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Abstract: Water managers need tools to assist in the management of ever increasing algal bloom
problems over wide spatial areas to complement sparse and declining in situ monitoring networks.
Optical methods employing satellite data offer rapid and widespread coverage for early detection of
bloom events. The advent of the Analysis Ready Data (ARD) and Open Data Cube concepts offer
the means to lower the technical challenges confronting managers, allowing them to adopt satellite
tools. Exploiting Landsat ARD integrated into the Digital Earth Australia data cube, we developed
a prototype algal bloom alerting tool for the state of New South Wales, Australia. A visualization
portal allows managers to gain insights into bloom status across the state as a whole and to further
investigate spatial patterns in bloom alerts at an individual water body basis. To complement this
we also proposed an algal alert system for trial based on chlorophyll and TSM levels which requires
further testing. The system was able to retrieve the status of 444 water bodies across the state and
outputs from the visualization system are presented. Time series of image acquisitions during an
intense bloom in one lake are used to demonstrate the potential of the system. We discuss the
implications for further development and operationalisation including the potential for augmentation
with alternative algorithms and incorporation of other sensor ARD data to improve both temporal
and spectral resolutions.

Keywords: Landsat Analysis Ready Data; algal blooms; total suspended matter; turbidity;
cyanobacteria; remote sensing; water quality; Open Datacubes; Earth observation

1. Introduction

Along with water quantity, water quality forms a critical component of global fresh water security
and ecosystem health. Indeed, access to safe freshwater is such a significant challenge for much of
the world’s population that the UN has prioritized access to clean water and sanitation as Goal 6 of
its Sustainable Development Goals (SDGs) [1]. Poor water quality is a problem that is faced by high,
middle and low-income countries alike [2]; for example, Australia’s inland water quality is ranked
among the worst of the advanced economies and it is getting poorer [3,4].

Existing data related to water quality is scarce and declining, of questionable accuracy and of
poor geographic and temporal coverage [5]. Thus, more consistent and more accurate information
on inland water quality over wider areas is required. Only then can current conditions be assessed
and changes investigated in response to other impacts such as changes in land use, fires, flooding and
climate change [6,7].
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Cyanobacterial (blue-green algal) blooms are a particular increasing concern in inland waters
across the globe. Some species produce potent toxins that pose a major hazard to human health,
livestock, wildlife and the aquatic environment [2]. Blooms result in significant economic impact to
affected communities (e.g., [8,9]) in Australia, algal blooms result in >AU$250 million costs to affected
communities per annum [10].

Traditional field monitoring for algal blooms involves sampling followed by species identification
and cell counting [11,12]. However, whilst reliable, these methods take time, can be limited in spatial
extent and risk under-sampling of episodic processes like algal blooms. Furthermore, with downward
pressures on budgets that resource in situ sampling where repeated travel to remote areas and costly
laboratory analyses are required, countries of both emerging and advanced economies need solutions
to overcome issues related to the vast areas and number of water bodies required to be monitored.

Additional tools are therefore required to assist in more rapid and widespread monitoring at
temporal resolutions that allow for early detection of blooms, thus providing early warning for
management intervention. As one solution, satellites and other forms of optical remote sensing
may provide an appealing complement to water managers for algal bloom and related water quality
monitoring over multiple spatial scales. Recently launched satellite sensors (Landsat 8, Sentinel 2A,
2B, Sentinel 3A) offer the potential of free, medium resolution, wide scale and frequent monitoring of
water quality in inland water bodies of a range of sizes in support of the development of bloom alerts
for water managers (e.g., [13–16]).

Whilst data availability is no longer a limiting factor, for many agencies charged with oversight of
water quality issues there can be significant challenges and barriers to the adoption of remotely sensed
methods. These may include:

• Data deluge: the increasingly vast volumes of satellite data being offered, often free of charge
from a variety of sensors.

• The need to develop sophisticated platforms and systems to handle the volumes of data and its
complexities in preparation, handling, storage and analysis.

• The need to yield results with low latency: being able to rapidly process the frequently acquired
data required to deliver a warning system with timely alerts, and for mitigation needs to
be assessed.

• The need to effectively communicate information succinctly: being able to filter the vast quantity
of data available to deliver relevant and timely information to water managers.

The above factors lead to hesitation in adoption of remote sensing technologies by water
management agencies where the technical barriers are perceived to be too high. From the perspective of
developing an algal bloom alerting system, key technical considerations cover a number of additional
key aspects:

• Computational requirements, i.e., the characteristics of an appropriate implementation platform;
these include the computational complexity of the method(s) used to generate the desired outputs,
the desired spatial and temporal extents, software coding language and computing infrastructure.

• Data infrastructure requirements, including a) satellite sensor data suitability (with respect to
spectral, spatial and temporal resolutions), availability and access, including to future data streams;
b) data volume, storage and access; c) data pre-processing, i.e., the potentially complex process
involving multiple steps such as orthorectification, cloud masking, reflectance calibration, terrain
illumination correction, identification of corrupted pixels and compositing into mosaics. An algal
bloom monitoring system typically needs fully-pre-processed/normalised surface reflectance data.
Data latency is also relevant here.

• Desired outputs, i.e., the form of the resulting outputs (e.g., spatial maps, temporal animations
and specific warnings for point locations), the users to be targeted, communication medium and
update frequency.
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The recent paired development of “analysis ready data” (ARD, http://ceos.org/ard/) and “open
data cube” (ODC, https://www.opendatacube.org) concepts and initiatives represents a potential
technological solution to agencies seeking to overcome the challenges above. ODC concepts exploit
technological developments associated with new computing and data infrastructures; this international
initiative represents a new paradigm in the management, analysis and distribution of Earth Observation
(EO) data and products [17]. It enables the realisation of the value and impact of EO data by providing
an open and freely accessible exploitation architecture to foster the breadth and depth of applications
for societal benefits. At the heart of such systems are stacks of spatially aligned time series of ARD
where consistent and endorsed pre-processing is addressed to reduce the data preparation burden on
users and to allow for the rapid development of new applications [18]. Central to the ethos of these
approaches is access to EO data and analysis platforms that are traceable, transparent, interoperable
and open source. The open source paradigm encourages free access, code reuse, and a rapid expansion
of user capabilities. Examples include Digital Earth Australia (DEA) [17,19,20], the USGS ARD
initiative [18], Digital Earth Africa and the Swiss Data Cube [21].

The purpose of this paper is to outline the development of a prototype bloom alerting system
built for the first time exploiting Landsat ARD made available in the open data cube concept. The
system was developed for the Australian state of New South Wales (NSW) and involved two major
components: 1) the application of an algorithm in a processor to allow rapid conversion of Landsat
satellite data to suitable water quality data and 2) development of a visualisation for NSW water
managers system providing timely alerts that allow for a rapid overview of both the state-wide extent
of the problem as well as a focused view on individual water bodies.

2. Materials and Methods

2.1. Digital Earth Australia

In contrast to other continents, the sinuous and spatially complex size of freshwater bodies in
Australia necessitates the use of medium to high spatial resolution sensors. In an analysis of ‘observable’
water bodies using a vectorised layer of Australian water bodies, Hestir et al. [22] showed that few
natural freshwater ecosystems in Australia are detectable at MODIS (500 m) resolution. However,
resolvability increases to as high as ~75% of water bodies at the Landsat (30 m) pixel scale.

We therefore implemented our system on Digital Earth Australia (DEA, formally known as
the Australian Geoscience Data Cube) an open source data cube initially built using the Landsat
archive [17,19]. The data cube is delivered on the National Computing Infrastructure (NCI, https:
//nci.org.au) at the Australian National University, a petascale High Performance Computing (HPC)
facility. It consists of 300,000+ Landsat archive images (representing 1013 potential “measurements”)
for the entire Australian continent extending back to 1986, encompassing the sequence of scenes
captured by Landsats 5 TM, 7 ETM+ and 8 OLI [17]. Ingestion of Landsat scenes into the DEA involves
the following steps to ensure consistent processing (see [17] for further details):

1) Spatial alignment, where geometric corrections are applied such that pixels are stacked as time
series of observations;

2) Radiometric correction involving the Nadir BRDF Adjusted Reflectance (NBAR) conversion of
raw digital numbers (DNs) to consistent and comparable measurements of normalised surface
reflectance [23];

3) Quality assessment, where all observations are retained but quality flags are applied at the dataset
and pixel levels to allow for fitness for purpose determinations. Flags applied include cloud,
cloud shadow, instrument saturation, [24], ACCA [25] and Fmask [26] cloud assessments, tests
for sensor saturation, and zero values and sea/ocean flags;

4) Spatial partitioning, including tiling and NetCDF packaging for delivery, where the NetCDF
format supports the efficient creation, access and sharing of array-oriented scientific data.

http://ceos.org/ard/
https://www.opendatacube.org
https://nci.org.au
https://nci.org.au
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2.2. Algal Bloom Alerting Implementation

This implementation used Digital Earth Australia version 2, as outlined in [17]. An API provided a
set of both high and lower level Python functions which can be used to efficiently search, and read DEA
data and to apply tailored processing such as algorithms for specific applications. The final workflow
describing the overall algal bloom alerting implementation for NSW water bodies is presented in
Figure 1 and was implemented in the Python language on the NCI’s Raijin supercomputing facility.
The next sections describe the key components of this implementation. The various processes shown
in Figure 1 are executed in parallel for each waterbody to leverage the computational power of modern
multi-core infrastructures such as the NCI.Remote Sens. 2017, 9, x FOR PEER REVIEW  5 of 15 
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2.3. Main Processing Component

The main processing task (purple box in Figure 1) reads the satellite data for a given region
(waterbody) of interest, in a given time window for the selected sensor. Pixel quality (PQ) data are used
to identify pixels affected by cloud, shadow and saturation issues. Multiple same-date and empty time
slices are also detected and removed/merged. A waterbody polygon vector layer for NSW waterbodies
is applied to the time series to mask land pixels, and the desired water quality algorithm is applied. An
additional SWIR2-band (threshold) filter is used to further mask out pixels affected by residual water
vapour, sunglint and floating vegetation [16,27]. The resulting unified time series of water quality data
are then thresholded for green, amber and red alert status and are written or appended as new data to
a NetCDF file.

Water Observations from Space (WOFS) [20] data, a time series of water extent for the Australian
continent, were used in combination with SWIR2 data to identify low-water conditions.

A separate NetCDF file is generated for each waterbody. Together with the time series data,
ancillary data are also saved including time series of whole-of-waterbody algal bloom alert status flags
(green, amber or red), which Landsat sensor generated the data in the time series, and low-water flags
and statistics (mean, median, minima and maxima) for the water quality values. This allows efficient
storing and querying of waterbody data.

A set of required and optimal user-defined parameters (green rhomboids in Figure 1) allows for
customisation of the process and for flexibility in code execution. These allow, for example, the setting
of the data time series windows, control of the buffering for lake, cloud and cloud shadow edges,
definition of the desired water quality algorithm and thresholds for algal alert status and for low-water
status definitions.

2.4. The Water Quality Algorithm

In terms of water quality algorithms, the few broad VIS-NIR bands available on the Landsat
series of sensors limits detection to variables that have a broad spectral response [28]. To demonstrate
functionality of the approach, we have in the first instance implemented a two band total suspended
matter algorithm (TSM) [29]:

TSMindex =
(green + red)

2
(1)

where green and red correspond to bands 2 and 3 for Landsats 5 and 7 and bands 3 and 4 for Landsat 8.
This algorithm was calibrated for Australian inland waters by [16]:

TSM
(
mg L−1

)
= 3983 TSMindex

1.6246 (2)

for Landsat 5 TM and Landsat 7 ETM+, and

TSM
(
mg L−1

)
= 3957 TSMindex

1.6436 (3)

for Landsat 8 OLI, and has been shown to reliably generate time series for Australian waters, particularly
with the improved radiometric resolution of Landsat 8. We are confident that determination of turbidity
is in most instances related to occurrences of phytoplankton growth (discussed further below). The
algal bloom alerting framework (Figure 1) allows for the modular implementation of the water quality
algorithm. This means that alternate and new algorithms may be easily defined and applied within
the framework.

2.5. Translation to Algal Alert Modes

Current Australian cyanobacterial alert levels for recreational waters build on WHO guidelines [11]
and are based on cell counts and biovolumes [12]. Whilst biovolume, representing the integration
of numerical abundance and community size structure, is the appropriate, legislated indicator of
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phytoplankton and cyanobacterial biomass for many countries, its measurement is time consuming,
not without its limitations [30] and not suited to estimation using satellite data. The specific references
to chlorophyll in the WHO guidelines allow for a starting point for the development of a staged algal
alerting system suited to earth observation approaches. Malthus et al. [31] proposed an alert system
for trial on the basis of chlorophyll concentration ranges given in Table 1. Conversion of these to TSM
concentration ranges (Table 1) was made following analysis of the TSM–CHL relationship from 192 in
situ sample measurements made in 13 eastern Australian waterbodies (Log(Chl) = 0.424 Log(TSM)
+ 0.650, R2 = 0.58). Whilst a useful start, the establishment of agreed boundaries for algal alerting
based on pigment and turbidity/sediment concentrations requires further research and the consensus
of water managers.

Table 1. Proposed algal alert level guidelines based on chlorophyll and total suspended matter
concentrations adopted for this study.

Alert Level Chlorophyll TSM

Green surveillance mode < 20 ug Chl l−1 < 20 mg m−3

Amber alert mode >20 − 50 ug Chl l−1 >20–70 mg m−3

Red action mode >50 ug Chl l−1 >70 mg m−3

2.6. Visualisation of the Output

The main output of the algal bloom alerting implementation in Figure 1 is a multi-sensor time
series of water quality (TSM) maps and alert flags for NSW waterbodies saved in NetCDF format. This
output dataset is then used as input to a visualisation module to display the data at multiple scales.
Users can rapidly browse, search for water bodies in NSW and see the most recent satellite capture and
algal status.

The data were served by Hyrax (https://www.opendap.org/software/hyrax-data-server), an
open source package that provides partial, plaintext and structured endpoints for NetCDF files
in a means that saves bandwidth and increases client performance. Hyrax is able to generate
plaintext or JSON (Javascript Object Notation) files for the purpose of visualisation by querying a
waterbody’s algal status and statistics in a single browser request, thereby significantly speeding
up data access. For the visualisation, the open source packages Leaflet (http://leafletjs.com/), React
(https://facebook.github.io/react/) and D3 (https://d3js.org/) were used to map the data, build the
interface and chart algal trends, respectively.

Key features of the interface design allow for the rapid appraisal of alert status at a state-wide
overview level as a gauge on overall assessment of which lakes are stable, at risk, or improving. Using
the thresholds in Table 1, the chart is coloured using the green, amber and red alert levels for intuitive
interpretation. Search and zoom functions then allow to explore spatial patterns and temporal trends
at the individual waterbody level. Algal trend at a glance is provided by putting recent measurements
in a 24-month context in a separate interactive area-line chart.

3. Results

A total of 1947 polygons were contained within the waterbody vector layer for NSW. We used
a conservative minimum threshold area of 0.5 ha, representing 8 Landsat pixels at 25 m resolution,
that ensured only pure water pixels were considered for further processing; this resulted in a total
of 912 perennial lakes above this threshold. Following application of the bloom alerting workflow, a
total of 444 NetCDF files were created and saved to disk. No valid data were found for the remaining
468 lakes in the selected time window due to SWIR2 data and pixel quality data indicating missing
data, insufficient water present, contaminated by sunglint, shallow enough to be dominated by aquatic
macrophytes and other wetland vegetation or affected by cloud cover.

https://www.opendap.org/software/hyrax-data-server
http://leafletjs.com/
https://facebook.github.io/react/
https://d3js.org/
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In relation to observation frequency, for the currently operating Landsat 7 and 8 platforms, the
revisit rate is 16 days; with both platforms operating in opposition, NSW—wide Landsat—based algal
alert products can thus be expected to be updated at best once every 8 days. However, for water bodies
lying in L7/L8 overlap regions, coverage can be obtained under certain situations within a 24-hour
period. A surprisingly large number of water bodies in NSW fall into this category; indeed for some
lakes lying within the overlap between adjacent Landsat paths, Lymburner et al. [16] were able to
retrieve >500 valid observations of TSM between 1987 and 2014.

An example of the rapid state-wide overview from the visualisation module is shown in Figure 2.
This shows broad lake-level flags indicating overall current alert status for individual waterbodies,
as well as a search and lake-listing feature allowing the ability to view data at the level of individual
waterbody. The interface also allows for the selection of both image and vector map background
datasets to add context. A list of all returned waterbodies is provided on the right hand side of the
overview interface, which, together with the zoom and search functions, allows for easy investigation
of details for an individual water body. An example of visualisation at the lake level is shown in
Figure 3. Colour coded for alert status at the pixel level, the spatial pattern of bloom formation can be
explored to determine lake areas at greatest risk. The data for one period in time are set in context
over a 24-month period for the water body extracted from the Landsat data using an area-line chart
(right-hand side panel, Figure 3). The area shows the range of the data, and the line which runs through
shows the median point. Dragging along the chart changes the selected date of the displayed algal
alert colour map.Remote Sens. 2017, 9, x FOR PEER REVIEW  8 of 15 
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Figure 2. Example of the visualisation tool showing the statewide overview of bloom conditions.

To illustrate the power of the visualisation system, a time series of returned Landsat 7 and 8 alert
images for Lake Hume, covering the summer to autumn period mid-January to early July 2016, are
presented in Figure 4. This time series covers an intense period of bloom formation in Lake Hume [32].
The reservoir sits in an overlap region of Landsat orbits which means images may be acquired within 24
hours, thus increasing the frequency of coverage for this lake. Striping is evident in the Landsat 7 data
owing to the SLC issue associated with this sensor (https://landsat.usgs.gov/slc-products-background).
Other gaps in the data are due to the presence of clouds and varying water extent associated
with changes in reservoir level. Turbidity in this deep reservoir is primarily driven by changes in
phytoplankton concentrations [32]. The time series shows the development of an algal bloom from late

https://landsat.usgs.gov/slc-products-background
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February through March and April. This bloom provided the ‘seed’ to stimulate a bloom in the River
Murray downstream of the reservoir which affected some ~1600 km of river for three months to June
2016 [32,33]. A full time series of turbidities from January 2015 for this lake is depicted in Figure 3
(right hand side). The increase in status due to the bloom is indicated in rising median turbidity in this
deep lake from March 2016 onwards.
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Figure 4. Time series of Landsat 7 and 8 turbidity images for Lake Hume using the algal bloom
processing and visualisation system, covering the summer to autumn period mid-January to early July
2016. Turbidity levels are coloured on the basis of green, amber and red algal alert status, depicted
bottom right in each image. (a) Image time series from 17 January 2016 to 17 March 2016; (b) image
time series 2 April 2016 to 28 June 2016.

4. Discussion

For Australian waters, we have, in the first instance, produced a turbidity-based algal alerting
system drawing on Landsat ARD held within the DEA open datacube. The challenge in the project was to
develop a software framework and product delivery system that achieves automated rapid turnaround
of satellite data streams to green-amber-red algal reports. To achieve this, the main processing code has
been specifically optimised and main computations parallelised. Via a visualisation interface, the results
can be reviewed by water managers for NSW at state level to provide a rapid state-wide overview of
overall algal alert status or at the scale of the individual water body to allow the determination of spatial
bloom dynamics. Current data can be displayed with historical data to allow the up-to-date situation
to be put into a longer-term context. Together with the visualisation module interface, the Python code
written to implement the workflow depicted in Figure 1 represents a self-contained, fully functional and
customisable prototype of an algal alert monitoring system using satellite data streams, leveraging the
flexibility and computational power of the ARD database and the NCI’s high-performance computing
facilities. The system was also designed such that it is capable of accommodating new sensors and data
streams, and to be easily updated with alternative semi-empirical algorithms. However, sophisticated
systems are required to handle the frequent image acquisition and rapid processing required to deliver
a warning system with low latency; for many agencies, this can be a significant barrier to the adoption
of remotely sensed methods.

As an indication of performance and efficiency on the HPC facility, using all available Landsat
7 and 8 ARD time slices over NSW over an 18-month period (January 1, 2015 and July 1, 2016), the
shapefile of 1947 water bodies for NSW and operating on one node (16 CPUs) on the NCI Raijin
supercomputer the multi-threaded workflow was executed in a wall time of 23.5 minutes (using about
23GB of memory), resulting in a total of about 6.27 CPU-hours, of which 35% of the time is spent
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querying, accessing and loading data from the data cube. Using the base rate for commercial access to
NCI facilities and an ‘express priority’ multiplier this equates to a ~AU$1.50 cost to process the entire
dataset and less than AU$0.30 to perform an update on new time slices to append to the database.

In selecting the DEA ODC as the tool upon which to develop the bloom alerting service, the
key benefits and considerations influencing the decision were: 1) continuity of data archiving of
high quality Landsat ARD (as surface reflectance) for the foreseeable future; 2) future integration of
Copernicus Sentinel 2 ARD data, allowing for a high-frequency multi-sensor algal alert system; 3) the
availability of an API allowing easy enquiry and access to speed up initial product development.

During the development of this work package, a number of issues and further improvements
were identified which are further elaborated here. The cloud/shadow mask provided as part of the
Landsat ARD’s Pixel Quality layer at times missed significant regions of affected pixels; buffering
around the edges of the mask was required to mitigate these effects, but some issues still remained.

A SWIR2 threshold (currently set at 1%) filter was implemented to filter out all pixels potentially
affected by issues such as shallow water, shore adjacency, floating vegetation and sunglint. However, it
was common for this filtering process to discard a significant proportion of the available time slices
in a waterbody’s time series. Further research should determine whether a more moderate SWIR2
threshold could be used without significantly affecting the false alarm rate of the algorithm.

At the heart of remote sensing approaches to the problem of bloom detection lies the estimation of
turbidity or pigment concentrations. The scale of Australian water bodies demands medium resolution
data obtained by either Landsat or Sentinel 2 data to obtain a sufficient coverage of water bodies which
are typically small in size in comparison to those on other continents [22]. The use of Landsat ARD
as the sensor-type for detection in this prototype limits the applications in both choice of algorithms
available and its overpass frequency. In terms of temporal acquisitions, the Lake Hume example
(Figure 4) illustrates the frequency with which Landsat acquisitions can be obtained under typical
Australian atmospheric conditions. However, at an 8-day repeat cycle (for combined Landsat 7 and
8 acquisitions) temporal frequency may fail to provide adequate coverage for algal bloom alerting,
particularly in more cloudy regions of the world [22,27]. Temporal resolution could be significantly
improved through the integration of Landsat and Sentinel 2 ARD products.

The few broad VIS-NIR bands available on the Landsat series of sensors limits detection to variables
that have a broad spectral response such as suspended sediment, light attenuation, transparency
and turbidity using semi-empirical approaches [28]. To effect this demonstration, we developed the
alerting system based on an algorithm accurate for the detection of TSM in Australian waters [16];
as stated, limitations in Landsat band numbers, positions and widths limits detection of spectral
responses directly related to phytoplankton-driven spectral responses. However, our approach is
further supported by an empirical TSM-CHL relationship, developed on data from 13 east Australian
water bodies covering a large gradient in hydro-climatic conditions. This approach is most valid
when algal biomass is the primary determinant of TSM, often the case in eutrophic conditions. The
TSM-CHL relationship is stronger when our analysis is restricted to deeper water bodies (8 water
bodies, R2 = 0.60); the relationship is poorer for shallow lakes (5 water bodies, R2 = 0.41) where
contributions from non-algal sources such as resuspension may be greater. Similar, strong TSM-CHL
relationships (R2 = 0.78) have been observed in northern American lakes [34] indicating the approach
may have wider applicability.

To be detected accurately, algal pigments such as chlorophyll-a and cyanobacterial pigments
require spectral bands located appropriately to define their absorption features; the broad nature of
the Landsat red band and differences in spectral response between the sensors on Landsats 5, 7 and
8 [16], implies that the ability of Landsat to discriminate pigment concentrations may be low [13],
particularly at low concentrations [28]. Landsat-based detections of cyanobacterial blooms in previous
studies (e.g., [35]) are likely to be the result of correlation between phycocyanin and other variables
such as turbidity [22,27]. More sophisticated approaches will determine the presence of pigments in
the remotely sensed data but will require sensors with sufficient spectral resolution [28]. Radiative
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transfer-based inversion has been shown to robustly retrieve chlorophyll and other water quality
components simultaneously using Landsat ARD and other broad band satellite data corrected to surface
reflectance [32,36–38], and although more work to code, could be implemented on our workflow.

Nevertheless, we have here relied on a turbidity algorithm in the first instance to demonstrate the
potential of the approach. The algorithm has been shown to reliably generate time series for Australian
waters, particularly with the improved radiometric resolution of Landsat 8 [16] and may be used as
a proxy for the density of cyanobacteria blooms, particularly in deep waters; the Lake Hume time
series during the course of a long lasting cyanobacterial bloom (Figure 4) demonstrates this ability
well. We are confident that determination of turbidity is in most instances related to occurrences of
phytoplankton growth in the NSW region. The system is designed to be used by water managers who
will be aware of antecedent conditions such as rainfall, flooding and wind that might have contributed
to high turbidities caused by sediments. As such, it may inform managers of the need to investigate
in the field whether or not the bloom in a lake is associated with potentially toxic cyanobacterial
species. Similarly, the sustained increase of potential bloom levels (e.g., sequence of amber to red alerts)
provided by the system may be used as a trigger for the acquisition of fine-resolution/low-latency
satellite data (e.g., WorldView-3, Planet Labs Dove) for more vigilant RS monitoring over specific areas.

With resources for in situ monitoring scarce and declining [16], the paucity of in situ observations of
water quality parameters including TSM and chlorophyll in Australian inland waters limits our ability
to robustly validate the algal alert system developed using independently measured observations.
‘Match-up’ validation data are required coincident with satellite overpasses that are consistent enough
to be scaled up to the spatial scales of satellite pixels; this is a global challenge [39]. Nevertheless,
our approach is based on a validated algorithms and qualitative evaluations (Lake Hume and other
water bodies not presented here) highlight the value of the approach. As Australian efforts to monitor
inland water quality from satellite data develops, greater effort will be required to synchronise in situ
measurements with satellite overpasses to obtain sufficient data for validation of satellite-estimated
water quality products. Emphasis on the use of continuously monitoring in situ equipment will be
required to achieve this.

To be effective for water management, near real time satellite driven algal alerting systems such
as that implemented here require rapid update, a process driven both by the acquisition frequency of
the satellite data and the latency with which the latest satellite imagery can be processed to ARD form
and ingested into a data cube. Latency itself can be driven more by the availability of the ancillary
data (e.g., atmospheric data provided non-commercially by other institutions) required for satellite
pre-processing than of the availability of the satellite data itself.

The greater adoption of optical approaches for algal detection would be greatly facilitated by the
adaptation of WHO driven guidelines to include clearly stated pigment and turbidity levels. There
are, however, clear challenges to the direct conversion of WHO guidelines based on cell numbers and
biovolumes to those based on pigments and turbidity but we have here proposed green/amber/red
alerting thresholds (Table 1) to enable this using a logical approach based on analysis of in situ data;
these require further validation for wider application. Different sets of thresholds could ideally be
used for waterbodies belonging to either the ‘deep/clear’ or ‘shallow/turbid’ water body classes. These
could be driven by known long-term temporal variability of the waterbody’s turbidity levels, or
morphometric parameters such as the ratio of water volume (lake capacity) to surface area, or the
shoreline development index. The calibration of such water-type-dependent thresholds will require
further research effort.

5. Conclusions

Reliable and consistent water quality mapping requires consistent satellite surface reflectance
data and delivery of such can be a considerable barrier to entry for many organisations and agencies
interested in implementing satellite data as part of their routine monitoring processes. This paper
has demonstrated the significant benefit that ARD, organised within a data cube, has brought to the
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development of a valuable water quality alerting tool. The consistent pre-processing, quality flags
and speed and efficiency of data access allows for a system that can be both rapidly implemented
and rapidly updated for new acquisitions. Most importantly such an implementation allows for the
generation of more consistent and more accurate information on inland water quality over wider
geographical areas such that those responses can be assessed in response to other impacts such as
changes in land use, fires, flooding and climate change and the immediate perceived threats mitigated
through management.

Our system, based on optical remote sensing, offers a method to objectively assess inland water
quality over multiple spatial scales. Our tools allow for rapid visualisation at a regional scale followed
by in depth analysis at the water body scale. Analysis of the patterns at the water body scale exploits
the rich spatial detail available in the satellite data, highlighting areas at particular risk for mitigation
management; this both complements and enhances the limited spatial detail available from more
traditional, and more costly, point-based in situ sampling methods.

The approach developed here offers an objective tool to further build on, with areas of further
development including integration with other high spatial resolution sensor data to improve both
temporal and spectral resolutions and improved algorithms.
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