
remote sensing  

Article

Remote Sensing of Mangroves and Estuarine
Communities in Central Queensland, Australia

Debbie Chamberlain 1,2,* , Stuart Phinn 2 and Hugh Possingham 1,3

1 Centre for Biodiversity and Conservation Science, School of Biological Sciences, The University of
Queensland, St. Lucia, QLD 4072, Australia; h.possingham@uq.edu.au

2 Remote Sensing Research Centre, School of Earth and Environmental Sciences, The University of
Queensland, St. Lucia, QLD 4072, Australia; s.phinn@uq.edu.au

3 The Nature Conservancy, 4245 Fairfax Drive, Arlington, VA 22203, USA
* Correspondence: d.chamberlain@uq.edu.au; Tel.: +61-4-0182-8535

Received: 21 November 2019; Accepted: 3 January 2020; Published: 6 January 2020
����������
�������

Abstract: Great Barrier Reef catchments are under pressure from the effects of climate change,
landscape modifications, and hydrology alterations. With the use of remote sensing datasets
covering large areas, conventional methods of change detection can expose broad transitions, whereas
workflows that excerpt data for time-series trends divulge more subtle transformations of land cover
modification. Here, we combine both these approaches to investigate change and trends in a large
estuarine region of Central Queensland, Australia, that encompasses a national park and is adjacent
to the Great Barrier Reef World Heritage site. Nine information classes were compiled in a maximum
likelihood post classification change analysis in 2004–2017. Mangroves decreased (1146 hectares),
as was the case with estuarine wetland (1495 hectares), and saltmarsh grass (1546 hectares). The overall
classification accuracies and Kappa coefficient for 2004, 2006, 2009, 2013, 2015, and 2017 land cover
maps were 85%, 88%, 88%, 89%, 81%, and 92%, respectively. The cumulative area of open forest,
estuarine wetland, and saltmarsh grass (1628 hectares) was converted to pasture in a thematic change
analysis showing the “from–to” change. We generated linear regression relationships to examine
trends in pixel values across the time series. Our findings from a trend analysis showed a decreasing
trend (p value range = 0.001–0.099) in the vegetation extent of open forest, fringing mangroves,
estuarine wetlands, saltmarsh grass, and grazing areas, but this was inconsistent across the study
site. Similar to reports from tropical regions elsewhere, saltmarsh grass is poorly represented in the
national park. A severe tropical cyclone preceding the capture of the 2017 Landsat 8 Operational Land
Imager (OLI) image was likely the main driver for reduced areas of shoreline and stream vegetation.
Our research contributes to the body of knowledge on coastal ecosystem dynamics to enable planning
to achieve more effective conservation outcomes.

Keywords: Landsat; estuary; protected area; land use; land cover; change detection; time series;
Great Barrier Reef

1. Introduction

Coastal marine ecosystems are among the most diverse and productive in the world, and they
provide critical habitats for a wide variety of plants, fish, shellfish, and other wildlife [1–3]. Coastal
and near-shore marine ecosystems are facing unprecedented pressures from land use modification.
Many studies have analysed change dynamics in wetland ecosystems due to the utilisation of remote
sensing techniques [4–6] resulting from a combination of two factors: (1) greater open access to longer
time series of image archives and their derived products and (2) more easily accessed tools for using
remote sensing data and their products to monitor change from local to global scales. The Landsat
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satellite archive has provided new opportunities for assessing historical changes in landscapes [7],
including coastal ecosystems.

Estuarine wetlands are located at the interface of land and sea and are essential support mechanisms
in the marine and terrestrial systems. The inter-realm connectivity of coastal wetlands features
strongly in integrated conservation planning approaches [8]. An improved understanding of land–sea
connectivity dynamics is crucial to the health of coastal fisheries species’ populations [9]. However,
connected ecosystems are traditionally studied as separate entities, despite the potential for interactions
between them to have consequences for their health and functioning [10]. Estuary-dependent fisheries
species are important because they contribute 75% of the total value of Australia’s commercial fisheries
catches and 90% by numbers of Australia’s recreational fish catch [11]. Coastal wetlands that support
fisheries are a diverse assemblage of marshes, mangroves, forested wetlands, and estuaries. Mangroves
are coastal forests with unique adaptations to saline conditions, and they form a characteristic vegetation
zone along sheltered bays, tidal inlets and estuaries in the tropics and subtropics, globally [12,13].
These wetland types fulfil critical roles in ecosystem functions, and they provide many highly valued
ecosystem services: raw materials and food, coastal protection, erosion control, water purification,
the maintenance of fisheries, carbon sequestration, tourism, recreation, education, and research [14].
Now evident is a drastic decline in ecosystem services on which human society depends from changes
in land use and land cover within coastal wetlands [15]. Coastal land use and land cover (LULC) change
is illustrated by clearing and modifying coastal habitats and artificial barriers to flow. For example,
one of the highest risks to the Great Barrier Reef that has been identified by the Australian Government
is the degradation to coastal habitats and connectivity impairment as a result of land use changes
affecting the region’s ecosystems [16].

The major threats to coastal wetlands are climate change, clearing (through urban areas, ports,
and industry development), dieback, changes in hydrology (e.g., the restriction or alteration of flows),
and pollution [17–19]. Additionally, overfishing, cattle grazing, pest animals, the use of recreational
vehicles, and fire have had impacts on some components of wetland systems [20]. Pressures can
be subtle but may result in considerable changes in ecosystem functioning. These threats are often
related to, for example, hydrological change (including the development of ponded pasture) may
significantly alter water quality, and heavy and sustained grazing pressure of marine grasslands can
dramatically alter ground cover. Thus, the modification of ecosystems affects both habitat value and
the filtration and retention capacity of those areas [21]. On Queensland’s east coast, agriculture and
the urban development of infrastructure with berms, ponded pasture, dams, seawalls, and roads on
coastal plains impose threats to the resilience of mangroves and associated wetlands [22]. For example,
in the Mackay region of Queensland, Pioneer River mangroves have been reclaimed on average by
5 ha each year over the last 50 years [23], with a total loss of 26% since European settlement [24].
Mangrove–fishery links are well-recognised [25], but, to expedite conservation efforts, it is necessary
to quantify the spatio–temporal scales of change in mangrove habitats (e.g., disturbance, loss, and
regrowth) [26,27]. Indeed, the array of benefits that are offered by wetlands makes it critical that they
are monitored, maintained, and restored where and whenever possible [28]. Paradoxically, within
Great Barrier Reef coastal provinces, ecosystem effects and cumulative impacts on fishery resources are
poorly understood [29]. Moreover, disparate jurisdictional responsibilities hinder assessment efforts.
With the ongoing loss of these systems, Australia’s commercial and recreational fisheries are becoming
depleted nation-wide [30].

Quantifying LULC changes is not only crucial for the evaluation of services but also the protection
of coastal wetland ecosystems, and remote sensing technology provides one of the most useful ways to
monitor wetland dynamics [6]. Protected areas such as national parks often depend on the landscapes
surrounding them and their hydrologic connections to maintain flows of organisms, water, nutrients,
and energy. Park managers have little authority over the surrounding landscape, although land use
changes and hydrology alterations can have major impacts on the integrity of a protected area [31,32].
In Queensland, public and private lands are surveyed by the Statewide Landcover and Trees Study
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(SLATS), which uses satellite imagery to monitor woody vegetation clearing in native vegetation
including mangroves and estuarine regions [33], but no studies have focused on using remote sensing
to map biome variability and change dynamics in Great Barrier Reef catchments on a landscape scale.

The fundamental broad objectives of this research are to assess the regional drivers of wetland
degradation in order to assist in maintaining the values that underpin estuarine ecosystem integrity
within and outside the boundary of a protected area. The research presented here can aid the
prediction of responses under future change scenarios (e.g., climate shifts/disturbance). The change
detection process identifies differences in the state of an object or phenomenon by observation at
different times [34]. Possible classification inaccuracies and a lack of consensus in regional-scale LULC
approaches necessitates the employment of more than one method for comparative purposes and to
aid validation, particularly for change detection in complex landscapes such as coastal wetlands [35].

Our study focuses on change dynamics by using four methods of change analysis:
post-classification change analysis with a supervised classification technique, visual interpretation,
thematic change dynamics, and trend analysis. There has been an increased use of supervised
classification techniques in comparison with unsupervised techniques in the last decade [36].
The supervised pixel-based maximum likelihood ML classification is the most common method
in remote sensing image data analysis, and it is often applied as a benchmarking algorithm [37–39].
Supervised change analyses for wetland mapping in remote sensing studies have previously focused
on coast line dynamics or reclamation activities [40,41]; few studies have examined wetland change
dynamics within and surrounding the border of a protected area and adjacent to a World Heritage
Site. We provide a description of observed changes through maps generated for a fourteen-year time
period (2004–2017) on a two/three-yearly basis. The research contributes to the fields of land cover
characterisation, landscape dynamics, and conservation planning.

The objectives of this study are: (1) to quantify how the coastal landscape (mangroves and
associated communities) has spatially and temporally changed in a period of 14 years (2004–2017)
within a region that is subjected to intense commercial and recreational fishing; (2) to assess the
implications of landscape change to biodiversity within and outside the boundary of a national park;
(3) to inform regional land planning, conservation efforts, and policy-makers. In summary, the study
addresses the important question: has significant, human-induced change occurred in the coastal
landscape, resulting in altered ecosystem function that could have possible repercussions for the
fishery resource?

2. Materials and Methods

2.1. Study Area and Data Sources

Our study area is located within the northeast coast drainage division of the Central Queensland
coast, specifically the Plane Creek Basin catchment of the Mackay Whitsunday Natural Resource
Region, Central Queensland, Australia. Rocky Dam Creek and Cape Palmerston National park are
positioned in the Ince Bay Receiving Waters adjacent to the World Heritage listed Great Barrier Reef.
The primary intensive land use is the cultivation of sugar cane, making up 18% of the catchment area,
with Mackay being the largest sugar-producing region in Australia [42]. Grazing is also an important
land use, accounting for 42% [21]. The region’s estuaries directly support several commercial fisheries,
e.g., East Coast Inshore Fin Fish Fishery, East Coast Otter Trawl Fishery, and Coral Reef Fin Fish
Fishery [43]. Additionally, recreational fishing is a considerable activity in the region, with 24.8% of
the population participating in fishing for recreation, far greater than the state average of 15.1% [44].
The Mackay Whitsunday Natural Resource Region supports extensive areas of estuarine and mangrove
wetlands, these being dominant features of the coastal landscape [45]. Mangroves and associated
communities cover 62,094 ha of tidal land in the region, with nine wetland areas recognised as
nationally important [46]. The total area of the Rocky Dam Creek sub-catchment is 53,697.5 hectares.
Cape Palmerston National Park is listed as a category II protected area on the International Union



Remote Sens. 2020, 12, 197 4 of 26

for Conservation of Nature (IUCN) World Database on Protected Areas [47] and covers 7200 hectares
(Figure 1). Ten ecosystem types listed as endangered in the IUCN Red List are present (Table 1 and
Figure 2). The areal extent of the sub-catchment and coastal zone used for land cover classification
has 53,302.05 hectares of a variety of land cover types. The study area is located between latitude
21◦27′–21◦37′S and longitude 149◦17′–149◦26′E.

Remote Sens. 2020, 12, x FOR PEER REVIEW 4 of 26 

 

Areas [47] and covers 7200 hectares (Figure 1). Ten ecosystem types listed as endangered in the 
IUCN Red List are present (Table 1 and Figure 2). The areal extent of the sub-catchment and coastal 
zone used for land cover classification has 53,302.05 hectares of a variety of land cover types. The 
study area is located between latitude 21°27′–21°37′ S and longitude 149°17′–149°26′ E. 

 
Figure 1. Study site—Rocky Dam Creek and Cape Palmerston National Park Central 
Queensland—Sentinel-2B composite image visualised by using the red, green, and blue wavelength 
bands, captured 31 January 2018 at 00:22:57 provided by United States Geological Survey (USGS). 

Table 1. (IUCN)-listed endangered ecosystems occurring at the study site [20]—Rocky Dam 
Creek/Cape Palmerston National Park. 

Regional 
Ecosystem 

Extent in 
Reserves 

Description Structure 

8.1.4 Low 
Schoenoplectus subulatus and/or Eleocharis dulcis sedgeland or 
Paspalum vaginatum tussock grassland 

Sedgeland 

8.1.5 Low 
Melaleuca spp and/or Eucalyptus tereticornis and/or Corymbia 
tessellaris with a ground stratum of salt tolerant grasses and 
sedges, in a narrow zone adjoining tidal ecosystems 

Woodland 

8.2.2 Low 
Semi-evergreen microphyll vine thicket to vine forest on 
coastal dunes 

Closed forest 

8.3.1 Low 
Semi-deciduous to evergreen notophyll to mesophyll vine 
forest and/or sclerophyll emergent forest, fringing streams or 
in the vicinity of water courses 

Closed forest, 
riverine wetland 
or fringing 
riverine wetland 

8.3.2 Low 
Melaleuca viridiflora var. viridiflora on seasonally inundated 
alluvial plains with impeded drainage 

Woodland on 
floodplain 

8.3.4 Low 
Freshwater wetlands with permanent water and aquatic 
vegetation 

Forbland, 
palustrine wetland 

Figure 1. Study site—Rocky Dam Creek and Cape Palmerston National Park Central
Queensland—Sentinel-2B composite image visualised by using the red, green, and blue wavelength
bands, captured 31 January 2018 at 00:22:57 provided by United States Geological Survey (USGS).

Table 1. (IUCN)-listed endangered ecosystems occurring at the study site [20]—Rocky Dam Creek/Cape
Palmerston National Park.

Regional
Ecosystem

Extent in
Reserves Description Structure

8.1.4 Low Schoenoplectus subulatus and/or Eleocharis dulcis
sedgeland or Paspalum vaginatum tussock grassland Sedgeland

8.1.5 Low

Melaleuca spp and/or Eucalyptus tereticornis and/or
Corymbia tessellaris with a ground stratum of salt
tolerant grasses and sedges, in a narrow zone
adjoining tidal ecosystems

Woodland

8.2.2 Low Semi-evergreen microphyll vine thicket to vine forest
on coastal dunes Closed forest

8.3.1 Low
Semi-deciduous to evergreen notophyll to mesophyll
vine forest and/or sclerophyll emergent forest,
fringing streams or in the vicinity of water courses

Closed forest,
riverine wetland or
fringing riverine
wetland
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Table 1. Cont.

Regional
Ecosystem

Extent in
Reserves Description Structure

8.3.2 Low Melaleuca viridiflora var. viridiflora on seasonally
inundated alluvial plains with impeded drainage

Woodland on
floodplain

8.3.4 Low Freshwater wetlands with permanent water and
aquatic vegetation

Forbland,
palustrine wetland
(e.g., vegetated
swamp)

8.3.5 Low
Eucalyptus platyphylla and/or Lophostemon suaveolens
and/or Corymbia clarksoniana woodland on alluvial
plains

Open Forest

8.5.3 Low

Eucalyptus drepanophylla and/or Corymbia clarksoniana
and/or E. platyphylla and/or C. dallachiana and/or
Melaleuca viridiflora woodland on broad low rises and
gently sloping tertiary sand planes

Woodland

8.12.26 Low

Corymbia tessellaris and/or Eucalyptus tereticornis open
forest on hill slopes of islands and coastal areas on
Mesozoic-to-Proterozoic igneous rocks, as well as
tertiary acid-to-intermediate volcanic rocks; habitat
for the Proserpine Rock Wallaby

Open Forest

8.12.27 Low

Corymbia tessellaris and/or Eucalyptus tereticornis
and/or C. intermedia and/or C. clarksoniana open forest
with a secondary tree layer of Livistona decora on low
hills on Mesozoic-to-Proterozoic igneous rocks

Open Forest
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Figure 2. Sentinel-2B image captured 31 January 2018 with IUCN-endangered ecosystems [20]—Rocky
Dam Creek/Cape Palmerston National Park.
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Seven broadly recognised mangrove communities occur throughout the region. Within the
high rainfall areas of the Central Queensland coast bioregion, estuarine wetlands are about equally
dominated by saltpan and samphire flats along the high intertidal area; yellow and orange mangroves
(Ceriops tagal and Bruguiera spp.) dominate along the mid-intertidal area; and the stilted mangrove
(Rhizophora stylosa) dominates in the lower intertidal area [45]. Twenty-three tree and shrub species of
mangroves are present [48]. Landscape elevation ranges from 238 m to sea level; therefore, the study
site is not solely within the legislative constraints of the defined coastal area of the Queensland
Government (i.e., 5 km from the coastline or where land reaches the height of 10 m; Australian Height
Datum [29]).

We used the Sentinel-2B image captured on 31 January 2018 (spatial resolution of 10 m) to overlay
the major surface water features of the Plane Creek Basin catchment from the Australian Hydrological
Geospatial Fabric (Geofabric) [49] (Figure 3). The map provides a hydrological visualisation of
topographically consistent spatial surface water features and stream connectivity. Geospatial stream
data are useful for natural resource managers, as streams can be traced upstream and downstream to
identify drainage networks and water movement within the catchment area. Here, the map is included
to provide information on water connections and hydrology throughout the sub-catchment.
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Figure 3. Sentinel-2B image captured 31 January 2018 overlaid with the Australian Hydrological
Geospatial Fabric (Geofabric) [49] showing the drainage networks and hydrological connections of
Rocky Dam Creek/Cape Palmerston National Park.

For change detection, we used the Landsat satellite archive images captured in April, August,
and September for the years 2004, 2006, 2009, 2013, 2015 and 2017 (Table 2). We acquired images from
the United States Geological Survey (USGS) Earth Explorer Landsat Archive at level 1T, (except for
2009) which has systematic radiometric and geometric correction applied to the data by incorporating
ground control points and topographic accuracy by utilizing a digital elevation model. The 2009 image
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was derived from USGS Collection 1 and processed at Tier 1. The 2004, 2006 and 2009 images were taken
from the Landsat 5 Thematic Mapper (TM). The 2013, 2015 and 2017 images were taken from Landsat
8 OLI (Operational Land Imager) and TIRS (Thermal Infrared Sensor). Data from Landsat satellites
are spatially and geometrically consistent, and they comply with UTM projection [50]. We derived
maps from imagery acquired in winter and early spring, as cloud cover inhibits image availability
in warmer months [51]. Tidal information corresponding to each image date and time are from the
Bureau of Meteorology [52] (Table 2). Medium-resolution satellite imagery is suitable for mapping
mangrove and wetland areas on a regional scale [53]. There are two reasons for selecting Landsat
imagery: (1) It is acquired at regular intervals, and (2) it is freely available from USGS. We acquired
data from two independent sources for use as ground truth data: (1) Queensland Herbarium from 2003,
2006, 2009, 2011, 2013, 2015, and 2017 [54] and (2) Google Earth images from 2005, 2009, 2013, and 2016.
Local expert knowledge was included for validation, as this has become an important component of
mapping methodology [55].

Table 2. Image dates and observed sea levels for Hay Point tidal gauge, Central Queensland.

Image Date Identifier Observed Sea Level (m)

13 August 2004 Path 92 Row 75 4.361
3 August 2006 Path 92 Row 75 2.871

28 September 2009 Path 92 Row 75 4.582
7 August 2013 Path 92 Row 75 4.736
12 August 2015 Path 92 Row 75 4.572
27 April 2017 Path 92 Row 75 6.66

2.2. Image Analysis

All Landsat and Sentinel images were acquired from Earth Explorer and georeferenced to UTM
WGS 1984. Data collection included satellite images and ancillary data with local expert knowledge.
Prior to the classification of the Landsat images, we stacked the total number of bands in each satellite
image by producing a composite. The Mask tool was used to extract the study area and exclude
urban coastal regions, the inland region, and the open ocean [56]. Expert knowledge informed the
land class designation. Thematic maps produced from the supervised classification were used for
change detection in the analyses of thematic change dynamics and the time-series (Figure 4). All image
analyses were performed in ArcGIS Version 10.6.1.
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2.3. Image Classification

We used a supervised classification method and the ML clustering algorithm with composite
images of all Landsat bands. Supervised classification has been the most frequent method by which
the remotely sensed data of mangrove areas have been classified, and the ML algorithm has been
found to be a robust technique that is capable of repeated refinement and reclassification [14]. With
supervised training, it is important that the training area be a homogeneous sample of the respective
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class but at the same time includes the range of variability for the class [57]. Therefore, more than one
training area per class was used. An accurate classification depends on the extent of overlap between
class signatures. The ML classifier minimizes the total error in the classification if the estimate of the
underlying probability distribution is correct [58]. Based on Bayes’ theorem, the ML algorithm uses
a discrimination function to assign pixels to the class with the highest likelihood [59]. Images were
classified by using spectral signatures that were obtained from training samples. Training sample
polygons represent distinct sample areas of various land cover types to be classified. Distinguishable
classes represented by the training samples were examined from the spectral band characteristics [60].
By using the statistical tools in ArcGIS, we determined the samples to be distinguishable by their
histograms and distinct scatter-plots [59]. Between 7 and 140 training polygons were generated for
each feature class. We classified images into nine information (land) classes: cropping/grazing, oceanic,
sand beach, open forest, mangrove forest, estuarine wetland, saltpan, bare mudflat, and saltmarsh
grass. Wetland land-use classes include emergent vegetation, riparian vegetation, and riverine and
palustrine wetlands (e.g., vegetated swamps) (Table 3).

Table 3. Land classes used in the classification analysis.

Class Class Type Class Description

1 Cropping/Grazing Lands covered with temporary crops followed by harvest and
a bare soil period/pasture land used for grazing cattle

2 Oceanic Coastal seawater occurring along the coastline and seaward,
including the estuaries and mouths of rivers and streams

3 Sand beach Smooth, sloping accumulations of sand and gravel along the
shoreline

4 Estuarine wetland

Coastal tree swamps that are non-tidal, wooded wetlands and
are covered or saturated by water for all or part of the year;
includes emergent vegetation, riparian vegetations, and
riverine and palustrine wetlands (e.g., vegetated swamps).
Covers the habitat types of Melaleuca spp. and Eucalyptus spp,

5 Open forest

Grades from woodland species 18–30 m tall to open forest up to
50 m tall, e.g., Eucalyptus tereticornis, Eucalyptus platyphylla on
parallel dunes, alluvial plains, undulating low hills, lowlands
and foothills, frequently with a shrub layer of Acacia spp.

6 Mangrove forest

Closed forest to open shrubland of mangrove species, the
seaward edge and fringe of waterways dominated by
Rhizophora stylosa, with Ceriops tagel and Bruguiera spp in the
lower intertidal. Situated on marine clay plains and estuaries

7 Saltpan Samphire open forbland on saltpans and plains adjacent to
mangroves

8 Bare mudflat
Tidal flats of coastal wetland areas where sediments have been
deposited by tides and rivers/streams, composed of estuarine
silts, clays, and marine animal detritus

9 Saltmarsh grass

Sporobolus virginicus tussock grassland and other ground layer
species on marine sediments; usually forms a narrow belt
between mangroves and alluvial communities in the upper
coastal intertidal zone between land and open saltwater or
brackish water that is regularly flooded by the tides

2.4. Accuracy Assessment

We visually compared the spectral classes with reference data derived from high spatial resolution
true-colour aerial and satellite images in Google Earth and the Queensland Herbarium at corresponding
dates to the Landsat images in order to verify land cover classification accuracy. A stratified random
sampling design was appropriate for the accuracy assessment. The random point application in
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ArcGIS generated approximately 500 unbiased random points, and the validation points were projected
onto the classified maps and compared to produce the error matrix. Subsequently, we determined
the corresponding change detection thematic map’s user’s accuracies, producer’s accuracies, overall
accuracy, and Kappa coefficient [61] (Table 4).

Table 4. Accuracy assessment of Landsat images captured in 2004 and 2017 at Rocky Dam Creek/Cape
Palmerston National Park.

Land Class Name
Producer’s Accuracy (%) User’s Accuracy (%)

2004 2017 2004 2017

Cropping_Grazing 0.84 0.84 0.83 0.91
Oceanic 0.92 0.97 1.00 1.00
Sand beach 1.00 0.83 1.00 0.50
Open forest 0.86 0.95 0.98 1.00
Mangrove forest 0.81 0.87 0.95 0.96
Estuarine wetland 0.72 0.90 0.72 0.69
Saltpan 1.00 0.96 1.00 0.86
Bare mudflat 1.00 0.93 0.51 1.00
Saltmarsh grass 0.92 1.00 0.39 0.67
Producer’s accuracy 0.89 0.94
Overall accuracy 0.95% 100%
Kappa coefficient 0.85 0.92

2.5. Change Detection

Change detection procedures estimate that a change in the reflectance of the study area results
from a corresponding change in surface cover or surface material [62]. We characterised changes by
using a suite of analytics. The first two methods of change detection were post-classification change
analysis, and visual interpretation of images and comparison with Google Earth images from similar
dates. Using local expert knowledge, we applied the on-screen digitisation of Landsat 2017 true-colour
images to show areas of mangroves, saltpan/saltmarsh grass and estuarine wetland that have been
altered from 2004 to the oceanic information class in 2017. The third method of change detection
was the use of thematic change dynamics by using a remote sensing software tool to portray the
dynamics of land cover change that occurred at Rocky Dam Creek/Cape Palmerston National Park.
This tool measures the transition dynamics of a land cover class to another class at a given extent.
Firstly, an initial state image was input as a time 1 image (2004), and then a final state image was
input as time 2 (2017). Only changed areas were taken to visualize the overall dynamics. The output
was a transition probability matrix signifying the “from–to” change that exemplified the past and
present state of different land cover classes. The fourth and final method of change detection was
a raster-based trend analysis where a time-series stack of thematic maps that was constructed into
a 3D array and indexed via row and column was built to get a time-series vector. The occurrence of
each class in each pixel across the time-series (i.e., the maximum spatial extent for each class) was
used to create the output map. For example, the maximum extent map for open forest would show
pixels that contained at least one occurrence of that class across the time-series array. We fitted a linear
regression model to the data array with a slope value related to areal cover change per year in the
time-series. The trend analysis measured the net change between pixels through the time series data,
integrating six raster datasets with the same spatial extent, the output being a spatial map of slope and
trend analysis. Information classes were combined to give a broad statistical appraisal of the region’s
LULC change dynamics. The map showing slope of the regression line is displayed as ranked data
that are representations of the data’s spatial attributes; this was created with the Jenks optimization
method, a data clustering method that determines the best arrangement of values into different classes.
The method seeks to reduce the variance within classes and maximize the variance between classes.
If the values increment in time, they have a positive slope (red area) and, in the case of a decreasing
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regression line, a negative slope (green area). Temporal relationships were evaluated among the years
by using the Pearson’s correlation coefficient r value. Values represent the direction and magnitude of
land cover change through the time-series. Post classification change analysis, visual interpretation,
and thematic change were quantified by using Erdas Imagine Version 16.5.1 and the Spatial Analyst
Toolset in ArcGIS Version 10.6.1. ArcGIS and Python routines were used for the time series analysis.

3. Results

The aim of this research is to quantify how a large, tropical, coastal region with estuarine-dependent
fisheries has spatially and temporally changed in a period of 14 years (2004–2017). We used four
methods of change detection in the analysis.

3.1. Post Classification Change Analysis

Our post-classification change detection analysis for the Rocky Dam Creek/Cape Palmerston
National Park region with images from 2004 and 2017 quantified the amount of change in each
land cover type (Figure 5). Information classes with a positive change demonstrated an increase
in percentage area, and those with a negative change described a decrease. A positive change was
apparent for four of the information classes: cropping/grazing (0.45%, 1329 hectares); oceanic (14%,
13,280 hectares), the large variability for the oceanic class can be explained by the time of day the
two images were taken (the 2004 image was captured at low tide and the 2017 image was captured
at high tide) (Table 1); saltpan (1.69%, 1565 hectares); and sand flat (0.12%, 126 hectares). A negative
change occurred for five of the information classes: open forest (−0.05%, −1851 hectares), mangrove
forest (−3.31%, −1147 hectares), estuarine wetland (−3.88%, −1496 hectares), bare mudflat (−5.49%,
−2627 hectares), and saltmarsh grass (−3.65%, −1551 hectares) (Table 5). Notably, we found a low
occurrence of saltmarsh grass within the park boundary. The overall classification accuracy and Kappa
coefficient for 2004, 2006, 2009, 2013 2015, and 2017 land cover maps were 85%, 88%, 88%, 89% 81% and
92%, respectively, which were acceptable accuracy levels (Table 4; Tables S1 and S2 in Supplementary
Materials). These values represent the general precision level that can be expected in mapping LULC
when using the supervised classification technique.
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Figure 5. Land use differences between 2004 and 2017 at Rocky Dam Creek/Cape Palmerston
National Park.
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Table 5. Post-classification change statistics for five land use classes: mangrove forest, estuarine wetland,
saltmarsh grass, bare mudflat, and saltpan at Rocky Dam Creek/Cape Palmerston National Park.

Land Use Class
Pixel

Count
2017

Area in
2017
(Ha)

Percent
Area in
2017 (%)

Percent Area Increase
(Decrease) from 2004

to 2017 (%)

Increase
(Decrease) from
2004 to 2017 (Ha)

Mangrove forest 40,018 3601 5.53 −3.31 −1147
Estuarine wetland 37,643 3388 5.21 −3.88 −1496

Saltmarsh grass 25,860 2327 3.57 −3.65 −1551
Bare mudflat 18,925 1703 2.6 −5.49 −2627

Saltpan 41,980 3778 5.8 1.69 1565

3.2. Image Interpretation

At the high tide, marine and estuarine waters flood the bays, intertidal flats, and channels of the
region which, during wet season events, are diluted to brackish levels in some areas by freshwater
flooding and stream flow from the catchment. Freshwater areas are shallow and receive water from
stream flow and floodout. Water is otherwise saline throughout and less than 6 m deep. The tidal
range is 7 m. The site is a good example of a diverse, hydrologically related aggregation of marine,
estuarine, and freshwater wetlands within the Central Queensland Coast bioregion [46]. The Landsat
2017 true-colour composite image exhibits the delineated polygonal outlines of the mangrove (Figure 6),
saltpan/saltmarsh grass (Figure 7) and estuarine wetland (Figure 8) classes from the 2004 Landsat
image that changed to the oceanic information class. Inundation occurred over a substantial area of
three information classes: mangrove forest (87 hectares), saltpan/saltmarsh grass (49 hectares), and
estuarine wetland (17 hectares).
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3.3. Thematic Change Dynamics

The thematic change summary matrix 2004–2017 shows the number of pixels in each of the nine
land classes per zone (Table S3 in the Supplementary Materials) and the net percentage loss of each of
the nine land cover classes per zone (Table S4 in the Supplementary Materials). The mangrove land
class transitioned to three land classes: (1) open forest (net loss = 5.08%, 597 hectares), (2) estuarine
wetland (net loss = 8.51%, 273 hectares), and (3) saltmarsh grass (net loss = 6.26%, 145 hectares).
Three information classes transitioned to the cropping/grazing land class over the 14-year time period:
the open forest (net loss = 3.3%, 75 hectares), the estuarine wetland (net loss = 4.95%, 552 hectares),
and the saltmarsh grass, which deteriorated considerably (net loss = 4.26%, 1001 hectares). A total of
1628 hectares of coastal vegetation transformed into pasture. A proportion of the cropping/grazing
land class changed to saltpan (net loss = 5.38%, 192 hectares). The open forest land class claimed
a proportion of the estuarine wetland (net loss = 2.16%, 1122 hectares). The bare mudflat information
class transitioned to three land classes: (1) saltpan (net loss = 14.44%, 591 hectares), (2) saltmarsh grass
(net loss = 2.38%, 66 hectares), and (3) sand flat (net loss = 66.15%, 192 hectares).

3.4. Time Series Analysis

In a spatio–temporal analysis, we used the single explanatory variable of time to explore how the
predictor variable, LULC, changed over the landscape 2004–2017. The map of the regression slope
shows positive and negative values across the study site (Figure 9). The forested area (mangrove forest
and open forest) was the dominant region that occupied the mid-way point in the data range, indicating
that this area generally had little inter-annual variability and no decrease on average; this is the yellow
area (average r value = 0.24) (Figure 9). A predominantly negative slope of the regression line indicates
vegetation thinning and was pronounced in the land classes of cropping/grazing, estuarine wetland,
and saltmarsh grass—these are represented by the dark green area (Pearson correlation coefficient
r value range = −0.84–0.2) (Figure 10). The total vegetation decline in the cropping/grazing class was
1896 hectares. Strong positive slope values show a high exposure in the system through time but
small inter-annual variability. High exposure areas include the saltmarsh grass adjacent to Rocky Dam
Creek, saltpan, and bare mudflat land classes across the site extent—these are shown as the orange/red
area (Pearson correlation coefficient r value range = 0.37–0.97) (Figure 10). The total change in the
combined classes was 9375 hectares. Many areas throughout the study region displayed significant
values (p value range = 0.001–0.099), demonstrating that land classes decreased in areal extent in the
time series, e.g., the saltmarsh grass south of the saltpan zone, the estuarine wetland south of the
saltmarsh grass zone, the bare mudflat in the stream inlets, scattered grazing sites, the open forest at
Glendower Point (coastal mid-way point of the site) and the north-east boundary of the park, and the
fringing mangroves along the coastline and stream channels.
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Figure 9. Map of regression slope that highlights positive and negative values across the study site
2004–2017. High positive slope values show an increase in areal extent through time and are most
pronounced in the saltpan and bare mudflat land classes across the site extent (shown in red); high
negative slope values show a decrease in areal extent through time and are most pronounced in the land
classes: cropping/grazing, estuarine wetland, and saltmarsh grass, as well as the fringing mangroves
along the coastline and stream channels (shown in green) at Rocky Dam Creek/Cape Palmerston
National Park.
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Figure 10. Map of Pearson correlation coefficient r values across the study site 2004–2017. A strong
positive correlation is highlighted in the land classes: saltpan and bare mud flat (shown in red);
a strong negative correlation is highlighted in the land classes: cropping/grazing, estuarine wetland,
and saltmarsh grass (shown in green). Significant values (p value range = 0.001–0.099) demonstrate
that the following land classes decreased in areal extent in the time series: saltmarsh grass, estuarine
wetland, bare mudflat in the stream inlets, scattered grazing sites, open forest at Glendower Point
(coastal mid-way point of the site) and the north-east boundary of the park, and fringing mangroves
along the coastline and stream channels at Rocky Dam Creek/Cape Palmerston National Park.

4. Discussion

4.1. Change Dynamics in Estuarine Ecosystems

Old world tropical mangroves found in the Indo-Pacific, including tropical Australia, possess
notable attributes of species diversity, richness, abundance, and succession, and they are therefore
considered to be the most dominant and important mangroves globally [63,64]. We examined changes
in their vegetation structure and connectivity within a spatially extensive estuarine region of Central
Queensland, Australia by using four methods of change detection. This work has relevance to the
maintenance of biodiversity and ecological processes because it explores: (1) the distribution of critical
wetland habitats in relation to their proximity to threats from human development; (2) temporal change
in the distribution and abundance of wetland habitats correlated (spatially) with temporal change in
human activities of varying types (fishing, coastal development, agriculture, erosion, and hydrology
modification); and (3) interactions that occur at scales larger than a protected area’s boundary that
affect the maintenance of biodiversity values.

An analysis of classified maps revealed that gradual ecosystem change occurred across large
areas and various habitats. Other studies such as that by Kanniah et al. [65] in the Southern
Peninsula, Malaysia, and that of Tran and Fischer [66] in Ca Mao Province, Vietnam, confirm that
protected area status does not guarantee the encroachment control of long-term anthropogenic
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influence, and the downsizing of mangrove communities continues. Competing demands for available
resources, especially in coastal provinces, drives change in hydrology and land use outside a protected
areas’ administrative boundary, thus affecting ecological processes within such as movement of
organisms, water availability, and connectivity functions [31]. Mangroves are well recognised as fragile
ecosystems that play an important role in linking marine and terrestrial systems [67]. Nevertheless,
it is apparent from our results and most previously published research that mangrove ecosystems are
in decline [68–70]. The mangroves in our study region are located in the mid and lower intertidal zone
and are constrained not by land surface temperature, as in semi-arid regions [71,72], but by air/seawater
temperature, freshwater levels, and other geospatial properties. Whilst air/seawater temperature was
not measured in this study, other studies have shown a linkage between mangrove deforestation
and anthropogenic climate change [73]. The frequency and intensity of cyclones and storms has
increased as a consequence of greater sea-surface temperature, with further escalation predicted [74,75].
The Landsat 2017 image was captured in April immediately following the impact of a severe tropical
cyclone [16]. We suggest that the mangrove decline in our study (1147 hectares) was a result of change
in sediment profiles, defoliation, and inundation from a coastal cyclone [74,76]. Furthermore, because
effects outside the boundary of a protected area manifest themselves within that boundary, alterations
in hydrology for pasture and direct trampling may be linked to the decline in mangroves, saltmarsh
grass, and estuarine wetlands. Similarly, Al-Hamdan et al. [77], by using Landsat satellite data in
Tanzania during the period of 2000–2010, found a net deforestation of mangroves with a net agriculture
expansion. Our result for mangrove transition (1015 hectares) from the thematic change analysis is
comparable to Chen et al. [78], who observed the transition of mangroves to other land uses during the
period of 1985–2013 in the Honduras.

River and stream flow regulation is pervasive in Australia. River regulation affects riverine
vegetation by fundamentally altering the flow regime, thus changing the hydrology and flow across
a range of different spatial and temporal scales [79]. Though there is recognition by government agencies
of the alienation of flow-dependent ecosystems that are attributed to anthropogenic barriers [22],
regulating structures such as culverts, pipes, road crossings, weirs, and ponded pasture still potentially
cause connectivity disruption in our study region [80]. Further, the inclusion of regulating structures
interrupts stream flow regimes, floodplain–wetland connections, biotic responses, channel formation,
and sediment transfer [81]. The fragmentation of riverine vegetation with corresponding environmental
degradation from flow regulation has been observed with Landsat imagery in other studies, such as
those by Das and Pal [82] in India and Antwi et al. [83] in Ghana. We suggest that the reduction in
estuarine wetland in our study (1496 hectares) including endangered ecosystems, in combination with
a significant declining trend in vegetation extent (thinning) (Table 1, Figure 2), was primarily due to
the alteration of natural flow regimes through stream regulation, which affected the processes that
sustain riparian vegetation communities.

Saltmarsh grass is recognized as providing climate benefits through carbon sequestration as
well as other ecosystem benefits, e.g., storm surge erosion protection and ontogenetic habitat for
fisheries species [9,84]. Tropical saltmarsh grass is poorly represented in protected areas and crudely
acknowledged for its ecosystem services when confronted with alternative land uses. In a recent
review, Wegscheidl et al. [85] identified a lack of quantitative information needed to substantiate the
value of Australia’s saltmarshes, both locally and regionally. Likewise, we found a low occurrence
of saltmarsh grass in Cape Palmerston National park, and there was an apparent decreasing trend
in the vegetation extent (thinning) of saltmarsh grass throughout the study site. Saltpan and bare
mudflat areas exhibited inconsistency across the study site. There were high levels of bare mudflat
accretion in the main channels and areas of coastline; however, stream inlets and drainage networks
showed inter-annual variability (long-term trend increases and decreases) due to tidal fluctuations
and a decrease through time. Similar to those reported by previous studies in tropical regions [86],
our results suggest that the saltmarsh–mudflat system in the landward region of the Cape Palmerston
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National Park shows instability and is degrading over time, possibly due to climatic factors such as
recent cyclonic activity, sea level variability, and prolonged inundation.

The need for scientifically-based regional-scale land use planning around protected areas is integral
in human-dominated landscapes to balance conservation goals with livelihood needs for crops, pasture,
and other ecosystem services [31]. The decline in wetland ecosystems in our study could be attributed
to both direct and indirect effects. Direct effects could include altered vegetation composition and
structure from trampling by grazing animals and the modification of ground morphology. An indirect
effect could include the draining and hydrological disturbances that convert wetlands to agricultural
and grazing land, resulting in tidal disruption and vegetation fragmentation. Across the sub-catchment,
the cumulative area of open forest, estuarine wetland, and saltmarsh grass (1628 hectares) was
converted to pasture. Riverine landscapes are highly valued in Australia for grazing and are often
preferred by livestock because of their vegetation, shade, and water [87]. Though the Sarina Inlet–Ince
Bay Aggregation is a designated important wetland under Australian federal biodiversity conservation
policy [46], implementation is lacking [88]. The land classes that are open forest and estuarine wetland
transition to cropping/grazing is a similar result to that obtained by Haque and Basak [37], who found
that forested land transitioned to either shallow water or settlement in Bangladesh during 1980–2010.
The result by Toure et al. [89] in Senegal with Landsat imagery and ML classification highlighted the
unexpected transition of agriculture to saltpan, as was the case for areas of cropping/grazing in our
study (192 hectares).

The significant declining trend observed for open forest, fringing mangroves, estuarine wetlands,
and vegetation levels in scattered grazing sites was inconsistent across the study area. This inconsistency
illustrates how multiple forms of change can co-occur within relatively close proximity. We suggest
that the decline in shoreline vegetation cover was the direct result of a severe tropical cyclone that
impacted the coast in March 2017, and we also suggest that grazing-induced, ubiquitous vegetation
degradation contributed to and will continue to exacerbate the loss of resilience in these systems.

4.2. Comparison with SLATS

The SLATS program was initiated by the Queensland Government to provide factual information
on land cover and trends in land clearing, tree growth, and regrowth on public and private lands [90].
The SLATS data are based on the supervised classification of multiple Landsat satellite images and
digital terrain models at a resolution of approximately 30 m, with maps on woody vegetation clearing
(and replacement land cover) that are the result of the anthropogenic removal of vegetation [91]. SLATS
has clear differences with our study in that SLATS does not include any vegetation loss caused by
natural tree death or natural disasters (e.g., cyclones) when calculating woody vegetation clearing
rates. Further, SLATS applies radiometric standardisation to the Landsat images. Finally, topographic
corrections are used to increase accuracy in areas of high slope [92]. However, as our study area is
generally of low, flat elevation, we deemed the correction unnecessary. An inspection of SLATS maps
from 2004 to 2017 in ArcGIS displayed similarities with our results with many sites cleared of woody
vegetation and converted to pasture, particularly along the boundary of the national park, in the
north-east, north-west, south, and central areas. According to SLATS, the total converted vegetation in
the Plane Creek catchment is 3536 hectares, and, by digitizing the Rocky Dam Creek sub-catchment
pasture polygons in ArcGIS, we found a total of 1100 hectares. Though the total SLATS pasture profile
is smaller than our results for the thematic change (1628 hectares) and time series (1896 hectares),
our results nevertheless reflect a variable but significant impact on the coastal region that was likely
caused by an intense climatic event.

4.3. Limitations of the Study

Remote sensing data and tools are fundamental methods for measuring LULC, but there are critical
drawbacks in the change detection of wetlands. The first drawback is that classification errors from the
individual-date images can affect the final change detection accuracy, and, although ground-truth data
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engender the development of accurate LULC classification and accuracy assessments, errors can still
occur [93]. Foody [94] argued that accuracy values cannot be appropriately interpreted by readers
or users unless a detailed account of the approach to accuracy assessment is provided. The lack of
robust validation could have serious implications for some users and may lessen their confidence
in remote sensing as a source of land cover data. Therefore, the validation methods that detail the
user’s and producer’s accuracies of change with Kappa coefficient and which include the confusion
matrix for the 2004 and 2017 images (Table 4) have been given to allow for replication. The second
drawback is that during high tides, there can be a sharp decline in the spectral reflectance of mangroves,
especially in the NIR and SWIR regions [95,96]. Our study used a combined binary change detection
and time series analysis approach, illustrating that it is beneficial to use multiple images in change
detection research since apparent changes between any two images could be due to irrelevant causes
such as tide, sea surface state, and water constituents. The third drawback is that, ideally, change
detection requires precise image alignment, which is difficult to achieve, and the fourth drawback
is that post classification comparison-based binary approaches that are used for hard classifications,
i.e., comparatively broad scale classifications, may not detect subtle transformations in land cover
modification in which the land cover type may have been altered but not changed (e.g., a thinned
forest or saltmarsh degradation), ensuing an inappropriate representation [97].

4.4. Implications for the Conservation of Estuarine Ecosystems

Quantifying the level of coastal wetland fragmentation and landscape connectivity is an essential
component of contemporary strategies that are aimed at biodiversity conservation and fishery
sustainability [98]. The results presented here are noteworthy from two viewpoints. The first is
nationally—in Australia, there is no nationally consistent approach to quantify the area of mangrove
or saltmarshes, and historical benchmarks are scarce [99]. Our results inform the Australian inventory
of spatio–temporal distribution, as they show important changes in the representation of coastal
vegetation classes, particularly mangroves and saltmarsh grasses, in the tropical catchments of the
Eastern seaboard. The second viewpoint is regionally—natural resource management is hampered by
complex management arrangements that provide challenges to achieving environmental sustainability
and are additional to increasing pressures from natural and anthropogenic forces [100]. Our findings
raise concerns that lands surrounding the Cape Palmerston National Park are under threat, and,
because interactions occur at scales larger than a protected areas’ boundary, repercussions arise for the
environmental stability of the entire region. Watson et al. [101] argue that the occurrence of threatened
species is widespread outside protected areas, and plants are one of the most poorly represented
taxonomic groups. Furthermore, protected areas are not exempt from anthropogenic impacts; for
example, Jones et al. [102] identified an increase of human pressure of 1.5% on IUCN listed protected
areas categories I and II between 1993 and 2009. Particularly evident in our study was the decline of
estuarine wetlands, which include endangered ecosystems: the broad leaf tea-tree Malaleuca viridiflora
and semi-evergreen microphyll vine thicket-to-vine forest [103] (Figure 2).

There is a need for a more comprehensive understanding of the ecosystem value assigned to
Australia’s coastal landscapes. This information is a high priority and needed to support evidence-based
decision-making and conservation actions that attribute socio–economic value, warranting ecosystem
protection and repair [85]. For example, the Australian Government listed subtropical and temperate
coastal saltmarsh as a vulnerable ecological community under the Environment Protection and
Biodiversity Conservation Act 1999 (EPBC) in 2013 [104]. Carbon sequestration pathways designate
saltmarshes (and other coastal wetlands) as disproportionality valuable in sequestering carbon dioxide
compared to terrestrial ecosystems [105]. Therefore, it is an opportune time to apply protection to
these communities. We propose that the vulnerable listing be extended to tropical saltmarsh regions.
The 1998–2003 historical occurrence of mangrove dieback in local estuaries, which affected >30 km2 of
remnant mangrove cover [106,107], failed to conclusively identify the causative agent (agricultural
herbicides and flooding were implicated in the event). However, recent northern Australian mangrove
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dieback has been linked to climate change as the most likely cause [108]. The declining trend in fringing
mangroves found in our study is concomitant to a loss of ecosystem services that are provided by the
coastal habitat–fishery linkage, as the service value of mangroves has been observed to be higher at the
seaward edge [109]. Notwithstanding the Australian government’s efforts to provide protection to
Great Barrier Reef catchments [16], ecosystem degradation is ongoing.

Two key factors determine the extent to which coastal habitats can recover and the associated fauna
rejuvenate from a major acute (pulse-like) disturbance such as a cyclone: (1) the time window until the
next major acute disturbance [110] and (2) the extent and intensity of chronic (press-like) disturbances,
such as disruption in sediment/water profiles [74] and elevated mean seawater temperatures suppressing
recovery rates [64] during that window. Predictions that tropical cyclones will increase in frequency
and intensity in Australia in the coming decades [111] have been accompanied by projections of an
escalation in storm surges and extreme sea-levels under future climate change [112]. Improving the
resilience of Great Barrier Reef coastal ecosystems requires active landscape protection and restoration
approaches to maintain as many biodiversity and ecosystem functions as possible [113].

5. Conclusions

In this paper, we have used a stratification approach to examine different types of change by
analysing land cover types. Ancillary data and local expert knowledge were necessary to expose
long-term trends and formulate explanations in a region that surrounds and includes a national park
that has, until now, been largely devoid of significant direct anthropogenic impact. Whereas the reasons
for such changes could generally be explained with detailed field-based data sets, such information
does not exist at the requisite spatial and temporal scales. Remote sensing datasets, e.g., Landsat
imagery, provided the only feasible method to enumerate the trends in LULC in the spatially extensive
study area. Areal reduction in threatened and endangered ecosystems (e.g., mangroves and estuarine
wetlands) occurred within Cape Palmerston National Park and its surroundings. We found a decreasing
trend in the vegetation extent of estuarine wetlands, saltmarsh grass, and grazing areas. Significant
declining values were observed in open forest, fringing mangroves, estuarine wetlands, and saltmarsh
grass, albeit on localized scales, with a mosaic of ensemble change across the study site. The occurrence
of a severe tropical cyclone immediately preceding capture of the 2017 Landsat image was likely the
main agent in the declining trend for shoreline and stream vegetation. Long-term grazing pressure
contributed to vegetation degradation and loss of resilience on a landscape scale. SLATS maps confirm
that many sites in the sub-catchment were cleared of woody vegetation and converted to pasture
during our time period. To maintain ecosystem services and encourage habitat–fishery linkages,
effective monitoring action is crucial to understand recovery and set in place adaptive management
approaches. Historical occurrence of mangrove dieback in the region, coupled with the recent calls for
the increased monitoring of northern Australian mangrove ecosystems due to dieback connections to
climate change, could be extended to Great Barrier Reef catchments. Future studies by the authors
will create virtual constellation synergies by integrating optical land imaging systems with similar
characteristics, e.g., Landsat and Sentinel-2, firstly to assess post-cyclone recovery and secondly to
explore ecosystem variability forced by climate controls in Great Barrier Reef catchments. Our research
contributes to the body of knowledge on coastal ecosystem dynamics to enable planning to achieve
more effective conservation outcomes.

Supplementary Materials: The following are available online at http://www.mdpi.com/2072-4292/12/1/197/s1,
Table S1: Accuracy assessment of Landsat image captured in 2004, Rocky Dam Creek/Cape Palmerston National
Park, Table S2: Accuracy assessment of Landsat image captured in 2017, Rocky Dam Creek/Cape Palmerston
National Park, Table S3: Thematic Change Summary Matrix 2004–2017 with number of pixels in each land class per
zone Rocky Dam Creek/Cape Palmerston National Park, Table S4: Thematic Change Summary Matrix 2004–2017
with percentage of land classes occurring in each zone Rocky Dam Creek/Cape Palmerston National Park.
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