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5.1 Introduction 

The discrimination of submerged aquatic vegetation (SAV) through the use of optical 

remote sensing often forms the primary basis for mapping and monitoring habitats in the 

shallow marine water environment. While significant progress is being made with 

discriminating SAV in imagery produced by multi-spectral and hyper-spectral sensors (see 

Chapter 2 and references within), a large number of resource management agencies still use 

aerial photography as their primary source of optical remote sensing due to its practical 

utility, ready availability and simplicity (e.g., Thomas et al., 1999; Kendrick et al., 2000; 

Kendrick et al., 2002; Orth et al., 2004; Lathrop et al., 2004). Please refer to Chapter 1 and 

Chapter 2 for a detailed rationale of why it is important to improve the quality of SAV 

habitat mapping from aerial photography.  

Methods for discrimination of SAV in aerial photographs have evolved in an environment 

of limited spectral and radiometric resolutions, with the primary method relying on a 

contrast threshold between the (usually) darker vegetated bottom and a brighter adjacent 

substrate – typically sand (Finkbeiner et al., 2001). The delineation of boundaries around 

dark patches of SAV visible in a photograph is conducted in a number of ways, either 

directly with tracing films or digitising tablets, or on screen with a scanned image 

(Lillesand and Kiefer, 2000). This method has limited most practical applications to simple 

presence/absence maps of SAV without distinction between vegetation species, epiphyte 
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abundance or SAV density (Ferguson and Wood, 1993, Robbins, 1997; Pasqualini et al., 

1998; Kendrick et al., 2000; Calvo et al., 2003; Agostini et al., 2003; Waddington and Hart, 

2003; Davies et al., 2001). Furthermore, in areas with poor contrast between the SAV and 

the surrounding substrate, boundaries are difficult to determine (see Chapter 4 for a detailed 

study). While, these approaches are primarily dependent on contrast in the image to 

differentiate SAV from areas of substrate, use can be made of the spectral, radiometric and 

textural information available in the scene in a subjective manner. However, there is not 

necessarily good agreement between different operators (e.g., Ekebom and Erkkila, 2003; 

Meehan et al., 2005).  

However, some progress has been made. For example, Kendrick et al. (2000) applied a 

semi-automated thresholding technique based on local moving windows defined by 

quadtrees. The results were at least as good as manual digitising, with advantages of 

repeatability and increased precision in boundary delineation and less smoothing in patchy 

areas. Progress has also been made in the use of the spectral and radiometric information 

available in aerial photography. Chauvard et al. (1998) and Beanish et al. (2002) both 

report high overall accuracies (86% and 90%, respectively) when distinguishing four 

classes of seagrass density, though Chauvard et al. (1998) do not adequately document the 

methodology for defining the density parameter. Lathrop et al. (2004) used multi-scale 

image segmentation followed by object-oriented image classification, which made use of 

spectral and radiometric variance to create a hierarchy of homogenous image objects 

(polygons). They discriminated three levels of seagrass density – sparse, moderate and 

dense – from digital aerial photography with 1 m ground pixels and achieved an overall 

map accuracy of 68.2% (Kappa statistic of 56.5%). They were unable to create a 

“universal” rule-based classification that could be applied to all the images due to 

variability in image quality. 

Generally, while more objective remote sensing techniques are rapidly developing for 

multispectral and hyperspectral imagery (e.g., Dekker, Anstee et al., 2005; Karpouzli et al., 

2004; Anstee et al., 2004), few researchers are applying the new understandings to the 

coarser and less precise spectral and radiometric information available in aerial 

photographs. Four such techniques are applied to digital aerial photography in the current 

study, focussing primarily on the spectral and radiometric content – depth corrections, band 

ratios, modelled prediction surfaces and image classification. 

The first technique, depth correction, is drawn from one of the areas of greatest interest 

and research effort in general remote sensing of the shallow marine waters – the 

development of algorithms that account for the absorption and scattering that takes place in 
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the water column (Mobley, 1994; Dekker et al., 2001). Complex biooptical models now 

exist, including those implemented in software such as Hydrolight (Mobley and Sundman, 

2000), that can decompose the apparent and inherent optical properties of the water column 

into their separate constituents and thus enable both maps of the constituents to be derived 

as well as the extraction of the upwelling bottom reflectance signal. Malthus and Karpouzli 

(2003) applied a simpler empirical approach to obtaining bottom reflectance in Eriskay 

Sound using the depth correction algorithm of Bierwirth et al. (1993). The method requires 

the field collection of enough in situ spectral signatures across the imaged area to determine 

the range and location of downwelling attenuation coefficient (Kd) variability in the imagery 

(i.e., turbid versus clear regions). Ideally, the signatures need to be collected at the time of 

image capture if they are to accurately measure the water column characteristics present in 

the imagery (Jensen, 2005). Another depth correction method, which is easier to apply, but 

is more likely to fail due to the simplified assumptions that underpin the method, is that of a 

model that fits depth to pixel brightness for a given bottom type (Chavez et al., 2000). 

While the method depends on the availability of a depth estimate at every pixel (DEM), this 

requirement is more commonly met in recent times.  

Secondly, band ratios are often used in remote sensing to overcome problems caused by 

high variability in absolute DN values (i.e., the digital number of the pixel at the sensor, 

also known as “brightness value” (BV) or “pixel value” (PV) (Jensen, 2005)) for similar 

land cover types caused by effects such as shadowing or topography (Lillesand and Kiefer, 

2000; Jensen, 2005). Aerial photography is subject to a range of such effects including 

bidirectional reflectance effects, depth and variable water column attenuation (see Chapter 

2 for more details). Care needs to be taken when applying band ratios in the marine 

environment, as many of the factors causing variability in absolute DN values are non-

linear and additive or subtractive effects (e.g. scattering and absorption effects) whereas 

band ratios are particularly good at dealing with linear multiplicative effects. These effects 

will create greater limitations when applying the ratio technique across images and on 

repeated dates. 

Thirdly, an area of remote sensing that is not regularly applied to aerial photography is the 

creation of prediction surfaces based on empirical relationships that are modelled between 

remotely sensed imagery and field-measured variables such as vegetation density or 

epiphyte abundance. This approach is often applied to multispectral and hyperspectral 

imagery to create continuous field models of, for example, chlorophyll, euphotic depth or 

turbidity (Kutser et al., 1995; Urbanski, 1999; Urbanski and Szymelfenig, 2003). Mumby et 
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al. (1997) applied these techniques in shallow marine waters to derive seagrass standing 

crop and coral reef health from multispectral imagery. 

Fourthly, the standard remote sensing image processing approach of image classification 

has been applied to aerial photography in the marine environment (e.g., Pasqualini, 1998; 

Chauvard et al., 1998; Pasqualini et al., 1999, 2001; Beanish et al., 2002; Agostini et al., 

2003; Calvo et al., 2003), but mixed progress is reported due to the problems encountered 

with the quality of spectral and radiometric information in photographic images. These 

problems have their genesis in the sensor characteristics and the environmental conditions 

at the time of image capture (Tuominen and Pekkarinen, 2005). The sensor characteristics 

of natural colour aerial photography usually consist of three broad spectral bands sensitive 

to the red, green and blue wavelengths, which are captured simultaneously. Currently, 

digital sensors used for aerial photography, particularly small format aerial photography, 

capture and store 8 bits (256 radiometric levels) per band. Both the spectral range of the 

bands and the limited radiometric resolutions limit the discriminating power of these types 

of sensors. Environmental conditions (discussed in detail in Chapter 2) produce a net effect 

of strong, though variable, light attenuation with increasing depth and decreasing water 

clarity that is different for each spectral band. It is difficult to obtain images with identical 

radiometric and spectral responses for adjacent target areas or even overlapping areas 

captured on the same flight run because of rapidly changing environmental conditions (e.g., 

Lathrop et al., 2004). Fluctuating wind speeds, wave conditions, sun angles, cloudiness and 

tides are the major environmental contributors while the bi-directional reflectance 

distribution function (BRDF) and lens vignetting affect illumination levels across an 

individual image (Schowengerdt, 1997). Changes in the target illumination levels with each 

image composition will also change the sensor exposure settings unless the settings are 

fixed. All of these factors produce variable radiometric and spectral responses, which can 

be readily observed in most image mosaics.  

Because the variability of the image quality so strongly influences the accuracy and 

reliability of any method used to discriminate SAV, the study presented in this chapter has 

sought to reduce the influence of some of these factors by applying the more precise image 

capture methods developed and identified in previous chapters (see Chapter 2 and Chapter 

3 for details). The study also responds to a call by Malthus and Mumby (2003) for 

increased application of depth correction methods and for further work on distinguishing 

SAV characteristics, especially including vegetation density and epiphytic algal 

abundances. Specifically, the aim is to determine what level of SAV discrimination is 

obtained if image quality is improved by both optimal image capture methods and the 
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application of radiometric corrections to each aerial photograph band to account for light 

attenuation due to the water column (depth correction). Detailed comparisons are made 

between depth corrected and uncorrected images of measurements of seagrass density and 

epiphyte abundance. The spatial scale at which the analyses are conducted is also explicitly 

noted. Maximum information retention is achieved with the creation of maps presenting the 

desired characteristics (SAV density and epiphyte abundance) with continuous variables. 

Efforts are made to achieve this goal through the application of prediction surfaces created 

by forming relationships (fitting models) between the image pixel brightness values and 

training data from known locations.  While continuous variables form an optimal solution, 

in a complex environment such as shallow water habitat mapping, experience suggests that 

a backup approach is advisable. In this study, image classifiers form a second string to the 

analysis. Image classification techniques produce classed maps and the specific aim is to 

establish the degree of discrimination possible for SAV density and epiphyte abundance. 

In summary, the aims of this chapter are: 

• Optimally, to establish the feasibility of using prediction surfaces based on the 

spectral content of digital aerial photographs to produce continuous surfaces of 

SAV density and epiphyte abundance, both with and without image depth 

corrections. This aim includes: 

o Establishing a relationship between co-located spectral image data and data 

collected in the field of SAV density and epiphyte abundance (diver 

observations),  

o Applying the relationship across the image to generate a prediction surface, 

and 

o Validating the prediction surfaces with independent reference data (benthic 

video), 

• Secondly, to apply spectrally-based image classifiers to establish the degree of 

discrimination that can be achieved for classes of SAV density and epiphyte 

abundance, both with and without depth corrections to digital aerial photographs. 

This aim includes: 

o Establishing image classification training signatures based on SAV and 

epiphyte abundance field observations (diver and other field observations), 

o Using the signatures to train two types of image classifiers – maximum 

likelihood  (ML) and supervised visual fuzzy c-means (SVFCM), 

o Testing for the optimal number of classes for each variable of interest,  

Chapter 5 
 

82



 

o Validating the classifications with accuracy assessments (benthic video), 

and 

o Comparing the results of classifications. 

5.2 Imagery and field data preparation methods 

5.2.1 Study site and aerial surveys 

The study area is as for Chapter 4 and as described in the Introduction (see Section 1.1). 

Small-format aerial photography was collected in austral spring (10/11/2003) over the 

shallow waters of the western side of North West Bay with a digital SLR camera (Canon 

EOS D30), at 1:38,100 scale (0.3 m ground pixel). There was ~15% cloud cover, low haze 

(10-15 km horizontal visibility) and wind speeds were less than 2.5 m s-1 (5 knots). Typical 

Secchi disk depths (Zsd) were ~7 m and sun angles were between 20-35°. Ground control 

consisted of anchored floating tarpaulins and buoys as well as geographically stable objects, 

such as jetty corners, positioned within 3-5 m (see section 2.3.2.4 for details). Two seagrass 

species were present, with the dominant species – Heterozostera tasmanica – forming 

fringing beds around the bay, and Halophila australis occasionally growing along the 

shallower or deeper edges of the H. tasmanica beds. 

5.2.2 Field surveys 

Field surveys were started on the same day as image acquisition and completed within a 

few weeks. They included repeat visits to fixed 100 m (in length) dive transects, boat-towed 

video transects, and diver video transects (see Figure 5-1). The reason for synchronising the 

field and image collection is to minimise the likelihood of change in the physical 

environment between sampling surveys. The field surveys are required to obtain two 

primary sets of data: training data (for establishing prediction surface equations and 

developing classifier signatures) and a separate independent reference data set (for 

validation purposes). The training data consists of, diver quadrat observations of seagrass 

characteristics and epiphyte abundances, multiple levels of spatially located photographs, 

and direct field observations. The independent reference data consists of downward-

looking benthic video transects. 

The depth range sampled was 0.5-8 m, though most samples were obtained in depths <4 m.  

Diver observations were based on 0.25 m2 quadrats with 4 adjacent replicates (that is, 1 m2) 

at each 10 m interval along fixed 100 m transect lines (Note: this quadrat size corresponds 
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to about 16 image pixels). In situ observations were made of seagrass species; seagrass 

 

Figure 5-1. An illustration of data capture techniques including quadrat-based dive transects between buoyed 
end markers, digital aerial photography, benthic video and Secchi disk readings. The habitat types shown are 
reef, sand and seagrass, including epiphytes. The low sun illustrates the method used to avoid sun glitter. A 
Differential Global Positioning System and acoustic single beam sounder were also deployed on the boat. 

percent canopy cover (in 10% classes), seagrass blade length (mm) and epiphyte abundance 

(ranking 1 to 5). The boat-towed video transects traversed from shallow water to beyond the 

deepest edges of the seagrass beds and were designed to cross seagrass beds. Benthic video 

footage was collected using a submersible single CCD digital video camera with images 

recorded on deck via an umbilical cable with a digital camera. The underwater camera was 

downward looking and the camera frame was suspended approximately 1 m from the sea 

floor. A winch operator on deck maintained it at this height by viewing the live video 

footage, giving a field of view (FOV) that varied between 0.5 to 2 m wide. Tow speed was 

kept to less than 0.5 m s-1 (~1 knot) to maintain the camera position below the GPS antenna. 

A single frequency Garmin Map 135 GPS was used with a Landstar differential unit 

providing real-time corrections. Estimated horizontal positional error of the video was 3-

5 m 90% of the time. Location, time, date and water depth were overlayed onto the video 

from the integrated GPS/Acoustic Sounder unit. Secchi disk depths (Zsd) and turbidity 

readings (NTUs) were obtained from sampling stations throughout the bay, close to the 

time of image capture. A DEM was interpolated with the natural neighbours algorithm 

(Sibson, 1981; Sambridge et al., 1995) from the tidally-corrected single beam echo-sounder 

data (For the tidal correction methods, please see both Appendix 5 Tidal correction for 

single beam soundings and Appendix 6 SEAMAP Tasmania JMP (SAS) tidal correction 

formula template). The resulting DEM depths are estimated to be accurate to within 0.5 m 
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where there is good coverage of soundings, though larger errors are present where depth 

changed rapidly or at the edges of the DEM. The accuracy estimates were generated 

through cross-referencing by repeat visits to the same locations on different dates.  

Considerable effort was made to match the position of the field-collected data to its position 

in the imagery. Bright markers, visible in the aerial imagery, were placed at the end of each 

fixed transect for the final flight. Also, many images were collected from both below the 

water and from the boat deck to assist with matching patches of sand or seagrass in each of 

the collected data sets. The method consists of identifying a series of matching objects in 

each data set, such as seagrass bed boundaries, and applying geometric translations to 

ensure consistent co-location (e.g., Thomson et al., 2003). Further quantification of the 

error is provided and discussed in the accuracy assessment methods section (5.3.2.2) 

5.2.3 Image pre-processing methods 

Lens distortions were removed from the small-format imagery using the method outlined in 

Chapter 2. A relief displacement correction that included the effects of refraction was 

applied using RDCorr (Morffew, 2003), as up to 4 m inward radial displacement was 

estimated for the edges of the images (See Chapter 2, section 2.3.3.2 for more details). 

Georeferencing was done with an affine transformation once lens and relief displacement 

were removed. An average RMS value of 1.2 pixels (~ 0.33 m) was achieved with the 2D 

affine transformation using at least 8 ground control points, though absolute positioning 

was subject to error as a result of difficulties in obtaining ground control that was 

distributed around the image edges and had positional error of less than 3-5 m. The primary 

contribution to this absolute error came from the DGPS, which has an estimated 3-5 m 

horizontal error due to the distance of ~350 km to the nearest base station at Cape Schank in 

Victoria.  

To account for atmospheric path radiance and water surface skylight reflection effects (See 

Section 2.3.3 for a detailed discussion), a simple dark subtraction method was applied based 

on average values over optically deep water (Mumby et al., 1998; Chapter 2). A depth 

correction was also applied as detailed in the following subsection.  

5.2.3.1 Depth Correction 

To moderate the effects of light attenuation by the water column, two depth correction 

methods were trialed; firstly, Lyzenga’s (1978, 1981) depth invariant method and, 

secondly, one based on a model fitted to the decay in image pixel brightness values with 

increasing depth (i.e., pixel brightness = f(depth)), with depth sourced from a digital 
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elevation model (DEM). These two approaches were selected following the detailed 

discussion of methods in Chapter 2. The more accurate methods of Bierwirth et al. (1993), 

Jupp et al. (1985, 1988), Tassan (1996) and Hedley and Mumby (2003) could not be 

applied as spectral readings collected with spectroradiometers in the field at the time of 

image capture were not available due to logistical problems. The data requirements for the 

depth invariant method were met (i.e., multiple image bands and a DEM) and the method 

described by Mumby et al. (1998) was used based on the following equation (adapted from 

Lyzenga, 1981): 

 Depth invariant bandij = ln(Li) – [(ki/kj) ln(Lj)]  (5-1) 

where:  

Li and Lj are the atmospherically corrected surface reflectances for the ith and jth bands 

(e.g., the red and green bands); and 

ki/kj is the ratio of the attenuation coefficients for the ith and jth bands, which can be 

obtained from the slope of scatterplots of the natural logarithm of each of the two bands for 

each substrate type.  

Lyzenga’s model assumes that light is attenuated at an exponential rate with depth (that is, 

according to Beer’s Law of Logarithmic Decay) and that the intercept of the curve fitted to 

each substrate type in the scatterplot represents that substrate’s reflectivity over its entire 

depth range. Once the slope is established for each of the substrates, the equation is then 

applied to every pixel in the image to produce an intercept, or depth invariant, band. 

However the method was abandoned after a short time for a number of reasons and is only 

briefly mentioned here to support the principle of reporting negative results. Firstly, as the 

method needs two image bands to create each depth invariant band it had limited 

applicability in this case as the spectral information was found to be restricted to the red and 

green bands at most depths – probably due to relatively high absorption in the blue by 

coloured dissolved organic matter (CDOM) (Clementson et al., 2004). This meant that only 

one depth invariant band could be generated. Secondly, following exploratory density 

slicing into potential habitat classes, further visual inspection of the depth invariant band 

revealed significant inaccuracies, which were recognisable through detailed personal 

knowledge of the trial location. The limitations of the method became evident and are likely 

to be the result of the simplicity of the dark subtraction atmospheric correction applied 

(Mumby et al., 1998) and, possibly, also from variations in the water clarity across the 

image. The log-log scatterplots of red against green for each substrate revealed some 
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curvature in the fitted curve, which also confounds this method. For these reasons, further 

analysis was not pursued.  

A second, DEM-based, method was also trialed, noting the cautions about its limitations 

provided by authors such as Jupp et al. (1985) and Dekker, Anstee et al. (2005). In short, 

these include problems with separating the attenuation of light caused exclusively by the 

water column from that caused by changes in substrate reflectivity, such as vegetation type 

(and thus reflectivity) changing with depth. It is hypothesised that, in spite of its 

shortcomings, the method can lead to improvements in image interpretation in 

circumstances where the water clarity is high and the bottom features are relatively uniform 

across the depth range (e.g., Chavez et al., 2000). As the vegetation of interest in this study 

consists primarily of one species (that is, H. tasmanica) and the substrate depth range of the 

imagery (mostly 0.5-4 m) was less than the measured Secchi depths (~7 m), these criteria 

were met. The method was applied by fitting a model (see Equation 5-2) to the decay in 

pixel brightness with depth (from the DEM) for a homogenous bottom type. The model 

fitted in this study is a non-linear exponential decay model: 

 pv = a.e-bD + c (5-2) 

where: 

pv is the image pixel value; 

a, b and c are parameters determined by fitting the model; and  

D is depth in metres at each pixel.  

The decay in pixel values is usually exponential, though variations in inherent and apparent 

optical properties of the water will alter the rate of attenuation and produce non-standard 

curves (Apel, 1987). There are differing decay rates for each wavelength, with red 

attenuating fastest, green next and blue the slowest. The models must be fitted to each band 

separately – in this case only the red and green bands were fitted because, as for Lyzenga’s 

method, the response of the blue band was strongly influenced by the high levels of 

absorption and scattering in the water column, which obscured the bottom reflectance 

signal. This is normal for the shorter wavelengths in water, particularly when CDOM is 

present, and similar scattering and absorption processes operate in the atmosphere 

(Lillesand and Keifer, 2000). Using the residuals of the fitted model, each pixel was then 

standardised to a selected depth; in this case 1 m was selected, as the substrate at this depth 

was well covered by water, and thus not subject to effects caused by waves breaking on the 
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shore (i.e. under the very calm conditions occurring during image capture). It also ensured 

the bottom was relatively bright. 

Usually sand is selected as the bottom type, as it is reasonably easy to identify in imagery, 

though in this study, high levels of variability in pixel brightness were found over sand – 

particularly shallower than 2 m, which is consistent with the findings of Newman and 

LeDrew (2001). The challenge presented by the high variability prompted a search for 

techniques to overcome the problem. Firstly, SAV-only pixel samples were fitted, though 

similar variability to the sand-only case was found. Next, very large numbers of pixels were 

sampled – typically 30,000 to 70,000. The pixel values were binned to 0.1 m depth bins and 

their medians were then fitted with a model using Equation 5-1 (see Figure 5-2). This 

approach produced stable results consistent with the assumption of exponential decay as 

well as consistent results across images.  

 

Figure 5-2. Exponential decay models fitted to the medians of 0.1 m depth bins for large numbers of pixel 
samples taken only over SAV from the red and green bands of image 1528. Note that red light attenuates 
faster than green with depth and that there are anomalies or “breakpoints” in the pixel brightness curves in the 
very shallow water as indicated by the arrows. 

To address the limitations of the method identified by Jupp et al. (1985) and Dekker, 

Anstee et al. (2005), the model fitted to the sand pixels in each band was compared to that 

of the SAV for the same band by standardising it to the SAV model’s brightest pixel values 

(see Figure 5-3). This step was considered necessary to test whether or not there was a 

similar pv decay (water column attenuation) over both substrate types. The pv value chosen 

as the standard was related to a specific standard depth – 1.7 m for the green band and 

0.8 m for the red. These depths were chosen on the basis of “breakpoints” or “knots” in the 
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SAV data that were found consistently in a sample of 10-20 spectral profiles across most 

images. The breakpoints indicate a marked change in the rate of attenuation over the SAV 

between the breakpoints and 0 m depth. The breakpoint features are speculated to be related 

to light attenuation processes as they appear to be related to the light wavelength – that is, 

they consistently occur in shallower water for the red wavelengths compared to the green.  

The very high level of agreement in each band between the standardised sand and SAV 

samples (and models) (see Figure 5-3) is indicative of similar systematic reductions of light 

for both habitat types. The light reduction is also generally consistent with typical 

exponential water attenuation curves (Jerlov, 1976; Kirk, 1994), though, with the data 

available, there is no way of precisely separating these from systematic attenuation effects 

due to changes in substrate brightness (e.g., a darker substrate with depth) as the substrate 

may be influencing the pixel values in both bottom types.  

 

Figure 5-3. Median pixel values of 70,000 samples in 0.1 m depth bins standardised to SAV “breakpoints” in 
both the red and green bands for image 1512. The red band samples are represented by circles – filled for 
sand and open for SAV. The green band samples are represented by squares – filled for sand and open for 
SAV. The model is fitted to the green SAV pixel values based on depth. Note the “breakpoint” for the green 
SAV pixels at ~1.7 m (arrow) and the way the red band initially attenuates more rapidly with depth than the 
green. 
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Image-processing software was used to apply the fitted models across each of the image 

bands on a pixel-by-pixel basis using a DEM in the areas deeper than the breakpoints, and it 

is hypothesised that the resultant images more accurately represent SAV bottom 

reflectance. The hypothesis will be tested with accuracy assessments of image 

classifications at a later stage of the analysis by seeing if there is a significant improvement 

in classification accuracy when using depth corrected input data.. 

5.2.3.2 Band ratio – Normalised Red Green Index (NRGI) 

Band ratios or transformations are regularly used to overcome variation in illumination 

caused by geometry and shadowing (Lillesand and Keifer, 2000; Jensen, 2005). The 

approach applied here is based on the observation that the great majority of the epiphytes in 

the study areas are brown/red species (Sanderson, pers. comm.; see also Table 1-2) and 

therefore, when compared to seagrass, the spectral signal will have detectably more red than 

green. In an attempt to take advantage of this observation, various green-red band ratios 

were trialed, including a proposed normalised red-green difference index (NRGI), that is, 

NRGI = (red – green)/(red + green) (5-3) 

The NRGI will be affected by the faster rate of attenuation in water of red light compared to 

green light, therefore this index is only applied to depth corrected image bands. The 

proposed band ratio is identical to the commonly used normalised difference vegetation 

index (NDVI) (Lillesand and Keifer, 2000) except that the red and green bands are used to 

calculate NRGI instead of the near infrared and red bands respectively. Infrared is not 

useful for subsurface work in shallow waters as it is almost completely absorbed by water. 

An NRGI band was generated for each depth corrected image and used in analyses as 

described in the next sections. 

5.2.3.3 Masking of surplus classes 

To reduce the number of variables involved at any one processing stage in this study, a 

hierarchical classification approach was used to split the habitats into progressively smaller 

classes (Townsend, 2000). In general terms, the land and deeper water were initially 

masked out, followed by macroalgae (reef), which left the areas consisting of sand and 

SAV. The decisions were made using existing GIS boundaries, rules or classification 

results, the details of which are described below. In detail, the land was removed with a 

1:25,000 vector layer sourced from the Land Information System Tasmania (LIST, 2001), 

accurate to within 17.5 m, 90% of the time for a well-defined geographic location. The deep 

water mask was defined by applying Jupp’s (1985) band zone approach, which entailed 
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determining at what depth a bottom signal becomes detectable using spectral profiles across 

the depth gradient from deep water to shallow. The images used in this study usually had a 

very flat response in the blue (probably due to high absorption by CDOM), and so the blue 

band was not used. In this case, detection of the bottom signal was considered to occur 

when, as depth decreases, the pixel values in the green brighten significantly, while the red 

pixel values remain close to the deep-water average value (see Figure 5-4).  

 

Green pixel values 

Red pixel values 

Figure 5-4. Profile of green and red pixel values (DN) from deep to shallow water (left to right) illustrating 
how green begins to brighten (that is, has higher data values) and diverge from red at about location 500, 
while red begins to brighten more at location 750. 

Exploratory spectral profiles obtained across the depth gradient revealed the absolute pixel 

brightness values when this zone boundary was crossed. A simple threshold algorithm 

based on the difference between the red and green values was sufficient to establish a 

consistent boundary, corresponding to the boundary between optically deep and optically 

shallow water. Macroalgae on reef was readily discriminated as it showed characteristically 

very high normalised red green index (NRGI) values and was masked out for all the 

subsequent analyses as the focus of the study is on seagrass and its associated algae. 

Red pixel values 
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5.3 Investigations: Prediction surfaces and image 

classification 

Once the depth corrected bands were produced and masked, the prepared imagery was 

investigated with two different approaches to compare the degree of SAV discrimination 

between the depth corrected and non-depth corrected images. Individually, each of the 

applied analysis techniques are not complicated, however, the number of inputs and outputs 

for the combinations of techniques used are considerable. This section seeks to 

methodically outline these combinations, and then, in the sections that follow, the two 

investigations are described in detail. Firstly, the prediction surface investigation is 

presented (including methods, results and a small discussion), and then the image 

classification approach (also including methods and results). The two investigations are 

then followed by the chapter’s main discussion. 

The level of SAV discrimination was assessed on two specific variables of interest – SAV 

density and epiphyte abundance. Two approaches were applied to each variable of interest 

in the form of investigations. Firstly, in an effort to create the optimal and most direct 

relationship between the imagery (both depth corrected and non-depth corrected) and the 

field data, prediction surfaces of continuous variables were generated from fitted empirical 

models (i.e., Investigation One). Secondly, as a backup to the first method, two image 

classifiers were applied to each of the depth corrected and non-depth corrected sets of 

imagery (i.e., Investigation Two). Both methods required training data, which largely 

consisted of diver quadrat observations. Each analysis technique was then validated, 

through validation for the prediction surfaces and via accuracy assessments for the image 

classifiers. The validations require independent reference data, which are sourced from 

the benthic video transects. The validations for the classifiers enable comparisons to be 

made between classifications, either by a Kappa Z Test or McNemar’s statistic.  

The complete set of techniques was applied twice, once to derive SAV density and once to 

derive epiphyte abundance, as summarised in Table 5-1. The reason that the two variables 

are assessed separately and not together is because the two variables are found in a 

continuous mix completely independent of each other. In other words, each variable can 

occur in any biomass or abundance, regardless of the biomass or abundance of the other. 

Furthermore, epiphyte abundance tends to mask the seagrass as it physically grows over the 

seagrass. After some preliminary trials showed that it was an excessively complex task to 

develop a complete set of both training data and validation data, a simplified analytical 

Chapter 5 
 

92



 

approach was adopted (for a detailed discussion on the complementarity of the variables of 

interest, please see Section 6.2.2 in the Chapter 6, the Discussion Chapter). 

Table 5-1. Summary of analysis techniques. The set of techniques was applied twice, once to derive SAV 
density and once to derive epiphyte abundance. 

Analysis technique Non-depth corrected imagery Depth corrected imagery 

Prediction surface yes yes 

Maximum Likelihood classifier yes yes 

Fuzzy C-Means classifier yes yes 

 

5.3.1 Investigation One: Prediction surfaces 

SAV and seagrass density derived from remote sensing is a complex measurement that 

consists of an unknown mix of percent canopy cover, shoot density, blade length, shadows, 

substrate brightness and epiphyte abundance. For an example of a H. tasmanica seagrass 

canopy, see Figure 5-5 below. Measurements of density also change relative both to the 

spatial scale at which the vegetation is observed and the spatial scale of vegetation 

patchiness (Pielou, 1977). 

 

Figure 5-5. Dense H. tasmanica from above in 0.5 m of water showing bright leaf tips and large amounts of 
shadowing between the leaves and stems (Area shown is about ~2 m x 1 m).  

The direct measurements of seagrass usually taken in the field with quadrats were, percent 

canopy cover, shoot density and blade length, which, in combination, can be related to 

above ground plant biomass for some species (Kirkman, 1996; Duarte and Kirkman, 2001). 

Epiphyte abundance was also recorded as ranked classes (0-5). However, none of these 

measurements necessarily relate directly to pixel brightness values in an image, as there are 
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a number of possible architectural arrangements of the vegetation, which combined with 

varying substrate reflectivity, can give rise to similar pixel values. Further complications are 

created by the varying levels of epiphyte abundance, as the net reflectance of a high 

abundance of massed filamentous algae is brighter than seagrass, due mainly to a reduced 

quantity of visible shadow as a result of the simplified structure of the SAV canopy 

(personal observation). In spite of these issues, Mumby et al. (1997) related hyperspectral 

pixel values to seagrass biomass (standing crop) in beds dominated by Syringodium 

filiforme and Thalassia testudinum, with a linear regression (coefficient of determination 

values between 0.74 and 0.81). 

Where possible, direct relationships were modelled between the field observations and the 

image pixel values as detailed in the next section. 

5.3.1.1 Methods: Prediction surfaces 

In this study, the scale of the field observations and the resolution of the image pixels are 

explicitly matched with a reference scale, or “quadrat” of 1 m2. In practice, this meant 16 

image pixels and 4 dive observation sub-quadrats were averaged per reference “quadrat”. 

The benthic video FOV also enabled observations to be made at this reference scale. 

To produce a model prediction surface of SAV density or epiphyte abundance ranks, the 

position of the dive quadrats (each 1 m2) were matched in the imagery and an average of the 

red and green values of the 16 pixels at each quadrat location was used to create a 

relationship with the observations made by the diver. For example, a typical form of 

equation for predicting epiphyte abundance is shown below in Equation 5-4.  

 Predicted Epiphyte Abundance Rank = a1 + a2Red + a3Green (5-4) 

Where a1, a2, and a3 are coefficients and “Red” and “Green” are the average red and green 

wavelength pixel brightness values. A linear regression between the values predicted by an 

equation at the dive quadrat locations and actual observed quadrat values was used to test 

the strength of the relationship. Once the optimal equation was established, it was applied 

on a pixel-by-pixel basis to create a modelled prediction surface of the variable of interest.  

For SAV density, the field observations were tested individually and then in combinations, 

with model fitting methods including linear and multiple regressions. All field observations 

were utilised to establish the relationships, including, in cases when the training data failed, 

the validation data (i.e., measurements derived form the benthic video). 
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For epiphyte abundance, a further step was taken where an estimate of epiphytic biomass 

was made at each pixel using a relationship between field epiphytic ranking score (0-5) and 

harvested epiphyte weights for each of 50 0.25 m2 quadrats (TAFI, unpub. data, 2004). The 

samples were obtained from the study area, and included microalgae and macroalgae 

growing on the seagrass as well as loosely associated drift algae. See Table 1-2 for a list of 

typical algal species found in North West Bay. The epiphyte biomass samples were 

harvested (10 replicates for each epiphyte rank between 1 and 5 inclusive) and the attached 

epiphytic algae were scraped from the seagrass leaf blades with a razor blade. They were 

then dried in an oven at 40° C for 48 hours and weighed in grams (g). The dried weight 

biomass per square metre (g DW m-2) was then estimated for each rank using a regression 

of log transformed (to obtain normality) dry weight (y) against epiphyte abundance rank (x) 

as follows:  

 log y = 0.3x + 0.2651       r2=0.88 (5-5) 

It was not possible to validate the dried weight surface, as no suitable samples were 

available, so instead, the benthic video was used to validate the epiphyte abundance ranked 

surface via epiphyte abundance rank observations (made using the coding protocol 

documented in Appendix 4).  

For this investigation, two images were assessed, 1512 and 1528. Both images were 

subjected to all analyses. 

5.3.1.2 Results: Prediction surfaces 

The technique was applied to the two variables of interest – SAV density and epiphyte 

abundance – and detailed results are provided below. In brief, the prediction surface 

methods failed to identify a significant direct relationship between the in situ quadrat 

observations for SAV density and the aerial imagery pixel values, while they did produce a 

useful relationship for epiphyte abundance, which then enabled the production of biomass 

prediction maps. 

The SAV density fitted models were poor and no single field observed measurement or 

combination of measurements could be related to pixel brightness values. No direct 

relationships were found between aerial photography pixel values (depth corrected or 

otherwise) and measurements of SAV density (either seagrass or seagrass and epiphyte 

together), including the individual variables of shoot density, percent canopy cover, blade 

length and epiphyte abundance and reasonable combinations of these variables. As no 

relationships were found to the training data, an effort was then made to relate the 
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validation data to the image pixel values. This entailed recording observations of the 

benthic video (using the coding protocol documented in Appendix 4) and then relating 

these measurements to the image pixel brightness values. The measurements included, 

patch cover, vegetation density, epiphyte abundance and substrate brightness. Again, no 

direct relationships were found with any one, or combination, of these measurements. 

For predicted epiphyte abundance, no relationship could be found for imagery that was 

not depth corrected (see example in Figure 5-6). However, the depth corrected imagery 

produced usable results, with a typical equation shown in Equation 5-6. 

Predicted Epiphyte Abundance Rank = 7.3382 + 0.0194003Red + -0.095353Green (5-6) 

A linear regression between the values predicted by that equation at the dive quadrat 

locations and actual observed quadrat values is shown in Figure 5-7. This equation was 

applied on a pixel-by-pixel basis across each image and the resulting prediction surfaces are 

presented below. 
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Figure 5-6. An example of a poor relationship is illustrates by the weak relationship between the actual diver 
observed quadrat values for epiphyte loading ranks (refEP_LOAD Actual) those predicted by the relationship 
formed with the image pixels values (refEP_LOAD Predicted). The dashed lines indicate the 95% confidence 
limits. 

The resulting epiphyte abundance prediction surfaces are illustrated in Figure 5-8 using 

image 1512. Based on depth corrected imagery only (e.g., Figure 5-8a), models fitted to 

dive quadrats observations and co-located image pixel values were used to create 

continuous prediction maps of epiphyte abundance (e.g., Figure 5-8b). The prediction 

surfaces were then converted to biomass surfaces with units of grams dried weight per 
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square metre (g DW m-2) via Equation 5-5 (see Table 5-2 for the conversion rates). Figure 

5-8c presents a biomass surface for image 1512, which illustrates the continuously 

changing and uneven distribution of epiphyte abundance across the seagrass beds. It is a 

distribution pattern that can be viewed as being patchy with gradual changes taking place 

across the patch boundaries rather than discrete or abrupt changes. 
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Figure 5-7. Actual epiphyte abundance ranks as observed in 1m2 quadrats by a diver (Qepi_load Actual) 
versus abundance ranks predicted with red and green pixel values. The dashed lines indicate the 95% 
confidence limits. 

Table 5-2. Epiphyte abundance rankings converted to grams dried weight per square metre with Equation 5-5. 

Epiphyte abundance  
(Rank) 

Epiphyte abundance 
(g DW m-2) 

0 1.8 

1 3.7 

2 7.3 

3 14.6 

4 29.2 

5 58.2 
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The validation of the prediction surface approach to epiphyte abundance is presented in 

Table 5-3. As direct scatterplots between prediction surface values and the independent 

reference data did not produce a clear result (linear regression coefficient of determination, 

r2=0.11), the prediction surface was classified into a simple class structure of “high”, “low” 

and “none”, which produced an average overall map accuracy of 78%. The thresholds 

between classes were set by visually inspecting scatterplots of quadrat dive observations of 

epiphyte abundance against prediction surface values at the same locations. Most problems 

were encountered in image 1512 where there were limited samples across the whole range 

of low epiphyte habitats (that is epiphyte abundances of 0, 1 or 2), with the result that green 

dense seagrass with low or no epiphyte were poorly identified (and thus are masked in 

Figure 5-8b and c). The accuracy of the classified map was assessed with a confusion 

matrix and Kappa statistics. 

5.3.1.3 Discussion: Prediction surfaces 

A full discussion of the results is provided in the Discussion (Section 0) of this chapter. 

What is of particular note here is that direct relationships were very difficult to achieve with 

digital aerial photography for all of the variables of interest apart from epiphytic abundance 

with depth corrected imagery. SAV density was particularly intractable to the available mix 

of imagery and field data, including the validation data (benthic video). These findings 

triggered a second investigation, which was based on remote sensing image classification 

techniques. 

Table 5-3. Epiphyte abundance: Accuracy assessments were applied to classed prediction surfaces that were 
based on depth corrected digital aerial photography. 

Image Abundance  
Threshold 

Classes Depth corrected 

 (between high 
 and low class) 

 Overall 
Classification 

Accuracy  
(%) 

Kappa  
 

Kappa  
SE 

1512 3.75 high, low, none 69 0.39 0.092 

1528 3.5 high, low, none 87 0.76 - 

Note: Epiphyte abundance is measured on a scale of 0-5, where 0 = none and 5 = complete, thick cover 
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a). Depth corrected image (1512) with the red, green 
and blue bands stretched to enhance contrast.  

b). Epiphyte abundance prediction surface (ranking 1-
5) derived from Equation 5-4. Lighter grey = higher 
abundance and dark grey = low abundance. Land, 
sand, kelp and dense green seagrass are masked in 
white.  

 

c). Epiphytic biomass surface (g DW m-2) derived from b and Equation 5-5. Epiphytic biomass ranges 
between about 4 g DW m-2 (light orange areas) and 58 g DW m-2 (dark red areas). Sand, reef and dense green 
seagrass are masked out in white. For these images, and all that follow, north is up and they are 163 m 
across. 

Figure 5-8. Epiphyte biomass surface generated from depth corrected digital aerial photographic image 
(1512).  
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5.3.2 Investigation Two: Image classification  

Image classifiers simplify the variability of continuous data by clustering pixels together 

based on their degree of match with a class definition. The class definition is often formed 

with area-based samples from the image itself. The method enables pixels with a range of 

values to participate in the same class. This process can overcome the difficulties created 

when matching data from exact locations, as required when forming relationships for 

prediction surfaces. In this investigation, two image classification techniques were applied 

and compared – maximum likelihood (ML) and fuzzy c-means (FCM). The ML classifier 

was implemented in the ENVI/IDL environment (RSI, 2003) based on the algorithm 

presented by Richards (1999), and the supervised visual fuzzy c-means (SVFCM) classifier 

used in this study was as presented by Lucieer and Kraak (2004) and implemented in the 

Parbat prototype image-processing software platform (Lucieer, 2004b). The ML classifier 

was selected because it is a standard supervised clustering algorithm, the use of which 

allows comparison with methods used in other studies. The ML classifier requires the a 

priori identification of class means, variance and covariance as a basis for the clustering 

algorithm. These statistical properties are usually identified through the use of training 

signatures supported by field observations or other evidence. The classifier allocates each 

pixel to a single (crisp) class based on the maximum likelihood (probability) that it belongs 

to that class.  

The basic form of the FCM classifier (Bezdek, 1981) iteratively clusters pixels to class 

centres that are initially either determined by the clustering algorithm through random 

“seeding” of class centres (i.e., unsupervised) or provided in the form of training signatures 

(i.e., supervised). The main difference between the ML and FCM classifiers is the way in 

which pixels are allocated to classes. For FCM, the allocation process is conducted based 

on membership values expressing the degree of affinity of each pixel to the centroid of each 

of the classes. It generates a class membership value between 1 and 0 for each class, the 

sum of which, for all the classes, must equal 1. A crisp, or “hard” FCM classification can be 

created from the class membership values by using the maximum membership value, which 

is similar to a ML classification. However, further information may be extracted in the form 

of the confusion index (CI) and entropy (Burrough and McDonnell, 1998). The CI is the 

second highest membership value divided by the highest membership value producing 

values close to 1 if confusion is high, that is, where two maximum membership values are 

similar, and values close to 0 if the maximum membership value for any one class is close 

to 1. A high CI indicates where there is vagueness and overlap between the classes, which 

can assist in identifying the type of boundary between classes, especially including where 

they consist of gradual transition zones (Fisher, 2000; Zhang and Foody, 2001).  
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The FCM classifier was selected on the grounds that it may be capable of not only 

discriminating SAV classes but also of identifying the gradual transition zones between 

classes, such as seagrass and sand, as well as providing benefits in the visualisation of the 

uncertainty (Townsend, 2000; Urbanski and Szymelfenig, 2003). While an unsupervised 

FCM classifier was used to assist the development of training classes, the main image 

classifications were conducted with a supervised FCM classifier. A supervised FCM 

classifier does not find the class centres iteratively, but rather generates them with training 

data. The particular supervised FCM classifier used includes a visual component (thus, 

supervised visual fuzzy c-means or SVFCM), where classification training parameters are 

developed through the refinement of class boundaries in “feature space”. Feature space is a 

three dimensional representation of the classification input band’s pixel values that enables 

interactive visualisation of the class boundaries. The representation of the class boundaries 

can vary in sophistication, ranging from simple spheres to ellipsoids, convex hulls and 

alpha shapes. While, a complete description of these visualisation techniques is beyond the 

scope of this thesis (see Lucieer and Kraak, 2004), the method adopted here involves the 

use of the alpha shapes.  

5.3.2.1 Methods: Image classification 

Training signatures for the classifiers were primarily based on field observations collected 

under protocols established for monitoring (Kirkman, 1996) and the SEAMAP hierarchical 

habitat classification (Jordan et al., 2002). As per standard image classification practice, 

unsupervised ISODATA and FCM classifications were also applied to assist with 

determining suitable training signatures and numbers of classes. The complete set of classes 

used was (including the masks): land, beach, optically deep water, sand (bright, dark), 

macroalgae (i.e. reef), seagrass (high, moderate, low density), non-specific SAV (high, 

moderate, low density) and epiphyte (high, moderate, low density). The preceding list is the 

total number of classes used, though a number of simpler class sets were created for the 

purpose of testing the discrimination accuracies of the classifiers with varying numbers of 

classes (see Table 5-4 also Section 5.3.2.2 on accuracy assessment). Testing for the optimal 

number of classes is necessary as too many or too few classes can lead to sub-optimal 

classifier performance. 

Validation of the outputs from all image classifications was conducted with measurements 

derived from the benthic video transects (See Appendix 4 for the benthic video coding 

protocols). For epiphyte abundance this consisted of the standard method of ranking 

abundance (i.e., 0-5). However, in response to the lack of relationship between the 

validation data and the imagery for SAV density found in the previous investigation, a 
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modified set of measurements was developed. The new measurements are collectively 

called SAV Structural Density (SSD) and are fully described in the next section (Section 

5.3.2.2). 

Table 5-4. Summary of classifier analysis techniques.  

Image  
classifier 

Training 
data  

Signature 
development 

Input bands Output 
number of 

classes 

Validation data 
(Accuracy 

Assessment) 

1. Supervised 

Maximum 

Likelihood (ML) 

Field 

observations, 

Quadrats 

Unsupervised 

ISODATA 

classifier  

Red, Green, 

Blue, NRGI, 

Depth 

2,3 and 4 Benthic video 

(SSD and 

Epiphyte 

abundance)  

2. Supervised Visual 

Fuzzy C-Means 

(SVFCM) 

Field 

observations, 

Quadrats 

Unsupervised 

FCM classifier 

Red, Green, 

Blue, NRGI, 

Depth 

2,3 and 4 Benthic video 

(SSD and 

Epiphyte 

abundance)  

Note: the number of output classes from each classifier was tested with 2, 3 and 4 classes to determine the 

optimal number of classes. 

5.3.2.1.1 SAV and seagrass density methods 

SAV density is a complex mix of factors, however, given the experience with the direct 

relationships, a simplified interpretation was adopted for image classification signature 

development, where darker pixels are regarded as depicting denser vegetation, as 

recommended by Kirkman (1996). Usually the input bands for the SAV density analyses 

were red, green and blue, though depth values and a normalised red green difference index 

(NRGI) (see 5.2.3.2) were also examined.  

5.3.2.1.2 Epiphyte abundance maps methods 

Both image classifier methods were applied to obtain classed maps of epiphyte abundance 

with training signatures derived from quadrat observations and input bands mainly 

including red, green and NRGI. The areas of SAV that were redder were considered likely 

to have higher epiphyte abundances, while those that were greener were considered likely 

to consist of seagrass with lower epiphyte levels. 

5.3.2.2 Validation: Image classifier accuracy assessment methods 

The accuracy assessments of maps made with image classifications make use of a 

contingency table (or confusion matrix) as outlined by Congalton and Green (1999). 

Calculations of the Kappa statistic and its standard error (SE) were made according to 
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Agresti (1990) in JMP Version 5.1 (SAS Institute, 2005). All the accuracy assessments 

were conducted in the vector data model. To test between the depth corrected and 

uncorrected imagery, the Kappa scores (Khat) from each analysis technique were compared 

with a Z test using the Kappa standard error (SE) as per Congalton and Green (1999).  

The Kappa coefficient of agreement may be thought of as “representing the proportion of 

agreement obtained after removing the proportion of agreement that could be expected to 

occur by chance” (Foody, 1992). The calculated Kappa statistic indicates whether the 

classification is better than random chance and indicates the level of agreement between the 

habitat mapping and the reference field sampling data on a scale between 0 and 1, where 0 

means no agreement and 1 means complete agreement (with very occasional negative 

values).  

An additional comparison test, McNemar’s test, was also applied as a cross-check, because 

de Leeuw et al. (2002) and Foody (2004b) present evidence that the Z test is overly 

conservative when the reference samples are not independent between assessments, which 

is the usual case for remote sensing. McNemar’s test is a population ratio test, which is 

based on the hypothesis that the proportion of correctly classified pixels will be the same 

for both classifiers. The method starts with a cross-tabulation of the number of incorrectly 

and correctly classified reference data for the two classifiers being compared (see Table 

5-5). The population ratio (ψ) is estimated by the sample ratio f12 / f21 and the null 

hypothesis is H0: ψ = 1. The Ho is accepted if McNemar’s chi squared statistic is: 

 χ 2 < (f12 - f21)2 / (f12 + f21) degrees of freedom (df) = 1 (5-7) 

If (f12 + f21) is greater than 20 the test will work well (Equation 5-8), otherwise a binomial 

test is recommended (Agresti, 1990).  

  (f12 + f21)  > 20 (5-8) 

McNemar’s test was applied as a form of check to two depth correction comparisons, one 

for each of the variables of interest, that is, SAV density and epiphyte abundance.  

 

Accuracy assessments require an independent source of observations (that is, reference 

data) at the same locations covered by the remote sensing or map data (Congalton and 

Green, 1999). Clearly, both the reference data and the map data are subject to thematic and 

positional errors (Foody, 2004b), though ideally the reference data have significantly lower 

levels of both. With regard to thematic accuracy, the decisions about the boundaries 
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between thematic classes affect both the reference and map data (Stehman and Czaplewski, 

1998; Stehman, 2000). For example, if an image classification produces three map classes, 

then, ideally, the reference data should also consist of three classes. Further, for interval or 

ratio data, if the reference data’s thematic class boundaries (e.g., between “high” and “low” 

SAV density) are not consistent with those in the map data, the accuracy assessment will 

show reduced levels of overall and class specific accuracies (Foody, 2004b). Generally, 

reference data are considered to be closer to the “truth” than the map data, and the accuracy 

assessment is a test of how similar the map data are to the “real world” reference data. 

However, if there is ambiguity or vagueness (Fisher, 2000) about the location of the class 

boundary value in either, or both, the reference and map data, then the accuracy levels will 

be affected.  

Table 5-5. Correctly and incorrectly classified pixels, cross-tabulated for two classifiers. Correctly and 
incorrectly classifications are determined with the same independent reference data.  

Classifier One Classifier Two Total 
 Incorrect  Correct  

Incorrect 

Correct 

f11 f12 

f21 f22

f11 + f12 

f21 + f22

Total f11 + f21 f12 + f22  

Due to the failure of the planned validation measurements (derived from the benthic video) 

to produce reliable models for SAV density in the first investigation (see Section 5.3.1.2), a 

new set of reference measurements was developed. When a new measurement is tested, as 

is the case here, it is reasonable to question the degree of match between the map and the 

reference data and ask whether they are actually consistent with each other. Therefore, a 

departure from the usual accuracy assessment methodology in this study is the reworking 

and reclassing of the reference data to assess whether the number of thematic classes and 

the definition of the class boundaries are optimal. This was considered necessary for both 

the SAV density and the epiphyte abundance assessments; for the SAV density because a 

new reference measurement is proposed (SSD) that requires testing. For the epiphyte 

abundance, the existing six classes measured in the benthic video required reclassing to 

match the optimal number of classes produced by the image classifications, and decisions 

needed to be supported about how to aggregate the six classes into three (more details 

below in this section).  

5.3.2.2.1 Reference data: SAV structural density (SSD) defined and proposed 

The independent reference data source consisted of boat-towed benthic video transects 

distributed randomly along the bay north to south, stratified to intersect seagrass beds 
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within the images (Koop, 1990; Norris et al., 1997). The video’s standard field of view 

(FOV) equated to just less than 4 pixels in the image. The video was observed and records 

made every 4 m because this distance overcame most of the spatial autocorrelation typically 

present in this area (Mount, unpub. data, 2005).  

Observations were made from the video of habitat type (sand, seagrass species, 

macroalgae), SAV percent canopy cover (percent of SAV for whole quadrat), SAV density 

(density of SAV cover present, as percentage) and epiphyte abundance (ranking from 0 to 5 

for the whole quadrat) (See Appendix 4 for coding details). It was not possible to reliably 

determine seagrass shoot density, % cover or blade length from the video imagery. No 

single measurement derived from the video transects was able to be directly related to the 

aerial imagery pixel values, possibly due to ambiguities created by different combinations 

of vegetation architecture (structure). In an effort to overcome these ambiguities, a 

composite habitat density measurement for the whole quadrat is proposed called SAV 

structural density (SSD), which is the proportion of SAV percent canopy cover (cc) 

multiplied by the proportion of SAV density (d), as follows (and see Figure 5-9): 

 SSD = cc*d (5-9) 

For the purposes here, this combination of SAV percent canopy cover and SAV density is 

named SAV structural density as it is intended to represent the structure and density of the 

vegetation. SAV percent canopy cover is defined as the percent cover of SAV within a 

quadrat (quadrat patchiness or quadrat patch cover). SAV density is defined as the degree 

to which the combination of blade length and number of plant stems and leaves present 

within the quadrat obscures the substrate and creates shadowing, that is, the “thickness”, 

“depth” or “density” of the vegetation mass.  

For example, a quadrat of SAV obtains a value of 0.5 SSD (or 50% SAV structural density) 

when it has either, 100% density and 50% canopy cover (Figure 5-9b), or, 100% canopy 

cover and 50% density (Figure 5-9c). In a second example, quadrats of SAV that either 

consist of a small clump of dense SAV (say, about 25% canopy coverage of the quadrat but 

100% thick and dense, see Figure 5-9d) or are evenly sparse (say, about 25% density but 

evenly and thinly distributed over the entire quadrat, that is, have 100% cover, see Figure 

5-9f) both receive a value of 0.25 SSD, or 25% SAV structural density.  The new 

measurement is intended to be more consistent with the view obtained by remote sensing – 

that is, a vertical downwards-looking view of submerged aquatic vegetation.   
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Figure 5-9. Quadrats of varying SAV structural density. SAV structural density (SSD) consists of SAV 
percent canopy cover (cc) times SAV density (d). Black represents 100% dense, mid-grey represents 50% 
dense, light grey represents 25% dense, and white represents sand (that is, no SAV). 

5.3.2.2.2 Reference data: class boundaries defined 

In an effort to define class boundaries in the absence of published values, the SAV 

structural density (SSD) measurements derived from observing the benthic video were 

compared to fuzzy c-means class membership values derived from the imagery at the same 

geographic locations as the video observations. This was designed to identify the number of 

classes that could be reasonably discriminated and the location of class thresholds or 

boundaries. The supervised visual fuzzy c-means membership values were used because 

they reasonably represent a continuous variable of the degree of membership of the dense 

seagrass class and they also enable a numerical analysis. They were plotted against the 

video-based (SSD) reference data, either with a scatterplot with the combined SAV 

structural density (SSD) or in the bivariate response surface form of SAV percent canopy 

cover (c) and SAV density (d). The coefficient of determination (r2) values showed there 

was a relationship between the variables (see Table 5-6). The visual inspection of the plots 

consistently supported the selection of 0.5 as the SAV structural density to use as the 

boundary between “high” and “low” density classes for the cases with three classes (i.e. 

“high”, “low” and “none”).  
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Table 5-6. Identification of the SAV structural density (SSD) class boundary between “high” and “low” for 
accuracy assessment reference data. The “high” class membership values of an FCM two class (high and low) 
classification was firstly plotted against the SAV structural density (SSD) reference data and then separately 
with a response surface consisting of SAV percent canopy cover (c) and SAV density (d). The coefficient of 
determination (r2) for each of the fitted models is shown. The boundary location was determined by visual 
inspection.  

Image  Analysis method Data r2 High/Low 
Class 

Boundary
(SSD) 

1512 bivariate response 

surface 

c and d (reference data) vs. SVFCM 

“high” class membership value 

0.77 0.5 

1528 bivariate response 

surface 

c and d (reference data) vs. SVFCM 

“high” class membership value 

0.73 0.5 

1512 scatterplot SSD (reference data) vs. SVFCM 

“high” class membership value 

0.64 0.3 

1528 scatterplot SSD (reference data) vs. SVFCM 

“high” class membership value 

0.68 0.5 

 

The number of classes able to be consistently discriminated was also tested and the 

identified boundaries between the classes are presented in Table 5-7. For similar reasons to 

those presented by Townsend (2000), the boundary between “low” and “none” was 

specified at 0.1 because SAV at or below this level of density is not likely to contribute 

significantly to the spectral signal received at the sensor. 

Table 5-7. SAV structural density class definition boundaries for accuracy assessment reference data (Note: 
the “none” class is sand). 

Number of 
classes 

Boundary between class: 
 

 1 and 2  

Class boundary  
 (SSD) 

4 high mod 0.9 

 mod low 0.5 

 low none 0.3 

3 high low 0.5 

 low none 0.1 

2 high none 0.5 

 

For the accuracy assessment of the epiphyte abundance maps, the original field-collected 

reference data were reclassed into fewer classes to enable comparisons of the discriminating 

power of the modelled maps with the supervised classification maps. The original classes 

consisted of the epiphyte abundance rankings (that is, 0 to 5) and the simplified 

classification scheme grouped the abundances into “high” (epiphyte abundance values of 4 

or 5), “low” (2 or 3) and “none” (1 or 0). 
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5.3.2.3 Results: Image classifiers 

In brief, the image classifiers produced consistently similar results to each other for both 

variables of interest. The highest accuracy for image classification was achieved in each 

variable when the classification consisted of three classes – “high”, “low” and “none”. The 

classifiers showed a statistically significant improvement in the accuracy of the epiphyte 

abundance classification after the aerial imagery was depth corrected. However, the depth 

corrected imagery made little difference to the accuracy of the SAV density classifications. 

Initially, the results for the simplest case of SAV versus sand are presented. 

5.3.2.3.1 Discriminating SAV from sand 

Sand was observed to be readily distinguished from SAV in classifications, whether the 

image was depth corrected or not (see Table 5-8). To explicitly test this, two images (1512 

and 1528) were classified by supervised visual fuzzy c-means (SVFCM), each with two 

classes – one class trained with SAV and one with sand – and assessed for overall 

classification accuracy. The classifiers generally only had difficulty where the water 

column was deep enough to highly attenuate the bottom signal (approximately 3.5-4 m), 

where the SAV was sparse (less than 10% SAV structural density) or where the contrast 

between the sand and the vegetation was low (see Chapter 4 for a detailed discussion on the 

detection of the deep edge of the seagrass beds). A comparison of the Kappa scores 

indicated that there is no difference at a significance level of α = 0.05 between the accuracy 

of the depth corrected and uncorrected imagery.  

Table 5-8. Discriminating sand versus SAV in digital aerial photography 

Image Original (non-depth corrected) Depth corrected 

 Overall 
Classification 

Accuracy  
(%) 

Kappa Kappa 
SE 

Overall 
Classification 

Accuracy  
(%) 

Kappa Kappa 
SE 

1512 89 0.67 0.092 90 0.70 0.086 

1528 87 0.75 0.071 85 0.69 0.078 

5.3.2.3.2 SAV structural density 

A series of image classifications were conducted for SAV density. The accuracy 

assessments of these are reported in tables later in this section, but firstly, some example 

classification maps are presented – one from a maximum likelihood (ML) classifier and 

another from a supervised visual fuzzy c-means (SVFCM) classifier. An example map of 

image 1512 is displayed in Figure 5-10. It was made from a depth corrected image (Figure 

5-10a) and created using a ML classification with three classes of SAV structural density – 
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high, low and none (sand). A visual inspection of Figure 5-10b shows good agreement with 

the depth corrected image. The overall accuracies of this sort of classification ranged 

between 59% and 70% (see Table 5-9). 

       

Figure 5-10. Maximum likelihood classification example. a). A depth corrected image (1512), consisting 
of red, green and NRGI bands, was used as input for the classification. b). A ML classification of SAV 
structural density with 3 classes – high, low and none (sand). All reef and land is masked in black. For 
this image, and all that follow, north is up and the image is 163 m across. 

The results of the SVFCM classifications for three and four classes are illustrated in Figure 

5-11. In this illustration, the base image (1512) was depth corrected and signatures collected 

by visual interpretation supported by video and stills collected in the field. The results are 

very similar to that of the ML classifier (illustrated in Figure 5-10), though additional 

information is available in the form of the fuzzy c-means confusion layers (see section 

5.3.2.1 for more details).  

The confusion layers assist the process of selecting the number of classes for a supervised 

classification as they enable visual interpretation of the level of confusion between classes 

for different numbers of classes. For example, in Figure 5-11, the addition of a fourth SAV 

density class (moderate) has increased the extent of higher confusion between classes, as 

shown by the larger extent of patchy dark areas. This confirms the proposition that a three-

class system is optimal. Compared to the crisp ML class map boundaries, the confusion 

layers also enable more subtle interpretations of the areas where there is a gradual transition 

between classes.  

The accuracy assessment results of a series of SAV structural density (SSD) classifications 

for two images conducted with varying numbers of classes and using depth corrected and 

uncorrected imagery are presented in Table 5-9. There is no difference in the results for any 

pair of analyses between depth corrected and uncorrected imagery at α = 0.05 significance 

level. The highest overall accuracy (87%) is for a three-class depth corrected SVFCM 
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classification, while the three-class classifications have an average overall accuracy of 77% 

and the four-class classifications an average of 64%, though these latter results are not 

different at a significance level of α = 0.05.  

  

a). SVFCM classification for 3 classes of SAV 
structural density – high, low and none.   

b). SVFCM classification for 4 classes of SAV 
structural density – high, moderate, low and none. 

  

c). SVFCM confusion layer for the 3 classes 
depicting low levels of confusion in the majority of 
the high density class (white areas), though higher 
confusion between the low and none classes.  

d). SVFCM confusion layer for the 4 classes 
displaying significantly higher levels of confusion 
throughout the image. 

Figure 5-11. SVFCM classifications (a & b) and associated confusion layers (c & d) for three (a & c) and four 
(b & d) classes. The level of confusion is depicted on a greyscale, with lighter grey indicating less confusion 
and vice versa. All reef and land are masked in black. North is up and each image is 163 m across. 
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Table 5-9. Accuracy assessment: discriminating SAV structural density (SSD) in digital aerial photography. 

Image Classifier Classes Original  (non-depth 
corrected) 

Depth corrected 

   
Overall 

Accuracy 
(%) 

Kappa Kappa 
SE 

Overall 
Accuracy  

(%) 
Kappa  Kappa   

SE 

1512 SVFCM high, low, 

none 

86 0.61 0.093 87 0.67 0.085 

1528 SVFCM high, low, 

none 

68 0.48 0.073 68 0.49 0.071 

1512 SVFCM high, mod, 

low, none 

67 0.50 0.073 62 0.43 0.077 

1528 SVFCM high, mod, 

low, none 

66 0.54 0.066 59 0.45 0.068 

1512 ML high, mod, 

low, none 

59 0.35 0.071 65 0.51 0.071 

1528 ML high, mod, 

low, none 

- - - 70 0.58 - 

Note: ML = Maximum Likelihood classifier and SVFCM = Supervised Visual Fuzzy C-Means classifier 

The application of McNemar’s test (Equation 5-7) to the four class maximum likelihood 

classification of image 1512 similarly found that there was no significant difference 

between the depth corrected and uncorrected imagery, though the p value was approaching 

the significance level, α = 0.05 (see Table 5-10).  

Table 5-10. SAV density: a comparison of depth corrected versus uncorrected imagery accuracy assessment 
Kappa results using McNemar’s χ2 statistic (de Leeuw et al., 2002) when mapping SAV density with a ML 
classifier. If (f12 + f21) is more than 20 the test works well, otherwise a binomial test is recommended. 

Image  Comparison  (f12+f21)/2 McNemar’s
χ2 (df = 1) 

p 

1512 SAV Density (depth corrected vs uncorrected) 11.5 3.5 0.06056 

 
 

5.3.2.3.3 Epiphyte abundance image classification results 

With either the ML or SVFCM classifiers, depth corrected imagery produced significantly 

improved epiphyte abundance classification results than non-depth corrected imagery (see 

Table 5-11). Depth corrected images (e.g., Figure 5-13a) were used as inputs to the VSFCM 

and ML classifiers, often with the addition of the normalised red green index (NRGI) band. 

The number of classes was usually restricted to three – high, low and none (sand) (e.g., see 

Figure 5-13b).   
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Table 5-11. Accuracy assessment: discriminating epiphyte abundance in digital aerial photography with 
image classifiers. Classes for all analyses are “high”, “low” and “none”. 

Image Classifier Original (non-depth 
corrected) 

Depth corrected 

  
Overall 

Accuracy 
(%) 

Kappa SE 
Overall 

Accuracy  
(%) 

Kappa SE 

1512 SVFCM 45 0.3 - 68 0.43 - 

1528 SVFCM 49 0.17 0.065 94 0.84 0.089 

1528 SVFCM (repeat) 50 0.11 0.088 - - - 

1512 ML 53 -0.13 0.077 75 0.42 0.095 

1512 ML (repeat) 47 0.11 - 61 0.37 - 

1512 ML (repeat) 55 0.1 - 77 0.5 - 

Note: ML = Maximum Likelihood classifier and SVFCM = Supervised Visual Fuzzy C-Means classifier 

The visual comparison display (Figure 5-12) illustrates the improvement in epiphyte 

abundance detection through inclusion of the depth correction image-processing step. The 

visual comparison is based on a single representative image (1512), which is shown in 

Figure 5-12a with the red and green and blue bands simply stretched to enhance contrast. 

Note the lower levels of red colouration in the deeper water (right side of the image). The 

depth corrected image (Figure 5-12b) shows a more even distribution of colour across the 

image from shallow to deep (left to right) than the original. Figure 5-12c and d both depict 

the normalised red green index (NRGI), firstly, when the image is not depth corrected 

(Figure 5-12c) and then with the depth correction (Figure 5-12d). Higher NRGI values are 

represented by the brighter red pixels, indicating the presence of SAV that is more red than 

it is green, that is, areas, which according to the working hypothesis of this study, are more 

likely to have a higher proportion of red/brown filamentous algae than green seagrass. The 

last image in this series, then, is apparently revealing redder SAV in the deeper parts of the 

image that are not visible in the uncorrected image. Seeing if the classifications can be 

improved by using this depth corrected imagery tests this observation. 

 

The accuracy assessment summarised in Table 5-11 shows that when a depth corrected 
image is used, there are large and consistent improvements in overall accuracy – on average 
25% – to an average 75%, and similar large improvements in the Kappa scores, whether an 
SVFCM or ML classifier is used.  

Table 5-12 displays a comparison of maximum likelihood classifier Kappa scores using 

McNemar’s χ2 statistic (de Leeuw et al., 2002; Foody, 2004b), which shows that the 

difference between depth corrected and uncorrected imagery for epiphyte abundance is 

significant at a significance level of α = 0.05. McNemar’s statistic is computed here as a 

check on the Kappa statistic comparisons and is consistent with the Kappa Z Test.  
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a). Original image (red, green, blue) stretched to 
enhance contrast. Note the higher levels of red 
colours in the shallow water with more green colours 
out deeper.  

b). Depth corrected colour (red, green, blue) image 
stretched as for a). Note a more even distribution of 
red and green across the image from shallow to deep. 

   

c). Original image with NRGI represented as red and 
the rest as green and blue. Note the redder pixels 
occur close to the shore in the shallower water. 

d). Depth corrected image with colours as for c. The 
higher red values in the deeper central parts of the 
image are revealed, which were found to be 
associated with high epiphytic algae abundances. 

Figure 5-12. Visual comparison display. The original image is compared with the depth corrected image, in 
natural colour and with NGRI. The water depth is 0-2.5 m, generally getting deeper from left to right. North 
is up and each image is 163 m across. 

 
Table 5-12. Epiphyte abundance: a comparison of depth corrected versus uncorrected imagery accuracy 
assessment using McNemar’s χ2 statistic (de Leeuw et al., 2002). If (f12 + f21) is more than 20 the test works 
well, otherwise a binomial test is recommended. 

Image Comparison (f12+f21)/2 McNemar’s
χ2  (df=1) 

p 

1528 Epiphyte abundance  

(depth corrected versus uncorrected) 

14 17.3 0.00003 
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a). b). 

Figure 5-13. a). Depth corrected image (1512) illustrating the variable distribution of epiphytes across the 
seagrass beds, ranging from dark green to reddish orange thick epiphyte. The bright red patches are 
macroalgae and the yellow is sand (though note that this particular contrast stretch has over-brightened the 
sand, and lost some detail of the very low density SAV around the edges of the seagrass bed).  
b). An SVFCM three class classification with land and reef masked in black. North is up and each image 
is 163 m across. 

5.4 Discussion 

The use of aerial photography for mapping and monitoring seagrass is largely restricted to 

methods that rely on contrast to distinguish seagrass bed boundaries. This study was 

designed to extend methodologies, that are used in multispectral and hyperspectral imagery, 

to digital aerial photography, and attempt to explicitly make use of the spectral information 

in the three broad bands produced by a digital aerial camera sensor. Contrary to many 

reports (e.g., Apel, 1987; Kendrick et al., 2002), most information was found to be in the 

green and red bands rather than the blue band, which had a very flat response across depth 

gradients. This indicates attenuation that is unrelated to depth – probably due to absorption 

by CDOM (tannins), which is often concentrated in the surface water layers. CDOM is a 

common constituent of the surrounding temperate waters and preferentially absorbs the 

shorter wavelengths, including blue (Clementson et al., 2004). Note that the blue band is 

also preferentially scattered by pure water, thus giving deep water its characteristic colour. 

The study made use of a modified normalised difference vegetation index (NDVI) band 

ratio applied to the red and green bands instead of the usual red and infrared bands. The 

normalised red green index (NRGI) band ratio (see section 5.3.2.1.2) proved valuable when 

differentiating seagrass (typically greener than red) from macroalgae including filamentous 

algae (often redder or browner than green). This capacity warrants further investigation, as 

problems that result from variable illumination across images over water caused, for 
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example, by forward scattering, could be tractable to band ratio methods (Tuominen and 

Pekkarinen, 2005; Valta-Hulkkonen et al., 2004). 

Two classification techniques were applied in this study – the commonly used maximum 

likelihood classifier (Richards, 1999) and a newly developed supervised visual fuzzy c-

means classifier making use of alpha shapes to define signatures in feature space (Lucieer 

and Kraak, 2004). Both methods produced similar results, though the fuzzy c-means 

classifier generated additional layers, such as maximum membership and confusion layers, 

which provide useful information about transition zones around class boundaries. While not 

used in this study, the use of these layers to assist in the visualisation of the uncertainty 

concealed by crisp boundaries is an active area of research with a large variety of proposed 

schemes including using hue to represent the classes and colour saturation to represent 

uncertainty (e.g., Davis and Keller, 1997). Though the alpha shapes SVFCM classifier 

performed well, Lucieer (2004a) has noted some limitations that could have affected this 

study, and further developments of the algorithm are anticipated. Also, while not applied in 

this thesis, there is considerable potential in the use of a fuzzy approach to landscape and 

vegetation patch dynamics, as well as to accuracy assessment as outlined by various authors 

including; Townsend (2000), Matsakis et al. (2000), Cheng (2002) and Power et al. (2001). 

Both of these areas of study are relevant to the goal of this thesis, that is, to produce outputs 

which are capable of becoming inputs into spatial metric analyses of vegetation patch 

dynamics and change detection. 

The hierarchical classification strategy (Townsend, 2000) applied to habitat discrimination 

in this study – where cover types are progressively split until only the cover type of interest 

remains – allowed a simpler analysis at every stage. By reducing complexity, more accurate 

testing of the analysis results became possible. The approach is similar to Lathrop and 

others’ (2004) classification levels and heeds the advice of Lunetta and Elvidge (1998) to 

reduce the “tyranny of dimensionality”. However, the greatest improvements in the results 

were obtained with the application of the depth correction. 

5.4.1 Depth correction 

Depth corrected imagery contributed to an improvement in image classification 

performance when assessing epiphytic loads, with increases in overall accuracies by 25% to 

an average of 75%. Further, these overall accuracies are likely to be conservative due to 

limitations in the methods of the accuracy assessment (see Section 5.4.4 below for a full 

discussion). The production of epiphyte abundance prediction surfaces (see Figure 5-8) 

became more feasible when based on depth corrected imagery and did so more reliably 
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when used with simplified classes (high and low) of epiphytic ranking derived from those 

surfaces. This is a previously unreported result for aerial photography, though work with 

imagery from multispectral and hyperspectral sensors has shown seagrass can be 

distinguished from associated algae and bacterial scums (Anstee et al., 2000; Roelfsema et 

al., 2002; Mumby and Edwards, 2002; Williams et al., 2003). The key methodological 

development for the depth correction technique is the use of the median of large numbers 

(10,000’s) of pixel samples, which helped to stabilise the light attenuation curves. This is 

one of the advantages of using high spatial resolution images sourced from aerial 

photography, as the large number of samples can overcome the high variability of the sand 

and SAV. 

One limitation of the method, however, is the strong likelihood that it does not accurately 

distinguish algal epiphytes that are close in colour (reflectivity) to seagrass. Strittholt and 

Frost (1996) and Ritter and Lanzer (1997) also noted this problem, and considered it a 

consequence of low spectral resolution. Anstee et al. (2000) provide a detailed report into 

the differentiation of Heterozostera (seagrass) and Ulva (green algae) species. While, the 

proportion of green epiphytes was very low in the present study area at the time of the study 

(< 5%), there are times and places when the proportion will change. Chaetomorpha, 

Enteromorpha and Ulva spp. are examples of green algal species that would not be 

included as epiphytes or associated algae using the method described in this study (For a list 

of the algae associated with the seagrass beds in North West Bay, see Jordan et al., 2002).  

The method is also probably limited to shallow depth ranges (specific depths unknown – 

see below), with the attenuation of red light likely to be the limiting factor. This is because 

the method depends on differentiating SAV with the ratio of red to green reflectivity. Red 

light attenuates faster than green with depth and is eventually completely attenuated. The 

depth at which this occurs is not fixed as red light attenuation depends on the proportions of 

the optically active constituents of the water column (Kirk, 1994), which vary in space and 

time. A further problem is the assumption underlying the method that the attenuation over 

sand is the same as that over the SAV, and that the attenuation effects being removed are 

due to the water column or some other systematic effect that is affecting both habitats 

equally. The risk is that the method will remove systematic changes in the SAV 

reflectivities that are inherent in the SAV rather than the water column. For that reason the 

method is probably best applied to areas with similar vegetation types, which is not an 

unusual occurrence as many seagrass beds are mono-specific (e.g., Pasqualini et al., 1998). 

A feature of interest that emerged while modelling the pixel values for SAV during the 

depth correction, was the existence of “breakpoints” – at about 1.5 m depth in the green 
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band and 0.8 m in the red – that were not present over the sand. No references to this type 

of feature were found in the literature. They appear to relate to light attenuation processes as 

they are consistent with the different rates of attenuation for red and green light, and they 

possibly indicate a reduced rate of attenuation over SAV by the water column in waters 

shallower than these depths. 

Depth corrected imagery produced no discernible improvement in the accuracy of the SAV 

density maps. This may be due to the relatively small depth range covered by the imagery 

(0-7 m, though mostly 0-3 m). An improvement can be hypothesised for the discrimination 

of density in deeper waters, though this needs to be tested. This would be a fruitful area of 

research as many authors have identified the problems associated with confusing the signals 

from deeper water (Norris et al., 1997; Pasqualini et al., 2001), and work has begun on a 

depth correction that incorporates a contrast stretch. 

The depth invariant method of Lyzenga (1978, 1981) was also trialed. Effective use of this 

approach was made in the Caicos Islands with multispectral and hyperspectral imagery 

(Mumby et al., 1997; 1999). However, while the method produced some interesting results, 

it was not consistent enough in the conditions present in this study. The depth correction 

methodology used in this study is dependent on the availability of bathymetric information 

in the form of a spatial grid (DEM) across the entire image. A DEM used was produced 

using the natural neighbours interpolation technique and had an estimated vertical error of 

about 0.5 m. This error will influence the results of the depth correction with a flow on to 

the prediction surfaces and classification results. Any inaccuracies in the DEM will reduce 

overall classification accuracies and Kappa coefficients of agreement, though the generally 

positive results indicate that this source of error did not substantially bias the results. The 

spatial distribution of the errors is likely to be uneven. For example, error is likely to be 

higher where depths change rapidly and in shallow depths due to reduced sounding 

coverage. 

5.4.2 SAV structural density 

The differentiation of the density of submerged aquatic vegetation is complicated by the 

scale problems inherent in the recording of light from discrete areas such as pixels, as a 

number of mixtures of SAV and substrate reflectivity and architecture (vegetation structure) 

could give rise to identical signals at the sensor, that is, the classic “mixed pixel” effect. In 

general terms, however, the darker pixels are likely to be recording the location of denser 

vegetation (Kirkman, 1996), partly because of the occlusion of the brighter substrate in the 
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shallow water, and also because of the increased shadowing present in seagrass and algae 

with longer blade lengths and higher shoot density (see Figure 5-5). 

Ideally, actual SAV and substrate reflectivity values would be obtained from the imagery so 

that imagery from different locations or obtained at the different times at the same location 

could be compared directly and precisely (Lathrop et al., 2004). As yet, however, there are 

confounding factors (as outlined in Chapter 1 and Chapter 2) limiting the capacity to obtain 

an accurate bottom reflectivity including for digital aerial photography and, therefore, 

comparison is restricted to relative measures through broad classifications. Comparisons 

between classifications are also limited by the often arbitrary positioning of the class 

boundaries, both during the classification process and within the reference data used for 

accuracy assessments. An effort was made to relate the remote sensing signal to a standard 

quadrat-based sampling methodology, which produces measurements of blade length, shoot 

density, percent canopy cover and epiphyte abundance from field observations (e.g., Jordan 

et al., 2002). However, even with the inclusion of depth as a variable, no direct relationship 

between the variables and pixel values – depth corrected or otherwise – could be found.  

An alternative approach was developed using a subset of the benthic video data to develop a 

SAV structural density measurement (range 0-1) based on SAV percent canopy coverage 

and SAV density within a video “quadrat” (see section 5.3.2.2.1 for details). The 

classifications were often able to distinguish between continuous dense SAV and a very 

small reduction in density – that is, either 10% less cover or 10% less density per quadrat. 

Even though the accuracy assessments showed that the addition of the moderate density 

class considerably reduced the accuracy of the classifications, there are some grounds for 

further work in this area, especially in light of the favourable results by Chauvard et al. 

(1998), Beanish et al. (2002) and Lathrop et al. (2004). Possibly larger reference sample 

sizes would improve the results by increasing the power of the tests. Additionally, a 

variation in the scale of the field observations (quadrat size and video FOV) would be worth 

testing. A useful next step would be to test the new SAV structural density measurement in 

tandem with an approach that includes image segmentation and classification approaches to 

take advantage of the textural information in the imagery as well as the spectral. 

The SAV structural density measurement developed here could also have potential to act as 

a measurement of the condition of seagrass beds. Evidence from Cockburn Sound indicates 

that fragmentation and reduction in seagrass density was evident prior to the complete loss 

of seagrass beds (Cambridge et al., 1986). Gordon et al. (1994) and Heidelbaugh and 

Nelson (1996) showed that percent canopy cover is affected by environmental conditions 

and Bulthuis and Woelkerling (1983) showed there was a significant seasonal signal in 
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seagrass density. The results of this study indicate that percent canopy cover of seagrass 

could be reasonably related to SAV density measured in broad classes. It should be noted 

that the overall accuracies obtained in this study are likely to be conservative due to the 

limitations imposed by the accuracy assessment methodology (see section 5.4.4).  

The weak direct relationships found between the image pixels and the standard quadrat-

based diver observations of seagrass percent canopy cover, shoot density and blade length, 

suggests that there are no reasonable grounds for estimating seagrass biomass for H. 

tasmanica from aerial photography with the methods applied in this study. However, this 

negative conclusion is not definitive, as, unlike epiphyte abundance, the measurements of 

percent cover, shoot density and blade length made for this study remain to be related to 

measured biomass via regression. Further, the large abundance of epiphytes throughout 

most of the images also complicated the results. It is speculated that increases in blade 

length above a certain (as yet unknown) threshold are likely to make little difference to the 

signal captured in the imagery because the shadowing and wave-forced leaf orientation will 

result in similar net upwelling reflectivity and provide limitations on discriminating 

between high and very high biomass. However, it is reasonable to conclude that broad 

biomass classes can be distinguished, particularly where coverage is less than continuous or 

at low densities – that is, for sparse and patchy seagrass. This provides a basis for 

identification of beds that change between high and low biomass through time. 

5.4.3 Epiphyte abundance 

Similar to the approach taken with SAV structural density, a direct relationship was initially 

sought between the standard quadrat-based sampling measurements of epiphyte abundance 

(Jordan et al., 2002) and the depth corrected pixel values that were matched to quadrat 

observation locations. While there were some reasonably strong correlations present 

between the training quadrat data and the image pixels (coefficient of determination of 

0.91) (see Figure 5-7), when an accuracy assessment was conducted with independent 

benthic video data on the prediction surface created from the relationship, the correlation 

was found to be weak (coefficient of determination, r2=0.11)(This result is possibly due to 

high heterogeneity and georeferencing inaccuracies – see section 5.4.4). However, by 

splitting the modelled epiphyte abundance surface into classes of high and low with a class 

boundary at 3.5 (equating to just over 50% abundance), reasonable overall classification 

accuracy scores were achieved, with, for example, image 1528 at 87%. 

Image classifications were then conducted, and the clear and consistent improvements (see  
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Table 5-11) support the hypothesis that epiphyte abundance of seagrass can be 

distinguished, in broad classes, from depth corrected digital aerial photographic imagery – 

at least in the depth ranges covered in this study. This positive result has implications for 

the monitoring and assessment of seagrass condition, as epiphytes play a key role in 

seagrass ecology (e.g., Kendrick and Lavery, 2001; Vanderklift and Lavery, 2000; Irlandi et 

al., 2004). A large number of studies of the spatial distribution and abundance of epiphytes 

on seagrass have produced a variety of understandings about their ecological relationship 

(e.g., Silberstein et al., 1986; Cambridge et al., 1986; Fitzpatrick and Kirkman, 1995; Ruiz 

et al., 2001; Hauxwell et al., 2003; Irlandi et al., 2005). However, a common proposition 

presented by researchers is that, if ambient nutrient levels rise, the associated filamentous 

algae will respond rapidly and create thickened beds, which, in turn deprive the underlying 

seagrass of light (e.g., Kirkman, 1996; Dennison and Abal, 1999; Wood and Lavery, 2000). 

The reduction in light levels leads to reduced growth and eventually may cause seagrass 

mortality. 

The techniques presented here could form a basis for further work in temporal studies of 

epiphyte abundance, specifically historical studies of archival colour aerial photography 

(especially when accurate bathymetric information (DEM) becomes available) or ongoing 

monitoring with targeted flights at suitable time scales, as proposed by, for example, Wood 

and Lavery (2000). Under certain circumstances, such as an eutrophic event, it would be 

reasonable to hypothesise that epiphyte levels found in shallow water are similar to those 

found in deeper water, in which case monitoring epiphyte abundance in shallow water with 

aerial photography may be an efficient way to assess the epiphyte levels for the whole area, 

including the deeper waters. 

5.4.4 Accuracy assessments issues 

While the accuracy assessments were generally consistent in terms of the direction of 

improvements, the relatively low absolute levels of the overall accuracy measurements 

warrant further discussion. In general, potential factors underlying the low accuracy levels 

of the results include the method of class boundary selection, problems with mixed pixels 

and adjacency effects, and the geographic positioning of reference data in highly 

heterogenous environments.  

For most SAV mapping, class boundaries are, by necessity, divisions of a more or less 

continuous reality that enable understanding and meaning to be produced from complexity 

(Fisher, 2000; MacEachren, 1992; Monmonier, 1996). However, the simplification or 

generalisation of information that takes place with a crisp classification can create problems 
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for accuracy assessments, particularly at locations around or near class boundaries (Gopal 

and Woodcock, 1994; Burrough, 1996). In addition to the problems caused by class 

boundary simplifications, the habitat classes defined by the training data and expressed in 

the classification ideally need to match the classes defined in the reference data to create the 

conditions necessary for an effective accuracy assessment (Foody, 2004b). However, in this 

study no direct relationship was found between the standard field measurements of blade 

length, seagrass percent canopy cover, shoot density and epiphyte abundance and the image 

derived SAV density classes, and, therefore, the standard field measurements could not be 

used for reference data. The effort to discover reference data measurements that were 

related to the image classes produced a meaningful set of classes that can be derived from 

benthic video quadrats. The developed measure of SAV structural density (SSD) requires 

further testing with a wider range of SAV types and further definition of class boundaries. 

Reductions in class boundary uncertainty will lead to an increase in overall accuracy. 

The mixed pixel effect creates problems (Lillesand and Kiefer, 2001) when the image 

pixels are an average of cover types that have boundaries at scales smaller than the pixel 

size or when the point spread function of the pixel extends beyond the pixel boundary 

(Schowengerdt, 1997). The pixels in the digital aerial photography exhibited some 

adjacency effects (Doerffer et al., 1999), which appeared as halos around bright objects 

such as buoys on the water surface (approx. 1.5 m) but the size of the effects for SAV and 

sand pixels are unknown. It is reasonable to assume that there are some effects, which 

would produce correlations between each pixel value with its neighbours. The resulting loss 

of information effectively increases uncertainty about the spatial location of class 

boundaries with a negative influence on overall accuracy. The situation is exacerbated when 

the reference data are collected at a different scale, that is, has a different support, to the 

image data (Dungan, 2002). Unlike most remote sensing classifications, the pixel size in 

this study was smaller (0.3 x 0.3 m) than the reference data (benthic video quadrats of 0.5 x 

0.5 m, or almost 4 pixels), which means that some of the averaging effects will be 

overcome by the reference data, though the other detrimental effects still apply including 

the aggregation of cover types smaller than the pixel size.  

King et al. (1999) highlight the problem of low overall accuracies in heterogenous 

environments (Foody, 2004a). The problem can be partially explained by difficulties in 

matching the positions of the produced map with the reference data. In this study, there 

were challenges in finding adequate ground control for image georectification, partly 

because the differential GPS error was in the order of 3-5 m. Because the propagation of 

positional error is often described in terms of probabilities (e.g., 90% of well defined points 
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are within 12.5 m of true geographic position), any one point can be thought of as 

occupying a location somewhere within an area defined by a probability density function 

(PDF), typically circular in shape, also described as an epsilon-band when applied to 

polygons (Lewis and Hutchinson, 2000) (see Figure 5-14).  The epsilon, or error, bands can 

be considered a measurement of uncertainty in the position of both the reference data points 

and the polygon boundaries of the classifications. However, the standard point-based 

accuracy assessment methodology effectively disregards the information contained in the 

error distributions as it treats all positions as absolutely accurate and certain, with the result 

that, at the location of the reference pixel, a classification may only be counted in a simple 

binary way – that is, as accurate, or not. This effectively means the probabilities associated 

with the positional error are disregarded. 

Uncertainty is especially high where the habitat is patchy, as there are more boundaries per 

unit area. The increased quantity of boundaries means that the chances of the reference data 

falling on an epsilon band are increased, with a concurrent reduction in overall accuracy. 

This study was conducted in a highly heterogenous environment, as shown by the spatial 

autocorrelation measurements, which indicated that most variability is expressed at the 

within-quadrat (1 m2) scale. Further, the calculated combined GPS positional error is 

estimated at about 5.9 m, or ~20 pixels. While it is argued that the actual error level is less 

than the calculated error due to consistent spatial distribution of the GPS error, these factors 

will still adversely affect the results of the accuracy assessments, most likely by reducing 

the overall map accuracies and Kappa coefficient of agreement. This would lead to major 

accuracy losses due to increased confusion between classes (Verbyla and Hammond, 1995), 

which is consistent with the results.  

 

Figure 5-14. Epsilon error bands. a) A point near a polygon, both represented with absolute certainty. b) The 
same point and polygon represented as a probability density function with higher positional certainty near the 
middle of the range, decreasing with distance. c) In this crisp, certain representation, the point is clearly still 
outside the polygon even though it is closer to the boundary. d) The same point and polygon as for c., but this 
time represented as probability density functions. The overlapping epsilon bands mean that it is uncertain 
whether the point is inside or outside the polygon. 

Improvements in the accuracy of the maps could potentially be made with more 

sophisticated accuracy assessment methodologies such as fuzzy (Townsend, 2000; 
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Matsakis et al., 2000) or area-based accuracy assessments (Lowell, 2001). Other strategies 

for improving the results are to obtain more precise image georectification via improved 

ground control points or direct georeferencing systems (see Chapter 2) and to collect 

reference data with more accurate positioning systems. Any improvements would enable 

more confidence in classification outcomes and enhance the ability to resolve class 

boundaries more accurately, potentially enabling an increase in the number of habitat and 

condition classes reliably discernable with digital aerial photography.  

5.5 Conclusions 

The results show that digital aerial photography can be used with standard remote sensing 

methods of modelled prediction surfaces and image classification in conjunction with band 

ratios and depth corrections to produce maps of macroalgae, sand and submerged aquatic 

vegetation. Using the preferred method of continuous prediction surfaces with depth 

corrected imagery, epiphytic abundance ranks and epiphyte biomass estimates can be 

discerned. However, the prediction surface methodology failed with SAV density. The 

reasons for this most likely include the relatively poor positional alignment of the training 

and reference samples and the image, and the highly heterogenous nature of the 

environment. Further problems relate to the definition of measurements that are consistent 

between the field and the imagery, where traditional measurements of SAV biomass 

obtained by biologists in the field are inconsistent with the downward looking view from 

the image sensor. 

Using the image classification approach, SAV can be further subdivided into two density 

classes (high and low), though the depth correction made no difference to the results. 

However, the depth correction method significantly improved classification accuracy for 

epiphyte abundance and two classes can be reliably discerned (high and low). The depth 

correction methodology depends on the availability of an accurate DEM for the image, 

though this requirement is becoming less onerous. Furthermore, as long as the DEMs are 

internally consistent, the absolute accuracy is not critical as the depth correction 

relationships are formed empirically. As more DEMs become available and are more 

accurate, the potential for temporal analysis of historical levels of epiphyte abundance 

becomes more tangible, particularly in waters shallower than 2 to 5 m.  

The performance of the new visual supervised fuzzy c-means classifier (Lucieer and Kraak, 

2004) matched the maximum likelihood classifier, with the added benefits of enhanced 

information about the certainty of the class allocations. A new measurement, called SAV 

structural density (SSD), was developed for assessing SAV density with benthic video 
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quadrats. It was designed to have a more direct relationship to the signal received at a 

downward looking digital aerial photography sensor than the standard seagrass quadrat 

observation measurements of blade length and percent cover. These promising results lend 

support to further development of the new measurement to establish its value in a wider 

range of SAV types. Issues with the accuracy assessment methods were identified with the 

key concerns being positional accuracy of data sets in highly heterogenous environments 

and class boundary selection. The elucidation of these problems enables solutions to be 

proposed and trialed in future work, and opens the way to improved classifications. 
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Chapter 6 Discussion and conclusion 

Discussion and conclusions 

Ongoing worldwide concerns regarding a reduction in the condition and extent of seagrass 

beds have resulted in the continued need to further develop seagrass mapping and 

monitoring methods. In particular, there is an identified need for improved techniques to 

support mesoscale, or landscape, analyses that enable the fine scale patterning and 

patchiness of seagrass habitats to be perceived and studied (Fonseca and Bell, 1998; Duarte, 

1999; Kendrick et al., 2000; Kelly et al., 2001). There are a number of challenges that need 

to be overcome before imagery can readily and reliably form the basis of such analyses. 

These challenges arise in both image capture and image interpretation. The outstanding 

research issues examined in this thesis (see section 1.4) include image quality, seagrass 

detection depths, depth corrections and habitat discrimination in maps derived from 

imagery using methods based on the spectral information contained within the (typically) 

three bands of digital aerial photography, rather than methods based on operator perceived 

differences in contrast (i.e. between patches of lighter and darker substrates). In the light of 

the research findings, the original research questions (see section 1.4) are firstly discussed 

in relation to the map production conceptual framework, that is, mainly in terms of remote 

sensing, and then, in their implications for the monitoring of seagrass.  

6.1 Shallow water remote sensing techniques  

Mapping of seagrass beds generally consists of three distinct stages: image acquisition; 

image preparation and processing; and image interpretation and analysis. The research 

findings have made a contribution to each stage.  

6.1.1 Image capture 

Persistent reports of poor quality images when captured over water for subsurface feature 

mapping (e.g., Ferguson and Wood, 1993; Lathrop et al., 2004) has driven efforts to 

identify the critical factors affecting image quality and their relative importance (Phinn et 

al., 2000, 2003). Phinn et al.’s (2000) scene model framework was applied in the present 
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work with adaptations (see Section 2.3.2). Some of the components of the scene model 

were selected on an a priori basis as the apparent best choice in the circumstances of the 

study. For example, digital aerial photography was chosen, in part, for budgetary and 

logistical reasons. Other components were explicitly tested and studied including the 

environmental conditions – specifically water clarity measurements and sun glitter – and 

the target characteristics – specifically regarding the detectablity of the deeper edges of 

the seagrass beds. 

6.1.1.1 Environmental conditions 

The environmental conditions affecting image quality can be divided into four interacting 

sections, which relate to the path followed by the light as it travels from the source to the 

sensor: the sun, the atmosphere, the water surface and the water column. There are a range 

of factors (as discussed in the previous chapters) that influence light attenuation within each 

section. All the factors are limiting, as any one factor can obscure the bottom features of 

interest, as well as accumulative, in that the effect of each factor combines with the others 

to produce a net loss of image quality. The standard methodology presented to the 

practitioner (e.g., Finkbeiner et al., 2001) is to fly with clear air and no cloud (that is, low 

atmospheric attenuation by haze and low skylight reflections), with moderate sun angles, 

and low wind speeds. In addition, the low point of the tidal cycle is regarded as desirable to 

reduce the water column depth, unless it is known to be a period of high turbidity through 

sediment resuspension. The findings of this thesis have contributed a number of 

improvements to this component of image capture, especially in relation to environmental 

conditions found in temperate estuaries. 

Experience in Tasmania during this research has shown that water clarity is the single most 

limiting factor on image quality – whether due to turbidity, CDOM or plankton blooms. 

Higher turbidity and CDOM levels were mostly driven by rainfall events, and could persist 

for 7 to 14 days, while turbidity driven by wind resuspension generally dissipated within a 

couple of days. Both cloudiness and sun angle were also shown to limit image quality. 

Cloudiness controlled the number of days available for image capture, with delays of weeks 

quite common. Sun angle strongly controlled the length of time available for image capture 

on any single day through the effects of sun glitter (partially driven by wind speed) and 

subsurface illumination (Mount, 2003). Tidal range is generally low in southeastern 

Tasmania (~1 m maximum and 0.5 m average in the study area (National Tidal Facility)) 

and did not seem to significantly affect the observation of the bottom, though clearer water 

was often evident on the flood tide. Recent experience in Victoria (an Australian state 

adjacent to Tasmania) has shown that surf is a severely limiting factor for nearshore image 
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capture in areas subject to strong, continuous swells (David Ball, pers. comm.). High levels 

of sediment resuspension and the bright white foam and broken water that form on the 

surface cause the poor visibility. 

Research Question 1 asks, “Can the time window of opportunity for image acquisition, 

particularly via aerial photography, be extended and/or more accurately predicted?” The 

short answer to this question is “yes”. This question refers mostly to choosing the optimum 

time for image capture to reduce sun glitter and ensure adequate subsurface illumination. 

Chapter 3 addresses these issues in detail and the findings support the use of a simplified 

algorithm (Equation 3-8) for predicting the extent of sun glitter likely to be present on an 

image with a rectangular instantaneous field of view (IFOV): 

Geo = θz - 2βm        (3-8) 

where Geo is the distance from the centre of the image to the edge of the glitter closest to the 

image centre, θz is the solar zenith angle, and βm is the maximum wave slope. This 

algorithm is applicable worldwide and allows the inputs of solar zenith angle and wind 

speed to produce an accurate estimate of sun glitter on an image with any given field of 

view (FOV). The results are applicable to vertical image capture over any form of 

waterbody, including lakes, wetlands and dams, and would benefit studies, such as those 

examining river channel morphology with through-water photogrammetry (Gilvear et al., 

2004) and inundation (flood) detection via sun glitter (e.g., Vanderbilt et al., 2002). 

As the amount of subsurface illumination is strongly influenced by local water column 

clarity and the characteristics of the chosen target, it is more difficult to determine. 

Downwelling illumination levels immediately below the surface at a sun angle of 35° are 

617 W/m2. However, at 20° sun angle, the subsurface illumination levels are 355 W/m2 and 

rapidly reduce at lower sun angles. Loss of light to the subsurface environment due to 

reflection of irradiance at the water surface are shown to be small and average about 25 to 

30 W/m2, increasing to a peak of 41 W/m2 at about 20°. Also shadowing within the SAV 

canopy is affected by an interaction between the structural arrangement of the vegetation 

and sun angle. A study into the effect of sun angle on subsurface illumination and 

shadowing with a range of water column conditions and SAV structures would 

considerably increase the understanding of reflectivity of benthic SAV. There are no studies 

currently in the literature that have examined these factors. 

Research Question 2 asks, “Is Secchi disk depth (Zsd) a useful measurement of water 

clarity when preparing to acquire imagery for the purpose of observing the deep edge of 

seagrass beds?” The direct answer to this question is “yes”. It was posed because the 
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individual optically active constituents (that is, turbidity, plankton and CDOM) are time 

consuming, complex and expensive to measure. The research findings show that provided 

there is information on the annual average water clarity conditions at the target sites, Secchi 

depth is sufficient (Chapter 4). Imagery captured during clearer-than-average water clarity 

conditions were able to detect the deep edge of H. tasmanica seagrass beds in North West 

Bay, where the historical records indicate that average water clarity conditions range from 

between 2 m (near the river mouth) to 9 m (at the mouth of the bay). Zsd is effectively an 

instantaneous measurement of the depth at which 18% of surface incident light remains in 

the water column (Carruthers et al., 2001). It is similar to the generally accepted values for 

the percentage of light that limits most species of seagrass, which is an annual average of 

more than 10-15% of surface incident light (Dennison et al., 1993). For example, 

Kenworthy and Fonseca (1996) showed that Halodule wrightii and Syringodium filiforme 

require between 24% and 37% minimum light requirement and Dennison et al. (1993) 

report that Zostera marina requires 18.6%.  The deep edge of the seagrass was consistently 

detected at 60% of Zsd, which suggests that the deeper edge could be detected in even 

poorer water clarity conditions. When identifying a target Zsd before image acquisition is to 

take place, in the absence of average Zsd records, it would be reasonable to specify the 

existing maximum depth (MDL) of seagrass in the target locality plus a buffer of at least an 

extra 40%. A smaller MDL buffer may work, but further work is needed to establish this. 

The size of the buffer is also dependent on the contrast of the SAV and substrate at the deep 

edge (see the next section for further discussion). 

The lack of correlation between the detection depths and the turbidity readings indicated 

that other water quality constituents (that is, plankton and CDOM) were dominating the 

water clarity. Dennison et al. (1993) found a significant correlation (coefficient of 

determination r2 = 0.99) between total suspended solids (TSS) and the MDL of the seagrass, 

Zostera capricorni. The results of the current study indicate that CDOM may be playing a 

role in the MDL. Seagrass minimum light requirements are likely to respond differently to 

different spectral distributions of light and not simply the overall light availability 

(Kenworthy and Gallegos, 1996). However, in terms of determining seagrass detection 

depths in imagery, this study found that Zsd is an adequate measurement and is preferred to 

methods that measure only one of the constituents, such as turbidity. It is of note that the 

deeper edge of the seagrass can be used to determine the mean annual attenuation 

coefficient (Kz) (Carruthers et al., 2001; Dennison and Abal, 1999) and the results for North 

West Bay show that there is a gradient of light attenuation from north to south ranging from 

0.84 to 0.3 m-1, which is consistent with the trend in the historical Secchi Disk depth record.  
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6.1.1.2 Target characteristics 

The target characteristics that were studied included those that relate to the capacity to 

observe the deep edge of the seagrass beds (boundary contrast and gradient) and those that 

assist with distinguishing seagrass species. Research Question 3 asks, “What are the 

limiting factors on the detection of the deeper edge of seagrass beds in digital aerial 

photography?” Following the finding in the previous section that light attenuation by the 

water column was not the limiting factor in this study, the Chapter 4 results support the 

following proposition: that it is a lack of contrast across the seagrass/sediment boundaries 

that limits the consistent observation of the deeper edge of H. tasmanica seagrass beds, at 

least in the depth ranges observed (2-8 m). This finding adds further support to the use of 

the Secchi disk as the appropriate measure for assessing suitable acquisition conditions, 

because the Secchi disk is also based on the measurement of contrast (Preisendorfer, 1986). 

While there were several studies that argued that the deeper edge of the seagrass beds is 

unable to be observed in aerial photography (Norris et al., 1997; Pasqualini et al., 2001), 

none identified contrast as a limiting factor. It is argued here that it should be possible to 

detect the deep edge of seagrass beds in imagery, as long as there is sufficient contrast at the 

deep edge and the imagery is obtained when water clarity is higher than average. 

Circumstances where this proposition may not apply could be where the minimum light 

requirement of a particular seagrass species is lower than the percentage of light measured 

by the Zsd. This may reduce the amount of reflected light upwelling to the sensor to less 

than the sensitivity of the sensor or to amounts that are easily overwhelmed by other 

sources of light such as path radiance. This effect will be particularly noticeable in the blue 

part of the spectrum (e.g., Kendrick et al., 2002), as the primary sources of noise from the 

atmosphere (Rayleigh, Mie and non-selective scattering (Jensen, 2005)) and water surface 

(skylight reflections) mostly affect the blue part of the spectrum, and it is also the last part 

of the spectrum to be attenuated with increased water depth (Kirk, 1994). This means that 

as the water column deepens, the attenuation losses of the remaining signal are 

proportionally greater with an increased likelihood of reduced visibility of the seagrass deep 

edge. For example, Posidonia oceanica is identified as having a deep edge that is too deep 

to be observed from aerial photography (Pasqualini et al., 2001). It is found down to 35 m 

depth and has a minimum light requirement of 9.2%. Chauvard et al. (1998) and Manière et 

al. (1986), though, reliably report observing P. oceanica in aerial photography down to 

depths of 20 m.  

The study also found that the gradient of the boundary – that is, whether it is abrupt, well 

defined, patchy or gradual – is not related to the observability of the boundary. 
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Research Question 4 asks, “Can Heterozostera tasmanica be distinguished from 

Halophila australis at the deeper edge of seagrass beds in digital aerial photography?” The 

short answer to this question is “no”. The results show that the boundary between 

H. australis and any other habitat type, including H. tasmanica, were undetected much 

more often than detected, by a ratio of about 3:1. This result is consistent with the findings 

of others (Robbins, 1997; Chauvard et al., 1998; Agostini et al., 2003; Lathrop et al., 2004) 

who also report considerable problems in species differentiation in aerial photography. 

Kendrick et al. (2000) chose to only map species with high leaf area indices (1.9 to 18) 

from aerial photography, as the other species were unable to be mapped reliably. Part of the 

reason for the result in this study is a large difference in the target characteristics of the 2 

species with H. australis having a short (~70 mm blade length) and low shoot density and 

leaf area index (Edgar, 1997), which exposes much of the substrate. A pixel in an image 

integrates the reflectivity over the area of the pixel and, if the seagrass percent canopy cover 

of the area is low, then most of the signal received at the sensor will be sourced from the 

other components, such as sand. This is the classic mixed pixel effect (Schowengerdt, 1997; 

Lillesand and Kiefer, 2000) and makes discrimination of the seagrass very challenging for 

imagery with the added characteristics of low spectral and radiometric resolution, such as 

digital aerial photography. Further, where H. australis was found in this study, the substrate 

was typically covered in a layer of dark fine filamentous algae, which extended beyond the 

bed boundaries and both strongly reduced the contrast at the bed boundary and reduced the 

overall strength of the signal at the sensor. 

6.1.1.3 Scale, resolution and minimum mapping units 

Selection of the scale at which imagery is acquired is critical to balancing areal coverage 

with capturing the level of fine spatial structuring required for achieving the study aims. 

Ground pixel sizes reported in the literature range from 0.3 to 5 m and they are often made 

larger (that is, reduced in resolution) to match the resolution of the coarsest data layer. The 

aggregation or resampling of imagery is potentially problematic, as the original data can be 

altered significantly (Li and Wu, 2004; Jensen, 2005). The present study has sought to 

optimise the pixel size of the imagery at the time of capture to both meet the needs of 

monitoring – rather than mapping – and to match the resolution of the study’s other data 

collection methods – benthic videography, and diver quadrat observations. The greatest 

variability in percent cover, blade length and epiphyte abundance of H. tasmanica is at the 

between-quadrat scale, although high variability can also occur at the within-quadrat scale 

(Jordan, Mount et al., 2005). In that study, the quadrat size was 1 m2 and the spacing was 

10 m, so for the present study, a ground pixel size of 0.3 m and a minimum mapping unit of 
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1 m was set to ensure the capture of maximum variability, that is, the fine detail patterning 

and patchiness needed for landscape scale analyses (Gustafson, 1998; Kelly et al., 2001). 

The resolutions of all the data sources used in this study are presented in Table 6-1.  

Table 6-1. Spatial resolution of data sources: minimum discernible unit and minimum mapping unit. 

Data source Minimum discernible unit 
(m2) 

Minimum mapping unit  
(m2) 

Imagery 0.25 - 4 1 - 4 

Benthic videography 0.25 - 4 1 - 4 

Quadrats 0.25 1 

  

6.1.1.4 Platform choice 

The platform choice of digital aerial photography from light fixed-wing aircraft was largely 

driven by a necessity for a rapid response to the fleeting windows of opportunity created by 

the complex mix of environmental conditions needed for high quality image capture. Jupp 

(1985) noted similar difficulties in obtaining the simultaneous occurrence of satellite 

overpass times with suitable weather and water column conditions. The use of a lens-

calibrated digital single lens reflex camera was a deliberate choice that enabled easy, low-

cost access to a sensor with spatial, radiometric and spectral characteristics that are 

reasonably matched to the objectives. While the spatial coverage of the images is small 

compared to standard 230 mm film aerial photography, the majority of the issues regarding 

flight planning and image capture are similar and solutions to them are transferable to other 

sensors and platforms and thus meets the needs of a research platform. For example, the 

geometry of sun glitter and refraction apply to all sensors, whether they have rectangular 

instantaneous fields of view or are line scanners with pointable look angles. Further, the 

main purpose of the study is to develop methods to support monitoring, which can 

potentially be done with small-area samples of targeted locations (e.g., Fonseca and Bell, 

1998; Kendrick et al., 1999). This sort of approach is well suited to the small format sensor 

and light plane as the platform facilitates monitoring of seagrass at landscape scales with 

high temporal and spatial resolution by enabling the rapid sampling of a large number of 

locations from widely dispersed areas. 

Cost is a significant issue and Mumby et al. (1995) present comparisons between sensors, 

followed more recently by Dekker, Anstee et al. (2005). The latter argue that sensors with 

higher spectral and radiometric sensitivity may cost more to deploy and process, though 

they produce better quality and more measurements of the environment at a lower cost per 

measurement. The current study found that small-format digital cameras in a small fixed 
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wing plane provided an effective low cost platform for technique development. The same 

platform is also suitable for targeted monitoring on scales ranging from metres to 100’s of 

metres, though efficiencies are greatly reduced when mapping broad areas on scales greater 

than 5-10 km2 due to the large number of images to be processed. At the time or writing, 

large quantities of multispectral Quickbird satellite imagery is flooding the market at prices 

comparable to standard format aerial photography. The Quickbird imagery has the 

advantage of delivering the infrared band (useful for intertidal seagrass detection) and is 

also very consistently rectified across large areas. The issue of platform choice and cost was 

considered beyond the scope of this study to test and is not discussed further.  

6.1.2 Image preparation and processing 

Geometric distortions were dealt with as the need arose and lens and refraction correction 

methods based on existing knowledge were implemented as required. Lens distortions are 

the major form of geometric distortion that occurs in small format aerial photography 

(Warner, 1996) and a method was implemented that removed the distortions as specified by 

the lens calibration report. The refraction distortion corrections developed by Rinner (1969) 

and Harris and Umbach (1972) were added on to an existing relief displacement correction 

script (Morphew, 2004). For single image orthophotography, refraction distortions are 

largely only relevant in very precise work, or where the water is very clear or where wide 

fields of view are used (see Section 2.3.3.2 for more details).  

A depth correction methodology was developed that makes use of very large numbers of 

samples, that is, in the tens of thousands compared to the relatively small number 

(hundreds) of pixels often used (e.g., Chavez et al., 2000). The method entails using the 

samples and a spatially explicit digital elevation model (DEM) of bathymetry to produce a 

model of light attenuation in each of the three bands of the digital aerial photography. The 

model is used to obtain a more accurate bottom reflectance value at each pixel so that 

subsequent stages of analysis and interpretation can be better supported. The “large sample” 

depth correction model was tested at the image classification stage of analysis. 

6.1.3 Image interpretation and analysis 

The image interpretation and analysis methods applied in this study are designed to support 

the development of techniques suitable for monitoring seagrass habitats through the use of 

change detection methods including spatial metrics (landscape ecology metrics). They must 

be able to produce results that will feed into mesoscale analyses where seagrass bed 

patchiness and fragmentation dynamics can be studied – that is, scales in the tens and 
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hundreds of metres (Fonseca and Bell, 1998; Duarte, 1999; Kendrick et al., 1999; Robbins 

and Bell, 2000). There are a number of key requirements that the data must meet for the 

metrics to work (Lunetta and Elvidge, 1998; Li and Wu, 2004). For example, particular care 

is needed to accurately co-locate the time-separated data sets to ensure pseudo-changes are 

not measured. Another challenging problem for change detection methods is the 

identification of boundary locations where boundaries between habitat classes are indistinct 

and the classes intergrade (Mumby et al., 1997). Many spatial metrics are dependent on 

measurements of perimeter and area (McGarigal and Marks, 1995) and ambiguity or 

vagueness (Fisher, 2000) in boundary locations can make large differences to either of these 

measurements and thus the relationship between them. Approaches to change detection can 

be divided into two broad methods – either directly comparing the imagery (e.g., via image 

differencing) or comparing derived outputs such as classifications or modelled surfaces 

derived from the original images (Lunetta and Elvidge, 1998). The modelling and 

classifications applied in this study were designed with the needs of change detection 

analyses in mind.  

6.1.3.1 Discrimination of seagrass condition and epiphyte abundance 

Research Question 5 asks, “Does image classification of digital aerial photography 

produce accurate spatially explicit measurements of seagrass condition or epiphyte 

abundance?” The direct answer to this question is “yes, though depending on a number of 

factors”. There are a number of parameters identified as useful measures of seagrass 

condition (health) including seagrass biomass, shoot density, blade length, percent canopy 

cover and epiphyte abundance (Wood and Lavery, 2000). Biomass is usually measured by 

destructive sampling and so a relationship between biomass and a more easily measured 

variable, such as a combination of blade length and shoot density, is often sought (Kirkman, 

1996).  While the methods used in this study were unable to measure biomass directly from 

digital aerial photography, this was not unexpected as the relationship between the pixel 

values and biomass are easily confounded, particularly when viewed from above and 

particularly for species with large variations in growth habit (Kirkman, 1996), as found at 

the study site. Species with less variability in blade length, widths and shoot densities – 

such as Posidonia spp. – are more tractable to biomass estimates from areal extent maps 

and remote sensing (e.g., Mumby et al., 1997) than species with highly variable 

morphology – such as Heterozostera and Zostera species. For example, H. tasmanica can 

have blade lengths varying from 60 to 1500 mm (Kuo, 2004). In North West Bay the blade 

lengths varied between less than 100 mm to about 500 mm (Crawford et al., 2005).  
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Estimates of seagrass health (condition) using aerial photography usually include areal 

extent (Ferguson and Wood, 1993; Pasqualini et al., 1998, 1999, 2001; Cueves-Jimenez and 

Ardisson, 2002; Agostini et al., 2003), patch dynamics (Robbins, 1997; Kendrick et al., 

2000) and seagrass density (Chauvard et al., 1998; Moore et al., 2000; Beanish et al., 2002; 

Lathrop et al., 2004). Unfortunately, the density measurement applied is inconsistently 

defined, with differences in quadrat size and a lack of clarity about whether it is shoot 

density or percent canopy cover that is being measured. As a consequence, areas of high 

canopy cover but low shoot density could be mistaken for areas of lower canopy cover but 

higher shoot density. Also, the filamentous algae that are often associated with seagrass 

contribute substantially to the upwelling reflectivity and can create further confusion 

between classes (Anstee et al., 2000). 

This study trialed a new measurement called SAV structural density with promising results. 

It incorporates both SAV density and SAV percent canopy cover in an effort to produce a 

density measurement that is meaningful to image interpretation from above (see section 

5.3.2.2.1 and Figure 5-9 for details). SAV structural density, as measured with benthic 

videography, was found to be related to the pixel values and enabled the reasonably 

consistent differentiation of high and low density areas of SAV. While it cannot directly 

measure the seagrass density, it is a more realistic measurement of the SAV visible in the 

imagery, that is, the mix of seagrass, epiphytes and associated filamentous algae. Using this 

measurement, it is reasonable to hypothesise that it would be possible to identify change 

between high and low SAV density conditions, which is potentially a way of monitoring the 

fragmentation of seagrass beds at a particular spatial scale, especially if used with the 

measurements of epiphyte abundance. While most seagrass researchers identify heavy 

epiphyte abundance as a potential indicator of poor seagrass health (Wood and Lavery, 

2000), no studies based on aerial photography have reported any success with mapping 

epiphyte extent or biomass. This is largely because it is challenging to discriminate seagrass 

from seagrass loaded with epiphyte with the usual contrast-based methods applied in aerial 

photography interpretation (see section 2.3.4.1). The attempt to do so in this study based on 

the spectral content via image classification also failed with consistently low overall map 

accuracy and Kappa scores. However, when a depth correction was applied, the results 

substantially improved.  

6.1.3.2 Depth correction 

Research Question 6 asks, “Is the discrimination of seagrass condition or epiphyte 

abundance in digital aerial photography improved with a depth correction of the imagery?” 

The use of the depth corrected imagery improved image classification overall accuracies by 
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25% for epiphyte abundance classes, bringing the accuracies up to an average of 75%. It 

also can be argued that the accuracies are understated due to problems with the accuracy 

assessment (see Section 5.4.4). The depth corrected imagery also produced reasonable 

results when used to assist with deriving epiphyte abundance surfaces (see Figure 5-8) and 

more reliably did so when used with simplified classes (high and low) of epiphytic ranking 

derived from those surfaces (see Table 5-3). This is a new result for aerial photography that 

has not been reported before, though a number of studies identify success in distinguishing 

seagrass from associated algae and bacterial scums using multispectral and hyperspectral 

sensors (Anstee et al., 2000; Roelfsema et al., 2001; Mumby and Edwards, 2002; Williams 

et al., 2003). 

The results open up a number of possibilities, including the re-examination of archival 

colour aerial photography to determine historic epiphyte abundances; the spatial analysis of 

epiphyte patchiness; and change detection of epiphyte abundance at the scale of tens and 

hundreds of metres.  

6.1.3.3 Modelled surfaces versus image classifications 

Mumby et al. (1997) used multispectral and hyperspectral imagery and formed a 

relationship between field measurements of standing crop (biomass) and the pixel values. 

They found high coefficients of determination (0.74, 0.79 and 0.81) for the various sensor 

types and produced maps of predicted standing seagrass crop with units of g m-2 of 

epiphyte-free dry weight. A relationship between the imagery pixel values and field 

samples was not established in this study for seagrass density measurements including 

shoot density, leaf blade length and percent canopy cover. Note that the biomass of the 

species under consideration (H. tasmanica) is also not yet related to these field 

measurements and has a highly variable morphology. The new measurement of SAV 

structural density (SSD) based on benthic videography was not tested via regression 

analysis, though could be potentially fruitful as it proved to be valuable during the image 

classifications accuracy assessments. More success was achieved with forming a 

relationship between associated algal abundances and the imagery. The production of an 

associated algal biomass map depicting grams dried weight per square metre (g DW m-2) 

(see Figure 5-8) was done only to illustrate the potential of this work, as there are a number 

of problems remaining to be solved. The weaknesses identified in the development of the 

regression used to relate the depth corrected image pixel values to the diver observations of 

epiphyte abundance included the problems with ensuring accurate co-location of both data 

sets and the poor representation of seagrass with low epiphyte abundance values due to the 

high levels of algal epiphyte encountered. Future work should seek to ensure both of these 
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issues are addressed, for the first issue by using dual frequency GPS systems with small 

baselines and, for the second issue by increasing the number of samples collected with low 

epiphyte levels. 

6.1.3.4 Visual fuzzy c-means classifier vs maximum likelihood classifier 

Research Question 7 asks, “Does a visual fuzzy c-means image classifier perform better 

than a maximum likelihood image classifier in discriminating seagrass classes in digital 

aerial photography?” The findings show that there was no statistical difference between the 

ML and FCM classifiers in overall accuracy when producing crisp classes. In spite of some 

identified issues with the SVFCM classifier, the added advantage of the membership values 

and the potential to derive further surfaces that assist in interpretation, such as confusion 

index surfaces, means that the SVFCM should be considered as the basis for further work. 

This is particularly the case in an environment such as seagrass habitats where ecological 

boundaries are gradual, ambiguous and vague. 

6.2 Contribution to seagrass monitoring  

Seagrass is an important component of estuarine and marine ecosystems (Edgar, 2001; 

Short et al., 2001) and provides many environmental services to humans (Costanza, 1997). 

The monitoring of seagrass health is required under many legal jurisdictions; such as under 

the European Union Habitat Directive (Sotheran et al., 1997; Ekebom and Erkkila, 2003) 

and State of Environment (SoE) Reporting (1996, 2001; Ward et al., 2000). The parameters 

that most seagrass researchers and managers identify as important are those of extent and 

condition, where condition is mainly related to biomass and productivity (Wood and 

Lavery, 2000; Duarte and Kirkman, 2001; Short and Duarte, 2001), though Hauxwell et al. 

(2003) recommend shoot density and areal extent. Changes in maximum seagrass depth 

range is also used as a measurement of condition; one which is strongly related to changes 

in annual median water clarity, particularly total suspended solids (Abal and Dennison, 

1996). While this thesis has findings relevant to the study of extent, such as the 

improvement of image acquisition, most of the findings are more directly pertinent to the 

condition of seagrass such as epiphyte abundance, density (biomass) and maximum depth 

range.  

6.2.1 Monitoring epiphyte abundance 

The study in Chapter 5 showed that it is possible to obtain maps and surfaces of the 

patchiness of epiphyte abundance at the scale of metres to 10’s of metres, which could be 
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used to assist with stratifying sampling locations. Further, the maps and surfaces themselves 

could be used to study the variability of patchiness both spatially and temporally through 

the use of spatial metrics (Vanderklift and Lavery, 2000; Lavery and Vanderklift, 2002). 

Irlandi et al. (2004) suggest that this work is required to further understand drift and 

epiphytic filamentous algae effects on seagrass beds.  

No other studies are known to have used aerial photography to map epiphyte abundance. A 

potential limitation of the proposed method is that it may only be applicable to shallow 

depths (0 – 4 m) due to the dependence on the proportion of red light. However, it is known 

that there are many situations where a method for measuring epiphyte abundances in 

shallow water will meet the requirements for monitoring seagrass conditions, especially 

those related to the adverse effects on seagrass of increased epiphyte growth leading to 

increased seagrass shading via the mechanism of elevated nutrient levels (Silberstein et al., 

1986; Fitzpatrick and Kirkman, 1995; Hauxwell et al., 2003). Firstly, there is some 

evidence that epiphyte abundances do not necessarily vary with depth (West, 1990), which 

lends support to the proposition that elevated levels of epiphyte measured in shallow water 

may indicate similarly elevated levels in deeper water. If the cause of the elevated epiphyte 

levels was an overall increase in nutrient availability throughout the water column, this 

proposition may be reasonable. Secondly, the shallow water seagrass beds, including the 

epiphytes, are important habitats in their own right and warrant monitoring. Care is needed 

when interpreting results, though, as it is thought that epiphyte abundances vary with 

turbulence (Kendrick and Hawkes, 1988; Kendrick and Burt, 1997), salinity (Kendrick et 

al., 1988), seagrass species and leaf turnover rates (Lavery and Vanderklift, 2002), epiphyte 

grazing pressure (Ruiz et al., 2001) and proximity to propagule sources such as reef (Van 

Elven et al., 2004). These factors may interact in a cascading manner. For example, Schanz 

et al. (2002, in Van Elven et al., 2003) speculate that increased current flows may reduce 

herbivory pressure on epiphytes leading to higher abundances. The maps and surfaces 

produced from aerial photography with the new techniques developed in this thesis could 

also be used to assess these ideas by examining spatial associations between environmental 

conditions and epiphyte abundance. 

6.2.2 Complementarity of SAV structural density (SSD) and 

epiphyte abundance 

The new remote sensing measurement of SAV structural density (SSD) is useful for 

distinguishing high density from low density SAV (where density is measured at the scale 

of 4 pixels or 1.2 m), which is relevant to the jurisdictional and managerial goals of 
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monitoring changes such as fragmentation in seagrass beds (Cambridge et al., 1986; 

Shepherd et al., 1989; Kirkman, 1996). The new measurement is correlated to visual 

estimates of percent canopy cover and vegetation density made from above with either 

benthic video or direct quadrat observations (see section 0). The difference to existing 

measurements of density is the inclusion of all the vegetation present, including seagrass 

and associated algae. This means that it is a step removed from directly quantifying 

seagrass canopy cover or density, though, if it is complemented by the other new remote 

sensing measurement of epiphyte abundance, more information can be obtained. For 

instance, an increase in epiphyte abundance (that is, to a ranking of 4 to 5 or approximately 

30 to 60 g DW m-2 or more) and thus a SAV structural density of ~100%), indicates 

potentially eutrophic conditions, that should be followed up with a field assessment of 

seagrass condition. Alternatively, if the epiphyte abundance levels are low (that is, a 

ranking of 0 to 2), the SAV structural density becomes a more direct measurement of the 

seagrass and is thus capable of differentiating high from low seagrass structural density (see 

Table 6-2). For example, in the relatively common circumstances where the associated 

algae are patchily distributed across the seagrass beds (Vanderklift and Lavery, 2000; 

Lavery and Vanderklift, 2002; Irlandi et al., 2004), the areas with low epiphyte abundance 

could be assessed for seagrass structural density. It is reasonable to conclude that the two 

new measurements are complementary when assessing the condition of seagrass beds.  

Table 6-2. The relationship of the new measurements of SAV structural density and epiphyte abundance to 
seagrass monitoring 

Case SAV 
structural 
density 

Epiphyte 
abundance 

Epiphyte 
Distribution 

Measurement Interpretation 

1 High High Uniform Potential eutrophic conditions, poor condition. 

2 High or low High or low Patchy Direct measurement of seagrass density 

possible, as well as extent of epiphyte and 

seagrass patches. 

3 High or low Low or none Uniform Direct measurement of seagrass density 

possible, as well as extent of seagrass patches. 

 

The SAV structural density measurement is able to differentiate low from high density 

seagrass (where epiphytes are low) in a way that is relevant to monitoring goals. The 

measurement can detect the transition of continuous dense beds of seagrass into less dense 

fragmented beds with a boundary between high and low structural densities at about 50%. 

Some potential was also shown for the detection of a change from 100% to 90% seagrass 

structural density. Both of these boundaries are useful as they measure the stage when the 

seagrass canopy has thinned to the point where the substrate is clearly visible. For seagrass 
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beds at 100% structural density, the measurement cannot discern different levels of shoot 

density or blade length. While this means that large changes in seagrass biomass could be 

occurring yet remain undetectable with the structural density measurement, the biologically 

and structurally significant shift to a broken fragmented canopy cover is detected 

(Cambridge et al., 1986; Shepherd et al., 1989; Kirkman, 1996). For example, when 

developing a maximum depth limit model, Kenworthy and Gallegos (1996) used a cover-

abundance scale applied to quadrat observations based on a modified Braun-Blanquet scale. 

They used a combination of shoot numbers (abundance) and percent canopy cover to 

generate frequency, abundance and density measurements. Like SSD, their scale is also 

limited to discriminating vegetation structure up to 100%, beyond which any increase in 

blade length or shoot density is not recorded.  

An important dimension of monitoring is that of time, as a snapshot of condition at any one 

time can be strongly influenced by the existing, and perhaps unusual, environmental 

conditions, such as nutrient levels, temperature and water clarity. For example, H. 

tasmanica is known to be responsive to change on seasonal time scales (Bulthuis and 

Woelkerling, 1986) and the associated algae can fluctuate rapidly in response to nutrient 

levels (Moore and Wetzel, 2000). A clear signal representing change necessitating 

management action may be difficult to obtain with one or few observation periods and 

further study is required to discern the meaning and causes of trends and changes through 

time. The application of spatial metrics and GIS overlay analyses, such as multi-criteria 

discriminant analysis, to a time series of the two measurements just discussed would be a 

useful way of extracting further information about the trends in seagrass condition and 

extent. 

6.2.3 Maximum depth limit 

Abal and Dennison (1996) use the maximum depth limit (MDL) of a particular species of 

seagrass as a way of monitoring whether the ambient water clarity conditions are changing 

in Moreton Bay, Australia (Udy, Qld EPA, pers comm.). Dennison et al. (1993) showed the 

maximum depth limit (MDL) of seagrass is usually controlled by light availability. Several 

authors including Norris et al. (1997), Pasqualini et al. (2001) and Carruthers and Walker 

(1999) have identified a lack of capacity to observe the deep edge of seagrass beds in aerial 

photography, though all have assumed that water depth and clarity are the limiting factors. 

The study results here (see Chapter 4) have opened up the possibility of using aerial 

photography for this purpose by showing that, within the water depth ranges tested (2-8 m), 

if water clarity is clearer than average (as measured by Secchi disk), the limiting factor is 

the contrast of the seagrass and the substrate at the deeper edge. The study findings hold 
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across a range of average annual Zsd values and show that the MDL varied positively with 

these readings, which is consistent with the findings of Duarte (1991) and Carruthers et al. 

(2001). The use of MDL to assess ambient water clarity is confined to circumstances where 

light is the limiting factor on seagrass growth, so where water turbulence, substrate erosion 

or disturbance control the MDL, the method will be confounded (Carruthers et al., 2001). 

However, it would still be possible to monitor the MDL with aerial photography in these 

circumstances for other purposes. 

A monitoring program can now be conducted by locating image sample sites where deep 

edge contrast is suitable, good quality bathymetric information is available and acquiring 

imagery when the water was clearer than average. An advantage of an image-based 

approach is that there are usually a number of points available in the image for observing 

the deeper boundary and so even if some parts of the deep edge were occluded for some 

reason, other parts of the deep boundary are often visible. Gallegos and Kenworthy (1996) 

identify possible limitations of the method when they note that it is based on an assumption 

of an even contribution of light energy across the spectrum, whereas they produce evidence 

to show that this may not be the case and that seagrass may respond differently to different 

mixes of light. They warn that attempting to predict both seagrass MDL from water clarity 

records and its response to changed water quality conditions may be fraught, as changes in 

the active optical constituents may confound the predictions. These cautions do not prevent 

the prediction of light attenuation from the MDL, though they require due care to be 

exercised during the employment of the method (Carruthers et al., 2001). Gallegos and 

Kenworthy (1996) also suggest that, to the extent that seagrasses can persist for long 

periods under adverse conditions, particularly those with larger reserves (Irlandi et al., 

2004), the MDL method may not be highly sensitive to deteriorating water quality. 

However, they particularly recommend its use as a measurement for monitoring 

improvements in water quality. The minimum light requirement for H. tasmanica derived 

by Bulthuis and Woelkerling (1983) in Port Phillip Bay and Westernport was used to derive 

an estimate of annual average water clarity for the study area, North West Bay. 

6.3 Seagrass monitoring: future directions 

A number of future directions are enabled through the findings of this thesis. Firstly, 

regarding image acquisition methods, the improved understanding of the constraints to 

image acquisition enables the more efficient and certain capture of imagery. The use of 

small-format SLR digital cameras has also extended the number of potential airborne 

platforms available and reduced some of the logistical limitations. These developments 
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create the potential to acquire imagery more frequently, particularly if the areas to be 

photographed are relatively small in extent, that is, each image ideally covers about 

1-2 km2. The flexibility of such a system also enables a quick response to environmental 

conditions. Rapid availability of imagery from the digital format, and an avoidance of 

artefacts created by scanning hardcopy film, all contribute to an improved production 

pathway. The net result of these developments is to enable the acquisition of aerial imagery 

suitable for monitoring selected areas of seagrass at relevant time scales. 

Improved understandings of the factors limiting the visibility of the maximum depth limit 

(MDL) of seagrass in Tasmanian temperate waters means that the MDL derived from 

remote sensing can become a useful monitoring tool for this aspect of seagrass condition 

and assist with the more accurate identification of the deep edge boundary when mapping 

extent. It has also enabled the consideration of using remote sensing imagery to 

measurement average annual water clarity conditions (Kz) wherever seagrass is found.  

The result of the depth correction study opens the possibility of studying epiphyte 

patchiness at scales of tens to hundreds of metres. As long as there is bathymetric data 

available, the method can be applied to current day imagery as well as to archival colour 

aerial photography. The method may also be transferable to multispectral satellite data such 

as Quickbird. It is also notable that, at the time of writing, about half of the shallow 

nearshore waters of Tasmania are covered by high quality SEAMAP Tasmania bathymetric 

data, with further additions made regularly (Barrett et al., 2001; Jordan, Lawler, et al., 

2005), though the very shallow waters (<1 m) tend to have lower soundings coverage. The 

mapping of epiphyte abundance through time can reveal trends and be used as a way of 

identifying high epiphyte abundance events, such as those related to eutrophic events. 

Further, where both epiphyte abundances and seagrass density are obtained, the 

complementarity of the data sets will enable change detection in seagrass density from high 

to low density, which acts as an early warning sign of further fragmentation and loss. The 

continued development of the SAV structural density measurement would support these 

advances, and more work on seagrass with low levels of epiphyte would be of value. It 

would be valuable to ascertain whether there is a relationship between SSD and above 

ground biomass. 

The depth correction algorithm revealed some potential for improving contrast at the deeper 

edges of the seagrass beds, that is, in the 5-10 m depth range. Some preliminary work was 

conducted in this direction, which indicated some promise. An improvement can also be 

hypothesised for the discrimination of SAV density in deeper waters, and the production of 

density maps generally, on the grounds that the high levels of epiphyte abundance hindered 
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this particular aspect of the study at the time of image capture. This would be a fruitful area 

of research as many authors have identified the problems associated with confusing the 

signals from deeper water. Further work on density should be considered using the image 

segmentation methods applied by Lathrop et al. (2004).  

Clearly, change detection techniques now need to be applied to the outputs of this study. 

The methodologies developed in this thesis have produced maps of seagrass, or parameters 

associated with seagrass, that are capable of supporting temporal analyses, including by 

reliably representing the parameters of interest. Empirical (direct observation) change 

detection is an important aspect of monitoring, though, one of the key difficulties 

encountered when designing monitoring programs is obtaining observations of adequate 

temporal coverage or resolution, that is, either long enough or often enough (Ward, 2000), 

and this is particularly the case in marine environments (Goodchild, 2000). Even when 

adequate spatial coverage and measurement accuracy is achieved, the long-term 

commitment required for the temporal aspect is often lacking (Thomas et al., 1999). One 

approach is to generate a model of habitat distribution based on locations with sufficient 

temporal and spatial data, and apply that model to other locations through the process of 

predictive mapping (Kelly et al., 2001). The predictive maps can then be used as basis for 

making comparisons with the observed habitat distribution to assess condition and extent, 

that is, model-based change detection or monitoring (Lunetta and Elvidge, 1998). Predictive 

maps can also be used to answer management questions about the likely impacts of 

disturbance, whether human or otherwise, and identifying optimal areas for restoration 

effort (Kelly et al., 2001).  

Issues of boundary uncertainty need addressing, and the fuzzy c-means membership and 

confusion surfaces show good potential for quantifying uncertainty and providing a basis 

for advancement. The development of improved accuracy assessments are needed for 

dealing with highly heterogenous environments; one option is to explore the issue of more 

accurate position matching systems for multiple data sets including training and reference 

data. 

6.4 Conclusion   

The vast array of remote sensing techniques reported in the literature continues to grow at a 

rapid rate. The techniques presented are often characterised by ever increasing complexity 

and sophistication of both imagery and analysis. While the aim of this thesis is to develop 

optical remote sensing techniques for mapping and monitoring seagrass habitats in shallow 

temperate marine waters, a lateral approach was adopted by applying some of the new 
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remote sensing analyses to a relatively simple form of remote sensing – digital aerial 

photography. This approach was taken as the ready availability of small format non-metric 

digital cameras is opening opportunities for smaller agencies and organisations – including 

in developing countries and those involved in specialised areas of endeavour. The studies 

presented in this thesis form a body of work that is designed with such practitioners in 

mind.  

The first study provides more certainty to image capture by refining existing knowledge 

about sun glitter and subsurface illumination. The environmental conditions for obtaining 

adequate imagery of subsurface features are relatively uncommon, and the ability to 

accurately define the required conditions is critical to mission planning. The simple 

formulas developed and tested in Chapter 3 enable the practitioner to predict the amount of 

sun glitter likely to appear on the images given the sun angle, expected wind conditions and 

camera field of view. By increasing the window-of-opportunity for image capture, the 

findings clearly enhance the existing methods. The work completed on understanding and 

removing some of the effects of refraction and non-metric lens distortions on the acquired 

images also supports the practitioner in a practical manner. 

The question perennially asked of remote sensors of shallow waters is, “How deep can you 

see?” The study reported in Chapter 4 responds to this question with particular reference to 

the dominant seagrasses at the main study site, H. tasmanica and H. australis. It was not 

possible to differentiate between the two species with aerial photography, largely because 

the low above ground biomass of H. australis reduced the strength of its signal at the sensor 

and the presence of dark epiphytic growth over the substrate between its leaves reduced the 

contrast between it and H. tasmanica. The study found that the seagrass maximum depth 

limit (MDL) for H. tasmanica correlates to water clarity, as measured by Secchi depths, 

which is a finding that is consistent with reports of other species. One of the new findings of 

the study is that, once water clarity is accounted for by collecting imagery when the water is 

clearer than the annual average, contrast between habitat types at the deep edge of the 

seagrass beds (MDL) was found to be the factor limiting observability of the edge. This 

means that, given a particular area of interest, others can apply simple tests in the field to 

establish whether the MDL would be observable in aerial photography. The study area had 

deep edge boundaries with both high and low contrast, which meant the boundary could not 

be comprehensively mapped in this case, though sufficient MDLs were observed to 

establish that the spatial pattern of the average annual water clarity (Kz) calculated from the 

MDLs matched that of the available Secchi depth records. Once the minimum light 

requirements of H. tasmanica are known, more accurate measurements of average annual 
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water clarity should be obtainable, potentially for a large number of locations where aerial 

photography is already collected, or can be collected, during times when water clarity is 

clearer than average. 

The key finding from the final set of studies (Chapter 5), is that a simple depth correction 

technique successfully increases the accuracy of epiphyte abundance and biomass maps 

derived from digital aerial photography via image classification techniques. While the 

method is dependent on the availability of bathymetric information across the area of 

interest in the form of a digital elevation model (DEM), that requirement is becoming less 

onerous to fulfil. The method is only applicable in waters shallow enough to ensure 

sufficient red light arrives at the sensor to differentiate between the epiphyte (mostly 

red/brown) and the seagrass (mostly green) – that is, shallow waters between approximately 

0 and 4 m, with the latter depth dependent on the active optical constituents present at the 

time of image capture. A new measurement for evaluating submerged aquatic vegetation 

(SAV) density was developed called SAV structural density, which enables higher accuracy 

assessment scores when compared to the standard measurements of seagrass density such 

as shoot density, blade length and percent cover. It is proposed that this was achieved 

because the thematic classes in the reference data were more coherently aligned with those 

derived by classification of the aerial photography. The complementarity of the epiphyte 

abundance maps and SAV structural density is discussed, with the conclusion that, within 

the limitations inherent in the methods, the combination of the two measurements enables 

the monitoring of the critical condition parameters of epiphyte abundance and seagrass 

density and fragmentation.  

Overall, the findings of the thesis support the ongoing worldwide research effort into 

seagrass management through the development of methods that enable effective mapping 

and monitoring of seagrass extent and condition, especially at the landscape or mesoscale. 

The methods are not only pertinent to the temperate estuarine conditions of the study area, 

but also to the monitoring of submerged aquatic vegetation more broadly. By extending the 

use of readily available equipment in innovative ways, the techniques developed are 

designed to be easily transferable to other locations, including the developing world. 
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