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Abstract6

Conservation planning processes and wetland management require spatial estimations of7

aquatic habitats to support the maintenance of aquatic biodiversity. However, physical ac-8

cess to several wetlands and freshwater habits can be restricted due to difficult topography9

and technological limitations associated with ground-based observations. In addition to these10

constraints, the distribution of some aquatic primary producers in freshwater habitats and11

floodplains that are difficult to reach further complicates large-scale assessment of aquatic12

habitats using traditional field-based techniques. The main objective of this study is to pre-13

dict the spatial distribution of hot spots of primary producers (aquatic plant biomass) in a14

large floodplain wetland (Flinders catchment) in the wet-dry tropics of Australia by integrating15

different remote sensing biophysical indicators (vegetation and inundation) with flood water16

depth in a classification tree model. Results indicate that the Flinders tend to lack the capacity17

to sustain freshwater in its wetland immediately after the summer wet season, the period when18

most primary production happens. While this can be attributed to the fact that much of total19

annual rainfall (93%) and surface runoff (95%) occur during the wet season, post flood reces-20

sion patterns are indicators that underpin the limited alimentation of the Flinders floodplain.21

As observed in this study, post flood inundation extents in the summers of 2009 and 201922

declined by approximately 89% and 87% within fourteen and ten days, respectively. Although23

the magnitude and intensity of the recent 2019 summer flood was significantly higher than the24

2009 summer flood event, the aftermath of the 2019 extreme ‘big wet’ period did not trans-25

late to higher floodplain productivity (aquatic plant biomass and surface water distribution).26

The predicted distribution of aquatic plant biomass and total floodplain inundation extent27

in the downstream Flinders show substantial temporal variation and suggest the floodplain28

productivity is climate-dependent with no known or perceived interference of human water29

management. Furthermore, multivariate analyses show that downstream discharge and rain-30
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fall over the Flinders are strongly correlated (r = 0.72). In addition to this, observed peak31

amplitudes of discharge and rainfall time series in extreme wet and dry years coincided with32

floodplain inundation patterns and distribution of hot spots of primary producers. While these33

relationships emphasize the importance of rivers in the productivity of the downstream catch-34

ment, they further corroborate that the Flinders wetland is driven by precipitation, which in35

turn impacts on discharge (52%).36
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1. Introduction38

Numerous ecological and socio-economic functions supported by wetlands and freshwater39

habitats such as regulating nutrient cycle, maintaining fishery production and the role of40

aquatic plants in enhancing water clarity, among other functions have been widely reported41

(e.g., Chen et al., 2014; Zhao et al., 2012; Tockner et al., 2010; Midwood and Chow-Fraser,42

2010; Keddy et al., 2009; Gidley, 2009; Cazzanelli et al., 2008; Ozesmi and Bauer, 2002).43

The large-scale assessment of wetlands and floodplains is therefore required to improve our44

contemporary understanding of wetland functions and their response to the degrading impacts45

of anthropogenic actions and strong fluctuations in climate. However, physical access to several46

wetlands and freshwater habits can be restricted due to difficult topography. Inaccessibility47

during times of inundation and extreme floods and technological limitations associated with48

field surveys are other key factors limiting the large-scale assessments of floodplain wetlands.49

While inaccessibility makes in-situ sampling challenging, aquatic primary producers such as50

macrophytes often thrive in freshwater habitats and floodplains that are extremely difficult51

to reach and perhaps unsafe (e.g., Zhao et al., 2012; Davranche et al., 2010), thus making52

traditional field surveys not only expensive but nearly impossible and risky. The ongoing53

development of satellite technologies are helping to overcome these challenges.54

Several improvements in satellite remote sensing optical systems that have occurred in55

recent years have resulted in increased use of these technologies for the assessment of floodplain56

inundation, inventorying of wetlands, mapping the distribution of floods and aquatic plants,57

monitoring and extraction of surface water in extensive floodplains are growing (see, e.g.,58

Tulbure and Broich, 2019; Normandin et al., 2018; Khandelwal et al., 2017; Ward et al.,59

2016; Feyisa et al., 2014; Syvitski et al., 2012; Tockner et al., 2010; Sakamoto et al., 2007;60

Midwood and Chow-Fraser, 2010; Ozesmi and Bauer, 2002). The general isolation of the61

Australian wet-dry tropics, coupled with increasing pressures for water resource development62

on floodplain ecosystems and subsequent threats to ecological assets (e.g., Ward et al., 2014)63

has necessitated the use of remote sensing methods to assess floodplains on a large-scale. Such64

assessment is vital not only to improve contemporary knowledge on drivers of inundation and65

aquatic primary production but to highlight the critical water need for ecosystem health that66

will foster relevant policy and aid sustainability.67

Tropical floodplain ecosystems are typically characterised by strong seasonality in rainfall,68

which in most cases results in considerable river flows and floodplain inundation during the69
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wet seasons (e.g., Ward et al., 2014, 2013). Consistent with this pattern, the Flinders River70

catchment in the wet-dry tropics of northern Australia, experiences large fluctuations in rainfall71

resulting in long dry spells and seasonal flooding. Characterizing their seasonal spatial patterns72

and variability is critical to assess the water requirements for primary production and aquatic73

food webs. Whereas floodplain inundation mapping has been undertaken for some river basins74

in Australia, though at much smaller scales (e.g., Tulbure et al., 2016; Fisher et al., 2016;75

Ward et al., 2013, 2014), the characteristics (e.g., duration and extent) of large-scale seasonal76

inundation for the Flinders catchment, especially during major summer floods are largely77

undocumented.78

These characteristics underpin knowledge on the impacts of climate change and/or anthro-79

pogenic influence on the distribution of primary production in aquatic systems within wet-dry80

tropical systems. Isolated and discreet water holes within these systems have been identified81

as highly productive centers in terms of phytoplankton biomass production, macrophyte, pe-82

riphyton and other primary producers that generate biomass for secondary aquatic producers83

(e.g., Burford et al., 2016; Ward et al., 2016; Waltham et al., 2013; Faggotter et al., 2013).84

While inundation extent in saline supratidal mudflats in wet-dry tropical regions of Australia85

was found to be an important indicator for the rates of primary productivity (see, Burford86

et al., 2016), the vulnerability of freshwater systems and aquatic habitats to climate influ-87

ence and changes in human-water policies and management are strong motivations warranting88

large-scale assessments. In addition to this, the variability in reflectance values of aquatic89

vegetation caused by poor discrimination of aquatic plants from water signals in Lakes, es-90

pecially during flood periods, and the limitations of the near-infrared wavelength in aquatic91

plant biomass prediction (e.g., Chen et al., 2018; Davranche et al., 2010; Cho et al., 2008; Silva92

et al., 2008; Malthus and George, 1997) have been reported. While these are pertinent issues,93

necessitating further research, the aforementioned reports were site-specific studies conducted94

within small Lakes, reservoirs, and wetlands/catchments.95

The main aim of this study is to assess the characteristics of large-scale seasonal inunda-96

tion patterns and predict the spatial distribution of hot spots of primary producers (aquatic97

plant biomass) in a large floodplain wetland in the wet-dry tropics of Australia. The specific98

objectives are (i) assess large-scale floodplain spatial inundation patterns and (ii) predict the99

spatial distribution of primary production centers by integrating remote sensing indicators in100

a classification tree model. While remote sensing based inundation metrics have been used101

in quantifying floods and mapping floodplain inundation, the need to assess the stability of102

4



these indicators in the extraction of surface water on complex landscapes such as the Flinders103

floodplain is essential to provide more knowledge on the role of climate variability on wetland104

hydrology. To deliver geospatial information that aids the prioritization of future surface wa-105

ter developments in this region, a multivariate analysis of hydrological indicators (e.g., river106

flow) is used to assess local wetland hydrology and its influence on floodplain inundation and107

distribution of aquatic plant biomass.108

2. Materials and method109

2.1. Study area110

The study region is one of the southern gulf catchments in semi-arid tropical climate of111

northern Australia, the Flinders catchment (Fig. 1), and has an approximate area of 109,000112

km2 (e.g., Waltham et al., 2013). The unique geological features, topography, landscape113

characteristics and hydrology of the funnel-shaped Flinders catchment (Fig. 1) creates the114

quest for interesting new research directions that addresses critical hypothesis with focus on115

improving the mechanistic understanding of rivers as key indicators of floodplain productivity.116

As one of the areas within the Gulf region, the Flinders catchment is home to the longest river in117

Queensland, the Flinders River, whose largest tributary is the Cloncurry River. The catchment118

is also characterised by a network of creeks, isolated and intermittent freshwater bodies, and119

rivers, whose surface waters flow downstream immediately after the wet season rainfall. While120

its river systems are known for their unpredictable flow, which occurs during summer, strong121

annual rainfall totals trigger widespread flooding of the mid-stream and downstream regions122

of the Flinders catchment (e.g., Faggotter et al., 2013; Kennard et al., 2010). Due to lack123

of elevation and the impacts of river systems (Saxby, Cloncurry, and Flinders), the major124

flood area is around the Canobie-Saxby Roundup constriction located downstream Flinders.125

Considering the extensive with of the upstream regions (about 90,000km2), surface water flow126

through this constriction, which is somewhat narrow creates higher flood water depth during127

major flood events. Apart from the high inter-annual variability in runoff and stream flow,128

an earlier assessment of the Flinders catchment also found that an estimated 95% of surface129

runoff occurs during the wet season (Waltham et al., 2013). These isolated water bodies are130

nourished by stream flow and during extreme flood period and have been identified as key131

refugia for aquatic biota (e.g., Waltham et al., 2013). While these frequently occurring floods132

are normal for several catchments in northern Australia, they are important for offstream133
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wetlands to connect to main river channels (Karim et al., 2018), thus supporting productivity.134

Figure 1: Study region showing the Flinders catchment in Australia. The topographic distribution based

on corrected digital elevation model and the Canobie-Saxby Roundup constriction area located between the

up-stream and downstream of the catchment are indicated.

2.2. Tropical floodplains in the Australian wet-dry tropics135

The vulnerability of freshwater habitats and the response of tropical floodplain ecosystems136

to strong changes in climate are interesting new research directions that are gradually emerging137

(e.g., Ndehedehe and Ferreira, 2020; Ndehedehe et al., 2016b; Döll and Bunn, 2014; Döll and138

Zhang, 2010; Woodward et al., 2010; Mulholland et al., 1997; Bazzaz, 1990). For instance,139

some pioneering site-specific studies in the Australian wet-dry tropics have highlighted the140

dynamics of inundation patterns and the aquatic primary production associated with it (e.g.,141

Ward et al., 2016, 2013). Apart from its rich, cultural heritage and the environmentally142

diverse nature of catchments along these tropics in Australia, they are important habitats143
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for a range of species (e.g., fish, crustacean, etc.) because of the numerous water bodies,144

complex mosaic of mangroves, extensive freshwater floodplains, and a network of persistent and145

intermittent water holes, amongst others (e.g, Bunn et al., 2015; Ward et al., 2014; Faggotter146

et al., 2013). In a study conducted on the Cloncurry River in the Flinders catchment, land147

surface conditions such as evaporation affected water storage volumes in water holes, which in148

turn influenced the production of phytoplankton biomass (see, Faggotter et al., 2013). While149

the importance of inundation extent in driving the rates of aquatic primary producers in150

shallow coastal habitats of wet-dry tropics of Australia have been identified (Burford et al.,151

2016), others have noted the key implications of dynamics in surface water resources and152

wetland connectivity for aquatic biota (e.g., Ward et al., 2013; Karim et al., 2012; Bunn et al.,153

2006). In addition to the aforementioned reports, contrasting conclusions in some location-154

specific studies regarding drivers of phytoplankton biomass and productivity and aquatic food155

web within these freshwater systems (e.g., Faggotter et al., 2013; Burford et al., 2012; Bunn156

et al., 2003) are also noted, warranting large scale assessments of floodplain inundation and157

the distribution of aquatic plant biomass. Moreover, understanding the link between climatic158

variables and floodplain inundation is a critical first-step to strengthening knowledge on the159

spatial variation in hydro-climatology of these regions on a broader scale and how it contributes160

to variations in the distribution of aquatic plant biomass in freshwater habitats.161

2.3. Satellite data162

Surface water extent was estimated using Level 1T Landsat 5 thematic mapper (TM) and163

8 OLI imageries retrieved from the United States Geological Survey data portal (https://164

earthexplorer.usgs.gov/). The Landsat images were used to generate multi-band spectral165

indicators (Table 1) for the prediction of aquatic plant biomass distribution (hot spots of166

primary production). These imageries have temporal resolution of 16 days (i.e., overpass167

frequencies) and spatial resolution of 30 m and were retrieve mostly for the wet seasons (i.e.,168

available cloud free imageries of January-March) of 2009, 2010, 2015, 2016, 2019. However,169

some cloud-free wet season landsat images were not available in the archives. Landsat images of170

each year acquired at the start of winter (first week of June) when the floodplain seldom floods171

were also used in the prediction of hot spots of primary production, in addition to summer172

images when floodplain inundation and biomass of aquatic vegetation is high. Generally, all173

the images used in this study had a near-perfect scene score of 9 with only 2% cloud cover174

(except for the 18th March, 2016 image), which was flagged and removed using the Fmask175
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algorithm (see, Zhu et al., 2015). Through atmospheric correction, these images were then176

calibrated to standard surface reflectance values (Feyisa et al., 2014). In addition to level 1177

Landsat products, the 8-day MODIS surface reflectance level 3 product (MODIS/Terra Surface178

Reflectance Global 500m SIN Grid V006) was used to map the February 2019 flood over the179

Flinders catchment. The MODIS data was to compensate for the lack of available cloud-free180

Landsat data during the first week of February 2019 when the extremely significant 1 in 50181

years flood occurred in the Flinders catchment. To quantify these floods, the 8-day MODIS182

level 3 data (i.e., calibrated to standard surface reflectance values) for days 41 (10th February)183

and 49 (18th February) of 2019 were used.184

Figure 2: Schematic representation of the methodological framework used in this study. Note that before

deriving remote sensing indicators used in floodplain mapping (including AWEIsh and AWEInsh) and aquatic

biomass distribution (hot spots of primary producers), all satellite observations were preprocessed (e.g., cloud

removal using the Fmask algorithm and atmospheric correction).

2.4. In-situ precipitation, river discharge, and digital elevation model185

The in-situ observations used in this study are the monthly Australian gridded rainfall data186

and river discharge data of the Flinders river. The rainfall data is an 8-kilometer accumulated187

total rainfall over all days in the given month (2000− 2019) and was accessed from the SILOS188

climate database (https://silo.longpaddock.qld.gov.au/gridded-data). Monthly river189

discharge covering the period 2005 − 2019 were obtained from the Queensland Water Mon-190
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itoring Information Portal (https://water-monitoring.information.qld.gov.au/). Dis-191

charge observations were limited to two locations on the Flinders river, between the Canobie-192

Saxby Roundup constriction and the upstream catchment where Flinders river floods across193

into one of the tributaries (Alice Creek).194

2.5. Remote sensing image pre-processing195

Preprocessing of satellite images for clouds is a key requirement for flood, aquatic, and all196

remote sensing hydrology applications because the spectral bands of optical images are usually197

affected by clouds, cloud shadows, and snow. Although some images used in this study had198

zero cloud cover, cloud identification and removal was necessary for all the imageries, which199

had percentage of cloud cover ranging between zero and less than 10%. For the cloud-impacted200

imageries, the Fmask algorithm of Zhu et al. (2015) was applied to flag and remove the pres-201

ence of all clouds and shadows from all multi-band imageries. The Fmask is one of the most202

widely used algorithms in the successful detection and separation of clouds and shadows from203

multi-band imageries. Thereafter the imageries were calibrated to standard surface reflectance204

through atmospheric correction. The atmospheric correction was achieved using the QUick205

Atmospheric Correction Code (QUAC, Bernstein et al., 2005) module implemented in ENVI206

5.5 (Exelis Visual Information Solutions). QUAC performs atmospheric correction on multi-207

band imageries in a more sophisticated manner and appears to be robust, showing more merits208

as opposed to other physics-based methods (see, Bernstein et al., 2005, 2012). Comparatively,209

the QUAC algorithm shows computational efficiency and speed unlike other image normal-210

isation methods. But one key advantage of QUAC is its approach to aerosol optical depth211

retrieval, which does not require the presence of dark pixels (see, Bernstein et al., 2005).212

2.6. Inundation and vegetation metrics213

The methodological framework used in this study is summarised in Fig. 2.214

2.6.1. Mapping large-scale seasonal inundation patterns215

Floods and inundation patterns in the Flinders floodplain were quantified by applying the216

widely used modified normalised difference water index (MNDWI, Xu, 2006). This metric,217

which was optimised from the earlier work of McFeeters (1996) combines the green (G) and218

mid-infra red (MIR) bands (b) from the TM and OLI sensors. The green and and MIR219

bands of Landsat 5 TM are taken from bands 2 and 5, respectively, while bands 3 and 6 in220

Landsat 8 OLI are the green and MIR bands, respectively (Table 1). Although some new221
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multi-band-derived surface water extraction indices have emerged (e.g., Khandelwal et al.,222

2017; Feng et al., 2016; Fisher et al., 2016; Feyisa et al., 2014; Davranche et al., 2013), the223

MNDWI remains an ideal, mainstream, spectral-based automated water extraction method224

that has been well embraced and perhaps the most preferred in flood and inundation mapping,225

aquatic, and all water-related applications of remotely sensed observations (see, e.g., Tulbure226

and Broich, 2019; Masocha et al., 2018; Fisher et al., 2016; Davranche et al., 2010). This is227

largely because of its accuracy, computational efficiency, and simplicity, especially in threshold228

identification and definition. After the delineation of inundated areas using the MNDWI229

(Fig. 2), all flooded and inundated pixels were extracted through segmentation and then230

aggregated before estimating their spatial extents. Given the need to improve on the accuracy231

of inundation mapping of the Flinders floodplain, the multiband-derived Automated Water232

Extraction Indices (AWEInsh and AWEIsh) of Feyisa et al. (2014) were also assessed and233

used to quantify flood extents over the Flinders. These indices have optimal threshold values234

that appear to be fairly stable and were used to also quantify surface water extents from235

Landsat TM and OLI imageries. The adopted thresholds for water related pixels were values236

greater than -0.005 for both MNDWI and the AWEI. These algorithms have been summarised237

in Table 1 where ρ is the normalised surface reflectance of spectral bands (ρb1(blue), ρb2(G),238

ρb4(NIR), ρb5 (MIR or SWIR1), and ρb7(SWIR2)). The rules and different situations requiring239

the suitable application of these indices have been outlined by Feyisa et al. (2014). For the240

MODIS data, the MNDWI was derived by combining the visible green and shortwave-infrared241

band reflectance from the multi-spectral channels in MODIS. A pre-evaluation of the accuracy242

of these remote sensing indicators in the extraction of water-related pixels was undertaken243

using kappa statistics (Congalton and Green, 2009). To this end, geo-referenced (with a root244

mean square error of 0.45) high spatial resolution google earth image of 17th September, 2003245

was used as the referenced data (there was no available reference data corresponding to flood246

periods analysed) for a Landsat image acquired during the same period (23rd September, 2003).247

Manually-digitized polygons (water features and non water features) from the google earth248

image were then compared with the landsat-derived inundation map to generate a confusion249

matrix for the assessment of the three remote sensing indices used in the mapping of floodplain250

inundation.251
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Table 1: Multi-spectral Landsat-derived indices used in this study for inundation mapping and prediction of

hot spots of primary primary production
Spectral indices Algorithm References

Modified Normalized Difference Water Index MNDWI=bG − bMIR/bG + bMIR (Xu, 2006)

Normalized Difference Water Index NDWIGao = bNIR − bMIR/bNIR + bMIR) (Gao, 1996)

Optimised Soil Moisture Adjusted Index OSAVI=bNIR − bR/bNIR + bR + 0.16 (Rondeaux et al., 1996)

Automated Water Extraction Index-sh AWEIsh = ρb1 + 2.5 ∗ ρb2 − 1.5 ∗ (ρb4 + ρb5)− 0.25 ∗ ρb7 (Feyisa et al., 2014)

Automated Water Extraction Index-nsh AWEInsh = 4 ∗ (ρb2 − ρb5)− (0.25 ∗ ρb4 + 2.75 ∗ ρb7) (Feyisa et al., 2014)

2.6.2. Quantifying spatial extents of hot spots of aquatic primary producers252

In this study, the distribution of hot spots of aquatic primary producers (flooded aquatic253

vegetation and inundated areas covered with different aquatic species such as benthic algae)254

and extended mixed flood areas in the catchment was assessed by combining three spectral255

indices; the MDNWI, Optimized Soil Adjusted Vegetation Index (OSAVI, Rondeaux et al.,256

1996), the normalized difference water index (NDWI) proposed by Gao (1996) and flood water257

depth (Section 2.7) in a classification tree model (Fig. 2). The spectral properties of the red258

(R) and near-infred (NIR) bands of landsat, which show relatively low reflectance and high259

reflectance, respectively were used to estimate OSAVI in each of the landsat image. The260

value of 0.16 (Table 1) is the canopy background adjustment factor that provides greater soil261

variation for regions with limited vegetation cover and considerable sensitivity to vegetation262

cover (Rondeaux et al., 1996). Although a preliminary assessment of the distribution of flooded263

vegetation and hot spots was based on the normalized difference vegetation index (NDVI) and264

MNDWI, the former was subsequently replaced with OSAVI in the CT model in the prediction265

of hot spots. Our decision to replace the normalized difference vegetation index (NDVI) with266

OSAVI is based on the popular notion regarding the sensitivity of the NDVI to soil background267

and atmospheric effects. Even recently (Fern et al., 2018), OSAVI has been deemed a more268

suitable vegetation metric for quantifying green biomass and vegetative cover in semi-arid269

regions as opposed to NDVI.270

The normalisation of each atmospherically corrected imagery enabled the derivation of271

catchment-specific quantitative thresholds from OSAVI and MNDWI, which were applied in272

our classification tree model. The threshold definition for pixels associated with vegetation273

and wet vegetation in the classification tree model were OSAVI and NDWIs (summer NDWI)274

values greater than 0.17. Water depth derived from the combination of winter flood plain275

inundation MNDWIw and elevation were also included in the decision tree (Fig. 2). The276
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inclusion of water depth and winter inundation map helps in identifying areas with relatively277

permanent freshwater bodies whilst separating intermittent channels and flooded vegetation.278

The innovative use of these water indicators with MNDWI, OSAVI, and the NDWIGao, which279

is used for remote sensing of vegetation liquid water is aimed at improving the accuracy280

of estimated distribution of floodplain inundation states and aquatic biomass distribution.281

Although the NDWI is rather complementary to NDVI, one key merit of the former is that it282

is less sensitive to atmospheric scattering effects as opposed to the NDVI.283

2.7. Flood water depth from inundation maps and digital elevation model284

Floodwater depth was estimated for the Flinders catchment by combining floodplain in-285

undation maps (Section 2.6) with elevation data obtained from a 30-meter digital elevation286

model (DEM). While floodwater depth can be an important metric to support first responders287

and impact assessment in the event of extreme floods (Cohen et al., 2018), it can also serve288

as a useful variable to predict the spatial distribution of algal abundance and macrophyte in289

tropical floodplain systems (Ward et al., 2016). The procedure for estimating water depth290

from flood inundation map and topography was based on four steps. The boundary cells of291

the inundation extent were identified in step 1 by specifying a value in the boundary mask292

that delineates the flooded areas while the corrected elevation data (void filling using the293

plane/inverse distance weighted technique) was extracted based on these cells in step 2. In294

step 3, the zonal statistics are calculated for each polygon to estimate the maximum value and295

thus the water table using spatial analyst tool in Arcmap. In the final step, the flood water296

depth is then estimated as the difference between the water table and the corrected elevation297

data.298

2.8. Statistical analyses299

2.8.1. Spatial and temporal dynamics of rainfall300

The spatio-temporal variability of rainfall over the Flinders catchment was undertaken301

through the statistical decomposition of precipitation grids using the principal component302

analysis (PCA, Jolliffe, 2002), prior to identifying significant modes of rainfall with a scree plot303

analysis (see, Martinez and Martinez, 2005). In the PCA method, a deseasonalized matrix of304

precipitation grids (i.e., after removing the mean) masked over the Flinders catchment would305

be given as Prainfall= [x(sk, t)] where sk is spatial locations; k = 1, 2, . . ., nx, which are the306

number of spatial locations for Prainfall, and t is the monthly time step from 2000−2019 (i.e.,307
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temporal evolutions). The spatial and temporal patterns of rainfall using this method can be308

parameterised,309

Prainfall(t) =

n ∑
k=1

a(k)sk (1)

where a(k)(t) are the temporal variations also called expansion coefficients, normalised using310

their standard deviation to be unitless and sk are the corresponding spatial maps (empirical311

orthogonal functions-EOF loadings). While these loadings are usually adjusted (scaled) to312

their original units (mm) using their principal components (PCs), they provide the weights of313

the original variables in the PCs. By reducing the number of orthogonal modes, the leading314

modes of rainfall that defines the characteristics of discharge and floodplain productivity in315

the catchment were identified. This approach provides the knowledge of the distribution of316

rainfall in time and space over the Flinders and is important for water resources planning317

and understanding the impacts of extreme events (floods and droughts) on floodplain pro-318

ductivity. Information on variance estimation, geometric and statistical properties of PCA319

can be found, e.g., in Preisendorfer (1988), Jolliffe (2002), and Martinez and Martinez (2005)320

and is only summarised here. Also, additional implementation details and applications of this321

technique in exploring the influence of large scale oceanic atmospheric predictors on droughts322

(e.g., Ndehedehe et al., 2019; Agutu et al., 2017; Montazerolghaem et al., 2016), and analyses323

of meteorological and geophysical data (e.g., Ndehedehe et al., 2016a; Sanogo et al., 2015;324

Rangelova et al., 2007) have been heavily documented.325

2.8.2. River discharge oscillations using the singular spectral analysis326

The singular spectrum analysis (SSA, see, Ghil et al., 2002) offers useful insights into un-327

derstanding non-linear systems and is here employed to further explore the relationship of328

river discharge oscillations of downstream Flinders catchment with those of inter-annual vari-329

ations in rainfall. The use of this technique is warranted because unlike rainfall, the discharge330

time series is a one column vector and decomposing it similar to rainfall allows comparison331

between their dominant modes. The method uses singular value decomposition (SVD) of the332

lagged covariance matrices and embeds a time series {Rdischarge(t) : t = 1, ..., N} in a vector333

space of dimension M . The embedding approach constructs a sequence of {Rdischarge(t)} of334

M -dimensional vectors from the original time series by using lagged copies of the scalar data335

{Rdischarge(t) : 1 ≤ t ≤ N} (see, Ghil et al., 2002; Ndehedehe et al., 2018),336

Rdischarge(t) = (R(t), R(t+ 1, ..., R(t+M − 1)), (2)
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the vectors Rdischarge(t) are indexed by t = 1, ..., N ′, where N ′ = N −M +1. The SSA calcu-337

lates the principal directions of extension of the sequence of augmented vector {Rdischarge(t) :338

t = 1, ..., N ′} in phase space using an eigenvalue-eigenvector decomposition of the M × M339

covariance matrix or simply through a SVD of the trajectory matrix (see more details in Ghil340

et al., 2002). From the SVD method, meaningful time series are reconstructed by means of341

diagonal averaging (see, e.g., Unnikrishnan and Jothiprakash, 2015; Ghil et al., 2002). The re-342

constructed discharge time series (i.e., matrix of reconstructed principal components) obtained343

from the SSA scheme were compared with the leading temporal patterns of PCA-derived rain-344

fall (Section 2.8.1) over the Flinders catchment using correlation analysis (only for the common345

period).

Figure 3: Daily river discharge and stream water levels of 2008/2009 (i.e., 212 daily time steps starting from

1st December 2008 to 30th June 2009), the year with high density, mega flood in much of the wet-dry tropics

of northern Australia. (a-b) The anomalies in mean river discharge and stream water levels, (c) the computed

multivariate standardised indicator for the two hydrological stations while (d-e) indicate the cumulative de-

partures of observed water levels and discharge. The gauge records are taken from Ettaplains and Richmond

stations downstream in the Flinders catchment.
346

2.8.3. Non-parametric standardised indicators347

The characteristics of the 2009 floods were also analysed by combining daily river discharge348

and stream water level (212 daily time steps) observed at two hydrological gauge stations (Et-349

taplains and Richmond) in the Flinders catchment. These two variables were integrated based350

on a non-parametric, empirical joint probability framework to estimate a multivariate stan-351
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Figure 4: Spatial patterns of the 2009 floods in the Flinders catchment estimated from Landsat 5 based on

three automated water extraction metrics (MNDWI (a, d, g), AWEIsh (b, e, h), and AWEInsh (c, f, i)) for 27th

February, 2009 (a-c), 15th March, 2009 (d-f), and 31st March, 2009 (g-i).

dardised indicator (MSI, e.g., Farahmand and AghaKouchak, 2015; Ndehedehe et al., 2016b).352

The MSI was used to assess flood characteristics such as duration and is interpreted similar to353

the range of variability approach (e.g., Genz and Luz, 2012; McKee et al., 1993). This inter-354
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pretation uses the value of one standard deviation to set the thresholds in the characterization355

of hydrological conditions (e.g., values > 1.5 are very wet and < -1.5 are very dry). Moreover,356

the cumulative departures of both discharge and water level were also compared to assess the357

role of discharge as indicators of downstream inundation and water level fluctuation.358

3. Results359

3.1. 2009 versus 2019 mega floods in the Flinders catchment360

This section is designed to deliver spatial information on floodplain inundation dynam-361

ics through a comparative analyses of surface water extraction metrics. The major floods in362

the wet season of 2009 was assessed using three different prominent water extraction metrics363

(MNDWI, AWEInsh and AWEInsh). The 2009 summer flood (Fig. 3) in the Flinders catchment364

is one of the most extreme and major flood events in three decades. During these floods, con-365

siderable anomalies in water levels and discharge were recorded (Figs. 3a-b). Observed water366

levels at Ettaplains were relatively high (approximately 8 m), lasting for about 25 and 10 days367

in the first and second peaks, respectively (Figs. 3a). But the maximum (i.e., highest peak)368

flood duration at Ettaplains for the first peak based on the range of variability approach was369

approximately 7-8 days (Fig. 3c). Due to the non availability of cloud-free images for the peak370

flood (Fig. 3c), which occurred in the last week of January 2009, the available Landsat image371

(February 27, 2009) corresponding to the second highest peak in water level and discharge of372

2009 (Figs. 3a-c) was used in this study. Indeed, the strong association between their cumu-373

lative departures (i.e., water level and river discharge) at Ettaplains (r = 0.99) and Richmond374

stations (r = 0.99) confirm the strong interactions between mid stream and downstream inun-375

dation dynamics (Figs. 3d-e). Moreover, in addition to assessing the hydrological indicators of376

floodplain productivity, the recent 2019 summer flood in the Flinders catchment characterized377

as 1 in 50 year flood was also quantified using MODIS surface reflectance data. This analysis378

allowed a comparative assessment of the spatial distribution of the two prominent extremely379

devastating floods witnessed on the Flinders catchment in the last ten years.380

3.2. Floodplain inundation mapping381

The spatial distribution of flood extents for three consecutive periods in 2009 (27th Febru-382

ary, 15th March and 31st March) are indicated using the three surface water extraction metrics383

mentioned earlier (Figs. 4a-i). In the delineation of inundation extent, the maximum extents384

of floods/inundation in February 2009 were 2522 km2, 2063 km2, 824.12 km2 for MNDWI,385
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AWEInsh and AWEInsh, respectively (Fig. 4a-c). The MNDWI also had the highest inunda-386

tion extents in the two periods in March followed by the AWEIsh (Figs. 4d-e). Generally,387

the AWEInsh appear to underestimate water features on the floodplain (Figs. 4c, f, and i).388

Using error matrices (e.g., Congalton and Green, 2009), the assessment and validation of out-389

puts from these remote sensing indicators based on landsat image of September 2003 showed390

that MNDWI and AWEIsh were more suitable for the mapping of floodplain inundation in391

the Flinders catchment. Overall accuracies and kappa coefficients were 98.8% and 0.97 for392

MNDWI and 98.4% and 0.96 for AWEIsh, respectively. But overall accuracy and kappa co-393

efficient for AWEInsh were 95.7% and 0.90, respectively. Comparatively, the kappa statistics394

for all inundation metrics show that MNDWI and AWEIsh are more suitable remote sensing395

indicators for the extraction of open water features in the Flinders catchment compared to the396

AWEInsh.

Figure 5: Spatial distribution of the summer 2019 floods in the Flinders catchment estimated from 500 m

spatial resolution MODIS surface reflectance product using the MNDWI for (a) 10th February 2019 and (b)

18th February 2019.
397
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Figure 6: Seasonal floodplain inundation extents based on the MNDWI for 2009 − 2010, 2015 − 2016, and

2019.

Further, despite the magnitude and flood intensity, within 15 days of observed maximum398

flood in February 27 (2522 km2), the inundation extent receded rapidly to 265.7 km2 and 102.7399

km2 in March 15 and 31st of the same year, respectively. In the inundation mapping of the400

2009 flood in the Mitchell catchment, a 15-day flood recession based on MODIS data was also401

reported by Ward et al. (2013). While the extreme 2009 flood was an event that impacted402

the entire coastal and wet-dry tropical regions of Queensland, the recent 1 in 50 year flood,403

which occurred in the first week of February 2019 appear to be a location-specific event for the404

Flinders catchment. From our MODIS-derived inundation mapping, the recent summer 2019405

flood (Fig. 5a) on the Flinders floodplain show stronger magnitudes compared to the summer406

2009 flood (Fig. 4a) and is consistent with observed hydrological records (e.g., river flow) and407

water levels, which was more than 10 m in depth in the downstream catchment. The flood408

plain inundation extent as at 10th February 2019 was 7094.9 km2 and greatly exceeded the409

2009 flood (Fig. 5b). However, this flood receded to about 808.6 km2 on the 18th February410

2019 (Fig. 5b). So, within 10 days of the 2019 summer flood on the Flinders catchment, post411

flood declined by approximately 87%, similar to that of the 2009 summer flood. The magnitude412

and intensity of the 2019 summer flood tend to be significantly higher than the 2009 February413

flood as gauge records (stations at Richmond and Ettaplains) confirm significant difference in414

observed water levels during these periods. However, it should be noted that by 23rd February415

2019, estimated Landsat-derived inundation extent was 140.3 km2 (Fig. 6) and confirms the416

similitude in flood recession patterns (i.e., within 15 days) in the catchment immediately after417

extreme ‘big wet’periods.418
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Regarding the 2009 summer flood, it is noted that generally, the degree of recession from419

extreme wet in January/February to mildly wet in mid-March and dry in March ending is420

significantly variable (Figs. 4 and Supporting Information). Despite the massive and major421

flood in February 2009, by March 15 2009, flooded inundation states had receded to 265.7 km2422

(Figs. 4-6). But during the wet season of 2010 when the flood was merely minor, floodplain423

inundation extent estimated by March 18, 2010 was 478.1 km2 (Fig. 6). In other words, there424

was more water on the floodplain towards the end of wet season in the year with a slightly425

above-normal flooded inundation states than an extremely flooded year. Similar scenario also426

played out in 2016 (Fig. 4) when inundation extent was higher in March (102.4 km2) than in427

February (12.3 km2) when peak rainfall usually occurs. As will be highlighted in subsequent428

sections, the duration or span of flooded inundation states impact on the spatial distribution429

of hot spots primary producers. Moreover, the spatial extent of floodplain inundation en-430

countered substantial temporal variation. The temporal variations of wet season floodplain431

inundation extent in the Flinders show that 2009 was the wettest period on record during the432

last decade (Fig. 6). The spatio-temporal variability of rainfall and discharge (Section 3.4)433

also confirm this strong amplitudes in flood distribution. Although the maximum flood ex-434

tent in 2009 is considerably higher than 2010, floodplain inundation in March 2010 (478 km2)435

was higher as opposed to March 2009 (265.7 km2). It is during this period (March 2010) we436

found that several freshwater swamps and isolated billabongs in the upstream high elevation437

areas were fully inundated and flooded unlike March 2009 (Figs. 4 and 7b). But floodplain438

inundation extent in 2015− 2016 and the period after the mega flood of 2019 (23rd February)439

are significantly less and considerably low compared to 2009− 2010 period (Fig. 6) consistent440

with hydrological records.441

3.2.1. Wet vs dry episodes442

The wet season floodplain inundation of 2009 was also compared to other moderately wet443

(2010) and relatively dry (2015 and 2016) periods. The floodplain becomes inundated at the444

start of the summer rainfall, peaks in January/February and gradually recedes towards the end445

of March (Figs. 7a-h and Supporting Information). While these dynamics are very typical of446

rainfall in the region, the changing patterns of wet season (January and February) floodplain447

inundation in the Flinders drive the spatial dynamics and connectivity of freshwater habitats448

(Figs. 8a-e). In February 2009, for example, all riverine systems and intermittent water bodies449

around the Canobie-Saxby Roundup constriction in the Flinders were completely inundated450
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Figure 7: Illustration of the changing patterns of seasonal (Jan and March) inundation over the Flinders

for 2010, 2015, and 2019. These inundation patterns are indicated for (a) 13/01/2010 (b) 18/03/2010, (c)

27/01/2015, (d), 16/03/2015, (e), 22/01/2019, (f) 11/03/2019, (g) 23/02/2019, and (h) 16/03/2016.

with over bank spilling in the main river channels (Fig. 8a). But by mid-March of 2009451

when the flood extent had diminished with about 89% of the flooded area receding within 15452

days, some isolated water bodies were barely inundated (Fig. 8b). As the dry season drew453

near (31 March 2009), approximately 96% of post-flood surface inundation extents declined,454

leaving behind perennial freshwater bodies and persistent aquatic habitats. Comparatively,455

the distribution of inundation on the floodplain in March 2009 and 2010 are somewhat similar456

despite the 2009 summer being extremely wet compared to that of 2010 (Figs. 8b-d). In other457

words, the floodplain in 2010 was still considerably inundated towards the end of the dry season458

(March) despite lack of extreme or severe wet conditions occurring in February or January.459

As with changes in inter-annual rainfall, the floodplain also reflects the impacts of changes460

in climatic conditions in the observed spatial patterns of inundation in March in 2009, 2010,461

and 2016 (Figs. 8b, d, and e) and February 2009 and 2019 (Figs. 8a and f). Similarly, inter-462
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Figure 8: Spatial patterns of floodplain inundation and impact on the connectivity of freshwater habitats in

downstream Flinders. (a-f) Show the characteristics of inundation in riverine systems and intermittent water

bodies for some wet season periods indicated in Fig. 6, i.e., 2009, 2010, 2016 and 2019. The region in the

background high-resolution satellite imagery is that of Digital Globe and was taken on 22nd May 2014.

annual changes in the spatial patterns of floodplain inundation for January and March of 2010,463

2015, and 2019 were also observed (Supporting Information). Generally, from the estimated464

inundation extents, 2015− 2016 and 2019 (i.e., post flood) periods were dry as opposed to the465

observed wet periods in 2009/2010 (Figs. 6-8). As will be shown in the next section, the extent466

and magnitude of floodplain inundation have implications on the distribution of hot spots of467

primary producers.468

3.3. Spatial distribution of aquatic primary production469

Five variables (MNDWI, OSAVI, NDWI, water depth, including the winter floodplain in-470

undation map of each year) were included in the classification tree model (CTM) to predict the471

spatial distribution of hot spots of primary producers (Fig. 9). The winter inundation map and472

flood water depth (estimated using elevation and flood inundation map) were introduced to473

isolate permanent open water features and flooded vegetation/wetlands/channels from fresh-474

water bodies and intermittent water bodies with the presence of aquatic plant biomass. Out-475

puts from the CTM indicate the Flinders floodplain is more productive in years characterised476

by heavy inundation as opposed to relatively dry years (Fig. 9). For example, there was a477

wider spread of hot spots in 2009 (24.0 km2) and 2010 (26.5 km2) unlike 2015 (0.2 km2), 2016478
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Figure 9: Predicted spatial distribution of open water features, hot spots and flooded vegetation/channels and

wetlands for years with major flood events (2009 and 2010) and relatively dry periods (2015, 2016, and 2019(

i.e., period after the mega flood)) based on the classification tree model. The arrows A-D are illustrations, which

have been zoomed-in (Figs. 10) to highlight the physical dynamics of aquatic habitats and primary production

centers in downstream (C and D) and upstream (A and B) Flinders. The acquisition dates of all imageries in

each year are nearly similar ranging from 11th to 18th of March of each year.

(2.3 km2), and 2019 (0.02 km2). The zoomed-in spatial distribution of predicted hot spots479

with water features and flooded vegetation/channels (arrows A-D) are indicated in Fig. 10 to480

provide finer spatial details on the relatively wider extent of hot spot in 2010 compared to481

2009. In total, distribution of open water features plus flooded vegetation/channels in 2016482
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Figure 10: Illustration of the spatial distribution of predicted hot spots, flooded vegetation and surface water

features in isolated water holes and intermittent floodplain water bodies for locations corresponding to A, B, C,

and D in Fig. 9 in the upstream Flinders catchment in 2009 and 2010. The legend is the same as Fig. 9 above

where blue, red, and green represent open water features, flooded vegetation/channel, and hot spots of primary

production, respectively. The background high-resolution satellite imagery is that of Digital Globe acquired on

14th June, 2016.

March (100.1 km2) was higher than in 2015 (8.8 km2) and 2019 (13.5 km2). The nourishment483

of existing isolated water holes and freshwater habitats will impact positively on the produc-484

tion of aquatic plants. As illustrated in Fig. 8, isolated water holes and intermittent floodplain485

water bodies in the Flinders are not only nourished but more productive and appear to be486

connected during periods of large inundation. However, from a 30-m Landsat outlook, some487

water holes and freshwater bodies during dry spells and limited river flows (the gauge records488

of wet seasons with higher flows where consistent observed floodplain inundation) contract489

and diminish considerably. Because of the 2009 extensive flood, most parts of the downstream490

Flinders catchment were characterised by open water as opposed to 2010 when the preponder-491
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Figure 11: Rainfall variability over the Flinders catchment (2000 − 2014). The temporal variations (right)

are the principal components and have been normalised using their standard deviation to be unitless while

the corresponding spatial patterns (left) are the EOF loadings (mm). Time series of river discharge at two

downstream locations are also indicated.

ance of vegetation and seasonally inundated aquatic habitats became flooded (Fig. 9). This492

flood resulted in a relatively higher distribution of hot spots (26.5 km2). Generally, higher493

freshwater floodplain productivity is very much typical of extreme wet years characterised by494

higher rainfall amount (Figs. 7-9). While such inundation also resuscitate intermittent chan-495

nels in downstream catchment (Fig. 8), as shown in the high-resolution background imagery496

acquired in June 2016 for downstream locations (i.e., A and B; Fig. 10 and Supporting In-497

formation), there was a strong decline in the surface extent of aquatic habitats/hot spots in498

relatively dry summers or years with below average rainfall (e.g., 2015 and 2019). The spatial499

extents of hot spots in downstream location (A and B) in 2009 and 2010 showed hot spot500

extents of approximately 0.38 km2 and 0.52 km2, respectively (Fig. 10). By 16th June 2016,501

the spatial distribution of aquatic plant biomass in the same downstream location (i.e., A and502

B with a center point coordinate of 140◦ 28’ 33”E;19◦ 18’ 18.6”S) in Fig. 10 as observed on a503

0.5 m high-spatial resolution image (World Imagery archives) was approximately 0.15 km2. As504

noted in this study, the loss in surface extent of aquatic plant biomass (hot spots) are usually505

associated with loss of freshwater habitats in the Flinders catchments caused primarily by506

limited rainfall and surface flow.507
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Figure 12: Leading modes of river discharge time series (2006− 2018) in the Flinders catchment. The annual

variations and multi-annual variations of river discharge are compared with those of precipitation. The time

series of river discharge are the reconstructed expansion coefficients.

3.4. Hydrological indicators of floodplain productivity508

To assess the roles of key hydrological indicators (rainfall and river flow) as drivers of509

freshwater floodplain, both rainfall and discharge in the Flinders were statistical decomposed510

using third order statistical methods. The two orthogonal modes of rainfall in the Flinders511

catchment drives the variability in floodplain inundation. The spatial structures and temporal512

patterns of the leading modes of rainfall highlights the changes in annual and short term513

seasonal signals and together accounts for approximately 93% of the total variability (Fig. 11).514

The temporal patterns (PC-1, Fig. 11) associated with spatial patterns indicate 2009 was the515

wettest year and in addition explains the considerable inter-annual variability of floodplain516

inundation in this downstream catchment during the wet season (Fig. 4). Comparing the517

amplitudes of rainfall and discharge after the 2009 period, 2010 was relatively the wettest and518

coincides with the wider distribution of hot spots (26.5 km2) and flooded vegetation/channels519
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(135.5 km2) unlike the 2015−2016 and 2019 periods (Fig. 9). Moreover, it should be noted that520

the distribution of EOF loadings (spatial patterns) are strongest in the downstream Flinders521

(EOF-1, Fig. 11) where the CTM has been deployed in the mapping of hot spots of primary522

producers. From the common period (2006 − 2018), the inter-annual variations of rainfall523

are linked to changes in river discharge at Ettaplains (r = 0.72), which is the closest gauge524

station in the mid-stream catchment. Even at Richmond gauge station, which is upstream525

Flinders catchment, the association of river discharge with dominant rainfall (PC-1, Fig. 11)526

is moderately strong (r = 0.63). These correlation values imply a strong linkage between527

discharge and rainfall and that the nourishment of the floodplain and the connectivity of528

freshwater habits are expected to be sustained by these hydrological signals.529

In the singular spectral analysis of discharge, it is again confirmed that the dominant530

mode of river discharge explaining about 52% of the total variability and is well correlated531

(r = 0.70) with that of rainfall (Fig. 12). The temporal patterns of these time series are532

consistent indicating 2009 as the year with the strongest amplitude in rainfall and discharge533

while the period between 2013 and 2016 had limited or no flow because of little rainfall. Be it534

floodplain inundation or hot spot distribution, the two wettest periods with high productivity535

in the catchment based on the landsat images analysed are 2009 and 2010 and coincides with536

the leading temporal series of discharge and rainfall (Figs. 11 and 12). Although identifying537

the key driver of floodplain inundation was not the mainstay of this study, observed ampli-538

tudes of rainfall and river discharge (PC-1, Fig. 11 and 12) appear to be consistent with the539

results of inundation mapping (Fig. 4), spatial distribution of hot spots, and flooded vegeta-540

tion/channels (Figs. 6-8) presented in this study. This could imply that both local rainfall541

(strong spatial loadings observed in dominant rainfall modes over the downstream Flinders)542

and river discharge play significant role in regulating floodplain productivity of the Flinders543

catchment.544

4. Discussion545

Given the role of climate and human activities as key indicators of processes that may546

affect water availability and the productivity of floodplains ecosystems, understanding such547

implications are important for environmental water allocation and the ecological communities548

supported by the wetlands and freshwater systems that generate multiple strings of economic549

values and services. Apart from the explicit representation of seasonal floodplain inundation550
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dynamics, an ideal satellite-derived metric for the extraction of surface water features provides551

an avenue to address geospatial information needs by water planners and monitor the impacts552

of climate change on floodplains and wetland hydrology. It is with this in mind that large553

scale seasonal inundation patterns and the spatial distribution of hot spots of primary pro-554

ducers (aquatic plant biomass) were therefore assessed in a large floodplain wetland (Flinders555

catchment) in the wet-dry tropics of Australia using remote sensing indicators.556

4.1. The role of extreme events on floodplain productivity557

The interactions among climate, topography, and vegetation among other factors have558

been identified as drivers of spatial variation in hydrology in continental Australia (Kennard559

et al., 2010). But the wetland hydrology and hydrological variability of tropical floodplain560

ecosystems such as the Flinders is strongly climate-driven. As an example, this study found561

that observed strong spatio-temporal distribution in seasonal floodplain inundation was con-562

sistent with hydro-climatic (discharge and rainfall) fluctuations in the Flinders catchment.563

While the effects of climate variability on floodplain inundation in some regions could vary564

because of topography and human water management, the rise in surface water storage in the565

Flinders catchment during and immediately after summer rainfall is consistent with floodplain566

inundation and flow dynamics during such times. To buttress this point, multivariate analyses567

in this study identified the dominant patterns in precipitation and discharge over the Flinders568

and conclude that hydro-meteorological fluctuations through changes in climate play key roles569

in the observed dynamics of the floodplain inundation and distribution of hot spots. For exam-570

ple, the wet season inundation maps of years with higher floodplain inundation extents were571

consistent with periods characterised by extreme positive rainfall anomalies and discharge.572

More specifically, the summers of 2009 and 2010 were such periods during the last decade573

when the Flinders catchment was extensively flooded (from the available imageries analysed).574

In one of the largest flood event of the last 10 years (2009), post flood surface extent receded by575

about 89% and 96% within 15 and 31 days, respectively, leaving behind perennial freshwater576

bodies and persistent aquatic habitats. But the 1 in 50 year flood, which occurred recently577

during the first week of February 2019 as estimated from MODIS data (10th February) showed578

a somewhat similar recession patterns as the 2009 summer flood. That is, approximately 87%579

of the extreme 2019 summer flood receded within 10 days. Despite being significantly higher580

in intensity, depth, and magnitude than the February 2009 flood, the February 2019 flood on581

the Flinders catchment appeared however, to have receded a bit faster than that of 2009. The582
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rapid decline of post flood in 2019 is evident in the estimated floodplain inundation extent583

and spatial distribution of hot spots in the last week of February and early March of 2019,584

which were significantly lower than those of 2009. In such a case, one would argue that585

considering the nature of flood recession in the 2019 summer despite its higher flood intensity586

and magnitude, the floodplain rivers were the key channels that conveyed the tremendous587

amount of rainfall in the high elevation regions of the upstream Flinders catchment to the588

downstream Canobie-Saxby Roundup areas.589

However, towards the end of the summer wet season of 2009, not only were the isolated590

water bodies extensively nourished, the predicted inundation translated to extensive hot spots591

of primary producers in the catchment. This was not the case in 2019 and also very much592

unlike 2015− 2016 when the floodplain was less productive because of dry spells and limited593

rainfall in the region. We found that the loss in surface extent of aquatic plant biomass (hot594

spots) coincides with diminished extents of freshwater habitats in the Flinders catchments.595

While there is significant inter-annual variability in the distribution of floodplain inundation596

on a seasonal time scale, declines in spatial extents of freshwater habitats and hot spots are597

caused primarily by limited rainfall and surface flow. The evidence of the composite influence598

of local rainfall (strong spatial rainfall patterns are observed downstream) and flow dynamics599

on floodplain productivity in Flinders underscores the role of climate in driving the downstream600

floodplain inundation and primary production.601

4.2. Rivers as critical indicators of aquatic primary producers602

Due to the low-lying elevation of the Canobie-Saxby Roundup constriction in the Flinders603

(i.e., lowest elevation area with the most rainfall along the mid-stream corridor-Fig. 1), surface604

flow from the massive upstream area creates a relatively higher flood depth and highly inun-605

dated floodplain in the downstream area during and after major rainfall events such as the606

2009 episode. A key question therefore is, how important are rivers in the Flinders catchment607

to its wetland hydrology and productivity? Given the considerable correlation between the608

dominant modes of rainfall and discharge (r = 0.70), which is the annual variability regu-609

lating yearly flow and floodplain inundation, discharge is obviously a critical component of610

the Flinders water cycle. Considering that approximately 95% of surface runoff occurs during611

summer when rainfall is highest (Waltham et al., 2013), the river systems in the Flinders could612

be considered not only as indicators of floodplain inundation during such times but as vehicles613

for the transport of nutrient.614
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Imagine that connectivity between rivers and intermittent water holes in the catchment615

is required to sustain aquatic biodiversity, fish populations and other higher consumers, and616

that high levels of aquatic primary producers are generating food and energy sources for higher617

order consumers during peak heavy inundation. And if food nutrients are being transported618

during such times, then, these floodplain rivers are expected to be essential indicators of619

aquatic production in Flinders. The strong flows in 2009 and 2010, which were consistent with620

the extensive distribution of hot spots and flooded vegetation in the catchment underscores the621

possible roles of rivers critical indicators for the growth of these hot spots. Generally, the spatial622

distribution of hot spots of aquatic plant biomass coincides with peak amplitudes of dominant623

modes of rainfall and river discharge. Similarly, in 2015−2016 and 2019 (i.e., after the extreme624

summer flood) periods when annual river flow was restricted, the spatial distribution of hot625

spots of primary producers diminished significantly. When these connections are superimposed626

on the fact that more open surface water features (including those existing as discrete and627

intermittent water bodies) are found on the floodplain in years with stronger annual amplitudes628

in river discharge, the evidence distilled from this study points to rivers as critical indicators629

of aquatic primary producers in the Flinders catchment, in addition to rainfall.630

There is a history between the existing relationship of aquatic plant biomass and higher631

order consumers with surrounding wetland hydrology. For example, the synthesis of fish632

and invertebrates response to extreme events (floods and droughts) in case-specific studies in633

Europe, metrics such as abundance and richness, amongst others showed declines after the634

occurrence of extreme events (Piniewski et al., 2017). In the Australian arid-zone, an increase635

in channel flows and infrequent episodes of large floods culminated in a rise in fish production636

while limited numbers of fish were recorded in periods with no channel flow (Balcombe and637

Arthington, 2009). These patterns and ecological responses and processes across different638

spatial domains could be different because of environmental heterogeneity that may be linked639

to human influence, climate, topography, hydrology and perhaps catchment characteristics.640

Within the context of flow variability and its impacts on the spatial distribution of refugia for641

aquatic biota and aquatic production, these patterns (e.g., the response of primary production642

to flow variability) were noted by Bunn et al. (2006). In addition to highlighting the influence of643

changing hydro-climatology on aquatic production on floodplains, they also noted the impacts644

of human water resource development on ecosystem health and productivity. Generally, in645

much of the Australian wet-dry tropics, aquatic biodiversity and primary productivity (e.g.,646

algal productivity), which is essential for supporting aquatic food webs in tropical rivers and647
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floodplains tend to be sensitive to wetland hydrology (see, e.g., Karim et al., 2018; Bunn et al.,648

2015; Ward et al., 2016, 2013).649

There are insinuations that human interventions (e.g., significant water use from in stream650

dams) could become a key indicator of processes that may affect water availability and possi-651

bly amplify environmental and social challenges that comes with dry spells or when rainfall is652

restricted in the Flinders catchment. Even though the impacts of these interventions and chal-653

lenges on fishing at both recreational and commercial levels have not been quantified (CSIRO,654

2013), a multivariate analysis of hydrological and remote sensing indicators as demonstrated655

in this study offers an opportunity to understand impacts of human and climatic stressors on656

the productivity of floodplains.657

5. Conclusion658

Given the role of climate and human activities as key indicators of processes that may659

affect water availability and the productivity of floodplains ecosystems, understanding such660

implications are important for environmental water resource allocation and the ecological661

communities supported by the wetlands and freshwater systems that generate multiple strings662

of economic values and services. The large-scale assessment of the productivity of the Flinders663

floodplain using a framework that integrates remote sensing biophysical indicators (vegetation664

and inundation) with hydrological data (rainfall and river discharge) was therefore undertaken.665

The new knowledge delivered on remote sensing wetland hydrology and floodplain productivity666

of this floodplain is summarised as follows;667

(i) Post flood surface extent receded by about 89% and 96% within 15 and 31 days, leaving668

behind perennial freshwater bodies and persistent aquatic habitats. Generally, observed669

strong spatio-temporal distribution in seasonal floodplain inundation is consistent with670

hydro-climatic (discharge and rainfall) fluctuations in the Flinders catchment.671

(ii) Similar to wet season inundation, spatial distribution of hot spots of aquatic plant672

biomass coincided with peak amplitudes of dominant modes of rainfall and river dis-673

charge. Apart from rainfall being a key source of water availability, evidence distilled674

from this study points to rivers as critical indicators of aquatic primary producers in the675

Flinders catchment.676
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6. Supporting Information: Spatial patterns of floodplain inundation677

Figure 13: Spatial patterns of floodplain inundation and impact on the connectivity of freshwater habitats in

downstream Flinders. (a-f) Show the characteristics of inundation in riverine systems and intermittent water

bodies for some wet season periods indicated in Fig. 6, i.e., 2010, 2015 and 2019. The background high-resolution

satellite imagery is that of Digital Globe captured in May 2015.
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