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Abstract: This study enhances the accuracy of optical satellite-derived bathymetric datasets in a
shallow, mixed bottom, low wave energy coastal environment by identifying the optimal
combination of input satellite imagery, spectral bands, and empirical derivation techniques. A total
of 109 unique derivations were performed based on an exhaustive combination of these variables.
These derivations were calibrated and validated using 1,064,536 ground truth observations. Results
revealed that the multiband linear technique consistently outperformed the band ratio technique,
achieving the best results with input bands from PlanetScope SuperDove imagery. The top-
performing derivation attained an R? value of 0.94 and an RMSE of 0.41m when compared with
ground truth data, surpassing published RMSE values in similar environments. Further validation
beyond the calibration site confirmed its effectiveness within depths of 0.5m to 5m, demonstrating
an RMSE of 0.51m, albeit with a gradual reduction in accuracy with increasing depth. This research
not only identifies the optimal combination of variables but also provides valuable insights into how
the number of input bands, their spatial resolution, and their specific spectral properties (central
wavelength and bandwidth) influence the quality of satellite-derived bathymetry datasets.
Challenges remain in accounting for mixed bottom types and their variable albedos.

Keywords: Satellite-derived bathymetry (SDB); multi-spectral; empirical techniques; multiband
linear technique; band ratio technique

Introduction

Coastal sedimentary nearshore environments inherently exhibit a dynamic nature, displaying
variations in both time and space. These environments are comprised of both sub- and supra-aqueous
zones, and their morphology is shaped by the existing geology, topography, sediment supply and
sea level, and forced by a range of oceanographic and geologic processes [1]. These processes occur
on both short and long-term time-scales and drive geomorphic evolution, and they include sea level
rise; tides and currents; storm magnitude, frequency, direction, and duration; wind, climatic cycles
(e.g. Southern Annular Mode); sand type and supply; and tectonic uplift and subsidence of the coastal
zone [2].

Forecasting the evolution of nearshore sedimentary environments as they respond to variations
in oceanographic and geologic processes is crucial for ensuring the resilience of coastal areas in the
context of climate change. Predictive models like Delft3D and X-beach have been utilised to aid
understanding of shoreline change. However, these models are limited by the costly input of up-to-
date medium-resolution (1-10m) bathymetric grids and the validation of model outputs through
repeat bathymetric surveys [1]. Conventionally, echo sounders and airborne Light Detection and
Ranging (LiDAR) bathymetric systems have been utilised to capture these datasets. These are high-
precision technologies that are essential for obtaining precise bathymetric information (i.e. within a
few centimetres) [3,4], capable of meeting International Hydrographic Organization Standards for
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Hydrographic Survey [5]. However, these methods have inherent limitations in terms of cost and
time constraints [6] and the dynamic nature of the nearshore potentially renders the outputs dataset
outdated shortly after the survey has concluded. These cost and time restraints often result in
spatially sparse bathymetric observations being interpolated over large distances, with vertical
uncertainty being introduced [7]. In contrast, satellite-derived bathymetry (SDB) is cost-effective,
non-intrusive, able to survey remote locations, capable of extensive coverage, spatially and
temporally continuous, and repeatable at user-defined intervals [8]. Hence, it is a more efficient
mechanism for obtaining bathymetric information, albeit with large error margins (root mean square
error (RMSE) ~1m) [1,6,9-11]. Consequently, SDB may not be suitable for all applications, such as
maritime construction or port surveys; however, it is well-suited for coastal monitoring and
modelling purposes, where its utility is maximised.

SDB is inferred from both passive and active space-borne sensors, although, more commonly
from passive imaging sensors [12]. Passive methods (the focus of this research) relate water leaving
radiance to depth based on the Beer-Lambart Law (Eq. 1) which proposes an exponential relationship
between the attenuation of light in water and water depth [13]. This law suggests that the remaining
water leaving radiance (Is) in a medium (pure water) is a function of incident light intensity (lo) and
reduces with increased passage (p). It is also dependent on the specific attenuation coefficient (k)
which varies with wavelength. This is expressed by:

Iy = I).e7Pk 1)

Along with SDB being limited by depth, SDB is also limited by other factors that prohibit
electromagnetic energy from interacting with the seafloor and being reflected to space-based sensors,
including excess turbidity, high sea-states, sea-surface reflectance, and atmospheric scattering [14].
Complex mixed bottom types with spatially variant albedo further contribute to increased
uncertainties.

Within optical SDB literature, there are two major approaches commonly cited; empirical and
analytical (physics-based) approaches [12,15]. Analytical approaches are based on the radiative
transfer of light within a water body and require the input of multiple in situ measurements,
including water quality parameters and seafloor albedo [15]. Hence, the approach is limited by the
requirement of simultaneous in situ measurements distributed throughout the surveyed area at the
time of image capture to account for the fluctuating and spatially variant nature of the nearshore
environment [8,15].

Empirical approaches, rather than solving depth based on the physics of light attenuation
through a defined medium, typically employ linear and non-linear regressions to estimate depth
based solely on corresponding depth observations and the reflectance of single or multiple bands
[12]. Traditional empirical approaches in contrast to analytical approaches are simpler to implement
and although not as accurate as analytical approaches in heterogeneous environmental conditions,
do produce quality results in homogenous environments and at depths less than 20m [15].

An evaluation of SDB dataset quality in an optically shallow, mixed bottom, low wave energy
coastal environment derived from diverse space-borne multi-spectral sensors, each possessing
unique spectral properties and spatial resolutions, and estimated using different empirical
techniques, would greatly assist coastal practitioners both globally and locally, enabling the capture
of optimised, cost-effective, spatially, and temporally extensive bathymetric grids. This would
increase the capacity to monitor and model coastal sedimentary responses to sea level rise in similar
environments and enable coastal practitioners to best manage beach amenity, coastal infrastructure,
and coastal ecology on optically shallow, mixed bottom, low wave energy coasts. However, such
studies are currently limited in number and scope, warranting further investigation.

Review papers of existing literature do provide meta-analysis of the mean correlation coefficient
and RMSE values of many major derivation techniques in a range of coastal environments [3,12].
However, these reviews are constrained by the limited publication of spectral information used in
the SDB derivations and the extensive timescale of the sourced literature, leading to a disparity in
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imaging quality (spatially, spectrally, and radiometrically). More recent work by Evagorou et al. [6]
made significant headway in determining an optimised SDB derivation method for a similar
environment by empirically testing the best combination of input satellite imagery, input spectral
bands, and derivation techniques. However, Evagorou et al. [6] utilised conventional PlanetScope 4-
band imagery instead of exploring the potentially superior PlanetScope SuperDove constellation,
which offers enhanced spectral resolution in the visible spectrum [16]. This highlights the need for
further investigation to fully leverage these advancements.

Furthermore, the relationship between the number of input bands, their spatial resolution, and
their specific spectral properties (central wavelength and bandwidth) with output SDB dataset
quality remains unknown. Evagorou et al. [6] identified that the impact of spatial resolution of
satellite imagery on SDB quality should be a subject of future work. Similarly, the influence of
improved spectral sampling of the visible spectrum on dataset quality remains uncertain. While most
studies traditionally use green and blue wavelengths for SDB derivations due to their lower
absorption by the water column than other visible wavelengths [17-19], recent observations suggest
that providing more input spectral data to machine learning algorithms enhances accuracy,
prompting a shift towards the use of hyper-spectral data for SDB derivations [20,21]. Questions
remain as to whether this applies to SDB derivations performed with traditional derivation
techniques.

This research aims to enhance the accuracy of optical SDB datasets utilising empirical techniques
in an optically shallow, mixed bottom, low wave energy coastal environment. The study determines
an optimal SDB derivation method based on a selection of the best-performing combination of three
critical variables; the input satellite imagery, each with unique spatial resolutions and spectral
properties (Sentinel-2, Pleiades Neo & PlanetScope SuperDove); the input spectral bands utilised in
the SDB derivation; and the empirical derivation technique itself (multiband linear and band ratio).
Furthermore, the research aims to describe how the number of input bands, their spatial resolution,
and their specific spectral properties (central wavelength and bandwidth) influence dataset quality
(RMSE).

The objectives are as follows:

Identification of the optimal combination of variables for generating accurate bathymetric
datasets within a small sub-site.

Determination of a parsimonious model to estimate dataset quality (RMSE) based on predictor
variables spatial resolution and spectral suitability of input bands. Where spectral suitability is a
metric of spectral resolution given the coastal water application.

Validation of the optimised SDB dataset performance across diverse conditions within a broader
study site, including different bottom types and varying depths.

Materials and Methods

Study Area— Adelaide Metropolitan Coast

The research was conducted along the Adelaide Metropolitan Coastline located within the Gulf
St Vincent, extending from the water line to 3km offshore (100km?) (Figure 1). The sediments in the
region are characterised by mixed terrigenous-carbonate sands, dominated by biogenic carbonate
including bryozoans, coralline algae, molluscs and foraminifera [22]. Sediments are transported
northward by longshore drift, driven by oblique wave impact upon the coast at a rate of 100,000m?/yr
[23,24]. Multiple bottom types are present, including, seagrass meadow (Posidonia and Amphibolis),
bare sand, and limestone reefs [23].

The site was chosen for several compelling reasons. Primarily, the coastline experiences low
wave breaker energy, as Kangaroo Island blocks large swells generated in the Southern Ocean [25].
Typical significant wave height (Hs) ranging from 0.01 to 0.5m (Figure 1). These conditions are
favourable for SDB applications, as increased wave action leads to increased whitewash and
suspended sediments, both of which reduce the penetration of sunlight into the water column.
Secondarily, this site benefits from the availability of annual nearshore bathymetric surveys
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conducted by the South Australian Coast Protection Board, contributing a substantial dataset that
serves as valuable ground truth for evaluating the accuracy and reliability of the optimised SDB
datasets. Additionally, this coastline is both heavily developed and significantly impacted by erosion
on the downdrift side of artificial structures. To maintain beaches in this contested environment sand
nourishment, sand recycling and sand bypassing are being utilised [26]. Therefore, this was a
valuable opportunity to bolster bathymetric data collection capability in a vulnerable coastal
environment.

While SDB technology enables surveying of extensive coastlines, to optimise workflow a smaller
representative 1.2km? sub-site was selected 5km south of the Port Adelaide River Mouth (Figure 1).
The choice of this sub-site was based on several criteria, including, access to existing satellite imagery
in the region; the representativeness of the sub-site in terms of bottom type characteristics and slope,
ensuring it aligned with the broader Adelaide coast's characteristics; and the ability to capture
bathymetric LIDAR data in that location.
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Figure 1. Insert A depicts the study site’s regional setting within the Australian continent. Insert B displays the
study site’s regional location, centred around the Gulf St Vincent along with a wave rose depiction of local swell
conditions recorded over the past two years [27]. The broader study site’s spatial extent and bathymetric
contours [28] are depicted in insert C. Also within insert C is a red rectangle displaying the location of the sub-

site.

Multi-Resolution Optical Datasets

The study utilised wavelengths within the visible spectrum associated with satellite imagery
from three distinct spaceborne multi-spectral instruments: Sentinel-2 (10m), PlanetScope SuperDove
(3m), and Pléiades Neo (1.2m), offering unique spatial resolutions (pixel size) and spectral resolutions
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(number of bands and sampled portion of electromagnetic spectrum) (Table 1). In addition to
selection based upon unique spatial and spectral resolutions, these satellites were chosen in part due
to cost and the availability of archival imagery simultaneous with in situ data collection (Section 2.3).
Sentinel-2 and PlanetScope SuperDove satellite imagery were obtained freely from Copernicus
Browser and Planet Explorer archives respectively; in the case of the PlanetScope SuperDove, this
data is only free of charge with an education and research license. Pleiades Neo imagery was obtained
from AirBus through a tasked capture, with a reduced cost for research purposes. Further sensor
technical details are provided in Appendix A.

Table 1. A multi-spectral instrument overview for each of the utilised images within the visible range. Band IDs

have been standardised to with a master band ID.

PlanetScope SuperDove

Sentinel-2 (10m) Pléiades Neo (1.2m)
(3m)
Master Band Band Wavelength Band Wavelength
Band Name Band ID Wavelength (nm)

1D ID (nm) ID (nm)
Discarded due

1 Deep Blue 1 to 60m1 431-452 1 400-450
resolution

2 Blue 2 459-525 2 465-515 2 450-520

3 Green (alt) - - 3 513-549 - -

4 Green 3 541-577 4 547-583 3 530-590

5 Yellow - - 5 600-620 - -

6 Red 4 649-680 6 650-680 4 620-690

To obtain the best quality imagery the following criteria were considered:
The prevalence of cloud cover within the imagery.

2. The date of image capture relative to in situ data collection (16t of January 2024 — see
Section 2.3).
3. Visible effects of sunglint over water.

. Visible effects of sea state.
5. Visible effects of turbidity.

Considering the above criteria, an optimal multi-spectral image from each satellite provider was
chosen, the details of which are listed in Table 2. These three multi-spectral images were collected
within twelve minutes, ensuring minimal variability in environmental conditions. To facilitate fair
comparison, each image was obtained at an equivalent surface reflectance level. All datasets were
then reprojected to the Geocentric Datum of Australia 2020 (GDA2020) with a Universal Transverse
Mercator (UTM) projection centred around zone 54 south.

Table 2. Metadata of the satellite imagery used in the study

Acquisition Acquisition
Satellite Product ID qDate Time (UTC
+10:30)

S2A_MSIL2A _20240121T003701_N0510_R059_T54

Sentinel-2 HTG_20240121T030545

21stJan 2024  11:07:01
PlanetSco
pe 20240121_004724_68_2478_3B_AnalyticMS_8b 21st Jan 2024 11:17:24

SuperDov
e
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Pliaeies PNEO3_202401210048521_MS-FS_ORT 21stJan 2024  11:18:52
Georectification

Satellite imagery underwent an assessment for spatial misalignment and was georectified
accordingly. Initially, Pleiades Neo imagery was georectified using discernible points within the
imagery that were surveyed using RTK GNSS, ensuring a precise georectification. Control points
were confined to the land and kept level with the ground to mitigate errors associated with relief
displacement. Consequently, the spatial distribution of control points could not be evenly spread
across both the x and y extents. To prevent image distortion, a first-order polynomial (affine)
transformation was applied using nearest neighbour resampling thus maintaining the original
radiometric properties of the satellite imagery. The georectified Pleiades Neo image was then utilised
as the 'truth’ for an image-to-image first-order polynomial (affine) transformation of remaining multi-
spectral images. The total RMSE on the x and y axes are reported in Table 3.

Table 3. Published georectification residual error.

Control Points

Satellite Image Total XY RMSE (m) Total XY RMSE (pixel)

(n)
Pleiades Neo 10 0.48 0.4
PlanetScope SuperDove 87 2.77 0.92
Sentinel-2 70 5.4 0.54

Coastal Water Separation

To isolate only marine inundated nearshore areas within the study area for analysis, pixels
containing water were identified according to the normalised differenced water index (NDWI), as
shown in Eq. 2, where Bg,c., and By refer to display numbers in the green and near-infrared
spectral bands, respectively. This was developed based on the Pleiades Neo imagery. A histogram
thresholding algorithm was used to separate classes whilst maximising inter-class variance [29].

(Bgreen - BNIR) (2)

NDWI =
(Bgreen + BNIR)

Sunglint Correction

The Hedley et al. (2005) method was employed to reduce sunglint (Eq. 3). This technique
assumes that in deep water, near-infrared electromagnetic energy (By;z) is almost completely
absorbed throughout downwelling and upwelling passage in the water column. Consequently, the
reflectance recorded in a deep-water region using the NIR band should ideally match the minimum
value within that area (Miny;z). Any deviation from this minimum value serves as an indicator of
the extent to which sunglint affects the reflectance in the visible bands (R;). Following this
assumption, the visible band can be corrected (R’;) by determining the slope of a linear regression
between the NIR and each visible band (b;). Hence, the value for visible bands and the NIR band can
be adjusted to match the minimum recorded NIR value observed over deep water [30].

R,i = Rl - bl(BNIR - MinNIR) (3)

SoNAR and LiDAR Bathymetry Data

The Department for Environment and Water collected twenty-nine sound navigation and
ranging (SONAR) profiles extending 1.5km from the shore at approximately 1km intervals along the
metropolitan coast between December 2023 and January 2024 (Figure 2). In shallow waters, elevation
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was measured using land wading with real-time kinematic (RTK) global navigation satellite system
(GNSS) techniques. For deeper waters, a high-frequency single-beam SoNAR was utilised. The data
was quoted as having an accuracy of +/-5cm [31]. Elevations were provided every 0.5m along each
profile, in total 75,876 observations were provided.

In addition to this dataset, a bathymetric LIDAR survey was conducted on 16t of January 2024
within the designated sub-site region using the “TDOT 3 green laser system’. The survey collected
988,660 point observations with a point spacing of 0.09m. This data was then validated against the
existing SONAR profile within the sub-site area (Figure 1). Subsequently, three surfaces representing
the top of seafloor were generated from the point cloud using the binning method with a maximum
cell assignment and no void fill; each surface had different spatial resolutions to ensure the spatial
resolution corresponded with each multi-spectral image. Critically, all ground truth elevations
represent the top of benthic features, not the underlying seabed. Therefore, the in situ data is
comparable with SDB outputs which measure water column depth above the reflecting bottom
surface (e.g. the top of a benthic feature).

All calibration and validation data were converted from bathymetric measurements to depth at
the time of image capture of all three satellite images using a tidal adjustment based upon the “OTPS
TPXO 9’ global tide model [32] with a resolution of 1/30 of a degree (=4km). The preceding iteration
of the TPXO 9 model has been validated against tide gauges in Australia, demonstrating an RMSE
<0.12m [33]. The modelled tide was given in relation to mean sea level and demonstrated a total tidal
range of 2.4cm from the south to north of the study site at time of image capture.

To further validate the tidal model in the gulf environment four tide gauges were positioned at
equal intervals along the coast (Figure 1). Of the four, one tide gauge is a permanent system operated
by Flinders Ports Pty Ltd, the remaining three were temporarily deployed with ‘RBR virtuso® loggers.
Tide gauge logging parameters can be seen in Table 4. The vertical position of local tide gauges was
known, as their deployed location was surveyed along with cross-shore profiles and the distance
between the seafloor and sensor fixed. Hence, tidal heights were provided in relation to the tidal
datum Australian Height Datum (AHD). The datum surface passes through approximate mean sea

level.
Table 4. Logging parameters of local tide gauges.
. Events per Duration Interval
T ID T
ide Gauge ype second (Hz) __ (min) (min)
1,2,3 RBR virtuso3 16 1 5
4 Data Logger Mindata / 1 1 5
Hadar 4500 / 555
Study Design

Identification of the Optimal Combination of Variables

The variables under scrutiny included the empirical derivation technique utilised, the input
multi-spectral satellite image, and spectral bands employed in the SDB derivation process. This study
utilised two dominant empirical derivation techniques found in literature to optimise passive SDB
techniques; including the multiband linear technique [34,35] and the band ratio technique [36].

Lyzenga developed a semi-empirical algorithm, namely the ‘multiband linear technique’ to
derive depth (Eq. 4). The algorithm leverages the exponential nature of attenuation of light as
described by the Beer-Lambert Law [13] and assumes a constant bottom reflection difference between
two spectral bands across all albedo types at any given depth, hence, multiple bands are used correct
for the influence of variable bottom albedo [34,35]. Depth (d) can then be empirically determined if in
situ data is present within the imagery by deriving coefficients from linear regression, specifically the
y-intercept (m1) and slope (mo). Where L,,(4;) is the water-leaving radiance of the band (w m=2 pm-!

d0i:10.20944/preprints202502.0544.v1
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sryand Lyo (4;) is the atmospherically/sunlight corrected radiance in optically deep water, n is the
number of bands (two or more), and i is the number of data points.

d=mptm ) Infly() = L) @

Throughout the literature the use of only blue and green bands prevails [17-19]. For use within
this study, water leaving radiance was substituted for scaled water leaving reflectance as was the
nature of the data at the completion of image pre-processing; this substitution has also been
performed successfully within literature [37].

Stumpf, Holderied, and Sinclair (2003) provided an alternative to the multiband linear technique
known as the ‘band ratio technique’. The band ratio technique derives depth based upon a linear
relationship between depth and the ratio of the natural logarithm of atmospherically/sunlight
corrected water leaving reflectance (R,,) values from one band to another. This technique commonly
uses the two bands that penetrate furthest into the water column [17]. As the depth increases, the
reflectance of both bands decreases. However, the natural logarithm of the band with higher
absorption (typically blue in coastal water) decreases faster than the natural logarithm of the band
with lower absorption (typically green in coastal waters). Consequently, the ratio of green to blue
will increase with increasing depths. Thus, the depth-induced change in the ratio far outweighs that
caused by alterations in bottom albedo, hence different bottom albedos at a constant depth will still
yield the same ratio [38]. The band ratio algorithm can be seen in Eq. 5.

__In(nRy, (1)
=M In(nR,, (1)) —mo ©)

RMSE was used as a metric to assess dataset quality, as is common practice within SDB literature
[39]. A reduced RMSE implies a lesser fluctuation in errors between the actual and derived water
depths, indicating a better-performing SDB derivation. The RMSE equation is given in Eq. 6. The
variable y; denotes the ground truth value of sample i, J; represents the SDB estimated value for
sample i, and n is the number of samples.

Z?:l(Yi _yi)Z (6)

n

RMSE =

Determination of the optimal combination of variables was achieved by exhaustively deriving
depth with every possible combination of these variables. In total, 109 SDB derivations with unique
variable combinations were generated and their RMSE values recorded for assessment. The final
optimised dataset equated to the method with the lowest RMSE.

Determination of the Impact of Spatial Resolution and Spectral Suitability upon Dataset Quality

The study extended beyond identifying the optimal variable combinations. Equally significant
was deciphering how predictor variables (spatial resolution and the spectral suitability of the input
bands) influence dataset quality (RMSE).

Spectral suitability was created in this study as a metric of both spectral resolution and the
applicability of the spectral bands for use in coastal water, hence, preferencing the use of bands that
penetrate furthest through the coastal water column. Specifically, spectral suitability incorporates the
number of bands used (N), the average bandwidth (AvBw) (nm) of these bands, and the spectral
distance (SpD) (nm) of a given band’s central wavelength (Ai) (nm) from the optimal wavelength for
light penetration in coastal water. The optimal wavelength for light penetration in coastal water is
identified as between 520 and 580nm dependent upon local water quality parameters such as
chlorophyll concentration, salinity and temperature [40], hence, the midpoint (550nm) was selected
as optimum. Both SpD and AvBw are given in nanometres whilst N is dimensionless, therefore, all
input coefficients were normalised between an infinitely small number and 1 where a number close
to 0 indicates suitability and 1 un-suitability. To normalise SpD, the coefficient was divided by the

d0i:10.20944/preprints202502.0544.v1
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largest possible spectral distance observed between all input bands’ central wavelength and the
optimal wavelength for coastal water penetration; this value was given as AA (nm). Likewise, AvBw
was normalised by dividing by AA. These normalised variables were summed together to rank the
spectral suitability of the input bands. The equation is as follows (Eq. 7).

AUBW) N (Z |SpD (/\i)l)

1
Spectral suitability = (—) + (

< )

AA N+ AA

A series of candidate multiple linear regressions (MLRs) were developed using all available SDB
derivations for each technique (24 observations for band ratio and 85 observations for multiband
linear technique). An exhaustive amount of MLRs were generated based on every possible
combination of predictor variables. These models were then ranked using Akaike’s Information
Criterion (AIC) [41]. The AIC metric served as a crucial tool for the best model selection where more
simplistic and probabilistic models have lower AIC scores, and less parsimonious models
demonstrate larger scores. It penalised overly complex models, thus mitigating the risk of fitting the
model to data noise. Furthermore, AIC prioritised probabilistic models in accordance with each
model’s maximum likelihood. AIC is given in Eq. 8 where ! is the maximum likelihood and k the
number of parameters in the model including the y-intercept.

AIC = =20+ 2k (8)

When comparing models, an evidence ratio (ER) was generated to quantitatively compare which
model is more parsimonious than another. The evidence ratio formula is given in Eq. 9.

AAIC
ER=eC2) ©)

Validation of the Optimised SDB Method

Lastly, using the optimised SDB technique and the output equation of the line for calibration, a
bathymetric surface was generated for validation across the entire study site using all available
SoNAR data and remaining bathymetric LIDAR data unused in the calibration phase. Importantly,
the in situ data is predominately outside the sub-site to avoid validating the model in an identical
environment to the sub-site. This is essential to ensure the model's robustness and applicability
beyond the sub-site boundaries. The dataset quality metric RMSE was observed, and residual errors
analysed as a function of environmentally dependent variables such as observed depth and bottom

type.
A summary of the complete study design has been provided in Appendix B.

Data Analysis

Identification of the Optimal Combination of Variables

The pre-processed multi-spectral images, along with the tidally corrected high-resolution
bathymetric data obtained within the sub-site were input into the Jupyter Notebooks Python
environment (script provided within supplementary material). 109 SDB derivations (listed in
Appendix C) were then performed using exhaustive band combinations upon all satellite images
using the multiband linear technique and the band ratio technique within the smaller sub-site.

Each derivation was calibrated and validated utilising in situ data within the sub-site.
Calibration and validation data was predominantly derived with bathymetric LiDAR but also
included the SoNAR profile 200004 which intersects the bathymetric LiDAR data (Figure 2).
Observations were rasterised at the same resolution as the input bands, each cell value was assigned
by the mean value of all observations within a given cell. The in situ data extended from Om to 7.5m
water depth at time of image capture and had a bi-modal distribution (Figure 3), hence, calibration
and validation was underrepresented at the depth extremities. Half of the available bathymetric
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LiDAR data and SoNAR profiles were used as calibration, the remaining half were utilised as

validation data.

Figure 2. The spatial distribution of cross-shore profiles extending 1.5km seaward at 1km intervals. Profiles are
numbered from 200001 in the north to 200029 in the south.
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Figure 3. The frequency distribution of in situ depth data resampled to the pixel size of PlanetScope SuperDove
cells (3m) within the sub-site. The distribution is identified as bimodal. Some transparency has been applied to
the calibration symbology so an overlap between the two classes may be observed.

Bottom type was classified at the pixel level for every validation observation to analyse the
impact of bottom types upon data quality. Bottom type information was derived from the input
Pleiades Neo imagery using iterative self-organising (ISO) cluster unsupervised classification. Two
classes ‘sand’ and ‘non-sand’ bottom types were identified; ‘non-sand’ pixels were identified as lower
albedo features. These low albedo features are thought to be primarily seagrass meadows [42]. The
classification exhibited good agreement as demonstrated with an overall accuracy of 91.5% and a
kappa value of 0.804. The output bottom type raster was resampled using nearest neighbour
resampling to match the resolution of Sentinel-2 and PlanetScope Super Dove bands. Calibration data
utilised within the sub-site was represented by the ‘sand’ bottom type more than the ‘non sand’ class
accounting for 74% of the data.

An overview of methods used to generate and assess the quality of SDB datasets is provided in
Figure 4.
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Figure 4. An overview of technical methods followed to generate and assess the quality of SDB datasets.

Determination of the Impact of Spatial Resolution and Spectral Suitability Upon Dataset Quality

For each of the 109 SDB derivations performed the critical variables thought to impact dataset
quality were recorded, including the impact of spatial resolution (pixel size - m) and input spectral
band suitability, allowing for the impact of these variables upon dataset quality to be statistically
explored. The impact of spatial resolution and spectral suitability upon data quality (RMSE) was then
modelled for each derivation technique using MLR. The following models were ranked based on
their AIC scores:

1. RMSE (m) ~ (Pixel Size (m)) and (Spectral Suitability)
2. RMSE (m) ~ (Pixel Size (m))
3. RMSE (m) ~ (Spectral Suitability)

Candidate models were ranked based on their parsimony as a function of their AIC and then
compared based on their output ER. The Python script utilised to generate MLRs, and AIC scores is
provided in the supplementary material

1.

2. Validation of the Optimised SDB Methods
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The derivation process outlined in section 2.5.1 was again utilised to perform the optimal SDB
derivation method across the entire study site. The in situ data used for accuracy assessment was
equally distributed across the entire site along the horizontal axes. In situ data included bathymetric
sub-site validation data (unused in the calibration phase), as well as all 28 remaining SONAR profiles
(Figure 2). In total, there were 13368 validation observations. Both the output SDB dataset and the
validation data were restricted to an operational depth range determined based on model
performance (per the results of section 3.3). Depth observations used in the validation of the optimal
method throughout the study site were well distributed from a frequency perspective (Figure 5). The

bottom type was overrepresented by the ‘sand’ bottom type (70%).

Furthermore, dataset quality checks were performed to understand the influence of
environmental factors true depth, and bottom type upon dataset quality. This was achieved by
assessing the mean average error in depths of 1m intervals and according to their ‘sand” and ‘non-
sand’ classes.

Surface Reflectance Products

Sentinel-2 FPlanetScope Pleiades Neo
SuperDove
| |

I J
|
2 v 2
2 =
8 o 2
§ Georectification 2
p c
£ l S
a 2
® Resample to I~
E Coastal Water Input Image g
Separation Resolution v§
(NDWI) 2
I 3
I o
i Tidal Correction 2
Sun Glint (OTPS TPX09)
Correction
(Hedley et al., |
2005)
Calibration 50% Validation 50%
s
K-
®
2 - -
& Image, Band, Mu[}lel):#r:iiql.l‘lr;ear
g & Derivation Technique (Lyzenga, 1979; S
3 Selection ¥ 1385) ’
:
o Band Ratio
= Technique — )
§ Stumpf et al., 2003) Environmental
g. Factor Analysis
w
A
Accuracy Assessment
Bottom Type Resample to ‘
Classification > Input Image —
(ISO-Cluster) Resolution

Bottom Type Classification (Based on Pleiades Neo)

Figure 5. The frequency distribution of in situ depth data resampled to the pixel size of PlanetScope SuperDove
cells (3m) within the study site.
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Results

Sunglint Correction

A before and after sunglint correction comparison over visibly affected water is presented in
Figure 6.

Figure 6. Before (A) and after (B) the sunglint correction is applied over Pleiades Neo RGB satellite imagery. The

imagery is stretched using a minimum/maximum stretch over the displayed extent.

Notably, in shallow water (#<0.5m water depth) a weak NIR bottom reflectance was observed,
hence the sunglint correction led to the reduction of digital numbers (DN) in visible bands regardless
of the presence of sunglint. Regions affected by NIR bottom reflectance were identified in the Pleiades
Neo imagery (Figure 7).
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Figure 7. Depiction of the impact of sunglint correction in shallow water where NIR bottom reflectance is
present. Spectral profiles are extracted from the Pleiades Neo multi-spectral image along profile 200015. Spectral
profiles have been extracted before sunglint correction was applied, and after sunglint correction was applied.
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Associated Pleiades Neo RGB satellite imagery is stretched using a minimum/maximum stretch over the marine

inundated areas in the displayed extent.

In Situ Data Agreement and Tidal Model Validation

In situ data used for calibration and validation was quality assured. Comparison between SONAR
and LiDAR derived measurements where overlap was present yielded an RMSE of 0.064m, indicating

strong alignment between the datasets. A profile comparison is presented in Figure 8.

m)
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04

0 = Single Beam Sonar
—— Bathymetric LIDAR

-0.2

Elevation of Seafloor (AHD - m)

Observed Difference between LiDAR and Sonar (

Distance (m)

Figure 8. A depiction of the bathymetric LIDAR surface generated seaward of the shoreline at the time of multi-
spectral image capture and its comparison with available SONAR data within the sub-site (Profile 200004)
captured on the same day. All elevations given are in relation to Australian Height Datum (AHD) (m). Pleiades
Neo red-green-blue (RGB) imagery underlies the bathymetric raster.

Additionally, validation of the tidal model with local tidal measurements demonstrated a positive
linear relationship with good correlation (0.97 and 0.73 R2 respectively), and a similar gradient when
plotted as a function of chainage from south to north along the coast (Figure 9). The TPXO 9 model
had an RMSE of 0.04m when validated against the local tide gauges.
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Figure 9. Comparison between TPXO 9 global tide model and the observed sea-surface height along the length
of the study site.

Identification of the Optimal Combination of Variables

Of the 109 unique SDB derivations, each utilising different band combinations, satellite imagery,
and derivation techniques, the multiband linear technique consistently outperformed the band ratio
technique. Analysis of each SDB derivation’s RMSE revealed a pattern that SDB derivations using the
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multiband linear technique were both more accurate and displayed lesser variance (interquartile
range) compared to the band ratio technique (Figure 10). Particularly noteworthy was the
performance of the multiband linear technique with PlanetScope SuperDove imagery, where it
showcased the lowest mean RMSE values and interquartile range compared to all other combinations
of input satellite image and derivation technique
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Figure 10. Boxplots depicting RMSE values for different combinations of satellite imagery and derivation

techniques. mean (x), third quartile (Q3), and maximum.

The optimal combination of satellite imagery, input bands, and derivation technique was achieved
using PlanetScope SuperDove imagery, input green-alt (535nm), green (570nm), and yellow bands
(610nm), and using the multiband linear technique. This attained an RMSE of 0.408 (Figure 11). The
following 9 of the top performing 10 SDB derivations all were performed using the multiband linear
technique with input PlanetScope SuperDove imagery and slight variations of input bands always
including at least two bands from the optimum band combination (Appendix C). The best SDB
derivation using the band ratio technique was obtained using Pleiades Neo green and blue bands
and ranked 69th overall (Appendix C). The optimised dataset displayed a high degree of linearity (R2
= 0.94) and performed well in depths greater than 1m and less than 5m (Figure 11), outside of this
range SDB depth estimations deviated from the linear relationship, hence, SDB estimations in these
regions were routinely shallow. The divergence between observed depth and derived depth in these
regions can be seen when the two datasets’ cross-shore profiles are contrasted (Figure 12). Hence, in

water >5m deep the optimal SDB derivation is not an effective estimation of water depth.
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Figure 11. Depth at time of image capture inferred from the optimised derivation (multiband linear technique
on PlanetScope SuperDove using, G-alt, G and Y Bands) plotted against validation data present within the sub-

site.
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Figure 12. A depiction of the optimal SDB surface within the sub-site which represents depth at the time of image
capture and a comparison with available tidally corrected validation data along profile 200004. Pleiades Neo
RGB imagery underlies the bathymetric raster.

Determination of the Impact of Spatial Resolution and Spectral Suitability on Dataset Quality

The study found no correlation between spectral suitability and spatial resolution with dataset
quality when analysing the RMSE from all SDB derivations using the band ratio technique. However,
the best-performing technique, multiband linear technique, did show correlations with these
variables (Table 5). Specifically, there was a weak positive correlation (R? = 0.31) between pixel size
and RMSE and a moderate positive correlation (R? = 0.49) between spectral suitability and RMSE. The
MLR model was strongest when both variables were used as predictors, with an R? of 0.78. The study
determined that smaller pixel sizes and spectral suitability values resulted in reduced RMSE,
indicating that as input bands become more suitable and spatial resolution is increased dataset
quality is improved (Figure 13).

Furthermore, the AIC scores indicate that for the MLR technique, the model incorporating both
spectral suitability and pixel size not only explains the greater variance but is also more parsimonious
than either model using either variable alone (Table 5). The ER between the optimal model and the
next best performing model was determined to be 7.26x105, hence the model is 7.26x10'5 times more
parsimonious. Therefore, when both spectral suitability and spatial resolution are considered as
predictors of dataset quality they provide an overwhelmingly more robust estimation of the drivers
for dataset quality than other candidate models despite its increased complexity.

0.9

RMSE (m)

0.4

Figure 13. A 3D representation of the model explaining the greatest variance, incorporating both spectral
suitability and pixel size (m). RMSE (m) = 0.1748 + 0.1934 * (Spectral Suitability) + 0.0268 * (Pixel Size (m)).


https://doi.org/10.20944/preprints202502.0544.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 7 February 2025 d0i:10.20944/preprints202502.0544.v1

18 of 34

Table 5. Ranked candidate MLR models used to explain the impact of predictor variables spectral suitability

and pixel size (m) upon the response variable RMSE (m).

Derivati
on Observati Predictor
1E i Rz Al ER
Techniq ons(n) Variables Model Equation ¢
ue
Spectral RMSE (m) = 0.1748 + 0.1934 * -
Suitability, (Spectral Suitability) + 0.0268 * 0.78 262.673 1
Pixel Size (m) (Pixel Size (m)) 6
Multiba = * ;
S}.)ect.ra.il RMSE (m) 0.25.63 + 9.1976 049 193521 7.26x1
nd 85 Suitability (Spectral Suitability) g 015
Linear
. . RMSE (m) = 0.4334 + 0.0277 * . 3.38x1
Pixel Size (m) (Pixel Size (m)) 0.31 168é516 020
Spectral RMSE (m) =1.6484 +-0.2993 *
Suitability, (Spectral Suitability) + 0.0296 * 0.14 16.3757 1.312
Pixel Size (m) (Pixel Size (m))
Band - *
. 24 Spectral RMSE (m) = 1.8404 +-0.3624
Ratio Suitability (Spectral Suitability) 008 158323 1

RMSE (m) =1.1969 + 0.0359 *

(Pixel Size (m)) 0.08 15.8452 1.007

Pixel Size (m)

Validation of the Optimised SDB Method

The optimised dataset was validated across the broader study site in depths between 0.5m and
5m, as the optimised derivation proved unsuitable beyond these limits (Section 3.3); hence no
estimation of depth was made beyond 5m and less than 0.5m water depth. Overall accuracy
decreased compared to the sub-site validation, with RMSE increasing from 0.41m to 0.51m (Figure
14). Notably, in regions with depths greater than 4m, the correlation between satellite-derived depth
and in situ depth observations weakened, making depth estimation less reliable. The variability
observed in Figure 14 is largely attributed to environmental factors, particularly, heterogeneous
bottom albedo within the study site. The grouping of observations within the dashed box are likely
associated with a discrete, higher-albedo sandy substrate in the south of the site, highlighting the
limitations of empirical methods in accounting for such environmental heterogeneity.
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Figure 14. Validation of the optimised dataset across the entire study site using calibration data obtained within

the sub-site. The dashed box encapsulates 9.6% of observations where the SDB surface markedly underestimated

depth (2-2.75m), these observations are associated with a discrete, higher-albedo sandy substrate in the south of

the site.

The output bathymetric raster is shown in Figure 15, along with validation cross-shore profiles
distributed throughout the north, central, and south of the study site. These cross-shore profiles
contain varying amounts of ‘non-sand’ pixels. The northern profile (200001) contains only ‘sand’
pixels. In this singular class, the optimised derivation successfully identifies four defined bars and
troughs in the nearshore. However, at greater depths, the SDB dataset routinely diverges from true
depth, underestimating depth by 1m at 5m water depth.

The following two profiles, situated in the central and southern parts of the study site, show the
impact of ‘non-sand’ pixels on estimated depth. In these regions corresponding with regions seaward
of the landward extent of seagrass, depth estimates frequently switch from underestimating to
overestimating, often by 50cm, and in the case of profile 200021, by upwards of 2m at a true depth of
3.5m. Thus, the use of multiple bands for depth estimation does not appear to account for changes in
albedo as a function of bottom type, as suggested in the literature [6,8,34].
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Figure 15. An illustration and quality assessment of the optimised derivation method applied across the entire
study site. The first pane depicts the optimised surface restricted between 0.5m and 5m depth at time of image
capture.The second pane presents an enlarged view of the three profiles (200001, 200014, 200027) and presents
raw imagery, bottom type classification, and the optimised SDB dataset. The third pane details the cross-shore
bathymetry from both the satellite derivation and the true depth across the three profiles, along with the
difference between the two survey methods on the secondary axis. The landward extent of ‘non-sand” pixels is
shown with the magenta dashed line.Some gaps exist in the SDB estimation because of depth being restricted
between 0.5-5m.

Further investigation into the impact of environmental factors on the optimised derivation
accuracy across the study site confirmed the deepening effect over ‘non-sand’ pixels and the inverse
over ‘sand’ pixels (Figure 16). On average low albedo ‘non-sand’ pixel depth estimates were 19cm
too deep and ‘sand’ pixels 15cm too shallow. Furthermore, it was observed that the total mean
average error increased beyond observed depths of 2m; before reducing in depths >4m; however, this
reduction in depths greater than 5m is unrealistic considering the output SDB dataset was restricted
to 5m, therefore depth estimates over ‘non-sand’ (the dominant bottom type at this depth) were
restricted from overestimating depth.
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Figure 16. A depiction of the impact of environmental factors (depth and bottom type) upon dataset quality
(mean residual error - m). The figure shows mean residual errors (m) recorded in 1m depth classes and grouped
by their bottom type.

Discussion

Identification of the Optimal Combination of Variables

The study aimed to determine an optimal derivation method in an optically shallow, mixed
bottom, low wave energy coastal environment, based on a selection of the best-performing
combination of three critical variables; the input satellite imagery (Sentinel-2, Pleiades Neo &
PlanetScope SuperDove); the input spectral bands utilised in the SDB derivation; and the empirical
derivation technique itself (multiband linear and band ratio). This was in response to a need to
expand on existing literature which is limited in number and scope, necessitating further
investigation to fully leverage recent advancements in improved spatial and spectral resolution of
low-earth orbiting satellites [16]. For example, recent work by Evagorou (2022) made significant
progress in determining an optimised derivation method but overlooked the potential of the superior
PlanetScope SuperDove constellation, warranting further investigation.

The investigation into identifying the optimal combination of variables yielded three major
insights. Firstly, after analysing 109 unique SDB derivations, encompassing various band
combinations, satellite imagery, and derivation techniques, it became evident that the multiband
linear technique consistently outperformed the band ratio technique. This superior performance is
evident in Figure 10, where derivations performed with the multiband linear technique exhibited
reduced mean RMSE, and inter-quartile variance compared to the band ratio technique. Secondarily,
the performance of the multiband linear technique when applied to PlanetScope SuperDove imagery
consistently showcased the lowest mean RMSE values among all potential imagery and derivation
technique combinations (Figure 10 & Appendix C). Lastly, the optimal derivation method was
determined to involve the use of PlanetScope SuperDove imagery with input bands green-alt, green,
and yellow, utilising the multiband linear technique. This achieved an R? value of 0.94 and an RMSE
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of 0.41m when compared to high-resolution bathymetric LIDAR observations within the sub-site
from which it was calibrated, as shown in Figure 11. However, despite its accuracy within depths
ranging from greater than 0.5m to less than 5m, the dataset exhibited divergence from true depth at
depths outside of this range (Figures 11 & 12).

The results of a similar empirical approach by Evagorou et al. [6] contrast with the findings of
this study. Specifically, Evagorou et al. [6] found that the band ratio technique outperformed the
multiband linear technique at depths of 0-10m when applied to World View-2 and Sentinel-2 imagery,
with RMSE values of 1.0lm and 1.06m, respectively. Although the multiband linear technique
performed better than the band ratio technique with 4-band PlanetScope imagery, it recorded the
poorest RMSE (1.08m) among all input satellite imagery. The author's analysis of true depth's impact
on mean residual error revealed that the multiband linear technique outperformed the band ratio
technique at depths less than 4m. They observed that at depths greater than 4m, the band ratio
technique routinely outperformed the multiband linear technique. Evagorou ef al. [6] determined that
the optimised derivation was achieved using only green and blue bands.

The discrepancy between studies regarding the determined optimal combination of variables
may be due to a limitation of this study, regarding the equal vertical distribution of in situ bathymetric
data within the sub-site. In situ data was spread between Om to 7.5m water depth at time of image
capture, however, the bi-modal distribution of depth within this range meant depths towards the
extremities of this range were underrepresented in calibration and validation (Figure 3). Notably, in
depths less than 0.5m and greater than 5m the presence of in situ data exponentially declines. Based
on Evagorou et al. [6] analysis of the impact of depth across all combinations of derivation techniques
and satellite images, this bi-modal distribution of in situ data may have advantaged the multiband
linear technique. Therefore, the findings of this study should not be thought relevant in depths
greater than 5m and less than 0.5m water depth.

Determination of the Impact of Spatial Resolution and Spectral Suitability upon Dataset Quality

Furthermore, the research aimed to describe how spatial resolution and the spectral suitability
of the input bands (given the coastal application) influence dataset quality (RMSE). Despite
traditional practices favouring the use of green and blue bands due to their superior penetration into
the water column [17-19], recent observations suggest the potential benefits of hyper-spectral data
for improving accuracy, particularly when employed with machine learning algorithms [20,21].
However, it remains uncertain whether such enhancements apply to SDB derivations performed with
traditional techniques. Furthermore, Evagorou et al. [6] identified that the impact of spatial resolution
of satellite imagery on SDB quality should be a subject of future work. Therefore, this study sought
to address these uncertainties and provide insights into the impact of spatial and spectral
characteristics of input bands on dataset quality, thus advancing our understanding of SDB
derivation techniques in coastal environments.

The relationship between predictor variables (pixel size (m) and input spectral band suitability),
and the response variable (SDB dataset RMSE (m)) was evaluated based on the results of 109 SDB
derivations generated within the sub-site (Table 5). While no correlation was found between
predictor variables (spectral suitability and pixel size) and RMSE using the band ratio technique,
MLRs revealed correlations between both spectral suitability and pixel size with RMSE in SDB
derivations obtained with the multiband linear technique. Specifically, there was a weak positive
correlation between pixel size and RMSE, whereas a moderate positive correlation was observed
between spectral suitability and RMSE, indicating that the spectral characteristics of input bands had
a more pronounced influence on dataset quality than pixel size. The MLR model incorporating both
predictor variables exhibited the strongest overall performance, explaining 78% of the variance in
dataset quality. Furthermore, despite the increase in this model’s complexity, AIC model ranking
determined this model to also be more parsimonious.

The finding suggest that spectral suitability could function as a theoretical means of band
selection, however, the metric is limited by the assumption that optimum band selection will not
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change with bottom type. The impact of which has not been explored as detailed bottom type was
not resolved beyond simply ‘sand” and ‘non-sand’. To the best of the authors' knowledge, an a-priori
mechanism for optimal band selection has not yet been published. The spectral suitability metric (Eq.
7), while a preliminary solution, provides an initial conceptual framework. Future studies should
focus on refining the metric to account for a wider range of bottom types and site-specific water
quality conditions.

Furthermore, the findings provide valuable insights into the factors that enhance the accuracy
of SDB datasets in optically shallow, mixed bottom, low wave energy coastal environments. The
superior performance of the multiband linear technique can be attributed to its ability to incorporate
more spectral information. Furthermore, this ability to leverage multiple bands is particularly
advantageous when using high-resolution imagery from satellites like PlanetScope SuperDove,
which features narrower bandwidths and increased sampling near the optimal wavelengths for water
penetration, specifically the green-alt, green, and yellow bands. Conversely, Sentinel-2's relatively
wider bandwidths, fewer sampled wavelengths in the visible range, and larger pixel sizes limit its
effectiveness for SDB in the studied environment.

Moreover, these findings suggest that hyper-spectral sensors, when used in conjunction with the
multiband linear technique, may yield more accurate SDB outputs. Their capability to sample the
electromagnetic spectrum at high resolution renders them highly suitable for nearshore applications.
For example, the EnMap satellite sensor has 6.5nm spectral sampling intervals and an average
bandwidth of 8.1nm within the visible spectrum range; and pixel sizes of 30m [43]. Theoretically, if
the input bands utilised cover the spectral range identified as optimal (Section 3.3) (513 — 620nm),
resulting in a total of 16 bands, the spectral suitability is calculated as 0.37, which is 57% more suitable
than the spectral suitability of the optimal combination of bands (Appendix C). However, due to the
inflated pixel size, the model-inferred RMSE for this theoretical SDB derivation is 1.17m (Equation
10); assuming fixed weather-dependent variables such as turbidity, sea state, and sunglint. Despite
the modelled inflation of RMSE using EnMap input bands, the stark improvement in spectral
suitability and the observed moderate correlation between the predictor variable and RMSE (Table
5) warrants further comparison of multi-spectral and hyper-spectral derived SDB products.

RMSE (m) = 0.1748 + 0.1934 - (Spectral Suitability) + 0.0268 - (Pixel Size (m))
RMSE(m) = 0.1748 + 0.1934 - 0.37 + 0.0268 - 30 (10)
RMSE(m) = 1.17

Validation of the Optimised SDB Method

Further validation of the optimised methods on the broader study site between depths of 0.5 and
5m revealed that the optimal derivation method performed well along the broader coastline. The
achieved RMSE of 0.51m surpasses most empirical studies within literature, which similarly
estimated depths using optical satellite data in mixed bottom type environments and in depths less
than 10m. Most of these studies report RMS errors of no less than 0.8m ([6,44-46]), Few studies
achieve the accuracy seen in this study without the use of machine learning. One such exception used
PlanetScope data and reported an RMSE of 0.32m [47].

Whilst the overall dataset quality metrics were positive, problems were encountered accounting
for different bottom types and their ranging albedos impact upon depth observations. On average,
low albedo ‘non-sand’ pixels depth estimates were 19cm too deep and ‘sand’ pixels 15cm too shallow
(Figure 16), indicating that the multiband linear technique is influenced by variable bottom albedo.
This bias error is due to low albedo features reflecting less light energy due to absorption, similar to
the effect that increased passage through the water column would incur [36]. The nature of calibration
to variant albedo bottom types renders the equation of the line as the best solution to explain depth
estimation variance yet not providing correct estimates for the unique bottom types.

Regarding the impact of true depth on SDB dataset quality, this study observed that total mean
average error increased beyond observed depths of 2m; before reducing in depths >4m (Figure 17);
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although, this reduction in depths greater than 4m is unrealistic considering the output SDB dataset
was restricted to 5m. Therefore, depth estimates over ‘non-sand’ (the dominant bottom type at this
depth) were restricted from overestimating depth. Despite this finding the actual influence of
increasing depth upon SDB dataset quality remains unknown due to the spatially correlated nature
of true depth and bottom type. The dominant “non-sand’ bottom type within the study site is seagrass
[42]. Seagrass has specific wave energy limitations for survival, resulting in a defined landward limit
of seagrass growth, in part constrained by depth [48]. Within the study site seagrass was present in
depths greater than 2m at time of image capture (Figure 16) and at greater densities in deeper water.
The correlation between bottom types with true depth confounds the influence of true depth upon
SDB dataset quality. A potential solution to this problem would be to construct independent bottom
type regressions for calibration, prior to mosaicing each bottom type’s output bathymetric raster
together for validation. This process has been demonstrated to improve RMSE from 1.31m to 1.16m
when utilising empirical derivation techniques within a coral atoll environment [49]. This bottom
type correction would not only account for the confounding impact of variable bottom albedo upon
SDB dataset quality, but also enable the influence of increasing depth upon SDB dataset quality to be
better understood.

Poor performance in shallow water (depths less than 0.5m) was demonstrated by a deviation
between the estimated depth and the linear relationship with true depth (Figure 11). The cause of this
deviation from the In-linear relationship is uncertain; however, this study postulates that the source
of this anomaly is introduced during the sunglint correction of visible bands. The Hedley et al. [30]
sunglint removal algorithm adjusts each visible band based upon the amount of NIR reflectance
thought to be attributed to sunglint, corresponding with the difference between the value of the NIR
band of a pixel (Rnir) and the minimum NIR value (MINn~r) (Equation 3). However, as the MINnir
value is attributed to both sunglint and bottom reflectance in shallow water, the visible bands DN’s
are being independently overly corrected by a factor of the slope of the linear relationship between
each visible band and the NIR band (b:), resulting in optical change in colour and confounding depth
estimates. Regions determined to contain NIR bottom reflectance were identified (Section 3.1). It was
determined that in depths at time of image capture of less than 0.88m the majority of pixel
observations were affected by NIR bottom reflectance (Figure 17). Furthermore, in increasingly
shallower depths pixels are more affected by NIR bottom reflectance. For these reasons, it is proposed
that poor SDB dataset quality in shallow water is attributed to the use of the Hedley et al. [30] sunglint
correction method in regions where NIR bottom reflectance is present. Alternative methods for
sunglint correction in shallow water should be sought.

1400 i NIR bottom reflectance present
i NIR bottom reflectance absent

1200 -

1000 -

800 A

Frequency (n)

600
400 -

200 A

0.88
0.00 0.25 0.50 0.75 1.00 125 1.50 175 2.00 225 250 275 3.00 3.25 3.50 3.75
Depth at time of Image Capture (m)

Figure 17. The frequency distribution of in situ depth data classified by whether the pixel is affected or unaffected
by NIR bottom reflectance at time of image capture. Where depth is less than 0.88m most pixel observations
were affected by NIR bottom reflectance.
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Despite the identified limitations in SDB depth estimation as a function of variable bottom
albedo and poor performance in shallow water, the identified optimised SDB method does enhance
the capability for coastal practitioners to capture cost-effective, spatially and temporally extensive
bathymetric grids with improved accuracy along the Adelaide Metropolitan Coast and in similar
coastal environments between depths between 0.5 to 5m, such as protected gulfs. This, in turn,
increases the capacity to monitor coastal sedimentary responses to sea level rise, aiding in the
management of beach amenities, coastal infrastructure, and coastal ecology. However, caution
should be taken when attempting to use calibration coefficients identified in this study to derive
bathymetric datasets based on satellite imagery, as changes in environmental conditions at the time
of image capture, such as, turbidity, high sea-states, sea-surface reflectance, and atmospheric
scattering will impact the rate of light attenuation [14]; necessitating another calibration.

In addition to future research proposed into the capability of hyper-spectral satellites for depth
estimation along the Adelaide Metropolitan Coast, future research should also incorporate the use of
machine learning algorithms along the coast for SDB depth estimation. These algorithms can identify
variability in environmental conditions using spectral indices and classification, hence, the technique
may be a robust solution in heterogeneous environments [50]. Additionally, machine learning
models, once trained using extensive in situ measurements encompassing diverse environmental
conditions, can be deployed in differing locations, adapting to unique bottom types and water quality
conditions. Conclusions

The study underscored the increased performance of the multiband linear technique in
bathymetric estimation compared to the band ratio technique, particularly when applied to
PlanetScope SuperDove imagery. This technique yielded the lowest RMSE values with input bands
green-alt, green, and yellow.

Furthermore, the study emphasised the significance of both spatial resolution and spectral
suitability in influencing dataset quality, as demonstrated by the most parsimonious model for
estimating dataset quality (RMSE), which incorporates both predictor variables (spatial resolution
and spectral suitability of input bands). The findings suggest that incorporating more spectral bands,
especially those with narrower bandwidths and increased sampling near optimal wavelengths for
water penetration, enhances empirical SDB accuracy. The research further indicates the potential
benefits of hyper-spectral sensors, which, despite larger pixel sizes, offer extremely high spectral
resolution that can improve bathymetric estimates.

Despite these advancements, validation of the optimised SDB dataset across diverse conditions
within the broader study site revealed limitations in relation to shallow water (<0.5m) and challenges
posed by variable bottom albedo. The findings suggest the need for alternative sunglint correction
methods in shallow water and independent calibration of bottom types. The optimised SDB method
identified in this study enhances the capability of coastal practitioners to capture cost-effective,
spatially, and temporally extensive bathymetric datasets, thereby improving the monitoring and
management of coastal environments. Future research should focus on integrating hyper-spectral
data and machine learning techniques to further improve SDB methods and extend their applicability
in diverse coastal conditions.
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Appendix A - Sensor Comparison for Sentinel-2, PlanetScope SuperDove, and

Pleiades Neo
Parameter Sentinel-2 PlanetScope SuperDove Pleiades Neo
1.2 (30 cm for
Pixel Size 10-60 m 3m
Panchromatic)
Swath Width 290 km 25 km 14 km
443-2190 nm (Visible, NIR, 430-950 nm (Visible,
Spectral Range 400-860 nm (Visible, NIR)
SWIR) NIR)
Number of Bands 13 8 6
Temporal Daily (subject to
5 days Daily (subject to tasking)
Resolution constellation)
Radiometric
12-bit 12-bit 12-bit
Depth
Imaging Mode Push-broom Push-broom Push-broom
Number of
Satellites 2 ~200 SuperDove 4

in Constellation
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Sentinel-2A: 2015, Sentinel-

Launch Year 2020 2021-2022
2B: 2017
Data
L Copernicus Browser Planet Explorer Airbus
Accessibility
Cost Free Varies by license High

Appendix B - Summary of Study Design
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Appendix C - Derivations Ranked by their RMSE Values
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Mean Mea}n
e ., Resid
I Derivation Inout Ima Band R2 RM Resid ual
D Technique P gery s SE wual
(Sand) (Non-
Sand)
Multiband Linear =~ PlanetScope 0.9
1 Method SuperDove Green(I), Green, Yellow 36 0.408 0.009 -0.029
Multiband Linear ~ PlanetScope 0.9
2 Method SuperDove Green, Yellow 34 0.415 0.033 -0.095
Multiband Linear =~ PlanetScope 0.9
3 Method SuperDove Green(I), Green, Red 3 0.415 0.020 -0.058
Multiband Linear ~ PlanetScope 9
4 Method SuperDove Blue, Green(I), Green, Yellow 3 0.418 0.007 -0.023
Multiband Linear =~ PlanetScope 0.9
5 Method SuperDove Blue, Green, Yellow 3 0.420 0.022 -0.064
Multiband Linear =~ PlanetScope 9
6 Method SuperDove Blue, Green(I), Green, Red 31 0.423 0.015 -0.045
7 Multiband Linear  PlanetScope gy ' 1) Green, Yellow, Red -2 0.424 0.036 -0.102
Method SuperDove 30
Multiband Linear =~ PlanetScope 0.9
8 Method SuperDove Green(I), Green, Yellow, Red 20 0.426 0.045 -0.128
Multiband Linear ~ PlanetScope 0.9
9 Method SuperDove Green(I), Yellow 08 0.431 0.041 -0.116
Multiband Linear =~ PlanetScope 0.9
10 Method SuperDove Blue, Green(l), Yellow 08 0.433 0.028 -0.079
Multiband Linear ~ PlanetScope 0.9
11 Method SuperDove Blue, Green, Red 7 0.435 0.036 -0.101
Multiband Linear =~ PlanetScope = Deep Blue, Blue, Green(I), Green, 0.9
12 Method SuperDove Yellow 25 0441 0.022 -0.060
Multiband Linear =~ PlanetScope 0.9
13 Method SuperDove Green, Red o4 0.442 0.055 -0.155
Multiband Linear PlanetScope Deep Blue, Blue, Green(I), Green, 0.9
14 Method SuperDove Yellow, Red 24 0442 0.044 -0.122
Multiband Linear =~ PlanetScope 0.9
15 Method SuperDove Deep Blue, Green(l), Green, Yellow o4 0.442 0.027 -0.075
g Multiband Linear  PlanetScope Blue, Green, Yellow, Red ) 0443 0.058 -0.163
Method SuperDove 24
Multiband Linear =~ PlanetScope = Deep Blue, Blue, Green(I), Green, 0.9
17 Method SuperDove Red 23 0.447/0.029 -0.080
Multiband Linear PlanetScope Deep Blue, Green(I), Green, 0.9
18 Method SuperDove Yellow, Red 22 0448 0.054 -0.148
Multiband Linear =~ PlanetScope 0.9
19 Method SuperDove Green ” 0.449 -0.032 0.084
Multiband Linear =~ PlanetScope 0.9
20 Method SuperDove Blue, Green(I), Red ” 0.450 0.043 -0.120
Multiband Linear ~ PlanetScope 0.9
21 Method SuperDove Deep Blue, Green(l), Green, Red 71 0.451 0.038 -0.102
Multiband Linear =~ PlanetScope 0.9
22 Method SuperDove Green(I), Green 71 0.452 -0.030 0.080
Multiband Linear ~ PlanetScope 0.9
23 Method SuperDove Blue, Green(I), Yellow, Red 20 0.454 0.063 -0.177
Multiband Linear =~ PlanetScope 0.9
24 Method SuperDove Deep Blue, Blue, Green, Yellow 20 0.455 0.038 -0.107
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0.8
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1.457 0.481
30 57 0.48
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7 1.464 0.724

0.1
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0.0
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-0.466

-0.406

-0.630

-0.612

-0.315

-0.453

-0.697

-0.526

-0.164

-0.915

-0.321

-0.355

-0.424

-0.276

-0.922

-0.925

-1.855

-1.726

-1.470

-1.448

-1.223

-1.370

-2.032

-1.496

-1.633

-2.115
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10 Band Ratio PlanetScope Deep Blue, Red 00, 564 0.703 -1.979
3 Technique SuperDove 55

10 Band Ratlo PlanetScope Green, Red 0.0 1579 0.602 -1.694
4 Technique SuperDove 36

10" Band Ratio Sentinel-2 Green, Red 011500 0.625 -1.387
5 Technique 37

10 Band Ratio PlanetScope Blue, Deep Blue 001 502 0.664 -1.871
6 Technique SuperDove 21

10 Band Ratlo PlanetScope Blue, Red 0.0 1.595 0.738 -2.069
7 Technique SuperDove 16

10 Band Ratio PlanetScope Green(T), Red 004 607 0.685 -1.923
8 Technique SuperDove 02

10" Band Ratio Sentinel-2 Blue, Red 091683 0.888 -2.062
9 Technique 34
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