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ABSTRACT 

 

MODELLING SUBMERGED COASTAL ENVIRONMENTS: REMOTE SENSING 
TECHNOLOGIES, TECHNIQUES, AND COMPARATIVE ANALYSIS 

Chris Dillon 

 

Built upon remote sensing and GIS littoral zone characterization methodologies of the 

past decade, a series of loosely coupled models aimed to test, compare and synthesize 

multi-beam SONAR (MBES), Airborne LiDAR Bathymetry (ALB), and satellite based 

optical data sets in the Gulf of St. Lawrence, Canada, eco-region.  Bathymetry and 

relative intensity metrics for the MBES and ALB data sets were run through a 

quantitative and qualitative comparison, which included outputs from the Benthic Terrain 

Modeller (BTM) tool.  Substrate classification based on relative intensities of respective 

data sets and textural indices generated using grey level co-occurrence matrices (GLCM) 

were investigated.  A spatial modelling framework built in ArcGISTM for the derivation of 

bathymetric data sets from optical satellite imagery was also tested for proof of concept 

and validation.  Where possible, efficiencies and semi-automation for repeatable testing 

was achieved using ArcGISTM ModelBuilder.  The findings from this study could assist 

future decision makers in the field of coastal management and hydrographic studies.    

 

Keywords: Seafloor terrain characterization, Benthic Terrain Modeller (BTM), Multi-

beam SONAR, Airborne LiDAR Bathymetry, Satellite Derived Bathymetry, ArcGISTM 

ModelBuilder, Textural analysis, Substrate classification 
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I - Introduction 

Littoral zones are ever changing environments.  The confluence of numerous biological 

and physical, geographic and anthropological systems, often rich in biodiversity, 

attracting human populations and permanent habitation since the beginnings of human’s 

ways of life.  This convergence of land and sea creates unique environments that demand 

characterization and understanding.  They also represent opportunities for examining both 

spatial and temporal geographic knowledge and paradigms within both the short, event 

specific and long term temporal scales.  Littoral zones are unique regions set at the 

confluence of land and ocean. They can also undergo unique phenomena. Rapid 

alterations to physical landscapes as a result of catastrophic natural environmental 

disasters such as flooding, hurricanes, and tsunamis, or exhibit slow geomorphic changes 

characteristic of fluvial and alluvial processes.  Exponential human population growth 

exhibited during the 20th century saw the rise in utilization and habitation of the world's 

coastlines, (IPCC, 2007).   This dramatic escalation in human influence over coastlines is 

projected to continue in the 21st century as global populations swell.  It is estimated that 

23% of the world's population lives both within 100km distance of the coast and less than 

100 m above sea level, and population densities in coastal regions are about three times 

higher than global averages, (IPCC, 2007).  Both conscious environmental alteration, and 

unconscious resultant degradation has placed immense pressure on coastal regions, 

leaving few remaining virgin coastlines left untouched and beyond influence of the 

human domain.  Global industrialization and attributed impacts of climate change are 

projected to further intensify environmental pressures related to sea level rise, threatening 

coastal populations and infrastructure.  Climate change projections correlated to the IPCC 
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“business-as-usual” scenarios imbedded in General Circulation Models (GCM) estimate 

global sea level rise to between 8 to 29 cm above current levels by 2030, with continued 

increases into the next century, (IPCC, 2013).  It is for these reasons that accurate and 

comprehensive mapping and monitoring of littoral zones is now a crucial proactive and 

preventative component to coastal infrastructure planning and development, as well as, 

the protection of biophysical systems and local human inhabitants.   

In this thesis a modelling framework based on a collection of spatial models of different 

kinds that are derived from a variety of existent and new surveying and mapping 

technologies, is used as the vehicle for achieving the characterization, mapping and 

monitoring of littoral zones for the purpose of enhancing conventional characterization 

and mapping procedures.  The framework is derived by a synergistic ensemble of spatial 

models that achieve spatial representation of submerge and non-submerged terrain with 

various degrees of accuracy.  After the assembly of the modelling framework, this is 

tested and its usefulness evaluated in the littoral region off the shores of the lower St 

Lawrence River in Quebec, Canada. 

After the introduction, Chapter 1, Chapter 2 of this thesis provides a detailed background 

description of the approaches, technologies, procedures and methods involved in the 

development of the modelling framework and its components. Considerations of the 

virtues and limitations of the approaches and technologies described are also briefly 

discussed in order to enable the identification of the research problem and a set of testable 

hypothesis.  Chapter 3 defines the research problem and finds its justification.  Having 

identified and defined the research problem, Chapter 4 establishes the aim and objectives 

of this research. Chapter 5 describes the approach followed in this thesis to tackle the 
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research problem and achieve the objectives of the research, and briefly describes the 

nature of the logistical arrangements necessary to achieve the objectives.  Chapter 6 

describes in detail the set of testable hypotheses that emerge from the research problem. 

Chapter 7 describes in detail the Methodological framework assembled and its 

application. This is a central chapter.  Chapter 8 presents the results of the application of 

the framework in the area selected for the methodological trials.  A discussion of the 

results follows in Chapter 9, allowing for reaching conclusions and recommendations. 

II - Background 

Remote sensing is a broad term, used loosely to describe a science of data and imagery 

collection of a landscape, often from a vantage point unattainable by humans alone.  In a 

21st century context, this type of data collection is dependent on active and passive 

sensors that capture portions of the electromagnetic spectrum both visible and invisible to 

the human eye, and are typically mounted on vehicular platforms granting access to harsh 

and remote environments.  The fieldwork based science acts as the backbone for 

historically rooted cartographic mapping endeavours, providing vital topographic 

information key to the delineation of landmasses and the environmental characteristics 

they hold.  However, as approximately 70% of the earth's surface is covered by water, a 

specialized branch within remote sensing known as hydrography is tasked with the 

challenge of mapping an underwater environment of immense  proportions, through a 

medium that is difficult to penetrate and inherently inaccessible due to human physiology.  

Commonly described as the science of measuring and describing features and depths of 

seas and coastal areas for the primary purposes of navigation, hydrographic charting is an 

imperative resource in the management of a variety of economic, social, and 



4 
 

 
 

environmental activities (CHS, 2014).   The objective of this background section is to 

briefly describe the field of hydrography: its history and development, the social, 

environmental, and economic relevance, unique technologies and field work practises 

developed for data acquisition, and finally the standards and products generated by the 

Canadian and global organizations tasked with implementation.   

2.1.1Hydrographic Surveying 

The history of hydrographic studies is tied to our innate human curiosity for exploration 

and the requirement to traverse the water bodies and waterways that separate and 

crisscross the globe.  Mapping coastal shores for the purposes of navigation is a 

fundamental part of human history, and the rise of civilizations and colonization.  The 

establishment of accurate charts was essential for territorial strategic management, as well 

as, economic prosperity through the successful transportation of goods for commerce and 

trade.  Historical, biblical, and mythological texts document the sailing of seas, 

exploration, and establishment of trading routes from the ancient Greeks to the cradle of 

civilization through to the Indian Ocean and Chinese dynasties.  Today one of the oldest 

navigational charts in existence dates to the thirteenth century, drawn on animal skin, and 

depicts the Mediterranean coastline, along with coastal names, symbols for submerged 

rocks, and rhumb lines originating from a compass rose (IHO,2005).  From these 

humbled beginnings, standardized surveying and cartographic practises were developed, 

steadily refining accuracies and filling in holes of what lies beneath the waves.  Today 

most developed nations with coastal territories entrust navigational charting and 

hydrographic studies to governmental agencies; in Canada this resides with the Canadian 

Hydrographic Service (CHS), a division of the Science Branch of the Department of 
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Fisheries and Oceans, while harmonized standards is the function of the collaborative 

International Hydrographic Organization (IHO) based in Monaco.   

2.1.2 Canadian Hydrographic Service (CHS) 

CHS is a division of the Science Branch of the Department of Fisheries and Oceans 

Canada, having focused study and research on Canada’s oceans, lakes and rivers to 

ensure safe, sustainable and navigable use since establishment in 1883.  Approximately 

300 staff distributed throughout regional offices across Canada work within the pillars of 

the organization’s mandate. That being: (1) the publication of and maintenance of 

nautical charts and navigational products for marine transportation. (2) ocean and 

freshwater mapping, through the collection of high-resolution data on the depth, shape, 

and structure of water bodies, (3) monitoring coastal natural hazards, such tidal and water 

level changes associated to climate change variability, (4) determination of maritime 

boundaries in regards to national sovereignty (CHS, 2014).  Legislative framework that 

guide CHS mandate include, Charts and Nautical Publications Regulations (charts), 

Canada Shipping Act (safety), Fisheries Act (fishing and hydrography marine sciences), 

Environmental Protection and Enforcement Act, Oceans Act (understanding, policies, 

collecting data, Canada Marine Act (port authority).  

2.1.3 Hydrographic practises and fieldwork  

The measurement of depth or bathymetry and imaging of the seafloor can be 

accomplished with a variety of sensors and equipment, each with operational 

specifications that lend to surveys of particular need and design. An acoustic technology 

often referred to as SONAR (SOund, Navigation And Ranging), first coined by the 
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Americans in World War II, is an active remote sensing technique that utilizes sound 

waves to collect depth measurements of the seafloor.  The principle of echo sounding is 

the propagation of active acoustic pulses via a transducer where then the elapsed time 

between transmitted and reflected  echo return can be used to calculate depth between the 

vessel mounted transducer and seafloor below, (Lurton, 2002).    

2.1.4 Single beam echo sounders 

A single acoustic pulse emitted vertically from a transducer travels through the water 

column until contacting and subsequently reflecting off a surface.   Contacted surfaces 

may be the seafloor, fish, or objects within the narrow acoustical footprint of the sound 

wave.  Resolution and data density are dependent on footprint of the acoustic wave, 

typical angular aperture of 5-15o, sampling repetition rate, and survey transect design 

(Lurton, 2002).  Complete coverage of the seafloor is typically not achieved, nor the goal.  

Relatively inexpensive and easy to operate, single beam echo sounders are a fundamental 

tool for shallow water soundings.  They are typically capable of generating sub-decimetre 

accuracies in bathymetry.   Highly transportable, units are often mounted on small 

manoeuvrable vessels that can access littoral zones (Figure 1).  Contemporary units can 

be calibrated through the manipulation of acoustic wave properties to help classify 

seafloor substrate and habitat, as well as, fish populations.    

 

 

 

Figure 1‐ Single Echo Sounder, Courtesy of Oceanic Imaging 
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2.1.5 Side scan sonar(SSS) 

The principle purpose of side scan sonar systems is to search and detect objects residing 

on the seafloor.  This visualization tool produces imagery datasets, and not bathymetric 

measurements.  Fieldwork consists of SSS systems being towed behind the marine vessel 

on a device commonly called a 'towfish'.  The towfish is lowered to a stable buoyant 

position above the seafloor where transmitted acoustic pulses overlap and generate 

continuous coverage of the bottom (Figure 2).  Unlike single beam sounders, limited to 

shallow waters as a result of waveform strength and attenuation, SSS can be deployed in 

depths of up to 11,000m attached to the surface vessel via cabling.  Acoustic pulses are 

transmitted laterally, hence the name 'side scan', producing fan-like swaths of echo 

returns perpendicular to the forward motion of tow fish.   The strength of echo returns is 

correlated to the type of surface or object the pulse contacts.  Objects that protrude from 

the seafloor produce strong returns, and are subsequently imaged as dark regions 

graphically, while shadowed regions behind objects where little to no return is reflected 

are depicted as light areas, (Jenson, 2007).   Hydrographic agencies employ side scan 

sonar systems in navigable waterways and harbours where high definition and seafloor 

obstacle detection is required.  Operational parameters may require the platform vessel to 

advance at speeds as low as of 5-6 knots down survey lines to achieve continuous 

coverage and centimetre resolutions, (Jenson, 2007).  
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Figure 2‐SSS Configuration, Courtesy of Oceanic Imaging 

2.1.6 Multi-beam echo sounder (MBES) 

MBES are most advance and expensive of acoustic remote sensing sounding technology.  

Simplistically stated, they are the amalgamation of bathymetric sounding and reflectance 

or backscatter technology.  Mounted vertically on the hull of the marine vessel, acoustic 

pulses are transmitted in a fan-like array producing an angular swath of continuous 

coverage, where a 150o field of view can produce swaths 7.5 times the depth of the water 

column below the vessel, (Lurton, 2002).  Multiple overlapping beams of one to three 

degrees per acoustic pulse or ping are recorded, creating robust datasets of both depth 

soundings, as well as, the intensity of returned echoes (Figure 3).  MBES have only been 

in use since the mid 1990s, but are highly advantageous due to the integration of both 

data types. The uniform spacing of bathymetric datasets, controllable by a system 

operator, is ideal for the generation of accurate subsurface elevation models.  While 

supplemental backscatter or reflectance imagery is used for a variety of geologic substrate 

and habitat analysis.   The cohesion of datasets results in air photo like 3-demensional 
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drapes; a powerful interpretative tool for analysis and planning applications as previously 

discussed.   

 

 

 

 

Figure 3‐ MBES Configuration, (Lurton, 2002) 

2.1.7 Airborne LiDAR Bathymetry (ALB) 

 Airborne bathymetric LiDAR (Light Detection and Ranging), similar to MBES, has 

experienced steady increases in utilization and acceptance over the last decade and a half 

as the technology has exhibited continuous refinement.  An airborne remote sensing 

technology, ALBs are typically mounted on a fixed-wing platform, with the configuration 

providing dramatic increases in productivity and cover rates as compared to traditional 

marine vessel based acoustic surveys.   Light pulses of varied wavelengths, green and red, 

are transmitted from transceivers and directed downward in an angular swath by a 

scanning mirror (Figure 4).  Green wavelengths are able to penetrate the water column 

reaching the seafloor, while red wavelengths are reflected off the water bodies surface.  

Bathymetry is calculated by the differential timing between the returned green and red 

pulses.  Physical attenuation principles of lights passage through the water column limits 

its usage to shallow littoral zones up to a maximum of approximately 50m in 

depth(Optech, 2007). Generated bathymetric datasets also record reflected intensity 
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information of the contacted seafloor surface, potentially allowing for characterization of 

substrate and benthic communities based on distinct signature responses.  Additionally, 

ALB surveys are highly advantageous for temporal change studies, as well as, disaster 

relief mapping after extreme events due to the relative ease of mobilization of aircraft and 

crew.    

 

 

 

 

 

Figure 4- ALB Configuration, (Jenson, 2007) 

2.1.8 Tidal and water level gauges 

In regards to bathymetry, hydrographers need to account for variations in the sea level 

related to tidal forces and movement of water or flow.  High and low tidal variations 

along coastlines must be calculated as all water depth measurements are relative to 

vertical datum. To accomplish this hydrographers measure tides and other changes in 

water level with either tidal staffs or permanently installed tidal and water-level gauges, 

relative to the vertical datum.  Cyclical patterns attributed to the astronomical movements 

of the moon, the primary source of tidal changes, along with localized climatic variations 

such as wind, rain, barometric pressure, and fresh water runoff are tracked to produce 

near real time changes, as well as, predictive tidal tables for navigational purposes over 
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the year.  All depths used to produce navigational charts and bathymetry datasets are 

reduced relative to a low water datum.  The concept produces reliable depth 

measurements, relative to a level where the water level will but seldom fall below during 

navigation season, (CHS, 2013).  For tidal waters in Canada, soundings are reduced to 

Lowest Low Water Large Tide (LLWLT) datum as a means to provide a minimum 

protective clearance of obstacles for vessels.         

2.1.9 Overview of survey planning 

A hydrographic survey project requires careful consideration of numerous factors during 

planning for successful acquisition and delivery of quality survey data in an efficient 

manner, with the highest possible regard for operational safety of crew. Robust project 

planning and crew briefing is an essential part of this process. Firstly, the purpose of the 

survey and its end use will drive all subsequent decisions.  Influential considerations to 

planning would include the history of the area, what datasets, charts, and historical 

surveys are available and have been completed.  These datasets, their mission 

successfulness, project planning, error management and survey control may aid new 

project planning and speed preparations.  The specifics of the survey must be taken into 

consideration. The type of data desired, and thus what sensor is required.  Sensor 

availability, as well as, access to vehicular platform, crew, and operational expertise must 

further be known.  In regards to survey planning, every survey has a desired scale, and 

accuracy or survey order that must be met.  This requirement is achieved through the use 

of appropriate horizontal and vertical control, and technologically advanced survey 

equipment, such as differential global positioning (GNSS), inertial measurement units 

(IMU), and post processing software.  Survey block size and line density, sensor 
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operational parameters, and required positionality equipment will all influence and 

compound fieldwork operations.  The size and scope of the survey will dictate a major 

component of operational cost.  Fieldwork, ferry time to and from the location, crew 

logistics and salaries, vessel operations, fuel, and sensor usage are typically the bulk of 

project costs.  Efficient survey planning of the area, in conjunction with ideal weather 

parameters are crucial to keeping costs on budget. Environmental considerations include 

site geography hazards, and climate.  Tidal information, current and wind direction and 

strength may all influence a successful operational timeframe. Many Canadian waterways 

are only accessible during ice free months, thus project execution preparedness is vital. 

Once project specifics have been determined a project management plan and timeline are 

created.  Proposals are drafted for budgetary and supervisory oversight.  Survey 

documentation would include project specifics, equipment and staff requirements, 

proposed operational dates and timeframes, data acquisition completion.  After which, 

post processing, quality assurance of data sets, product formats and delivery date targets 

are also submitted.  

2.1.10 Survey Order and positioning  

Critical areas with high traffic density and minimal under-keel clearances, such as 

harbours, channels and canals require higher standards of positional accuracies, both 

horizontal and vertical, for bathymetry soundings and of hazardous obstacles.  Vertical 

control is associated with the relative elevation, typically denoted as 'z' value, below the 

vessel as referenced to a standard datum.  This is achieved with specialized equipment, 

such as differential (GNSS) and conventional triangulation surveying techniques that 

utilize networks of established terrestrial geodetic markers.  As noted above, depth 
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information must be reduced to sounding or vertical datum of reference, typically Mean 

Lowest Low Water, and thus requires tidal and water level height information.  

Horizontal control for hydrographic surveys is required to accurately position depths 

spatially, commonly denoted as 'x and y' on the earth's surface as related to a horizontal 

datum and associated geographic coordinate system.  Again, established terrestrial 

geodetic control in combination with DGPS and IMU are used to determine the sounding 

location relative to the survey vessel.  Several physical lever arm offsets specific to the 

sensor installation, IMU and transducer location, along with acoustical physics principles 

related to wave propagation in the water column must be taken into account to accurately 

determine positionality.    Figure 5 below illustrates the positional standards as required 

for particular survey orders as defined by CHS.   International standards have been 

harmonized by the IHO and are commonly recognized and followed by nation 

hydrographic services.  The accuracy requirements and data densities simply become less 

and more porous, respectively, as one decreases survey order.  Achievable accuracies of 

sounding and imaging technologies, along with predetermined requirements for 

continuous or non-continuous coverage, sounding density, and desire for backscatter or 

SSS imagery will lead to the selection of appropriate sensor that meets requirements.   
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Figure 5‐ Standards of Hydrographic Surveys ,Courtesy of CHS 

2.2Physical Principles of Echo Sounding and Applications 

The study and curiosity surrounding  acoustics has intrigued humans throughout history, 

ever since Chinese and Greek philosophers first wrote of their observations and attempts 

to understand its nature.  The word acoustics originates from  translated Greek, meaning 

the  "science relative to sound".  Many of histories scientific titans from Pythagoras to da 
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Vinci delved in the study, documenting observations of acoustics and the science behind 

the echo.   

In the modern era, the understanding and mastery of electromagnetic waves, their 

transmission of information and communication over large distances revolutionized the 

20th century, figuratively shrinking the geographic barriers of the world while increasing 

our understanding of the environment around us.  This has resulted in arguably both 

positive and negative social and cultural phenomena as the world globalizes, and 

dissemination of information and ideas becomes pervasive.  However, modern day 

telecommunication and remote sensing systems are reliant on various portions of the 

electromagnetic spectrum that are bound to principles and properties of lights 

transmission and propagation through either a vacuum or the atmosphere.  While highly 

advantageous for satellite based and transcontinental communications, the physical 

principles that dictate electromagnetic wave transmission and remote sensing techniques  

are rendered useless within the underwater realm.  Oceans and water bodies cover more 

than 70% of the earth's surface, leaving the majority of the planet inaccessible to 

electromagnetic waves, such as radio and radar, thus requiring a different technology to 

explore this vast environment of immense depths and distances. The inaccessibility of 

electromagnetic waves in water, with the planet dominated by salt water, is attributed to 

its strong conductivity and therefore is highly dissipative over distance, (Lurton, 2002).  

The result is rapid attenuation of varied, but measurable degrees, of wavelengths within 

the electromagnetic spectrum, and thus subsequently limiting range and practicality of 

application.  Within the context of remote sensing, both passive and active light 
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dependent technologies such as conventional aerial photography and bathymetric LiDAR, 

are limited to shallow littoral zones because of this physical phenomena.   

For this reason, acoustic techniques were explored and viewed as an alternative for the 

transmission of information, measurement of distances, and mapping of seafloors.  This 

began in 1827, with humbled beginnings on Lake Geneva with row boats, sound pipes 

and vibrations used in  experiments to determine the speed of sound propagation in water 

by Swiss physicist Colladon and French mathematician, (Strum, Marage and Mori , 

2009).   The first passive underwater acoustic devices were developed as a necessity of  

war.  Allied forces implemented systems of submerged steerable earphones in an attempt 

to detect and locate German submarines through angular location techniques. It wasn't till 

the catastrophic loss of the Titanic in 1912, that the idea of active underwater acoustic 

systems for obstacle detection, such as icebergs, and seafloor exploration was studied.  By 

the end of WWI the first echoes of submarines were recorded, giving rise to what is 

commonly referred to as SONAR (SOund Navigation And Ranging).  Although the 

fundamentals have remained the same, today the technology is highly sophisticated and 

specialized, with sensor systems designed for specific detection and mapping needs.  

This background section intends to describe the complex dynamics of underwater 

acoustics, formulating an understanding of physical principles that characterize acoustic 

wave propagation and subsequent echo return through water as the medium.  This will be 

achieved predominately through qualitative investigation.  Detail will focus on acoustic 

propagation, acoustic waves travel through seawater, echo returns, and the technologies 

and subsystems that comprise units employed to conduct real world surveys.  Finally, 

various civilian and military applications associated SONAR will be discussed.   
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2.2.1Acoustical waves 

SONAR systems utilize acoustic signals to propagate waves of mechanical vibrations 

through the medium of water.  With propagation speeds four to five times better in water 

than in air, acoustical waves reach higher levels, undergo less attenuation and therefore 

travel further distances in the water medium.  The medium of water is often referred to as 

the marine channel.  The marine channel can be viewed from several perspectives, firstly, 

as a communication channel in which information is transmitted between two submerged 

points, and secondly, as an obligate transmission channel.  In the context of sea floor 

applications, the marine channel is an obligate when the medium only represents a realm 

in which the signal must traverse to contact and subsequently produce information on the 

targeted surface.  The purpose of SONAR is to generated spatial knowledge and 

understanding of the marine channel: both its physical bounds like the seafloor and the 

relative bathymetry between the sounder target, and the free floating particularities within 

it, such as fish or obstacles.  

The emission of active acoustical waves is achieved by a unit called a transducer.  The 

sensor transforms stored electrical energy into mechanical energy sending vibrations or 

waves through the water.  Returned echoes or signals are processed by devices called 

hydrophones, which reverse the process converting the strength of mechanical energy 

back into equated electrical strength and associated data or graphical representations of 

the target.  Since the speed of sound in water is relatively constant at 1500 m/sec; 

deviations caste aside for the moment, bathymetry or distance from the seafloor or target 

can be calculated by a basic speed-distance-time equation.  The time taken for a sound 
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wave to travel to and from the target divided in half, as depth or distance represents one 

leg of the journey.  

    Distance=Velocity×(Time/2) 

Acoustical physics has determined that  sound waves do not propagate in straight lines no 

matter what the medium, therefore antenna mounted are required to calculate directional 

information of a target based on the returning waves of acoustical data..  Propagation 

itself can be made a very complex topic, as when an acoustic wave travels through the 

water it causes local changes in the density of the medium, as well as local displacement 

of mass, (Hovem, 2007).  This displacement leads to formation of forces that propel the 

wave while bringing local density back to state of equilibrium.  Water  density , is a 

function of local temperature and salinity, and ultimately  influences the acoustic wave 

equation within the medium.     

2.2.2 Influence on water and limitations 

Although acoustic waves exhibit better transmission characteristics in water as compared 

to air, with losses in the order of 1000 times less than air, limitations and attenuating 

constraints attributed to the local environment and sensor platform still exist (nauticalsite, 

2014).  As mentioned above, ever-changing environmental variations in temperature, 

salinity content, and associated water density are variables that must be accounted for as 

input parameters during acquisition and data processing.  Movement of the platform and 

undulations of the vessel mounted sensors will affect the direction of propagation and 

influence signal transmission characteristics.  Depending on the required accuracy of the 

application, these influencing factors need to be monitored and compensated for via 
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recorded positionality information of the platform.  This being said, temperature and 

salinity variations only account for a 3% change in the velocity of sound in water.  

Refraction of the acoustical signal and correlated change in direction has the most 

significant effect on changing sound velocity.  For most bathymetric sounding purposes 

and general understanding, the velocity of sound in water is assumed to be 1500 m/sec.  

Increases in temperature, salinity, and water pressure all have the effect of increasing the 

velocity, with measured variations between 1432 m/sec in fresh water to 1535 m/sec in 

high salinity water, (nautical site, 2014). For fresh water applications, a rough 

compensating estimate is to subtract 3% from the indicated depth.  

 Attenuation of acoustical signals occurs as a result of absorption of sound waves in 

water, limiting the maximum distance or range of SONAR systems. Sound is carried 

further at lower frequencies, however, object detection size is the trade off.  A wave 

cannot distinguish objects that are smaller than its wavelength, therefore limiting range of 

applications intent on detection of particular target size.  Throughout the 20th century a 

correlation between lower working frequencies of SONAR systems and increased range 

was found, Figure 6.  Early detection systems utilized acoustical waves at around 30kHz, 

however, extenuation through propagation strongly decreased with lower frequencies, 

from 2dB/km at 20 kHz to 0.5dB/km at 5 kHz,(Marage and Mori, 2009).  With the 

decibel quantifying the massive logarithmic dynamics of acoustical energy, with a base 

log of 10. 
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Figure 6‐Attenuation of sound (db/km), Marage and Mori (2009) 

Perturbations within the propagated wave are attributed to variations in the speed of 

sound within the water column, and varied reflections within contacted surfaces.  The 

result is that acoustic waves do not travel in straight lines, therefore multiple echoes or 

parasite echoes and interference may be generated. Deformation of signals can be further 

compounded by relative movements of signal transducers on surface marine vessels or 

submarines and relative position of obstacles and seafloor.  Shifts in Doppler effect can 

deform the signal, requiring post analysis or software algorithms to correct.  Finally, 

background ambient noise within oceans and water medium tend to mask or interfere 

with the acoustic signal.  These background noises may be natural phenomena such as 

seismic or seafloor volcanic activity, rain on the sea surface, or marine animal 

communication.  Man-made ambient influences tend to include resource extraction 

processes, sea surface shipping traffic, and self noise produced by acoustic sensor system 

vessel.  Post processing algorithms and signal processing software attempt to reduce 
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unwanted noise, differentiating between frequencies of emitted signals, echo returns, and 

ambient noise.   

2.2.3Reflection strength and backscattering 

An emitted acoustical wave travelling through the water will eventually contact a target 

within the marine channel (fish, submarines) or the boundaries of the water body such as 

the seafloor.  The strength of the returned signal or echo is  again influenced by a number 

of factors.  In all SONAR systems employed for obstacle detection and locating, as well 

as seafloor analysis, the backscattering process can be as complex as understanding signal 

propagation and medium influences.  Angle of incidence with the target plays  a role in 

the strength of the return, as reflected energy away from the sensor increases as angle of 

incidence increases.  Next, variability in the surface roughness of the contacted target 

influences echo returns.  High variability within surface roughness (i.e. rocky outcrops or 

high slope gradients) can lead to unpredictable amounts of acoustical energy returned to 

the sensor due to scattering away from the source, (Lurton, 2002) Figure 7.  The amount 

of desired backscatter towards the sensor is attributed to signal wave length and 

geometric dimensions of the surface.  Simply stated, small targets or variations in 

surfaces will not scatter longer wavelengths.  On the other hand, signal loses due to 

interactions with low variability in surface roughness are a result of specular reflection in 

the direction of propagation.  Backscatter strength can  also correlated to the density of 

the target.  Harder substrates such as bed rock or manmade objects reflect more acoustic 

energy than softer substrates.  Backscatter intensity is commonly displayed in greyscale 

in raster imagery, where stronger returns are depicted by lighter colours representing 

harder surfaces and darker colours represent less dense substrate or shadowed areas 
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behind objects or seafloor outcrops.  Although in theory dense surfaces should produce 

strong return echoes, surface roughness may scatter large amounts of acoustical energy, 

thus causing  misrepresentations within datasets and raster imagery during interpretation.  

For this reason backscatter alone can be misleading when characterizing seafloor 

composition and a combination of bathymetric measurements along with backscatter 

potentially holds the highest promise for characterization accuracy.   

 

 

 

 

 

2.2.4SONAR system structure and signal processing 

A generalized description of SONAR systems components consists of both hardware and 

software integrated to detect and locate obstacles or subsurface targets from radiated 

acoustic noise from the obstacle (passive), or reception of an echo return from an emitted 

signal (active).  The remote sensing technique begins with the generation of high powered 

acoustical signals emitted from the source or transducer.  The acoustical signal propagates 

through the water column, undergoing changes consistent with attenuation and waveform 

deformation as discussed above.  The return echo is typically received by a series of 

antenna mounted hydrophones.  Signals are processed , leading to a decision as to 

whether an object has been detected.  The term reverberation is commonly used to 

Figure 7‐ Acoustical signal scattering, Lurton (2002)
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2.2.5Applications 

SONAR applications can be easily divided between civilian and military necessities.  The 

desire to detect and monitor potentially hostile targets of manmade origin within the 

marine channel dominates the theatre of marine warfare and naval intelligence.  While 

obstacle detection and seafloor mapping is of use to military submarines and maritime 

vessels, navigational charting and characterization of seafloor substrate typically falls 

under the gaze of civilian and governmental departments.  Both military and civilian 

applications, as well as, sensor specialization, and frequencies used will be discussed.   

2.2.5.1 Military  

Military applications rely on either passive or active listening systems.  As previously 

mentioned, passive systems attempt to detect acoustic signals that radiate or are emitted 

from a target.  The interception of both radiated signals and possibly active sonar systems 

on an enemy submarine potentially allows for target identification and its position.  This 

is achieved through analysis of the acoustic signatures (strength and frequency), and its 

shape as its recorded across multiple antenna mounted hydrophones. Within the civilian 

world, passive sensors are typically not fixated on man-made objects, but those of 

environmental significance, such as mammalian communication, along with seismic, 

plate tectonic, or volcanic seafloor activity as means of tsunami detection.   

Military active sonar applications emit acoustic signals to detect surface and submerged 

foreign forces.  Signals are recorded and analyzed to calculate range, speed, direction of 

travel and type of vessel, as part of intelligence gathering in maritime warfare.  

Specialized mine hunting sonar requires high resolution, high frequency signals in order 
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to detect objects buried or laid on the seafloor.  While transmission lose and limited range 

of high frequencies within water is a drawback, the frequencies are necessary to produce 

resolutions  capable of small object detection (Figure 9). 

 

 

 

 

 

 

Figure 9‐Passive and Active Military SONAR, (Marage and Mori, 2009) 

2.2.5.2 Civilian 

Civilian endeavours are often less clandestine in nature, where applications and 

subsequent analysis and knowledge gained is disseminated for the benefit of the general 

populous in some respect.  Economic and environmental rationales drive civilian 

exploration of the undersea environments, with safe navigation of commercial shipping 

lanes being the top priority.  Economic sectors of importance include commercial 

transportation via shipping lane networks for export and import, natural resource 

extraction and exploitation, and improved efficiencies in fisheries detection.  Shipping 

lanes, port authorities, and harbours require frequent bathymetric measurements and the 

monitoring of sediment deposition in order to maintain safe berths of large commercial 
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vessels.  Depending on the accuracies and the densities of sounders  required various 

types of sounders and sensors may be employed.  Divided into three sensor categories: 

single beam echo sounders (SBES), side scan sonar (SSS), and multi-beam echo 

sounders(MBES), their attributes and functionality lead to use in particular circumstances 

where advantageous, (Figures 10&11).  While the science behind these different sensors 

is beyond the scope of this paper, each sensors effective application and efficiencies are 

stated with the comparative chart.  Simple bathymetric sounders emit an acoustic signal 

from a marine vessel, downward, in order to contact the sea bottom and derive a depth 

between the two.  A common tool among commercial vessels and recreational boaters. As 

an extension of SBES, fisheries units, are specialized to process echoes from objects 

within the water column itself.  Signal analysis tools can pinpoint fish locations, habitats, 

and even biomass estimates of fish schools.  SSS units are towed on a platform called a 

'fish' behind a marine vessel and just above the seafloor surface.  They paint the seafloor 

in signals propagating horizontally from the tow fish, where seamless coverage detects 

obstacles and changes in seafloor geologic features.  Finally, MBES are an amalgamation 

of echo sounders and side scan units.  A fan like array is hull mounted, transmitting an 

acoustic signal in a wide swath of acoustical  and collecting depth soundings and 

acoustical backscatter simultaneously on multiple narrow beam transducers.  It's ideal for 

seamless coverage of both bathymetry and imagery, where density and accuracy is 

required.   
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Figure 10&11- Sensor comparison, (Mitchell & Broadbent, 2011) 

 

2.3LiDAR Principles and Bathymetric LiDAR Applications 

For many years remote sensing surveys have exhibited proven beneficial contributions to 

environmental management and monitoring of landscapes.  We often think of 

conventional remote sensing technologies such as aerial photography or satellite imagery, 

which are pervasive and common place within our daily lives, acting behind the scenes as 

base layers of automobile GPS and GoogleEarthTM imagery.  Although beneficial to 

traditional mapping of geographical features, land use types and patterns; limitations exist 

within photography to image landscapes hidden from view or obscured from above.  For 
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example, this has meant that topographic mapping of landscapes covered by dense forests 

and hydrographic mapping of coastal zones covered by water have had to rely on either 

sparse ground-truthing exercises, or remote sensing technologies with inefficient 

coverage rates that are labour intensive and inherently expensive.  However within the 

past decade and a half, advancements in fields of optics, geomatics engineering, and 

remote sensing have begun to produce several new classes of airborne sensors that access 

portions of the electromagnetic spectrum, penetrating previously obscured environments 

like terrestrial forests and coastal shallow waters.  This has enabled the collection of 

datasets for a more detailed interpretation of hidden surface characteristics below, as well 

as, providing 3-demensional structural data on the medium between.    

This background section aims at describing the active airborne remote sensing technology 

known as Light Detection and Ranging (LiDAR).  Key definitions of the related 

technologies will help provide a base level of understanding of how the technology 

works.  Subsequent emphasis focuses on the physical scientific principles behind LiDAR, 

the inputs and variables common to both terrestrial and bathymetric LiDAR analytical 

equations, along with the characteristics of the returned LiDAR pulse. Finally, within the 

context of the 21st century, it is important to understand the relevance of mapping and 

monitoring coastal environments to subsequently appreciate the applications of 

bathymetric LiDAR data types within littoral zones. 

2.3.1Light Detection and Ranging (LiDAR) 

Airborne LiDAR  (Light Detection and Ranging) is an optical remote sensing technology 

typically mounted on board a moving conventional fixed wing or rotary aircraft.  Systems 
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are comprised of a series of components: the laser and scanning mirror unit; a high 

precision airborne global positioning system (GPS) unit, which records the real-time 

geographic location of the aircraft (x,y,z); an inertial measurement unit (IMU) that 

records the pitch, yaw, and roll or orientation of the airframe; and a computer and storage 

interface that manages system functionality and storage of data. Compared to traditional 

passive sensing techniques for terrain and geographic mapping, such as aerial 

photography, Airborne LiDAR Systems (ALS) are an active sensor that utilizes emitted 

laser energy to measure distance between the sensor array and target surface, while 

allowing for analysis of the characteristics of the returned reflected light.  While passive 

sensors are dependent on the sun as an illumination source for reflected light or thermally 

derived radiated energy from a target, captured by a calibrated sensor and stored on either 

film or digital media. As a result, passive sensors are constrained to daytime operations 

for visible portions of the spectrum.  Most ALS used for topographic mapping use an 

active eye-safe near infrared laser light in the region of 1040nm to 1060nm, as illustrated 

in (Figure 12), to illuminate targets and thus are not confined to day time, cloud free 

periods,(Jenson, 2007). 
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The on-ground dimensions of the pulse footprint is another important consideration in 

understanding LiDAR principles.  LiDAR footprints are circular in nature and are 

dependent on a number of inputs.  The pulse (Fp) is determined by the following 

equation, ,	where the height (h) of the aircraft above ground (AGL), scan 

angle(  of the LiDAR transmitter, and beam divergence (  of the laser determine the 

instantaneous footprint of each pulse, Jenson (2007). Divergence of a beam of light 

results as trajectories of photons deviate from the source of propagation (i.e. transmitter) 

increasing beam diameter on the surface.  It can be conceptualized as conical in shape, 

Figure 14.  The extent to which a LiDAR pulse diverges is correlated to the amount 

power drawn by the laser.  More powerful lasers  increase the likelihood of penetrating 

mediums to the surface, but produce less total number of pulses due to power constraints, 

therefore require tighter scan angles or surveys to be flown at lower altitudes in order to 

maintain desired point densities.  Within the context of marine surveys, additional factors 

of light attenuation in the water are discussed to more detail in later sections, Figure 15. 

The scan angle   parameter is entered as half the angle of the full sweep of the scanner.  

Scan angle standards typically range from 15 to 20o  for both terrestrial and maritime 

surveys.  
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Generally speaking as one increases scan angle off nadir (perpendicular to longitudinal 

axis of airframe) the footprint will increase in size, potentially interacting with more tree 

canopy or medium, and therefore must travel a greater distance to reach underlying bare 

ground surface, Figure 16.  Furthermore, scan angles often do not exceed this standard as 

interactions with sloped terrain increase horizontal measurement error, exacerbating 

terrain distortion, as well as, the likelihood of horizontal obstruction (AGRG, 2013).  

 

 

 

Figure 14‐Beam Divergence, (USDA,2008) Figure 15‐Bathymetric beam divergence, (USACE, 2002)
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The spinning mirror allows for the transmission of tens of thousands of laser pulses per 

second depending on specific unit, generating overlays of varied densities of reflected 

signals that represent a terrain surface and/or objects contacted on the surface.  Point 

densities are equated using the following formula, 
	

	
	
, (Jenson, 

2007).  Dependent on Pulse Repetition Frequency (PRF), height (h) of the aircraft AGL, 

scanner angle , and instantaneous angular scanning speed of the mirror ( ), the point 

spacing can be calculated.  All things being equal, higher frequencies are directly related 

to denser point spacing, which subsequently leads to higher resolution of landscapes. 

Modern ALS typically support frequencies of 100 to 300kHz or 100,000 to 300,000 

pulses per second.  This equation will determine the number of pulses emitted from a 

static location above ground.  Actual point densities in the real world are measured per m2 

 Figure 16‐ Scan angle effects on footprint. (Jenson, 2007) 
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, and further require the forward momentum or speed of the aircraft traveling down line, 

or along track to move the sensor overtop the landscape to be mapped.  Figure 17, 

illustrates the correlation of increased point cloud density and detailed characterization of 

a terrestrial medium based on point density.  Increased point densities typically require 

slower aircraft ground speeds and narrowly constrained scan angles, but conversely 

reduce aircraft coverage rates and efficiency of the survey.   

 

 

 

 

 

 

 

 

 During mission planning a balance between survey efficiency and desired outcomes is 

struck.  One way to maintain point densities and aircraft flying efficiencies is to overlap 

the swath width of adjacent survey lines.  Swath width is the width of the on ground area 

covered by a complete sweep of the scanner. The percentage of overlap is determined 

during mission planning, but requires an understanding of the parameters that dictate 

Figure 17‐Differences in Point Density m2,Courtesy of NRCan
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swath width of the ALS (Figure 18).  The swath width (sw) equation, 

2 ,calculates the length of across-track swath on the ground and is dependent of 

flying height (h) AGL, and scanner angle  , (Jenson, 2007).  Once swath width is 

determined, appropriate line spacing of adjacent flight lines can be computed taking 

required percentage of overlap into account.  Achieved point densities on the ground may 

typically range between mean averages of 0.5 to 20 points/m2, but ultimately is a function 

of all the parameters discussed,(Jenson, 2007). 

 

 

 

 

 

 

 

 

2.3.3 Bathymetric LiDAR 

Airborne LiDAR bathymetric mapping (ALB) is similar in its operation to other ALM 

technologies, illuminating a target or surface with light pulses, however, bathymetric 

units employ two lasers of different wavelengths fired simultaneously.  An infrared laser 

(1064nm) is used to detect the water body’s surface, where much of the pulse is absorbed 

Figure 18‐ Swath Width Calculation. (Kim et al., 2003)
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by the water column, but a small portion is reflected back towards the sensors transceiver 

for detection.  Visible light in the green portion of the spectrum (532nm) is employed by 

the second laser, as it is known that wavelengths within 0.44µm to 0.54µm effectively 

penetrate typical coastal waters and thus provide reflectance from the seafloor, (Jenson, 

2007).    Optical processes, such as specular reflection at the water surface, diffuse 

reflection from underwater surface, and absorption and scattering within the water 

column, as depicted in Appendix A, limit penetration and return signal strength, 

constraining the technologies applicability.  Maximum penetration depths of up to 60m 

are promoted; however with attenuation dependent on clarity and surface conditions, 

surface wave action and turbidity must be monitored during periods of data acquisition to 

optimize use, (Optech, 2007). ALB relies on the differential timing between the two 

pulses to determine the depth of the water column at the striking point on the water 

surface, (Figure 19).  Although optimal for bathymetry, data of returned pulses can be 

exploited for backscatter information from the water surface, water column, and seafloor.  

Seafloor backscatter, often called reflectance, can potentially be used to characterize 

bottom composition and map change over time. Confined to a primary use in shallow 

littoral regions due to waveform attenuation, ALBs ability to measure depth at two to 

three times the Secchi depth is still more advantageous than traditional passive imaging 

systems ability to detect bottom characteristics, (C.K. Wang and Philpot, 2002).   

Calculation of Secchi depth is a historical remnant of hydrographic surveying for the 

measurement of water clarity.  The highly subjective technique is based on the operators 

visual acuity of a deployed black and white disk, lowered off the side of a boat to the 

point at which it is no longer visible. For ALB performance the correlation lies simply in 

that the technology outperforms passive remote sensing techniques. However, its primary 
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limitation is still a function of clarity, where higher levels of turbidity or murkier water 

increases attenuation (absorption and scattering).   

 

 

 

 

 

 

 

 

 

Figure 19-ALB Signal Transmission, USACE (2002) 

2.3.4 Derived LiDAR datasets  

During post processing, geographic coordinates (x,y,z) are computed for each discrete 

returned pulse, by correlating range, positional and orientation information from the Time 

Interval Meter (TIM), GPS and IMU, creating datasets of potentially millions of points 

called a point cloud.   Depending on the composition of the surface structure many 

LiDAR units can record multiple returns from a single pulse, representing the 

stratification of features contacted as the pulse travels to the surface below.   Typically up 
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to five echo returns from a single pulse can be recorded (Figure 20).  Multiple returns are 

quite advantageous for analysis in many LiDAR applications.  For example, in forestry 

analysis, pulses may strike many features within tree stand canopy structure before 

reaching the surface below, allowing interpreters to  

 

 

 

 

 

 

 

 

 

construct a 3-D image of the canopy, as well as, calculate forestry statistics such as 

biomass, tree species identification, system health, and stored carbon.  The 3-D rendering 

as seen in (Figure 21) represents a LiDAR point cloud generated from a real world survey 

of terrestrial forest.  The mission was flown in the Yucatan Peninsula, Mexico, a region of 

dense tropical forest.  The cross sectional view in (Figure 22) illustrates the mapping 

Figure 20‐Multiple LiDAR returns, (Jenson 2007)
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power of LiDAR, capturing returns throughout the stratified canopy as seen in green, as 

well as, ground returns in brown.   

 

2.3.5 Reflectance 

Besides positional information, returned waveform strength or the intensity of the return 

can be recorded, and ultimately converted to graphical grey scale raster representation.   

Intensity reflectance operates on the principle that the strength of returned signature is a 

physical property of the reflecting surface, thus highly reflective surface types produce 

Figure 21‐ 3D view of LiDAR point cloud

Figure 22‐Cross sectional view of Terrestrial Forest
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strong returns Fugro, (2011). The strength of a return is also affected by the medium in 

which the pulse travels through and/or contacts.  Within the context of bathymetric 

LiDAR, waveform attenuation (Figure 23)results from surface scattering, water column 

absorption and refraction, before interaction with the seafloor.  This often requires 

normalizing or filtering of noise within intensity imagery, as environmental conditions 

may change throughout a survey.  Intensity imagery can be a powerful complimentary 

tool to point cloud datasets, as their combination allows for classification of surface types, 

vegetative communities, and even species identification.  Bathymetric reflectance 

imagery (Figure 24) is almost comparable to a conventional black and white aerial photo, 

but one must remember that it does not represent reflected colour, but the strength of the 

return. 

Figure 23‐ Bathymetric LiDAR return, surface, water column, and bottom echo, (Lui , 2011)
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At first, post-processing software utilizes simple extraction algorithms to separate the 

desired part of the peak seafloor amplitude from surface and water column returns (Figure 

23). Inaccuracies exist within reflectance values and cannot be used for classifications 

until normalized.  Errors have been categorized as either individual systematic bias or 

area environmental effects,(Lui, X. et al, 2011).  Individual systematic bias can be made 

up of the offset of specified laser receiver gain during data acquisition, scanner angle, and 

aircraft attitude deviations (pitch/yaw/roll/heading) during flight.  Normalization of gain 

offsets is achieved with reflectance algorithms during post-processing while attitude 

corrections are supplied by a coupled IMU.   

Environmental effects constitute waveform attenuation through the water column 

affecting the shape and power of the signature.  Seafloor signature changes are exhibited 

with depth and turbidity as a result of spreading losses, absorption and scattering.  

Returned signatures and interpreted reflectance intensities therefore may differ even if 

seafloor type or benthic community remain the same, (Collin, A. et al, 2008).  Post-

Figure 24‐Reflectivity draped over DSM, courtesy of Fugro



42 
 

 
 

processing software algorithms utilize turbidity measurements, along with inherent water 

optical coefficients for absorption, attenuation, and scattering, outputting relative 

reflectance (ratio of individual point reflectance to highest reflectance within an area) for 

each pulse that has been compensated for water column attenuation and environmental 

effects.  Deviations of relative reflectance between adjacent flight lines require further 

calibration to normalize the entire dataset.  In the (Xui, L. et al, 2011) study, overall 

dataset normalization was achieved by rescaling reflectance values, lowest reflectivity 

allocated a value 0% , and highest reflectivity allocated 100%.  This process was found to 

enhance the assignment of relative intensity values to corresponding seafloor types aiding 

characterization.   

2.3.6 Bathymetric LiDAR Applications 

The development and pursuit of the ALB technology was driven by the advantageous 

nature of airborne sensing and the inaccessibility of dangerous coastal marine 

environments.  Primarily employed for the mapping of coastal waters, as a component of 

nautical charting for hydrographic services, ALB offers a number of operational 

advantages when compared to traditional hydrographic surveying techniques.  Within 

shallow littoral zones a variety  of treacherous environmental dynamics can be at play, 

making traditional hydrographic marine based surveying hazardous, if not impossible.  

High surf, rapid changes in water levels, tidal forces, rocky outcrops and submerged 

obstacles are of no consequence to crew safety and airborne ALB performance.  The 

technology has allowed for the mapping of areas once deemed impossible for marine 

vessel based techniques.  It performs exceptionally well in both shallow and deep water 

projects, over both large and small project areas, in a more cost effective fashion as 
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compared to marine vessel based techniques (Figure 25).   While swath coverage remains 

relatively constant during airborne survey, lateral swath width progressively decreases as 

the distance between seafloor and vessel bottom decreases.  Airborne efficiencies are 

attributed to the highly productive cover rates of fixed wing aircraft, with costs per 

kilometre 10% or less that of conventional ship survey Collin et al, (2008).  The Collins 

et al study documented that a single aerial survey of less than 8 hours would require a 

week or more for a vessel to produce comparable coverages.  In the Guenther et al (2000) 

study focusing on SHOALS, accuracy cost estimates were deemed one-fifth to one-half 

that of acoustical techniques, depending on the logistical situation.  Additionally, 

modelling and analysis benefits from seamless terrain and seafloor coverage of both 

terrestrial and marine landscapes by imaging simultaneously. Finally, logistics related to 

rapid mobilization of aircraft, for example, during times of emergency relief after 

catastrophic events, or during periods of favourable weather, are substantially reduced as 

compared to marine vessel logistics.     

 

 

 

 

 

Figure 25‐Comparison of Airborne/Water‐borne swath widths,( Guenther, 2000) 
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2.3.6.1 Navigation, Nautical charting, and Obstacle Detection  

It is rapidly becoming a fundamental tool for marine navigational projects.  Bathymetry 

datasets are ideal for tributary and tidal inlet profiling.  Within these areas hydrographic 

services are predominately concerned with channel and navigable waterway depths, and 

the maintenance of safe operational depths.  This is achieved through the periodic 

monitoring of silt build up, as well as, dredging disposal sites.  It is possible to achieve 

comprehensive coverage, depending on project area size, in few hours, under similar tidal 

periods, turbidity, and weather.  Shorelines, beach structures, reef systems, rocky 

outcrops, and protective jetties, are imaged above and below the waterline. The seamless 

integration of quantified features within both terrestrial and submerged environments aids 

in the production of highly accurate nautical charts crucial for both commercial and 

recreational marine navigation (Figure 26).   

 

Figure 26‐Nautical Charting based on SHOALS datasets, Courtesy of USACE 
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2.3.6.2 Fluvial and Aeolian Studies 

As previously discussed, coastal environments undergo temporal changes at varied scales, 

defined by continuous transport of beach and near-shore sediment deposits.  The result is 

an ever changing landscape influx, exhibiting periods of beachfront erosion or expansion 

attributed to slow natural fluvial and aeolian processes or extreme weather phenomena.   

ALB can play a role in monitoring temporal changes again due to its ability to image both 

the alteration of beach topography and submerged near-shore sediments.  Wind, rain, 

wave action, tidal currents, cycles of freeze and thaw, all act to slowly breakdown 

sediments, tugging and pulling on the environment, slowing affecting its shape and the 

flora and fauna that live there.  Coastal infrastructure and their structural integrity are 

often at odds with this harsh environment, or are specifically designed to manipulate and 

combat natural processes of sediment transport.  Strategic monitoring at spaced time 

intervals can be beneficial in mapping beach and dune profiles and creating cross 

sectional views, and produce elevation datasets useful for volumetric calculations helpful 

to management plans. 

2.3.6.3 Emergency Response 

The speed at which ALB surveys can be conducted and mobilized has had real world 

impacts on emergency response after catastrophic weather events.  Storm surges, 

hurricanes, and tsunamis are typically rare events, but can quickly destroy protective 

coastal infrastructure and inundate navigational channels with rapid deposits of sediment 

or manmade waste.  General trends in climate variability and exhibited increases in 

severity of storm events globally, it can be concluded that coastal cities, ports and 
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harbours, and coastlines will continue to bear the brunt of climate change enhanced 

weather systems.   ALB as an emergency response tool can quickly provide conclusive 

details on the aftermath of catastrophic storm events aiding relief organizations in 

determining areas hit hardest, how resources should be allocated.  Flood preparedness 

plans can benefit from ALB surveys, identifying areas within urban centres that are at 

risk, enabling preparedness and mitigation tactics.   

2.3.6.4 Benthic Studies 

The analysis of extracted reflectance datasets, in conjunction with conventional aerial 

photography, “ground-truthing”, and bathymetry derivatives can be utilized to 

characterize seafloor benthic communities, and substrate, FUGRO (2011).   Based on a 

prescribed classification system that takes descriptors, such as substrate grain size, 

bathymetric roughness, slope and depth, along with optical signatures in photography and 

reflectivity of biologic cover into account, littoral zone landscapes can be accurately 

interpreted and mapped (Figure 27).  Derived classifications are useful for a variety of 

monitoring and management plans.  Aquaculture activities, mineral resource extraction 

and dumping, seaweed harvesting are industries which can potentially have adverse 

effects on indigenous species and the habitats they rely on.  Changes to these 

classifications can be monitored over time, quantifying the success or failure of 

management plan interventions.   
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Figure 27‐Coastline classification, (Fugro, 2011) 

2.4 Satellite Derived Bathymetry (SDB) 

Multispectral remote sensing methods, such as conventional aerial photography or 

satellite imagery are crucial for coastal management activities.  Whether it be monitoring 

long term temporal changes such as coastline erosion or deposition, to rapid coastline 

alteration due to extreme weather events, multispectral imagery and its acquisition and 

analysis offer a non-invasive cost effective option with highly productive coverage rates 

and an inherent ability to access and image remote locations.  Bathymetric data sets are 

fundamental to hydrographic organizations and their core mandates: commercial marine 

navigation, nautical charting, environmental management, and port monitoring. 

Bathymetry is typically derived and charted from acoustical echo sounding technology; 

however, recent methodologies for deriving bathymetry from optical satellite imagery has 

been explored and tested.  Several collaborations between governmental hydrographic 
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organizations and academics have aimed at establishing a standardized and accepted 

procedure for satellite derived bathymetry (Pe'eri, 2012).  This background section aims 

at exploring SDB by reviewing the principles and emerging methodologies that have 

driven the development of remote sensing and GIS procedures for derivation of satellite 

bathymetry.  Presentation of the principles at play are crucial in for theoretical 

understanding of the geo-processing steps implemented in subsequent chapters, as well 

as, the core statistical regime used to reference and derived bathymetric surfaces. 

2.4.1 Principles  

The ability to derive bathymetry from multispectral imagery relies on the differing rates 

of attenuation between the defined spectral bands of the imagery  in question.  It is this  

exponential attenuation as a function of depth and wavelength that allows for depth 

estimation, (Pe'eri et al, 2014).  Depth estimation is mainly limited by depth penetration, 

where a threshold or 'extinction depth' is reached, after which, spectral responses are a 

function of water column scattering rather than seafloor reflectance.  The observed 

penetration and transmittance of the visible blue and green portions of the spectrum, 

400nm to 580nm,  make them ideal for near shore depth estimation as compared to other 

wavelengths, (Jenson, 2005).  Conversely, the near infrared portion of the spectrum has 

low transmittance in the water column, thus it is depicted as dark regions, making it ideal 

for terrestrial/water body separation based on contrasting spectral responses,(Pe'eri et al, 

2014).  Typical band configurations of multispectral satellites like Landsat or 

WorldView-2 are no different, with bands constituting blue and green portions of the 

visible spectrum best suited for algorithms at the heart of SDB, (DigitalGlobeTM, 2013).    
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Procedures followed within this study used the Stumpf algorithm ( Stumpf et al. , 2003), 

which is based on a ratio of two bands for detection of submerged terrain changes with 

depth. The near-constant attenuation coefficient value will vary at depth, as one band 

decays faster than the other. This ratio transform approach utilizes the known faster decay 

of blue wavelengths as compared to green wavelengths, where the natural logarithm of 

the blue band is divided by the natural logarithm of the green band. The algorithm output 

is calculated via a GIS, with the blue and green band raster images as inputs.   

 

ln

ln
																																																			  

         (Stumpf, 2003) 

2.4.2 Limiting factors and considerations 

Other factors that constrain depth estimation and introduce potential errors from passive 

multispectral observations include absorption and scattering during atmospheric and 

water column transmission, varying levels of turbidity throughout the water column, and 

finally the seafloor albedo. To compensate for the variability of water composition,  the 

algorithm assumes that the water column is uniformly mixed, and that atmospheric 

conditions, along with changes in seafloor composition albedo affect both bands equally. 

This is deemed a reasonable assumption. Thus the change in ratio between bands is 

affected more by depth than seafloor albedo and transmittance errors(Stumpf et al. ,2003).   

Cancelling out variability of environmental factors leaves a more simplified equation, the 

division of the two bands, giving practitioners a much easier procedure to generate z 
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values or depth.  Other algorithms that require more fine tuning with environmental 

conditional inputs can be found in the literature, however, the Stumpf algorithm was 

selected as its relatively easy implement within a GIS. 

Satellite derived bathymetry (SDB) has the potential to generate relatively accurate 

bathymetric datasets for near-shore coastal zones, where waters are clear and shallow.  It 

is possible to derive datasets for large swaths of traditionally inaccessible coastlines, 

acting as a reconnaissance tool for assessing adequacy of historic nautical charts and 

prioritizing future active remote sensing surveys such as Airborne LiDAR Bathymetry 

(ALB) or Multi-beam Echo Sounding (MBES), for areas requiring higher accuracy 

datasets (Pe'eri et al, 2014).  Results from previous collaborative investigations between 

private sector and/or hydrographic organizations seem promising.  A joint study in the 

Mediterranean, SDB and seabed classification performed by EOMAP and review by the 

United Kingdom Hydrographic Office (UKHO), confirmed acceptable depth and seabed 

information faster and more safely than traditional hydrographic survey methods in 

shallow water environments (Needham. H et al, 2013).  Vertical accuracies of 10 to 15% 

of water depth were achieved, down to a maximum of 10-11m,(Needham. H et al, 2013).  

Dedicated tasking parameters at time of imagery acquisition for the project required 

maximum angle of incidence of 30o from nadir, as it becomes an important variable in 

deriving bathymetry,(Needham. H et al, 2013). Furthermore, in line with above 

recommendations minimal cloud cover, as well as, ideal environmental conditions, such 

as limited wind as to reduce coastal turbidity were requirements during imagery 

acquisition.  
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Results and conclusions drawn from private sector and governmental hydrographic 

organizations trial projects illustrate the importance, potential, and interest in the 

legitimacy of SDB to the global hydrographic mapping community and their management 

practices.   

III - Research Problem and Justification 

The relevance and function of hydrographic studies for the agencies that employ practises 

of data acquisition and charting resonates strongly today.  At the core mandate of most 

hydrographic services is the mapping of coastal and inland waterways for the purposes of 

navigation.  The significance lies in the fact that 80% of international trade relies on 

transport of commercial goods by sea IHO(2005).  Accurate nautical charts create a safe 

and efficient maritime transportation network allowing vessels to travel within designated 

shipping lanes, while granting access to adequately mapped ports of entry.  Within the 

context of Canada, coastlines are an estimated 243,000 kilometres, the longest of any 

nation, therefore accurate mapping and coastal zone management of strategically selected 

ports of entry are critical for efficient transportation networks and for inland produced 

goods to reach global markets NRCan (2013).  Continually updated charts offer a degree 

of certainty for commercial vessels as to the waters depth within shipping lanes, allowing 

for loading optimization and reduced travel times, thus reducing transport and consumer 

costs.  Maritime transport plays an important role within nation’s economies, Canada 

included.  Scheduled hydrographic studies are an integral component of coastal zone 

management.  Acquired imagery and bathymetry are used in the selection and 

construction of new ports, as well as, the upkeep of existing facilities and channels.  

Periodic dredging maintains expected charted depths, and is common practise as part of 
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coastal zone management plans, and subsequently lends to the protection and safekeeping 

of marine environments.  Safe and accurate marine navigation in sensitive coastal waters 

reduces the potential for shipwrecks, fuel spills, and cargo contamination that could have 

dramatic impact on marine life and public scrutiny.     

Beyond the reduction of potential manmade hazards, natural fluvial phenomena, as well 

as, projected heightened climate change consequences can be monitored and potentially 

managed based on hydrographic data.  Tidal measurements, sea level rise, and the 

movement of ocean currents represent data sets vital to global circulation models 

(GCMs), and long term infrastructure planning and decision making.  The protection of 

littoral zone infrastructure is dependent on this information for implementation of groins, 

levies, and break walls as means to slow degradation and the protection of coastal 

inhabitants.  The devastating southeast Asian Tsunami of 2004 represents the worst 

extreme case of a natural disaster, resulting in instantaneous and dramatic change to 

coastlines. This event lead to the implementation of more robust Tsunami warning 

systems that continually monitor sea level and seismic activity along populated coastlines.  

CHS represents the Canadian partner in this global monitoring program, with sensor 

buoys stationed along the seismically active west coast of Canada CHS (2014).   

Littoral zones and waterways can often be rich in marine life and biodiversity, requiring 

careful attention for the protection of sensitive marine ecosystems.  Areas deemed worthy 

of safeguarding require delineation of boundaries for protected marine sanctuaries and are 

dependent on hydrographic surveys and bathymetric information.  Several types of 

remote sensing data sets can aid in the interpretation of the geologic structure of seafloor 

environments, as well as, help classify the types and distribution of benthic communities.  
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The deployment, monitoring, and maintenance of scientific instrumentation for purposes 

of marine studies often resides with hydrographic agencies.   This data and imagery can 

be further used to monitor temporal changes, help mitigate human attributed degradation 

as a result from industrial dumping, resource extraction practises, and impacts of 

aquaculture activities on indigenous species distribution.   

Definition of geologic and biophysical boundaries also play a crucial role for a nations 

sovereignty, maritime defence, and interactions with neighbouring nations.  Navies utilize 

nautical charts and boundary information for the protection of territorial waters, and the 

rights of local fisheries and resource industries.  Exploration of seafloor natural resources, 

such as oil and gas deposits are increasingly becoming a more important component of a 

coastal nations economic future and sustainability.  The recently ratified UN Convention 

on the Law of the Sea allows nations to lay claim to extended regions of continental shelf 

protected under the Economic Exclusive Zone (EEZ), UN (2013).  Based on adequate 

seafloor mapping and geologic proof of continental shelf extension, nations including 

Canada, have intensively invested in the generation of imagery and datasets as evidence 

for review of claim submissions.  For CHS, and ultimately Canada, there is a high degree 

of optimism that the territorial waters and boundaries of the arctic archipelago will be 

dramatically increased and recognized as part of Canada by the international community.   

The confluence of noted natural and anthropogenic processes within littoral zones 

justifies the importance of adequate stewardship  and management over coastal waters. 

The problem in doing so lies with the fact that 70% of the earth's surface is covered by 

water, and that a fraction of that has been explored and accurately mapped. Therefore a 

fundamental necessity exists for intensified study of these marine and submarine 



54 
 

 
 

environments, in hopes of fully understanding the complex dynamics of these systems.  

Due to these daunting distances and the often dangerous nature of  accessing these 

environments, it is not surprising that data and imagery coverage is sparse.  Traditional 

hydrographic studies that rely on physical sampling and vessel mounted sensors such as 

SONAR, are inefficient when viewed from a coverage rate perspective, thus are time 

consuming, costly, and potentially intrusive to the benthic types below.  This lack of 

efficient sea floor mapping and characterization of benthic communities makes adequate 

monitoring and management of biological systems and seafloor resources difficult.  

Previous research has proven that physical, geological, and biological resource maps are 

indispensible aids for sustainable management, environmental monitoring, and 

determination of anthropogenic influences on benthic classes Collin et al, (2008). 

Therefore, improved methodologies that take advantage of efficient remote sensing 

techniques can benefit coastal management decision making. 

Technological development and advancement of airborne LiDAR bathymetry (ALB)  

systems in the past decade has contributed to efficiencies within the realm of 

hydrographic survey within littoral zones.  These efficiencies are attributed to the highly 

productive cover rates of fixed wing aircraft, with costs per kilometre 10% or less that of 

conventional ship survey Collin et al, (2008).  Airborne survey also have the ability to 

image inshore areas deemed too dangerous for vessels, creating seamless terrain and 

seafloor models of both terrestrial and marine landscapes by imaging simultaneously.  

Finally, the Collins et al study documented that a single aerial survey of less than 8 hours 

would require a week or more for vessel to produce comparable coverage.  These 

improved efficiencies strengthen the justification and warrant investigation into ALB 
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ability to accurately map coastal zones, delineating terrain features and substrate, to the 

same degree in which acoustical techniques have shown, thus leading to the synthesis of 

data types.  Should statistically sound procedures and outcomes be achieved they will add 

to the growing literature that bolsters ALB place as an imperative tool in coastal 

management. 

 Beyond ALB, other remote sensing technologies, namely satellite based sensors, can 

potentially provide extensive coverage of vast coastlines, providing efficiencies in both 

cost and coverage that are unparalleled. As previously discussed, optical satellite imagery 

and derived bathymetry (SDB) has the potential to play a key role in coastal zone 

decision making.  Research and industry acceptance of touted spatial accuracies of 

derived bathymetries continues to grow, however, the hydrographic community is still 

weary of its usage in areas of high commercial vessel traffic, that have typically relied on 

proven and highly accurate SONAR surveys.   Even still, satellite imagery could at least 

be used as a reconnaissance tool or starting point within a decision making framework 

that may eventually require more precise geospatial information and imagery down the 

road.  This requires proper testing and comparison of overlapping datasets within a 

Canadian context to validate SDB potential and merger with more proven technologies. 

Remote sensing surveys have proven beneficial contributions to environmental 

management and monitoring of terrestrial environments; technologies and methodologies 

now need to be applied in greater frequency to marine landscapes.  Since it seems that 

there is no one given single technology (i.e. SONAR, Optical, LiDAR) that could be 

deemed the "best" when considering coverage efficiency, depth penetration, and accuracy 

of predictions in reconstructing the underwater terrain, an essential question to research 
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is: what combination of these technologies offers the greatest level of usefulness for 

practical purposes when considering requirements of accuracy of bathymetry and terrain, 

and bottom type mapping derivatives for coastal zone management? The answer leads to 

the  development of a modelling framework containing a set of procedures for a 

quantitative and qualitative comparison of remote sensing data types: MBES, ALB, SDB.  

Comparison of classification schemas and models tested will answer this central question, 

evaluate the merger of data types from a variety of sources, and allow for the creation of 

more comprehensive mapping products. A testable, efficient and repeatable 

methodological modelling framework could greatly improve monitoring and management 

of event specific and temporal changes to Canadian coastlines, and is thus forefront to 

justification of this project. 

IV -Aims and Objectives 

The aim of this thesis is to develop and test a series of geospatial modeling procedures for 

the characterization of submerged morphology and substrate composition within a 

Canadian context, as defined by bathymetry and acoustical reflectance, or spectral 

signatures of MBES, ALB, and SDB. A section of the coastline of Quebec in the Gulf of 

the St. Lawrence, Canada acts as the study site.  Thesis objectives are built upon previous 

literature and proven methodological procedures that will exploit and test overlapping 

data sets in the quest for integration within a modelling framework and the creation of a 

series of highly effective Geospatial modeling tools benefiting the field of hydrographic 

studies and the organizations responsible for coastal zone management. The predominant 

focus in GIS based seafloor exploration of the past decade has been the definition of a 

standardized classification methodology, that can be reproduced with accuracy and can be 
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shared (Lundblad et al, 2006).  ESRI ArcGISTM has been the software of choice for many 

researchers working with SONAR data, and field sampling (Heydorn, 2008, Lundblad 

2006, Lanier, 2007, Micallef, 2012).  This thesis will continue in the same manner, 

however, with the aim of including LiDAR and optical satellite under a larger modelling 

framework umbrella.  To achieve an acceptable synthesis of data sets from three separate 

sources, the thesis aims at utilizing components of a statistical regime as noted in (Costa 

et al, 2009) to evaluate statistical correlations of the overlapping data sets. 

From a technical standpoint, the creation of a modelling framework consisting of a series 

of loosely coupled models, designed using ESRI ModelBuilderTM, and stored in the form 

of ArcGIS ToolboxesTM will constitute tangible deliverables to the Canadian 

Hydrographic Service (CHS) and the hydrographic community at large for future 

applications  and refinement as future needs dictate.  The components of the framework 

and the objectives of the ToolboxesTM are as such: 1)  streamlined characterization of 

submerged terrain or morphological features using the Benthic Terrain ModellerTM as 

derived from MBES or ALB bathymetry and intermediate derivatives; 2) classification of 

unknown substrate composition based on statistical breaks and band statistics of MBES 

and ALB reflectance, and intermediate derivative layers as noted in literature such as 

(CHS internal documents, 2013, Heydorn, 2008, and Micallef, 2012), and 3) efficient 

generation of satellite derived bathymetry (SDB) based upon the (Pe'eri et al, 2014) 

methodology as noted in the IHO-ICO GEBCO geospatial cookbook.   

Use and furtherance of the geospatial models and the resulting morphological and 

substrate composition characterization may lead to more efficient management of marine 

protected areas, simpler decision making with these of more detailed, extensive, and 
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accurate predictions, advancements in marine and coastal research, and improvements on 

georeferenced marine mapping, (Lundblad, 2006) 

V - Approach 

5.1 Partnerships 

 In order to undertake an investigation of this magnitude a partnership between 

governmental, private sector, and academic institution was required.  Data acquisition of 

such specialized remote sensing technologies, (MBES, ALB, Optical Satellite) is not only 

unfeasible from a cost perspective for a standalone study, but required professional 

expertise in aerospace, marine navigation, and piloting, to collect and process the data 

sets and imagery before use, and should be noted. The Canadian Hydrographic Service 

(CHS) vested interest in the results of this study, specifically the exploration of 

techniques employed and outcome, are in line with their core mandates.  Primarily 

concerned with bathymetry and description of the physical sea floor materials, a 

comprehensive procedural framework for characterization of submerged morphology and 

sea floor composition will have beneficial implications for coastal zone management, 

mapping of navigable water ways, and monitoring of fisheries habitats.  This lead to CHS 

kindly partnering with Trent University, and supporting this research through the 

provision of extensive MBES and ALB datasets from their Quebec regional office. 

For the creation of satellite derived bathymetry, high resolution multispectral imagery 

was required for the study site.  This was accessed through an academic imagery grant 

provided by the commercial satellite imagery provider DigitalGlobeTM. who is a supporter 

of academic research related to remote sensing and the development and testing of 
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analytical methodologies that ultimately demonstrate real world applications for satellite 

imagery.  The intent of the SDB component of this study parallels DigitalGlobeTM 

objectives as SDB peer reviewed studies and their usage and acceptance become more 

mainstream within the hydrographic community. 

5.2 Study Site and Data sets 

Multi-beam SONAR data was collected along the coast of Labrador by CHS vessels, Pipit 

and Plover, in 2012 (Figure 28).Surveys were divided into 8 test sites with naming 

conventions derived from the Pipit and Plover vessels and relative location, using 

KongsbergEM3002 and EM 2040  multibeam echosounders (Figure 29).  Data was 

acquired at 300kHzfrequency band, which is ideal for shallow water or near bottom 

applications, ensuring high definition of the seafloor even under conditions of high 

particulate content within the water column (Kongsberg, 2006).  True to CHS core 

mandates, bathymetry and backscatter for this area were collected to enhance mapping of 

harbours and shipping channels where keel clearance is of crucial importance. Further 

details on sensor specification data sheets for the EM3002 and EM 2040 can be found in 

the appendix section. MBES datasets consisted of bathymetry as provided in .BAG 

format, while backscatter datasets were provided in ASCII .XYZ format, representing 

geographic coordinates and acoustical signature in decibels.  Bathymetry was exported in 

spatial resolutions of 2m and 5m, while backscatter was provided in a 5m grid. 
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Figure 29‐ Pipit (above) and Plover (Below) acquisition sites (Scale does not represent distance between 
sites).  Green lines represent vessel track 

 

Figure 28‐ Study Site, Quebec, Canada
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ALB datasets were collected in 2012 by subcontractor FUGRO using the SHOALS 1000 

instruments. The survey was supplied in its entirety, both topographic and submerged 

landscapes.  Data was subset and supplied as ASCII .XYZ files in a 4m grid representing 

geographic coordinates and bathymetry, and geographic coordinates and reflectance 

intensity respectively.  Any pre-processing of raw datasets was completed by CHS or 

FUGRO before being transferred to Trent University as per data sharing agreement.  

Coverage efficiency and ability of ALB to survey above and below water environments is 

apparent in (Figure 30). 
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Figure 30‐Survey Extents and Overlap ‐ ALB (Greyscale) and MBES (Coloured) 

The SHOALS 1000 bathymetry instrument is manufactured by Optech; an industry leader 

in LiDAR research and development. Fugro-Pelagos, a multi-national aerial survey and 

mapping firm, was hired and subsequently deployed to complete data acquisition of the 

Canadian Hydrographic Services study areas.  Operational documentation promotes 

SHOALS production capability at coverage rates as high as 70 km2 per hour, collecting 

1,000 water depth soundings per second at International Hydrographic Organization 

(IHO) Order 1 standard (or better), and 10,000 coastal terrain elevation measurements per 

second SHOALS, (2007). SHOALS is a monostatic system, in that the transmitter and 

receiver share the same field of view (FOV) at fixed nadir angle of 20o. The transmitter 

emits the 532 and 1064-nm wavelengths from a Neodymium-doped Yttrium Aluminum 

Garnet, and series of four receivers record the energy returns Collin et al, (2008).  The 

first receiver records the infrared energy reflected from the surface, while two receivers 

record energy from the green laser reflected from the sea bottom.  The fourth receiver 

0 10 20 30 405
Kilometers
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records energy at 645nm, which is specific to the excitation of water molecules at sea 

surface by the green laser energy (Figure 31).The system is coupled with a GPS receiver 

and inertial measurement unit (IMU) that records the real-time geographic location of the 

aircraft (x,y,z), as well as, the pitch and roll of the airframe which is utilized during post-

processing in conjunction with the return pulse, waveforms, and scan angle to produce 

accurate sounding positions or terrain elevations.  Differentially corrected GPS data 

computes horizontal positioning of the aircraft, while vertical sounding measurements are 

correlated to independent water level measurements at the time of the survey.  Previous 

studies (J. L. Irish and W. J. Lillycrop, 1999) have concluded SHOALS to have a 

bathymetric depth accuracy of within a decimetre (C.K. Wang and Philpot, 2002).  

SHOALS also generates sea floor reflectance based on the LiDAR return waveform. This 

qualitative estimation is derived from the amount of energy returned from the sea floor 

(SHOALS, 2007). Thus the more reflective and brighter the seafloor the higher the 

energy return and associated colour scale.  
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Figure 31- Optical Processes associated with operation of Airborne Bathymetric LiDAR (Optech, 

2007) 

Four separate days of multispectral imagery were provided by DigitalGlobeTM, as defined 

by a boundary box of upper left coordinates N51.5, W-57.9 and lower right coordinates 

N51.3, W-57.4.  WorldView-2 imagery consists of 8 multispectral bands with an 

approximate spatial resolution of 2m (Figure 32).  It is the first and currently only high 

resolution multispectral satellite available to the public, with additional sensitivities from 

its predecessor, aiding both feature classifications while allowing for bathymetric 

sounding extraction every 2m in longitudinal (x) and latitudinal (y) directions, 
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(Proteusgeo ,2014).  Imagery were delivered as 16 bit unsigned georeferenced, WGS 

1984 UTM Z21N, TIFF format, consisting of all 8 bands.

 

Figure 32‐WorldView 2 Spectral Bands. Courtesy of Digital Globe. 

5.3 Dataset Summary Chart 

This summary chart is comprised of the data types and format delivered by partners.   

Data/Imagery Type Data Format Location and Extent Acquisition Date Collecting Entity 

Physical Samples 

(bottom garbs, coring) 

database Quebec, Gulf of St. 

Lawrence 

2014 CHS 

Multispectral Satellite 

Imagery 

Geotiff 2m   

8 Band 16 bit 

unsigned 

Quebec, Gulf of St. 

Lawrence 

2010 to 2013 DigitalGlobe 

ALB Reflectance and 

Bathymetry 

ASCII XYZ, 

4m grid 

Quebec, Gulf of St. 

Lawrence 

2012 CHS, 

subcontracted to 

FUGRO 

Multibeam Bathymetry 

and backscatter 

ASCII XYZ, 

.bag format 

2m and 5m 

Quebec, Gulf of St. 

Lawrence 

Pipit - 2012 

Plover 2012 

CHS 
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5.4 Goals  

To meet the aims and objectives of the thesis an approach was driven by a series of  

investigative goals whose outcome was designed to test and formulate a remote sensing 

and geospatial based  modelling and decision making framework for littoral 

environments.  The investigative goals were compartmentalized based on data type, 

desired outcome, and ArcGIS ModelBuilderTM and ToolboxTM design.   

 Successful characterization of Quebec coast sea floor morphology based 

on MBES and ALB data sets using ESRI ArcGISTM and the Benthic 

Terrain Modeller (BTM) extension.  Internal CHS procedural documents, 

along with methodologies collected during literature review, (Lanier, 

2007, Lundblad 2006, Vertfaillie et al, 2007, Heydorn, 2008, Micallef, 

2012, Wedding, 2008), were used to guide this process. 

 Differentiation and proof of concept for substrate bottom typing based on 

MBES acoustics and ALB relative reflectance using ESRI ArcGISTM 

Spatial Analyst extension and methodologies discussed in (Lanier, 2007, 

Heydorn, 2008, Micallef, 2012, Wedding, 2008, Blondel 2000). 

 Statistically-significant gains in comparative analysis of MBES and ALB 

based on a series of metrics including: bathymetry, relative reflectance, 

and BTM classes as per (Costa, 2008).  MBES and ALB comparison was 

twofold: broad scale across areas of overlap, fine scale through the use of 

localized transects. Qualitative or visual analysis would focus on various 

intermediate raster layers. 
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 Proof of concept for derivation of bathymetry from optical WorldView 2 

satellite imagery.  Procedures follow an ArcGISTM geo-processing 

methodology that has been documented in Chapter 11 of the GEBCO 

geospatial 'cookbook'. Supported by the International Hydrographic 

Organization (IHO-ICO GEBCO), a widely promoted and distributed 

methodology created by the Center of Coastal and Ocean Mapping at the 

UNH and published in (Pe’eri, 2014) was designed for SDB generation 

using off-the-shelf GIS software accessible to hydrographic agencies 

worldwide. ALB would serve as historical vertical reference for 

bathymetric algorithm output values. 

 Semi-automation of GIS modelling procedures and approach for repetitive 

and future research would be completed via ArcGIS ModelBuilderTM. The 

goal was to create Toolboxes for submerged morphology characterization, 

substrate composition differentiation, and derivation of bathymetry from 

satellite imagery. 

 Development of decision making framework and standardized procedures 

for future classifications based on requirements, data type and availability, 

and sensor efficiencies. 
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VI - Hypothesis 

Using the approach and investigative goals as a framework, four hypotheses were 

constructed to test the successfulness of the study outcome.  They are stated in terms of 

Null Hypotheses and are as follows: 

H01: 

There are no significant quantitative and qualitative differences between maps generated 

from available MBES and ALB data in the St. Lawrence study area in terms of 

bathymetry and benthic metrics (relative intensity, submerged topography) as visually 

and statistically compared. Specific differences in accuracy are not significant as 

confirmed through a quantitative and qualitative comparison of output products in 

specific areas. 

H0 2:  There are no statistically significant differences between 

Satellite-derived bathymetry and reference sounding datasets when both visually and 

quantitatively compared. 

Corollary: Satellite-derived bathymetry represents an effective  reconnaissance tool in the 

St. Lawrence study area. 

H03: There are no statistically significant differences between geospatial models derived 

from airborne remote sensing in the form of Airborne LiDAR Bathymetry (ALB)and 

those derived from traditional bathymetric mapping techniques (MBES).  

Corollary: ALB can be used to model bathymetry via the Benthic Terrain Modeller 

(BTM) with acceptable accuracy in the St Lawrence ecoregion. 
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H04: Resultant entropy and homogeneity indices derived from grey level co-occurrence 

matrices produce no significant statistical differences in accuracy of substrate 

differentiation maps as generated from textural characteristics inherent in SONAR 

through the use of  Grey-level Co-occurrence matrices (GLCM), when compared to 

manual classification and the Mitcallef methodology for deriving rough and smooth 

surfaces. 

The expectations of this research are that all null hypotheses, as stated above, will be 

rejected through analysis of the degree of correlation between observed and predicted in 

each case, and the goodness of fit of least squares linear models between the modelled or 

predicted variables and the corresponding “observed” values. 

 

VII - Methodological Framework 

7.1 Introduction 

The methodological framework for this thesis, its investigative goals, and intended GIS 

and mapping products were built upon marine and coastal remote sensing mapping 

research of the past decade.  For the evaluation of ALB and its ability to adequately 

image submerged coastal environments, a comparative analysis with MBES was adapted 

based on methodologies presented in (Costa, 2008).That study looked to compare 

spatially-coincident datasets, ALB and MBES, to evaluate the efficiency and efficacy of 

the technologies to map the submerged topographies and intensities.  A series of metrics, 

evaluated with a statistical regime, as well as,  a qualitative visual comparison, over both 

a broad scale consisting of areas of overlap in their entirety, and fine scale based on 
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transects was devised.  Spatial extent at the broad scale for the Quebec study area 

constitutes all areas of overlap between data types.  The rapid descent of local 

topography, in combination with anecdotal perception of poor water visibility, lead to a 

lack of substantive areas of overlap.  For this reason, and to allow for enough sample 

locations to generate some  statistical validity, any and all overlap was compared at a 

broad scale. This meant that the study area is not contiguous, as exemplified in Figure 32. 

The rationale for comparative fine scale transects of 500m was taken from Costa, and is 

rooted in a previously determined relationship between bathymetric complexity at this 

spatial scale and its importance as a predictor of fish species richness, biomass, and 

assemblages, therefore a relevance to fish habitat relationships (Costa, 2008).  In that 

study, the objective was not to derive benthic or terrain maps from the datasets, but to 

evaluate LiDAR abilities as compared MBES in its proven theatre.  To expand and 

incorporate benthic and terrain modelling into this thesis, derived classes from BTM were 

added to the list of comparative metrics.  The metrics used to evaluate the study site are 

the following: bathymetry, relative intensity/backscatter, BTM classification outputs, and 

qualitative shaded relief layers.   

Beyond the metrics comparison, this study aimed to comprehensively reproduce and 

evaluate methodologies for differentiating substrate or bottom type, as well as, 

understanding the role which satellite imagery can play within coastal environments.  

Substrate classification was assessed using two methods, resulting in derivation of classes 

via manual interpretation and geoprocessing with anecdotal results, and secondly, through 

the use of textural indices and associated real world samples. Bathymetry generated from 

satellite imagery followed outlined procedural documentation and was statistical 
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validated against ALB bathymetric data.  The overall objective was to bring a variety of 

subject areas and data types for coastal remote sensing into the fold.   

7.2 Metrics and Indicators of Characterization 

 7.2.1 Bathymetry 

For an accurate comparison of bathymetric datasets from two different sensors, one 

airborne and one vessel mounted, it should be noted that the point density of depths 

collected during the respective surveys were not identical.  Numerous variables, from 

survey planning and lateral overlap between lines, speed at which the respective 

platforms traveled, pulse rates of sensors, altitude of aircraft, and depth of water column 

below the sensor platform, will all influence the density of bathymetric points within the 

dataset (Figure 33). The area of ensonification for MBES is depth dependent as the 

acoustical pings have more time to spread out in the water column as slant range 

increases (Costa, 2008).  For ALB systems, footprint and swath width are nearly 

independent of depth and are a controlled by the sensor scan angle.  Depending on 

altitude, the scan angle must be adjusted to maintain a desired swath width and footprint, 

resulting in an appropriate point density.  MBES have a distinct advantage in point 

density over ALB, which resulted in differing spatial resolutions of raw data sets.  
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Figure 33‐Acquitision geometries of MBES and LiDAR footprints, (Costa, 2008) 

It should be noted that CHS and Fugro survey parameters, and processing of raw datasets 

were not detailed or provided, thus some initial processing was required to create 

comparable datasets.   

MBES bathymetry was processed by CHS using CARIS where pulses were averaged and 

gridded, producing 2m and 5m 32bit floating point files in .bag format. Upon data 

delivery, ArcGIS was used to merge the 8 separate Pipit and Plover survey sites into one 

working file, where it was resampled from 2m bathymetry to 4m and output as TIFF 

format in UTM 21N WGS84.  The supplied ALB elevations, including bathymetry, 

where processed by Fugro where pulses were averaged and gridded to 4m, producing an 

XYZ text file containing a merged dataset of topographic and bathymetric elevations.  

The LASTOOLS Toolbox extension was used to convert the text file to a LAS format via 
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the txt2las tool.  Bathymetric soundings were extracted from the merged dataset using the 

las2lasfilter tool. Elevations above 0m were removed from the dataset, leaving only 

submerged depth soundings.  ArcGIS requires the use of a proprietary file type, “.lasd”, 

for LiDAR datasets, therefore the geoprocessing tool las to lasd was used to convert the 

data into a workable format.  The lasd was then rasterized, converting the LiDAR points 

from geographic coordinates to a 4m gridded TIFF in UTM 21N WGS84.  Once the 

respective MBES and ALB datasets were in like formats and spatial resolution, a 

comparison could begin.  

For comparison at the broad scale or overlap of the datasets in their entirety, the masking 

geoprocessing tool was used to extract only the areas of coincidental overlap for both 

ALB and MBES. These areas were exported, creating refined datasets for comparative 

analysis (Figure34). 



74 
 

 
 

Figure 34‐ALB and MBES bathymetry after masking 

Comparison at broad spatial scale consisted of identifying differences between sensors by 

performing a surface subtraction in ArcGIS Spatial Analyst Raster Calculator. The MBES 

bathymetric surface was subtracted from the overlapping ALB surface, resulting in a 

raster output made up of pixels containing differences in depth.  Summary statistics 

consisting of minimum, maximum, mean, and standard deviation,  were also generated 

for each bathymetric layer, including the subtracted layer, and charted for comparison. 

Datasets were compared quantitatively at the broad scale using Spearman's Rank 

correlations (SRC) and Ordinary Least Squares (OLS) regression.  Spearman's Rank 

Correlation was chosen given  its non-parametric nature and the fact that it is free from 

the assumptions of the Pearson Correlation Coefficients that require normality and 

independence of the variables. Moreover, SRC expects a monotonic relationship between 
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the variables.  Spearman's Rank correlations were calculated using the open source Urban 

Analysis extension and toolbox.  Ordinary Least Squares (OLS)were calculated via the 

ArcGIS Modelling Spatial Relationships geoprocessing toolbox.  In order to run the 

statistical regime, a population of randomly generated sample points was required.  This 

was accomplished via the Generate Random Points tool in the Geospatial Modelling 

Environment (GME).  This free extension uses ArcGIS functionality and the statistical 

package “R” to run and generate a variety of modelling tools.  For this study a population 

(n) of 200 points was arbitrarily generated creating a solid distribution of coincidental 

sample locations over the spatial extent of the areas of overlap (Figure 35).  These sample 

locations were stored as a points shapefile, and were used to append the corresponding 

bathymetry to the attribute table for analysis.  This generated spatially-paired 

observations for comparison and statistical testing.  The dataset generation was 

accomplished with the Extract Attributes to Points tool, where Spearman's and OLS could 

then be calculated.   

 

Figure 35‐Sample locations in green, bathymetry in grey scale 
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Comparison at the fine scale was attempted using four 500 m transects over areas of 

varying seafloor topography and depth (Figure 36).  The intent was to evaluate both 

MBES and ALB ability to identify similar topographic or terrain features using the 

metrics of bathymetry, intensity, and visual interpretation via shaded relief surfaces.  One 

transect was drawn in each location that was determined to be suitable based on sufficient 

data type overlap (Figure 37).  Metrics from the underlying desired data layers were 

extracted to a sampling points file created by converting the transect lines to points.  Data 

points along the transects were compared using the same statistical tools as in the broad 

scale comparison, where the Spearman's Rank Correlations and OLS compared both, 

bathymetry and intensity.   Additionally, correlations between bathymetry and increasing 

depth versus intensity strength are to be explored for ALB and MBES.   Qualitative 

interpretation focused on a visual analysis of shaded relief surfaces generated from the 

respective bathymetry data sets, was also implemented.   

 

Figure 36‐ Fine Scale Transects (Red), Bathymetry Hill Shade (Grey) 
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Figure 37‐ Fine Scale Transect sites (Red), Bathymetry Hill shade (Grey) 

 7.2.2 Relative Intensity/Backscatter 

Acoustical backscatter and the intensity of reflected light can be used as a proxy for 

inference of composition of a given location.  To determine the differences in which each 

sensor type measure intensity from the seafloor, relative intensities were compared as per 

(Costa, 2008).  As noted above, similar pre-processing steps were taken before intensity 

layers were in comparable extents and spatial resolution.  MBES and ALB intensity was 

provided in XYZ format. Some manipulation and formatting of XYZ files was completed 

in Excel spreadsheet.  The original files were too large to directly import into Excel, so 

they were broken down into more manageable junks.    Once the data was tabulated, the 

.xls was added as XY data to ArcMap where then it was converted and exported as a 

points shapefile.  The individual shapefiles for the entire study site were merged in 

geoprocessing, thus bringing all the intensity data back into one file.  The Point to Raster 
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tool was run, converting the data to rasterized format with cell sizes of 5m for MBES and 

4m for ALB. Projection definition was required for MBES, as the data was provided as 

Easting, Northing, Intensity format.  While coordinate transformation was required for 

ALB, as the data was provided in Lat, Long, Intensity format.  Ultimately, data was 

converted to the working projection system of UTM 21N WGS84.   

As before, consistent spatial resolution required resampling of MBES from 4m to 5m, 

matching ALB.  The masking geoprocessing tool was used to create new layers consisting 

of areas of only coincidental overlap.  Finally, rescaling methodologies presented in 

(Costa, 2008) where followed, where the data sets were rescaled to like radiometric 

ranges or bit depth (Figure 38).  The following algorithm was used in ArcGIS Raster 

Calculator to rescale 32 bits rasters to 8 bits: 

8 bit MBES and ALB Intensity Surface 

= ((([32 bit Intensity Surface]* -1) - 18.94) / (60.52 - 18.94)) * 255   (2) 

Where:  

18.94 = 32 bit MBES/ALB intensity surface minimum 

60.52=32 bit MBES/ALB intensity surface maximum  

255=Largest integer supported by 8 bit image    (Costa, 2008) 
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Figure 38‐ Rescaled and masked MBES and ALB intensity rasters 

Once the data sets were ready, a broad spatial scale surface subtraction of the intensity 

surfaces was performed using ArcGIS Spatial Analyst Raster Calculator. The MBES  

surface was subtracted from the overlapping ALB surface, resulting in a raster output 

differences in relative intensity.  Summary statistics consisting of minimum, maximum, 

mean, and standard deviation,  were also generated for each intensity layer, including the 

subtracted layer, and charted for comparison. Datasets were compared quantitatively at 

the broad scale using Spearman's Rank correlations and Ordinary Least Squares 

regression.  Spearman's Rank was calculated using the open source Urban Analysis 

extension and toolbox.  Ordinary Least Squares was calculated via the ArcGIS Modelling 



80 
 

 
 

Spatial Relationships geoprocessing toolbox.  Similar to section 6.2.1, the statistical 

regime relied upon the sample locations, where the Extract Attributes to Points tool, 

appended intensity data to the sampling shapefile for calculation on SRC and OLS.   

 7.2.3 Characterization of Submerged Geomorphic Terrain via Benthic Terrain  
 Modeller (BTM) 

Multibeam echo sounding is known to produce high resolution bathymetry and 

backscatter ideal for characterization of seafloor geomorphic features and benthic 

communities. Within the last decade a standardized methodology has been developed, 

tested, refined, and peer-reviewed, resulting in a widely accepted set of geospatial 

analytical tools for submerged geomorphic terrain feature characterization. Developed at 

the University of Oregon, in conjunction with NOAA Coastal Services Center and ESRI, 

the Benthic Terrain Modeller (BTM) is an ArcGIS extension, consisting of a series of 

geoprocessing tools designed to quantitatively analyze variations in bathymetric datasets 

for the purpose of benthic terrain and habitat delineation.  It was hoped that the automated 

approach of BTM would allow for the replication of results by different researchers, using 

standardized quantitative descriptors for various classes, and thus eliminating conflicting 

results based on independent techniques, (Rinehart et al, 2004).  Bathymetric datasets are 

the submerged or sub-surface XYZ equivalents of terrestrial elevation datasets commonly 

used to create elevation models.  BTM uses a combination of spatial analysis algorithms 

to generate a series of intermediate grid products: Bathymetric Position Index, slope, 

aspect, and rugosity,  to define a final classification system for seafloor surfaces.  The end 

goal is to create a classification map, common to terrestrial remote sensing techniques, 

representative of geomorphologic and geologic features, and ultimately to make 
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inferences on substrate composition, biologic benthic community habitats and their 

congregations. 

Previous testing and methodologies as documented in CHS internal white papers(Finnis, 

2013), provided evidence of successful implementation of some BTM functionality for 

the development of composition and habitat classes using MBES bathymetry and 

backscatter in the Pacific region.  Those white papers, along with several peer reviewed 

papers as noted in the investigative goals section acted as reference and guidance for 

expanding research to both MBES and ALB datasets in the Quebec study site.  This 

methods section first looks to provide some background on BTM theory and algorithms, 

followed by procedures used for characterizing the study site MBES and ALB datasets.  

  7.2.3.1 Bathymetric Position Index (BPI) 

BTM inferences on bathymetry is based on BPI.  The rationale behind BPI is to 

quantitatively describe  and ultimately classify bathymetric data sets into subsurface 

topographic-like features, based on a cells Z value as compared to surrounding cells 

within a defined annulus or neighbourhood.  The resultant output map is comprised of 

geomorphological features like crests, depressions, flats, and slopes.  The measure 

originated as the topographic position index (TPI), (Weiss, 2001), but was subsequently 

expanded and modified for subsurface interpretations by (Rinehart et al., 2004).   The 

bathymetric position index (BPI) algorithm is as follows: 

	 , , , .5 (2)  
       

Scalefactor= outer radius in map units*bathymetric data resolution 

irad=inner radius 
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orad=outer radius of annulus in cells 

bathy=bathymetric grid      Lundblad, (2006) 

 

Input bathymetric datasets are subjected to neighbourhood analysis functions, computing 

the BPI raster output. The neighbourhood or annulus surrounding a location is user 

defined or customizable and results in varied outputs correlated to its size and the 

bathymetry density within the neighbourhood (Figure 39). 

 

 

 

 

 

Figure 39-BPI radius definition, Courtesy of OSU 

Defined inner and outer radii, often referred to as annulus surround a bathymetrically 

derived grid cell and are used to calculate mean elevation within the cells neighbourhood, 

and subsequently whether the cell is above the mean, therefore a ridge, or below the 

mean, thus a valley.  A ridge is defined by the following equation 

0	 , while a valley is defined by 0	 .   
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Figure 40‐BPI ridges and valleys function, (Weiss, 2001) 

These neighbourhood analysis functions determine BPI values, where positive outcomes 

are classed as ridges, and negative outcomes are classed as valleys (Figure 40).  Where 

calculated BPI values are near zero, two outcomes are possible. Where BPI outcomes are 

close to zero, areas are classed as either flats or areas of constant slope, as defined by 

~ ~0.   

 

 

 

 

 

 

Figure 41- BPI Slope function, (Weiss, 2001) 
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To differentiate between flats and areas of constant slope, BTM compares BPI values 

near zero with a slope raster during the classification phase to distinguish between a flat 

area and one of constant slope.  Constant slope is defined where the slope of the point is 

significantly greater than zero, although BPI output was near zero (Figure 41), (Weiss, 

2001). 

Within the BTM workflow two types of BPI datasets are generated.  Course or Broad-

scale BPI uses larger radii when defining the neighbourhood function, and are designed to 

identify and define larger geologic features based on associated bathymetry as a predictor 

of seafloor terrain, (Figure 42).  Previously tested radius sizes can be found in related 

literature, but trial and error of various scales may be necessary depending on variability 

within user specific bathymetry.  The correlation is that the scale factor should be roughly 

the same size as the geomorphic features being identified.  Scale factor is determined by 

the raster cell size multiplied by the user defined outer radius.  Within the context of 

broad scale, if a ridge is 500m in width and the bathymetry cell size is 2m, the outer 

radius is defined at 250, thus deriving a scale factor of 500.  BTM documentation states 

that the inner radii are commonly defined at 1/10 of the outer radius, therefore for the 

above example would be set to 25.   Since bathymetric data points tend to be more 

spatially related to other points in closer proximity, than data points further away, as 

noted in (Weiss, 2001), resultant BPI values are smaller in larger neighbourhoods as 

localized variations are averaged across the larger neighbourhood.    
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Figure 42‐Broad‐Scale BPI outcomes, (Rinehart et al, 2004) 

On the other hand, fine-scale BPI neighbourhood functions are constrained to smaller 

radii around a given location, and are designed to identify and define more subtle or small 

variations within localized seafloor bathymetry (Figure 43).  Resultant BPI values in fine-

scale analysis tend to be larger, as smaller neighbourhood radii are used, allowing for 

characterization of less pronounced geologic features.   

 

Figure 43‐Fine‐Scale BPI outcomes, (Rinehart et al, 2004) 

As bathymetric data and raw broad and fine scale BPI outputs tend to be spatially 

autocorrelated, standardization allows for classification at almost any scale, while making 

a comparable output, Weiss (2001).  Within BTM both the broad and fine outputs must be 

standardized independently before combined in a final output.  This is accomplished with 

the Standardize BPI tool, which is rooted in statistical theory, creating normally 

distributed data with a mean value of 0 and a standard deviation of (-100/+100).  These 

normalized datasets ease future construction of classification parameters within BTM 

classification dictionary.  The BTM workflow combines the broad and fine scale BPI 



86 
 

 
 

outputs to generate a standardize BPI grid incorporating fine features into the spatial 

heterogeneity of seafloor terrain features.   

7.2.3.2Rugosity 

BTM now incorporates two distinct algorithms to calculate rugosity.  The first of which, 

developed by Jeff Jenness,  represents the ratio between the surface area and planar area 

of adjacent rasterized bathymetric cells. In essence, it gives an indication of roughness or 

'bumpiness' of the terrain, and is derived through vector analysis of the variation in 3-

dimensional orientations of grid cells, (Verfaille etal, 2007).   Similar to the 

neighbourhood analysis function used to calculate BPI, the Surface Area to Planar Area 

tool uses a 3x3 grid, a total of 9 cells, to determine a value for the central cell.  The 

multistep process begins with the formation of 8 triangles, whose planar distance between 

the centre points of the 8 surrounding cells and the centroid of the cell of interest are 

calculate (Figure 44).  Following this, Pythagorean theorem is applied to compute  

surface area of the triangles using the difference in elevation between the cells, resulting 

in 8 triangular surface area grids.  The triangles are truncated by the central cells 

dimensions, where then the remaining areas are calculated and summed  for comparison 

with the planimetric area of the central cell.  The resulting output is similar to a 

triangulated irregular network (TIN) made of cells representing the ratio of surface area 

and planar area.  Outputted values, typically in the range from 1 for flat surfaces to 1.5 for 

areas of high variation, have been previously correlated to seafloor terrain, therefore is a 

powerful component of the classification schema.  Barren, and relatively smooth seafloor 

terrain is consistent with a low rugosity co-efficient, while variability in shape of 



87 
 

 
 

vegetative marine growth, including coral typically exhibit a high rugosity co-efficient, 

Mitchell & Greene. 

 

Figure 44‐Rugosity Calculation Process, courtesy of OSU 

The second rugosity tool provided in BTM is Terrain Ruggedness (VRM).  A newer 

addition to the BTM toolset, the Vector Ruggedness Measure computes rugosity by 

computing the three-dimensional orientation of grid cells within a user defined 

neighbourhood.  Vector analysis calculates vectors orthogonal to grid cells essentially 

interpreting slope and aspect in a single tool (Figure 45).  Originally created and tested by 

Mark Sappington for quantification of landscape ruggedness for terrestrial animal habitat 

analysis, (Sappington, 2005), the tool has now been adapted and is recommended for 

submerged terrain rugosity calculations.  The raster outputs range from 0, representing no 

terrain variation, to complete terrain variation represented by 1, with real world 

bathymetry and raster grids exhibiting values somewhere in-between.   
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Figure 45‐ Vector Ruggedness Measure (VRM), courtesy BTM Help 

7.2.3.3Terrain Classification  

Terrain classification is accomplished in the BTM with the use of a customizable 

classification dictionary.  A default dictionary is supplied in BTM, but allows for 

spreadsheet editing within the excel environment allowing for customization of 

classifiable terrain types and their parameters as correlated a particular study area(Figure 

46).  From the perspective of standardized methodologies, the user friendly classification 

dictionary allows for repetition of results and the sharing of parameters between 

researchers.  The BPI equations typically produce four broad types of relief: Crests or 

Ridges, Depressions or Valleys, Flats, and Slopes.  Based on (Lundblad, 2006) schema, 

Crests or ridges are defined as high points relative to surrounding terrain as defined by 
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positive BPI values greater than one standard deviation from the mean.  Depressions or 

valleys are defined as low points relative to surrounding terrain as defined by negative 

BPI values greater than one standard deviation from the mean.  Flats are defined by BPI 

values near zero that are within one standard deviation of mean, and have a slope of less 

than or equal to 5 degrees.  Finally slopes are defined by BPI value near zero  that are 

within one standard deviation of the mean, and have a slope of greater than 5 degrees.  

Varied complexity ensues as fine BPI localized structural definitions further subdivide the 

four zone or regional broad scale classes.  This is exemplified in (Figure 47), a BPI based 

classification decision tree.  In this example a total of 13 structural classes were derived 

from subdivided fine BPI values creating a comprehension classification for a wide range 

of geomorphic subsurface features.   

 

Figure 46‐Classificaiton Dictionary in Excel Spreadsheet 
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Figure 47‐ BPI Based Classification Decision Tree, (Lundblad et al.,2006) 

7.2.3.4 BTM Procedures, Workflow, and Model Building 

For the Quebec study site, both MBES and ALB datasets were run through BTM using 

the  extensions designed workflow and methodological framework presented in (Figure 

48).  Comparison of data types was possible due to the fact that bathymetric datasets were 

of like spatial and geometric extent, as described in section 6.2.1.  Before running the 

modeller, both data sets were run through the ArcMap low pass filtering tool, as to 

smooth the data and remove outlying anomalies.   

 BTM was downloaded, installed and added as an available ArcGIS extension, granting 

access to the toolsets and algorithms.  Intermediate derivatives were generated, creating 

raster outputs for Broad and Fine BPI, Slope, and Rugosity (Figure 49).  Broad scale 

inner and outer radii of 25 and 250 were selected, thus creating a scale factor of 1000 as 



91 
 

 
 

the bathymetry has a 4m resolution.  Fine scale inner and outer radii of 4 and 25 were 

selected, creating a scale factor of 100 for finer features.  Rugosity layers using both 

algorithms were generated as at least a visual comparison of methods was warranted.   

The BPI values were then standardized with the Standardize BPI tool, normalizing the 

data to fit accepted parameters within the classification dictionary.  Two different 

classification dictionaries were tested, the first was derived from the Lundblad decision 

tree (Figure 47) and transferred to excel (Figure 46) for use in BTM.  A total of 13 

structural classes were defined as noted in column B of the spread sheet. The second 

dictionary was based off of definitions described in (Heydorn, 2008). Again, 13 structural 

classes were generated, however, differing nomenclature and associated parameters based 

on BPI and slope output were used (Figure 50).  As BTM usage can often require 

numerous trial and error iterations using varied BPI parameters, a goal of this study was 

to improve upon the BTM workflow and expand and further refine supplied default 

ArcGIS ModelBuilder examples.   Within the ModelBuilder environment the BTM 

workflow was expanded to incorporate the generation of other geoprocessing outputs 

such as hillshades, and contours.  These layers would be deemed useful for qualitative 

analysis of end BTM products (Figure 49).  Additionally, the classification process was 

duplicated for the purpose of generating both broad scale and fine scale terrain 

classifications.  Next, an attribute field, linking nomenclature to derived classes was 

created using geoprocessing tools and a simple VB script (Appendix 1).  This was done as 

13 classes within the fine scale could be challenging to interpret based on randomized 

colour palettes, as depicted in ArcMap. Finally, by defining input parameters as 

modelling parameters within the ModelBuilder environment, the GUI for the tool allowed 
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for quick experimentation in changes to BPI inner and outer radii and scale factors.  The 

BTM model created for this study is illustrated in (Figure 51).  

ALB and MBES bathymetric datasets consisting of only areas of coincidental overlap 

were run through BTM as to remain consistent with the spatial extent used for the 

comparative metrics analysis.  Similar to sections above, BTM classes were extracted to 

the sample points shape file that was generated randomly.  The output BTM classes were 

compared statistically using Spearman's and OLS.  The hypothesis being, that statistical 

gains could be made when comparing ALB classes to MBES classes, therefore showing 

that ALB datasets can be used within BTM and produce mapping products of similar 

quality to MBES.   Upon review of statistical correlations for areas of overlap, the 

complete ALB and MBES datasets were merged using the Mosaic To New Raster 

geoprocessing tool.  The output cell value of the overlapping areas were the average of 

the depth values of the overlapping cells. The more complex 13 class structural 

classification dictionary was then run on the merged data set to exhibit proof of concept 

of the merger of two sensor types, as well as, qualitative evaluation of the output. The 

output classification raster were visualized in ArcScene and ArcGlobe for 3-dimensional 

viewing. The rasters were displayed with reduced transparency and draped over shaded 

reliefs, with contours.  This was done in accordance to qualitative methods presented in 

(Costa, 2008), as to visually check interpreted classes against 3-dimensional terrain 

features, thus determining the accuracy of BPI parameters. 
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Figure 48‐Classification workflow, (Rinehart et al.) 

Figure 49‐Intermediate Derivitive Layers  

(a) BPI Output      b) Rugosity 
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c) Slope            d) contours and hill shade 

Figure 50- Heydorn based Classification Dictionary 
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Figure 51 - BTM Model workflow 
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7.3 Texture Analysis and Substrate Classification 

Exploration of methodologies for the determination of seafloor substrate composition and 

benthic communities from remotely sensed data is of top priority and highly relevant for 

hydrographic organizations and coastal management at large.  Physical surveys, 

collection of underwater video via scuba or unmanned vehicle are expensive operations to 

implement and have low rates of coverage.  Captured spectral responses from both 

passively collected imagery like optical satellite, or the reflected strength or backscatter 

intensity from active acoustical or optical sensors like MBES and ALB, have been used 

as a proxy to characterize substrate regimes over large areas.  Several methodologies have 

been tested against in situ physical or video evidence as means to validate classification 

parameters used to define regional compositions, and had great success.  For the purposes 

of this thesis two methodologies were tested as proof of concept, as adequate ground truth 

evidence required to validate the results were not available.  Therefore results could only 

be evaluated from a qualitative perspective, as well as, a comparison of performance 

between sensor types: MBES and ALB.   

The first classification methodology reviewed had been previously tested, (Finnis, 2013) 

at CHS regional offices using both bathymetry and MBES backscatter as means of 

performing seafloor characterization.  Internal CHS documentation provided a GIS 

methodological framework to test both MBES and ALB datasets in the Quebec study site.  

The first of methodology is derived from the assumption that high degrees of bathymetric 

variation reflect acoustic energy away from the receiver or sensor head, making 

inferences of composition difficult for these regions.  Therefore, the separation of these 

rough areas within the dataset allow for the remaining smooth areas to be defined based 
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on accurate backscatter strength. Based on (Mitcallef et al., 2012), the separation of rough 

and smooth areas on the seafloor hinges on the standard deviation of slope gradient.  In 

that, standard deviations of the slope gradient >=1o have high bathymetric variability and 

are therefore bedrock or rough surfaces, and deviations of slope gradient <1o are smooth 

surfaces, where further characterization can be inferred from backscatter strength.  Low-

pass filtering and the Block Statistics tool in ArcGIS were applied to calculate standard 

deviation of bathymetry derived Slope layers.  The Reclassify tool was then used on the 

resultant Block Statistics layer to define areas of slope greater than or less than 1, as to 

define the proxy representing bedrock.  The grid code for bedrock or rough surfaces was 

defined as 0, while all other surfaces were defined as 1.  This would allow for the 

separation of rough bedrock surfaces from smooth surfaces, as per Mitcallef et al and 

CHS internal notes, and be used for combining datasets during final raster calculations. 

To streamline this process ArcGIS ModelBuilder was used to create a workflow linking 

the various geoprocessing tools, and allowing for user manipulation of parameters (Figure 

53). 

Once this was accomplished, attention could be focused on the backscatter datasets for 

definition of smooth surfaces and composition types.  For scientific definition of substrate 

composition, CHS utilizes a composition matrix, (Folk,1954),to categorize grab samples 

or physical ground truthing from the seafloor.   The Folk classification system classifies 

varying percentages of gravel, sand, and mud, into types, (Figure 52).   
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Figure 52- Folks (1954) Classification System 

Widely accepted within the hydrographic surveying community, the Folks classification 

schemes based on three criteria as means to classify sedimentary rock samples.  The first 

being grain size, which is used to differentiate gravel, sand, and mud, based on median 

diameter of each size present.  A total of fifteen major textural groupings are defined 

within the matrix (Figure 52-left).   These sedimentary rock textural groupings are then 

further subdivided into one of four stages textural maturity.  The stages are defined by 

geologic depositional layering and erosional processes.   An immature, sub-mature, 

mature, and super mature stages are characterized by the sorting (poorly to well sorted)of 

constituents and the angularity of the rocks (angular to well rounded).  Simply stated, the 

maturity of depositional sediments gradually changes over time, in that sediments become 

sorted based on grain size, in combination with the grains themselves becoming more 

rounded in appearance.  Finally, the third part of the Folks classification scheme uses a 

mineralogical basis for classification of the sedimentary layers, with eight classes based 

on silt, sand, and gravel ratios, independent of clay content (Figure 52-right).  Using this 
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classification scheme a final three part rock sample name would consist of a grain size, 

textural maturity, and mineral composition.  Previous CHS field work and subsequent 

database definitions have utilized a simplified three or five class sediment classification 

scheme for characterization of smooth seafloor samples.  More recently, a simplified 

classification scheme called the Gary Greene Classification Scheme (Greene, 1999) was 

developed as an attempt to create a universally useful classification scheme for 

characterization of deepwater habitats.  Standardized descriptors for geophysical and 

biological data were generated for use across scientific disciplines. Substrate textures or 

composition classes within a modified Gary Greene Classification Scheme may be 

defined as follows: 

- Organic Debris (coquina; shell hash; drift algae 

- Mud (clay to silt; grain size < 0.06 mm) 

- Sand (grain size = 0.06-2 mm) 

- Grave1 (grain size = 24 mm) 

- Pebble (grain size = 2-64 mm) 

- Cobble (grain size = 64-256 mm) 

- Boulder (grain size = 0.25-3.0 m) 

- Mixed Sediment (combinations of all of the above) (Gary Greene, 1999) 

As no valid ground truthing existed for the purposes of this study, a total of three smooth 

sediment classes were defined as substrate 1, 2, and 3, based on graphical visualization of 

the backscatter datasets, and associated signature strength separation within the respective 

MBES and ALB datasets.  Iso Cluster Unsupervised classification in ArcGIS was tested 

on backscatter imagery, dividing classes based on statistical breaks in intensity values, 



100 
 

 
 

and then associating grain size composition with expected levels of increasing 

reflectance. As per previously tested methodology, smoothing the datasets with low pass 

filtering, as well as, averaging the datasets to remove further noise with the Focal 

Statistics tool was tested before running Iso Cluster.  However, the technique was 

abandoned and replaced with the Reclassify tool, which allows for the manual definition 

of classes based on user inputs.  This was done, as results from Iso Cluster still required 

significant manual editing, while Reclassify was more flexible regarding user defined 

classes.  Similar to steps taken to edit the grid code of the bedrock layer, the resultant 

substrate layer classes were edited so that substrates were identified as 1, 2, and 3.  The 

bedrock layer, based on bathymetry derived slope, and smooth surfaces based on 

reflectance were then multiplied together using Raster Calculator. This process inserted 

areas defined as bedrock back into the overall classification regime, creating a 

composition output with a total of 4 classes.  Again, to streamline the methodology 

ArcGIS ModelBuilder was used to create a model linking required geoprocessing tools 

needed to reclass the substrate imagery and combine the bedrock layer created earlier, 

outputting the final composition (Figure 54). The resultant output was then draped over 

various datasets, including hillshades and backscatter, to verify the accuracy of the 

classes.   

Resultant substrate classes based on Iso Cluster could not be compared in similar 

quantitative fashion as BTM output classes were, as no correlation between backscatter 

and intensity were found.  Enhanced ground truthing would be required.  However, areas 

of bedrock could be compared as bathymetries were correlated, using the statistical 

regime. Generalized Classification Workflow 
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Figure 53‐Bedrock Model Workflow 

 

Figure 54‐Smooth/Substrate/Composition Workflow
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The second substrate methodology tested follows previous research in texture analysis 

techniques, while creating a geoprocessing framework for supervised algorithmic 

classification in ArcGIS.  Previous research like (Heydorn, 2008), (Blondel, 2001), 

(Lanier, 2006), (Micallef et al. 2012), and internal CHS documents, provided the 

theoretical understanding and ArcGIS modeling steps required to perform the 

classification. A collaborative partnership with Dr. Philippe Blondel from Bath University 

granted access to the proprietary software TexAN for processing backscatter imagery, and 

generation of applicable indices.   

Sonar datasets utilize gray scales or levels to visually depict signature strength. The 

definition of physical processes and surface features via tonal properties is challenging, 

thus textual properties of a neighbourhood help describe the spatial organization of the 

grey levels (Blondel, 2001).  Differing textural properties of a given neighbourhood, such 

as rugosity, size, and randomness has been shown to be best quantified through the use of 

grey-level co-occurrence matrices (GLCMs) (Lanier, 2006). A series of co-occurrence 

matrices quantify the frequency of grey levels within a specified distance and angle from 

a selected pixel in an area of interest.  Computational parameters required to calculate the 

GLCMs included the number of grey levels (NG), the window size (WD) around the 

selected pixel, and inter-pixel displacement (SZ).  Co-occurrence matrices work by going 

through an image, looking around a window centred on a current pixel, where then the 

number of times a grey level of that pixel is co-occurent to another pixel with another 

grey level within a specified inter pixel displacement away, and finally quantize it within 

an element. Simply stated, GLCMs elements count the number of times things occur 
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together. For example, if you have a raster image with only 8 grey levels, the resultant 

grey-level co-occurrence matrix (GLCM) would be a matrix of 8 x 8 elements. If we 

count the rows as i (index varying from 1 to 8, if we have grey levels), and the columns as 

j (from 1 to 8 too, as we have grey levels), each element GLCM(i,j) would be the number 

of times a pixel with grey level i is SZ pixels away from a pixel with grey level j; this 

means of course that GLCM(j,i)=GLCM(i,j) (Blondel, 2015). 

To reduce the impact and influence of angular ensonification, co-occurrence matrices are 

typically computed and averaged for pixel neighbourhood angles of 0, 45, 90, 135 

degrees.  The most successful GLCM indices for characterization of substrate from sonar 

imagery have been entropy and homogeneity (Micallef, 2012). Entropy measures the lack 

of spatial organization inside the region where the GLCM was computed, where as 

homogeneity quantifies the direct proportionality of local similarities inside the 

computation window (Blondel, 2001).  Equal occurrences of frequency or high entropy is 

correlated to rougher textures, while homogeneous signatures, thus low entropy, are 

attributed to smoother textures.  Homogeneity indices help differentiate between smooth 

sediments, and representative of homogeneous backscatter or few grey levels within the 

computational window (Blondel, 2001).Raster outputs for entropy and homogeneity were 

generated to then be used to develop the signature classes.  This constitutes a brief 

introduction to GLCM, and should be noted that textural analysis was carried out by Dr. 

Blondel with TexAn. Selection of the test site for proof of concept was based on 

overlaying ground truthing.  A CHS MBES survey of the Labrador coast from the 

summer of 2014 was selected for texture based substrate classification.  A 1000 pixel by 
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1000 pixel area was clipped for analysis, along with 6 prospective training sites of 100 by 

100 pixels (Figure 55).  

 

 

 

 

 

 

 

 

 

Figure 55‐Textural Analysis Study Site (above), 6 training sites with overlaying ground truthing in green 
(below) 
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Ground “truthing” was conducted during the survey transects, where a series of grabs 

provided confirmation of substrate type for the six training zones. The samples were 

analyzed, documented, and photographed (Figure 56).For training zones (TZ) 1 and 5 

large rocks were not brought to the surface.   

 

Mud/Clay (TZ6)                      Pebbles (TZ3) 

Figure 56‐ Grab Samples 

 

Mud (TZ2)          Mud (TZ4)       

The creation of textural indices required a number of pre-processing steps and 

intermediate quality control checks to ensure validity of the resultant outputs.  Firstly, the 

original 32bit TIFF images, which had values in dB, were converted to 8-bit grey level 

TIFF.  The overall range of the 32bit study site TIFF was (-58 to 0 dB) and was linearly 



106 
 

 
 

mapped when converted to 8 bit (0 to 255) or approximately 0.3 dB per grey level.   A 

comparison of the image in dB, and the histogram of dB values, to the image in grey 

levels and the histogram of grey levels was performed to verify the 1000 x1000 pixel 

study site and each of the six 100 x 100 pixel training zones were not affected by the 

conversion (Figure 57). 

 

Figure 57 ‐ 32bit dB to 8bit grey level histogram comparison 

The value of 0.3 dB per grey level held future importance when analyzing variations 

throughout the data sets.  It is unlikely that accuracy of the sonar is as subtle as 0.3 db, 

and more than likely corresponds to noise of the instrument or acquisition of the data 

(Blondel, 2015).  The result was that textural calculations up to 256 grey levels were not 
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needed, as variations greater than or more than one grey level or 0.3dB at a time would 

hopefully detect textural changes.     

Entropy and homogeneity for the six training zones were calculated with the using a 

combination parameters of moving windows of size a WD x WD pixels, which were 

resampled onto (NG) grey levels, and grey level co-occurrence matrices (GLCM) were 

calculated in all orientations, while looking at inter-pixel displacements of (SZ) pixels.  

Due to TexAn automation it was possible to compute outputs for the full 8bit TIFF 

(NG=256), as well as, NG=128, 64, 32, 16, and 8.  It should be noted the grey levels of 

256 and NG=8 are typically unusable due to  noise in the data set or inaccuracy of the 

sensor, or in the case of 8 grey levels the dataset is too rough to detect textural changes 

when the dB range is converted to only 8 grey levels.  For window size (WD) Texan used 

window sizes of WD = 10 , 20,  30, 40, 50, 60,  70 and 80 pixels.  The smaller windows 

(10 x 10 pixels) were barely large enough to see more than speckle variations, but were 

used as they might still be large enough to detect textural characteristics of each terrain.  

Smaller WD means more of these windows can be fit into each respective 100 x 100 pixel 

training zone; in the case of WD =10 this corresponds to 90 x 90 = 3,600 textural 

measurements. This is large enough to be statistically significant when comparing 

regions. As the window size WD increases, a smaller portion of the training zone is used 

for analysis, down to a minimum value of 20 x 20 windows for the case of WD = 80.  

However this still results in 400 textural measurements and is still considered to be 

statistically significant (Blondel, 2015).   



108 
 

 
 

Inter-pixel displacement (SZ) represents the distance over which we compute the number 

of co-occurrences, and is dependent on window size (WD).  A SZ value starting point of 

5 pixels was selected in TexAn. Inter-pixel displacement SZ = 5 pixels means textural 

variations over very small scales, 5 pixels = 25 m on the ground were analyzed, in hopes 

of detecting regions with more small-scale variations. Conversely, higher values of SZ 

looked further away, favouring larger-scale variations.   Previous research has alluded 

that SZ values larger than WD/2 do not typically yield any useful information (Blondel, 

2015). In total TexAn tested 384 combinations of NG, WD, SZ for the 6 training zones.  

A series of SYNTH (synthesis) plots for each Training Zone were produced, based on 

parameters of NG, WD and SZ (Figure 58). 

Figure 58‐ SYNTH plot example for training zone 1 
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The plots depict (first row, from left to right): the original image, with unscaled colormap; 

the entropy image and the homogeneity image; (second row, from left to right), the 

histogram of grey levels in the original image, the histogram of entropy values, the 

histogram of homogeneity values. These plots enable the user to check how much of the 

image is actually covered by the windows and if they are covering areas of textural 

interest.   

A plotted graphical comparison of entropy versus homogeneity outputs was then 

performed on the training zones across all the various combinations of NG, WD, and SZ.  

The objective was to distinguish clustering of training zone textures  (i.e. rock textures 

stay close to rock textures, mud textures stay close to other mud textures, etc.) as various 

parameters change throughout the computations.  The graphical plots illustrated the 

known inability of NG =8 and 16 to pick up subtle textural variations and were discarded 

from further consideration (Figure59).   

 

Figure 59- Entropy vs. Homogeneity graphical plots for training zones using NG = 8 and 16 
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It was found that clustering began to make sense from NG =32 grey levels to NG = 128 

grey levels, with NG = 256 grey levels again being disregarded as variations of 0.3 dB is 

beyond accepted accuracy of any sonar. It should be noted that noticeable tails in the 

various clouds can be attributed to transitions between data within the training zones and 

areas of no data.  The 100 x 100 pixel training zones did not all contain data within each 

pixel, due to the shape of the study site as compared to a perfect square clipped to act as 

the training zone, thus tails are present in the plots, and interpretations should focus on 

the body of the clouds. As analysis progressed, plots with specific combinations of NG, 

WD, and SZ depicted adequate separation in clouds, mostly when WD increased, which 

correlated to fewer textural measurements in the centre of the training zone. The entropy 

vs. homogeneity plots interpretation resides in understanding that entropy is the 

measurement of roughness, where smaller the value the less rough the texture, while 

higher the value, the more rough the texture.  The graphical plotting of homogeneity is 

actually inverse homogeneity, where lower values are correlated to higher levels of 

spatial organization, while higher values represent increased textural disorganization.  

The inversion is a result of the homogeneities mathematical definition, resulted in values 

always being negative (Blondel, 2000).  The plot for NG64WD60SZ5, which consist of 

64 grey levels, computed over windows 60 x 60, across small scales of 5 pixels, illustrates 

clustering of training zone clouds (Figure 60).    
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Figure 60‐NG64WD60SZ5 plot 

With these parameters TZ1 and TZ5 (rocks) show high degrees of homogeneity with 

intermediate degrees of entropy.  Varied degrees of roughness or entropy between TZ1 

and TZ5 may be due to rock type, but without video or sampling evidence this is only 

speculative.  TZ3 (pebbles) is slightly more organized than rocks, possibly attributed to 

their size resulting in a higher degree of spatial organization as underlying substrate may 

also be picked up by sonar (Blondel, 2015).  TZ2 and TZ4 (mud) are more organized than 

pebbles, which is consistent with compaction of substrate and reduced grain size, 
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however it is unclear why they have higher entropies.  TZ 6 (mud/clay) exhibit similar 

levels of homogeneity as TZ 2 and TZ4, but is less rough or shows lower entropies.  

Similar patterns held true as analysis continued on plots for with increased WD (i.e. 70, 

80).  Review of plots with more grey levels, such as NG=128, showed an introduction of 

more noise to the clouds.  With this number of grey levels each level corresponds to 

0.6dB, possibly too accurate for the sonar, resulting the noise, where NG=64 may be 

more realistic with each level representing 1.2 dB (Blondel, 2015). 

Once a particular combination of parameters had been deemed to best separate out 

substrate via texture, the entire study site image was run through TexAn with similar 

parameters in order to generate individual entropy and homogeneity rasters (Figure 61).   

 Figure 61‐ SYNTH plot for entire study site   
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It was these final rasters that were used in subsequent ArcMap classifications.  Out of 

completeness and for my education Dr. Blondel generated outputs for every combination 

of NG, WD, and SZ, even though very few would be imported into the GIS.  Finally, a 

plot of TZ entropy and homogeneity overlaid on the entropy/homogeneity values (in 

black) for the entire mosaic was generated, depicting variations throughout the entire site 

(Figure 62).   

 

Figure 62‐ Training zones overlaid on Study Site 
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Entropy and homogeneity layers were imported into ArcMap, where multivariate 

statistics were generated and input into the Create Signatures tool to help define different 

substrate types as described and adopted from  (Heydorn, 2008 and Micallef et al, 2012).  

Six training sites of 100x100 pixels are created around each ground truth sample, similar 

to the creation of training zones for TexAn, and acted as the boundaries for the signatures 

file.  The signature file consisting of entropy and homogeneity statistics were further 

input into a clustering algorithm to differentiate derived substrate classes.  Maximum 

Likelihood algorithm has been the choice clustering algorithm in previous studies, with 

the intended goal of adequately differentiating and clustering data point values of input 

signatures to divide into resulted classes.  A total of six substrate classes were created 

based on the TexAn indices.  

7.4 Derivation of Bathymetry from World View 2 Imagery 

Methodologies implemented to derive bathymetry from satellite imagery mostly followed 

the procedural steps outlined in the IHO-ICO GEBCO Cook Book.  The key steps are 

outlined as the following: 

 

1. Pre-processing– Satellite imagery are downloaded based on site selection.  

Unfavourable environmental conditions are assessed for image viability (e.g., cloud and 

shadow, ice, and sun glint)  

2. Water separation– Terrestrial landmasses are removed from imagery via geo-

processing.  
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3. Spatial filtering– ‘Speckle noise’ or anomalies within imagery are removed using a 

spatial “low pass” filter.  

4. Glint/cloud correction– The Hedley algorithm (Hedley et al. ,2005) is used to correct 

radiometric contributions from sun glint and low clouds present in the imagery. ( *This 

step was avoided on advice from the lead author of the SDB section of the cookbook).  

This meant that only cloud and cloud shadow free imagery were utilized for the study.   

5. Applying the bathymetry algorithm– The bathymetry is calculated using the Stumpf 

algorithm (Stumpf et al. , 2003) on the blue and green bands via geo-processing tools 

within  a GIS (ArcGIS TM) environment.  

6. Identifying the extinction depth– The optic depth limit for inferring bathymetry (also 

known as the extinction depth) is calculated through interpretation of scatter plots. 

7. Vertical referencing– A statistical analysis between the algorithm values relative to 

the chart soundings references the derived bathymetry to a known vertical datum.  In this 

case, one metre contours derived from ALB were used to define the datum, as historical 

nautical charts for the area were deemed inaccurate with up to 150m uncertainty in the 

horizontal.  

         

      (IHO-ICO GEBCO Cook Book, 2013) 

 

Pre-processing began with opening the individual TIFFS files that comprised each 

acquisition day supplied by DigitalGlobeTM.  The CHS ALB and MBES datasets were 

overlaid within a GIS environment, guiding the study site selection process. ALB 
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sounding datasets would act as the vertical reference for derived SDB, therefore overlap 

was crucial and of primary concern.  After compromising environmental factors (cloud, 

shadow, snow, and ice) were evaluated, four test sites passed the selection process.   Test 

sites were named after the respective CHS MBES surveys in the same location:  Pipit 

SW, SE, Plover S, and SE.  Global MapperTM was used to clip imagery extents around 

ALB dataset boundaries that had already been filtered to contain below water level (0m) 

or below water soundings only. 

The remainder of the cook book procedural steps were completed henceforth in 

ArcMapTM.  The required spectral bands 1 2,3, and 8; coastal, blue, green, and Near IR-2 

respectively, were opened one at a time, and then exported individually as 16 bit TIFF 

files.    The Coastal Blue (Band 1) was also exported for comparative testing against the 

Blue (Band 2) outputs.  The purported benefits of the additional depth penetration of the 

Coastal Band presented within private sector white papers was contradicted in separate 

academic testing.  Therefore, it was deemed of value to test and analysis SDB outputs 

derived from each band configuration.  

To isolate the below water submerged landscape, the terrestrial landmasses -coastline and 

islands, were removed  using the proprietary geoprocessing tool of ArcGISTM : 

Conditional Set Null.  The assessment and determination of a spectral signature threshold 

between land and water relied on Band 8 or Near IR-2.  The near IR portion of the 

spectrum (860 to 1040nm) is mostly absorbed by the water column, reflecting back very 

little spectral response, and therefore represented as black within the imagery.  The 

cookbook documents three ways to interpret a spectral threshold: identifying pixel values 

individually, drawing an interpolation line transecting land and water, and viewing the 
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histogram of the WV-2 band 8 raster.  All three methods were tested, with histogram 

viewing being the quickest and it allowed for visualization of the entire pixel distribution 

(Figure 63). 

 

Figure 63‐Determining land/water threshold. Line Interpolation (left), Histogram (right) 
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Within the transect profile and histogram the drop off in spectral response was quite 

apparent and easily defined.  The threshold was noted and used as an input parameter 

within the Conditional: Set Null geo-processing tool. To semi automate a number of the 

successive geo-processing steps outlined in the "cookbook", ArcGIS Model BuilderTM 

was used to create the SDB Model,  linking the tools together, streamlining the procedure 

and allowing for efficient generation of SDB for all test sites (Figure 64).   

Figure 64‐ SDB Model. From Float to Bathymetry Algorithm output 

The clipped TIFF files were run through intermediate steps, converting the raster pixels to 

float-point representation, followed by a low pass filter  to reduced noise and anomalies 

by smoothing the datasets.  The output filtered IR Band acted as the input to the 

conditional raster. The previously determined water/land threshold value was then used to 

define the SQL expression that nullifies or removes land masses from both the filtered 

blue and green band imagery.   The created SDB model, which resides in an 
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ArcCatalogTM toolbox, allows for quick input of imagery and alteration of land removal 

threshold values via a GUI dialogue box (Figure 65).   

 

Figure 65- SDB Toolbox Dialogue 

The bathymetric algorithm results were overlaid on NTS map sheets and the WV-2 

imagery.  A "stretched" single colour ramp was assigned to the output, where then a 

visual assessment compared the results to bottom reflectance visible in the WV-2 blue 

and green imagery.  The bathymetric algorithm output then required the determination of 

extinction depth and referencing algorithm values to  known or historical bathymetric 

soundings.  To accomplish these two steps in a timely fashion, the methodologies 

presented in the "cookbook" were expanded to utilize the functional power of the GIS.  

One metre contours were generated from the ALB data set, and overlaid on the (Stumpf et 

al. ,2003) algorithm outputs.  A free ArcGIS extension known as ET GeoWizards was 

used to convert polyline to points, where a point was generated at the midpoint of each 

contour line. 
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This process quickly generated sample sizes of depth points in the thousands, based on 

ALB 1m incremental contours (Figure 66).  The "Extract Values to Points" geo-

processing tool was used next to extract the cell values of the bathymetric algorithm 

raster, based on the location of the sample points outputting a new point shape file with a 

database table containing both ALB contour depths and (Stumpf et al. ,2003) algorithm 

values.  This .dbf was exported as an Excel spreadsheet for extinction depth calculation 

and vertical referencing.        

 

Figure  66‐  Generated  sample  points  (green),  1m  contours  (red),  bathymetric  algorithm  (blue  colour 

ramp) 

In Excel,  the bathymetric algorithm values for approximately 30 to 40 samples for every 

metre of increasing depth contoured, were averaged, totalling more than a thousand 

samples per test site.  The rationale for expanding sample sizes was rooted in the 

statistical requirement that greater sample sizes  yield greater degrees of freedom for the 

estimation of the deviations and error, and therefore increasing the reliability of the 

estimates.   The averaged (Stumpf et al. ,2003) values were plotted against corresponding 

water depths from ALB contours, allowing for a qualitative assessment of extinction 
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depth (Figure 67).  Once extinction depth for each test site was determined, depths 

beyond the threshold were removed from a regression analysis as to avoid introducing 

error from water column scattering.  The illustrated results presented in this section 

indicate that there are very high Correlation Coefficients and coefficient of determination 

(R2) in the linear trend equation when plotted (Figure 68).  The regression coefficients 

were statistically significant (P< 0.05) and the regression fit of the resulting linear model 

to the data points was extremely good (R2=0.95) placing high reliability in the resulting 

linear model for use in predictions. 

 

Figure 67‐ Verifying Extinction Depth 

 

Figure 68‐ Calculation of gain and offset 
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The final step was to apply the calculated gain and offset of the linear trend equation 

, 	 , to the bathymetric algorithm values in ArcMap Raster Calculator.  This 

represents the referencing of the vertical datum, in this case ALB, to the algorithm values 

of the output raster. Bo or offset, indicates the intercept or where the line of best fit strikes 

the y axis, signifying a starting point even a zero values of the independent variable, 

while Bi represents the slope (i.e. tangent) of the line or gain of the line of best fit for 

every increment along the x axis.  When entered into the raster calculator, each pixel 

value of the bathymetric algorithm raster was multiplied by the gain, from where the line 

of best fit struck the y axis or offset, calculating a satellite derived bathymetric value 

referenced to a known vertical datum.   

. ∗ 	 																								 3  

The raster calculator equation was built and applied to all pixel values within the 

bathymetric algorithm raster.  Usable SDB above the determined extinction depth had to 

be separated from the final output raster.  This was accomplished using the Conditional 

Set Null tool, as per the “cookbook” instructions, sub setting usable bathymetry and 

removing noise beyond the extinction depth.   

A number of quantitative and qualitative measures were used to determine SDB efficacy.   

Firstly, derived bathymetry and shaded relief layers were draped over WorldView-2 

imagery illustrating the extents and detail achieved. Interpolated lines or transects, an 

ArcMapTM 3D analyst tool, were drawn to compare cross sectional topographic descent of 

both ALB and SDB bathymetry.  The same statistical regime was employed to compare 

the datasets.  Spearman's Rank and Ordinary Least Squares were calculated, as well as, 
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root mean square error (RMSE) for each test site.  Root mean squared error (RMSE) was 

also calculated as to determine error of the predicted vs. observed values of the 

generalized linear model fit within one standard deviation.  Layer subtraction was also 

performed using Raster Calculator in order to establish the nature and spatial distribution 

of deviations.   Similar to graphical comparisons presented in (Pe'eri et al, 2012) and 

(Kotilainen& Kaskela,2010), depth values retained within SDB layer pixels were 

subtracted from ALB pixels in the same spatial extent.  The results were classified into 5 

categories representing differences in depth between the layers in metres.  

VIII - Results 

Quantitative and Qualitative Assessment of Data sets 

This chapter focuses on the results of analysis measures laid out in the methodology.  It 

consists of broad and fine scale comparisons as follows::a)  bathymetry and intensity, 

BTM comparison of overlapping data sets and proof of concept for the merger, and; b) 

use of BTM on the broader study region; c) evaluation of substrate characterization based 

on manual differentiation and textural indices, and d) finally, outcomes of SDB methods.   

8.1 Broad scale comparison 

Based on the bathymetry surface subtraction the largest negative depth difference was -

11.998m, while the largest positive depth difference was 4.72m  (Figure 69).  However, 

the mean difference between  the MBES and ALB bathymetry was -0.45m, meaning that 

on average the LiDAR data set is 45cm shallower than the SONAR dataset (Figure  70).  

Consistent with (Costa, 2008) findings, the largest negative depth differences were found 

and attributed to areas of rapid topographic relief.  A qualitative examination of the 
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respective bathymetry layers, with resultant surface subtraction layer and shaded relief 

overlaid confirmed this assessment.  Based on IHO Order 1, horizontal and vertical 

accuracy standards, the surface subtraction layer was re-classed based on allowable total 

vertical uncertainty (TVU)  at a depth of 40m (Figure 69).  As both ALB and MBES 

bathymetries were to have been processed to the IHO Order 1 standard, it was determined 

that (+/-) 0.72m of uncertainty is acceptable at a depth of 40m.  Of a total of 504763 

pixels within the study area, 91878 pixels or approximately 18% fell outside the 

maximum allowable uncertainty for mapping.  A qualitative examination determined that 

pixels with depth differences greater than allowable uncertainty were typically found at 

depths deeper than 10m or along areas of rapid topographic relief change.  

 

Figure 69‐Surface Subtraction (left), Reclassed IHO Order 1 (right) 
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Descriptive  MBES ALB Depth 

Statistic  Bathymetry Bathymetry Subtraction 

Minimum  38.84 22.83 ‐11.998 

Maximum  0.38 0 4.72 

Mean  11.89 11.44 ‐0.45 

Std Deviation 4.79 4.74 0.63 

Figure 70‐ MBES and ALB Bathymetry Subtractive Outcomes 

For the relative intensity subtraction it was found that the maximum negative and positive 

intensity differences between the MBES and ALB surfaces were-248 and 129 (Figure 

71).  

Descriptive  MBES ALB Intensity 

Statistic  Intensity Intensity Subtraction 

Minimum  0 0 ‐248 

Maximum  255 255 129 

Mean  133.13 29.24 ‐103.89 

Std Deviation 29.69 29.37 39.51 

Figure 71‐ MBES and ALB Intensity subtractive outcomes 

The relative intensity subtraction map illustrates the varied acoustic responses attributed 

to sonar surveys angle of ensonification (Figure 72). This striping in adjacent survey 

tracks was subsequently transferred to the subtraction surface.  With no “ground-truthing” 

in this areas it was difficult to make inferences regarding intensity differences within the 

data sets.  The result is consistent with findings in (Costa, 2008), but it may be arguable 
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that the comparison of two completely different sensor types is without merit, or at least 

requires more in depth investigation to attribute responses to substrate type.  It can be 

noted that a qualitative investigation of the shaded relief, and slope layers showed that 

positive differences in intensity may be linked to geomorphic or complex terrain (i.e. 

rocky substrate).  Conversely, large negative differences look to be consistent with 

acoustical responses of a particular type of sediment or bottom surface.   

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 72‐ Relative Intensity Surface Subtraction
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The second broad scale comparison consisted of using Spearman's Rank and Ordinary 

Least Squares statistical measures to assess correlations.  As noted in the methodology 

section a series of randomly generated points acted as the sampling regime, where then 

the MBES and ALB bathymetric surfaces were compared.  It was found that MBES data 

set was strongly correlated to the ALB datasets with a Spearman's Rank correlation 

coefficient of 0.989 and Ordinary Least Squares Coefficient of Determination of r2=0.98.  

For the relative intensity comparison it was found that MBES backscatter was not 

correlated to ALB intensity responses, with a Spearman's Rank correlation coefficient of 

0.23 and Ordinary Least Squares Coefficient of Determination of r2=0.09.   

8.2 Fine scale comparison 

MBES and ALB transect bathymetry were found to be significantly correlated when 

using the SRC and OLS statistical regime (Figure 73).  MBES and ALB intensity were 

not found to be statistically correlated.  ALB intensity was moderately correlated to ALB 

bathymetry when using SRC, however OLS was dissimilar. Finally, MBES bathymetry 

was not correlated to MBES intensity.   

Overall Fine Scale SRC OLS R2

MBES  vs ALB 
Bathymetry 

0.99 0.99

MBES vs ALB Intensity 0.25 0.15

ALB Bathymetry vs 
ALB Intensity 

0.61 0.25

MBES Bathymetry vs. 
ALB Intensity 

0.07 0.05

    Figure 73 ‐ Overall Fine scale Statistical Comparison 
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Vertical and intensity profiles for ALB and MBES were generated for all four transects 

(Figure 75a,b,c,d), along with transect specific statistics for comparison.  Respective 

intensity surfaces were also qualitatively assessed denoting the substantial difference in 

which each technology captured seafloor reflectance (Figure 76a,b,c,d). Differences in 

relative intensity between surfaces and technologies are discussed in more detail in 

Chapter 9. As noted above, the respective bathymetries were strongly correlated, 

however, the transect profiles and statistical mean differences illustrate that the ALB 

depth measurements were consistently shallower than its MBES counterpart (Figure 74). 

 

 

 

 

Figure 74‐ Fine scale Transect Statistical Regime Comparison 

Respective intensity surfaces were not correlated in any of the transects, and is confirmed  

in the intensity profiles below.   Finally, for Transect 1 ALB intensity was moderately 

correlated to ALB bathymetry. Transect 2 Spearman's coefficient showed a negative 

monotonic trend, and moderate to high ALB bathymetry/intensity correlation.. Transect 3 

saw weak correlation in for ALB bathymetry/intensity, but moderate ranking Spearman's 

Rank coefficient.  Finally, transect 4 had weak correlation between ALB bathymetry and 

intensity.  Causality and linkage between increasing depth and LiDAR intensity is 

discussed further in the Chapter 9.    

Transect MBES vs ALB Bathymetry 
mean difference 

ALB Intensity vs Bathymetry

   SRC OLS 

1 -0.23 0.5 0.06 

2 -0.47 -0.75 0.72 
3 -0.42 0.28 0.47 

4 -0.2 -0.18 0.018 
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Figure 75a‐Transect 1 Profiles 



130 
 

 
 

 

 

Figure 76a‐ Transect 1 ALB Intensity (above), MBES Intensity (Below) 
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Figure 75a‐Transect 2 Profiles 
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Figure 76b‐Transect 2 ALB Intensity (left), MBES Intensity (right) 
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Figure 75c‐Transect 3 Profiles 
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Figure 76c‐Transect 3 ALB Intensity (left), MBES Intensity (right) 
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Figure 75d‐Transect 4 Profiles 
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Figure 76d‐Transect 4 ALB Intensity (left), MBES Intensity (right) 
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8.3 BTM Characterization 

It was expected that BTM classifications would be highly correlated as strong correlations 

between the MBES and ALB bathymetries in areas of overlap were found.  Statistical 

assessment based on random sampling of BTM raster grid code outputs confirmed this 

with Spearman's Rank coefficient of 0.84, and OLS r2= 0.69, when comparing the four 

zonal classes.  Visually, the zonal classes for the respective bathymetries are almost 

identical (Figure 77).   For the ALB classification, 12% was classed as depressions, 13% 

as crests, 52% as flats, and finally 21% as slopes.  For the MBES classification, 13% was 

classed as depressions, 14% as crests, 49% as flats, and finally 23% as slopes.  Finally, 

ArcGlobeTM was used to drape zonal classes over bathymetry and shaded relief layers for 

further qualitative evaluation in 3D (Figure 78).  Vertical exaggeration of a factor of 5 

was used to dramatize relief.  Qualitatively speaking the classifications were acceptable, 

even with the fact that overlapping datasets were limited in size and scope.  
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Figure 77‐ Examples of ALB and MBES BTM Comparison for Pipit East  
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Figure 78‐3D drape of Zonal overlap on bathymetry and WV‐2 imagery, Plover S (above), Pipit E (below) 
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Based on the successful results of the BTM zonal classification comparison it was 

deemed appropriate to the merge the larger complete ALB and MBES bathymetric data 

sets (Figure 79). BTM was run on the combined data set to demonstrate proof of concept, 

as well as, evaluation of the more complex 13 class structural classification dictionary 

through 3D visualization (Figures 80 and 81).   

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 79‐ Combined ALB/MBES Bathymetry Dataset for Pipit East area 
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Figure 80‐ Examples of Structural Classification for merged bathymetry
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Figure  81‐3D  drape  of  Structural  classes  on  bathymetry  and WV‐2  imagery,  Pipit  E  (top)  Plover  S 
(middle, bottom) 
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The structural classification dictionary appropriately separated the merged bathymetry 

into the defined classes.  Visualization within the 3D environment was best suited with a 

high degree of vertical exaggeration, as often it was challenging to differentiate subtle 

changes between classes.  It should also be noted that classes can look misrepresented 

towards the edge of the underlying bathymetric dataset, where the illusion of bathymetry 

rising rapidly towards the surface can misguide the interpreter. Finally, although visually 

attractive, it is possible that 13 classes is too many for further analysis, especially when 

considering that most researchers eventually combine terrain characterizations with 

substrate mapping to make inferences on fish and marine assemblages.    

8.4 Substrate Classification 

The model for manual differentiation of substrate based on backscatter and intensity alone 

was simple, but quite effective.  Histogram interpretation and the use of 3d AnalystTM 

Interpolate Line allowed for separation of spectral and acoustic responses based on 

natural jenks and manual interpretation of ALB and MES intensity surfaces. As stated in 

the methods sections, the underlying issue was that “groundtruthing” for validating 

substrate classes based on intensity alone did not exist, therefore this exercise was more 

for proof of concept and development of models which allowed a user to easily repeat the 

workflow for future datasets.  Both the bedrock model and smooth substrate model were 

successful in generating four classes and combining them into an overall composition 

raster (Figure 82).  Although it is unknown what exactly substrates 1, 2, and 3 are, their 

definition via intensity had some merit. Some cleanup through either manual digitization 

and editing, or the use of Generalization as part of geoprocessing tools was able to refine 

the results. This was required more in the MBES results, as adjacent survey tracks 
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contained more variability in backscatter response.  In terms of statistical analysis, 

comparison of substrate classes 1 through 3 was not justified, as there is no correlation 

between the similarly numbered classes within the ALB and MBES datasets.  Again, this 

is the result of inadequate ground-truthing required to link intensities to substrate type.  

What could be accomplished was the comparison of the bedrock classes for ALB and 

MBES in areas of overlap, as this class was generated from the respective bathymetric 

surfaces.  A strong correlation was found between bedrock classes with Spearman's Rank 

coefficient of 0.88.  This makes sense as the bathymetries were already proven to be 

highly correlated, and their slope gradients were used to generate areas of potential 

bedrock as per (Mitcallef et al., 2012). 
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Figure 82‐Examples of ALB and MES Composition Classifications 

The second substrate classification methodology based on textural indices for entropy and 

homogeneity was successful in its proof of concept.  Using entropy and homogeneity 

signatures contained within training areas surrounding the ground truthing, the entire 

study site was classed into the six substrate classes (Figure 83). Training zones of 10x10 

pixels (50x50m) produced the best results.    

 



146 
 

 
 

Figure 83‐Textural classification substrate map based on maximum likelihood classifier 

It was concluded that further ground truthing, either via grabs or video evidence would be 

needed to adequately differentiate between rock classes (1 and 5), as well as, mud classes 

(2 and 4).  Slight variations within the TexAn training zones separated these classes, 

however, in actuality they may be of similar enough grain size and composition within 

the local geographic environment to amalgamate.  For the purposes of this study, the two 

rock and two mud classes were re-classified  into one respective class each (Figure 84).     
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Figure 84‐ Reclassed substrate map 

Finally, as means to compare the two substrate classification methodologies in some 

meaningful way, the derived textural class for rock was compared to the (Mitcallef et al, 

2012) methodology for deriving rough or rocky surfaces.  The rough surface/bedrock 

model was run on the study site, generating a raster representing areas of rough/potential 

rock surfaces, meeting the criteria of a standard deviation in the slope gradient of ≥1o  

thus having high bathymetric variability, and areas that did not (Figure 85).   
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During initial qualitative assessment of the raster output, the Mitcallef methodology 

classed substantial areas as having high enough bathymetric variability to potentially be 

rough or bedrock surfaces.  This methodology can be prone to misrepresenting sand bars 

and ripples attributed to strong currents, that do meet the criteria, but must be manually 

edited and removed from the potential rock class.  Statistical summaries found that the 

textural method classed 14% of the study area in the rock class, while the Mitcallef 

Figure 85‐High bathymetric variability raster output 
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method classed 66% as potentially rock or rough substrate.  Furthermore, a Spearman's 

rank of 0.40 and OLS of r2=0.08 were calculated from samples of randomly generated 

points, which compared the TexAn output areas of rock to Mitcallef output areas of 

potential rock, and showed no correlations between the two methods.   

 8.5 SDB outcomes 

Output results from the satellite derived bathymetry methodology are presented in this 

section.  Overall the process was successful in that enhanced bathymetry datasets were 

generated for the four test sites (Figure 91).  The original intent was to run the newly 

created datasets through the Benthic Terrain Modeller (BTM), but unfortunately, it was 

concluded that the SDB datasets were not of substantial size, in terms of area, as to 

warrant this testing.   

The algorithm output  correlation coefficient that led to the linear regression model 

developed for vertical referencing was very high, as shown also by the coefficient of 

determination (R2) in Figure 86.  As a result, the trend line fit exceptionally well  with the 

averaged observations before extinction (Figure 92).  It should be noted that although 

there are only six observations within each regression model fit, each observation is an 

average of approximately 30-40 points, with samples sizes totalling more than 150 points 

before extinction depth.   

The statistical regime of SRC and OLS found moderate to weak correlations, respectively 

(Figure 86).  Scatter plots and histograms for ALB and SDB surfaces were non-

parametric and dissimilar in nature, resulting in the trend line's inability to adequately 

define the depth values. The RMSE was calculated for the test site observations, with 
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discrepancies ranging between 1.25m and 2.7m. (Figure 86).  Average mean difference 

(µ) between surfaces was minimal at approximately half a metre, however, 2 standard 

deviations fell far from the mean illustrating inconsistent variability in the depth 

generated by SDB.   

Test 
Site 

Algorithm 
Output 
(R2) 

Extinction 
Depth 
(m) 

ALB vs SDB 
Bathymetry RMSE 

ALB‐SDB µ 
(m)

95% or 2 σ 
(m) 

         SRC OLS       
PloverSE 
(B)  0.956  6 0.59 0.33 1.25 ‐0.51  3.24
PloverSE 
(C)  0.93  6 0.52 0.28 1.5 ‐0.49  3.18
Plover S  0.918  6 0.52 0.28 2.3 ‐0.46  4.64
Pipit SW  0.944  5 0.33 0.12 2.5 ‐0.72  4.96
Pipit SE  0.964  6 0.53 0.26 2.7 ‐0.68  6.1
Figure 86‐ Test Site comparison of performance.  

For model validation purposes, the raw bathymetric algorithm values were plotted against 

the recorded depths of the ALB for the Plover SE test site (Figure 87).  In this case the 

correlation and coefficient of determination (goodness of fit) of the regression models 

were substantially poorer, with a R2 of 0.5.  The non-averaged values of the algorithm 

outputs and the use of varied depths clearly increased point-to-point variation within the 

scatter plot, as opposed to the averaged values used in the regression model fit. It is clear 

that the averaging dampens the point-to-point variability. Introduced variability or 

“noisy” data resulted in a trend line with a poorer fit.  It can be assumed that the 

averaging of algorithm outputs against multiple samples at the same incremental depth 

attempts to average error across the entire satellite derived bathymetry data set.   
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Figure 87‐Raw algorithm linear trend 

Although near-shore bathymetry was produced for coastal zones, variable extinction 

depths from 1 to 4 metres were found across the test sites, therefore hindering the 

generation of more robust and subsequently deeper datasets. In most near-shore areas 

extinction depth was reached by approximately 100m from shore. This dependence on the 

extinction depth is the determining factor in the scope and use of Satellite Derived 

Bathymetry (SDB), with how rapid the descent of the submerged topography of primary 

affect. It was determined that the visual interpretation of extinction depth, as outlined in 

the 'cookbook' procedures, was too subjective and introduced a major source of error in 

preliminary results.  Based on the visually determined extinction depth charts for the test 

sites are presented below (Figure 93), extinction depth was reached at approximately 5-

6m below the surface.  However, within a 3-dimensional viewing environment it was 

clearly evident that substantial noise still remained within the datasets, when draped over 
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the LiDAR surface (Figure 88).  Additional editing was required to remove erroneous 

soundings, which limited the SDB results to 1 to 3m in some locations.    

Figure 88‐ Inaccurate extinction depth. LiDAR in grey, SDB in colour ramp. Viewed in CARIS EasyViewTM 

To correct this problem, two  ArcGISTM geoprocessing tools were utilized as to avoid 

manually editing the SDB datasets.  Firstly, Extract by Mask tool removed any soundings 

not overlaying ALB, as logic would dictate SDB incapable of generating depths deeper 

than the active sensing power of ALB.  Secondly, Extract by Attributes tool increased the 

extinction depth to 2 to 4m, further removing artefacts from the datasets, depending of 

test site. The edited datasets exhibited vast improvements both within the visual 3d 

environment, as well as, statistical correlations to the ALB vertical referencing (Figure 86 

&89).   

 

 

Figure 89‐Edited SDB. LiDAR in Grey, SDB in colour ramp. Viewed in CARIS EasyviewTM 
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Successes varied between test sites, thus it was difficult to draw generalized conclusions 

throughout.  Although extinction depth was easily discernable and linear regression 

models fit exceptionally well, diverse results were exhibited within 3 dimensional 

viewing and qualitative assessment.  Plover SE, Plover S, and Pipit SE fared well after 

editing with derived depths reaching 4m.  However, Pipit SW results were poor even after 

editing.  Additional masking to a depth of 3m still left substantial inaccuracies within the 

bathymetry, as illustrated in the subtractive layers stand deviations (Figure 86) and 3d 

viewing (Figure 90).   

Figure 90‐ Pipit SW after masking to 3m.  Viewed in CarisEasyViewTM 

Derived bathymetry and shaded relief layers were draped over WorldView-2 imagery 

illustrating the extents and detail achieved. Initial results were positive; however, at closer 

inspection it was determined that the removal of values above zero or what was thought 

to be the waterline, as per the final “cookbook” procedures, brought with it the removal of 

usable data.  It was concluded that when SDB is referenced using the soundings from 

ALB, which is typically referenced to chart datum, then it will be possible to have 

positive depths if the imagery was acquired at a higher tide.  The vertical reference for the 
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ALB dataset used is chart datum, which is LLWLT (Lower Low Water, Large Tide), 

therefore with a higher tide in the satellite imagery, it was  possible to have depths above 

the datum.  To compensate, 'drying heights' of 2m were arbitrarily applied when sub-

setting the final bathymetric dataset.  This allowed for positive depth values to correspond 

with the imagery.    

Interpolated lines or transects, an ArcMapTM 3D analyst tool, were drawn to compare 

cross sectional topographic descent of both ALB and SDB bathymetry (Figures 94).  

Variations range from subtle to dramatic, depending on spatial location and underlying 

topography. The ALB grid is 4m, where as SDB is 2m.  Variations in transects could be 

attributed to the increased resolution found with the SDB grid, however, this is somewhat 

speculative and would require rerunning the process on a resampled WV-2 imagery.  The 

variation could also be a result of the bathymetric algorithm output and associated 

increases in the residuals (RMS) as depth increased.   

A subtractive calculation of the SDB layer from the ALB layer was performed in raster 

calculator in order to establish the nature and spatial distribution of deviations.   Similar 

to graphical comparisons presented in (Pe'eri et al, 2012) and (Kotilainen& Kaskela, 

2010), depth values retained within SDB layer pixels were subtracted from ALB pixels in 

the same spatial extent.  The results were classified into 5 categories representing positive 

and negative differences of depth between the layers in metres (Figures 95).  While the 

tails within the subtractive layer distributions contain large differences in the depth, 

means of less than 1 metre were found, along with 95% of data falling within two 

standard deviations or approximately 3 to 6m (Figure 86).  These radical differences 

found within the tails of the distributions could be attributed to artefacts or noise within 
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datasets.  As to be expected SDB performance and margin of difference with ALB 

increased from near-shore into optically deeper waters.   

Finally, the Plover SE test site was used for the band configuration comparison between 

coastal blue (Band 1) and blue (Band 2).  The 'cookbook' procedures were followed 

identically, generating SDB outputs for the same area, but derived from slightly different 

spectral ranges.  Both datasets were edited using the masking geoprocessing tools as to 

refine their respective accuracies.  A subtractive calculation of the coastal blue SDB 

output from the blue Band 2 SDB output was performed in Raster Calculator.  A mean 

offset of 0.02m and a standard deviation of 0.35 was found between the two layers 

(Figure 96).  Next, the pixel count of each SDB layer was reviewed and used to calculate 

number of soundings and area of seafloor bathymetry generated.  It was concluded that 

the coastal and blue band produced quite similar SDB depth values when compared to 

each other, however, the coastal SDB output out preformed the blue Band 2 output 

generating approximately 30% more soundings and area as based on spatial resolution of 

4m per pixel.  
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Figure 91 ‐ SDB for test sites 
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Figure 92 ‐ Test site linear trend model fit 

 

RESIDUAL OUTPUT 

Observation Predicted Y Residuals Standard Residuals ResidualsSqr RMS 

1 0.603415111 0.396584889 1.010895429 0.157279575 0.15390 

2 2.332683719 -0.332683719 -0.848011259 0.110678457   

3 3.239937917 -0.239937917 -0.611602081 0.057570204   

4 4.470000771 -0.470000771 -1.198032611 0.220900724   

5 4.761911913 0.238088087 0.606886863 0.056685937   

6 5.59205057 0.40794943 1.039863659 0.166422737   

Total  0.769537635 
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RESIDUAL OUTPUT 

Observation Predicted Y Residuals Standard Residuals ResidualsSqr RMS 

1 0.883917219 0.116082781 0.21639309 0.013475212 

0.2877

7 

2 1.718089728 0.281910272 0.525516656 0.079473401   

3 3.829724667 -0.829724667 -1.546712469 0.688443023   

4 4.383208688 -0.383208688 -0.714349808 0.146848899   

5 4.891324587 0.108675413 0.202584812 0.011810345   

6 5.29373511 0.70626489 1.316567719 0.498810095   

Total 1.438860976 
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RESIDUAL OUTPUT 

Observation Predicted Y Residuals 

Standard 

Residuals ResidualsSqr RMS 

1 0.64217519 0.357824808 0.591503688 0.128038593 0.3659 

2 2.11904715 -0.119047146 -0.196791347 0.014172223   

3 3.70691463 -0.706914631 -1.168567976 0.499728296   

4 4.56136075 -0.561360751 -0.92795957 0.315125893   

5 4.89923787 0.100762127 0.166565226 0.010153006   

6 5.07126441 0.928735594 1.53524998 0.862549803   

Total 1.829767815 
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RESIDUALOUTPUT 

Observation Predicted Y Residuals Standard Residuals ResidualsSqr RMS 

1 0.612721743 0.387278257 1.087857832 0.149984448 0.1267 

2 2.239882229 -0.239882229 -0.673824975 0.057543484   

3 3.392517717 -0.392517717 -1.102575384 0.154070158   

4 4.196607828 -0.196607828 -0.552267941 0.038654638   

5 5.039776404 -0.039776404 -0.111731221 0.001582162   

6 5.518494079 0.481505921 1.352541688 0.231847952   

Total 0.633682843 

 

 

 

 

 

 

y = 674.7x ‐ 679.2
R² = 0.963

0

1

2

3

4

5

6

7

1.006 1.008 1.01 1.012 1.014 1.016

W
at
e
r 
D
e
p
th
 (
m
)

Averaged Bathymetric Algorithm Output

Pipit SE Regression Analysis

Series1

Linear (Series1)



164 
 

 
 

Figure 93 ‐ Test Site Extinction Depths  
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Figure 94‐ Transect Comparison 
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Figure 95 ‐ Subtractive Outputs 
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Figure 96 - WV-2 Blue vs. Coastal Output 
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IX – Discussion and Conclusions 

The intent of this study was to explore the integration of a variety of geospatial and 

remote sensing-derived models  and geoprocessing techniques  into a cohesive 

methodological framework for modelling submerged littoral environments.  As viewed 

from a loosely coupled modelling framework, the series of investigative goals were 

compartmentalized as to allow for individual evaluation of outcomes, and then be 

integrated into a decision making umbrella or toolbox when considering resource 

availability, and required or desired outcomes of future geospatial and remote sensing 

projects.   

9.1 Implications of Results 

The first investigative objective was to comparatively analyse MBES and ALB using the 

previous described metrics at broad and fine scales.  At a broad scale, across the entire 

data set, a sufficiently high degree of correlation was found between bathymetric 

surfaces.  Results were consistent with outcomes from other studies (Costa, 2008), where 

the surface subtraction procedure concluded that the LiDAR surface was on average 

shallower than the SONAR surface. Qualitative examination of the subtractive layer, 

along with shaded relief layer, identified the areas of greatest difference being attributed 

to rapid relief change in the submerged topography.  The shallower depths seen in the 

LiDAR surface are a result of a combination of data acquisition, sensor limitations and 

geoprocessing.  Typically, the first return or shallowest point within the beam footprint of 

either MBES or ALB is recorded as the depth.  The larger beam footprint for ALB results 
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in a wider range of depths across areas of high relief, as compared to its MBES 

counterpart, resulting in exhibited differences.  Furthermore, depth values within a 

gridded bathymetric surface are determined only from points within a grid size radius.  

For the LiDAR surface, it is possible that only 2 or 3 returns may be averaged for a 

particular cell, where an MBES surface may have utilized tens to hundreds of soundings 

for a depth value within a cell. This leads to  LiDAR surfaces being smoother and 

shallower. Data collection and coverage is also potentially limited due to the fact that 

ALB sensor heads are usually at a fixed incident angles, limiting coverage over areas of 

rapid topographic changes. Where MBES sensors can be angled to reduce incident angle 

and improve ensonification of a high relief surfaces, therefore providing better coverage.   

Finally, assessment of the bathymetric surfaces found that large differences in depth 

where also located in deeper waters.  As discussed in the background chapter, LiDAR 

will inevitably reach a maximum penetration depth, where after responses are erroneous 

or represent particulate scattering.  A component of soundings within these deeper 

regions could be attributed to turbidity within the water column and local environment.   

Relative intensity was the second metric compared at the broad scale, with no statistical 

correlation found.  Intensity surface subtraction illustrated radical differences in relative 

intensities across topography and depth, as well as, a substantially higher mean value with 

the MBES data set.  Furthermore, substantial difference between individual surfaces 

when viewed from a visual qualitative perspective was noted.  Again, this result was 

consistent investigative outcomes of (Costa, 2008), where higher mean and brighter 

MBES relative intensity surfaces are  attributed to data acquisition noise. Other notable 

differences within intensity surfaces included directional striping within the MBES 
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dataset, correlated to acquisition variables during each survey track.  Additionally, it 

could be said that the MBES surface presented increased texture or variation in responses 

throughout the dataset, as compared to the ALB counterpart. This could be a result of 

increased point densities associated with the MBES over ALB technology, or differences 

in the way acoustic and spectral signals interact with substrate or topography.  Finally, a 

statistical correlation between decreasing bathymetry and ALB intensity strength was 

explored, however, unlike the strong correlation found in (Costa, 2008), no linkage or 

correlation was shown using the study site sampling.   

 The results of the fine scale comparison further solidified the quantitative correlation 

found between bathymetry surfaces, and showed that ALB depths within the transects 

were consistently shallower, matching outcomes presented in (Costa, 2008).  From these 

results, along with qualitative vertical profiles, it can first be concluded that the LiDAR 

and SONAR systems employed measured similar depths across transect specific 

topography, albeit the ALB dataset is slightly shallower.  As noted in the broad scale 

discussion, it is thought that shallower depths in the ALB data set is more than likely 

attributed to data acquisition and pre-processing.  Sophisticated processing techniques for 

the raw waveform were outside the scope of this study, and were performed by the 

subcontractor Fugro before datasets were handed over the CHS.  Further understanding of 

the science, theories, and engineering behind the technologies is a relevant future cause, 

especially if calibration could further refine correlation.  Overall, the positive quantitative 

and qualitative conclusion provided strong evidence to implement BTM testing on ALB, 

and eventual merger of bathymetry datasets for more comprehensive mapping.   



178 
 

 
 

Transects further verified lack of continuity between relative intensities, although ALB 

consistently demonstrated lower mean averages. The transects were dissimilar in nature 

exhibiting little pattern in quantitative and qualitative results.  There is less literature on 

ALB interaction with submerged localized topography and substrate than SONAR 

interactions, however, relief, along with roughness and compactness of substrate will 

influence spectral response and needs to be researched further where strong databases of 

ground truthing exist.  This was hoped to be one of the initial research goals of this study, 

however appropriate groundtruthing does not exist.  Individual testing of ALB 

bathymetry against ALB intensity showed transect 1 to indicate that increasing depth 

causes decreasing intensity in LiDAR returns, however, transect 2 showed to have the 

complete opposite effect, while transect 3 showed moderate correlation and transect 4 

resulted in a weak correlation. The strongest conclusion that can be drawn from the lack 

of consistency within the transects to make accurate inferences, is that further 

investigation is required.  Whether it be through the use of more transects, where either 

video and substrate data is available, or a data set with an overall area of larger overlap 

exists, further relationships need to be examined be better understand ALB intensity and 

possible calibration and merger with SONOR.             

 As with previous BTM usage, and the BPI algorithm at the modelling tools core, 

bathymetric surfaces derived from SONAR technology were accurately classed and 

visually displayed.  This result was to be expected as substantial literature and 

methodological frameworks are widely available for public and academic interest.  What 

was originally unknown, and less documented, was BTM applicability when airborne 

laser bathymetry was input into the model, and the output compared to MBES derived 
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bathymetry for the same geospatial extent and resolution.  This question was at the core 

of this study, with the hope that a positive finding would benefit CHS and coastal 

management and comprehensive mapping at large.  Results have stated that respective 

bathymetric surfaces were similar enough in nature, allowing for continued testing 

through the modelling framework.    Correlations of terrain characterization via BTM 

were statistically significant, thus showing that ALB surfaces of like extent and resolution 

are capable of characterizing submerged topography in the same way as MBES systems.  

Qualitative assessment through 3D viewing of draped products illustrated the benefit and 

use of modelling ALB within the coastal environment.  Differentiation of classes was 

achieved, outlining depressions, crests, slopes, and flats found within the bathymetry grid.  

The larger implication at hand, was the acceptance of the result and merger of surfaces 

from technologies that have inherent advantages within respective theatres.  Once 

surfaces were merged, a substantial amount of littoral and deep water coastal zones were 

modelled based on refined definitions for a more complex undersea landscape.  With no 

video evidence, and the immense area modelled,  it was difficult to validate BTM outputs.  

Qualitative examination of the results via 3D viewing was the only viable option.  Results 

noted that characterization at the structural scale was appropriate, albeit potentially 

overwhelming with the number of classes generated.  The greatest implication of this 

undertaking was the witnessed speed at which a large coastal landscape could be 

modelled and characterized with the merged dataset.  The cost and acquisition efficiency 

of the data sets aside, the customized modelling tool built upon BTM, was able to 

characterize a daunting amount of Canadian coastline, making it a powerful tool for 

hydrographic agencies.  Automated and repeatable classification models will create 

management efficiencies and continuity when manual interpretation is removed from the 
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framework.  Finally, the classification developed in this study for littoral and deep water 

environments along the Quebec Gulf of St. Lawrence, contributes to ongoing mapping 

efforts and understanding the benthic habitat within the region.  The terrain classes alone 

do not provide an outright and complete description of the local environment, but 

derivative data sets act as a valuable resource to researchers and assist in better 

understanding marine assemblages and their associations.   

The identification and accurate mapping of sediments and seafloor substrates is just as 

important as terrain characterization, and constitutes the other half of benthic habitat 

mapping.  Literature and benthic habitat research that takes advantage of remotely sensed 

data sets and similar geoprocessing methodologies as this study, typically combine terrain 

characterization results with substrate differentiation results as to produce final 

compositions for correlations between fish and marine assemblages and the seafloor 

environment.  The original study intent for substrate mapping was to evaluate ALB 

intensities ability to differentiate substrate based on previous research surrounding 

SONAR backscatter and interactions with different substrate mediums.  The hope was to 

follow peer reviewed methodologies, along with ample ground truthing, as to explore 

spectral and intensity responses of ALB and contacted substrate.  However, due to 

changing CHS priorities, ground truthing and samples were not collected for areas in 

which LiDAR data sets existed at the time.  Therefore, the CHS geoprocessing 

procedures for substrate classification, partially based on (Mitcallef et al, 2012), could 

only be tested for proof concept in the study area.  This had major implications on the 

studies merit as it demonstrates the necessity for appropriate ground truthing in scientific 

research requiring statistical or even anecdotal validation.  ArcGIS models were created 
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to streamline and semi automate rough and smooth surface substrate classification, as 

presented in the methods section.  Similar efficiencies were found in their use, where vast 

tracks of littoral and deep water environments could quickly be parsed into potential 

substrate classes.  As discovered in the bathymetry and intensity comparison, derivative 

layers based on respective bathymetries with high correlations were in turn highly 

correlated.  For example and stated in the results, overlapping areas of hard or potential 

rock substrate derived from intermediate layers based on bathymetry were also strongly 

correlated.  Conversely, intensity surfaces showed little to no correlation in areas of 

overlap, thus potential substrate classes derived from backscatter also showed little 

similarity.  Ultimately,  manual interpretation based on backscatter and intensity surfaces 

outperformed the documented Iso Cluster unsupervised technique.  The amount of 

generalization, smoothing of original data sets, and editing of the output required to create 

visually appropriate clusters of potential smooth classes was highly inefficient and more 

than likely resulted in incorrect classification of numerous pixels.  At least with manual 

interpretation of histograms and class breaks, one could reduce the amount of manual 

editing and digitization needed to clean up class polygons.   

For the second technique reliant on differentiation of substrate through textual indices, 

implications are as follows.  From a proof of concept perspective, the collaboration with 

Dr. Blondel, who realistically performed the bulk of data processing with TexAn, was 

highly successful.  The study area used for testing, which was selected due to the 

existence of some ground truthing, was adequately and ultimately classified into four 

classes matching the underlying samples.  Training zones created around grab locations 

added a level of validation to the technique, that could not be achieved in the original 
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study site, as underlying substrate composition remained unknown.  Eventually, the ideal 

parameters for clustering entropy and homogeneity outputs for the training zones were 

identified, allowing for indices to be generated for the entire study area.  The primary 

implication for substrate classification based on textural indices, resides in the outcome 

that all classes matched the underlying sampling.  It is certainly possible that areas had 

been misclassified, but only additional ground truthing would provide increased 

conclusiveness.  Another implication worth noting, was the radical difference between 

how hard substrate or potential rock was classified by the two tested techniques.  

Quantitative and qualitative assessment found no correlation, but substantially more area 

of potential rock was generated using the (Mitcallef et al, 2012) technique. It is thought 

that current shaped deposits have been misclassified, requiring manual intervention.  

Ultimately, the use GLCM and derived indices have proven to be successful in substrate 

classification in studies with substantially more video and sampling evidence.  For future 

CHS investigations it is a worthwhile endeavour to incorporate textural indices and 

GLCM into classification techniques.     

Satellite derived bathymetry is increasingly becoming a standardized and practiced 

method for generating bathymetric datasets, allowing for more frequent and cost effective 

means of checking  the adequacy of nautical charts and geospatial products.  The Gulf of 

St. Lawrence study site did not yield exceptionally positive results in terms of total area 

generated, and only showed moderate to weak statistical correlation (SRC and OLS) to 

ALB depth measurements. With RMSE of between 1-3m, the SDB generated from this 

methodology may be a viable first step in exploring littoral zones, but is not accurate 

enough for navigable waterways requiring greater levels of vertical accuracy. Lack of 
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total coverage generated was somewhat to be expected as  the main limiting factor to the 

application of this procedure is the depth at which extinction in the reflectance of light is 

achieved. In turn, the  extinction phenomenon is directly related to the vertical 

topographic configuration of the shoreline.  Therefore, the predominant limiting factor 

was local topography, where SDB extinction depth was quickly reached, averaging 3 to 

4m across the four test sites.  However, another factor potentially at play could be related 

to the quality of the water, such as turbidity or murkiness of North Atlantic coastal 

waters.  Particulate or suspended sediment was unknown at the time of imagery 

acquisition, thus this is speculative, but literature and personal correspondences indicate 

achievable bathymetries to depths of 15m in ideal clear water environments.  Beyond 

local topographic and environmental limitations, SDB can be limited by the imagery 

itself.  Weather cannot be controlled, nor can the timing of imagery acquisition, as a result 

often imagery are compromised with atmospheric weather - cloud and cloud shadow.  

Furthermore, as was the case within this study, a portion of supplied imagery tiles were 

acquired during winter months, therefore rendering the imagery useless due to snow, and 

pack ice cover.  It can be concluded that for future study sites of northern latitudes, the 

window of opportunity for imagery acquisition during snow, ice, and cloud free periods is 

constrained to summer months of each year.  Nevertheless, the technique should still be 

implemented for future areas of interest.   Landsat imagery is both free and publicly 

accessible, making the technique a logical starting point when working in remote areas.  

Additionally, commercial high resolution products are widely available for areas 

requiring increased spatial resolution, and often it is possible to partner with data 

providers or academic institutions as a means of reducing procurement costs.   
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Regarding imagery accessibility and implications for future SDB generation, it was 

concluded that DigitalGlobe WorldView-2 imagery, and the Coastal band 1(400-450nm), 

was found to be beneficial as compared to the traditional spectrum partitioned in the Blue 

Band.  The bathymetric algorithm was implemented in similar fashion, replacing the 

traditional Blue band with the Coastal band.  Differences in accuracy were negligible, 

however for the Plover SE case study roughly a third more soundings were produced.  

Private sector white papers indicate the introduction of the Coastal blue has improved 

accuracy in deriving bathymetry and seabed typing, where the relative short wavelength 

enables farther penetration within the water column, thus increasing vertical accuracy, 

(Proteus, 2014).  Proteus's claims vertical accuracies in the order of 10% of water depth, 

for example in 5m of water a vertical accuracy of +/- 0.5m is achieved (Proteus, 2013). 

Claims are substantiated through a pilot project in Abu Dhabi  after the application of 

correction factors to spectral bands counteracting absorption and refractions within the 

atmosphere and water column.  It must be noted that accuracies and achievable detection 

depths touted by the private sector were achieved using in-house proprietary workflows 

and corrective algorithms.  Although principles may be similar to the cookbook 

methodology, more comprehensive and complex imagery processing may be attributed to 

the successes achieved. At the time of this study, WV-3 was just coming online, which 

should hopefully make WV-2 and its Coastal band a more attractive and viable option for 

future work, as the historic and stock imagery becomes less sought after and expensive.  

Its resolution is more than appropriate for broad scale coastal zone reconnaissance and 

bathymetric surface generation.   
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9.2 Conclusions and Recommendations 

The aim of this study was to evaluate a number of geoprocessing tools for 

characterization of remotely sensed data within littoral zones.  As noted in the thesis 

objectives, compartmentalization and  the definition of investigative goals and hypothesis 

statements were required to help steer the study through the modelling process and 

provide a way to evaluate its outcomes.  Upon conclusions drawn and implications stated, 

broader statements could be made in regards to a decision making framework for future 

coastal management studies, as well as, where future and more concentrated research is 

needed for each of the data types and geoprocessing models explored.   

It was concluded that the first hypothesis statement in the context of the bathymetry 

metric was not rejected, as maps for the study area based on bathymetry and subsequently 

derived intermediate layers were visually comparable, and quantitatively similar.  As 

driven by the first investigative goal of finding statistically significant gains, MBES and 

ALB bathymetry surfaces were highly correlated both at the broad and fine scale, 

producing like BTM outputs, thus allowing for their merger and derivation of large 

coastal and deep water terrain characterization maps.  ALB bathymetries were 

consistently shallower than their counterpart, but it was believed to be attributed to sensor 

limitations during acquisition and constraints of achievable point density of the SHOALS 

system.  In respect to future research, it would be interesting to compare ALB 

bathymetric surfaces generated by the newer, more advanced, systems capable of higher 

point densities and resolution.  With improved point densities, correlations between 

surfaces may be even more significant.  The hypothesis statement had to be rejected when 

comparing the relative reflectance of the data types.  Similar to results found in (Costa, 
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2008), there were little similarities within relative reflectance surfaces both quantitatively 

and qualitatively. ALB usage and acceptance for substrate classification is relatively new,  

as compared to decades of SONAR based research, and requires further experience and 

understanding to be gained.  Possible correlations between diminishing LiDAR intensity 

returns as pulses travel deeper through the water column may have been witnessed, but 

the statistics were not as conclusive as (Costa, 2008).  For this study, the nonexistence of 

ground truth within areas of ALB coverage limited what was achievable in terms of the 

scope for ALB substrate mapping and required validation.  Future research hinges on the 

collection of video evidence or grabs within the original study site, or additional ALB 

collection in the newer adjacent site.  Linkages between topography, substrate, and depth, 

and associated spectral return need to be examined.  Calibration or scaling of relative 

intensity surfaces in relation to depth, may prove worthwhile when looking to further 

compare with acoustical returns and potentially merge with MBES datasets for more 

comprehensive coastal substrate mapping.  Additionally, the creation of a spectral library 

or establishment of a band-ratio index within a controlled experiment would be beneficial 

to the field.  Linking grain size and compactness to strength of the return, within defined 

water column depths could theoretically allow for broader substrate mapping without the 

expense of ground truthing. Finally, within the context of this study, it was concluded that 

the location was not ideal for a MBES and ALB dataset comparison.  Areas of overlap 

were actually quite limited and were mostly found on the descending periphery of the 

coastline, with few areas of extensive coverage needed for a metric and BTM 

comparison.  
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The second hypothesis statement tested the effectiveness of SDB as a reconnaissance 

tool, when both compared quantitatively and qualitatively to its reference sounding 

dataset.  Proof of concept was the primary investigative goal, with ALB acting as the 

reference surface for assessment of its outcomes.  The hypothesis statement was  not 

rejected, with the methodology showing demonstrated relative promise when compared to 

ALB.  However, limitations were noted and future investigations could certainly be made.  

A potential future line of enquiry aiming at improving accuracy of bathymetric mapping 

should seek to establish a band-ratio index of sorts from multispectral satellite imagery, 

based on the logic of the possible relationships of reflectance against a specific 

geographical context or “typified” set of Canadian coastlines. In the medium to long term, 

this would help in the creation of a library of band-ratio indices or spectral responses that 

can be used in feature extraction in specific, classified Canadian coastline landscapes.  

Additional future emphasis should be focused on utilizing tidal data, correlated to 

acquisition timing of satellite imagery.  Tidal corrections, as well as, independent ground 

control for vertical referencing may improve vertical accuracy, while eliminating 

perceived bias with utilization of ALB as the vertical reference and comparative dataset.  

This would require increased collaboration and guidance with hydrographic organization 

staff with expertise and skill sets in surveying techniques and tidal correction 

calculations.  Furthermore, turbidity within the water column at the time of image 

acquisition can dramatically impact the results of SDB. Littoral zones are inherently 

dynamic ever-changing environments, invariably with some degree of  organic and 

suspended particulate within the water column.  It is for this reason that future satellite 
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tasking must be limited to periods of ideal weather and environmental conditions - 

minimal wind and wave action as to maximize water clarity.   

Finally, the discovery of substantial soundings representing extinction depth within the 

bathymetric datasets is of concern.  3-dimensional viewing of SDB and comparison with 

overlapping ALB illustrated the inaccuracy of the derived bathymetry. A more robust and 

accurate technique is required for distinguishing between SDB that represents bottom and 

a value that represents extinction.   Interpretation of algorithm scatter plots proved highly 

subjective and introduced substantial inaccuracies that required additional editing of 

datasets.  Future research into this issue is warranted.  

Even though the results of this study were limited, serious consideration must be given to 

future testing and application of this SDB technique as an alternative or complementary 

to airborne and waterborne survey methods in many environments. Ability to acquire 

imagery and produce products within weeks, has an advantage over traditional sensing 

methods. The ArcGIS platform is adept at repetitive processing, where geoprocessing 

tools are easily linked for quasi-automation and batch processing.  Finally, the 

considerable volume of stock imagery available since the launch of WorldView-2 may be 

the largest benefit to national hydrographic organizations, and their ability to cost 

effectively update coastal nautical charts or produce bathymetric datasets for thousands of 

kilometres of remote coastline.    

The third hypothesis was not rejected, as acceptable accuracies for ALB derived terrain 

characterizations were achieved, when compared to BTM outputs based on MBES 

bathymetric surfaces with similar extents.  The significant correlations seen presented a 
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unique opportunity for the larger ALB and MBES data sets to be merged and run through 

the BTM model.  The results of the more complex structural classification illustrated the 

efficacy of the model and its ability to characterize large subsets of submerged coastal 

environments.  The benthic terrain modeller represents a standardized and objective tool 

for interpretation of bathymetric datasets.  The rationale behind BPI outputs, in 

combination with slope, rugosity, and other intermediate layers, is to accurately 

characterize submerged terrain, while developing reusable decision trees for future use 

within the academic community.   BTM ability to characterize datasets is only limited by 

the size of the dataset itself, giving researchers a powerful and efficient tool for benthic 

terrain analysis at virtually any scale.  Some studies, (Mitchell et al, 2007), have 

hypothesized correspondence between BTM classifications and aquatic habitats for 

marine species, which has profound implications for many ecological and economic 

applications.  When considering areas of future research, it would be advantageous to 

incorporate substrate mapping into the modeling workflow.  BTM is effectively a series 

of python scripts linked together that utilize the dictionary definitions to produce a 

classified raster. A similar workflow based on substrate metrics, could theoretically be 

incorporated into the tool, with a combination map of terrain and substrate being the end 

resultant output, which is typically the final goal for coastal zone studies.   

While published BTM results within peer reviewed literature have been circulating for 

close to a decade, groundtruthing of classification results is often spotty at best.  Scientific 

validity will be forever bound to a regime of adequate testing for accuracy of results.  

Within the submerged environment, this is a time consuming and costly endeavour to 

undertake, but should be incorporated into any future study that looks to use BTM for 
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modeling Canadian coastal environments. A final note, advancements and seemingly 

exponential growth in the usage of unmanned submersible vehicles may eventually help 

offset ground truthing costs.  Geospatially tagged video and/or still evidence is widely 

used and an accepted source of ground truthing, for both terrain and substrate 

identification.   

The final hypothesis was formulated for the purpose of evaluating the success of substrate 

classification via GLCM and resultant entropy and homogeneity indices as compared to 

ground truthing and the manual classification method.  The detailed methodological steps 

undertaken in TexAn, and the evaluation of training zones and clustering around samples, 

were concluded to have produced indices ideal for classification.  Geoprocessing results 

within the GIS were accepted as the maximum likelihood algorithm classification 

matched the sample location to the known real world bottom type. However, significant 

differences and potential misclassification of potential rock outcrops were found between 

the manual and GLCM methodologies.  Therefore, it was concluded that the hypothesis 

was rejected, although the limited number of ground truthing samples makes it difficult to 

adequately validate this claim and properly determine which methodology held more 

merit. That being said, it was assumed that the slope gradient method for determining 

potential rock bottom types probably grossly overestimated this class. Again, substrate 

classification, both the manual method and with GLCM, were evaluated primary for proof 

of concept due to lack of validation, but from a modelling perspective, the geoprocessing 

steps and workflow were efficient and repeatable.  GLCM generation has been achieved 

using MATLAB, as well as, other scripting languages, therefore, future work should 

incorporate its usage into a BTM like substrate modelling workflow.  Finally, its usage 
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has yet to explore LiDAR and intensity responses for submerged environments.  

Academia and hydrographic services should investigate if entropy and homogeneity 

indices can differentiate substrates in similar ways to which they can for SONAR.  

Within the field of geospatial sciences and remote sensing, models often take the form of 

geoprocessing workflows or a series of calculations or steps to convert raw data into 

useable products to make inferences within a certain spatial extent based on vector and/or 

raster data.  Within the context of this study, as previously noted, a series of loosely 

coupled models were either tested, modified, or created and thus integrated to evaluate 

investigative goals related to littoral zones, and coastal zone mapping.  The demonstrated 

results and quantitative evaluation confirm each models validity, and ability to test 

variables, adjust parameters for further iterations, and draw conclusions for future testing 

and improvements.   The series of loosely coupled models fall underneath a broader 

umbrella for geospatial modelling and remote sensing decision making within the context 

of littoral zones and data accessibility.  For this study, three types of data were examined, 

MBES SONAR, bathymetric LiDAR, and optical satellite imagery, where modelling 

results can help formulate general guidelines to direct future remote sensing analysis and 

mapping.  Based on study outcomes in combination with the evidence in published work, 

it was concluded that optical satellite imagery is a cost effective and easily accessible data 

type ideal for preliminary reconnaissance.  Site specific topography and environmental 

conditions must be considered, along with the necessity for acceptably accurate historical 

reference for the SDB algorithm output. It is plausible that vast bathymetry surfaces could 

be generated for inaccessible coastlines and remote areas.  Literature and private sector 

white papers also point to more advanced techniques as to improve the result and 
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potentially derive surfaces at deeper depths.  MBES SONAR datasets are a staple for 

hydrographic organizations and have proven accuracies for bathymetric interpretations, as 

well as, substrate investigations.  Unfortunately they are comparatively the most 

expensive data set to acquire, and typically generate the least amount of total coverage.  

Hydrographic organizations typically only deploy vessels to collect MBES data when 

highly accurate soundings are required for navigable waterway delineation.   Within this 

study, the MBES data set was robust and provided great insight into seafloor topography 

and associated substrate reflectance, as benthic terrain modeling and substrate 

classification results exemplify.  Finally, bathymetric LiDAR acquisition coverage rates 

substantially outperform MBES acquisition, but come with a high cost associated with the 

operation of fixed wing aircraft and the sensor procurement itself.  Should coastal studies 

require highly accurate above water elevations, in combination with littoral bathymetries, 

then ALB is an ideal solution.  Its use in conjunction with MBES datasets was proven 

acceptable, allowing for more comprehensive mapping to be completed in study sites 

with overlapping datasets.  Finally, its reflective derivatives will only continue to become 

more widely used to define substrate, but requires appropriate groundtruthing or ground 

checks to calibrate and validate. Ultimately sampling and validation are key to legitimacy 

of results in future studies. 
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Appendix 1-VB script for Terrain Classes 

Dim CLASSES 

If [VALUE] = 1 Then 

CLASSES = "Flat Plains" 

elseif [VALUE] = 2 Then 

CLASSES = "Broad Slopes" 

elseif [VALUE] = 3 Then 

CLASSES = "Steep Slopes" 

elseif [VALUE] = 4 Then 

CLASSES = "Current Scoured Depressions" 

elseif [VALUE] = 5 Then 

CLASSES = "Scarp, Cliff" 

elseif [VALUE] = 6 Then 

CLASSES = "Depressions" 

elseif [VALUE] = 7 Then 

CLASSES = "Crevices, Narrow Gullies on elevated terrain" 

elseif [VALUE] = 8 Then 

CLASSES = "Flat Ridge Tops" 

elseif [VALUE] = 9 Then 

CLASSES = "Rock Outcrop Highs, Narrow Ridges" 

elseif [VALUE] = 10 Then 

CLASSES = "Local Ridges, Boulders, Pinnicles in Depressions" 

elseif [VALUE] = 11 Then 

CLASSES = "Local Ridges, Boulders, Pinnicles in Broad Flats" 

elseif [VALUE] = 12 Then 

CLASSES = "Local Ridges, Boulders, Pinnicles on Slopes" 

elseif [VALUE] = 13 Then 

CLASSES = "Local Depressions, Current Scours" 

end if 

 


