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Abstract
Thematic maps of submerged coastal habitats are essential to
ecological studies and marine spatial planning processes. The analysis
of multispectral satellite imagery provides a cost effective method for
mapping shallow habitats. However, the interaction of light with the
water column greatly complicates the production of maps from imagery.
A number of water column correction (WCC) methods have been devised
to address this complexity, but the remote sensing literature in which
these methods are described tend to focus on novelty rather than practical
implementation. Consequently, methods are often tailored to specific
environmental conditions and described in very technical terms, source
code for implementation is rarely provided, and potential users are
typically unable to understand or make use of existing WCC methods
without expert assistance. This thesis seeks to address this situation
by developing new methods, suitable for the widest possible range of
environmental conditions, and releasing free and open source software
for their implementation. The methods and software presented address
the entire process from ground truth data collection and processing
with the free and open source software (FOSS) Benthic Photo Survey
(BPS), through to depth estimation, image processing, water column
correction, and accuracy assessment with the FOSS OpticalRS Python
library. BPS expedites and greatly simplifies the processing of field data.
The novel empirical depth estimation method presented provides better
accuracy than a widely used physics based method and requires fewer
image processing steps. The parameter estimation and WCC methods
presented improve on previous methods in terms of accuracy, simplicity,
and flexibility. Combined with pre-existing FOSS image classification
software, these methods and tools form the Marine Optical Remote
sEnsing Map and Assessment Production System (MORE-MAPS).
To demonstrate the efficacy of MORE-MAPS, broad scale submerged
habitats in and around the temperate waters of Cape Rodney to Okakari
Point Marine Reserve in northeastern New Zealand were mapped to a
depth of 20m with an overall accuracy of 83%, and the results were
compared with previous habitat maps of the reserve that were based
largely on direct observation and manual photo interpretation methods,
and with optical remote sensing studies from temperate regions outside
of New Zealand. MORE-MAPS was found to provide mapping accuracy
comparable to previous optical remote sensing studies, and to provide
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better accuracy, greater geographic coverage, and lower cost than the
previous mapping efforts within the reserve. Overall, the methods and
tools developed in this thesis demonstrate potential to greatly reduce
the cost and complexity of habitat mapping and, thereby, increase the
capacity for map production in New Zealand and throughout temperate,
subtropical, and tropical coastal regions worldwide.
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Chapter 1
General Introduction
Thematic maps of nearshore subtidal habitats are vitally important to
marine spatial planning (MSP) (Foley et al., 2010; Saarman et al., 2012),
coastal risk assessment (Warren et al., 2016), conservation (Hamel and
Andréfouët, 2010), and ecological studies (Parsons et al., 2004; Leleu et al.,
2012; Boström et al., 2011). Given the worldwide trend toward MSP (Force,
2009; Boyes et al., 2007; Li, 2006; Mulcahy et al., 2012) and the increasing
application of landscape ecology methods to the marine environment
(Boström et al., 2011; Wedding et al., 2011), there is a growing need for
subtidal habitat maps (Andréfouët, 2008; Stamoulis and Delevaux, 2015;
Wedding et al., 2011). Remote sensing has long been recognized as the
most efficient means of generating habitat maps over large areas at scales
relevant to MSP and ecological studies (Green et al., 1996) but, due to the
complexities involved, these methods typically require the involvement of
remote sensing specialists. In light of this increasing demand for habitat
maps, there is a need, particularly in data-poor developing countries
(Andréfouët, 2008; Clifton, 2009; Cabral et al., 2015), for a system of
habitat map production, comprising low cost tools and methods, that
can increase map production capacity (i.e., the capacity of scientists and
resource managers without extensive remote sensing expertise to produce
maps of submerged habitats) (Andréfouët, 2008).
While it is possible to map submerged habitats by a combination of
manual photo interpretation and direct observation (Ayling, 1978; Berben
and McCrone, 1988), the process is costly, time-consuming, and largely
subjective. It is now widely recognized that modern remote sensing
methods are far more efficient for mapping large areas (Green et al., 1996;
Green et al., 2000; Brown et al., 2011). Commonly used remote sensing
methods for mapping subtidal habitats fall into three broad categories:
acoustic methods (Kenny et al., 2003; Brown et al., 2011), LIDAR (Collin
et al., 2008), and passive optical methods (Green et al., 2000; Warner et al.,
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2009). Acoustic and LIDAR methods can provide excellent bathymetric
data (Brown et al., 2011; Irish et al., 2000) and have, more recently, been
used for fine scale habitat discrimination (Collin et al., 2008; Rattray et
al., 2013). However, acoustic methods are problematic in shallow waters
(<3m) (Green et al., 2000), and both are considerably more expensive
than passive optical methods (Mumby et al., 1999; Green et al., 2000).
Passive optical methods include hyperspectral aerial imagery as well as
multispectral satellite imagery, and processing and classification methods
are quite similar for all types of passive optical imagery (Warner et al.,
2009). High resolution multispectral satellite imagery, such as that from
the WorldView-2 (WV2) satellite, is particularly well suited to increasing
habitat map production capacity due to its low cost and easy availability
(Green et al., 2000; DigitalGlobe, 2012).
Habitat mapping via passive optical remote sensing, in both terrestrial
and marine environments, typically follows the same broad outline.
Representative spectral signatures are established for each habitat, either
from separate radiometric measurements (Purkis and Pasterkamp, 2003)
or by sampling the imagery at locations with known habitats (Warren
et al., 2016), and a statistical classification algorithm is applied to sort
the pixels by habitat according to their similarity to the previously
determined spectral signatures (Green et al., 2000; Warner et al., 2009).
As a second vitally important (Green et al., 2000; McRoberts, 2011) but
often neglected (Foody, 2002) step, mapping accuracy should be assessed
against ground truth data and reported with the map (Stehman, 2001;
Congalton and Green, 2008; Olofsson et al., 2014). The cost (Green et al.,
2000) and complexity of collecting and processing field data into a format
appropriate for use as ground truth data has been cited as major barrier
to the integration of field data into the classification and validation (i.e.,
accuracy assessment) process (Roelfsema and S. Phinn, 2010). Therefore,
efforts to build mapping capacity must embrace field data collection,
processing, and map validation as integral to the habitat mapping process.
It has long been recognized that the mapping of submerged habitats
by means of passive optical remote sensing is greatly complicated by
water column effects that cause spectral attenuation that varies with depth
(Wezernak and Lyzenga, 1975; Lyzenga, 1978). This problem must be
addressed in order to achieve the best possible accuracy when mapping
habitats across a range of depths (Mumby, Clark, et al., 1998; Sagawa et
al., 2010; Minghelli-Roman and Dupouy, 2014; Zoffoli et al., 2014; Hoang
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et al., 2015). Many water column correction (WCC) methods have been
devised to counteract this problem (reviewed by Zoffoli et al., 2014), but
have typically been presented as experimental proof of concept rather
than tools for map production (Andréfouët, 2008). Consequently, existing
methods must be generalized and adapted for simplified implementation
if they are to be included in a system of map production.
Remote sensing researchers tend to be focused more on research
into novel remote sensing methods than building capacity for subtidal
habitat map production (Andréfouët, 2008).
Therefore relatively
little effort has gone into making WCC methods widely accessible.
A partnership between UNESCO (http://en.unesco.org/) and
the United Kingdom’s Department for International Development
has produced a "Remote Sensing Handbook for Tropical Coastal
Management" and a free but closed source program called Bilko (http://
www.unesco.bilko.org/). The book, software, and associated training
material aim to build capacity for a range of remote sensing tasks and
have proven to be a valuable resource (Byfield et al., 2012). However,
habitat mapping is not the sole focus, it does little to directly support
the inclusion of ground truth data, and in terms of WCC, the included
method (Lyzenga, 1978) is not ideal for use in temperate waters (Sagawa
et al., 2010). The same depth invariant index method of WCC (Lyzenga,
1978) is also available as a module in the expensive proprietary software
ENVI (Deidda and Sanna, 2012), but to date no other software for WCC is
available.
There are several well supported free and open source software
(FOSS) projects that support terrestrial remote sensing and geographic
information systems (GIS) (Christophe and Inglada, 2009; Quantum GIS
Development Team, 2011; McFerren et al., 2012; Neteler et al., 2012;
Bunting et al., 2014; Conrad et al., 2015; GDAL Development Team, 2016).
In contrast, and despite numerous well reasoned pleas for the publication
of code alongside methods in computationally intensive fields of research
(Ince et al., 2012; Barnes, 2010; Rocchini and Neteler, 2012; Pradal et al.,
2013; Stodden and Miguez, 2014), few, if any, subtidal habitat mapping
studies include code. The Python programming language (Oliphant,
2007) is ideal for the publication of algorithms related to subtidal habitat
mapping (including WCC) because it is free and open source, can be
easily integrated into the graphical user interfaces (GUIs) of leading
proprietary (ESRI, 2011) and FOSS GIS packages (GRASS Development
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Team, 2010; Quantum GIS Development Team, 2011), and is widely used
in related fields (Bunting et al., 2014; Perkel, 2015; Van Noorden, 2015;
Jung, 2016). In addition to building capacity for the production of habitat
maps, publishing FOSS implementations of remote sensing algorithms
could also foster collaboration, limit ambiguity, and increase the volume
of citations (Christophe and Inglada, 2009; Barnes, 2010; Ince et al., 2012;
McFerren et al., 2012).
It has been suggested that subtidal map users (e.g. resource managers
and ecologists) should forego image classification with WCC and fall back
on simple subjective manual photo interpretation methods in order to
increase habitat map production capacity (Andréfouët, 2008). However,
the development of an integrated system of methods and FOSS tools
for habitat mapping could maintain the benefits of WCC and automated
spectral classification methods while building map production capacity,
by enabling users to produce their own validated habitat maps at minimal
cost. In order to maximize capacity, the system should adhere to the
following principles:
1. Generality: Any methods included in the system should be
applicable in as wide a range of conditions as possible, from
extremely clear tropical waters (i.e., Jerlov type I, Jerlov, 1976) to
temperate waters (approximately type III).
2. Simplicity: The methods themselves may be complex, but their
implementation must not be. User inputs must be simple and well
defined, parameter tuning requirements must be minimal, and an
in depth understanding of radiative transfer theory should not be
required to operate the system.
3. Field Data Integration: Ground truth data are necessary for
validation, so a simple and efficient map production system requires
a simple and efficient way to collect, process, and integrate field data.
4. Low Cost: Funding is often limited, particularly in developing
countries (Collie et al., 2013), so costs must be kept as low as possible.
Therefore, methods that require expensive specialized equipment
(e.g., submersible spectrometer) for field data collection should be
avoided in favor of methods that can be carried out using readily
available consumer electronics. Similarly, FOSS solutions should be
favored over reliance on expensive proprietary software.
5. Flexibility: Methods and software should be modular so that the
system can function smoothly as a whole while still allowing access

Chapter 1. General Introduction

5

to steps of the process as individual functions or class methods, and
there should be potential to access methods through GUIs (e.g., QGIS
processing toolbox, ArcGIS Python toolbox) and directly via Python.
The main aim of this thesis is to develop, implement, and evaluate
a system for habitat map production that adheres to these 5 principles.
The system will be referred to as the Marine Optical Remote sEnsing
Map and Assessment Production System (MORE-MAPS). It is outlined
in Figure 1.1 and a general description of its intended use follows: The
required photo survey field work can be conducted on SCUBA or snorkel,
using readily available consumer electronics, or from a boat, with a drop
camera system. The resulting field data (digital photos, GPS log, and
depth log) will then be processed into ground truth data in shapefile
format using Benthic Photo Survey (BPS), a new purpose-built FOSS
tool. Sea floor reflectance will then be estimated by a WCC correction
method comprising depth estimation, parameter estimation, and image
correction that has been coded in Python for simplified implementation
with minimal user input. The resulting sea floor reflectance image will
then be used with an existing FOSS implementation of terrestrial habitat
classification methods (Congedo and Munafò, 2012) to produce a habitat
map. The BPS processed ground truth data can then be used to assess
mapping accuracy and produce an error matrix to accompany the map.
Thus, a validated subtidal habitat map can be produced with minimal cost
and complexity.
The test bed for the development of MORE-MAPS will be the
temperate waters in and around the Cape Rodney to Okakari Point
(CROP) Marine Reserve in northeastern New Zealand (Figure 1.2) using
WV2 multispectral satellite imagery provided through an imagery grant
from DigitalGlobe Foundation. This is a more challenging environment
for optical remote sensing, due to the optical properties of water column
and seafloor (discussed in Section 3.2), than the clear tropical waters where
most optical remote sensing methods have been developed and applied
(Hamel and Andréfouët, 2010; Xu and Zhao, 2014; Green et al., 2000).
Because most of the methods included in MORE-MAPS have origins in
the tropics (Chapters 2, 4, and 5), the system is likely to produce useful
results in that environment as well.
CROP has been the subject extensive study for over 50 years (Clements
and Taylor, 2013). Large scale shifts in habitat distribution due to
protection from fishing (N. Shears and R. Babcock, 2002; N. T. Shears
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F IGURE 1.1: Simplified flow chart representation of MOREMAPS. Image preprocessing is not represented in the
diagram but is detailed in the relevant chapters and can also
be accomplished using the free and open source OpticalRS
library.

and R. C. Babcock, 2003; Babcock et al., 2010) have been documented by
repeated habitat mapping efforts (Ayling, 1978; Parsons et al., 2004; Leleu
et al., 2012). Previous mapping efforts have, in combination with other
methods, used manual interpretation of aerial imagery, but this study will
be the first application of automated multispectral image classification to
subtidal habitat mapping in CROP or any other part of New Zealand. In
addition to providing a challenging test bed for MORE-MAPS, the remapping of CROP will provide an opportunity to compare the merits
of the optical remote sensing approach with the more labor intensive
methods previously used.
This thesis is organized as follows. Chapter 2 describes the BPS
software developed to efficiently process field data into spatially explicit
ground truth suitable for integration with the rest of the MORE-MAPS
process. Chapter 3 develops and evaluates an empirical non-parametric
technique for estimating bathymetry from WV2 imagery. Chapter 4
develops a curve fitting approach to estimating the apparent optical
properties of the water column that are required to parameterize WCC.
Chapter 5 surveys existing WCC methods in the context of a map
production system and adapts the shallow water reflectance model of
Maritorena et al. (1994) for use as the WCC component of MORE-MAPS. In
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F IGURE 1.2: WorldView-2 imagery of the study area with
boundaries of the CROP marine reserve displayed.

Chapter 6, the work of the previous chapters is deployed as an integrated
system, and that system, MORE-MAPS, is used to produce a broad scale
habitat map and accuracy assessment from the WV2 image in Figure 1.2.
The results are then compared with those of a previous mapping study in
the same area (Leleu et al., 2012). The mapping accuracy is also compared,
in more general terms, with optical remote sensing studies from temperate
regions around the world. Throughout the thesis reference will be made to
OpticalRS. This is a free and open source Python library that handles the
image processing tasks associated with MORE-MAPS. Documentation is
available on the OpticalRS documentation website (http://jkibele.
github.io/OpticalRS/). The 5 appendices (A - E) provide annotated
listings of the Python code used to implement the methods described in
this thesis and will be useful for anyone who intends to make use of the
MORE-MAPS methods and software.
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Chapter 2
Benthic Photo Survey:
Software for geotagging, depth-tagging, and classifying photos from
survey data and producing shapefiles for habitat mapping in GIS.

A slightly modified version of this chapter has been published (Kibele,
2016).

2.1

Abstract

Photo survey techniques are common for resource management,
ecological research, and ground truthing for remote sensing but current
data processing methods are cumbersome and inefficient. The Benthic
Photo Survey (BPS) software described here was created to simplify the
data processing and management tasks associated with photo surveys
of underwater habitats. BPS is free and open source software written in
Python with a QT (http://qt-project.org) graphical user interface.
BPS takes a GPS log and jpeg images acquired by a diver or drop camera
and assigns the GPS position to each photo based on time-stamps (i.e.
geotagging). Depth and temperature can be assigned in a similar fashion
(i.e. depth-tagging) using log files from an inexpensive consumer grade
depth / temperature logger that can be attached to the camera. BPS
provides the user with a simple interface to assign quantitative habitat
and substrate classifications to each photo. Location, depth, temperature,
habitat, and substrate data are all stored with the jpeg metadata in
Exchangeable image file format (Exif). BPS can then export all of these
data in a spatially explicit point shapefile format for use in GIS. BPS greatly
reduces the time and skill required to turn photos into usable data thereby
making photo survey methods more efficient and cost effective. BPS can
also be used, as is, for other photo sampling techniques in terrestrial and
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aquatic environments and the open source code base offers numerous
opportunities for expansion and customization.

2.2

Introduction

Geotagged photos provide an efficient means of gathering spatially
explicit information for environmental monitoring, resource management
(Schlacher et al., 2010), ecological studies (Done et al., 2007; Kutser
et al., 2007; Ruhl, 2007), and habitat mapping methods where it is
necessary to ground truth habitat types or detect changes (Andréfouët
et al., 2003; Dekker et al., 2011). Such photo survey methods have
advantages over more traditional observational techniques (Coyer et al.,
2012) as field workers do not need to be trained in interpretation and
the photos provide a permanent visual record that can be revisited and
reinterpreted in the future. Geotagged photos can then be classified
visually (e.g. habitat, species presence/absence, etc.), exported as a
spatially explicit point shapefile suitable for analysis in GIS, and compared
with remote sensing data (Roelfsema and S. R. Phinn, 2009; Roelfsema and
S. Phinn, 2010). However, the conversion of classification attributes and
field data (photos and GPS logs) into shapefile format is a cumbersome
and labor intensive process involving multiple pieces of software and
manual data entry that is prone to error. Comparisons of photographic
and observational methods have cited the time and technical expertise
required for this process as major barriers to use of photographic methods
in GIS (Roelfsema et al., 2004; Roelfsema and S. Phinn, 2010).
In the marine environment there are inherent difficulties with carrying
out benthic photo surveys. Seafloor photos must be taken in close
proximity to the bottom due to the attenuation of light in water and to
capture images of sufficiently high resolution. Habitat mapping requires
that photos are geotagged, but GPS receivers will not function below
the water’s surface so using cameras with integrated GPS is not feasible.
Photos can be captured underwater via drop camera or in the water on
snorkel or SCUBA (Roelfsema and S. R. Phinn, 2009) but GPS records must
come from a receiver on the boat (when used with a drop camera) or on a
diver-towed float. Depth measurements can aid in the mapping of benthic
habitats (Eugenio et al., 2015; Sagawa et al., 2010) but previously described
methods do not provide for depth integration with photo survey results.
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Benthic Photo Survey (BPS) was created to streamline the production
of shapefiles from photo surveys of the seafloor and integrate depth
measurements into the process. BPS provides a simple graphical user
interface for batch geotagging, manual habitat and substrate attribution of
each photo, and exporting this information to a shapefile. Shapefile format
allows multiple numeric and non-numeric data fields to be associated
with each point with no loss of positional precision (due to raster grid cell
size). When raster outputs are required, shapefile data fields can easily be
converted using GIS software or the free and open source Geospatial Data
Abstraction Library (GDAL). In contrast with earlier methods BPS is also
designed to incorporate depth and temperature data from an inexpensive
depth logger (ReefNet Inc, 2015) attached to the camera. BPS requires a
GPS log, a set of photos, and (optionally) a depth log to be simultaneously
collected in the field. With these data as input (Fig. 2.1), BPS can write
location and depth information into the Exchangeable image file format
(Exif) portion of each jpeg photo as a batch process. The user can then
visually assign habitat and substrate categories to each photo, which are
also written in the Exif portion of each image. Habitat and substrate
categories can be defined by the user through a preferences menu for
application in any environment. Once all attributes have been assigned,
a shapefile can be exported from BPS where the location of each photo is
represented as a point feature. Each of these features is attributed with all
available data (see the BPS website (Kibele, 2014) for more detail including
a full list of feature attributes). The exported shapefile can be used with
most GIS software (QGIS (Quantum GIS Development Team, 2011) for
example) for further analysis. A step by step BPS tutorial for use with the
included test data (images, GPS log, and depth log) is available on the web
(Kibele, 2014).

2.3

Implementation and architecture

BPS is primarily intended to be used via the graphical user interface (GUI).
Most users will not require any understanding of the software beyond that
necessary to install and run it. Users who intend to use BPS to process their
photo transect data should direct their attention to the BPS website and
documentation (Kibele, 2014). However, the following may be of interest
to those who wish to customize the application, extend its capabilities, or
simply understand what BPS does in greater detail.
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F IGURE 2.1: Graphical representation of BPS workflow.
Geotagging and depth tagging are batch processes. Habitat
and substrate classification require user input for each
image.

The core functionality of BPS is contained within the following
modules:
•
•
•
•
•

bps_gui
depth_temp_log_io
gps_log_io
photo_tagging
bps_export

The BPS GUI was designed with QT Designer 4.8.6 (http:
//qt-project.org/doc/qt-4.8/designer-manual.html). The
resulting user interface (UI) files were then used to generate the Python
components of the user interface: ui_bps.py, ui_pref_help.py, and
ui_preferences.py. These components, in turn, are imported by the
bps_gui module. This module implements the functioning of the GUI
and calls all the other subordinate modules into use.
The depth_temp_log_io module reads depth and temperature
data from the Sensus Ultra dive data logger (https://reefnet.ca/
products/sensus/), and writes it into a SQLite database. It also
contains functionality for nearest timestamp lookups in the database and
several unit conversions including time zone shifts.
The gps_log_io module reads GPS log data (position and
timestamp), in gpx or NMEA text format, into the SQLite database. It also
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contains methods for converting coordinates and performing lookups in
the database.
The photo_tagging module defines objects to assist in handling
images and writing information into the Exif portion of jpeg files. It
also provides the “Depth Plot” functionality accessible via the GUI and
described in the BPS documentation (Kibele, 2014).

2.4

Software testing

Testing for BPS was carried out by following the steps of the tutorial
(Kibele, 2014) using the included test data and manually verifying that the
output was as expected. This testing procedure was conducted on Ubuntu
14.04 and Windows 7.

2.5
2.5.1

Availability
Operating system

BPS is primarily intended for use on Ubuntu or Windows operating
systems. The full installation of BPS and its dependencies to run
from source on Ubuntu is a simple procedure. This full installation,
while possible on Windows, is more complicated. Therefore, a standalone Windows executable file is available. Instructions for Ubuntu full
installation and Windows stand-alone installation are provided on the BPS
website (Kibele, 2014).
BPS was developed and tested on Ubuntu 14.04 and Windows 7. As a
Python application, it should be possible to run it on any operating system
that can support Python and the other dependencies listed below but no
testing has been carried out to date.

2.5.2

Additional system requirements

BPS has been successfully operated on virtual machines (Windows and
Ubuntu) with as little as 1GB of RAM and a single Intel i5 core. While
testing has not been conducted at a lower specification, this configuration
may be considered the minimum requirement.
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2.5.3

Support

For
assistance
with
BPS, please contact the author via email (jkibele@gmail.com). Bug reports
and feature requests can be posted to the BPS issue tracker (https:
//github.com/jkibele/benthic_photo_survey/issues).

2.5.4

Dependencies

When running the Windows binary version of BPS, it is not necessary to
install any of these dependencies. Compiled versions are included as part
of the Windows binary download. When running BPS from source, the
following dependencies are required:
•
•
•
•
•
•
•
•

Python 2.7
Scipy 0.13.3 Used for interpolating between measured depths.
Matplotlib 1.3.1 Used for plotting depth profiles.
PyQt4 4.8.6 Used to devlop the graphical user interface.
GDAL 1.10 Used for writing shapefiles and handling projections.
Pyexiv2 0.3.2 Used to read and write Exif data.
Pynmea 0.6.0 Used to read GPS NMEA log files.
Slugify 0.0.1 Used to clean up user input.

Installation of these dependencies is simple on the Ubuntu 14.04
operating system and instructions are provided on the installation section
of the BPS website (Kibele, 2014). Running from source is possible on
other operating systems (e.g. Windows and OSX) but the installation and
configuration of dependencies can be tricky and that process is beyond the
scope of this document.

2.5.5

Software location:

Archive:
Name Zenodo.org
Persistent identifier http://doi.org/10.5281/
zenodo.33028
Licence New BSD
Publisher Jared Kibele
Date published 02/11/2015 v1.0.6
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Code repository:
Name GitHub
Identifier https://github.com/jkibele/
benthic_photo_survey
Licence New BSD
Date published 23/08/2012 initial commit on bitbucket.org.
Moved to GitHub in Nov 2014. v1.0.6
published 02/11/2015

2.6

Reuse potential

BPS was developed to facilitate the processing of field data (underwater
photos, GPS logs, and depth logs) into shapefiles for use as ground truth
in the derivation of subtidal habitat maps from multispectral satellite
imagery. However, it is likely to be suitable for many other uses in both
aquatic and terrestrial environments. This section will detail some of the
ways in which BPS could be used in the current version of the code and
then discuss additional uses that would require modifications to the code.
In the current version of the code, BPS is useful for producing a point
shapefile from photos and a GPS log. In the simplest use case, BPS
operates as a geotagging application. BPS also offers the option of adding
user adjustable categorical attributes (habitat and substrate) and depth to
each photo and corresponding shapefile location, giving it utility beyond
that of a simple geotagging application. The following are some potential
uses:
In the absence of satellite or aerial imagery, subtidal habitat /
bathymetry maps could be generated by simply collecting a large number
of evenly spaced photos and interpolating the BPS shapefile. Ground truth
data could be generated for terrestrial habitat mapping by walking with a
GPS and photographing the scene at ground level. In a citizen science
context, field data (photos and GPS/depth logs) could be collected by
volunteers with minimal training and processed using BPS by researchers
who may not even be on site. Visually observable traits other than habitat
and substrate could also be mapped. For instance, one could use the BPS
preferences menu to define the substrate categories as numerical bins (e.g.
0-5, 5-10, 10-15, . . . ,etc.), attribute each photo according to the abundance
of a given species visible in the photo, and use the resulting shapefile to
produce a map of the abundance of this species. With depth-tagging, the
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shapefile could also be used to investigate the relationship between the
density of a species and depth.
Regardless of the specific task, BPS writes location and all other
available data (depth, temperature, habitat, substrate, etc.) to the Exif
metatdata portion of each jpeg as well as to the generated shapefile. This
makes the jpeg files permanent records on their own with potential uses
outside of BPS. For instance, a collection of BPS attributed photos could
easily be cataloged in a PostGIS database and made available online as a
historical archive. With additions over time, such an archive could serve
as a record of change in habitat or species distribution.
The free and open source Python code for BPS could also be modified
to alter or expand its capabilities. For instance, additional sensors that
produce a log of time-stamped readings could easily be coded for. If one
were interested in mapping variations in pH, new code could be written to
parse the log files and select the appropriate readings to match the photo
time-stamps. The code for dealing with the depth/temperature log files
could serve as a template for any time-stamped log file. Modifications
could also be made to the BPS user interface to add functionality. Useful
additions might include some of the functionality available in Coral Point
Count (Kohler and Gill, 2006) such as area measurement and random
point overlays.
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Chapter 3
KNN Depth Estimation:
Non-parametric empirical depth regression for bathymetric mapping
in coastal waters

An updated version of this chapter has been published in the IEEE Journal
of Selected Topics in Applied Earth Observations and Remote Sensing
(Kibele and Shears, 2016).

3.1

Introduction

Bathymetry maps are essential for navigation (Benny and Dawson, 1983),
resource management (Jupp et al., 1985; Saarman et al., 2012; Jordan et
al., 2005; Merrifield et al., 2012), and as an intermediate product used
for mapping of coastal marine habitats (Bierwirth et al., 1993; Sagawa et
al., 2010; Eugenio et al., 2015). While the estimation of bathymetry using
multispectral satellite imagery may not provide the accuracy attainable by
boat based acoustic methods, it does offer a number of advantages. Image
based methods can provide bathymetry estimates from the intertidal
and shallow subtidal zone e.g. < 5 m depth), where the collection of
sonar data is problematic, down to depths of around 20 m depending
on a number of factors including water clarity and bottom reflectance.
The primary advantage of image based methods is their comparatively
low cost and large spatial scales over which bathymetry information
can be obtained based on readily available imagery. Correspondingly
this provides a potentially efficient and more accessible approach to
bathymetric mapping for researchers and resource managers.
Many methods have been described in the literature for the estimation
of depth from satellite imagery (Polcyn et al., 1970; Dekker et al., 2011).
These methods however have one or more of the following drawbacks: 1)
They are complex, difficult to implement and require specialised computer
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skills (Dekker et al., 2011), 2) are dependent on field measurements with
costly equipment (Lee et al., 1999), and 3) are limited in applicability to
a narrow range of environmental conditions (e.g. clear water and/or
uniform bottom reflectance) (Benny and Dawson, 1983). Therefore current
methods do not provide a widely accessible and cost effective means of
obtaining bathymetric data over large spatial scales. Despite previous
efforts aimed at making these methods more accessible to workers outside
the field of remote sensing (Green et al., 2000), there is still considerable
specialized knowledge required to choose and implement an effective
method. The difficulty of implementation is due in part to the complexity
of the methods, but is also compounded by the paucity of free and open
source software (FOSS) or even proprietary software available for use. A
researcher or resource manager wishing to make use of current methods
(i.e., a map user sec. Andréfouët, 2008) must select a method appropriate
to the study site, understand well enough to translate the literature to
algorithms and overcome "the curse of ambiguity" (sec. Ince et al., 2012)
to turn those algorithms into working computer code. As it stands,
the selection and application of existing methods for depth estimation
requires specialized skills and knowledge that greatly restrict their use.
This paper proposes a method that can be carried out easily and at low
cost without extensive knowledge of optical remote sensing. The method
is based on K nearest neighbor regression (KNN), a nonparametric method
commonly used in machine learning (Altman, 1992). Only 2 inputs are
required: the multispectral image itself and a set of known depths to train
the KNN model. This method is fully empirical in that it is not based
on modeling the complex physics of the transmission of light through
water. The only assumption inherent in this method is that radiance
across the bands of the image will have a similar relationship to depth in
training pixels (the subset with known depths) as in the unknown pixels.
Consequently, this method is potentially capable of producing useful
results across a broader range of environmental conditions than previous
methods based on simplified physical models. Furthermore, atmospheric
correction is not required and should have little effect because reflectance
values are only compared within a single satellite image. A free and open
source Python library is provided for application of the proposed method
and related tasks (http://jkibele.github.io/OpticalRS/).
In this study, the proposed method will be applied to WorldView-2
(WV2) imagery of Cape Rodney in north eastern New Zealand (Fig 3.1)

3.2. Data Acquisition

19

using depth information from a multibeam sonar survey to both train
the model and for accuracy assessment. The resulting bathymetry is
then compared with that from a physics based empirical depth estimation
method (Lyzenga et al., 2006) applied to the same data. Lyzenga’s method
was chosen because it has been widely used and can be applied, like the
proposed KNN method, using imagery and a subset of known depths as
the only required inputs.
This paper is laid out as follows: Section 3.2 describes the WV2
imagery and the multibeam bathymetric data used in this study. Section
3.3 describes the preprocessing of the imagery and depth data. Section
3.4 describes the application of the proposed KNN method and the
application of Lyzenga’s depth estimation method to the same data and
presents the resulting bathymetry from both methods. Section 3.5 presents
an assessment and comparison of the performance of the two methods
in regard to overall accuracy, spatial distribution of error, sensitivity
to quantity of training points, and estimate performance relative to
maximum depth. Section 3.6 discusses the implications of the results and
provides final conclusions.

3.2

Data Acquisition

The study area is the waters in and around the Cape Rodney to Okakari
Point (CROP) marine reserve, northeastern New Zealand. CROP is New
Zealand’s oldest marine reserve (Ballantine and Gordon, 1979) and has
been the subject of multiple habitat mapping studies since its inception in
1977 (Ayling, 1978; Parsons et al., 2004; Leleu et al., 2012). CROP is located
on an open coast in the outer Hauraki Gulf away from large riverine
inputs of sediment, with mean total suspended solid (TSS) measurements
of 4.13 mg l−1 (Seers and Shears, 2015), Secchi depths typically between
6.5 and 10 meters (1st and 3rd quartiles) (Shears, unpublished data),
and mean chlorophyll a concentrations of 0.87 µg l−1 (Leigh Marine
Laboratory, unpublished data). These waters are relatively clear for a
temperate reef environment but represent a challenge for optical remote
sensing methods compared to coral reef environments where optical
remote sensing methods are more frequently employed (Green et al., 1996;
Hamel and Andréfouët, 2010; Xu and Zhao, 2014; Green et al., 2000).
Australia’s Great Barrier Reef, for example, has average Secchi depths
of 11.5 meters and an average chlorophyll concentration of 0.32 µg l−1
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F IGURE 3.1: RGB composite of the WV2 imagery of the
study region in northeastern New Zealand overlayed with
the footprint of the multibeam survey depths less than 20m
outlined in red and those greater than 20m outlined and
lined with black. An area of sandy bottom is outlined and
hatched in yellow and a small area of kelp covered bottom
is shown in green.

(De’ath and Fabricius, 2010) with suspended particulate matter (SPM)
concentrations near 2 mg l−1 (van Woesik et al., 1999). Bottom types within
the study area range from high albedo terrigenous sands (Gordon, 1976)
to dense stands of the kelp Ecklonia radiata with very low albedo. A range
of other habitats form bottom types of intermediate albedo (Ayling, 1978;
Shears et al., 2004).

3.2.1

Multibeam Sonar

The multibeam depth data were collected by Discovery Marine Ltd.
(www.dmlsurveys.co.nz) in May 2014. The survey was completed using
a RS Sonic 2022 multibeam echosounder on board the 7m survey vessel
Pandora. Positioning was via a Trimble RTK GNSS and Posmov motion
compensator. Sound velocity profiles were recorded with an AML
minos SVP. Data were acquired with QINSy 8.1 navigation software and
processed with QINSy 8.1 and Fledermaus 7.4. Tidal data were recorded
at 5 minute intervals for the duration of the survey and the bathymetric
data were reduced to Auckland MSL 1946 vertical datum and supplied to
the authors as xyz point data.

3.3. Data Preprocessing
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Multispectral Imagery

The 8-band WorldView-2 (WV2) imagery for this study was supplied by
the DigitalGlobe Foundation under an imagery grant. The WV2 image
was acquired by the satellite at 22:53 UTC on 18 January, 2014. Solar
azmith and elevation were 66.1◦ and 60.1◦ respectively. Satellite azmith
and elevation were 46.2◦ and 63.8◦ and the off nadir view angle was
23.1◦ . The imagery was geometrically corrected and orthorectified by
DigitalGlobe and delivered at the ’Standard 2A’ product level (Updike and
Comp, 2010).

3.3

Data Preprocessing

WV2 imagery and multibeam data sets both required some preprocessing
before the KNN and Lyzenga (Lyzenga, 1985; Lyzenga et al., 2006) depth
estimation methods could be applied.

3.3.1

Multibeam Sonar

Multibeam depths needed adjustment for tide and to be matched to
the imagery in terms of resolution and projection. The xyz point data
were converted to GeoTiff format using GRASS (GRASS Development
Team, 2010), reprojected to UTM zone 60 south, and corrected to chart
datum using data from Land Information New Zealand (LINZ) (Baker and
Watkins, 1991). Additional data from LINZ were then used to correct the
depths for tide height at the time of WV2 image acquisition. The resulting
GeoTiff was then downsampled to match the spatial resolution of the WV2
imagery using QGIS (Quantum GIS Development Team, 2011).

3.3.2

Multispectral Imagery

The WV2 imagery required minor preprocessing that was common to
both depth estimation methods and some additional preprocessing for the
Lyzenga method. First, the WV2 image was cropped to match the extent
of the multibeam survey. Next the land was masked from the image by
thresholding the NIR2 band and eliminating unmasked clumps with less
than 2000 pixels. Then integer DN values were converted to floating point
decimals and rescaled to the interval [0, 1] and denoised using bilateral
filtering (Tomasi and Manduchi, 1998) as implemented in the scikit-learn
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Python library (Pedregosa et al., 2011). This denoised image became the
input for the KNN method from which radiance values (L) were derived.
Additional preprocessing for the Lyzenga method was based on the
steps outlined in (Lyzenga et al., 2006) but modified slightly to suit the
imagery used in this study. Due to the low reflectance of kelp dominated
bottoms and relatively high water column backscatter, the Lyzenga et
al. method of selecting shallow-water pixels based on thresholding the
blue and green bands was not used. Instead, only pixels with known
depths (from the multibeam survey) were used. There was very little
sun glint apparent in the imagery, but the sun glint removal algorithm
described in section III of (Lyzenga et al., 2006) was applied in order to
replicate the original methods as closely as possible. Deep-water pixels
were designated by calculating pixel brightness and using 3x3 moving
window to mask pixels with fewer than 50% of neighboring pixels above
the 10th percentile of brightness. These deep-water pixels were used to
calculate the deep-water mean and standard deviation. Transformation
according to equation 7 from (Lyzenga, 1978),
Xi = ln(Li − Lsi )

(3.1)

(where Li is the radiance in band i and Lsi is the average deep-water
pixel radiance in band i) resulted in too many undefined values because
Lsi > Li for most of the pixels in the scene. This problem has been
previously noted (Ji et al., 1992; Stumpf et al., 2003) and will be discussed
in detail later. In order to proceed, mean deep-water radiance minus 2
standard deviations (Li∞ ) was used in place of mean deep-water radiance
(Lsi ) (Armstrong, 1993; Schweizer et al., 2005) so instead of equation 3.1,
transformed radiance (Xi ) was calculated according to equation 1 from
(Armstrong, 1993),
Xi = ln(Li − Li∞ )

(3.2)

For
complete
details
on imagery preprocessing, including the Python code used, refer to the
OpticalRS documentation (urlhttp://jkibele.github.io/OpticalRS/).

3.4. Depth Estimation

3.4
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Depth Estimation

This section describes the KNN method and the Lyzenga method, their
application, and then presents the resulting bathymetry generated by
both methods. Both estimation methods were implemented using the
Python programming language. The code used is available as part of the
OpticalRS Python library (http://jkibele.github.io/OpticalRS/).

3.4.1

KNN Regression Depth Estimation

KNN regression is a method for estimating a continuous dependent
variable based on a number (K) of the nearest training examples in
feature space (King et al., 1995). KNN methods make no assumptions
about the distribution of data. All training data is retained in memory
and predictions for unknown independent variables are produced by
averaging the values of the K nearest known independent variables based
on a distance metric (Imandoust and Bolandraftar, 2013).
In the case at hand, the continuous dependent variable is the depth
and the independent variables are the radiance values in the 8 bands of
the WV2 image. When the KNN model is trained, each training pixel
(those with known depth) is retained in memory as a sample (L) with 8
independent variables (L1 , L2 , ..., L8 ) and a known depth (z). Once the
model has been trained, the depth estimate (ẑ) for a pixel with radiance
values L0 is calculated as:
K
1 X
zi
ẑ =
K i=1

(3.3)

for the K (K = 5 for this study) nearest values of z as determined by the
euclidean distance (d) between L0 and the training samples. d is calculated
as:
v
u n
uX
0
d(L, L ) = t (Li − L0 )2
i

(3.4)

i=1

Stated simply, once the KNN model is supplied with training data,
unknown depths are estimated to be the average depth of the K (5) most
similar (in terms of radiance across all bands) pixels with known depths.
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Lyzenga Depth Estimation

The Lyzenga method for depth estimation assumes that atmospheric
scattering effects can be removed (via the Li − Lsi part of the
transformation, analogous to dark object subtraction (Chavez, 1988)) and
that a linear relationship between depth and transformed radiance can be
achieved using the transformation in Equation 3.1 such that:
ẑ = h0 +

N
X

hi Xi

(3.5)

i=1

for N bands of a multispectral image. Using a training set of pixel
transformed radiance values and known depths, hi values can be obtained
via linear regression (Lyzenga, 1985). With 8-band WV2 imagery, N can
be anywhere between 1 and 8. Although the use of all 8 bands (N =
8) resulted in a modest (0.1 m) improvement in RMSE, N = 2 was used
in this study for consistency with most other applications of the method.
Previous efforts have been made to find generalized hi parameters that
work across different images but more accurate results are obtained by
deriving hi parameters specific to the image under consideration (Lyzenga
et al., 2006). The image specific approach was employed in this study.
The following steps were used to train the Lyzenga depth estimation
model. First, the optimal pair of bands is selected. For each of the

8
possible combinations, ordinary least squares (OLS) regression is
2
conducted with the 2 selected Xi values as independent variables and
corresponding depths as the dependent variable. The band pair with
the highest r2 value is selected as the optimal combination. Then the hi
(intercept and slopes) parameters are determined (via OLS) and recorded
for this band combination.
Once the hi parameters have been determined, the model can be said
to be trained and depth estimation for the remaining pixels is simply a
matter of executing equation 3.5 with the determined parameters. When
N = 2, the equation takes the form:
ẑ = h0 + hi Xi + hj Xj

(3.6)

for the band combination of bands i and j.
For the training data used in this study the optimal band combination
2
(r = 0.63) was found to be bands 2 and 3. The hi parameters were
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determined via OLS and resulted in the following depth estimation model:
ẑ = 17.08 + 16.06X2 − 16.16X3

3.4.3

(3.7)

Depth estimation comparison

To compare the efficacy of the KNN and the Lyzenga methods, each was
applied to the same input data. Multibeam depths (z) were masked where
greater than 20 m (Fig. 3.1) and WV2 radiance values (L for the KNN
method and X [Equation 3.2] for the Lyzenga method) were masked to
match. This resulted in 644,953 pixels with known depth and radiance.
Each model was trained with 300,000 pixels and used to estimate the
depth of all 644,953. The resultant bathymetry maps produced by the
two methods are shown in Fig. 3.2 along with the Multibeam depths for
visual comparison. The RMSE was calculated for the 344,953 pixels not
used in model training (Fig. 3.3). The KNN method provided a better
approximation than the Lyzenga method as indicated by the RMSE values
(KNN: 1.54 m, Lyzenga: 2.54 m).

3.5

Accuracy Assessment

Further testing was conducted to compare the performance of the methods
across variations in: A) bottom albedo, B) size of training set, and C)
maximum depth.

3.5.1

Sensitivity to Variation in Bottom Albedo

To assess differences in response to varying bottom albedo, the spatial
distribution of error was compared between methods. Errors were
calculated for all available pixels for both estimates (Fig. 3.4). Visual
inspection of Fig. 3.4 indicated that errors were related to bottom albedo
(or habitat, e.g. kelp vs. sand) in both models, but more so for the Lyzenga
model. Errors were isolated for the kelp and sand areas identified in
Fig. 3.1 and analysis confirmed this impression. For the KNN method
the average errors were 0.05 m and 0.81 m in the sand and kelp areas
respectively. For the Lyzenga method average errors were -1.55 m and 2.19
m. The much larger difference in average errors for the Lyzenga method
(3.74 m vs 0.76 m) indicates that the KNN method is much less sensitive
to variations in bottom albedo.
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F IGURE 3.2: Multibeam measured depth compared to KNN
Estimated Depth and Lyzenga Method Estimated Depth.

3.5.2

Sensitivity to Number of Training Points

To investigate the relative sensitivity to the size of the training set
for each model, training and estimation procedures were carried out
repeatedly with varying proportions of data points assigned to training
and evaluation. The number of training points ranged from 10 to 500k
(80% of the full data set) on a 15 step logarithmic scale. Each model was
trained and tested (on the remaining non-training points) ten times at each
training set quantity. The randomization procedure for the selection of
training points was altered each time. Figure 3.5 displays the resulting
RMSE values as a function of the number of training set size for both
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F IGURE 3.3: Estimated vs measured depths for the KNN
model and the Lyzenga model. Some estimates of the
Lyzenga method lie below the extent of the y axis.

models.
Initially, the accuracy of both models improves very quickly with
additional training points (Fig. 3.5). The Lyzenga model approaches its
maximum accuracy (approximately 2.54 m RMSE) with as little as 100
training points. However, the accuracy of the KNN method continues
to improve while the Lyzenga method levels off. At around 150 training
points, the KNN method provides more accurate depth estimates. With
1000 training points, the KNN RMSE was better by 1 meter or more
compared to the Lyznenga method.

3.5.3

Performance at Varying Maximum Depths

Image and depth data were restricted to various maximums between 5
and 30 meters. These depth restricted data sets were randomly partitioned
into training sets of 1500 points with the remaining points comprising a
corresponding test set. 1500 was chosen as the number of points because
it was large enough that the KNN method outperformed the Lyzenga
method (Fig. 3.5), yet small enough to be feasible for field data collection
where multibeam data are not available (e.g., using a GPS and depth
sounder). A KNN model was trained and tested with each set and the
RMSE, mean error, and standard error was calculated for each depth
increment. The entire procedure was then repeated for the Lyzenga model.
The KNN method provided better accuracy at all depth ranges (Fig.
3.6) and this advantage (measured as Lyzenga RMSE minus KNN RMSE)
increased as the maximum depth increased from 0.2m RMSE with a
maximum of 5m to 0.9m RMSE with a maximum of 30m. The mean error
for the Lyzenga method stayed within 0.1m of 0 while the mean error for
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F IGURE 3.4: Estimated depth minus multibeam depth for
the two different models.

the KNN method drops as low as 0.3m below 0 with increasing maximum
depth. However, the error shows more variability in the Lyzenga model
and, as seen in Fig. 3.4, this variability appears to be correlated with
different bottom types.

3.6

Discussion

The KNN method used in this study provided a better estimation of
depth (RMSE = 1.54m) than the Lyzenga method (RMSE = 2.54m) under
the conditions represented in the study region and image analysed.
In previous studies the Lyzenga method yielded lower RMSE values
(ranging from 0.7m to 2.4m) (Lyzenga, 1985; Lyzenga et al., 2006; Su
et al., 2008) than those reported in this study. The higher RMSE in this
study is likely due to differences in environmental conditions, including
higher levels of suspended solids and chlorophyll, and the presence of a
bottom type with very low albedo. Specifically, the low radiance values
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F IGURE 3.5: Depth estimation model error as a function of
training point set size on a logrithmic scale.

F IGURE 3.6: RMSE and mean error ± standard error of the
mean for each method across different maximum depths.

in the WV2 blue bands over kelp covered bottom resulted in what Ji et
al. called "over deduction" (Ji et al., 1992): when Lsi ≥ Li , ln(Li − Lsi )
is undefined. The modified transformation expressed in Eq. 3.2 makes it
possible to apply the Lyzenga method where it would not otherwise be
possible, but it does not address the underlying limitation of Lyzenga’s
transformation (Eq. 3.1). The Lyzenga method is based on a quasisingle-scattering approximation (QSSA) of the radiative transfer equation
(RTE) (Lyzenga, 1978) and predicated on the transformation of observed
radiance producing a negative linear relationship with depth across all
bottom types. The dependence on this transformation represents an
inherent assumption about the range of bottom albedo and the optical
properties of the water where the depth is to be estimated. In the
current study, this linear relationship was achieved for some bottom types
but not others because these inherent assumptions were violated by the
environmental conditions in the study area.
The relationship between transformed radiance (according to Eq. 3.2)
and depth for WV2 pixels over both sand and kelp are shown in Fig.
3.7 (see Fig. 3.1 for locations of kelp and sand). The sand pixels
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generally follow the negative linear relationship that the Lyzenga method
is based on (Lyzenga, 1978), but the kelp pixels do not. Large brown
macroalgae such as the kelp Ecklonia radiata have very low reflectance in
the wavelengths of WV2 bands 1 and 2 (Werdell and Roesler, 2003). QSSA
predicts that, due to larger relative influence of water column scattering
effects, radiance will increase with depth rather than decrease once the
bottom albedo drops below a certain threshold (McCluney, 1974) (see Fig.
6 and 7). The threshold varies with wavelength, water clarity, and other
factors in a manner that is beyond the scope of this paper, but it is useful to
note that the threshold increases with backscatter (i.e. increased turbidity
and/or chlorophyll). Most wavelength and bottom albedo combinations
were above this threshold for the WV2 imagery used in this study, but
the albedo of kelp was below for bands 1 and 2 (Fig. 7). Consequently,
the radiance transformation did not consistently produce the expected
negative linear relationship with depth across all bottom types, and the
Lyzenga method did not perform as well in this study as it has elsewhere.
The KNN method produced more accurate results in the present study
compared to the Lyzenga methods. However, unlike the Lyzenga method,
KNN does not lend itself to physical interpretations of sources of error.
Likely sources of error include sensor noise, water column heterogeneity,
and insufficient bottom type separability. This method has not yet been
tested in less turbid water with a smaller range of bottom albedo (e.g.
tropical coral reefs), but it seems likely that it will perform at least as
well and likely better in less turbid conditions than those present in
the current study. No effort was made in this study to stratify the
sampling of training points over depth or bottom type. It is however likely
that such stratification could improve the performance of both methods,
particularly when training sets are small.
The KNN regression method presented here requires less image
preprocessing and can, with sufficient training data, estimate bathymetry
in difficult environmental conditions with much less error than the widely
used Lyzenga method. The KNN estimates for depths less than 20m
had an RMSE that was approximately 1m lower than the RMSE for the
Lyzenga method (Fig. 3.3). Errors were noticeably less influenced by
bottom type in the KNN method (Fig. 3.4), and that impression was
confirmed by the examination of average errors over 2 different bottom
types (Fig. 3.7). Both methods showed similar decreases in accuracy
with increasing maximum depth (Fig. 3.6), but the KNN method was
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F IGURE 3.7: Depth vs. transformed radiance for WV2 bands
1-4. Yellow represents pixels over sand bottom. Green
represents pixels over kelp bottom. Lowess curves are
included to illustrate the trends.

consistently more accurate. The only way in which the Lyzenga method
performed better than the KNN method was when small numbers (< 150)
of training points were used (Fig. 3.5).
This study demonstrates that the KNN method can outperform
the Lyzenga method in conditions where the inherent assumptions of
Lyzenga’s method are violated. Further study is necessary, via numerical
simulation with RTE or real world data collected under a range of
conditions, to assess the wider applicability of the KNN method. This
method and its FOSS implementation could prove to be a valuable tool
for researchers and resource managers who require low cost bathymetric
estimates of optically shallow waters. The only data requirements are
multispectral imagery and a set of geolocated depth measurements from
the field. These field data can be collected with relatively inexpensive and
easily portable equipment. This is critical where resources for bathymetry
mapping are limited and in locations where other methods such as lidar
or multibeam sonar are not practical or appropriate.
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Chapter 4
Parameter Estimation:
A curve fitting approach to estimating apparent optical properties from
satellite imagery.

4.1

Introduction

Apparent optical properties (AOPs) are quantities used in optical
oceanography to characterize water bodies that are dependent on sun
angle as well as the inherent optical properties (IOPs) of the water body
(Preisendorfer, 1976; Mobley et al., 2016). Two commonly used AOPs
are the reflectance over deep water (R∞ ) and the diffuse attenuation
coefficient (K). Both can be used to estimate chlorophyll concentrations
(Morel and Prieur, 1977; Tassan, 1993; O’Reilly et al., 1998; Smith and
Baker, 1978; Morel, 1988; Kirk, 2003) and various forms of K can be used
to classify water types (Jerlov, 1976), estimate IOPs (Kirk, 2003), predict
light intensity at depth (Simpson and Dickey, 1981), and estimate the
rate of solar heating in surface waters (Morel and Antoine, 1994). Most
importantly, in the context of the current study, R∞ and K are essential
parameters for water column correction methods (Chapter 5, Sagawa et
al., 2010; Minghelli-Roman and Dupouy, 2014; Zoffoli et al., 2014).
The definition of K that is of interest for model based algebraic water
column correction, and therefore of interest in the current study (Chapter
5; Zoffoli et al., 2014), is the operational diffuse attenuation coefficient of
the entire water column for both upwelling and downwelling irradiance
(Maritorena et al., 1994). Attenuation can be more accurately modeled
as separate depth dependent functions for upwelling and downwelling
irradiance, but this results in unwieldy models and depth averaged K
coefficients provide a reasonable approximation (Kirk, 2003). K is the
average of the diffuse attenuation coefficient for upwelling irradiance
(Ku ) and the diffuse attenuation coefficient for downwelling radiance
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(Kd ). Ku to Kd ratios vary with the optical properties of the water
column (Maritorena et al., 1994; Werdell and Roesler, 2003), so it is more
convenient to use K.
The reflectance just below the water’s surface over a water column
of depth Z can be related to R∞ , K, and the bottom albedo (A) by the
following equation (Philpot, 1987; Maritorena et al., 1994):
Ri (0, Z) = R∞i + (Ai − R∞i )e−Ki gZ

(4.1)

All values in Equation 4.1, except for g and Z, are wavelength dependent
and, therefore, band dependent. This is indicated by the subscript i. g is
a geometric factor to account for the effect of solar and viewing geometry
on path length (Sagawa et al., 2010). g is defined as:
g = sec θs0 + sec θv0

(4.2)

Where θs0 is the subsurface refracted off-nadir sun angle and θv0 is the
subsurface refracted off-nadir satellite viewing angle. Using g rather than
the constant 2 (as in Maritorena et al., 1994), reduces the dependence of
estimated K values on solar and viewing geometry (Lyzenga et al., 2006).
Equation 4.1 can be inverted to retrieve bottom albedo (Chapter 5).
This calculation requires Z values for each pixel (Chapter 3) and values
for R∞ and K that are assumed to be invariant throughout the image
(Minghelli-Roman and Dupouy, 2014). Many authors have estimated K
by regressing log transformed reflectance (or radiance) against known
depths (Bierwirth et al., 1993; Sagawa et al., 2010; Zoffoli et al., 2014) as
follows. Subtracting R∞ and taking the natural logarithm from both sides,
Equation 4.1 can be rewritten as:
ln(Ri (0, Z) − R∞i ) = ln(Ai − R∞i ) + (−Ki g)Z

(4.3)

After applying Lyzenga’s transformation (Lyzenga, 1978, Eq. 7):
Xi = ln(Ri − R∞i )

(4.4)

and representing the term ln(Ai − R∞i ) as the intercept bi , Equation 4.3
takes on the form of a linear equation:
X i = bi + m i Z

(4.5)
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TABLE 4.1: Notation. Subscript i indicates parameters that
change with wavelength and, therefore, image band.

Ki
g
R∞i
Ri
Ai
Z

Diffuse attenuation coefficient, m−1
Geometric factor accounting for path length
through water, dimensionless
Irradiance reflectance for an optically deep water
column, dimensionless
Irradiance reflectance, dimensionless
Bottom reflectance, dimensionless
The water column depth, meters

where the slope (mi ) equals −Ki g. If reflectance values are selected from
an area of the image with uniform bottom reflectance (so that Ai does not
vary) and uniform AOPs can be assumed, then Xi can be regressed on Z
to determine the slope mi . Once mi is known, Ki g (−mi ) can be used to
estimate bottom albedo (Chapter 5) and Ki can easily be calculated as:
Ki = −

mi
g

(4.6)

This linear regression based method can give usable estimates of Ki
(Bierwirth et al., 1993; Sagawa et al., 2010; Minghelli-Roman and Dupouy,
2014) but is subject to the following limitations. R∞ is a required input
and must be estimated prior to using the method. This necessitates the
presence of optically deep water with equivalent AOPs within the image
and requires extra processing and/or user interpretation to identify pixels
representing that water. Furthermore, due to its reliance on Lyzenga’s
transformation (Equation 4.4), the bottom reflectance must be greater than
R∞i . If it is not, Ri −R∞i will be negative and Xi will be undefined (Tassan,
1996). In practice, this method is typically conducted over a highly
reflective sandy bottom where this is not an issue, but it does make the
method unsuitable for use over low albedo bottoms. This transformation
also becomes problematic as Z increases and R approaches R∞ and sensor
noise results in R < R∞ for some pixels.
This chapter proposes the use of the Levenberg-Marquardt curve
fitting algorithm (Marquardt, 1963) to estimate Ki as an alternative to
the well established linear method (Bierwirth et al., 1993; Sagawa et
al., 2010; Zoffoli et al., 2014). The proposed method does not require
prior calculation of R∞i , and in fact provides an estimate of this value
in addition to estimating Ki . It does not rely on Lyzenga’s transformation
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(Equation 4.4), and the proposed method is easier to implement than the
linear method in that it does not require the user to select an appropriate
depth range or identify optically deep water. Therefore, the proposed
method is more appropriate for use as a step in an automated processing
chain.
This chapter is organized as follows: The subsection below will
elaborate on the proposed curve fitting method. Then the performance of
both methods will be compared using simulated data for clear and turbid
waters. Both methods will then be applied to WorldView-2 multispectral
imagery of the Cape Rodney to Okakari Point Marine Reserve in north
eastern New Zealand. The results for simulated and real data will then be
discussed.

4.1.1

Curve Fitting Estimation

Maritorena et al. (1994) described and validated the shallow water
reflectance model:
0−
0− −Ki gZ
Ri0− = R∞i
+ (Ai − R∞i
)e

(4.7)

where Ri0− is the reflectance just below the water’s surface, and Ai is the
reflectance of the seafloor. By considering atmospheric effects (Lu et al.,
2002), water surface reflectance (Mobley, 1999; Purkis and Pasterkamp,
2003), and water surface refraction (Morel and Prieur, 1977; Tassan,
1992; Purkis and Pasterkamp, 2003) to be uniform across the image and
represented by the term Rother , top of atmosphere reflectance (TOAR) can
be written as:
Ri = Ri0− + Riother

(4.8)

and TOAR over optically deep water is similarly:
0−
R∞i = R∞i
+ Riother

(4.9)

it can then be shown that:
−Ki gZ
Ri = R∞i + (Atoa
i − R∞i )e

(4.10)

where Atoa
= Ai + Riother .
i
For an image area with uniform bottom reflectance and varying known
depths, Equation 4.10 can be used as input to the Levenberg-Marquardt
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(LM) algorithm (Marquardt, 1963) as implemented in Scipy (Jones et al.,
2001–) (see Appendix C). Using a set of Ri values over an area of consistent
bottom types corresponding to known depths (Z), the LM algorithm
provides estimates of Atoa
i , R∞i , and Ki g as output.

4.2
4.2.1

Methods and Results
Simulated Spectra

Werdell and Roesler (2003) investigated the utility of using in situ
reflectance data combined with an inversion of Equation 4.1 and a linear
mixing model to assess bottom composition from subsurface reflectance in
tropical and temperate environments. This involved measuring R∞i and
Ri values with a radiometer, deriving Kd values, and measuring Ai values
for various bottom types with a spectrophotometer for clear tropical water
sites in the Bahamas and turbid temperate water sites in Long Island, New
York (Werdell and Roesler, 2003). To obtain the parameters required for
simulation in this chapter, data for clear tropical and turbid temperate
waters (Ai , R∞i , and Kd values) were estimated from figures in Werdell
and Roesler (2003) for the wavelengths corresponding to the six visible
bands of WorldView-2 imagery. These values are presented in Table
4.2. Estimating values from printed figures certainly lacks precision, but
exact values are not required to parameterize this simulation. Values
approximating conditions representative of tropical and temperate will
suffice.
TABLE 4.2: Simulation parameters from figures in Werdell
and Roesler (2003).

Wavelength
(nm)
427
478
546
608
659
724

A
0.23
0.30
0.36
0.42
0.48
0.50

Tropical
Kd
R∞
0.10
0.06
0.10
0.25
0.40
0.45

0.075
0.055
0.015
0.010
0.005
0.001

Temperate
A
Kd
R∞
0.050
0.065
0.080
0.110
0.120
0.120

0.79
0.54
0.42
0.50
0.70
0.80

0.010
0.020
0.025
0.018
0.008
0.007

The values in Table 4.2 were used as input for Equation 4.1 to
generate simulated reflectance spectra over sand bottoms for tropical and
temperate environments for 2500 depths ranging from 1 - 40 m. Because
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Kd values are reasonably close to K values (Maritorena et al., 1994), Kd
values were used as if they were K values in Equation 4.1. The resulting
simulated spectra are represented by the solid lines in Figure 4.1. Random
samples from a Gaussian distribution (mean = 0, standard deviation =
0.003) were added to the spectra to simulate sensor noise. These noisy
spectra are represented by the scattered points in Figure 4.1.

F IGURE 4.1: Simulated spectra over tropical and temperate
sand generated using the parameters in Table 4.2. Scatter
points represent the spectra after the addition of simulated
sensor noise.

4.2.2

Method Comparison with Simulated Spectra

To evaluate the performance of the linear parameter estimation method
and the proposed curve fit method, both methods were used to estimate
K values from noisy simulated spectra. For the linear method, the R∞
values required as input were estimated by averaging the noisy simulated
spectra over the 35-40 m depth range for each wavelength. Percent error
for each K estimate was calculated using the Kd value from Table 4.2 used
to generate the spectrum as the reference value.
This procedure was repeated 50 times for each of 29 different
estimation depth ranges in each simulated environment (tropical and
temperate). Estimation depth range minimums were held constant at
1 m while maximums varied from 2 - 30 m in 1 m increments. This
resulted in 1450 percent error measurements for each environment at each
wavelength for each method. The results for the simulated tropical spectra
are displayed in Figure 4.2. The green dots are the linear fit results and the
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blue dots are the curve fit results. The solid lines are a lowess smoothers
displaying the trends for each method.

F IGURE 4.2: Percent error for K estimates from noisy
simulated tropical spectra. Scatter points (blue for curve
fit and green for linear) represent individual simulation
and estimation runs with different estimation depth ranges.
Effective penetration depth (Z90 ) is displayed as a dashed
vertical line for reference.

The water column thickness from which 90% of total water leaving
radiance originates is sometimes referred to as the effective penetration
depth (Zoffoli et al., 2014). It is calculated as (Gordon and McCluney,
1975):
Z90 ≈

2.3
Kd

(4.11)

Z90 was calculated for each wavelength and marked by a dashed vertical
line in Figures 4.2, 4.3, and 4.4 for reference in the discussion.
In the simulated clear tropical water conditions (Figure 4.2), the linear
method performs best with narrow depth ranges and shallow maximum
depths. The curve fit method, conversely, performs best with wider depth
ranges and deep maximum depths. In these conditions, K estimates with
less than 5% error could be expected for most wavelengths using the linear
method with a 1 - 5 m depth range. Although larger errors were generated
for some of the runs in the 724nm wavelength. The curve fit method,
in contrast, produces its most accurate results with the widest available
depth range.
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F IGURE 4.3: Percent error for K estimates from noisy
simulated temperate spectra. Scatter points (blue for curve
fit and green for linear) represent individual simulation and
estimation runs with different estimation depth ranges.

Figure 4.3 displays the results for the simulated temperate spectra.
Error is higher in the temperate spectra than the tropical spectra for all
wavelengths and all depth ranges, but similar patterns are visible. The
linear method still returns its best estimates with narrow shallow depth
ranges while the curve fit method provides more accurate results with
increased maximum depth. These patterns are much more pronounced in
Figure 4.3 indicating that the linear method is likely to produce relatively
poor estimates of K in temperate waters regardless of the chosen depth
range.
Percent error values were averaged across simulation runs and across
wavelengths to produce a single mean percent error value for each method
at each depth range. These values are displayed in Figure 4.4. This
figure confirms the patterns observed in Figures 4.2 and 4.3. In tropical
conditions, the linear method can provide accurate estimates when
restricted to shallow water while the curve fit method requires deeper
water to provide better accuracy. In temperate conditions, accuracy is
reduced for both methods, but the curve fit method performs better in
all but the very shallowest depths. In contrast to tropical conditions, the
linear method never performs as well in temperate conditions as the curve
fit method does with a maximum depth greater than 5 m.
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F IGURE 4.4: Percent error for K estimates averaged across
wavelengths for all 50 simulation runs.

4.2.3

Preparation of WorldView-2 Imagery

In order to implement and compare the methods outlined above in real
world conditions, three elements are required: 1) Multispectral satellite
imagery containing an area with uniform bottom reflectance and varying
depth; 2) a polygon selection of that area; 3) a set of known depths within
the area. The imagery and polygon used are shown in Figure 4.5.

F IGURE 4.5: Location of study area and of sand bottom
selected for parameter estimation.

The same WorldView-2 image used in the depth estimation chapter
(Section 3.2.2) was used to fulfill the first requirement (Figure 4.5).
The imagery was converted to top-of-atmosphere reflectance using
the OpticalRS library (http://jkibele.github.io/OpticalRS/)
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according to instructions from DigitalGlobe (Updike and Comp, 2010).
Land pixels were then masked by thresholding the NIR2 (second near
infrared) band. For details on the image preprocessing and the specific
code used, see Appendix A. The polygon selection of the sand bottom
area was drawn over the image using QGIS (Quantum GIS Development
Team, 2011). The area was selected based on direct observation as well as
previous mapping efforts (Gordon, 1976; Ayling, 1978; Leleu et al., 2012).
The multibeam sonar depths used as ground truth in Chapter 3 were
not suitable for use because they did not extend far enough into the
shallows (minimum depth in Te Rere Bay was approximately 6 meters).
Instead, depths were estimated by the method described in Chapter 3
using ground truth depths collected and processed using the methods and
software described in Chapter 2. Full details of the processing involved are
provided in Appendix B.
The geometric factor g (Equation 4.2) is multiplied by the water depth
Z to give the length of the path that light must travel from the water’s
surface, to the bottom, and back to the surface. Authors often neglect
the slight change in these angles due to refraction at the water’s surface
(Sagawa et al., 2010; Wezernak and Lyzenga, 1975; Lyzenga, 1978; Lyzenga
et al., 2006). In this study, the angles below the water’s surface were
calculated (Mobley et al., 2016) as:
sin θ
(4.12)
1.34
The sun angle (from the image metadata) was 29.9◦ and the view angle
was 23.1◦ . With these values, g was found to be 2.12. Code used to carry
out the calculation is shown in Appendix C and further detailed in the
docstrings of OpticalRS (http://jkibele.github.io/OpticalRS/).
θ0 = arcsin

4.2.4

Comparison of Linear and Curve Fit Methods

In order to carry out the estimation of Ki by the linear regression method,
it is first necessary to estimate R∞i by calculating the mean deep water
reflectance. Following Lyzenga et al. (2006), deep-water pixels were
designated by calculating pixel brightness and using 3x3 moving window
to mask pixels with fewer than 50% of neighboring pixels above the 10th
percentile of brightness. The means across each band then constituted the
deep-water means used in Lyzenga’s transformation (Equation 4.4). The
code used is shown in Appendix C.
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The estimated R∞i values were then used to transform the WorldView2 imagery values according to Equation 4.4 and the resulting Xi values
were regressed on the estimated depths (Figure 4.6). The resulting slopes
were used along with the calculated geometric factor (g) to estimate Ki
according to Equation 4.6.
The inflection points visible in the LOWESS smoother lines for bands
4 and 5 in Figure 4.6 indicate that those wavelengths (608 nm and 659 nm)
are approaching full attenuation within the depth range examined.
Therefore, estimated Ki values for those bands (and those with longer
wavelengths) will not be valid. This will be discussed in further detail
below. Visual inspection of Figure 4.6 indicates that the regression slopes
will be more representative of attenuation if the depths are restricted to
an interval between 2 and 4 m. Accordingly, the data were limited to this
depth range, the transformation and regression were carried out a second
time (Figure 4.7), and Ki was estimated again.
The full range of estimated depths used in Figure 4.6 was then used
with the curve fit method. The fits and the resulting parameters are
displayed in Figure 4.8. The geometric factor g was used to calculate Ki
values according to Equation 4.6. Whereas the linear regression method
requires R∞i as an input, the curve fit method produces R∞i as an output.
The R∞i values calculated by the curve fit method are compared to the
deep water means produced for use with the linear method are compared
in Figure 4.9. The values were found to be within 0.002 across all
wavelengths.
Ki values calculated by the two variations of the linear method (all
depths and depth restricted) and the curve fit method were plotted
together in Figure 4.10. To provide context, downward irradiance
attenuation coefficients (Kd ) for Jerlov water types (Jerlov, 1976) are shown
on the plot as well. The Jerlov water types range from type I for the clearest
offshore oceanic waters to coastal 9 (C9) for turbid near-shore waters.

4.3

Discussion

Trials with simulated tropical reflectance data demonstrated that, with
sufficient depth range, the curve fit method produced results of
comparable accuracy to those of the commonly used linear method (Figure
4.4, left). For simulated turbid temperate reflectance data, the linear
method failed to attain the maximum accuracy of the curve fit method
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F IGURE 4.6: Transformed reflectance regressions on depth
with dashed smoother line and transformed reflectance over
sand scattered against KNN estimated depths. Near infrared
bands excluded.

and only outperformed it in very shallow depths (Figure 4.4, right). This
indicates a general pattern in which the linear method’s accuracy degrades
with increasing depth range as the curve fit method’s accuracy increases
asymptotically.
The reason for the linear method’s degraded accuracy can be explained
through an examination of the transformed reflectance of bands 4 and 5 in
Figure 4.6. There is an inflection point in the dashed trend line (LOWESS
smoother) for both of these bands and the regression line provides a poor
representation of the shallow transformed reflectance data. The same
pattern is visible when the simulated data is transformed and plotted
against depth as shown for the tropical simulated data in Figure 4.11.
This pattern is the outcome of sensor noise in Lyzenga’s transformation
(Equation 4.4). With increasing depth, values of Ri will approach R∞i .
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F IGURE 4.7: Transformed reflectance regressions on depths
between 2 and 4 m with dashed smoother line and
transformed reflectance over sand scattered against KNN
estimated depths. NIR bands excluded.

Ri values are, of course, subject to error (simulated error in Figure 4.11,
and sensor error in Figure 4.6) so, as Z increases and Ri approaches R∞i ,
error will cause Ri < R∞i for an increasing proportion of pixels. When
Ri < R∞i , Equation 4.4 is undefined, so pixels subject to these conditions
can not be plotted and do not participate in the linear regression. When
Z exceeds the depth of penetration (DOP - approximated by Z90 (Gordon
and McCluney, 1975; Zoffoli et al., 2014)), Ri = R∞i ± Error. Assuming
that the error distribution is symmetrical, approximately half of the pixels
will be undefined once Z exceeds the DOP and those that remain will have
a positive skew.
Therefore, when the depth range is appropriately restricted, linear
regression will provide a slope estimate that is related to the water’s
attenuation, but when the depth range encroaches on optically deep
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F IGURE 4.8: Untransformed reflectance plotted against
estimated depths with fitted solution to Equation 4.10. NIR
bands excluded.

water the skewed transformation results will, in turn, skew the regression
and degrade the accuracy of the K estimate. The Z90 depths in Figure
4.11 appear to correspond well to the depth at which the transformation
loses its linear relationship with depth for each band. Since DOP varies
with wavelength and is a function of Ki , it is not possible to precisely
determine the appropriate depth range for a given environment without
prior knowledge of Ki . Furthermore, the depth range that is optimal for
one band may not be appropriate for others (see Figures 4.2 and 4.3).
While it may be possible for a knowledgeable operator to estimate an
appropriate depth range based on their understanding of local conditions,
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F IGURE 4.9: Comparison of the R∞i values calculated by
deep water means for use with the linear method and those
produced by the curve fit method.

this is not a step that is easily automated, and it would represent a
challenge for potential users lacking a background in marine optics.
In contrast to the linear method, the results of the curve fit method do
not rely on Lyzenga’s transformation (Equation 4.4) and do not show a
decline in accuracy with increased depth range (Figure 4.4). The curve
fit method does not provide accurate results when restricted to shallow
depths, but this problem is easily avoided with a simple guideline to
include as broad of a depth range as is practical.
The application of both methods to WorldView-2 imagery of nearshore temperate waters in north eastern New Zealand provided results
consistent with those of the simulation exercises in that the estimates
of the curve fit method were similar to those of the depth restricted
linear method (Figure 4.10). Across all 3 variations of the methods,
estimated Ki values for the first 3 image bands were consistent with
waters approximating Jerlov’s type II - III (Jerlov, 1976). Without in situ
measurements of the actual attenuation at the time of image acquisition,
it is impossible to be sure how accurate these estimates are. However,
Jerlov’s "Regional distribution of optical waters" (Figure 72 in Jerlov, 1976)
depicts the water offshore of north eastern New Zealand as being type I
so it is reasonable that an open coast area such as Leigh could have water
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F IGURE 4.10: K values calculated by the curve fit method,
by linear method with the full range of available depths, and
by the linear method restricted to the 2-4 m depth range. Kd
values for Jerlov’s water types are plotted for reference.

clarity falling between type II and III. Furthermore, attenuation at 465 nm
can be estimated from Secchi depths (Gordon and Wouters, 1978). Using
the closest available Secchi depth (collected 1 km from the study site on 6
Jan 2014 - Shears, unpublished data) of 13 m, K465 can be estimated to lie
between 0.11 and 0.13. Given the uncertainties involved these values are
reasonably close to the results in Figures 4.10.
The curve fit K estimates for bands 1 (427 nm) is both higher than the
corresponding linear estimate and slightly higher than would be expected
by adhering to the shapes of Jerlov type II and III (Figure 4.10). Maritorena
et al. (1994) noted that coastal waters subject to terrestrial runoff exhibit
elevated attenuation in the 400-450nm wavelength range in comparison
to offshore oceanic waters. Therefore, the curve fit K estimate for band 1
conform to expectations better than the depth restricted linear estimate.
Estimates of Ki for bands 4 and 5 showed more deviation from
the values associated with Jerlov type II or III waters (Figure 4.10),
and previous authors have noted difficulty with Ki estimates for these
wavelengths (Palandro et al., 2004). As previously noted, the linear
method with unconstrained depth results in underestimates of Ki for these
bands due to full attenuation of those bands beyond 4 m depth (Figure
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F IGURE 4.11:
Simulated tropical reflectance data
transformed according to Equation 4.4 and plotted
against depth. The approximate depth of penetration (Z90 )
is marked for reference.

4.6). Attenuation is the sum of scattering and absorption. The absorption
coefficients of pure water at the wavelengths of bands 4 and 5 (608 nm and
659 nm) are approximately 0.26 m−1 and 0.41 m−1 (Pope and Fry, 1997).
Therefore, any estimated values of Ki for bands 4 and 5 that are less than
those absorption values can not reflect the true attenuation coefficients.
This includes all of the values estimated for bands 4 and 5 (Figure 4.10).
However, Figure 4.8 indicates that modeled relationship between
reflectance and depth is a fair representation of the actual data. Similarly,
Figure 4.7 shows that the linear regressions of bands 4 and 5 do represent
the trends in the data (r2 values of 0.74 and 0.59 respectively). The fact
that the depth restricted linear and curve fit methods both appear to fit
the data and provide similar estimates of Ki , suggests that the unrealistic
estimates (relative to Jerlov water types and the absorption of pure
water) are due to uncorrected atmospheric and/or water surface effects
in the imagery rather than any failure of the methods to characterize the
apparent attenuation of the water. Accordingly, the Ki values calculated
by these 2 methods are likely to be suitable for use in methods like that
of Sagawa et al. (2010) or Minghelli-Roman and Dupouy (2014) where the
object is to remove the effect of depth on pixel color. This will be discussed
further in Chapter 5.

50

4.4

Chapter 4. Parameter Estimation

Conclusion

In trials with simulated subsurface and actual TOA reflectance data, the
curve fit method delivered Ki estimates with accuracy comparable or
superior to those delivered by the commonly used linear method. The
accuracy advantage was particularly evident in the simulation of turbid
temperate waters (Figures 4.3 and 4.4). The curve fit method was simpler
to implement in all cases. It required fewer steps (prior estimation of R∞i
not required) and careful consideration of depth range was unnecessary.
While further study, including in situ measurement of Kd and Ku , is
required to determine the absolute accuracy of the curve fit method, this
chapter has demonstrated the curve fit method is superior to the linear
method in turbid conditions and at least comparable in clear conditions.
The linear method should only be preferred in clear waters when only
a few shallow pixel with constant bottom type and know depths are
available.
The logistical simplicity of the curve fit method is very well suited to
use in an automated image processing chain. The only required inputs
are the imagery, a polygon selection of consistent bottom type (generally
sand), and a raster of known depths. As demonstrated, the method is
tolerant enough of depth error that it can work with optical estimates of
bathymetry (Chapter 3). The curve fit method for estimation of Ki and
its implementation in the OpticalRS Python library (http://jkibele.
github.io/OpticalRS/) will further the goals of this study to reduce
the cost and complexity of habitat mapping.
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Water Column Correction:
A model based method for use in tropical, subtropical, and temperate
water with potential for full automation.

5.1

Introduction

One of the primary goals of the current study is the development of habitat
mapping techniques for tropical, subtropical, and temperate waters that
can be implemented at low cost with minimal logistical complexity and
high potential for automation (Chapter 1). Passive optical remote sensing
with satellite and aerial imagery can generate habitat maps over large
areas with comparatively low cost (Friedl et al., 2002; Green et al., 2000). In
the terrestrial environment, classification algorithms can operate directly
on the pixel values of imagery (Friedl et al., 2002; Lucas et al., 2007),
but it has long been recognized that the classification of submerged
habitats by similar methods is greatly complicated by the optical effects
of variable water depth (Wezernak and Lyzenga, 1975; Lyzenga, 1978). A
number of water column correction (WCC) methods have been described
to compensate for this added variability (Zoffoli et al., 2014). The object
of WCC is to remove the influence of depth from pixel values so that an
area of constant bottom type will display consistent values regardless of
depth, and thus allow habitat maps to be derived in the same manner
as for terrestrial environments. Existing methods accomplish this by
retrieving the reflectance of the seafloor (Lee et al., 1999), eliminating the
subsurface water column effects (Minghelli-Roman and Dupouy, 2014),
or at least providing a depth invariant bottom type index for classification
(Lyzenga, 1978). Many of these methods have been shown to enhance
the accuracy of thematic habitat maps generated from corrected images
(Sagawa et al., 2010; Xu and Zhao, 2014; Mumby, Clark, et al., 1998;
Minghelli-Roman and Dupouy, 2014; Hoang et al., 2015). Existing WCC
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methods can be grouped into three categories (Zoffoli et al., 2014): band
combination algorithms; optimization/matching algorithms; and model
based algebraic algorithms.
Lyzenga (1978) described a WCC method to generate depth invariant
images from pairs of multispectral image bands. This method was the
progenitor of the band combination algorithms and is the most widely
used algorithm in the category. The Lyzenga method is simple to
implement, can provide improved classification accuracy (Mumby, Clark,
et al., 1998; Hoang et al., 2015), and has been used extensively on coral
reefs (Lyzenga, 1981; Tassan, 1996; Mumby, Green, Clark, et al., 1998;
Teixeira et al., 2015) and less frequently on temperate reefs (Hoang et al.,
2015). However, it is not a true WCC method in that it does not produce
corrected reflectance values for each band. Instead, two or more (n) bands
are combined to produce n − 1 bands of index values not directly relatable
to actual bottom reflectance. Of critical importance for use on temperate
reefs with extensive beds of brown algae, the method is not applicable if
R∞i ≥ Ri (Tassan, 1996), as it is in the WV-2 imagery used in this study
(Chapter 3), because Lyzenga’s transformation (Equation 4.4) is undefined
under these conditions.
The methods in the optimization/matching category (Zoffoli et al.,
2014) are typically used with hyperspectral rather than multispectral
imagery. They rely on a multitude of successive runs of a radiative
transfer model with systematic variation of parameters (inherent optical
properties, depth, bottom albedo, etc.). Pixel spectra from an image are
then compared to the results of these calculations, the parameters of each
pixel are set to equal those used to generate the matching calculated
spectra. These methods are likely applicable to the environmental
conditions of the present study (Dekker et al., 2011) but are complex
and comparatively expensive to implement because they require in
situ spectral measurements, a priori knowledge of bottom reflectance,
and/or proprietary software for radiative transfer modeling (Mobley,
1989; Sequoia Scientific, 2015).
The model based algebraic algorithms (Zoffoli et al., 2014) offer the
most promise in the context of this study. These methods use simplified
algebraic radiative transfer models that can be inverted to calculate
bottom reflectance given a set of known or estimated parameters, but
several of these methods (Gordon and Brown, 1974; Lee et al., 1999;
Yang et al., 2010) require input parameters that are not easily measured
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or estimated without specialized equipment (Zoffoli et al., 2014). The
model based algebraic algorithm attributed to Maritorena et al. (1994),
on the other hand, requires only the image reflectance (Ri ), reflectance
of optically deep water (R∞i ), the effective diffuse attenuation coefficient
(Ki ), and the depth of each pixel (Z). As discussed in Chapters 3 and
4, these parameters can be estimated from multispectral imagery using
comparatively inexpensive equipment and simple methods. Sagawa et
al.’s WCC method (Sagawa et al., 2010) has been grouped with the
band combination algorithms by Zoffoli et al. (2014), but it does not
actually combine bands (Sagawa et al., 2010). As will be shown, it is
actually very similar to Maritorena et al.’s method as implemented by
Minghelli-Roman and Dupouy (2014). Though originally implemented
with radiance rather than reflectance (Sagawa et al., 2010), Sagawa et al.’s
method requires essentially the same input parameters as the Maritorena
method (Minghelli-Roman and Dupouy, 2014).
In the context of overall goals of this study (Chapter 1), a WCC method
is required that meets the following criteria: (1) does not require expensive
specialized equipment (e.g. spectroradiometer); (2) can function in Jerlov
type I to III waters (Jerlov, 1976) with low albedo bottom types (e.g. the
current study area); and (3) requires minimal human input. Criterion
1 ensures that the method will be applicable to research and resource
management projects operating on limited budgets. Criterion 2 ensures
that the method can be applied in tropical environments as well as
the more challenging temperate environment represented by the current
study, and criterion 3 will provide a method suitable for inclusion in
highly automated workflow accessible to end users without specialized
knowledge of marine optics and remote sensing.
The model based algebraic algorithms attributed to Sagawa et al. and
Maritorena et al. are the closest, of the existing WCC methods, to meeting
all of these criteria. However, both methods, as previously implemented
(Sagawa et al., 2010; Sagawa et al., 2012; Minghelli-Roman and Dupouy,
2014), rely on parameter and depth estimation methods that are not
suitable for this study. Adaptation for use in this study will, therefore,
comprise the replacement of parameter estimation methods (including
depth estimation) with the methods developed in previous chapters and
minor modifications necessary for use with top of atmosphere (TOA)
reflectance. The following section will provide the details of these two
methods, the required adaptations, and a mathematical comparison. Then

54

Chapter 5. Water Column Correction

the two methods will be applied to a representative subsection of the
study area to validate the mathematical comparison. The Maritorena et al.
(1994) derived method results will then be examined to assess its efficacy
in the removal of depth dependent spectral variability over two bottom
types. One dominated by sand and the other by the kelp Ecklonia radiata.
Implications and potential for future research will then be discussed.

5.2

Method Descriptions and Mathematical
Comparison

5.2.1

Sagawa et al.’s Reflectance Index

Sagawa’s index (Sagawa et al., 2010) is based on Lyzenga’s model for the
relationship between recorded radiance and bottom reflectance (Lyzenga,
1978):
Li = L∞i + ai ri e−Ki gZ

(5.1)

where i is the imagery band number. Variables with an i subscript vary
with wavelength and, therefore, with band number. Li is the sensed
radiance, L∞i is the average radiance over deep water, and ai is a constant
that includes the solar irradiance, the transmittance of the atmosphere
and the water surface and the reduction of radiance due to refraction at
the water surface. ri is the bottom surface reflectance, Ki is the effective
diffuse attenuation coefficient of the water (Chapter 4), g is a "geometric
factor to account for the path length through the water", and Z is the water
depth in meters.
Equation 5.1 can be solved for the term ai ri to derive a "reflectance
index" (RIi ) that is proportional to ri in each band (Sagawa et al., 2010 Eq
4 & 5):
Li − L∞i
(5.2)
e−Ki gZ
Sagawa et al. (2010) conducted their study with top of atmosphere
(TOA) radiance values. Acknowledging that the units of ai and, therefore,
RIi will change, RIi can be expressed in terms of TOA reflectance:
RIi = ai ri =

RIi =

Ri − R∞i
e−Ki gZ

(5.3)
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Regardless of the radiometric units used as input, RIi will be linearly
related to bottom reflectance (ri ) because RIi = ai ri . In order to calculate
this index for each band i in Ri , values for Z, R∞i , Ki , and g must
be estimated. Sagawa et al.’s estimation methods must be altered to
adapt the reflectance index for use in the current study area. Sagawa
et al. (2010) (also see Sagawa et al., 2012) used depths from navigation
charts for Z. Chart depths are sparse for the current study area, and the
irregular variations in depth across rocky reefs (Gordon, 1976) suggest that
interpolated chart depths would be extremely inaccurate. To adapt this
method for use over rocky reefs, a different source of bathymetric data is
required. This chapter uses the KNN depth estimation method described
in Chapter 3. Sagawa et al. (2010) estimated R∞i and Ki g using the linear
method (Lyzenga, 1981). This study used the curve fit method instead for
reasons described in Chapter 4. This adaptation of Sagawa et al.’s method
will be abbreviated as Sag10.

5.2.2

Maritorena’s Model

Maritorena et al. (1994) derived and validated a formula to model water
reflectance just below the surface as a function of bottom depth (Z),
bottom albedo (A), mean diffuse attenuation coefficient (K), and the
reflectance of an optically deep water column (R∞i ):
Ri (0−) = R∞i (0−) + (Ai − R∞i (0−))e−2Ki Z

(5.4)

This model has subsequently been inverted to retrieve bottom albedo
(A) from reflectance below the water’s surface (Werdell and Roesler, 2003;
Purkis and Pasterkamp, 2003). The inverted model takes the form of:
Ri (0−) − R∞i (0−)
+ R∞i (0−)
(5.5)
e−2Ki Z
The same inverted model has been used with reflectance from above
the water’s surface rather than below as a WCC method (MinghelliRoman and Dupouy, 2014). When used in this manner, the retrieved
bottom reflectance values also contain water surface reflectance effects, but
provided that these effects are constant throughout the image, the WCC
method will still achieve the desired result of eliminating the spectral
variability due to depth and thereby increasing classification accuracy
(Minghelli-Roman and Dupouy, 2014). Similarly, when used with TOA
reflectance values instead of subsurface reflectance, Equation 5.5 will yield
Ai =
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bottom albedo values that contain atmospheric effects (Ratm ) as well as
water surface effects (Rsurf ) such that:
Âi = Ai + Ratm i + Rsurf i

(5.6)

In order to more precisely estimate Ki and to better demonstrate the
similarity between Maritorena et al.’s model and Sagawa et al.’s method,
the approximate path length term 2 was replaced with the geometric factor
g (described in Chapter 4). Operationally, this is of little consequence
because, in both the linear and the curve fit method (Chapter 4), the value
estimated is actually Ki g (or 2Ki ). Ki g (or 2Ki ) is also the value used as
input for WCC. The only difference it makes is when values for Ki are
to be computed and compared. Values calculated using Ki g account for
differences in sun and viewing angles while values calculated using 2Ki
do not. With these modifications (Âi vs Ai and Ki g vs 2Ki ), the Maritorena
et al. (1994) WCC method can be stated as:
Ri − R∞i
+ R∞i
(5.7)
e−Ki gZ
When previously employed as a WCC method (Minghelli-Roman
and Dupouy, 2014), depths were estimated by a method that requires
the use of Equation 4.4. As previously demonstrated (Chapter 3), this
transformation is problematic when R∞i > Ri as it is for parts of
the current study area. Therefore, the KNN depth estimation method
described in Chapter 3 was used instead. Similarly, estimation of Ki and
R∞i values were carried out using the curve fit method (Chapter 4) rather
than by the linear method. This adapted version of Maritorena et al’s
method will be abbreviated as M ar94.
Âi =

5.2.3

Mathematical Comparison

By comparing Equation 5.7 with Equation 5.3, it can be seen that the only
difference between the two is the addition of R∞i in the M ar94. Equation
5.3 can be substituted into Equation 5.7 to show that:
Âi ≡ RIi + R∞i

(5.8)

Examination of Equation 5.7 and Equation 5.3 can also provide further
insight. When the water column depth is zero (Z = 0), the term e−Ki gZ
equals 1 so at zero depth, Sag10 yields RIi = Ri − R∞i whereas M ar94
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yields Âi = Ri . Thus, at zero depth (i.e. on land), M ar94 will simply return
uncorrected TOA reflectance (Ri ) while Sag10 will return TOA reflectance
minus deep water reflectance (Ri −R∞i ). This finding is consistent with the
assertion that M ar94 is a true WCC method that returns the hypothetical
reflectance of the image with the water column removed while the Sag10
method does not.

5.3

Methods and Results

The WV-2 imagery (Section 3.2.2) was converted from DN values to TOA
reflectance in accordance with Updike and Comp (2010) as implemented
in OpticalRS (http://jkibele.github.io/OpticalRS/) and
demonstrated in Appendix A. Land pixels were left unmasked. In order to
compare Sag10 with M ar94, and M ar94 with TOA reflectance, Sag10 and
M ar94 images were calculated for the area in Figure 5.1. Depths used as
input for WCC were calculated by the KNN estimation method (Chapter
3), and land pixels were set to 0 m depth (Appendix B). These depths
were used with the curve fit method (Chapter 4) to calculate R∞i and Kg
parameters as detailed in Appendix C, using the same sand subset shown
in Figure 4.5. These depths and parameters were then used to apply the
Sag10 and M ar94 WCC methods to the TOA reflectance values using the
OpticalRS Python library. Full details and the code used to produce the
figures in this chapter are provided in Appendix D.

5.3.1

WCC Results Comparison

In order to validate the mathematical comparison of the two methods in
Section 5.2.3, pixel values from a single band (band 2, 478 nm) of each
WCC were plotted against each other (Figure 5.2). Values for the two
methods are not equal but fall on a line with slope = 0.9993 (r2 =
0.9999). The difference between the results (M ar94 − Sag10) is constant
for all pixels and equal to R∞2 . The results were compared in the same
manner for the remaining visible wavelengths, and the mathematical
relationship expressed in Equation 5.8 was confirmed each time. Within
a small error tolerance (mean −1 × 10−6 , std 5 × 10−6 , see Appendix D)
likely due to the propagation of floating point errors (Goldberg, 1991),
M ar94i = Sag10i + R∞i . Thus, the comparison of calculated WCC values
confirms the mathematical comparison of the methods and demonstrates
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F IGURE 5.1: General location of study area and of subsection
selected for use in this chapter.

that Sag10i ≡ M ar94i − R∞i in practice as well as theory. Given this
relationship between the two methods, it is clear that their ability to
remove depth dependent variability will be identical. Therefore, only
M ar94 will be used for the remainder of this chapter.

5.3.2

Variation of Reflectance with Depth

To evaluate the efficacy of M ar94 in mitigating the influence of depth,
uncorrected TOA reflectance and M ar94 corrected reflectance values were
sampled along two lines with different bottom types. Figure 5.3 shows
false color composites (546, 478, 427 nm as RGB) of the uncorrected
and corrected images overlaid with lines to mark the sand (yellow) and
kelp (dashed green). The locations of the lines were chosen for their
close proximity to ground truth data points (Section 6.2.2) to provide
verification of the bottom types.
Uncorrected and corrected values along the sand line (Figure 5.3) for
all 5 visible image bands are plotted against depth in Figure 5.4 and r2
values for correlation with depth are given. The uncorrected bands exhibit
the expected exponential decay with depth (Equations 5.1 and 5.4) and
are significantly correlated with depth. The corrected bands show far less
correlation with depth, but do exhibit increasing deviation from the mean
as depth increases. The positions of the mean M ar94 corrected values
on the uncorrected axes approximate where the curves of scattered points
would intersect the y-axis. This is consistent with the intent of WCC
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F IGURE 5.2: Comparison of M ar94 and Sag10 WCC for WV2 band 2 (478 nm).

to "bring up" the seafloor to the surface (Minghelli-Roman and Dupouy,
2014). This figure demonstrates that the M ar94 method does reduce depth
dependent variation as intended. The increasing variability of corrected
reflectance with depth is an undesirable byproduct, and it should be
noted that the scales of the y-axses vary in Figure 5.4 to accommodate
the magnitude of variability. This variability of corrected reflectance and
solutions for dealing with it will be discussed further.
Visual inspection of Figure 5.3 illustrates that the pixels over sand in
the uncorrected image get darker with increasing depth as the yellow
line proceeds away from shore, mirroring the exponential decay on the
uncorrected axes of Figure 5.4. The color of the corrected image varies
along the line, but there is notably less difference between shallow and
deep sand despite an apparent increase in noise with depth consistent
with the corrected axes of Figure 5.4. The corrected image also shows
abrupt discontinuities in color along the sand. These match discontinuities
in Z that are artifacts of the KNN depth estimation method (Chapter 3 and
Appendix B). The land in the uncorrected and corrected image exhibit
slight color variation in Figure 5.3, but this is entirely due to differences
in display parameters (adaptive histogram equalization). Quantitative
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F IGURE 5.3: False color composites (546, 478, 427 nm as
RGB) of uncorrected (TOA reflectance) and M ar94 corrected
images with locations of sand and kelp (Ecklonia radiata)
dominated pixel sampling lines.

comparison of land pixels revealed identical values across all 5 visible
bands (Appendix D). This result is consistent with the observation that
Âi = Ri when Z = 0 (Section 5.2.3).
In order to visualize the effect of M ar94 WCC on the separability
of bottom types, uncorrected and corrected reflectance were sampled
(n=1000) along the sand and kelp lines (Figure 5.3) and plotted against
depth (Figure 5.5). LOWESS curves (Cleveland, 1979) for sand and kelp
are represented by solid and dashed lines respectively.
The LOWESS curves of uncorrected reflectance over sand (solid lines)
show the same exponential decay with depth seen in Figure 5.4. The
uncorrected kelp reflectance (dashed lines), on the other hand, exhibits
a flat or slightly increasing relationship with depth. Examination of
Equation 5.4 has shown that when Ai > R∞i , as it does here for sand,
Ri displays exponential decay, but when Ai ≤ R∞i , Ri will stay constant
or increase with depth (Maritorena et al., 1994). Sand is far more reflective
than Ecklonia radiata (Hoang et al., 2015), the dominate kelp along that part
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F IGURE 5.4: Uncorrected and M ar94 corrected reflectance
of sand vs depth. The horizontal lines represent the mean of
corrected reflectance for depths < 12 m.

of the reef, so these results are consistent with the Maritorena’s model. The
short wavelength bands (427, 478, 546 nm) show values for sand and kelp
converge toward R∞ as depth increases. How rapidly the values converge
depends on the different values of A and K among each band (Maritorena
et al., 1994). The long wavelength bands (608, 659 nm) attenuate much
faster (Chapter 4). Accordingly, the kelp reflectance (dashed lines) is
hidden amongst the sand reflectance (solid lines) because the reflectance
values have nearly converged with R∞ by the time the sand line has
reached the depth of the shallowest kelp (≈ 4m).
The M ar94 corrected LOWESS curves of the short wavelength bands
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F IGURE 5.5: Depth vs uncorrected and corrected along the
sand and kelp lines in Figure 5.3. The scatter point colors
correspond to the WV-2 bands in the visible spectrum. The
solid lines represent sand and the dashed lines represent
kelp. The dots and crosses are individual pixel values and
the lines are LOWESS curves.

(427, 478, 546 nm) fluctuate but remain relatively level until 10 - 12 m,
beyond which the increasing variability of scatter is reflected in lines
(Figure 5.5). Importantly, the short wavelength bands show differences
between sand (solid lines) and kelp (dashed lines) that are larger and
more consistent with depth relative to the uncorrected plots. The long
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wavelength bands show no consistent differences between sand and kelp,
and they display extreme variability (beyond the bounds of the figure)
as depth increases. This suggests that these bands will be of little use in
discriminating bottom types beyond very shallow depths.
Figure 5.6 clarifies the effect of M ar94 WCC by displaying the pixel
values from Figure 5.5 in a different way and without direct reference
to depth. Each line on the plot represents the spectral values of pixel
sampled from one of the lines in Figure 5.3. The uncorrected spectra for
sand show greater variability than the kelp spectra due to the larger depth
range of the sand sampling line and the higher reflectance of sand than
kelp (Hoang et al., 2015; Werdell and Roesler, 2003), with lines showing
higher reflectance likely representing shallower sand. The sand and
kelp spectra show considerable overlap across all 5 visible wavelengths
of the WV-2 imagery indicating that, in the uncorrected image, shallow
kelp and deep sand are indistinguishable on the basis of their spectra
alone. The corrected sand and kelp spectra (Figure 5.6) show far less
overlap in the short wavelengths, particularly in bands 2 and 3 (478 and
546 nm). The sand and kelp spectra show no discernible pattern in the
long wavelengths, confirming that these bands will be of little use for
classification beyond very shallow depths.

5.4

Discussion

Based on an overview of existing WCC methods, this chapter identified
the two methods (Sag10 and M ar94) most compatible with the lowcost empirical approach taken in this study (Chapter 1). Though the
two methods were derived in different ways and previous work has,
accordingly, considered the methods to be quite different (Zoffoli et al.,
2014), mathematical comparison has demonstrated that the results of the
two methods differ only by the value of R∞i which is constant across
each image band. This finding was validated by comparing the results of
both methods applied to the same image. The primary goal of WCC is to
remove the complicating effects of depth variation to produce a corrected
image in which bottom types can be separated by pixel spectra. In this
regard, Sag10 and M ar94 will provide essentially the same performance,
and similar methods have shown promising results (Misbari and Hashim,
2016; Minghelli-Roman and Dupouy, 2014). However, M ar94 has been
shown (Equations 5.6 & 5.7, Figure 5.4) to provide results that approximate
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F IGURE 5.6: Parallel coordinate plots for uncorrected and
corrected reflectance values along the sand and kelp lines in
Figure 5.3.

the removal of the water column, while Sag10 results are linearly, but
less directly, related to bottom reflectance (Sagawa et al., 2010). Given
that both methods require the same inputs and essentially that M ar94
requires fewer steps (prior estimation of R∞i not required), M ar94 should
be preferred because it more closely approximates the removal of the
water column.
The corrected reflectance results for M ar94 were compared with
uncorrected TOA reflectance values over sand and kelp bottoms to
evaluate the efficacy of the method for the removal of water column
effects. Across all visible wavelengths, corrected reflectance values
were far less correlated with depth than uncorrected values (Figure
5.4). However, the corrected bands showed increasing noise with depth.
The LOWESS curves in Figure 5.5 for the short wavelength bands
(427, 478, 546 nm) are reasonably stable with depth. This indicates that
averaging corrected reflectance values may be of use when trying to
discriminate between bottom types which, in turn, suggests that an object
based image analysis approach (Blaschke, 2010) could be used to greatly
extend the depths to which corrected images could be classified using
the short wavelength bands. The means displayed in Figure 5.4 could be
considered as representative of corrected sand reflectance. This provides
a potential method by which areas of known bottom type are M ar94
corrected and averaged to generate a library of representative spectra for
each bottom type (these ideas are explored further in Chapter 6).
The corrected reflectance values for the long wavelength bands
(608, 659 nm) showed such a rapid increase in noise with depth (Figure
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5.5 & 5.4) that averaging seems unlikely to retrieve useful corrected
reflectance values beyond a depth of approximately 4 - 5 m. It may be
possible to quantify the relationship between WCC induced noise, depth
(Z), and attenuation (Ki ) by examining the sensitivity of the e−Ki gZ term
in Equation 5.7. Further research into the relationship between depth and
noise is warranted but beyond the scope of the current study.
By adapting the work of Maritorena et al. (1994) and Minghelli-Roman
and Dupouy (2014) for use with TOA reflectance and combining it with
KNN depth estimation (Chapter 3) and curve fit Ki and R∞i estimation
(Chapter 4), a WCC method has been derived that requires only imagery
and a subset of known depths as input. The adaptation to TOA reflectance
simplifies the overall process by eliminating the need for atmospheric
correction. KNN depth estimation, because it is purely empirical rather
than model based, provides a more independent source of depth than
methods based on physical models subject to the same simplifying
assumptions as Moritorena’s model (Philpot, 1989; Lyzenga et al., 2006).
Curve fit estimation, in contrast with linear methods, does not require
any user interaction aside from the selection of an area of continuous
bottom type (Chapter 4). Using inexpensive consumer electronics for
data collection (camera, GPS, and depth logger), Benthic Photo Survey for
field data processing (Chapter 2), and the FOSS implementation (http:
//jkibele.github.io/OpticalRS/) of the M ar94 WCC method
presented in this chapter, researchers and resource managers will be able
to produce water column corrected multispectral imagery with less cost
and complexity than ever before. This will be particularly beneficial in
developing countries and small island nations engaged in marine spatial
planning without the resources required for conventional habitat mapping
methods (Cogan et al., 2009; Ban et al., 2009).
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6.1

Introduction

Maps of submerged habitats are useful for marine spatial planning
(Saarman et al., 2012), fisheries management (Hamel and Andréfouët,
2010), and ecological studies (Boström et al., 2011; Wang et al., 2010).
High resolution multispectral satellite imagery, such as that available from
the WorldView-2 (WV2) satellite (DigitalGlobe, 2012), can provide a cost
effective means of mapping habitats over large areas in both terrestrial
(Friedl et al., 2002) and marine environments (Xu and Zhao, 2014; Mumby
et al., 2004; Green et al., 2000). Regardless of the environment, methods for
the derivation of habitat maps from imagery typically rely on the ability to
separate image pixels into habitat types on the basis of spectral properties
(Green et al., 2000; Gao, 2008). This process involves creating spectral
signatures that are representative of each habitat and sorting image pixels
into habitat types based on the most similar spectral signature. In the
marine environment, this task is greatly complicated by the effects of the
water column on the recorded spectra (Zoffoli et al., 2014). As previously
discussed (Chapter 5), a number of solutions have been proposed for
use in clear tropical water (Xu and Zhao, 2014; Zoffoli et al., 2014), but
less work has been done in temperate waters. Studies (Werdell and
Roesler, 2003) and simulations (Vahtmäe et al., 2006) with hyperspectral
techniques, from turbid temperate waters, suggested maximum detectable
depths for submerged vegetation between 5 - 10 m, and seagrass mapping
studies from the green turbid waters of British Columbia have found
success only down to approximately 3 m (O’Neill and Costa, 2013;
Reshitnyk et al., 2014). However, other studies using hyperspectral
(Gagnon et al., 2008; Harvey, 2009) and multispectral (Sagawa et al.,
2008; Sagawa et al., 2010; Hoang et al., 2015) have mapped submerged
vegetation in less turbid temperate waters down to approximately 15 m.
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Located in the temperate waters of northeastern New Zealand, Cape
Rodney to Okakari Point (CROP) Marine Reserve provides a challenging
environment for optical remote sensing, relative to the tropics, as
described in Section 3.2. Established in 1975, CROP is New Zealand’s
first marine reserve (Ballantine and Gordon, 1979). As part of the
ongoing study of the reserve, three major habitat mapping efforts have
been conducted but none of them have employed optical remote sensing
techniques beyond manual photo interpretation. The first, explicitly
intended to provide a baseline for future comparison, was painstakingly
hand drawn from aerial photos and around 100 SCUBA transects (Ayling,
1978). In light of evidence for large scale shifts in habitat distribution
within the CROP reserve (N. T. Shears and R. C. Babcock, 2003), two
subsequent mapping studies were conducted. Parsons et al. (2004)
used video transects positioned by an acoustic dive tracker system to
map habitats in a relatively small portion of the reserve. Leleu et al.
(2012) used aerial imagery, diver surveys, and side-scan sonar to collect
data that was then used to hand digitize habitats within the full extent
(and slightly outside) the reserve. These previous mapping studies
required extensive and costly field work, aerial imagery, and/or expensive
specialized equipment such as side scan sonar and acoustic dive tracking
systems. The two later studies (Parsons et al., 2004; Leleu et al., 2012)
also required the use of expensive proprietary software and the tedious
and time consuming conversion of dive survey data into a useful spatially
explicit digital format.
This chapter will apply MORE-MAPS, the system developed
throughout this thesis, to map subtidal habitats in temperate waters with
minimal field work and minimal cost (Figure 6.1). Field work will be
conducted to collect images and depths with a drop camera setup, and
the field data will be processed with Benthic Photo Survey (BPS) (Chapter
2 and Kibele, 2016). In order to produce a water column corrected (WCC)
image, depth will be estimated using the method described in Chapter 3
using BPS ground truth depths as training, then WCC parameters will be
estimated by the curve fit method (Chapter 4), and the WCC image will
be produced using the estimated depths and parameters (Chapter 5). A
maximum-likelihood classification will be carried out on the WCC image
and, as the final step of the system, mapping accuracy will be assessed
against drop camera data processed with the Benthic Photo Survey (BPS)
software described in Chapter 2 (Kibele, 2016). The area mapped will
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include intertidal and subtidal habitats within the CROP marine reserve,
approximately 1 km to the west, and approximately 4.5 km to the south
(Figure 6.2). The resulting habitat map and the system used to create it
will then be compared, in terms of both results and methods, to the most
recent mapping of the CROP marine reserve (Leleu et al., 2012).
Field
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F IGURE 6.1: Flow chart representation of MORE-MAPS.
Image preprocessing is not represented in the diagram but
is detailed below and can also be accomplished using the
OpticalRS Python library.

6.2
6.2.1

Methods
Habitat Categories

A number of slightly differing habitat classification systems have been
devised for use in and around CROP marine reserve (Gordon, 1976;
Ayling, 1978; Grace, 1983; Shears et al., 2004; Parsons et al., 2004; Leleu
et al., 2012). That of Shears et al. (2004) has been well validated but, in
order to create a habitat map from satellite imagery, a habitat classification
system must include only classes which can be distinguished on the basis
of image spectra. Stated simply, habitats must be different colors in order
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F IGURE 6.2: The WV2 image used for this study. Also shown
are the CROP reserve boundaries and the ground truth data
points. Water area is shown as a false color (bands 4, 3, and
2) image stretched to optimize bottom visibility.

to be discriminated via aerial or satellite imagery. For instance, coarse
and fine sediment may constitute different habitats from an ecological
perspective but, assuming the sediments are composed of the same
material, their spectral signature (i.e. their colors) will be nearly identical
and, therefore, indistinguishable.
With this limitation in mind, a set of simplified habitat categories,
based on Shears et al. (2004) and suitable for comparison with Leleu et
al. (2012), was devised (Table 6.1). Caulerpa mat and red foliose algae
categories (Shears et al., 2004) were excluded because they did not occur
frequently enough or over large enough areas for the reliable derivation of
a spectral signature. The encrusting invertebrates category was likewise
excluded because it typically occurs on vertical walls which are not visible
from the satellite’s viewing angle. Because they occur in relatively deep
water (>18 m and >10 m respectively) where WCC is less reliable (Chapter
5) and are likely to be spectrally similar due to the presence of Ecklonia
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radiata, the deep reefs (Leleu et al., 2012) and sponge flats (Shears et al.,
2004) categories were merged, along with Ecklonia forests (Shears et al.,
2004), into the Ecklonia category. Thus, these simplified habitat categories
(Figure 6.1) represent broad-scale, spectrally distinct habitats.
TABLE 6.1:
Broad-scale habitat types based on a
simplification of the classification scheme presented in
Shears et al. (2004).

Habitat

Description

Mixed
Weed

Rocky reef dominated by large brown algae other
than Ecklonia radiata.
Ecklonia, if present, is
sparse and mixed with Carpophyllum spp. Includes
shallow Carp., C. flexuosum forest, and Mixed algae
categories from Shears et al. (2004).

Ecklonia

Ecklonia radiata forming a canopy over rocky reef.
The canopy may be sparse on deep reefs but
is generally near continuous with occasional C.
flexuosum plants mixed in. Includes Ecklonia forest
and Sponge flats from Shears et al. (2004).

RTB

RTB is an abbreviation of Rock, Turf, and Barrens.
Accordingly, this category includes bare rock,
turfing algae (e.g. articulated corallines and other
red turfing algae), and urchin barrens dominated
by crustose coralline algae. Essentially, any rocky
reef areas not dominated by large brown algae fall
into this category. Includes Cobbles, Urchin barrens,
Turfing algae categories from Shears et al. (2004).

Sand

Bottom covered in sediment. Includes gravel and
shell rubble as well as coarse or fine sand. No
comparable habitat in Shears et al. (2004). Only reef
habitats were considered.

6.2.2

Ground Truth Data

Ground Truth Data Collection
Drop camera surveys of the benthos within the study area were conducted
from a small boat between late August and early November 2014
(Brown, 2015). The surveys were conducted for use with the Benthic
Photo Survey (BPS) software as described in Chapter 2 and in the
BPS online documentation (http://jkibele.github.io/benthic_
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photo_survey/docs/). The drop camera system comprised a weighted
submersible video camera connected to a battery operated video monitor
and digital video recorder (DVR) by a 40 m coaxial cable. The camera
was lowered to the seafloor while an operator viewed the image on the
boat. When the seafloor was visible, the camera operator captured a
digital still image (in jpeg format) to an SD card in the DVR. Images
were captured horizontally with the camera lens looking out at an angle
roughly parallel to the seafloor. A Sensus Ultra depth logger (https:
//reefnet.ca/products/sensus/) was attached to the camera, and
a hand held Garmin 60csx GPS was positioned on the boat as close as
possible to the camera. The DVR’s clock was synchronized to the GPS
(±1s) at the start of each day’s data collection.
The surveys were conducted seaward along haphazardly chosen
transect lines roughly perpendicular to shore. Images were captured at
5 - 10 m intervals along each line and most transects were discontinued
just past the reef / sand interface. The locations, lengths, and spacing
of transect lines are visible in Figure 6.2 where each dot indicates the
location of a drop camera image. The surveys resulted in 1994 images
within the study area. After culling images taken too far off the bottom,
images where the bottom was not sufficiently visible to assign a habitat,
and images with no depth, 1897 images remained. Of those points, 180
were beyond the depth of successful classification. The remaining 1717
points comprised 683 Ecklonia points, 343 mixed weed points, 433 RTB
points, and 258 sand points as shown in Figure 6.2.
Processing Ground Truth Data
The images, depth log, and GPS log were loaded into BPS (Chapter 2).
Each image was visually assessed and assigned to one of the 4 habitat
categories in Table 6.1. Depths and locations were assigned to each image
from the depth and GPS logs based on time codes. BPS was then used
to export a point shapefile containing the depth and habitat at each image
location. The path to the respective image was also attributed to each point
so that images could be viewed from within a GIS application such as
QGIS (Quantum GIS Development Team, 2011). The resulting shapefile
can be seen in Figure 6.2.
The depths were corrected for tidal differences from depth at time
of measurement to depth at time of satellite image acquisition in two
steps. The time code for each individual depth measurement was first
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used to correct measured depths to chart datum depths using individual
adjustment factors. A single adjustment factor of 2.34 m (the tide height
at WV2 image acquisition) was then added to the chart datum depths to
produce depth measurements representing the height of the water column
in the WV2 image at each point. All tide corrections were conducted using
custom Python code according to methods and data found on the Land
Information New Zealand website (http://www.linz.govt.nz/sea/
tides/tide-predictions). The tide correction code has not been
documented and released yet but will be made available upon request.

6.2.3

WV2 Imagery Preprocessing

The imagery preprocessing steps used were essentially identical to those
discussed in previous chapters but will be briefly outlined below. All
image processing up to and including water column correction was
carried out in Python using the author’s OpticalRS library (http://
jkibele.github.io/OpticalRS/). An annotated step-by-step listing
of the code used is available in Appendix E. It should be noted that, with
the OpticalRS library very little user input is required to produce a water
column corrected image from a standard level WV2 image product. With
a tide corrected BPS shapefile, the WV2 image, and the image metadata
file as input, the only additional information required is the threshold for
land masking and a shapefile indicating an area suitable for parameter
estimation. These inputs will be described below.
Conversion to TOA Reflectance
The WV2 imagery was provided by the DigitalGlobe Foundation under
an imagery grant as a standard level product (DigitalGlobe, 2012). As
such, the pixel values are in integer digital number (DN) units. These
DN values were converted to top of atmosphere (TOA) reflectance
values according to formulas provided by DigitalGlobe (Updike and
Comp, 2010). These calculations have been incorporated into the
WV2RadiometricCorrection module of the OpticalRS library. As
demonstrated in Appendix E, this module reads the relevant variables
from the xml metadata file provided by DigitalGlobe along with the
imagery and performs the conversion with a single line of code.

74

Chapter 6. Leigh Habitat Mapping

Land Masking
Land pixels were separated from water pixels by exploiting the fact that
very little light in the near infrared spectrum is reflected from the water’s
surface (Jerlov, 1976). A histogram of TOA reflectance in the NIR2 band
of the WV2 image (center wavelength 949 nm) was examined (Appendix
E) and a value of 0.05 was chosen as a threshold. Pixels with reflectance
values above this threshold were considered to be land. A two-way
morphological connectivity filter was applied to add land shadows missed
by the threshold to the mask and smooth the mask’s edge at the shoreline.
The land masking was carried out using the OpticalRS LandMasking
module.
Depth Estimation
Depths were estimated by the KNN method described in Chapter 3. In
preparation for depth estimation, the WV2 image was smoothed using a
bilateral denoising algorithm (Tomasi and Manduchi, 1998) available via
the scikit-image Python library (van der Walt et al., 2014). In contrast
to Chapter 3, multibeam sonar data were not used. Instead, the BPS
field survey point depths, adjusted to depth at WV2 image acquisition
time, were converted to raster format using the simplified interface to
the GDAL (GDAL Development Team, 2016) rasterize function included
in OpticalRS. (See Appendix E for full details.) Incorporation of the
multibeam data would have resulted in a more accurate depth estimation,
but the objective of this chapter is to demonstrate the use of MORE-MAPS
using inexpensive field methods.
Water Column Correction
The parameters required for water column correction (R∞i and Ki g)
were estimated using the curve fitting technique described in Chapter 4
with the KNN depth estimation, the TOA reflectance WV2 image, and a
shapefile selection of consistent sand bottom and variable depth as inputs.
The shapefile is the same one displayed in Figure 4.5. The estimated
parameters were used to calculate the M ar94 water column corrected
image described in Chapter 5. Only the first 5 bands of the WV2 image
(wavelengths 427 − 659 nm) were corrected because, as demonstrated in
Chapter 5, the longer wavelengths show too much variability to be of use.
A false color rendering of the first 3 bands (427, 478, and 546 nm) of the
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WCC image is shown in Figure 6.3. As discussed in Chapter 5 spectral
variability (visible as image noise) can be seen to increase with depth but,
overall, color variation is noticeably more consistent with bottom type and
less variable with depth.

F IGURE 6.3: False color (bands 3, 2, and 1) composite of the
water column corrected satellite image. Depth contours are
displayed where multibeam sonar data were available.

6.2.4

Classification

The classification of the water column corrected imagery into a thematic
habitat map was conducted with the Semi-Automatic Classification Plugin
(SCP) for QGIS (Quantum GIS Development Team, 2011) using methods
common in terrestrial habitat mapping (Congedo and Munafò, 2012). The
overall approach taken was to first classify the shallow areas exploiting the
full 2m × 2m resolution of the water column corrected WV2 image, then
smooth the image to eliminate as much of the water column correction
induced variability (Chapter 5) as possible and classify the deeper areas.
This variability increases with depth (Figures 5.4) so its adverse effects on
classification success are more noticeable as depth increases. The shallow
and deep classifications were then merged by replacing pixels that were
unclassified in the shallow classification with their values from the deep
classification.
For both the deep and shallow classification, regions of interest (ROIs)
were created near BPS ground truth points of known habitat. These ROIs
were used to generate spectral signatures representative of each habitat.
After tuning spectral signature thresholds and algorithm band weights by
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trial and error, the maximum likelihood algorithm was used to generate
the classifications for the entire image. Throughout the tuning process,
results were visually compared to the BPS ground truth points shown in
Figure 6.2.
Previous studies have considered rocky subtidal and rocky intertidal
habitats to be distinct (Ayling, 1978; Berben and McCrone, 1988; Leleu
et al., 2012), but during the tuning process, it proved impossible to
distinguish rocky intertidal areas from the RTB category. Because the
image was acquired at a relatively high (+2.34 m) tide most of the
intertidal was submerged, and because the surface of the rocky intertidal
is essentially the same color as the shallow RTB habitats (Morton and
Walsby, 1983), these habitats could not be separated using the water
column corrected image. Instead, the uncorrected TOA reflectance image
was used with higher algorithm band weights assigned to the longer
wavelengths (Congedo, 2015) in order to exploit the fact that these bands
attenuate very quickly with depth (Jerlov, 1976).
In order to compare classification accuracy without water column
correction, an attempt was made to follow the same classification
procedures with the TOA reflectance WV2 image (without water
column correction). The same ROIs were used to create new spectral
signatures and these were used as input for the maximum likelihood
algorithm. However, the vast majority of pixels were unclassified and,
overall, the results were so poor that further analysis was unnecessary.
Unsurprisingly, the poor results indicated that the spectral profiles built
from the TOA reflectance image were only representative of a habitat at
one particular depth rather than that habitat across all depths.

6.2.5

Accuracy Assessment

The ground truth data described in Section 6.2.2 were used to assess the
accuracy of the habitat map. All accuracy assessment calculations were
carried out using the GroundTruthShp module of the OpticalRS Python
library (Kibele, 2015).
Strict vs Radiused
The accuracy of the habitat map was calculated in two different ways.
The first was the common method (Congalton, 1991) of comparing ground
truth locations with only the exact pixel indicated by each point’s location.
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This will be referred to as the strict assessment. The second method,
referred to here as radiused, counts a successful classification result if the
ground truth habitat is found within a 2 m radius on the habitat map. The
2 m radius includes the 8 pixels surrounding the ground truth point as
well as the pixel the point falls within, so the 2 m radius creates a 6m × 6m
area containing 9 pixels. If the ground truth habitat is not found within
this 9 pixel area, the most common habitat in the area is reported in the
error matrix instead.
The radiused method is considered more indicative of classification
accuracy due to positional inaccuracies in the ground truth data and in the
WV2 imagery. The horizontal accuracy of the GPS used to collect ground
truth locations approximately 3 - 6 m in most conditions (Zandbergen
and Barbeau, 2011). Additionally, it was not possible to hold the boat
(and GPS receiver) steady directly over the camera while it was being
lowered. This compounds the horizontal error of the ground truth points
by an estimated 3 - 5 m. The georeferencing accuracy of the WV2
induces positional error into the habitat map as well. WV2 imagery is
specified as having a horizontal accuracy of 5 m CE90 (DigitalGlobe,
2012), but comparison of WV2 imagery from different dates suggest it
could be worse along the coastline (personal observation). Given these
positional inaccuracies, the 2 m radius is likely too small to account for
some positional errors, but it was deemed to be a fair balance between
accounting for positional error on the one hand and artificially inflating
the accuracy on the other. Accordingly, it will be used below in the
assessment of regional difference and depth range differences in mapping
accuracy.
Regional Differences
Close visual inspection of the WV2 imagery (Figure 6.2) indicates that
water quality is not entirely consistent throughout the study region. A
sediment plume is visible flowing northward, affecting the nearshore
waters south of Cape Rodney (the eastern boundary of the CROP Reserve
in Figure 6.2). To investigate the effect of differences in water quality,
mapping accuracy was calculated separately for the regions north and
south of Cape Rodney using the 2 m radiused method.
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Accuracy Across Depth Ranges
The ground truth data were grouped according to depth at image
acquisition time into three categories: 0-8 m, 8-16 m, and greater than
16 m. User’s and producer’s accuracies were then calculated for each
depth range in each region using the 2 m radiused method previously
described. User’s accuracy is the estimated percentage of pixels of a given
category on the map that match the category of the ground truth data and
producer’s accuracy is the estimated percentage of ground truth pixels
that are correctly categorized on the map (Congalton and Green, 2008).

6.2.6

Comparison with Leleu et al. 2012

In order to evaluate the strengths and limitations of the proposed mapping
methods, the results were compared to a previous habitat map from
within the current study area. Leleu et al. (2012) provides the most recent
previous habitat map of the CROP marine reserve and the only one, aside
from this study, accompanied by an accuracy assessment. Their field
surveys were conducted in April and May of 2006. They combined manual
interpretation of aerial imagery with diver surveys and side scan sonar to
produce a polygon habitat map covering approximately the same area as
the northern region in Figure 6.4. They targeted a minimum mapping
unit (Saura, 2002) of 5 × 5m and performed a ground truth survey of 67
locations using a video drop camera. To account for positional error, they
employed radiused accuracy assessment similar to the one used in the
current study, using a more generous 10 m radius rather than the 2 m
radius used here.
The habitat categories used (Leleu et al., 2012) were similar to those
of Shears et al. (2004). For comparison to the current study, they were
collapsed into the same four categories used for the current study (Table
6.2). A shapefile representation of the Leleu et al. (2012) map (Leleu, Kévin
et al., 2012) was converted to a GeoTiff raster with the same extent and
resolution as the map from the current study (referred to from now on as
MORE-MAPS) and all unclassified pixels were masked. The multibeam
sonar bathymetry described in Chapter 3 (Section 3.2.2) was used to mask
the area that was more than 20 m deep at the time of image acquisition.
All pixels that were left unmasked in both maps were then compared pixel
to pixel, using the strict unradiused method, to produce an error matrix.
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In addition, the total habitat areas for each map were computed for the
414,445 pixels used in the comparison.
TABLE 6.2: The simplification of habitat categories from
Leleu et al. (2012) for comparison with habitats in the present
study.

MORE-MAPS

Leleu et al., 2012

Mixed Weed

Mixed Algae

Ecklonia

Ecklonia Kelp Forest, Sponge
Garden, Deep Reef

RTB

Algal Turf, Urchin Barren

Sand

Sediment

A direct comparison of error matrix from Leleu et al. (2012) with that
from the current study is problematic due to the differences in accuracy
assessment methods (10 m radius used in Leleu et al. (2012) vs. the 2
m radius used here). Several approaches were taken to provide more
comparable measures. First, the MORE-MAPS map was assessed against
the BPS ground truth data (Section 6.2.2) using a 10 m radius as in Leleu
et al. (2012). The 10 m radius was deemed to be overly generous, but
the application of this method provided a basis for comparison in which
both maps were assessed against ground truth data collected near the date
of map creation. As an alternative approach, the Leleu et al. (2012) map
was reassessed using the 2 m protocol with the 996 ground truth data
points (Section 6.2.2) that fall within its extent. This approach eliminates
difference in ground truth data collection methodology but assesses the
Leleu et al. (2012) map against ground truth data collected roughly 8 years
after mapping data collection. During the intervening time, it is possible
that some shifts in habitat distribution have occurred. To assess the
impact of the time difference and ground truth data collection methods,
the same assessment (2014 ground truth against Leleu et al. (2012) map)
was conducted with a 10 m radius for comparison with the original Leleu
et al. (2012) accuracy assessment.

80

6.3
6.3.1

Chapter 6. Leigh Habitat Mapping

Results
Habitat Map and Accuracy Assessment

The habitat map resulting from the classification procedure detailed in
Section 6.2.4 is shown in Figure 6.4, and the error matrices from the strict
and radiused methods (Section 6.2.5) are displayed in Table 6.3. The
Intertidal Rock category is displayed in Figure 6.4 but excluded from
accuracy assessment because there were no reliable BPS ground truth
points in the intertidal zone, due to the obvious problems associated with
deploying a drop camera from a boat in this habitat. Furthermore, the
aim of this chapter is to map subtidal, rather than intertidal, habitats. The
unclassified rocky substrate areas (indicated by black in Figure 6.4) were
delineated by thresholding rugosity of multibeam sonar data (Section
3.2.1). These areas are included in Figure 6.4 for visual reference but were
not used in the creation or assessment of the habitat map.

F IGURE 6.4:
The habitat map obtained by image
classification. White areas are unclassified. Unclassified
rocky substrate areas were determined from multibeam
sonar.
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TABLE 6.3: Strict and radiused accuracy assessment results
for the entire mapped area in Figure 6.4. Ground truth
habitats are arranged horizontally and map categories
vertically. Values are pixel counts. Producer’s and User’s
accuracy (%) are labeled P Acc. and U Acc. respectively.

Strict
MixedWeed
Ecklonia
RTB
Sand
Totals
P Acc.
Radiused
MixedWeed
Ecklonia
RTB
Sand
Totals
P Acc.

Ground Truth
RTB Sand Totals

M.W.

Eck.

U Acc.

175
97
55
16
343
51

86
482
45
70
683
71

59
128
165
81
433
38

7
33
13
205
258
79

327
740
278
372
1717
-

54
65
59
55
60

M.W.

Eck.

RTB

Sand

Totals

U Acc.

288
14
26
15
343
84

6
620
19
38
683
91

37
58
286
52
433
66

11
17
3
227
258
88

342
709
334
332
1717
-

84
87
86
68
83

Visual assessment of Figure 6.4, with reference to local knowledge of
the seafloor, suggests some classification errors that will not be picked up
by the accuracy assessment due to a lack of BPS drop camera points in the
areas concerned (Figure 6.2). The area of patchy Ecklonia just inside the 20
m depth contour in the northwest corner of Figure 6.4 is one example, and
the patchy Ecklonia areas beyond the 20 m contour are another. Previous
mapping efforts (Ayling, 1978; Leleu et al., 2012) and the multibeam
derived rocky substrate areas corroborate local knowledge in concluding
that these areas should be classified as sand.
The overall accuracy was 60% according to the strict method and 83%
according to the 2 m radiused method with Ecklonia and Sand habitats
tending to score higher than the other categories (Table 6.3). Across both
assessment methods, the lowest producer’s accuracies are found in the
Mixed Weed and RTB habitats (51 and 38% for strict, 84 and 66% radiused),
and these habitats are visibly patchier in distribution than the Ecklonia
and Sand habitats (Figure 6.4). These patchy habitats also had greater
differences in both user’s and producer’s accuracy between the strict and
radiused methods than the other habitats. This observation is consistent
with the notion that much of the error reported for the strict method of
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assessment is due to positional mismatch between the WV2 image and
the ground truth data.

6.3.2

Regional Differences

The overall accuracy in the northern region was found to be 85% and
79% in the southern, indicating that the observed regional differences with
water quality did affect mapping accuracy (Table 6.4). The user’s accuracy
for the sand category was particularly low (53%) in the southern region,
indicating that many areas shown as sand on the map, were observed
to be otherwise in the drop camera images. Conversely, the producer’s
accuracy for sand in this region was high (91%), indicating that few areas
known to be sand were classified otherwise. Taken together, the low user’s
accuracy and high producer’s accuracy indicate that the habitat map is
overestimating sand in the southern region.
In the northern region, the producer’s accuracy for the RTB category
is much lower (54%) than the other categories while it’s user’s accuracy
is still reasonably high (80%). This indicates that RTB is underestimated
in the northern region. The southern region accuracies for RTB (75%
producer’s and 89% user’s) also indicate underestimation but to a lesser
degree.

6.3.3

Accuracy Across Depth Ranges

User’s and producer’s accuracies across depth ranges in each region
(Figure 6.3) are displayed in Figure 6.5. As will be discussed further,
the mixed weed and RTB habitats occurred only in the shallower depth
ranges. Excepting the disappearance of those two habitats, there is
no consistent effect of depth on classification accuracy. The previously
indicated overestimation of sand in the southern region is visible in the
difference between sand user’s and producer’s accuracy in that region.
Likewise, it appears that the RTB habitat is underestimated in both
regions.

6.3.4

Comparison with Leleu et al. 2012

All overlapping unmasked pixels were compared to produce the error
matrix in Table 6.5. The total habitat areas were computed for the 414,445
pixels used in the comparison and are shown in Table 6.6.
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TABLE 6.4: Separate accuracy assessment of the northern
and southern regions shown in Figure 6.3. Both were
calculated using the 2 m radius radiused method described
in the text.

North
MixedWeed
Ecklonia
RTB
Sand
Totals
P Acc.
South
MixedWeed
Ecklonia
RTB
Sand
Totals
P Acc.

Ground Truth
RTB Sand Totals

M.W.

Eck.

U Acc.

181
3
10
11
205
88

6
463
14
9
492
94

19
36
102
31
188
54

10
13
2
152
177
86

216
515
128
203
1062
-

84
90
80
75
85

M.W.

Eck.

RTB

Sand

Totals

U Acc.

107
11
16
4
138
78

0
157
5
29
191
82

18
22
182
21
243
75

1
4
1
60
66
91

126
194
204
114
638
-

85
81
89
53
79

The results of the direct pixel to pixel, strict comparison of the two
maps is shown in Table 6.5. Despite some misalignment due to differences
in orthorectification most visible along the shoreline, the map comparison
resulted in an overall agreement of 79%. The patchier near shore habitats
(mixed weed and RTB) exhibited less agreement than did the typically
more continuous habitats (Ecklonia and sand). The habitat area totals
for the comparison (Table 6.6) show surprising concordance for the RTB
habitat (4.88ha vs. 4.81ha) considering the visual comparisons in Figures
6.6 and 6.7. In these figures (particularly Figure 6.6), there appears to
be far more RTB in the Leleu et al. (2012) map but, on closer inspection,
the MORE-MAPS map contains a much larger number of small patches
while the Leleu et al. (2012) map contains less numerous but far larger
patches. The MORE-MAPS map contains more Ecklonia and less sand.
This difference is due in large part to the erroneously reported Ecklonia just
inshore of the 20 m contour in the northwestern corner of Figure 6.4. While
drop camera data are not available for confirmation, previous mapping
efforts (Ayling, 1978; Leleu et al., 2012) and multibeam sonar (Section 3.2.1)
agree that there is no reef structure there on which Ecklonia could live. The
relatively large difference in mixed weed area (7.77ha for MORE-MAPS vs
3.76ha for Leleu et al. (2012)) may be due in part to the disproportionate
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F IGURE 6.5: User’s and producer’s accuracies according to
region (Figure 6.3) and depth range. Calculated using the 2
m radiused method described in the text.
TABLE 6.5: Comparison of MORE-MAPS map (based on
imagery from 2014) with Leleu et al., 2012 map (based on
data collected in 2006). Limited to depths less than 20 m at
time of image acquisition.

MORE-MAPS
Leleu et al.
MixedWeed
Ecklonia
RTB
Sand
Totals
P Acc.

M.W

Eck.

RTB

Sand

Totals

U Acc.

2381
3804 2392
812
9389
13583 148868 4745 17963 185159
2449
4911 2960
1712 12032
1021 33409 2095 171340 207865
19434 190992 12192 191827 414445
12
78
24
89
-

25
80
25
82
79

masking of mixed weed pixels because of differences in orthorectification
that cause misalignment of pixels at the shoreline. However, some of the
difference may be due to other factors that will be discussed below.
The assessment of the MORE-MAPS result against the 2014 BPS
ground truth data (Section 6.2.2) using the 10 m radius as in Leleu
et al. (2012), resulted in an overall accuracy of 95%. This compares
favorably with the 87% overall accuracy reported in Leleu et al. (2012).
The reassessment of the Leleu et al. (2012) map against the 2014 BPS data,
using the 2 m protocol, resulted in an overall accuracy of 71% (Table 6.7).
The same assessment (2014 ground truth against Leleu et al. (2012) map)
conducted with a 10 m radius yielded an overall accuracy of 81%.
Thus, the MORE-MAPS habitat map proved more accurate (95%
overall vs. 87%) using the 10 m radius with ground truth specific to
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TABLE 6.6: Habitat areas (in hectares) for overlapping areas
of this chapter’s map and that of Leleu et al. (2012). Areas
deeper than 20 m at the time of image acquisition are
excluded.

Mixed Weed Ecklonia RTB
MORE-MAPS
Leleu et al.

7.77
3.76

76.40
74.06

Sand

4.88 76.73
4.81 83.15

TABLE 6.7: Error matrix of 2014 BPS ground truth data
against rasterized Leleu et al. (2012) map. Calculated with
2 m radius.

M.W.

Eck.

89
23
56
11
179
50

39
417
12
26
494
84

MixedWeed
Ecklonia
RTB
Sand
Totals
P Acc.

Ground Truth
RTB Sand Totals
39
20
88
17
164
54

0
36
11
112
159
70

167
496
167
166
996
-

U Acc.
53
84
53
67
71

each map. It also proved more accurate (83% overall vs. 71%) using
the 2 m radius with the 2014 BPS ground truth. The 6% difference
between the 10 m radiused assessment of the Leleu et al. (2012) map
using the original 2006 ground truth vs. the 2014 BPS ground truth
(87% vs. 81%) may be taken as a representation of the difference in
accuracy assessment attributable to approximately 8 year gap between
map creation and ground truth collection. Even allowing for this source
of uncertainty, the MORE-MAPS method results in better overall accuracy
than the methods employed by Leleu et al. (2012).

6.4

Discussion

The habitat map produced with the MORE-MAPS (Figure 6.4) scored an
overall accuracy of 83% (with allowance for some positional error) over
the entire study region (Table 6.3). Analysis of mapping accuracy across
3 depth ranges (Figure 6.5) showed no consistent relationship between
depth and accuracy, whereas attempts to classify the image without water
column correction (WCC) failed outright. While previous studies from
tropical (Mumby, Clark, et al., 1998; Xu and Zhao, 2014; Minghelli-Roman
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F IGURE 6.6: Okakari Point and its reef. The top panel shows
the WV2 imagery, the middle panel shows the MORE-MAPS
habitat map, and the bottom panel displays the Leleu et al.
(2012) map. Depth at time of image acquisition indicated by
contour lines within the extent of available sonar data.

and Dupouy, 2014) and shallower temperate waters (Sagawa et al., 2010)
have demonstrated increased accuracy of habitat classification after WCC,
the present study demonstrates that it is essential to mapping in temperate
waters because the mapping process failed to produce any useful results
without it. With WCC, this study demonstrates that it is possible to map
broad scale habitat types to depths of 20 m in temperate waters.
It is notoriously difficult to compare the accuracy of habitat maps
produced in different environments by different methods (Congalton
and Green, 2008; Pontius and Millones, 2011; Teixeira et al., 2016), but
with 83% overall accuracy for the entire mapped area (Figure 6.4), the
reported accuracy of this study is lower than that of a shallower (<15
m) study in western Australia (Hoang et al., 2015) and a <10 m study
in Japan (Sagawa et al., 2012) but slightly higher that reported in 2
seagrass mapping studies from Japan (Sagawa et al., 2008; Sagawa et
al., 2010). So, in terms of mapping accuracy, the MORE-MAPS results
are within the range reported by previous studies of habitat mapping
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F IGURE 6.7: Martin’s rock to waterfall reef within CROP
reserve. The top panel shows the WV2 imagery, the middle
panel shows the MORE-MAPS habitat map, and the bottom
panel displays the Leleu et al. (2012) map. Depth at time
of image acquisition indicated by contour lines within the
extent of available sonar data.

via multispectral imagery in temperate water, but any attempt at a more
detailed comparison with these studies would be ill advised due to
environmental and methodological differences.
Comparison with previous mapping efforts in the same location is less
problematic. The MORE-MAPS method used in this chapter required less
time and expense in the collection of field data than any of the previous
studies (Ayling, 1978; Parsons et al., 2004; Leleu et al., 2012) and covered
a larger aerial extent. The drop camera ground truth data collection
for this study took approximately 30 hours, spread over 12 days, and
data processing with BPS (Chapter 2) required approximately 6 hours.
Equivalent time estimates are not available for the previous studies, but
evaluation of the methods used and personal communication with two of
the previous authors (Remy-Zephir and Grace) indicate that those studies
required far more time for data collection and processing.
Leleu et al. (2012) was chosen for comparison of mapping accuracy
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because, as well as being the most recent, it was the only other mapping
study of the same study area to include an accuracy assessment. Despite
the use of equivalent habitat types and a shared study area, direct
comparisons of mapping accuracy were complicated by differing accuracy
assessment protocols, but the overall accuracy of the MORE-MAPS map
was found to be substantially higher than that of Leleu et al. (2012) for each
approach to a more comparable accuracy assessment: 85% vs 71% using
2014 ground truth data with 2 m radius on each map, and 95% applying
the 10 m radius employed by Leleu et al. (2012) vs the 87% they reported.
Leleu et al. (2012) targeted a minimum mapping unit of 5m × 5m, but the
continuous nature of the resulting habitat polygons (Figure 6.6) suggest
that habitat variability on this scale is not well captured. In contrast,
the methods used in the current study are capable of detecting patches
of habitat as small as 2m × 2m. Consequently, the habitats that exhibit
patchier distribution, mixed weed and RTB, show less agreement between
methods visually (Figures 6.6 and 6.7) and analytically (Table 6.5) than
the more uniformly distributed habitats (Ecklonia and sand). The patchy
habitats in the Leleu et al. (2012) map also showed the lowest agreement
with the more recent ground truth data (Table 6.7).
While the methods used in this study have shown better results with
less extensive field work than previous studies of CROP, there is still
room for improvement. The simplest way to improve and extend the
output of MORE-MAPS, in the case of the current study area, would
be through the application of contextual editing (Mumby, Clark, et al.,
1998; Andréfouët, 2008) with reference to additional data. For instance,
the mulitbeam derived rocky substrate layer could be used to fix the
previously mentioned inaccurate Ecklonia classifications in areas lacking
the required hard substrate and extend the Sand classification into deeper
water.
A sediment plume, visible in the image analyzed, extends northwest
around Cape Rodney (on the eastern end of the CROP marine reserve)
from the southern end of the study area (Figure 6.2). The methods
employed in this study assume that the water column IOPs are constant
throughout the image but the appearance of this plume strongly suggests
that they are not. The inclusion of heterogeneous water masses will have
deleterious effects on depth estimation (Chapter 3) and water column
correction (Chapter 5) that will adversely impact classification accuracy,
but their inclusion in this study was useful to gauge the severity of impact.
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These impacts were evident as regional differences in classification
accuracy (Table 6.4 and Figure 6.5). Water column correction parameters
were derived in the higher clarity waters of the northern region (Figure
4.5) and, because the true parameters were likely different south of Cape
Rodney, it stands to reason that the spectral consistency of habitats would
be poor in the southern test region. This explains why the overall accuracy
was lower in the southern region (79% vs. 85%) than in the northern
(Table 6.4). It is likely that classification accuracy in the southern region
could be improved by processing that area independently so that depth
and parameter estimations are not influenced by the less turbid water in
the north. This should be the subject of future investigation.
The classification methods used in this study (supervised maximum
likelihood) are common in terrestrial land use mapping (Tom and Miller,
1984; EL-Magd and Tanton, 2003; Erbek et al., 2004), but even in
the less challenging terrestrial environment require subjective and time
consuming parameter tuning (Bandos et al., 2009). The construction
of ROIs determine the makeup of spectral signatures which, in turn,
greatly influence classification accuracy.
The previously discussed
inaccuracy of the RTB habitat (Table 6.3) was likely due to a combination
of an insufficiently representative spectral signature and sub-optimal
classification parameters (e.g., signature thresholds). Subjectivity could be
further removed from the process and improvements might be obtained
by either selecting a classification method that does not require parameter
tuning (Bandos et al., 2009) or by setting parameters via optimization
(Bergstra and Bengio, 2012).
Although the high spatial resolution of the WV2 imagery contributed
to the higher accuracy of this mapping effort, particularly with regard
to the patchier habitats, it also complicates accuracy assessment and
multitemporal method application. The previously mentioned positional
inaccuracies, due to imperfect georeferencing and the inherent positional
uncertainties of the ground truth field methods, are large relative to the
2 × 2m resolution of the imagery and, therefore necessitated the use
of the 2 m radius for accuracy assessment. Improved georeferencing
and orthorectification would eliminate one major source of positional
inaccuracy and facilitate repeated mapping to monitor changes in habitat
distribution. Positional accuracy of ground truth data could be improved
by capturing images downward rather than horizontally, conducting
surveys on SCUBA rather than by boat (http://jkibele.github.

90

Chapter 6. Leigh Habitat Mapping

io/benthic_photo_survey/about/), and by post processing GPS
logs (http://www.rtklib.com/, Schwieger, 2003) or using RTK GPS
(Takasu and Yasuda, 2008). With increased confidence in the spatial
coregistration of ground truth and imagery, spectral signatures might
be generated by sampling pixels at ground truth points. This would
eliminate another source of subjectivity and bring habitat mapping one
step closer to an entirely automated process.
This study has provided the first demonstration of a system designed
to facilitate the processing of inexpensively acquired field data and
satellite imagery into a water column corrected image suitable for habitat
classification and accuracy assessment. When transformed into a habitat
map using free and open source software designed for use in terrestrial
remote sensing, it has provided greater mapping accuracy in the 0-20
m depth range compared to a previous study. Furthermore, the system
of methods and software presented here (MORE-MAPS) allowed for the
mapping of a much larger areal extent at a much lower cost in terms
of equipment, software, and time spent conducting field work than any
of the previous studies of the same area. This work, and the free and
open source software that accompanies it (http://jkibele.github.
io/OpticalRS/, Kibele, 2016), have the potential to facilitate efficient
low-cost subtidal habitat mapping in tropical, sub-tropical, and temperate
waters worldwide.
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Chapter 7
General Discussion
7.1

Summary

This thesis describes the methods and presents the open source software
that make up the Marine Optical Remote sEnsing Map and Assessment
Production System (MORE-MAPS). This system was developed to
simplify the production of subtidal habitat maps, and it’s main
components have been described in the preceding chapters. Benthic
Photo Survey (BPS) was detailed in Chapter 2 and used to efficiently
process over 3000 field data points for use in this study (Chapter 6)
and another (Brown, 2015). A new KNN regression based method
for estimating depths from multispectral imagery was developed and
shown, in Chapter 3, to be capable of delivering higher accuracy results,
less influenced by differences in bottom reflectance, in comparison to
a commonly used physics based method. In Chapter 4, an improved
method of estimating the Apparent Optical Properties (AOPs), required
as parameters for Water Column Correction (WCC), was developed and
shown to be better suited to automated processing compared to the
commonly used linear transformation method, particularly in temperate
waters. An existing WCC method (Maritorena et al., 1994) was modified
for use without atmospheric correction and combined with the new depth
and parameter estimation methods to produce a WCC process that could
be operated with minimal user input (Chapter 5). In Chapter 6, the
previously developed components of MORE-MAPS were combined with
an existing open source image classification tool (Congedo, 2015) to map
broad scale temperate reef habitats in northwestern New Zealand to a
depth of approximately 20 m.
The individual components of MORE-MAPS are useful on their own
(e.g., KNN depth estimation for retrieval of shallow water bathymetry
or BPS for processing ecological photo survey data), but their true value
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lies in their contribution toward building capacity for habitat mapping
when used as an integrated system. BPS greatly reduces previously
described barriers of cost and complexity (Roelfsema and S. Phinn, 2010)
to the integration of field data into remote sensing studies and, when
combined with the OpticalRS (Kibele, 2015) GroundTruthShp module,
facilitates the production of quantitative accuracy assessment metrics.
When used in concert, the OpticalRS implementations of KNN depth
estimation, parameter estimation, and WCC (Chapters 3 - 5) provide the
first publicly available software to provide this type of WCC. Previously,
the only software available for WCC has been a proprietary ENVI module
(Deidda and Sanna, 2012) and the free but closed source Bilko (Byfield et
al., 2012). Both implement the depth invariant index (Lyzenga, 1978) WCC
method that has been shown to have comparatively poor performance
in temperate waters (Sagawa et al., 2010). Other WCC studies focus on
novel methods rather than ease of use (Andréfouët, 2008) and tend not
to provide implementation details let alone source code (Zoffoli et al.,
2014), rendering them unusable for anyone without the specialized remote
sensing knowledge and programming skills required to understand and
implement them. When combined with a FOSS image classification plugin
(Congedo, 2015), the methods and software developed in this thesis form
MORE-MAPS: a system for the mapping of submerged habitats via WCC
intended for use by non-specialists in remote sensing.
When applied to temperate reefs in northeastern New Zealand
(Chapter 6), MORE-MAPS produced a broad-scale habitat map with an
overall accuracy of 83% (85% in the northern region, 79% in the southern).
This level of accuracy is within the range of previous studies using high
resolution multispectral satellite imagery to map submerged habitats in
temperate waters in other parts of the world (Sagawa et al., 2008; Sagawa
et al., 2010; Sagawa et al., 2012; Hoang et al., 2015). Among submerged
habitat mapping studies in New Zealand (Ballantine et al., 1973; Ayling,
1978; Berben and McCrone, 1988; Fyfe et al., 1999; Parsons et al., 2004;
Kerr and Grace, 2005; Kerr, 2010; Leleu et al., 2012), this thesis is the first
to make use of multispectral imagery and WCC. Extensive comparisons
were made (Chapter 6) with the only previous map of the same study area
(CROP marine reserve) to provide measures of mapping accuracy (Leleu
et al., 2012). MORE-MAPS provided better overall accuracy in the 0-20 m
depth range and, while a formal cost comparison is beyond the scope of
this thesis, the MORE-MAPS method was certainly much faster and far
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less expensive given the relative volumes and types of fieldwork involved
in each study.

7.2

Adherence to Design Principles

A list of design principles for MORE-MAPS was presented in Chapter 1:
Generality, Simplicity, Field Data Integration, Low Cost, and Flexibility.
The following section revisits these principles and assess the extent to
which this work has conformed to these principles.

7.2.1

Generality

To ensure that a system, such as MORE-MAPS, can address the unmet
need for the production of habitat maps described in Chapter 1, that
system should be operable in the widest possible range of water clarity
and bottom albedo conditions. Passive optical remote sensing methods for
habitat mapping have, for the most part, been developed and applied in
clear tropical waters (Zoffoli et al., 2014; Hamel and Andréfouët, 2010; Xu
and Zhao, 2014; Lyzenga, 1978; Lyzenga, 1981). Consequently, previous
efforts at increasing mapping capacity have focused on tropical coral reefs
in clear water (Andréfouët, 2008; Green et al., 2000). MORE-MAPS has,
so far, only been deployed for mapping habitats on temperate reefs, but
it is largely based on methods that have been used in the tropics, and
was designed to be of use there as well. Conceptually similar methods
have been used successfully in the clear tropical waters of New Caledonia
(Minghelli-Roman and Dupouy, 2014), so MORE-MAPS can be reasonably
expected to work in similar conditions.
Some previous optical remote sensing methods have sought general
applicability through generalized algorithms that do not require
adjustment for local conditions (Lyzenga et al., 2006; Kanno et al., 2013),
but this generality comes at the cost of reduced accuracy (Lyzenga et al.,
2006). Furthermore, as demonstrated and discussed in Chapters 3 and 4,
the simplifying assumptions of these methods break down in temperate
waters, particularly over low albedo bottoms such as Ecklonia forests.
Other methods have sought generality by starting with a library
of bottom cover spectral reflectances, building look up tables (LUTs)
of simulated surface reflectances through radiative transfer modeling,
and then comparing the spectral values of pixels to the LUT values

94

Chapter 7. General Discussion

(Mobley et al., 2005). This promising approach has worked well with
hyperspectral imagery for depth estimation (Dekker et al., 2011) and
habitat mapping (Lesser and Mobley, 2007; Mobley et al., 2005; Klonowski
et al., 2007). However, existing libraries of bottom cover reflectance
are limited in scope and difficult to access, and the creation of these
libraries requires expensive spectrophotometry equipment and complex
proprietary radiative transfer modeling software (Mobley, 1989) that is not
readily available to the map users (e.g., resource managers and ecologists)
who need habitat maps. These LUT methods were developed for use
with hyperspectral imagery (Lesser and Mobley, 2007; Mobley et al., 2005;
Klonowski et al., 2007; Dekker et al., 2011; Zoffoli et al., 2014). They may
work with the less expensive and more readily available multispectral
imagery used in this study, but this has not been tested and it is likely to
result in a reduction of the method’s ability to discriminate similar bottom
types (Botha et al., 2013). Furthermore, these LUT based methods require
careful atmospheric correction of the satellite imagery. This is a complex
task, and there are not currently any user friendly open source software
tools available to correct the WorldView-2 imagery used in this study.
Thus, it is not currently feasible to include atmospheric correction while
adhering to the design principles set out for this study.
Consequently, MORE-MAPS does not achieve generality in the sense
of a method that can be applied without tuning to local conditions, as a
refined LUT based system might. However, MORE-MAPS does achieve
generality in the sense that the system can be applied in the same manner
across a wide range of environmental conditions. MORE-MAPS must
be empirically tuned to each satellite image used, but that tuning is an
integral part of the system. In adopting this empirical approach, MOREMAPS also adheres more closely to the principles of simplicity and low
cost than the hyperspectral LUT methods due to their reliance on radiative
transfer modeling and the quantification of inherent optical properties. At
some point in the future, there may be a generally applicable, low cost,
and user friendly habitat mapping system based on LUTs, but in light of
the significant obstacles to its development, the empirical approach was
preferred for MORE-MAPS.
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Simplicity

MORE-MAPS greatly simplifies the application of optical remote
sensing methods for benthic habitat mapping. Benthic Photo Survey
(Chapter 2) makes the processing of field data easier and more
efficient. The OpticalRS Python library (http://jkibele.github.
io/OpticalRS/) provides well documented software implementations
of depth estimation, water column correction, and other remote sensing
methods whereas, previously, potential users of these methods were
required to read and understand the primary literature before coding their
own implementations. Perhaps most significantly, MORE-MAPS provides
a set of methods that can be applied over a wide range of environmental
conditions without a deep understanding of marine optics or remote
sensing. There is, however, still room for improvement in overall ease
of use. This will be discussed below as a topic of future research.

7.2.3

Field Data Integration

One of the main benefits of generalized algorithms and LUT based
methods, in comparison to the empirical approach used in this study,
is their potential to produce results without having to collect field data
(i.e., ground truth). However, maps should be accompanied by accuracy
assessment metrics in order to be of use for scientific inference (McRoberts,
2011), and accuracy assessment requires field data (Congalton and Green,
2008). Therefore, field data collection is required regardless of the image
classification method used. In contrast to analytical approaches that
require in situ measurements of water optical properties at the time of
image acquisition (Louchard et al., 2003; Purkis and Pasterkamp, 2003),
the empirical approach adopted for MORE-MAPS means that the same
simple and inexpensive photo survey ground truth data (Chapter 2) can
be used for training as well as accuracy assessment.
With the Benthic Photo Survey software (Kibele, 2016) provided as a
component of MORE-MAPS, the processing of these data is far simpler
and more efficient than previous approaches (Roelfsema and S. Phinn,
2010). The OpticalRS Python library (Kibele, 2015) and the QGIS Accuracy
Assessment plugin (Kibele, 2013) then integrate these field data into the
classification and accuracy assessment process.
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Low Cost

A thorough and detailed cost analysis of habitat mapping via optical
remote sensing, including setup costs (e.g., purchase of all equipment
including boats, computers, etc.), is a major undertaking that has
been addressed elsewhere (Mumby et al., 1999; Green et al., 2000).
This discussion will not delve into that level of detail, but some of
the associated costs will be discussed for comparison with alternative
methods.
Most of the equipment required (boat, an underwater digital camera,
snorkeling and/or scuba gear, GPS, desktop computer, etc.) will be readily
accessible to resource managers and researchers who may wish to use
MORE-MAPS. The only equipment purchased specifically for this project
was the ReefNet Sensus Ultra depth logger (https://reefnet.ca/)
which cost $200 USD. This study used a drop camera rather than a
swimmer with a camera (Kibele, 2016; Roelfsema and S. R. Phinn, 2009),
but the drop camera system described in Chapter 6 is quite outdated
and it is unlikely that many of the components that make up the camera
system are still available. A far better system comprising a GoPro camera
(about $300 USD), a dive housing (about $100 USD), a WIFI remote (about
$75 USD), and an underwater WIFI extension cable (about $260 USD,
https://cam-do.com/) could be purchased for around $735 USD.
So, excluding boating costs, equipment costs for drop camera fieldwork
would be approximately $935 USD.
All the software required for MORE-MAPS is free and open source
so there are no costs associated with software licensing.
This is
in stark contrast to frequently used proprietary alternative such as
Erdas Imagine (http://www.hexagongeospatial.com/products/
power-portfolio/erdas-imagine), which costs in excess of $10,000
USD for a commercial license (Green et al., 2000). If setup costs (as
described above) and labor are excluded, software can be the single largest
cost associated with this type of study.
The imagery used in this study was provided to the author, free
of charge, through an imagery grant by the DigitalGlobe Foundation
(http://www.digitalglobefoundation.org/). Pricing may vary
depending on the distributor, but WorldView-2 imagery was quoted to the
author at $20.30 USD per km2 with an academic discount, so the imagery
used in Chapter 6 would have cost approximately $1650 USD at that rate.
MORE-MAPS could potentially be repurposed for use with imagery from
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other sensors as well. This will be discussed below under Guidelines for
Use.
MORE-MAPS has adhered to the principle of low cost mapping
by adopting empirical methods that do not require expensive spectral
measurements concurrent with satellite image acquisition (Louchard et
al., 2003; Purkis and Pasterkamp, 2003), by providing tools to increase
the efficiency of field data processing (Kibele, 2016), and by obviating the
need for expensive proprietary image processing software.

7.2.5

Flexibility

The components that make up MORE-MAPS have been published as
open source Python libraries and are freely available on GitHub (https:
//github.com/jkibele). Benthic Photo Survey (Kibele, 2016) can
generate photo survey data that is useful in many contexts beyond remote
sensing. For instance, it is currently being used for benthic research
at the Institute of Oceanography and Fisheries in Split, Croatia (Ante
Zuljevic, personal communication, October 2016). The QGIS accuracy
assessment plugin (Kibele, 2013) is also useful beyond this project and,
as of February 2017, has been downloaded over 50,000 times (https://
plugins.qgis.org/plugins/accassess/). The OpticalRS Python
library (Kibele, 2015), with it’s implementations of numerous depth
estimation and water column correction methods, also has great potential
for reuse. The modular and open source nature of MORE-MAPS, with
well documented code in a publicly accessible repository, provides much
greater flexibility than a closed source system such as Bilko (Green et al.,
2000; Byfield et al., 2012).

7.3

Guidelines for Use

Prospective users of MORE-MAPS will want to know what sort of water
quality conditions the system will work in, the types of habitats that
can be discriminated, the types of imagery that will work with the
system, the depth to which habitats can be mapped, and the volume of
ground truth data require for training and accuracy assessment. Many
of these questions are deceptively difficult to answer in a definitive
and quantitative manner, requiring complex simulations that account for
water properties, sensor design, and bottom complexity (Vahtmäe et al.,
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2006; Segl et al., 2012; Botha et al., 2013; Gege, 2014; Sagawa and Komatsu,
2015; Manessa et al., 2016). This section will address a few specifics and
provide general guidelines for potential users of MORE-MAPS. Stated
in the broadest and most general terms, if a human operator can, after
carefully adjusting image band selection and stretch (i.e., contrast and
exposure), differentiate habitats through visual inspection, then MOREMAPS should be able to provide acceptable mapping accuracy. Similarly,
the depth at which different bottom covers become indistinguishable from
optically deep water (where the observed surface reflectance contains no
contribution from bottom reflectance) is about the same as the maximum
depth to which MORE-MAPS will provide adequate results.

7.3.1

Water Quality Conditions

As discussed in Chapters 3 and 6, one of the key underlying assumptions
of MORE-MAPS is that the optical properties of the water column are
reasonably constant across the image being classified. Indeed, this
simplifying assumption underlies many optical remote sensing methods
for benthic habitat mapping (Lyzenga, 1978; Sagawa et al., 2010; Zoffoli
et al., 2014; Purkis and Pasterkamp, 2003). A simple, but subjective,
way to assess the consistency of apparent optical quality is to vary the
image display parameters (e.g., band selection, stretch, etc.) and observe
the spatial consistency of the water color, particularly that of the deep
water that is less effected by bottom reflectance. As discussed in Chapter
6, the sediment plume visible in Figure 6.2 was likely responsible for
the observed variation in accuracy between the northern and southern
regions of the resulting habitat map (Table 6.4). Potential solutions to the
problem posed by inhomogeneous water column optical properties will
be discussed in the section on future research.
There are a number of more quantitative ways to assess the optical
properties of the water column (Morel and Prieur, 1977; O’Reilly et al.,
1998; Lee et al., 2001; Liu et al., 2003; Hommersom et al., 2010; Giardino et
al., 2012; Eugenio et al., 2014; Allan et al., 2015) but, given their complexity
and difficulty of implementation, they are beyond the scope of this work.
For homogeneous water masses, there is no simple quantitative way to
predict how well MORE-MAPS will perform, but the following general
guidelines still apply: If a human operator can visually detect distinct
benthic habitats, then MORE-MAPS may be able to as well. If, on the
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other hand, there is no visually discernible difference across the range of
viewing parameters, then MORE-MAPS is unlikely to work.

7.3.2

Habitat Discrimination

As a system for the mapping of submerged habitats via passive optical
remote sensing, MORE-MAPS is subject to the same limitations of all such
methods. Foremost among these limitations are those on the separability
of habitats and depth to which habitats can be accurately mapped.
As previously noted (Chapter 6), habitat categories must be spectrally
separable to be mapped with MORE-MAPS. For instance, a previous study
of the same area considered "sediment" and "sand and shell gravel covered
flat rock" to be different habitats (Table 1 in: Leleu et al., 2012). From
an ecological perspective, these are distinct habitats but, because they are
covered by the same sedimentary materials, they will be essentially the
same color and, therefore, spectrally indistinguishable. Categories such
as these can not be discriminated by MORE-MAPS or any other spectral
remote sensing methods.

7.3.3

Compatible Imagery

The two main considerations for image compatibility with MORE-MAPS
are the spectral and spatial resolution of the imagery. The spectral
resolution (i.e., the number of bands, their center wavelengths, and their
width) will strongly influence the ability of MORE-MAPS to discriminate
between spectrally similar habitats (Botha et al., 2013), and the depth to
which habitats can be mapped (Vahtmäe et al., 2006). To be of use for
habitat classification, image bands must penetrate the water column well
enough to reflect off of the bottom. The optimum wavelength for water
penetration varies with the optical properties of the water column, but
bands in the blue and green wavelengths typically penetrate the water
column to a far greater depth than the longer wavelengths (yellows and
reds) (Gordon and McCluney, 1975). Consequently, bands longer than
about 600 nm (yellow) won’t be of much use for image classification
beyond about 2 m of depth in temperate waters (Figure 4.2), though they
may be useful down to 6 m or more in clear tropical water (Figures 4.3 and
4.11). For spectral discrimination of habitats, the larger the number bands
in the blue to yellow range (approx. 400 - 600 nm), the better.
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The optimal spatial resolution for mapping a given set of habitats will
depend on the distribution and spatial homogeneity of those habitats. For
instance, large relatively homogeneous sea grass beds can be mapped
with acceptable accuracy using Landsat 5 or Landsat 8 imagery with
30 m spatial resolution (Misbari and Hashim, 2016). However, the
comparatively patchy temperate reef habitats mapped in this study using
WorldView-2 imagery with 2 m spatial resolution (Chapter 6), could not
be have been accurately mapped using MORE-MAPS with imagery at
a 30 m spatial resolution. Methods have been devised to address the
spectral unmixing of large pixels (Uhl et al., 2013; Wang, 1990), but these
methods add an additional layer of uncertainty and complexity to the
image classification process and have, therefore, not been incorporated
into MORE-MAPS.
Definitive answers about image suitability for mapping of particular
habitats in ambient water quality conditions require complex simulation
(Vahtmäe et al., 2006; Guanter et al., 2015), but this section has offered
some general guidelines for the suitability of remotely sensed imagery for
use with MORE-MAPS. Stated simpley, using WorldView-2 imagery as a
baseline, additional spectral resolution (particularly in the shorter visible
wavelengths) will result in better discrimination of bottom types, and
decreased spatial resolution will have a deleterious effect on minimum
mapping unit size (Welch, 1982; Verbyla, 1995). For further evaluations of
specific sensors for coastal remote sensing see Green et al., 2000.

7.3.4

Maximum Mappable Depth

The depth to which habitats can be mapped is also limited by the
ability of light to penetrate water, which varies with both water quality
and wavelength (Green et al., 2000). MORE-MAPS provided relatively
reliable results to 20 m (Chapter 6). In contrast, a recent study using
similar methods in the clear tropical waters of New Caledonia mapped
bottom types at low spatial resolution (300m × 300m pixels) to more than
40 m depth using 15 band MERIS satellite imagery (Minghelli-Roman
and Dupouy, 2014). Regardless of water clarity or spatial and spectral
resolution, passive optical methods, such as MORE-MAPS, will always
be depth limited due to the attenuation of light in water, unlike acoustic
mapping methods (Brown et al., 2011).
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Estimations of the penetration depth of each image band can
be produced using the estimated diffuse attenuation coefficient (Ki ,
Chapter 4) by applying analytical methods (Gordon and McCluney,
1975). However, it is much simpler, if somewhat subjective, to follow
the previously mentioned practice of visually assessing the imagery
and making note of the approximate depth at which pixels become
indistinguishable from deeper water.

7.3.5

Ground Truth

Prospective users of MORE-MAPS will also want to know how many
ground truth data points they will need to collect to train and validate
their habitat classification and where they should be collected from.
This is, once again, a seemingly simple question that is difficult to give
a simple definitive answer to. Much has been written about ground
truth sampling design for terrestrial mapping studies (Congalton, 1991;
Congalton and Green, 2008; Stehman, 2001; Stehman and Czaplewski,
1998; Stehman, 1999; Olofsson et al., 2014), but the additional challenges
associated with working underwater render many of these deliberate
sampling design schemes infeasible. When working in the marine
environment it is difficult to know much about the habitats you are
sampling until you get in the water (or put a drop camera in the water),
and the logistical difficulties associated with sampling pre-determined
points (e.g., navigating to the point underwater or holding the boat in
the specified position while lowering a camera) make the haphazard
and loosely stratified sampling design used in this study much more
attractive despite a lack of real statistical rigor (Stehman, 2001). As
described in Chapter 6, drop camera sampling lines were oriented roughly
perpendicular to the shore line and run from the shallowest water
accessible by the boat to the deepest extent of the kelp. Because the
habitats in question are known to vary with depth (Grace, 1983; Shears
et al., 2004), this configuration promises to sample the full range of
habitats despite not fully qualifying as a stratified random sampling
design (Stehman and Czaplewski, 1998).
Specific recommendations for the number of ground truth points
required are hard to come by, but one study recommends at least 30
points per habitat class for classifier training (Mumby et al., 1999) and
another recommends at least 50 points per class for accuracy assessment
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(Congalton, 1991). The volume of ground truth data collected for use
in Chapter 6 far exceeded these minimum guidelines (258 points for the
smallest class), but the extra points lend additional confidence to the
accuracy assessment and, due to the efficiency of the survey and data
processing methods (Chapter 2), represent a relatively small additional
cost.

7.4

Future Research

MORE-MAPS has proven useful for mapping broad-scale temperate reef
habitats to depths of up to 20 m (Chapter 6), and its applicability across
a range of environmental conditions should be assessed. There are also a
number of additional processing steps and enhancements that should be
considered for integration into the system.

7.4.1

MORE-MAPS in Different Water Quality Conditions

As previously stated, MORE-MAPS has been designed to be generally
applicable across a wide range of water quality conditions, from extremely
clear oligotrophic waters in tropical coral reef environments to temperate
waters, like those of north eastern New Zealand, with comparatively
poor water clarity. The potential for the system to function in different
conditions should be investigated through simulation studies with
synthetic imagery. These studies could help to quantify the expected
performance of the system with various types of imagery across a
range of conditions (Sagawa and Komatsu, 2015; Manessa et al., 2016;
Zoffoli et al., 2014; Botha et al., 2013; Braun et al., 2012). Similarly, it
would be instructive to deploy MORE-MAPS for use across a range of
environmental conditions, and evaluate its performance relative to those
conditions.

7.4.2

Consideration of Heterogeneous Optical Properties

As previously discussed, optical remote sensing systems such as MOREMAPS rely on the simplifying assumption that the optical properties of
the water column are constant within the area being mapped. To dispense
with this assumption would introduce a prohibitive level of complexity to
the system, but there may be ways to adapt the system to deal with some
spatial heterogeneity of water quality.
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The simplest method would be to visually assess the spatial
homogeneity of the water quality and manually break the image into
separate regions with uniform water quality. Or, to employ a more
quantitative approach, one could carry out the parameter estimation
procedure detail in Chapter 4 along multiple lines throughout the area to
be mapped. Variations in the resulting diffuse attenuation coefficients (Ki )
and water column reflectances (R∞i ) would indicate the degree to which
there are spatial variations in water quality.
In situations where there are distinct water masses, such as the plume
of higher sediment water visible in Figure 6.2, parameters could be
derived separately for each water mass and water column correction
could be carried out separately for each water mass (Chapter 5). In
order to investigate the magnitude of the water column heterogeneity
on classification accuracy, the entire image could be processed once with
each set of derived parameters. The accuracies could then be assessed
against ground truth data to quantify the effect. It is to be expected that
the accuracy within the water mass from whence the parameters were
estimated would be higher in each case than in the other mass. After
this determination, the (presumably) more accurate locally parameterized
classifications could be merged.

7.4.3

Positional Accuracy of Imagery and Ground Truth

As discussed in Chapter 6, positional inaccuracy can skew accuracy
assessments and complicate the image classification training process.
There are a number of areas where improvements can be made to MOREMAPS to increase positional accuracy. Reductions of positional error in
ground truth data could be obtained, with a modest increase in cost, by a
careful selection of field methods (Roelfsema and S. R. Phinn, 2009) and
the use of more accurate GPS technology (post-processing: Schwieger,
2003 or RTK: Takasu and Yasuda, 2008) or, with a larger additional cost,
the use of acoustic tracking technologies (O’Dor et al., 1998; Mišković et
al., 2013).
Careful examination of the imagery used in this study relative to GPS
positions and other imagery suggests that, though most of the coastline
appears to live up to the advertised 5 m CE90 geolocation accuracy
(DigitalGlobe, 2012), there are some areas that where the positional error
is noticeably larger. These areas tend to occur near the steepest parts of
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the coastline which suggests that they are due to geometric corrections
applied by DigitalGlobe using a course digital elevation map. These
localized distortions are likely to produce clusters or poor mapping
accuracy due to positional mismatches between imagery and ground truth
data. These positional errors in the WV2 imagery could be reduced by
collecting ground control points and orthorectifying the imagery (Aguilar
et al., 2013). To avoid the need for additional data collection, ground
control points could be created using validated aerial survey imagery
when available.
Together, these improvements in positional accuracy would improve
accuracy assessment and allow for an additional simplification of the
image classification procedure. With increased confidence in the coregistration of ground truth data and imagery, it would be possible
to build the habitat spectral signatures automatically by querying pixel
spectra at the locations of known habitat types (Warren et al., 2016), rather
than relying on the somewhat subjective method of user created regions
of interest (Congedo and Munafò, 2012; Congedo, 2015).

7.4.4

Atmospheric Correction

As previously discussed in the section on the generality of MORE-MAPS,
the addition of atmospheric correction to the image processing chain could
enhance the utility and general applicability of the system. If careful
atmospheric correction (Lu et al., 2002; Martin et al., 2012) were added
to MORE-MAPS, along with improved orthorectification, then habitat
maps could be generated from WV2 imagery captured at different dates
to facilitate habitat change detection (Misbari and Hashim, 2016). These
steps could also reduce the quantity of additional fieldwork required for
subsequent mapping efforts by allowing the reuse of previously generated
spectral profiles.

7.4.5

Simplicity and Ease of Use

The overall ease of use for MORE-MAPS could be improved on several
fronts. Both BPS and the OpticalRS library would benefit from refactoring
of code to reduce the number of dependencies and improve the ease of
installation and, while both projects are well documented, the volume
and clarity of documentation could be improved. Ease of use for nonprogrammers could also be substantially improved, with relatively little
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effort, by providing GUI representations of the MORE-MAPS methods.
Work on this has already begun with a QGIS plugin (Kibele, 2013) and
some prototype QGIS processing toolbox scripts.

7.5

Conclusion

The methods and open source software presented in this thesis have
been used to process field data more efficiently that previously possible,
estimate depth and AOPs, perform WCC and, thereby, map broad scale
habitats to a depth of 20 m. In doing so, MORE-MAPS has demonstrated
the potential to increase capacity for the production of subtidal habitat
maps in temperate waters by removing barriers of cost and complexity
that have hampered the wider application of optical remote sensing
methods. While yet to be demonstrated, it is also likely that these
same methods and software will work in subtropical and tropical coastal
environments as well. Using MORE-MAPS, resource managers and
researchers will be able to produce habitat maps more quickly, without
the assistance of remote sensing specialists, and at a lower cost than
was previously possible. Furthermore, the field data collection protocols
compatible with Benthic Photo Survey (Chapter 2) are simple enough that
data collection could be carried out by dive clubs, volunteer organizations,
or other interested "citizen scientists". Additionally, the OpticalRS Python
library (Kibele, 2015) could, if adopted by the remote sensing community,
help to accelerate the pace of discovery by obviating the current necessity
of re-implementing prior work to expand upon it. Overall, it is hoped
that the work presented in this thesis will contribute toward the goal
of transitioning the mapping of submerged habitats via multispectral
satellite imagery from a research topic in remote sensing literature to a
practical tool for researchers and resource managers.
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Appendices
The following appendices provide code examples on how to use the
OpticalRS Python library to implement the methods used in this study
and demonstrate a few features of the library not discussed in the text.
These examples may be of use to anyone who wants to use and/or
contribute to the OpticalRS library. Additional information available at
http://jkibele.github.io/OpticalRS/.
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Image Preprocessing
1

Appendices

The appendices to this thesis are in the form of jupyter notebooks (http://jupyter.org). These
notebooks combine Python code with text and images and, in the present case, demonstrate
how to used the OpticalRS Python code to implement
the methods described in this thesis. These notebooks are also available for viewing (and download) on the OtpicalRS website
(http://jkibele.github.io/OpticalRS/).

2

Preprocessing

This document will demonstrate how to use the OpticalRS Python library to convert DN values
to top-of-atmosphere reflectance and mask land from water.
In [1]: %pylab inline
style.use('ggplot')
from OpticalRS.WV2RadiometricCorrection import output_toa_reflectance
from OpticalRS.LandMasking import mask_land
from OpticalRS.RasterDS import RasterDS
from OpticalRS.MSDisplay import multiband_histogram
Populating the interactive namespace from numpy and matplotlib

2.1 Conversion to TOA Reflectance
The OpticalRS.WV2RadiometricCorrection module can be used to convert DN values to
top-of-atmosphere reflectance (or radiance). This code can also be run from the command line.
See the docstrings in the code for more information.
In [2]: original_fp = 'data/14JAN18223447-M2AS_R1C1-053618191020_01_P001.TIF'
xml_fp = 'data/14JAN18223447-M2AS-053618191020_01_P001.XML'
out_fp = 'data/toaref.tif'
In [3]: output_toa_reflectance(original_fp, out_fp, xml_fp)
In [4]: original_rds = RasterDS(original_fp)
toa_rds = RasterDS(out_fp)

1
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2.2 Land Masking
To mask the land, we need to pick a threshold for the longest wavelength band (NIR2). Long
wavelengths reflect much more strongly from land than from water. When we look at the histogram of reflectance in this band, we can see a big spike of very low reflectance for pixels over
water and a much more broad lump of higher reflectance from pixels over land. We need to pick
a threshold just above the spike.
In [5]: barr = toa_rds.band_array
In [6]: fig, (ax1,ax2) = subplots(1, 2, figsize=(12,4))
# Plot the full histogram
blah = ax1.hist(barr[...,-1].compressed(), 256)
ax1.set_title("Full Histogram")
# Plot it again but zoom in
blah = ax2.hist(barr[...,-1].compressed(), 256)
ax2.set_xlim(0.0,0.3)
ax2.set_ylim(0,10e4)
ax2.axvline(x=0.05)
blahblah = ax2.set_title("Zoomed In")

So a visual inspection of reflectance values would suggest that a threshold of around 0.05 might
work.
In [7]: masked = mask_land(barr, nir_threshold=0.05)
Display (one band of) the original and the masked image. The water will appear opaque
because the band being displayed is the WorldView-2 Red Edge band. It’s center wavelength is
724 nm so it is essentially opaque.
In [8]: fig, (ax1,ax2) = subplots(1, 2, figsize=(12,6))
ax1.imshow(barr[...,5], cmap=mpl.cm.gray)
ax1.set_title("Before Masking")
ax1.set_axis_off()
ax2.imshow(masked[...,5], cmap=mpl.cm.gray)
ax2.set_title("After Masking")
ax2.set_axis_off()
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In [9]: from osgeo.gdalconst import GDT_Float32
Save the masked array as a GeoTiff:
In [10]: masked_fn = 'data/toaref_masked.tif'
masked.set_fill_value(2.0)
masked_rds = toa_rds.new_image_from_array(masked, masked_fn,
dtype=GDT_Float32)

3

Appendix B. Depths for Parameter Estimation & WCC

133

Appendix B
KNN Depth Estimation

1

KNN Depth Estimation

This notebook provides details on how Benthic Photo Survey processed depth measurements were
used with KNN depth estimation methods (Kibele and Shears, in review) described in (Depth
Estimation - Chapter 3) to estimate the depths used for parameter estimation (Chapter 4). Methods
were implemented using the OpticalRS Python library.

1.1 BPS Measured Depth Preparation
The BPS measured depths are in a vector shapefile. They need to be converted to raster format
for use with the OpticalRS DepthEstimator. This was accomplished using thegdal_grid
command.
Rasterizing the BPS Points Here’s the command used to make a depth raster from the BPS point
file:
gdal_grid -zfield adj_depth -l BPS_points -txe 300529.754 301220.438
-tye 5984983.792 5983781.076
-a average:radius1=3.0:radius2=3.0:angle=0.0:min_points=0:nodata=0.0
-outsize 345 601 -of GTiff data/BPS_points.shp
data/BPS_adj_depth_raster.tif
The extents (-txe, -tye) and -outsize to match eReefDepth.tif were found by using
gdalinfo eReefDepth.tif.
Setting nodata The nodata value wasn’t set by gdal_grid so the gdal_translate command was used:
gdal_translate -a_nodata 0.0 BPS_adj_depth_raster.tif
BPS_adj_depth_raster_masked.tif
In [1]: %pylab inline
style.use('ggplot')
from OpticalRS import *
from OpticalRS.MSExposure import equalize_adapthist
import warnings
warnings.filterwarnings('ignore')
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Populating the interactive namespace from numpy and matplotlib

Create a depth estimator object with the denoised WorldView-2 imagery sample and a raster
of known depths.
In [2]: de = DepthEstimator('data/pinksbeachWV2_denoised.tif',
'data/BPS_adj_depth_raster_masked.tif')
Use the DepthEstimator object to estimate the depths:
In [3]: depthest = de.knn_depth_estimation(k=5)
Display an RGB version of the multispectral imagery with raster of known depths overlayed.
Then display the estimated depths. This step is just for display. It is not necessary for depth
estimation.
In [4]: fig, (ax1, ax2) = subplots(1, 2, figsize=(12,8))
rgbarr = equalize_adapthist(de.imarr[...,[3,2,1]],
clip_limit=0.02)
ax1.imshow(rgbarr)
mapable = ax1.imshow(de.known_depth_arr)
ax1.set_axis_off()
ax1.set_title("RGB Image and Known Depths")
blah = colorbar(mapable, ax=ax1, label='Depth (m)',
cmap=mpl.cm.Spectral)
m2 = ax2.imshow(depthest, cmap=mpl.cm.jet)
blah = colorbar(m2, ax=ax2, label='Depth (m)')
ax2.set_title("KNN Depth Estimate")
ax2.set_axis_off()
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Calculate root mean square error (RMSE) and plot estimated depths against measured depths.
Because the same measured depths are being used for both training and evaluation, the RMSE
will be better (lower) than it should be. In practice, the training and evaluation (test) sets should
be different.
In [5]: err = de.known_depth_arr - depthest
rmse = np.sqrt((err**2).mean())
scatter(de.known_depth_arr, depthest, edgecolor='none', alpha=0.3)
ax = gca()
titletxt = "Estimate Self RMSE: {:.2}m".format(rmse)
ax.set_title(titletxt)
ax.set_xlabel("Measured Depths (m)")
ax.set_ylabel("KNN Estimated Depths (m)")
ax.set_aspect('equal')
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1.2 Set Land Depths to Zero
In the Water Column Correction chapter I’m going to want to show that reflectance values are
unchanged when water column depth is zero (on land). However, I didn’t mask land off ahead of
time so there are non-zero estimated depths for land pixels. I’m going to identify the land pixels
and set their depths to zero.
In [6]: from OpticalRS.LandMasking import mask_land
Look at the histogram of NIR2 values to find a good place to threshold the land. The tall spike
on the left represents the water with very low reflectance and the broad lump just barely visible in
the full histogram represents the pixels on land.
In [8]: imarr = de.imarr.copy()
fig, (ax1,ax2) = subplots(1, 2, figsize=(12,4))
blah = ax1.hist(imarr[...,-1].compressed(),250)
ax1.set_title("Full Histogram")
blah = ax2.hist(imarr[...,-1].compressed(),250)
ax2.set_title("Zoomed in")
ax2.set_ylim(0,1000)
ax2.set_xlim(0,0.3)
Out[8]: (0, 0.3)
4
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Based on visual inspection of this zoomed in histogram, I will set the NIR2 threshold at 0.15.
The mask_land function will also check for connectivity between selected pixels to avoid leaving
shadows and small dark objects on land unmasked.
In [9]: im_masked = mask_land(imarr, nir_threshold=0.15)
In [11]: bandmask = im_masked[...,0].mask
depthest[(bandmask & ~depthest.mask)] = 0.0
In [12]: imshow(depthest)
colorbar()
gca().set_axis_off()
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In [13]: depthest.set_fill_value(-99.0)
drds = RasterDS('data/BPS_adj_depth_raster_masked.tif')
In [14]: outfn = 'data/knn_depth_est.tif'
drds.new_image_from_array(np.atleast_3d(depthest), outfn,
dtype=GDT_Float32)

6
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Appendix C
Parameter Estimation
1

Parameter Estimation

This notebook will demonstrate the use of the
OpticalRS library to estimate the apparent optical
properties (AOPs) K i and R ∞i from WorldView-2 satellite imagery and estimated depths. For
more information, see Chapter 4.
First, the necessary objects will be imported:
In [1]: %load_ext autoreload
%autoreload 2
In [2]: %pylab inline
from OpticalRS.GeoDFUtils import RasterShape
from OpticalRS.ParameterEstimator import ParameterEstimator,\
geometric_factor_from_imd, jerlov_Kd_plot
from OpticalRS import AlbedoIndex
from OpticalRS.RasterDS import RasterDS
from OpticalRS.Const import cnames, jerlov_Kd
from OpticalRS.Lyzenga2006 import dark_pixel_array
from OpticalRS.WV2RadiometricCorrection import get_xmlroot, \
meanSunEl, meanOffNadirViewAngle
from OpticalRS.ArrayUtils import mask3D_with_2D
import geopandas as gpd
import pandas as pd
from IPython.display import Math, Latex
rc('text', usetex=True)
# style.use('ggplot')
import seaborn as sns
sns.set_color_codes()
Populating the interactive namespace from numpy and matplotlib
Here the paths to the required files are set.
In [3]: # This is a shapefile containing a single polygon
# that delineates an area with varying depth and
# a relatively uniform sandy bottom
shpfn = 'data/more_sand.shp'
1
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# This is the WV2 imagery with the land masked
rastfn = 'data/toaref_masked.tif'
# This is a raster of estimated depths.
depthfn = 'data/knn_depth_est.tif'

1.1 Geometric Factor g
The following function is defined in OpticalRS.ParameterEstimator. g is a factor that, when
multiplied by the water depth, gives the path length for light to get from the surface down to the
bottom and back to the surface again. Due to the off nadir angle of the sun and the satellite and to
refraction at the water’s surface, this value is typically a bit greater than 2.
In [4]: # This is the path to the image metadata xml file
imdfn = 'data/14JAN18223447-M2AS-053618191020_01_P001.XML'
g = geometric_factor_from_imd(imdfn)
print "g = {:.3f}".format(g)
g = 2.123

This isn’t necessary for the remaining calculations but I’ll get the sun elevation and view angle
from the metadata file so I can report them in the chapter.
In [5]: xmlroot = get_xmlroot(imdfn)
sun_el = meanSunEl(xmlroot)
off_nad = meanOffNadirViewAngle(xmlroot)
print "The sun angle is {} and the view angle is {}"\
.format(90.0 - sun_el, off_nad)
The sun angle is 29.9 and the view angle is 23.1

1.2 Attenuation Coefficient
Ki and R∞i will be estimated two ways. First, they will be estimated by the well established
linear regression method. Then they will be estimated using the method proposed in Chapter 4
(Parameter Estimation).
A ParameterEstimator object will be created using the WV2 image, estimated depths, and
sand shapefile specified above.
In [6]: # no correction
pe = ParameterEstimator(rastfn, depthfn, shpfn)
1.2.1 Linear Method
This method first requires that R∞i be estimated. Lyzenga et al. 2006 provides criteria for selecting
deep water pixels. The following function implements this selection process and returns the mean
of deep water pixels for each band.
2
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In [7]: # Calculate an array of deep water means
dwm = pe.deep_water_means()
# Print the deep water mean for each band
for i, Rinf in enumerate(dwm):
rstr = "Rinf {} = {:.3f}".format(i+1, dwm[i])
print rstr
Rinf
Rinf
Rinf
Rinf
Rinf
Rinf
Rinf
Rinf

1
2
3
4
5
6
7
8

=
=
=
=
=
=
=
=

0.152
0.120
0.073
0.047
0.037
0.029
0.021
0.015

The following will show where the algorithm found the darkest pixels. Band 2 of the image
is displayed with the pixels locations overlayed in black. Land has been masked out of the image
and appears as white.
In [8]: dpa = dark_pixel_array(pe.full_image_array)
imshow(pe.full_image_array[...,1])
imshow(dpa[...,1], cmap=mpl.cm.gray, vmin=0.0, vmax=0.0)
ax = gca()
ax.set_axis_off()
blah = ax.set_title("$R_{\infty}$ Pixels")
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Here the whole range of available depths is used to estimate Kg (the slope of the regression).
The plots show the transformed reflectance values plotted against depth with a Lowess smoother
(dashed line) and the regression line (solid red). Note that some of the smoother lines (particularly
bands 4 and 5) do not match the regression line. These bands appear to reach full attenuation
before 6 meters so these regressions are unlikely to give correct results.
There’s some discussion of bands reaching full attenuation in the context of Lyzenga’s depth
invariant index method in Hamylton 2011.
In [23]: fig_linear_est = pe.linear_fit_plot(deep_water_means=dwm)

4
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In [30]: # fig_linear_est.savefig('figures/pe_linear_K_est.png', dpi=200)
Calculate Ki g and Ki and store the calculated values in a dataframe object:
In [11]: lpars = pe.linear_parameters(deep_water_means=dwm, geometric_factor=g)
By visual inspection of the previous plot, it can be determined that depths between 2 and
4 meters appear to have a slope more representative of water column attenuation effects. The
following line will create a copy of the ParameterEstimator object limited to this depth range:
In [12]: pe_dr = pe.copy(depth_range=[2,4])
In [24]: fig_linear_est_dr = pe_dr.linear_fit_plot()
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In [29]: # fig_linear_est_dr.savefig('figures/pe_linear_K_est_dr.png', dpi=200)
Calculate Ki g and Ki from the restricted depths and store the calculated values in another
dataframe object:
In [15]: lpars_dr = pe_dr.linear_parameters(deep_water_means=dwm,
geometric_factor=g)
1.2.2

Curve Fit Method

The curve fit method does not require that deep water means are calculated before use. In fact the
deep water means are estimated by the curve fit method.
In [16]: cf_fig = pe.curve_fit_plots()

6

Appendix C. Parameter Estimation

145

In [28]: # cf_fig.savefig('figures/pe_curve_fit_K.png', dpi=200)
In [18]: paramdf = pe.curve_fit_parameters(g)
paramdf
Out[18]:
427
478
546
608
659
724
833
949

Rinf
0.151982
0.118239
0.073911
0.048400
0.037536
0.030490
0.023067
0.016846

Ad
0.173838
0.161412
0.137102
0.091117
0.064330
0.035681
0.030720
0.023798

Kg
0.215504
0.155726
0.199625
0.475799
0.577282
0.178475
0.158124
0.189141

K
0.101502
0.073347
0.094023
0.224101
0.271899
0.084061
0.074476
0.089085

I will add g to the parameters and save them to use later.
In [19]: paramdf['g'] = g
paramdf.to_pickle('data/curve_fit_param_df.pkl')
1.2.3

Comparison of Ki Results

The estimated Ki values are gathered together in a pandas dataframe and plotted against wavelength. K values for Jerlov’s water types are plotted in the background for reference (Jerlov, 1976).
These values are not directly comparable because our estimates do not account for several important components of the reflectance including surface reflectance.

7
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The estimated Ki values from the curve fitting method are reasonably close to the values from
the depth restricted linear method while the values from longer wavelengths from the unrestricted
linear method are quite far off. For more discussion of these results, see Chapter 4 (Parameter
Estimation).
In [25]: dfd = {'Curve Fit':paramdf,
'Linear':lpars,
'Linear Depth Restricted': lpars_dr}
pnl = pd.Panel(dfd)
allK = pnl[:,:,'K']
In [37]: K_ests_fig = jerlov_Kd_plot(allK[:6], columns=allK.columns[:6],
jerlov_legend=True, legend_loc='upper left')

In [38]: # K_ests_fig.savefig('figures/pe_K_ests.png', dpi=200)

1.3 R∞i Estimates
R∞i (deep water means) were calculated as a precursor to the linear method and as an output
of the curve fit method. This provides a comparison of those results and shows close agreement
despite the 2 methods being very different.
8
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In [33]: # Construct a dataframe with Rinf values from panel
Rinfdf = pnl[:,:,'Rinf']
# Add the deep water mean values to the Linear dataframe
Rinfdf['Linear'] = dwm
# Get a list of columns without 'Linear DR' because it
# would have the same values as 'Linear'
cols = Rinfdf.columns.difference(["Linear Depth Restricted"])
ax = Rinfdf[cols].plot(kind='bar', figsize=(8,6),
title="$R_{\infty}$ and deep water means",
colors=['b','g'])
ax.set_xlabel("Wavelength ($nm$)")
blah = ax.set_ylabel("Reflectance")
figdwm = gcf()

In [35]: # figdwm.savefig('figures/pe_dwm_bars.png', dpi=200)
In [45]: (Rinfdf.Linear - Rinfdf['Curve Fit']).abs().plot(kind='bar')
Out[45]: <matplotlib.axes._subplots.AxesSubplot at 0x7f1062e74910>
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Water should have nearly 0 reflectance in the NIR so bands 7 and 8 (833 and 949 nm) should
show close to 0 reflectance. However, this image was only corrected to top of atmospere reflectance so the values above include both atmospheric effects and water surface effects. Atmospheric effects are beyond the scope of this study, but OpticalRS does provide a crude method
for removing surface effects.

1.4

Surface Reflectance Correction

With the assumptions that water will have no reflectance in the WorldView-2 near infrared bands 7
and 8 (λ = 833, 949 nm) and that the surface reflectance is independent of wavelength, the surface
reflectance can be approximated as Risrf ≈ R̄7,8 . The averaged values from these two NIR bands
can then be subtracted from the visibile bands to remove the surface reflectance (Mobley, 1999;
Purkis and Pasterkamp, 2003).
This correction will be made when the ParameterEstimator surface_reflectance flag
is set to [6,7]. This tells the ParameterEstimator to use bands 7 and 8 (Python arrays are
zero indexed so band 1’s index is 0 and band 8’s index is 7) in the calculation. If a single band (e.g.
[7]) is passed instead, the values of that band will be used.
In [25]: pe_surf = pe.copy(surface_reflectance=[6,7])
In [26]: cf_surf_fig = pe_surf.curve_fit_plots()
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In [27]: pdf_surf = pe_surf.curve_fit_parameters(g)
In [28]: dfd = {'Curve Fit':paramdf,
'Curve Fit 2': pdf_surf}
pnl2 = pd.Panel(dfd)
allK2 = pnl2[:,:,'K']
This corrections provides estimates of Ki in the yellow (608 nm) and red (659 nm) bands that
correspond more closely with Jerlov type II waters as would be expected based on the Ki values
below 550 nm. Without independent measurements of Ki , it’s impossible to say with any certainty
that the surface reflectance corrected values are more accurate, but they do conform more closely
with what Jerlov has established as typical values.
In [29]: fig_surf_corr = jerlov_Kd_plot(allK2[:6], columns=allK2.columns[:6],
jerlov_legend=True, legend_loc='upper left')
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In [30]: fig_surf_corr.savefig('figures/pe_surf_corr_K.png', dpi=300)
1.4.1

Attempting Surface Correction with Linear Method

In attempting to apply the surface reflectance correction to the linear method, we find that it does
not work out as well.
In [31]: pe_linsurf = pe_dr.copy(surface_reflectance=[6,7])
In [32]: fig = pe_linsurf.linear_fit_plot()

/usr/local/lib/python2.7/dist-packages/numpy/core/_methods.py:59: RuntimeWarning: Mean of em
warnings.warn("Mean of empty slice.", RuntimeWarning)
/usr/local/lib/python2.7/dist-packages/numpy/lib/function_base.py:2079: RuntimeWarning: Degr
warnings.warn("Degrees of freedom <= 0 for slice", RuntimeWarning)
/usr/local/lib/python2.7/dist-packages/numpy/lib/function_base.py:3142: RuntimeWarning: Inva
RuntimeWarning)
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Appendix C. Parameter Estimation

As is somewhat evident in the previous plot, bands 4 and 5 have fewer points than the other
plots. This is demonstrated more explicitly by the nPix column of the parameter dataframe:
In [33]: pdf_linsurf = pe_linsurf.linear_parameters(geometric_factor=g)
pdf_linsurf
Out[33]:
427
478
546
608
659
724

Kg
0.169259
0.140606
0.231683
1.413502
1.766241
NaN

K
0.079721
0.066225
0.109122
0.665757
0.831897
NaN

nPix
632
633
633
496
129
0

The following image shows the pixels selected as deep-water in the calculation of the deep
water means using the algorithm from Lyzenga 2006. These pixels, based on familiarity with the
area, appear to be mostly over areas that are dominated by brown algae (mostly Ecklonia radiata).
This is in contrast with the pixels chosen by the same algorithm for the image without surface
reflectance correction.
This failure of the algorithm to correctly select optically deep water results in many values
of Xi being undefined because the caluculated means are greater than the sensed reflectance (i.e.
Ri − R∞i < 0). The undefined pixels are then lost from the regression. The regression of the
remaining pixels provides unreliable results.
In [34]: dpa2 = dark_pixel_array(pe_linsurf.full_image_array)
imshow(pe_linsurf.full_image_array[...,1])
13
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imshow(dpa2[...,1], cmap=mpl.cm.gray)
ax = gca()
ax.set_axis_off()
blah = ax.set_title("$R_{\infty}$ Pixels")

1.4.2

Alternate Deep Water Means

The same pixels selected in the first calculation of deep water means can be sampled from the surface corrected image to find the means of those same locations in the surface reflectance corrected
image.
In [35]: dp_mask = dpa[...,0].mask
dpa3 = mask3D_with_2D(pe_linsurf.full_image_array, dp_mask)
dwm3 = dpa3.reshape(-1,dpa3.shape[-1]).mean(0).data
dwm3
Out[35]: array([ 0.13431013, 0.10167445,
0.01046857])

0.05503177,

0.02904968,

In [36]: pdf_linsurf2 = pe_linsurf.linear_parameters(dwm3, g)
pdf_linsurf2
Out[36]:
427
478

Kg
0.212774
0.140388

K
0.100216
0.066122

nPix
629
633
14

0.01848486,
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546
608
659
724

0.200943
0.941915
1.151635
0.057107

0.094644
0.443640
0.542418
0.026897

633
620
276
106

In [37]: dfd = {'Curve Fit':paramdf,
'Linear Surf':pdf_linsurf,
'Linear Surf 2':pdf_linsurf2,
'Curve Fit Surf': pdf_surf}
pnl3 = pd.Panel(dfd)
allK3 = pnl3[:,:,'K']
The next figure shows that Ki estimates by the linear method for the surface reflectance corrected data diverge from the expected values considerably. The surface corrected curve fit estimates are all in the neighborhood of the Jerlov type II and III values. The first three bands of the
linear surface reflectance corrected estimates are also in this vicinity but bands 4 and 5 are much
higher. They are close to the values for Jurlov’s Coastal water type 9 (the most opaque water on
the scale).
The alternate method of finding deepwater means comes up with values closer to those of the
curve fit method but still not what would be expected.
In [38]: fig = jerlov_Kd_plot(allK3[:5], columns=allK3.columns[:5],
jerlov_legend=True, legend_loc='upper left')
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In [39]: dwm2 = pe_linsurf.deep_water_means()
The following plot demonstrates that R∞i values are similar between linear and curve fit methods but differ considerably when the surface reflectance correction is applied.
In [40]: # Construct a dataframe with Rinf values from panel
Rinfdf = pnl3[:,:,'Rinf'][:6]
# Add the deep water mean values to the Linear dataframe
Rinfdf['Linear'] = dwm[:6]
Rinfdf['Linear Surf'] = dwm2
Rinfdf['Linear Surf 2'] = dwm3
cols = ['Linear','Curve Fit','Linear Surf','Linear Surf 2',
'Curve Fit Surf']
ax = Rinfdf[cols].plot(kind='bar', figsize=(8,6),
title="$R_{\infty}$ and deep water means")
ax.set_xlabel("Wavelength ($nm$)")
blah = ax.set_ylabel("Reflectance")
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K from Secchi Depth According to (Gordon and Wouters, 1978), K465 can be estimated from
Secchi depth according to:
K=

n
ZD

with 1.4 < n < 1.7. So, based on a measured Secchi depth of 13 m, I can calculate a range of
estimated K465 values.
In [41]: print "K estimated to be between {:.3} and {:.3}.".format(1.4/13, 1.7/13)
K estimated to be between 0.108 and 0.131.

In [42]: pnl[:,[427,478],'K']
Out[42]:
427
478

Curve Fit
0.101502
0.073347

Linear
0.095409
0.091353

Linear DR
0.073918
0.064443

Given that the estimation technique was developed for offshore waters and that the Secchi
depth was not collected on the same day as image acquisition, I’d call that decent agreement.
Depth of Penetration According to (Gordon and McCluney, 1975) Z90 , the depth above which
90% of the diffusely reflected irradiance originates, can be caluculated as:
Z90 ≈

2.3
Kd

So, I can easily calculate the depth of penetration for the K values above.
In [43]: jdf = jerlov_Kd()
In [44]: pdf_surf['DoP'] = 2.3 / pdf_surf.K[:-1]
ax = pdf_surf.DoP.plot()
ax.scatter(pdf_surf.index, pdf_surf.DoP, color=cnames, zorder=5,
label='From Data')
ax.plot(jdf.index, 2.3/jdf.II, marker='d', label='Jerlov II',
alpha=0.5)
ax.plot(jdf.index, 2.3/jdf.III, marker='d', label='Jerlov III',
alpha=0.5)
ax.set_xlabel('Wavelength ($nm$)')
ax.set_ylabel('Depth ($m$)')
ax.set_xlim(400,700)
ax.legend(loc='best', fancybox=True)
blah = ax.set_title("Estimated Depth of Penetration")
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In [45]: allK
Out[45]:
427
478
546
608
659
724
833
949

Curve Fit
0.101502
0.073347
0.094023
0.224101
0.271899
0.084061
0.074476
0.089085

Linear
0.095409
0.091353
0.087059
0.075994
0.052993
0.031350
0.038099
0.038074

Linear DR
0.073918
0.064443
0.088505
0.224743
0.293337
0.076950
0.063757
0.063890

In [ ]:

18

Appendix D. Water Column Correction

157

Appendix D
Water Column Correction

1

Water Column Correction

This notebook will demonstrate how to use Python and the OpticalRS library to:
• Set land depths to 0 for KNN Depth Estimate
• Apply the Sagawa reflectance index
• Apply the Maritorena 94 retrieval
• Compare the results
In [1]: %load_ext autoreload
%autoreload 2
In [2]: %pylab inline
# style.use('ggplot')
import seaborn as sns
from OpticalRS import *
import pandas as pd
import geopandas as gpd
from scipy.stats import pearsonr, linregress
# Too many annoying deprication warnings that are beyond my control anyway
import warnings
warnings.filterwarnings("ignore")
Populating the interactive namespace from numpy and matplotlib
I needed to ensure that the knn depth estimate (which is actually just for a subset of the image
area) is perfectly aligned with the WV2 image. This GDAL Translate command almost gets it done
but the alignment is still slightly wrong.
gdal_translate -a_nodata -99 -projwin 297820.0 5987286.0 306012.0 5979094.0 -outsize 4096
4096 -of GTiff data/knn_depth_est.tif data/knn_depth_est_big_extent.tif
So, instead, I used the raster calculator in QGIS. I used gdal_info (via the
“Raster/Miscellaneous/Information” menu in QGIS) to find the extents and number of pixels
from the image (‘data/toaref.tif’). I opened the raster calculator, set the output file and then set
the extent and rows and columns to match then selected knn_depth_est.tif for the raster calculator expression. This results in a new raster with exactly the extents and resolution of the image
with values for the depths. Pixels without depths get the nodata value assigned.

1
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It’s also possible to use the gdalwarp (http://www.gdal.org/gdalwarp.html) command using the -tap option to do this. I think this is actually the best way to do it because
you can choose a better interpolation method than nearest neighbor, but the QGIS method works.
In [3]: # Set the filepaths for the TOA reflectance image
# and the corresponding depths
imfn = 'data/toaref.tif'
depthfn = 'data/knn_depth_est_big_extent.tif'
# Set the filepath for a shape file to clip the
# other data to
clipfn = 'data/clip.shp'
In [4]: # Create Raster Data Set objects
imrds = RasterDS(imfn)
deprds = RasterDS(depthfn)
# Create a geopandas geodataframe
gdf = gpd.read_file(clipfn)
In [5]: # Get the clip geometry and raster subsets
geom = gdf.geometry[0]
imarr = imrds.geometry_subset(geom)
darr = deprds.geometry_subset(geom).squeeze()
In [6]: # Read the parameters derived in the previous
# appendix
params = pd.read_pickle('data/curve_fit_param_df.pkl')

1.1 Sagawa et al. Method
Use the OpticalRS library to apply the Sagawa et al. 2010 bottom reflectance index method.
In [7]: Rinf = params.Rinf[:5].as_matrix()
Kg = params.Kg[:5].as_matrix()
sagarr = Sagawa2010.reflectance_index(imarr[...,:5], darr, Kg, Rinf)
Display the 2nd band of the resulting image.
In [8]: imshow(sagarr[...,1])
colorbar()
Out[8]: <matplotlib.colorbar.Colorbar at 0x7fc27ea1a350>
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Where Depth is Zero Calculated the differences between the Sagawa reflectance index and the
original TOA values where depth is zero. The differences are approximately the same as the R∞
values for each band.
In [9]: land = (darr==0)
imland = ArrayUtils.mask3D_with_2D(imarr, ~land)
sagland = ArrayUtils.mask3D_with_2D(sagarr, ~land)
sagimdiff = (imland[...,:5] - sagland)
Display the differences, followed by the R∞ values to show that they are nearly the same.
In [10]: sagimdiff.reshape(-1,5).mean(0).data, Rinf
Out[10]: (array([ 0.15201061,
array([ 0.15198198,

1.2

0.11825187,
0.1182386 ,

0.07389828,
0.07391103,

0.04840083,
0.04839978,

Maritorena et al. Method

Apply the M ar94 method described in Chapter 5 using the OpticalRS library.
3

0.0375366 ]),
0.03753584]))
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In [11]: mararr = AlbedoIndex.estAd(darr, imarr[...,:5], Rinf, Kg)
In [12]: imshow(mararr[...,1])
colorbar()
Out[12]: <matplotlib.colorbar.Colorbar at 0x7fc27c72dc50>

Where Depth is Zero In contrast to the Sagawa et al. method, there is no difference between
corrected and uncorrected values where the depth is zero for this method of water column correction.
In [13]: marland = ArrayUtils.mask3D_with_2D(mararr, ~land)
np.ma.equal(imland[...,:5], marland).all()
Out[13]: True
Create the figure used in Chapter 5:
In [14]: slp, intc, r, p, se = linregress(mararr.compressed(), sagarr.compressed())
print "Slope = {:.4f}, r^2 = {:.4f}".format(slp, r**2)
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Slope = 0.9993, rˆ2 = 0.9999
In [15]: figsize(5,5)
i = 1
scatter(mararr[...,i].ravel(), sagarr[...,i].ravel(),
edgecolor='none', alpha=0.8, marker='.', label="Reflectance")
ax = gca()
ax.set_aspect('equal')
ax.scatter(mararr[...,i].ravel(),
mararr[...,i].ravel() - sagarr[...,i].ravel(),
edgecolor='none', alpha=0.8, marker='.', c='gold',
label='$Mar94$ - $Sag10$', s=100)
ax.axhline(Rinf[i], label='$R_{{\infty {}}}$'.format(i+1), c='brown')
ax.set_xlabel("$Mar94$ ($\hat{{A_{}}}$)".format(i+1))
ax.set_ylabel("$Sag10$ ($RI_{}$)".format(i+1))
ax.set_title("Comparison of $Mar94$ & $Sag10$ WCC")
blah = ax.legend(loc='upper left', fancybox=True, framealpha=0.5)
tight_layout()
method_comp_fig = gcf()
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In [16]: # method_comp_fig.savefig('figures/wcc_method_comp.png', dpi=200)
Since
M ar94 = Sag10 + R∞
it follows that
M ar94 − Sag10 − R∞ = Error
The small amount of error found is likely due to the propagation of floating point precision in
the application of the calculations.
In [17]: errs = (mararr - sagarr).reshape(-1,5)[:,:5] - Rinf[:5]
print "Max error = {}".format(np.abs(errs).max())
hist(errs.compressed(), 200)
blah = gca().set_xlabel("Error")
Max error = 3.69349831651e-05

In [18]: errs.compressed().mean(), errs.compressed().std()
Out[18]: (-1.3435889713034401e-06, 4.7217489834725575e-06)
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Maximum absolute error in each band:
In [19]: np.ma.abs(errs).max(0).data
Out[19]: array([

1.2.1

1.57195616e-07,
6.14136479e-06,

4.26989114e-08,
3.69349832e-05])

1.20328849e-07,

Data Visualization

The following plots were produced to examine the spectral variability of uncorrected
and corrected images. In this notebook, they mostly serve to illustrate the use of the
MSDisplay.band_profile_display function included in OpticalRS.
rmean_win sets the number of points to be averaged for the trend lines. (s0, s1, etc.) define
the start and end points for the sand and kelp lines respectively.
In [20]: rmean_win = 50
s0, s1 = (10,500),(100,100)
k0, k1 = (184,443),(189,365)
In [21]: simgfig = MSDisplay.band_profile_display(np.clip(imarr[...,:5], 0, 1),
s0, s1, ylim=(0.0,0.2),
bandnames=Const.wv2_center_wavelength,
rolling_means=rmean_win, legend=False,
darr=None)

In [22]: kimgfig = MSDisplay.band_profile_display(np.clip(imarr[...,:5], 0, 1),
k0, k1, ylim=(0.0,0.2),
bandnames=Const.wv2_center_wavelength,
rolling_means=rmean_win, legend=False,
darr=None)
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In [23]: sandfig = MSDisplay.band_profile_display(mararr[...,:4],
s0, s1, ylim=(0.0,0.2),
n=2000,
bandnames=Const.wv2_center_wavelength,
rolling_means=200, darr=None)

In [24]: kelpfig = MSDisplay.band_profile_display(mararr[...,:5],
k0, k1, ylim=(0.0,0.2),
bandnames=Const.wv2_center_wavelength,
rolling_means=rmean_win, darr=None)

8
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1.3 Comparison Between Uncorrected Image and M ar94 WCC Image
Dataframes of pixel values and rolling means along the sampling lines are prepared for sand and
kelp.
In [21]: isdf = MSDisplay.values_along_line(imarr[...,:5],
s0, s1, darr=darr, n=1000,
bandnames=Const.wv2_center_wavelength)
isrmean = pd.rolling_mean(isdf, rmean_win, center=True)
ikdf = MSDisplay.values_along_line(imarr[...,:5],
k0, k1, darr=darr,
bandnames=Const.wv2_center_wavelength)
ikrmean = pd.rolling_mean(ikdf, rmean_win, center=True)
In [22]: sdf = MSDisplay.values_along_line(mararr[...,:5],
s0, s1, darr=darr, n=1000,
bandnames=Const.wv2_center_wavelength)
srmean = pd.rolling_mean(sdf, rmean_win, center=True)
kdf = MSDisplay.values_along_line(mararr[...,:5],
k0, k1, darr=darr,
bandnames=Const.wv2_center_wavelength)
krmean = pd.rolling_mean(kdf, rmean_win, center=True)
In [23]: cls = krmean.columns.difference(['bottom'])
wvls = [ np.int(wvl) for wvl in Const.wv2_center_wavelength[:5] ]
cnames = Const.cnames
In [24]: from pandas.tools.plotting import parallel_coordinates, \
radviz, andrews_curves
Dataframes need to be concatenated with an attribute for bottom type for easy comparison.
9
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In [25]: isrmean['bottom'] = 'Sand'
ikrmean['bottom'] = 'Kelp'
imgmeandf = pd.concat((isrmean, ikrmean))
isdf['bottom'] = 'Sand'
ikdf['bottom'] = 'Kelp'
imgdf = pd.concat((isdf,ikdf))
srmean['bottom'] = 'Sand'
krmean['bottom'] = 'Kelp'
wccmeandf = pd.concat((srmean, krmean))
sdf['bottom'] = 'Sand'
kdf['bottom'] = 'Kelp'
wccdf = pd.concat((sdf,kdf))
In [26]: imdisp = MSExposure.equalize_adapthist(imarr[...,(2,1,0)],
clip_limit=0.02)
mardisp = MSExposure.equalize_adapthist(
np.clip(mararr[...,:4], 0, 1)[...,(2,1,0)],
clip_limit=0.02)
In [27]: bpsd = RasterDS('data/BPS_adj_depth_raster_masked.tif')
bpsarr = bpsd.band_array.squeeze()
bpsarr.shape
Out[27]: (601, 345)
In [35]: imcomp_fig, axs = subplots(1, 2, sharey=True, figsize=(7,6.1))
ims = [imdisp, mardisp]
axtits = ["Uncorrected", "$Mar94$ Corrected"]
# ims = [imarr[...,(3,2,1)],mararr[...,(3,2,1)]]
for cnt, im in enumerate(ims):
ax = axs.ravel()[cnt]
ax.imshow(im)
#
ax.imshow(bpsarr)
ax.plot(*zip(s0, s1), c='gold', linewidth=2, label='Sand')
ax.plot(*zip(k0, k1), c='lightgreen', linewidth=3,
label='Kelp', linestyle='--')
ax.set_ylim(601,0)
ax.set_xlim(0,345)
ax.set_title(axtits[cnt])
ax.set_axis_off()
if cnt==0:
ax.legend(loc='upper right', frameon=True, fancybox=False,
framealpha=0.6) #, bbox_to_anchor=(1,0.87))
tight_layout()
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In [36]: # imcomp_fig.savefig('figures/wcc_imgcomp.png', dpi=300)
In [34]: from statsmodels.nonparametric.smoothers_lowess import lowess
In [76]: parallel_fig, axs = subplots(1, 2, sharey=True, figsize=(10,5))
dfs = [imgdf, wccdf] #[imgmeandf, wccmeandf]
axtits = ["Uncorrected", "$Mar94$ Corrected"]
for cnt, df in enumerate(dfs):
ax = axs.ravel()[cnt]
parallel_coordinates(df[df.bottom=='Sand'],
'bottom', alpha=0.025, ax=ax)
parallel_coordinates(df[df.bottom=='Kelp'],
'bottom', alpha=0.025, ax=ax,
c='green', linestyle='--')
patches, labels = ax.get_legend_handles_labels()
for p in patches:
p.set_alpha(1.0)
11
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ax.set_ylim(0,0.2)
ax.legend(patches, labels, fancybox=True, framealpha=0.5)
ax.set_title(axtits[cnt])
ax.set_xlabel('Wavelength ($nm$)')
if cnt < 1:
blah = ax.set_ylabel('TOA Reflectance')
tight_layout()

In [77]: # parallel_fig.savefig('figures/wcc_parallel.png', dpi=200)
In [71]: df1, df2 = imgdf[imgdf.bottom=='Sand'], wccdf[wccdf.bottom=='Sand']
cfig, axs = subplots(5, 2, sharex=True, figsize=(10,12))
for cnt, bnd in enumerate(cls):
ax1, ax2 = axs[cnt,:]
maxdepth = 12
dfdr1 = df1[df1.index<maxdepth]
dfdr2 = df2[df2.index<maxdepth]
r1 = pearsonr(df1.index, df1[bnd])[0]
r2 = pearsonr(df2.index, df2[bnd])[0]
ax1.set_title("Uncorrected, $r^2 =\, {:.3f}$".format(r1**2))
ax2.set_title("$Mar94$ Corrected, $r^2 =\, {:.3f}$".format(r2**2))
ax1.scatter(df1.index, (df1[bnd]), edgecolor='none',
alpha=0.2, c=cnames[cnt])
ax2.scatter(df2.index, (df2[bnd]), edgecolor='none',
alpha=0.2, c=cnames[cnt], label=None)
Acalc = dfdr2[bnd].mean()
ax1.axhline(Acalc, xmax=maxdepth/18.0, c=cnames[cnt])
ax2.axhline(Acalc, xmax=maxdepth/18.0, c=cnames[cnt],
label="${}nm$ Mean $\hat{{A}}$".format(bnd))
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ax2.legend(loc="upper left")
pd.rolling_std(df2[cls][bnd], 100, center=True).plot(ax=ax2, secondary_y=True)
ax1.set_ylabel("${}nm$ Reflectance".format(bnd))
if bnd == cls[-1]:
ax1.set_xlabel("Depth (m)")
ax2.set_xlabel("Depth (m)")
tight_layout()
#
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In [72]: # cfig.savefig('figures/wcc_correlations.png', dpi=300)

In [44]: for cnt, bnd in enumerate(cls):
lrr_uncor = linregress(df1.index, df1[bnd])
lrr_cor = linregress(df2.index, df2[bnd])
print "{}nm: Uncorrected p={:.5f}, Corrected p={:.5f}".format(bnd, lrr_uncor[3]
427nm:
478nm:
546nm:
608nm:
659nm:

Uncorrected
Uncorrected
Uncorrected
Uncorrected
Uncorrected

p=0.00000,
p=0.00000,
p=0.00000,
p=0.00000,
p=0.00000,

Corrected
Corrected
Corrected
Corrected
Corrected

p=0.00624
p=0.33660
p=0.00000
p=0.31270
p=0.04960

In [149]: depthsfig2, axs = subplots(5, 2, sharex=True, figsize=(10,12))
botts = ['Sand', 'Kelp']
for bott in botts:
df1, df2 = imgdf[imgdf.bottom==bott], wccdf[wccdf.bottom==bott]
if bott == 'Sand':
lnst = '-'
mrkr = u'.'
else:
lnst = '--'
mrkr = '+'
sz = 40
for cnt, bnd in enumerate(cls):
ax1, ax2 = axs[cnt,:]
maxdepth = 12
dfdr1 = df1[df1.index<maxdepth]
dfdr2 = df2[df2.index<maxdepth]
#
r1 = pearsonr(df1.index, df1[bnd])[0]
#
r2 = pearsonr(df2.index, df2[bnd])[0]
ax1.set_title("Uncorrected")
ax2.set_title("$Mar94$ Corrected")
ax1.scatter(df1.index, (df1[bnd]), edgecolor='none', s=sz,
alpha=0.1, c=cn2[cnt], marker=mrkr, label=None)
# add to legend with 1.0 alpha
ax1.scatter(np.nan, np.nan, edgecolor='none',
alpha=1.0, c=cn2[cnt], marker=mrkr, label=bott)
ax2.scatter(df2.index, (df2[bnd]), edgecolor='none', s=sz,
alpha=0.1, c=cn2[cnt], marker=mrkr)
#
Acalc = dfdr2[bnd].mean()
smth1 = lowess(df1[bnd], df1.index, frac=0.3)
smth2 = lowess(df2[bnd], df2.index, frac=0.3)
ax1.plot(smth1[:,0], smth1[:,1], c=cnames[cnt], linestyle=lnst)
ax2.plot(smth2[:,0], smth2[:,1], c=cnames[cnt], linestyle=lnst)
ylim = np.array(ax1.get_ylim())
ax1.set_ylim(ylim + [0, 0.02])
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ax2.set_ylim(ylim + [0, 0.02])
ax1.axhline(Acalc, xmax=maxdepth/18.0, c=cnames[cnt],
linestyle=lnst)
ax2.axhline(Acalc, xmax=maxdepth/18.0, c=cnames[cnt],
label="${}nm$ Mean $\hat{{A}}$".format(bnd),
linestyle=lnst)
ax2.legend(loc="upper left")
#
pd.rolling_std(df2[cls][bnd], 100, center=True).plot(ax=ax2, secondary_y=True)
ax1.set_ylabel("${}nm$ Reflectance".format(bnd))
if bnd == cls[-1]:
ax1.set_xlabel("Depth (m)")
ax2.set_xlabel("Depth (m)")
sandline = plt.Line2D((0,1),(0,0), color=cnames[cnt], linestyle='-')
kelpline = plt.Line2D((0,1),(0,0), color=cnames[cnt], linestyle='--')
#
sandpnt = plt.scatter(np.nan, np.nan, c=cn2[cnt], marker=mrkr, label=bott)
#
kelppnt = plt.scatter(np.nan, np.nan, c=cn2[cnt], marker=mrkr, label=bott)
leglines = [sandline, kelpline]
hndls, lbls = ax1.get_legend_handles_labels()
#
for h in hndls:
#
h.set_alpha(1.0)
ax1.legend(hndls + leglines, lbls + bots,
loc='upper right', markerscale=8,
fancybox=True, framealpha=0.8)
tight_layout()
#
#
#
#
#
#
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In [150]: # depthsfig2.savefig('figures/wcc_depths.png', dpi=200)
In [ ]:
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In [1]: %pylab inline
style.use('ggplot')
from OpticalRS import *
Populating the interactive namespace from numpy and matplotlib

1

Chapter 6 Appendix

This document covers all the steps required to transform a standard level WorldView-2 image into
a water column corrected TOA reflectance image suitable for classification. While the previous
appendices focus on more exhaustive treatments of individual steps, this appendix strings all the
steps together as a sort of minimum working example of how to use OpticalRS to go from an
image and a BPS data set to a water column corrected image that’s ready for classification.

1.1 Image Preprocessing
Before proceeding with depth estimation, parameter estimation, and water column correction.
The following preprocessing steps are required.
1.1.1 Conversion from DN to TOA Reflectance
The OpticalRS.WV2RadiometricCorrection module can be used to convert DN values to
top-of-atmosphere reflectance (or radiance). This code can also be run from the command line.
See the docstrings in the code for more information.
In [2]: original_fp = '../data/14JAN18223447-M2AS_R1C1-053618191020_01_P001.TIF'
xml_fp = '../data/14JAN18223447-M2AS-053618191020_01_P001.XML'
out_fp = '/tmp/data/toaref.tif'
In [3]: %%time
WV2RadiometricCorrection.output_toa_reflectance(original_fp, out_fp,
xml_fp)
CPU times: user 4.03 s, sys: 8.71 s, total: 12.7 s
Wall time: 52.8 s
In [4]: # load TOA output in an OpticalRS Raster Data Set object
toa_rds = RasterDS(out_fp)
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Land Masking

To mask the land, we need to pick a threshold for the longest wavelength band (NIR2). Long
wavelengths reflect much more strongly from land than from water. When we look at the histogram of reflectance in this band, we can see a big spike of very low reflectance for pixels over
water and a much more broad lump of higher (and more variable) reflectance from pixels over
land. We need to pick a threshold just above the spike.
In [5]: # Get a numpy array of pixel values
barr = toa_rds.band_array
In [6]: fig, (ax1,ax2) = subplots(1, 2, figsize=(12,4))
# Plot the full histogram of pixel reflectance
blah = ax1.hist(barr[...,-1].compressed(), 256)
ax1.set_title("Full Histogram")
# Plot it again but zoom in
blah = ax2.hist(barr[...,-1].compressed(), 256)
ax2.set_xlim(0.0,0.3)
ax2.set_ylim(0,10e4)
ax2.axvline(x=0.05)
blahblah = ax2.set_title("Zoomed In")

So a visual inspection of reflectance values would suggest that a threshold of around 0.05 might
work.
In [7]: %%time
masked = LandMasking.mask_land(barr, nir_threshold=0.05)
CPU times: user 2.12 s, sys: 572 ms, total: 2.69 s
Wall time: 2.69 s

Display (one band of) the original and the masked image. The water will appear opaque
because the band being displayed is the WorldView-2 Red Edge band. It’s center wavelength is
724 nm so it is essentially opaque.
2
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In [8]: fig, (ax1,ax2) = subplots(1, 2, figsize=(12,6))
ax1.imshow(barr[...,5], cmap=mpl.cm.gray)
ax1.set_title("Before Masking")
ax1.set_axis_off()
ax2.imshow(masked[...,5], cmap=mpl.cm.gray)
ax2.set_title("After Masking")
ax2.set_axis_off()

Save the masked array as a GeoTiff:
In [9]: masked_fn = '/tmp/data/toaref_masked.tif'
masked.set_fill_value(2.0)
masked_rds = toa_rds.new_image_from_array(masked, masked_fn,
dtype=GDT_Float32)
1.1.3

Image Denoising

Denoising can reduce pixel variation and make the job of the KNN depth estimator a little easier.
We will use the denoise_bilateral function from scikit-image. This will be applied individually to each image band as though it were a single band grey scale image.
In [10]: from skimage.restoration import denoise_bilateral
In [ ]: %%time
denoisedfp = '/tmp/data/toaref_denoised.tif'
denoised = ArrayUtils.each_band(np.clip(masked, 0, 1), denoise_bilateral,
multichannel=False)
In [12]: denords = masked_rds.new_image_from_array(denoised, denoisedfp,
dtype=GDT_Float32,
no_data_value=0.0)
3
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1.2 BPS Preprocessing
I need to make sure I’ve dumped values with suspect depths. Some photos were taken well off
the bottom (or occasionally at the surface). These will not have been asigned habitat values so I
can cull the bad ones by dumping the ones without habitats. I also need to dump any points that
don’t have a tide adjusted depth value (‘adj_depth’).
In [14]: gts = GroundTruthShp.GroundTruthShapefile('../data/bps_32760.shp')
gdf = gts.geo_data_frame.dropna(subset=['habitat','adj_depth'])
I’ll see how many rows got dropped:
In [15]: filtcnt, allcnt = gdf.shape[0], gts.geo_data_frame.shape[0]
print "It looks like we went from {} rows to {} rows so we " +\
"dropped {} dodgy points."\
.format(allcnt, filtcnt, allcnt-filtcnt)
It looks like we went from 1994 rows to 1897 rows so we dropped 97 dodgy points.

In [16]: filt_fp = '/tmp/data/bps_32760_nullhabdrop.shp'
gdf.to_file(filt_fp)
fgts = GroundTruthShp.GroundTruthShapefile(filt_fp)
1.2.1

Tide at Image Acquisition Time

The adj_depth field contains depths that are adjusted to chart datum. I need depths at time of
image acquisition. I will want to add a field to the shapefile that has the tide at image acquisition
time. The acquisition time is lisited in the .imd file as 2014-01-18T22:34:47.292039Z.
In [21]: # This imports code I wrote to adjust tides. Right now,
# it only works for sites in New Zealand though it could
# be adapted to work elsewhere.
from tide_correct.tide_correct import tide_adjustment
# python date parser and time zone library
from dateutil.parser import parse
import pytz
In [26]: tide_df = pd.read_pickle('../../tide_correct/data/LeighTides.pkl')
imacq = parse('2014-01-18T22:34:47.292039Z')
loctime = imacq.astimezone( pytz.timezone('Pacific/Auckland') )
loctime.replace(tzinfo=None)
adjustment = tide_adjustment(loctime.replace(tzinfo=None),tide_df)
print adjustment
2.33609424673

This will add a img_depth column to the shapefile with the depth at image acquisition time.
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In [23]: if 'img_depth' not in fgts.geo_data_frame.columns:
print "Adding image depth column."
fgdf = fgts.geo_data_frame.copy()
fgdf['img_depth'] = fgdf.adj_depth + adjustment
fp = fgts.file_path
fgdf.to_file(fp)
fgts = None
fgts = GroundTruthShp.GroundTruthShapefile(fp)
else:
print "The column has already been added."
Adding image depth column.

1.2.2

Rasterize Known Depths

The KNN Depth estimation requires known depths in raster format so I will generate a raster from
the filtered BPS points. Using the WV2 image as a template, the rasterize method will produce a
raster with the same resolution and extent so that the depth pixels will line up correctly with the
image pixels.
Note: When more than one point falls on the same pixel, the value for the last is used arbitrarily. It would be better if depths were averaged in that case, but that would require a lot of recoding
to use gdal_grid instead of gdal_rasterize and would probably run slower as well.
In [24]: routfp = '/tmp/data/bps_adj_depth_rast.tif'
bps_dep_rds = fgts.rasterize(buffer_radius=None, raster_template=denords,
value_field='img_depth',
float_values=True, out_file_path=routfp)
The rasterized depths aren’t masked so I’ll mask them here.
In [25]: bpsarr = np.ma.masked_equal(bps_dep_rds.band_array, 0.0)
In [27]: maskedoutfp = '/tmp/data/bps_adj_depth_masked.tif'
maskedbpsrds = bps_dep_rds.new_image_from_array(bpsarr, maskedoutfp,)

1.3

KNN Depth Estimation

In [28]: de = DepthEstimator(denoised, bpsarr)
In [29]: %%time
knndepths = de.knn_depth_estimation(k=5, weights='distance', p=4,
n_jobs=4)
CPU times: user 16min 38s, sys: 3.89 s, total: 16min 42s
Wall time: 4min 51s
In [31]: knndfn = '/tmp/data/knn_depth_est_Leigh.tif'
derds = maskedbpsrds.new_image_from_array(knndepths, knndfn,
dtype=GDT_Float32,
no_data_value=0.0)
5
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1.4 Parameter Estimation
In [46]: from OpticalRS.ParameterEstimator import ParameterEstimator,\
geometric_factor_from_imd, jerlov_Kd_plot
In [47]: # This is the path to the image metadata xml file
imdfn = '../data/14JAN18223447-M2AS-053618191020_01_P001.XML'
g = geometric_factor_from_imd(imdfn)
print "g = {:.3f}".format(g)
g = 2.123

In [48]: # This is a shapefile containing a single polygon
# that delineates an area with varying depth and
# a relatively uniform sandy bottom
shpfn = '../data/more_sand.shp'
In [51]: pe = ParameterEstimator(masked_rds, derds, shpfn)
In [52]: cf_fig = pe.curve_fit_plots()

In [53]: paramdf = pe.curve_fit_parameters(g)
paramdf
Out[53]:
427

Rinf
0.152266

Ad
0.189753

Kg
0.259719
6

K
0.122327
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478
546
608
659
724
833
949

0.120226
0.075352
0.048412
0.037546
0.030720
0.023470
0.017078

0.186866
0.184857
0.182759
0.148628
0.039912
0.035795
0.029186

0.208824
0.254239
0.548758
0.673251
0.251630
0.221077
0.252564

179

0.098356
0.119746
0.258464
0.317100
0.118517
0.104127
0.118957

1.5 Water Column Correction
In [54]: Rinf = paramdf.Rinf.as_matrix()
Kg = paramdf.Kg.as_matrix()
In [56]: %%time
mararr = AlbedoIndex.estAd(knndepths, masked[...,:5], Rinf, Kg)
CPU times: user 9.44 s, sys: 11.4 s, total: 20.9 s
Wall time: 53.8 s

This output is the water column corrected image, ready to be classified into a habitat map.
In [58]: wccfn = '/tmp/data/LeighMar94WCC.tif'
masked_rds.new_image_from_array(mararr, wccfn, dtype=GDT_Float32,
no_data_value=-99.0)
Out[58]: <OpticalRS.RasterDS.RasterDS at 0x7fb3088ce8d0>

7

