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Director’s foreword
Sustainable regional development is a priority for the Australian, Western Australian, Northern
Territory and Queensland governments. In 2015 the Australian Government released the ‘Our
North, Our Future: White Paper on Developing Northern Australia’ and the Agricultural
Competitiveness White Paper, both of which highlighted the opportunity for northern Australia’s
land and water resources to enable regional development.
Sustainable regional development requires knowledge of the scale, nature, location and
distribution of the likely environmental, social and economic opportunities and risks of any
proposed development. Especially where resource use is contested, this knowledge informs the
consultation and planning that underpins the resource security required to unlock investment.
The Australian Government commissioned CSIRO to complete the Northern Australia Water
Resource Assessment (the Assessment). In collaboration with the governments of Western
Australia, Northern Territory and Queensland, they respectively identified three priority areas for
investigation: the Fitzroy, Darwin and Mitchell catchments.
In response, CSIRO accessed expertise from across Australia to provide data and insight to support
consideration of the use of land and water resources for development in each of these regions.
While the Assessment focuses mainly on the potential for agriculture and aquaculture, the
detailed information provided on land and water resources, their potential uses and the impacts
of those uses are relevant to a wider range of development and other interests.

Chris Chilcott
Project Director
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Preface
The Northern Australia Water Resource Assessment (the Assessment) provides a comprehensive
and integrated evaluation of the feasibility, economic viability and sustainability of water and
agricultural development in three priority regions shown in Preface Figure 1:
• Fitzroy catchment in Western Australia
• Darwin catchments (Adelaide, Finniss, Mary and Wildman) in the Northern Territory
• Mitchell catchment in Queensland.
For each of the three regions, the Assessment:
• evaluates the soil and water resources
• identifies and evaluates water capture and storage options
• identifies and tests the commercial viability of irrigated agricultural and aquaculture
opportunities
• assesses potential environmental, social and economic impacts and risks of water resource and
irrigation development.

Preface Figure 1 Map of Australia showing the three study areas comprising the Assessment area
Northern Australia defined as that part of Australia north of the Tropic of Capricorn. Murray–Darling Basin and major
irrigation areas and large dams (>500 GL capacity) in Australia shown for context.

iv | Landsat-MODIS blending of continuous 25 m 8-day actual evaporation grids

While agricultural and aquacultural developments are the primary focus of the Assessment, it also
considers opportunities for and intersections between other types of water-dependent
development. For example, the Assessment explores the nature, scale, location and impacts of
developments relating to industrial and urban development and aquaculture, in relevant locations.
The Assessment was designed to inform consideration of development, not to enable any
particular development to occur. As such, the Assessment informs – but does not seek to replace –
existing planning, regulatory or approval processes. Importantly, the Assessment did not assume a
given policy or regulatory environment. As policy and regulations can change, this enables the
results to be applied to the widest range of uses for the longest possible time frame.
It was not the intention – and nor was it possible – for the Assessment to generate new
information on all topics related to water and irrigation development in northern Australia. Topics
not directly examined in the Assessment (e.g. impacts of irrigation development on terrestrial
ecology) are discussed with reference to and in the context of the existing literature.
Assessment reporting structure
Development opportunities and their impacts are frequently highly interdependent and,
consequently, so is the research undertaken through this Assessment. While each report may be
read as a stand-alone document, the suite of reports most reliably informs discussion and decision
concerning regional development when read as a whole.
The Assessment has produced a series of cascading reports and information products:
• Technical reports, which present scientific work at a level of detail sufficient for technical and
scientific experts to reproduce the work. Each of the ten activities (outlined below) has one or
more corresponding technical reports.
• Catchment reports for each catchment that synthesise key material from the technical reports,
providing well-informed (but not necessarily scientifically trained) readers with the information
required to make decisions about the opportunities, costs and benefits associated with irrigated
agriculture and other development options.
• Summary reports for each catchment that provide a summary and narrative for a general public
audience in plain English.
• Factsheets for each catchment that provide key findings for a general public audience in the
shortest possible format.
The Assessment has also developed online information products to enable the reader to better
access information that is not readily available in a static form. All of these reports, information
tools and data products are available online at http://www.csiro.au/NAWRA. The website provides
readers with a communications suite including factsheets, multimedia content, FAQs, reports and
links to other related sites, particularly about other research in northern Australia.
Functionally, the Assessment adopted an activities-based approach (reflected in the content and
structure of the outputs and products), comprising ten activity groups; each contributes its part to
create a cohesive picture of regional development opportunities, costs and benefits. Preface
Figure 2 illustrates the high-level links between the ten activities and the general flow of
information in the Assessment.
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Preface Figure 2 Schematic diagram illustrating high-level linkages between the ten activities (blue boxes)
Activity boxes that contain multiple compartments indicate key sub-activities. This report is a technical report. The red
oval indicates the primary activity (or activities) that contributed to this report.
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Executive summary
Actual evapotranspiration (ETa) is generally the largest consumptive term of the water balance in
Australia, so estimating its spatial and temporal variability is desirable for improving surface and
groundwater modelling, for estimating the water use of crops and for monitoring groundwater
dependent ecosystems, for example. Accurate estimates of ETa with high spatial and temporal
resolution were required to help parameterise hydrological and hydro-ecological numerical
models across the Darwin catchments, including the: (i) Finniss River; (ii) Adelaide River; (iii) Mary
River (NT); and (iv) Wildman River basins. To be useful for inspecting small groundwater
dependent patches, the spatial resolution was required to be on the order of 50 m or finer,
whereas to be useful for hydrological modelling, the temporal frequency needed to be fine
enough to provide nearly continuous data at a monthly time step for the entire period of interest.
Available sources of remotely sensed data were unable to provide the desired spatial and
temporal requirements. For example, Landsat data have fine spatial resolution (i.e. 25 m), but are
only available every 16 days; when considering data loss due to cloud cover, there can be gaps of
several months. MODIS data are collected daily (aggregated to 8-day), so are capable of providing
near continuous data coverage on a monthly time step, but their spatial resolution was too coarse
for requirements (250 m to 1000 m). A new dataset was developed by ‘blending’ ETa output
generated from the high spatial resolution (low temporal frequency) Landsat imagery with the
high temporal frequency (low spatial resolution) MODIS imagery. The blended ETa series has high
spatial resolution and high temporal frequency (i.e. the ‘best of both worlds’). This research
introduces a simple, transparent, and computationally inexpensive framework for blending data
having different temporal and spatial characteristics, retaining the optimal spatio-temporal
features of the inputs.
The large study area (30,200 km2) necessitated computational efficiency, which meant a new
blending algorithm had to be developed to produce a model of ETa that retained the optimal
characteristics of the inputs: (i) accuracy of the MODIS ETa dataset; (ii) temporal variability
(variance) of the MODIS ETa dataset; and (iii) spatial variability (variance) of the Landsat ETa
dataset. ETa accuracy was assessed by comparing modelled results to observed ETa from seven
flux towers scatted throughout the Darwin catchments, and long-term mean precipitation less
long-term mean streamflow from 15 small unimpaired catchments. Accuracy assessment results
for the new dataset (25 m and 8-day) were comparable to the MODIS data with an order of
magnitude better spatial resolution (i.e. 25 m compared to 250 m). The generated ETa output is
suitable for tracking water use of groundwater-dependent ecosystems (GDE), possibly identifying
and evaluating water use in areas being irrigated by unmonitored groundwater bores, and can be
used to constrain hydrological models that are fundamentally mass balance models (so continuous
ETa estimates are needed). This was previously not possible using either the Landsat imagery or
MODIS imagery alone for use in such detailed regional hydrological modelling. The method can be
applied to other environments, and can overcome issues of cloudiness, to generate accurate and
continu high spatial resolution (i.e. 25 m) and high temporal frequency (i.e. 8-day) estimates of
ETa.
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Introduction

The Darwin study area covering 30,200 km2 is comprised of four main basins, from west to east
being the: (i) Finniss River; (ii) Adelaide River; (iii) Mary River (NT); and (iv) Wildman River basins.
This study area is located in the wet-dry tropics where the summer (Nov–Mar) monsoon is
associated with high rates of precipitation and is often very cloudy. In winter (Apr–Oct) there is a
distinct dry season, often associated with cloud-free skies (see Li et al. (2009) and the relevant
references therein). Within the region there are ecologically important groundwater-dependent
ecosystems (GDEs) (Liddle et al., 2008; Fell-Smith and Sumner 2011) and horticultural crops (which
generated over $100 million AUD in 2015) irrigated by groundwater (NT Farmers Association
2015). Hence there is a need to develop greater system understanding to underpin calculations for
sustainable levels of irrigation throughout the region (Easey et al., 2016). One key to calculating
such sustainable levels of irrigation are accurate / reliable, continuous, suitably resolved (in space
and time) estimates of landscape-level water use (i.e. actual evapotranspiration (ETa)). These are
not currently available from either on-ground metering or from remote sensing. For example,
Landsat data have fine spatial resolution (i.e. 25 m), but are only available every 16 days, which
can result in monthly gaps due to cloud cover. MODIS data are capable of providing near
continuous data coverage on a monthly time step, but the spatial resolution is coarse (250 m to
1000 m). A solution to this problem is to ‘blend’ the high spatial resolution (low temporal
frequency) Landsat imagery with the high temporal frequency (low spatial resolution) MODIS
imagery, resulting in data having high spatial resolution and high temporal frequency (i.e. the ‘best
of both worlds’). The objectives of this report are to: (i) develop a simple, transparent, and
computationally inexpensive framework that generates high spatial resolution (i.e. 25 m) and high
temporal frequency (i.e. 8-day) ETa estimates for use in hydrological models across the entire
Darwin study area; (ii) assess the accuracy of this output against independent measures of ETa;
and (iii) characterise the ETa output dataset both spatially and temporally.
Remote sensing platforms have varying spatial, temporal, spectral, and radiometric characteristics
(i.e. domain characteristics), see Table 1-1 and Figure 1-1. Therefore, using the same algorithm on
remote sensing data from different platforms will result in different characteristics in the modelled
output. To maximise the advantages of some of these domain characteristics while minimising the
disadvantages, techniques have been developed that ‘blend’ datasets. Industry standard
techniques that attempt to blend a pair of corresponding datasets with differing spatial and
temporal characteristics are numerical in nature (Gao et al., 2006; Zhu et al., 2010). That is, the
results are not determined from a single equation that can be implemented at once, but rather
include some ‘hidden’ interdependence within the data like averaging or searching over a spatial
window, or updating a state variable from a previous time step, or implementing a different action
when a theoretical maximum is reached on some conditional parameter. As a result, numerical
methods like the current industry standard blending techniques are relatively computationally
expensive, restrictive in their implementation, and are less transparent (i.e. due to spatial,
temporal, or conditional parameter interdependence they are a ‘black box’ to some degree)
(Emelyanova et al., 2013; Jarihani et al., 2014; Knauer et al., 2016; McVicar et al., 2017). Analytical
methods, on the other hand, can be represented entirely in equation form and implemented ‘at
2 | Landsat-MODIS blending of continuous 25 m 8-day actual evaporation grids

once’ as they have no hidden interdependence, so they are both conceptually clearer and
computationally simpler. This research develops an analytical method for blending remote sensing
imagery having different temporal and spatial characteristics that is simple, transparent, and
computationally inexpensive. It is an extension of work that partitions the variance of a spatiotemporal dataset into spatial and temporal variance components (Sun et al., 2010) and is intended
to retain the optimal spatio-temporal features of the inputs. The theory of the newly introduced
blending method is described next.
Table 1-1 Landsat and MODIS spatial resolution, temporal density, spectral density and spectral resolution are
shown only for several bands used in the actual evapotranspiration (ETa) algorithm used herein

ρ expresses surface reflectance (proportion). Landsat imagery available from Geoscience Australia has been

oversampled from the nominal 30 m resolution to 25 m. (NIR = near infrared, SWIR = short-wave infrared, VIS =
visible).
DOMAIN

SATELLITE/SENSOR
LANDSAT 5/TM

TERRA/MODIS

Spatial resolution

25 m

250 m/ 500 m /1000 m

Temporal density

16 days

1 day

Spectral density

6 bands across a 1897 nm range including VIS,
NIR, and SWIR

19 bands across a 1750 nm range including VIS, NIR,
and SWIR

Spectral resolution

ρblue : 452–518 nm

ρblue : 459–479 nm

ρ red : 626–693 nm

ρ red : 620–670 nm

ρ NIR : 776–904 nm

ρ NIR : 841–876 nm

ρ SWIR : 1567–1784 nm

ρ SWIR : 1628–1652 nm

8-bit

12-bit

Radiometric density
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Figure 1-1 MODIS vs. Landsat TM data domain-characteristic elements
(a) Temporal density and spatial resolution; (b) spectral extent, resolution and density (darker colours represent the
MODIS bands and lighter colours the Landsat TM bands); (c) radiometric extent, resolution and density for the TM and
MODIS red bands.
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2

Background theory

2.1

Spatial-temporal variance blending theory

Remote sensing datasets are available at regular time intervals, which define their temporal
density (e.g. 16-day repeat cycle for Landsat; which does not always coincide with cloud-free
conditions). They are also made available on regular spatial intervals at some nominal spatial
resolution (e.g. 25 m by 25 m for Landsat data available within Australia). Here, the nomenclature
of Sun et al. (2010) is followed – they defined a general spatio-temporal dataset as a twodimensional array:

X =  xij 

(1)
m×n

,

where 𝑙𝑙 = 1, 𝑚𝑚 time intervals and 𝑗𝑗 = 1, 𝑛𝑛 spatial cells. The bolded variable denotes an array. The
two-dimensional array of Equation (1) can be written in terms of a time series of spatial arrays by:

X = [ Xi ]m

(2)

,

where 𝐗𝐗 𝑖𝑖 = �𝑥𝑥𝑗𝑗 �𝑛𝑛 , and represents a one-dimensional array containing the spatial elements at a

single time (i.e. the cell values for one map). Sun et al. (2010) showed that the total variance of
any spatio-temporal dataset can be partitioned into spatial variance and temporal variance
components. The spatial variance (𝜎𝜎𝑠𝑠2 ) can be written using the ‘time-first’ formulation (meaning
averaging the temporal dimension first) of Sun et al. (2010) for array 𝐗𝐗 by:

( ),

(3)

σ s2 = var X t

1

� 𝒕𝒕 = ∑𝑚𝑚
where 𝐗𝐗
𝑖𝑖=1 𝐗𝐗 𝑖𝑖 , which is the temporal mean of all spatial cells (i.e. a map of mean values),
𝑚𝑚

and ‘var’ is the variance represented as a function, see Sun et al. (2010) for details. Accordingly,
the temporal variance (𝜎𝜎𝑡𝑡2 ) is defined by the variance of ‘everything else’, which is all the
individual maps at each time period less the temporal mean map:

(

)

=
σ t2 var  Xi − X t 
m .

(4)

Taking into account the formulation of the spatial and temporal variances (Equations (3)–(4)), it is
convenient to write the equation for a specific time-slice (i.e. map) of dataset 𝐗𝐗 by:

(

)

Xi = X t + Xi − X t .

(5)

The first term on the right-hand side of Equation (5) represents the spatial variability of 𝐗𝐗. Spatial
� 𝑡𝑡 ). The
variability is defined here as the data that the spatial variance is calculated from (i.e. 𝐗𝐗
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second bracketed term on the right-hand side of Equation (5) represents the temporal variability
of 𝐗𝐗, where temporal variability is defined as the data that the temporal variance is calculated
from (i.e. [𝐗𝐗 𝑖𝑖 − ���
𝐗𝐗 𝑡𝑡 ]𝑚𝑚 ). The benefit of Equation (5) will become apparent when a second spatiotemporal dataset is ‘blended’ to the first. Consider that dataset 𝐗𝐗 was observed from a remote
sensing instrument with specific spatial, temporal, spectral, and radiometric characteristics. For
this example, the spatial resolution of dataset 𝐗𝐗 is defined as ‘fine’ (e.g. 25 m by 25 m) and the
temporal density as ‘coarse’ (e.g. 16-day repeat cycle). Next, consider a second remote sensing
instrument observing the same portion of the Earth’s surface over the same temporal range,
within the same (or similar) spectral wavelengths and having the same (or similar) radiometric
characteristics. This dataset, 𝐘𝐘, has coarser spatial resolution, and finer temporal density than 𝐗𝐗
(e.g. 500 m by 500 m and daily repeat cycle, respectively). This dataset can be written by:

Y = [ YI ]M ,

(6)

where 𝐼𝐼 = 1, 𝑀𝑀 time intervals such that 𝑖𝑖 ⊂ 𝐼𝐼 and 𝑚𝑚 ⊂ 𝑀𝑀 but 𝑚𝑚 and 𝑀𝑀 cover the same temporal
range. Here, 𝐘𝐘 is linearly resampled so as to have the same number of spatial cells as 𝐗𝐗 (𝑗𝑗 = 1, 𝑛𝑛),
but the actual spatial resolution of 𝐘𝐘 is unimproved by the resampling procedure:
(7)

YI =  y j  .
n

Having the same number of spatial cells simply allows for algebra to be directly performed on the
datasets. Following the logic outlined above, the spatial array for any given time-slice of 𝐘𝐘 can be
written by:

(

)

YI = Y t + YI − Y t ,

(8)

1

�𝑡𝑡 = ∑𝑀𝑀
where 𝐘𝐘
𝐘𝐘 . If the spatial variability of 𝐗𝐗 and the temporal variability of 𝐘𝐘 are desired,
𝑀𝑀 𝐼𝐼=1 𝐼𝐼

the specific components of the two datasets can simply be added for any time-slice of the higher
temporal density dataset:

(

)

Z I = X t + YI − Y t .

(9)

Expanding this to every time-slice of the higher temporal density dataset yields the full blended
dataset, 𝐙𝐙, with high spatial resolution and high temporal density:

(

)

Z =  X t + YI − Y t 

M .

(10)

Equation (10) represents a computationally inexpensive and transparent analytical approach to
blend two like datasets that retains the spatial variance of 𝐗𝐗 and the temporal variance of 𝐘𝐘 (i.e.
� 𝑡𝑡 ) and 𝜎𝜎𝑡𝑡2 = var([𝐘𝐘𝐼𝐼 − 𝐘𝐘
�𝑡𝑡 ]𝑚𝑚 ) and 𝐙𝐙� = 𝐗𝐗
�.)
for 𝐙𝐙, 𝜎𝜎𝑠𝑠2 = var(𝐗𝐗

Remote sensing data are prone to bias due to various reasons. For example, cloud cover may be
associated with particular seasons (time). This bias may be emphasised for remote sensing
datasets having lower temporal density. Likewise, an algorithm may be calibrated to the spectral
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and radiometric characteristics of one of the remote sensing datasets and not the other,
potentially resulting in a bias in one of the datasets. For this study’s specific application, the
Landsat data has lower temporal density and therefore its temporal mean may be prone to a
seasonal cloud cover bias. Furthermore, the ETa algorithm used here was calibrated on MODIS
data (see Section 2.2), so bias may also be introduced from seemingly small, yet important,
differences in spectral and/or radiometric characteristics, see Table 1-1. To account for this, a biascorrected version of Equation (10) can be implemented:

(

)

α +  X t + YI − Y t 
Zbc =

M ,

(11)

� − 𝐗𝐗
�, which is the scalar value representing the difference between the grand means
where 𝛼𝛼 = 𝐘𝐘
� 𝑡𝑡 ) and 𝜎𝜎𝑡𝑡2 = var([𝐘𝐘𝐼𝐼 − 𝐘𝐘
�𝑡𝑡 ]𝑚𝑚 ) and ����
�.
𝐙𝐙𝑏𝑏𝑏𝑏 = 𝐘𝐘
of the two input dataset arrays. For 𝐙𝐙𝑏𝑏𝑏𝑏 , 𝜎𝜎𝑠𝑠2 = var(𝐗𝐗
Equation (10) sets the mean of the blended output to the mean of 𝐗𝐗, whereas Equation (11) sets
the mean of the blended output to the mean of 𝐘𝐘. For this study, Equation (11) was used to blend
the ETa output which was calculated from two datasets: (1) fine spatial resolution, coarse
temporal density data from Landsat; and (2) coarse spatial resolution, fine temporal density data
from MODIS, described in detail below. Implementing Equation (11) means that the resultant grids
retain the accuracy of the MODIS ETa model, the temporal variability (variance) of the MODIS ETa
model, and the spatial variability (variance) of the Landsat ETa model.

2.2

Actual evapotranspiration (ETa) algorithm

The model of actual evapotranspiration (ETa) used was from Guerschman et al. (2009). In an
intercomparison of ETa products, this algorithm produced the smallest errors of four remotely
sensed methods (Glenn et al., 2011; King et al., 2011), and has hence been used for ETa estimation
in operational national water accounting by the Bureau of Meteorology (BoM). This algorithm uses
a vegetation greenness index and a vegetation moisture index from reflective remote sensing data
to scale both potential evapotranspiration (PET) and precipitation (P) data. The remote sensing
based indices require two wavebands in the visible range (blue and red), a near infrared (NIR)
band, and a short-wave infrared (SWIR) band, which are observed on both the Landsat and MODIS
sensors, Table 1-1. The ETa model was developed using MODIS data (Guerschman et al., 2009),
and is also applied here on Landsat data, requiring the ‘bias correction’ outlined in equation (11)
above. As in the previous sub-section, bolded variables represent spatio-temporal arrays, while
unbolded variables represent scalar values.
The spatio-temporal array of enhanced vegetation index (𝐄𝐄𝐄𝐄𝐄𝐄) was calculated for both Landsat
and MODIS as (Huete et al., 2002):

ρ NIR − ρ red
EVI= G ⋅
ρ NIR + C1 ⋅ ρ red − C2 ⋅ ρblue + L ,

(12)

where 𝐺𝐺 = 2.5, 𝐶𝐶1 = 6, 𝐶𝐶2 = 7.5, and 𝐿𝐿 = 1, which are parameters accounting for aerosol
scattering and absorption, and the spatio-temporal arrays of reflectance (𝜌𝜌) are those described in
Table 1-1 for Landsat or MODIS.
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The spatio-temporal global vegetation moisture index (𝐆𝐆𝐆𝐆𝐆𝐆𝐆𝐆)was calculated by (Ceccato et al.,
2002a; Ceccato et al., 2002b) as:

GVMI =

( ρ NIR + 0.1) − ( ρSWIR + 0.02 )
( ρ NIR + 0.1) + ( ρSWIR + 0.02 ) .

(13)

The spatio-temporal array of 𝐄𝐄𝐄𝐄𝐄𝐄 was then calculated by partitioning the total evaporation into
components as a function of 𝐏𝐏𝐏𝐏𝐓𝐓 and 𝐏𝐏 (Guerschman et al., 2009) by:
(14)

ETa = κ C ⋅ PET + κ E ⋅ P ,

where 𝐄𝐄𝐄𝐄𝐄𝐄 (mm) is the spatio-temporal array of modelled actual evapotranspiration, 𝐏𝐏𝐏𝐏𝐏𝐏 (mm) is
the spatio-temporal array of Priestly-Taylor potential 𝐄𝐄𝐄𝐄, and 𝐏𝐏 (mm) is the spatio-temporal array
of precipitation. 𝐏𝐏 was obtained from BoM as described in Jones et al. (2009) and the PriestleyTaylor 𝐏𝐏𝐏𝐏𝐏𝐏 dataset was from Raupach et al. (2008). 𝜥𝜥𝐶𝐶 and 𝜥𝜥𝐸𝐸 are the evaporative fraction of
𝐏𝐏𝐏𝐏𝐏𝐏 (called a ‘crop’ coefficient in Guerschman et al., 2009) and a term to represent interception
of 𝐏𝐏, respectively. The term accounting for interception of 𝐏𝐏 is given by (Guerschman et al., 2009):

=
κ E κ E _ max ⋅ EVI r

(15)

,

where the scalar parameter 𝛫𝛫𝐸𝐸_𝑚𝑚𝑚𝑚𝑚𝑚 = 0.229, and the spatio-temporal array of ‘re-scaled’ EVI is
(Guerschman et al., 2009):

EVI r =

EVI − EVI min
EVI max − EVI min

(16)
,

where 𝐸𝐸𝐸𝐸𝐸𝐸min = 0 and 𝐸𝐸𝐸𝐸𝐸𝐸max = 0.90. The spatio-temporal array of evaporative fraction of 𝐏𝐏𝐏𝐏𝐏𝐏
was calculated by (Guerschman et al., 2009):

(

α

κ
=
κ C _ max ⋅ 1 − e − a⋅EVIr −b⋅RMI
C

β

).

(17)

The scalar parameters 𝛫𝛫𝐶𝐶max = 0.680, 𝑎𝑎 = 14.12, 𝛼𝛼 = 2.482, 𝑏𝑏 = 7.991, 𝛽𝛽 = 0.890, and the
spatio-temporal array of the residual moisture index (RMI) is (Guerschman et al., 2009):

=
RMI  max ( 0, K RMI ⋅ EVI ij + CRMI ) 
m×n ,

(18)

where 𝛫𝛫𝑅𝑅𝑅𝑅𝑅𝑅 = 0.775, and 𝐶𝐶𝑅𝑅𝑅𝑅𝑅𝑅 = −0.076. Note, in Equation (18), the bracketed notation for a
spatio-temporal array was used to explain more detail. In this case, the temporal index of 𝐼𝐼 = 0, 𝑚𝑚
and the spatial index of 𝑗𝑗 = 0, 𝑛𝑛 is used.
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3

Methods

For this study, Equation (11) was used to blend the output of Equation (14), which was calculated
from two datasets: (i) high spatial resolution and low temporal frequency Landsat imagery (25 m
and 16-day at best if no clouds); and (ii) high temporal frequency and low spatial resolution MODIS
imagery (250 m and 8-day at best if no clouds). The temporal extent of the 25 m 8-day time step
ETa data generated herein were from February 2000 through September 2016 (i.e. 200 months).
The Landsat data used were from the Australian Reflectance Grid 25 (ARG25) product v2 from
Geoscience Australia. ARG25 v2 provides a standardised surface reflectance (ρ) of Landsat
TM/ETM+/OLI data over the entire Australian landmass. The data were atmospherically and bidirectional reflectance distribution function (BRDF) corrected using the physical-based algorithm
and terrain models described in Li et al. (2012). These type of data are commonly termed view
angle corrected Nadir BRDF-Adjusted Reflectance (NBAR, proportion). The Landsat NBAR data
covering the Darwin study area were provided by Geoscience Australia as ten 100 km by 100 km
tiles, see Figure 3-1. The MODIS data used were the MCD43A4 product, which was also view angle
corrected nadir BRDF-adjusted surface reflectance. As provided, the MCD43A4 data were
composited to 8-day time step and represent the reflectance at solar noon. Given the larger
MODIS pixel size and small relative relief in the study site MCD43A4 are not topographically
corrected. The blended output has a spatial resolution of Landsat (i.e. 25 m) and the temporal
density of MODIS (i.e. an 8-day time step). In total there are 764 by 8-day time-step images
covering the 200 month temporal extent of the dataset generated.
The Landsat and MODIS input datasets contained gaps due to clouds, see for example Figure 3-2
for tile ‘-1_14’ and negative ETa as a result of the grand mean bias correction. Cloud was identified
in the Landsat imagery using Geoscience Australia (GA)’s pixel quality (pq) masking (Sixsmith et al.,
2013; Lewis et al., 2017). Due to the transparent and direct nature of the blending algorithm, any
gaps in the MODIS dataset persisted in the blended output (representing 11.82 % of the landbased cells inside the four main basin boundaries over the 764 by 8-day time-step images). There
were also places where the grand mean bias correction caused negative ETa (representing 0.62 %
of the land-based cells inside the four main basin boundaries over the entire temporal dataset).
These negative ETa cells were set to nulls and combined with the subset of cells where gaps
existed due to cloud cover. The combined subset of null values (12.44 % of the study area over the
entire temporal dataset) were filled by linearly interpolating the ratio of the ETa output over its
climatological mean ETa. First, 46 by 8-day climatological mean ETa maps were calculated from
the original blended output. Gaps in the climatological mean ETa maps were first filled by pixelwise temporal linear interpolation. Any remaining gaps were filled by the mean value in a 3-by-3
cell moving window centred on the missing cell (spatial). This spatial infilling was performed
iteratively until no more gaps remained. Once the 46 by 8-day climatological mean ETa surfaces
were gap-free, then each of the 764 by 8-day time-step images in the period of record was
checked for any ETa data that seemed anomalously large. That is, each ETa pixel larger than two
times PET was capped at two times PET (0.13 % of the study area over the entire temporal
dataset). Having an ETa value two times higher than PET is plausible since the ETa data consider
actual surface dynamics such as lateral flow and vegetation, whereas PET does not. This threshold
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was deemed suitable to resolve this spatio-temporal mismatch, while still constraining the ETa to
reasonable regional values. Then the ratio of the blended ETa over the climatologic ETa for that 8day period was determined. On a pixel-wise basis through time, valid cells bounding missing values
were identified within the blended ETa dataset (note, gaps in the climatological mean blended ETa
data have already been filled, but the 8-day blended time series still have gaps). The ratio of ETa
over climatological ETa for these bounding values was linearly interpolated across gaps in the 8day blended dataset. The linearly interpolated ratios of ETa over climatological ETa were then
multiplied by the climatological ETa within gaps only. If leading (trailing) gaps existed, the first
(last) valid ratio of ETa over climatological ETa was multiplied by the climatological means of the
missing values. In this way all gaps were filled by locally adjusted ETa values that were constrained
relatively to the cell’s climatological mean.

Figure 3-1 Location map
Map shows the location of the 10 GA Landsat tiles (green squares), seven flux tower locations (red dots), and the
extent of the 15 unimpaired gauged catchments are shown by coloured polygons. Dark black lines show the extent of
the Darwin catchments. From west to east the four catchments are: (i) Finniss River; (ii) Adelaide River; (iii) Mary River
(NT); and (iv) Wildman River, as per the Bureau of Meteorology Geofabric drainage divisions. Blue lines represent
rivers.

Accuracy of the ETa model was assessed against two reference datasets: (i) observed ETa at seven
flux towers; and (ii) precipitation less streamflow (P-Q) over 15 unimpaired catchments. Daily
precipitation gridded data from BoM as described in Jones et al. ( 2009) was used. The unimpaired
streamflow data are described in Hughes et al.(2017), see Table 3-1. The streamflow and
precipitation data were used to calculate a first-order validation of long-term catchment mean
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ETa. The period of record (POR) for the catchment ETa analysis was defined by the start of the
MODIS record (18/02/2000) to the gauge having the earliest end date after the start of the MODIS
record (15/07/2010). Since long-term averages were required, gaps in the unimpaired streamflow
data were filled by rainfall-runoff model data (Hughes et al., 2017). Six of the gauges in this
comparison had streamflow entirely modelled by the rainfall-runoff model when ‘good’ data were
used, see Table 3-1.

Figure 3-2 Availability of cloud-free (a) Landsat and (b) MODIS data for GA Landsat tile -1_-14
The size of the circles represent the proportion of the study area where valid image data was acquired for a given
period. If no cloud-free data were available, then a circle is not shown, representing a gap in the dataset. See Figure
3-1 for location and size of tile -1_-14.
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Table 3-1 Unimpaired catchment gauges used in this analysis
Proportion of daily streamflow data observed is provided in relation to the total number of days in the period of
record (POR) for the streamflow component of the study (3010 days between 18/02/2000 and 15/07/2010). Dates are
provided in a DD/MM/YEAR format.
GAUGE ID

AREA (km2)

START DATE

END DATE

PROPORTION
OBSERVED DATA
OVER POR USING
‘GOOD’ DATA

PROPORTION
OBSERVED DATA OVER
POR USING
‘SATISFACTORY’ DATA

G8180026

680

10/11/1960

18/11/2010

0.33

0.90

G8180035

4618

01/09/1956

19/01/2011

0.09

0.85

G8170076

92

31/10/1963

07/08/1981

0.00

0.00

G8170084

426

22/10/1958

11/11/2015

0.01

0.75

G8170240

916

28/09/1967

10/07/1986

0.00

0.00

G8180069

345

26/10/1957

15/07/2010

0.64

0.87

G8150151

51

20/09/1972

10/02/2011

0.26

0.54

G8150152

12

06/09/1972

24/08/1981

0.00

0.00

G8150180

557

29/10/1960

24/11/2015

0.69

0.93

G8180252

107

09/08/1965

10/03/2011

0.45

0.70

G8190001

254

15/07/1976

19/01/2011

0.00

0.61

G8190072

164

25/11/1957

03/12/1986

0.00

0.00

G8170002

525

01/03/1953

29/10/2015

0.00

0.88

G8170006

125

30/08/1966

14/10/2011

0.56

0.65

G8170008

117

27/08/1981

05/08/2015

0.22

0.42

Half hourly actual evapotranspiration data were measured at seven eddy covariance flux tower
sites, see red points in Figure 3-1. Half hourly measurements were aggregated to 8-day periods for
each of the seven sites independently, see Table 3-2 for a summary of the data. Flux tower ETa
was aggregated to the 8-day period if 48 or more 30-minute measurements were made in the 8day period. Heat balance closure was not enforced, but serves as a metric for accuracy of ETa
measurements, which had an overall mean lack of closure of 0.10 considering all 8-day
measurements; see Table 3-2 for heat balance closure for all seven sites. When pooled across the
seven sites, in total there were 1241 by 8-day flux tower ETa measurements available for
validation. The longest operating eddy covariance flux tower site, Howard Springs, provided 536
such measurements with Fogg Dam only providing 24 by 8-day flux tower ETa measurements; see
Table 3-2.
In addition to the two validation comparisons, introduced directly above, ETa output as
climatological maps were also inspected over the entire study area and for a ‘zoom’ area in the
eastern-most Wildman catchment where relatively small groundwater-dependent ecosystem
(GDE) existed (Liddle et al., 2008; Fell-Smith and Sumner 2011). The terms GDE, ‘vine forest’ or
‘rainforest’ patches are used interchangeably herein. ETa time series, at both the MODIS 250 m
resolution and the Landsat-MODIS blended (using equation (11)) 25 m resolution outputs, of
various areas were also shown to evaluate the output, discussed below. These visually show the
enhanced utility of assessing GDE water use continuously for an 8-day time step at the 25 m
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resolution compared to the MODIS 250 m resolution which is not continuous at the 8-day time
step due to cloud contamination (mainly in summer; see Figure 3-2b).
Table 3-2 Flux tower site details
Table lists coordinates, number of valid 8-day periods (N), and daily mean ETa (mm/day) are provided. Dates are
provided in a DD/MM/YEAR format. Lack of HB closure stands for long-term mean 8-day heat balance lack of closure
(proportion).
NUMBER

NAME

LON.

LAT.

START DATE

END DATE

N

AVE ETA
(MM/DAY)

LACK OF HB
CLOSURE
(PROP)

1

Howard Springs

131.150

-12.495

05/08/2001

09/06/2016

536

3.78

0.08

2

Fogg Dam

131.307

-12.545

22/03/2006

03/12/2007

24

3.80

0.19

3

Adelaide River

131.118

-13.077

01/11/2007

17/05/2009

69

3.43

0.05

4

Litchfield

130.795

-13.179

18/06/2015

27/12/2015

25

2.85

0.13

5

Daly Pasture

131.318

-14.063

14/09/2007

06/09/2013

167

2.36

0.16

6

Daly Regrowth

131.383

-14.131

01/01/2008

01/05/2010

84

2.64

0.13

7

Daly Uncleared

131.388

-14.159

01/01/2008

25/01/2016

336

3.00

0.10
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4

Results and discussion

Accuracy of the ETa 8-day time-step 25 m resolution gridded product was assessed against two
reference datasets: (i) observed ETa at seven flux towers; and (ii) precipitation less streamflow (PQ) over 15 unimpaired gauged catchments. The flux tower assessment summarised in Figure 4-1a
shows the comparison of the ETa output when using MODIS-only data to the flux tower
observations, each point representing an 8-day period. Since the ETa model was developed on
MODIS data, this result is the benchmark (RMSE=0.93 mm/d and r2=0.70). When using Landsatonly data Figure 4-1b), the result reveals a substantial bias and therefore, degraded accuracy
metrics (RMSE=1.77 mm/d and r2=0.38). The overall aim of the blending procedure was to retain
the accuracy of the MODIS ETa model, the temporal variability (variance) of the MODIS ETa model,
and the spatial variability (variance) of the Landsat ETa model. Therefore due to the bias in the
Landsat output (Figure 4-1b), it was clear that Equation (11) was more suitable than Equation (10)
to remove the bias in the blended output. This bias was due to the Landsat imagery having
different spectral characteristics than the MODIS sensor that the ETa algorithm was initially
parameterised for (Guerschman et al., 2009). When using Equation (11) the MODIS accuracy was
retained, see Figure 4-1c, along with the spatial variability of Landsat and the temporal variability
of MODIS. Figure 4-1d shows the accuracy of the in-filled blended product was only slightly worse
when considering all 1,241 possible 8-day flux tower periods.
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Figure 4-1 Comparison of modelled ETa versus observed flux tower ETa
Scatter plots of modelled ETa from Equation (14) versus observed flux tower ETa is shown when using (a) MODIS data
only (b) Landsat data only, (c) blended MODIS and Landsat data using Equation (11), and (d) blended MODIS and
Landsat data with gaps due to cloud cover filled with the method explained above. Each point represents and 8-day
period from 18 February 2000 onwards. The 1:1 line is the solid black line and the line-of-best-fit, as described by the
equation provided on each sub-plot, is provided as a dashed line.

The catchment assessment is summarised in Figure 4-2. Figure 4-2a and b show the comparison
between long-term catchment mean ETa to P less ‘Good’ quality Q data only (defined from quality
flag designation) and ‘Satisfactory’ and ‘Good’ quality Q data in Figure 4-2c and d. Gaps in
observed Q data, as described above, were filled by rainfall-runoff model Q as necessary (see
Table 3-1 for proportion of missing data). Figure 4-2a and c show that when Landsat ETa estimates
are simply ‘Spliced’ on top of MODIS ETa estimates, the long-term catchment ETa has a large bias
compared to P less Q that is largely removed when the data are blended using Equation (11)
(Figure 4-2b and d). The bias removal due to the blending was demonstrated for P less Q data for
both scenarios, but was most obvious in the linear model when using ‘good’ quality Q data
(compare Figure 4-2a to Figure 4-2b).
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Figure 4-2 Comparison of long-term ETa and catchment mean precipitation minus streamflow
Scatter plots of modelled long-term ETa from Equation (14) versus long-term catchment mean P less Q is shown.
‘Good’ quality Q data only were used for (a) and (b), whereas ‘Satisfactory’ and ‘Good’ Q data were used for (c) and
(d). Landsat data were ‘Spliced’ on top of MODIS data in (a) and (c) whereas Landsat and MODIS blended data using
Equation (11) are shown in (b) and (d). Each point represents the long-term catchment mean of one of the catchments
shown in Figure 3-1. The amount of data in-filled by the rainfall-runoff model output is given in Table 3-1. The 1:1 line
is the solid black line and the line-of-best-fit, as described by the equation provided on each sub-plot, is provided as a
dashed line.

The monthly climatologies of the gap-filled MODIS-Landsat blended 8-day ETa output are provided
in Figure 4-3 for the central month of the four ‘seasons’ (i.e. Jan. for ‘summer’ (DJF), Apr. for
‘autumn’ (MAM), Jul. for ‘winter’ (JJA) and Oct. for ‘spring’ (SON)). Figure 4-3 demonstrates the
spatial and temporal variability of the blended ETa output across the entire Darwin study area and
emphasises the absolute range of ETa within and across seasons. The white rectangle shown in
Figure 4-3a is the boundary of an area that zooms in on two narrow jungle patches found in the
Wildman basin, shown in Figure 4-4 for MODIS-only ETa and Landsat-MODIS blended ETa using
Equation (11). The same central months of the seasons are provided in Figure 4-4 using different
colour-ramp scaling for each central month to help emphasis the spatial variability between the
MODIS-only and blended ETa pairs. The narrow jungle patches are not identifiable on any of the
MODIS-only climatologies, yet are clearly identifiable in the blended output, demonstrating the
practical benefit of the blending procedure.
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Figure 4-3 Mean daily modelled ETa for the Darwin catchments for selected months
Monthly climatological mean calculated between February 2000 through September 2016 of the gap-filled MODISLandsat blended 8-day 25 m resolution ETa products are provided for (a) January and (b) April. The white rectangle in
the eastern-most Wildman catchment on part (a) represents the spatial extent of the ‘zoom’ area provided in detail in
Figure 4-4.
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Figure 4-3 (continued) Mean daily modelled ETa for the Darwin catchments for selected months
Monthly climatological mean calculated between February 2000 through September 2016 of the gap-filled MODISLandsat blended 8-day 25 m resolution ETa products are provided for (c) July and (d) October.

18 | Landsat-MODIS blending of continuous 25 m 8-day actual evaporation grids

Figure 4-4 Mean daily modelled ETa in the Wildman catchment for selected months using MODIS and blended
products
Monthly climatological mean calculated over February 2000 through September 2016 of the 8-day 250 m MODIS and
gap-filled MODIS-Landsat blended 8-day 25 m resolution ETa products are shown. Part (a) Jan MODIS, (b) Jan blend,
(c) Apr MODIS, (d) Apr blend. The location of the zoom area extent in the Wildman catchment is provided in Figure
4-3a. The zoom area is 7.1 km N-S and 5.7 km E-W. Narrow jungle patch boundaries of interest are shown by the black
outlines.
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Figure 4-4 continued Mean daily modelled ETa in the Wildman catchment for selected months using MODIS and
blended products
Monthly climatological mean calculated over February 2000 through September 2016 of the 8-day 250 m MODIS and
gap-filled MODIS-Landsat blended 8-day 25 m resolution ETa products are shown. Part (e) Jul MODIS, (f) Jul blend, (g)
Oct MODIS, (h) Oct blend. The location of the zoom area extent in the Wildman catchment is provided in Figure 4-3a.
The zoom area is 7.1 km N-S and 5.7 km E-W. Narrow jungle patch boundaries of interest are shown by the black
outlines.
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Spatial mean time series of the MODIS-only ETa and gap-filled Landsat-MODIS blended ETa using
Equation (11) were generated for the 764 by 8-day time step, averaged over the smaller western
jungle patch, the zoom area boundary, and the entire Wildman basin boundary (Figure 4-5). The
MODIS-only ETa has not been gap-filled, whereas the Landsat-MODIS blended ETa has been gapfilled. Figure 4-5a shows that the Landsat-MODIS blended ETa for the small jungle patch was
discernibly higher than the MODIS-only ETa, especially during the dry season (winter). Combined
with the increased spatial variability of the blended output compared to the MODIS-only ETa
(Figure 4-4e compared to Figure 4-4f), it confirms the benefit of the blending implemented herein.
Figure 4-5b shows that when the data were averaged over the zoom area (i.e. a larger area than
used for Figure 4-5a), the difference between the MODIS-only and Landsat-MODIS blended ETa
became smaller, and smaller still when averaged over the entire Wildman basin, Figure 4-5c. This
demonstrates that the difference seen for the small jungle patch is not simply due to a local or
regional coincidental benefit due to the bias correction, and confirms that the blended LandsatMODIS ETa series detects the small jungle patch.

Figure 4-5 Time series plots of 8-day ETa using gap-filled Landsat-MODIS blended ETa and MODIS-only ETa for
selected areas
Time series plots of 8-day ETa using gap-filled Landsat-MODIS blended ETa using Equation (11) and MODIS-only ETa
MODIS from February 2000 to September 2016 for: (a) the western GDE identified (covering an area of 0.088 km2) in
Figure 4-4 above; (b) the entire ‘zoom’ area (covering 40 km2); and (c) the entire Wildman basin (covering 4877 km2).
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Finally, Figure 4-6 shows the MODIS-only ETa and Landsat-MODIS blended ETa compared to the observed
Howard Springs flux tower data. The MODIS-only and blended data were similar at the flux tower location.
Figure 4-6 reveals a fairly representative overview of the influence of cloud on the MODIS-only data and the
effectiveness of the infilling procedure implemented here. Due to spatial averaging over larger areas, less
gaps in their time series are seen (Figure 4-5) compared to the flux tower time series (Figure 4-6) where no
spatial averaging is performed.

Figure 4-6 Comparison of 8-day observed and modelled ETa at Howard Springs flux tower
Time-series plots of 8-day ETa using: (i) observed at the Howard Springs flux tower; (ii) gap-filled Landsat-MODIS
blended ETa using Equation (11); and (iii) MODIS-only ETa MODIS from start date to end date at the location of the
Howard Springs flux tower (see Table 3-2).
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Conclusion

This research developed a framework for an analytical method for blending data having different
temporal and spatial characteristics that is simple, transparent, and computationally inexpensive.
This new method is founded on Sun et al.’s (2010) research that partitions the variance of a spatiotemporal dataset into spatial and temporal variance components, and is here applied for the first
time to blend a time series of remotely sensed imagery. An actual evapotranspiration (ETa)
algorithm was calculated from two datasets: (i) fine spatial resolution (25 m), coarse temporal
density (16-day at best, longer when cloud is accounted for) data from Landsat; and (ii) coarse
spatial resolution (250 m), fine temporal density (daily at best, longer when cloud is accounted for)
data from MODIS. Accuracy of the ETa models was validated against observed ETa at seven flux
towers and long-term mean precipitation less streamflow for 15 unimpaired catchments. Both
validation datasets showed that the blending method allowed for removal of bias introduced by
the Landsat data. The flux tower data allowed for the accuracy to be summarised between MODISonly, Landsat-only, and Landsat-MODIS blended ETa models, showing that the MODIS-only and
MODIS-Landsat blended data had the same accuracies to two decimal place precision (RMSE=0.93
mm/d and r2=0.70). The long-term catchment analysis showed that when Landsat ETa data were
simply ‘Spliced’ on top of MODIS data, the long-term catchment ETa had a large bias compared to
P less Q that was largely removed when the data were blended using Equation (11) (RMSE = 1.10
mm/d and RMSE = 0.44, respectively). Spatial and temporal evaluation of the MODIS-only and
Landsat-MODIS blended ETa data over selected landscape features increasing in area (a small
groundwater-dependent ecosystem (GDE), a ‘zoom’ area containing the GDE, and the entire
Wildman basin subsuming the zoom area) clearly demonstrated the meaningful benefit obtained
from implementing the bias-corrected blending and infilling procedures. This evaluation added
weight to the interpretation of the formal accuracy assessment (i.e. the abovementioned dual
validation). The specific aim of this research was met, which was to retain the accuracy of the
MODIS ETa model, the temporal variability (variance) of the MODIS ETa model, and the spatial
variability (variance) of the Landsat ETa model. This resulting bias-corrected gap-filled LandsatMODIS blended ETa product is continuous at the 8-day time step (so it can be used for mass
balance modelling such as water balance modelling) at the 25 m resolution and has approximately
the same accuracy as the MODIS 250 m resolution (which is not continuous at the 8-day time step
due to suffering from cloud contamination).
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