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Abstract

As the world’s largest renewable freshwater resource, groundwater plays an
important role in supporting all types of human water use. For Australia,
the driest inhabited continent in the world, its groundwater accounts for al-
most 1/5 to 1/3 of its annual water use depending on climate conditions.
In regions such as Western Australia and the Northern Territory, for exam-
ple, this rate is as high as 70% to 90%. Despite this importance, Australia’s
groundwater remains the least understood resource. The main reason is that
spatio-temporal variability groundwater information, which is fundamental for
its management, is insufficient or even unavailable in many parts of Australia
due to non-homogeneous hydrogeological data. Where such data are available,
as in the case of boreholes, they are faced either by data inconsistencies and/or
non-continuous dataset. This is further compounded by the fact that ground-
water comes with its complexity triggered by multiple hydroclimatic and hy-
drogeological factors from one Australian region to another, which hampers
its understanding.

Currently, Australia is faced with different kinds of groundwater related is-
sues from one region to another. For instance, there is the issue of decline
of groundwater level in Western Australia. This is one of the major issues
requiring special attention as it leads to unsustainable groundwater use on the
one hand, and environmental degradation on the other hand. Although pre-
vious studies have singled out climate change and anthropogenic impacts as
the main contributors to the decline, detailed spatio-temporal information on
groundwater and its corresponding hydroclimate/anthropogenic impacts are
still lacking. In Australia’s Northern Territory, the government’s planned agri-
cultural expansion has been put on hold due to the concern that the available
water for irrigation may not be able to meet the crop water demand. Given
that groundwater is almost the only reliable water source for agriculture in the
Northern Territory, understanding its spatio-temporal availability under dif-
ferent climatic conditions, as well as balancing the available water with crop
water demands, is thought to be the key to accelerating this planned agri-
cultural expansion. Unfortunately, such information is currently unavailable.
Furthermore, lack of groundwater spatio-temporal information is not easily re-
solved due to the high cost and time-consumption of traditional methods such
as drilling and isotopes. Consequently, this hinders groundwater development
and its related applications in Australia’s data deficient regions. To circum-
vent this, there exists a possibility of obtaining Australia’s spatio-temporal
groundwater information without actually relying on monitoring data such as
boreholes since groundwater behaviours can be inferred from the behavior of
its associated hydroclimatic and hydrogeological factors. However, such prepo-
sition requires a clear understanding of the relationship between groundwater
and hydroclimate-hydrogeology. Finally, groundwater recharge threshold con-
ditions represent the balance point between recharge and discharge, and are
crucial for understanding groundwater recharge mechanism, predicting ground-
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water recharge timing, and helping maintain aquifer balance. Although previ-
ous studies have made several attempts to quantify the groundwater recharge
threshold conditions in Australia, their results are normally limited to localised
scales and with only a few conditions considered and discussed. This leaves
the issue of large-scale quantification of groundwater recharge threshold con-
ditions in Australia unsolved, possibly due to difficulties in dealing with the
combined effects of various hydroclimatic and hydrogeological conditions on
groundwater across the vast Australian continent.

Addressing the issues outlined above, the major objective of this thesis, there-
fore, is to understand Australia’s spatio-temporal groundwater variation from
a hydroclimate and hydrogeology perspective to better inform its management.
Specifically, the study (i) investigates the spatio-temporal groundwater varia-
tion associated with climatic and anthropogenic impacts as exemplified over
South-West Western Australia, (ii) evaluates Northern Territory’s irrigated
agricultural potential based on the balance between groundwater availability
and three crop water demands of three crops, (iii) proposes a knowledge-based
approach utilizing climatic, topographical and hydrogeological information to
infer groundwater spatio-temporal characteristics exemplified by Lake Victoria
Basin (Africa) and the Australian State of Victoria, and (iv), applies machine
learning techniques to quantify the groundwater recharge threshold conditions
across the Australian continent.
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Chapter 1
Introduction

1.1 Global perspective

Groundwater is a natural water resource buried under the surface of the
earth (see global distribution in Fig 1.1), and accounts for approximately 30%
of the world’s freshwater (Taylor et al., 2013a). Considering that, of the re-
maining 70%, almost 69% is a combination of ice, snow and glaciers, with rivers
and lakes accounting for less than 1%, groundwater thus is the largest fresh-
water resource in the world (Howard , 2014; Jasechko et al., 2014). According
to recent global records (Lall et al., 2020; Jasechko et al., 2014), groundwater
has already been an indispensable part of human water use, supporting around
50% of drinking water, approximately 40% of irrigation water and 33% of in-
dustrial water use. Apart from supporting humanity, groundwater also plays
an important role in maintaining ecological stability. Many previous studies,
e.g. Xi et al. (2009); Nevill et al. (2010); Gleeson et al. (2010); Wang et al.
(2018) have shown that the functions of groundwater include recharging the
flow of rivers and supporting the survival of surface vegetation and wildlife
during dry seasons.

Figure 1.1: A Simplified version of a global groundwater resources map pre-
sented in Taylor et al. (2013a).

In recent decades, however, groundwater decline has become a common
phenomenon worldwide (Schwartz and Ibaraki , 2011; Hughes et al., 2012; Pa-
tle et al., 2015; Sun et al., 2015). In the United States, for instance, the
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groundwater depletion rate has increased dramatically since 1950, reaching an
average maximum value during the 2000-2008 period (Konikow , 2013). Sim-
ilarly, in India, the groundwater depletion rate increased from 58% in 2004
to 62% in 2011 (Chindarkar and Grafton, 2019). Under the current scenario
of global climate change (e.g. global warming; Kumar 2012) and increasing
food demands due to increasing population (Turner et al., 2019), the rising
trend of groundwater depletion is going to persist. Particularly, increasing
food demands will lead to the expansion of irrigated agriculture in those semi-
arid areas, where groundwater is the only reliable freshwater source, thereby
greatly increasing groundwater abstraction (Bierkens and Wada, 2019). Ac-
cording to Gleeson et al. (2012), the global overall rate of using groundwater
was already 3.5 times higher than the sustainable rate 10 years ago. Although
no reliable statistics have been found on the current state of groundwater use
globally, many recent studies related to unsustainable groundwater use are still
reminding us that groundwater management issues remain unresolved (Dalin
et al., 2019; Perrone and Jasechko, 2019; Rosa et al., 2019; Garg et al., 2022).

Failure to address groundwater management issues will have serious con-
sequences. Considering that approximately 31% of the world’s population
depends solely on groundwater for survival (Grönwall and Danert , 2020), a
major consequence is a direct threat to human life from water shortages. An-
other consequence is the irreversible environmental degradation, e.g. reduction
of the flow of rivers, vegetation cover, and of species (Mukherjee et al., 2018;
Hartfield et al., 2020). Also, land subsidence, seawater intrusion and water
contamination are also consequences caused by the decline of groundwater
(Ajami , 2021). Groundwater sustainability management, therefore, is a nec-
essary task that all human beings must deal with for now and in the future.

1.2 Australian perspective

Australia is the driest populated continent on earth, with about 70% of its
area classified as arid or semi-arid (see Fig 1.2; Newsome and Corbett 1975).
Groundwater in these arid or semi-arid regions is essentially the only reliable
water resource that can be accessed. The remaining 30% of the regions, e.g.
south-west coast and the northern parts of Australia, have distinctive seasonal-
ity (see Fig 1.2), with most of the rainfall occurring between May and Septem-
ber (Ali et al., 2012) and November and April (Rogers and Beringer , 2017),
respectively. As for the dry season, these regions remain highly dependent
on groundwater, which is needed to maintain surface ecosystem, as well as to
support human water use. Less reliance on groundwater only exists in south-
eastern Australia, which has relatively uniform rainfall (Zhao et al., 2013).
Nevertheless, groundwater remains important for maintaining ecosystem sta-
bility, considering that the Murray–Darling Basin in southeastern Australia is
of significant environmental value to Australia.

Despite its importance to the entire Australian continent, groundwater is
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Figure 1.2: Major seasonal rainfall zones of Australia, downloaded
from Bureau of Meteorology; (http://www.bom.gov.au/jsp/ncc/climate_
averages/climate-classifications/).

the least understood compared to other water resources, leading to its poor
management. One typical example is that groundwater decline has been a
major problem in Australia over the past two decades. Ever since the millen-
nium drought (1997-2009), many regions across the Australian continent have
experienced various degrees of groundwater decline (Barnett et al., 2020). Yet
such a decline issue remains unresolved and is mentioned almost every year in
the official water report (see, e.g. Bureau of Meteorology 2021, 2020a, 2018).
Although the failure of groundwater management can be blamed on the one
hand on complex population, policy and economic needs, it also reflects the
lack of information and knowledge about groundwater in Australia on the
other hand. Specifically, the lack of information may be attributed to the
lack of suitable data representing the spatio-temporal variability of ground-
water. For instance, previous Australian studies investigated the groundwater
spatio-temporal variability using satellite and model products (see, e.g. Chen
et al. 2016a), but the coarse spatial resolution makes the results less useful
for local groundwater management. For Australian groundwater studies based
on in-situ or isotope data (see, e.g. Vanderzalm et al. 2011; Martinez et al.
2015; Keshavarzi et al. 2016), such studies are very local and rarely provide
useful spatio-temporal information due to the heterogeneity and discontinuity
of hydrogeological data. As for the lack of knowledge, this may be attributed
to the complex interactions of groundwater behaviours in relation to multiple
hydroclimatic and hydrogeological factors. Most previous Australian studies
only focused on the impacts of one or two factors (mostly climatic factors;
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see, Crosbie et al. 2010; Ali et al. 2012) on groundwater instead of giving a
comprehensive estimation. This thesis, therefore, seeks to address Australia’s
different groundwater issues through a deeper perspective, i.e. by providing
groundwater spatio-temporal information at a suitable scale, and by improv-
ing the understanding of groundwater spatio-temporal variability in relation
to hydroclimate and hydrogeology.

1.3 Australia’s groundwater: Main concerns

Given that Australia’s vast continent has different characteristics of popula-
tion, industry, hydroclimate and hydrogeology, groundwater issues also appear
differently in different regions. Currently, some of the main concerns about
Australia’s groundwater issues are: (i) climatic and anthropogenic impacts on
groundwater, (ii) the necessity of groundwater for agricultural expansion, (iii)
groundwater data deficiency and uncertainty, and (iv), unclear groundwater
recharge threshold conditions. These are treated in detail in the following
subsections.

1.3.1 Climatic and anthropogenic impacts on ground-
water

Australia’s groundwater decline is caused by a combination of climate
change and anthropogenic impacts. Climate change associated with ground-
water decline is mainly attributed to a decrease in rainfall and a rise in tem-
perature. According to an Australian official report (Bureau of Meteorology ,
2020b), the national average temperature of 2020 increased by 1.44 ± 0.24 ◦C
compared to that of 1910. The winter rainfall in southwestern Australia de-
creased around 16% since 1970, while in southeastern Australia the decrease is
12%. Decreasing rainfall leads to fewer sources of groundwater recharge, while
rising temperature contributes to increased evaporation from shallow aquifers,
which ultimately results in lower groundwater levels. This is one of the major
reasons that, during the millennium drought, southwestern and southeastern
Australia’s groundwater declines were the most pronounced (Ali et al., 2012;
Chen et al., 2016b; Schumacher et al., 2018). As for the anthropogenic impact
on groundwater, e.g. groundwater abstraction, it is difficult to detect due to
difficulties in data collection, e.g. many irregular groundwater abstractions are
not recorded. Even if there are records, e.g. groundwater use statistics for each
Australian State in Bureau of Meteorology (2020a), they are just summarised
numbers without any detailed spatial and temporal information. The only
information obtained is that southwestern and southeastern Australia are the
areas with the most groundwater use in the country (Bureau of Meteorology ,
2020a). Thus, the anthropogenic impact is certainly another major reason
for groundwater decline, but detailed knowledge such as where anthropogenic
impact occurs, and how the weight of influence compares to climate change,
remains unclear in these regions.
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1.3.2 Necessity of groundwater for agricultural expan-
sion

Depending upon different climatic conditions, groundwater normally ac-
counts for 1/5 to 1/3 of annual total water usage in Australia (Bureau of
Meteorology , 2021). Among the various uses of groundwater, agriculture ac-
counts for the largest proportion, i.e. about 70% of groundwater is used for
irrigation and livestock (Harrington and Cook , 2014). Specific to the Aus-
tralian states, New South Wales and Western Australia are, respectively, the
largest and the second-largest groundwater users in agricultural fields (Bu-
reau of Meteorology , 2021). However, agricultural development is limited due
to climate change and groundwater decline in both states. The new spot-
light of agricultural expansion, therefore, is on the Northern Territory (NT),
a vast land (17.5% of Australia’s area) but with only around 1% of the Aus-
tralian population, with an increasing trend of rainfall (Bureau of Meteorology ,
2020b) and the least groundwater usage among all states (Bureau of Meteo-
rology , 2021), considered a place with great potential for the expansion of
irrigated agriculture (Ash et al., 2017). Although the Australian government
also has intentions to expand the scale of irrigated agriculture in the NT, the
process of agricultural expansion has been delayed due to concerns about the
unsustainable development of agriculture (Thomas et al., 2018). Considering
that almost all agricultural water in the NT comes from groundwater (Kin-
sela et al., 2012; Bureau of Meteorology , 2018, 2021), the lack of groundwater
spatio-temporal information and the missing linkages between groundwater
availability and crop water demands are some of the main reasons hindering
agricultural expansion.

1.3.3 Groundwater data deficiency and uncertainty

In Australia, borehole observation is the most commonly used data with
which to provide spatio-temporal information in official reports, see, e.g. ‘Wa-
ter in Australia 2019-20’ (Bureau of Meteorology , 2021). Unlike other conti-
nents where borehole information is scattered or poorly organised, Australia’s
borehole information is well organised and freely available from an online ap-
plication, called ‘The Australian Groundwater Explorer’ (see web address:
http://www.bom.gov.au/water/groundwater/explorer/map.shtml). This
application provides information on more than 850,000 borehole logs (see Fig-
ure 1.3a), but it is worth noting that only about 30,000 (around 3.5%) of these
boreholes contain groundwater-level records (see Figure 1.2b; Hu et al. 2022a).
After further filtering, such as excluding data that is discontinuous or too old
(e.g. collected before 1980), the final estimated number of available bore-
holes that can be used for academic research is only 17,569 (2%). Given that
spatio-temporal information on groundwater is fundamental to groundwater
management, this number of boreholes is far from enough for the management
of Australia’s groundwater resources.

The Gravity Recovery and Climate Experiment (GRACE; Tapley et al.
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Figure 1.3: Borehole spatial distribution over the Australian continent: (a) all
boreholes, and (b), boreholes with groundwater monitoring records.

2004) satellites launched in 2002 are commonly used for collecting alterna-
tive data that provides groundwater spatio-temporal information on a large
scale, see, e.g. Awange et al. (2009); Feng et al. (2013); Döll et al. (2014);
Hu et al. (2017); Agutu et al. (2019). Compared to borehole observations,
GRACE has the advantage that it provides water-equivalent height changes
in groundwater with complete global spatial coverage and is freely available.
The disadvantage of GRACE, however, is that its coarse spatial resolution,
i.e. approximately 400 km × 400 km, makes its observations difficult to ap-
ply in local areas, e.g. areas less than 200,000 km2 (Frappart and Ramillien,
2018). Furthermore, GRACE itself only measures tiny variations in terms
of the Earth’s gravity field, which are interpreted as terrestrial water storage
changes (TWSC; Tapley et al. 2004). GRACE should be used in combina-
tion with external datasets, such as a hydrological model (such as GLDAS;
Hu et al. 2017) for removing other components of water, e.g. soil moisture,
surface water, the canopy and snow, in order to obtain groundwater storage
changes (Cao et al., 2015; Castellazzi et al., 2016; Hu et al., 2017). During this
process, uncertainties will be introduced since most of these parameters in the
hydrological models are simulated (Qiao et al., 2013; Chen et al., 2016a). The
GRACE-derived groundwater spatio-temporal information, therefore, usually
requires validation by comparison with other models or with in-situ data.

Hydrological models are able to flexibly provide groundwater spatio-temporal
information from local (see, e.g. Yin et al. 2020) to global (see, e.g. de Graaf
et al. 2015; Li et al. 2019a; Schmied et al. 2021) scales. Typically, these ground-
water models use equations to describe or simulate physical processes of the
water cycle, such as the infiltration process from rainfall to groundwater, or
the balance between incoming and outgoing hydrological water fluxes. There-
fore, as long as some parameters (forcing/input data) in these equations are
known, e.g. rainfall and evaporation, the unknown parameters can be de-

14



rived, e.g. groundwater. Based on this principle, some hydrological models
can have vast and fine spatio-temporal coverage and resolution, for instance,
the Global Land Data Assimilation System (GLDAS) products have 0.25◦ ×
0.25◦ spatial and daily temporal resolution (Li et al., 2019b). Nevertheless,
uncertainties still arise in all kinds of models, due to the fact that (i) the forc-
ing/input data also have uncertainties (Rojas et al., 2010), (ii) many physical
processes are difficult to formulate perfectly due to lack of knowledge or data,
e.g. groundwater flow within the aquifer and the influence of geological condi-
tions at different depths on groundwater are usually unclear, and (iii), different
groundwater models may perform differently even for the same study region,
depending on the forcing data used, the way and the complexity of modelling
(Von Freyberg et al., 2015). Eventually, the groundwater spatio-temporal re-
sults derived from the model still need to be verified using in-situ observations,
which unfortunately are not yet available in many areas.

1.3.4 Unclear groundwater recharge threshold conditions

The main task of groundwater management is to maintain groundwater at a
reasonable level and prevent it from rising or falling excessively. However, this
task is not easy, because we have little control over climatic and hydrogeological
conditions that determine the behaviour of groundwater recharge/discharge. A
common way on how to address this is to adapt the groundwater management
plan according to the climatic and hydrogeological conditions.

For adaption of the management plans, information on groundwater recharge
conditions and their thresholds is important. The former represents the influ-
encing factors that control groundwater recharge and can be used to under-
stand the recharge mechanism, while the latter implies the necessary values for
these conditions that trigger groundwater recharge, i.e., groundwater level can
only rise if the condition value exceeds its threshold, and thus, it is commonly
used to predict groundwater recharge timing and help managers improve plans
(Moeck et al., 2020). Despite the fact that wetness of unsaturated zone is the-
oretically the best indicator of groundwater recharge/discharge, such data are
not available. Instead, previous studies, e.g., Kumar (2012); Tang et al. (2013);
Fu et al. (2019); Moeck et al. (2020), have indicated that rainfall, evaporation,
soil, runoff and vegetation could also be used as main potential groundwater
recharge threshold conditions. For instance, groundwater recharge can be re-
garded as a process by which rainfall infiltrates from the surface to the ground,
and thus the spatio-temporal changes of rainfall usually determine the varia-
tions of groundwater (Taylor et al., 2013b; Jasechko et al., 2014; Jasechko and
Taylor , 2015). Fu et al. (2019) have stated that rainfall is the most impor-
tant factor for groundwater recharge in Australia. Evaporation is the major
output of the land-water cycle, which usually determines the amount of rain-
fall involved in the infiltration process (Nanteza et al., 2016; Hu et al., 2017;
Zhong et al., 2020). When rainfall reaches the ground, soil usually is the first
layer to infiltrate. The rate of infiltration depends mainly on the texture and

15



hydraulic properties of the soils, e.g. grain size, porosity, water saturation
amongst others (Arye et al., 2011; Preeja et al., 2011; Das , 2017). Some soil
types are even impermeable, which prevents groundwater from recharging ver-
tically (Sandoval and Tiburan Jr., 2019). Surface runoff occurs when rainfall
intensity is greater than the infiltration rate or when soil water is already
saturated and rainfall continues. The significance of surface runoff for ground-
water recharge is that it transfers excess rainwater from one region to another,
such as streams, rivers, and floods, allowing groundwater to be recharged even
without rainfall, though it also brings the risk of contamination (Voisin et al.,
2018). According to Koirala et al. (2017), vegetation can both help and pre-
vent groundwater recharge. On the one hand, the roots of vegetation create
cracks or channels in the soil that increase infiltration rates (Ilstedt et al.,
2016). On the other hand, vegetation needs to absorb water from the soil
to survive, and thus, studies such as by Oliverira et al. (2016) have found a
negative relationship between groundwater recharge and increasing vegetation.
Unfortunately, even with clear knowledge about every step of the infiltration
process, the combined effects of these factors in the unsaturated zone, e.g.,
each factor’s influence varying in space and time, remains unclear.

1.4 Knowledge gaps and challenges

1.4.1 Understanding groundwater decline in relation to
climate change and anthropogenic impacts in South-
West Western Australia

Section 1.3.1 has indicated that southeastern and southwestern Australia’s
groundwater declines are caused by a combination of climate change and an-
thropogenic impacts. Given that much of Australia’s population, agricultural
production, and valuable ecosystems are located in southeastern Australia, its
issues of groundwater decline have received a lot of attention after the millen-
nium drought (see, e.g. Crosbie et al. 2010; van Dijk et al. 2013; Wheeler et al.
2014; Chen et al. 2016b; Schumacher et al. 2018; Fu et al. 2019; Gonzalez et al.
2020). Even now, these discussions are still being updated annually (see, e.g.
Colloff and Pittock (2022)). Compared to southeastern Australia, the issue of
groundwater decline in southwestern Australia requires more attention, given
the high reliance on groundwater (accounting for 60-70% of total water usage;
Harrington and Cook 2014).

From a population, agricultural and industrial concentration perspective,
most previous groundwater studies in southwestern Australia are located in
south-west Western Australia (the Perth Basin), see, e.g. Ali et al. (2012);
McFarlane et al. (2020). Although studies such as Ali et al. (2012); Skurray
et al. (2012) have investigated the impact of climate change on groundwater,
the discussions are either about modelling groundwater trends under future cli-
mate change or policy issues. Useful spatio-temporal groundwater information
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is not provided across south-west Western Australia (SWWA) but is scattered
across a small number of local studies represented by limited boreholes (Mc-
Farlane et al., 2012; Hughes et al., 2012). Spatial indications of anthropogenic
impacts on groundwater are also missing, except that the Gnangara ground-
water system (in the northern Perth Basin) is known to be most affected by
groundwater extraction (Bekesi et al., 2009). In addition, from the perspective
of groundwater decline outcomes, climate change and anthropogenic impacts
are mixed, and no previous studies have attempted to clarify which one is
the main cause of groundwater decline in SWWA. Without this information,
groundwater management plans can easily be incorrect by misunderstanding
the main drivers of groundwater decline.

1.4.2 Understanding the balance between groundwater
use and agricultural expansion in the Northern
Territory

As described in section 1.3.2, given that groundwater is the only reliable
water resource for irrigated agriculture in the NT, estimates of the balance
between groundwater availability and crop water demand provide key infor-
mation with which to drive agricultural development. However, such estimates
are challenging, due to the insufficient groundwater spatio-temporal informa-
tion on the one hand, and the complex estimations of crop water demand on
the other hand. For instance, the NT government has made its efforts on delin-
eating water control districts and producing detailed reports of water resources
over the past ten years, see, e.g. Ti Tree Water Report (2009); Oolloo Water
Allocation Plan (2010); Northern Territory Government (2018). Nevertheless,
these results are still insufficient compared to the vast area of NT, resulting in
little agricultural land being released for expansion. As for the evaluation of
irrigated agricultural water demands, it is difficult particularly on a large scale
since different crops require different amounts of irrigated water in different
spaces and time (McMahon et al., 2013). In the NT, such evaluation has only
been done in some water control districts through long-term experiments (see,
e.g. Bithell and Smith 2011;MacFarlane and Fairfield 2017). Additionally, the
groundwater availability and crop water demand are usually separate studies,
and the linkage between them is not established in the NT.

1.4.3 Development and testing of a new approach by
which to infer groundwater spatio-temporal dis-
tribution in data deficient areas

Previously, Section 1.3.3 introduced three products for providing ground-
water spatio-temporal information: in-situ data, GRACE satellites, and hy-
drological models. However, these products have some shortcomings, such
as limited coverage, coarse spatial resolution and unreliability, which cannot
provide accurate Australia’s groundwater spatio-temporal information while
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maintaining sufficient spatial resolution.

In recent years, data assimilation techniques have been frequently used, and
some studies have attempted to incorporate in-situ observations and GRACE
data into models (see, e.g. Panzeri et al. 2016; Rasmussen et al. 2016; Li et al.
2019a) to make groundwater spatio-temporal information more accurate and
reliable. For instance, the Global Land Data Assimilation System (GLDAS)
Catchment Land Surface Model (CLSM; version 2.2) with data assimilated
from GRACE (hereafter called GLDAS-DA) provides groundwater storage es-
timates in shallow aquifers (Li et al., 2019a). Its 0.25◦ × 0.25◦ spatial resolu-
tion is finer than that of GRACE, and the evaluation using in-situ data shows
a 36% error reduction and 16% correlation improvement compared to the orig-
inal model without data assimilation (Li et al., 2019a). To some extent, this
addresses the groundwater data deficiency and uncertainty issues. However,
for those regions without in-situ data as validation, the reliability of the model
is still unknown. Inspired by the geographic information system (GIS), many
studies have used knowledge-based inversion analysis for very high spatial res-
olution of groundwater potential mapping (Adiat et al., 2012; Mananp et al.,
2013; Nouayti et al., 2019); for example, sandstone is empirically a sign of
groundwater storage potential because of its high porosity and permeability in
general, and according to this knowledge and inversion analysis, the sandstone
distribution from geological data may provide the spatial location of ground-
water to some extent. Similarly, topography and climate could also offer such
information to allow inferring groundwater spatio-temporal behaviours with-
out using actual groundwater monitoring data. Therefore, by comparing the
inferred results with hydrological models (independent evaluation), and exam-
ining their linkages both spatially and temporally, the uncertainty of ground-
water spatio-temporal information can be reduced or found. Nevertheless, this
approach has not been proposed and tested before. Furthermore, given that
knowledge-based inversion analysis procedures usually vary according to differ-
ent hydroclimatic and hydrogeological conditions, it is challenging to design a
universal approach by which to infer groundwater spatio-temporal information
at various scales or conditions.

1.4.4 Understanding of groundwater recharge threshold
conditions across the Australian continent

Groundwater recharge threshold conditions provide key information for
aquifer management, as mentioned in Section 1.3.4, yet such information is
rarely investigated in Australia. Previous studies, e.g. Fu et al. (2019), dis-
cussed the impact of climatic and non-climatic conditions on groundwater
recharge in southeastern Australia, but did not provide the threshold values
or rank the weights of influence for each condition on groundwater. Some
studies, e.g. Baker et al. (2020), did provide the threshold value of rainfall
for local regions, but ignored the possibility that other conditions may also
have a certain impact on groundwater recharge. To the best of the authors’
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knowledge, the quantification of groundwater recharge threshold conditions for
both large-scale and multiple conditions in Australia has never been done be-
fore. This is due to the difficulty of handling big data and relationships among
multiple variables, thus requiring some more advanced computational tech-
niques. Machine learning is well known for its powerful capability to process
big data and multiple relationships, which could be a suitable tool for solving
the issue of quantifying groundwater recharge threshold conditions. Although,
authors have not found any previous studies using machine learning classifica-
tion techniques to quantify groundwater recharge threshold conditions, there
have been many similar studies on threshold condition topics in other fields
(see, e.g. Miao et al. 2011; Belgiu and Drǎgut 2016; Wu et al. 2018; Yang
et al. 2019). The challenge for machine learning techniques is the uncertainty
in results from different data and method choices, requiring extensive testing
and discussion.

1.5 Thesis objectives

The primary objective of this thesis, therefore, is to understand the spatio-
temporal variability of groundwater and knowledge of its associated hydrocli-
mate and hydrogeology, by filling the knowledge gaps identified in Section 1.4.
The following list presents a short description of each objective, while for a
more detailed introduction, we refer to the introductory pages of each Chapter.

(i) The climatic and anthropogenic impacts on groundwater spatio-temporal
variability are investigated in south-west Western Australia (SWWA).
The study put special efforts on organising the spatio-temporal informa-
tion of groundwater from scattered boreholes, creating a long-term time
series for 1980-2015, and spatial patterns of groundwater change in differ-
ent seasons. Also, the linkages between climate variability/change and
groundwater are investigated. The anthropogenic impacts on ground-
water are further identified by finding the groundwater extraction hot
spots.

(ii) The irrigated agricultural potential in the NT is evaluated through the
balance between groundwater availability and crop water demands. On
the one hand, the groundwater availability is calculated as the 20%
of groundwater recharge/discharge due to the water policy of the ‘80-
20 rules’ claimed by the NT government (MacFarlane and Fairfield ,
2017). On the other hand, the Food and Agriculture Organisation (FAO)
Pennman-Monteith equation (Allen et al., 1998) is used to estimate crop
water demands. After that, the balance between groundwater availabil-
ity and crop water demand is compared under scenarios of the average
conditions between 2010 and 2019 and the 2019 dry period in order to
obtain risk management information for climate extremes.

(iii) A knowledge-based approach for inferring groundwater spatio-temporal
variability in data-deficient regions is proposed. The hydrological model
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is used as ‘background’ data to provide spatio-temporal information of
groundwater. The inversion analysis for rainfall, evaporation, topogra-
phy and geology datasets play the role of reducing model uncertainty. To
prove the reliability and generality of this approach globally, it is pro-
posed in a data-deficient region, i.e. Lake Victoria Basin (Africa), and
then tested in a data-rich region, i.e. Australian state of Victoria.

(iv) The groundwater recharge threshold conditions are quantified over the
Australian continent. This is done through applying machine learning
techniques such as classification tree (Breiman et al., 1984), random for-
est (Breiman, 2001), and logistical regression (Pregibon, 1981). By using
these techniques, the specific threshold values (monthly based) of each
condition are provided in the format of a spatial map. Also, the possible
groundwater recharge mechanism inferred by the different hydroclimatic
and hydrogeological conditions is discussed.

1.6 Research outline

The structure of this thesis firstly begins with an introduction (Chapter
1) covering the background, knowledge gaps and objectives. The following
Chapters 2-5 are the papers (4 peer-reviewed publications and 1 submitted
manuscript; see Table 1) that correspond to each of the objectives in Chapter
1, with a brief description of their key findings. Finally, Chapter 6, concludes
the overall contribution of this thesis and points out the future outlook.
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Chapter 2
Understanding groundwater decline in
relation to climate change and anthro-
pogenic impacts in South-West West-
ern Australia

This chapter is covered by the following publication (Hu et al. 2019):

1. Hu, K.X., Awange, J.L., Kuhn, M. and Saleem, A., (2019). Spatio-
temporal groundwater variations associated with climatic and anthro-
pogenic impacts in South-West Western Australia. Science of The Total
Environment, 696, 133599, doi: 10.1016/j.scitotenv.2019.133599.

This contribution addresses the groundwater decline issue in south-west West-
ern Australia outlined in Section 1.4.1 and objective (i) in Section 1.5, by
investigating the climatic and anthropogenic impacts on groundwater. Specif-
ically, the groundwater level records from 2,997 boreholes and climate data are
collected and organised. Subsequently, average long-term annual and monthly
time series are generated for the 1980-2015 period, and the average monthly
spatial patterns of groundwater change and rainfall are also presented through
interpolation. The results suggest that climate variability/change appears to
have less impact on groundwater than do anthropogenic influences, since the
groundwater level continued dropping ever since the year of 2000 while annual
and seasonal rainfall basically remained stable. This finding refreshes the un-
derstanding of groundwater in south-west Western Australia, as previous stud-
ies (e.g., Ali et al. 2012; Skurray et al. 2012) stressed too much on the impact
of reduced rainfall after 1975 on the decline of groundwater levels. The serious
level dropping only occurs around Perth regions where abnormal groundwater
variations are frequently captured (hot spots) as the results of groundwater ex-
traction. The monthly groundwater spatial patterns indicate that the recharge
timing of groundwater is between May and August/September (correlating
highly to rainfall), while the level reaches its maximum heights in September.
Although the temporal correlation shows an average lag of 2-3 months between
rainfall and groundwater variation, the spatial patterns show a different story,
indicating the exitance of the threshold value for rainfall recharge groundwater
in some regions. For instance, the groundwater recharge is found to immedi-
ately occur when rainfall value is above 60 mm/month in the southern part
of Perth, but this phenomenon is identified as a lag in the correlation analysis
and could easily lead to misunderstanding.

To avoid potential misunderstandings, two clarifications have been made
for the publication presented in this Chapter:
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(i) The BoM rainfall is a product based on in-situ interpolation, and thus,
could have higher uncertainties over data sparse areas. The Multi-Source
Weighted-Ensemble Precipitation (MSWEP) and Tropical Rainfall Mea-
suring Mission (TRMM) products mentioned in Section 3.1.2, subse-
quently, were used to examine such uncertainty and to ensure the cor-
rectness of the spatial rainfall pattern in South-West Western Australia
(SWWA).

(ii) The rainfall threshold for groundwater recharge found in SWWA is ob-
tained through the visual inspection of spatial patterns of rainfall and
groundwater. Considering other factors such as evaporation, soil mois-
ture, runoff and vegetation that could also determine recharge/discharge,
the rainfall threshold here may not be the most representative threshold
to distinguish groundwater recharge/discharge. For the discussion about
multiple threshold conditions, we refer to Chapter 5.
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A B S T R A C T

South-West Western Australia (SWWA) is a critical agricultural region that heavily relies on groundwater
for domestic, agricultural and industrial use. However, the behaviours of groundwater associated with cli-
mate variability/change and anthropogenic impacts within this region are not well understood. This study
investigates the spatio-temporal variability of groundwater in SWWA based on 2997 boreholes over the
past 36 years (1980–2015). Results identify the decline in groundwater level (13 mm/month) located in
the central coastal region of SWWA (i.e., north and south of Perth) to be caused by anthropogenic impacts
(primary factor) and climate variability/change (secondary). In detail, anthropogenic impacts are mainly
attributed to substantial groundwater abstraction, e.g., hotspots (identified by above 7 m/month groundwa-
ter level change) mostly occur in the central coastal region, as well as close to dams and mines. Impacts
of climate variability/change indicate that coupled ENSO and positive IOD cause low-level rainfall in the
coastal regions, subsequently, affecting groundwater recharge. In addition, correlation between groundwa-
ter and rainfall is significant at 0.748 over entire SWWA (at 95% confidence level). However, groundwater
in northeastern mountainous regions hardly changes with rainfall because of very small amounts of rain-
fall (average 20–30 mm/month) in this region, potentially coupled with terrain and geological impacts. A
marked division for groundwater bounded by the Darling and Gingin Scarps is found. This is likely due to
the effects of the Darling fault, dams, central mountainous terrain and geology. For the region south of Perth
and southern coastal regions, a hypothesis through multi-year analysis is postulated that rainfall of at least
60 and 65–70 mm/month, respectively, are required during the March–October rainfall period to recharge
groundwater.
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1. Introduction

South-West Western Australia (SWWA; 28.5◦–35.5◦ S; 114.5◦–
118◦ E, Fig. 1), is an essential agricultural region of Western Australia
that supports the livelihood of about 65% of its total population (1.7
million; ABARES, 2018; Population Australia, 2018). It relies heav-
ily on rain-fed and irrigated agriculture, e.g., producing cereal crops
such as wheat and canola besides sheep grazing for wool produc-
tion (ABARES, 2018; Hill et al., 2004). In the period 2016–2017, the
gross value of agricultural production of Western Australia was $8.5
billion, of which 80% was exported to overseas markets (Agriculture
and Food, 2018). Although this region is vital for its agricultural pro-
ductivity, frequent droughts have caused heavy reliance on ground-
water, which now accounts for about 75% of the total water usage in
Western Australia (see, e.g., CSIRO, 2009; Ali et al., 2012).

Groundwater is not only a valuable resource that supports agri-
culture, domestic water supplies and industries in Western Australia
(Taylor et al., 2013; Tregoning et al., 2012). It also plays a crucial
role in aquatic ecosystems that have interconnections with surface
water (Argent, 2016). This feature allows ecosystems to maintain
their functions by replenishing river and stream flows through
groundwater during dry periods (Kinal and Stoneman, 2012). Many
studies, e.g., Barron et al. (2011), Dawes et al. (2012), Hughes et
al. (2012), Kinal and Stoneman (2012), Ali et al. (2012), and Eamus
(2015), indicate that groundwater levels are decreasing in SWWA
due to decline in rainfall since 1975 on the one hand, and increased
demands for water use on the other hand. For example, water lev-
els in the Gnangara groundwater system have declined over the past
40 years due to over-abstraction (see, e.g., Featherstone et al., 2012;
Awange, 2012; Awange and Kiema, 2013; Department of Water,
2015; Awange, 2018; Awange and Kiema, 2019). The current decline
and abstractions are not sustainable, i.e., natural recharge is not
keeping pace with human abstraction (Department of Water, 2015).
Anthropogenic impacts such as human abstraction, land use and land
cover change (LULC) together with drier climate are exerting pres-
sure on SWWA’s groundwater (CSIRO, 2009). Accurate knowledge
of spatio-temporal variability of SWWA’s groundwater as well as
impacts of climate variability/change and anthropogenic activities,
therefore, is important for water management, conservation, and to
inform plans and policies governing its use.

However, understanding the spatio-temporal variability of
groundwater can be challenging due to the limitations in groundwa-
ter data and their coarse spatio-temporal resolution. Currently, stud-
ies of groundwater variability are based on two main data sources;
(i) local in-situ data (i.e., borehole data), e.g., Hughes et al. (2012),
Tweed et al. (2007), and (ii), satellite-based Gravity Recovery and
Climate Experiment (GRACE) data combined with hydrological or
reanalysis models, e.g., Strassberg et al. (2009), Leblance et al. (2009),
Chen et al. (2016), Hu et al. (2017). Generally, borehole data are
more useful for temporal groundwater change analysis rather than
study of its spatial variability (see, e.g., Hughes et al., 2012; Tweed
et al., 2007) due to the complexity of spatial interpolation between
boreholes, e.g., Sun et al. (2009). Tregoning et al. (2012) note that
spatial interpolation of groundwater levels requires a large amount
of data with sufficient density. Otherwise, the high spatial variabil-
ity in the groundwater system and its complex storage dynamics
make local measurements unsuitable for interpretation over a large
area, and as such, introduces considerable uncertainties. GRACE-
based groundwater spatio-temporal studies, on the one hand, are
unable to capture the small-scale localized hydrological signals due
to its coarse spatial resolution (Awange et al., 2011, 2010). On the
other hand, the uncertainties of meteorological forcing inputs in the
associated hydrological models degrade their derived groundwater
outputs (Tregoning et al., 2012; Bhanja et al., 2016).

In addition, climate variability/change produces significant
impacts on groundwater recharge. Rainfall as the main source of

groundwater strongly influences its spatio-temporal variations (Hu
et al., 2017), while rainfall itself is affected by climate variabil-
ity/change, such as El Niño Southern Oscillation (ENSO) and Indian
Ocean Dipole (IOD) (Forootan et al., 2016). A relation between
groundwater and ENSO/IOD may exist, e.g., Holbrook et al. (2009)
indicate that ENSO cycles have impacts on the recharge of ground-
water near the coastline (see, e.g., Anyah et al., 2018). Although
anthropogenic impacts on groundwater are apparent over SWWA
(Department of Water, 2015), previous studies mainly focused on
hydro-chemical properties, such as the age of groundwater and pol-
lution levels (e.g., Suh et al., 2003; Han et al., 2017), rather than pro-
viding spatio-temporal details. Despite the requirement of spatio-
temporal variability information on groundwater over SWWA to
inform its sustainable use, studies that comprehensively undertake
its analysis are currently lacking.

The aim of this study, therefore, is to undertake a spatio-
temporal variability analysis of groundwater over SWWA over the
past 36 years (1980–2015), through the exploitation of statistical
methods of Man-Kendall test, cross-correlation, cross-validation,
Kolmogorov-Smirnov test, and regression analysis to analyse 2997
borehole and precipitation data in order to (i) assess the long-term
and seasonal variability trends on the one hand, and the timing of
low and high groundwater availability on the other hand, (ii) anal-
yse spatial patterns of variations and recharge/discharge, and (iii),
understand impacts of climate variability/change, and identify long-
term anthropogenic impacts and “hotspots” (i.e., areas of substantial
abstractions).

2. Study area: South-West region of Western Australia

The study area (South-West Western Australia; SWWA; Fig. 1a)
is selected based on the distribution of available boreholes (Fig. 1b),
with the northern part extending up to the town of Cervantes and
the Yalgoo mountainous region (Fig. 1c), and the southern part
extending to the Albany coastline. Rainfall commences intermit-
tently in March, but most of the annual rainfall falls between May
and September (Ali et al., 2012; CSIRO, 2009). There is a south-west
to north-east decreasing gradient in annual rainfall from around
1200 mm along the south-west coast to 350 mm in the north-east
mountainous areas (CSIRO, 2009). There is also a low inter-annual
variability compared to other regions in Australia (Nicholls et al.,
1997; CSIRO, 2009). Previous studies, e.g., Barron et al. (2011), Dawes
et al. (2012), indicate that the rainfall totals in SWWA decreased by
around 20% between the late 1960s and early 1970s due to climate
change and land cover changes. More details on rainfall in SWWA,
such as the spatial patterns and trends can be found, e.g., in Ali et al.
(2012), CSIRO (2009).

As for topographical features of SWWA, the Perth basin and Dar-
ling Plateau are divided by the Darling and Gingin Scarps (see Fig. 1c).
These two scarps affect groundwater behaviour since there is on
average a 200 m difference in elevation across them. Also, differ-
ent geological features (sandstones in the coastal plain and granite
in the hills) to the west and east of these two major scarps affect
groundwater recharge/discharge (see e.g., geology and hydrogeol-
ogy in CSIRO, 2009). However, since our study focuses only on
groundwater behaviours (i.e., changes) and their relation to climatic
and anthropogenic impacts, links to detailed geology and different
aquifer formations are not discussed further here. In regions around
Blackwood Plateau (Fig. 1c), Whicher Scarp to the north and Bar-
lee Scarp to the south exist. Generally, elevation changes are highest
in the northeast and lowest in the southwest for SWWA, and the
groundwater naturally flows from the eastern sides of the Darling
and Gingin Scarps into the coastal plains due to the effects of the
hydraulic gradient (see Fig. 1c).

The Gnangara groundwater system provides the most substantial
groundwater, supporting almost 50–60 % of the water use in SWWA
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Fig. 1. Spatial features of SWWA; (a) location, (b) borehole distribution, and (c) major dams, rivers, scarps, and elevation, as well as the location of the Gnangara groundwater
system. A high density of borehole data exists to the north and south of Perth, as well as Bunbury and the Blackwood Plateau. Darling and Gingin Scarps and many dams in the
central SWWA affect groundwater behaviour between the coast and mountainous regions. Panel (c) is reproduced and modified according to CSIRO (2009) and Ali et al. (2012).
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(see location in Fig. 1c, Skurray et al., 2012; Department of Water,
2015). However, Awange (2012), Awange and Kiema (2013), Depart-
ment of Water (2015), Awange (2018), Awange and Kiema (2019)
indicate that many parts of the Gnangara system are currently over-
allocated and the groundwater level has declined continuously over
the past 40 years. On the one hand, this situation creates significant
pressure on and risk to local ecosystems. On the other hand, there
are many dams located along the eastern side of the central Dar-
ling Scarp (see Fig. 1c), which provide resources for domestic water
use, acting as artificial buffers. They play an important role in stor-
ing water during low demand during the rainy seasons and then
discharging them during dry periods. These dams may have an influ-
ence on groundwater in the nearby regions due to the fact that there
exist interconnection between groundwater and surface water. This
interconnection is considered to be an anthropogenic impact, given
that nearby groundwater levels tend to follow variations in the dam
levels.

3. Data and methods

3.1. Data

3.1.1. Borehole data
Borehole data are acquired from “The Australian Groundwa-

ter Explorer”, which is a web-based mapping application (see
online: http://www.bom.gov.au/water/groundwater/explorer/) that
provides groundwater level monitoring information. All downloaded
available records date back to approximately 1900, while most data
are after preprocessing concentrated within the 1980–2015 period.
For further processing data from only this period have been con-
sidered. The groundwater level for each borehole is in daily format,
instantaneous and discontinuous records, and therefore requires
pre-processing into monthly, continuous records (see Section 3.2.1).
The standing (or static) water level (SWL; representing measure-
ments from the reference point on the bore, e.g., the top of casing, to
the groundwater table; see detailed explanation at http://www.bom.
gov.au/water/groundwater/explorer/faq.shtml) is selected to inves-
tigate spatio-temporal variations of groundwater. In addition, this
study is only concerned with the variation of the SWL irrespective
of the borehole’s depth and the surrounding geology. This is due to
the fact that our study mixes data for different aquifers and different
depths, and as such could lead to erroneous interpretations between
groundwater changes and geology.

3.1.2. Rainfall products
Bureau of Meteorology (BoM) rainfall data with spatial 0.25◦

(1980–2006), 0.05◦ (2007–2015) and monthly temporal resolutions
are available from the Australian Government. The BoM data are
generated by interpolating rain-gauge stations Australia-wide and
is considered the most reliable rainfall product in Australia (Flem-
ing et al., 2011; Fleming and Awange, 2013). Besides, use is made of
the Multi-Source Weighted-Ensemble Precipitation (MSWEP), avail-
able from 1980 to 2015. MSWEP is a global rainfall dataset with 0.1◦
and monthly spatial and temporal resolutions, respectively. Version
2.1 of the MSWEP product validated for Australia by Awange et al.
(2019) merges the highest quality rainfall data sources (BoM is not
included in MSWEP, Beck et al., 2017a,b), and as such are used to
check the consistency of BoM products used in this study. Here, the
BoM data for the period 2007–2015 with 0.05◦ spatial resolution
are re-scaled to a resolution of 0.25◦ in order to match the spa-
tial resolution with the previous period of 1980–2006. MSWEP data
are also re-scaled to a resolution of 0.25◦ to match those of BoM.
The results show that there is almost no difference (average 2.5 mm
monthly difference and 0.997 correlation at 95% confidence level)
between the BoM and MSWEP datasets over SWWA. Similar results
between BoM and Tropical Rainfall Measuring Mission (TRMM) 3B43

are also found in Fleming et al. (2011), Fleming and Awange (2013),
thus indicating the consistency of the BoM rainfall product, which
is subsequently used in this study. The monthly BoM data are
downloaded from http://www.bom.gov.au/jsp/awap/rain/archive.
jsp?colour=colour&map=totals&period=month&area=nat, while
the MSWEP data are downloaded from http://www.gloh2o.org/.

3.1.3. Climate indices
Multivariate El Niño-Southern Oscillation Index - (MEI) is derived

from tropical Pacific COADS (Comprehensive Ocean-Atmosphere
Data Set) records, which is a combination of six observed variables
over the tropical Pacific and includes sea-level pressure, surface
zonal, and meridional wind components, sea surface temperature,
and cloudiness (Wolter and Timlin, 1998). The Dipole Mode Index
(DMI) measures the difference between the area mean sea sur-
face temperature anomalies in the IODW (western equatorial Indian
Ocean; 50◦E–70◦ E and 10◦S–10◦ N) and IODE (southeastern equa-
torial Indian Ocean; 90◦E–110◦ E and 10◦S–0◦ N, Saji and Yamagata,
2003; Cai et al., 2011), which is used to monitor the Indian Ocean
Dipole (IOD). In this study, MEI and DMI are compared to BoM
rainfall, and borehole derived groundwater variations in order to
assess climate variability/change impacts on groundwater for the
1980–2015 period.

3.2. Methods

This section presents the pre-processing steps for the borehole
data and the subsequent analysis methods employed.

3.2.1. Borehole data pre-processing
The downloaded borehole groundwater level data are pre-

processed in 3 steps to obtain continuous records between 1980 and
2015 as described below:

1. Data cleaning and selection: Duplicate data are removed,
and only the standing water level (SWL) measurements of
groundwater are selected for further analysis.

2. Generate monthly data: Convert daily instantaneous records
into monthly by averaging all available daily data for a par-
ticular month. The monthly data may still be discontinuous
because of missing records leading to unequal weight and bias
when analysing average monthly groundwater variations.

3. Select data with continuous 12 months’ records in a year
scale: Retain monthly data only if the 12 months’ records are
complete in a year.

After pre-processing, records from a total of 2997 out of 3540
borehole stations (i.e., around 85% of the data) are used. Note, how-
ever, that most of the borehole records only cover 1 to 3 years within
the study period 1980–2015, with only a few boreholes covering
more than 10 years. When using various merging or interpolation
methods (see details of interpolation methods in Section 3.2.3) to
capture the spatio-temporal variations and trends over the 36 years
in SWWA, uncertainties and biases cannot be avoided and are, there-
fore, discussed in the results Section 4.4.

3.2.2. Monthly anomalies
Fig. 2 presents the analysis and processing flow chart of bore-

hole data. Here, borehole data are processed in two slightly different
ways: (1) inter-annual variation of annual cycles (referred here as
“annual cycle variation” as a short hand) to analyse changes of the
annual cycle over time (e.g. from year-to-year), and (2), monthly
anomalies with respect to the long-term mean (i.e., 1980–2015)
to analyse long-term trends. Both quantities are standardized (see
details below) for ease of comparison between ground water and
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Process op�ons Annual cycle varia�ons 
(see Equa�on 1) 
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from January to December, then 

get monthly changes

Interpola�on for groundwater 
availability

Interpola�on for groundwater 
changes

Fig. 2. Analysis and processing steps of borehole data.

rainfall data. Furthermore, results from (1) are used to spatially inter-
polate average monthly patterns of ground water availability and
change.

Annual cycle variations for groundwater data are derived from
monthly averages for a particular year by subtracting the average of
that year, e.g.

y(i)
m = −(yi − ȳa); i = 1, . . . , 12. (1)

In Eq. (1), yi are monthly averages where the index i indicates
the month starting with i = 1 for January and ȳa is the average
of all monthly values in a particular year. The differences y(i)

m taken
between yi and ȳa for each month, are used to characterise the annual
cycle for a particular year. The negative sign on the right-hand side
of Eq. (1) has been introduced to convert borehole observations (pos-
itive downwards) to SWL values (positive upwards). Applying this
principle to individual borehole records results in annual cycle vari-
ations for each borehole. It is worth mentioning that the quantities
y(i)

m do not contain long-term trends and variations (e.g. beyond one
year), thus they are considered here to be better suited to study
inter-annual variations. Furthermore, the same principle is applied
to rainfall data, though without the negative sign as described above.

Monthly anomalies for groundwater data are derived from
monthly averages by subtracting the long-term average (i.e., 1980–
2015), e.g.,

y(i)
ma = −(yi − ȳp); i = 1, . . . , N × 12. (2)

In Eq. (2), ȳp is the long-term average for the complete data period
considered. The monthly anomalies y(i)

ma, taken between yi and ȳp for

each month, are used to characterise long-term changes (e.g. trends
or variations). Note that the index i is now running until N × 12, with
N being the number of years covered by a borehole record. Again,
the negative sign on the right-hand side of Eq. (2) follows the same
reasoning as given above and all monthly anomalies are averaged to
obtain average monthly anomalies (for SWWA or a sub-region). It is
worth mentioning that the quantities y(i)

ma preserve long-term trends
and variations, thus are used here to derive linear trends.

The quantities y(i)
m and y(i)

ma are further used to derive spatial
averages over a given region (either SWWA or a sub-region) and
standardized to obtain average annual cycle variations or average
monthly anomalies (see Fig. 3). The standardization has been done
by, e.g.,

Z =
X − l

s
(3)

where X is the value that is being standardized, l the mean of the
distribution and s the standard deviation of the distribution.

In addition, cross-correlation (Knapp and Carter, 1976) measures
the similarity between one vector and shifted (lagged) copies of
another vector as a function of the lag. In this study, cross-correlation
is used to examine the relationships between groundwater and rain-
fall from the results of y(i)

m . The lags are obtained between rainfall and
groundwater when two variables reaches the maximum correlation.
Linear trends are tested and calculated from the results of y(i)

ma using
Mann-Kendall (MK) test (Mann, 1945) and ordinary least-squares
method. At last, percentiles are calculated for both groundwater and
rainfall from the results of y(i)

ma to identify drought years for the
SWWA. Years with below the 25th percentile are identifer as dry
years, while those above 75th are identified as wet years, see detailed
method in Awange et al. (2008).
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Fig. 3. Illustration of the derivation of annual cycle variation from 1980–1984. (a) The original boreholes standing water levels, (b) borehole with the annual mean for each year
removed using Eq. (1), and (c), average of all boreholes variations and the derived standardized time series. Note that only 4 boreholes are shown as examples in (a) and (b) to
represent all boreholes in SWWA, while the time series in (c) represents the final results averaged from 2997 boreholes.
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In order to illustrate the procedure to derive annual cycle varia-
tions, Fig. 3a provides 4 randomly selected boreholes as an example
for all boreholes in SWWA. One can see that these borehole data
cannot even fully cover a 5-year period, thus, the data coverage for
different boreholes for the 1980–2015 period is expected to be frag-
mented. From Fig. 3a to b, the annual mean for each borehole is
removed according to Eq. (1). Since the standing water level (SWL)
represents the distance from reference points (surface in most cases)
to the groundwater table, the time series in Fig. 3b are inverted by
considering the negative sign of the values in Fig. 3a in order to cor-
rectly show increasing and decreasing trends. Finally, as shown in
Fig. 3c, all annual cycle variations are spatially averaged and subse-
quently standardized for ease of comparison to other products such
as rainfall.

3.2.3. Spatial interpolation
To see spatial patterns of groundwater availability and ground-

water changes, borehole data (see previous Section 3.2.2) are inter-
polated using two different interpolation methods; the Inverse Dis-
tance Weighted (IDW; Philip and Watson., 1982) and Kriging (Oliver,
1990). Both methods have been used to spatially interpolate ground-
water in previous studies, e.g., Sun et al. (2009), Nikroo et al.
(2008). To assess the performance of the two interpolation methods,
their results are compared using cross-validation (e.g., Robinson and
Metternicht, 2006), the two-sample Kolmogorov-Smirnov (K-S) test
(Massey, 1951; Awange et al., 2016; Saleem and Awange, 2019), and
regression analysis. Note that these validation methods are applied
only to the boreholes in the regions north and south of Perth (hav-
ing high data density, see Fig. 1b) due to the fact that the other
regions have insufficient data coverage, thus are not suited to test the
performance of the interpolation techniques.

In detail, 594 random points (around 1/3 of the total boreholes
in the selected regions are extracted and used for the Kolmogorov-
Smirnov test as well as for cross-validation. As shown in Fig. 4a, both
the IDW and Kriging interpolation results follow the same cumula-
tive distribution at the 95% confidence level with a k-value of 0.05,
which indicates that the two interpolation methods deliver accept-
ably similar results. However, the K-S test shows the IDW interpo-
lated data to be closer to the original dataset. The cross-validation
results (Fig. 4b) also show IDW to have similar performance to
Kriging, but with better-interpolated values that have lower root-
mean-square-errors (RMSEs, i.e., IDW/Kriging interpolated values
compared to the nearest points of original values) of 0.48, compared
to 0.53 for Kriging. Both the RMSEs for IDW and Kriging gradually
become stable (decreasing rate smaller than 0.005 per 10 points)
around 580 points, which indicates that the used 594 points are
sufficient for validation. Out of the total 594 locations tested, there
are around 70% points showing that IDW has smaller errors com-
pared to the Kriging method. Following these assessment results,
in Section 4.2, only interpolation results using the IDW method are
presented and discussed further.

Since the eastern side of the Darling Scarp has a sparse distribu-
tion of boreholes, the interpolation results are less reliable compared
to those of high density areas. To roughly estimate the uncertainty
in areas with sparse borehole distributions, the western side’s high-
density boreholes are randomly reduced to roughly match the den-
sity of the eastern side of the Darling Scarp (30–40 boreholes per
degree cell). The IDW interpolation results using the original bore-
holes (Fig. 4c) and those using the reduced sparse boreholes (Fig. 4d)
are then compared.

The comparison results indicate that major differences are
present over the Blackwood Plateau and Gnangara groundwater sys-
tem, where the number of boreholes used significantly affected the
outputs of interpolation. It is most likely that these two regions’
groundwater have features that are highly variable, i.e., caused by

complex geological, topographic and anthropogenic conditions. For
example, Department of Water (2009) indicate that many types of
aquifers located in Blackwood Plateau and their depths varies from
several meters to hundreds of meters. Taking reference from the
western side of Darling Scarp, the uncertainties in the eastern side
of the mountainous areas (i.e., those interpolation areas with no
borehole control) are expected to be large, due to the fact that moun-
tainous areas’ hydrogeological conditions are usually more complex
than that of the coastal plain.

3.2.4. Identification of anthropogenic hotspots
The month to month (current month compared to the previous

month, see Section 3.2.2) changes in groundwater levels are calcu-
lated for all available borehole records to identify potential anthro-
pogenic hotspots. This interpretation is based on the expectation that
groundwater level variation (recharge/discharge) should generally
exhibit gradual change. A certain area’s groundwater change falling
outside an expected change may, therefore, likely have resulted
from anthropogenic impacts though other impacts cannot be fully
excluded. Specifically, the chance of month to month changes in
groundwater level over n meters (e.g., n = 1 m, 2 m, 3 m . . . ) is
separately calculated as:

Fn = MMCn/MMCt × 100%; n = 1, 2, 3, . . . , (4)

where Fn are the chances of month to month changes of groundwa-
ter level above n meters for all boreholes, while MMCn and MMCt

represent the number of records over n meters and total number of
records for all boreholes, respectively.

In order to apply Eq. (4), a threshold value x (x 4 n meters) needs
to be defined upon which a “hotspot” is identified. To do this, an
example is used as an illustration. Assuming there are 100 month to
month changes of groundwater level records for all boreholes in the
studied region, and only 1 record shows a change above x meters;
where x 4 n. Then the chance of groundwater level change over x
m is 1% according to Eq. (4), meaning that this change rarely occurs
within the study regions. This x meters, thus, can be regarded as the
threshold that identifies “hotspots”.

Following the example illustrated above, all borehole data in
the study region are analysed to determine the threshold x for
which the change is equal or less than 1% in order to obtain a
99% confidence level. This confidence level incorporates the pos-
sibility that abnormal groundwater level changes could also occur
due to irregular rainfall, special geological and topographic condi-
tions, as well as anthropogenic impacts. In addition, it should be
noted that minor human abstractions are difficult to detect using
monthly data, since the recovery time could be short based on the
amount of abstraction and the change of groundwater may be too
small to be distinguished from other natural changes. Thus, the 1%
is selected to detect more substantial anthropogenic impacts (e.g.,
abstractions). In this study, month to month groundwater changes
of less than 1 m account for 73.6% of all records in SWWA, whereas
those of 6 m account for around 1%, and those for 7 m and above,
less than 1%. From this, therefore, boreholes with groundwater
changes over 7 m resulting from month to month change analy-
sis are identified as anthropogenic “hotspots” within SWWA, i.e.,
x = 7 m.

Next, for those single boreholes with groundwater level changes
above 7 m, the chance of 7 m is also calculated for each of them using
Eq. (4), in order to see how frequently such anthropogenic impacts
occur, e.g., if a borehole has 36 monthly change records, and only
1 shows above 7 m change from month to month, this means that
anthropogenic impacts rarely occur in this borehole since the chance
is 1/36.
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Fig. 4. Validation results for IDW and Kriging interpolation methods for the regions north and south of Perth and uncertainty simulation for sparse borehole interpolations: (a)
Cumulative distribution comparison of 594 randomly generated points (IDW and Kriging) and the nearest original data; (b) regression analysis of both IDW and Kriging, RMSEs
gradually decrease with increasing number of points used; (c) IDW interpolation for groundwater availability (March is randomly selected), and (d), the same IDW interpolation as
(c) but using sparse boreholes. From (a) and (b), the results show that both IDW and Kriging have similar interpolated values, where IDW provides results that are relatively closer
to the original dataset and hence used for further analysis. From (c) and (d), the interpolation results in Blackwood Plateau and Gnangara groundwater system are significantly
affected by using different borehole densities.

4. Results and discussion

4.1. Temporal analysis

An overview of the temporal analysis is presented in Fig. 5 show-
ing monthly averages of groundwater and rainfall in relation to the
climate indices MEI and DMI. In particular Fig. 5a shows standardized

monthly anomalies of groundwater and rainfall time series with
long-term mean removed, as well as those of two climate indices
(MEI and DMI) for examining impacts of ENSO and IOD, respectively.
Fig. 5b shows annual cycle variation of groundwater and rainfall.
The available numbers of used boreholes are also presented, and
helps infer confidence levels for the derived groundwater time series.
Fig. 5c identifies dry (below 25th percentile) and wet (above 75th
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Fig. 5. Groundwater temporal analysis in comparison to rainfall and climate indices; (a) standardized monthly anomalies of rainfall, groundwater and climate variability indices,
(b) standardized annual cycle variations of groundwater, rainfall and number of used boreholes, (c) annual signals’ comparison of groundwater and rainfall derived by monthly
anomalies, and (d) correlations and lags between groundwater and rainfall (BoM) using annual cycle variations. Note that the results are biased towards the north and south
of Perth areas with a higher density of borehole data (see boreholes’ distribution in Fig. 1b). The linear trend in (a) is significant (95% confidence level) when tested using
Mann-Kendall, while the trend in (c) is not. The results show that the decline in groundwater level is partly due to low level rainfall since 2000.
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percentile) periods in comparison to annual rainfall. Finally, corre-
lations and time delays (lags) between rainfall and groundwater are
shown for each year in Fig. 5d.

SWWA’s groundwater variability follows a relative uniform intra-
annual pattern based on the data in Fig. 5b, with periods of mostly
increasing levels from May or June to August or September, and peri-
ods of decreasing levels in the remaining months of each year. Even
though, variations in 1999 are derived from only 10 borehole sta-
tions, it appears to show no significant difference from the other
years. Furthermore, groundwater variations follow rainfall variations
to a large extent, with correlations consistently around 0.6–0.8(with
an average of 0.74 over the entire study period) and 1–3 month(s)
lag (with an average of 2 months’ lag) for each year as seen in Fig. 5d,
corroborating the results of Rieser et al. (2010) who also obtained
similar correlations and lags between rainfall and total water storage
(comprising also of groundwater) over the whole of Australia.

4.1.1. Climate impacts on groundwater level
A significant continuously decreasing trend in groundwater lev-

els from 2000 is detected and is apparent from Fig. 5a and c, with an
average reduction of 13 mm/month (or 156 mm/year). This may be
partly attributed to the continued low level of rainfall (see Fig. 5c).
Since 2000, most years have been identified as moderately dry or
dry years (2001, 2002, 2004, 2006, 2007, 2009, 2010, 2012, 2014 and
2015; i.e., 10 out of 16 years) with annual rainfall close to or below
the 25th percentile. Many studies have reported most of these years
as the “Australian Millennium Drought” (see, e.g., Cai et al., 2014;
Heberger, 2011). The rainfall trend between 2000–2015 is stable,
however, with a 40 mm decrease in annual total values compared to
previous periods (i.e., 560 mm compared to 520 mm). Based on the
comparison between annual and seasonal rainfall (May–September)
in Fig. 5c, there is an almost consistent difference (100–150 mm)
between them, indicating the decline of annual rainfall to be due to
the decline in seasonal rainfall.

On the one hand, rainfall is also affected by atmospheric and
ocean interactions such as ENSO and IOD. Fig. 5a indicates that
SWWA’s rainfall has a similar rainfall cycle to ENSO over a period of
approximately 7 years (Tudhope et al., 2001; Li et al., 2013; Niedziel-
ski, 2014), e.g., 1982–1987, 1988–1994, 1995–2001, 2002–2010. In
addition, most of the moderately dry or dry years since 2000 listed
above have been labelled by BoM as El Niño years (see online records
at http://www.bom.gov.au/climate/enso/enlist/), which are known
to bring low levels of rainfall throughout most of Australia.

On the other hand, according to Ashok et al. (2003), IOD has been
found to have significant impacts on the winter rainfall (June, July,
August) of western and southern Australia. A positive IOD produces
a drier climate than average during winter-spring (Fig. 5a shows IOD
as continuously positive since 2000), and a wetter climate in sum-
mer. A negative IOD impact on rainfall is not apparent in SWWA
according to BoM statistics (http://www.bom.gov.au/climate/iod/#
tabs=Negative-IOD-impacts). Therefore, under both effects of ENSO
and a positive IOD, continuous low levels of rainfall may be one of
the contributing factors to the decline in groundwater levels experi-
enced since 2000. La Niña events brought above average rainfall in
2008 and 2011 (see Fig. 5a, b and c; also see La Niña records on BoM
website: http://www.bom.gov.au/climate/enso/lnlist/), years during
which the groundwater balance returned to positive (inflow was
greater than abstraction and outflow). However, there was no signif-
icant effect on the long-term decline because of a lack of consistent
high rainfall years (e.g., one “good year” is not good enough to
replenish groundwater).

4.1.2. Anthropogenic impacts on groundwater level
The continuous low levels of rainfall after 2000 is one of the

causes for the decline of groundwater levels in SWWA. However,

anthropogenic impacts, such as human abstraction is also a con-
tributing factor. For example, the stable annual rainfall trend for
the 2000–2010 period does not fully correlate with the increas-
ingly declining trend of groundwater in Fig. 5c. Groundwater levels
instead, drop on average around 20 m from 2000 to 2015 (but
this may be mostly attributed to data from north and south of
Perth, which are biased towards those areas in the spatial dis-
tribution). Similar results are mentioned e.g., in Featherstone et
al. (2012), who conclude that Perth’s basin groundwater levels
dropped due to anthropogenic impacts. Further evidence for a
major anthropogenic influence is the fact that rainfall variations
between the period 1983–1988 and 1999–2004 (see, Fig. 5c) are
largely similar in terms of trends and magnitudes, but groundwa-
ter behaviour within these two periods are entirely different (i.e.,
stable over period 1983–1988 but decreasing over the period 1999–
2004).

Annual cycle variations (see Fig. 5b) show that groundwater
varies according to rainfall, with the correlation from 2000–2015
between them being 0.748, with an average 2 months’ lag. The
annual groundwater level (Fig. 5c), however, shows a variety of
responses to annual rainfall, including a stable level before 1993.
After that, groundwater reaches a new low level due to a 2-year
drought (from late 1993 to early 1995), and then it appears to
recover after 2 years’ wet conditions (late 1998 to early 2000). After
2000, groundwater declines slowly as the ‘Millenium’ drought starts.
During the same time, groundwater abstraction increased signifi-
cantly due to increased groundwater usage and population growth.
For example, groundwater usage in 1985 was around 500 GLs/year
according to Department of Water (2007), this usage tripled in
2005. Moreover, around 500,000 population moved to Western Aus-
tralia between 2000 and 2010 about double the rate than in the
period 1980–2000 (Alexander, 2018). Although the Department of
Water (2007) indicates that the sustainable groundwater usage for
Perth basin is 1937 GLs/year and allocation limit is 1472 GLs/year,
the groundwater balance (see, Fig. 5a or c) had already signif-
icantly decreased after 2002 with groundwater usage of around
1300–1400 GLs/year. This overestimation of sustainable groundwa-
ter usage in annual water report is possibly due to a relative high
rainfall value of 2007 in rainy season (see, Fig. 5b). Overall, climatic
factors seem to have weaker impacts compared to anthropogenic
activities that have significant effects on the decline of groundwater
after 2000.

4.2. Monthly average spatio-temporal pattern analysis

For a more detailed analysis of the impacts of rainfall on ground-
water, monthly averaged rainfall (Fig. 6a) are compared with spa-
tially interpolated monthly averaged groundwater anomalies (Fig. 6b
and c) for each month. Fig. 6a uses colour gradients to display
details in the spatial distribution of rainfall over the study region.
Fig. 6b shows the averaged groundwater level changes for each
month compared to those of the previous month (e.g. difference
previous month minus present month). A threshold of ±0.2 m is
set through multiple tests in order to clearly show the spatial gra-
dients of the recharge/discharge distribution. Fig. 6c presents the
monthly averaged standardized groundwater anomalies. Based on
the natural breaks classification method (Jenks, 1967), five classes
are established to show groundwater levels in comparison to the
annual average level, namely (i) significantly below average, (ii) sig-
nificantly above average, (iii) below average, (iv) above average, and
(v), close to average (Fig. 6c).

4.2.1. Rainfall patterns
Fig. 6a indicates an increasing gradient for rainfall from north-

east to the south-west for most months, except January, February,
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Fig. 6. Monthly averaged spatial patterns of rainfall and standardized groundwater anomalies; (a) monthly averaged rainfall patterns (mm), (b) monthly averaged groundwater
level changes compared to those of the previous month, and (c), monthly averaged standardized anomalies of groundwater. The Darling and Gingin Scarps appear to be barriers
that divide rainfall between coastal and inland areas during the rainy season. The recharge/discharge show consistency along the western coastline in panel (b). Groundwater
behaviours also appear different on either sides of the Darling and Gingin Scarps. North of Perth and Blackwood Plateau have similar groundwater patterns in panel (c). South
coastal region and south of Perth requires at least 65–70 mm/month and 60 mm/month rainfall, respectively, to influence groundwater recharge according to postulations made
based on the figures above. (For interpretation of the references to colour in this figure, the reader is referred to the web version of this article.)

and March. January is the only month that clearly shows higher
rainfall in the eastern mountainous areas of SWWA than in the
coastal areas, though, with rather low levels. From March, rainfall

gradually increases along the southern coastline of the study region.
From April to November, the spatial patterns of rainfall are approx-
imately the same, in which the Darling and Gingin Scarps roughly
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act as boundaries with most of the rainfall occurring in the coastal
plain. During the rainy season (May to September), major rainfall
are received in regions south of Perth, Bunbury and the Blackwood
Plateau (see locations in Fig. 1c). Finally, the rainfall in Decem-
ber displays a north-south dipole pattern with relatively low lev-
els.

4.2.2. Groundwater recharge/discharge patterns
In order to understand the relationships between rainfall and

groundwater recharge/discharge, the concept of lag between rain-
fall and groundwater needs to be well understood. In Section 4.1,
we stated that an average 2 months’ lag exists between the time it
starts to rain and groundwater starts to recharge (in agreement with
Rieser et al., 2010). This is usually misunderstood to mean rainfall
needs to take two months’ time to penetrate soils, rocks and finally
become groundwater. In actual sense, a detailed water balance has to
be considered, which takes into account the fact that rainfall needs
to reach a threshold value in order to recharge groundwater. For
example, when rainfall reaches the ground, it has to satisfy the soil
and plant transpiration first (Alley, 2009) before the recharge pro-
cess can begin, where the excess part takes some time (the lag) to
infiltrate through soils and rocks and finally reaches the ground-
water table. At this moment, only if the amount of excess rainfall
(i.e., groundwater input) is greater than the amount of groundwa-
ter outflow (i.e., groundwater output, e.g., from human abstraction
or natural discharge such as into the ocean), does the groundwater
recharges (i.e., groundwater level raises). In other word, if the rainfall
does not reach a certain threshold value, i.e., continuous low rainfall
level, there will be no lag (i.e., infinite lags) since the groundwater
will never recharge.

Comparing the spatial patterns of groundwater
recharge/discharge to spatial rainfall in Fig. 6a and b, both lag and
threshold conditions exist, i.e.,

(i) For most of the coastal regions of SWWA, there appears to
be less than one month’s lag between rainfall and groundwa-
ter. For example, one can see that rainfall gradually increases
along the southern coastline of the study region in March
(Fig. 6a), while groundwater is still discharging (Fig. 6b).
Similar to April, more rainfall arrives at southern coast-
line and south of Perth region, while groundwater level
still shows decline. During these two months, groundwa-
ter levels continue to drop because the total recharge from
rainfall (50 mm for south of Perth and 65 mm for south-
ern coastline in April, see Fig. 6a) is less than the total of
all discharges (i.e., not sufficient to satisfy soil and plant
transpiration, as well as groundwater outflow). In May, how-
ever, the rainfall value reaches around 120–130 mm and
the groundwater balance instantly becomes positive (i.e.,
groundwater level raises, see Fig. 6b). Similarly from Octo-
ber to November, when rainfall amount falls from 70 to
50 mm in southern coastline (from 60 to 45 mm in south
of Perth), the groundwater balance instantly becomes neg-
ative (i.e., groundwater level drops). Thus, a minimum of
65–70 mm/month of rainfall is postulated here as the thresh-
old needed to maintain groundwater balance in the southern
coastal region of SWWA, and around 60 mm/month for south
of Perth.

(ii) One to two month(s)’ lag between rainfall and groundwa-
ter exists in regions north of Perth (Gnangara groundwater
system) and Blackwood Plateau. For example, rainfall dur-
ing May reaches 120–130 mm already for both regions (see
Fig. 6a), whereas the groundwater in these two regions are
still mainly discharging (see Fig. 6b). This groundwater pat-
tern is different compared to other coastal regions (i.e., south
of Perth), where most areas are starting to recharge from

May. In June–July, over half of north of Perth and Blackwood
Plateau’s groundwater start to recharge, then discharge in
November (October for other regions, rainfall in November
is 35–40 mm for both regions, north of Perth and Black-
wood Plateau). Due to this obvious lag, we cannot identify
the threshold value of rainfall recharging groundwater and
as such, in (i), there is a small portion of north of Perth’s
groundwater that in discharging in May with rainfall around
180 mm, while in October, most of north of Perth’s ground-
water is recharging with rainfall at only 50–60 mm. Finally,
this lag is most likely caused by geological conditions, e.g.,
large but low infiltration aquifers receive groundwater flow
from other regions during the dry period, while other regions
mostly rely on recharge of rainfall.

Although, the results in Fig. 6a and b show some consistencies
across the western coastal regions of SWWA, in the mountain-
ous regions, however, rainfall does not appear to be correlated to
groundwater for most months, making it hard to identify lags and
thresholds between rainfall and groundwater. For example, even
with only the rainfall amount in January being around 20–25 mm
over the northeastern mountainous regions, the groundwater level
is increasing (see, Fig. 6b). Higher rainfall (40–80 mm) arrives in this
region during June, however, but in contrast to January, groundwa-
ter levels are decreasing. This is possibly due to (i) the mountainous
region’s groundwater variations mainly depend on the groundwater
flow itself, (ii) terrain effects make surface water gather in val-
leys and quickly flows away (e.g., Crissa and Davissonb, 1996), as
well as (iii), high evaporation rate (annually 1600–1800 mm in the
northeastern part of the study regions compared to rainfall values
of 350 mm, see online evaporation statistics http://www.bom.gov.
au/watl/evaporation/) makes it hard for surface water to become
groundwater. Only when there is sufficiently long-lasting rainfall in
mountainous regions (e.g., May to August 40–80 mm, see, Fig. 6a),
does the surface water recharge groundwater. According to Fig. 6b,
groundwater in the mountainous regions only shows recharge to
some extent during July and August (possibly, May and June are
replenishing surface water first, e.g., producing a lag). In central
mountainous regions of SWWA, Kinal and Stoneman (2012) report a
phenomenon that surface water and groundwater are disconnected
in dry seasons due to low rainfall level. Besides the three reasons
above, groundwater depth, e.g., 10–30 m in central mountainous
region could also be a contributing factor as to why the surface
water does not reach groundwater, considering generally the low
infiltration about mountainous granite or basalt rocks.

A further implication of this scenario is that when El Niño cause
low levels of rainfall, the coastal regions and their recharge are
affected due to the high correlation between rainfall and groundwa-
ter across the western coastline of SWWA (also see, e.g., Holbrook
et al., 2009). During global teleconnection episodes, recharge in the
mountainous regions may be completely unrelated to rainfall for the
whole year due to insufficient rainfall caused by ENSO.

In terms of recharge/discharge speed, the coastal regions are gen-
erally faster than the mountainous regions because of different geo-
logical conditions, e.g., sandy soil in coastal regions are more easily
penetrable by rainfall compared to granite rocks in the mountainous
areas. Furthermore, a significant proportion of rainfall in mountain-
ous regions becomes surface water that drains to coastal regions,
producing an even faster recharge time in coastal areas near moun-
tain regions (monthly recharge over 0.2 m). In the western coastal
regions, the Gnangara groundwater system and Blackwood Plateau
have a similar behaviour, where the recharge/discharge speed is
slower than other regions such as region south of Perth (mostly
less than 0.2 m per month) possibly due to different geological and
topographic conditions.
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4.2.3. Groundwater availability patterns
Based on the elevation profile of SWWA, the general groundwater

flow direction should be from the east (higher elevation mountain-
ous regions) to the west (lower elevation coastal regions of Perth
basin), and finally into the Indian Ocean. However, there is a clear
geographical boundary along the Darling Scarp that appears to lead
to different groundwater behaviours on both sides (Fig. 6c). This dif-
ference may in part be associated with rainfall since the difference in
rainfall on either side of the scarp can reach 60–80 mm/month dur-
ing rainy seasons. An average of 200 m difference in elevation exists
across the scarp, as mentioned in Section 2, and geologically, the
Darling Scarp and Darling fault’s positions overlap with each other,
which could be a natural barrier that blocks groundwater flow from
the eastern mountainous regions to the coastal plain. This potential
effect may need a detailed hydrogeological study that is beyond the
scope of the current study. In addition, this boundary to the north
appears to curve into mountain regions, departing from obvious
landscape features, which may be biased due to sparse distribution
of boreholes, and thus, is likely an artifact of the spatial interpolation
(see, data density and coverage in Fig. 8a).

The coastal regions from south of Perth to Busselton experience
the lowest groundwater levels from April to June, and the highest
groundwater levels from October to December (Fig. 6c) in a year.
The Gnangara groundwater system region, Blackwood Plateau, and
central eastern side of the Darling Scarp appear to have similar
groundwater behaviour, with groundwater levels from January to
March being above average and from May to July, they are below
average (Fig. 6c). There are approximately 7–8 months in these three
regions that groundwater level discharges from the level of high-
est peak to the lowest level. For these three regions, the Gnangara
groundwater system is profoundly affected by human abstraction
(Awange, 2012; Skurray et al., 2012; Awange and Kiema, 2013;
Department of Water, 2015; Awange, 2018; Awange and Kiema,
2019). Groundwater levels of the central eastern side of the Dar-
ling Scarp mostly correlate to the dams’ water levels, e.g., the levels
in Perth from 2012–2015 are mostly below average during April to
August (see online: https://www.watercorporation.com.au/water-
supply/rainfall-and-dams/dam-levels) and this mirrors the results in
Fig. 6b. On the Blackwood Plateau, it is most likely that the ground-
water is affected by geologic and topographic features, considering
that it is surrounded by the Busselton and Darling faults (CSIRO,
2009), as well as three scarps (see Fig. 7c, Whicher, Darling and
Barlee Scarps).

4.3. Anthropogenic hotspots

Anthropogenic hotspots are identified as the boreholes with
monthly groundwater level changes above 7 m (as determined in
Section 3.2.4), due to the likelihood of such a large change being
below 1% in the overall study region. The frequency of these level
changes is calculated according to each borehole’s records, and the
results presented in Fig. 7. The identified anthropogenic hotspots
occur mainly in the region north of Perth (the chance of groundwa-
ter level change above 7 m is around 18 to 55% for every month; see
Fig. 7), where the Gnangara groundwater system is located. This is
to be expected since the Gnangara groundwater system contributes
50–60 % of groundwater use in SWWA (Skurray et al., 2012; Depart-
ment of Water, 2015). Other remaining hotspots (chance below 18%
per month) are the region south of Perth, close to dams (e.g., North
Dandalup, Wellington, Shannon Dams), or close to mines (e.g., Collie
mine), all of which are impacted by human activities.

4.4. Spatial-temporal biases

Results presented in Sections 4.1 and 4.2 are likely to contain
both spatial and temporal biases. According to Figs. 1b and 8a, most

Fig. 7. Anthropogenic hotspot locations in SWWA. Most of high chance hotspots (the
chance of groundwater level change above 7 m is around 18 to 55% for every month)
occur in Gnangara groundwater system, others are closed to dams or mines.

data in terms of high spatial density and long temporal coverage are
located in the regions of north and south of Perth. Therefore, the
long-term temporal analysis in Section 4.1 is more likely to represent
groundwater behaviour in those regions. For the spatial-temporal
interpolation results in Section 4.2, both IDW and Kriging methods
show a significant difference in low density and short-term coverage
areas of data (see the grey colour regions in Fig. 8a), although results
between them in others areas are statistically similar. Seven study
regions (Fig. 8b) are established according to their borehole density,
rainfall, terrain characteristics, and groundwater systems, in order to
discuss their spatial biases. Future studies will rigorously treat the
problem of temporal biases.

Fig. 9 shows the monthly anomalies of groundwater and rain-
fall for each study region indicated in Fig. 8b, whose major findings
are summarized in Table 1. In the previous Sections 4.1 and 4.2,
groundwater was found to possess a good correlation with rain-
fall except in the mountainous regions (e.g., A and G in Fig. 8b) of
the study area. Therefore, no further consideration of the relation-
ships between annual cycle variations of rainfall and groundwater
is undertaken. The North mountainous region (A in Figs. 8b and 9a)
firstly appears to have more inter-seasonal rainfall variations (e.g.
annual cycles change considerable from year to year) than other
regions. On close examination, however, it is relatively low in mag-
nitude, ranging from 10–45 mm (Fig. 6a). In addition, the onset of
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Fig. 8. (a) Spatial distribution of data density and temporal coverage where the grey regions indicate low reliability of interpolation results, and (b), sub study regions selected
for bias discussions.

the rainfall peak in the region as well as in North Perth region (B
in Figs. 8b and 9b) is earlier (May–July) than other regions (July–
August). Groundwater in region A only weakly responds to rainfall
variations except in the major rainy seasons. This weak response may
be due to small rainfall amounts, terrain effects, high evaporation
and/or groundwater depths (e.g., Crissa and Davissonb, 1996; Kinal
and Stoneman, 2012). As already mentioned in Section 4.2.2, rather
than becoming groundwater, the small amount of rainfall during
dry periods in mountainous regions tend to evaporate or flow away
because of terrain and geological effects (e.g., Crissa and Davissonb,
1996). Additionally, groundwater levels do not appear to decline,
although, there is considerable uncertainty due to the short-term
data coverage and sparse borehole distribution.

Regions B and C (Figs. 9b and c) are found where groundwater
has major decline after 2000, mostly attributed to human abstrac-
tion, see previous discussions in Sections 4.1.2 and 4.3. In the Central
mountainous region (D in Figs. 8b and 9d), which is adjacent to
regions B and C, containing many dams located along the eastern side
of the Darling Scarp, groundwater level variations mainly associate
with dam levels, e.g., during the “Millennium drought”, groundwater

levels dropped significantly during the dry period 2002–2007, which
agrees with dam level variations (see also the previous discussion
in Section 4.2.3). For the Bunbury region (E in Figs. 8b and 9e),
the data are temporally discontinued but all show the same reg-
ular groundwater variation patterns. The Blackwood Plateau (F in
Figs. 8b and 9f) only has few years of consecutive data, with the
results appearing to be affected by spatial bias (e.g., amplitudes are
large for only a small number of boreholes, but small for a large
number of boreholes). This possibly indicates high spatial variabil-
ity of groundwater in this region. South mountainous region (G
in Figs. 8b and 9g) shows some similarities to the North moun-
tainous region, in that groundwater levels do not appear to be
strongly affected by rainfall except after long-lasting heavy rain-
fall. However, this region has lower evaporation rates and higher
rainfall values compared to Region A, thus, rainfall and ground-
water have stronger links. In addition, 4 boreholes showing an
apparent anomalous level of −5 m in 1995 are located in close
proximity to a playground in Donnybrook (a small town in South
mountainous region G), most likely are affected by anthropogenic
impacts.
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Fig. 9. Comparison of monthly anomalies between groundwater and rainfall for each sub study region presented in Fig. 8b. Rainfall patterns in most of the regions are similar,
while the onset of the rainfall peaks in regions A and B are earlier (May–July) compared to other regions (July–August). The mountainous regions A and G only correlates to rainfall
in rainy season. Major groundwater decline occurs in north and south of Perth (regions B and C). Blackwood Plateau (region F)’s groundwater varies spatially. Although Bunbury
(region E) has insufficient data, it shows similar groundwater variations over the evaluated years.
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Table 1
Summary of the major findings for each sub study region of Fig. 8b in relation to Fig. 9.

Region Major findings

A (North mountainous region) - Variable seasonal rainfall of small amounts, groundwater does not follow rainfall except during rainy season. - Rainfall peak
occurs earlier compared to other regions (May–July vs. July–August). - Results could be biased due to only 5 years’ data with
very sparse borehole distribution

B (North Perth) - This is an urban and major groundwater contribution area (Gnangara groundwater system). - Groundwater decline occurring
after 2000 is caused by human abstraction (major) and continuous low rainfall (minor). - Groundwater in this region has
1–2 month(s)’ lag with rainfall. Rainfall peaks are earlier compared to other regions (May–July vs. July–August). - Recharge
speed is slower than other western coastal regions in SWWA.

C (South Perth) - This is an urban area and groundwater decline occurring after 2000 is caused by human abstraction (major) and continuous
low rainfall (minor). - 60 mm monthly rainfall is postulated as the threshold needed to recharge groundwater.

D (Central mountainous region) - Groundwater follows rainfall and matches dam level variations, could be affected by terrain (Darling Scarp), geological
(Darling fault and rock types), and anthropogenic effects (dam).

E (Bunbury) - Temporally discontinuous groundwater data coverage, however shows uniform temporal groundwater variation patterns.
Groundwater is stable.

F (Blackwood) - High spatial variability of groundwater in this region, could be affected by Whicher, Barlee and Darling Scarps. - Similar to
region B, the groundwater in this region has 1–2 month(s)’ lag with rainfall.

G (South mountainous regions) - Similar to Region A, but groundwater appears to have slightly better response to rainfall, particular during rainy seasons.

5. Conclusion

South-West Western Australia (SWWA) is a region that heavily
relies on groundwater for agricultural and domestic water use, espe-
cially during dry periods. However, the decline of groundwater since
2000 and the lack of spatio-temporal variability studies undertaken
in this region impose challenges on groundwater management. This
contribution employed a suit of statistical tools such as Man-Kendall
test, cross-correlation, cross-validation, Kolmogorov-Smirnov test,
and regression analysis, to investigate and provide a more in-depth
understanding spatio-temporal variations of groundwater in SWWA
for the period 1980–2015, and identified its potential interconnec-
tions to climate variability/change and anthropogenic impacts. The
major findings corresponding to objectives can be summarized as:

1. For variability of groundwater in SWWA, the north and south
of Perth regions were the main regions that experienced
groundwater decline since 2000, with a decreasing rate of
13 mm/month (or 156 mm/year). Other regions’ groundwater
levels appeared to be stable.

2. For groundwater availability, the high and low level of ground-
water in SWWA are from July to January (high) and February
to June (low). As for recharge/discharge, the western coastal
regions exhibit a faster recharge speed than eastern moun-
tainous regions. Among western coastal regions, north of
Perth (Gnangara groundwater system) and Blackwood Plateau
have slower groundwater recharge/discharge speed than other
areas.

3. For spatial pattern of variations and recharge/discharge,
groundwater levels over the northeastern mountainous
regions were generally not affected by rainfall during dry
periods, due to the fact that small amount of rainfall in the
mountain regions tends to evaporate and flow away rather
than become groundwater. The western coastline region’s
groundwater follows rainfall variations. In addition, most of
SWWA region’s groundwater have no lags between rainfall
and groundwater. A postulated minimum threshold of rain-
fall to recharge groundwater for the region south of Perth and
southern coastline of SWWA is around 60 mm/month and 65–
70 mm/month, respectively. North of Perth (Gnangara ground-
water system) and Blackwood Plateau have 1–2 month(s)’s lag
between rainfall and groundwater.

4. For climate variability/change impacts to groundwater, the
overall patterns of spatio-temporal variability of rainfall were
relative uniform over SWWA, with the major rainy season
from May to September. No significant declining trend in rain-
fall was detected after 2000. However, average annual total

rainfall for the period 2000–2015 decreased by 40 mm com-
pared to the period of 1980–1999. The continuous low level
of rainfall after 2000, however, may partly contribute to the
decline of groundwater. In addition, when ENSO caused low
level of rainfall, groundwater recharge in coastal regions was
significantly affected.

5. In regards to anthropogenic hotspots identification and
impacts on groundwater, most are identified in the regions
north of Perth (Gnangara groundwater system), and south of
Perth, as well as, close to dams and mines. Anthropogenic
impacts such as human abstraction were the primary rea-
sons for groundwater decline in these regions. Finally, different
behaviours of groundwater on either side of the Darling Scarp
were caused by other factors such as rainfall, terrain, geological
faults, aquifers and dams. A detailed analysis and discussion of
these factors, however, is outside the scope of this study and
will be considered in future contributions.
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Chapter 3
Understanding the balance between ground-
water use and agricultural expansion in
the Northern Territory

This chapter is covered by the following publication (Hu et al. 2022c):

1. Hu, K.X., Awange, J.L., Kuhn, M. and Zerihun, A., (2022). Irrigated
agriculture potential of Australia’s northern territory inferred from spa-
tial assessment of groundwater availability and crop evapotranspiration.
Agricultural Water Management, 264, 107466, doi: 10.1016/j.agwat.

2022.107466.

This paper estimates the irrigated agricultural potential in the Northern Ter-
ritory in order to provide useful information for agricultural expansion. Two
scenarios, i.e. average condition (2010-2019) and dry condition (2019; the low-
est rainfall since 1961), are selected to present the influence of dry climate
extremes on irrigated agricultural potential. Three types of crops, i.e. melon,
maize and citrus, which represent short, medium, and high water use crops, are
selected as examples for illustrating the irrigated agricultural potential. The
groundwater availability is estimated based on the ‘80-20 rules’ water policy
(MacFarlane and Fairfield , 2017), while the crop water demands are calcu-
lated using the Pennman-Monteith equation (Allen et al., 1998). The spatial
maps of balance between groundwater availability and crop water demands
are then provided to fill the knowledge gaps mentioned in Section 1.4.2 and to
cover objective (ii) in Section 1.5. Overall, the results show that the irrigated
agricultural potential generally decreases from north to south in the Northern
Territory and a large-scale or an intensive irrigated agricultural expansion is
generally unwise. For instance, under the average condition (2010-2019) sce-
nario, and after excluding the non-agricultural areas such as national parks,
available groundwater within every 60,000 hectares can only be used to irri-
gate an average of 9,430/2,780/400 (15.7%/9.1%/5.8%) hectares of melons (a
low water demand crop) in northern/central/southern parts of the Northern
Territory. Under the dry scenario condition (2019), this estimate can be re-
duced even further, by 1/3, suggesting that drought risk management remains
a serious concern. Note, all calculated numbers of irrigated agricultural po-
tential above are only a guide and may not be that accurate. This is due to
the fact that the groundwater data, i.e., Global Land Data Assimilation Sys-
tem (GLDAS) Catchment Land Surface Model (CLSM) with data assimilated
from the Gravity Recovery and Climate Experiment (GRACE; hereafter called
GLDAS-DA) mostly represents the storage variation for shallow aquifers (con-
fined or unconfined aquifers are not distinguished). Particularly, for regions
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such as central Australia around Alice Springs, where the agricultural irriga-
tion relies on groundwater at 200 m depth, the estimated irrigated agricultural
potential is less representative.
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A B S T R A C T   

Agricultural expansion has been a hot topic in the Northern Territory (NT) of Australia in recent years. However, 
insufficient information on available water resources and crop evapotranspiration is a bottleneck to this 
expansion. Towards closing this gap, this study employs the newest Global Land Data Assimilation System 
(GLDAS; version 2.2) catchment products assimilated from the Gravity Recovery and Climate Experiment 
(GRACE; hereafter called GLDAS-DA) and the Food and Agriculture Organization (FAO) Penman-Monteith 
equation to spatially evaluate the Balance between water availability (i.e., groundwater and effective rainfall) 
and melons, maize and citrus crop evapotranspiration (water demand) of three representative (short-, medium- 
season and perennial) crop types over the NT for the 2010–2019 period. Specifically, this Balance is the estimated 
ratio of water availability and crop evapotranspiration, representing the crop area that can be planted in each 
GLDAS-DA grid cell. The larger the Balance, the greater the irrigated agriculture potential. Under the average 
2010–2019 conditions, our results show that the northern part of the NT has the highest irrigated agriculture 
potentials with the average Balance of 9430 ha (15.7%), 5490 ha (9.1%) and 3520 ha (5.8%) for melons, maize 
and citrus, respectively, excluding non-agriculture areas. Irrigated agriculture in the central part of the NT shows 
less potential compared to the northern part of the NT, with the average Balance of 2780 ha (4.6%), 2000 ha 
(3.3%) and 970 ha (1.6%) for melons, maize and citrus, respectively (excluding non-agriculture areas). The 
southern part of the NT shows an average Balance below 1% of grid cell for all three crops, suggesting that only 
small-scale irrigated agriculture could be possible. In addition, the Balance across most of the northern and 
central parts of the NT decreased by 50% or more during 2019 dry period. Drought risk management should 
therefore be a serious consideration when exploring further expansion of irrigated agriculture in the NT.   

1. Introduction 

The Australian Northern Territory (NT) covers around 18% of Aus-
tralia’s continental area but is home to only around 1% of its population, 
according to the Australian Bureau of Statistics (ABS) 2020. This vast 
land is thought to have agricultural potential that is waiting to be 
developed (Ash et al., 2017). In 2015, a White Paper issued by the 
Australian Government specifically stressed the importance of water 
resources in terms of agricultural development in northern Australia 
(CSIRO, 2016). This renewed interest in agriculture stems from growing 
Asian markets (Reardon and Timmer, 2014) and increasing global de-
mand for food (Ash et al., 2017). More importantly, seeking 

development of irrigated agriculture in the NT is treated as a way to 
reverse its long-term population decline (CSIRO, 2016). Therefore, 
relevant studies that address federal and state/territory governments’ 
interests in evaluating and identifying the opportunities for irrigated 
agriculture may also facilitate regional economic development of the 
NT. 

However, one major concern raised by the NT Government for 
expanding irrigated agriculture is the issue of sustainability since the 
available water for irrigation may not be able to meet the crop water 
demand (Thomas et al., 2018), i.e., evapotranspiration. In the NT, 
groundwater is the major source of water supply, e.g., for mining, irri-
gation and domestic use, contributing about 90% of the total water 
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usage (Kinsela et al., 2012). Nevertheless, information on groundwater 
such as its spatio-temporal availability for irrigated agriculture is limited 
for the NT region. As for crop water demand, the estimation is rather 
complicated due to many factors involved, e.g., crop type, sowing time, 
stage of growth, local environmental conditions, etc. As a result, there 
has been relatively little research directed towards irrigated agriculture 
in the NT (Ash et al., 2017). 

In recent years, considerable efforts have been made to assess the 
potential for irrigated agricultural expansion. For example, many tech-
nical reports and water monitoring plans for potential agricultural re-
gions have been produced on the one hand (Ti Tree Water Report, 2009; 
Oolloo Water Allocation Plan, 2010; Northern Territory Government, 
2018; CSIRO, 2016; Ash et al., 2018). On the other hand, local experi-
ments for crop water demand have also been done (Northern Territory 
Government, 2007; Bithell and Smith, 2011; MacFarlane and Fairfield, 
2017). These reports, however, are still insufficient to estimate the po-
tential of irrigated agricultural expansion over the whole NT given that 
they are area specific, e.g., mostly in water control districts (Fig. 1) 

drafted by the NT Government. Other studies on water-related infor-
mation and crop irrigation mainly focus on hydrological and environ-
mental aspects, e.g., Jacobson et al. (1988), Calf et al. (1991), Erskine 
et al. (2003), or concentrate on hydro-chemical aspects only, e.g., 
Cresswell et al. (1999), Vanderzalm et al. (2011), Barry et al. (2017). 
Besides, there is a lack of direct linkage between groundwater and crop 
irrigation research in the NT, e.g., where crop water demand is studied, 
groundwater availability for irrigation is not evaluated and compared. 
Therefore, spatio-temporal groundwater availability and crop water 
demand over the NT, as well as the linkage between these, are not well 
understood. 

To address this lack of information, this study uses the Global Land 
Data Assimilation System (GLDAS) Catchment Land Surface Model 
(CLSM) that simulates groundwater storage in shallow aquifers (Li et al., 
2019a) and the Food and Agriculture Organization (FAO) 
Penman-Monteith equation (Allen et al., 1998) to model groundwater 
availability and estimate crop evapotranspiration in the NT over the 
2010–2019 period, respectively. The newest GLDAS-V2.2 with data 

Fig. 1. Study area of the Northern Territory in Australia; (a) the Northern Territory boundary, (b) climate zones and positions of major towns, (c) elevations and the 
eight major water control districts drafted by the NT Government, and (d)-(e), details of names and locations of districts as well as boreholes’ positions. 
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assimilated from the Gravity Recovery and Climate Experiment (GRACE; 
hereafter called GLDAS-DA) offers daily groundwater storage estimates 
from 2003 to present (Li et al., 2019b) at a 0.25∘ × 0.25∘ spatial reso-
lution. The evaluation of this product shows a relatively good 
regional-scale correlation (0.65) with over 4000 globally distributed 
borehole data (Li et al., 2019b). In the NT, the GLDAS-DA is employed to 
make up for the scarcity of borehole data outside the water control 
districts (Fig. 1). The FAO Penman-Monteith equation is recommended 
as the sole standard method for calculating the reference crop evapo-
transpiration (ET0), i.e., crop water demand (Allen et al., 1998; Pereira 
et al., 2015). This method is widely used in different locations and cli-
mates (Zhang et al., 2010; Yao et al., 2014; Zanotelli et al., 2019) and is 
not constrained by data deficiency, i.e., can be derived from remote 
sensing, hydrological models or re-analysis data (Zhang et al., 2010; Yao 
et al., 2014; Blankenau et al., 2020). In Australia, both McMahon et al. 
(2013) and Bithell and Smith (2011) have indicated that the FAO 
Penman-Monteith equation is more accurate than other methods such as 
pan evaporation. Ahooghlandari et al. (2016), (2017) also used the FAO 
Penman-Monteith equation as the reference method when evaluating 
crop evapotranspiration at multiple locations in Australia. However, 
these studies are area-specific, and the calculations are only based on 
point-scale (i.e., meteorological stations). 

Therefore, in this study, a spatio-temporal analytical framework is 
used to evaluate groundwater availability, crop water demand and the 
resultant potential for irrigated agriculture across the NT. In particular, 
the study (i) evaluates the spatial variability of monthly and annual 
groundwater availability (at 0.25∘ × 0.25∘ resolution) based on the 
average condition for the 2010–2019 period and the dry condition for 
the year 2019, respectively; (ii) estimates the spatial variability of the 
monthly reference crop evapotranspiration using the Penman-Monteith 
equation based on two scenarios (average/dry) as mentioned in (i); (iii) 
calculates the Balance, i.e., the ratio of water availability and crop 
evapotranspiration for per GLDAS-DA grid cell (around 60,000 ha), as 
well as highlight potential areas for irrigated agricultural expansion 
based on the two scenarios (average/dry) as specified in (i). Subse-
quently, the results of Balance are improved by excluding those areas 
that are obviously not suitable for agricultural use, e.g., nature conser-
vations, areas that do not have suitable soil and areas that have salinity 
issues in groundwater. 

2. Data and methods 

2.1. Groundwater availability estimation 

Here, we assume that groundwater is the only source of irrigation in 
the NT since (i) surface water such as rivers are strongly seasonal and the 
locations of rivers are not always close to the irrigated land (Ash et al., 
2017), and (ii), in the central (semi-arid) and southern (arid) parts of the 
NT (see Fig. 1), groundwater is the only reliable water resource that can 
be used for irrigation (Mossad et al., 2013). 

2.1.1. Scenarios of average (2010–2019) and dry (2019) period 
Considering the groundwater availability may be very different 

during different climatic conditions (i.e., wet and dry), it is therefore, 
important to understand the range of groundwater availability under 
average and dry scenarios in order to enable a better groundwater risk 
management. In this regard, this study calculates the average ground-
water availability based on the 2010–2019 period, as well as the 
groundwater availability in the driest years, 2019, which recorded the 
lowest annual rainfall since 1961. 

To prove the representativeness of these two periods, we download 
the annual rainfall records of Northern Territory from BoM (http://www 
.bom.gov.au/climate/change/) for the past 120 years, i.e., 1900–2019, 
and compared our average condition and dry condition to other periods. 
Specifically, we use the percentile method to identify the years under 
wet (above 90th percentile), average (10th to 90th percentile) and dry 

(below 10th percentile) climate condition. A ten-year running average 
( ± 5 years) is also calculated to present the long-term variation of 
rainfall. Meanwhile, the Kolmogorov-Smirnov (K-S) test (Marsaglia 
et al., 2003; Awange et al., 2019) is employed to test whether the dis-
tribution of rainfall between 2010 and 2019 and 1900–2019 is the same. 

According to Fig. 2, the average rainfall for the 2010–2019 period is 
601 mm, while the 10-year running average is stable above 600 mm 
since 1996. The K-S test shows that the distribution of rainfall between 
2010 and 2019 and 1900–2019 is the same at 95% confidence level with 
a score of 0.33 (the smaller value is the more similar distribution). 
Therefore, it can be safely said that our results are more or less repre-
sentative at least for the last 25 years. As for year the 2019, it is the driest 
year except 1961, and the rainfall value of 265 mm is below the 10th 
percentile line. Thus, using 2019 as a showcase of dry-year conditions is 
also representative. Besides, one can see the 10-year running average 
seems to have a 30-years cycle of rainfall, e.g., 1900–1930, 1930–1960, 
1960–1990, 1990-present. Considering the different behaviours of pre-
vious cycles, as well as potential increasing rainfall for future scenario, e. 
g., there is an obvious increasing rainfall in the most two recent cycles 
due to the increasing intensity of tropical cyclones (Hennessy et al., 
2004), it may requires a re-estimation of results in future, particularly, 
when government is going to develop a long-term land irrigation 
program. 

2.1.2. The ‘80–20 rules’ 
According to Erskine et al. (2003) and MacFarlane and Fairfield 

(2017), the ‘80–20 rules’ announced by the NT Government allow only 
20% of the annual groundwater recharge or discharge to be extracted for 
irrigation (i.e., abstraction limit, see Fig. 3). Therefore, the maximum 
annual groundwater availability for irrigation can either be derived 
from groundwater recharge: 

Aar = Sum(Rechargemonthly) × 20%, (1) 

or groundwater discharge: 

Aad = Sum(Dischargemonthly) × 20%, (2) 

where the Rechargemonthly and Dischargemonthly are the monthly 
groundwater changes (positive as recharge and negative as discharge). 
To obtain these data, the GLDAS-DA estimated groundwater storage in 
shallow aquifers (up to 6–8 m depending on input geological profiles) 
with 0.25∘ × 0.25∘ spatial and daily temporal resolution (Li et al., 2019b) 
is employed for the 2010–2019 period. The monthly groundwater 
changes are derived from the difference between groundwater storage 
records of the last day in the current month and the last day in the 
previous month. Since the GLDAS-DA has not been directly evaluated 
over the NT (Li et al., 2019b), borehole records (mostly located in water 
control districts, see Figs 1d and 1e) downloaded from the Australian 
Groundwater explorer (http://www.bom.gov.au/water/groundwater/ 
explorer/) and the WaterGAP Global Hydrology Model (WGHM; 
Werth and Güntner, 2010; Doll et al., 2014) that is commonly used to 
compare with GRACE, see, e.g., Werth et al. (2009), are also employed 
to examine the performance of the GLDAS-DA over the NT. The evalu-
ation is presented in the supplementary material. Basically, both bore-
hole and WGHM show that GLDAS-DA has a relative good performance 
in the northern part of the NT, but may not be representative in the 
southern part of the NT. Thus, the results in southern part of the NT in 
this study has to be carefully treated. 

As the Northern Territory is largely covered by tropical climate, most 
of the groundwater recharge occurs from November to March, while 
discharge appears from April to October based on our examination 
(2010–2019 average condition; different years could be slightly 
different). Normally, the groundwater availability for the whole year 
can be estimated at the end of March, i.e., Aar, leading to the ground-
water extraction plan, which is adjusted according to the 20% of Dis-
chargemonthly (‘80–20 rules’) in the following dry period. Note that the 
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20% of the monthly groundwater discharge is set as the monthly 
groundwater availability (not mandatory), because pumping a large 
amount of groundwater in a month may lead to unsustainable water use 
and environmental degradation in other months. However, this is only 
suitable for crops grown in the dry period. For some crops, e.g., peren-
nial crops that have high water demand, irrigation is still necessary 
during the wet period. Thus, the distribution of the limited groundwater 
availability into 12 months remains questionable.Fig. 4. 

Here, we firstly present the monthly 20% of groundwater changes 
(Fig. 5), as well as Aar and Aad derived from wet (November to March) 
and dry (April to October) periods under the average condition of 
2010–2019 (Fig. 6) in order to offer the spatio-temporal information of 
groundwater availability over the NT. When the groundwater avail-
ability is compared to the specific crop water demands, the dry period 
grown crops can use the monthly 20% of groundwater discharge for 
irrigation (e.g., melons and maize in Fig. 8). As for perennial crops (e.g., 
citrus in Fig. 8), we only compare the annual groundwater availability 
and crop water demand since a good distribution of annual groundwater 
availability in each month should be determined by the monthly weights 

of crop water demands. 

2.2. Reference ET0 estimation 

The reference ET0 is defined as the evapotranspiration rate (mm/ 
day) from a reference surface with adequate water. This reference sur-
face is assumed by the Food and Agriculture Organization (FAO) Expert 
Consultation on the Revision of FAO Methodologies for Crop Water 
Demand as: a hypothetical reference (close to grass) crop with an 
assumed crop height of 0.12 m, a fixed surface resistance of 70 s/m and 
an albedo of 0.23 (Allen et al., 1998). In this study, the methodology of 
calculating reference ET0 strictly follows the ‘Crop evapotranspiration - 
Guidelines for computing crop water requirements - FAO Irrigation and 
drainage paper 56′ (Allen et al., 1998). The major equation is shown 
below, and the parameter derivations are listed in the supplementary 
material. 

The FAO Penman-Monteith equation is expressed as: 

Fig. 2. The annual rainfall of Northern Territory (average over the entire area) for 1900–2019 period. The rainfall values at 10th and 90th percentile are 383 mm and 
684 mm, respectively. 

Fig. 3. The processing flowchart of calculating the balance between groundwater availability, effective rainfall and crop water demand. ET0 represents evapo-
transpiration of reference crop. 
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ET0 =
0.408Δ(Rn − G) + γ 900

T+273u2(es − ea)

Δ + γ(1 + 0.34u2)
, (3) 

where Rn is the net radiation at the crop surface (MJ/m2/day), G the 
soil heat flux (MJ/m2/day), T the mean daily air temperature at 2 m 
height (∘C), u2 the wind speed at 2 m height (m/s), es the saturation 
vapour pressure (kPa), ea the actual vapour pressure (kPa), Δ the slope 
vapour pressure curve (kPa/∘C) and γ the psychrometric constant 
(kPa/∘C). To obtain above data, the GLDAS Noah land surface model 
with a 0.25∘ × 0.25∘ spatial and monthly temporal resolution is 
employed as such other studies did, see, e.g., Park and Choi (2015) and 
Blankenau et al. (2020). 

2.3. Balance estimation 

The estimation of balance between target crop water demand and 
water availability is considered a key factor that determines crop de-
mand and supply sides (Fig. 3). Crop water demand is estimated by 
applying target crop coefficients to reference ET0 (see discussion below). 
On the supply side, water availability is estimated as the sum of effective 
rainfall and groundwater availability after applying irrigation efficiency 
(see Fig. 3). The balance, therefore, denotes the parity/disparity be-
tween the crop water demand and the water supply (effective rainfall 
plus irrigation). 

2.3.1. Crop water demand 
Crop water demand can be either obtained from previous studies, e. 

g., Brouwer and Heibloem (1986) and MacFarlane and Fairfield (2017), 
or calculated from the crop coefficient and ET0. As an example of a 
former study in MacFarlane and Fairfield (2017), Table 1 illustrates 
some general crop water usages and growing periods in the NT. How-
ever, the crop water demand estimated from the crop coefficient and ET0 
is more useful since it provides monthly estimates based on different 
local environmental conditions. In this approach, crop water demand, e. 
g., on a monthly basis, is expressed as: 

Dm =
ET0 × Days × Kc − Raine

IE
, (4) 

where Dm is the monthly crop water demand for irrigation, ET0 the 
reference crop evapotranspiration per day, Days the number of days in 

that calculated month, Raine the monthly effective rainfall and IE the 
irrigation efficiency, which usually takes 0.75 or 0.85 depending on 
irrigation methods used (Ash et al., 2018; Bithell and Smith, 2011). As 
for Kc, it is the crop coefficient, which can be regarded as an empirical 
scale factor that converts ET0 into evapotranspiration of a specific crop. 
Normally, Kc varies depending on crop growth stages and crop types. For 
illustration, this study selects melons, maize and citrus as representative 
of low (short season), medium (medium season) and high (perennial) 
water use crops to show the adapted monthly Kc at different growth 
stages in Table 2 since each of these crops represents a different level of 
water demand. 

2.3.2. Effective rainfall estimation 
The effective rainfall is the rainfall that can be directly or indirectly 

be used for crop production. The method proposed by Dastane (1978) is 
employed here, which is given as: 

Raine = Rain(125 − 0.2Rain)∕125, for Rain ≤ 250 mm, (5) 

or 

Raine = 125 + 0.1Rain, for Rain > 250 mm, (6) 

where Raine and Rain are the effective rainfall and total monthly 
rainfall, respectively. This method has been employed by many studies, 
see e.g., Loukas et al. (2007) and Singh et al. (2020). To obtain the 
monthly rainfall, the Bureau of Meteorology (BoM) rainfall product with 
a 0.05∘ × 0.05∘ spatial and monthly temporal resolution is employed 
(downloaded from http://www.bom.gov.au/climate/maps/rainfall/). 
Before used, the data are re-scaled to 0.25∘ × 0.25∘ in order to match it 
with the spatial resolution of GLDAS models. 

2.3.3. Parity/disparity between water supply and crop water demand 
Considering the 0.25∘ × 0.25∘ spatial resolution of groundwater 

outputs in this study, i.e., approximately 60,000 ha per grid cell at the 
latitude of − 20∘ (center of the NT), the balance between groundwater 
supply and total crop water demand (D, i.e., sum of Dm) for a specific 
crop can be expressed as an area index: 

Balance =
Aad or Aar × 60, 000

D
, (7) 

where AadorAar × 60, 000 represents the total amount of useable 

Fig. 4. Maps of (a) nature conservations and protected areas, digitalised from ABARES (2015)), (b) saline groundwater with TDS over 1500 mg/L at 60–90% chance, 
digitalised from Harrington and Cook (2014)), (c), distribution of major soil types in the NT (Ashton and McKenzie, 2016), and (d), non-agricultural area for 
exclusion derived from (a), (b) and (c). 
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groundwater for a grid cell under the ‘80–20 rules’, the Balance theo-
retically indicates the number of hectares that crops can be potentially 
supplied by such amount of groundwater. The larger the Balance is, the 
greater the crop areas that can be irrigated, and, as such, the higher the 
potential for irrigated agriculture is. 

2.4. Exclusion of non-agriculture areas 

Besides the water availability, land use, water salinity and soil types 
are also important consideration for agricultural activities. For land use 
in the NT, there are many areas that belong to nature conservations, 

thus, agricultural expansion in these regions is not permitted. Fig. 4a 
illustrates those areas under environmental protection based on the land 
use map from ABARES (2015). Groundwater salinity is an indicator of 
water quality that sums all dissolved constituents in the water (usually 
called Total Dissolved Solids; TDS, unit: mg/L). Different plants and 
crops have different tolerance to saline water. According to the general 
salinity classification table from the Department of Agriculture and Food 
in Western Australia (https://www.agric.wa.gov.au/water-managem 
ent/water-salinity-and-plant-irrigation), salinity below 1425 mg/L is 
considered as moderately salty and is suitable for irrigation to a major 
range of crops. Fig. 4b provides a general map of groundwater salinity 

Fig. 5. Monthly 20% of groundwater changes (mm) based on the average condition 2010–2019 (a), as well as its comparison to the dry condition for the year of 2019 
(b). The small polygons in the figure represent the water control districts shown in Fig. 1c. 
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(60–90% chance to have salinity over 1500 mg/L) over the NT (Har-
rington and Cook, 2014). Soil types and properties have direct impacts 
on vegetation (Jyrkama and Sykes, 2007; Fisher et al., 2016; Teng et al., 
2018). For the NT, there are many types of soil, including Vertosols, 
Rudosols, Kandosols, Tenosols, Hydrosols, etc (Soils of the Northern 
Territory, 2016; Teng et al., 2018). In general, Rudosols and Tenosols 
(Fig. 4c) are potentially not suitable for agriculture development due to 
their weak soil moisture holding ability (Nikles et al., 2008; Soils of the 
Northern Territory, 2016). 

Considering the fact that agricultural activities are absolutely not 
permitted in the areas of nature conservation, such are excluded from 
our analysis. The problem of soil and saline groundwater can be over-
come to some extent, e.g., better irrigation plan for specific soil type, and 
by employing saline groundwater desalination techniques. Thus, an area 
with either soil or groundwater salinity is here considered suitable for 
agriculture, and, as such not excluded. However, if both soil and 
groundwater salinity are not suitable for agriculture for a given area, it is 
determined to be a non-agricultural area (Fig. 4d). 

Fig. 6. Annual groundwater availability (mm) derived from recharge (November to March) and discharge (April to October) periods; (a) recharge, and (b), discharge 
based on 2010–2019; (c) difference between average recharge and discharge based on 2010–2019, (d) recharge of 2019, (e) discharge of 2019 minus recharge and 
discharge based on 2010–2019, respectively, and (f), difference between 2019 recharge and discharge. The small polygons in the figures represent the water control 
districts in Fig. 1c. 

Table 1 
Illustration of crop water usage (statistics from measurement of water con-
sumption, water licence conversations and literature; one harvest a year 
considered only) and their growing periods in the Northern Territory (MacFar-
lane and Fairfield, 2017).  

Crops Growing 
periods 

Water 
usage 

Crops Growing 
periods 

Water 
usage   

(mm/ 
ha)   

(mm/ 
ha) 

Avocado Perennial 960 Banana Perennial 1960 
Forage May sown 1070 Forage April sown 1050 
Lucerne Dry season 1030 Citrus Perennial (5 

years + ) 
900 

Maize Apr.-Aug. 580 Mangoes Perennial (7 
years + ) 

860 

Melons Mar.-May 290 Melons Apr.-Jun. 290 
Melons May-Jul. 300 Melons Jun.-Aug. 340 
Melons Jul.-Sep. 380 Melons Aug.-Oct. 450 
Onions Apr.-Aug. 540 Onions May-Sep. 590 
Peanuts Mar.-Aug. 720 Peanuts Apr.-Sep. 750 
Rhodes 

grass 
Dry season 1230 Soybeans May-Sep. 670  
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3. Results and discussion 

3.1. Groundwater availability estimate 

In order to capture spatio-temporal details on groundwater avail-
ability, the entire area of the NT is divided into three parts: the northern 
(latitude 10∘S to 15∘S), central (latitude 15∘S to 20∘S) and southern 
(latitude below 20∘S) parts as shown in Figs 5 and 6 (hereafter simply 
northern, central and southern NT). Fig. 5 presents the average 20% of 
monthly groundwater changes for the 2010–2019 period (Fig. 5a), as 
well as the difference between a dry year (2019) and the average con-
dition (Fig. 5b). In general, one can see from Fig. 5a that the NT’s 
groundwater changes clearly follow the seasonal and regional variations 
of rainfall (see rainfall maps from Australia Bureau of Meteorology at: 
http://www.bom.gov.au/jsp/ncc/climate_averages/rainfall/) with 
recharge mostly occurring between November and March (Bach, 2002; 
Rieser et al., 2010; Kanniah et al., 2011; Awange et al., 2011, 2019; 
Forootan et al., 2011). 

In the northern NT, groundwater is variable with the monthly 20% 
change (‘80–20 rules’) ranging from − 35 to 66 mm in May and January, 
respectively, which is mostly due to the high sensitivity of groundwater 
recharge to the seasonal rainfall (McCallum et al., 2010). For example, 
95% of annual rainfall (over 1000 mm) falls from November to April in 
Darwin (see region in Fig. 1d), and the groundwater level change during 
this period can reach 6–7 m (Knapton et al., 2019). In the central and 
southern NT, the ranges of the 20% change (‘80–20 rules’) are consid-
erably narrower than those of the northern NT, ranging from − 17 to 
26 mm, and − 2.5 to 10 mm, respectively, due to low rainfall in these 
regions (Harlock, 2003; Tickell, 2008). For example, Crosbie et al. 
(2010) indicate that groundwater recharge in the southern NT is 
episodic, mostly occurring only after intense rainfall. 

The high sensitivity of groundwater to rainfall is further evident in 
dry years. For example, during the 2019 dry period (Fig. 5b), ground-
water monthly change of 20% declined by around 5–20 mm during 
January and March, as well as December, over most of the northern NT 
compared to the 2010–2019 average. By contrast, in the same year, a 
substantial recharge (maximum 17 mm) occurred in the northeastern 
corner of the northern NT in January, which was associated with 
regional above-average rainfall (see, e.g., http://www.bom.gov.au/clim 
ate/current/annual/nt/archive/2019.summary.shtml). Similarly, the 
groundwater in the central NT was impacted from reduced rainfall 
during January and March, as well as December, having around 
5–20 mm less recharge. In the southern NT, groundwater barely 
changed with the variation mostly between − 5 and 5 mm (except in 
January with a maximum change of − 10 mm in the northern parts of the 
southern NT). 

Annual groundwater availabilities derived from the recharge (‘wet 
period’; November to March) and the discharge (‘dry period’; April to 
October) are presented in Fig. 6. The annual groundwater availabilities 
(between 2010 and 2019) derived from the recharge and the discharge 
seasons have very similar spatial patterns over the NT (Figs 6a and b), 
indicating that the annual groundwater change was nearly balanced or 
had a relatively small increasing/decreasing trend during the 
2010–2019 period. This is illustrated by Fig. 6c, where the differences 
between Figs 6a and b are mostly within ± 2 mm over the NT. During 
the 2019 dry period, both annual groundwater availabilities derived 

from the recharge and discharge seasons showed significant drops (Figs 
6d and e; i.e., a drop of about 50% for most areas), e.g., in the northern 
NT, there was a drop from 80 mm to 40 mm, and in the central NT from 
40 mm to 20 mm, indicating a high sensitivity of groundwater change to 
drought (McCallum et al., 2010). The northern parts of the southern NT 
also had a decline from above 10 mm to less than 5 mm, while the 
remaining parts of southern NT were nearly unaffected. The ground-
water recharge and discharge balance for the dry year of 2019 (Fig. 6f) 
showed qualitatively different patterns compared to the average con-
dition of 2010–2019 (Fig. 6c). In the eastern parts of the northern NT 
and northeastern shoreline of the central NT, there was a 15–20 mm 
groundwater decline. In the remaining part of the central NT and eastern 
parts of the southern NT, the groundwater increased around 5–10 mm. 

3.2. Reference ET0 estimate 

The reference crop evapotranspiration ET0 derived by the FAO 
Penman-Monteith equation provides the spatio-temporal distribution of 
crop water demand as shown in Fig. 7. Under the averaged condition of 
2010–2019 (Fig. 7a), the ET0 in the northern NT is low with maximum 
and minimum values of 220 mm and 111 mm in July and November, 
respectively. For the central NT, ET0 gradually increases following the 
north-south trend most of the time except for June and July, where the 
ET0 is generally uniform with a minimum of 136 mm, except for a 
narrow wavy band of region running approximately in the NW-SE di-
rection that has an elevated level (around 165 mm) of ET0. After July, 
the ET0 gradually increases to a maximum of 219 mm in November. The 
ET0 in the southern NT is slightly different, with a minimum ET0 in June 
of around 79 mm in the southern part of the southern NT and a 
maximum ET0 of 306 mm in the eastern parts of the southern NT. 

By simply following the principle of the lower the ET0, the more the 
suitability for irrigated agriculture, the northern NT with an average ET0 
of 156 mm/month ranks top for irrigated agriculture potential based on 
the 2010–2019 condition, whereas the central and southern NT follow in 
that order with nearly the same average ET0 of 202 mm/month and 
209 mm/month, respectively. While the above regional generalisations 
are apparent, there are also subregional variations. In particular, in most 
parts of the northern NT, ET0 is low (around 150 mm/month) 
throughout the year. In the southern parts of the northern NT, e.g., 
Katherine (Fig. 1d), ET0 can reach above 200 mm/month from 
September to December. Besides, the average monthly rainfall in the 
northern NT is usually over 200 mm/month between January and 
March (see rainfall maps from Australia Bureau of Meteorology at: 
http://www.bom.gov.au/jsp/ncc/climate_averages/rainfall/). Consid-
ering that high intensity of rainfall can pose a serious challenge when 
managing intense storms and soil erosion (Smith, 2008), the sowing 
time would be better set to April (confirmed by Vegetable Sowing Cal-
endar for Darwin & Katherine Regions; available on https://industry.nt. 
gov.au/). Therefore, the optimum windows to avoid high ET0 and high 
rainfall periods is between April and August for annual crops, particu-
larly, the northeastern corner of the northern NT has quite low ET0 
around 110 mm/month to 120 mm/month between April and July. For 
the central NT, the best time for irrigated agriculture could be between 
January and August, since the ET0 generally goes over 230 mm/month 
for the southern parts of the central NT from September to December. In 
terms of the southern NT, the suitable time for irrigated agriculture 

Table 2 
Illustrations of monthly Kc for melons, maize and citrus at different growth stages. Melons are sown in March or April since they require the least water during this 
period according to MacFarlane and Fairfield (2017).  

Crops’ Kc Jan. Feb. Mar. Apr. May Jun. Jul. Aug. Sep. Oct. Nov. Dec. 

Melons – – –  0.6  0.9  0.5 – – – – – – 
Maize – – –  0.3  0.75  1.05 1.2 0.47 – – – – 
Citrus (5 years +) 0.8 0.8 0.8  0.8  0.8  0.8 0.8 0.8 0.8 0.8 0.8 0.8 

The table is adapted from Allen et al. (1998) 
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would be between April and September, where ET0 is below 
220 mm/month in most areas. In June and July, the ET0 in the southern 
NT is even lower than that of the northern NT. However, one issue that 
should be considered is the low temperature in the southern NT (mostly 
desert), which may not be suitable for some crops. For example, CSIRO 
(2018)) indicated that Alice Springs has an average of 34 ( ± 17) frosts 
days and near 30% chill time annually, which is better suited to high 
chill fruit crops. 

During the 2019 dry period (Fig. 7b), ET0 increased all over the NT. 
For example, the ET0 in the northern, central, and southern NT on 
average increased by 13 mm/month, 32 mm/month and 22 mm/ 

month, respectively, indicating the possibility of irrigated agriculture 
being more vulnerable to drought in the central NT. Possibly, this is one 
of the reasons why most water control districts drafted by the NT Gov-
ernment are outside of the central NT. In particular, the major increase 
in ET0 in the central NT occurred from November to March, with an 
average increase of 49 mm/month. Such an increase in ET0 was mainly 
associated with increased wind speed, as well as reduced relative hu-
midity, see Fig. S3 in the supplementary material. 

Fig. 7. Reference crop evapotranspiration (mm/month) based on the average condition for 2010–2019 (a), as well as its comparison to a dry condition for the year of 
2019 (b). The small polygons in the figures represent the water control districts in Fig. 1c. 
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3.3. Balance estimate 

Here melons, maize and citrus are used to illustrate the Balance es-
timates, i.e., an area index representing the agriculture potential per the 
GLDAS-DA pixel since these crops represent different levels of crop 
water demand, i.e., a total water demand of 290 mm for melons (i.e., 
sown in April and takes 80–90 days to mature), 580 mm for maize (sown 
in April and takes 140–150 days to mature) and 900 mm for citrus 

(perennial, > 5 years, 50% canopy with active ground cover) are 
required for irrigation during their entire growing period according to 
MacFarlane and Fairfield (2017). The irrigation efficiency is set as 0.85 
throughout the NT as mentioned in section 2.3.1. With the above 
specifications, Fig. 8 provides the spatio-temporal distribution of the 
total irrigated water demand for each of the three crops above consid-
ering only one harvest a year and the Balance estimates under the 
averaged condition of 2010–2019, as well as the dry year of 2019. The 

Fig. 8. The total irrigated water demand (mm) and balance estimates (hectares × 103) for melons (a-b), maize (c-d), and citrus (e-f) based on the averaged condition 
of 2010–2019 and the dry year of 2019. The small polygons in the figures represent the water control districts in Fig. 1c. 
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monthly irrigated water demand and Balance estimates can be found in 
the supplementary Figs. S4–S6. The monthly Balance of citrus is not 
provided since the distribution of annual groundwater availability in 
each month is determined by the monthly weights of crop water de-
mands as mentioned in section 2.1.2. In other words, the Balance of 
citrus will be all the same from January to December as the annual 
Balance, if the annual groundwater availability is well distributed for 
each month. 

Our results show that the average total irrigated water demand 
(under the 2010–2019 average condition) as 231 mm, 555 mm and 
926 mm (northern NT), 387 mm, 722 mm and 1663 mm (central NT), 
and 333 mm, 552 mm and 1993 mm (southern NT) for melons, maize 
and citrus, respectively. These results, however, differ from the esti-
mates of MacFarlane and Fairfield (2017), particularly, in the central 
and southern NT. Although MacFarlane and Fairfield (2017) claimed 
that the statistics in Table 1 are not precise to a specific location, these 
statistics collected from the measurement of water consumption and 
water licence still have spatial preference. For example, the current 
cropping and horticulture areas (where those statistics were measured) 
in the NT are very few and mostly located in the northern NT such as 
Darwin and Katherine, as well as the southern NT such as Ti-Tree and 
Alice Springs (see cropping areas in the NT; https://www.agriculture. 
gov.au/abares/research-topics/aboutmyregion/nt#regional-overview). 
Therefore, if we simply restrict our comparison of water demand esti-
mates to these cropping and horticulture areas, e.g., regions from Dar-
win to Katherine, the average total irrigated water demand (under the 
average condition) is 273 mm for melons, for example, which is then 
very close to the estimates from MacFarlane and Fairfield (2017). 

For melons, the upper half of the northern NT has more irrigated 
potentials than the lower half according to Figs 8a and b. For example, 
the upper half of the northern NT generally has total irrigated water 
demand below 200 mm, and the Balance indicates that most areas here 
have a sufficient amount of groundwater to support growth area of 
melons for more than 15,000 ha. Particularly, the region in the north-
eastern corner has a minimum total irrigated water demand of 97 mm 
and a maximum Balance of 41,000 ha. In the central NT, the north-
eastern shoreline seems to be the best regions to grow melons with a 
minimum total irrigated water demand of 270 mm and a maximum 
Balance of 9800 ha. As for the southern NT, although its lower parts have 
the lowest total irrigated water demand of 219 mm, the groundwater 
availability determines the maximum Balance in its upper parts, i.e., 
1000 ha. 

During the 2019 dry period, most areas of the NT had increased 
irrigated water demand and reduced Balance due to reduced rainfall and 
groundwater availability. In particular, the northern NT was the most 
vulnerable to drought since most of its lower half had reduced Balance 
by 50%, e.g., from 10,000 ha to 5000 ha. This is interesting and 
inconsistent with the conclusion arrived at in section 3.2 that the central 
NT was the most vulnerable to drought with the largest increased ET0. 
The most likely explanation is that the reduced groundwater availability 
had more significant effects on Balance than increased ET0 in the 
northern NT. Besides, another interesting phenomenon is that the 
northeastern corner of the northern NT had increased Balance from 
around 40,000–60,000 ha during the drought, probably due to the 
regional above-average rainfall in April and May mentioned in section 
3.1. For most areas of the central NT, the Balance was reduced by 
1000–3000 ha, e.g., northeastern shoreline from around 8000 ha to 
6000 ha, and the middle parts from around 2000–500 ha below. As for 
the southern NT, the Balance was less affected, generally falling between 
± 100–500 ha. 

Compared to melons, maize has a relatively long growing period, i.e., 
from April to August. In April, during the initial growth stage, maize can 
fully rely on rain-fed irrigation in most of the northern NT (see supple-
mentary Fig. S5 since crop coefficient Kc at this growth stage is only 0.3). 
Similar to the spatial patterns of irrigated water demand and the Balance 
for melons (Figs 8c and d), the northeastern parts of the northern NT 

(400–500 mm total irrigated water demand and 8000–15,000 ha Bal-
ance), the northeastern shoreline of the central NT (580–610 mm total 
irrigated water demand and 4000–5,000 ha Balance) and the northern 
parts of the southern NT (500–800 ha Balance) could be the most suit-
able areas for growing maize in each region. Under the very dry year of 
2019, the northeastern corner of the northern NT maintained largely the 
same Balance (13,000–15000 ha) as in the average conditions of 
2010–2019, whilst in other regions the Balance generally declined by 
2000–4000 ha. In the central NT, the drought effects were widely seen 
albeit small in magnitude, e.g., an average reduction in total Balance of 
1000 ha. As for the southern NT, still, the total Balance was relatively 
unaffected by the dry condition and generally changing by between 50 
ha and 200 ha only. 

Citrus as a perennial crop requires irrigation every month except in 
December to March in the northern NT (see Fig. S6 in supplementary 
material). Thus, the total irrigated water demand of citrus is much 
higher than annual crops and could be very different in different regions, 
as well as under drought conditions. For example, the northeastern 
corner of the northern NT has a minimum total irrigated water demand 
of 620 mm under 2010–2019 average conditions (Fig. 8e), while the 
maximum total irrigated water demand reached 2868 mm in the 
southern parts of the central NT in the 2019 dry period. Such a large 
difference in water demand could generate economical considerations, i. 
e., whether it is worthwhile or cost-effective to grow citrus in the central 
NT with water consumption 3–4 times higher than in the northern NT. 
Therefore, the total irrigated water demand should also be taken into 
consideration when choosing suitable areas for growing citrus. Based on 
Figs 8e and f, the northern NT and the northeastern shoreline of the 
central NT seem to have good potentials for citrus with total irrigated 
water demand ranging from 620 mm to 1300 mm and Balance from 
3000 ha to 10,000 ha. With the dry conditions of 2019, the Balance 
significantly reduced by near 50% for the lower half of the northern NT, 
and the total irrigated water demand increased by around 200–500 mm. 
Considering that citrus is a kind of crop that is vulnerable to drought, 
and its production is significantly affected by irrigation (Melgar, 2014), 
the economical balance among groundwater use, production and risk 
management to drought have to be considered. 

3.4. Exclusion of non-agriculture areas 

Based on the principle of suitability mentioned in section 2.4, 
approximately 54% of non-agriculture areas constrained by physical 
conditions are excluded over the NT. The excluded total irrigated water 
demand (mm) and balance estimates are now shown in Fig. 9. 
Comparing Figs 9 and 8, one can see those previous large agriculture 
potential areas, e.g., the northeastern corner of the northern NT, are 
excluded. The Balance index is largely reduced, e.g., from maximum 
40,000 ha down to 15,000 ha for melon, 20,000 ha down to 8000 ha for 
maize and 10,000 ha down to 6000 ha for citrus in the northern NT 
under the average 2010–2019 condition. 

Therefore, the average Balance under the average 2010–2019 con-
dition for melon/maize/citrus are around 9430/5490/3520 ha (15.7%/ 
9.1%/5.8% area per GLDAS-DA pixel) in the northern NT, 2780/2000/ 
970 ha (4.6%/3.3%/1.6%) in the central NT, and 400/390/110 ha 
(0.6%/0.6%/0.1%) in the southern NT. The most suitable crop regions 
in the northern NT/in the central NT/in the southern NT are near the 
Darwin district/the northeastern shoreline/the eastern parts. 

During dry period of 2019, Balance is affected near the Darwin dis-
tricts, e.g., reduced by about 1/3, from 15,000 ha to 10,000 ha for 
melons, 9000 ha to 6000 ha for maize and 6000 ha to 4000 ha for citrus. 
For other regions in the northern and central NT, the drought effects on 
Balance are more obvious, with a reduction of about 50% or more. In the 
southern NT, the drought effects in 2019 are not obvious, the Balance for 
some regions in southeastern parts are even increased. Finally, to clearly 
see the overall changes of Balance for the northern, central and southern 
parts of NT during average and dry period, as well as before and after 
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Fig. 9. The total irrigated water demand (mm) and balance estimates (hectares × 103) for melons (a-b), maize (c-d), and citrus (e-f) based on the averaged condition 
of 2010–2019 and the dry year of 2019, with non-agriculture areas excluded. The small polygons in the figures represent the water control districts in Fig. 1c. 
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exclusion of non-agriculture areas, Table 3 summarises the average 
Balance below. 

3.5. Limitations and suggestions 

Despite the fact that this study infers irrigated agricultural potential 
through an areal balance index, the results are established based on the 
data of simulated models, i.e., groundwater from the GLDAS-DA and 
crop evapotranspiration from the GLDAS Noah. Especially, the GLDAS- 
DA only simulates groundwater in shallow aquifers (the depth of 
groundwater extraction can reach hundreds of meters in the Alice 
Springs). In other words, the accuracy of the results can vary spatially 
and temporally based on the uncertainties of the parameters simulated 
by these models, and the areal balance index may not be that accurate as 
represented in Figs 8 and 9. Most importantly, for groundwater esti-
mates in the central and southern NT, our evaluations (see supplemen-
tary material) for the GLDAS-DA using borehole and WGHM products 
show that the GLDAS-DA cannot accurately reflect the seasonality 
change in groundwater. Unfortunately, we cannot overcome this prob-
lem since there are no better datasets that have such good spatio- 
temporal coverage for the whole NT. However, considering that the 
groundwater storage changes in the central and southern NT are small 
(Fig. S1; groundwater availabilities are even smaller when ‘80–20 rules’ 
are applied), our results inferring a small potential of irrigated agricul-
ture in these semi-arid and arid regions could still be reliable. Another 
limitation of this study is the coarse spatial resolution of the datasets, i. 
e., 0.25∘ × 0.25∘, which is approximately 60,000 ha per grid cell. 
Nevertheless, such a size is still too large for farms (from tens of hectares 
to thousands of hectares) that mainly focus on irrigated agriculture. For 
example, in Alice Springs, the groundwater extraction from the Mer-
eenie Aquifer for agriculture is only used for areas of 48 ha (Northern 
Territory Government, 2016). Also in 2016–2017, the Department of 
Environment and Environment and Natural Resources took an assess-
ment for irrigated agriculture in the Ti-Tree basin, the total survey area 
is only 13,563 ha (https://depws.nt.gov.au/land-resource-management 
/development-opportunities/projects/ti-tree). Thus, our results can 
only be a guide to infer the irrigated agricultural potential over the NT. 
Extra local works, e.g., field investigations for the selection of farm sites, 
are still required in order to obtain more accurate estimates based on 
local environment conditions. Finally, as the section 2.1.1 pointed out, 
the results of this study are only more or less representative after 1995. 
Considering the increasing trend of rainfall in the Northern Territory, it 
may require a re-estimation when calculating the Balance for future 
scenario. 

4. Conclusion 

The Australian Northern Territory has a vast area with substantial 
potential for irrigated agriculture. However, the lack of wide-scale 

water-related information and irrigated agricultural studies contribute 
to limited agricultural expansion in the Northern Territory. Exemplified 
by melons, maize and citrus crops, this study therefore, employed the 
newest Global Land Data Assimilation System Version 2.2 with data 
assimilated from the Gravity Recovery and Climate Experiment and the 
FAO Penman-Monteith equation to evaluate the balance between 
groundwater availability and crop water demand over the Northern 
Territory. Based on the average 2010–2019 condition, the results found 
that:  

(i) The Northern NT (areas with latitude above S15∘), in comparison 
to other parts of the territory, had the highest potential for irri-
gated agriculture since it had the highest annual groundwater 
availability 40–140 mm under the ‘80–20 rules’ and the lowest 
average total irrigated water demands of 231 mm, 555 mm and 
926 mm (partly due to effective rainfall) for melons, maize and 
citrus, respectively. Also, the region had the highest average 
Balance (irrigable area index) of 9500 ha, 2700 ha and 400 ha for 
melons, maize and citrus, respectively, after excluding non- 
agriculture areas. Besides, another advantage of the northern 
NT is that it is the only region that can rely on rain-fed agriculture 
(effective rainfall for, e.g., perennial crop) during December and 
March across the NT. The most suitable crop regions in the 
northern NT are near the Darwin district, where the intensively 
irrigated agriculture may be considered.  

(ii) In the central NT (areas between latitude of S15∘ and − 20∘), the 
annual average groundwater availability was around 20–60 mm 
under the ‘80–20 rules’. The average total irrigated water de-
mands for melons (387 mm), maize (722 mm) and citrus 
(1633 mm) were much higher than the respective figures for the 
northern NT. The Balance after excluding non-agriculture areas 
were also low in general except for the northeastern shoreline, 
where they reached a maximum of 7000 ha, 5000 ha 3000 ha for 
melons, maize and citrus, respectively. Therefore, the north-
eastern shoreline could be considered the best region for irrigated 
agriculture in the central NT. However, due to the fact that such a 
region is very close to the sea, problems such as groundwater 
salinity and soil erosion should be seriously considered. Overall, 
the intensively irrigated agriculture is not seen to be viable over 
the central NT.  

(iii) The southern NT (areas with latitude below S20∘) shows only a 
small area of irrigated agricultural potential due to the low 
annual groundwater availability around 5–15 mm under the 
‘80–20 rules’. The low reference crop evapotranspiration be-
tween April and September indicates an opportunity for small- 
scale irrigated agriculture during this time of the year. Howev-
er, low temperature during this period may limit the crop types 
that can be grown.  

(iv) Irrigated agriculture in the NT is highly sensitive to dry climate, e. 
g., with groundwater availability reduced by more than 50% in 
most of the northern and central NT in the dry year of 2019 (the 
driest year in past 58 years). This is important since we found that 
the decline of groundwater availability had more significant ef-
fects on Balance estimates than the increased irrigated water 
demand.  

(v) Due to the coarse spatial resolution and uncertainty of the 
modelled products, the areal Balance index may not be that ac-
curate as indicated, and the results are suggested as a guide for 
inferring areas of irrigated agricultural potential across the NT. 
Meanwhile, the Balance results of this study are only represen-
tative for agricultural potential after 1995. For other periods or 
future scenario, it may require a re-estimation. 
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Summary of average Balance statistics (unit: ha × 1000).  

Average Balance (2010–2019 
average) 

Northern NT Central NT Southern NT 

Melon (before exclusion) 13.25 2.61 0.47 
Maize (before exclusion) 7.12 1.89 0.45 
Citrus (before exclusion) 4.37 0.89 0.12 
Melon (after exclusion) 9.43 2.78 0.40 
Maize (after exclusion) 5.49 2.00 0.39 
Citrus (after exclusion) 3.52 0.97 0.11 
Average Balance (2019) Northern NT Central NT Southern NT 
Melon (before exclusion) 10.55 1.29 0.71 
Maize (before exclusion) 5.18 0.95 0.60 
Citrus (before exclusion) 2.4 0.34 0.15 
Melon (after exclusion) 5.40 1.37 0.83 
Maize (after exclusion) 3.30 0.99 0.70 
Citrus (after exclusion) 1.71 0.37 0.17  
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Chapter 4
Development and testing of a new ap-
proach by which to infer groundwater
spatio-temporal distribution in data de-
ficient areas

This chapter is covered by the following publications (Hu et al. 2021, 2022a):

1. Hu, K.X., Awange, J.L., Kuhn, M. and Nanteza, J., (2021). Inference
of the spatio-temporal variability and storage potential of groundwa-
ter in data-deficient regions through groundwater models and inversion
of impact factors on groundwater, as exemplified by the Lake Victoria
Basin. Science of The Total Environment, 800, 149355, doi: 10.1016/

j.scitotenv.2021.149355.

2. Hu, K.X., Awange, J.L. and Kuhn, M., (2022). Testing a knowledge-
based approach for inferring spatio-temporal characteristics of ground-
water in the Australian State of Victoria. Science of The Total Environ-
ment, 821, 153113, doi: 10.1016/j.scitotenv.2022.153113.

Considering the lack of reliable groundwater information in Australia and many
regions around the globe, this chapter contributes a knowledge-based approach
for inferring groundwater spatio-temporal behaviours without actual monitor-
ing data. Such an approach takes advantage of both a hydrological model and
inversion analysis of hydrogeological conditions. The former is able to pro-
vide spatio-temporal information globally, and the latter allows the localised
interpretation of groundwater behaviours by using high resolution of climatic,
topographical and hydrogeological data. Thus, even without in-situ observa-
tion as validation, the uncertainty from the hydrological model can still be
largely reduced by the inversion analysis of hydrogeological conditions. Specif-
ically, the approach can be divided into three steps: step (i) evaluates the
groundwater storage potential and recharge timing by exploring the annual
groundwater change amplitude and the monthly recharge frequency in a dif-
ferent season, step (ii) still evaluates the groundwater storage potential and
recharge timing, but through exploring the topographical, hydrogeological and
climatic data, and in step (iii), the linkages or mismatches between steps (i)
and (ii) are searched in order to reduce or confirm the uncertainty of the hy-
drological model. The strength of this approach is that it can flexibly select
different hydrological models in step (i), climatic, topographical, and geolog-
ical data in step (ii), according to different sizes of study areas, and thereby
is almost universal. Considering that this approach has been successfully ap-
plied in the Lake Victoria Basin (Africa) and the Australian State of Victoria
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through the two publications shown above, the issues outlined in Section 1.4.3
and objective (iii) listed in Section 1.5 are addressed.

To avoid potential misunderstandings, few clarifications have been made
on the two publications presented in this Chapter:

(i) Considering the large size of Lake Victoria and that part of the shoreline
consists of unconsolidated rock (see Fig.8 in publication 1), it is therefore,
assumed that the groundwater level very close to the shoreline is almost
equal to the lake level, since groundwater and lake are very likely to
be connected to these coastal aquifers composed of unconsolidated rock
(Owor et al., 2010).

(ii) The long, dry climate mentioned in Section 2.2 publication 1, refers to
a climate that has low level of rainfall both in amount and frequency
within a year.

(iii) In Section 2.2.1 publication 1, Global Land Data Assimilation System
(GLDAS) Catchment Land Surface Model (CLSM) simulates the ground-
water storage volume (not the variation of groundwater storage) only for
5-8 m aquifers. Thus, for those deeper aquifers with groundwater level
depth of more than 8-10 m, GLDAS CLSM’s simulation is not represen-
tative.

(iv) For the two publications in this Chapter, the water balance equation
has been used to calculate groundwater recharge frequency. To avoid
uncertainty from the input data source, the data selection principle is to
give preference to data that is local or whose data quality has already
been demonstrated in previous publications. For example, the Climate
Hazards Group InfraRed Precipitation with Station data (CHIRPS) is
selected due to its lower uncertainty over Africa proven by previous stud-
ies (see reference in Section 2.1.1, publication 1). For parameters that
do not guarantee data quality, e.g., evaporation, their uncertainties are
also examined (see Fig.3 in publication 1). Besides, the reason for using
recharge frequency instead of residual of groundwater storage change, is
also to avoid uncertainties and misguidance, as even the same source of
data will generate uncertainty, and such uncertainty cannot be clarified.

(v) In Section 3.2 publication 2, the difficulty of groundwater extraction in
steep terrain refers to the expensive costs of transportation, equipment,
and the difficulty of drill process in mountainous regions.

(vi) In Section 3.3, (i), publication 2, the results infer that the eastern and
southwestern parts of Victoria are suitable regions for groundwater ex-
traction, which is consistent with the current government-planned ground-
water management areas. These results, however, ignore deep or confined
aquifers that may have large storage potential, since GLDAS-DA is not
representative of deep or confined aquifers on the one hand. On the
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other hand, this ignorance is also due to the consideration of sustain-
able groundwater development. For example, deep or confined aquifers
normally have low recharge rates and are less renewable compared to
unconfined shallow aquifers.
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• A knowledge-based approach is pro-
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iours.

• The feasibility of such method is proven
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Basin.
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method.
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Groundwater is an important resource for supporting domestic water use for people's livelihoods and for main-
taining ecosystems. Borehole observations provide the first-hand data that characterise the fluctuation, depth,
and aquifer conditions of the groundwater. Unfortunately, such observations are not available or are insufficient
for scientific use in many regions. Taking the Lake Victoria Basin (LVB) as an example of data-deficient regions,
this study proposes a simple knowledge-based approach that uses the Global Land Data Assimilation System
(GLDAS) Catchment Land Surface Model (CLSM) for the main data, with rainfall, hydrological, topographical
and geological datasets as supports, by which to infer the spatio-temporal variability and storage potential of
groundwater. Themethod is based on analysis and inversion of impact factors on groundwater, and the feasibility
of such amethod is proven by showing that the groundwater results fromGLDAS CLSM can correctly indicate the
seasonality, as well as the link to topographical and geological features. For example, both results from thewater
balance equation (WBE) andGLDAS CLSM indicate that there are two groundwater recharge seasons in the basin,
e.g., March to May and September to November. Compared to the eastern side of the LVB, the western side has
mountains blocking surface runoff, and thus, reasonably, has larger storage potential estimates in GLDAS CLSM.
Due to the low degree of weathering of the basement rocks, it is expected that there is only small storage poten-
tial and variation of groundwater in the southeastern parts of the LVB. GLDAS CLSM also correctly reflects this be-
haviour. Additionally, the largest groundwater storage potential over the LVB is found in regions near the Kagera
River and thewestern shoreline, since it associateswith unconsolidated rocks and behaviours of large groundwa-
ter recharge from GLDAS CSLM during the wet year of 2006. The major limitation of this knowledge-based
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method is that the uncertainty in terms of magnitude on GLDAS CLSM groundwater changes cannot be assessed,
in addition to the fact that the reliability of the results cannot be quantified in terms of specific numbers. There-
fore, the results and interpretation of groundwater behaviours using such methods can only be a guide for
‘where’ and ‘when’ to find groundwater.

© 2021 Elsevier B.V. All rights reserved.

1. Introduction

Groundwater is stored in the pore spaces and fractures inside rocks
underground, taking around 0.61% of the earth's water (Mananp et al.,
2013; Hu et al., 2017). Because groundwater is one of the important
water resources for human livelihood and ecosystems (Gleeson et al.,
2016), monitoring of its spatio-temporal variability and areas for stor-
age potential is essential for exploitation and management purposes
(Pandey et al., 2013; Kumar et al., 2014). However, the conventional
method for monitoring groundwater, i.e., drilling boreholes, is expen-
sive and time consuming (Mananp et al., 2013). Inmany developing re-
gions, e.g., in Africa and Asia, studying groundwater is difficult, due to
the fact that sufficient spatial density and temporal coverage of borehole
data are required to obtain reliable results. Therefore, seeking alterna-
tive approaches for studying groundwater spatio-temporal variability
and areas of storage potential is important, especially for those coun-
tries suffering from water scarcity (MacDonald et al., 2012; Masih
et al., 2014; Mekonnen and Hoekstra, 2016).

One such alternative approach is provided by the Gravity Recovery
and Climate Experiment (GRACE) remote sensing product, which has
become popular in estimating groundwater spatio-temporal variability
and storage potential (see, e.g., Syed et al. (2008), Werth and Güntner
(2009), Döll et al. (2014), Hu et al. (2017), Li et al. (2019)). However,
such a technique that has been widely used globally to study spatio-
temporal groundwater changes (e.g., Döll et al. (2014), Castellazzi
et al. (2016)), and used regionally (e.g., Nanteza et al. (2016), Hu et al.
(2017), Agutu et al. (2019), Awange (2021b)), lacks adequate spatial

resolution (e.g., it has 300–400 km of resolution) fromwhich to support
localised interpretations. As for modelled products that simulate
groundwater behaviours, they have finer spatial resolutions (28–56
km), but are mainly forced by climatic parameters, and have uncer-
tainties that have not been validated in many regions (e.g., Li et al. (Li
et al., 2019)). Some other techniques (see, e.g., Adiat et al. (2012),
Mananp et al. (2013), Nouayti et al. (2019)) have used remote sensing
and geographic information system (GIS) tools for high spatial resolu-
tion of groundwater potential mapping. The accuracy of these ap-
proaches, however, depends on the number and weight of the input
parameters (e.g., the settings of the topographical, geological and rain-
fall conditions) and on the design of the local knowledge/experience-
driven model (Adiat et al., 2012; Mananp et al., 2013; Kumar et al.,
2014), and thus varies fromone region to another.More importantly, al-
though this approach identifies the areas of groundwater storage poten-
tial based on the exploration of multiple datasets and criteria, the result
does not offer groundwater spatio-temporal variability.

Using the Lake Victoria Basin (LVB, Fig. 1, 2∘N–4∘S; 29∘E–36∘E) as an ex-
ample of a data-deficient region, where the GRACE product can only offer
two pixels' groundwater spatio-temporal information due to the small
size of the basin, localised interpretation is impossible. For groundwater
models, e.g., the Global Land Data Assimilation System (GLDAS) Catch-
ment Land SurfaceModel (CLSM), the uncertainty has not been validated
by any in-situ data in the LVB (Li et al., 2019), since suchdata are very lim-
ited and generally inaccessible. Even when accessible, the data are
sparsely distributed, making it hard to be used for validation. As a result,
previous LVB groundwater studies are mostly area-specific and focus on

Fig. 1. Locations of the LVB's in-situ (boreholes(B)/catchments(C)) used in this study. In this study, borehole records are taken fromwellmonitoring, and catchment records from the level
of rivers/streams.
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hydro-chemical aspects (see, e.g., Nyilitya et al. (2020), Kashaigili (2010),
Owor et al. (2011)). The informationof groundwater spatio-temporal var-
iability and areas for storage potential is only sporadically mentioned in a
few studies in their respective countries, e.g., Kashaigili (2010), Aheebwa
and Akampurira (2019), and Owuor (2019).

Considering the advantage of groundwater models, i.e., complete
spatio-temporal coverage, they are difficult to be replaced. This study
still employs GLDAS CLSM, since it directly offers estimates of ground-
water spatio-temporal variability and storage distribution. On the
other hand, the uncertainty of GLDAS CLSM is reduced through a num-
ber of types of extra data, i.e., rainfall, hydrological, topographical and
geological datasets, based on the analysis and inversion of impact fac-
tors on groundwater. This knowledge-based method allows a better
localised groundwater interpretation, and, as such, improves the under-
standing of groundwater in those data-deficient regions. To prove the
feasibility of such a method, this study takes LVB as the case, and infers
the basin's groundwater spatio-temporal variability and storage poten-
tial distribution. Subsequently, the advantages and limitations of using
such a method are discussed.

2. Data and methods

2.1. Data

2.1.1. Rainfall product
The Climate Hazards Group InfraRed Precipitation with Station data

(CHIRPS) is a multiple source rainfall product that includes, e.g., the Na-
tional Oceanic and Atmospheric Administration's (NOAA's) Rainfall Es-
timate (Love et al., 2004), African Rainfall Climatology (Novella and
Thiaw, 2013), the CHPclim dataset (Funk et al., 2015b) and gauge prod-
ucts (Funk et al., 2015a). It has a 0.05∘ × 0.05∘ spatial and monthly tem-
poral resolution and is validated for the region, e.g., by Funk et al.
(2015a), Awange et al. (2015) and Awange et al. (2019) who showed
it as the least biased rainfall product over Africa.

2.1.2. Hydrological products
(a) GLDAS Noah land surface model

The Global Land Data Assimilation System (GLDAS), developed by
the National Aeronautics and Space Administration (NASA) Goddard
Space Flight Center (GSFC) and the National Oceanic and Atmospheric
Administration (NOAA) National Centers, is a ground- and space-
based assimilated product. It provides various land surface parameters
used in this study, i.e., evaporation, canopy, and snow estimations
(Rodell et al., 2004). The selected Noah land surface model in this
study has a monthly temporal and 0.25∘ × 0.25∘ spatial resolution and
is commonly used in the water balance equation (WBE; see, e.g., Syed
et al. (2008), Li et al. (2018), Birylo et al. (2018), Awange et al. (2019),
Awange (2021a, 2022, 2021b)).

(b) GLDAS CLSM

GLDAS CLSM (Catchment Land Surface Model) uses the same static
and forcing input data as Noah to simulate not only soil moisture in
daily temporal resolution, but also to provide global groundwater storage
estimates (absolute water equivalent heights inmm) that have above 0.5
correlation with GRACE-derived groundwater and in-situ datasets in
most regions (Li et al., 2019). In this study, the data of the same 0.25∘ ×
0.25∘ spatial resolution as GLDAS Noah are employed in order to obtain
soil moisture (root zone) and groundwater storage estimates.

(c) WGHM

TheWaterGAP Global HydrologyModel (WGHM) offers simulations
for most core hydrological processes of the continental water cycle

(Werth and Güntner, 2009; Döll et al., 2014). With the 0.5∘ × 0.5∘ spatial
and monthly temporal resolution available from 2002 to 2014, the
datasets are used to evaluate river storage changes over the LVB when
deriving the WBE.

2.1.3. MODIS product
Version 16A2 of the Moderate Resolution Imaging

Spectroradiometer (MODIS) remotely sensed data product offers
evapotranspiration estimation with 500 m and 8 days spatio-temporal
resolution at global scale (Mu et al., 2011). This product has been vali-
dated over theAfrican continent, e.g., by Trambauer et al. (2014),mostly
showing approximately negative 5–20% relative annual mean bias
(underestimated), but good correlation with other evapotranspiration
products such as GLEAM (Global Land Evaporation: the Amsterdam
Methodology) in the LVB. In this study, MODIS datasets from 2001 to
2014 are used to examine the evapotranspiration of GLDAS Noah.

2.1.4. Topographical product
In order to assess the impacts of topography (e.g., slope and aspect)

on the LVB's groundwater, a 30 arc-second digital elevation model
(DEM) of Africa for the LVB (Fig. 1), created by the U.S. Geological Sur-
vey's Center for Earth Resources Observation and Science (EROS), is
employed. The data is available at https://www.arcgis.com/home/
item.html?id=c891f64c13be4a2c96491e386bfed8c5.

2.1.5. Geological product
The geological classifications have many types and are complex,

e.g., based on age or rock categories. Also, since geological investigations
inmountainous regions are hard to process, most geologicalmaps in the
LVB are plotted empirically (e.g., based on experience and/or interpola-
tion), based on different records, thus, even for the same type of geolog-
ical maps, different versions provide different information (see the
differences in Owor (2010), Kashaigili (2010), Aheebwa and
Akampurira (2019), and Owuor (2019)). Considering this, this study
mainly takes reference from the Africa Groundwater Atlas (2019), pro-
viding hydrogeological maps with a special focus on groundwater re-
source information. Other studies from the literature, such as Owor
(2010), Kashaigili (2010) Aheebwa and Akampurira (2019) and
Owuor (2019) are also employed to enhance the detailed analysis of
the geological impact on groundwater in each country within the LVB.

2.1.6. Borehole product
Monthly records of boreholes data collected from Nanteza et al.

(2016) and two River Kagera catchment data (daily instant river levels
from Hydroweb; http://hydroweb.theia-land.fr/?lang=en&) are
employed as independent data for groundwater validation over the
Ugandan part of the basin (see spatial distribution in Fig. 1). The levels
of Lake Victoria (water level height) from satellite altimetry (Crétaux
et al., 2011) are also included, since they represent groundwater levels
near the shoreline. Finally, all data used in this study are summarised
in Table 1, below.

2.2. Methods

Since GLDAS CLSM has offered the spatio-temporal variability and
storage potential of groundwater, the main focus of this study is to re-
duce the uncertainty of GLDAS CLSM through the analysis and inversion
of potential impact factors on groundwater. Therefore, understanding
the principle of groundwater change and its potential relationship to
impact factors is important (see land water cycle running process in
Fig. 2). Firstly, temporal groundwater change is a dynamic difference
between groundwater recharge and discharge. For recharge, it comes
from the penetration of part of the rainwater into soil and rocks, as
well as groundwater flowing in from other areas (Fig. 2). For discharge,
groundwater flowing out is the main reason for groundwater level de-
cline (Fig. 2). As for groundwater evaporation, it is usually neglected,
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unless the study areas have features of sparse vegetation, abundance of
bare soil, shallow groundwater table and long, dry climate (Balugani
et al., 2017). Secondly, the spatial variability of groundwater is mainly
related to the topographical and geological conditions that affect the
conversion of rainfall to groundwater. For example, steep terrain will
cause the rapid loss of surface water converted from rainfall (surface
flowout, in Fig. 2), resulting in a decrease in the amount of groundwater
that can be converted (Tate et al., 2004).Meanwhile, the permeability of
soil and rock determines the water penetration speed (Fig. 2), and the
porosity of rock determines the capacity of groundwater storage (Hu
et al., 2017). Theoretically, the more data collected on groundwater-
related impact factors, the better the localised interpretation that can
be made through analysis and inversion.

As for the method processing steps, (i) the performance of GLDAS
CLSM in terms of areas of storage potential is examined by considering
that it is the ‘background’ data for the study. Also, the spatio-temporal
variability is prepared for evaluation in the next step. (ii) The results
of groundwater spatio-temporal variability are evaluated through avail-
able means, e.g., WBE, in terms of annual andmonthly scale. (iii) Mean-
while, topographical and geological analyses for surfacewaterflows and
rock types are carried out in order to infer the possible regions that have
good conditions for water gathering and penetration. Finally (iv), the
abnormal (i.e., uncertainties) and featured groundwater behaviours in
(i) and (ii) seek possible interpretation from (iii). The detailed method-
ologies (exemplified mostly by the LVB) inside each step are described
below.

2.2.1. Groundwater storage potential and spatio-temporal variability from
GLDAS CLSM

GLDAS CLSM directly provides groundwater storage estimates in
terms of water equivalent heights (mm), thus, monthly averages over
the 2000–2014 study period are calculated to infer the areas of storage
potential. However, it is noted that GLDAS CLSM simulates groundwater
storage only for non-anthropogenic, shallow aquifers with a depth
around 5–8 m, thus, the deeper aquifer, such as over 10 m, and
human impacts are not considered in the results of groundwater storage
distribution (Li et al., 2019). In short, groundwater storage estimated by
GLDAS CLSM is not equal to the real groundwater storage, and it can

only be used to refer to the relative storage potential (i.e., large or
small) rather than to accurate numbers. In this case, when evaluating
the spatio-temporal variability of GLDAS CLSM, the groundwater stor-
age change (i.e., ΔGW) should be used instead of storage itself. Consid-
ering that the temporal resolution of GLDAS CLSM is in daily format
(24 h average), ΔGW is calculated as:

ΔGW ¼ GWcl−GWpl; ð1Þ

where GWcl represents the records of the last day in the current year or
month (depending on which scale is used) for groundwater, and GWpl

represents the records of the last day in the previous year or month.
The soil moisture change ΔSM used in Eq. (4) is also derived from
GLDAS CLSM using Eq. (1).

2.2.2. Groundwater spatio-temporal evaluation of GLADS CLSM
(a) Annual groundwater variability over the LVB

In this study, we use the common layout of the WBE (see,
e.g., Nanteza et al. (2016), Vanderkelen et al. (2018)):

ΔTWS ¼ P−ET−
Qout−Qin

Aland
; ð2Þ

where ΔTWS represents the total water storage change (water equiva-
lent heights) within a specific time (e.g., annual). During this time, P
(rainfall) and Qin (inflow from other regions) are the incoming water
sources, while ET (evaporation) andQout (runoff) are the outgoingwater
sources. Aland is the land area of LVB. The division of Qin and Qout (given
as volume, e.g., total amount of water) by Aland ensures that the respec-
tive water volumes are expressed as water equivalent heights. Also, P
and ET are derived over the land area only.

In this study, the CHIRPS and GLDAS Noah products provide esti-
mates for P and ET, respectively. Since the ET from the GLDAS Noah
model has uncertainty, which is not discussed in the LVB, the
MODIS16A2 product that has already been validated by Trambauer
et al. (2014) is used to examine the behaviour of trend and magnitude.
Fig. 3 presents the annual total ET, average monthly spatial mean rela-
tive bias (derived from GLDAS minus the mean of GLDAS and MODIS),
and the correlation from 2001 to 2014 between MODIS16A2 and
GLDAS Noah. In Fig. 3a, one can see that MODIS16A2 ET has smaller
magnitudes than GLDAS Noah annually, with differences of maximum
−255.39 mm (27% relative mean bias) and minimum −36.23 mm
(4% relativemean bias), which are close to Trambauer et al. (2014)'s es-
timations in the LVBwhen comparingMODIS16A2 to other evapotrans-
piration products (underestimated with 5–20% relative annual mean
bias). Spatially (Fig. 3b, c and d), the monthly mean relative bias is
smaller in the western than in the eastern LVB. The southern LVB has
the highest correlations of above 0.7 (all correlations are provided to
95% confidence level), while themain part of the basin generally has be-
tween 0.4 and 0.5 correlation. Therefore, by comparing our results with
Trambauer et al. (2014)'s estimations, GLDAS Noah ET is found to have a
good consistency and reasonable relative annual mean bias when

Table 1
Summary of products used in this study. For a consistent data analysis, all gridded datasets (except DEM) are converted to 0.25∘ andmonthly spatio-temporal resolution by interpolation.

Products Spatial resolution Temporal resolution Parameter used Period used or covered

CHIRPS 0.05∘ Monthly Rainfall 2000–2014
GLDAS Noah 0.25∘ Monthly Evaporation, snow, canopy 2000–2014
GLDAS CLSM 0.25∘ Daily Soil moisture, groundwater 2000–2014
WGHM 0.5∘ Monthly River water storage 2002–2014
MODIS16A2 500 m 8-Days Evaporation 2001–2014
DEM 30 Arc-second None Elevation None
Geology Map Digitized None Rock types None
In-situ Point Monthly, daily Groundwater/river level Unequal from 2000 to 2014

Fig. 2. A simple illustration of the running process for the land–water cycle.
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compared to other ET products over the LVB, and, as such, is employed
in this study.

In theWBE, by regarding the whole basin as a system for ΔTWS cal-
culation (i.e., the spatial average of all pixels to one value), Qin is set to
zero because of the following reasons: (i) the boundary of the LVB is
the watershed where no surface water or rainfall enters from the out-
side region; (ii) the Great Rift Valley (faults) surrounds the eastern
andwestern parts of the LVB, and normally does not allow groundwater
to flow in or out; (iii) there is no large aquifer system in the LVB
(MacDonald et al., 2012), particularly in the mountainous regions cov-
ered by basement (see, Fig. 8d). Thus, though there exists groundwater
change near the LVB boundary, it is negligible compared to the ground-
water change of the whole basin, and (iv), the groundwater interaction
between land and Lake Victoria is weak, as proven by Vanderkelen et al.
(2018), who simulated Lake Victoria's level without considering
groundwater. As Qout is not directly given, here we use the findings
from Vanderkelen et al. (2018) who found that the runoff into Lake
Victoria accounts for about 24% of the total annual input into the lake,
while direct rainfall over the lake (e.g., Plake) accounts for about 76%
(Awange, 2021a, Awange and Ongángá, 2006 put the values at 20%
and 80%, respectively). Based on this information, and obtaining Plake
from the rainfall product, the total runoff (Qout) can be indirectly ob-
tained by:

Qout ¼
Plake

76%
� 24%� Alake: ð3Þ

Note the scaling of Eq. (3)with Alake, e.g., the area ensures thatQout is
given as a volume to be used in Eq. (2). After obtaining ΔTWS from
Eq. (2), the annual ΔGW (groundwater change expressed as water

equivalent heights) is then derived according to (see, e.g., Agutu et al.
(2019)):

ΔGW ¼ ΔTWS−ΔSM−ΔSW−ΔCW−ΔSN; ð4Þ

whereΔSM is the soilmoisture (calculated fromGLDAS CLSM),ΔSW the
surface water (mainly rivers), ΔCW is the canopy water and ΔSN is
snow. Among these components, ΔSW, ΔCW and ΔSN are neglected,
since they contribute only around 0 to 0.5mmannually in Eq. (4), under
our test against the GLDAS Noah land surface model and theWaterGAP
Global Hydrology Model (WGHM) (Werth and Güntner, 2009; Döll
et al., 2014).

(b) Monthly spatial variability over the basin

Due to the lack of Qin data for each pixel inside the basin, the WBE,
Eqs. (3) and (4) become incomplete and may not be accurate when de-
riving at pixel scale, particularly in those steep terrains that generate
large and quick runoff. Based on this feature, we can compare the
groundwater performance of GLDAS CLSM andWBE (without consider-
ing runoff) in steep and flat terrains. The expected outcomes would be
that there are small differences between GLDAS CLSM and WBE in flat
terrain, due to not much runoff, while there are obvious differences in
the steep terrain. Here, we choose to employ a statistical calculation of
the recharge frequency to evaluate the difference between GLDAS
CLSM and WBE, which is still established based on the WBE:

RF ¼ counts P−E−ΔSMð Þ > 0
T

� 100%; ð5Þ

where RF is the recharge frequency that represents the number of
months (counts(P − E − ΔSM)>0) that have sufficient rainfall with

Fig. 3. Evaporation comparison between MODIS16A2 and GLDAS Noah. (a) Annual evaporation over the LVB, (b) average spatial monthly mean relative bias (mm, derived from GLDAS
minus the mean of GLDAS and MODIS), (c) spatial correlation at 95% confidence level, and (d), P-values (significant and not significant).
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which to recharge groundwater during the T period. T is the number of
months over the whole time period, e.g., 2001–2014 (168 months) for
average conditions, or a total number of each months (e.g., January, 14
months) for monthly average conditions.

Since we also collected some borehole data (Fig. 1, B1–B8), they are
directly employed to validate GLDAS CLSM performance over the
Ugandan part of the basin. The assumption is made that, if GLDAS
CLSM is representative over the Ugandan part of the basin, then it
could be representative, to some extent, over the remaining areas of
the basin as well. Due to unequal temporal coverage for each borehole,
the commonperiod 2002–2010 is selected (C1 and C2 are outside of this
period) and the monthly changes are calculated using differences be-
tween consecutive months. Finally, the averaged time series from all
boreholes and from all pixels over the Ugandan part of the basin from
GLDAS in terms of the 2002–2010 period are plotted.

2.2.3. Topographic and geological analyses
(a) Topographical analysis

Topography determines the flow of surface water and affects the re-
charge of groundwater. For example, a flat area is more conducive to
retaining surface water than is a steeply sloped terrain, thus providing
more water and time for infiltration. Accordingly, the slope and aspect
are calculated from the Digital Elevation Model (DEM) heights
(Section 2.1.4) in ArcGIS using ‘Slope’ and ‘Aspect’ tools. Based on both
results of the slope gradient and the slope face direction (e.g., North rep-
resents 315∘ to 45∘ in a compass direction, South from 135∘ to 225∘, etc.),
the flat area and obstacles (e.g., mountains) that slow down or block
surface water flow are marked as potential recharge areas.

(b) Geological analysis

In referencing to the (Africa Groundwater Atlas, 2019), the rock en-
vironment of the whole basin is divided into three parts: unconsoli-
dated, basement, and volcanic rocks. Among them, the unconsolidated
rock has a large groundwater storage potential, while basement and
volcanic rocks basically have small storage potentials. The spatial distri-
bution of each rock type helps to identify the groundwater storage po-
tential in different areas of the LVB. During the interpretation, this
storage potential that relates to rock types can also be reflected by
groundwater behaviours during wet/dry events. For example, areas
with large variation during wet/dry events commonly indicate high po-
rosity or fractures that are well developed, thus allowing groundwater
flow in and out quickly, and vice versa (Hu et al., 2017). Therefore,
here annual rainfall is firstly used to identify the wet/dry years. Sec-
ondly, the spatial cumulative groundwater storage changes (i.e., the
sum of groundwater storage changes) of these years are calculated in
order to observe the groundwater behaviours during wet/dry events.

3. Results exemplified by the Lake Victoria Basin

3.1. Groundwater storage potential from GLDAS CLSM

The groundwater storage distribution results provide the most im-
portant information that is used to track groundwater locations within
the LVB. Fig. 4 illustrates the average groundwater storage estimation
over all monthly estimates for the 2000–2014 period from GLDAS
CLSM. In general, the results indicate that the western side of the
basin has about two to three times the groundwater storage potential
compared to the eastern side of the basin. On the western side, regions
around River Kagera show the largest groundwater storage in the shal-
low aquifer, i.e., around 1800–2000mm, while the southeastern part of
the basin indicates the lowest groundwater storage potential, of only
around 500 mm.

3.2. Groundwater spatio-temporal evaluation of GLADS CLSM

3.2.1. Annual groundwater variability over the LVB
Considering the basin as a whole, Fig. 5a shows that annual ground-

water changes (GWC) obtained from theWBE have similar variations to
the results of GLDAS CLSM, i.e., a correlation of around 0.60. However,
the amplitudes of GWC from WBE are larger than are those of GLDAS
CLSM. Particularly, the mismatches appear obviously after 2006,
which results in different cumulative annual groundwater changes, as
shown in Fig. 5b. For instance, since 2001, the GWC from GLDAS kept
relatively stable at a similar level, between −70 mm to 120 mm,
while GWC from WBE showed a falling trend before 2008–2009, and a
rising trend thereafter. Therefore, the basin-scale annual groundwater
variability after 2006 has uncertainty, which requires further possible
interpretation. In addition, the cumulative GWC from WBE shows
somewhat similar behaviour to the variation of the lake water level
height (Fig. 4b). However, the rising trend of the lake level starts 3–4
years earlier (around 2005) than does that of GWC from WBE
(2008–2009), thus making it hard to see any linkages between ground-
water and lake level.

3.2.2. Monthly groundwater spatial variability over the LVB
The results of recharge frequency (RF) derived from WBE (without

considering surface runoff) and GLDAS CLSM are presented in Fig. 6.
One can see that RFs are similar in thewestern side of the basin (around
45–60%) for both WBE and GLDAS CLSM under average conditions
(2001–2014, Fig. 6a), while the spatial patterns of RFs on the eastern
side of the basin are obviously different, with differences (WBE minus
GLDAS, Fig. 6b) from −10% to 40%.

From the perspective ofmonthly RFs, bothWBEandGLDASCLSM re-
sults indicate that there are two rainy seasons influencing groundwater
recharge in LVB. The first is the long rainy season of March to May, and
the second is the short rainy season of September to November (Anyah
et al., 2006; Awange and Ongángá, 2006; Kizza et al., 2009; Awange,
2021a; Awange, 2021b) with groundwater recharge in most of the
LVB. In detail, the northeastern portion of the basin over Kenya has a rel-
atively long groundwater recharge period that lasts from March to No-
vember, which is associated with the two rainy seasons mentioned

Fig. 4. Average groundwater storage distribution for the period 2000–2014, derived from
GLDAS CLSM. The western side of the basin shows more groundwater storage potential
than does the eastern side. It is noted that GLDAS CLSM simulates groundwater storage
only for non-anthropogenic shallow aquifers around 5–8 m, thus the deeper aquifer,
such as over 10 m, is not counted in the results of groundwater storage distribution.
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above (see also Owuor (2019)). Although the southeastern portion of
the basin in Tanzania also has the same two rainy seasons as does the
Kenyan part (Kashaigili, 2010), the groundwater recharge only occurs
with high probability (e.g., over 80%) in November to January and
April. Themajor reason for obvious differences appearing in the eastern
side of the basin between WBE and GLDAS CLSM (2001–2014 average
condition) is due to the fact that (i) WBE has lower estimates of RFs
than does GLDAS CLSM in the southeastern parts of the basin between
January to March, and (ii) GLDAS CLSM has higher estimates of RFs
than does WBE in the northeastern parts of the basin between March
and October.

As for monthly GLDAS CLSM groundwater changes and borehole
level over the Ugandan part of the basin, shown in Fig. 7a, the two
time series do not match well with each other, with a low correlation
of only 0.35 (insignificant) over the whole period. Only for the period
2004–2006 is the correlation relatively higher (0.64). In terms of cumu-
lative monthly groundwater changes, in Fig. 7b, GLDAS CLSM basically
shows a close trendwith borehole data except for a sharp risemismatch
during 2007. Considering that the annual rainfall for 2007 is only around
1106 mm (based on our calculations) in Uganda, which is lower than
that of 2010 (1181 mm), which has the same sharp rise (Fig. 7b), the
GLDAS CLSM data of 2007 used in the spatio-temporal analysis should
therefore be treated with caution.

3.3. Topographical and geological analyses

3.3.1. Topographical analysis
The LVB is a highland basin with complex terrain within the Great

Rift Valley, i.e., containing many hills and mountains (see Fig. 1). Ac-
cording to the slope aspect analysis in Fig. 8a, the terrain of the western
part of the basin is significantly different from that of the eastern side. In
the western part, the mountains are aligned in a north-south direction
(see, e.g., north-south green strips; East slopes) that generally block
the surface water flow (i.e., in an eastward direction towards the
lake). The River Kagera is an example that is forced to flow northwards
into Tanzania by a significantly steep north-south orientated mountain
(see Figs. 1 and 8c). In the eastern basin, the North (blue), South (red)
and West (black) slopes (Fig. 8a) account for major parts, whereas
only a fewEast slopes (green) exist. Considering that the general surface
water flow direction follows the elevation gradient, going mainly west-
wards, no large north-south mountains (i.e., East slopes) block the riv-
ers and streamflow in the eastern part of the basin, except one at the
northeastern corner of the basin, in Kenya (see the surface water flow
analysis in Fig. 8c).

3.3.2. Geological analysis
The whole LVB is divided into unconsolidated, basement, and volca-

nic rocks (Fig. 8d). According toOwor (2010), the basement is themajor
geological rock type in the basin that consists of Precambrian crystalline

rocks. Volcanic rock is a kind of fractured rock that is strongly controlled
by geometry and the weathering of former lava flows (Africa Ground-
water Atlas, 2019). The groundwater storage capacity, productivity,
and inter-flow mainly depend on the degree of weathering/fracturing
of these two types of rocks. Although the degree of weathering/fractur-
ing for these two types of rocks is spatially variable over the LVB, it is
generally low, according to many studies, e.g., Owor (2010), Kashaigili
(2010), Aheebwa and Akampurira (2019), Owuor (2019), and Africa
Groundwater Atlas (2019). The basement transmissivity is generally
below 10 m2/day in Kenya (Owuor, 2019), and its average is around
14 m2/day in Uganda (Aheebwa and Akampurira, 2019). Lower trans-
missivity represents fewer pores or fractures in the rocks, and thus
has lower groundwater storage potential. Only a part of volcanic rocks
in Kenya over the northeastern part of the basin has high transmissivity,
ranging from 30 to 200 m2/day (Owuor, 2019). The unconsolidated
rocks have better groundwater storage potentials and they are mostly
distributed around the coastal alluvial plains, flat regions or near large
rivers and small lakes (see Fig. 8d). The groundwater in these regions
is mainly stored in inter-granular rocks, such as sands, sandstone or
gravels, as well as a few weathered fractural rocks. The transmissivity
in these fluvial sands can be around 30 to 80 m2/day in Uganda, Kenya
and Tanzania (e.g., Kashaigili (2010), Aheebwa and Akampurira
(2019), Owuor (2019)).

4. Discussion

4.1. Interpretation of results exemplified by the Lake Victoria Basin

4.1.1. Groundwater spatio-temporal variability
Based on results in Section 3.2, abnormal and featured groundwater

behaviours are summarised in four parts: (i) the amplitudes of annual
groundwater storage changes are obviously different between WBE
and GLDAS CLSM, particularly after 2006; (ii) WBE cumulative ground-
water storage changes show somewhat similar behaviour to the varia-
tion of the lake water level height, while GLDAS CLSM does not; (iii)
the spatial patterns of RF between WBE (without considering surface
runoff) and GLDAS CLSM are significantly different in the eastern side
of the basin; (iv) there is a poor correlation between borehole in-situ
data and GLDAS CLSM.

For part (i), it is normal to see such a difference, since theways of de-
riving WBE and GLDAS CLSM, and the parameters used for WBE and
GLDAS CLSM, are different. Also, both WBE and GLDAS CLSM may not
be able to accurately reflect the storage change, since all kinds ofmodel-
ling results can have a great deal of uncertainty, due to various reasons
(Diodato and Ceccarelli, 2006). Based on our observations, the parame-
ter of evaporation (ET) used in WBE could be the major reason causing
such a difference after 2006 (Fig. 5). For example, the average ET be-
tween 2001 and 2014 is 972 mm, while the ET during 2007–2008 and
2009–2014 is significantly higher (1066 mm) and lower (937 mm)

Fig. 5. Plots of temporal time series, (a) annual groundwater change (GWC) calculated from the water balance equation (WBE) and GLDAS CLSM for the 2001–2014 period, and
(b) cumulative annual groundwater change and lake level for the 2001–2014 period.
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than average, respectively. Compared to the mismatches of amplitudes,
the good correlation (0.6) between WBE and GLDAS CLSM is the infor-
mation of real importance since it indicates that there is a good agree-
ment on temporal groundwater behaviours, which can more or less
correctly reflect wet/dry years.

For part (ii), it is hard to see any correlations between groundwater
and lake level over the basin, since the lake level starts to rise 3–4 years
earlier (see Fig. 5b). The consideration of the interactions between lake
and groundwater near the shoreline still exist. This is because the aqui-
fers consisting of unconsolidated rock layers near the coastal regions
(see Fig. 8d) theoretically will be affected by the lake level. To investi-
gate this further, Table 2 presents the cross-correlation between bore-
hole level in Uganda and lake level for their common period. The
results are arranged based on the borehole's distance from the lake.

According to Table 2, the results indicate that catchments/boreholes
that are close to the lake, e.g., within the range of 40 km, have higher
correlations with the lake level, i.e., 0.34–0.75, with no obvious lag.
The groundwater in regions far away from the lake, e.g., at a distance
over 40 km, generally does not correlate with the lake level and is spa-
tially variable. Inmore detail, basement rock is the aquifer environment
for all boreholes except B3. The groundwater storage and connection in
the basement rock depend on the development of fractures, which is
low, according to Owor (2010) and Aheebwa and Akampurira (2019).
That is also one of the most important reasons concluded by
(MacDonald et al., 2012), that there is no large aquifer in the LVB. There-
fore, aquifers far away from the lake, e.g., over 40 km, are mostly inde-
pendent and small, lacking connections to other aquifers and to the
lake (B4–B8, no obvious correlation). Although B1 and B2 are very
close to the lake and shallow, the linkages between groundwater and
lake still depend on the number of fractures and channels from bore-
holes to the lake, which, sometimes, can behave very differently. As
for B3 in unconsolidated rock, in the coastal region where groundwater
has a direct and good link to the lake, the correlation is high (i.e., 0.60),
even though the distance to the lake is relatively far. As a result, only
very limited aquifers close to the lake or belonging to coastal unconsol-
idated rock can discharge groundwater into the lake. This explains such
a small contribution (1% or even less) from groundwater to the total
input of the lake, according to Vanderkelen et al. (2018).

In Section 2.2.2, wementioned that, due to the fact that the RFs from
WBE have not considered the surface runoff, it is expected that the RFs
from WBE will have obvious differences from GLDAS CSLM in those
sharp terrains. Unexpectedly, the western parts of the basin that have
a large slope gradient (see Fig. 8b) have close RFs between WBE and

GLDAS CLSM, while the eastern parts of the basin have different RFs,
as mentioned in part (iii). This can be interpreted by Section 3.3.1,
where, in the western parts of the basin, the surface runoff is reduced
due to topographical influence, i.e., north-south directional mountains
block the eastwards surface runoff, thereby forming many wetlands
and small lakes (Owor, 2010). For the eastern side of the basin, although
it is less sharp than thewestern side, there are nearly no buffers that can
slow down surface runoff (see Fig. 8c), particularly, in the Kenya parts
(Tate et al., 2004). Thus, the WBE that has not removed surface runoff
appears as a significant difference in RFs in the eastern side of the
basin (see Fig. 6b). In addition, regions near the lake, such as the
mouth of the Kagera River and the eastern shoreline, generally have
the negative difference in Fig. 6b, e.g., −10% to −20%. This is due to
the considerable surface runoff that comes from the mountainous re-
gion and that has not been added in the WBE (i.e., Qin). Meanwhile,
these regions near the lake are mostly alluvial plains, where the surface
runoff is slow (i.e., Qout is small). Therefore, from the performance of RF,
GLDAS CLSM can correctly reflect the topographical influence on
groundwater behaviours.

Finally for part (iv), the poor correlation between borehole in-situ
data and GLDAS CLSM is acceptable, since the comparison is between
point-scale groundwater data (with insufficient numbers and sparse
distribution) and regional model products. Also, as mentioned in part
(ii), boreholes from B1–B8 have very different groundwater behaviours,
due to differences in geology. Therefore, the averaged time series in
Fig. 7 may not be representative for Ugandan regions.

4.1.2. Groundwater storage potential
Based on results in Section 3.1 (see Fig. 4), the featured groundwater

behaviours can be summarised as the western parts of the basin having
larger groundwater storage potential than does the eastern side of the
basin. Specifically, in the western parts of the basin, regions around
the River Kagera have larger groundwater storage potential than do
the rest of regions, while, in the eastern parts of the basin, the Kenyan
parts (northeast) have relatively larger groundwater storage potential
than do the parts in Tanzania (southeast).

Firstly, the fact that the western parts of the basin have larger
groundwater storage potential than does the eastern side of the basin
is mostly due to the topographic difference between the western and
eastern sides of the basin. As mentioned in Section 3.3.1, the western
side of the basin has north-south mountains to retain the surface runoff
(Owor, 2010). The surface runoff is easy to lose on the eastern side of the
basin without mountains as buffers, and thus can hardly recharge

Fig. 6.Recharge frequencyplots for the 2001–2014 period in%, (a) derived fromWBE, (b) derived from thedifference, e.g.,WBEminusGLDAS CLSM, (c)monthly values derived fromWBE,
and (d) monthly values derived from GLDAS CLSM.

Fig. 7. Comparison between GLDAS CLSM and borehole level in Uganda regions in terms of the 2002–2010 period, (a)monthly groundwater change, and (b) cumulativemonthly ground-
water change.
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groundwater (Tate et al., 2004). Secondly, the geological conditions
with unconsolidated rocks near the River Kagera and the lake shoreline
on the western side (see Fig. 8d) provide a suitable environment for
storing groundwater (Kashaigili, 2010; Aheebwa and Akampurira,
2019; Owuor, 2019). The northeastern corner of the basin in Kenya
has relatively larger groundwater storage potential, mostly because a
mountain blocks the surface flow (see Fig. 8c) and it has a weathered
volcanic rock with high transmissivity that ranges from 30 to 200 m2/
day (Owuor, 2019). Additionally, the southeastern side of the basin

has the smallest storage potential in the LVB, mostly due to inadequate
topographical and geological conditions (mostly covered by basement),
aswell as to low groundwater recharge frequency. Finally, groundwater
behaviours during wet/dry periods are shown in Fig. 9. The large
groundwater variation areas, e.g., the northeastern and western parts
of the basin, are correctly linked to large storage potential areas, as ex-
pected. The southeastern parts of the basin that have less groundwater
variation are linked to small storage potential, i.e., there is not much
water for variation. Therefore, the results of GLDAS groundwater

Fig. 8. Surface water flow analysis based on DEM data (a)-(c), and simplified geological conditions within LVB (d); (a) slope aspects, (b) slope gradient, (c) surface water flow analysis
based on (a), and (d), geological characteristics over LVB. Since the terrain on the western side of the lake is too complex to analyse, the surface water flow analysis in (c) presents
more detail on the eastern and southern sides of the lake, while generalising on the western side of the lake. Map (d) is modified from the Africa Groundwater Atlas (2019). Large
groundwater storage potential is mainly related to the unconsolidated rock.

Table 2
Cross-correlation between borehole in-situ groundwater levels andnearest lake level for their commonperiods. The borehole-related results are calculated by ignoredmissingdata in each
in-situ time series. The distance is calculated as the closest straight distance from borehole/catchment to the boundary of the lake.

In-situ Distance (km) Correlation with lake level Lags (months) Average groundwater table depth Significance (p < 0.05) Common period

B1 0.36 0.43 1 5.7 Significant 2000–2010
B2 4.20 0.75 0 2.7 Significant 2000–2010
C1 7.60 0.34 0 – Significant 2011–2014
B3 34.60 0.60 0 28.8 Significant 2000–2010
C2 39.50 0.42 0 – Significant 2011–2014
B4 53.26 −0.05 0 62.6 Not significant 2007–2010
B5 83.90 0.31 0 13.5 Significant 2002–2011
B6 106.67 0.05 0 28.8 Not significant 2007–2010
B7 119.24 −0.29 0 3.7 Significant 2000–2010
B8 168.64 −0.02 0 20.5 Not significant 2007–2009
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storage distribution in Section 3.1 are reasonable, since they can cor-
rectly reflect the topographic and geological influence on groundwater
behaviours.

4.2. Advantages and limitations

For groundwater study in data-deficient regions, themost important
goal is to answer ‘where’ and ‘when’ to find groundwater, and to ensure
that the answer is reliable. By using the GLDAS CLSM groundwater

model for the main data, with rainfall, hydrological, topographical and
geological datasets as supports, this study fulfils the goals mentioned
above through a knowledge-based method that can also be applied in
most other global regions. Such a knowledge-based method is based on
the analysis and inversion of potential impact factors on groundwater.
More importantly, it allows a localised interpretation in terms of ground-
water behaviours without using actual groundwater monitoring data.

It can be seen from the example of the LVB basin that the
whole processing method contains three simple steps. Firstly, a

Fig. 9. Spatial cumulative groundwater storage changes (i.e., sum of groundwater storage changes) of each month during the dry year of 2005 (a), and during the wet year of 2006 (b),
respectively.
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groundwater model is needed that simulates groundwater storage
as ‘background’ data, since the advantage of complete spatio-
temporal coverage is not easily replaced by other data, such as bore-
holes. GLDAS CLSM, used in this study (Li et al., 2019), is a global
product, and thus, can also be applied in other regions besides the
LVB. For some specific study regions or countries, some localised
models even have a higher spatial resolution, e.g., 0.05∘ × 0.05∘ for
the Australian Water Resources Assessment Landscape (AWAR-L)
model (Frost and Wright, 2018). Secondly, to reduce the uncer-
tainty of groundwater models and to enhance the understanding
of groundwater behaviours within selected study regions, some
extra data (any data having a potential relationship with ground-
water) is needed for inversion, most of which will not be hard to ob-
tain, e.g., rainfall, evaporation and digital elevation models. The
more data that can be used for inversion, the more uncertainties
from themodel that can be reduced. Among such data, the digital el-
evation model and geological data (e.g., aquifer distribution, or
hydro-geological settings) are extremely important, since they
have a considerable impact on groundwater recharge and storage.
Although we used borehole data in the LVB example, it is optional
and usually unavailable in data-deficient regions. Finally, we try to
find any possible linkages between the groundwater model and
extra data, in order to interpret the groundwater behaviours, and
thus, obtain a reliable answer of ‘where’ and ‘when’ to find
groundwater.

Themajor limitation of this knowledge-basedmethod is that the un-
certainty in terms of magnitude cannot be assessed. This may generate
large errors, particularly for long-term cumulative estimates; see Fig. 5b,
for example. Meanwhile, the reliability of the results cannot be quanti-
fied, since it is inferred, as based upon groundwater knowledge. There-
fore, the results and interpretations of groundwater can only be a guide.
For real applications, e.g., seeking the specific location of the groundwa-
ter extraction well, experimentation, such as drilling and pumping tests
in local areas, are still required.

5. Conclusion

Groundwater monitoring is essential for purposes of exploitation
and management. However, the conventional method, such as drilling
boreholes, involves high cost and long time, and thus, requires other al-
ternative ways of monitoring groundwater spatio-temporal variability
and areas for storage potential. In order to overcome issues of data defi-
ciency, the present study used the LVB as a case study region, and pro-
posed a simple knowledge-based approach that uses groundwater
models and inversion of impact factors on groundwater to infer
‘where’ and ‘when’ to find groundwater. This method allows a localised
interpretation of how groundwater is linked to topographical and geo-
logical factors. From the LVB case study, the results have proven that
groundwater seasonality and storage from GLDAS CLSM can correctly
link to features of topography and geology, and, as such, has proven
the feasibility of our method for inferring groundwater spatio-
temporal variability and areas for storage potential in data-deficient
regions.
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Groundwater spatio-temporal characteristics are important information for groundwater development and manage-
ment. However, such information is usually insufficient or even unavailable in many regions around the world due
to insufficient or even lack of in-situ data such as fromboreholes. Recently, a knowledge-based approachwas proposed
to infer ‘where’ and ‘when’ to find groundwater using Lake Victoria Basin (LVB) as an example for data-deficient re-
gions. In this knowledge-based approach, groundwater model and inversion analysis of groundwater impact factors
are used to infer groundwater storage potential and recharge timing. In the LVB's case, only 10 borehole data were
used to test the spatio-temporal behaviours of groundwater, which are insufficient. In this contribution, therefore,
using the Australian State of Victoria as an example, with over 15,000 boreholes data, the performance of the same
knowledge-based approach is further tested in a well-controlled area. The results indicate that the knowledge-based
approach is able to correctly infer regions with large groundwater storage potential suitable for extraction. The re-
charge timing of groundwater is also correctly indicated as the results show consistency with the borehole data.
This provides further evidence of the reliability of the knowledge-based approach for inferring spatio-temporal char-
acteristics of groundwater.

Keywords:
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1. Introduction

Under the scenarios of global warming, population increase, and agri-
cultural expansion, mankind's demand for groundwater resources has be-
come stronger (Earman and Dettinger, 2011; Famiglietti, 2014).
According to the statistics from Siebert et al. (2010); Elshall et al. (2020),

50% of drinking water and 43% of irrigation water in the world are ex-
tracted from aquifers. Groundwater, therefore, is the largest storage and
most widely distributed freshwater resource on the inhabited continents
(Elshall et al., 2020). Therefore, knowledge about its spatio-temporal char-
acteristics is of great significance to water development and management.
However, the direct monitoring approach, e.g., using boreholes, usually
has insufficient density/coverage over many regions around the globe on
the one hand. On the other hand, the combination of Gravity Recovery
and Climate Experiment (GRACE) and hydrological models does not
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provide satisfactory spatial resolution to support localised interpretations
(Khaki et al., 2017; Hu et al., 2021). To address the above issues, some
physical models based on the water balance equation (WBE) combined
with the simulation of the groundwater recharge process have been pro-
posed, see, e.g., Scibek et al. (2007); de Graaf et al. (2015). Nevertheless,
Von Freyberg et al. (2015) indicated that different models will perform in-
consistently in space and time due to the uncertainty of each parameter
used in the model. Eventually, the spatio-temporal performance of the
groundwater model still requires verification from borehole data (Yin
et al., 2021).

Recently, as an alternative approach, Hu et al. (2021) proposed a
knowledge-based approach to infer ‘where’ and ‘when’ tofind groundwater
in data-deficient regions exemplified by Lake Victoria Basin (LVB). This ap-
proach seeks featured linkages or mismatches between the groundwater
model and the inversion of groundwater impact factors (e.g., rainfall, to-
pography and hydrogeology) to allow a more localised understanding of
groundwater behaviours without actual monitoring data. In other words,
the inversion of groundwater impact factors plays the role of borehole
data in this approach, which helps to verify the performance of the ground-
water model.

To assess the inferred results of LVB, Hu et al. (2021) employed only 10
borehole data to test the spatio-temporal behaviours of groundwater in the
Ugandan region. While the assessment of other regions in LVB relied on lit-
erature. Thus, more controlled studies clearly need to be undertaken to fur-
ther test the performance of the approach in other regions around the globe
since LVB (i), could be a special case for this approach, and (ii), did not pos-
sess enough borehole data (only 10) to undertake a comprehensive spatio-
temporal verification. Using the Australian State of Victoria as an example
(a large area that contains multiple basins), this contribution extends the
work of Hu et al. (2021) by testing the same knowledge-based approach
in a data-rich environment with over 15,000 boreholes available in the
study area. If the inferred results are consistent with the known knowledge,
the reliability of this approach, then, can be proved.

2. Data and methods

2.1. Data

The knowledge-based approach requires a groundwater model com-
bined with the use of rainfall, evaporation, soil moisture, topography, and
hydrogeology, see Hu et al. (2021). Borehole data is optional once the reli-
ability of the knowledge-based approach is proved. In this study, borehole
data is important since it is used to verify results from the knowledge-
based approach. Here, the Global Land Data Assimilation System
(GLDAS) Catchment Land Surface Model (CLSM; version 2.2) with data as-
similated from GRACE, hereafter called GLDAS-DA, is selected as the
groundwater model since it is one of the most advanced groundwater
models that integrates a huge quantity of observation-based data (Zhao
and Li, 2015) and has global coverage with free access (Li et al., 2019). Be-
sides, GLDAS-DA also provides root zone soil moisture estimates. The
Australian Water Resources Assessment Landscape (AWRA-L) model (ver-
sion 6.0; Frost et al., 2018; Frost andWright, 2018) is employed for rainfall
and evaporation since the local model is usually more representative than
those of global models. As for topography and hydrogeology, the 3 arc-
second Digital Elevation Model (DEM) and the Hydrogeology Map of
Australia (Lau and Jacobson, 1987) are used. Finally, the borehole data
used to verify the groundwater spatio-temporal characteristics is retrieved
from The Australian Groundwater Explorer (Bureau of Meteorology,
2015) for the Australian State of Victoria. Table 1 summarises the charac-
teristics of all data used in this study.

2.2. Methods

The knowledge-based approach proposed in Hu et al. (2021) has four
steps as shown in Fig. 1; (i) exploration of groundwater model, (ii) inver-
sion analysis of groundwater impact factors, (iii) interpretation of linkages
or mismatches between (i) and (ii), and (iv), verification using borehole

Table 1
Summary of products used in this study. For a consistent data analysis, all gridded datasets (except DEM) are converted to 0.25° and monthly spatio-temporal resolution by
interpolation.

Products Spatial resolution Temporal resolution Parameter used Period used

AWARL 0.05° Monthly Rainfall and evaporation 2004–2019
GLDAS-DA 0.25° Daily Groundwater and soil moisture 2004–2019
DEM 3 Arc-second None Elevation N/A
Hydrogeology Map Digitized None Rock types N/A
In-situ Point Daily Groundwater level 2004–19 (non-continuous)

Fig. 1. Processing flowchart of the knowledge-based approach. For the detail methodologies used in each step, please refer to Hu et al. (2021).
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data. Note the borehole data is optional if unavailable. In this study,
however, borehole data is necessary for the verification of the knowledge-
based approach.

Note that themethods of this contribution are slightly different fromHu
et al. (2021), including:

1. Step (i) not only uses groundwater storage estimates from GLDAS-DA,
but also calculates annual average groundwater range (e.g., average dif-
ferences between maximum and minimum storage for each year) to
identify regions with high groundwater renewability. This is important
since a region with large groundwater storage does not necessarily rep-
resent a suitable region for groundwater extraction. Especially now that
environmental protection and sustainable development are emphasized,
for example, the Australian Northern Territory sets 20% of annual
groundwater recharge or discharge as the groundwater extraction
limit (MacFarlane and Fairfield, 2017).

2. This contribution only focuses on ‘where’ and ‘when’ to find groundwa-
ter. Other aspects such as groundwater behaviours under climatic ex-
tremes as covered in Hu et al. (2021), are not considered here.

3. Since there are over 15,000 boreholes in the Australian State of Victoria
and the downloaded borehole data are daily, instant, discontinuous re-
cords, it is necessary to convert these data to monthly groundwater

level changes according to themethod of Hu et al. (2019). Subsequently,
these monthly records are spatially averaged based on a 0.25° × 0.25°
grid in order to compare with GLDAS-DA groundwater estimates (see
a similar process in Chen et al., 2016 or Yin et al., 2021). However, it
is worth mentioning that this process may produce biased results since
each grid covers a different number of boreholes in different periods,
and sometimes the results are only derived from one or two borehole re-
cords. To avoid this circumstance to a certain extent, at least 10 borehole
records are required to process the spatial averaging.

3. Results

3.1. Exploration of GLDAS-DA

Since GLDAS-DA directly provides groundwater storage estimates,
Fig. 2a presents the average groundwater storage distribution over the
Australian State of Victoria for the 2004–2019 period. It can be seen that ex-
cept for the northwestern parts of Victoria (300–400 mm), groundwater
storage is generally above 600 mm (other study periods may result slightly
different). Particularly in region A (see the circle in Fig. 2a), 800 mmmax-
imum groundwater storage is indicated by GLDAS-DA. It is worth mention-
ing that the above number of estimates does not represent the absolute

Fig. 2.Groundwater storage potential characteristics, (a) average groundwater storage estimates (relative values for shallow aquifers), and (b), annual average groundwater
range (average differences between maximum and minimum storage for each year) based on the 2004–2019 period. Circled areas of in (a) and (b) are possible regions with
large groundwater storage and high groundwater renewability, respectively.

Fig. 3.Monthly average groundwater recharge frequency (from January to December) derived from GLDAS-DA for the period 2004–2019.
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groundwater storage estimates but rather relative storage potential
(i.e., large or small compared to the average of study area). Also, GLDAS-
DA is only a simulated product and more importantly, it only simulates
groundwater storage for shallow aquifers with a depth of 5–8 m (Li et al.,
2019; Hu et al., 2021). To present the groundwater renewability, Fig. 2b
shows the annual average groundwater range based on the 2004–2019 pe-
riod. One can see that groundwater has higher renewability in the eastern
(150–200 mm; region B) and southwestern parts (100–150 mm; region
C) than the northwestern parts (around or below 50 mm) of Victoria.

The monthly average groundwater recharge frequency shown in Fig. 3
evaluates the probability of groundwater recharge over the 2004–2019 pe-
riod for each month from GLDAS-DA. According to Fig. 3, groundwater re-
charge has a clear seasonal pattern in Victoria with May to August
identified as recharge season (recharge frequency mostly above 75%),
October to March as discharge season (recharge frequency mostly below

10–30%), and April and September as transition season (recharge fre-
quency mostly around 50%). Therefore, groundwater levels in most parts
of Victoria reach their maximum level in August or September, which
would be a suitable time to start extracting.

3.2. Inversion analysis of groundwater impact factor

Rocks with high porosity or well-developed fractures have more spaces
and channels to store groundwater, and as such, can be associated with
large groundwater storage potential. Fig. 4a shows that the Australian
State of Victoria has a good hydrogeological environment for storing
groundwater, with medium to high productive porous (northwestern
parts and southern coastal regions) and fractured (mostly southern parts)
aquifers covered nearly in all areas. Besides the hydrogeological environ-
ment, the amount of recharge resources (i.e., rainfall and runoff) owned

Fig. 4. Inversion analysis of the Australian Victoria State; (a) hydrogeological map (Lau and Jacobson, 1987), (b) average annual total rainfall with a line of 600mmdividing
humid and arid regions, (c)–(e) surface flow analysis based on slope gradient, drainage basin and aspects. The circled regions A and B in (c) are the areas receiving large
amounts of runoff from the mountains. The circled region C in (e) indicates an obvious obstacle (north face slope; red) preventing runoff to reach the ocean.
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by each region also determines its groundwater storage potential. Fig. 4b
presents annual total rainfall and an approximate rainfall line of 600 mm
(normally as the threshold of dividing humid and arid regions in
Australia). According to this line, one can simply infer that the eastern
and southwestern parts of the line have more groundwater storage poten-
tial that can be extracted than the northwestern parts. It is worth noting,
however, that high rainfall, e.g., 1000–1800 mm in Fig. 4b mainly falls in
the eastern mountainous region (see colour red in Fig. 4c, also see
Fig. 4d). This generates a large amount of runoff to the northern and
southern sides of the mountains, as shown in the flow directions in
Fig. 4d. Meanwhile, considering the difficulty of groundwater extrac-
tion in steep terrain, the ideal answer for ‘where’ to find groundwater
would be these flat areas near the foot of the mountain (regions A and
B in Fig. 4c). Particularly, region B, covered by porous, high productive
aquifers (Fig. 4a), has high rainfall of 600–1200mm, and has an obvious
north-face (see red in circle C; Fig. 4e) mountain that blocks runoff
flowing from north to south. Similar phenomenons of mountains or
hills blocking runoff may not be very obvious in other regions since
Fig. 4c indicates that the slope gradients are generally flat, ranging
from 0 to 3°. Also, coastal regions may quickly lose groundwater after
recharging since the porous aquifers directly link to the sea. For the
rest of the regions, the northwestern parts of Victoria have a good
hydrogeological setting for storing groundwater, however, low annual
rainfall in this region may lead to low renewability of groundwater.
The southwestern parts have annual rainfall above 600 mm, with me-
dium to high productive aquifer covered, and thus, could have relative
large groundwater storage potential (smaller than regions A and B due
to lower rainfall and less runoff coming from other regions).

Based on the water balance equation, Fig. 5 presents the monthly aver-
age groundwater recharge frequency to infer groundwater recharge timing.
One can see a clear groundwater recharge season duringMay and August in
the southern parts of Victoria with recharge frequencies generally above
75%. For the northwestern parts (see region A in Fig. 5, July), the ground-
water recharge is unstable since the maximum recharge frequency is only
around 60% during May and August.

3.3. Interpretation of linkages and mismatches

For ‘where’ and ‘when’ to find groundwater, Sections 3.1 and 3.2 have
given the results independently. The linkages and mismatches between
Sections 3.1 and 3.2 are summarised in Fig. 6 and discussed below:

(i) Both GLDAS-DA and inversion analysis of impact factors on ground-
water indicate that the eastern and southwestern parts of Victoria (re-
gions B and C in Fig. 2b) have large groundwater storage potential that
can be extracted. This is confirmedby the Fig. 6 (regions A to C), amap
of current groundwater management areas modified from Victoria
State Government (2021), indicating that most of the current ground-
water management areas are within the eastern and southwestern
parts of Victoria.

(ii) Differently, in the eastern parts of Victoria, GLDAS-DA locates large
groundwater storage potential that can be extracted in mountainous
regions (region B in Fig. 2b), which is not realistic due to difficulties
in drilling boreholes. The inversion analysis infers large groundwater
storage potential that can be extracted in the flat areas near the foot
of the mountain (regions A and B in Fig. 4c), covered with porous,
high productive aquifers, and high rainfall or a large amount of runoff
as recharge source. This matches with results in Fig. 6, see,
e.g., regions A and B, indicating that there are no groundwater man-
agement areas in mountainous regions.

(iii) GLDAS-DA indicates that region A in Fig. 2a has the largest groundwa-
ter storage potential (shallow aquifers) in Victoria. However, Fig. 4a
shows that region A is only a porous, medium productive aquifer,
with rainfall below 600 mm. Meanwhile, Fig. 6 also shows no ground-
water management area in there. Thus, this is a mismatch between
GLDAS-DA and the inversion analysis, and thus, the annual average
groundwater range is better suited for inferring groundwater storage
potential that can be extracted.

(iv) For groundwater recharge timing, both GLDAS-DA and the inversion
analysis show that the period of May to August is the main recharge
season for the southern parts of Victoria (Figs. 3 and 5), which aligns
with the results of Chen et al. (2016) and Yin et al. (2021).

(v) A mismatch for groundwater recharge timing can be identified in the
northwestern parts of Victoria (region A; Fig. 5), where GLDAS-DA
shows a high recharge frequency (above 70-80%) duringMay and Au-
gust, while WBE shows that there is only about 50% chance to re-
charge groundwater. From previous experience in Hu et al. (2021),
this difference could be due to the missing count of runoff received
from other regions, since WBE is just a simple ‘vertical’ model. How-
ever, considering the flat terrain and low annual rainfall in the north-
western parts of Victoria, it is unlikely to have a large amount of
runoff. Thus, the GLDAS-DA inferred groundwater recharge timing
in such a region also has uncertainty and needs verification.

Fig. 5.Monthly average groundwater recharge frequency (from January to December) derived from WBE for the period 2004–2019. Region A circled in July shows a low
(around 50%) groundwater recharge frequency during groundwater recharge season.
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3.4. Verification using borehole data

Since borehole measures groundwater as standing water level and
GLDAS-DA measures groundwater in equivalent water height
(e.g., amount of groundwater), the magnitudes of these two data cannot
be compared unless the porosity is known for each pixel. Therefore, the ver-
ification mainly focuses on the characteristics of groundwater spatio-
temporal variation, since Section 3.3 indicated that there are no obvious
mismatches for inference of ‘where’ to find groundwater.

From Fig. 7a, it can be seen that many boreholes (around 15,000) have
groundwater records in the Australian State of Victoria. However, the
monthly temporal coverage is not ideal for many pixels, e.g., many pixels

with coverage rate below 50% as shown in Fig. 7b. Therefore, six scattered
regions (polygons A to E in Fig. 7b) that contains a high coverage rate
(above 75%) are selected for verification. Fig. 8 presents the monthly
groundwater storage change timeseries and average monthly groundwater
storage change for both borehole and GLDAS-DA for the regions A to E.
Overall, borehole and GLDAS-DA data show a relatively good agreement
(most correlations significant with P-value smaller than 0.05) in all six re-
gions. Although region E seems to obtain a poor correlation for both
monthly groundwater storage timeseries and average monthly groundwa-
ter storage change, the borehole data between 2010 and 2015 show an ab-
normal behaviour and the obtained correlations could be biased. More
importantly, all six regions, particularly, region F in the northwestern

Fig. 6.Map of groundwatermanagement areas in Australian State of Victoria, modified from Victoria State Government (2021). The red circles (A to C) are the suitable areas
to find groundwater during August or September (reaching maximum groundwater level), inferred from the knowledge based approach.

Fig. 7. Borehole availability; (a) spatial distribution, and (b), monthly temporal coverage rate based on 2004–2019 period. The polygons A to E in (b) delineate the pixels
selected for verification.
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parts of Victoria shows a clear groundwater recharge season during May
and September. This excludes the uncertainty of GLDAS-DA and indicates
that the recharge frequency results of WBE in the northwestern parts of
Victoria are incorrect, possibly due to the uncertainty of parameters in
WBE equation or missing considerations such as groundwater internal
flow. In other words, GLDAS-DA seems to bemore likely reliable compared
to WBE when mismatches appear (if there is no borehole data for
verification).

4. Discussion

Table 2 summarise the major results of Hu et al. (2021) and this contri-
bution as a comparison. Overall, it can be seen that the knowledge-based
approach for inferring spatio-temporal characteristics of groundwater
works well in both LVB and Australian Victoria.

Specifically, both studies show that the GLDAS groundwater models
(GLDAS CLSM in Hu et al. (2021) and GLDAS-DA in this contribution) are

Fig. 8. The comparisons of monthly groundwater storage change timeseries (left) and average monthly groundwater storage change (right) between borehole (unit: m) and
GLDAS-DA (unit: mm) based on the 2004–2019 period, for regions A to E presented in Fig. 7. R and P are the correlation and P-value, respectively.
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able to correctly reflect the spatio-temporal behaviours of groundwater
since the results basically algin with the inversion analysis of groundwater
impact factors. The only problem in LVB was that the poor correlation be-
tween borehole and GLDAS CLSM in the Ugandan regions (may not be rep-
resentative due to insufficient numbers of boreholes; see Hu et al., 2021)
made us unable to prove the reliability of the knowledge-based approach.
Now with a data-rich region like the Australian State of Victoria; the bore-
hole data show a high agreement with GLDAS-DA and the inferred large
groundwater storage potential regions mostly belong to current groundwa-
ter management areas (Victoria State Government, 2021). The reliability of
the knowledge-based approach, therefore, has clearly been confirmed.

5. Conclusion

After testing the knowledge-based approach using the Australian State of
Victoria as another example, it has been further confirmed that such an ap-
proach is simple and reliable for inferring spatio-temporal characteristics of
groundwater. The feature of this approach combines the advantages of the
groundwater model and inversion analysis, i.e., the groundwater model is
able to offer specific numerical estimates, while inversion analysis supports
more advanced groundwater understanding in localised regions. Therefore,
even without actual borehole monitoring data, it is projected that the
knowledge-based approach is able to correctly infer ‘where’ and ‘when’ to
find groundwater overmany regions around the globe. This is important, par-
ticularly for those countries and regions with data deficient issues.
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Table 2
Comparison of results in Hu et al. (2021) and this contribution.

Steps Lake Victoria Basin Australian State of Victoria

(i) Model exploration The eastern parts have large groundwater storage potential;
recharge season is March to May and October to December

The eastern and southwestern parts have large groundwater
storage potential; recharge season is May to August

(ii) Inversion analysis Hydrological and topographic environment also indicate that the
eastern parts of LVB have large groundwater storage potential; WBE
indicates March to May and September to November as
groundwater recharge season

Hydrological, topographic and rainfall identify large groundwater
storage potential regions in the flat areas near the foot of the
eastern mountainous regions, and southwestern coastal regions;
WBE also identifies May to August as recharge season

(iii) Interpretation of linkages or mismatches Steps (i) and (ii) basically align with each other Steps (i) and (ii) basically align with each other, mismatch of
recharge timing in the northwestern parts is found

(iv) Verification using borehole data Only Ugandan regions have few boreholes (only 10), verification
may not be representative

Over 15,000 boreholes are used, 6 different parts of Victoria State
are verified, results show good correlation with GLDAS-DA

K.X. Hu et al. Science of the Total Environment 821 (2022) 153113

8



Chapter 5
Understanding of groundwater recharge
threshold conditions across the Australian
continent

This chapter is covered by the following publication (Hu et al. 2022b):

1. Hu, K.X., Awange, J.L. and Kuhn, M., (2022). Large-scale quantifica-
tion of groundwater recharge threshold conditions using machine learning
classifications: An attempt over the Australian continent. Groundwater
for Sustainable Development, submitted.

This chapter presents the first large-scale quantification of groundwater recharge
threshold conditions across the Australian continent, which addresses the is-
sues discussed in Section 1.4.4 and objective (iv) listed in Section 1.5. Given
the complexity of handling multiple conditions, i.e. rainfall, evaporation, soil
moisture, runoff and vegetation, the machine learning classification techniques
are applied. This is because quantifying a value of a threshold condition can
be regarded as a classification task, i.e. finding a certain value as an indi-
cation of groundwater recharge and discharge. Compared to the traditional
statistical methods, machine learning techniques are powerful for dealing with
a large quantity of data and handling multiple factor issues; nevertheless, the
results still remain uncertain due to the fact that the performance of training
models could be different among different machine learning techniques. Also,
the input data from different products for training is the source of uncertainty.
Therefore, this study compares the performance of three machine learning
methods (classification and regression tree, Breiman et al. 1984, random for-
est, Breiman 2001, and logistical regression, Pregibon 1981) derived from dif-
ferent input datasets. The results suggest that all three techniques offer similar
high groundwater recharge/discharge prediction accuracy (all above 75%) at
a continental scale with similar types of threshold conditions identified spa-
tially. For instance, rainfall is identified as the primary condition that controls
groundwater recharge in most of the Australian continent. However, when us-
ing different input datasets for training, the identification of primary threshold
conditions such as soil moisture, evaporation and runoff could become differ-
ent, indicating that data selection has a strong impact on the classification
results. This should be of particular concern since different primary threshold
conditions identified will infer different groundwater recharge mechanisms. Fi-
nally, although the classification and regression tree method has slightly lower
prediction accuracy than random forest and logistical regression, this method
is able to provide specific values for each threshold condition, while the other
two can only act as groundwater recharge/discharge prediction tools.
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Large-scale quantification of groundwater recharge threshold conditions1

using machine learning classifications: An attempt over the Australian2

continent3

K.X, Hua, J.L, Awangea, M, Kuhna4

aSchool of Earth and Planetary Sciences, Spatial Science Discipline, Curtin University, Perth, Australia5

Abstract6

Understanding groundwater recharge threshold conditions is key to predicting whether7

groundwater will be recharged and revealing its recharge mechanism. However, the quantifica-8

tion of the groundwater recharge threshold condition is difficult since the recharge mechanism9

can be rather complex affected by multiple factors that differ from one region to another. To10

avoid this complexity, previous studies either focused on a local to regional scale or were limited11

to a single factor such as rainfall. Thus, the large-scale quantification (e.g., basin to continental12

scales) of groundwater recharge threshold conditions has never been done before, yet such infor-13

mation is important for managers to carry out a good plan over a large area. Considering that14

finding a threshold to instantly determine whether the groundwater is in the state of recharge15

or discharge is a classification task, this study explores three machine learning classification16

techniques; Classification and Regression Tree (CART), Random Forest (RF), and Logistical17

Regression (LR), to quantify the specific threshold values for each condition (including rain-18

fall, evaporation, soil moisture, runoff and vegetation) and ensure their reliability. Using the19

Australian continent as an example, CART is the fastest method and provides an average clas-20

sification accuracy (76%) at almost the same levels compared to RF (77-78%) and LR (79-80%).21

Meanwhile, CART is the only method that is able to provide specific threshold values for each22

condition. When inferring the groundwater recharge mechanism through threshold conditions,23

the CART method suggests that a primary (the most important) threshold condition is suffi-24

cient for most parts of the Australian continent, e.g., rainfall as primary threshold condition in25

northern Australia indicate a direct recharge mechanism. Only the coastal areas of southeast-26

ern and southwestern Australia are dominated by multiple threshold conditions, showing the27

complex groundwater recharge mechanism.28

Keywords: Classification Tree, Groundwater, Logistical Regression, Random Forest,29
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Threshold.30

1. Introduction31

Groundwater recharge is a complex hydrological process affected by many conditions such32

as rainfall, evaporation, soil, vegetation, topography, geology (Fu et al., 2019; Moeck et al.,33

2020; Hu et al., 2021). Groundwater recharge threshold conditions, defined as the necessary34

conditions required and the specific values that these conditions must reach to trigger the35

groundwater level rise (Baker et al., 2020; Moeck et al., 2020). For example, Hu et al. (2019)36

indicate that groundwater will not recharge in the coastal areas of Perth (Australia) unless37

rainfall exceeds 60-70 mm/month (normally April to September). In this example, rainfall38

of 60-70 mm/month is considered as the groundwater recharge threshold condition, and such39

information is important for predicting groundwater recharge timing needed for agricultural40

activity and adjusting an annual water allocation plan (Carroll et al., 2019).41

Previous studies have tried to quantify groundwater recharge threshold conditions using42

various methods such as isotope, cave drip and borehole monitoring network (Jones and Banner ,43

2003; Kotchoni et al., 2019; Baker et al., 2020). However, these methods are only suitable at44

local or regional scales (usually coupled with geological investigations), requiring specialised45

knowledge to place or operate equipment, expensive and time-consuming. More importantly,46

these methods have certain constraints when discussing groundwater recharge, such as studying47

only ‘rainfall threshold condition’, or discussing threshold conditions in terms of specific aquifers48

or climates. This is possibly due to the complexity of handling multiple threshold conditions49

over a large area or at high spatial resolution. For example, each condition has a different weight50

of influence on groundwater recharge that varies spatially since the recharge mechanisms are51

different in various hydrogeological regions (Barron et al., 2012; Hu et al., 2017; Motiee and52

McBean, 2017; Hu et al., 2021).53

Large-scale quantification of groundwater recharge threshold conditions is very difficult.54

Small (2005) tried to quantify the groundwater recharge threshold over the southwestern United55

States using precipitation and potential evapotranspiration. However, the conclusion reached56

was that using these two conditions was insufficient to predict groundwater recharge occurrence,57

suggesting that other conditions have significant impacts on groundwater recharge, which were58

not considered. For example, Moeck et al. (2020) indicate that except for climatic conditions59
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(e.g., rainfall and evaporation), non-climatic conditions such as vegetation and runoff also have60

obvious impacts on groundwater recharge over some regions around the world. Fu et al. (2019)61

also make similar deductions based on a case study over the southeast corner of South Australia.62

However, both studies do not provide the threshold values of each condition, nor do they rank63

the importance of each condition. To the best of the authors’ knowledge, no study has ever64

provided the information of groundwater recharge threshold in terms of large areas (e.g., basin to65

continental scales) and multiple conditions. Yet such information is important for groundwater66

prediction, understanding of recharge mechanisms, and enabling managers to adjust water use67

plans for other applications. Besides, for groundwater models that simulate the hydrological68

process, such information can enhance the understanding of recharge processes, thus, improving69

model performance (Von Freyberg et al., 2015).70

From a statistical point of view, quantifying groundwater recharge threshold conditions can71

be regarded as a classification task that requires the determination and quantification of the72

threshold conditions that instantly distinguish between net groundwater recharge (class one:73

level rises) and discharge (class two: level drops). Machine learning classifications, thus, are74

likely to be the solution to this task since they normally do not require the understanding of75

the complex hydrological process of groundwater recharge (Yin et al., 2021). Also, they can be76

applied on nonparametric data distribution (Maxwell et al., 2018). Most importantly, they are77

powerful enough to deal with large datasets and multi-condition problems as considered in this78

study. Although, we have not found any previous studies using machine learning classification79

techniques to quantify groundwater recharge threshold conditions, there have been many similar80

studies on threshold conditions in other fields, see, e.g., Miao et al. (2011); Belgiu and Drǎgut81

(2016); Wu et al. (2018); Yang et al. (2019). Among many machine learning classification82

methods, Classification And Regression Tree (CART; Breiman et al. 1984) is probably the most83

suitable method for addressing this task since it is the only method that can directly quantify the84

specific threshold value for each condition. The only concern is that the classification accuracy85

could be lower than for other more advanced machine learning classifications. For example,86

previous studies, e.g., Long et al. (1993); Ali et al. (2012); Deschamps et al. (2012); Belgiu87

and Drǎgut (2016) showed that Random Forest (RF; Breiman 2001) and Logistical Regression88

(LR; Pregibon 1981) perform better than CART. Thus, a comparison between CART and89

other machine learning classifications is necessary to confirm whether CART quantifies the90

groundwater recharge threshold conditions with satisfactory classification accuracy.91
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This study, therefore, tries to quantify large-scale groundwater recharge threshold conditions92

through an exploration of the CART, RF and LR methods as exemplified by the Australian93

continent. Specifically, (i) the classification accuracies and computation time of these three94

machine learning methods are compared, (ii) the importance ranking of threshold conditions95

of these three methods are compared, (iii) the specific threshold values (monthly based) of96

each condition from CART are presented spatially since it is the only method that provides97

threshold values, (iv) the potential groundwater recharge mechanisms inferred by different98

threshold conditions are discussed, and (v), the strength, limitation and future direction of this99

study are discussed.100
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2. Method and material101

2.1. Data preparation102

Since we are going to use machine learning techniques, the training data that includes the103

condition variable and the response variable must be prepared for the training process.104

2.1.1. Response variable105

In the training process, the response variables, which in our case are groundwater recharge106

(class one) and discharge (class two), are used to classify the condition variables. Here, the107

Global Land Data Assimilation System (GLDAS) Catchment Land Surface Model (CLSM;108

version 2.2) with data assimilated from the Gravity Recovery and Climate Experiment and109

Follow On products (GRACE/GRACE-FO; hereafter referred to as GLDAS-DA) is employed to110

offer groundwater storage estimates at a 0.25◦ × 0.25◦ spatial and daily temporal resolution (Li111

et al., 2019). GLDAS-DA has been chosen here due to its high spatial resolution, long temporal112

span, data with global coverage and is freely available. As for the quality of the data, Li et al.113

(2019) evaluated the GRACE-DA using over 4,000 in-situ data around the world and obtained114

an average 4.3 cm groundwater variation root mean square errors, and a correlation of 0.65 at115

regional scale. Note that the GRACE product is not used due to its coarse spatial resolution116

on the one hand, and on the other hand, GLDAS model is still required to derive groundwater117

storage changes from GRACE total water storage. To prepare the monthly resolution datasets,118

the monthly groundwater change is calculated using the groundwater storage estimates from119

GLDAS-DA for the last day of the current month minus the last day of the previous month.120

When groundwater change is above/below zero, the groundwater for the current month is121

classified as ‘recharge’/‘discharge’.122

2.1.2. Condition variable123

The condition variable is used to predict the response variable after training. In our case,124

we selected five condition variables, rainfall, evaporation, runoff, soil moisture and vegetation125

greenness, since previous studies have reported these as the major threshold conditions that126

determine whether groundwater recharges (see, e.g., Small 2005; Diodato and Ceccarelli 2006;127

Fu et al. 2019;Moeck et al. 2020). To evaluate the uncertainty of the machine learning classifica-128

tions derived from different input training data, the Australian local products, i.e., Australian129
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Bureau of Meteorology rainfall products and Australian Water Resources Assessment Land-130

scape (AWRA-L) model (version 6; Frost et al. 2018; Frost and Wright 2018), and the global131

products, i.e., GLDAS Noah land surface model (version 2.1; Rodell et al. 2004; Beaudoing132

et al. 2020), are employed for the condition variables of rainfall, evaporation, soil moisture and133

runoff since it uses the same forcing input data as GLDAS-DA (GLDAS-DA does not provide134

some of these parameters in daily format due to policy issues). As for the vegetation green-135

ness, the enhanced vegetation index (EVI) of Moderate Resolution Imaging Spectroradiometer136

(MOD13C2; Didan 2015) products are used for the same month.137

Note that for groundwater and vegetation, there are no Australian local products, and as138

such, only two types of products are prepared for the condition variables of rainfall, evaporation,139

soil moisture and runoff. Also, the common water balance equation; “rainfall minus evapora-140

tion” iis not used as a condition variable due to the fact that the output will lose the ability to141

distinguish which one is the primary condition. Finally, Table 1 summarises The products that142

offer data as condition variables and response variables. To unify the spatial resolution among143

different datasets, all data with 0.05◦ × 0.05◦ spatial resolution are resized into 0.25◦ × 0.25◦144

before being used for the 2004-2019 period.145

Table 1: Summary of the products used for the methods’ comparison over the Australian continent.

Products Spatial Resolution Temporal Resolution Parameter Used

BoM 0.05◦ Monthly Rainfall

GLDAS CLSM 0.25◦ Daily Groundwater

GLDAS Noah 0.25◦ Monthly Rainfall, evaporation,

soil moisture, surface runoff

AWRA-L 0.05◦ Monthly Evaporation, soil moisture,

surface runoff

MOD13C2 0.05◦ Monthly Vegetation

2.2. Machine learning classifications146

Note all the classification methods in this study are done through MATLAB software. For147

specific codes of each method, we recommend referring to the following web pages: https:148

//www.mathworks.com/help/stats/choose-a-classifier.html.149
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2.2.1. Classification And Regression Tree (CART)150

The Classification And Regression Tree (CART) method proposed by Breiman et al. (1984)151

is a widely used decision tree (see, e.g., Gray and Fan 2008; Zheng et al. 2009; Elliott and152

Owens 2015; Xu et al. 2021). The core part of the CART method is to grow a binary decision153

tree by using recursive splitting rules (see tree example in Fig 1). For ‘classification tree’, the154

rules normally used are entropy or Gini’s Diversity Index (GDI). Both of them can get similar155

results, however, GDI is computationally faster than entropy, thus, is used in our study. For156

GDI, it measures the impurity of a node, which is expressed as (Breiman et al., 1984):157

G = 1−
∑

i

p2i , (1)

where pi is the proportion of categories with the category i that reach the node. Since there158

are only two categories in the response variables in our case, i.e., recharge (p1) and discharge159

(p2), GDI can be rewritten as:160

G = 1− (p21 + p22). (2)

If a node has just one category, e.g., all the response variables are marked as recharge161

(perfectly being classified), then G is equal to 0, otherwise, G is positive. Therefore, the rule162

of node division in CART is to choose the smallest G. Taking our case as an example, suppose163

we are trying to quantify the rainfall threshold for groundwater recharge for a specific region,164

and the total number of samples is |D|. Based on a test threshold value of rainfall, such as165

M mm/month, all samples are divided into two parts, Da (rainfall above M mm/month) and166

Db (rainfall below M mm/month). Then the GDI of this M threshold (G(rainfall,M)) for167

creating two nodes (Da and Db) can be calculated as:168

G(rainfall,M) =
|Da|
|D| ×G(Da) +

|Db|
|D| ×G(Db). (3)

The calculation of Equation 3 runs continuously for different test values of M , until M169

covers all the range of rainfall values. After that, the M value corresponding to the minimum170

G, is selected as the rainfall threshold for groundwater recharge. After this process, one node171

is split into two nodes. Correspondingly, the training data is split into two parts by M (i.e.,172
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above/below M). In terms of multi-condition variables, we simply line up all the samples of173

variables and loop the steps above. Each loop will quantify a threshold condition based on GDI174

and split a node into two. The loop will continue until the impurity of the new node is 0, or it175

reaches the stopping criterion. The decision tree is then complete.176

Normally, if we do not set a stopping criterion, the resulting tree could be very complicated177

and over-fitting. In other words, its classification accuracy in the training data is very high,178

but it is low in actual application. Thus, post-pruning is usually required after the tree is179

complete (Song and Lu, 2015). However, post-pruning needs to apply cross-validation (or180

similar approaches) for all possible subtrees (tree stops to grow at some nodes) of the full tree181

(tree grows without limitation), and it takes significant time to compute. Given that our aim182

is to quantify the groundwater recharge threshold conditions at a large scale (e.g., Australia183

has around 11,000 pixels and each pixel needs to train a tree), the pre-pruning approach (Song184

and Lu, 2015) by setting global stopping criterion, such as maximum split, is more suitable for185

our study since it saves massive time. In general, the more maximum split allowed, the more186

accurate the decision tree, but the greater the potential risk of over-fitting. In our case, the187

maximum split number is set as the number of condition variables so that each variable has188

a chance to play a role in the groundwater recharge threshold condition at each split (see a189

similar process in Ghosh et al. 2014).190
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Figure 1: Example of processing flowchart of the CART method. The response variables include groundwater

recharge (class one) and discharge (class two), while condition variables contain rainfall, evaporation, soil mois-

ture, runoff and vegetation greenness.

2.2.2. Random Forest (RF)191

Random forest (RF), introduced by Breiman (2001), is an ensemble classification method192

using the CART algorithm to grow many trees. As shown in Fig 2, every tree in the forest is193

grown independently by randomly selecting a subset of the training sample through replace-194

ment, the so-called bootstrap sampling or bagging (Belgiu and Drǎgut , 2016). Specifically, in195

the process of random sampling, RF not only randomly selects the number of samples, but196

also randomly selects condition variables. For example, some trees may be grown by using197

just rainfall and evaporation rather than all the condition variables. This operation increases198

the randomness of the tree and prevents over-fitting since the final classification results are199

generated by voting (see Fig 2) from every tree in the forest. Thus, RF is said to have low200

variance, robust model and better classification accuracy than CART, see, e.g., Ali et al. (2012);201

Deschamps et al. (2012); Awange et al. (2020). However, compared to the CART method, the202

random forest loses its interpretability and cannot provide the specific values of groundwater203

recharge threshold conditions (Maxwell et al., 2018).204
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Figure 2: The processing flowchart of the RF method.

For the RF training, the number of trees to be generated is a parameter that needs to be205

pre-set (Belgiu and Drǎgut , 2016). Although, some studies have reported that this parameter206

has no obvious influence on the classification results (at least three trees are required for voting207

otherwise meaningless), see, e.g., Du et al. (2015), different number of trees will still be tested208

in our case. Besides, the pre-pruning process mentioned in Section 2.2.1 is also necessary for209

RF to reduce the computation time (Belgiu and Drǎgut , 2016). Since the RF will be compared210

to CART in this study, the same maximum split as CART is applied to RF.211

2.2.3. Logistical Regression (LR)212

Logistical Regression (LR) is a widely used generalized linear regression model with features213

of simple and fast, especially for binary classification, see, e.g., Dixon (2009); Yang et al.214

(2019); Adiat et al. (2020). In our case, LR simply calculates the probability (P , from 0 to215

1) of groundwater recharge through a sigmoid function of the linear combination of condition216

variables (Xn), which is expressed as (Yang et al., 2019):217

ln(
P

1− P
) = a0 + a1X1 + a2X2 + ...+ anXn, (4)
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where ai|i = 0...n are the regression coefficients corresponding to Xi|i = 1...n. The final218

classification results depend on P . When P is above/below 0.5, then groundwater is classified as219

‘recharge’/‘discharge’. Thus, similar to RF, LR also cannot directly provide the specific values220

of groundwater recharge threshold conditions. During the training process, the ai|i = 0...n221

will be adjusted for numerous iterations until the classification accuracy stops improving, or222

iteration times reaches the pre-set limit. For more details of the LR approach, we refer the223

reader to Awange et al. 2020, pp. 99-109.224

2.3. Classification accuracy evaluation using K-fold cross-validation225

K-fold cross-validation (Fushiki , 2009; Rodriguez et al., 2010) is commonly used for predictive226

models generated by machine learning in terms of accuracy evaluation. The main theory of this227

method is to randomly divide all samples into k folds (many previous studies used a default228

value of 10 folds; Mahmood and Khan 2009; Ramezan et al. 2019), use the k − 1 folds for229

training, and leave one out of the fold for validation. This process of training and validation230

gives a percentage of prediction error and is regarded as one iteration. The process is repeated231

for k iterations and each iteration uses a different leaving one out of the fold for validation.232

Finally, after k iterations, the average prediction error of k times is the overall prediction error,233

and the classification accuracy is equal to 1 minus the overall prediction error.234

2.4. Ranking of the importance of threshold conditions235

Since groundwater recharge is determined by multiple conditions, ranking the importance of236

each condition is important to improve the understanding of the groundwater recharge mech-237

anism. For the CART and RF methods, the importance of threshold conditions are calculated238

using Mean Decrease in Gini (MDG) and Mean Decrease in Accuracy (MDA), respectively, see,239

e.g., Breiman (2001); Belgiu and Drǎgut (2016). The MDG ranks the importance of condi-240

tions by measuring how much Gini’s Diversity Index can be reduced by a condition. Generally241

speaking, the further the condition is from the top of the tree (Fig 1), the lower the importance242

(Sandri and Zuccolotto, 2008) is. The MDA estimates the importance of conditions by measur-243

ing the influence of a condition on the classification accuracy, i.e., the larger the influence, the244

higher the importance. As for LR, it is a generalized linear regression model, the importance of245

conditions cannot be determined directly, since the regression coefficient and its corresponding246
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p-value only indicate the influence of each condition on the probability of groundwater recharge,247

rather than the importance of being a threshold condition.248

2.5. Uncertainty from input datasets249

Machine learning techniques are pure statistical tools for data mining (e.g., Awange et al.250

2020), and thus, the performance of output depends on the accuracy of the input training251

data (Yin et al., 2021). In our case, some condition variables such as rainfall can be repre-252

sented by multiple products (e.g., in-situ based, satellite-based and re-analysis). Therefore,253

the uncertainty generated by different input training data for the CART, RF and LR methods254

needs to be compared and discussed. Previous studies, e.g., Von Freyberg et al. (2015) also255

strongly recommends using at least two methods, while applying different input data to show256

the uncertainty of the groundwater models.257

2.6. Lag issue258

Despite many previous studies such as Yu and Lin (2015); Hu et al. (2017); Kotchoni et al.259

(2019) have indicated that there are lags between rainfall and groundwater recharge. This260

study, however, does not consider the lag issue due to the following reasons:261

(i) The lag indicated by previous studies is associated with groundwater level changes, which262

are real observations. GLDAS-DA is mainly a simulation product based on water balance263

calculation (see, e.g., Rui and Beaudoing 2019), theoretically, it is unable to reflect the264

lag between rainfall and groundwater recharge.265

(ii) According to Hu et al. (2019), many previous studies take the statistical lags (e.g., calcu-266

lated using cross-correlation) between rainfall and groundwater variation as the real lags.267

This is a misunderstanding since rainfall has to reach a certain threshold to recharge268

groundwater, otherwise, the rainfall may evaporate or be absorbed by vegetation before269

it becomes groundwater.270

(iii) The real lag between rainfall and groundwater mainly depends on the depth of aquifers,271

as well as the surface terrain and the geological structure of the subsurface, which is very272

complex and beyond the scope of this study.273
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2.7. Computation time274

Since our target is to quantify groundwater threshold conditions on a large scale, the com-275

putation time of each machine learning classification would be one of concern. In our case, the276

CART, RF and LR classification methods are all processed using Matlab 2018b software on a277

PC whose settings are Intel(R) Core(TM) i7-9750H CPU (2.60GHz), and 16GB RAM. Note278

that the computation time can also vary greatly if other techniques such as cloud computing and279

parallel computing are applied. The computation time shown in the results is only a reference280

for the efficiency of each machine learning classification method.281
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3. Results282

3.1. Classification accuracy283

3.1.1. CART method284

For the CART method, the maximum split of five is set as the stopping criterion during285

the training process as mentioned in Section 2.2.1. However, during the results inspection286

phase, we found that many pixels only needed one maximum split to achieve almost the same287

high classification accuracy (usually above 75%) as the five maximum splits. This potentially288

means that in most parts of the Australian continent, a single threshold condition is sufficient289

to classify whether groundwater will be recharged or not (this observation might, however, be290

different for other areas around the world).291

To confirm this conjecture, Figs 3a and b show the classification accuracy of CART (using292

k-fold cross-validation; k is set as a default value of 10; see details in Mahmood and Khan 2009;293

Ramezan et al. 2019) at the five maximum splits using inputs of Australian local and GLDAS294

global products, respectively; while Figs 3c and d present the difference in the classification295

accuracy between five and one maximum split. Considering the influence of random sampling296

on the k-fold cross-validation, a maximum 5% (± 2.5%) accuracy error is assumed to be allowed297

(based on our test); thus, values below 5% are not shown in Figs 3c and d. From Figs 3a and298

b, one can see that the CART method (using five maximum splits) using local and global299

products achieve high classification accuracies (above 80%) in the northern, southeastern and300

southwestern parts of Australia. The middle inland areas and southern parts of Australia301

have relative low classification accuracy (around 60%). Compared to the one maximum split302

CART (Figs 3c and d), five maximum splits CART have significant accuracy advantages of303

5-15% in the southwestern (A) and southeastern (B) parts of Australia. For the rest of the304

areas, the five maximum splits CART have no accuracy advantage and are even worse than the305

one maximum split CART (over-fitting). This confirms our conjecture that a single (primary)306

threshold condition is sufficient to classify groundwater recharge/discharge in most parts of the307

Australian continent. Groundwater recharge determined by multi-threshold conditions only308

exists in the southwestern (A) and southeastern (B) parts of Australia.309
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Figure 3: Comparison between the different settings (maximum split and input data) of CARTs in terms of

10-fold cross-validation accuracy (%). ‘Local’ represents the use of Australian products of BoM and AWRA-L,

and ‘global’ represents the use of GLDAS Noah as the condition variable inputs. The red circles in (b), (c), (e)

and (f) indicate areas with obvious differences clustered (i.e., A, B, C and D). Moreover, values smaller than 5%

in (b), (c), (e) and (f) are removed.

To evaluate the uncertainty caused by the different inputs (Australian local and GLDAS310

global products), Figs 3e and f present a comparison of the local and global CART at one and311

five maximum splits, respectively. Generally, the CART trained by Australian local products312
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(BoM and AWRA-L) has better classification accuracy (5-11%) in the middle inland areas.313

However, in the southwestern (A) and southeastern (C and D) parts of Australia, the CART314

trained by global products (GLDAS Noah) has better classification accuracy (5-18%).315

3.1.2. CART compared to RF316

As mentioned in Section 2.2.2, RF requires a pre-set number of trees to be generated before317

training (Belgiu and Drǎgut , 2016). Considering there are about 11,000 pixels over the entire318

Australian continent to be processed by the RF method, blindly increasing the number of319

trees to be generated in each pixel will lead to a drastic increase in computation time. For320

example, we tried to generate 50 trees in each pixel, and it took about 10 hours to complete.321

More importantly, it was found that the classification accuracy of the RF method with 50 trees322

did not significantly improve in comparison to that of the CART method (see the Table 1323

in Supplementary Material). This is consistent with previous studies, e.g., Du et al. (2015),324

reported similar situation and concluded that the classification accuracy is not very sensitive325

to the number of tree to be generated in RF (Belgiu and Drǎgut , 2016; Awange et al., 2020).326

Therefore, we reduced the number of trees from 50 to 10, and computed the classification327

accuracy of 4 RF models (about 2 hours each) under different settings (maximum split and328

input data). The classification accuracy of the 4 RF models is subsequently compared to329

CART, as shown in Figs 4a-d. From Figs 4a-d, there are many scattered pixels showing that330

the classification accuracy of RF is improved 6% on average compared to CART. However, in331

these scattered pixels from RF, the five maximum splits for example (Figs 4c-d), only account332

for 10% and 16% of the areas of Australia. This confirms that the CART and RF methods have333

almost the same classification accuracy over most parts of the Australian continent. However,334

when compared to the computation time of the CART method (10 minutes), RF took hours335

to calculate the results depending on the number of trees generated, e.g., for 10 trees, RF336

required 2 hours’ computation time for the entire Australian continent, while for 50 trees, it337

took approximately 10 hours. For 500 trees commonly seen in previous studies (Belgiu and338

Drǎgut , 2016), RF needs more than 100 hours to train if no other acceleration technique such339

parallel computing is invoiced.340
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Figure 4: Comparison between RF and CART under different settings (maximum split and input data) in terms

of 10-fold cross-validation accuracy (%). The red circles in (e), (f), (g) and (h) indicate areas with obvious

differences clustered (i.e., A and B). Values smaller than 5% are removed in all sub figs since 5% is considered a

reasonable error caused by cross-validation random sampling.
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To examine the uncertainty of RF caused by different maximum splits and the inputs between341

Australian local and GLDAS global products, Figs 4e-h compare the local and global RF at342

one and five maximum splits, respectively. One can see that the uncertainty results are similar343

to CART (see Figs 3c-f); for example, RF with five maximum splits have obvious advantages344

in terms of classification accuracy (5-14%) in the southwestern (A) and southeastern (B) parts345

of Australia (see red circles). Furthermore, RF trained by local products have 5-11% higher346

classification accuracy in the middle inland areas, while trained by global products lead to347

5-12% higher classification accuracy in the southwestern (A) and southeastern (B) parts of348

Australia (see red circles).349

3.1.3. CART compared to LR350

As for the LR, Figs 5a-d show the comparison of classification accuracy difference between351

LR and CART (one and five maximum splits). One can see that the LR has advantages on352

classification accuracy for some pixels (averagely improved 7-9% in terms of local and global353

LR; RF has 6% improvement on average). These pixels with classification accuracy improved354

cover around 33-35% areas of the Australian continent (RF only covers 10-16%). For the355

uncertainty evaluation between the Australian local and GLDAS global LR (see Fig 5e), still,356

local LR has higher classification accuracy in the middle inland areas, while global LR has357

higher classification accuracy in the southwestern and southeastern parts of Australia.358

Overall, the classification accuracy rankings of the three methods (local and global input359

training data) are; LR (average 79-80%), RF (average 77-78%) and CART (on average 76%).360

Although the CART method presents a lower percentage, the difference of average classification361

accuracy (maximum 4%) on a continent-wide scale is not very obvious.362

3.2. Ranking of the importance of threshold conditions363

As discussed in Section 2.2.1, the CART method indicated that a single (primary) condition364

was sufficient to classify whether groundwater will be recharged or not in most parts of the365

Australian continent except the southwestern and southeastern parts (see red circles A and B366

in Figs 3c or d). Thus, for a single threshold condition, it is important to identify the type367

of condition that mainly controls groundwater recharge in order to understand its recharge368

mechanism. For the multiple threshold conditions in the southwestern and southeastern parts of369
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Australia, the importance ranking will be presented in Section 3.3 together with the illustration370

of threshold values.371

Figure 5: Comparison between LR and CART under different settings (maximum split and input data) in terms

of 10-fold cross-validation accuracy (%). Values smaller than 5% are removed in all sub figs since 5% is considered

a reasonable error caused by cross-validation random sampling.
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Figure 6: Primary threshold conditions identified from CART (a-local;b-global) and RF (c-local;d-global) and

their coverage rates.

Since LR is unable to rank the condition’s importance, Fig 6 presents the identified primary372

threshold conditions from CART and RF using inputs of local and global products. Note that373

CART at one maximum split can be regarded as the results of CART at five maximum splits374

after post-pruning. Thus, for identifying the primary threshold condition, there is no difference375

between CART at one maximum split and five maximum splits. As seen in Fig 6, CART and RF376

have a similar spatial pattern of primary threshold conditions if they are derived from the same377

training data (local or global; see Figs 6a, c and b, d, respectively). This confirms the reliability378

of CART for ranking the importance of threshold conditions. Specifically, for the local product379

derived results (Figs 6a, c), rainfall (62-64%; blue) and soil moisture (24-26%; black) are the380

primary threshold conditions for the Australian continent. While for the global product derived381

results (Figs 6b, d), rainfall (69-71%; blue), runoff (14-16%; white), and evaporation (9-12%;382

red) are identified as the primary threshold conditions. Vegetation (1-2%; green) plays the role383

of the groundwater threshold condition only in a few pixels over southwestern and southeastern384
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Australia.385

3.3. The specific threshold values of each condition from CART386

3.3.1. Single threshold condition387

Considering that CART is the only method that can provide the specific values of the388

threshold conditions, Fig 7 presents the values of each primary threshold condition derived from389

it. As seen from Fig 7, the monthly rainfall recharge groundwater threshold ranged from 10-150390

mm (Figs 7a and b), with the threshold in the northern parts of Australia being above 70 mm,391

while the threshold in the middle inland areas being below 50 mm. For monthly evaporation in392

the northwestern parts of Australia, the global CART (Fig 7d) shows some additional coverage393

in comparison to the local CART (Fig 7c), with thresholds ranging from 10-50 mm. The394

remaining parts have thresholds of generally above 40 mm. In terms of soil moisture, Figs 7e395

and f cannot be compared due to the differences in the unit and spatial coverage between the396

local and global CART. The spatial patterns and values of vegetation recharge threshold (0.15-397

0.30 EVI) are similar in Figs 7g and h. Finally, despite some differences in spatial coverage in398

the western parts of Australia, the runoff shown in Figs 7i and j have similar ranges of threshold399

around 0.1-1.0 mm.400

3.3.2. Multiple threshold conditions401

When groundwater is controlled by multiple threshold conditions, a visual examination of402

the tree in a specific pixel is required to assess the structure of the tree and the specific values403

of each threshold condition for the CART. Figure 8 uses the local CART as an example, and404

randomly selects one pixel (A) in the southwestern part of Australia and one pixel (B) in the405

southeastern part of Australia to show the thresholds of the multiple conditions.406

As seen in Fig 8a, the structure of the tree shows that the recharge of groundwater in pixel407

(A) is determined by two threshold conditions: rainfall and evaporation. As the primary condi-408

tion, the threshold value of rainfall is 52.36 mm. By only using this threshold, the classification409

accuracy is about 76% (results generated by one maximum split). By adding evaporation as the410

second threshold (i.e., 37.44 mm and 55.35 mm in Fig 8a), the classification accuracy improves411

to 89% (results generated by five maximum splits). RF also identifies the rainfall and evapora-412

tion as the major threshold conditions for this pixel according to MDA. However, this results413
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are not stable since RF sometimes judges that evaporation is more important than rainfall, and414

this is most likely due to the influence of random sampling or these two conditions have similar415

importance of being threshold conditions.416

Figure 7: The specific threshold values (monthly based) of each primary condition in the CART model. Note

that when a new value above the rainfall (a-b), soil moisture (e-f), vegetation (g-h) and runoff (i-j) thresholds

or below the evaporation (c-d) threshold is input into the CART model, the model will classify the groundwater

as recharge, vice versa. A and B in (a) and (c) are selected pixels for showing the structure of trees in Fig ??.

The pixel illustrated in the southeastern part of Australia (Fig 8b) is much more complex417

than the pixel in the southwestern part of Australia, which involves four threshold conditions:418

evaporation, rainfall, runoff, and soil moisture. Evaporation in this pixel is the primary thresh-419

old condition that determines whether groundwater recharges or not. At this stage, only using420

evaporation, the classification accuracy is around 65%. However, if the complete tree that also421

includes the rainfall (31.65 mm and 83.65 mm), runoff (3.57 mm) and soil moisture (9.4%)422

thresholds is used, the classification accuracy improves to 83%. For this pixel, RF has the same423
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ranking results as CART in terms of evaporation and rainfall for most of tests according to424

MDA, however, the ranking results of soil moisture and runoff is unstable. This is also likely425

due to the influence of random sampling, where such influence seems more obvious on those426

threshold conditions that are less important. Therefore, non-primary threshold conditions and427

their corresponding values may not be reliable.428
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Figure 8: Illustration of the tree structures for two random pixels (local CART) in the southwestern (a) and

southeastern (b) parts of Australia (see positions A and B in Figs 7a and c, respectively). ‘ET’ represents the

evaporation. The significantly increased accuracy of the CART’s one to five maximum splits indicates that the

groundwater recharges in these two pixels are controlled by multiple condition variables.
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4. Discussion429

4.1. Inferring groundwater recharge mechanism (shallow aquifer) through threshold conditions430

Section 3.3 has shown the results of groundwater threshold conditions and their importance431

ranking (mostly for primary threshold conditions). By analysing this result and combining432

it with some simple hydrogeological knowledge as shown in Fig 9, the groundwater recharge433

mechanism can be inferred.434

Figure 9: A simple illustration of land hydrological cycle.

Figure 9 is a simple illustration of the land hydrological cycle. One can see that rainfall435

as the major input of the land water cycle is very important to groundwater recharge. Some436

studies, e.g., Jones and Banner (2003) directly define the groundwater recharge threshold as the437

amount of rainfall required to recharge an aquifer. It can be said that without rainfall, there is438

no groundwater recharge. Although Moeck et al. (2020) and Barron et al. (2012) indicates that439

most studies have not been able to confidently confirm that rainfall is the major determinant440

of groundwater recharge on a large scale due to the lack of data, our results in Fig 6 and Fig441

7, i.e., rainfall as the primary threshold condition covers 64-71% of the Australian continent,442

supports the validity of this idea. When rainfall is identified as the primary threshold condition,443

it could represent a direct recharge mechanism for the shallow aquifers within the pixel as444

well as an indication of variable rainfall or a clear seasonal pattern of rainfall. The greater445
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rainfall threshold may refer to a faster loss of groundwater due to evaporation or groundwater446

drainage, and to a larger amplitude of seasonal groundwater variations. The northern part of the447

Australian continent is a good example that has a tropical climate (clear seasonal rainfall during448

November-April; Hu et al. 2022b), high evaporation, and is almost fully covered by rainfall449

threshold conditions. According to Knapton et al. (2019), the groundwater level in Darwin450

(capital city of Northern Territory) changes rapidly during the recharge/discharge period and451

the variation could be over 10 meters for some boreholes.452

According to Moeck et al. (2020) and Fig 9, evaporation, as the major output of the land453

water cycle, is another threshold condition that significantly affects groundwater recharge glob-454

ally. However, in the case of the Australian continent (see Figs 6 and Fig 7), only a few455

regions show that evaporation is the primary threshold condition in terms of groundwater456

recharge. This is due to the fact that most parts of Australia are very dry and with sparse457

vegetation cover, so there is not much water for evaporation. Evaporation only occurs when458

rainfall arrives, thus, usually act as the second threshold condition after rainfall, as shown459

in Fig 8a. When evaporation is identified as the primary threshold condition, it potentially460

infers a relative constant monthly rainfall that generates a relatively constant groundwater461

input, and thus, groundwater recharge depends largely on the variation of evaporation (out-462

put). According to Johnson (1992) and Hu et al. (2022a), the southeastern part of the463

Australian continent indicated by both local and global results in Figs 6c and d, has uni-464

form monthly rainfall. The evaporation there is low during winter, e.g., average below 30465

mm in July, and high in summer, e.g., average 90-100 mm in January (see official statistics:466

http://www.bom.gov.au/jsp/ncc/climate_averages/evapotranspiration).467

Soil moisture and runoff are related conditions of rainfall; thus, they are usually discussed468

together (Alvarez-Garreton et al., 2014;Wasko and Nathan, 2019). From Fig 9, one can see that469

rainfall need to penetrate the soil and then, can become groundwater. Thus, soil moisture as the470

primary condition indicates the diffuse recharge, and represents a threshold of hydraulic power471

(Zhang et al., 1999). In other words, the soil moisture must reach a certain capacity to allow the472

water in the soil to pass down and become groundwater. This process relates to soil structure,473

thickness, and soil properties, which is complex and hardly represented by a percentage or474

storage volume. Thus, it is difficult to judge which is more representative in the local or475

global result since they are very different (see Figs 7e and f). Unlike soil moisture, rainfall and476
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evaporation, runoff are usually less discussed in relation to groundwater, because runoff is not477

obvious in some flat regions, e.g., arid or semi-arid areas, while runoff in mountainous regions478

is complex (Chiew et al., 2009; Petheram et al., 2012; Silberstein et al., 2012). When runoff479

is identified as the primary threshold condition, it indicates that groundwater recharges when480

runoff appears and thus, may refer to focused recharge mechanism.481

Vegetation can have both positive and negative relationships with groundwater recharge on a482

global scale (Koirala et al., 2017). This indicates that vegetation can help recharge groundwater483

on the one hand and prevent its recharge on the other hand. The main role of vegetation in484

helping groundwater recharge is to retain surface water and soil water. Spreading branches485

and leaves can also reduce evaporation (see Fig 9). However, the roots of vegetation need to486

absorb groundwater to grow or sustain life, and as such, to some extent, they also consume487

groundwater. In our case, Figs 7g and h both indicate that some southwestern (Kalgoorlie)488

and southeastern (Mungo) parts of the Australian continent are covered by vegetation threshold489

condition. All the classifications above the vegetation threshold are groundwater recharge. This490

indicates that vegetation shows the function of helping groundwater recharge in these regions.491

Although the detail mechanism is not clear, we found that these two parts of regions both have492

many scattered lakes and are surrounded by massive vegetation, this possibly indicates that493

vegetation is important in maintaining groundwater level in wetlands.494

For inference of multiple threshold conditions in southeastern and southwestern parts of the495

Australian continent (see, e.g., A and B in Fig 3d), it requires the inspection of the tree due to496

the fact that each pixel has a different structure of the tree as shown in Fig 8. Here, Fig 8b is497

used as an example for inferring the groundwater recharge mechanism. First, evaporation as the498

primary and rainfall as the secondary threshold conditions is because of the little seasonality499

of rainfall and strong seasonality of evaporation in southeastern Australia (see pixel location500

in Fig 7b). If the evaporation is high (above 52.71 mm; usually occurs in summer), then the501

groundwater recharge depends on rainfall amount. If the monthly rainfall is above 83.65 mm,502

then, groundwater will recharge, vice versa. Under this scenario, the groundwater recharge in503

this pixel only depends on the balance of rainfall and evaporation, showing a direct recharge504

mechanism. When the evaporation (below 52.71 mm; usually occurs in winter) and rainfall505

(below 31.65 mm) are both low, the groundwater recharge depends on the runoff flowing from506

other regions (recharge when runoff above 3.57 mm). When evaporation is low (below 52.71 mm)507
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but there are some rainfall (above 31.65 mm) in this pixel, the groundwater recharge depends508

on if soil moisture has enough hydrological power to penetrate the soil, which associates with509

rainfall intensity and soil structure.510

Finally, note that for the same machine learning classification using different data, the results511

are still going to be different, see, e.g., Figs 6 and 7, and as such, the inference of groundwater512

recharge mechanism will be different. The possible reason is likely to be the different ways513

of building models. At this moment, the reliability of results depends on the classification514

accuracy of models. For example, our results (Figs 3, 4 and 5) show that the classifications515

using Australian local products have better accuracy in the middle inland areas, while global516

products have better accuracy in the southeastern and southwestern parts of the Australian517

continent. Thus, for the middle inland areas and the southeastern and southwestern parts of518

the Australian continent, we should use the models trained from Australian local and GLDAS519

global products to infer groundwater recharge mechanism, respectively.520

4.2. Strength, limitations and future direction521

4.2.1. Strength522

This study offers a possible solution to quantify groundwater recharge threshold conditions at523

a large scale using machine learning classification. To the best of the authors’ efforts, no previous524

study has ever done this topic, and our study is the first attempt. By using and comparing three525

different machine learning classification methods (CART as core, RF and LR as supplements),526

the results offer the specific threshold values for multiple conditions spatially with an average527

accuracy of 76% at least. Meanwhile, the results also provide a ranking of importance for528

multiple threshold conditions so that the groundwater recharge mechanisms in different areas529

are able to be inferred. More importantly, in section 4.1, we show that the inferred groundwater530

recharge mechanism matches with the physical reality to some extent. This proves the potential531

of using machine learning techniques to interpret groundwater recharge mechanism, i.e., cheap,532

fast, and do not require geological investigation and isotopic knowledge compared to traditional533

physical measurement.534
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4.2.2. Limitations and future works535

This is the first attempt to quantify groundwater threshold condition at a large scale using536

machine learning techniques. Although, the possibility using machine learning classification537

for such task is well explored, substantial work is required to address the current limitations538

presented in this manuscript.539

(i) The reliability of the results as the study is attempting to reproduce model-simulated540

recharge, rather than ‘real’ recharge. Despite the fact that the results showing some541

consistency with physical reality as shown in Section 4.1, the reliability of the results542

still lacks confidence due to the fact that most of the training data are simulated (e.g.,543

groundwater) rather than real observation (e.g., vegetation). For example, according to544

Li et al. (2019) and Hu et al. (2022b), GLDAS-DA products for groundwater may not be545

reliable in central Australia since it has not been validated there. To address this issue, as546

many real observational products from the field should be collected as possible. However,547

this is very difficult, considering the expensive cost and time of building borehole networks548

in a large scale. Picking some regional areas that have sufficient data for validation could549

be a possible solution.550

(ii) Lag issue. As mentioned in Section 2.6, this study does not consider lags between rainfall,551

groundwater and soil moisture. In future studies, we will try to replace models with real552

observation data, as well as taking lag into consideration when building the machine553

learning model so that the results will be closer to ‘reality’. Lags between groundwater554

and other parameters such as vegetation will also be tested in future studies.555

(iii) Different threshold values may have different recharge mechanisms. In this manuscript,556

we only quantify the threshold conditions and their corresponding values to distinguish557

net groundwater recharge/discharge. However, considering the seepage in the unsaturated558

zone and the drainage of groundwater are nonlinear, the threshold conditions for ground-559

water recharge (level rise) over e.g., 10 mm, 20 mm and 30 mm may become different,560

and thus, requires multiple tests.561

(iv) CART method. This study takes the CART as the core classification method, the RF562

and LR are employed to examine the classification accuracy and threshold condition im-563

portance ranking. As Table 2 shown below, CART as the only method that is able to564
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provide specific values of threshold conditions is believed as the most suitable path to565

quantify groundwater recharge threshold conditions on a large scale. The problem of566

CART, however, is the lower classification accuracy compared to other advanced classifi-567

cation techniques. Although, from the results of the Australian continent, the difference568

in average classification accuracy between CART, RF and LR (maximum 4% compared to569

LR; Table 2) is not obvious. For some specific pixels, the differences are over 10-20% (see570

Figs 4 and 5). Thus, some improvements are required for CART method, e.g., Wijaya and571

Bisri (2016) presented an approach that uses LR to reduce the data noise and improves572

the classification accuracy of CART.573

Table 2: Summary of features for the CART, RF, and LR methods.

Features/Methods CART RF LR

Classification Accuracy (Australian continent) 76% 77-78% 79-80%

Computation time 10-12 Minutes 2 Hours (10 trees) 50-55 Minutes

Ranking importance of threshold conditions ✓ ✓ ×
Specific threshold values ✓ × ×

Recharge mechanism interpretability Easy Hard Hard
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5. Conclusion574

By exploring different machine learning classification techniques; CART, RF and LR, using575

the Australian continent as a case study area, the results prove that it is possible to quantify576

groundwater recharge threshold conditions in a large scale, as well as infer groundwater recharge577

mechanism, though, significant work is still required to improve the reliability of the results as578

such including real observation data, lag consideration etc. For the current result, it indicates579

that:580

(i) The CART method classifies groundwater recharge/discharge with an average classifica-581

tion accuracy of 76%. This accuracy is consistent with other advanced machine learning582

methods: RF (77-78%) and LR (79-80%). More importantly, the CART indicates that a583

single (primary) condition is sufficient to classify groundwater recharge/discharge. Only584

the southeastern and southwestern parts of the Australian continent is dominated by585

multiple threshold conditions.586

(ii) The CART method seems to correctly rank the importance of the primary threshold587

condition since it shows similar results to the RF method. The less important threshold588

conditions identified by CART may not be reliable since RF shows that these threshold589

conditions are easily affected by the influence of random sampling. This should be careful590

when inferring groundwater recharge mechanism for multiple threshold conditions.591

(iii) The CART method is able to provide the spatial distribution of the monthly groundwater592

recharge threshold conditions (primary) and the specific values of each condition. Rainfall593

is the most primacy common threshold condition.594

(iv) The groundwater recharge mechanism can be largely inferred through the primary thresh-595

old conditions and their corresponding values. For multiple threshold condition, the596

less/more splits may indicate simpler/more complex mechanisms. However, using different597

training data generates uncertainty of classification results. The inference of groundwater598

recharge mechanism, therefore, should rely on results with better classification accuracy599

or be treated cautiously.600
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Supplementary Material607

Table 1: The prediction accuracy influence test for random forest; the effects from the number of trees and

random sampling. The accuracy is tested separately on 10, 50 and 500 trees. For 500 trees, we tested the

accuracy three more times to show the influence of random sampling. No obvious improvements of prediction

accuracy are observed with the increasing number of trees.

Pixel No. Pixel latitude Pixel longitude 10 trees 50 trees 500 trees 500 trees 500 trees 500 trees

1 31.875◦S 150.875◦E 72.2% 71.9% 75.1% 74.0% 75.0% 71.9%

2 12.125◦S 134.625◦E 84.7% 85.8% 85.9% 85.9% 85.4% 84.4%

3 32.375◦S 116.125◦E 91.1% 91.1% 89.0% 89.1% 89.4% 88.5%

4 29.625◦S 132.125◦E 68.3% 65.5% 65.6% 67.8% 67.7% 68.2%

5 26.375◦S 152.625◦E 77.6% 77.6% 79.7% 79.2% 79.7% 79.2%

6 22.875◦S 132.375◦E 75.0% 78.6% 77.1% 79.2% 77.6% 75.5%

7 24.875◦S 149.875◦E 74.5% 74.0% 74.0% 73.4% 74.0% 72.9%

8 15.875◦S 136.625◦E 87.5% 85.4% 87.0% 87.5% 86.5% 87.5%

9 37.375◦S 140.125◦E 88.5% 89.1% 89.1% 89.1% 90.1% 89.1%

10 26.625◦S 133.125◦E 69.8% 68.2% 68.8% 68.2% 68.2% 70.3%
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Chapter 6
Conclusion and future outlook

6.1 Conclusion

This thesis considers different groundwater issues in Australia through un-
derstanding of the groundwater spatio-temporal variability in relation to hy-
droclimate and hydrogeology. Special focuses were put on the groundwater
decline issue in Western Australia, the irrigated agriculture issue in the North-
ern Territory, the lack of a way to provide reliable groundwater spatio-temporal
information, and the missing information of groundwater recharge threshold
conditions across the Australian continent. The following summarises the main
outcomes of the thesis, which, to the best of the author’s knowledge, are im-
portant and novel academic contributions.

� The decline of groundwater levels in south-west Western Australia poses
a serious threat to society and the environment. To this end, the spatio-
temporal groundwater behaviours, e.g. long-term annual and seasonal
variation, and monthly spatial patterns, are organised from 2,997 bore-
holes in order to investigate the climate change and anthropogenic im-
pacts on groundwater. The decline of groundwater levels is found to be
obvious after 2000, occurring in the northern and southern parts around
Perth, where groundwater extraction frequently happens. Compared
to the continued decline in groundwater, rainfall after 2000 has kept
a steady annual trend, suggesting that human exploitation has a greater
impact on the dropping groundwater level than does climate change. Al-
though other studies indicate that the decline of rainfall after 1975 is one
of the causes leading to groundwater decline, the results, however, show
a relatively stable groundwater level for the 1980-2000 period. From
the perspective of spatial patterns, groundwater has a quick response to
rainfall, recharging mainly between May to August/September. Some re-
gions show a clear lag between rainfall and groundwater, e.g. 2 months
in the northern parts of Perth, and some regions reflect the fact that
rainfall needs to exceed a certain threshold to recharge groundwater, e.g.
60 mm/month in the southern parts of Perth. Additionally, the ground-
water behaviours in the coastal plain are different from those in moun-
tainous regions, most likely due to topographical and geological impacts.
Overall, anthropogenic impact is the primary reason for groundwater
decline, while climate change mainly controls the timing of groundwater
variation with less influence on groundwater decline.

� Agricultural water use in the Northern Territory almost entirely relies on
groundwater. The government is concerned that the available groundwa-
ter resource is unable to meet the requirement of irrigated agricultural
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expansion due to the fact that the information on irrigated agricultural
potential is insufficient. To address this issue, the groundwater avail-
ability and crop water demand are estimated under two scenarios, i.e.
average condition (2010-2019) and dry condition (2019; the lowest an-
nual rainfall since 1961). Melon, maize and citrus crops are selected as
representatives of short, medium and high water use crops. The balance
between groundwater availability and crop water demand is estimated
for every 60,000 hectares (the spatial resolution). The results under av-
erage 2010-2019 conditions show that the northern parts of the Northern
Territory have the most irrigated agricultural potential for expansion,
with groundwater availability capable of supporting 15.7%/9.1%/5.8%
per 60,000 hectares for the growths of melons, maize and citrus, respec-
tively. For the central and southern parts, these values are only about
4.6%/3.3%/1.6% and 0.6%/0.6%/0.1%, respectively. Under 2019 dry
condition, the above numbers basically reduced by 1/3, indicating the
sensitivity of agricultural potential to climate extremes. Therefore, large-
scale intensive agricultural expansion is not suggested, and regional-scale
intensive agricultural expansion should be carefully considered due to the
risk of climatic extremes.

� Many parts of Australia are currently facing a lack of groundwater spatio-
temporal information, which hinders the development and management
of groundwater resources. Considering the cost of building a borehole
network, the coarse spatial resolution of GRACE, and the uncertainty
from hydrological models, a knowledge-based approach is proposed for
quickly and reliably obtaining groundwater spatio-temporal information
without actual groundwater monitoring data. The main principle of this
approach is to use the inversion analysis of groundwater impact factors,
such as climate, topography and geology, to validate the performance
of hydrological models. In other words, the inversion analysis replaces
the function of borehole observations. With this approach proposed in
a data-deficient region, e.g. Lake Victoria Basin (Africa), and tested
in a data-rich region, e.g. the Australian State of Victoria, its reliabil-
ity is proven since both results in the two studies indicate that such an
approach is able to correctly reflect the groundwater spatial storage po-
tential and temporal changes. More importantly, this approach can be
applied to a variety of different regions around the world by adjusting
the model, climate, topographic and geological data used.

� Groundwater recharge threshold conditions provide useful information
for groundwater plan adaption; nevertheless, the topic has seldom been
discussed in Australia, possibly due to the difficulty of handling big data
and multiple relationships between factors and groundwater. Machine
learning, for its power in handling big data and multiple relationships,
is therefore employed to quantify the groundwater threshold conditions
across the Australian continent. Among all the machine learning tech-
niques, classification and regression tree is an ideal method by which to
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quantify the groundwater recharge threshold since it is easy to interpret.
However, models trained with this approach are often criticised for not
being as accurate in their predictions as are other advanced methods,
e.g. random forest and logistical regression. Therefore, the results of
the three machine learning techniques, i.e. classification and regression
tree, random forest, and logistical regression, for groundwater recharge
threshold quantification are compared. Overall, the three methods ob-
tained similar average prediction accuracies, with 76% for classification
and regression tree, 77-78% for the random forest, and 79-80% for logisti-
cal regression. Apart from the prediction accuracy, the classification and
regression tree method has the advantages of fast training and is the only
method providing specific threshold values for every condition. Based on
this, the spatial distribution of the primary threshold condition, and its
corresponding maps of values are provided using the classification and
regression tree method. It is worth noting that the performance of the
model can vary greatly, depending on the choice of data, e.g. the pri-
mary threshold condition and threshold values could change if different
datasets such as rainfall are selected for training. Therefore, when using
the classification and regression tree method to quantify groundwater
recharge thresholds, we recommend using multiple datasets to train dif-
ferent models and to compare their performance in order to assess the
uncertainty of the results.

6.2 Future outlook

Despite the significant efforts of this thesis, understanding groundwater in
Australia is a complex topic that requires further work. From the author’s
point of view, the outlook for the future should be in the following aspects:

� Improve the observational data. Currently, a major problem in this the-
sis is that the groundwater data are heavily model-dependent, and thus,
have uncertainties and cannot be verified in many regions without in-situ
data. Considering the expensive cost of building the in-situ networks,
GRACE seems to be the only observational data that can be used on a
large scale. However, the coarse spatial resolution of GRACE makes it
difficult to capture small hydrological signals and interpret them with lo-
cal hydrogeological features. Hence, possible ways such as the improved
K(a)-band ranging (KBR) and laser ranging instrument (LRI) data pro-
cessing, spatial downscaling using hydrogeological data, machine learn-
ing or artificial intelligence techniques, are helpful for describing more
detailed spatio-temporal groundwater characteristics in the future.

� More focuses on median and deep aquifers. Currently, shallow aquifers
with rainfall direct recharge are frequently discussed. However, in some
arid or semi-arid regions, median and deep aquifers may be the only
reliable water resource, e.g., Alice Springs in central Australia, thus,
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requiring more attention. Investigating the recharge source, rate, and
timing for these aquifers will be of great significance to groundwater sus-
tainable development. This will require a detailed local hydrogeological
investigation.

� Understanding the impact of geology on groundwater. Rocks as ground-
water containers have a considerable impact on groundwater behaviour,
nevertheless, few studies have carefully linked groundwater spatio-temporal
behaviours to geology such as rock types, granule size, fracture develop-
ment, confined or unconfined aquifers, water transmission between differ-
ent rock layers, etc. Collecting borehole data, figuring out the geological
layer and structure would be the key to this direction.

� Lag issues. Groundwater can be regarded as an infiltration process from
rainfall to groundwater. During this process, lag issues are usually ig-
nored in model establishment, e.g., water balance equation, or misunder-
stood, e.g., taking groundwater recharge threshold as the lag. Although,
this thesis is aware of the above problems, it does not propose a suitable
method to correctly quantify this lag. Using the combination of classifi-
cation tree, linear regression, and correlation analysis could be a way to
address this.

� Water contamination. Although the hydrochemical aspect is not within
the scope of this thesis, its spatio-temporal information, such as how
groundwater distribution and contamination changes spatially and tem-
porally, is also important to inform groundwater quality management.
To address this, field investigations such as water salinity testing and
isotope tracking are required.
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and P. Döll (2018), Improving drought simulations within the Murray-
Darling Basin by combined calibration/assimilation of GRACE data into
the WaterGAP Global Hydrology Model, Remote Sensing of Environment,
204, 212–228, doi:10.1016/j.rse.2017.10.029.

Schwartz, F., and M. Ibaraki (2011), Groundwater: A Resource in Decline,
Elements, 7 (3), 175–179, doi:10.2113/gselements.7.3.175.

135



Skurray, J., E. Roberts, and D. Pannell (2012), Hydrological challenges to
groundwater trading: Lessons from south-west Western Australia, Journal
of Hydrology, 412-413, 256–268, doi:10.1016/j.jhydrol.2011.05.034.

Sun, H., X. Zhang, E. Wang, S. Chen, and L. Shao (2015), Quantifying the
impact of irrigation on groundwater reserve and crop production - A case
study in the North China Plain, European Journal of Agronomy, 70, 48–56,
doi:10.1016/j.eja.2015.07.001.

Tang, Q., X. Zhang, and T. Y. (2013), Anthropogenic impacts on mass change
in North China, Geophysical Research Letters, 40, 3924–3928, doi:10.1002/
grl.50790.

Tapley, B., S. Bettadpur, M. Wakins, and C. Reigber (2004), The gravity
recovery and climate experiment: Mission overview and early results, Geo-
physical Research Letters, 31, doi:10.1029/2004GL019920.
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