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Abstract 

Large-scale hydrology is often insufficiently represented by ground monitoring 

networks and land surface models. The launch of the Gravity Recovery and Climate 

Experiment (GRACE) satellite mission provides an independent source to quantify 

water cycle dynamics over large basins. The main objective of this PhD thesis is to 

improve our understanding of water resources in water-limited environments through 

the use of spatially-improved GRACE observations.  

Firstly, the benefits and challenges from readily available GRACE global solutions at a 

4° resolution were examined. GRACE global solutions from CSR and GRGS were 

applied to investigate the recent decadal groundwater depletion trend over the Hai River 

Basin in China. Results show an agreement between GRACE and in-situ groundwater 

observations: the Hai River Basin, especially the North China Plain, exhibited a 

constant declining trend in groundwater storage between 2003 and 2012. Continuous 

groundwater depletion is mainly attributed to anthropogenic over-extraction rather than 

climatic variability. This study highlights the value of using GRACE observations to 

provide rapid and independent estimates of regional groundwater storage change, which 

can supplement the scarcity of ground measurements. However, the coarse spatial 

resolution associated with GRACE global solutions prevents the analysis of spatial 

variability in groundwater depletions within the basin.  

Secondly, the benefits of applying newly developed the regional GRACE solutions at a 

2° resolution for the estimation of large-scale evapotranspiration (ET) in two semi-arid 

and arid Australian basins were assessed. The GRACE ET estimates from these regional 

solutions were compared with three continental ET products; one derived from a land 

surface model and two from energy-based satellite models. The results demonstrate that 

the satellite energy balance ET models poorly represent water availability at different 

temporal and spatial scales; ET was overestimated during water stressed conditions and 

underestimated when it was wet. Integrated with optical and thermal satellite retrievals, 

however, these energy-based models are capable of detecting ET heterogeneities over 

land surfaces. In comparison, water balance constrained GRACE (P-△S) estimates are 

able to capture dynamic ET variations over large spatial domains. 
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As a result of these findings, a wavelet fusion approach was proposed to further refine 

GRACE ET estimates, as well as to better constrain energy-based ET estimates. The 

improvements were achieved by combining GRACE (P-△S) and an ET product forced 

by optical and thermal remote sensing retrievals. A wavelet-based multi-scale fusion 

approach embodied with a flexible coefficient weighting scheme highlights the large-

scale ET patterns from GRACE but also the small-scale ET features from the energy 

balance constrained model. Compared with original ET sources, our fused ET results 

display a significant improvement in spatial accuracy and a better sensibility to rainfall 

variability over temporal scales. 

Overall, this research confirms GRACE’s capability and potential contributions in 

understanding the hydrology of arid and semi-arid environments. In these regions, water 

fluxes are limited by water availability rather than energy, hence the water balance 

framework used in GRACE studies is ideal. A prospective analysis highlights that the 

GRACE fusion method developed in this thesis has potential applications for other 

components of the water cycle for the purpose of enhancing estimation accuracy in time 

and/or space. 
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Chapter 1: Introduction 

1.1 Relevance and Importance  

As a key component of global hydrological cycle, terrestrial water storage (TWS) 

represents water quantity stored above and beneath the land surface, including soil 

moisture, permafrost, surface water, snow and ice, groundwater, and canopy biomass 

(Rodell & Famiglietti, 2001; Huang et al., 2013). TWS links the terrestrial system with 

meteorological processes. TWS is not only a measure of the quantities of each 

reservoirs (Lettenmaier & Famiglietti, 2006), but it also provides important indications 

on how terrestrial water, energy and biogeochemical fluxes respond to natural variations 

and anthropogenic activities (Rodell & Famiglietti, 2001; Famiglietti, 2004; Syed et al., 

2008). 

For example, variations in soil moisture content indicate the precipitation and solar 

radiation partition to the land surface and water availability for evaporation and 

transpiration (Jung et al., 2010; Dobriyal et al., 2012). In addition, the quantity and 

quality of surface water and groundwater reservoirs are closely influenced by land cover 

changes and climate variability (Famiglietti 2004; Scanlon et al., 2006; Whitehead et al., 

2009; Taylor et al., 2013). The integrated spatial and temporal changes in these 

reservoirs, as a measure of TWS, provides invaluable information on water 

sustainability, particularly in the context of future challenges in managing and assessing 

the impacts of global sea level rise as well as the anthropological interventions on the 

water cycle (Church et al., 2011; Rodell & Famiglietti, 2001; Syed et al., 2008).  

However, there remain significant scientific challenges in quantifying TWS (Syed et al., 

2008; Huang, et al., 2013). Across regional areas, ground monitoring networks for soil 

moisture, surface water and groundwater are often insufficient (Kalbus et al., 2006; 

Robinson et al., 2008). Furthermore, point-based in-situ observations are unlikely to 

represent the full spatial variability across a regional domain (Wood et al., 1988; 

Famiglietti & Wood, 1995). To overcome this, ground monitoring data is commonly 
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coupled with remote sensing data to increase the observations in space and time of 

precipitation, snow and ice, surface soil moisture, vegetation canopy, and surface water 

(Tang et al., 2009; Gao et al., 2010; Van Dijk & Renzullo, 2011). However, fewer 

studies have coupled the ground monitoring data with remote sensing data to analyse 

changes in groundwater, which significantly influences TWS values.   

The launch of the Gravity Recovery and Climate Experiment (GRACE) satellite 

mission, for the first time, allows us to analyse spatial variations in TWS at a global and 

regional scales. GRACE has been in operation for more than 10 years, and during this 

time, many research challenges on the use of GRACE data for hydrological studies have 

been addressed. By measuring changes in the Earth’s gravity field, GRACE 

observations can be recovered as changes in TWS at time intervals of 10 or 30 days 

(Wahr et al., 1998; Rodell & Famiglietti, 1999). With spatial resolutions of 200,000-

400,000 km2, and at a level accuracy of centimetre, GRACE allows all components of 

the TWS changes to be quantified as an ensemble, including the groundwater reservoir 

(Swenson & Wahr, 2002).  

1.2 Aims and Objectives 

One of the significant challenges in using GRACE measurements in hydrological 

studies is the coarse spatial resolution. A main objective of this PhD research is to 

enhance the spatial representation of GRACE in assessing the land surface and 

subsurface water resources. Two hydrological processes are studied using GRACE 

observations: groundwater (GW) depletion and evapotranspiration (ET). Although it is 

not the first time such processes have been analysed using GRACE, in this thesis, both 

the global and regional GRACE solutions are analysed. The benefits of using the more 

recently developed regional solutions are highlighted by less leakage errors and better 

spatial resolution. A wavelet-based data fusion approach is also proposed in this thesis 

to further refine the GRACE observations in space. During this research, the uncertainty 

associated with the GRACE data interpretations is also considered to understand how 

they are inherited and participate in the final results.  
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This thesis comprises three major components:  

1) GW quantification. Two GRACE global solutions are applied to analyse the 

recent decadal groundwater depletion trend over the Hai River basin, China. 

GRACE results are evaluated using in-situ GW measurements. The aims of this 

research component are to determine whether GRACE global solutions are able 

to detect groundwater depletion signals over this water-limited basin, and to 

determine the consistency between GRACE-detected signals and in-situ 

observations.  

2) ET estimation. The performances of contemporary ET products over large scales 

are varied. A new set of regional GRACE solutions is used as an independent 

ET validation source and compared with three other continental ET products 

over two Australian semi-arid and arid basins (the Murray Darling Basin and 

Lake Eyre Basin). The aim of this study is to identify the potential benefits and 

drawbacks associated with each ET data source in water-limited environments.  

3) ET improvement. Since GRACE is able to capture large-scale ET patterns and 

the energy balance constrained ET product integrated with optical and thermal 

satellite retrievals are sensitive to those detailed landscape features, a wavelet-

based fusion method aimed at merging these two ET sources is performed. This 

study is intended to improve the spatial resolution of GRACE and enhance the 

accuracy of ET estimation corresponding to regional water availability.   

1.3 Challenges  

In order to obtain detailed information on the GW and ET component, challenges can 

often include the relative effects imposed by other terrestrial component(s) in water 

budgets or water balance, which need to be carefully removed from the GRACE 

observations. For example, quantifying variations of soil moisture and surface runoff or 

discharge are key factors in studying regional GW and ET variations. This is because 

the water mass signals for water-limited areas may be too weak to be sensed by GRACE 

(Awange et al., 2009). In this study, in-situ measurements are used to avoid unnecessary 
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signal interferences. Thus, large basins equipped with relatively good ground 

monitoring networks of the reservoirs were purposefully chosen for this thesis. 

Validations of results present another challenge for this research. Although, GRACE 

provides an important data source for monitoring large-scale GW and ET variations, 

there is no reference data to validate the GRACE estimates based on similar spatial 

domains. In the GW quantification study, spatially-interpolated hydraulic head records 

as well as governmental statistics were collected to provide ground validation for 

GRACE. Given that there are no direct ET measurements at large regional scales, three 

continental ET products employing various forcing inputs and algorithms were chosen 

in the ET estimation study. A similar problem also exists in the ET improvement study 

component. Instead of introducing other ET data sources, the improved ET results are 

compared with the original datasets with a tailored validation scheme.   

1.4 Thesis Outline 

Following this introduction, first, research background is provided as a review in 

Chapter 2, including: 1) GRACE theory and its hydrological applications; 2) large-scale 

ET estimation: algorithm, products, and comparison; and 3) image/data fusion methods. 

After this initial information has been conveyed, research problems are stated. An 

overall framework of this thesis summarizing the relevant methodology, datasets, major 

processing steps, and research questions associated with the three major research 

components are introduced.  

Chapter 3 presents the first research component; the study of applying the GRACE 

global solutions at a 4° × 4° spatial resolution to investigate the recent decadal 

groundwater depletion over the Hai River Basin. The strengths and weaknesses of 

GRACE observations are identified using in-situ observations. 

Chapter 4 presents an ET comparison study between the regional 2° × 2° GRACE 

solutions and three other continental ET products. A multi-scale assessment is designed 

to investigate the robustness and dynamics associated with each ET data source in 

water-limited environments.  
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Chapter 5 proposes a wavelet fusion method to combine the GRACE ET approximates 

and an energy balance constrained RS ET product to improve large-scale ET estimation. 

The spatial and temporal advantages which are associated with the fused ET results are 

also demonstrated and discussed. 

Chapter 6 provides a summary of the conclusions and contributions obtained in this 

PhD research, followed by some related topics that require future exploration.  
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Chapter 2: Problem Statements and Methodology 

2.1 Literature Review 

2.1.1 GRACE Mission  

The Gravity Recovery and Climate Experiment (GRACE) is a low-low satellite-to-

satellite tracking mission jointly launched by National Aeronautics and Space 

Administration (NASA) and German Aerospace Centre in March 2002. The mission is 

composed by two identical satellites to globally map the Earth’s gravity field changes 

every 90 minutes. The twin satellites orbit in tandem in a near-polar track at a distance 

of ~500 km above the earth (Figure 2.1), constantly measuring the changes in speed and 

distance between each other (Ramillien et al., 2011; Tregoning et al., 2012).  

On board, each satellite is equipped with: 1) a two-way K-band micrometre, to measure 

the distance and speed rate between two satellites with an accuracy of 1 µm/s; 2) a 

highly accurate three-axis accelerometer, to detect and correct accelerations caused by 

non-gravitational disturbances; and 3) a GPS receiver, to determine the exact position of 

the satellite orbits within a terrestrial reference frame (Awange et al., 2009; Schmidt et 

al., 2008). The spatial resolution of GRACE is 200,000-400,000 km2 with an entire 

global coverage in ~30 days (Ramillien et al., 2004). GRACE observations contains 

important geophysical information, which can be used to study movements, changes 

and interactions among all mass bodies in the Earth system, such as Earth curst 

deformation, continental ice melting, oceanic and terrestrial hydrological processes 

(Döll et al., 2014; Tregoning et al., 2012). 
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Figure 2.1 The GRACE twin satellites1. 

2.1.1.1 GRACE Data and Properties 

There are numerical centres providing GRACE products to end users. These products 

can be further classified into the global and regional solutions. The global solutions are 

widely provided by: the Center for Space Research (CSR; from University of Texas at 

Austin, USA), the GeoForschungsZentrum (GFZ; from Geosciences Potsdam, 

Germany), the Jet Propulsion Laboratory (JPL; from NASA, USA), the Groupe de 

Recherche de Geodesie Spatiale (GRGS; from Space Geodesy Research Group, France), 

and the Institute of Geodesy and Geoinformation (ITG; from University of Bonn, 

Germany).   

                                                
1 Sourced from: http://www.csr.utexas.edu/. 

http://www.csr.utexas.edu/grace/publications/
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Table 2.1 A summary of GRACE global products. 

GRACE 

solutions 

Gravity 

field 

model 

Release  

level 

Spatial/ temporal 

resolutions 
Time span Data link 

CSR, 

GFZ and 

JPL 

Global RL05 1° × 1°/30 days 2003/01-2011/12 

ftp://podaac-

ftp.jpl.nasa.gov/allData/tellus

/L3/land_mass/RL05 

GRGS Global RL03 1° × 1°/10 days 2002/04-2012/12 http://grgs.obs-mip.fr/grace 

ITG-

Grace2010 
Global  Daily 2002/08-2009/08 

ftp://skylab.itg.uni-

bonn.de/data_and_models/IT

G-Grace2010/daily/ITG-

Grace2010_kalman/ 

The typical feature associated with the standard global products is that the gravity field 

is constructed by the spherical harmonic (SH) expansion model. In order to constrain 

the noise contained in the GRACE signals, the expansion model is usually truncated to a 

certain degree and order (~60), which determines the minimum of GRACE spatial 

resolution to be at ~300 km. Due to the correlations between certain spherical harmonic 

coefficients, the noise characterized as North-to-South stripes is common to see. The 

global solutions processed by the CSR, GFZ and JPL centres adopt a Gaussian filter and 

some other smoothing operations to reduce the noise. However, such a filtering strategy 

would introduce leakage errors which attenuate the actual GRACE signals in amplitude 

and shape. Klees et al., (2008) reported that the most problematic regions are located at 

coastal areas and the regions with relatively weak signals. In order to eliminate the 

above issues, some other groups developed regional schemes (Lemoine et al., 2007; 

Ramillien et al., 2011; Rowlands et al., 2005). They only compute surface mass change 

for specific regions of interest using the range rate information.  

Great care needs to be paid on the spatial resolution of GRACE products. As shown in 

Table 2.1, the GRACE global solutions provided by GRGS and CSR/GFZ/JPL are at a 

1° × 1° spatial resolution. However, the single grid cell value does not carry true 

meaning for mass variations. To make an equitable analysis between the land surface 

model outputs and the GRACE measurements, GRACE data processors reconciled this 

spatial discrepancy by extrapolating the GRACE’s effective spatial resolution to finer 

scales. In CSR/JPL/GFZ-produced GRACE global solutions, a set of gain factors are 

used to recover the signal attenuation after filtering operation, which may lead to small-

app:ds:spatio-temporal
ftp://podaac-ftp.jpl.nasa.gov/allData/tellus/L3/land_mass/RL05
ftp://podaac-ftp.jpl.nasa.gov/allData/tellus/L3/land_mass/RL05
ftp://podaac-ftp.jpl.nasa.gov/allData/tellus/L3/land_mass/RL05
http://grgs.obs-mip.fr/grace
ftp://skylab.itg.uni-bonn.de/data_and_models/ITG-Grace2010/daily/ITG-Grace2010_kalman/
ftp://skylab.itg.uni-bonn.de/data_and_models/ITG-Grace2010/daily/ITG-Grace2010_kalman/
ftp://skylab.itg.uni-bonn.de/data_and_models/ITG-Grace2010/daily/ITG-Grace2010_kalman/
ftp://skylab.itg.uni-bonn.de/data_and_models/ITG-Grace2010/daily/ITG-Grace2010_kalman/
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scale GRACE TWS anomalies potentially toward the modelled results (Landerer & 

Swenson, 2012). It has been suggested that applying GRACE data over a larger region 

and for a longer period can improve GRACE’s credibility (Rodell & Famiglietti, 1999; 

Swenson et al., 2003). 

In spite of the leakage and scaling problems found in individual solutions, some 

common errors occur in all the GRACE products, though they are not big contributors. 

The dealiasing process aiming at removing mass contributions from atmosphere, ocean 

tides and other geophysical effects by background models can degrade GRACE true 

signals due to the model’s imperfection (Longuevergne et al., 2010). On the other hand, 

the errors associated with satellite instruments and orbit create certain uncertainty in 

GRACE raw measurements. Great efforts have been made in the past decade by 

GRACE scientists and their collaborators to achieve high performance in GRACE pre-

processing (Kuroishi 2009; Tapley et al., 2005) and post-processing (Fengler et al., 

2006; Frappart et al., 2011; Schmidt et al., 2006; Seo et al., 2006). 

2.1.1.2 GRACE Hydrological Application: Theory, Merits and Weaknesses 

GRACE responds to all sources of mass redistribution on and below the Earth’s surface. 

At a long-term temporal scale (i.e., >10 years), variations in gravity field is mainly 

contributed by movements of the solid Earth. At a seasonal or sub-annual time scale, the 

mass redistribution is mainly attributed to the variability of atmosphere, ocean, and water 

storages in the surface fluid envelopes of the Earth (Awange et al., 2009; Döll et al., 

2014). On land, GRACE signals represent the ensemble terrestrial water storage changes 

(△TWS), which can be further decomposed into different hydrological mass components 

in Eq. (2.1): soil moisture ( SM ), biomass ( V ), surface water bodies (including lakes, 

rivers, artificial reservoirs; denoted as SW ), snowpacks and ice sheets ( SWE ) and 

groundwater systems ( GW ). 

GWSWSWESMTWS  V                                 (2.1) 

Traditional methods estimating △TWS rely on upscaling ground observations and/or 

hydrological models (Lettenmaier & Famiglietti, 2006). GRACE is superior in 

measuring △TWS in several aspects: first, GRACE does not overlook any water 
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component change enveloped in terrestrial hydrology and even considers human 

disturbance (Moiwo et al., 2011; Tang & Zhang, 2011); second, it makes △TWS 

measurable at sub-annual scales with the accuracy at a level of centimetre (Swenson & 

Wahr, 2002; Castle et al., 2014); third, GRACE tracks hydrological circle or water 

movements at regional scales rather than point scales. 

In conjunction with ground observations and land surface model simulations, GRACE 

measurements can be used to study: 1) spatio-temporal water storage variability from 

large basins to continent (i.e., Guntner et al., 2007; Seo et al., 2006; Wahr et al., 2004); 2) 

mass changes in the ice sheets (i.e., Chen et al., 2006; Chen et al., 2008; Luthcke et al., 

2006; Ramillien, Lombard, et al., 2006); 3) regional evapotranspiration fluxes (i.e., 

Rodell et al., 2004; Ramillien, Frappart, et al., 2006; Cesanelli & Guarracino, 2011); 4) 

river discharge (i.e., Syed et al., 2005; Syed et al., 2009); 5) ocean bottom pressure and 

sea level rise (i.e., Nerem et al., 2003; Chambers, 2006; Lombard et al., 2007); and 6) 

monitoring the impacts of climatic extremes, such as droughts and floods (i.e., Andersen 

et al., 2005; Yirdaw et al., 2008; Reager & Famiglietti, 2009). GRACE also provides us a 

valid source to assess and optimize the performance of contemporary hydrological 

models (Lo et al., 2010; Ngo-Duc et al., 2007; Niu et al., 2007), or assimilated into 

models to enhance their performance (Egbert et al., 2009; Werth et al., 2008; Zaitchik et 

al., 2008).  

However, the drawbacks of applying GRACE in hydrological investigation should be 

noted. First, GRACE has no vertical resolution (Wahr et al., 2006), which requires users 

to employ ancillary data with good quality to separate water mass signals; otherwise 

they would contaminate GRACE true signals. Second, GRACE observations hardly 

have ground reference to validate due to spatial mismatch (Wahr et al., 2006). Third, the 

coarse spatial resolution of GRACE limits its application. Although scientists have 

confirmed GRACE’s capability of capturing hydrological dynamics as small as 

~200,000 km2 (Longuevergne et al., 2010), such a spatial size hardly meets practical 

applications over small catchments or sub-catchments. The closer it approaches to the 

spatial resolution limit, the more noise the GRACE signals would contain 

(Longuevergne et al., 2010).   
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The following sections provide literature reviews of the applications of GRACE 

observations in monitoring groundwater depletion (Chapter 2.1.1.3) and quantifying 

large-scale evapotranspiration (Chapter 2.1.1.4). As these applications are the main 

research topics conducted in this PhD project, the literature review will allow for a 

context within which to situate this thesis. 

2.1.1.3 Monitoring Groundwater depletion 

Groundwater (GW) is a fundamental component in terrestrial water storage. Due to the 

scarcity of ground monitoring networks, and poor performance of numerical 

groundwater models, spatio-temporal GW depletion usually lack sufficient monitoring 

or assessment (Cooley & Christensen, 2006; Döll & Fiedler, 2008; Konikow & Kendy, 

2005). GRACE offers an independent means to monitor regional GW storage change. 

On a-few-year time scales, the decline in TWS can be potentially caused by GW 

depletion, given that a region does not experience continuous droughts (causing water 

deficit in soil profile and surface/sub-surface water bodies; Döll et al., 2014). In 

conjunction with numerical model outputs and/or in-situ measurements to remove the 

time-variant effects from other TWS components, GRACE △GW is achievable in the 

water budget framework:  

V SWSWESMTWSGW                                      (2.2) 

Given regional differences, we need to appropriately remove GW-irrelevant factors and 

recover the △GW signals as much as we can. In reality, biomass change is usually too 

small to consider. The significance of the other water components varies from case to 

case. △SM is regarded as the dominant contributor for TWS variability, especially over 

an arid or semi-arid region (Rodell & Famiglietti, 2001). In some cases, △SW is 

negligible due to its small proportion (Moiwo et al., 2009; Strassberg et al., 2009; 

Strassberg et al., 2007). Water stored in the reservoirs sometimes merits consideration 

(Leblanc et al., 2009; Rodell et al., 2009). All the water budget components are 

calculated as the basin-averaged anomalies against the mean value for a specific time 

period. 
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To quantify water storage change in soil profile, there are two sources of data to access. 

When ground monitoring records are not available, outputs modelled by land surface 

models (LSMs) can be a substitute (Strassberg et al., 2007; Rodell et al., 2007; Rodell et 

al., 2009; Leblanc et al., 2009; Famiglietti et al., 2011; Feng et al., 2013). LSMs, such 

as VIC, Mosaic, and CLM, driven by Global Land Data Assimilation System (GLDAS) 

and climatology datasets, provide soil moisture simulations up to a depth of 2 or 3 m. 

As mentioned before, the spatial resolution of LSMs may be consistent with the 

GRACE datasets. However, the drawback to use modelled soil moisture data is its 

unavailability in representing irrigation practice. This is particularly common over a 

water-limited agricultural basin where massive groundwater is pumped to compensate 

the deficiency in rainfall and surface water systems. Such an anthropogenic intervention 

will largely change the soil wetness at seasonal or annual scales. Thus, in-situ soil 

moisture observations are ideal to indicate the actual soil moisture conditions (Yeh et al., 

2006; Strassberg et al., 2009).  

Error estimation is necessary for the GRACE-derived GW anomalies. Errors are mainly 

attributed by two sources: 1) GRACE-measured TWS changes; and 2) the model or in-

situ measurements used to quantify TWS component anomalies. These uncertainties 

will propagate to the final GW estimates (Rodell & Famiglietti, 2002; Scanlon et al., 

2012). Famiglietti et al., (2011) defined the monthly CSR-processed GRACE TWS 

errors as 45.3 mm by considering all the errors from leakage, filtering, and scaling. Due 

to no published error estimates for △SWE and △SW, Famiglietti et al., (2011) gave 7.0 

and 4.0 mm for each. They further used a least squares fit and the covariance matrix to 

propagate errors to monthly data. If △SM, △SWE and △SW are model outputs, the 

errors for them can also be computed as the standard deviation among those models.  

To evaluate GRACE-estimated GW storage variations, ground well or bore 

measurements need to be employed (Yeh et al., 2006; Leblanc et al., 2009; Moiwo et al., 

2009; Strassberg et al., 2009). These observations are represented as the changes in 

hydraulic head or water table depth. In order to make them comparable with GRACE 

estimates, the level records should to be converted to storage change in equivalent water 

height (EWH). Thus, the variable of specific yield ( SY ) for ground aquifers is needed 

to assist the above conversion. Usually, SY is defined as an (area-weighted) average in 
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the literatures (Leblanc et al. 2009; Moiwo et al., 2009). In Moiwo et al., (2009), a 

constant value of SY =0.066 was used for the Hai River Basin. Feng et al., (2013) 

defined a range of 0.05-0.07 for North China (covering the Hai River Basin). 

Considering the impact of SY on ground-based △GW estimates, great care should be 

taken when setting SY  correspoinding to the lithological property and heteorogeneity 

of the hydro-geological conditions.  

2.1.1.4 Quantifying Evapotranspiration  

Besides detecting groundwater storage change, GRACE also can be used to quantify 

evapotranspiration (ET). ET is a process in which water changes from liquid to gas 

(Allen et al., 1998; Senay et al., 2011). A good knowledge of large-scale ET variations 

benefits us in several ways: (1) ET enables us a better understanding of water and 

energy balance between the land surface and the atmosphere (Sahoo et al., 2011; Long 

et al., 2014); (2) ET provides valuable information with which to interpret the climate 

change/variability and its impacts on the hydrological cycle (Huntington 2006; Jung et 

al., 2010); (3) accurate ET information is essential to manipulate the local water 

resources over water-limited areas (Senay et al., 2011; Wang et al., 2014). According to 

the water balance equation between inflows and outflows over a closed basin, ET can be 

solved as a residual between precipitation ( P ) and the sum of basin discharge ( Q ) and 

basin water storage change ( S ): 

tSQPET  /                                                    (2.3) 

with ，12 tt TWSTWSS                                              (2.4) 

t  is the time step of GRACE TWS measurements, i.e., 10 or 30 days. S  is varied 

with time, which is calculated as the difference between two successive GRACE TWS 

anomaly records. It is hard to be measured in practice. Usually, the water balance 

equation is assumed to be applicable at multi-year intervals, with 0S . Such an 

assumption of S  would bring the risk of not closing the water balance equation, as we 

do not clear that at what temporal length S can be negligible. GRACE facilitates S  
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to be quantifiable at monthly or seasonal time steps, and thus for large-scale ET 

quantification. 

Rodell et al., (2004) firstly applied GRACE to indentify the temporal ET pattern over 

the Mississippi River Basin, USA. They combined CPC Merged Analysis of 

Precipitation (CMAP) precipitation product (a combination of satellite and gauge data) 

and in-situ discharge measurements to compute ET estimates from GRACE. They 

found that the GRACE-based ET results were lying in the middle of three models’ 

(GLDAS, GDAS and ECMWF) projections. Their research exposes the great value of 

GRACE in evaluating modelled ET products, and motivates scientists to compare a 

wider range of ET products around the world. Ramillien, Frappart et al., (2006) mapped 

the GRACE-based ET (filtered by Gaussian averaging kernel at half horizontal 

wavelength of 660 km) over 16 worldwide basins and compared them with four global 

land surface models (i.e., WGHM, ORCHIDEE, GLDAS and LAD). Instead of using 

measured runoff, they involved model simulations from WGHM and LAD. At basin 

level, they discovered that GLDAS and LAD had systematically higher seasonal ET 

amplitudes, whereas ORCHIDEE was systematically low. The authors emphasize the 

impacts of runoff data on ET estimation accuracy within the water balance framework. 

In some cases, uncertainties contained in the runoff records may be particularly large in 

those poor-monitored basins. 

In spite of ET comparison among the climatic or land surface models, some studies also 

involved the remote sensing (RS) ET products developed from optical and thermal 

retrievals. In Boronina & Ramillien (2008), they mentioned that even though absorbing 

the potential large uncertainty from the LSM runoff data, GRACE-derived ET estimates 

are much closer to the values modelled by S-SEBI other than by GLDAS, LAD, and 

ORCHIDEE. Moiwo et al., (2011) compared the RS-based ETWatch model results with 

GRACE over the Hai River Basin. The algorithm behind this model integrates the 

Surface Energy Balance Algorithm for Land (SEBAL; Bastiaanssenet al., 2005), the 

Surface Energy Balance System (SEBS; Su, 2002), and the Mapping evapotranspiration 

at high resolution with internalized calibration (METRIC; Allen et al., 2007). During 

cloudy days, the Penman-Monteith model is applied as a substitute scheme. In Moiwo et 

al., (2011)’s study, CSR RL04 solutions was used to compute GRACE ET estimates; 
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ground-based rainfall observations acted as a benchmark for monthly, seasonal and 

annual ET validation source. Large differences were found during those extremely dry 

or wet years. The model ETWatch is inadequate to capture ET fluxes varied with 

interannual climate dynamics. In contrast, the GRACE ET estimates have a consistent 

annual pattern with rainfall variability. In addition, Moiwo et al., (2011) pointed out the 

advantage of GRACE in accounting for extra ET triggered by massive agricultural 

irrigation. Tang & Zhang (2011) displayed a systematic bias in the MODIS-based ET 

time series against GRACE estimates. They calculated monthly scaling factors between 

these two ET datasets, and applied these scaling factors back to the MODIS ET dataset. 

The adjusted MODIS ET values, carrying a good spatial resolution from original 

MODIS ET product, fitted better with the land surface water budget. Their study 

implicitly suggested that GRACE can be used to improve other large-scale ET products.  
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2.1.2 Contemporary Large-scale ET Method Overview 

Alongside GRACE as a method which is able to quantify large-scale ET fluxes, there 

exist other approaches or products that are capable of generating ET estimation at both 

regional and global scales. They are distinguished from each other by their algorithms, 

forcing data, and their effectivity of their performance over different regions. Therefore, 

a review is provided to help gain an understanding about contemporary large-scale ET 

products and models, including their strengths, weaknesses and potential sources of 

inaccuracy.  

2.1.2.1 Large-scale ET Algorithms 

Large-scale ET quantification is usually based on physical models or catchment/basin 

water balance approach. Physical models incorporate complete mechanisms for ET 

estimation, which can be further categorized into: 1) the residual of surface energy 

budget models; 2) the Penman-Monteith model; 3) the Priestley-Taylor model; and 4) 

eddy covariance method. Usually, physical ET models have high requirement on input 

forcing data (Timmermans et al., 2007; Li et al., 2009). Rapid development in remote 

sensing (RS) techniques facilitates a wide range of land surface information. Combining 

with ground meteorological measurements, reanalysis data, and RS observations, ET 

estimates covering regions to continents are physically modelled by following models:  

 Residual of Surface Energy Budget Model  

Surface energy governs the ET processes. According to energy balance, net solar energy 

(radiation; denoted as nR ) will partition to the part heating the soil (soil heat flux;G ), 

heating the atmosphere (sensible heat flux; H ), and changing water phase from liquid to 

gas (latent heat flux; LE ). Hence, LE , equivalent to ET in energy scope, can be solved 

as:  

HGRLE n --
                                                       

(2.5) 
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Surface energy balance methods rely on RS imagery to distinguish the ET processes 

over different land cover types, such as vegetation canopy, open water bodies (irrigation 

farmlands, lakes, and floodplains), and bare soil (Senay et al., 2011). However, surface 

energy balance models may overweight the importance of energy factor (solar radiation 

or land surface temperature) to ET processes, but neglect the water availability to be 

another critical driving factor (Senay et al., 2011). Surface energy balance models have 

low sensitivity to the soil moisture variability. Based on the manners of parameterising 

the component of sensible heat flux (H), surface energy balance models can be further 

grouped into single-source models (i.e., SEBS (Su, 2002), S-SEBI (Roerink et al., 2000), 

SEBAL (Bastiaanssen et al., 1998), and METRIC (Allen et al., 2007)) and dual-source 

models (Norman et al., 1995; Anderson et al., 2005). 

 Penman-Monteith Model 

Another widely-used formula to estimate land surface evaporation is the Penman-

Monteith (P-M) equation. The model physically combines both energy-balance and 

mass-transfer approaches together (Monteith, 1964): 
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                                           (2.6) 

where,   is the rate of increase in temperature of the saturation vapour pressure of 

water at air temperature; a  is the density of air; pc is the specific heat of air at constant 

pressure; )( as ee  is the vapour pressure deficit of air, with se and ae  representing 

saturation vapour pressure and actual vapour pressure, respectively; as rr /  is the 

surface/aerodynamic resistance;   is the latent heat of vaporization of water;   is the 

psychometric constant. Due to the reliability of this model, it has also been widely 

modified and integrated with RS data (Cleugh et al., 2007; Mu et al., 2007; Leuning et 

al., 2008). The biggest challenge of applying the P-M equation in practice is data 

availability (including humidity, wind speed, aerodynamic, and surface resistance), 

particularly over a large regional scale (Running & Kimball, 2005; Xu & Singh, 2005).  
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 Priestley-Taylor Model 

To circumvent the limitation of the P-M formula on forcing data, Priestley & Taylor, 

(1972; hereafter, denoted as P-T model) simplified the P-M algorithm by replacing the 

aerodynamic component with an empirical coefficient  =1.26.   is an average value 

based on ET measurements from a variety of well-watered vegetated and water surfaces. 

It is generally insensitive to tiny changes in atmospheric conditions (Eichinger et al., 

1996), but it does shift within a day or from season to season (Viswanadham et al., 1991; 

McAneney & Itier, 1996; Suleiman & Hoogenboom, 2007).  

)(T GRE nP 






                                                       (2.7) 

The P-T method greatly minimizes the requirement for meteorological data, allowing 

potential ET to be estimated in a more practical way. To make the P-T model valid over 

a wider range of environments, some further adjustments are needed. Flint & Childs 

(1991) redefined   for a water-limited region by involving a function of measured soil 

moisture. Guerschman et al., (2009) formulated monthly MODIS-retrieved indices to 

feasibly scale the P-M model for actual ET estimation. Fisher et al., (2008) kept  =1.26 

constant but downscaled ETp to ETa based on ecophysiological constraints and soil 

evaporation partitioning. 

 Eddy Covariance Method  

The eddy covariance (EC) technique is widely used as a criteria method to monitor 

mass and energy fluxes, and to enable understanding of water vapour and carbon 

dioxide exchange in ecosystem processes (Baldocchi et al., 2001; Scott, 2010). 

According to the surface energy balance equation (Eq. (2.5)), EC is able to calculate the 

sensible heat flux (H) and latent heat flux (LE). The instruments encompass a 3-D sonic 

anemometer and infrared gas analysers to measure the wind velocity, sonic temperature 

and concentration of water vapour, and carbon dioxide above certain height of 

vegetation. Statistical method is used to analyse high frequency wind and scalar 

atmospheric data series, yielding values of fluxes of these properties. 

http://en.wikipedia.org/wiki/Statistics
http://en.wikipedia.org/wiki/Wind
http://en.wikipedia.org/wiki/Scalar_(physics)
http://en.wikipedia.org/wiki/Flux
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Sparked by its great usefulness, continental to global EC monitoring networks have 

been developed, including Ameriflux, FLUXNET, and Ozflux. The largest challenge of 

applying EC method is its energy closure problem, indicating that (Rn-G) is larger than 

(H+LE) around 20% (Foken et al., 2006; Foken, 2008). Unclosed energy balance may 

be attributed to: 1) unduly available energy terms; 2) inaccuracy of covariance 

computation; and 3) instrumental problems (Scott, 2010).  

 Water Balance Method 

Considering a basin as a unit, basin/catchment water balance approach calculates ET as 

a residual between water inflows and outflows (Senay et al., 2011):  

SQPET                                                      (2.8) 

where, P , Q , and S represent the total precipitation, basin discharge (both from 

surface and subsurface components) and terrestrial water storage. Time-variant S is 

further related to different terrestrial water components shown in Eq. (2.1). 

This method can be applied over large regions or basins that consist of different climate, 

land use or land cover (Allen et al., 2011). In contrast to the dominant factors of 

radiation and temperature in energy balance models, a basin water balance approach 

emphasizes water availability in driving ET processes. This is particularly crucial in 

those water-limited regions, where the actual ET may be significantly smaller than the 

potential ET. In extremely arid cases, evaporation or transpiration activities may 

completely cease. The water balance method implicitly accounts for the ET portion 

occurring in the subsurface zone, including the uptake of groundwater by deep-rooted 

plants or by irrigation, as well as the water evaporated from the shallow water tables 

(Senay et al., 2011). Traditionally, due to the inaccessibility of S at regular seasonal or 

annual time steps, it is usually assumed to be zero at a time step of multiple years. Water 

balance is particularly useful in validating/calibrating regional ET estimation or 

hydrological models (Federer et al., 1996; Xu & Singh, 2005; Zhang, Leuning et al., 

2010; Allen, et al., 2011; Senay, et al., 2011; Vinukollu, Meynadier, et al., 2011; 

Vinukollu, Wood, et al., 2011). 
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2.1.2.2 Contemporary Large-scale ET Products  

Given the accessibility of ground meteorological measurements, satellite retrievals, and 

hydrological model outputs, ET products can be simulated at large spatial scales by: 1) 

spatially-upscaled EC observations; 2) LSMs; 3) RS-based ET models; and 4) general 

circulation models (GCMs).  

 EC-upscaling Product  

Based on the ground networks of EC towers, a global ET dataset has been established 

by Jung et al., (2009). They employed the Model Tree Ensembles (MTE) to spatially 

upscale EC observations gathered from ~250 FLUXNET sites, and produced global 

monthly ET maps for the period of 1982-2008. MTE is a machine learning algorithm to 

train the relationship between carbon flux estimates and a blending data combining the 

in-situ measurements, satellite-retrieved vegetation properties, and vegetation types. 

The spatial resolution of this monthly EC-based ET product is 0.5° × 0.5°, with a global 

coverage and a time span of 1982-2008. It is regarded as the first time that a benchmark 

for a global FLUXNET has been produced, which offers great values to study the 

variability of the terrestrial carbon, water, and energy cycles. 

 LSM-based ET Products 

LSMs were first developed to provide turbulent heat flux (H and LE) for general 

circulation models. LSMs usually divide soil profile into different layers and consider 

how soil evaporation and vegetation transpiration are affected by the water conditions in 

the top soil layer. When soil moisture deficit or saturation happen, the rates for 

evaporation and transpiration will be accordingly adjusted. This characteristic allows 

LSM-based ET estimates to be sensitive to rainfall variability and soil moisture stress 

(Long et al., 2014). Common LSMs include the Noah, Mosaic, Variable Infiltration 

Capacity (VIC) and Common Land Model (CLM), driven by the Global Land Data 

Assimilation System (GLDAS). Data can be accessed via: http://mirador.gsfc.nasa.gov/. 

Another LSM ET source comes from the 2nd Global Soil Wetness Project (GSWP-2; 

Dirmeyer et al., 2006). The LSM-based ET products are globally estimated at a coarse 

http://mirador.gsfc.nasa.gov/
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resolution (typically, 1° × 1°) and a near-real-time schedule; they are varied from 

models due to differences in forcing data, model structures and parameters (Schlosser & 

Gao, 2010). 

 RS-based ET Products 

Remote sensing provides a variety of information about land surface, including albedo, 

emissivity, Leaf Area Index (LAI)/Normalized Difference Vegetation Index (NDVI)/ 

Enhanced Vegetation Index (EVI), surface temperature (Ts), and land cover. The 

NOAA/AVHRR and MODIS are commonly-used satellite platforms to offer ET-related 

variables at global scales. Based on these satellites platforms, several scientific groups 

developed their own ET products (see Table 2.2): 
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Table 2.2 A list of large-scale ET products based on remote sensing retrievals. 

 Large-scale ET 

dataset 

Modelling and 

validation 

method 

Forcing datasets 
Temporal/spatial 

resolution 

Temporal/ spatial 

coverage 

     

PT-Fi (Fisher et 

al., 2008) 

A modified P-T 

model with a 

dynamic 

coefficients; 

validated by 16 
FLUXNET sites. 

ISLSCP-II  

and AVHRR 

retrievals 

Monthly/1° × 1° 
1986-1993/ 

global 

     

PM-Cl (Cleugh et 

al., 2007) 

A P-M model 
with a linear 

surface resistance 

model based on 

LAI; validated by 

SEBS and 2 flux 

sites. 

MODIS retrievals 

and surface 

meteorological 

datasets 

Daily/0.05° × 

0.05° 

2001-2004/ 

Australia 

     

PM-Mu (Mu et 

al., 2007 & 2011) 

A modified P-M 

model with a 

more complex 

stomatal 

conductance 

scheme; validated 

by 19 AmeriFlux 

sites. 

MODIS retrievals 

and GMAO 

meteorological 

reanalysis 

Monthly/0.05° × 

0.05 ° 

2001-2004/ 

global 

     

PM-Zhang 

(Zhang, Kimball,  

et al., 2010) 

A modified P-M 

model with a 

biome-specific 

canopy 

conductance; 

validated by 48 

flux towers and 

(P-Q) for 261 

basins. 

AVHRR, NCEP/ 

NCAR reanalysis 

and Surface 

Radiation Budget 

(SRB) datasets 

Monthly/1° × 1° 
1983-2006/ 

global 

     

SSEB-S (Senay 

et al., 2008) 

A revised SSEB 

model; validated 

by 4 lysimeter 

sites, watershed-

balance results 

and some other 

ET models. 

MODIS  
2000-2009/  

America 

     

PT-CMRS 

(Guerschman et 

al., 2009) 

  

A P-T model with 

flexible scaling 

factors; calibrated 

by 7 flux sites.  

SILO daily dataset 

(temperature + 

radiation) and 

MODIS retrievals  

8-day/0.002° × 

0.002° 

2000-2014/ 

Australia 
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 GCM-based ET Products 

In contrast to LSMs, GCMs estimate global ET by coupling atmospheric models with 

the land and ocean surface models. The atmospheric models - driven by radiation, latent 

heat release, and subgrid-scaled eddy fluxes of heat and momentum - are aimed at 

solving fluid conservation equations for heat and momentum in three dimensions 

(Dickinson, 1987). Coupled with LSMs, current GCMs are able to consider a more 

realistic ET process by integrating complex biophysical processes of vegetation canopy 

within a uniform grid cell. For example, the Community Climate System Model (CCSM) 

from the National Center for Atmospheric Research (NCAR) involves the maps of land 

cover types and soil properties to distinguish the impacts of variability of landscape 

heterogeneity on ET fluxes (Dickinson, 1987). The spatial resolutions of GCMs 

typically range between 1° and 3°. Information about GCMs and their data can be found 

at the website: http://www.ipcc.ch/. 

2.1.2.3 Large-scale ET Comparison and Validation 

 At Regional or Basin Scales 

Xu & Singh (2005) conducted a monthly and multi-year ET comparison over three 

complementary relationship models in three basins ranging from 42 to 254 km2 in total 

area. They found that the three models had poor performance when they were tested 

over the dry basins without water-balance-based calibration. Fisher et al., (2005) 

compared five potential ET (PET) models ranging between simple empirical 

temperature- and physically-based models with tower flux measurements at a ponderosa 

pine forest site. All the models they used based on a well-watered assumption tend to 

overpredict PET. By combining a linear function that related soil moisture 

measurements to the field capacity, the obtained actual ET estimates were varied from 

each other. Their study demonstrates the necessity to adjust the Priestley-Taylor model 

to have proper coefficient α in order to make the model applicable for different land 

surface conditions.  

http://www.ipcc.ch/
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Choi et al., (2009) found that the largest discrepancies between the surface energy 

budget models exist in H and LE components; The authors suspected that the potential 

reason was associated with the assumption in wet and dry hydrologic extremes for every 

scene. The study also discovered that LAI or vegetation coverage fraction (fc) had a 

stronger impact factor for the magnitude of discrepancies among the models, even 

though the land surface was covered by homogeneous canopy and soil moisture 

conditions. Similarly, Timmermans et al., (2007) pointed out that land cover divergence 

contributed to large difference between models in H, when they validated two-source 

SEB (TSEB) and SEBAL models over sub-humid grassland and semi-arid rangeland. Ts 

or (Ts-Ta) contributes the largest uncertainty in both residual energy budget models in 

estimating H flux; so do fc, LAI and the selection of wet and dry pixels (for SEBAL). 

SEBAL is particularly problematic over bare soil and sparsely vegetated regions.  

Long et al., (2014) compared ET simulations between LSMs (Noah, Mosaic, VIC, and 

SAC in NLDAS-2) and RS-based products (MODIS and AVHRR). Their test regions 

cross three basins in South Central America from humid to semi-arid climates. Their 

inter-basin comparison showed that “ET estimates within the same category of LSMs or 

RS were similar in magnitude but differ markedly between categories”. Annual ET 

estimates from RS-based products were generally lower than LSM estimates in all three 

basins. The authors attributed these differences to the fact that LSMs, which are based 

on soil-vegetation-atmosphere transfer (SVAT) scheme and meteorological forcing, are 

directly constrained by soil moisture conditions under the framework of water balance; 

whereas, RS-based ET simulations are significantly influenced by radiation, with 

implicit water-related factors such as LAI (or NDVI) and atmospheric variables. This 

also leads to the ET estimates derived from the optical/thermal satellite retrievals being 

less responsive to rainfall than LSMs in general. The authors pointed out that a hybrid 

ET between RS and LSMs may hold great potential to improve ET accuracy.  

As a commonly-used method for both field and regional ET validation, EC flux 

measurements are problematic. Scott (2010) verified the EC measurements with the ET 

estimates calculated from watershed water balance at three semi-arid ecosystem sites (a 

grassland, a shrubland, and a savanna) in southern Arizona, USA. They involved 1m-

depth soil moisture measurements to calculate watershed water storage change. 
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Meanwhile, forcing closure operation for EC observations as well as precipitation 

underestimation were considered. Their comparison showed that these two independent 

ET sources agreed with each other, with difference between -10% and +17% of annual 

precipitation in any given year. Their results confirm EC’s accuracy in simulating 

annual ET fluxes over dry environment. The authors pointed out the potential 

uncertainties in measuring available energy (Rn-G) and the ignoring of energy storage 

terms both may contribute to ET underestimation of ~17-27% by EC method. Also, 

topography does affect EC accuracy; flat regions with more homogeneous land cover 

are ideal sites for EC application.  

 At Continental or Global Scales 

First, the validation results drawn from some of the RS-based ET products mentioned in 

Table 2.2 are examined. Cleugh et al., (2007) compared a resistance-surface energy 

balance model (RSEB) and a MODIS-based modified Penman Monteith (P-T) model 

over two flux sites. They found that the RSEB approach fails to predict plausible and 

realistic ET, due to the non-linear relationship between radiative surface temperature 

and sensible heat flux (H) in the model. Inherently constrained by the surface energy 

balance, the modified P-M model is not really sensitive to its key driving variables of 

available energy, humidity, surface resistance and aerodynamic resistance. The authors 

believed that the model should be more applicable for large regional or global 

implementation than the RSEB. However, the validation against two Australian flux 

sites showed some deficiencies in the P-M model. Locally, the P-M model tends to 

overestimate ET during the dry season. Over Central Australia and the western 

continent, the P-M model gave ET values that were twice larger than the total annual 

rainfall.  

Mu et al., (2007) further developed Cleugh et al.,’s (2007) P-M model by modifying 

stomatal conductance, canopy conductance, vegetation cover fraction and soil 

evaporation component. Validated with 19 AmeriFlux EC sites, they found that their 

revised model substantially reduced the RMSD and bias values against the EC 

measurements, compared with the results computed from the old version. Annual spatial 

patterns produced by this modified ET model agree well with the variations of MODIS 
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global terrestrial gross and net primary production, with the highest ET appearing over 

tropical forests and the lowest values in dry areas with short growing seasons. This 

indicates that their model has a generally good performance in simulating spatial ET 

variations. But no further comparisons with the other ET sources were conducted in 

their study. The latest improvement for their model was mentioned in Mueller et al., 

(2011). 

Zhang, Kimball, et al., (2010) validated their global P-M ET estimates with NDVI-

based biome-specific maximum canopy conductance functions by using the flux 

observations (for small-scale verification) and the basin water balance method (for 

large-scale verification). At field scales, their model generally corresponded well with 

the tower validation dataset, capturing seasonality and interannual ET variations. Their 

model was able to distinguish the flux differences among the major global biomes. At 

basin scales, the largest difference between the modelled and water-balance-based (P-Q) 

occurred in some northern high latitude, subtropical and tropical basins. Difference in 

ET is also partially attributed to the substantial underestimation of the GPCC 

precipitation as a result of snow and wind-related biases of gauge observations, as well 

as to the sparse density of the weather station networks in the northern high latitudes. 

Schlosser & Gao (2010) assessed global ET simulations derived from 13 GSWP-2 

LSMs within a global water budget framework by drawing some similar conclusion. 

The authors believed that the improvement in land surface model design held “the most 

promise toward constraining global water budgets” rather than refining atmospheric 

input data. 

Mueller et al., (2011) included 10 LSM ET outputs, 6 diagnostic datasets (combining 

observations and observation-based estimates), 11 IPCC AR4 GCM products, and 6 

atmospheric reanalysis datasets into global ET intercomparison. At a global scale, they 

found that IPCC AR4 ET estimates were significantly lower than the diagnostic group 

in India and South America and considerably higher in semi-arid regions (i.e., West 

Australia, West China and West America). They also discovered higher inter-modal 

deviations over semi-arid regions (i.e., Australia, India, South Africa and parts of 

Tibetan plateau). At basin scale, they compared multiyear-averaged ET groups with (P-

Q) estimates. The diagnostic group was close to (P-Q) projections in Mississippi, 
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Central European and the Murray Darling Basin (MDB). But the largest inter- and intra-

category deviation spread was also found in MDB, where more pronounced disparities 

among IPCC AR4 GCM products occurred in September-November and December-

February. The authors speculated that the large uncertainty in precipitation data may 

offer one potential reason for high ET variability in rainfall-forcing models; forcing data 

can be critical for ET divergence. 

Vinukollu, Wood, et al., (2011) used multiple satellite data sources (MODIS, AIRS, 

CERES and AVHRR) to produce global ET maps based on three algorithms (SEBS, 

PM-Mu, and PT-Fi), and evaluated them at different spatial and temporal scales. At 

field scale, the modelled LE and H were compared with 14 American flux towers 

representing different biome systems; the modelled LE values were commonly 

underestimated but overestimated for H. At global basin scales (26 river basins), three 

modelled ET averaged over multiple years have large RMSD (118-194 mm/yr) and bias 

(between -132 and 53 mm/yr) against the basin-water-balance-based (P-Q) results. 

SEBS tends to overestimate ET over 20-40°N and 30-50°S; PT-Fi had suppressed mean 

annual ET values between 12°S and 12°N latitudes, which is largely due to the 

underestimation in LAI; PM-Mu was systematically lower than other models. Vinukollu, 

Wood, et al., (2011) reported that the used models responded poorly to soil moisture 

over water-limited regions; the relative humidity and thus vapour pressure deficit (VPD) 

together with vegetation features were insufficient to reflect the soil moisture dynamics. 

In addition, Central Australia tends to be an interesting place with high uncertainty seen 

in PM-Mu and SEBS models (Vinukollu, Meynadier, et al. 2011). Modelled ET values 

were commonly higher than the (P-Q) estimates derived from water balance algorithm 

over mid-latitudes (Vinukollu, Meynadier, et al., 2011).  

Overall, a large gap in the knowledge of regional ET quantification persists. 

Uncertainties and errors exist in ET modelling, forcing input data and reference data 

source, which call for a wide range of ET comparison or validation over different 

climates and land surfaces. Because GRACE is able to measure large-scale terrestrial 

water storage changes, it can be used as an independent ET source which contemporary 

large-scale ET datasets can use as a point of comparison.  
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2.1.3 Data Fusion Overview  

GRACE has coarse spatial resolution in measuring terrestrial water storage change 

(mentioned in Chapter 2.1.1). Thus, ET estimates derived from GRACE would not be 

able to accurately describe ET patterns if a region or a basin <150,000 km2. However, 

ET products parameterised by thermal/optical satellite retrievals have the advantage of 

capturing small-scale ET features over heterogeneous land surfaces: their spatial 

resolution can reach up to 0.002° (see Table 2.2). This suggests that there is an 

opportunity to spatially enhance ET accuracy by combining the GRACE ET 

approximates with high-resolution energy balance constrained ET products. Therefore, 

this section aims to find a potential method to achieve the above goal of integrating 

these two methods with their respective large and small-scale benefits. Such a process 

operates in a similar fashion to data/image fusion, which acts as a technique to merge 

multiple image sources (from cameras or sensors) into a new image without damaging 

apparent features or data reliability against original sources (Wald 1999; Pohl & Van 

Genderen, 1998).  

2.1.3.1 Image Fusion Techniques 

The popularity of remote sensing techniques has nourished the development of image 

fusion (Simone et al., 2002). One common application of RS image fusion is to merge 

the multispectral images (MS; low spatial resolution but high spectral information) with 

the panchromatic images (PAN; low spectral information but high spatial resolution) to 

enhance both spectral and spatial information in the final image (Yésou et al., 1993; 

Ehlers, 2008; Huang et al., 2008). Similarly, another successful application is to fuse 

synthetic aperture radar (SAR), which can work days and nights with high spatial 

resolution; but SAR suffers from terrain-induced distortion with optical daytime images 

influenced by clouds and shadows (Garzelli, 2002b; Westra et al., 2005; Amarsaikhan et 

al., 2011).  

A good image fusion technique allows users to achieve: 1) an easy job in object 

identification; 2) an improved accuracy in image classification; 3) change/trend 

detection; and 4) spatial and temporal resolution enhancement (Dong et al., 2009; 
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Khaleghi et al., 2013). Meanwhile, fusion methods should suppress the uncertainty from 

the source images as much as possible, and be robust enough to introduce the least 

artifacts (Pohl & Van Genderen, 1998; Simone et al., 2002; Dong et al., 2009; Khaleghi 

et al., 2013). Fusion methods commonly used in satellite image fusion are listed as 

follows: 

 Principal Component Analysis  

Principle component analysis (PCA) is a statistical image fusion technique that 

transforms a number of inter-correlated variables into a new image of un-correlated 

linear combination of the original variables (Pohl & Van Genderen, 1998). When fusing 

MS and PAN images, the MS image will firstly be orthogonally transformed into 

several spectral component bands; then, the first principal component (PC1) containing 

the maximum information of MS image will be replaced by the PAN image; lastly, the 

updated components will be transformed back to develop a new composite image. 

Figure 2.2 demonstrates the flowchart of PCA. The replacement of PC1 by PAN or the 

high-resolution spectral band is based on the purpose of increasing spatial resolution in 

the result image.  

PCA has been widely used in image enhancement, change detection, multi-temporal 

dimensionality (Behnia, 2005; Metwalli et al., 2009; Amarsaikhan, et al., 2011; Lu et al., 

2011; Chiang, 2014). One of its advantages as a fusion scheme is that PCA can be 

conveniently applied to all MS images (Amolins et al., 2007). PCA can effectively 

improve spatial resolution with improved signal-to-noise ratio. However, it is sensitive 

to ‘the choice of area analysed’, and thus affects the quality of final results (Pohl & Van 

Genderen, 1998). When the correlation between PC1 and the high-resolution image is 

high, less spectral information will be lost after the replacement of PCA process; if there 

is a low correlation in between, the PCA method is not able to preserve the fine details 

(Simone et al., 2002).  
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Figure 2.2 Flowchart of PCA-based image fusion2. 

 Pyramid Transform  

Pyramid transform (PT) fusion became popular for its advantage in combining the fine 

details from all source images. It is implemented as a pattern selective approach; the 

fused image is constructed ‘a feature at a time’ rather than a pixel at a time (Burt, 1985; 

Burt & Kolczynski, 1993). The basic steps of PT include two (Burt & Kolczynski, 1993; 

Simone, et al., 2002): 1) construct a pyramid by transforming each source image into 

pyramid domain; and 2) inverse pyramid transform to produce a composite image (see 

Figure 2.3). In the 1st step, source image is transformed and decomposed into a range of 

coefficients (pattern features) at different scales by a defined transform function 

(compact, self-similar and multi-scaled). In the 2nd step, pattern features are identified 

and selected by judging the highest salience at each sample position of the pyramid 

before coefficient reconstruction.  

                                                
2 Modified from: (Chiang, 2014). 
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PT methods differ according to the type of pyramid transform function used (i.e., the 

Gausssian or Laplacian transformation function) as well as the rules for selecting 

transform coefficients (i.e. selective or average) (Burt & Kolczynski, 1993; Simone, et 

al., 2002).  

 

Figure 2.3 Flowchart of PF-based image fusion3. 

 Artificial Neural Network  

Artificial Neural Network (ANN) is another powerful and self-adaptive image fusion 

method that often acts as a decision level fusion tool. It iterates many times in a special 

network structure in order to learn the complicated nonlinear relationship between input 

and output when there is little or no knowledge about them (Dong et al., 2009). 

Generally, ANN consists of two stages: training and testing. During the training stage, 

source images are decomposed into blocks (called neurons; feature extraction), and a 

neural network is trained to determine which source block is clearer (Li, et al., 2002). 

Feature clearness is usually measured by spatial frequency, visibility, and edge (Li, et al., 

2002; Dong, et al., 2009). In the testing stage, the trained neural network is performed 

on all image block pairs to construct the fused image. A general schematic diagram 

showing how ANN is undergoing in image fusion can be seen in Figure 2.4. A 

weighting function is used to recognize the response relationship between fused image 

and the original images over the same features (Dong et al., 2009). 

                                                
3 Modified from: (Burt & Kolczynski, 1993). 
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ANN-based fusion methods are commonly used to tackle pattern classification and 

recognition. Neural networks are modelled in variant ways to pattern classification, 

including back propagation (BP; Cao & Jin, 2007; Hsu et al., 2009), radial basis 

function (RBF; Sun et al., 2003; Zhang et al., 2008), and pulse coupled neural network 

(PCNN; Li, et al., 2006; Huang & Jing, 2007). Some comparison studies have reported 

that ANN-based fusion methods are more proficient when there is a movement in the 

objects or mis-registration of the source images (Li et al., 2002; Li et al., 2006; Huang 

& Jing, 2007). In addition, a multiple-input framework makes it valid for the fusion of 

high dimension data, such as long-term time-series data or hyper-spectral data (Dong et 

al., 2009). One concern in implementing ANN is computing efficiency (convergence) 

and generalization performance due to complicated image patterns (Li et al., 2002).  

 

Figure 2.4 Flowchart of ANN-based image fusion4. 

  

                                                
4 Modified from: (Dong et al., 2009). 
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 Spatial Downscaling  

Spatial downscaling (SD) methods are generated to solve the scale and resolution 

mismatch between large-scale climate models (i.e., GCMs) and hydrological models for 

studying the hydrologic impacts of climate change (Wilby & Wigley, 1997; Maraun et 

al., 2010; Chen et al., 2012). This is because climate models addressing fluid dynamics 

generally run at a resolution of 150-300 km, while hydrological models usually concern 

small sub-catchment scales requiring data from point-scale station data to a resolution 

of just a few kilometers (Wilby & Wigley, 1997; Chen et al., 2012). SD is based on the 

assumption that the large-scale weather imposes a strong influence on the local-scale 

weather (Wilby et al., 2004; Maraun et al., 2010). 

Statistical downscaling is one of widely-used SD methods (Sailor & Li, 1999; Zhang, 

2005; Timbal et al., 2009; Chen, et al., 2012). The rationale behind statistical 

downscaling method is to construct historical quantitative relationships between large-

scale gridded variables and local surface variables, and thus to obtain small-scale 

predictions of interest from coarse model outputs. However, it requires a long-term 

duration datasets (≥20 years; to achieve model reliability) to construct statistical 

relationships; otherwise, the final prediction results may contain large amount of 

uncertainty/instability (Wilby et al., 2004). From this point of view, SD is not practical 

to merge GRACE data as the temporal length of GRACE is just ~10 years. In addition, 

statistical downscaling models are vulnerable to extreme events as the models are not 

particularly developed or calibrated in a way to handle climate extremes (Wilby et al., 

2004). In spite of that, data disaggregation is another popular SD method tailored to 

disaggregate coarse satellite surface temperature and soil moisture data into a higher 

spatial resolution (Kustas et al., 2003; Merlin et al., 2008).  

 Wavelet Transform  

Wavelet transform (WT) further develop the pyramidal transform’s algorithm. WT 

technique has been widely used in image processing and analysis such as image 

registration, spatial enhancement, pattern recognition, multisource image fusion 

(Sveinsson et al., 2001; Garzelli, 2002a, 2002b; Jin et al., 2011). Shown in Figure 2.5, 
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the basic steps of WT-based image fusion include: 1) decomposing source images into 

pyramid domain at different resolution levels; 2) extracting detail coefficients (small-

scale features; i.e., from PAN image) and approximation coefficients (large-scale 

patterns; i.e., from MS image); and 3) inversing these combined coefficients to form a 

synthetic image with enhanced spatial and spectral information (Amolins et al., 2007). 

Such a multi-level algorithm is called Multi-Resolution Analysis (MRA). MRA relies 

on Discrete Wavelet Transform (DWT) scheme rather than Continuous Wavelet 

Transform (CWT) one. CWT represents a signal or an image with fixed scale and 

location parameters; DWT, on the contrary, can flexibly discretise scale and location 

parameters (Kumar & Foufoula-Georgiou, 1997). In the following section, a detailed 

introduction about DWT mechanism is provided.   

 

Figure 2.5 Flowchart of WT-based image fusion. Li stands for the decomposition level. 

(1) DWT Theory 

In the DWT, a signal can be formed as a series of dilation and translation of the mother 

wavelet function )(x under certain broad conditions, in which scale   (representing 

moving step) and location x  are discretised. DWT is expressed as (Mallet 1989): 
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where, )(xf  is the input signal, m a fixed dilation step (decomposition level), and 
m  

acts as scaling (dilation) factor to magnify or proportion x . n is an integer that serves as 

the location index; it is jointly cooperated with 
m  to translate x (decide location). 

Usually, 2  and 0x  = 1, resulting that the set of functions  )(, xnm  are orthogonal to 

their translates and dilates. The most remarkable property of the orthogonal basis is that 

the square integrable function )(xf  can be approximated by a linear combination of the 

wavelet functions: 

)()( ,, xDxf nm

m n

nm  









                                             (2.11)

 

nmD ,  are coefficients that measure the contribution of the scale m at the location 
mn2 to 

the function )(xf . 

(2) MRA Theory 

Based on the DWT framework, MRA is developed to represent a signal or an image at 

different resolution levels. As the resolutions increase (m decreases), more detailed 

information will be added )(xfm


:  
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)(xfm is approximated as 
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where )(, xnm is called the scaling (smoothing) function that samples the input signal 

and gives coarse approximation features. The approximation coefficients 

 dxxfxnmnm )()(A ,,   are the sampled values at resolution m and location x. The 

detail function )(xfm


 is given as: 
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)()( ,, xDxf nm
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The detail coefficients nmD ,  are obtained by .)()(, dxxfxnm The wavelet function

)(, xnm  can be determined by the scaling function )(, xnm (Ranchln & Wald 2000). 

)(, xnm  plays as inserting detailed features into the coarser image. Recursively, original 

input information will be decomposed into a set of approximation coefficients and detail 

coefficients. Differences between two successive approximation coefficients are 

described by the detail coefficients (Figure 2.6: A and D represent the approximation 

and detail coefficients, respectively). Therefore, the original signal or image can be 

reconstructed by one set of approximation coefficients and several sets of detail 

coefficients (depending on defined level): 
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m n
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Figure 2.6 Concept of MRA in wavelet transforming signal S (decomposition level=3). 

MRA defines a sequence of closed subspaces { jV }, satisfying 1 jj VV  ( Zj  ) that 

are nested with each other. 2-D MRA is an extension of 1-D case, with the down-

sampling along the columns/ rows at a step of 2. Three detail images are decomposed 

after being through wavelet function at each level, representing the independent in the 

horizontal, vertical and diagonal directions (Mallat, 1989; Yocky, 1996). 

 Application of WT in remote sensing image fusion 

Many studies have applied wavelet transform method to fuse images from different 

sensors or satellite platforms (Zhou et al., 1998; Chibani & Houacine, 2000; Shi et al., 
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2005; Lillo-Saavedra & Gonzalo, 2006). Some studies even focused on the difference 

between MRA and those classical image fusion strategies. Yocky (1996) compared the 

fused results derived from three wavelet merging techniques5 and the Intensity-Hue-

Saturation (IHS) method. Results not only demonstrated the flexibility of wavelet fusion 

in merging multisource images (colour vs. while-black) but also confirmed a better 

performance in spatially redistributing energy (as reflected by correlation measure). 

Garzelli (2002a & b) also emphasized the advantage of using WT in addressing better 

contextual spatial information from multiple sources than the classical fusion methods 

in merging urban-area-focused images. Similar conclusions were also obtained in 

(Ranchln & Wald, 2000; Du et al., 2003; Pajares & Manuel de la Cruz, 2004; Westra et 

al., 2005; Amarsaikhan et al., 2011). Besides that, MRA is also attractive in recognizing 

multiple-scale structures in the real world (Yang et al., 2010). Kumar & Foufoula-

Georgiou (1993) applied 2-D orthogonal wavelet transform to segregate spatial radar-

observed rainfall into multiple scales and exhibited a potential scale invariance in 

rainfall fluctuations in mesoscale convective systems. Based on such an important 

finding in spatial rainfall patterns, further movements have been conducted on 

developing statistical parameterisation and model of rainfall fluctuations (Perica & 

Foufoula-Georgiou, 1996a, 1996b). 

Three issues need to be considered during the implementation of wavelet fusion. First, 

the choice of wavelet (Hong & Zhang, 2007; Yocky, 1995). There exist many wavelet 

basis, ranging from orthogonal (Haar wavelet) to biorthogonal and non-orthogonal (i.e., 

Morlet and Daubechies wavelets). They are all oscillating functions and good at 

localization both in time (space) and frequency (Ranchln & Wald, 2000). However, 

each has its own characteristics (Hong & Zhang, 2007) leading to a unique 

decomposition and reconstruction (approximation and detail coefficients are different). 

Ranchln & Wald (2000) mentioned that the shortest orthogonal filters lead to the best 

results. While Hong & Zhang (2007) mentioned that adopting orthogonal wavelet can 

cause shift variance due to its non-symmetrical nature. Secondly, wavelet coefficients 

decomposed at each level carry some important spatial features from both sides of the 

                                                
5 Three used wavelet merging strategies are referred to: 1) only keep low-resolution approximation image 

(coefficients) and ignore its detail ones; 2) combine both low- and high-resolution detail images; and 3) 

make a priori knowledge in selecting detail images at different decomposition levels. 
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original images. How to distinguish these ‘additional’ features from ‘noise’ and 

preserve them in the result becomes another key step in the performance of wavelet 

fusion method. Simply using the wavelet coefficients decomposed from one side 

(usually from the high-resolution image) or averaging both-side wavelet coefficients 

may both ignore some good feature patterns contained in one of the source images and 

hence weaken the final quality in the synthesized image (Ranchln & Wald, 2000; 

Pajares & Manuel de la Cruz, 2004). A proper coefficient merging strategy combining 

both source images can yield a better fusion performance. Ranchln & Wald (2000) 

proposed the Amélioration de la Resolution Spatiale par Injection de Structures (ARSIS) 

modelling concept which aimed at adjusting the coarser detail coefficients from the 

SPOT MS image by using a relationship between SPOT MS and PAN’s wavelet 

coefficients at a finer level; the built-up relationships were either a linear mean-variance 

model or a least-squares fitting model. Another important model called Preserving 

Spatial Information and Minimizing Artefacts (PSIMA) was designed to combine 

approximation and detail coefficients both at a coarser and finer level (Du et al., 2003). 
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2.2 Research Problem Statement  

From the above literature review, the value of GRACE observations in the application 

of large-scale hydrology – especially in groundwater monitoring and large-scale ET 

estimation/validation – is evident. For regions suffering from intensive groundwater 

depletion, GRACE measurements help to estimate the descending rate and quantify the 

total amount of groundwater extracted from regional aquifers. The Hai River Basin 

which encompasses the North China Plain is a renowned region for massive 

groundwater exploitation in the last 20 or 30 years. However, due to groundwater 

records inaccessibility and/or insufficiency, there are no specific studies which focus on 

the groundwater storage change in recent decadal years. Besides that, the basin contains 

relatively dense in-situ soil moisture monitoring networks, which would benefit our 

knowledge about the soil moisture anomaly within the basin.  

Aside from regional groundwater quantification, the large uncertainty related to existing 

large-scale ET products/models calls for further verification and improvement. Based on 

the water balance algorithm, GRACE-based ET estimates may provide another metric to 

observe the current large-scale ET products, especially those derived from energy 

balance constrained ET models parameterised with satellite retrievals. Previous ET 

modelling studies have identified large difference between the modelled results and 

validation source over water-limited environments. However, few studies further 

conduct multi-source ET comparison over dry regions. In our study, we took two semi-

arid and arid basins as a test bed to exam the robustness and dynamics referred to each 

ET product. We further foresee the merits and weaknesses of GRACE and those 

optical/thermal satellite-based products in capturing spatial ET patterns on different 

scales. Performing wavelet-based image fusion may help to insert more spatial details 

into coarse-resolution GRACE-estimated ET maps and to constrain those energy 

balance constrained ET products within the water balance framework over large areas. 
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2.3 Methodology 

The PhD research project consists of three research components linked each other under 

the main objective: enhancing GRACE spatial resolution (see Figure 2.7). In the first 

study component, two sets of GRACE global solutions were used to estimate 

groundwater depletion in the Hai River Plain. The original spatial resolution of these 

global solutions is at 4°, which does not allow them to identify the sub-regions 

experiencing the most intensive groundwater over-exploration. In the second study 

component, a set of spatially-enhanced regional GRACE solutions was adopted for 

large-scale ET estimation. The spatial resolution of this regional solutions is 2°, which 

enables us to map spatial variations of ET approximates (=P-△S) within the basins. In 

the third study, GRACE ET approximates were fused with the energy-based RS ET 

estimates to achieve spatial enhancement.  

 

Figure 2.7 Overall framework of thesis research. 

Each study component is further embodied with their own scientific questions, 

methodology, datasets, and major processing steps. They are all marked in a flowchart 

with different shape and colour scheme: ellipse shapes represent input data, diamond for 

the processing steps, rectangular for the obtained results, and hexagon for the questions 

to be answered. 

GRACE 
spatial 

enhancement 

GW application 
(global solutions 

with 4° resolution)

ET applicaiton  
(regional solutions 
with 2° resolution)

ET data fusion 
(merged with 0.05°

ET product)



Chapter 3: Overall Framework 

 

41 | P a g e  

 

2.3.1 Study Component 1 

This component was designed to test the applicability of GRACE global solutions over 

the Hai River Basin (including the North China Plain), China (see Figure 2.8). The plain 

is notorious for its long-term groundwater over-exploitation. GRACE CSR RL05 and 

GRGS RL02 solutions were used to detect basin-scale groundwater anomalies for the 

last decade (2003-2012). In-situ groundwater well records were used as a validation. 

Precipitation variability was examined for natural variations in groundwater recharge. 

The study is aimed to answer the following questions:  

Q (1): Is GRACE able to detect any groundwater depletion trend in the Hai River Basin? 

Q (2): How do the two sets of GRACE global solutions perform, compared with the in-

situ GW observations? 

Q (3): What conclusions can be drawn in terms of water resources assessment and 

management according to GRACE observations? 
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Figure 2.8 Flowchart of the 1st study component. 

2.3.2 Study Component 2 

In the second study (see Figure 2.9), a set of spatially-refined regional GRACE 

solutions with a higher spatial resolution and less leakage errors was introduced, aiming 

at quantifying ET dynamics over two large Australian basins, the Murray Darling Basin 

(MDB) and the Lake Eyre Basin (LEB). In order to identify the merits and drawbacks 

associated with GRACE in ET estimation, other three modelling and remote sensing ET 

products constrained by water or energy balance were introduced for comparison. 

Rainfall and potential evaporation data were involved to investigate the consistency of 

multi-source ET estimates. Correlation coefficients (R; between rainfall and ET time 
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series), root-mean-square difference (RMSD; between ET pair) were analysed at in time 

and/or space. This experiment is intended to explore:  

Q (1): How does each ET data source act to water variability in time and space given 

semi-arid and arid climate? Are they sensitive to water stress conditions? 

Q (2): What are the agreement and disagreement between these ET sources? 

Q (3): What are the strengths and weaknesses associated with each ET product/model? 

 

Figure 2.9 Flowchart of the 2nd study component. 
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2.3.3 Study Component 3 

Motivated by the strengths and weaknesses related to the ET products that have been 

examined in the 2nd study component, spatial enhancement of ET estimates was propsed. 

On one hand, regional GRACE solutions have advantage to capture large-scale ET 

variations, especially over those water-stressed regions. On the other hand, energy-

based ET product integrating optical and thermal satellite retrievals tends to be superior 

in representing ET over small heterogeneous landscapes. Is it possible to combine these 

two ET data sources together to refine GRACE data in space as well as the accuracy of 

PT-CMRS ET product? A data fusion scheme based on wavelet transform method was 

proposed for this study (see Figure 2.10). In order to highlight the spatial features from 

both sides, a wavelet coefficients weighting system was developed. This study is 

interested in the following questions: 

Q (1): Whether the fused ET results are able to capture large- and small-scale ET 

feature patterns in space?  

Q (2): Does the wavelet fusing method have stable performance for different wavelet 

basis and decomposition level? 

Q (3): How does the wavelet fusion method benefit ET estimation at temporal scales? 
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Figure 2.10 Flowchart of the 3rd study component. 
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As a result of this study, three chapters have been published or prepared for publication: 

one publication in a journal and two journal manuscripts have been produced (see Table 

2.3).  

Table 2.3 A list of journal publication/manuscript based on each chapter 

Chapter No. Journal publication title Journal name Status 

Chapter 3 Groundwater depletion in the Hai 

River Basin from in-situ and GRACE 

observations 

Hydrological Sciences 

Journal 

Published  

Chapter 4 A Comparative Study of Continental 

Evapotranspiration Estimates in Semi-

arid and Arid Environments 

 Revised for another 

submission 

Chapter 5 Wavelet Fusion of GRACE Estimates 

and Energy-based RS ET Product 

 Prepared for 

submission 
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Chapter 3: Groundwater Depletion in the Hai River Basin 

from in-situ and GRACE Observations 

Abstract 

This chapter applies two GRACE global solutions to estimate the latest decadal 

groundwater depletion trend over the Hai River Basin (HRB), China. The estimates 

derived from GRACE CSR RL05 and GRGS RL02 solutions are validated by in-situ 

groundwater measurements and local governmental statistics. The objectives of this 

study are aimed at: 1) quantifying the groundwater depletion trend over HRB using 

GRACE observations; 2) investigating credibility of GRACE in quantifying 

groundwater storage changes given such a water-limited basin; and 3) the potential 

reasons behind the local groundwater storage depletion?  

3.1 Introduction 

Globally, one third of the freshwater withdrawals are from groundwater (Döll et al., 

2012). Faced with the increasing pressures from population and irrigation growth, many 

aquifers worldwide have been over-exploited since the second half of the 20th century. 

Globally, groundwater depletion rates have increased from ~126 (±32) km3/yr in 1960 

to ~283 (±40) km3/yr in 2000 (Wada et al., 2010). Arid and semi-arid areas, where 

groundwater is the main source of water supply and aquifers have low natural recharge 

rates, are particularly affected by this phenomenon (Scanlon et al., 2006). In China, the 

Hai River Basin (including the North China Plain) is a region challenged by a high 

water demand from agriculture, urbanization and industrialization. Around 70% of the 

total water consumption relies on groundwater (Zhang et al., 2009). The local aquifers 
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are threatened by the risk of groundwater unsustainability (Konikow and Kendy, 2005; 

Wada et al., 2010; Gleeson et al., 2012).  

So far, in-situ networks are far from sufficient for large-scale and near real-time 

groundwater observation. Operated by different water authorities, gauged records are 

not easy to access. GRACE satellite mission provides an independent and valid source 

to investigate regional groundwater storage. Previous literature review (see Chapter 

2.1.1.3) has shown that it is common to combine the GRACE TWS anomaly with the 

soil moisture data derived from land surface models (LSMs) to conduct regional 

groundwater depletion study. Feng et al., (2013) employed soil moisture simulated from 

Noah, VIC, and Mosaic to estimate a groundwater depletion rate of 22±3 mm/yr in 

North China (including the HRB) between 2003 and 2010. Though it could be argued 

that basins such as HRB are not suitable for modelled soil moisture due to the strong 

impact of irrigation practice on soil water content. Moiwo et al., (2009) used in-situ soil 

moisture observations with GRACE CSR RL04 data to report a depletion rate of 13-24 

mm/yr in groundwater storage for the period of 2003-2006. 

This study incorporates gauged soil moisture records and the GRACE global solutions 

from CSR RL05 and GRGS RL02 to expand the assessment of groundwater depletion 

for HRB to 2012. In addition, in-situ groundwater observations and long-term rainfall 

data are examined to assess the potential reasons for local groundwater depletion.  

3.2 Study Area  

3.2.1 Location, Climate and Agricultural Practices 

The Hai River Basin, located in northeast China, covers an area of ~320,000 km2 

(Figure 3.1). Geographically, it can be generally divided into two parts: the 

mountainous regions to the west and north (Taihang Mountain, Yanshan Mountain and 

Shanxi tableland; taking up 60% of the total basin area) and the low lands to the 

southeast (the North China Plain, taking up 40% of total coverage). Dominated by 

continental monsoon climate, the rainfall in HRB varies in time and space. The coastal 
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regions in the east experience 100-150 mm more rainfall per year compared to inland 

regions of the basin. Between 70 and 85% of the rainfall occurs during the summer 

months (June to August).  

The NCP is the socio-economic centre in China and also the country’s ‘food bowl’, 

producing more than half of the nation’s wheat and a third of the country’s maize. The 

maize growth season synchronizes well with the rainy season; therefore, water needs are 

met chiefly by rainfall. In contrast, the wheat growing season (October-May/June) is 

comparatively dry; 70-80% of its water requirements must be met from irrigation (Liu 

et al., 2001; Liu et al., 2002). 

 

Figure 3.1 Location of the study area: the Hai River Basin (black solid line), the North 

China Plain (dark blue solid line), and administrative provinces (grey solid line). The 

geomorphological regions, surface water reservoirs, soil moisture stations, and 

monitoring bores are also demonstrated. A hydrogeological profile for the location of 

the cross-section (black dotted line) is shown in Figure 3.2. 

3.2.2 Hydrogeological Conditions  

Groundwater resources in the mountainous region are limited to local and shallow 

aquifers. The hydrogeology of this region can be subdivided into three groups: aquitards, 
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fractured aquifers in metamorphic and magmatic rocks, and karst aquifers (UNESCO 

Hydrogeological map of the world: http://www.whymap.org/). Being located in NCP, 

the basin characterized by a series of Quaternary aquifers, which has relatively good 

water bearing formations. The geomorphology can be divided into three types from 

west to east: the piedmont plain (adjacent to the Taihang and Yanshan mountains), the 

central alluvial plain (adjacent to the piedmont plain), and the coastal plain at the 

margin of the Bohai Sea (see Figure 3.2). The alluvial sediments of the piedmont plain 

are composed mainly of pebbles, gravel and sand. The high hydraulic conductivity of 

these sediments allows for high rates of 1) indirect groundwater recharge from the 

drainage network at the base of the mountains, and 2) direct recharge from rainfall 

across the plain, and therefore high sustainable yields for the shallow aquifers (Wang et 

al., 2008; Zhang et al., 2009). The hydraulic conductivity and recharge rates of the 

aquifers decrease with increasing distance from the piedmont plain to the coastal area 

(Foster et al., 2003). 

 Vertically, four main layers have been defined according to water use and 

hydrogeological characteristics (Figure 3.2; Zhang et al., 2009). Formations I (10 to <50 

m depth) and II (down to 210 m depth) are unconfined and semi-confined aquifers 

respectively, perform a range of ecosystem services, and are used for irrigation. 

Formation III (down to 310 m) and IV (>310 m) are confined aquifers. Formation III is 

often used for domestic and industrial water supply (Zhang et al., 2009). Herein we 

refer to Formations I and II as the shallower aquifers, and Formations III and IV as the 

deeper aquifers. 

 

http://www.whymap.org/
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Figure 3.2 Hydrogeological profile across the Hai River Basin6. The location of the 

cross-section is shown in Figure 3.1. 

3.2.3 Water Resources 

Several large river systems together with approximately 50 tributaries constitute the 

surface water system of HRB. Most rivers originate from the mountain range and are 

harvested in a series of large reservoirs before reaching to NCP. In 2007, 22 medium to 

large scale reservoirs, with a total storage capacity of 19.2 km3, controlled 83.5% of the 

surface water redistribution in the mountains. These surface water diversions have 

resulted in a large number of rivers within NCP changing from perennial to intermittent, 

and some rivers ceased to flow entirely. Groundwater resources supplied almost 70% of 

total water use, amongst which 85.7% (17.7 km3/yr) was from the unconfined shallow 

aquifers and 14.3% (2.9 km3/yr) from the confined deeper aquifers (Zhang et al., 2009). 

The groundwater extraction intensity across the NCP varies (shown in Figure 3.3). With 

the exception of the coastal plain region, shallow groundwater extraction exceeds 3×104 

m3/km2.yr) across the NCP. The most intensive areas of shallow groundwater 

extractions are in the piedmont alluvial plain (>25×104 m3/km2.yr). Deeper groundwater 

pumping mainly occurs in the central plain, ranging mostly from 1×104 to 3×104 

                                                
6 Modified from Foster et al., 2003 with permission.  
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m3/km2.yr; groundwater pumping with intensities >5×104 m3/km2.yr only occurs across 

~10% of NCP (Zhang et al., 2009). 

 

Figure 3.3 Spatial distribution of groundwater extraction and its impact on hydraulic 

heads in the North China Plain aquifers: intensity of groundwater extraction in the 

shallow (a) and deep (b) aquifers in 2003; and changes in hydraulic heads in the shallow 

(c) and deep (d) aquifers from 1959 to 20037. 

 

                                                
7 Modified from: (Zhang et al., 2009). 
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3.3 Method and Data 

According to the water budget equation in Eq. (2.1), change in terrestrial water storage 

can be contributed by the water mass changes in surface water, soil moisture, snowpack 

and ice sheets, and groundwater system. Over the HRB, the contribution from snow 

water and surface water components is very small and can be ignored. Snow water 

equivalent simulated by Global Land Data Assimilation System (GLDAS) for the 

period of 2003-2010 did not exceed 0.0 km3/yr (Feng et al., 2013). Majority of surface 

water storage is stored in large government reservoirs. Thirty-four medium to large size 

reservoirs located in the HRB represent most of the surface water storage in the basin 

(The Ministry of Water Resources in the Haihe River Water Conservancy Commission 

[HRWCC], 2003-2010). The deviation of the annual water storage against the mean for 

2003-2010 varies between -0.6 and 1.2 km3 (-1.8 to 3.7 mm in equivalent water height). 

Therefore, the variation in groundwater storage can be estimated as: 

 GWSMTWSDSS  -                                                  (3.1) 

We referred the groundwater storage ( GW ) as the deep subsurface storage anomaly 

(△DSS; depth >50 cm) as the soil moisture data used in this study only represents 

shallow soil moisture (down to a depth of 50 cm).  

3.3.1 GRACE Data 

Two GRACE global solutions are used: GRGS RL02 (sourced from: http://grgs.obs-

mip.fr/grace/) and CSR RL05 (sourced from: http://grace.jpl.nasa.gov/data/). They are 

aggregated to monthly time steps, expressed as equivalent water height (EWH) in 

mm/month.  

GRGS RL02 solutions represent the gravity field as 10-day normalized spherical 

harmonic (SH) coefficients up to degree 50 (corresponding to a global spatial resolution 

of ~400 km). The mean value of each coefficient was removed from all fields, so 

computations are expressed as anomalies relative to a mean value over the entire time 

span. According to the Eq. (3.2), the spatial means of total water storage were computed 

as the scalar product of the water mass coefficients )(tCnm  and )(tSnm  with Anm and 

http://grgs.obs-mip.fr/grace/
http://grgs.obs-mip.fr/grace/
http://grace.jpl.nasa.gov/data/
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Bnm the normalized harmonic coefficients of the HRB geographical mask (R=6371 km 

is the mean radius of the Earth). GRGS SH coefficients are constrained using an 

empirical stabilization approach which does not require any further filtering or 

decorrelation steps (i.e., destriping and spatial smoothing) (Bruinsma et al., 2010). The 

GRGS dataset includes estimates of the formal uncertainties of the spherical harmonic 

coefficients. We used these to derive uncertainties of TWS values at each epoch by 

propagating the variances (see Eq. (3.3)). Errors associated with leakage of signal from 

outside regions were estimated using the maximum amplitude simulated by the 

WaterGAP global hydrology model (WHGM; Döll et al. 2003), and were added to the 

formal uncertainties.  

 
n m

nmnmnmnm BtSAtCRt ))()((4)( 2                 (3.2) 

𝜎𝑁
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𝜕𝑁
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)
2

𝜎∆𝐶(𝑡)
2 + (

𝜕𝑁

𝜕∆𝑆(𝑡)
)
2

𝜎∆𝑆(𝑡)
2                         (3.3) 

CSR RL05 solutions also employ SH expansion model at global scale (Tapley et al., 

2004). Several filtering and smoothing operations have been adopted: 1) a destriping 

filter, to minimize the systematic north-to-south striping noises; 2) a 200 km wide 

Gaussian averaging filter, to reduce random errors in higher degree of SH coefficients; 

and 3) a low-pass spectral filter, to truncate SH coefficients to a maximum degree of 60 

(Swenson & Wahr, 2006; Landerer & Swenson, 2012). Although the above operations 

can effectively reduce signal errors in the spectral domain, they can also attenuate the 

geophysical signals. To restore the signal lost and quantify leakage errors, a set of 

gridded gaining factors are allocated each GRACE grid cell. A total error combining 

leakage and measurement errors for CSR RL05 was computed as around 23 mm for the 

HRB (Landerer & Swenson, 2012). Error estimation method can be referred to Landerer 

& Swenson (2012). 

3.3.2 Rainfall Data 

Monthly gridded precipitation data were obtained from the Global Precipitation 

Climatology Centre (GPCC), operated by the National Meteorological Service of 

Germany (Deutscher Wetterdienst, DWD; downloading website: http://gpcc.dwd.de/). 

http://gpcc.dwd.de/
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Both the Full Data Reanalysis Version 6.0 (GPCC-FD) and the Monitoring Product 

Version 4.0 (GPCC-MP) are used. The GPCC-FD has data from 1901 to 2010; the 

GPCC-MP was used as a supplement for 2011 and 2012. Both these two datasets are 

widely regarded as the most accurate world-wide rainfall for assessing climate models, 

satellite-based products, and global water resources (Becker et al., 2013). Apart from 

the systematic and residual errors from gauge measurements, stochastic sampling errors 

are the major source of uncertainty associated with the GPCC data. This uncertainty has 

been quantified globally over the most regions as between ±7 and 40% of the true area-

mean rainfall values, if five rain gauges are used within a grid cell (Becker et al., 2013). 

A spatial average was projected over HRB and NCP. The temporal rainfall variability is 

presented as annual deviation against the long-term mean (1951 to 2001) in Figure 3.4, 

and monthly time series between 2003 and 2012 in Figure 3.5. 

3.3.3 In-situ Soil Moisture Data 

In-situ observations of soil moisture (SM) were collected from the China 

Meteorological Data Sharing Service System (CMDSS) which operates an active 

networks of around 145 agro-meteorological stations across the HRB (of which 100 

stations are in the NCP). The spatial distribution of SM stations is shown in Figure 3.1. 

Data are archived as the relative soil moisture (expressed as a percentage of total soil 

water content in saturated condition) at depth intervals of 10, 20, and 50 cm. SM at 

greater depths (70 or 100 cm) is rarely recorded (<10 stations). As most HRB is covered 

by shallow-rooted winter wheat and summer maize crops, the greatest soil moisture 

variability is mostly within the crop root zone in the upper 50 cm (Zhou et al., 2008). 

Hence, we assumed that the soil moisture in the 0-50 cm depth is representative of the 

water mass variations for the shallow unsaturated zone.  

To be consistent with GRACE data, the collected SM records were aggregated into 

monthly means at each station. They were spatially interpolated into grid cells of 0.05° 

× 0.05° using Regular Spline with Tension (RST) method across our study area and 

averaged to the basin level; GRACE-derived △DSS datasets were also re-gridded into 

this spatial framework in order to calculate groundwater storage anomalies. Data gaps 

that appear frequently in winter months (January in particular) were filled by linear 
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interpolation. To convert soil moisture from relative to absolute in EWH, soil bulk 

density is required. Zhang et al., (2012) estimated an average bulk density value of 1.5 

g/cm3, with ±0.2 g/cm3 accounting for the spatial variations. The bulk density variations 

in space equate to around ±7% of the total SM storage change. The measurement errors 

and deep soil moisture fluctuation may also affect the accuracy of the SM anomaly. To 

account for the above, an uncertainty of 15% is assigned to the SM estimates. There is 

no uncertainty provided by data creators for reference. SM storage changes in the 

shallow unsaturated zone over HRB were calculated as the deviation of the monthly 

spatial average against the mean for the period of 2003-2012. 

3.3.4 In-situ Groundwater Data 

3.3.4.1 From in-situ Measurements across the Hai River Basin 

Daily records of hydraulic head from 42 bores located within the HRB boundary were 

collected from the National Earthquake Precursory Network of China (NEPN; 

http://qzweb.seis.ac.cn/twzx/). They were aggregated to monthly means, and computed 

as change in water level ( h ) between two consecutive months at each bore. Spatial 

interpolation in RST method is performed across the basin. Estimates of the specific 

yield ( SY ) are required to convert groundwater levels to groundwater storage (see Eq. 

3.4). There are no maps or references detailing the spatial variability of the specific 

yield across the HRB. According to the lithology of the aquifers, a SY ranging between 

0.05 and 0.07 (mean=0.06) was assigned to the NCP region and a SY ranging from 

0.005 to 0.02 (mean=0.0125) was assigned to the mountainous areas. The choice of SY

strongly influence the in-situ estimates of changes in groundwater storage.  

SYhGW                                                           (3.4) 

3.3.4.2 From in-situ Measurements across the Hebei Plain 

Another set of in-situ GW data used in this study is from the Hebei provincial water 

authority, who manages a dense monitoring network of ~314 bores over the Hebei Plain. 

Estimates of changes in groundwater hydraulic heads in the shallow aquifers across the 

http://qzweb.seis.ac.cn/twzx/
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Hebei Plain are spatially averaged by the water authority (Hydrology and Water 

Resources Information Networks of Hebei Province; Environmental Protection Bureau 

of Hebei, 2010-2011). Data are mainly recorded in March, May, August/September, and 

December, and therefore provides a general indication of the seasonal variability as well 

as long-term trends in groundwater storage. The Hebei Plain covers ~50% of the NCP 

area and by extension it can be considered as a first approximation of the entire NCP: 

land use practices, geology and the climate of the Heibei Plain can be considered as 

representative of the whole NCP. 

Table 3.1 A list of data items used in this study. 

Dataset Duration Temporal resolution Spatial resolution 

GRACE GRGS RL02  2003.01-2012.08 10-day 1° × 1° 

GRACE CSR RL05  2003.01-2012.12 30-day 1° × 1° 

GPCC-FD rainfall  1951.01-2010.12 Monthly 1° × 1° 

GPCC-MP rainfall  2011.01-2012.12 Monthly  1° × 1° 

In-situ soil moisture 2003.01-2012.12 Sub-monthly Point-scale 

In-situ well records  2003.01-2012.12 Daily Point-scale 

3.4 Results 

3.4.1 Variations in Precipitation and Soil Moisture 

Rainfall variability can result in large water storage fluctuations in both surface and 

subsurface stores. Using the GPCC data, Figure 3.4 plots the annual rainfall variations 

over the HRB and NCP. HRB generally has lower annual precipitation, compared with 

NCP, which is reflected by a difference of ~62 mm in long-term averages (mean annual 

rainfall between 1951 and 2001: 563.8 mm/yr in NCP vs. 531.4/yr mm in HRB). A 

drought occurred in 2001 and 2002, with an annual rainfall deficit compared to the 

long-term (1951-2001) average of 24% across the HRB (28 and 35% for NCP). A long 

rainy season in 2003 brought an end to this drought with an annual rainfall surplus of 18% 

in NCP and 12% in HRB. From 2003 onwards, rainfall declined steadily until 2006, 

when the annual rainfall was almost 20% lower than the long-term annual average in 
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both regions. From 2008 to 2011, rainfall returned wetter conditions with mean annual 

rainfall around and above average levels. 

 

Figure 3.4 Precipitation for the Hai River Basin and North China Plain: (a) annual and 

10-year average precipitation in the NCP from 1951 to 2012, and 50-year average from 

1951 to 2001; (b) deviation of annual precipitation for 2003-2012 from long-term 

average (1951-2001).  
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From 2003 to 2012, SM anomaly in the first 50 cm of the soil profile varied between -

50 and 50 mm (Figure 3.5 (a)). The only remarkable peak and trough are found at the 

end of 2003 and pre-summer in 2007. Despite that, no significant interannual trend is 

detected in SM: linear trend of -0.4±0.06 mm/yr (-0.1±0.02 km3/yr in volume) between 

2003 and 2012, considering the uncertainty outlines in Chapter 3.3.3. In the HRB, 

irrigation is widespread as annual potential evaporation exceeds total rainfall. Irrigation 

practices may strongly influence soil moisture. Significant volumes of groundwater 

resources are seasonally pumped to meet high water requirements from cropping; this 

practice has been shown to reverse the drying trends in soil profile (Yang et al., 2006). 

At seasonal scale (Figure 3.5(b)), the highest soil moisture deficit (~20 mm on average) 

occurs in the April to June period. This seasonal soil moisture deficit is replenished by 

rainfall events during the summer. A short decline in soil moisture (<5 mm) can be seen 

in autumn, which is quickly compensated by a large gain from irrigation during winter 

(increase by 15 mm). 
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Figure 3.5 Precipitation, in-situ soil moisture and potential evaporation across the Hai 

River Basin: (a) monthly precipitation and in-situ SM storage anomalies (expressed as 

deviation from the mean of 2003-2012); and (b) mean monthly precipitation (2003-

2012), pan evaporation (1971-2000) and mean monthly in-situ SM storage anomalies. 

The error range of SM anomaly is indicated by light blue shading. Pan evaporation data 

are obtained from CMDSS. 

3.4.2 GRACE TWS Anomalies 

Figures 3.6(a) and 3.7(a) present the GRACE TWS anomalies from the two solutions: 

GRGS RL02 and CSR RL05. Despite the replenishment by the high rainfall in 2003, a 

long-lasting downward trend is observed in GRACE TWS over HRB. The total on-land 

water mass declined at a rate of -17.9±4.6 mm/yr according to GRGS RL02 solutions 

and -8.7±4.0 mm/yr according to CSR RL05’s in EWH; equal to a volumetric loss of  -

5.8±1.5 and -2.8±1.3 km3/yr, respectively. The decline in TWS during 2004-2006 

corresponds to the same period of below average rainfall. From 2007, annual rainfall 

levels increased whereas TWS anomalies continued to decline until 2012. An 
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examination of the amplitude in SM storage anomalies demonstrates that the water mass 

change in SM is not the likely contributor to the decrease in TWS (see Chapter 3.4.1). 

This may indicate a potential impact from the consumption of groundwater resources in 

the heavily irrigated HRB or NCP.  

At the seasonal scale (Figure 3.6(d) and 3.7(d)), the phase in GRACE-estimated TWS 

anomalies agrees generally well with the pattern of soil moisture. Water storage in SM 

and TWS  peak in the summer (August-September), correlating to rich rainfall during 

this time; it bottoms out during the pre-summer season, with a water deficit of ~17 mm 

found in SM and up to 54.6 mm in TWS in June. Remarkable water stress in the late 

spring and early summer can be attributed to water loss via evapotranspiration, which 

would trigger massive groundwater pumping. The SM storage from in-situ 

measurements appear to be extremely high in winter; up to 15.6 mm of water gain can 

be seen between December and the following February, which would even exceed the 

GRGS-estimated TWS amplitudes in the same time. Some discrepancies also can be 

found between CSR and GRGS in TWS projection. The CSR solutions show an extra of 

~10 mm water deficit in June compared with GRGS; the opposite is found for the peak 

time in September: 15 mm less in CSR than in GRGS. The CSR solutions have a high 

level of TWS storage in winter and early spring (a water gain of up to 22 mm). 

3.4.3 Comparison of GRACE and in-situ GW Anomalies 

Figures 3.6 and 3.7 compare GRACE-estimated DSS anomalies (panel (b)) with the in-

situ GW storage changes (panel (c)). Similar to the trend in TWS anomalies, DSS also 

presents a persistent decline since 2004. The linear trend in DSS estimated by GRGS for 

the period of 2003-2012 indicates water storage depletion at a rate of -17.0±4.3 mm/yr 

in EWH, equal to a volumetric loss -5.5±1.4 km3/yr (CSR: -8.3±4.5 mm/yr and -2.7±1.5 

km3/yr). Depletion trend is also found in in-situ groundwater measurements, 

representing a higher loss in groundwater storage (in EWH: -31.7±7.2 mm/yr; in 

volume: -10.3±2.4 km3/yr), with no signs of growth in GW storage in 2003. The 

difference between GRACE and ground observations in GW storage change may be 

related to the value of SY. By changing SY from mean value of 0.06 to 0.08 for the 

NCP and from 0.0125 to 0.05 for the mountain ranges, the estimated linear trend in GW 
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storage from monitoring bores will drop by ~15 mm/yr in EWH and 5 km3/yr in volume. 

In addition, uneven distribution of ground well samples and their density can also 

influence our estimation of GW storage depletion.  

Regarding the seasonal amplitude and phase, the GRACE-estimated DSS anomalies 

also shows a general good agreement with in-situ observations. Seasonally, a GW 

deficit occurs between April and July, with a peak in June (-23.4 and -37.1 mm from 

GRGS and CSR respectively, against -20 mm from the in-situ measurements). The 

timing of this phase correlates with the demand for irrigation from GW aquifers to 

support winter wheat, the predominant crop in the basin (Xu et al., 2005). Upcoming 

rainfall in the summer recharges local GW aquifers, making the storage peak in October 

with an estimated seasonal gain of 12.3-28.7 mm by GRACE, compared with 25.0 mm 

based on results from the ground monitoring bores. Unusually high levels of in-situ SM 

storage in the winter and a following sharp decline in March and April cause a ’fake’ 

water gaining in GRACE-estimated DSS in the same months. There is no such a trend 

found in ground-measured GW projections, with a gradual water deficit starting as early 

as in March. The DSS deficits estimated by GRGS in June and July are closer to in-situ 

results, whereas a more severe GW loss is estimated by CSR.  
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Figure 3.6 Over the Hai River Basin: (a) the total water storage anomalies (TWS) and 

(b) the deep subsurface water storage anomalies (DSS) derived from GRACE GRGS 

RL02 solutions from 2003 to 2012; (c) in-situ groundwater storage anomalies (denoted 

as “In-situ GW”) for the same period; (d) seasonal amplitudes in TWS, SM, DSS and 

in-situ GW after removing annual trend. Linear trend for TWS, DSS and in-situ GW is 

marked as black dashed line; grey shading for estimated errors. Values are expressed in 

equivalent water height in mm as deviations from the 2003-2012 mean. 
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Figure 3.7 Over the Hai River Basin: (a) the total water storage anomalies (TWS) and 

(b) the deep subsurface water storage anomalies (DSS) derived from GRACE CSR 

RL05 solutions from 2003 to 2012; (c) in-situ groundwater storage anomalies (denoted 

as “In-situ GW”) from 2003 to 2012; (d) seasonal amplitudes in TWS, SM, DSS and in-

situ GW after removing annual trend. Linear trend for TWS, DSS and in-situ GW is 

marked as black dashed line; grey shading for estimated errors. Values are expressed in 

equivalent water height in mm as deviations from the 2003-2012 mean. 
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3.4.4 Groundwater Depletion in NCP 

By using GRACE satellite and ground observations, we can conclude that GW storage 

over HRB was undergoing a continuous depletion during the last decade. However, a 

contribution to such remarkable GW depletion is speculated to come from NCP, where 

the total annual GW consumption has been to take up approximately 80% of the total 

volume for the HRB (Table 3.2), rather than from its surrounding mountainous regions 

and tableland (Figure 3.1). To confirm this conclusion, we calculated NCP-average 

monthly GW storage anomalies based on the in-situ monitoring bore records (Chapter 

3.3.4.2). Results show that the groundwater storage over NCP between 2003 and 2012 

was dropping at a rate of -62.9±10.5 mm/yr in EWH, which is significantly larger than 

the values averaged over the HRB; annual water loss measured in volumetric rate across 

the NCP is at 8.8±1.5 km3/yr, accounting for >80% of the total annual GW loss in HRB.  

Table 3.2 Comparison of the total surface water and groundwater use between the 

Har River Basin and the North China Plain in 20038. 

Region 
Area 

(km2) 

Surface water use 

(km3) 

Groundwater use 

(km3) 

Groundwater as % of 

total water consumption 

HRB 320,000 11.49 26.1 69.6% 

NCP 140,000 9.1 20.6 69.3% 

Secondly, we also extrapolated GW storage change (only with reference to shallow 

aquifers) provided by the Hebei water authority between 2003 and 2011 to the whole 

NCP. The depletion rate was computed as -14.2±2.4 mm/yr in EWH (2.0±0.3 km3/yr in 

volume), which is much smaller than the figures based on the ground monitoring bores 

collected from the NEPN. This rate is close to the GRGS estimates but larger than the 

rate derived from the CSR solutions. The large discrepancy between these two in-situ 

data sources may be significantly affected by the spatial and temporal data density: 

according to the description from the provincial water authority, their statistics are on 

the basis of >300 gauging bores, with accessible data publicity at 3-4 month time 

interval; on the contrary, the daily records collected from the NEPN only have around 

                                                

8 Data are sourced from: HRWCC (2003-2010).  

9 The value includes 1.09 km3 of surface water diverted from the Yellow River. 
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40 bores covering the whole HRB, with large opening places over the central and 

southern parts of the NCP.  

Based on the mean annual change in hydraulic head measured at each bore (from NEPN) 

between 2003 and 2012, we can also draw some conclusions about the spatial variations 

of GW storage change across the HRB and NCP (see Figure 3.1). Shanxi Plain and 

mountainous regions surrounding the NCP showed no obvious drop in local water table 

level. The most noticeable GW depletion came mainly from within the NCP. Bores 

distributed over the upper NCP, covering Beijing and Tianjin municipals, northern 

Hebei Plain and the north-eastern NCP, were experiencing the most massive 

groundwater loss varying from only few meters to >10 m per year. Such a point-based 

change pattern in bores in NCP is consistent with the numerical model results. 

According to the GW depletion map estimated by MODFLOW10, the piedmont plain 

(especially Shijiazhuang City and Beijing) suffered the highest rate of shallow GW 

depletion (50-280 mm/yr; Cao et al., 2013); the model MIKE SHE11, on the other hand, 

indicates that the alluvial plain in NCP bore the most extensive decrease in head 

elevation from the deep aquifers (>40 m; Qin et al., 2013).  

  

                                                
10  MODFLOW: is the United States Geological Survey (USGS)’s three-dimensional finite-difference 

ground model. 

 
11 MIKE SHE: is an integrated hydrological modelling system that simulate water flow in the entire land 

based phase of the hydrological cycle, including groundwater flow. 
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Figure 3.8 Spatial variations of: (a) annual average depletion rate (unit: mm/yr) in the 

shallow aquifers from 1970 to 2008, modelled by MODFLOW-2000 (sourced from 

Cao et al., 2013); and (b) head elevation changes (unit: m) in the deep aquifers between 

January 2000 and August 2008, modelled by MIKE-SHE (sourced from Qin et al., 

2013), over the North China Plain. 

3.5 Discussion 

The above analysis and comparison reveals two things: 1) HRB, especially NCP, was 

constantly having GW depletion over the last decade; and 2) GRACE is able to detect 

this phenomenon. The driving factor behind GW storage depletion is not related to 

climatic drought but mainly contributed by anthropogenic over-exploration. The 

continuous GW decline during the period 2007-2012 demonstrates this point. The 

government promoted several water-saving programs in the past decade, including 

water pricing (Liu & Jiang, 2003; Calow et al., 2009), agricultural water efficiency 

(McVicar et al., 2002; Fang et al., 2010; Hu et al., 2010), and ‘Shut down privately-

owned wells’ scheme (HRWCC, 2010). However, the effects of these schemes seem to 

be too little and are offset by the large amount of water consumption. Agricultural 

irrigation accounts for two-thirds of this groundwater depletion. It has been suggested 

that the key to save groundwater resources from drying up in agricultural regions is to 

change cropping patterns to less water-demanding types (Foster et al., 2003; Lohmar et 
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al., 2003). Industrialization and urbanization do also exert large stress on the local 

aquifer system. 

GRACE provides a rapid and up to date means to detect GW depletion over a large 

region or basin. Such an application is particularly valuable in regions with sparse 

monitoring networks. However, GRACE does have some limitations as a measure. First, 

GRACE closely rely on the quality of ancillary data to calculate GW storage change. 

Poor performance of ancillary water component data may contaminate the final results. 

Secondly, large uncertainties sourced from both pre-processing and post-processing 

strategies and operations can also attenuate GRACE’s final signals. This has been 

clearly demonstrated by the difference between GRGS RL02 and CSR RL05 in 

estimating DSS anomalies. As the total area of our study region just met the minimum 

requirement of GRACE in space, spatial variations of DSS is not valid to present by 

GRACE. Feng et al., (2013) provided maps from CSR, GFZ, JPL and GRGS in TWS 

and GW anomalies for North China (a region twice the size of HRB). Their maps show 

that GRACE global solutions are not able to capture the sub-regional hydrological 

variations beyond their basic spatial resolution. This can be confirmed by their loose 

trend map showing the same GW depletion amplitude throughout the mountainous areas 

to the central NCP. 

3.6 Conclusion 

Based on GRACE TWS observations, in-situ soil moisture and groundwater records, 

this study investigated the recent decadal GW storage variation over HRB including the 

NCP. Comparison and data analysis reveal that: 

HRB was bearing a remarkable and constant declining trend in GW storage between 

2003 and 2012. The depletion rate suggested by GRACE GRGS RL02 solutions is 

17.0±4.3 mm/yr in EWH and 5.5±1.4 km3/yr in volume; CSR_RL05 solutions project a 

lower rate of 8.3±4.5 mm/yr in EWH and 2.7±1.5 km3/yr in volume. This trend shows a 

reasonable agreement with the ground bore observations. However, in-situ 
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measurements propose a stronger depletion trend in GW: -31.7±7.2 mm/yr in EWH, 

which is equivalent to a volumetric rate of -10.3±2.4 km3/yr.  

Despite the above difference between GRACE and ground observations, we believe that 

such a mass change below the surface is mainly contributed by the massive GW 

overdrawal rather than climate drought (rainfall deficit). This is clearly shown in the 

period of 2007-2012, when rainfall returned to average level whereas the local aquifers 

was continued with a downward trend. GW extraction was particularly intensive over 

NCP, where massive agricultural production, increasing population and furious 

expansion in urbanization and industrialization should be the ones pay the price for GW 

exhaustion.  

Our study also exposes the merits and limits associated with GRACE in hydrological 

study. First, GRACE greatly compensates the inconvenience of scarce ground 

monitoring networks or data inaccessibility. Second, GRACE measures terrestrial water 

mass movements at regional scale with all the water components considered. However, 

the coarse spatial resolution prevents GRACE data from being applied for sub-basins or 

regions <200,000 km2 in total area.  
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Chapter 4: A Comparative Study of Continental 

Evapotranspiration Estimates in Semi-arid and Arid 

Environments 

Abstract 

This chapter aims to identify the benefits of using regional GRACE solutions in 

evapotranspiration (ET) estimation over a water-limited environment. To assist in ET 

validation, other three continental ET products are used. These ET products are varied 

in algorithm, forcing input and ground calibration. The chosen study areas are two large 

Australian semi-arid and arid basins: the Murray Darling Basin (MDB) and the Lake 

Eyre Basin (LEB). Evaluation is conducted at different spatial and temporal scales, with 

an intention to examine: 1) the dynamics of each ET data source in capturing spatio-

temporal ET variations under a semi-arid and arid climate; 2) the merits and drawbacks 

associated with each ET product; and 3) the benefits of GRACE in ET quantification. 

4.1 Introduction  

Evapotranspiration is an essential component in hydrological process, which constantly 

affects the energy and water exchange between the atmosphere and land surface 

(Vinukollu, Meynadier, et al., 2011; Long et al., 2014). Due to the complicity of physics 

involved, ET processes cannot be measured directly. So far, there is no dataset which 

can provide accurate evaporation and transpiration estimates over a wide range of 

landscapes. In recent decades, benefiting from the boom in remote sensing products and 

ground monitoring networks, numerous ET products from continental to global scales 

have been generated (Cleugh et al., 2007; Fisher et al., 2008; Jung et al., 2009; Zhang, 

Kimball, et al., 2010). Contemporary large-scale ET datasets can be categorized as: RS 
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modelling products; land surface model outputs; atmospheric reanalysis; upscaled eddy 

covariance (EC) measurements; and catchment water balance ET estimates (Mueller et 

al., 2011). These vary in terms of modelling methods, paramerisation, input forcing data, 

and ground calibration, and are hence varied in performance (King et al., 2011; 

Vinukollu, Meynadier, et al., 2011; Vinukollu, Wood, et al., 2011; Long et al., 2014).  

So far, few studies have conducted broad and comprehensive ET comparison from 

multiple sources, particularly in semi-arid and arid regions where large differences have 

been found (Xu and Singh, 2005; Cleugh et al., 2007; Mueller et al., 2011b; Vinukollu, 

Wood, et al., 2011). This apparent oversight is mainly due to lack of robust and 

independent reference data. Traditionally, large-scale ET validation relies on two 

methods: EC tower measurements and catchment/basin water balance. The former one 

is faced with energy closure problem and spatial mismatch (Allen et al., 2011; Glenn et 

al., 2011); the later approach is only valid at multiple-year scale with an assumption that 

the total water storage change at that temporal length equates to zero (Xu & Singh, 2005; 

Zhang, Leuning, et al., 2010; Senay et al., 2011). The launch of the GRACE satellite 

mission allows the total water storage change to be measured. Based on the water 

balance algorithm, GRACE is a promising solution for providing large-scale ET 

simulation or verification at seasonal or sub-annual scales.  

Previous ET studies related to GRACE are all based on global solutions at original 

spatial resolution of 4° × 4° (i.e., Rodell et al., 2004; Ramillien, Frappart, et al., 2006; 

Moiwo et al., 2011). These studies focus on basin-average temporal variations in ET. In 

this study, a new set of regional GRACE solutions featured by a higher spatial 

resolution and less leakage errors is used, with which we anticipate that a reasonably 

good map showing large-scale ET variations in space can be obtained and compared 

with other ET datasets. 

4.2 Study Area  

Two large Australian basins are used in this study (Figure 5.1): the Murray Darling 

Basin (MDB) and the Lake Eyre Basin (LEB). They are ideal locations, as both basins 
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are sufficiently large to meet GRACE’s spatial resolution requirement (at 

least >150,000 km2). Furthermore, they have no or low rates of surface outflows; LEB 

is an endorheic basin, and MDB has recently experienced a severe drought (mid-1990s 

to 2009) which reduced already small outflows to historically low levels (Leblanc et al., 

2012; Van Dijk et al., 2013). Murray River discharge measurements at the outlet of 

MDB (at Lock 1; location in Figure 5.1) had mean monthly values of <250,000 ML, 

which is 0.23 mm/month in equivalent water height, for the period 2003-2011. The 

lowest and highest river discharge values were 0.01 mm/month in April 2007 and 2.28 

mm/month in March 2011, respectively (Murray Darling Basin Authority [MDBA], 

2014).  

The Lake Eyre Basin (1.14 million km2) encompasses 81.5% hot dessert (arid climate) 

and ~15% hot steppe (semi-arid climate). Rainfall within the basin varies widely, and is 

usually unable to meet the atmospheric moisture demand. The annual rainfall over arid 

regions barely reaches 200 mm/yr; the north-east edge receives rainfall of up to 700 

mm/yr under the influence of infrequent tropical storms (McMahon et al., 2008a). The 

annual potential evaporation (PET) averaged over 1961-1990 was 1,453 mm/yr. LEB 

contains the world’s largest internally-draining rivers (Lake Eyre Basin Coordinating 

Group, 2014). Floods in the basin are ephemeral and extremely variable (McMahon et 

al., 2008b). Flows and floodwaters that form during heavy rainfall events carry only 1% 

of total rainfall; a large fraction (~99%) of rainfall is lost through evaporation and 

transpiration (Ladson 2008). 

The Murray Darling Basin (1.06 million km2) contains transition from subtropical to dry 

arid climate. Rainfall distributions within the basin vary greatly, decreasing from the 

south-eastern and eastern boundaries (between 600 and 800 mm) towards its western 

and north-western boundaries (between 100 and 300 mm). The average annual PET for 

the period of 1961-1990 was 1236 mm/yr. The basin consists of three large river 

systems and ~30,000 wetlands. As the country’s food bowl, ~80% of its area is used for 

agricultural practices, consuming >40% of the total water extraction in Australia 

(MDBA, 2014). Nearly half the surface water is redistributed by irrigation dams and 

lost via ET (Ladson 2008). Many areas in the basin have little or no regular runoff 

(Zhang et al., 2008; Leblanc, et al., 2012).  
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Figure 4.1 Location of the Murray Darling Basin and the Lake Eyre Basin, and the 

distribution of climate classifications from the Köppen-Geiger climate map12. 

4.3 Data and Methods  

4.3.1 Rainfall Data 

Rainfall data for the period 2003-2010 was provided by the Australian Bureau of 

Meteorology (BoM, http://www.bom.gov.au/). Rainfall data were used for two purposes: 

1) to integrate with GRACE measurements to obtain basin-scale ET estimates; 2) to 

jointly evaluate ET datasets and identify their potential deficiencies. This is because 

rainfall over semi-arid and arid environments is the key factor in determining ET 

processes. The rainfall data is a gridded-cell daily product interpolated from weather 

station observations. The spatial resolution of this dataset is 0.05°.  

4.3.2 Continental ET Products 

The three continental modelled actual ET products used in this study include: 1) 

CMRSET estimates based on the Priestley-Taylor method (denoted as PT-CMRS); 2) 

                                                
12 Modified from: (Peel et al., 2007). 

http://www.bom.gov.au/
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global ET datasets developed by Mu and her colleagues based on the Penman-Monteith 

method (denoted as PM-Mu), and 3) ET outputs from the landscape model of Australian 

Water Resources Assessment system (AWRA-L; ET datasets are denoted as ‘AWRA’). 

Their algorithms, data inputs, and ground calibration are listed in Table 5.1. Meanwhile, 

we also adopt potential evaporation (Ep) data extracted from the model Australian 

Water Availability Project (AWAP; data can be downloaded from: http://ww 

w.csiro.au/awap/) to test whether the local ET processes are dominated by water or 

energy factors. Ep was calculated by the Priestley-Taylor method and forced by the 

gridded meteorological data obtained from BoM (Raupach et al., 2009). To make our 

datasets consistent in time and space, ET results sourced from the three models were 

converted into monthly time intervals and 0.05° (~5 km) spatial resolution, covering the 

period 2003-2010.  

4.3.2.1 PT-CMRS Product 

Guerschman et al., (2009) modified the P-T formula with dynamic coefficients based on 

MODIS retrievals and mapped actual ET over the Australian continent. In the P-T 

equation, α is an empirical constant, usually taken as 1.26. Such a constant scaling 

factor is not valid for heterogeneous land surfaces (Glenn et al., 2007). To address this 

problem, two indices - the Enhanced Vegetation Index (EVI) and the Global Vegetation 

Moisture Index (GVMI) - were used to form feasible scaling factors to recognize 

different land covers, i.e., vegetation, bare soil, wetlands, and open water bodies. The 

PT-CMRS model also includes a module to account for precipitation interception. This 

model has been calibrated at seven flux sites in Australia. The data can be downloaded 

from the following website: https://remote-ensing.nci.org.au/u39/public/html/wirada/ 

index.shtml.  

4.3.2.2 PM-Mu Product 

The PM-Mu data is a MODIS-based ET product. It was firstly developed by Cleugh, et 

al., (2007) with a linear surface resistance model based on MODIS LAI. Later on, Mu et 

al., (2007) modified the model with a complex stomatal conductance scheme. The 

model also accounts for soil evaporation. They extended ET estimates from Australian 

https://remote-ensing.nci.org.au/u39/public/html/wirada/%20index.shtml
https://remote-ensing.nci.org.au/u39/public/html/wirada/%20index.shtml
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to global scale. Further adjustments have been summarized in Mu et al., (2011). The 

authors tested the model at global and flux site scales, and concluded a better 

performance from the latest version. Data can be downloaded from http://www. 

ntsg.umt.edu/project/mod16.  

4.3.2.3 AWRA-L Product 

The AWRA-L is a landscape model comprised by the Australian Water Resources 

Assessment system (AWRA; co-developed by BoM and CSIRO) (Van Dijk & Renzullo, 

2011). The AWRA-L describes the water storage and flux in the vegetation, multi-layer 

soil, as well as in surface runoff and groundwater (Van Dijk, 2010). In ET calculation, 

either the P-M or P-T equation was used, depending on in-situ wind speed availability. 

At each grid cell, ET is the sum of: 

rsgti EEEEEE  ,                                            (4.1) 

where, tE  is vegetation transpiration; iE , rE , gE and sE are evaporation from rainfall 

interception, open waters, saturated soil (groundwater outflow), and unsaturated soil 

surface, respectively. The AWRA-L ET product does consider water stress over 

vegetation transpiration and soil evaporation. But, it may underestimate ET over 

wetlands, floodplains, and irrigated farmland due to an absent structure of lateral water 

flows. Gauged runoff (from 183 to 326 Australian catchments) and eddy covariance 

flux tower observations (4 sites) were used to visually fit some components and 

parameters of the model. The ET dataset used in this study is from model version 0.5. 
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Table 4.1 Summary of the ET products used in the study. 

ET 

source 
Algorithm 

Resolution Forcing data 

Calibration in 

Australia 
Temporal Spatial(°) 

Ground 

meteorological 

inputs 

RS inputs 

PT-

CMRS 

MODIS-based 

retrievals to 

scale the PT 

method 

8-day 0.002 

SILO daily 

dataset 

(temperature + 

radiation) 

MODIS: 

MOD13Q1+ 

MOD09A1 

7 flux sites (two 

forests, two 

savannah, a 

grassland, a 

floodplain and a 

lake) 

PM-Mu 

MODIS-based 

retrievals for 

the PM 

method 

monthly 0.05 GMAO dataset 

MODIS: Land 

cover type 

2(MOD12Q1)

+ EVI 

(MOD13A2) 

+ LAI/FPAR 

(MOD15A2) 

+ Albedo 

(MOD43C1) 

None 

AWRA 

Water and 

energy 

constrained 

model 

daily 0.05 

SILO and 

BAWAP13 

datasets 

AVHRR 

NDVI 

4 flux sites and 

indirectly from 

up to 326 

catchments 
       

GRACE 
Water budget 

method 
10-day 2 

BoM rainfall 

data 

TWS 

measurements 
None 

4.3.3 Regional GRACE Solutions  

Global solutions like CSR and GRGS employ spherical harmonic models to build up the 

global gravity field. They carry a strong north-south striping pattern of noise; their 

signals are also affected by the mass leakage from outside of a target region. The 

regional solutions used here are based on the energy integral and constrained least-

square approaches (Ramillien et al., 2011; Ramillien et al., 2012). The computation of 

total water mass over continental regions is estimated by using the dynamical orbit 

analysis of GRACE Level-1 measurements, and the accurate along-track K-Band Range 

Rate (KBRR) residuals. Obtained regional GRACE solutions are expected to carry a 

                                                
13 The SILO and BAWAP datasets were produced by the Department of Environment and Resource 

Management and the Bureau of Meteorology, respectively.  
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better spatial accuracy (2° × 2°) in representing total water storage estimates (Frappart 

et al., 2013; Seoane, et al., 2013). The 10-day regional datasets cover the Australia 

continent and span the years from 2003 to 2010 (Seoane et al., 2013).  

In order to estimate ET via GRACE TWS measurements, the water balance equation 

and the terrestrial water storage change formula described in Eq. (2.3) and (2.4) were 

adopted both at basin and grid-cell levels. We assumed Q=0 as both basins have very 

low rates of discharge. Thus, monthly ET at each grid cell was estimated as the 

difference between rainfall and basin water storage changes (P- S ) at the same 

temporal and spatial scales. 

4.3.4 Evaluation Strategy  

4.3.4.1 Temporal Comparison 

Temporal comparison is based on basin-average scale. ET estimates sourced from four 

datasets were averaged over the basin and compared against the rainfall at three 

different levels: monthly, seasonally and annually. Correlation coefficients (R) and root- 

mean-square difference (RMSD) were employed to assess the sensitivity and difference 

of monthly ET time series to rainfall (Chapter 4.4.1.1). Multi-year mean seasonal ET 

values averaged over the basins are divided by the rainfall for the same period to test 

water closure property (Chapter 4.4.1.2). Budyko diagram14, representing water and/or 

energy conditions over a basin, is used to reflect water balance between annual ET and 

rainfall in different water years (Chapter 4.4.1.3).  

We also tested the dynamics of four ET estimates to climate extremes (Chapter 4.4.1.4). 

From 1997 to 2009, most of South Eastern Australia (SEA, encompassing MDB) 

experienced a severe drought, referred as the Millennium Drought (Leblanc et al., 2012; 

Van Dijk et al., 2013). A strong La Niña event occurred from July 2010 to March 2011, 

bringing an abrupt end of this long-term drought and feeding the two basins with 

                                                
14 Budyko (1974): basin evaporation is both controlled by water and energy factors. When a basin is 

provided with sufficient evaporative energy but limited water supply, the actual total annual ET (Ea) will 

approximate the total annual precipitation (Pa). However, if a basin has sufficient water supply, Ea will 

approach potential evaporation (Ep). Based on such a supply-demand principle, the Budyko diagram plots 

Ea/Pa at annual or multi-annual steps to indicate how much Pa is lost via Ea on the y-axis and an index of 

climatic aridity (Ep/Pa) on the x-axis.  
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extremely higher rainfall than average. Monthly ET time series from four ET data 

sources for the wet period of July 2010 to June 2011 were compared with the relatively 

dry period of July 2003 to June 2010.  

4.3.4.2 Spatial Comparison 

In space, the mean seasonal and annual ET maps derived from each method were 

plotted against rainfall distribution in Chapter 4.4.2.1 and 4.4.2.2, respectively. We 

further tested the spatial sensitivity of four ET datasets to the rainfall variability; spatial 

difference between the rainfall and ET (denoted as “P-ET”) during the three extremely 

dry and wet periods were calculated (Chapter 4.4.2.3). The larger difference shown in 

the map, the less sensitivity a method may have. For visualization of the regions 

receiving ‘abnormal’ rainfall, we mapped rainfall deviation of the three extreme periods 

against the multi-year means. Information about these three events can be referred to 

Table 4.2.  

Table 4.2 Climatic extreme periods occurred in the Murray Darling Basin and Lake 

Eyre Basin: the time span, corresponding rainfall (Pe), and the normal rainfall (Pnor) 

level averaged between 2003 and 2009 during the same months. 

 Dry (El Niño impact) Wet1 Wet2 (La Niña impact) 

Basin 
Time 

span 

Pe 

(mm) 

Pnor 

(mm) 

Time 

span 

Pe 

(mm) 

Pnor 

(mm) 

Time 

span 

Pe 

(mm) 
Pnor (mm) 

MDB 
Aug-Oct, 

2006 
29.3 89.5 

Jan-Mar, 
2010 

234.1 111.6 
Sep-Nov, 

2010 
249.5 109.7 

LEB 
Aug-Oct, 

2006 
3.7 22.0 

Jan-Mar, 

2010 
248.7 98.0 

Sep-Nov, 

2010 
189.5 39.1 

4.4 Results  

4.4.1 Temporal Comparison  

4.4.1.1 Monthly Comparison 

Figure 4.2 shows that total water availability - as opposed to energy factor - is the key 

impact factor in controlling ET processes in both two basins. Monthly potential 

evaporation is much higher than the corresponding rainfall levels throughout the years 
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measured. Four ET methods used in this study generally have an agreement in 

simulating seasonal ET variations. They are also able to capture that LEB with less 

rainfall (22.7 mm/month on average; in contrast to 39.6 mm/month in MDB) has 

relatively low level of ET (<25 mm/month on average). For MDB, an average ET >35 

mm/month is predicted except for PM-Mu. But their response to rainfall varies in 

amplitude and duration between models. 

The ET estimates considering water stress have a better response to rainfall at monthly 

time steps, which yield a good linear correlation with each other (see Table 4.3). Forced 

by rainfall as the input data, AWRA has much higher correlation coefficients (>0.7) 

with rainfall, compared with R<0.5 between PT-CMRS/PM-Mu and rainfall. GRACE 

shares similar magnitude and phase with AWRA in ET estimates. Unsurprisingly, they 

have the lowest RMSD (<15 mm) and the strongest linear correlation (≥0.75). In 

contrast, the RMSD values between GRACE and PT-CMRS/PM-Mu are much high 

(>20 mm), and the R values are around or below 0.5.  

Without explicitly constrained by water factor, PT-CMRS seems to respond better than 

PM-Mu to rainfall. PT-CMRS has a better correlation and lower RMSD with AWRA 

and GRACE, particularly with AWRA. PM-Mu tends to systematically underestimate 

the monthly ET during the wet seasons, which is particularly apparent in MDB. Over 

the LEB, it is common to see that both PT-CMRS and PM-Mu significantly 

overestimate ET against the rainfall during the dry seasons; the differences can reach 

20-30 mm/month. They also have large differences with rainfall and water-constrained 

ET products during the wet seasons.  

Table 4.3 R and RMSD values calculated between each pair over the Murray Darling 

Basin and the Lake Eyre Basin during the period of 2003-2010.  

Basin R/ RMSD Rainfall PT-CMRS PM-Mu AWRA 

LEB 

PT-CMRS 0.51    

PM-Mu 0.37 0.66/7.1   

AWRA 0.76 0.79/12.5 0.37/15.9  

GRACE  0.55/20.7 0.41/ 21.4 0.80/14.2 

MDB 

PT-CMRS 0.35    

PM-Mu 0.41 0.93/9.9   

AWRA 0.71 0.77/11.8 0.72/16.2  

GRACE  0.41/20.4 0.45/23.1 0.75/14.7 
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Figure 4.2 Monthly ET time series derived from four ET methods against rainfall and 

potential evaporation (Ep) over the Murray Darling Basin (a) and the Lake Eyre Basin 

(b) basins during the period of 2003-2010. 
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4.4.1.2 Seasonal Comparison  

Table 4.4 displays the mean seasonal ET estimates averaged between 2003 and 2010 

against the rainfall for the same period. In general, four ET sources are able to capture 

seasonal ET variations in a pattern that is similar to rainfall. Among the four seasons, 

the highest ET occurs in summer given the fact that rich rainfall and high temperature 

are received by two basins during this season. The season with the lowest ET rates is the 

winter in LEB and the autumn in MDB.  

By observing each ET source, we find that ET estimates derived from PM-Mu are 

constantly lower than the other three over the MDB. It takes only 68% of the rainfall 

even in summer and 42% in winter. However, when it comes to LEB, ET estimates 

provided by PT-CMRS and PM-Mu significantly outpace rainfall during the dry seasons; 

the ratios of ET/P for autumn are >1.5. Comparatively, based on the algorithm of water 

balance, AWRA and GRACE are closer to rainfall levels, with ratios of ET/P mostly in 

the range of 0.8/0.9 to 1.0. The potential reason for ET/P >1 may be attributed to: 1) an 

overestimation of ET by the model; or 2) ET of water accumulated in soil and shallow 

aquifers during previous periods. 

Table 4.4 Mean seasonal ET estimated by PT-CMRS, PM-Mu, AWRA and GRACE, 

and their ratios to mean seasonal rainfall (denoted as “P”) for the same period between 

2003 and 2010.  

 

Basin 
Method 

Spring 

(Sep-Nov) 

Summer 

(Dec-Feb) 

Autumn 

(Mar-May) 

Winter 

(Jun-Aug) 

ET 

(mm) 

P 

(mm) 
Ratio 

ET 

(mm) 

P 

(mm) 
Ratio 

ET 

(mm) 

P 

(mm) 
Ratio 

ET 

(mm) 

P 

(mm) 
Ratio 

LEB 

PT-

CMRS 
68.7 

57.9 

1.18 83.1 

132.4 

0.63 68.9 

45.2 

1.52 51.4 

36.9 

1.39 

PM-Mu 80.1 1.38 99.9 0.75 72.5 1.60 36.3 0.98 

AWRA 50.1 0.86 102.5 0.77 55.5 1.23 40.3 1.09 

GRACE 55.9 0.97 117.0 0.88 48.6 1.07 37.0 1.00 

MDB 

PT-

CMRS 
129.6 

125.6 

1.03 137.4 

156.3 

0.88 87.3 

81.7 

1.07 72.7 

112.0 

0.65 

PM-Mu 102.2 0.81 105.8 0.68 65.9 0.81 47.2 0.42 
AWRA 126.5 1.01 145.5 0.93 77.3 0.95 85.4 0.76 

GRACE 125.7 1.00 147.1 0.94 80.5 0.99 104.7 0.94 
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4.4.1.3 Interannual Comparison  

According to the Budyko diagram in Figure 4.3, LEB is more arid than MDB (LEB: 

4.0<Ep/Pa <11.5; MDB: 2.7<Ep/Pa<5.0). Vertically, most Ea/Pa points projected by PM-

Mu for MDB range 0.5 to 0.8, demonstrating the proportion of rainfall partitioning to 

ET is rather low. In contrast, PT-CMRS has some Ea/Pa values lying beyond Y=1 over 

the MDB, manifesting a slight outperformance of PT-CMRS in a dry condition. 

However, PM-Mu and PT-CMRS having Ea/Pa>1 are more frequently observed in LEB. 

The greater dryness (X->10) the LEB experienced, the unrealistically higher ratios of 

Ea/Pa predicted by PM-Mu and PT-CMRS; the highest ratios of Ea/Pa reach up to 1.83 

(PM-Mu) and 1.65 (PT-CMRS) only when the lowest amount of annual rainfall was 

received by LEB (158.6 mm in total between August 2007 and July 2008). 

Comparatively, Ea/Pa projected by two water balance constrained methods are much 

closer to Y=1. This indicates that GRACE and AWRA potentially have a better 

capability of closing water balance at basin level, especially during the dry years. 

During the wettest water year of August 2009-July 2010, AWRA predicts 83-85% of 

rainfall lost from evaporation in both basins, which is to say ~5-15% of rainfall would 

be converted to runoff. But GRACE predicts the evaporation taking up almost all the 

precipitation both in the dry and wet conditions. When compared with ‘spiky’ monthly 

time series, GRACE tends to have less ‘noise’ at annual time intervals. 
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Figure 4.3 Annual ET estimated by PT-CMRS, PM-Mu, AWRA and GRACE over the 

Budyko diagrams in hydrological annual cycle for the Murray Darling Basin (a) and 

the Lake Eyre Basin (b) over the period of August 2003-July 2010. At annual steps, Ea 

represents the total evaporation, Ep the total potential evaporation, and Pa the total 

precipitation.  

4.4.1.4 Response to Climate Extremes 

Figure 4.4 compares the response of individual ET product to an extremely wet period 

against the proceeding dry conditions. Under the impact of the Millennium Drought, the 

ET estimates during the period of August 2003-July 2010 are similar between the four 

methods in MDB. The largest difference is found in PM-Mu, which does not reproduce 

the increase in ET in the rainy seasons. Only GRACE projects a relatively high ET for 

June with a magnitude consistent with rainfall. In LEB, the largest differences occur in 

August-October, when the basin receives the lowest rainfall (≤10 mm/month). AWRA 

and GRACE respond well to such dry conditions with similar magnitudes of ET 

projected. But the ET estimates from PT-CMRS and PM-Mu are 2-3 times higher than 

the corresponding rainfall. 

Impacted by the La Niña event in 2010, a sharp rise in rainfall is recorded from 

September 2010 to March/April 2011 in both basins. It rose to above 60 mm earlier than 

normal years, and peaked at extremely high levels (MDB: 120 mm in January 2011; 

LEB: 135mm in April 2011). During this warm and moisture season, evaporation and 

transpiration are supposed to reach a higher level. However, compared to the ET levels 

during the Millennium Drought period, the ones produced by PM-Mu and PT-CMRS do 
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not bear a large increase during the La Niña. Remarkable increases in ET are found in 

AWRA and GRACE. 

From the above analysis, we conclude that PT-CMRS and PM-Mu had a poor 

sensitivity to climate variability and extremes. Based on the water balance principle, it 

allows AWRA and GRACE to be more adaptable to extreme hydro-climatic events.  

 

Figure 4.4 Comparison of monthly ET averages computed over August 2003-July 2010 

(overlapping the Millennium Drought period; (a) for MDB and (c) for LEB) with 

monthly ET time series during August 2010-July 2011 (overlapping a very wet period; 

(b) for MDB and (d) for LEB)). The shading represents the months strongly impacted 

by the La Niña event.  

4.4.2 Spatial Comparison  

4.4.2.1 Mean Seasonal Comparison  

Figure 4.5 presents mean seasonal ET maps averaged over the period 2003-2010 for 

each model. By comparing the seasonal amplitudes and the spatial patterns in ET, some 

comparisons can be drawn among the four methods. In general, their seasonal ET 
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projections over the two basins are consistent with the spatial rainfall distribution. The 

strongest ET rates are observed in the hot and wet summer and the lowest rates occur in 

relatively dry and cool autumn and winter. Within the basin, extremely high 

precipitation usually occurs in the northern LEB and MDB in summer (tropical 

rainstorm impacts); the south-eastern MDB usually witnesses intensive rainfall due to 

the temperate oceanic climate in winter. Such climate patterns result in potential high 

rates of ET over these two regions. High temperature and forestry land cover may also 

cause the high rates of ET to be observed in the south-eastern MDB in summer. The 

inner basins, dominated by a desert climate, have low rate of ET due to water deficits.  

Some differences are observed between the four methods. GRACE and AWRA have 

closer spatial patterns with rainfall than PT-CMRS and PM-Mu does, which is 

particularly clear in the summer. This is because GRACE and AWRA are forced by 

rainfall input data. GRACE is able to provide large-scale ET spatial variations 

consistent with rainfall. However, limited by its coarse spatial resolution, GRACE 

cannot distinguish the ET difference in sub-grid scales. Integrated with MODIS-based 

EVI and GVMI indices, PT-CMRS is capable to tell the high rates of ET over the 

interior open water bodies in LEB and forestry areas15 in MDB. These features tend to 

be visible even in the dry seasons. 

  

                                                
15 Forestry cover map for MDB can be referenced to Zhang, Leuning, et al., (2010) 
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Figure 4.5 Spatial distribution of seasonal ET estimates derived from PT-CMRS, PM-

Mu, AWRA and GRACE, against the rainfall distribution over the Murray Darling 

Basin and the Lake Eyre Basin. The white areas in PM-Mu are due to the missing 

data of MODIS albedo/FPAR/LAI products; AWRA masks out the open water 

regions. 

4.4.2.1 Mean Annual Comparison 

Figure 4.6 plots the mean annual ET maps estimated by four methods against the 

rainfall and potential evaporation maps averaged over the same time period. Without 
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water limitation, the maximum evaporation (Ep) is far beyond the rainfall availability 

across almost the whole basins. This implies that the spatial distribution of actual ET 

should be within or around rainfall levels. The four ET datasets generally provide an 

agreeable downward gradient in mean annual ET maps, decreasing from ~800 mm/yr 

over the south-east basin boundary to <200 mm/yr in the interior. Corresponding to the 

low rainfall (100 mm/yr) over large desert regions in LEB, AWRA and GRACE show 

more realistic low-ET patterns than the two energy balance constrained methods do. 

PM-Mu predicts an annual map constantly lower than the other three methods across the 

two basins. In terms of those small-scale land surface ET patterns - such as over open 

water bodies or dense vegetation canopy - PT-CMRS appears to be superior to the other 

three ET products. Figure 4.7 displays the zoom-in maps among the four products:  

Diamantina River and Cooper Creek (A), Lake Eyre and Lake Frome (B), and the 

irrigation areas formed between the Murray River and the Great Dividing Range (C). 

High ET values over wetlands and floodplains might relate to the water lost from either 

surface water or shallow groundwater (Tweed et al., 2011). PT-CMRS predicts the 

highest ET rates of 600-800 mm/yr over these landscapes. PM-Mu also shows some 

detailed spatial patterns although not as remarkable as those of PT-CMRS.  
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Figure 4.6 Spatial distribution of mean annual ET estimates derived from PT-CMRS, 

PM-Mu, AWRA and GRACE over the Murray Darling Basin and the Lake Eyre Basin 

from 2003 to 2010, against the mean annual rainfall for the same period. A, B, and C are 

typical open-water regions affected by inundation and irrigation. 

  

A 
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Region PT-CMRS PM-Mu AWRA GRACE 

A 

    
     

B 

    
     

C 

    

Figure 4.7 Mean annual ET over the zoom-in regions estimated by PT-CMRS, PM-

Mu, AWRA and GRACE in Figure 5.6. A: Diamantina River (west) and Cooper 

Creek (east); B: Lake Eyre (north) and Lake Frome (south); C: Irrigation areas along 

the Murray River. 

4.4.2.3 Response to Climate Extremes 

During the very dry period in August-October 2006, the two basins experienced a 

rainfall shortage of 51 mm, when compared to the average from 2003 to 2010 (Figure 

4.8). The rainfall deficit was particularly significant over the south-east MDB (a deficit 

of 150-300 mm). Under these dry drought conditions, ET estimates obtained from PT-

CMRS and PM-Mu models are much higher than the rainfall levels (see cumulative 

frequency in Figure 4.9a): ~40% of the area has a P-ET difference between 0 and -50 

mm; a further large proportion shows a difference between -50 and -100 mm (43% in 

PT-CMRS and 61% in PM-Mu). Constrained by rainfall input, the magnitudes of (P-ET) 

differences derived from AWRA and GRACE are mainly distributed between 0 and 100 

mm, with a spatial extension larger than 80%. The outpacing of ET estimates to 

corresponding rainfall implies ET overestimation from PT-CMRS and PM-Mu during 
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the dry period; the positive (P-ET) values found in AWRA and GRACE may be 

partially attributed to surface runoff. Larger ET than corresponding rainfall can be 

caused by further evaporation from the surface or sub-surface, or plant transpiration 

from deep unsaturated or the saturated zone. However, these two cases usually happen 

as patchy scale rather than such a broad space. 

The Wet1 (January-March, 2010) and the Wet2 (September-November, 2010) periods 

had a rainfall surplus of 123 and 129 mm respectively, in comparison to the multi-year 

(2003-2010) average. During the Wet1 period, a large rainfall excess (200-400mm) was 

received mainly in the north west of both basins and the eastern LEB. The Wet2 caused 

an extra rainfall of 200-400mm in the north-eastern LEB and the south-eastern edge of 

MDB. High rainfall combined with high radiative energy appears to have driven ET to a 

high level. A strong response to the two wet conditions is observed in AWRA and 

GRACE but not so remarkable in the other two estimates. Over the wettest regions, PT-

CMRS and PM-Mu have the (P-ET) values above 150 mm, accounting for 20-30% of 

the total area; a further 30-35% (Wet1) and ~50% (Wet2) having values of 50-150 mm 

is found in other regions (Figure 4.9 b & c). High positive (P-ET) values derived from 

PT-CMRS and PM-Mu indicate large potential of ET underestimated by these two 

energy-balanced products over wet sub-basin. Combining the tendency in dry period, it 

implies a poor sensitivity of PT-CMRS and PM-Mu to climate variability.  
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 Dry period Wet1 period Wet2 period 

Pdiff 

   

PT-CMRS 

   

PM-Mu 

   

AWRA 
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Figure 4.8 Spatial distribution of the difference between the total rainfall (from BoM; 

denoted as ’P’) and the total ET estimated from PT-CMRS, PM-Mu, AWRA and 

GRACE over the Murray Darling Basin and the Lake Eyre Basin during three 

climatic extreme periods. The row labelled as “Pdiff” represents the spatial difference 

between the total rainfall for the extreme period and the multi-year average between 

2003 and 2010. 
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Figure 4.9 Cumulative frequency of pixel-wise difference values between the total 

rainfall and the total ET estimated from PT-CMRS, PM-Mu, AWRA and GRACE 

during three climatic extreme periods. The cumulative frequency is expressed as the 

percentage of the total pixels taken up by a specific category compared with the total 

pixels covering both basins.  

4.5 Discussion 

Our results highlight the value of including GRACE measurements to quantify large-

scale ET fluxes and to close water balance equation. Due to lack of ground monitoring, 

short-term terrestrial water storage change usually relies on land surface models, or we 

assume it to be negligible in a long run. Modelled simulations may be problematic, as 

models do not take all hydrological components into account, such as landscape 

heterogeneity, human intervention and groundwater dynamics (Ngo-Duc et al., 2007; 

Van Dijk et al., 2011; Moiwo et al., 2013). A simple assumption of long-term △TWS 
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≈0 needs to be built on a precondition that the target basin or catchment experience no 

extreme climates (Table 5.5). 

Table 4.5 Cumulative annual terrestrial water storage changes over the Murray 

Darling Basin and the Lake Eyre Basin in each hydrological year, over the period of 

2003-2010 (unit: mm/yr). 

Basin 
Aug 2003 

-Jul 2004 

Aug 2004 

-Jul 2005 

Aug 2005 

-Jul 2006 

Aug 2006 

-Jul 2007 

Aug 2007 

-Jul 2008 

Aug 2008 

-Jul 2009 

Aug 2009 

-Jul 2010 
Average 

LEB 2.64 -2.35 -20.99 -10.10 4.47 3.30 36.86 1.97 

MDB -8.29 26.45 -60.26 26.28 2.44 -19.59 19.76 -1.89 

Constrained by water balance, AWRA and GRACE have good dynamics to cope with 

climate variability and to provide realistic ET under water stress conditions. This is also 

because rainfall acts as the input data in the framework of AWRA and GRACE. 

Compared with AWRA and rainfall projections, ET estimates produced by regional 

GRACE solutions not only display a good consistency in temporal scale but also a good 

spatial representativeness of ET variations over large space. Regional GRACE solutions 

can map hydrological mass movement with a higher spatial accuracy. The major source 

of uncertainty associated with GRACE ET estimates is from rainfall data. The 

distribution of rainfall gauges is spatially non-uniform, and there exist large 

unpopulated regions that have no rainfall stations distributed (Chappell et al., 2013). 

Blending rainfall gauge records with ancillary data such as the radar and satellite 

measurements or an ensemble method provide means to improve ET and rainfall-driven 

variables (Chappell et al., 2013; Peña-Arancibia et al., 2013). 

In essence, PM-Mu and PT-CMRS methods are based on energy balance algorithm, 

which decides that their ET estimates are mainly determined by radiation and 

temperature, and less concern is taken to water controlling factors. Such a deficiency 

results in poor performance in simulating the real ET in water-limited environments 

which further cause water closure problem both in time and space. However, integrated 

with optical or thermal imagery, RS-based ET estimates are able to capture more 

detailed ET processes over different land surfaces. Like the PT-CMRS model used in 

this study, it can distinguish high rates of ET over open water bodies, floodplains and 

wetlands, which may be overlooked or significantly underestimated by other ET 

datasets. 
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4.6 Conclusion 

Based on two large water-limited basins in Australia, we compared ET datasets 

estimated by regional GRACE solutions and three other continental ET products. 

Evaluation was conducted at different temporal and spatial scales. Some important 

conclusions can be drawn from this study: 

Two energy balance constrained models, PT-CMRS and PM-Mu, show a poorer 

capability of reproducing ET in response to rainfall. At temporal scale, they have poor 

linear correlation with rainfall (<0.5). Their flux estimates do not vary much when the 

basin shifted from drought to extremely wet conditions. Also, they poorly follow water 

balance at seasonal and annual time intervals. In space, they tend to overestimate ET 

over the water stress regions and underestimate it over the wet regions. 

AWRA and GRACE, constrained by rainfall availability, appear to be more dynamical 

in addressing water variability in time and space. Their ET time series are closely in line 

with rainfall variations with high correlation coefficients (>0.5). AWRA and GRACE’s 

responses to the climatic shift from very dry to very wet conditions are more apparent 

than the two energy balance constrained models. Mean seasonal and annual ET 

estimated by these two water constrained methods also indicate a better water closure 

with rainfall. At spatial scale, AWRA and GRACE produce ET maps which are 

consistent with rainfall distribution, given water stress conditions. With coarse spatial 

resolution, GRACE is still able to capture realistic ET variations over large space. 

Our results show that the perfect continental ET models or products are out of place. A 

promising method of improving continental ET estimation could be combining energy 

balance constrained RS ET products with GRACE ET approximates. The former allows 

an integration of detailed information of geographical heterogeneity, whereas the later 

enables a water-constrained ET dataset to be well represented over large scale.  
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Chapter 5: Wavelet Fusion of GRACE Estimates and Energy-

based RS ET Product 

Abstract 

This chapter aims at fusing the large-scale (P-△S) estimates from regional GRACE 

solutions with energy balance constrained ET products integrated with optical or 

thermal retrievals. Data fusion allows a spatial enhancement of ET estimation accuracy 

over the water-limited basins. The Murray Darling Basin (MDB) and Lake Eyre Basin 

(LEB), again, are used as test beds. Wavelet-based Multi-Resolution Analysis (MRA) is 

selected as a data fusion method in this research because of its proficiency for spatial 

pattern reorganization and extraction. A wavelet coefficient weighting scheme 

highlighting the spatial features from each source is developed. The fused ET datasets 

are compared with the original ET sources at different spatial and temporal scales. The 

study is expected to achieve: 1) the fused ET results are able to represent both large- 

and small-scale ET variations in space; 2) the wavelet fusion method and the adjusted 

wavelet coefficient weighting scheme are stable enough for different wavelet basis and 

decomposition levels; and 3) the fused ET results can reasonably respond to temporal 

rainfall variability. 

5.1 Introduction 

Accurate ET datasets with detailed information at field and large geographical coverage 

are essential in practice. They provide reliable knowledge not only for regional water 

resource management, but also offer deep insights into climate change and variability 

(Huntington, 2006; Jung et al., 2010; Senay et al., 2011). ET comparison and validation 

studies have shown that contemporary large-scale ET products are still problematic, 
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especially over water-limited areas (Cleugh et al., 2007; King et al., 2011; Vinukollu, 

Wood, et al., 2011; Long et al., 2014). ET models forced by thermal/optical satellite 

retrievals are usually based on the energy balance algorithm, resulting in the models 

placing little attention on water factor (Gokmen et al., 2007; Mu et al., 2011; Long et al., 

2014). Therefore, ET estimates derived from these models are not dynamical enough to 

adapt water variability both in time and space, and fail to provide accurate ET under 

water-limited conditions (see Chapter 4). Rainfall-forced land surface models (LSMs) 

are able to consider about the impacts of water stress on evaporation and transpiration 

processes. Their ET estimates are varied with each other in model structure, forcing 

input data and parameterisation. In addition, rainfall-forced LSMs are vulnerable to 

anthropogenic activities, which may impose strong intervention on the local terrestrial 

water storage change (Ngo-Duc et al., 2007; Van Dijk et al., 2011; Moiwo, et al., 2013).  

Chapter 4 has shown that GRACE is an independent and valid data source to quantify 

large-scale ET variations. Within the framework of water balance, ET approximates 

generated by GRACE on the basis of basin water balance (ET ≈ P-△S; surface runoff is 

too small to account in MDB and LEB) are spatially and temporally sensitive to water 

stress; they do also perform better than energy balance constrained ET methods in basin 

water closure at annual and sub-annual time steps. However, coarse spatial resolution of 

GRACE observation in terrestrial water storage change only allows ET to be predictable 

at 2° resolution. Such a spatial limit in ET estimation can possibly be compensated by 

other high-resolution ET datasets based on optical or thermal satellite retrievals; 

contemporary RS-based ET datasets produced at continental or global scales are able to 

represent ET heterogeneity at a spatial resolution of 0.05° or 0.002° (Fisher et al., 2008; 

Guerschman et al., 2009; Mu et al., 2011).  

Based on the above observations, this study proposes to merge GRACE (P-△S) and PT-

CMRS ET datasets to achieve a better spatial representation for large-scale ET 

estimation over the MDB and LEB. Simply calculating ensemble mean values between 

these two data sources may generate possible uncertainty, and bias may be regionally 

high (Vinukollu, Meynadier, et al., 2011b). A comprehensive literature review in 

Chapter 2.1.3 suggests that the wavelet-based Multi-Resolution Analysis method is 

superior in spatial pattern reorganization and extraction from different bands or satellite 
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platforms (Ranchln & Wald, 2000; Du et al., 2003; Lillo-Saavedra & Gonzalo, 2006; 

Hong & Zhang, 2007). Wavelet fusion methods have been widely used to merge 

multispectral and panchromatic images and synthetic aperture radar data.  

As an extension of the study of Chapter 4, this study is aimed to integrating GRACE 

and PT-CMRS ET estimates with a feasible wavelet image fusion approach. The 

synthetic results are expected to inherit the large- and small-scale ET features from each 

data source, contributing to a better ET estimation in addressing water stress and water 

closure problems over large landscapes. 

5.2 Datasets and Pre-processing 

GRACE (P-△S) and PT-CMRS ET datasets were employed to fulfil this component of 

the study. BoM rainfall data was introduced to see how consistent the fused ET 

estimates are, compared with the original ET sources. Time span for the data above 

covers a seven year period from August 2003 to November 2010. Detailed information 

associated with each data source has been introduced in Chapter 4.3. 

In order to be implementable in the wavelet fusion program, two sources of ET data are 

required to be resampled and registered under the same spatial framework. The ET 

datasets were bilinearly resampled to a spatial resolution of 0.0625° (spatial resolution = 

x2  is required in wavelet image fusion framework; 2 is the moving step).  

5.3 Methodology 

5.3.1 Wavelet Fusion Algorithm 

The basic idea of wavelet image fusion is to discretely extract feature patterns 

(represented as high-frequency information in wavelet transform) from different 

resolution images, and to insert these spatial features into the final synthetic image with 

enhanced spatial resolution (Labat, 2005; Amolins et al., 2007). Wavelet fusion consists 
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of two major steps: 1) wavelet decomposition or transform; and 2) wavelet coefficient 

reconstruction. The latter is an inverse step of the first step. Discrete Wavelet Transform 

(DWT) and Multi-Resolution Analysis (MRA) are the two fundamental techniques to 

afford wavelet fusion method a strong flexibility to discretely localize spatial features at 

different spatial scales (Kumar & Foufoula-Georgiou, 1997). The mechanism of DWT 

and MRA has been detailed in Chapter 2.1.3.1. A 2-D MRA with the down-sampling 

along the columns and rows (each sampling image has 512 rows and 512 columns) at a 

moving step of 2 is described in Figure 5.1. At each decomposition level, the imported 

image will be decomposed into a set of approximation coefficients (represented as A1, 

A2,…, An), and three sets of detail coefficients (in the horizontal (DH), vertical (DV) 

and diagonal (DD) directions, respectively) (Mallat, 1989; Yocky, 1996). In essence, 

approximation coefficients represent large pattern features in space, whereas the detail 

coefficients capture ‘micro-scale’ features. The differences between two successive 

approximation coefficients are described by detail coefficients. 
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Figure 5.1 Flowchart of an image S processed by the MRA in a 3-level wavelet 

transform (decomposition). LF: low-pass filter; HF: high-pass filter. Step length=2.  

5.3.2 Wavelet Coefficient Weighting System 

One of the crucial steps in wavelet fusion is to merge wavelet coefficients. This 

procedure directly determines the extent to which the spatial patterns of original images 

can be inherited by the fused images. Averaging and maximum/minimum selection are 

two of the most commonly applied coefficient fusion schemes (Pajares & Manuel de la 

Cruz, 2004). Burt & Kolczynski (1993) mentioned that simply selecting or averaging of 

the decomposed coefficient would unstablize the pattern features. For example, the 

averaging method may weaken or cancel some important features due to the contrasting 

objective values contained in two source images (Ranchln & Wald, 2000; Pajares & 

Manuel de la Cruz, 2004). Selection scheme would highlight the salient features 

contained by image source(s) without knowing their accuracy. As none of the original 

ET sources carry the absolutely desired features across the whole image, a simple 

minimum or maximum selection is not ideal. In that case, an adjusted Preserving Spatial 

Information and Minimizing Artefacts (PSIMA) model is employed. This model has 

been used to fuse the radar and visible-infrared images, which highlights disparate 

spectral properties from each source image (Du et al., 2003). In PSIMA scheme, detail 

coefficients from the high-resolution image are kept unchanged and the approximation 
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coefficients between high- and low-resolution images are merged together. In our case, 

we want to keep large-scale patterns from GRACE (P-△S) datasets and small-scale 

patterns from PT-CMRS datasets. Thus, the detail coefficients produced by PT-CMRS 

are keep unchanged; approximation coefficients derived from original sources ( GiA : 

from GRACE; CiA : from PT-CMRS) are modified to form a new set FiA : 
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where, GA  represents the average approximation coefficients across a sampling 

GRACE (P-△S) image. For water stress regions (usually, GGi AA  ), a normalized 

scaling factor
Gi

Gi

A

A
is posed to CiA ; for regions without having serious water deficit 

problems ( GGi AA  ), FiA is an average between PT-CMRS and GRACE in 

approximation coefficient.  

Detail coefficients represent the ‘micro’ features inserted into the coarse images. Hence, 

at each level, the new detail coefficients ( FiD ) are weighted as: 
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where, the average D is the minimum value chosen between the averaged detail 

coefficients derived from GRACE and PT-CMRS. id  measures the differences in detail 

coefficients between the pixel value and the image average. iW  represents the pixel 
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weight. Such a merging scheme for detail coefficients will allocate a relatively large 

weight for PT-CMRS small-scale features (usually, over water-pounding or densely-

vegetated regions with high ET values) at high resolutions levels.  

 

Figure 5.2 Flowchart of wavelet-based data fusion. 

In order to test the stability of the wavelet fusion method, we vary the types of wavelet 

basis and wavelet decomposition level. Three kinds of wavelet basis are used: Haar; 

Daubechies 4 (DB4); and Bior1.5. Each wavelet basis has its own properties (see Figure 

5.3), and thus would generate different patterns of decomposition coefficients. The 

setting of decomposition levels also impacts the final synthetic images; the higher the 

decomposition level is, the better spatial resolution the fused results usually achieve. 

Three levels are defined in our study, labelled as L3, L4 and L5 in the following results.  

  



Chapter 5: Wavelet Fusion of GRACE Estimates and Energy-based RS ET Product 

102 | P a g e  

 

Wavelet 
basis 

Haar DB4 Bior1.5 

Wavelet 

function 

 

 

  

Scaling 

function 

   
Property symmetric, orthogonal asymmetric, orthogonal symmetric, non-orthogonal 

 

Figure 5.3 Properties of three types of wavelet basis used in this study. 

5.3.3 Evaluation Scheme 

The most typical difficulty found in evaluating fused results or the validity of fusion 

methods is an absence of ground truth or reference images (Haghighat et al., 2011). This 

is also true in the field of ET estimation or validation. A common strategy to evaluate 

image fusion is a comparison carried out between the original datasets and the fused 

results. In our study, the fused ET images were compared against the original ET 

sources at multiple spatial and temporal scales. In addition, rainfall (from BoM) and 

potential evaporation (from AWAP model) datasets were used as the measures to 

identify how good the fused ET results are in response to water/energy stress conditions. 

Information about these two datasets has been detailed in Chapter 4.3. Spatial 

assessments include universal and regional comparison. Three metrics were used for the 

universal-scale assessment, including: mean absolute error (MAE), root-mean-square 

difference (RMSD); and correlation coefficient (R). We expect to see that the fused ET 

results show a remarkable improvement in these three statistical metrics when compared 

with their original sources. Regional comparison focuses on the extent to which the 

fused ET images inherit the large- and small-scale features from the separate original 

images. Hence, GRACE (P-△S) maps were taken as the criteria when assessing large-

scale ET patterns, whereas the PT-CMRS was taken as the reference maps for assessing 
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small-scale ET features. Regional assessment was conducted among the multi-year 

annual mean ET maps and a random dry month in September, 2003.  

Temporally, the fused monthly ET time series were averaged over the MDB and LEB 

and compared with the original ET estimates and corresponding rainfall and Ep values. 

Correlation coefficients were calculated between the non-fused/fused ET and rainfall 

time series in order to test linear consistency. An average between monthly GRACE and 

PT-CMRS ET time series acts as ET reference in comparison of the fused results using 

different wavelet basis and decomposition level. Taylor’s diagram was used in order to 

provide a summary of the performance associated with each fused source in terms of 

standard deviation (STD), RMSD and R (Taylor 2001; Andam-Akorful et al., 2014). 

The Budyko diagram was also applied to test the capability of the synthetic ET in 

closing water balance over different water years (from August to next July).  
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5.4 Results 

5.4.1 Spatial Comparison 

5.4.1.1 Universal Scale 

Figure 5.4 presents a pixel-wise difference and linear correlation between each ET pair. 

Before wavelet fusion, MAE and RMSD values between GRACE (P-△S) and PT-

CMRS ET estimates are remarkably high, reaching as high as 22.4 mm (MAE) and 31.8 

mm (RMSD) across two basins. Their correlation coefficients are quite low: 0.3 on 

average. Combining MAE, RMSD and R maps, the largest difference between GRACE 

and PT-CMRS is mainly distributed at the northern LEB and south-eastern MDB, where 

PT-CMRS tends to underestimate ET against GRACE during rainy seasons (see Figure 

4.5 and 4.8 in Chapter 4). A significant difference is also found over those open water 

pounding areas; this is because coarse-resolution GRACE is unable to deliver 

appropriate ET estimates over those small spatial patterns in the way that PT-CMRS can.  

After fusion operations, MAE, RMSD and R values are widely and significantly 

improved across two basins. MAE values calculated between the fused and GRACE (P-

△S)/PT-CMRS ET estimates drop to <14.0 mm, and <19.0 mm for RMSD; R values 

increase to above 0.8 with GRACE and ~0.6 with PT-CMRS. Such a big improvement 

in three metrics indicates that the spatial similarity between the fused datasets with 

original ET sources has been universally strengthened. This can be attributed to the fact 

that the fused ET results contain richer spatial features than its single original ET source.  
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Figure 5.4 Spatial distribution of MAE, RMSD and R calculated between each ET 

pair over the period of August 2003-December 2010. Due to spatial similarity 

between the three types of wavelet basis in the fused results, only the maps referred as 

DB4 at L5 are presented, labelled as “DB4-L5”.  

5.4.1.2 Regional Comparison 

 Large-scale Patterns  

Adjusted by GRACE (P-△S) maps, the multi-year mean annual ET patterns contained 

by the fused images are similar to the corresponding rainfall map over large spatial 

scales (Figure 5.5). According to the mean annual rainfall map averaged between 

August 2003 and November 2010, there is a clear gradient decreasing from 500-800 

mm/yr to 100-200 mm/yr when moving towards the basin interior. The mean annual 

map of potential evaporation averaged over the same period suggests that the maximum 

evaporation in most two basins outpace the rainfall level, ranging between 1000 and 



Chapter 5: Wavelet Fusion of GRACE Estimates and Energy-based RS ET Product 

106 | P a g e  

 

2000 mm/yr. This emphasizes the fact that actual ET over two basins is controlled 

mainly by rainfall availability rather than energy factor. A wide area in the central LEB 

has extremely low rainfall (<100 mm/yr), which triggers a correspondingly low amount 

of water lost through ET process. This trend is captured by GRACE, but not by PT-

CMRS; PT-CMRS provides a surplus of ~100 mm/yr in ET across the central LEB. In 

spite of the deficiency in dry regions, another obvious discrepancy in PT-CMRS is 

found in the northern LEB, where PT-CMRS predicts relatively low rates of mean 

annual ET fluxes compared with the rainfall availability (500-600 mm/yr) due to the 

impact of its tropical climate.  

The deficiencies found in PT-CMRS have been mitigated in the fused ET results, in 

which mean annual ET maps present well for the spatial transition in ET from 

extremely wet to dry conditions over large areas. The fused images generated by 

different wavelet basis and decomposition level are slightly varied with each other in 

space. Haar synthetic images project the largest area with ET around or below 100 

mm/yr in the central LEB. The total area of the driest regions (with the lowest ET rates) 

tends to shrink when the decomposition level increases from the L3 to the L5.  
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Figure 5.5 Spatial mean annual ET distribution estimated by GRACE, PT-CMRS, and 

the L3/L4/L5-level wavelet fused results varied in wavelet basis of DB4, Haar, and 

Bior1.5, over the period of August 2003-November 2010. Ep presents the potential 

evaporation map provided by the AWAP model. A: Lake Eyre (north); B: Diamantina 

River (west) and Cooper Creek (east); C: irrigation areas along the Murray River. 

The advantages of using fused maps when estimating large-scale ET fluxes can also be 

observed in a random month (Figure 5.6). We selected the month of September, 2003 

with distinguished spatial variations of rainfall to test the dynamics of the fused ET 

A 

B 

C 
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images. In that month, around 2/3 of LEB and more than half of MDB experienced 

extremely low rates of rainfall (<10 mm/month), and only the southern edge of MDB 

witnessed rainfall of up to 100 mm/month. The spatial ET variations estimated by PT-

CMRS tend to be extensively higher than the actual rainfall availability. However, the 

images projected by GRACE are able to capture the low rates of ET across the northern 

half of LEB and MDB, and also the relatively high ET seen over a small range of 

southern MDB. Constrained by GRACE (P-△S) values, the fused images unsurprisingly 

carry the large-scale features as GRACE does across both wet and dry regions. The 

Haar fused images visually have slightly lower monthly ET rates than the other two 

wavelet bases over the northern LEB. Both Haar and Bior1.5 at L5 have less smooth 

projections than other levels. 
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Figure 5.6 Spatial monthly ET distribution estimated by GRACE, PT-CMRS, and the 

L3/L4/L5 wavelet fused results varied in wavelet basis of DB4, Haar, and Bior1.5 for 

the month September 2003. Ep presents the potential evaporation map provided by 

AWAP model. A: Lake Eyre (north); B: Diamantina River (west) and Cooper Creek 

(east). 
 

 Small-scale Features  

In terms of small-scale features, the fused images inherit spatial patterns from PT-

CMRS over those specific landscapes. In Figure 5.5, we notice that the fused mean 

annual ET maps capture a high evaporation rate (800-900 mm/yr) over Lake Eyre (A) 

and the floodplains (B) in LEB, as well as the irrigated farmlands (C) in MDB, against 

the vast dry lands. High ET rates over the south-eastern MDB - potentially caused by 

dense forestry canopy - are also captured by the fused ET images.  

A 

B 
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In the dry winter month of September 2003, the fused ET images also present their 

superiority over those complicated land surfaces, i.e., Lake Eyre, Diamantina River, and 

Cooper Creek (see Figure 5.6 and 5.7). By visual comparison, the fused small-scale 

patterns share similar spatial coverage and magnitudes with PT-CMRS’s over those 

water-pounding areas. Injected with high values (60<ET<80 mm/month) from PT-

CMRS, the mean monthly ET values associated with all fused images over two zoom-in 

regions increase from ~9.0 mm (originated from GRACE) up to 21 mm (see Table 5.1). 

High STD values (>18 mm for A and >11mm for B) in the fused images are partially 

attributed to low-value inherited from GRACE (ET<10 mm/month) over the dry 

background.  
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Figure 5.7 Zoom-in monthly ET distribution for the open water body A and B derived 

from GRACE, PT-CMRS, and the L3/L4/L5 wavelet fused results varied in wavelet 

basis of DB4, Haar, and Bior1.5 for September 2003. 
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Table 5.1 Mean and STD values calculated over the zoom-in region A and B in 

Figure 5.7 based on the maps derived from GRACE, PT-CMRS, and the fused ET 

images varied in wavelet basis and decomposition level. 

Metric Mean STD 

Region A B A B 

 

 

 

 

 

 

ET source 

GRACE 9.0 9.2 2.6 4.6 

PT-CMRS 26.7 21.1 21.2 12.0 

     

DB4-L3 19.0 15.4 19.3 12.4 

DB4-L4 18.4 15.4 20.9 12.5 

DB4-L5 19.4 16.2 19.9 12.1 

     
Haar-L3 20.4 14.6 18.9 11.5 

Haar-L4 20.4 15.1 19.3 11.8 

Haar-L5 19.1 15.1 20.4 11.6 

     

Bior1.5-L3 18.8 15.2 19.3 11.2 

Bior1.5-L4 18.2 15.6 19.9 11.5 

Bior1.5-L5 19.5 15.1 20.4 11.7 

5.4.2 Temporal Comparison 

5.4.2.1 Time-series Comparison 

Figure 5.8 plots the monthly ET time series obtained from each ET source against the 

rainfall and potential evaporation (Ep) at basin level. Monthly GRACE ET approximates 

have a better consistency with rainfall variability both in magnitude and phase. 

Comparatively, PT-CMRS tends to underestimate ET when meeting with extremely wet 

seasons and overestimate it during the dry seasons. The phenomenon of overestimation 

is more apparent over the LEB. Constrained by GRACE (P-△S) estimates, the fused ET 

time series provide dynamic ET consequences upon rainfall variations throughout the 

study period. During the dry months, the fused results which are closer to GRACE ET 

estimates are able to give reasonable ET under water stress conditions; when it comes to 

rainy seasons, the fused values lie in between PT-CMRS and GRACE’s estimates, with 

an improved response to heavy rainfall. Unsurprisingly, R values between the fused ET 

and rainfall time series are significantly higher than the original PT-CMRS with rainfall 

(fused: 0.94<RLEB<0.95 and 0.83<RMDB<0.87; PT-CMRS: RLEB=0.51 and RMDB=0.35). 

It should be noted that the fused results have been indirectly linked to rainfall by being 

merged with GRACE ET estimates to contribute such a high linear correlation with 

rainfall.   
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Figure 5.8 Comparison of basin-averaged ET time series estimated from GRACE, PT-

CMRS, and the fused results varied in wavelet basis of DB4, Haar, and Bior1.5 over 

the Murray Darling Basin (MDB) and the Lake Eyre Basin (LEB), for the period of 

August 2003-November 2010. AWAP_Ep is potential evaporation retrieved from the 

model AWAP. ‘aver’ represents the fused ET time series under the same wavelet basis 

are averaged by (L3+L4+L5)/3. 

Taylor’s diagram provides another scope to look at the performance of the fused ET at 

the basin level, with STD, RMSD and R plotted in the same diagram (see Figure 5.9). 
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Compared with ETref
16, the Haar-based ET time series have the lowest linear correlation 

with ETref in all three decomposition levels (MDB: 0.95<RHaar<0.99 vs. 

RDB4/RBior1.5>0.99; LEB: 0.989<RHaar<0.993 vs. RDB4/Bior1.5>0.993); R values increase as 

the decomposition level rises. On the other hand, all Haar-based points have the lowest 

STD (radial distance are shortest to [0, 0]), 12.7< STDHaar<13.2 mm against 13.5<STD 

DB4/Bior1.5<14.8. In terms of RMSD (radial distance to ETref), three Haar points in the 

case of MDB are all distributed beyond RMSD=2.3 mm but comparative to its 

counterparts in LEB. From above observation, monthly ET time series computed by 

DB4 and Bior1.5 basis at basin level are similar to each other, which can be reflected in 

Figure 5.8 as well as three metrics in Figure 5.9. In MDB, DB4 and Bior1.5 at L4 tend 

to provide a slightly better performance as their RMSD and R values reach the best 

range. When it comes to the LEB case, it is hard to decide which basis provides the best 

performance, as a trade-off is found between RMSD and R. Nevertheless, measures for 

L5 show slight superiority in comparison of other levels. 

  

                                                
16 ETref = (ETGRACE+ETPT-CMRS)/2 
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Figure 5.9 Taylor’s diagram shows the standard deviation (radial distance to [0,0]; 

sectioned by black radial dotted arc), correlation coefficients (azimuthal position; 

sectioned by blue radial dashed lines) and the centered RMSD (radial distance to 

ETref; sectioned by green dashed arc) calculated between the ETref and GRACE, 

PT-CMRS, and the fused ET estimates varied in wavelet basis and decomposition 

level at basin level for the period of August 2003-November 2010. The fused ET 

time series using the same wavelet basis are grouped with the same colour. 
 

5.4.2.2 Interannual Comparison 

Figure 5.10 shows the fractions of annual basin-average ET estimates (Ea) derived from 

different ET sources to annual rainfall (Pa) in a water-year cycle (from August to the 

next July) plotted in the Budyko framework. The distribution of Ep/Pa in horizontal 

direction implies that LEB is much drier than MDB, as the maximum evaporation in 

LEB is much higher than the local rainfall level (LEB: 3.9<Ep/Pa<11.5 vs. MDB: 

2.7<Ep/Pa<5.0). This emphasizes water availability is the key factor controlling the 

actual evaporation and transpiration processes. Without water constraint, original Ea 

produced by PT-CMRS unrealistically exceeds the rainfall by showing Ea/Pa>1. This 

tendency is more remarkable when the water stress becomes more serious, with Ea/Pa 

coming up to 1.12 in MDB and to 1.65 in LEB during the driest water year. In contrast 
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to PT-CMRS, GRACE, forced by rainfall (or constrained by rainfall in water balance 

equation), has good performance in basin water closure at annual steps: 0.97<Ea/Pa 

<1.02, indicating a high proportion of rainfall lost through evaporation. Merged with 

GRACE ET approximates, the Ea/Pa points from fused sources are sitting in an 

intermediate range between GRACE and PT-CMRS in both basins, showing improved 

performance in closing water balance when compared to PT-CMRS estimates alone. 

Projections of Ea/Pa by Haar-L3/L4 tend to be lower than their counterparts; Haar-

L3/L4-based Ea/Pa values indicate that relatively low proportions of rainfall will be lost 

via evaporation. DB4- and Bior1.5-based Ea/Pa values approach more to GRACE’s 

Ea/Pa plots during wet water years but towards PT-CMRS when basins become drier. 

That is to say, DB4 and Bior1.5 tend to (slightly) overestimate Ea during dry conditions. 

As the decomposition level increases, the fractions of Ea/Pa derived from different 

wavelet basis all shift up, which means that Ea is amplified.  

  



Chapter 5: Wavelet Fusion of GRACE Estimates and Energy-based RS ET Product 

117 | P a g e  

 

 

 
 

Figure 5.10 Fractions of annual ET derived from GRACE, PT-CMRS, and the fused 

results varied in wavelet basis and decomposition level to the annual rainfall for the 

hydrological water years between August 2003 and July 2010 in the Budyko 

framework, over the Murray Darling Basin (MDB) and the Lake Eyre Basin (LEB). 

5.5 Discussion 

From the above comparison at various spatial and temporal scales, we can see a clear 

improvement associated with the fused ET estimates. Compared with the original PT-
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CMRS ET datasets, the fused ET results are more dynamical in dealing with climate 

extremes, and particularly with water stress. Their ET estimates over large space display 

a good consistency with rainfall zones by integrating with GRACE data. On the other 

hand, merging with the high-resolution PT-CMRS ET product allows the new ET 

estimates to distinguish small-scale ET features over some specific land surfaces such 

as water bodies and forests.   

There are several sources of uncertainty which affect the quality of the synthetic ET 

images. First, the choice of wavelet basis. Each wavelet basis has its own properties, i.e., 

orthogonal vs. non-orthogonal, symmetric vs. asymmetric and shift-variant vs. shift-

invariant. Each of these will lead to a unique pattern in coefficients after being 

transformed by each wavelet basis, and thus will contribute to different spatial 

representations in fused images. Taking the sampling PT-CMRS ET image for the 

month September 2003 as example, the image bears no shifting in its approximation 

coefficients after being transformed by Haar basis (see Figure 5.11). However, Bior1.5 

basis shifts the whole set of approximation coefficients to the upper left corner, in 

contrast to the lower right corner which is seen in DB4 basis. As the decomposition 

level rises (L3->L5), Bior1.5 and DB4 shift the sampling image closer to its original 

point. In addition, no matter what sort of water basis we choose, they all tend to create 

artefacts more or less, which can be seen as some minus values (representing as white- 

or grey-colour cells) in Figure 5.5, 5.6 and 5.7. Apart from the decision on wavelet basis, 

the setting of the decomposition level can also lead to a variation in fused images.  

  



Chapter 5: Wavelet Fusion of GRACE Estimates and Energy-based RS ET Product 

119 | P a g e  

 

Level Haar Bior1.5 DB4 Legend 

L5 

   

 

L4 

   

L3 

   

Figure 5.11 Maps of approximation coefficients of monthly PT-CMRS ET image for 

September2003 transformed by the wavelet basis of Haar, Bior1.5, and DB4 at 

L3/L4/L5.  

In addition, the data fusion procedure is sensitive to the spatial resampling method used 

to convert the grid size of original images to match the image fusion framework. The 

choice of spatial resampling methods may generate input images for wavelet fusion to 

be different. Figure 5.12 displays the Haar-L3-fused mean annual ET maps derived 

from different resampling strategies in processing original GRACE (P-△S) images: 1) 

resampled from 2° to 0.0625° using the nearest neighbour method (denoted as “Nearest 

-2°”); and 2) resampled from 2° to 0.0625° using the bilinear method (denoted as 

“Bilinear-2°”). The bilinear resampling method tends to generate a smoother GRACE 

(P-△S) image without carrying those grid cell marks inherited from original 2° × 2° 

GRACE TWS datasets. On the contrary, if we choose the nearest neighbour method to 

resample GRACE (P-△S) images, the fused results will unavoidably contain grid 

patterns. 
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Figure 5.12 The Haar-L3-based fused annual ET maps averaged between August 2003 

and November 2010, derived from two different resampling strategies in processing 

GRACE (P-△S) image. 

5.6 Conclusion  

Using the wavelet image fusion method, this study merged ET estimates derived from 

water-balance-constrained GRACE and energy-balance-constrained PT-CMRS product 

over the Murray Darling Basin and the Lake Eyre Basin. Important conclusions can be 

drawn as follows. 

Spatially, the fused ET results offer a significant improvement in MAE, RMSD and R 

values when compared with the original ET datasets across two basins. This indicates a 

universal increase in spatial similarity between the fused images and their original 

sources. Within the basin, the fused ET images are capable of capturing the large-scale 

patterns from the GRACE and the small-scale features from the PT-CMRS: the former 

property enables the fused ET images to have a good spatial consistency with rainfall 

distribution, especially over water stress regions; the latter features allow to refine the 

spatial resolution of GRACE and to distinguish the ET variations over smaller 

landscape features, such as open water bodies and dense vegetation canopy. 

In the time domain, the fused monthly ET time series show a much greater sensitivity to 

rainfall variability than PT-CMRS. Constrained by GRACE (P-△S) estimates and thus 

implicitly by rainfall, the fused images are particularly dynamical to water stress 

conditions, providing reasonable actual ET estimates for dry seasons. The correlation 

coefficients with monthly rainfall have been significantly improved to a high level 

across both basins. This is partially attributable to the fact that the rainfall data has been 

indirectly linked to the fused ET via being merged with GRACE ET estimates. The 
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Budyko diagrams show that ET overestimation found in PT-CMRS in hydrological 

water years has been effectively curbed by the fused projections, which yields a better 

water closure at basin level. Taylor’s diagram summarizes that the wavelet basis DB4 

and Bior1.5 at all three levels deliver better RMSD and R values with Eref than Haar in 

MDB, whereas, in LEB, L5 plots are generally superior to the other two levels.  

Our results also indicate good stability associated with the wavelet fusion method and 

the validity of the coefficient weighting scheme developed in this study. Though 

different wavelet bases and decomposition levels may cause some discrepancy, they are 

not apparent either in time or in space. This study proposes a new way to enhance the 

large-scale ET accuracy with GRACE (P-△S) estimates. Meanwhile, it also suggests a 

valid approach to refine GRACE spatial resolution.  
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Chapter 6: Discussion 

6.1 Summary of Contributions 

Focusing on applying GRACE data to assess the water resources in water-limited 

regions, this PhD research evolves along a line of spatially refining GRACE data. 

Particular attention has been paid to monitoring the large-scale variations in 

groundwater (GW) and evapotranspiration (ET). Apparently, one unique benefit of 

GRACE is its capability of quantifying large-scale terrestrial water storage. With its 

spatial resolution improved, GRACE can have further usage for monitoring terrestrial 

water cycle and dynamics. The conclusion and recommendations are summarised as 

follows: 

Study Component 1: Groundwater depletion over the Hai River Basin  

GRACE global solutions detected a constant declining trend in groundwater storage 

over the Hai River Basin for the period of 2003-2012. This assessment is consistent 

with the in-situ observations. The annual GW depletion rate estimated by the GRGS 

RL02 solutions is -17.0±4.3 mm/yr (-5.5±1.4 km3/yr in volume) and -8.3±4.5 mm/yr (-

2.7±1.5 km3/yr in volume) for the CSR RL05 solutions; both are smaller than the in-situ 

measured rates (-31.7±7.2 mm/yr in EWH and -10.3±2.4 km3/yr in volume). The 

potential reasons for such a difference between two datasets may relate to: 1) the noise 

and uncertainty associated with GRACE observations; and 2) the limited accessibility of 

in-situ groundwater data. Since the groundwater declining trend overlaps with a rainfall-

increasing period, it implies that the drawdown in groundwater levels cannot be imputed 

to a change in rainfall but instead is the result of over-exploitation by pumping. 

Therefore, the key for protecting local groundwater resource from depletion is to curb 

the groundwater extraction in a timely and appropriate magnitude; particular attention 

should be paid to the local agricultural pattern and irrigation practices.  
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This study shows that GRACE is capable of routinely monitoring regional groundwater 

storage change with up to date and independent observations. However, the coarse 

spatial resolution of the global solutions does not facilitate the locating of the sub-basin 

region(s) experiencing the largest groundwater depletion. The uncertainty existing in 

GRACE-estimated GW anomalies is mainly sourced from soil moisture component 

(and perhaps surface runoff). To ascertain the estimation of GW storage changes by 

GRACE, good-quality in-situ soil moisture and hydraulic head records are required. 

Ground soil moisture observations are usually hard to acquire in practice. This can be 

compensated, to some extent, by land surface models. However, most land surface 

models do not account for irrigation practices. In those irrigated regions, remote sensed 

soil moisture and inundation dynamics may help further constrain surface and soil water 

storage. 

Study Component 2: GRACE Evapotranspiration Estimates over the 

Murray Darling Basin and the Lake Eyre Basin  

Four ET datasets varied in water and energy balance algorithms, including GRACE-

derived estimates, were compared in two large Australian closed and sub-closed basins. 

Comparison results indicate various spatial-temporal responses among the four to water 

availability over semi-arid and arid environments. Two energy-based satellite products 

derived from optical and thermal data have difficulties in capturing ET in time and 

space during extremely wet season. These ET products also overestimate ET during dry 

spells. Comparatively, rainfall-constrained ET estimates from AWRA and regional 

GRACE solutions perform more dynamically. They provide consistent ET estimates 

against rainfall variability at different temporal and spatial scales. They highlight that 

water availability is the key factor in controlling the total amount of evaporation and 

transpiration in the Murray Darling Basin and the Lake Eyre Basin. Nevertheless, the 

above findings do not annihilate the benefits of energy-based ET datasets of which the 

high spatial resolution allows for a better mapping of land surface heterogeneities. 

In this ET comparison study, we observed that energy- and water-constrained ET 

datasets would have very discrepant interpretation over ET dynamics. The former ones, 

whether based on the Penman-Monteith model, the Priestley-Taylor model, or on the 
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residual surface energy balance approach, would take radiation and temperature as the 

determining factors in ET computation. This implicitly exposes their less consideration 

about water availability for ET estimation over water-limited regions. Therefore, it is 

necessary to impose water constraint onto those energy-balance-based ET models or 

products to enhance their estimation accuracy. A combination of energy- and water- 

balance-based ET estimates may be a promising approach. The accuracy of water-

constrained ET estimates heavily relies on the quality of precipitation data, as does the 

basin water balance method. ET estimates produced by the regional GRACE solutions 

display a good spatial consistency with rainfall, which demonstrates the great potential 

application of GRACE to simulate ET at sub-basin scale.  

Study Component 3: Evapotranspiration Improvement  

Large-scale ET variations derived from the regional GRACE solutions are more 

consistent with the rainfall zones than does the energy-constrained PT-CMRS ET 

product; whereas the latter is able to distinguish detailed ET heterogeneities which 

cannot be achieved by the coarse-resolution GRACE ET datasets. It is possible to use 

the wavelet-based fusion method to improve ET estimates over water-limited 

environments by merging two ET sources. Results show that the fused ET datasets 

contain more spatial patterns at both large and small scales. Over large regions or basins, 

the composite ET datasets inheriting GRACE’s patterns are consistent with regional 

water availability; meanwhile, they do also carry distinguishable ET features from PT-

CMRS for those open water bodies, vegetated canopy, and irrigated farmlands. These 

features are reasonably stable, with a low sensitivity to the change in wavelet basis or 

decomposition level. At temporal scale, basin-averaged ET time series that were 

initially overestimated or underestimated in PT-CMRS have been effectively adjusted in 

the fused datasets, making the synthetic results more responsive to rainfall conditions.  

With enhanced spatial resolution and accuracy, GRACE can provide better observations 

about the water cycle and availability. It further allows us to have a deeper insight into 

the impacts of climate change, climate variability, and anthropogenic activities on 

hydrological processes from basin to continental scales. At present, the coarse spatial 

resolution of GRACE limits its hydrological applications. The follow-on mission, 
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scheduled for launch in 2017, will hopefully conquer this spatial obstacle with a more 

accurate laser ranging system. 

6.2 Future Work 

Due to the limited time frame of this PhD, some interesting questions which arose 

during the course of this thesis deserve further study. 

 Combining in-situ observations, remote sensing retrievals and land surface 

modelling data to study soil moisture variations 

Soil moisture is a key control of groundwater storage change. In our case study (Chapter 

3), in-situ soil moisture measurements up to 50 cm in soil profile were only used. Soil 

moisture products simulated by land surface models were not used due to lack of 

consideration for irrigation practices in these models. In most regions, soil moisture 

monitoring networks are very rare. Therefore, soil moisture estimates derived from 

numerical models are necessary; they are also able to represent the water content up to 

2-3 m in soil profile. Remote sensing retrievals of soil moisture using microwave or 

thermal imagery (Owe et al., 2001; Draper et al., 2009; Hain et al., 2011; Long et al., 

2014;) may provide additional data to refine the simulations of soil moisture made by 

land surface models. Current soil moisture derived from microwave band provides 

water content observations up to only a few centimetres (Mladenova et al., 2011).  

 Compare GRACE solutions from different sources 

Although terrestrial water storage estimated by the regional GRACE solutions used in 

the 2nd and 3rd component studies have been compared with some global solutions by 

(Seoane et al., 2013), the implications of these difference in terms of ET have not been 

assessed. This topic would be an extension of Chapter 4. 

At the same time, we could extend GRACE application to other Australian basins. 

Previous GRACE application or validation works conducted in Australia have focused 

on well-gauged regions and particular in MDB. Less attention has been paid to other 

interior regions where rainfall, river and groundwater monitoring is at best sparse and 
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often inexistent. Van Dijk et al., (2011) found a large negative trend of ~50 mm/yr 

between 2003 and 2010 by GRACE CSR terrestrial water storage observations over the 

Western Plateau and Great Sandy Desert. What is the main contributor behind this trend, 

it should be interesting to explore. 

 Using long-term water balance from GRACE to constrain RS ET products or 

models 

A wide range of ET products has led some authors to call for further comparison or 

integration between ET products (Long et al., 2014). Others are aimed to addressing the 

deficiency associated with these ET models (Zhang & Wegehenkel, 2006; Zhang, 

Leuning, et al., 2010; Gokmen et al., 2012). These calls are aligned with the objectives 

of our 3rd study. Zhang, Leuning, et al., (2010) introduced basin water balance 

conception into ET modelling. First, they used a long-term water balance (P-Q) from 

285 Australian gauged catchments to calibrate a ‘Budyko-curve’ hydro-meteorological 

ET model. Then, they forced the Budyko-curve-based annual ET to equate to the values 

estimated by the P-M model to adjust the variable maximum stomatal conductance at 

each grid cell. Such an operation ensures closure of the annual water balance. Following 

Zhang, Leuning, et al., (2010)’s concept, GRACE ET estimates at annual or sub-annual 

steps can be applied to calibrate the variable(s) from energy-balance-based models.  

Another modelling approach is to impose soil moisture stress module. This is based on 

the fact that current RS ET models lack of water constraint, though modellers try to use 

some variables - such as vapour pressure deficit (VDP) and leaf area index (LAI) - as 

implicit water constraints (Long et al., 2014). Some trials have been recently conducted 

based on the accessibility of satellite- and ground-measured soil wetness maps (Zhang 

& Wegehenkel, 2006; Miralles et al., 2011; Gokmen et al., 2012). Gokmen et al., (2012) 

integrated soil moisture into a SEBS model depending on a strong relationship between 

near surface soil water content and evaporative fraction (LE/(Rn-G)). A scaling factor 

formulated as a sigmoid function with relative soil moisture was multiplied with kB-1 

(the parameter that summarizes the excess aerodynamic resistance to heat transfer 

compared to momentum transfer). Miralles et al., (2011) constructed a global P-T model 

with a module calculating soil water content based on water balance. Assimilated with 
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microwave satellite soil moisture data for the top soil layer, the soil evaporation and 

vegetation transpiration were calculated with a consideration of soil moisture stress.  

 Using other data fusion or assimilation methods  

In terms of GRACE data integration, further paths could be explored. First, the wavelet 

coefficients weighting system used in Chapter 5 deserves further improved. In our study, 

the development of the coefficients fusion scheme highly relies on the preliminary 

knowledge of the strong patterns presented at both large and small scales. PT-CMRS 

ET datasets present particularly strong ET patterns over open water bodies such as 

floodplains, wetlands, lakes, and irrigated farmlands. These features may not be so 

obvious in other ET products which are also based on optical and thermal satellite 

retrievals. Whether our wavelet fusion system can still be applied over other products 

(Table 2.2), or whether it needs to be re-adjusted, deserves a further exploration.   

Second, beyond the wavelet fusion method, some other data fusion or assimilation 

methods are possible. Machine learning and a multi-scale Kalman filter may be 

included under the data fusion scheme. Data assimilation techniques such as the Kalman 

filter method have caught the attention of many hydrologists and climatologists in 

recent years, given that so many satellite sources are accessible (Pan & Wood, 2006; 

Zhou et al., 2006; Zaitchik et al., 2008). Compared with image fusion methods, data 

assimilation highlights data constraining or tuning from temporal perspective, which 

proposes another way to integrate GRACE measurements and its derivatives.  
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