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A B S T R A C T   

Rivers in tropical systems across the world are well known for their strong connections with floodplain wetlands. 
However, increased water needs and changing climate could drive water-management policy that leads to major 
changes in flow or surface water availability. These changes could have deleterious effects on ecological func-
tions and ecosystem services provided by these freshwater ecosystems (e.g., groundwater recharge, food sources 
for fish, etc.). In this study, we introduce a cloud-based monitoring framework using multi-resolution satellite 
observations (2007 − 2020), historical surface inundation (1984 − 2015), and gauge data to better understand 
these connections in a large river catchment in tropical Queensland (Mitchell River catchment). A key driver and 
indicator of floodplain productivity, surface water inundation and aquatic biomass distribution respectively, are 
investigated to provide insight that underpins the prioritization of future surface water developments in this 
region. Results show that the characteristics of floodplain inundation; loss, persistence, gain and frequency, vary 
in time and space, and are driven by climate variability. The largest gain (7200 Ha) and persistence (8437 Ha) in 
total surface inundation were observed in the wet seasons during the periods of 2007 − 2019, respectively. In the 
downstream catchment, permanent water surface area was approximately 4.5% (of the total downstream region) 
compared to the upstream region (2.7%). There is a higher proportion of new permanent water features (16.8%) 
and new seasonal (30%) surface water classes in the upstream are in contrast to the downstream section (0.7% 
and 9.6%, respectively). Using multivariate statistics, floodplain productivity was linked to inter-annual changes 
in flow and rainfall. A partial least squares regression (PLSR) model shows upstream flows drive changes in total 
floodplain inundation (observed vs predicted, r = 0.95, p = 0.000). Flows and local rainfall accounted for 
approximately 60% (r = 0.77, p = 0.005) and 25% (r = 0.50, p = 0.120) of the variability in total floodplain 
inundation, respectively. Different PLSR modelling scenarios confirmed that upstream flows are primary drivers 
of floodplain inundation and substantial lost in total surface inundation could happen if flows are altered. Just as 
local rainfall has limited impact on total floodplain inundation (r = 0.92, p = 0.000; for model excluding local 
rainfall), aquatic plant biomass accumulations are also strongly associated with upstream flows (e.g., r = 0.82). 
Given the dependence of downstream water level (r = 0.89) and floodplain inundation on upstream flows, 
sustainable management of river flows in the Mitchell River is fundamentally important to floodplain 
productivity.   

1. Introduction 

Many rivers in tropical systems across the world have very strong 
connections with their floodplains and floodplain wetlands (Pettit et al., 
2017). Inter and intra-annual variation in precipitation patterns 

generate runoff and river flows that deliver sediments and nutrients 
from upstream and help to inundate the floodplain driving aquatic pri-
mary production that supports high densities of aquatic organisms 
(Keddy et al., 2009; Thorp and Delong, 1994; Junk et al., 1989). In large 
river systems, seasonal floodplain inundation may come from upstream 
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runoff, localised rainfall or a combination of the two interacting with 
physical characteristics of the catchment such as geology and topog-
raphy (Poff, 2018). Organisms that persist in floodplain ecosystems have 
evolved to take advantage of this ecohydrology (e.g., Venarsky et al., 
2020) and humans often derive considerable benefit from the ecosystem 
services that these systems provide (Schindler et al., 2014). 

The seasonal inundation of floodplains facilitates lateral connectivity 
allowing organisms to move into previously inaccessible habitats for 
feeding, foraging and reproduction (Ward and Stanford, 1995). This 
serves to increase ecosystem productivity of floodplain and instream 
ecosystems (e.g., Ndehedehe et al., 2020; Balcombe and Arthington, 
2009; Thorp and Delong, 1994) that helps maintain biodiversity and 
productive freshwater fisheries (e.g., Hoeinghaus et al., 2009). Beyond 
freshwater habitats, the importance of flow and floodplain inundation to 
coastal ecosystems and marine fisheries is also well documented (Gill-
son, 2011). For example, freshwater flows to estuaries and coastal zones 
deliver nutrients and alter the salinity regime increasing densities of 
prey species (Duggan et al., 2014; Connolly et al., 2009) as well as 
facilitating migration of target species of fisheries from freshwater and 
floodplain systems into the marine environment (e.g., Broadley et al., 
2020; Staunton-Smith et al., 2004). As such, conserving the ecological 
integrity of rivers and floodplain systems is crucial to maintaining these 
ecosystem services. 

The ecological integrity of floodplain ecosystems and the ecosystem 
services they provide are threatened and likely to be disrupted due to 
unsustainable water management practices and unmitigated climate 
change (e.g., Pettit et al., 2017; Colloff and Baldwin, 2010; Leigh and 
Sheldon, 2008). There is widespread evidence of human alteration of the 
natural flow regime leading to altered floodplain dynamics, including 
reduced productivity in wetlands and declines in connectivity between 
floodplains and river channels (Górski et al., 2012; Bunn and Arthing-
ton, 2002). Not only do these changes affect floodplain ecosystems but 
also humans that rely on the ecosystem services provided by such pro-
ductive systems (Welcomme, 2008). Coupled with direct anthropogenic 
hydrological alteration, changes to seasonal patterns of precipitation 
due to climate change are expected to alter the dynamics of the natural 
flow regime in large rivers around the world (Poff, 2018). Consequently, 
understanding the climatic and hydrological drivers of inundation and 
productivity on tropical floodplains and how they may be affected by 
climate variability is crucial to providing insight into likely impacts of 
future water resource developments, especially under a changing 
climate. 

The composite influence of climate variability and anthropogenic 
actions on floodplain productivity and wetland hydrology are difficult to 
measure and characterise effectively, especially on a large scale. This 
can be due to limited physical access to wetlands, particularly during 
periods of inundation, spatial limitations of field surveys and, more 
generally, measurement techniques (e.g., Zhao et al., 2012; Davranche 
et al., 2010). However, satellite remote sensing is now increasingly 
being used in the mapping of extreme events such as floods, invento-
rying of wetlands and vegetation, and quantifying surface water on 
floodplains (see, e.g., Tortini et al., 2020; Ndehedehe et al., 2020; Xie 
et al., 2019; Khandelwal et al., 2017; Ward et al., 2013; Syvitski et al., 
2012). The development of new, operational sensors onboard satellite 
platforms, remote sensing indicators, and an expert system to detect and 
quantify surface water has further improved our capacity to document 
changes in global surface water, and take inventory of long term inun-
dation characteristics even at catchment or regional scales (e.g., Yang 
et al., 2020; Ndehedehe et al., 2020; Huang et al., 2018; Wolski et al., 
2017; Pekel et al., 2016; Feyisa et al., 2014). Linking such remote 
sensing data to locally observed hydrological and meteorological in-
formation may provide a way to quantify relationships between climate 
variability and key floodplain processes such as inundation and primary 
productivity. 

The overarching aim of this study is to improve understanding of the 
key drivers of primary productivity of freshwater ecosystems in a large 

river catchment in the Australian wet-dry tropics (Mitchell River 
catchment), which support numerous important freshwater ecological 
assets, traditional harvest, and coastal fisheries. Specifically, this study 
combines for the first time, a planetary scale cloud computing frame-
work with several statistical approaches including multivariate copula 
analysis to (i) characterize floodplain inundation and quantify seasonal 
changes in freshwater habitats, (ii) predict changes in aquatic plant 
biomass accumulation due to flow variation, in hotspots of primary 
production, and (iii) measure the dependence of downstream floodplain 
hydrology on the hydro-climatology of the upstream catchment. This 
assessment is required as a key logical step to (i) conservation and water 
planning processes, maintenance of aquatic biodiversity and wetland 
management, (ii) risk assessment from large hydro-climatic fluctuations 
and decadal-scale droughts, and (iii) understanding implications of 
future land and water resource developments that are currently under 
consideration in key wet-dry Australian tropics. 

2. Materials and method 

2.1. Study region 

The Mitchell River catchment in northern Queensland, Australia 
(Fig. 1), is one of the largest River basins in the region (71,630 km2) with 
a large alluvial megafan that begins below the confluence of the Palmer 
River and covers approximately 31,000 km2 (Brooks et al., 2009). The 
headwaters of the Mitchell River rise in the south-east of the catchment 
near the Wet-Tropics region of the Great Dividing Range, though the 
vast majority of the catchment experiences a wet-dry tropical climate 
(Petheram et al., 2018). Over 80% of the annual rainfall falls across the 
entire catchment between December to March creating vast inundated 
areas on the floodplain (Brooks et al., 2009; Ward et al., 2013). The short 
duration of the wet season means the peak inundation on the floodplain 
recedes relatively rapidly, however, there are large wetlands that hold 
surface water year-round and river flow of the Mitchell River mainstem 
is generally perennial (Karim et al., 2018; Ward et al., 2013). The 
landcover across the majority of the catchment is open savanna wood-
land and grasslands with relatively low intensity land use consisting 
primarily of light grazing, traditional harvest with active fire manage-
ment and small areas of intensive agriculture and mining in parts of the 
headwaters (Brooks et al., 2009; Ward et al., 2013). This relatively low 
intensity of land use corresponds with limited water resource develop-
ment meaning most of the rivers in the catchment flow freely (Petheram 
et al., 2018). No major impoundments or diversions exist on the flood-
plain, meaning overland flows and local rainfall freely inundate wet-
lands across the entire floodplain and delta region (Pusey and Kennard, 
2009). 

2.2. Global surface water data 

The Global Surface Water Dataset [GSW, (Pekel et al., 2016)] is made 
available by the European Joint Research Centre (JRC) and was directly 
accessed from the GEE (Google Earth Engine) platform. These data are 
geospatial layers containing maps of the location and distribution of 
surface water. It also provides statistics on the extent and change of 
water surfaces across the globe based on historical landsat 
(1984 − 2015) data processed with an expert system. This data was 
generated using 4,185,439 scenes from Landsat 5, 7, and 8 acquired 
between 16 March 1984 and 31 December 2019 (Pekel et al., 2016) and 
contains several map layers describing different characteristics of sur-
face water over the last 35 years. For example, with the recurrence layer 
(layer 4) of this data, one can quickly identify water bodies that are 
classified as open water. From the compendium of inundation statistics 
embedded in this data, we processed water occurrence (inundation 
frequency) and transitions of surface water for the Mitchell catchment 
using new sets of routines. We also extracted data points from this data 
source for accuracy assessment of our change detection mapping and 
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yearly (wet and dry seasons) estimates during the 2007 − 2019 period. 
The GSW transition data provides information based on the change in 
seasonality between the first and last years (Pekel et al., 2016). The 
characteristics of water transitions are based on observed changes in 
three classes (permanent water, seasonal water, and non water) and 
resulted in several transition classes. These transitions refer to changes 
in the state of surface water from the beginning and end of the time 
series, such as the conversion of land into permanent water (new per-
manent water surfaces) or when a permanent water surface disappear 
(conversion of permanent water into land) either in part or whole. An 
unchanging water surface therefore means the absence of change in the 
seasonality in the first and last year. The other layer analysed from the 
GSW is water occurrence. This layer provides information on changes in 
water surface, showing where surface water occurred during the 
1984 − 2015 period. Essentially, it captures the frequency with which 
water was present on the floodplain during this period such that per-
manent water surfaces have 100% water occurrence over the entire 
period. 

2.3. Landsat surface reflectance data 

Level 1 Landsat observations for the 2007 − 2019 period were 
retrieved from GEE and used to compute total surface inundation in wet 
and dry seasons. These data were also used in change detection analysis 
for two epochs: 2007 − 2014 and 2014 − 2019. Gauged observations of 
rainfall and discharge show the former period was wetter than the latter 
and change detection of open water features allows an assessment of this 
condition, which is expected to translate into surface inundation in the 
floodplain. Table S1 and Fig. S1 (Supporting Information) summarize 
the characteristics and colour composites of the Landsat images used for 

this study, respectively. For the change detection, the total number of 
Landsat 5 TM scenes for the wet season (summer period) and dry season 
(winter) months of 2007 were 24 and 30, respectively. The total Landsat 
8 OLI scenes of 2014 were 72 while images for 2019 were 39 for the wet 
and dry periods. Using the Landsat image collections in GEE for the 
2007 − 2019 period, the median cell values of overlapping cells were 
used to calculate optical indices used in the study. The median com-
posites used in this study to generate inundation maps for the wet and 
dry seasons are Landsat observations largely devoid of clouds and 
shadows. 

2.4. Sentinel-2 multi-spectral data 

The Sentinel-2 (S2) data were used to predict aquatic plant biomass 
accumulation in the downstream Mitchell catchment. The data were 
also accessed from the GEE API (Gorelick et al., 2017). The S2 multi- 
spectral mission is a relatively high-resolution satellite image that im-
proves the capability to monitor vegetation, soil and water cover, as well 
as observation of inland waterways and coastal areas compared to the 
landsat systems. Top of the Atmosphere reflectance data were down-
loaded for the summer wet season (December-March) and dry periods 
(April-August) in northern Queensland for the years between 2015 to 
2020. The Sentinel-2 QA60 quality assurance band was employed to 
conduct cloud masking for all data. This algorithm applies a filter con-
dition of cloudy pixel percentage to the Sentinel 2 image collection, 
which helped removed cloud and shadow effects. The use of median 
value of pixel stacks for each band also helped cushion the impacts of 
residual clouds after the filtering. It should be noted that only S2 images 
with less than 20% cloudy pixels were utilized for processing and further 
analysis. The median value of the bands was then used to calculate all 

Fig. 1. Study region showing the Mitchell catchment in northern Queensland. The upstream and downstream regions of the catchment and the topographic dis-
tribution (elevation in meters) in the watershed based on corrected digital elevation model are indicated. The gauge stations for observed flow data used in this study 
are also indicated. 
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the remote sensing inundation and vegetation metrics (e.g., the 
Enhanced Vegetation Index) used in the mapping of hotspots. 

2.5. In-situ precipitation, river discharge, and water level data 

The ground observations used in this study are the monthly Austra-
lian interpolated gridded rainfall data and river discharge data of the 
Mitchell river. The rainfall data has a spatial resolution of 0.05 degrees 
and is an accumulated total rainfall over all days in the given month 
(2000 − 2019) and was accessed from the BOM climate database (http:// 
www.bom.gov.au/climate/data/). Discharge observations were 
retrieved from five important locations in the Mitchell catchment 
(Dunbar/Koolatah, Cook Town, Gamboola, Okay Bridge, and Palmer). 
These service stations are major entries of fluxes to the Mitchell down-
stream floodplain. They are crucial to understanding the wetland hy-
drology of the Mitchell and hydrological processes related to impacts of 
climatic constraints on floodplain productivity. River discharge obser-
vations covering the period 2000 − 2019 were obtained from the 
Queensland Water Monitoring Information Portal (https://water-mo 
nitoring.information.qld.gov.au/). To derive the time series of flow for 
the Dunbar gauging station, data from that station (2009–2019) were 
combined with data from Koolatah station, which was operational until 
2009. These two gauging stations are less than 1 km apart on the 
mainstem of the Mitchell River. The Koolatah gauging station had 
missing data for the months of March-May 2008 and June-August 2009. 
These missing data were interpolated using the shape-preserving pei-
cewise cubic interpolation to be consistent with other stations. We 
combined the stream discharge data with monthly water level data 
(2000 − 2019) obtained from the Queensland Water Monitoring Infor-
mation Portal to assess the dependence of downstream floodplain hy-
drology on the hydro-climatology of the upstream catchment using 
multivariate copula analysis (Section 2.10.3). 

2.6. Floodplain total inundation mapping and rates of open water 
transition 

Open water features and total floodplain inundation were quantified 
by applying the widely used Automated Water Extraction Index [AWEI, 
(Feyisa et al., 2014)] based on the multi-temporal Landsat data. We 
modelled the spatiotemporal changes of open water surfaces in Mitchell 
catchment with Landsat 5 Thematic Mapper (L5 TM) and Landsat 8 
Operational Land Imager (L8 OLI) images using a change detection 
analysis. To this end, rates of open water area (loss, gain and persis-
tence) were estimated over the catchment. Using the Landsat derived 
total inundation outputs for both wet and dry seasons for 2007, 2014, 
and 2019, inundation maps and rates of open water were generated for 
these years. The AWEI Landsat optical index improves the classification 
accuracy of water extraction in comparison to the Modified Difference 
Water Index (MNDWI) and maximum likelihood classifier (e.g., Feyisa 
et al., 2014; Rokni et al., 2014). The AWEI uses multiple bands (Green, 
MIR, NIR, and SWIR) and was computed as; 

AWEInsh = 4 ∗ (Green − MIR) − (0.25 ∗ NIR+ 2.75 ∗ SWIR) (1) 

As demonstrated in previous studies (Ndehedehe et al., 2020), we 
selected a suitable threshold of pixels greater than zero as the criteria of 
segmenting open water classes from land-based features. The AWEI is 
emerging as a sophisticated metric in the automated extraction of sur-
face water bodies given its accuracy and simplicity, including easy 
thresholding (ranges from 0 to 1 for water-related pixels). Inundated 
areas and open water features were masked using this threshold. The 
average annual rates of transitions for open water loss (Tlossrate) and gain 
(Tgainrate) in the Mitchell downstream catchment were estimated using 
spatial details of open water cover area during the 2015 − 2020 period 
and are formulated as, 

Tlossrate =
(logWt2 − log(Wt1 − B)) ∗ 100

t2 − t1
and (2)  

Tgainrate =
(logWt2 − log(Wt1 − C)) ∗ 100

t2 − t1
, (3)  

where W is the open water area in hectares for t2 (later date) and t1 
(earlier date); B is the area of open water loss, and C is the area of open 
water gain. Using Eqs. 2 and 3, it was possible to determine gain, loss, 
and persistence rates of surface inundation. The validation of these 
transition maps is highlighted in Section 2.7. 

2.7. Accuracy assessment measures for the validation of surface 
inundation 

In terms of validation, we used the Dynamic Landcover Dataset 
(DLCD) for Australia (https://www.ga.gov.au/scientific-topics/earth-ob 
s/accessing-satellite-imagery/landcover) and the JRC (Joint Research 
Center) Global Surface Water Mapping Layers, v1.2 (Pekel et al., 2016) 
to perform accuracy assessment. The DLCD data provides standard 
landcover classification information across Australia, and this includes 
data for every 250 m by 250 m area on the ground, for the period be-
tween 2001 and 2015 (Lucas et al., 2019). Table S2 (Supporting Infor-
mation) shows the DLCD landcover classes re-categorized to illustrate 
non-water classes used to extract land points for accuracy assessment. 
For accuracy assessment of the total floodplain inundation mapping and 
change detection analysis, we utilized three measures- the overall ac-
curacy, overall kappa statistics, and F-score results calculated using the 
user’s and producer’s accuracies for individual classes mapped in the 
study. To assess the level of accuracy, error matrices for all classified 
outputs were constructed and used to calculate the User’s Accuracy 
(UA), Producer’s Accuracy (PA), Overall Accuracy (OA), and F − score. 
These accuracy measures were calculated as follows: UA = X ij/X j ×
100%; PA = X ij/X i × 100%; OA = S d/n × 100% and; F − score =

2[UA×PA
UA+PA], where X ij is the observation in row i column j,X i the marginal 

total of row i, X j is the marginal total of row j, S d is the total number of 
correctly-classified pixels, and n is the total number of validation pixels. 
The summary of accuracies obtained for the surface water extraction and 
the change detection in this study, including overall kappa statistics of 
all classifications performed are summarised in Table S3 (Supporting 
Information). 

2.8. Prediction of hotspots of aquatic plant biomass accumulation 

In this study, the distribution of hotspots of aquatic primary pro-
duction (inundated areas covered with different aquatic species such as 
macrophytes) was assessed by combining inundation and vegetation 
metrics and topographic data. Specifically, Sentinel-2 data was used to 
compute the AWEI and Enhanced Vegetation Index. These indices were 
combined in a sequence of logical operations to identify hotspots of 
aquatic primary producers in the downstream Mitchell catchment. Lo-
cations with the presence of aquatic vegetation (e.g., macrophytes) in 
freshwater habitats, narrow riverine channels, and shallow water holes 
were identified by combining these indices. These hotspots were pre-
dicted based on defined thresholds for these indicators, leveraging on 
the expert knowledge of the target variables in five locations in the 
downstream catchment. The EVI (Enhanced Vegetation Index) uses 
three bands (Red, NIR, and Blue) and was computed as; 

EVI = 2.5 × ((NIR − Red)/(NIR+ 6 × Red − 7.5 × Blue+ 1)) (4)  

where NIR, Red, and Blue are designated as bands 8, 4, and 2, respec-
tively in the multiband Sentinel-2 data. Unlike NDVI, EVI is calculated 
with an additional wavelengths of light to correct for the inaccuracies of 
NDVI. Important factors like differences in solar incidence angle, at-
mospheric conditions such as distortions in the amount of reflected light 
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caused by particles in the air and signals from the ground cover below 
the vegetation tend to weaken NDVI estimates of surface vegetation. 
These issues are corrected for using the EVI. Essentially, the thresholds 
for AWEI (0.07) and EVI (0.30) were used to target freshwater hotspots 
and vegetation within these inundated areas. Threshold definitions for 
remote sensing indicators can be highly variable (Worden and de Beurs, 
2020; Ndehedehe et al., 2020; Pekel et al., 2016). Such variability could 
depend on land surface characteristics of regions and the capability of 
sensors onboard satellite systems. To minimize uncertainties that could 
arise from this, fairly stable threshold values using visual inspection of 
project sites that were sampled in person was established from these 
metrics. 

2.9. Relationship between flow and surface inundation using mutual 
information criteria 

Mutual Information (MI) was employed as a more reliable measure of 
statistical dependence to explore the relationship between flow and total 
surface inundation, given its merits over other statistical measures that 
rely on residual sum of squares (e.g., Moon et al., 1995; Sharma, 2000). 
A key advantage of MI criteria is that it measures more than linear 
dependence (e.g., Brillinger, 2004; Moon et al., 1995) and aids under-
standing of the dependence between two time series that appear to be 
related or independent. Assuming that a set of two hydrological vari-
ables (e.g., river discharge and total floodplain inundation) are denoted 
as X = x1, x2, x3,…, xn and Y = y1, y2, y3,…, yn where n is the sampling 
length, the MI between these variables for the non-parametric case is 
defined as (e.g., Brillinger, 2004; Moon et al., 1995), 

MIx,y =

∫∫

k(x, y)p̂(x, y)log
p̂(x, y)

p̂X(x)p̂Y(y) dxdy,
(5)  

where p̂(x, y) is the probability density function and k is a kernel func-
tion that is aimed at improving asymptotic properties (e.g., Brillinger, 
2004). The kernel density function that was plugged into Eqn. 5 is the 
multivariate Gaussian probability density function and follows the 
formulation detailed by Moon et al. (1995). For comparability, the MI 
for bivariate samples (e.g., discharge vs total inundation) were scaled in 
a similar manner to cross-correlation coefficients. 

2.10. Understanding climate-hydrology relationships through multivariate 
analyses 

The schematic representation of the methodological framework used 
in this study, including data preprocessing and analyses to estimate 
floodplain inundation aquatic biomass accumulation, and open water 
change detection is summarised in Fig. 2. 

2.10.1. The contribution of rainfall variability to floodplain productivity 
Rainfall is an important source of freshwater availability for the 

functioning of wetland ecosystems. For the wet-dry Australian tropics 
they represent major inputs to the hydrological systems of the region (e. 
g., Ndehedehe, 2020). Understanding its variability is important to aid 
the assessment of climatic constraints on the productivity of freshwater 
systems. To this end, the principal component analysis [PCA, (Jolliffe, 
2002; Preisendorfer, 1988)] was employed to assess the spatial and 
temporal patterns of rainfall over the Mitchell catchment. In the context 

Fig. 2. Schematic representation of the methodological framework used in this study. All satellite observations, including the Global Surface Water data were 
retrieved and preprocessed (e.g., cloud masking, calculating median values of pixel stacks, etc) and analysed using the Google Earth Engine platform. 
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of understanding key hydrological drivers of floodplain productivity and 
impacts of extreme events (floods and droughts) over the catchment, this 
technique provides the basis to identify leading rainfall patterns in time 
and space. These dominant patterns can be used to examine the response 
of runoff to changes in rainfall and also support water resources plan-
ning. Generally, the use of PCA, especially in our context, is about 
reducing the dimensions of rainfall signals in the catchment so that only 
important hydrological signals accounting for the most variability and 
responsible for the nourishment of the floodplain wetlands within the 
catchment are further examined. These signals are the significant modes 
of rainfall variability and they were identified using a scree plot analysis. 
Although other criteria (e.g., rules based on hypothesis testing, size of 
cumulative variance, size of the last retained eigenvalue, etc.) for 
selecting significant modes exist (see, e.g., Wilks, 2011; Jolliffe, 2002), 
the scree plot analysis was sufficient for our purposes. Precipitation grids 
masked over the catchment is given as Prainfall= [x(sk, t)] where sk is 
spatial locations; k  = 1, 2,. . ., nx, which are the number of spatial lo-
cations for Prainfall, and t is the monthly time step from 2000 − 2018. For 
example, the monthly precipitation grids (8 km) over the Mitchell for 
the 2000 − 2018,Pm×κ will have the size, m = 228 and κ=2428 where m 
and κ are the time steps in month (January 2000 to December 2018) and 
observations (precipitation grids or pixels), respectively, over catch-
ment. The spatial and temporal patterns of rainfall using this method is 
summarised, 

Prainfall(t) =
∑n

k=1
a(k)sk (6)  

where a(k)(t) are the expansion coefficients, normalised using their 
standard deviation to be unitless and sk are the corresponding spatial 
patterns (EOF loadings). The spatial patterns are usually adjusted 
(scaled) to their original units (mm) using their expansion coefficients 
also called the principal components (PCs) or temporal patterns. Pre-
cipitation changes in any location from the leading modes can be 
derived by jointly interpreting the adjusted EOF loadings (sk) and their 
corresponding normalised expansion coefficients. 

2.10.2. Assessing drivers of downstream total inundation 
The coupled relationship of downstream total inundation with 

discharge and local rainfall was modelled using the partial least squares 
regression [PLSR, e.g., (Chen et al., 2018; de Jong, 1993)]. The PLSR 
identifies for latent vectors, which performs a simultaneous decompo-
sition of independent variable, X and response variable Y (e.g., Lewis- 
Beck et al., 2003; Wold et al., 2001). Notably, this decomposition is 
somewhat similar to the principal component regression (PCR) tech-
nique. But more generally, the PLSR seeks a linear regression model by 
projecting the predictor variables and the response variable to a new 
space, in slight contrast to PCR, which seeks hyperplanes that maximizes 
variance between the response and predictor variables (e.g., Okwuashi 
et al., 2020). The goal here is the decompositions of Xand Y is under-
taken in such a way that information from each other are taken into 
account. As an illustration, in a simple formulation of the PLSR model (e. 
g., Chen et al., 2018) where the data elements xi = [xi1, xi2, xi3…, xip]

′
∈

R
p 
(i = 1,2, 3,…, n) with n as the observation samples and yi = [yi1, yi2,

yi3…, yiq]
′
∈ R

q 
(i = 1,2, 3,…, n) where n is the corresponding depen-

dent samples. Then the independent variable, X = [x1, x2, x3…, xn]
′
∈

R
n×p and the response variable Y = [y1, y2, y3…, yn]

′
∈ R

n×q. The 
centered (i.e., removing the mean) data matrices X and Y are decom-
posed as (e.g., Ndehedehe and Ferreira, 2020; Chen et al., 2018; Wold 
et al., 2001), 

Xn×p = tn×1c′p×1 +En×p, Yn×q = un×1h′
q×1 +Fn×q, (7)  

where t and u are latent vectors for the n observations, c and h are the 
loading vectors while E and F are the residual matrices. To measure the 
dependence of downstream total inundation on hydrological units (local 

rainfall and discharge from 4 locations), the PLSR formulation, after a 
multivariate calibration was finally obtained as 

Y = Xβ+F, (8)  

where β is the PLSR coefficients, XRainfall/Discharge and YInundation are the 
predictor data matrix and response variables, respectively based on the 
retained partial least square components in Eqn. 7. The Jargue-Bera 
statistical normality test (Jarque and Bera, 1980) was employed to 
validate the PLSR model output by evaluating the normality of the 
computed residuals (i.e., those obtained from the retrieved PLSR com-
ponents) at the 95% confidence level and is computed as 

JB =
N
6
[s2 +

(k − 3)2

4
], (9)  

where JB denotes Jarque–Bera statistic, N is the sample size, s is the 
sample skewness, and k is the sample kurtosis. The significance of the 
probability values (i.e, at 95% confidence level) was determined by 
comparing the Jargue-Bera test statistics with the critical value for the 
test. If Jarque–Bera is large then normality is rejected at α = 0.05. 

2.10.3. Measuring the dependence of downstream water level on upstream 
flows 

Multivariate methods have been helpful in understanding in-
teractions and relationships between variables, especially how hydro-
logical entities and climate variables are interdependent. These methods 
can range from higher order statistics (e.g., PCA) to copula analysis. 
Copula has been widely employed to model the dependence structure of 
hydro-climatic variables such as the response of precipitation to soil 
moisture or runoff to rainfall (e.g., AghaKouchak, 2015). As part of the 
overall objective of understanding key drivers of freshwater ecosystems, 
a multivariate copula analysis tool that employs Markov Chain Monte 
Carlo simulation within Bayesian framework (Sadegh et al., 2017) was 
employed here to assess the dependence of downstream catchment on 
the hydrology of the upstream region. First, a cohort of 26 copula 
families detailed in Sadegh et al. (2017) are used to identify the best 
copula parameters based on ranking and the goodness of fit measures 
such as Maximum Likelihood, Akaike Criterion (AIC) and Bayesian In-
formation Criteria (BIC) to evaluate the performance of these copula 
models. Second, this copula is then used to assess the relationship of 
water levels in downstream area with discharge from four gauge stations 
located upstream (Section 2.5). 

3. Results 

3.1. The Mitchell floodplain hydrology 

3.1.1. Open water transitions and occurrence (1984–2015) 
Over a 30-year period, permanent water surface area was approxi-

mately 4.5% in the downstream catchment compared to the upstream 
region (2.7%) (Fig. 3a and b). The larger proportion of new permanent 
and new seasonal surface water classes in the upstream section (Fig. 3b) 
suggest variability in surface inundation largely due to climatic distur-
bance during the period (1984 − 2015). There is a substantially higher 
proportion of ephemeral seasonal surface water class in the downstream 
(67%) as opposed to the upstream (41.2%) (Fig. 3a and b). The spatial 
and temporal (intra-annual) variability of water occurrence are illus-
trated for randomly selected water holes and freshwater habitats in the 
downstream catchment (Fig. 4a and b). It is evident that water occurrence 
within the same water holes or freshwater habitats (locations A − D) 
varies significantly (Fig. 4a). The seasonal temporal patterns of water 
occurrence confirm the variability in water occurrence across landscapes. 
For example, in location A (a selected point at Racecourse Swamp), 
water is present for about 60% of the time from around January- 
February each year (Fig. 4b). Although some locations confirm the 
spatial variability in water occurrence, it is important to note that water 
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persisted (i.e., 100% water occurrence) in much of the vicinity around 
Racecourse Swamp all through the year. This is clearly evidenced by the 
spatial pattern of water occurrence (indicates 100%) in upstream location 

A (Fig. 4b). But in location D (mid-stream), water occurrence is perma-
nent (i.e., 100% of the time) (Fig. 4b). 

Fig. 3. Water transitions in the Mitchell catchment based on the global surface water data (March 1984 to October 2015. The statistics on water transitions are 
estimated for the (a) downstream and (b) upstream catchments. 

Fig. 4. Water occurrence (expressed in percentages with 100% representing permanent surface water) in the Mitchell catchment based on the global surface water 
data (1984 − 2015). The spatial and temporal patterns of water occurrence are illustrated using 4 randomly selected water holes and freshwater locations (A to D) in 
the downstream catchment. 
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3.1.2. Change detection and temporal variations of open water features 
(2007–2020) 

Open water maps for two different epochs (i.e., 2007 − 2014 and 
2014 − 2019) highlight the multi-temporal change over the downstream 
catchment (Fig. 5)). The summers between 2007 and 2014 were better 
than the 2014 − 2019 period (Fig. 5a). As opposed to the latter period, 
extreme surface inundation are obvious in the 2007 − 2014 period 
(Fig. 5b). The highest average surface inundation extent (544 km2) 
observed was during the summers of 2008 followed by the summers of 
2009 (259 km2) (Fig. 5b). These surface inundation extents coincided 
with gauged records of flow in 2008 and 2009, which both showed the 
highest observed flows greater than 6500 m3/s at key stations (Dunbar 
and Gamboola). Apart from 2014, a general observation is the fluctua-
tions in total inundation in response to discharge. Years with higher 
amount of flows were characterized by higher surface inundation. With 
this in mind, years with missing satellite (contaminated with clouds) like 
2011, which had the highest flow observation are expected to have 
average surface inundation extent exceeding that of 2008 (Fig. 5b). 
Similarly, 2015, which appears to be the driest since 2000 based on a 
considerably low discharge observation (297 m3/s) caused by limited 
rainfall will have the lowest total floodplain inundation. Estimated 
floodplain inundation extent for the dry season remained relatively 
stable all through the period with average surface inundation extent 
fluctuating between 55 km2 and 80 km2 (Fig. 5b). Furthermore, an 
illustration of the false colour composites and spatial patterns of change 
detection results in a segment of the downstream is shown in Fig. 5c–g. 
The characteristics (Loss, Persistence, and Gain) of floodplain inunda-
tion in wet and dry seasons vary in time and space (Fig. 5a and f–g). 
These characteristics, especially the persistence rates of surface inun-
dation are relatively similar during dry periods. But the rates of persis-
tence and loss are significantly different during wet seasons (Fig. 5a). 
Error matrix and accuracy assessment results for the open water classi-
fications are generally high for all the epoch considered (Table S3, 
Supporting Information). 

3.1.3. Floodplain inundation patterns and connectivity of rivers 
As with changes in annual rainfall and discharge, inundation pat-

terns are highly varied on annual and seasonal time scales. The con-
nectivity of rivers and inundation patterns in slightly isolated water 
holes and other intermittent water bodies are considerably different 
during wet and dry seasons (Fig. 6a–v). In the wet season, most water 
holes are completely covered with inundation while rivers remain well 
connected during the period (Fig. 6b–e, g–j). But as the dry season ap-
proaches, water holes exist independently and some sections along 
prominent rivers and channels become disconnected (Fig. 6l–r, t, and v). 
Results of the floodplain inundation mapping (Fig. 6) also aligns with 
the spatio-temporal patterns of water occurrence. Using illustration 
from the mid-stream section of the Mitchell catchment, floodplain 
inundation in some years (e.g., 2016 and 2019) are permanent and 
perennial (Fig. 6h and s, j and u). In other words, there is 100% water 
occurrence in those years and specific locations. Comparing 2008 and 
2009 water years with those of 2016 and 2019, it appears extreme floods 
during the wet season do not guarantee an all-year connection of river 
channels (Fig. 6b–c, m–n, h and s, and j and u). Another key observation 
is that some sections of river channels remain disconnected in both 
seasons (wet and dry) in years that are generally characterised by low or 
reduced annual rainfall. In 2013, for example, the estimated total 
inundation extents for the wet and dry seasons were 64 km2 and 59 km2, 
respectively (Fig. 5b). The spatial patterns of inundation along the 
midstream channel in this same year appear to be similar (Fig. 6). A 
good example is the change intensity of rainfall, which in turn influence 
flow variability and subsequently floodplain inundation patterns. 

3.2. Aquatic plant biomass accumulation in freshwater habitats 

The distribution of aquatic plant biomass accumulation in several 
hotspots in the downstream catchment vary in time and space. This 
variability is apparently tied to climate variability, which regulates 
floodplain inundation patterns. Arguably, rainfall serves as the main 
input to any hydrological system, and as a rule of thumb, more 

Fig. 5. Spatial and temporal patterns of surface water change during the 2007 − 2019 period. (a) Change detection analysis showing temporal characteristics of wet 
(December-March) and dry (June-August) seasons, (b) temporal variations of open water extent, (c–e) false colour composites and (f-) illustration of change detection 
results of spatial variability in the characteristics of wet and dry seasons (Loss, Persistence, and Gain). 
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productive years tend to be largely characterised by higher floodplain 
inundation as opposed to relatively dry years. This inundation, as dis-
cussed further in the next section are driven by both local rainfall and 
upstream flow. 

There has been a rise in the total extents of hotspots of primary 
production from 8.19 km2 in 2016 to 36.9 km2 in 2019 and 24.8 km2 in 
2020 (Fig. 7a–e). The zoomed-in spatial distribution of estimated hot-
spots in one of the locations (Racecourse Swamp-location A in Fig. 4) 
shows the spatial variability of these hotspots (Fig. 7f–h). As illustrated 
in Fig. 7, more hotspots were found on the floodplain in 2019 (36.9 km2) 
compared to other years (2016 − 2018 and 2020) potentially due to 
higher upstream flows from all stations (Fig. 7a–e). There are reasonably 
strong linear relationships between the extent of hotspots of primary 
production and upstream river flows at Gamboola (r = 0.72), Ok Bridge 
(r = 0.80), and Cook Town (r = 0.82) (Fig. 7a–b and d). The association 
of hotspots with observed discharge at Palmer (r = 0.58) and Dunbar 
(r = 0.50) is also linear but tend to be moderate compared to other 
gauging stations. Generally, higher freshwater floodplain productivity 
coincides with wet years characterised by relatively higher rainfall 
amount and flows (Figs. 7a–d and 8a and b). In other words, the loss in 
surface extent of aquatic plant biomass will be the result of reduced 
inundation in freshwater habitats in the catchments, caused primarily by 
both limited surface flow and local rainfall. However, the sample size 
used to establish this relationship is somewhat small and should be 
interpreted with caution. 

3.3. Upstream flows and local rainfall drive the productivity of 
floodplains 

3.3.1. Dominant patterns of rainfall vs discharge 
Two dominant patterns of rainfall in the catchment were identified 

via the PCA and account for 93% of rainfall variability across the 
catchment. The leading rainfall mode in the catchment is considerably 
annual and accounts for approximately 88.5% of the total variability 

while the second mode is a short term seasonal signal (not shown) that 
accounts for about 4.8% of the total variability (Fig. 8a and b). The 
spatial loadings confirm strong spatial patterns of rainfall in the down-
stream segment and a section along the south-east upstream (Fig. 8b). A 
joint interpretation of averaged peak rainfall in 2014 in the downstream 
area from the temporal and spatial pattern is about 900 mm. But in the 
mid-stream region where the Gamboola gauged station is located (cf. 
Fig. 1), averaged peak rainfall in the same year is between 500 mm and 
600 mm. The corresponding temporal evolutions of rainfall are well 
associated with observed discharge from five locations-Gamboola (r =

0.73,p = 0.000), Cook Town (r = 0.66,p = 0.000), Ok Bridge (r = 0.69,
p = 0.000), Palmer (r = 0.73, p = 0.000), and Dunbar (r = 0.71, p =

0.000) (PC-1, Fig. 8a). Note that between 2007 and 2014, mean 
discharge values from all gauges and rainfall (PC-1, Fig. 8a) had higher 
amplitudes compared to the post 2014 period. It is during this period 
(2007 − 2014) that higher gain rate in surface inundation was observed 
and further provides a clue to the contributions of upstream rivers 
(Gamboola, CookTown, OkBridge, and Palmer stations) and rainfall to 
the downstream inundation. 

3.3.2. Drivers of total floodplain inundation 
In the Mitchell, the downstream and some areas in the upstream 

floodplain have the highest spatial distribution of monthly summer 
rainfall when jointly interpreted with the corresponding temporal series 
(Fig. 8b). This relatively strong spatial pattern of rainfall in the down-
stream are expected to transition to variable inundation patterns. In 
other words, flows from upstream and local rainfall are expected to drive 
surface inundation in the downstream area. Observed local rainfall and 
river discharge data from five gauged stations resulted in six partial least 
square components, of which five were retained and used to develop a 
model to predict total floodplain inundation (Fig. 8c). The predicted and 
observed total inundation were strongly correlated (r = 0.95), indi-
cating that upstream flow and local rainfall drive the productivity on the 
floodplains (Fig. 8c). When local rainfall was excluded from the model 

Fig. 6. Illustration of inundation patterns and connectivity in freshwater habitats (riverine systems and water holes) during (a–k) wet and (l–v) dry seasons 
(2007 − 2020). The wet season inundation for each year is based on the median of landsat images for the water year (December and March) while the dry season 
inundation is based on the median of images between June and August of the same year. The red arrows illustrate a disconnection along the Mitchell river in the mid- 
stream catchment. 
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(i.e., four partial least square components were rotated), the predicted 
total inundation using flow from five gauged stations was still strongly 
correlated (r = 0.92) with observed total downstream inundation. Even 
when fewer partial least square components were rotated with rainfall 
included in the model, there was still no significant difference in the 
relationship between observed and predicted total inundation (r =

0.92). Similarly, to explore potential impact on floodplain inundation 
and productivity in the event of upstream flow alteration, discharge data 
from Dunbar gauged station was excluded from the model. This resulted 
in a moderately strong (r = 0.80) relationship between predicted and 
observed total inundation, indicating about 15% lost in floodplain 
inundation. Given that the Gamboola discharge is the penultimate 
closest station to the downstream, we also tested the impact of flow 
alteration in this location by excluding it from the model, in addition to 
flows from Dunbar. This scenario provides insights as to the impact of 
flow alteration on the productivity of Mitchell floodplain given that 
predicted and observed inundation were less associated compared to 
other scenarios (r = 0.78). While this suggest 17% lost in floodplain 
inundation if flows at Dunbar and Gamboola are altered, the partial least 
square regression coefficients indicate that flows from Ok Bridge gauge 

has linear relationship with inundation and contributes substantially to 
floodplain inundation similar to the Dunbar station. 

Interestingly, a range of metrics, including mutual information 
(Section 2.9) and coefficient of determination (R2) confirm the contri-
butions of upstream flow to downstream floodplain inundation 
(Fig. 9a–e). Observed discharge at Dunbar station explained approxi-
mately 60% of the proportion of variability in total inundation (strong 
mutual information and correlation of 0.79 and 0.77 (p = 0.005), 
respectively (Fig. 9e). Gamboola gauged station (penultimate closest 
station to the downstream) accounted for 44% (r = 0.67 p = 0.0249) of 
variability in total inundation with a moderately strong mutual infor-
mation (r = 0.74) and correlation (r = 0.67, p = 0.025). Generally, 
except for Palmer-20% (r = 0.45, p = 0.164), all observed flows from 
the remaining gauged stations show significant (at α = 0.005) associa-
tions with total inundation, accounting for 39% (Ok Bridge) and 34% 
(Cook Town) of the variability in total inundation (Fig. 9b–d). The 
mutual information between observed discharge at these stations and 
surface inundation ranged from 0.61 to 0.69. Moreover, local rainfall 
observed at the downstream region accounted for about 25% (r = 0.50,
p = 0.120) of the proportion of variability in total floodplain inundation 

Fig. 7. Floodplain productivity based on predicted spatial distribution of hot spots of aquatic biomass accumulation (2016 − 2020) using Sentinel-2 data over the 
downstream Mitchell catchment. The relationship between predicted extents of hot spots and observed discharge is indicated for (a) Gamboola, (b) Ok Bridge, (c) 
Palmer, (d) Cook Town and, (e) Dunbar. The spatial distribution of aquatic biomass accumulation (2018 − 2020) for one of the sampled water holes (location A in 
Fig. 4) during field investigation is illustrated using blue polygons (f-h). 
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(Fig. 9f). Although mutual information between local rainfall and the 
latter was rather moderate (r = 0.61), its correlation was the lowest 
(r = 0.50) compared to discharge observations at Gamboola, Dunbar, 
Cook Town and Ok Bridge (Fig. 9a–f). The scatter plot for the rainfall- 
inundation relationship shows an outlier (Fig. 9f) different from the 
discharge-inundation relationships (Fig. 9a–e). This signal appears to be 
that of 2014 peak summer when tropical cyclone produced a large 
amount of rainfall on the floodplain while upstream flows were 
restricted (Fig. 8a). The formation of Tropical Cyclone Fletcher in 
February 2014 deposited substantial rain on the floodplain of the 
Mitchell River, downstream of all flow gauges (see, http://www.bom. 
gov.au/cyclone/history/Fletcher.shtml). Daily local rainfall at 

downstream location (Kowanyama) reached 361.2 mm and a total of 
1432 mm was observed in February 2014, making it the wettest month 
at the station in 100 years since observation began. When this 2014 
observation was excluded from the time series, local rainfall explained 
76% (r = 0.87 p = 0.001) of the proportion of variability in the 
remaining total surface inundation. The dependence of downstream 
floodplain hydrology on upstream flow is further investigated in Section 
3.4 based on a multivariate copula approach. 

3.4. Dependence of downstream water level on upstream flow 

From the cohort of 26 bivariate models assessed using the multi-

Fig. 8. Multivariate assessment of floodplain productivity. (a-b) Temporal and spatial variations of rainfall over the Mitchell catchment using the PCA and (c) 
modelling of floodplain total inundation extent using the partial least square regression. The temporal patterns of rainfall (PC-1) are standardised and its corre-
sponding spatial pattern (b) has been adjusted to its original units (mm). Averaged monthly rainfall values over each grid in the catchment are jointly derived from 
PC-1 in (a) and spatial patterns (maps) in (b). River discharge observations in five gauging stations (Fig. 1) have been compared with PC-1, which represents the 
dominant temporal rainfall pattern over the catchment. Major river networks (red lines) in the catchment are indicated in (b). 
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variate copula toolbox (Sadegh et al., 2017), the Galambos copula was 
selected as the best model that describe the dependence structure be-
tween water level and discharge at the four gauged stations assessed in 
this study. This choice was based on the consistent performance of this 
model across all goodness-of-fit metrics (Akaike information criterion, 
BIC, Likelihood, Nash–Sutcliffe efficiency, and root-mean-square error). 
These criteria were also used in evaluating the dependence of water 
level at the downstream region (Dunbar gauged station) on upstream 
flows from three gauged stations (Cook Town, Palmer, and Gamboola) 
with no missing data during the period (2009 − 2020). Table 1 provides 
a summary of the relationship between upstream discharge and down-
stream water levels based on different correlation metrics-Kendall rank, 
Spearman’s rank-order, and Pearson product-moment. All correlation 
coefficients (r = 0.73,0.89, and 0.87, with p-value of 0.000 for Kendall 
rank, Spearman’s rank order, and Pearson product moment, respec-
tively) confirm the significant association of downstream water levels 
with upstream flow from the Gamboola station. The joint probability 
curve confirms the dependence of water level on upstream flow 
(Fig. 10a–c). The dependence structure between water level and river 
discharge at Gamboola station shows a good fit with the probability of 
higher water levels increasing with higher flows (Fig. 10a). However, 
the dependence structure is slightly skewed for other stations (Fig. 10a) 
and is consistent with the nature of observed correlation between these 
quantities when compared to the Gamboola station. Generally, observed 
correlations in Table 1 are significant display of dependence of down-
stream water level on upstream flows. These relationships (Fig. 10a–c) 

are consistent with those of flow and total inundation (Fig. 9a–d), sug-
gesting that flow from upstream rivers are key predictors of downstream 
floodplain inundation. 

4. Discussion and conclusions 

Understanding climate change impacts and anthropogenic influence 
on the characteristics (e.g., persistence and location) and distribution of 
surface water on terrestrial ecosystems (Pekel et al., 2016) is becoming 
an interesting future research direction for the broader community of 
water resources experts. The combination of strong climatic changes and 
increased water needs could drive water-management policy that leads 
to major changes in flow or surface water availability. This could have 
adverse affects on aquatic ecosystem services and the numerous cultural, 
regulating (e.g., groundwater recharge), and provisioning (e.g., food 
sources for fish) services it provides (Talbot et al., 2018). These impacts 
have key consequences for the ecological communities who are sup-
ported by this surface water. Understanding these processes and the 
links between climate and water availability is therefore crucial and 
requires a methodology that will improve knowledge and water gover-
nance on a broad scale. However, assessing floodplain inundation dy-
namics and establishing these links is still a challenge because of 
limitations in hydro-dynamic modelling as well as constraints in some 
sensor properties and processing of large remotely sensed observations. 
A key focus of this study therefore was to pioneer the use of GEE in 
assessing the productivity of floodplain ecosystems, and mapping hot-
spots of biomass accumulation in large floodplain river catchments such 
as the Mitchell in tropical Queensland. We leveraged the GEE repository 
and publicly available satellite earth observation data to show how 
remote sensing vegetation and inundation metrics can be computed to 
generate time series of total surface inundation and change detection of 
open water features. With access to existing libraries of Application 
Programming Interfaces, we combined these remote sensing metrics to 
create binary layers representing maps of surface inundation and 
aquatic plant biomass accumulation in hotspots of primary producers 
based on a sequence of logical operations. Our cloud-based monitoring 
framework combining multivariate methods and satellite observations 
provides an application to better understand potential eco–hydrological 

Fig. 9. Relationship of upstream flow (discharge) and total inundation in downstream catchment using mutual information (MI), Pearson’s correlation (r) and 
coefficient of determination (R2). This relationship is based on total inundation with gauged observations of total wet season discharge at (a) Gamboola, (b) Ok 
Bridge, (c) Palmer, (d) Cook Town, (e) Dunbar, and (f) local rainfall at Kowanyama. 

Table 1 
Evaluating the dependence of downstream water level on upstream flows based 
on the best copula (Galambos) identified through several goodness-of-fit 
criteria. All correlation coefficients from Kendall rank, Spearman’s rank-order 
and Pearson product-moment categories are statistically significant at α = 0.05.  

Discharge 
location 

Kendall 
rank 

Spearman’s rank- 
order 

Pearson product- 
moment 

Gamboola 0.73 0.89 0.87 
Palmer 0.66 0.84 0.79 
Cook Town 0.60 0.80 0.77  
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processes of the Mitchell catchment and the impacts of climate vari-
ability on its wetland hydrology. This application becomes a ‘new tool in 
the box’ for conservation planning and wetland management, which 
require spatial estimates of the aquatic habitats needed to maintain 
aquatic biodiversity (Ndehedehe et al., 2020). The key findings and 
conclusions in this study are summarised in what follows. 

4.1. Indicators of wetland hydrology and distribution of aquatic plant 
biomass accumulation 

Changes in the temporal and spatial patterns of surface water and the 
distribution of hotspots of biomass accumulation can provide insight 
into ecosystem structure and functions. The consistent mapping of 
floodplain rivers and wetlands at high spatial and temporal scales to 
assess the impacts of extreme events such as flood magnitudes and 
droughts on hydro-ecological systems is important. This will enhance 
understanding of relationships between critical water needs and the 
productivity of floodplain wetlands. This is also crucial for maintaining 
the integrity of tropical floodplain ecosystems through developing pol-
icies that underpins conservation and managing trade-offs between 
water resources development and the various important ecological ser-
vices provided by these floodplain rivers. Although the spatial patterns 
of these hotspots are difficult to measure over large areas and longer 
time spans using traditional approaches, they are increasingly being 
assessed using remote sensing methods (e.g., Tortini et al., 2020; Yang 
et al., 2020; Slagter et al., 2020; Ndehedehe et al., 2020). We employed 
several multivariate methods to improve understanding on drivers of 
freshwater ecosystems in the Mitchell River catchment by measuring the 
dependence of downstream floodplain productivity (surface inundation 
and biomass accumulation) on variability in upstream flow and local 
rainfall. Global surface water data and satellite-derived change detec-
tion analysis were used to characterize surface water distribution in the 
catchment. 

The persistence of surface water in freshwater habitats (palustrine, 
lacustrine, and riverine ecosystems) is important for the productivity of 
aquatic ecosystems. During summer, the downstream Mitchell flood-
plain wetlands is characterized by extensive floods. These floods and 
total inundation are lost over the course of the dry season (Fig. 5b). 
Although the rates of flood recession could differ depending on catch-
ment characteristics (e.g., flood magnitude, topography), aquatic sys-
tems become increasingly disconnected during this period (Ward et al., 
2013). Extensive flooding of landscapes during summer (wet season) 
and the disconnection of aquatic ecosystems during the dry season is a 
typical phenomenon in the wet-dry tropics of Queensland characterized 

by monsoonal climate (Ndehedehe et al., 2020; Karim et al., 2018; Ward 
et al., 2013). Floods are essential to the productivity of ecosystems, 
providing a broad range of ecological functions and ecosystem services. 
These include, contributing nutrients to aquatic ecosystems, stimulating 
primary production, supporting biological diversity, and providing 
cultural benefits such as traditional food harvest, recreation and tourism 
(Ndehedehe et al., 2020; Talbot et al., 2018; Midwood and Chow-Fraser, 
2010; Keddy et al., 2009). Although large high-intensity floods can 
impact productivity of aquatic food webs through the transport of nu-
trients from floodplain rivers to the nearby ocean (e.g., Talbot et al., 
2018; Ndehedehe, 2020), flood events are also beneficial to ground-
water processes. For example, floods have impacts on groundwater 
recharge and the extent of surface inundation drives the quantity of 
flood water that infiltrates groundwater stores, with higher inundation 
extents culminating in extensive groundwater recharge (Talbot et al., 
2018; Kazama et al., 2007). 

Historically, human activities and climate change have contributed 
to the alteration of tropical river-floodplains and there is a substantial 
decline in the existing permanent open water features around the world, 
including water present in lakes and reservoirs (Ndehedehe et al., 2020; 
Pekel et al., 2016; Tockner et al., 2010). Tracking and monitoring these 
variations in surface water hydrology is thus an important issue for the 
management of floodplain rivers. The persistence of surface inundation 
during the dry and wet seasons (greater than 5000 ha on the average) in 
all periods could imply several ecological benefits for the Mitchell 
catchment if floodplain conditions and natural hydrological variability 
continue to be favourable. For instance, temporal variations of dry 
season inundation are consistent and maintaining nearly similar peak 
amplitudes. These dry seasons are generally characterised by low-level 
flows, which are important for the sustainability of a nearby coastal 
commercial fishery (Broadley et al., 2020). Moreover, long term surface 
water observations (1984 − 2015) show that permanent water in the 
downstream Mitchell was 4.5% of total land area compared to the up-
stream region (2.7% of total land area). The variability of water 
occurrence and its transitions in the downstream region is noted and 
depends on climatic factors (inter and intra-annual rainfall intensity and 
amplitudes) and flow variability in the upstream catchment. However, 
the nature of evaporation may play significant role in duration of surface 
inundation and probably an all-year connection of river channels. 

4.2. Changes in tropical floodplains and freshwater ecosystems 

4.2.1. Inter-annual variations in upstream flows and local rainfall 
Another key finding from this study is that upstream flow is the 

Fig. 10. Marginal probability distribution of downstream water level and flow from upstream locations-(a) Gamboola, (b) Cook Town, and (c) Palmer. Their joint 
probability isolines (flow vs water level) are indicated and the curves are color coded with probability densities where blue and red colours represent lower and 
higher densities, respectively. Analysis is based on available monthly flow (y-axis in m3/s) and water level (x-axis in m) data (2009 − 2020). 
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primary driver of changes in the downstream floodplains. Local rainfall 
only acts as a secondary driver of variations in productivity of flood-
plains. Flows at the Dunbar station accounted for approximately 60% of 
the variability in total surface inundation while about 25% of the pro-
portion of variability in surface inundation was explained by local 
rainfall. By all measures of statistical dependence employed in this study 
to establish the link between floodplain total inundation and climatic 
variables (rainfall and discharge), upstream flows were substantially 
more associated with total surface inundation. Local rainfall showed no 
statistically significant (at the 95% confidence interval) relationship 
with total surface inundation. Obviously, the 2014 anomalous rainfall 
caused by tropical cyclone in the downstream region during peak 
summer of 2014 skewed this relationship (local rainfall vs inundation). 
Although high unprecedented amplitudes of local rainfall could result in 
extensive floodplain inundation, this rarely occurs. This study demon-
strates that high magnitude flows always translate to extensive flood-
plain inundation. The significant association of dominant rainfall 
patterns over the Mitchell catchment with observed flow from upstream 
regions highlights the importance of rainfall in the broader region. 
However, the PLSR results show the existing relationship between up-
stream flow and downstream floodplain inundation. Different modelling 
scenarios confirmed that upstream flows are dominant or primary 
drivers of surface inundation and floodplain productivity in tropical 
wet-dry catchments in Queensland. The veracity of this impact of course 
requires a further assessment that relies on longer time series of data 
with limited or no missing observations. On the other hand, failure in the 
downstream climate (in terms of below normal local rainfall) will have 
less impact on floodplain inundation if upstream flows are maintained. 
River flows that are driven by interannual variations in rainfall are 
transitioned into wetland inundation in the downstream area due to the 
high-elevation areas of the upstream. The dependence of downstream 
water level on upstream flows assessed using a bivariate model also 
confirm the significant contributions of flow from upstream rivers to 
downstream floodplain. The spatial and temporal distribution of rainfall 
in the catchment emphasize climate variability as a key mechanism that 
will either mar or enhance the productivity of this floodplain. The PLSR 
coefficients of observed discharge suggest flows have the highest con-
tributions to floodplain inundation, meaning rivers are important in-
dicators of wetland conditions and can be used to assess the influence of 
climate variability on tropical floodplains. 

The temporal patterns of total inundation in relation to those of 
rainfall and flow during the period studied imply climate variability will 
be key constraints on the productivity of freshwater habitats. In other 
words, climatic fluctuations will lead to variable inter-annual rainfall, 
which then results in flow variability. Time series of leading rainfall 
patterns and discharge (2000 − 2020) illustrates the constraints of var-
iations in climate over the Mitchell catchment. For instance, wet years 
(2008 − 2011) with strong amplitudes in rainfall coincided with strong 
flows. Similarly, relatively dry years (2015 − 2018) were characterized 
by low flows. The relationships between flows and predicted hotspots of 
aquatic plant biomass reaffirm climatic controls (discharge) on flood-
plain inundation and productivity. Surface vegetation and phenology 
responds to changes in hydrological conditions in terrestrial ecosystems 
and declines in aquatic plant biomass accumulation will be in tandem 
with the lost of surface inundation in freshwater habitats. Observed 
temporal and spatial variability in the distribution of hotspots and total 
inundation, coincides with climate conditions, thus strengthening this 
argument. Furthermore, the relationship between predicted extents of 
hotspots and flow suggests that apart from other biophysical factors, 
which could promote growth of aquatic primary producers in perennial 
and intermittent freshwater bodies, the productivity and inundation of 
tropical rivers in northern Queensland is considerably tied to the impact 
of climate variability (inter-annual variations in rainfall). However, this 
may not always be the case as human actions such as water resources 
development, diversions and river management can alter flow vari-
ability, thus interfering on the observed relationship between rainfall 

and flow and subsequently, productivity. 

4.2.2. Changes in global climate and impacts on flows and surface 
inundation 

As with notable big wet periods (e.g., 2008, 2009, and 2011) in the 
Mitchell catchment, relatively strong spatio-temporal patterns of rainfall 
were observed in 2014 (Fig. 8a and b). But unlike these wet periods, 
observed river flows from five gauged stations along the Mitchell river in 
2014 were considerably low and significantly similar to those of dry 
years (Fig. 8a). Along the wet-dry tropics in northern Queensland where 
the Mitchell catchment is located, tropical cyclones and multi-scale 
global climate teleconnection patterns drive changes in hydrology 
through unprecedented flows and floods that inundates the downstream 
floodplain. Specifically, the 2014 signal in the dominant rainfall mode 
was caused by Tropical Cyclone Fletcher, resulting in one of the wettest 
periods since the beginning of meteorological measurements. The other 
big wet periods (e.g., 2008, 2009, and 2011) with stronger amplitudes of 
rainfall tend to be driven by tropical cyclones along the Coral Sea, which 
resulted in considerable amplitudes in upstream flows. These flows can 
also be driven by global teleconnection patterns like the La-Nina (ENSO) 
event as was observed in 2010 − 2011, resulting in Australia’s wettest 
two-year period on record. Such events, be it ENSO or cyclones along the 
Gulf of Carpentaria and the Coral Sea, translates to extreme rainfall in 
the catchment. Unlike the Gulf of Carpentaria, tropical cyclones along 
the Coral Sea culminates in extreme floods and high magnitude flows 
that inundates the downstream floodplain. In the El-Nino (ENSO) phase, 
which is characterized by warmer sea surface temperatures, rainfall is 
usually limited across the eastern and northern regions of Australia. This 
reduced rainfall during such periods impact on flows in catchments, 
which in turn restricts surface inundation along floodplains. On several 
spatial and temporal scales, change in surface hydrology can be influ-
enced by interactions among climate, geology, topography and amongst 
other factors (Kennard et al., 2010). These interactions and potential 
human actions could increase flow variability leading to changes in the 
magnitude, frequency, duration, timing, rate of change, and predict-
ability of discharge on different spatial and temporal scales (Naiman 
et al., 2008). As with the low elevation areas (Fig. 1) of the wet-dry 
tropical floodplains of northern Queensland (Ndehedehe et al., 2020), 
the effects of climate variability on the inter-annual variations of land 
water storage and planform changes in areas with monsoon rainfall 
result in high magnitude floods and considerable changes in surface 
water during such periods (Ndehedehe and Ferreira, 2020; Dewan et al., 
2017; Pekel et al., 2016). On the one hand, these climate-induced 
changes in surface water hydrology and flows are facilitated by 
naturally-occurring topography and landscape. On the other hand, 
human activities such as the development of residential buildings or 
other infrastructures along floodplains and major watercourse 
contribute to the magnitude and impacts of such floods (e.g., Getirana 
et al., 2020; Ndehedehe et al., 2016; Dewan et al., 2017). 

Flow variability impacts total floodplain inundation and the distri-
bution of aquatic plant biomass distribution (Ndehedehe et al., 2020; 
Thapa et al., 2016; Ward et al., 2014). It has been identified as a key 
determinant of the ecology of wetlands, setting the conditions for 
various aquatic and terrestrial biota to persist under different conditions 
(Bunn et al., 2006; Bunn and Arthington, 2002; Kingsford, 2000). The 
catchments along the Australian wet-dry tropics receive more than 90% 
of their annual rainfall within three months. To maximise the usage of 
this rainfall, water resources development through construction of in- 
stream dams or water harvesting and off-stream storage are proposed 
to store these monsoon rains for use over the remaining dry months of 
the year. There is a growing interest to increase agricultural use of this 
rainfall through construction of large in-stream dams and other forms of 
water harvesting (CommonWealth, 2015). As detailed in a recent report 
(Kenyon et al., 2020), the development of water infrastructure has the 
capacity to disproportionately modify the seasonality of flow and the 
magnitude of low flows. Previous reports (e.g., CSIRO, 2018) argued that 
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water extraction from high-level river flows and major floods will have 
little impact on flow variability. Hydrological conditions (annual flows 
and dominant rainfall patterns) in the Mitchell appear to be heavily 
reliant on climate variability. In addition to this, upstream flows have 
higher contributions to downstream floodplain inundation and the 
growth of aquatic plant biomass in water holes and freshwater habitats. 
The rivers of the Mitchell catchment currently flow freely with very little 
interruptions (CSIRO, 2018), and the impacts of water extraction on 
flow variability will likely depend on the nature of inter-annual changes 
in rainfall. In other words, water extraction during drought years could 
have significant impact on flows and subsequent floodplain inundation 
and productivity. But years with normal summer rainfall could poten-
tially maintain the magnitude of annual flow required for the produc-
tivity of the floodplain even after water harvesting during such years. It 
is true that extreme events like floods have numerous ecological benefits 
and provides a wide range of ecosystems services (Talbot et al., 2018). 
The impacts of extreme floods or droughts can result in major alterations 
of physical and chemical conditions sustaining the health and develop-
ment of biotic communities, thus necessitating the need to maintain flow 
variability in ecological communities (Naiman et al., 2008). 
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