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the boundaries of data groups representing objects on the seafloor. It means that although
median filtering was able to detect outliers and retain the true objects, it falsely detected the
data points lying on the boundaries of these objects as outliers. This process can be seen in
Fig. 2.6(b) and Fig. 2.6(d) where a data group representing a rock on the seabed is reduced
in size as data points on the boundary of this data group are falsely detected as outliers and
are eliminated. The false detection rate increases as the window size is increased as more
and more data points lying on the boundary of the true objects are being falsely detected as
outliers.

The problem of false detections can be greatly reduced by identifying the locations of
the falsely detected data points and if these data points are on the boundaries of objects, then
it can be safely assumed that they were falsely detected as outliers and can be categorized
as valid data points. For example, in the case shown in Fig, 2.8 where median filtering with
a window size of [3 3] and a magnitude threshold of 0.5% were used, approximately 98%
of the false detections are located on the boundary of the true object.

2.7 Conclusions

Two methods for automatic outlier identification of outliers have been presented and their
performance has been evaluated using synthetic data. Both methods were successful in
detecting most of the outliers present in the synthetic data. However, it was observed that
improper window size leads to a high false detection rate for both median filtering and
robust estimator,

The results indicate that median filtering is significantly faster than the robust estimator.
However, median filtering is more sensitive to the window size and an inappropriate choice
of the window size may lead to a high number of false detections.

As median filtering is much faster than the robust estimation method, the former has
been selected as a method to be investigated further. Two modifications to improve the per-

formance of median filter have been suggested. The first modification deals with the proper
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choice of the window size based on available information about the multibeam echosounder
data. The second modification discussed is to re-investigate the boundaries of the objects

on the seabed in order to reduce the high false detection rate to acceptable levels.
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Chapter 3

Automatic Qutlier Detection Using

Median Filtering

3.1 Introduction

In the preceding chapter, median filtering has been shown to be able to eliminate outliers in
the regularly spaced data due to its ability to eliminate impulsive noise. However, the multi-
beam echosounder data is always irregularly spaced due to the nature of data acquisition

process, This fact leads to two important observations:

¢ The median filtering method employed in Chap. 2 whereby multibeam data points

have been assumed to be regularly spaced cannot be used for multibeam data.

e An advantage of regularly spaced data is that access to the data is very fast. As
multibeam data is irregularly spaced, a localization method is required that is able to

locate the required neighboring data points. fast and efficiently.

In this chapter, an automatic outlier detection method using a two-stage median filtering
algorithm is presented for multibeam echosounder data. The algorithm is based on the
median filtering method described in Chap. 2. In Sec. 3.2 an overview of the automatic
outlier detection method is presented. Preprocessing of the multibeam data is discussed in
Sec. 3.3. In Sec. 3.4 the first stage of the two-stage median filtering algorithm is described.
A localization method used to locate the nearest neighborhood data points in the algorithm
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and its efficient implementation are presented in Sec. 3.4.1. The second stage of the two-
stage median filtering algorithm is presented in Sec. 3.5. The selection of the parameters
used in the algorithm is discussed in Sec. 3.6. Conclusions are drawn in Sec. 3.8.

Due to the irregular spacing of the multibeam data, two new terms are introduced in
this chapter to facilitate the description of the two-stage median filtering algorithm. The
first term is neighborhood size, which denotes the number of nearest data points in the
neighborhood of a particular data point. This term defines the nearest neighborhood of a
data point and it is the equivalent of the term window size in the median filtering method
discussed in the preceding chapter. The second term is vertical threshold, which refers to a
threshold value used to detect outliers. This term is the same as fhe magnitude threshold in

the median filtering method discussed in the previous chapter.

3.2 Automatic Qutlier Detection Method

The proposed automatic outlier detection method uses a two-stage median filtering algo-
rithm as its core unit to identify outliers from the multibeam data. Fig. 3.1 shows the block
diagram of the proposed method. The block diagram is divided into three main parts. The
first part describes the preprocessing of the raw multibeam data. The next two parts describe
the first and the second stage of the two-stage median filtering algorithm respectively. The
input data in this block diagram are the raw field multibeam data.

In the preprocessing part, the multibeam data are first geometrically transformed and
normalized to facilitate the subsequent division of the data into smaller cells. Then the
multibeam data are divided into a number of square cells. Once the division of the data into
cells is done, the preprocessing is completed and the first stage of the two-stage median
filtering algorithm is employed.

The first stage of the algorithm uses preselected values for neighborhood size and ver-

tical threshold to detect and flag the potential outliers in the data. It can be summarized
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Figure 3.1. Block diagram of the automatic outlier detection method.
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as follows. Suppose that we have a set of depth estimates D = {d;, i =1, 2, ..., N}
at the associated locations ¢; = (x;, ;). In order to determine whether d; is a potential
outlier, its M nearest neighbors, where M is the neighborhood size, are located using a
localization method. The localization method uses the positioning of each data point within
its corresponding square cell and its Euclidean distance from its neighboring data points to
generate the list of its M nearest neighbors., All M nearest neighbors are ranked according
to their depth estimates and the median of the ranked list is selected as the predicted depth
estimate at the location ¢; where ¢; is the location of d;. If d; is different from the prediction
by a significant amount (i.e. greater than the vertical threshold), then this indicates that d;
is an isolated value which is inconsistent with its neighbors. Hence, d; is considered as a
potential outlier. The output of this stage is the multibeam data set with potential outliers
flagged accordingly.

In the second stage of the two-stage median filtering algorithm, a selected set of cells
undergo reprocessing to identify and recategorize data points that have been detected as
potential outliers in the first stage of the algorithm. Many of the data points identified
as potential outliers in the first stage are located on the boundaries of true objects on the
seabed as discussed in Chap. 2. By reprocessing, data points that are true outliers can
be distinguished from the data points that are located on the boundaries of true objects
on the seabed. Suppose that we have a cell where the number of potential outlier, say
@, exceeds a certain number of outliers say N,,;. The potential outliers in this cell are
reprocessed using a smaller preselected neighborhood size. As observed in Chap. 2, the
use of a smaller neighborhood size results in a reduced number of boundary points of true
objects being flagged as outliers. Therefore, some of the data points that were detected as
potential outliers in the first stage of the algorithm are recategorized as valid data points.
This reprocessing significantly reduces the number of falsely detected outliers. The output
of the second stage of the algorithm is the multibeam data set with the detected outliers
flagged.

In the following sections, preprocessing and the two-stage median filtering algorithm



3.3 Preprocessing of the Multibeam Data 32

are described in detail.

3.3 Preprocessing of the Multibeam Data

Real field multibeam data consist of location ¢; = (z;, ¥;) and corresponding depth value
d; of soundings obtained from acoustic reflections. The direction of the track of a surveying
ship is mainly dependent upon the geological location of the surveyed area and it varies in
different survey missions. When the ship is moving along the track in a particular direction,
the sounding pattern generated on the floor of the ocean has an orientation that is related
to the ship direction, Fig. 3.2 shows the sounding pattern of a particular ship track in one
of the EM-3000 survey missions. As shown in the figure, the position of each sounding is
represented by « and y coordinates,

As discussed briefly in the preceding section, the multibeam data is divided into a num-
ber of square cells. This division of the data into cells is very important as these cells are
used in the localization method to efficiently search for a number of nearest neighbors to
a particular data point. As shown in Fig 3.2, the multibeam data has an orientation that
makes the division of the data into cells difficuit. To facilitate the division into cells, a
2-D geometric transformation is applied to the multibeam data. In this way, data sets ac-
quired with different ship track directions are transformed to one fixed orientation of the
Cartesian-coordinate system.

Two types of 2-D geometric transformations namely translation and rotation are ap-
- plied to the multibeam data. In Sec. 3.3.1 the transformations applied to the multibeam
data are discussed. The transformed data set is then normalized to further facilitate the im-
plementation of the localization method to search the neighborhood soundings. Then using
a procedure described .in Sec. 3.3.3, the cell size is calculated. The normalized data set is

then divided into a number of square cells.
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3.3.1 2-D geometric transformations

‘Two types of 2-D geometric transformations are applied to the multibeam data. First the
data are translated to the origin of the z-y coordinate system and then are rotated about
the origin by an angle [21]. To illustrate this, we refer to Fig 3.2 again. For the purpose
of illustration, only eight swaths of multibeam echosounder soundings projected along a
single track are shown in the figure. Each swath consist of 9 beams which are numbered
from beam 0 to beam 8. In order to determine the direction of the ship track, a straight
line is fitted through all soundings of a particular beam number in the least-squares sense
(beamn 4 was chosen in this figure). The slope of the least-squares line is then used to
determine the angle @ as shown in the Fig. 3.2. With the angle § known, we can define a

new Cartesian-coordinate system, say the 2’y system shown in Fig. 3.3.

The data shown in Fig. 3.3 are first translated to the origin of the -y coordinate system.
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Figure 3.2. A segment of the multibeam echosounder data.
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Figure 3.3. Translation and rotation of the z-y coordinate system to form the z'-y' coor-

dinate system.

The translation matrix used for this transformation is [22]

1 0 0
TT )l =] 0 1 0 (3.1)
~T, -T, 1

where T;; and T}, are the translation distances in the z and y directions, respectively.
After the translation, the new coordinate system x'-y/' is rotated clockwise by an angle

6. The rotation matrix used for this translation is [22]

cose  sina 0
[R(a)] = | —sine cosa 0 (3.2)
0 0 1

where « is angle of rotation measured counterclockwise. As in this case, the angle of
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rotation @ is clockwise, we have o = —f. Using these two transformations, a data point
(zi, ¥) in z-y coordinate system is transformed to (x/, y;) in the new 2'-y/ coordinate

system. The 2-D geometric transformation equation is [22]

[p] = [plIT(Te, T)][R(e)] (3.3)

where
Pl = [y 1] (34
represents the transformed sounding location expressed in the homogeneous-coordinate

form [22], and
] = [z y 1] (3.5)

represents the original sounding location expressed in the same form.

3.3.2 Transformation and normalization of the multibeam data

Fig 3.3 shows the multibeam data obtained in one of the EM-3000 survey. Using the 2-
D transformation given in the Eq. (3.3), a data point (z;, %;) in -y coordinate system is
transformed to (z;, y}) in the new 2’-y’ coordinate system, Hence, the data point

z; = (@ — Ty) cos 0 + (y; — T,) sin 6

2

(3.6)
¥i = (yi — Ty)cosf — (z; — T, )sind

where # is the angle by which the z-y coordinate system is rotated to form the z'-y' coor-
dinate system and T, = 48.52 and T, = 258.41 for the data shown in Fig. 3.3. The data
points are then normalized to the values (&;, 4;) according to [23]
81 = (3}~ thye)/ (maxemin) o
i = (¥ — Ymin)/ (maxmin)

where
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! U

maxmin = maximum(:cmm — Znins y:'na,m - y:m'n)
and
L) = maximum{z}}
Trpin = minimum{x}}

Yrmag = maximumy{y;}
Ymin = minimum{y{}
This ensures that the values of £ and § lie between 0 and 1. The normalization eliminates

different measurement scales used in = and y directions which makes it easy to manage

large data sets. Fig. 3.4 shows the multibeam data after the transformation and normaliza-

tion.
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Figure 3.4. Multibeam sounding data after transformation and normalization.



3.3 Preprocessing of the Multibeam Data 37

3.3.3 Division of the data into cells

The two-stage algorithm given in Sec. 3.2 involves a lot of searching to find a fixed number
of nearest sounding locations to a particular sounding location. In order to make the search
process more efficient, the multibeam data set is divided into smaller cells or blocks. Thus,
to search for data points in the neighborhood of a particular data point located in a specific
cell it is sufficient to search for data points in that specific cell and, if need be, in adjacent
cells instead of searching the whole data set. This division of data set into smaller cells
significantly reduces the search time. A simple procedure to search for data points in the
neighborhood of a particular data point is described in the next section.

The size of the cells has to be appropriately chosen depending on the density of the data
points. The greater the number of data points in a cell, the greater is the number of data
points which have to be searched in order to determine the nearest neighbors. On the other
hand if the cell size is small, there will not be enough data points in the cell. So the size
of the cell is chosen in such a way that each cell contains an appropriate number of data
points in connection with the neighborhood size M. In order to chose a suitable cell size a
procedure based on the standard Euclidean distance between two data points is employed.
In order to automate the computation of the search radius r for a given neighborhood size

M, the following procedure is used:

1. Select an arbitrary data point from the profile and search for its M nearest neighbors
to form a set of M + 1 data points.

2. Compute the mean center [24] m, = (z., y.) from these M + 1 data as

1 M+1A 1 M+1
. = mng and y. = M—HZ%

i=1

where (£;, 7;) represents the sounding location of the ith data in the normalized

coordinate system.

3. Compute the standard distance [24] I as
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where [; is the Euclidean distance between 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 I, denoted as I,,.

5. Computer = Mo where ) is a scaling constant typically in the range 1 < ) < 4.

Since standard distance is a concise statistical measure of the spatial dispersion of data
points, the use of this measure for the computation of r provides a convenient and reliable
way to define r. The cell size is then chosen as two times the search radius r. As a circle
of radius r centered at a particular location is expected to contain the required number of
nearest points, a square cell of length 2r centered around the same location can also be
expected to contain the required number of nearest points,

Once the sizes of the cells have been finalized, the data set is divided into a number
of square cells. Suppose we have a set of depth values, D = {dz, i=1,2, ..., N}
at the associated locations & = (%;, §;) in the normalized coordinate system. The data
set is divided into square cells Cy,; fork =1, 2, ..., Pand! = 1, 2, ..., Seachof
size 2r x 2r. The values of P and S are determined depending upon the lengths of data
set in the z and y directions. A linked list is then maintained for each cell, the nodes of
the linked list being the data points included in the cell. Each node in the list consists of
x and y coordinates of the data point it represents and also its depth value d;. Each node
also contains a variable f which is the flag value representing the status of each data point.
A value of f = 1 means that the particular data point is flagged as a potential outlier and
a value f = 0 declares the data point as a valid sounding. A separate field in each cell
keeps track of the number of data points which are flagged as outliers. Memory is allocated
dynamically depending upon the number of data points in the cell.
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The first stage of the two-stage median filtering algorithm can now be presented.

3.4 The Algorithm - First Stage

Suppose we have a set of depth values, D = {d;, 1 = 1, 2, ..., N} at the associated
sounding locations & = (&;, §;) in the normalized coordinate system. The data set is
divided into square cells Cy; fork =1, 2, ..., Pandl =1, 2, ..., S. A potential

outlier counter () is associated with each cell that keeps track of the number -of data
points that are flagged as potential outliers in that cell.
Given M;, the neighborhood size, and T', the vertical threshold, do:

F1: Initialize the counter for potential outliers for the whole data set,i.e. U = 0.
F2: Initialize the counters for potential outliers for each cell, i.e. Qr; = 0fork =
1,2, ...,Pandi=1,2, ..., S.

F3. For each sounding location &;,7 = 1,2,..., N in the data set, do:

(a) Determine the corresponding square cell Cy,; for the sounding location &;, so
& € Ciy.

(b) Search for the M, sounding locations s4, j = 1, 2, ..., M, closestto & where
¢; is the sounding location of d;.

(¢) Sort Z = {d;, j = 1, 2, ..., My} where d; is the depth value at s; into
ascending order to form an ordered array Y, i.e. Y = {d;,ds,...,das }.

(d) Assign p = med(Y), where med(Y") is the median value of the array Y.

(e) If |[p—d;| > T, then:
i. Flag d; as a potential outlier.
ii. Record the location ¢; as &},
iii. Increment counter U.

iv. Increment counter Q.
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F4: Record the number of total potential outliers detected, i.e. U, and the number of

potential outliers detected in each cell, Q.

Based on the results and discussion of Chap. 2, it is observed that a bigger neighborhood
size would lead to a higher detection rate of potential outliers. However, a number of data
points declared as potential outliers are located on the boundaries of the true objects on the
seabed. The measured depth in the neighborhood of some of these data points can vary
significantly due to their locations. This variation is the reason why some of the data points
are declared as potential outliers even though they are actually part of true objects. The
second stage of the two-stage median filtering algorithm presented in Sec. 3.5 is used to
identify and declare such data points as valid data points.

3.4.1 Search for neighboring points

In step F3:(b) a simple yet efficient localization method is used to search for the M nearest
data points to a particular data point where M is the neighborhood size. This method selects
the nearest points based on the distance between a particular data point and its neighboring
data points. As discussed in Sec. 3.3.3, Fig. 3.5 shows the multibeam data set divided into
a number of square cells Cj;. The procedure used for the localization is based on some

discussion for a similar search in [23] and on the following observations:

o The search to find M neighbors close to point p, starts by finding the number of
data points in cell Cy ;. If C; contains more than M data points, there may not be
a need to search for data points located outside Cy,. If the number of data points
contained in Cy,; is less than M, all of the cells adjacent to Cp, are also searched. If
the total number of data points included in Cy; and all its adjacent cells is still less
than M, cells adjacent to these cells are also searched and so on. However, due to the
selection of the cell size 2, as discussed in Sec. 3.3.3, the probability of not finding
the required number of neighbors to a particular data point in a cell and in the cells

immediately adjacent to it, is very small.
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o In the case where p; is located near the boundary of Cj; and Cj,; contains more than
M data points, the nearest neighbors of py could be selected among the data points
included in Cy,; itself although other data points included in cells adjacent to Cy,; may
be nearer to py as illustrated in Fig, 3.5. This can lead to false detections of nearest
neighbors. In order to avoid this problem, data points located in adjacent cells are
also included in the search to find the M nearest neighbors of pg.

Based on these observations the procedure to search for the M nearest data points to a
particular data point py located in cell Cj; can be summarized as follows:

Cell Cy, is broken into five parts: center (ct), top-left (1), top-right (tr), bottom-left (bl),
and bottom-right (br) as illustrated in Fig. 3.6. The area of the shaded parts can be chosen
appropriately. If po is located inside the fop-right part of the cell Cy, all data points
contained in Cy,; as well as in its immediately adjacent cells Cy—1 4, Ck—1441, and C 41
are used. Similarly, if py is located in any of the other three parts of the cell Cy; denoted
by the shaded regions in Fig. 3.6, then all points in C},; and the cells adjacent to the shaded
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Figure 3.5. Multibeam data set after division into smaller blocks.
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Figure 3.6. Block Cy, divided into five parts.

portion are also used. If py is located inside the center part of the cell Cy,; then no adjacent
cells are considered unless Cj,; has fewer than M points. In each of these five cases, the
distance between po and all the data points used is computed and the M nearest data points

are chosen.
The procedure described above works very reliably in most of the cases. However in

some cases it can happen that when py is located in the center of the cell Ck,, some of the
data points in adjacent cells are nearer to p, than some of the data points selected as its
nearest neighbors from within cell Cy,; itself. We see in Fig. 3.7 that p, is considered as
one of the 7 nearest neighbors of p, although p; and p, located in adjacent cells are nearer
to it. Thus, it is advisable to search for m data points, where m > M, and then select the
M points nearest to p; as its nearest neighbors. Although this will eliminate the problem
of false identification of the nearest neighbors to a great extent, for some cases when most
of the data points in C,; are concentrated at the corners, this may still not work. However,
this is very unlikely to happen since data points in general are evenly distributed and it is

not likely that data points in any cell will be concentrated only at the corners.
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Figure 3.7. Point po nearer to points p; and p, than point ps.

3.5 The Algorithm - Second Stage

In the second stage of the algorithm, we have the same data set that is used in the first stage
of the algorithm. However, the locations of the data points which have been identified as
potential outliers are flagged.

Given M,, the neighborhood size, and T, the vertical threshold, do:

S1: Initialize the counter for the rejected potential outliers, i.e. U = 0.
S2: Foreachcell Cy fork=1,2, ..., Pandi=1, 2, ..., S,do:

Al: If Qrg > Ny, where N,y is the threshold for number of outliers in a cell,

then for each sounding location & € Cy, do:

(a) Search for the H sounding locations s;, j = 1, 2, ..., H closest to &
where ¢} is the sounding location of d;. H = M, + L where L > 10.
() Sort Z = {d;, j = 1, 2, ..., H} where d; is the depth value at s; into

ascending order to form an ordered array Y, i.e. Y = {d, ds,...,dg}.
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(c) Eliminate those depth values from the ordered array Y that have been
flagged as outliers and make a new ordered array of X, i.e. form X =
{d1,da,...,dr,}

(d) Assign p = med(X) where med(X) is the median value of the ordered
array X,

(e) If |p — d;| < T, then:

i. Clear flag on d;.
i. Record the location & as é;.
ifi. Increment counter U,

iv. Decrement counter Gy ;.

S3 Record the number of total outliers detected, i.e. U — U’, and the number of outliers

detected in each cell, Q.

In the second stage of the algorithm, some cells which contain more than N,,; potential
outliers are selected. The potential outliers in these cells are then reprocessed using a
smaller neighborhood size. In Chap. 2, a smaller window size was shown to lead to a
smaller number of points on the boundaries of the true objects being detected as outliers.
This motivates the use of a smaller neighborhood in the second stage of the algorithm to
identify data points that are located on the boundaries of the true objects which have been
flagged as potential outliers in the first stage. In this way, the false detection rate of the
two-stage median filtering algorithm is decreased significantly.

One important aspect of step S2:A1:(c) in the second stage is that for a particular data
point, data points that are flagged as potential outliers in the first stage of the algorithm are
removed from the list of closest neighbors for this data point. Therefore, if a data point is
identified as a potential outlier in the first stage and it is not located on the boundary of a
true object, a smaller neighborhood size in the second stage will not change its status to a
valid data point and it will remain identified as an outlier. For example, if a neighborhood
size of 13 is used in the first stage of the algorithm, then groups of data points of 7 or less,
all of them with similar depth but different than that of their neighbors, will be identified as
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potential outliers. In the second stage, a smaller neighborhood size of 5 or 7 will be chosen
to reprocess the selected cells. As most of the data points in these groups are identified as
potential outliers, they will be removed from the ordered array of nearest neighbors and
hence the data points belonging to these small groups will remain correctly identified as
outliers. This aspect of step S2:A1:(c) ensures that the high true detection rate achieved
using a bigger neighborhood size remains unaffected in the second stage of the algorithm.

There are several parameters in both stages of the algorithm, the vertical threshold T,
neighborhood sizes M), M and N,y that need to be selected. Guidelines for selecting

these parameters are described in the following section.

3.6 Parameter Selection

The choice of neighborhood sizes depends on the resolution of the multibeam echosounder
system used for the data acquisition. The resolution of a particular type of multibeam
system gives a suitable measure in selecting the neighborhood size for both the stages of the
algorithm. This thesis deals with multibeam data acquired from shallow water bathymetric
surveys. If the resolution of the multibeam system is given as 7, for example, it implies that
the system can ensonify an object which is detected by at least 7 beams. Thus, data groups
of 7 or more should be treated as true objects on the seabed. In this case, a neighborhood
size of 13 should be used in the first stage of the algorithm to obtain a high outlier detection
rate. On the other hand many valid data points lying on the boundaries of the objects on the
seabed will be detected as potential outliers with this neighborhood size. In the second stage
of the algorithm, a neighborhood size of 5 or 7 will recategorize some of the data points
which are lying on the boundaries of the objects on the seabed and have been identified as
potential outliers in the first stage of the algorithm. This helps in reducing the number of
data points that were detected as potential outliers in the first stage of the algorithm.
Another important parameter in the algorithm is the vertical threshold, T. In shallow
waters, a vertical threshold of 1 to 3 meters, depending upon the depth range of the multi-
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beam data, has been found to be very effective.

In the second stage of the algorithm, N, is used as a threshold to select a particular cell
for reprocessing. This threshold represents the number of potential outliers found in the cell
by the first stage of the algorithm. The choice of N,,; can be made based on the accuracy
estimates of the multibeam echosounder system. For example, given that approximately
10% of the EM-3000 multibeam echosounder data are erroneous, IN,,,; can be chosen as an
integer approximation of N x 0.1 where N is the average data points in a cell.

The selections of neighborhood size and vertical threshold are further discussed in
Chap. 4 where the performance of the algorithm is evaluated using field multibeam data.

3.7 Conclusions

An automatic outlier detection method that uses a two-stage median filtering algorithm to
detect outliers in the multibeam data has been proposed and described in detail.

The raw ficld multibeam data are first preprocessed to facilitate the division of the data
into square cells. Preprocessing of the data involves geometrical transformation, normal-
ization, and eventually, the division of the data set into square cells of predetermined size.

After preprocessing the first stage of the two-stage median filtering algorithm is em-
ployed which uses preselected values of neighborhood size and vertical threshold to iden-
tify potential outliers. This stage is used to achieve a high detection rate. The second
stage of the algorithm uses another preselected value of the neighborhood size to reprocess
some of the data points that have been identified as potential outliers and to identify those
data points that were flagged as potential outliers in the first stage but are located at the
boundaries of true objects.

The selection of parameters used in the two stages of the algorithm has been discussed

in detail.
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Chapter 4

Validation and Presentation of Results

4.1 Introduction

Multibeam field data supplied by IOS is used in this chapter to evaluate the performance
of the automatic outlier detection method presented in Chap. 3. Results obtained for two
multibeam data sets are presented. Two different approaches are used to evaluate and val-
idate the results. The first approach uses direct comparison of the locations of the outliers
and the second approach uses visualization of bathymetric images generated from the data

sets. The results indicate that the proposed method is very efficient, fast, and accurate.

4.2 Application of Two-Stage Median Filtering Algorithm

The data used to test the two-stage median filtering algorithm was collected by a Simrad
EM3000 multibeam echosounder system. This is a 300 kHz multibeam echosounder capa-
ble of mapping the seafloor at depths between 3 and 70 meters below the transducer. This
system employs 127 beams to measure a 120° swath transverse to the vessel heading with
an overlapping angular resolution of 1.5° x 1.5° [25]. The data used in this chapter was
provided by the IOS and comes from a shallow water area off Newfoundland. The first
data set consists of eight track lines: six East-West and two North-South lines. The second
data set contains 7 track lines: five East-West and two North-South lines. The first data
set is named data set D1 and the second data set is called data set D2. The depth variation
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in both data sets is from 30 meters to 60 meters approximately. Data set D1 consist of
586, 410 data points and data set D2 contains 641,421 data points. Figs. 4.1 and 4.2 show
the bathymetric images of raw data sets D1 and D2, respectively. These images show a
section of the actual seafloor as ensonified by the EM3000 multibeam echosounder.

The automatic outlier detection method presented in the Chap. 3 was used to identify the
outliers in the two multibeam data sets. The fesults obtained are compared with processed
data sets also provided by the IOS. These data sets were produced by experienced operators
at the IOS by manually eliminating all the outliers from the multibeam data and are used
here to evaluate the detection rates and the false detection rates of the proposed two-stage

median filtering algorithm. The criteria used are

number of true detected outliers

Detection rate = -
total number of actual outliers

and

number of false detected outliers
total number of actual outliers

False detection rate =

where the “actual outliers” are the data points that are declared as outliers in the manually
cleaned data sets and the “true detected outliers” are those of the data points that are de-
clared as outliers by the proposed automatic outlier detection method which coincide with
the actual outliers. Therefore, the true detection rate is the measure of the accuracy of the
automatic outlier detection method. A false detected outlier is a data point that is declared
as an outlier using the proposed automatic outlier detection method but this data point is
considered a valid data point in the manually cleaned data set. The false detection rate is
the measure of error rate in the automatic outlier detection method.

Visualization of bathymetric images generated from the raw data sets and the clean data
sets is also used for validation of the results obtained using the proposed automatic outlier

detection method,
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Figure 4.2. Bathymetric image of raw multibeam data set D2,
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4.3 Parameter Selection

The selection of neighborhood sizes to be used in the automatic outlier detection method
to identify outliers from a multibeam data set is based on the resolution of the multibeam
echosounder system used to acquire that data. The resolution of this echosounder system
can be interpreted as the smallest object on the seafloor that it can ensonify. Ensonification
of an object means that the object is detected or illuminated by the echosounder beams. For
the object to be ensonified and validated by an operator using graphical methods, it has to
be detected by a certain minimum number of beams. For data sets D1 and D2, an object
that is illuminated by 7 beams is considered as a valid object. As each beam corresponds
to a particular data point, any groups of data points of 7 or more with similar depth values
should be considered as a true object on the seafloor. Groups of data points smaller than 7
should be considered as outliers. This measure provides a suitable way to select the neigh-
borhood size for the first stage of the two-stage median filtering algorithm. A neighborhood
size of 13 will in most cases detect groups of data points of less than 7 as outliers and it
will preserve groups of 7 or more data points as valid data points representing objects on
the seafloor. Therefore, in the first stage of the two-stage median filtering algorithm, the
neighborhood size M; is selected to be 13, In the second stage of the two-stage median
filtering algorithm, 7 is chosen as the neighborhood size M,.

The choice of vertical threshold depends on the data density and the depth range of the
multibeam data set. In the data sets used in this chapter, the data density is very high and
the depth range variation is 30 to 60 meters. High data density and low depth range, as
in this case, mean that the depth of the data points is gradually increasing and decreasing
representing a smooth seafloor representation. A vertical threshold of 1 m can be chosen to
detect a data point that has a depth value that does not conform to its nearest neighbors.

In the second stage of the algorithm, parameter N,,; needs to be selected. As described
in Sec. 3.6 N, is selected as 6 based on the accuracy estimates of EM3000.
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4.4 Results

In this section, results obtained by using the proposed automatic outlier detection method
to detect outliers from the field multibearn data set D1 and D2 are presented. The results

are evaluated using the criteria described in Sec. 4.1.

4.4.1 DatasetD1

Data set D1 contains 586, 410 data points. The data set was first preprocessed using the
procedure described in Sec. 3.3. Using Eq. (3.6), a data point (z;, ;) in the z-y coordinate
system is transformed to (z}, }) in the new coordinate system, the z'-3/’ system. For data

2
set D1, we have

T = (@; + 52.144) cos 36 + (y; + 64.520) sin 36

(4.1)
y; = (y; + 52.144) cos 36 — (z; + 64.520) sin 36

The value of r was chosen according to the procedure in Sec. 3.3.3 and the whole data
set D1 is divided into 87 x 129 square cells. The two-stage median filtering algorithm
was then used to detect the outliers from data set D1. In the first stage of the algorithm,
a neighborhood size of 13 was selected and a vertical threshold of 1 m was chosen as
discussed in Sec. 4.2. After the first stage, 50, 718 data points were flagged as potential
outliers. A neighborhood size of 7 was used in the second stage of the algorithm and
47,141 data points were detected as outliers.

Table 4.1 presents the results for data set D1 using the direct comparison of the locations
of the outliers. The first column of the table shows the neighborhood sizes M1 and M2 used
in the first and second stage of the automatic outlier detection method respectively, The
vertical threshold is the depth value used as a threshold to detect outliers. IN,,; is the cell
outlier threshold. CPU time is the time taken (in minutes) by the algorithm to process data
set D1. The CPU used in this case was SUN-SOLARIS workstation with 1024MB RAM.

Table 4.1 shows the best results obtained for two sets of neighborhood sizes for data
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Table 4.1. Results for data set D1 using the direct comparison of the locations of outliers
detected by the automatic outlier detection method to the locations of outliers detected by

the manual methods.

Neighborhood | Vertical Cell Outlier | True Det. | False Det. | CPU Time

Sizes (M, M>) | Thresh (T') | Thresh (N,y;) | Rate,% | Rate, % | (Minutes)
[11], [7] 1.0 6 94.37 4.43 12:35
[13], [7] 1.0 6 95.56 4.92 12: 58

set D1. As can be seen, with the proper selection of the parameters the automatic outlier
detection method detected over 95% of the true outliers from data set D1 while keeping the
false detections to below 5%. Also, the results were obtained in a very short time as shown

by the CPU time taken by the automatic method.

4.4.2 Data set D2

Data set D2 contains 641, 421 data points. The data set was first preprocessed using the
procedure described in Sec. 3.3. Using Eq. (3.6), a data point (z;, ;) in z-y coordinate
system is transformed to (z}, y}) in the new coordinate system, the z'-3’ system. For data

set D2, we have

z; = (z; —60.394) cos 15 + (y; + 58.825) sin 15

1

Yy, = (y; — 60.394) cos 15 — (z; + 58.825) sin 15

2

(4.2)

The value of r was chosen according to the procedure in Sec. 3.3.3 and the whole data
set D1 was divided into 101 X 159 square cells. The two-stage median filtering algorithm
was then used to detect the outliers from data set D2. In the first stage of the algorithm, a
neighborhood size of 13 was selected and a vertical threshold of 1 m was chosen. After the
first stage, 64, 835 data points were flagged as potential outliers. A neighborhood size of 7
was used in the second stage of the algorithm and 58, 773 data points were detected as the
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outliers.

Table 4.2 presents the results for data set D2 using the direct comparison of the locations
of the outliers. With the proper selection of the parameters, a detection rate of over 96%
was obtained while the false detection rate was about 5% . Again the processing time take

by the automatic method is very small as indicated by the CPU time taken.

Table 4.2. Results for data set D2 using the direct comparison of the locations of outliers
detected by the automatic outlier detection method to the locations of outliers detected by

the manual methods.

Neighborhood | Vertical Cell Outlier | True Det. | False Det. | CPU Time

Sizes (M, M) | Thresh (T)) | Thresh (N,,;) | Rate, % | Rate, % | (Minutes)
[11], [7] 1.0 6 93.70 4.80 13:40
[13], [7] 1.0 6 96.71 5.10 14: 05

4.5 Discussion of the Results

It was shown in the previous section that with the proper selection of parameters, the auto-
matic outlier detection method can correctly identify most of the outliers and preserve the
valid data points in the multibeam data. There are two main parameters in the automatic
outlier detection method, the neighborhood size and the vertical threshold. In order to show
the effect of parameter selection on the results, the automatic outlier detection method was
used to detect outliers in data set D1 with different values of M;, M,, and T". Also to il-
lustrate the function of each stage of the two-stage median filtering algorithm, the results
were examined after each stage.

Table 4.3 shows the results after the first stage of the two-stage median filtering algo-
rithm for data set D1 with different values of neighborhood size M; and vertical threshold

T'. The values of other parameters in the algorithm are the same as in Sec. 4.4.1. In Table.
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4.3, the potential outliers flagged in the first stage were used to calculate the detection rate
and false detection rate to show the effect of this stage on the results. The table shows that

Table 4.3. Results after the first stage of the two-stage median filtering on multibeam data

set D1 for several different neighborhood sizes and vertical threshold values.

Neighborhood Vertical Detection | False Detection | CPU Time
Size(M;) | Threshold(T") | Rate, % Rate, % (Minutes)

9] . 3.0 11.34 0.00 9:00

[9] 2.0 93.20 0.00 9:12

(9] 1.0 90.60 7.31 9:40

[17] 3.0 11.34 0.00 12:30

[17] 2.0 93.20 0.00 13: 04

[17] 1.0 96.24 16.43 13:20

with the larger neighborhood size the detection rate is increased, but the false detection rate
is increased as well. The reason is that more data points lying on the boundaries of true
objects are being detected as potential outliers. With the smaller neighborhood size, the
detection rate is comparatively smaller and the false detection rate is low as well. Using a
larger vertical threshold yields a smaller detection rate because there are few outliers that
have significant depth difference relative to the surrounding data points. The purpose of this
stage is to achieve high detection rate while keeping the false detection to a reasonable level
so that it can be reduced further in the second stage down to an acceptable level. The CPU
time shown is the time taken by the prepocessing and first stage of the two-stage algorithm
to process data set D1. The time taken increases as the neighborhood size increases because
the search for locating the larger number of neighborhood data points takes more time as
may be expected.

Table 4.4 shows the results after the second stage of the two-stage median filtering
algorithm for data set D1. By comparing Tables 4.4 and 4.3, it can be seen that the false
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Table 4.4. Results after the second stage of the two-stage median filtering on multibeam

data set D1 for several different neighborhood sizes and vertical threshold values.

Neighborhood Vertical Detection | False Detection | CPU Time

Sizes(M;,My) | Threshold(T) | Rate, % Rate, % (Minutes)
[91,[7] 3.0 11.34 0.00 11:00
[91,[7] 2.0 23.20 0.00 11:32
[9],[7] 1.0 90.60 4.84 12 : 40
[171,[7] 3.0 11.34 0.00 15: 50
[17],[7] 2.0 23.20 0.00 16 : 44
[17],[7] 1.0 96.24 9.26 18 : 50

detection rate for the neighborhood size M; = 9 is reduced from 7.31 to 4.84 in the case
of a vertical threshold of 1.0. This illustrates that the second stage of the algorithm reduces
the false detection rate, However, if the choice of the neighborhood size in the first stage
of the algorithm is inappropriate, then the effect of the second stage on false detection rate
is limited. This can be seen from the fact that the false detection rate for the neighborhood
size M,=17 is also reduced, however it is still very high. The reason it remains high is that
the neighborhood size M;=17 eliminates some groups of data points of more than 7 that
represent true objects on the seabed. Thus, for data set D1 generated with the echosounder
resolution of 7, a neighborhood size M; of 17 is an improper choice as it is eliminating true
objects on the seafloor. The CPU time shown in the Table 4.4 is the total time taken by the
two-stage median filtering method.

By examining the CPU time taken by the automatic outlier detection method further, it
was found that 20% of the CPU time is used in the preprocessing of the multibeam data.
Approximately 60% of the CPU time is spent by the localization method to locate the
required number of nearest neighbors. The rest of the CPU time, about 20%, is utilized in

the median filtering and the flagging of the outliers. The second stage takes much less time
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compared to the first stage because only a relatively small number of data points in a few

selected cells are reprocessed in this stage.

4.6 Visualization of Results

In this section visualization of bathymetric images generated from the raw and cleaned
multibeam data sets is used to validate the results. To generate the images the depth values
at the locations of the outliers are replaced with the predicted depth values. The predicted
depth value of an outlier in this case is the median value of its larger neighborhood com-
puted in the first stage of the two-stage median filtering algorithm. The bathymetric images
of the data sets processed using the manual methods are also presented here. All the bathy-
metric images are generated using a software package named Surfer. A regular grid whose
size depends on the density of the data set is first created using this software package. Then
this is used to generate a bathymetric image of the data set using an interpolation method
known as the Delaunay triangulation method [26].

Fig. 4.3 shows the bathymetric image of the original data set D1. There are many
outliers visible in this image. Fig. 4.4 shows the bathymetric image of the same data set
D1 with the outliers identified and replaced using the automatic outlier detection method.
In Fig. 4.5 the bathymetric image of data set D1 that was manually cleaned at the IOS is
shown. The visual comparison of Fig. 4.4 and Fig. 4.5 shows that the seafloor topographies
in these two images are almost identical. This indicates that using the proposed automatic
outlier detection method data points that were outliers have been identified and replaced
and data points that represent true objects have been preserved. Figs. 4.6, 4.7 and 4.8 show

similar results for data set D2.
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Figure 4.3. Bathymetric image of raw multibeam data set D1.
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Figure 4.4. Bathymetric image of multibeam data set D1 that was cleaned using the auto-

matic outlier detection method,
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Figure 4.5. Bathymetric image of multibeam data set DI that was cleaned using manual

cleaning method.
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Figure 4.6. Bathymetric image of raw multibeam data set D2,
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Figure 4.7. Bathymetric image of multibeam data set D2 that was cleaned using the auto-

matic outlier detection method.
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Figure 4.8. Bathymetric image of multibeam data set D2 that was cleaned using manual

cleaning method,
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4.7 Conclusions

Results obtained by using the proposed automatic outlier detection method to detect out-
liers from the multibeam field data provided by the IOS have been presented. These re-
sults were evaluated using direct comparison of the locations of outliers detected by the
proposed automatic outlier detection method to the locations of outliers detected by the
manual cleaning methods used at the IOS, The evaluation of results shows that the auto-
matic outlier detection method was able to detect 95% of the outliers in the shallow water
multibeam data. The false detection rate of the outliers were found to be below 5%. The

results also show that the automatic outlier detection method is very time efficient.
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Chapter 5

Conclusions and Future Work

5.1 Conclusions

The thesis is based on a project sponsored by the Institute of Ocean Sciences for the devel-
opment of efficient data processing algorithms to remove outliers from the shallow water
multibeam echosounder data. Multibeam data collected using echosounder systems, such
as the EM3000, contain outliers that need to be identified and removed during the post-
processing before the data can be further used to create bathymetric charts. Current manual
methods to remove outliers are very time consuming and an automatic method to detect
outliers is required that will detect the outliers and do so in a very reasonable time.

Several methods available in the literature were investigated as potential automatic out-
lier detection methods. Based on this investigation, a method based on robust estimation
was chosen as one of the possible automatic methods to detect outliers. As the outliers
in the multibeam data can be considered as impulsive noise, median filtering was also in-
vestigated as a method to detect outliers. In Chap. 2, these two methods, namely, robust
estimation and median filtering, were evaluated as possible candidates for an automatic
outlier detection method. Both methods were implemented using MATLAB and tested
using synthetic data. With the proper selection of parameters used, both methods were suc-
cessful in detecting the outliers and preserving the true objects in the synthetic data. The
median filtering method was found to be very time efficient and hence it was chosen as the

candidate for the automatic outlier detection method.
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In Chap. 3, a new automatic outlier detection method was proposed. This method is
based on a two-stage median filtering algoriﬂﬁn. The method has three main parts, the
preprocessing, the first and the second stages of the two-stage median filtering algorithm.
The preprocessing of the multibeam data is done to facilitate the search for required data
points and is an essential step in the two-stage median filtering. In this part, the multibeam
data is geometrically transformed, normalized, and divided into a number of cells. Then
the first stage of the two-stage median filtering algorithm is used to detect potential outliers
using a preselected neighborhood size and vertical threshold. A localization method based
on the Euclidean distance between locations of the data points is used to detect the required
number of neighborhood points. The outliers detected at this stage are flagged as potential
outliers. This stage was designed to achieve a high outlier detection rate. Some selected
cells that have a higher number of potential outliers than what is statistically expected are
then reprocessed in the second stage of the two-stage algorithm. This stage is designed to
validate the data points located on the boundaries of true objects that have been declared as
potential outliers to reduce the false detection rate. The selection of parameters used in the
two-stage median filtering was also discussed.

In Chap. 4 real field multibeam data sets were used to evaluate the performance of the
automatic outlier detection method. The results obtained show that most (over 95%) of the
outliers present in the multibeam data sets can be identified and the objects on the seabed
are preserved as the false detection rate is low (below 5%). The automatic outlier detection
method can locate the outliers very time efficiently. This means that the method can be
implemented in a quasi-real time multibeam post-processing system to detect outliers in a

timely and efficient manner.

5.2 Future Work

The work done so far provides a strong case for using the automatic outlier detection

method to detect outliers in the field multibeam data. The following steps should be con-
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sidered for future research to improve the proposed algorithm further:

e A very effective but simple localization method is used in the proposed algorithm.
Still most of the CPU time is spent on localization and thus to make the method more
efficient, new localization methods could be developed or the one presented in the
thesis can be improved. This will further reduce the processing time taken to clean

the large multibeam data sets.

o The method presented was tested with shallow-water multibeam data as its perfor-
mance is sensitive to the parameters used in the two-stage median filtering algorithm.
For shallow-water multibeam data, the selection of neighborhood sizes and vertical
threshold is easier due to the limited range of depth variation involved. More testing

should be done to evaluate the use of this method for deep water multibeam systems.

e The proposed algorithm uses two stages to detect the outliers. The algorithm can be
further improved by changing the neighborhood size depending upon the location of
the data point that is being processed. If the data point is near the edges of true objects
then a smaller neighborhood size can be used; otherwise a bigger neighborhood size
can be used. For this method to work, the edges of true objects in the multibeam data
will need to be identified. This method needs further research and if successful will
eliminate the need for the second stage of the proposed algorithm.
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