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Synopsis 

Intermittent streams that cease to flow for some period of most years are prevalent across 

global river networks. Their spatial extent is projected to increase in regions experiencing 

drying trends related to climate change and water extraction for human uses. Intermittent 

streams sustain biodiversity by hosting a unique combination of aquatic, amphibious, and 

terrestrial assemblages as a result of their wet and dry phases. Compared to perennial 

streams, the ecological values of intermittent streams are not well-appreciated or understood, 

and thus intermittent streams are less commonly incorporated into policy, management, and 

regulatory decisions. As research on intermittent streams is increasing, there have been 

strident calls for better recognition and protection of intermittent streams. This thesis aims to 

develop new methods to address some key issues related to spatio-temporal dynamics and 

hydro-ecology of intermittent streams, with a focus on eastern Australia. 

River channel drying caused by intermittent stream flow is a widely-recognised factor shaping 

stream ecosystems. There is a strong need to quantify spatio-temporal variations in the 

hydrology of intermittent streams over broad spatial scales to inform ecological understanding 

and management. This is challenging because observational stream gauges are sparsely 

distributed and provide only point estimates of discharge. In this study, I developed models to 

simulate monthly discharge across river catchments. Due to the common issue of over-

estimating low flows in discharge simulations, I also identified appropriate zero flow thresholds 

to mitigate this uncertainty. I quantified spatial and temporal patterns of flow intermittency 

for every stream segment within river networks of five major catchments in south-eastern 

Queensland (SEQ), eastern Australia. Results showed that the temporal dynamics of flow 

intermittency varied dramatically inter-annually over the period of 1900-2016, with the 

proportion of intermittent streams ranging in length from 3 % to nearly 100% of river 

networks, but there was no evidence of an increasing trend towards flow intermittency over 

this period. This approach to generating spatially explicit and catchment-wide estimates of 

streamflow intermittency can facilitate improved ecological understanding and management 

of intermittent streams. 

Compared with monthly discharge simulations, daily discharge simulations can provide more 

detailed representation of the dynamic aspects of hydrological processes and potentially 

enables more ecologically relevant characterisation of hydrology. However, models of daily 

stream flow are more complex and often need to take river routing processes into account. I 

developed models to simulate daily stream flows for contiguous sub-catchments across entire 

river networks in two hydro-climatically distinctive regions (SEQ vs. the Tamar River 
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catchment). I evaluated the models in terms of their ability to represent different ecologically 

important components of flow regime and quantified environmental correlates of differences 

in model accuracy within and between regions. The models showed generally good 

performance in both regions. However, average- and high flows were better predicted than 

low flows in SEQ because it is difficult to represent climate and hydrogeological processes 

influencing the low-flow part of the hydrograph. Spatial variation in flow characteristics 

revealed the highly dynamic nature of flow permanence in space and time, with intermittent 

flows affecting between 29% and 80% of the river network over the period of 1911-2017. I 

discuss the pros and cons of the applications of modelled monthly and daily flows, and 

conclude that the appropriate choice of modelling time step depends on the primary 

objectives of the research. The monthly time-step is suitable for quantifying ecologically 

relevant spatial and temporal variations in streamflow intermittency, but may be insufficient 

for studies aimed at quantifying ecological responses to short term flow events. 

The hydrological variability of intermittent streams poses challenges for resident aquatic biota 

which require access to permanent surface water-bodies to persist during dry spells and to 

recolonise suitable habitats when flows resume. However, research to quantify the dynamics 

and environmental determinants of variation in surface water extent is usually conducted over 

limited spatial and/or temporal extents. One of the biggest barriers to this kind of research is 

the difficulty in obtaining observed data of surface water extent across river networks. In this 

study, I demonstrated a newly-developed field method for rapid surface water assessment, 

and then developed predictive models relating observed water extent to environmental 

attributes at 241 surveyed stream segments in SEQ. I used the models to predict daily 

variations in surface water dynamics throughout entire river networks over the past century, 

based on available long-term environmental attributes. Descriptors of surface water extent 

could be accurately modelled, with good internal and external validation performance. Long-

term variations in surface water extent were highly dynamic through space and time, although 

the overall length of river networks with surface water remained relatively stable from year to 

year. This study provides valuable insights into the potential priority conservation areas for 

aquatic biota across the study region. 

Systematic conservation prioritisation methods are increasingly being applied to freshwater 

ecosystems to identify candidate areas for ecosystem management and biodiversity 

protection. However, applications with emphasis on intermittent streams are scarce. The 

hydrological variability of intermittent streams means that the spatial distribution of dry 

season aquatic refuges within river networks and the temporal dynamics of hydrological 

connectivity between them are critical for the persistence of aquatic biodiversity. I developed 
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a new approach to incorporating both surface water persistence and hydrological connectivity 

into systematic conservation prioritisation in intermittent streams. I also included multiple 

freshwater fish species distributions as explicit targets for habitat prioritisation, and 

incorporated estimates of their relative mobility to maximise potentially re-colonisable stream 

length from refuges. Compared with the situation without mobility, the inclusion of species 

mobility could significantly reduce the number of aquatic refuges required to meet the set 

conservation targets. High priority aquatic refuges were widely distributed across the study 

river networks, encompassing streams in various orders from main stems to headwaters. The 

research can help enhance both the resistance and resilience of freshwater biodiversity in 

intermittent stream ecosystems. 

The thesis concludes with practical learnings from these modelling studies for intermittent 

stream research and management, namely, 1) that discharge simulations (monthly or daily) 

throughout river networks confirmed the prevalence of intermittent streams and revealed the 

highly dynamic nature of flow intermittency over space and time; 2) that spatial and temporal 

dynamics of surface water availability within stream reaches can be modelled through the 

combination of observed surface water extent with long-term environmental attributes; and 3) 

that systematic prioritisation of aquatic refuges by incorporating both surface water 

persistence and hydrological connectivity enables to efficiently meet conservation targets for 

species representation and cost-effective conservation management. The thesis also concludes 

with future challenges and directions for intermittent stream research. 
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Chapter 1: General introduction 

1.1 Intermittent flow regimes in a global context 

Intermittent streams are broadly defined as those in which surface water flow ceases and 

surface water may disappear for some period of most years (Uys and O'Keeffe, 1997). Flow 

intermittency is part of the natural hydrology of many streams and rivers globally, and 

intermittent streams occur on all continents, including Antarctica (Datry et al., 2017a). 

There is no general consensus on the terminology and naming conventions for streams of this 

kind, and they are variously described as non-perennial, temporary, seasonally intermittent, 

episodic or ephemeral, among other terms (Leigh and Datry, 2016; Steward et al., 2012; Uys 

and O'Keeffe, 1997). In this study, I distinguish three broad categories of streams based on key 

hydrological and geomorphic characteristics (Table 1-1), with examples for each category 

shown in Figure 1-1. Consistent with these definitions and also for simplicity, in the thesis I use 

the term “intermittent streams” to describe the combination of intermittent streams and 

ephemeral streams described in Table 1-1. 

Table 1-1. Three broad categories of streams and their descriptions 

Category of streams Description 

Perennial streams Flow all year and only cease to flow during rare extreme droughts (Boulton et 

al., 2000). They are often gaining systems receiving groundwater flow and 

have base flow during the dry season (Larned et al., 2010).  

Intermittent streams Have a defined channel, flow predictably for several months each year (e.g. 

during the wet season) but are normally dry during hot summer months 

(Boulton, 2014). The flow can be affected by the rainfall, groundwater or a 

combination of them (Larned et al., 2010). They usually have isolated pools 

during the dry season that may persist to the end of summer (Bonada et al., 

2007). 

Ephemeral streams Flow briefly with irregular timing and usually only after heavy rainfall 

(Boulton, 2014). They have less flow than intermittent streams with (often) 

poorly defined channel. 
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Figure 1-1. Examples of a perennial stream (left), intermittent stream (middle) and ephemeral stream 
(right) in south-eastern Queensland, Australia. 

Intermittent streams are the predominant water bodies in hyper-arid and arid regions (Datry 

et al., 2017b), and they are also abundant in temperate and humid areas, especially for 

headwater streams. (Fritz et al., 2013). At the national scale, around 59% of rivers and streams 

in the Unites States (excluding Alaska) (Nadeau and Rains, 2007) and 39% of all river segments 

in France (Snelder et al., 2013) were estimated to be intermittent. In Australia, a classification 

of natural flow regimes by Kennard et al. (2010b) revealed that 12 classes of distinctive flow-

regime types were most likely to exist in Australia, with different seasonal patterns of 

discharges and that degree of permanence ranging from perennial to varying degrees of 

intermittency (with 74% of the 830 stream gauges analysed ceasing to flow at least 1 day per 

year on average). However, these estimates are largely restricted to analysis of data from 

particular stream gauge locations, rather than using spatially contiguous flow data. Knowledge 

of runoff predictions in ungauged basins have recently been advanced through a decade long 

initiative, the Prediction in Ungauged Basins (PUB), launched by the International Association 

of Hydrological Sciences (IAHS) over 2003-2012 (Sivapalan et al., 2003). This initiative provides 

a better understanding of climatic and landscape controls on hydrological processes occurring 

at all scales and thus improves our ability to predict the fluxes of water in ungauged basins 

(Blöschl et al., 2013). The ability to obtain reliable spatially contiguous runoff predictions at 

both gauged and ungauged basins provide a potential opportunity to quantify spatio-temporal 

patterns of flow intermittency across entire river networks. 

In addition to the existing network of intermittent streams, rainfall reduction caused by 

climate change and water extraction for irrigated agriculture and other human use may 

increase the occurrence, duration and frequency of river drying (Datry et al., 2014b; Steward 

et al., 2012). As a result, there is an ongoing increase in the spatial and temporal extent of 
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intermittent streams around the world. This increase is likely to continue, with shifts from 

perennial to intermittent flow regimes projected by the 2050s for many parts of the world, 

including eastern Australia, Brazil, California, the Caribbean, southern Africa, West Africa, and 

around the Mediterranean Basin (Datry et al., 2017b; Döll and Schmied, 2012). Increasing flow 

intermittency can impose severe impacts to freshwater ecosystems. In streams, the major 

impacts include loss of surface water as habitat and refuges for aquatic biota, and the 

reduction of hydrological connectivity (Bond et al., 2008). 

Research on the hydro-ecology of intermittent streams is rapidly increasing in scope and depth 

of insight (Datry et al., 2011). Literature searches conducted by Leigh et al. (2016) revealed 

that the number of publications on intermittent stream research has increased exponentially 

over time for each of four topics, including: hydrological and ecological assessment, 

biogeochemistry, invertebrates, and fish. Additionally, the recent appearance of intermittent 

streams-based conceptual papers (Larned et al., 2010; Sponseller et al., 2013), cross-system 

comparisons (Datry et al., 2014a) and studies addressing the question of how intermittent 

stream are distributed spatially across large geographic areas (Snelder et al., 2013) all indicate 

a shift in research focus and growing interest in intermittent streams. 

It is also worth noting that the overall trend of increasing flow intermittency in streams and 

rivers is not universal. There are many regions where intermittent streams have become 

perennial (or nearly so) as a result of controlled releases from dams and weirs; discharge of 

agricultural, industrial and urban effluents; and inter-basin transfers (Datry et al., 2014b; 

Hassan and Egozi, 2001; Steward et al., 2012). While such changes impact on the natural 

ecology of river ecosystems, they are not the focus of the current study. 

1.2 Causes of flow intermittency 

The fundamental determinant of the occurrence of intermittent streams is the balance 

between water inputs and outputs to a catchment (Figure 1-2) (Buttle et al., 2012). A stream 

reach carries surface water when the water inputs (e.g. precipitation, inflow from upstream, 

lateral surface inflow and subsurface inflow) exceeds water outputs (e.g. evapotranspiration 

from riparian vegetation and stream water, infiltration through streambed and outflow to 

downstream), so that flow intermittency is a function of interactions among several multi-

scaled factors. Generally, factors occurring at three different spatial-scale have been identified 

to play roles in generating intermittent streams: broad-scale climatic processes (e.g. rainfall 

and air temperature), regional-scale factors (e.g. catchment area and slope, storage and 

porosity properties) and local groundwater-table fluctuations and seepage through permeable 

channels. For example, Snelder et al. (2013) found that regions in France with high probability 
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of intermittent streams are those with low annual rainfall, high air temperature, and steep and 

small catchments; however, these factors could only account for part of the probability. Small-

scale factors, such as local water table characteristics and the permeability of riverbed, may 

also influence where and when flow intermittency occurs by influencing the exchange 

processes between surface water and groundwater. 

 

Figure 1-2. Water inputs and outputs for a stream reach.  1- inflow from upstream; 2-precipitation onto 
stream surface; 3-lateral surface inflow; 4-subsurface inflow; 5-evapotranspiration from stream surface; 
6-evapotranspiration from riparian vegetation; 7-overbank flow losses; 8-infiltration through streambed; 
9-outflow from reach (modified from Buttle et al., 2012). 

Climatic controls, such as the timing and amount of precipitation, and evapotranspiration, are 

generally considered as first-order determinants of the presence of intermittent streams. The 

frequent occurrence of intermittent streams in arid and semi-arid regions (Levick et al., 2008) 

is largely due to low and variable precipitation (P) that is exceeded by potential 

evapotranspiration (PET) in these regions (Buttle et al., 2012). Flowing tracts of water in 

extensive intermittent stream systems, such as Sycamore Creek in the Sonoran Desert, 

Arizona, fluctuate widely in response to the temporal cycles of PET and P (Stanley et al., 1997). 

Conversely, temperate or humid regions are often characterised by higher and consistent 

precipitation that often exceeds PET, resulting in decreased incidence of intermittent streams. 

At the regional scale, key determinants of flow intermittency include hydrogeology conditions, 

such as the storage potential (e.g. substrate porosity and thickness of deposit or formation), 

transmission properties (e.g. hydraulic conductivity), and local slope in a given landscape 

(Winter, 2007). Highly permeable surficial geology and soils with rapid infiltration enhance 

flow permanency whereby water infiltrates during wet periods and re-emerges to contribute 

to streamflow during drier periods (Jencso and McGlynn, 2011). Hydrogeology can also 

enhance or override the influence of climatic controls on the occurrence of intermittent 
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streams (Buttle et al., 2012). For example, in areas with relatively impermeable bedrock 

overlain by rapidly drained soil, hillslopes may not be able to store sufficient water to sustain 

the base flow during the dry period, resulting in flow intermittency (Devito et al., 1996). 

At the reach scale, exchange process between rivers and groundwater, including groundwater-

table fluctuations and seepage through permeable channels, is widely recognized as a key 

control of flow intermittency (Figure 1-3). Flow occurs when the water table intersects with 

the river channel bed and ceases when the water table drops below the river channel bed 

(Konrad, 2006; Larned et al., 2010). A stream is termed to be gaining when groundwater 

discharge to the channel exceeds the infiltration and is termed losing when the opposite 

condition exists (Buttle et al., 2012). 

 

Figure 1-3. Exchange process between surface water and groundwater in low water table (pool 1) and 
high water table (pool 2) conditions, respectively. 

In addition to the many natural causes of intermittency, flow cessation can result from 

multiple human activities, including alterations of land use, flow regulation, surface and/or 

groundwater extraction (Datry et al., 2017b). Even large rivers are not immune to flow 

intermittency caused by humans. For example, the Yellow River in China is the world’s sixth 

longest river (5,464 km in length) and was perennial before 1972, but is now intermittent and 

connects to the sea only infrequently (Fu et al., 2004; Liu and Zhang, 2002). This is a direct 

result of the construction of 12 major dams along the river, combined with a dramatic increase 

in water abstraction for human consumption and irrigation (Datry et al., 2017b). 

1.3 Hydro-ecological features of intermittent streams 

Alternating wet and dry phases are the distinguishing and ecologically important hydrological 

feature of intermittent streams. When surface flow ceases, stream channels dry out and 

surface water may be present only in a series of disconnected pools. Cease-to-flow periods can 

place aquatic biota under considerable physical and physiological stress, by causing declines in 
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water quality and aquatic habitat availability (Drummond et al., 2015), so that aquatic biota 

need to find refuges to survive extended dry periods. The term of ‘refuge’ is used in this thesis 

to indicate microhabitats that provide protection from contemporary temporal or spatial 

disturbances (Davis et al., 2013). Persistent waterholes have been identified to serve as critical 

refuge habitats for biota during low-flow periods (Bond et al., 2015), and their spatial and 

temporal arrangements, combined with the intrinsic biological characteristics of species 

enabling them to persist in such habitats, can strongly shape the population dynamics, 

community structure, and recovery processes (e.g. dispersal and recruitment) when flow 

resumes (Magoulick and Kobza, 2003). 

When stream channels are re-wetted by surface flow, it provides essential hydrological 

connectivity by linking a patchwork of perennial habitats (Jaeger et al., 2014). Hydrological 

connectivity in this thesis refers to the longitudinal connection of surface water within river 

networks. Hydrological connectivity is widely recognised as a primary driver of freshwater 

ecosystem structure and function (Bunn et al., 2006; Larned et al., 2010; Leigh et al., 2016) and 

is fundamental to movement of aquatic organisms and exchange of materials and energy 

across aquatic habitats. Hydrological connectivity also contributes to the resilience of aquatic 

species by facilitating the re-colonisation of motile and drifting organisms from isolated stream 

pools to rewetted channel reaches (Jaeger et al., 2014; Magoulick and Kobza, 2003; Stanley et 

al., 1997). 

Study of the hydro-ecological features of intermittent streams relies on accurate quantification 

of zero flow periods. Although the can be achieved through observed streamflow data at 

stream gauges, the use of electrical arrays by measuring electrical conductivity of the 

streambed (Jaeger and Olden, 2012), and periodic field observations by citizen scientists 

(Turner and Richter, 2011), development of hydrological models is necessary if study areas are 

relatively large and ungauged streams are also of interest. However, the uncertainty of 

hydrological models on low/zero flow predictions is particularly high (Davison and van der 

Kamp, 2008), and thus hydrological models providing improved predictions of low/zero flow is 

needed to gain a better understanding of the ecological effects of the hydro-ecological 

features of intermittent streams. 

From an ecological perspective, surface water persistence determines the availability and 

extent of aquatic refuges in dry periods, while hydrological connectivity provides opportunities 

for dispersal and re-colonisation when flow resumes: both are key ecological processes in 

intermittent streams (Datry et al., 2014b). The dynamic wetting-drying cycles create mosaics of 

aquatic and terrestrial habitats that influence physical, chemical and biological processes in 

intermittent streams (Larned et al., 2010). Datry et al. (2016b) used hydrogeographic data to 
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describe the spatial-temporal dynamics of intermittent stream habitats within five river 

networks in France, and a high degree of complexity was seen in landscape-metric (describing 

spatio-temporal variation in patches in the landscape) variability over short time frames and 

among neighbouring catchments. 

To survive in the highly dynamic mosaics of habitats in intermittent streams, aquatic biota 

must contend with long periods of no flow and limited surface water, and so they have evolved 

different strategies to persist in these environments. Some organisms withstand the drying 

disturbance through different physiological or behavioural adaptations, referred to as 

“resistance”. For example, species from several aquatic groups (e.g. crustacean, molluscs, 

insects, and even some fish) can persist for months or years in dry river sediments as cysts, 

cocoons, or diapausing juveniles or adults (Boulton et al., 1992; Stubbington and Datry, 2013; 

Williams, 2006). 

For those organisms that lack resistant stages, they may have the ability to quickly recolonise 

after the drying disturbance, referred to as “resilience”. Such abilities include various life 

history traits and behavioural or morphological adaptations such as high dispersal capacity, 

short life cycles, early reproduction, and high fecundity (Datry et al., 2014b; Fritz and Dodds, 

2004; Williams, 2006). Species with strong dispersal abilities can take advantage of 

hydrological connectivity and quickly recolonise rewetted habitats by drifting, active 

swimming, or flying from perennial refuges (Chester and Robson, 2011). The arrangement of 

aquatic habitat patches in intermittent streams fluctuate over multiple spatial and temporal 

scales, and the resistance and resilience mechanisms enable aquatic species to survive and 

even flourish in the harsh environments. The fluctuations in intermittent streams, in turn, 

create highly dynamic metapopulations and metacommunities (Cañedo-Argüelles et al., 2015; 

Jaeger et al., 2014). 

1.4 Challenges for intermittent stream management 

Intermittent streams face the same impacts from human activities as perennial streams, such 

as alterations to flow regimes (the timing, volumes, and durations of flow), changes to surface 

water and/or groundwater quality, invasion by exotic species, and changes to the morphology 

of the channel and its catchment (Acuña et al., 2014; Cooper et al., 2013). However, in contrast 

to perennial streams, the ecological values of intermittent streams are not well-appreciated or 

understood and thus intermittent streams are less commonly incorporated into policy, 

management, and regulatory decisions. 

The availability and quality of refuge habitats are currently under combined threats from land-

use intensification (e.g. increasing urbanisation) and changes in water availability driven by 
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human consumption and a changing climate (Davis et al., 2015; Vorosmarty et al., 2010). To 

better protect and manage intermittent streams, identification of priority refuge habitats is a 

critical conservation challenge. Recent years have seen increasing applications of systematic 

conservation planning methods to identify priority refuge areas in freshwater ecosystems 

(Hermoso et al., 2011; Linke et al., 2011; Moilanen et al., 2008; Nel et al., 2009), but for 

obligate freshwater biota, these approaches often assume that neighbouring planning units 

(e.g. stream segments) are hydrologically connected. This assumption is generally true for 

perennial streams, but is not the case for intermittent streams, because periods of low flow 

creates physical disconnections between permanent surface water bodies over potentially 

large river networks extents and for long periods of time (Garbin et al., 2019; Larned et al., 

2010). Therefore, systematic prioritisation of intermittent streams for conservation 

management that incorporates both surface water persistence and hydrological connectivity 

should enable more effective representation of key hydro-ecological processes that sustain 

biodiversity in these systems. 

1.5 Research questions and thesis structure 

There have been strident calls for better recognition and protection of intermittent streams 

(Acuña et al., 2014; Datry et al., 2016a; Datry et al., 2014b; Jacobson and Jacobson, 2013). To 

address these calls requires research to answer several key questions: how can we determine 

the spatial and temporal variations in intermittent streams given that traditional flow gauging 

systems tend to be spatially biased to perennial streams? There is also the question of how 

persistent is the remaining surface water when streams cease to flow and what are the key 

environmental factors that determine this? Where are the “hotspots” in river networks that 

provide long-term aquatic refuges for species to survive extended dry periods and to re-

colonise other parts of river networks when flows resume? 

To answer these and other questions, alternative methods are required that can provide 

reliable estimates of stream flow not only at particular locations (e.g. at stream gauges) but 

throughout entire river networks and at ecologically informative time steps (i.e. not only 

seasonal or monthly, but even daily time steps). Improved understanding of spatial and 

temporal dynamics of surface water extent, especially when streams cease to flow, is also 

required to understand how potential aquatic refuges, and periodic connectivity among them 

may serve to sustain ecological processes and biodiversity in intermittent stream networks. 

Once these two knowledge gaps are addressed, it is possible to identify priority conservation 

areas within river networks by taking into account both surface water persistence and 

hydrological connectivity. This will enable efficient and cost-effective conservation and 

management of intermittent stream ecosystem and enhance both the resistance and 
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resilience of freshwater biodiversity. Therefore, this study tries to address these related 

questions in four data chapters, with a focus on eastern Australia, in the hope to develop a 

better physical and ecological understanding of intermittent streams. 

The remainder of this thesis consists of an additional six chapters, which are summarised 

below. 

Chapter 2 describes the study areas in eastern Australia, in terms of climate, catchment 

topography, and land use, in order to provide context for the rest of thesis. 

Chapter 3 describes a new method to identify the spatial extent and temporal patterns of flow 

intermittency using spatially contiguous runoff data at a monthly time step over the past 

century. Due to the common issue of over-estimating low flows in discharge simulations, in 

Chapter 3, appropriate zero flow thresholds are identified to mitigate the uncertainty in low 

flow simulations. 

Chapter 4 extends the research conducted in Chapter 3, by simulating discharge data at a daily 

rather than monthly time step. Daily flow simulations enable more ecologically-relevant 

characterisation of flow regime in intermittent streams, but at the potential cost of higher 

uncertainty. The applicability of the daily flow model is compared in two climatically and 

hydrologically distinctive regions. 

The ability of intermittent streams to sustain aquatic refuges is a critical determinant of 

ecosystem resistance and resilience to dry cycles. Chapter 5 presents a practical approach to 

quantifying spatial and temporal variation in surface water extent (and persistence) in 

intermittent stream networks. I combined both field sampling and analysis of existing spatial 

datasets to develop and validate a predictive model of surface water extent. 

Chapter 6 proposes a new approach to incorporating surface water persistence (Chapter 5) 

and hydrological connectivity (Chapter 4) to identify priority aquatic refuges for freshwater 

species in dendritic river networks, in the hope to enhance both the resistance and resilience 

of freshwater biodiversity in intermittent stream ecosystems. 

The final chapter, Chapter 7, draws together the conclusions from each of the chapters and 

discusses their applications for our scientific understanding of intermittent streams. 

Recommendations are provided to assist managers in incorporating the consideration of 

intermittent streams into planning, ecosystem monitoring and policy. 
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Chapter 2: Study areas 

2.1 Introduction to the study areas 

The majority of the research presented in this thesis was conducted in coastal river catchments of 

south-eastern Queensland (SEQ). The exception to this was in Chapter 4 which also involved 

research in the Tamar River catchment (Tamar) in Tasmania, south-eastern Australia. General 

information on climate, catchment topography, and land use for the two study areas is presented 

below and further information is provided in the subsequent chapters. 

2.2 South-eastern Queensland 

South-eastern Queensland is a coastal region with an area of 21,331 km2 and is home to 72% of the 

Queensland population (Australian Bureau of Statistics, 2011). The regions comprises five major river 

catchments, including Brisbane River, Maroochy River, Pine River, Logan-Albert River, and South 

Coast River catchments (Australian Bureau of Meteorology, 2014b)(Figure 2-1), SEQ is a region of 

transitional temperate to subtropical climate with substantial inter- and intra-annual variation in 

discharge. Temperatures rarely exceed 35.0 °C or go below 10.0 °C for extended periods. 

2.2.1 Catchment topography 

The SEQ study area can be divided into two main topographic regions, namely, 1) the coastal area, 

dominated by the coastal plain and the major river floodplains and estuaries and 2) The inland area, 

featured by the hinterland foothills and mountains (Granger and Leiba, 2000). The coastal plain is 

generally narrow, rarely exceeding more than 15 km, and its elevations are generally less than 20 m 

above Australian Height Datum (AHD). The river floodplains come from the five major river systems 

and numerous creeks and are generally narrow, with main streams generally entrenched. In their 

lower reaches, they all tend to meander significantly. The estuaries of the rivers in SEQ are generally 

quite small, except for the complex and inter-connected estuary in the South Coast River catchment. 

The narrow coastal plain is backed by the foothills and escarpments of the hinterland high country 

(maximum elevation = 1351 m). The main ranges trend in a north to south direction. The southern 

area is the most rugged, with deeply incised streams forming spectacular gorges and water falls. A 

number of outlier hills, all with summits at less than 300 m above AHD, also provide relief closer to 

the coast. 
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Figure 2-1. Locations of the two climatically and hydrologically distinctive study areas in eastern Australia (a), and of the major catchment(s) and associated river networks 
for south-eastern Queensland (b) and the Tamar River catchment (c). The distribution of stream gauges in each study area is also shown. The climate classification (a) is 
based on Köppen classification system and is sourced from Australian Bureau of Meteorology (2014a). 
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2.2.2 Rainfall and hydrology 

The majority of rainfall and streamflow usually occurs in the summer months of January to 

March, often followed by a second minor discharge peak between April and June, but high and 

low flows may occur at any time of year (Kennard et al., 2007). The long-term area-averaged 

rainfall in SEQ is 1,063 mm per year (based on the 1961 – 1990 period), although there is 

substantial spatial variation in rainfall patterns with higher rainfall occurring in the coastal area 

with the annual maximum value of 2,369 mm and lower rainfall in the inland area with annual 

minimum value of 765 mm (Figure 2-2a). In SEQ, there are a range of flow regimes with many 

streams being intermittent to varying degrees (Kennard et al., 2010b). 

 

Figure 2-2. Spatial pattern of average rainfall in SEQ and Tamar over the period of 1961 – 1990. Rainfall 
data are sourced from Australian Bureau of Meteorology (2016). 

2.2.3 Land use 

Grazing and Conservation and Natural Environments are the two most common land uses in 

SEQ, with an area proportion of 54% and 16%, respectively (Australian Bureau of Agricultural 

and Resouces Economics and Sciences, 2014). Grazing occurs mostly in the inland area, while 

urban land use (8%) is concentrated in the coastal area of SEQ. Conservation and Natural 

Environments land use is mainly distributed around the urban areas, as well as the northern, 

inland, and southern edges of the region. Irrigated agriculture (3%) mainly happens along 

some inland major rivers in the western and southern parts of SEQ. Urban and irrigation 

agriculture are the two land use activities of the major water users. Other land uses, including 

forestry, dryland agriculture, mining and other intense use account for the remaining 19% of 

total SEQ area. 
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2.2.4 Stream gauges 

Stream gauges in SEQ were selected to validate the simulated stream flow data in Chapter 3 

and to calibrate model parameters and validate modelled flow data in Chapter 4. Following the 

gauge selection criteria applied by Kennard et al. (2010a), including 1) little or no hydrologic 

modification due to human activities, 2) a period of hydrologic record ≥ 15 years, and 3) ≤ 10% 

missing monthly discharge data, a total of 43 stream gauges in SEQ were used in this thesis 

(Appendix A). They were widely dispersed throughout SEQ and encompassed a range of 

stream sizes and flow regime types (Figure 2-1b). 

2.2.5 Field sampling sites 

A total of 256 sampling sites were selected in SEQ to measure surface water extent in Chapter 

5. Rivers and streams in the region generally have well-defined riffle-run-pool sequences in the 

mid- to upper reaches of the catchments. Lowland main channel areas are characterised by 

long, deep, and slow-flowing reaches with sandy substrates that are interspersed with bedrock 

controls and large riffles. The sampling sites were widely dispersed throughout SEQ, covering a 

range of stream sizes, catchment topography and flow regime types. The aquatic state on the 

sampling date varied from flowing to completely dry (Figure 2-3). 

2.3 The Tamar River catchment 

The Tamar River catchment (Tamar) is located in Tasmania, an island state off Australia’s south 

coast (Figure 2-1a). It drains a catchment area of approximately 11,215 km2, comprising over 

one fifth of Tasmania’s land mass and is located in north-east and central Tasmania. Tamar is 

in a region where rainfall is relatively evenly distributed throughout the year and most months 

receive very similar averages, according to the climate data from the Australian Bureau of 

Meteorology (http://www.bom.gov.au/climate/data). However, potential evapotranspiration 

is highly seasonal and is a key determinant of hydrologic seasonality (Western et al 2004). 

Tamar displays more predictable and stable flow regimes than SEQ. The average annual rainfall 

is 862 mm across the period of 1961-1990, ranging from 485 – 1,783 mm (Figure 2-2b). There 

were 15 stream gauges used in the analysis of a comparison study in Chapter 4 (Appendix B) 

and they covered a range of geomorphic conditions, ranging from mountains to floodplains, 

from headwaters to lowland streams (Figure 2-1c). Dominant land uses in the Tamar River 

catchment by land area are dryland agriculture (31%), conservation and natural environments 

(29%) and grazing native vegetation (26%), with other land uses covering the remaining 14% of 

the total land area.

http://www.bom.gov.au/climate/data
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Figure 2-3. Photos of example sampling sites in south-eastern Queensland, of which the aquatic state ranges from flowing to completely dry. 
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Abstract 

River channel drying caused by intermittent stream flow is a widely-recognised factor shaping 

stream ecosystems. There is a strong need to quantify the distribution of intermittent streams 

across catchments to inform management. However, observational gauge networks provide 

only point estimates of streamflow variation. Increasingly, this limitation is being overcome 

through the use of spatially contiguous estimates of the terrestrial water-balance, which can 

also assist in estimating runoff and streamflow at large-spatial scales. Here I proposed an 

approach to quantifying spatial and temporal variation in monthly flow intermittency 

throughout river networks in eastern Australia. I aggregated gridded (5x5 km) monthly water-

balance data with a hierarchically nested catchment dataset to simulate catchment runoff 

accumulation throughout river networks from 1900-2016. I also predicted zero flow duration 

for the entire river network by developing a robust predictive model relating measured zero 

flow duration (% months) to environmental predictor variables (based on 43 stream gauges). I 

then combined these datasets by using the predicted zero flow duration from the regression 

model to determine appropriate ‘zero’ flow thresholds for the modelled discharge data, which 

varied spatially across the catchments examined. Finally, based on modelled discharge data 

and identified actual zero flow thresholds, I derived summary metrics describing flow 

intermittency across the catchment (mean flow duration and coefficient-of-variation in flow 

permanence from 1900-2016). I also classified the relative degree of flow intermittency 

annually to characterise temporal variation in flow intermittency. Results showed that the 

degree of flow intermittency varied substantially across streams in eastern Australia, ranging 

from perennial streams flowing permanently (11-12 months) to strongly intermittent streams 

flowing 4 months or less of year. Results also showed that the temporal extent of flow 

intermittency varied dramatically inter-annually from 1900-2016, with the proportion of 

intermittent (weakly and strongly intermittent) streams ranging in length from 3 % to nearly 

100% of the river network, but there was no evidence of an increasing trend towards flow 

intermittency over this period. My approach to generating spatially explicit and catchment-

wide estimates of streamflow intermittency can facilitate improved ecological understanding 

and management of intermittent streams in Australia and around the world. 
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3.1 Introduction 

The ecology and management of perennial streams have long been a central focus of 

freshwater sciences, while intermittent streams have only seen recent research interests 

(Acuña et al., 2017; Datry et al., 2014b; Leigh et al., 2016). Many contemporary ecosystem 

theories developed to explain how rivers function originated from research on temperate, 

perennial streams and their transferability to non-perennial streams is not well understood 

(Williams, 1988). Uncritical extrapolation of theories developed in permanent lotic ecosystems 

to intermittent streams can prove perilous or even misleading (Boulton and Suter, 1986). 

However, intermittent streams are extremely prevalent, potentially comprising at least 50% of 

the world’s lotic freshwaters (Acuña et al., 2014; Datry et al., 2014b; Leigh et al., 2016). 

Additionally, the number and length of intermittent rivers are projected to increase in regions 

experiencing drying trends related to climate change and increases in water abstraction for 

socio-economic uses (Datry et al., 2011; Larned et al., 2010), which are altering river flow 

regimes and hydrologic connectivity (Döll and Zhang, 2010; Jaeger et al., 2014). 

Improved understanding of temporal and spatial patterns in flow intermittency is 

fundamentally important for effective river management (Snelder et al., 2013). However, this 

has been impeded by the scarcity of information about the distribution and hydrologic 

characteristics of intermittent streams (Acuña et al., 2017; Datry et al., 2011; Nadeau et al., 

2015). This has resulted in increased research focus on quantifying the distribution of 

intermittent streams in particular geographic regions, such as France (Snelder et al., 2013), 

Australia (Kennard et al., 2010b), Spain and North America (de Vries et al., 2015). A key 

shortcoming of these studies, however, is that they are largely restricted to analysis of data 

from particular stream gauge locations, rather than using spatially contiguous flow data. This 

has made it difficult to effectively communicate the essential spatial relationships of complex 

hydrologic systems (Turner and Richter, 2011).  

Alternative methods of identifying intermittent streams include the use of electrical arrays by 

measuring electrical conductivity of the streambed (Jaeger and Olden, 2012), citizen-

observation networks supported by regular reports from trained volunteers (Datry et al., 

2016b; Turner and Richter, 2011), deployment of unmanned aerial system (Spence and 

Mengistu, 2016), modelling stream flows for ungauged catchments (Young, 2006), and 

developing predictive models for intermittent streams (González-Ferreras and Barquín, 2017). 

Nevertheless, shortcomings still exist in these methods. Electrical arrays alone are only able to 

determine absence/presence of water and cannot provide quantitative stream discharge 

estimates, and can also provide false positives due to retained moisture in pools. The mapping 

accuracy by citizen-observation methods is limited by subjectivity of interpretation and the 
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frequency of site visits, and observations can be interrupted by unexpected reasons such as 

extreme bad weather events and sickness. The utility of unmanned aerial system is often 

impaired by riparian tree canopy (Turner and Richter, 2011) and may take more time than 

would have been required to conduct ground-based surveys of the intermittent stream, let 

alone the office labour time analysing high-resolution images (Spence and Mengistu, 2016). 

Most models have serious limitations in accurately simulating hydrological extremes, including 

low flow events that may lead to zero flows (Costigan et al., 2017). Predictive models only tell 

the static distribution of intermittent streams rather than their temporal dynamics. 

The ideal hydrologic data required for quantifying geographic and temporal variation in flow 

intermittency is continuously-measured streamflow data gauged at every point of river 

channel, however this is unrealistic. Instead, researchers are increasingly utilising widely 

available climate and other environmental datasets to develop hydrologic models to provide 

equivalent data. Recently, a water balance model (AWAP) has been developed to model the 

terrestrial water balance across continental Australia and to provide gridded monthly water 

balance data at the national scale (Jones et al., 2009; Raupach et al., 2009; Raupach et al., 

2018). Key inputs and constraints on the model are the meteorology (solar radiation, 

precipitation, minimum and maximum daily temperature) and other environmental 

characteristics (e.g. albedo, soil characteristics, seasonality of vegetation greenness), most of 

which comprise a century-plus time series from the beginning of 1900 to the end of the latest 

year. The model yields spatially contiguous monthly water availability values gridded at a 

spatial resolution of 5 km. The development of such water balance models in Australia as well 

as other parts of the world provides the potentials to overcome the limitation of point-

estimates of discharge data. The more than one century (1900-2016) record of the Australian 

terrestrial water balance simulated by the AWAP model offers a promising opportunity to 

identify both the spatial and temporal patterns of flow intermittency. A key limitation of the 

gridded runoff output from the AWAP model is that it cannot be used directly to identify flow 

intermittency in streams and rivers as it requires conversion to discharge data along river 

networks, by accumulating runoff down catchments.  Developing such a conversion process 

requires a combination of the gridded runoff with a hierarchically nested catchment 

framework as an effective and efficient way. In addition, due to the potential uncertainty in 

the ability of water-balance models to predict low flows (Costelloe et al., 2005; Ivkovic et al., 

2014; Ye et al., 1997), causing over-estimation of the magnitude of low flows in this case, 

estimation of an appropriate zero flow threshold was necessary for each stream segment. The 

modelled discharge data may require truncation at low flows to accurately reflect cease to 

flow dynamics. This truncation will likely vary across catchments based on stream size, and is 

best estimated empirically by comparison with observed flow data. 
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In this study, I developed a new method based on the AWAP model to identify the spatial 

extent and temporal patterns of flow intermittency using spatially contiguous flow data. This 

method was designed to overcome the aforementioned limitations by making the conversion 

process effective and efficient and identifying appropriate zero flow thresholds for modelled 

discharge data. This research presents an innovative approach that could provide insights into 

two key issues confronting intermittent stream management identified by Acuña et al. (2017): 

1) the scarcity of information on the spatial extent of intermittent streams; 2) the potential 

shift of perennial streams to intermittent streams due to climate change and intense human 

activities. 

3.2 Methodology 

3.2.1 Stream and catchment framework 

The hierarchically nested catchment dataset used in this study was sourced from the 

Australian Hydrological Geospatial Fabric (Geofabric) (Stein et al., 2014), which provides a fully 

connected and directed stream network and associated catchment hierarchy. I used the 

directed stream network and associated catchment boundaries (i.e. AHGF Catchment 

boundaries, Figure 3-1) as well as accompanying environmental data (Table 3-1)(Stein et al., 

2014). 

3.2.2 Study area 

This research was conducted in five major coastal river basins of south-eastern Queensland 

(SEQ), Australia, comprising an area of 21,331 km2 (Figure 3-1) (Australian Bureau of 

Meteorology, 2014) and home to 72% of the Queensland’s population (Australian Bureau of 

Statistics, 2011). SEQ has 7,229 stream segments and their corresponding sub-catchments in 

the Geofabric out of 1.4 million for Australia. SEQ is a region of transitional temperate to 

subtropical climate with substantial inter- and intra-annual variation in discharge. Usually the 

majority of rainfall and streamflow occur in the summer months of January to March, often 

followed by a second minor discharge peak between April and June, but high and low flows 

may occur at any time of year (Kennard et al., 2007). Thus, there are a range of flow regimes 

with many streams being intermittent to varying degrees. Kennard et al. (2010b) identified 

three major flow regime types in SEQ coastal streams and rivers: Class 4 (unpredictable 

baseflow), Class 7 (unpredictable intermittent) and Class 11 (unpredictable summer highly 

intermittent). Each major catchment was further divided into sub-catchments using the 

Geofabric (Figure 3-1b). 
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Figure 3-1. Geofabric river network and catchments in south-eastern Queensland (SEQ) and the 
locations of 43 selected gauges within SEQ. Inset (a) shows the relative location of SEQ in Australia and 
inset (b) indicates Geofabric stream segments and associated sub-catchments. 

3.2.3 Gauged streamflow data 

Mean daily discharge data for 43 stream gauges were used in the analyses (Figure 3-1 and 

Appendix A). The gauges were widely dispersed throughout the study area and encompassed 

a range of stream sizes and flow regime types. These included the 30 gauges used in Kennard 

et al. (2010b) plus an additional 13 gauges acquired from Bureau of Meteorology 

(http://www.bom.gov.au/waterdata/) that met the following criteria: (1) little or no hydrologic 

modification due to human activities; (2) a period of hydrologic record ≥ 15 years; (3) ≤ 10%  

missing mean monthly discharge data. Criterion 1 was assessed using the River Disturbance 

Index (RDI)(Stein et al., 2002). This index was computed based on flow regime disturbance 

caused by impoundments, flow diversions and levee banks, and catchment disturbance due to 

urbanisation, road infrastructure and land use activities. Criterion 2 was based on the 

conclusion of Kennard et al. (2010a) that 15 years of discharge record is suitable for use in 

hydrologic metric estimation. For each gauge, I converted daily discharge data (103m3/day) to 

mean daily discharge per month (103m3/month) and calculated the percentage of months with 

zero flow across the entire record. This summary metric was used as the response variable in 

the subsequent regression analyses (Figure 3-2). Uncertainty exists in the measurement of 

discharge by stream gauging, especially at very low flows (Kennard et al., 2010a), as gauging 
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stations are not normally well-calibrated to measure zero flows and small changes due to 

erosion/deposition of sediments in the gauging section can modify the estimate of zero flow 

(Gallart et al., 2017). I therefore defined the threshold of flowing water as 0.1 103m3/day 

(McJannet et al., 2014). Preliminary analyses using different zero flow thresholds (i.e. 0, 0.1, 1, 

2, and 3 103m3/day, respectively) revealed very little difference in the percentage of time with 

zero flows for the entire record. 

3.2.4 Environmental variables 

Numerous environmental variables have the potential to influence spatial variation in zero 

flow duration. For instance, Snelder et al. (2013) used a random forest model to assess the 

degree to which flow intermittency was related to different environmental variables based on 

628 gauges across France. They found eight out of 15 selected environmental variables 

(including climatic and catchment variables) were significant predictors of flow intermittency. 

Guided by previous studies, I used 13 environmental variables as candidate predictors of 

spatial variation in zero flow duration (Table 3-1 and Figure 3-2). These included the following 

five climatic parameters calculated for the catchment upstream of each gauging station: 

average annual precipitation (Aver_annual_Precip), average annual total evaporation 

(Aver_annual_FWE), average annual daily maximum temperature (Aver_annual_TempMax) 

and average annual daily minimum temperature (Aver_annual_TempMin) and catchment 

average annual mean temperature (CATANNTEMP). The first four parameters were calculated 

in the same way by averaging gridded monthly climatic data (source: AWAP) for the catchment 

upstream of stream gauge across the total record. The last parameter as well as the following 

parameters were obtained from the Geofabric datasets (Stein et al., 2014). Additional variables 

included catchment-scale parameters, including catchment area (CatArea), catchment shape 

(Elongation ratio; Shape), catchment average slope (Slope), catchment average elevation 

(Elev), catchment storage (CATSTORAGE), catchment maximum elevation (CATELEMAX), 

catchment average saturated hydraulic conductivity (CAT_A_KAST) and stream density 

(STRDENSITY). All environmental variables were calculated for the catchment upstream of the 

gauging station. 

 

 

 

 

Table 3-1. Environmental predictor variables included in the regression analyses. 
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Environmental variable Detail Unit Source 

Aver_annual_Precip Average annual precipitation m/d AWAP 

Aver_annual_FWE Average annual total actual evaporation  m/d AWAP 

Aver_annual_TempMax Annual daily maximum temperature  °C AWAP 

Aver_annual_TempMin Annual daily minimum temperature  °C AWAP 

CATANNTEMP Catchment average annual mean 

temperature 

°C GeoFabric lookup table 

CatArea Catchment area km2 GeoFabric lookup table 

Shape Catchment shape (Elongation ratio)   GeoFabric lookup table 

Slope Catchment average slope ° GeoFabric lookup table 

Elev Catchment average elevation m GeoFabric lookup table 

CATSTORAGE Catchment storage % GeoFabric lookup table 

CATELEMAX Maximum upstream elevation m GeoFabric lookup table 

CAT_A_KAST Catchment average saturated hydraulic 

conductivity 

mm/h GeoFabric lookup table 

STRDENSITY Stream density km/km2 GeoFabric lookup table 

 

3.2.5 Converting simulated runoff data to spatially contiguous discharge data 

The simulated runoff data from the water balance model was downloaded from outputs of the 

AWAP model Run 26j (http://www.csiro.au/awap/) (Figure 3-2). These data are in gridded 

format and required conversion to stream flow for each sub-catchment by aggregating the 

gridded runoff data with a hierarchically nested catchment to simulate discharge throughout 

river networks. This conversion process was undertaken using the catchstats package in R, but 

with modification of two functions (Table 3-2) into parallel processing versions to speed up the 

calculation process. There are four functions applied in the conversion process (Table 3-2). The 

principle of the conversion process is that firstly gridded runoff output from the AWAP model 

is superimposed on the Geofabric catchment layer to extract runoff for each sub-catchment, 

using spatially-weighted averages when a sub-catchment bisects grid boundaries, then 

modelled discharge data are calculated by multiplying the extracted runoff by the 

corresponding sub-catchment area. Finally, for any given sub-catchment, modelled discharge 

of all of its upstream sub-catchments are summed and used as its discharge (Figure 3-2). I did 

not apply any lagged streamflow routing equations because a monthly time step is likely 

sufficient to integrate over any lags in flow peaks in these catchments (Raupach et al., 

2009).The catchstats package includes a set of functions for downloading the AWAP data and 

conditions of these processing steps and is available from github 

(www.github.com/nickbond/catchstats). All of the conversion process were run on a DELL Rack 

Server with 24 cores and RAM 32GB. 

Table 3-2. Names and descriptions of the four functions in the package “catchstats” that were used in 
the conversion process. Bold functions are ones that have been updated into a parallel processing 
version. 
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Function name Description 

download_awap Automatically downloads the water balance data from the AWAP website. 

stack_awap_cl Builds a raster stack from AWAP grids for use in further analysis. 

extractRasterPoly_cl Extracts water balance data from the raster stack. 

aggRasterPoly Accumulates water balance data in each sub-catchment based on their 
longitudinal relationship. 

 

3.2.6 Regression analyses to predict zero flow duration 

Due to potential uncertainty in the ability of water-balance models to predict low flows, 

causing over-estimation of the magnitude of low flows in this case, estimation of an 

appropriate zero flow threshold was necessary for each stream segment. Regression modelling 

that related catchment environmental attributes to measured zero flow duration at gauged 

locations was used to predict zero flow duration for the entire river network, and thus enables 

determination of the appropriate ‘zero’ flow thresholds for the modelled discharge in each 

river segment (Figure 3-2). Zero flow values for modelled discharge at each stream segment 

were estimated by using the regression model to predict zero flow duration, and then 

identifying the low flow threshold in the modelled discharge with the equivalent flow duration. 

Flows below this threshold were then converted to zero. 

Before regression analyses, I visually checked the normality of all environmental predictor 

variables and transformed (log(x+1)) those that were not normally distributed as some 

variables have zero values. Six variables, including Aver_annual_Precip, 

Aver_annual_TempMin, CatArea, Shape, Slope and CATSTORAGE, were identified as having 

skewed distributions and were log-transformed (referred to as Log_Aver_annual_Precip, 

Log_Aver_annual_TempMin, Log_CatArea, Log_Shape, Log_Slope and Log_CATSTORAGE). 

Log_Aver_annual_Precip and Log_CATSTORAGE could not be normalised and were thus 

excluded from subsequent analyses. 

Regression models were developed using all possible predictor variable combinations and I 

selected the ‘best’ model for predicting zero flow duration based on corrected Akaike’s 

Information Criterion (AICc) (Hurvich and Tsai, 1989). To estimate the prediction error of the 

selected model, I repeated leave-one-out cross validation on the selected 43 gauges and 

reported prediction error (R2) to estimate the model prediction performance. Regression 

model development and cross-validation were conducted with the MuMIn and boot packages 

in R (R Development Core Team, 2017). 

3.2.7 Accuracy assessment of modelled discharge  

I evaluated the accuracy of the modelled discharge by comparing it to the measured discharge 

at 43 gauges using the Nash-Sutcliffe model efficiency coefficient (NS) (Nash and Sutcliffe, 
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1970), which has been commonly used as efficiency criteria for hydrological models (Krause et 

al., 2005). To further evaluate model accuracy on zero flow estimation, I also compared the 

different aspects of zero flow regimes, including the frequency and mean duration of zero flow 

periods as well as the mean timing (month of year) of zero flows between the modelled and 

measured discharge. The frequency of zero flow periods was calculated as the total number of 

discrete zero flow periods (minimum length of one month) across the entire record. The mean 

duration of zero flow periods was calculated as the average length (number of months) zero 

flow periods across the entire record. The mean timing of zero flows was calculated using 

circular statistics (Bayliss and Jones, 1993) as the average month of the year in which zero 

flows occurred across the entire record. 

3.2.8 Quantifying spatial and temporal patterns of flow intermittency 

Using the modelled discharge, I calculated the mean number of months per year with zero 

flow for each stream segment, and then quantified the spatial extent of flow intermittency 

(Figure 3-2). The standard deviation of flow intermittency were also presented to indicate its 

intra-annual variation. 

The frequency and duration of zero-flow events are hydrologic metrics widely used to 

characterise low flow hydrology and classify streams based on their degree of intermittency 

(Knighton and Nanson, 2001; Larned et al., 2010; Snelder et al., 2013). Guided by Hewlett 

(1982), I defined perennial streams as those that ceased flowing < 10% of the year (0 - 1 

months), weakly intermittent as those that ceased flowing 10-70% of the year (2 - 8 months), 

and strongly intermittent as those that ceased flowing > 70% of the year (> 8 months) (Figure 

3-2). The temporal pattern of intermittent streams in SEQ was derived by using these 

thresholds to classify modelled discharge for each stream segment for each year of the record 

of 1900-2016. 
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Figure 3-2. Flow diagram of analysis. I collected or calculated 13 candidate environmental predictor 
variables from AWAP or Geofabric datasets, and calculated zero flow duration (% of months with zero 
flow) with stream flow data from selected 43 gauge stations across SEQ. I developed a predictive model 
relating zero flow duration to environmental predictor variables and then predicted zero flow duration 
for all stream segments based on spatial data of the predictor variables. I aggregated gridded monthly 
runoff data with a hierarchically nested catchment dataset to simulate discharge throughout river 
networks from 1900 to 2016. I then used the predicted zero flow duration from the regression model to 
estimate ‘zero’ flow thresholds in the modelled discharge data at all stream segments by assuming that 
each stream segment has the same zero flow duration as predicted. Finally, based on modelled 
discharge data and identified actual zero flow thresholds, I calculated the mean number of months per 
year with zero flow across 1900-2016 to identify the spatial extent of flow intermittency in south-
eastern Queensland (SEQ). I also classified flow intermittency annually for all streams in SEQ to quantify 
the temporal patterns of flow intermittency. 

3.3 Results 

3.3.1 Regression analyses 

Regression analyses were performed on all combinations of predictor variables and returned 

the least-AICc (-54.2) predictive model with 5 covariates, including Aver_annual_TempMax, 

Log_CatArea, Log_Slope, Elev and CAT_A_KAST. The developed predictive model showed a 

good model fit with an adjusted R2 of 0.71 (Table 3-3 and Figure 3-3), and the leave-one-out 

cross validation on the regression model showed relatively good model performance with an 

average R2 of 0.64. 
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Table 3-3. Results of the ‘best’ regression model in which the percentage of months with zero flows was 
modelled as a function of environmental covariates shown in the first column. The standardised model 
coefficients and the estimated p-values for each regression parameter are also shown. 

Covariate Standardised model coefficient p-value 

Aver_annual_TempMax 1.86 0.00 

Log_CatArea -0.25 0.01 

Log_Slope 0.74 0.00 

Elev 0.88 0.00 

CAT_A_KAST 0.27 0.01 

 

 

Figure 3-3. Predicted vs. measured percentage of months without flows. The solid line represents the 
function of y=x. 

3.3.2 Accuracy of modelled discharge data 

Converting the simulated runoff data from the water balance model to spatially contiguous 

monthly discharge data and truncating low flows by the predicted zero flow threshold for each 

stream segment using the regression model, yielded a continuous monthly time series of 

modelled discharge data for all stream segments in the study area. The model accuracy was 

evaluated by the comparison between measured and modelled discharge for 43 gauges, which 

suggested a good of fit for the majority of gauges with the median value of Nash-Sutcliffe 

coefficient (NS) of 0.79, but extreme low NS coefficients were evident for three gauges: -0.79 

for gauge 143213, -1.44 for gauge 143232, and -2.36 for gauge 146014 (Figure 3-4) (see 

Section 3.4.1). 
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Figure 3-4. Scatter plots of the relationship between measured and modelled (truncated) discharge for each gauge station, arranged in order of increasing percentage of months 
of zero flow. The percentage of months of zero flow and Nash-Sutcliffe coefficient are presented in each panel as “%D” and “NS”, respectively. The x and y axes are log 
transformed (i.e. log10(x+1)) for better interpretation. 
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Assessment of model accuracy for estimating of the frequency, duration and timing of zero 

flows revealed generally good concordance with measured data (Figure 3-5).  The modelled 

frequency of zero flow periods generally aligned well with the measured (R2 = 0.63), except for 

six gauges showing significant overestimation (Figure 3-5a). This also was the case for the 

mean duration(R2 = 0.62), which showed that for the majority of gauges the modelled mean 

durations were similar to the measured, but six gauges were well overestimated in mean 

duration (Figure 3-5b). For both zero flow measures, most of the outlier gauges had a high 

percentage of months with zero flows. The modelled timing of zero flow periods showed a 

poorer overall concordance with measured data (R2 = -0.03), with six outlier gauges that had at 

least three-month differences (Figure 3-5c). These outliers tended to have a very low 

percentage of zero flow months. 

 

Figure 3-5. Scatter plot of the relationships (a) between measured and modelled frequency of zero flow 
periods, (b) between measured and modelled mean duration of zero flow periods, and (c) between 
measured and modelled mean month of zero flows. Outlier dots on all panels are presented with gauge 
number and its associated percent of months without flows in parentheses. The solid and dashed lines 
represent the function of y=x and the regression line. R2 value is also presented with the regression line. 

3.3.3 Spatial extent of flow intermittency across SEQ 

The degree of flow intermittency varied substantially across streams within SEQ, ranging from 

perennial streams flowing permanently (11-12 months) to strongly intermittent streams 

flowing 4 months or less of year (Figure 3-6a). The majority of coastal streams and the main 
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stems of major rivers were perennial, while most inland headwaters were weakly to strongly 

intermittent, particularly in the south-western part of the Brisbane River catchment. This 

spatial pattern is reasonable because coastal areas in SEQ tend to have more precipitation 

than inland areas and mainstreams usually have larger drainage areas than headwaters. 

Lower standard deviation of flow intermittency tended to occur in the perennial larger main 

stem rivers and coastal streams, while the inland intermittent streams showed higher values of 

standard deviation (Figure 3-6b), suggesting that mainstreams and coastal streams not only 

flowed permanently on average, but also remained in this state from year to year, while 

streams that usually flow intermittently tended to change their degree of flow intermittency 

frequently, depending on climate variables such as precipitation and air temperature. 

 

Figure 3-6. The spatial extent of flow intermittency presented by (a) mean zero flow duration per year 
across 1900-2016 and (b) its standard deviation (SD). 

3.3.4 Temporal pattern of intermittent streams across SEQ 

The temporal pattern of flow intermittency varied dramatically inter-annually from 1900-2016, 

with the proportion of intermittent (weakly and strongly intermittent) streams ranging in 

length from 3 % to nearly 100% of the river network. Four intense drought periods that 

occurred in Australia over the study period were well-reflected in the temporal patterns of 

flow intermittency (Figure 3-7), but there was no evidence of an increasing trend towards flow 

intermittency over this period. The distribution of intermittent streams in typical years (Figure 

3-7), demonstrated substantial variation in flow intermittency in time and space. In the driest 

year of 1902, 99% of streams and rivers were classified as intermittent; mainstreams and 

coastal streams had less flow intermittency than headwaters and inland rivers. In the average 

(median) year of 1985, Almost half of streams (i.e. 47%) were classified to intermittent 
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streams, which were mainly inland headwaters receiving less precipitation than coastal 

streams; mainstreams and coastal streams remained constantly flowing in normal years. In the 

wettest year of 1950, very few streams flowed intermittently. 

 

Figure 3-7. The inter-annual variation of the proportion of intermittent (weakly and strongly 
intermittent) streams in length across SEQ. Four significant droughts in Australia are also presented as 
dotted rectangle, of which the width denote the duration of the drought. Insets demonstrate the 
specific distribution of intermittent streams in the driest year of 1902 (a), the average (median) year of 
1986 (b) and the wettest year of 1950 (c) during the period of 1900-2016, respectively. Streams are 
colour-coded according to the classification of flow intermittency: perennial (blue) = cease flowing <10% 
of the year (0 - 1 months), weakly intermittent (yellow) = cease flowing 10-70% of the year (2 - 8 
months), strongly intermittent (red) = cease flowing > 70% of the year (> 8 months). 

3.4 Discussion and conclusions 

With growing calls to recognise the ecological importance of intermittent streams (Datry et al., 

2014b), the scarcity of information on the spatial and temporal extent of flow intermittency 
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has been identified as a major barrier for ecologists and managers seeking to understand and 

protect these ecosystems (Acuña et al., 2017). The ability to overcome this barrier is increasing 

with advancing Geographic Information Systems technologies and spatially contiguous 

datasets becoming more readily available. In this study, I proposed a new method of 

quantifying the spatial extent of intermittent streams within catchments on an inter-annual 

basis. The results not only provide the spatial distribution of intermittent flow, but also reveal 

the temporal dynamics of intermittent streams over long time-frames. 

In the proposed method, the AWAP model of monthly runoff was used to quantify flow 

intermittency in SEQ streams. The use of monthly data does not require conversion of 

application of lagged streamflow routing equations to convert runoff to discharge and the 

monthly time-step is suitable for quantifying ecologically relevant spatial and temporal 

variation in streamflow intermittency over large scales (i.e. throughout entire river networks 

across multiple river basins) and over long time frames (> 100 years). Nonetheless, monthly 

discharge data may be insufficient for studies aimed at quantifying ecological responses to 

short term flow events (e.g. high and low flows), where discharge data of a finer temporal 

grain may be required. In this case, daily gridded runoff coupled with lagged river routing 

equations could be considered (David et al., 2011b). For example, in Australia a daily gridded 

distributed water balance model (AWRA-L model) (Viney et al., 2015), has been developed at 

the national scale to model the flow of water through landscape, while a river routing model 

(RAPID)(David et al., 2011a; David et al., 2011b) has also been established to operate on 

gridded land surface model. However, significant methodological and technical challenges 

remain in accurately quantifying low flows at a daily time step due to difficulties in 

representing flow-pulse recession rates and how this influences low flow spell characteristics 

(e.g. magnitude, duration, frequency, and timing). 

3.4.1 Accuracy of modelled discharge data 

Modelled discharge data was in good alignment with measured data, but extremely low Nash-

Sutcliffe coefficient values were observed for three gauges (Figure 3-4). Gauge 146014 (NS=-

2.36) is located on the middle point of a headwater stream, while the modelled streamflow 

was for the whole sub-catchment of the headwater stream, which inevitably resulted in 

overestimation of streamflow by the AWAP model. Gauge 143213 (NS=-0.79) and 143232 

(NS=-1.44) both had very high zero flow duration (> 73% of months), short period of record 

(both 17 years, slightly longer than the required length of 15 years), and had relatively small 

catchment areas, which may have led to discrepancies in modelled versus observed data 

discharge. Additionally, the upstream catchments of both gauges were influenced to a minor 

extent by human modifications (e.g. irrigation agriculture), with Catchment Disturbance Index 
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values of 0.29 and 0.36, respectively. This could lead to more uncertainty in runoff simulation 

by AWAP, as human modifications were not considered in the model. 

The tests of model accuracy suggested that the mean duration and frequency of zero flow 

periods can be represented appropriately by the AWAP model, except for streams that 

experienced extremely long periods of flow intermittency (Figure 3-5). This suggests that the 

model is a generally robust model in simulating flows but still needs some improvement in 

simulating zero flows for strongly intermittent streams. The timing of zero flows was generally 

acceptably estimated by the model, except for streams that rarely ceased to flow. 

There are two main caveats in the current version of the AWAP model. First, the model is not 

able to effectively account for the potential impacts of human activities on stream flow 

(Raupach et al., 2009), which may explain the poor performance of the model in runoff 

simulations in the low flow period when water extraction from rivers is expected, particularly 

in areas where high flow intermittency is driven by water extraction. In this situation, the 

model does not take the distribution of land uses into consideration but only uses remotely 

sensed vegetation greenness as proxy. The model is continuing to be updated and improved 

over time, and these two caveats could be mitigated or addressed by better treatment of 

different land uses and improvement of the observation model of vegetation greenness, which 

have already been on the further development list of the model (Raupach et al., 2009). 

3.4.2 Intermittent stream management 

The need to recognise the spatial extent of intermittent streams is an important first step to 

transiting better management of these important ecosystems (Acuña et al., 2017). An explicit 

spatial and temporal context such as is provided by spatially contiguous and long-term 

discharge data presented here should allow researchers to develop meaningful generalisations 

about the interaction between flow intermittency and ecology (Datry et al., 2014a; Leigh et al., 

2016; Sternberg and Kennard, 2013). The results confirm that intermittent streams are 

prevalent throughout river networks in the study area. The findings accord with previous 

estimations that around 50% of hydrologic gauges in Australia are considered intermittent (de 

Vries et al., 2015; Kennard et al., 2010b). This implies that attempts to manage rivers should 

proceed from recognising stream classification and applying appropriate principles, given that 

intermittent streams have significantly distinct characteristics from perennial streams. 

Researchers have proposed unique landscape approaches to advance intermittent stream 

ecology. For instance, Datry et al. (2016b) proposed considering intermittent rivers as shifting 

mosaics of lotic (flowing water), lentic (standing water) and terrestrial (dry riverbed) habitats, 

and such a landscape perspective has a positive impact on understanding of biogeochemical 

processes and biodiversity patterns in intermittent rivers. 
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Apart from the scarcity information on the spatial extent of intermittent streams, another 

concern about intermittent streams is the potential shift of current perennial streams to 

intermittent streams due to climate change and intense human activities, as it has been 

proven in several regions where the number of low-flow and non-flow days is increasing (King 

et al., 2015; Ruhí et al., 2016; Sabo, 2014). The results here suggest that the proportion of 

intermittent streams in length varied significantly during 1900-2016, ranging from 3% to nearly 

100% and different years show different spatial patterns of flow intermittency, however, they 

do not show a clear reduction in flow permanency over time. This may reflect the aseasonal 

rainfall patterns in this region, and uncertainty about the extent to which climate change will 

lead to rainfall reductions or increases in this region. Regardless, hindcasting to examine the 

range of historical variability in flow permanence may provide valuable insights into what 

degree of desiccation biota have experienced in the recent past. When combined with 

projections of flow intermittency response to global climate change, the temporal dynamics 

analysis could provide a means to estimate what impact climate change is likely to have on 

biotic persistence in these riverscapes. 

3.4.3 Potential applications 

The approach presented here can be readily scaled up to the national scale. The two main data 

sources (i.e. the AWAP model and Geofabric) in this study are now accessible at the national 

scale, which means regression models relating the proportion of month of zero flows to 

environmental attributes could be developed and discharge data could be modelled across 

other areas (or indeed the entire continent). Additionally, the parallel processing versions of 

functions enhance this potential. The area of south-eastern Queensland is 21,331 km2, only 

0.28% of the total Australian area. Assumed that computation time increasing linearly with 

geographic area, the estimated time required to run the functions at the national scale would 

be 28 days on one processor, or about 3 days using the parallel processing versions of the 

functions, when running on 16 cores. 

The approach can also be applied to other countries where suitable dataset exit. For example, 

there are similar national-scale hydrologic models to the AWAP model in Australia, such as the 

community Noah land surface model (Noah-MP) in the US (Niu et al., 2011), the Danish 

National Water Resources Model (Henriksen et al., 2003; Højberg et al., 2013), the 

SAFRAN_ISBA_MODCOU model for France (Habets et al., 2008), the HYPE model in SWEDEN 

(Bergstrand et al., 2014; Strömqvist et al., 2012), the LARSIM model in parts of Germany 

(Bremicker, 2000), the Grid to Grid model for the UK (Bell et al., 2009). In all these cases, they 

either produce river flow that can be directly applied or can be aggregated with a hierarchically 

nested catchment dataset to identify the spatial extent of intermittent streams. However, it is 
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worth noting that most of the above hydrological models were constructed specially for high 

flow simulation (e.g. flood risks), which means that they might perform worse in low flow 

prediction (Habets et al., 2008). The correction for this biased performance presented in this 

study, identifying the equivalent values to zero in the modelled discharge data, could be used 

to deal with such an issue when applying the approach to other countries. 

The results here indicated the proportion of intermittent streams varied significantly in length 

over the 116 year study period, ranging from 3% to nearly 100% and different years show 

different spatial patterns of flow intermittency.  This means that in the wettest year almost all 

streams keep flowing for at least eleven months, while in the driest period all stream segments 

could experience zero flows for at least one month. This finding not only suggests that SEQ is 

an area with highly variable flow regimes, but also further supports the view that intermittent 

streams are very common and underpins calls for more attention be paid to intermittent 

streams and their ecological importance at a landscape scale (Acuña et al., 2017; Datry et al., 

2014b; Leigh et al., 2016). 

For example, the spatial extent of flow intermittency, coupled with hydrologic connectivity 

metrics, such as the frequency and mean length of connected stream segments, could be used 

to estimate the dynamics of monthly lotic connectivity (Ward et al., 2002) and average patch 

connectivity (Datry et al., 2016b) throughout the river network. Hydrologic connectivity is a 

widely-recognised driver of freshwater ecosystem structure and function (Bunn et al., 2006; 

Jaeger et al., 2014; Larned et al., 2010) by facilitating the repeated re-colonisation of motile 

and drifting organisms from isolated stream pools to rewetted channel reaches (Magoulick and 

Kobza, 2003; Stanley et al., 1997). Therefore, analyses of temporal and spatial patterns in 

hydrologic connectivity could provide valuable insights into resistance and resilience research 

of aquatic ecosystems. 

In summary, this research has provided a new method of quantifying the spatial and temporal 

extent of flow intermittency by using spatially contiguous runoff data. I tested this innovative 

approach in eastern Australia and it showed that flow intermittency prevailed in the majority 

of streams but different periods during the past century had different degrees of flow 

intermittency. Given that more and more spatial terrestrial water-balance data are becoming 

readily available across Australia and around the world, similar analyses should be undertaken 

across a range of climate and catchment characteristics to enhance our understanding of the 

distribution of intermittent streams and the address concerns that perennial streams are 

shifting to intermittent streams in the Anthropocene. Compared with monthly discharge 

simulations presented in this chapter, daily discharge simulations can provide more detailed 

representation of the dynamic aspects of hydrological processes and potentially enables more 
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ecologically relevant characterisation of hydrology, but with potentially higher uncertainty. In 

next chapter, I will develop models to simulate daily stream flows and evaluate the models in 

terms of their ability to represent different ecologically important components of the flow 

regime. 
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Chapter 4: Evaluating a landscape-scale daily water balance model to 

support spatially continuous representation of flow variability 

throughout stream networks 

Abstract 

The often sparse distribution of stream gauging sites means that modelled streamflow estimates can 

play an important role in helping support river research and management. Here I simulated daily 

stream flows for contiguous sub-catchments across a river network to characterise regional patterns 

of flow variability, with an emphasis on low flows. I first contrasted flow metrics derived from 

accumulated daily runoff estimates that were obtained from a daily landscape-scale water balance 

model, with similar estimates that also included a river routing algorithm to account for lags in flow 

to downstream reaches. Next, I compared the applicability of the two discharge simulation models in 

two climatically distinctive regions in Australia. Modelled flows were compared against observed 

flows in each region to evaluate the two models’ ability to represent different components of the 

flow regimes (average-, high- and low-flows). The modelled daily discharge estimates were then 

used to quantify spatial and temporal patterns of flow intermittency throughout the river networks. 

The models showed generally good performance in both regions. However, low flows were poorly 

predicted in south-east Queensland because it is difficult to represent climate and hydrogeological 

processes influencing this part of the hydrograph. The inclusion of a routing algorithm had little 

effect on model fits, most likely because the catchment areas had rapid progression of flow peaks 

from headwaters to the estuary. Spatial variation in flow characteristics revealed the highly dynamic 

nature of flow permanence in space and time, with intermittent flows affecting between 29% and 

80% of the river network over the last century. The approaches evaluated here to simulate daily 

stream flows can provide valuable insights into flow variability throughout entire stream networks.
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4.1 Introduction 

Daily stream flow simulations are important for ecological research and water resource 

management (Bunn and Arthington, 2002; Freeman et al., 2013), given that gauged flow data are 

not readily available for many river catchments. There is a need to derive spatially comprehensive 

flow data to allow geomorphologists and ecologist to relate hydrologic characteristics of rivers to a 

broad range of physical and ecological phenomena (Bond and Kennard, 2017), and for water 

resource managers to have reliable estimates of water yield and its spatial-temporal variation 

(Young, 2006). This is particularly true in regions where water availability cannot meet human and 

environmental water needs. To support water resource management, water balance models have 

been increasingly developed around the world, including the Australian Water Resource Assessment 

Landscape (AWRA-L) model in Australia (van Dijk, 2010), the community Noah land surface model 

(Noah-MP) in the US (Niu et al., 2011), the Danish National Water Resources Model (Henriksen et al., 

2003; Højberg et al., 2013), and the SAFRAN_ISBA_MODCOU model for France (Habets et al., 2008). 

They have been used for national water accounting (Dutta et al., 2017), drought assessment (Frost et 

al., 2015; Schumacher et al., 2018; van Dijk et al., 2013) and other applications. For such 

applications, high temporal resolution is less critical. However, for examining influences of flow 

variability on river ecosystem dynamics, high temporal resolution data are paramount. Such 

applications may require the use of finer resolution river routing models. 

To simulate daily stream flow, river routing models are often coupled with water balance models to 

account for lags in flow to downstream reaches. Over the past two decades, several river routing 

models have been developed for application at regional (De Roo et al., 2003), continental (Xia et al., 

2012) and global scales (Lehner and Grill, 2013). River routing models using vector-based river 

network (e.g. The Routing Application for Parallel computatIon of Discharge (RAPID), David et al. 

2011b) are able to produce more accurate physical properties of rivers, such as actual length and 

slope, and connectivity of rivers than cell-based river networks (Lehner and Grill, 2013). Equally 

importantly, previous studies also argued that the effect of river routing can be negligible in small 

catchments (Robinson et al., 1995). 

In this study, I comprehensively evaluated the ability of water balance models to simulate daily 

stream flows for contiguous sub-catchments across a river network to characterize regional patterns 

of flow variability, with an emphasis on low flows. Two simulation models were used: one was a 

lumped model which accumulated runoff outputs from a water balance model through a vector-

based river network without any river routing; the other is a coupled model of a water balance 

model and a river routing scheme. For a demonstration, I chose the AWRA-L model (a water balance 
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model) and RAPID model (a vector-based river routing model). The AWRA-L model has been recently 

developed by CSIRO and the Australian Bureau of Meteorology to model the terrestrial water 

balance across Australia at a daily time step (Frost et al., 2016; van Dijk, 2010). Key inputs and 

constraints to the model include meteorological variables and properties related to vegetation, 

surface, soil and groundwater. The model yields spatially contiguous daily water availability values 

gridded at a spatial resolution of 0.05 arc-degree spatial resolution (approximately 5 × 5 km)(Frost et 

al., 2016). RAPID model was developed by David et al. (2011a) to direct runoff from a land surface 

model (LSM) into the stream segment and thus performs river flow computation for every stream 

segment of a river network, including ungauged reaches . As this model was initially aimed to and 

developed in the USA, there were many practical challenges to apply this model in the Australia 

context, such as adapting RAPID with the Australia land surface model in a generic flow routing 

framework, and setting appropriate regional parameters to optimally simulate flow dynamics in 

Australia. 

Discharge simulations at the daily time step can be more challenging in regions with highly variable 

moisture conditions (e.g. flashy hydrographs and extended zero flow spells) compared to regions 

with stable baseflows, as the combination of dry soil and high-intensity rainstorms can lead to a 

complicated rainfall-runoff relationship at the daily scale (Sheng et al., 2017). In addition, research 

that comprehensively compares the performance of the same discharge simulation method for 

different climate conditions is scarce (Parajka et al., 2013). Here I thus compared the model 

performance of a lumped model, which was operated without any river routing, with that of a 

coupled model combining AWRA-L with the routing model RAPID (hereafter termed RAPID-AWRA-L 

model) in two hydro-climatically distinctive regions: south-east Queensland (SEQ) in eastern 

Australia with highly variable flow regimes, and the Tamar River Catchment in Tasmania, Australia 

characterised with stable baseflows all year round. This comparison provides further insights into 

the suitability of the two models (i.e. lumped model and RAPID-AWRA-L model) in different 

hydrological regions, focusing on different components of the flow regimes (average-, high- and low-

flows). Furthermore, the environmental determinants of model fits within and between regions are 

also identified through the environmental attributes incorporated in the river networks. 

Spatially-explicit daily discharge simulations can also provide a promising opportunity to identify the 

spatial extent of intermittent streams, one of the key issues currently confronting intermittent 

stream management (Acuña et al., 2017). The degrees of flow intermittency have been quantified 

for the SEQ river network in Chapter 3, but using monthly discharge simulations, which inevitably 

ignores detailed information on flow intermittency at a finer temporal scale (daily). Here I apply the 
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simulated daily discharge to spatial and temporal patterns of flow intermittency in SEQ, and 

compare the two versions of flow intermittency mapping (i.e. daily vs. monthly) to gain insights into 

the effect of time step of discharge simulations on flow intermittency quantification. 

Summarising, I had the following objectives: (1) simulating daily discharge using a lumped model 

without any river routing and the RAPID-AWRA-L model; (2) comparing the suitability of the two 

models in two hydro-climatically distinctive regions (i.e. temperate vs sub-tropical, stable baseflows 

vs. highly variable flow regimes) to represent different components of the flow regime (timing, 

frequency, duration, rates of change and variability in high and low flow events); (3) evaluating 

environmental correlates of differences in model accuracy within and between regions; and (4) 

quantifying spatial and temporal patterns of flow intermittency and comparing them with those 

derived from monthly discharge simulations. 

4.2 Study areas 

Daily stream flow simulations were conducted in two hydro-climatically distinctive regions. South-

eastern Queensland (SEQ) is located in the eastern part of Australia and comprises five major coastal 

river basins with a total area of 21,331 km2 (Figure 4-1a, b) (Australian Bureau of Statistics, 2011). 

SEQ is a region of transitional temperate to subtropical climate with substantial inter- and intra- 

annual variation in discharge. Usually the majority of rainfall and stream flow occur in the summer 

months of January to March, often followed by a second minor discharge peak between April and 

June, but high and low flows may occur at any time of year (Kennard et al., 2007). Thus, there are a 

range of flow regimes with many streams being intermittent to varying degrees. 

The Tamar River catchment (Tamar) is located in Tasmania, an island state off Australia’s south 

coast. It drains a catchment area of approximately 11,215 km2, comprising over one fifth of 

Tasmania’s land mass, in north-east and central Tasmania (Figure 4-1a, c). Tamar is in a region where 

rainfall is relatively evenly distributed throughout the year and most months receive very similar 

averages, according to climate data from the Australian Bureau of Meteorology 

(http://www.bom.gov.au/climate/data). 

http://www.bom.gov.au/climate/data
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Figure 4-1. Locations of the two climatically and hydrologically distinctive regions (a): south-eastern 
Queensland (SEQ) and the Tamar River catchment (Tamar) with Geofabric river networks for SEQ (b) and 
Tamar (c). Stream gauges used to calculate wave celerity (red) and for validation (red plus black) are also 
shown. The gauge number is present for only one gauge in each region as it is used for detailed analysis in the 
following results section. The climate classification (a) is based on Köppen classification system and is sourced 
from Australian Bureau of Meteorology (2014a). 

Analysis of available gauged streamflow data reveals that the two study regions are hydrologically 

distinctive: Tamar displays more predictable and stable flow regimes, while SEQ tends to have 

variable flow regimes and intermittent flows, as also reported by Kennard et al. (2010b). A 

preliminary analysis was conducted by calculating a suite of flow regime metrics (Table 4-1) using 

long-term flow gauge data for all available gauges in each region (i.e. 25 gauges for SEQ and 15 

gauges for Tamar; Figure 4-1b, c) and comparing their values between the two regions. Results show 

that there are clear differences between regions in the magnitude, timing, frequency and duration of 

high and low flow events (Appendix C). 

4.3 Methodology 

4.3.1 Vector-based river network 

The vector-based river network in this study was sourced from the Australian Hydrological 

Geospatial Fabric (Geofabric) dataset (Stein et al., 2014), which provides a fully connected and 

directed stream network at the national scale and were used to accumulate simulated runoff (for 

lumped model) and to apply a routing scheme across the stream networks (for RAPID-AWRA-L 

model). SEQ has 7,239 stream segments and their corresponding sub-catchments in Geofabric out of 
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a total 1.4 million for Australia, while Tamar has 2,460 stream segments. Geofabric also provides 

environmental attributes describing the natural and anthropogenic characteristics of the stream and 

catchment environment, which were used to identify environmental correlates to model fits. 

4.3.2 Lumped model of daily stream flow 

Runoff outputs from the AWRA-L model (version 5) at a 0.05 arc-degree spatial resolution on a daily 

basis were obtained between January 2005 and December 2017 from the Australian Bureau of 

Meteorology website (http://www.bom.gov.au/water/landscape). These data are in gridded format 

and a lumped model was applied to simulate stream flow for each sub-catchment by aggregating the 

gridded runoff data with the hierarchically nested catchment from Geofabric to simulate discharge 

throughout river networks. This conversion process was undertaken using the catchstats package in 

the R programming language (R Development Core Team, 2017), but with modification of two 

functions into parallel processing versions to speed up the calculation process (Chapter 3). All of the 

conversion process were run on a Griffith University High Performance Computing node with 12 

cores and RAM 12 GB. 

4.3.3 The Routing Application for Parallel computatIon of Discharge (RAPID) and its application 

RAPID is a river routing model that solves the matrix-based Muskingum equation to route flow and 

water volume through each reach of the river network (David et al., 2011b). Various land surface 

models (LSMs) have been used in combination with RAPID (David et al., 2011b; Follum et al., 2017; 

Lawrence et al., 2011), demonstrating its flexibility of using either cell-based datasets or vector-

based datasets to represent the study river network. However, RAPID has never been coupled with a 

LSM developed for the Australian context. 

4.3.3.1 RAPID application to the Australian context 

Detailed descriptions about the input files, format requirements for the RAPID model can be found 

on http://rapid-hub.org/, along with information on model installation and pre-requisites. To apply 

RAPID to Australian datasets, some additional data processing steps need to be taken, particularly in 

terms of 1) generating a fully connected stream network and associated catchment hierarchy, and 2) 

a suitable coupling process with the AWRA-L model. 

The river connectivity input file to the RAPID can be prepared using the Geofabric dataset; however, 

there are two issues that can cause the simulated flows to be not mass-conservative with runoff 

input. Please refer to Appendix D for the detailed descriptions and solutions to these issues. 

The principle of the coupling process is that firstly gridded runoff output from the AWRA-L model is 

superimposed on the Geofabric catchment layer to extract runoff for each sub-catchment, using 

http://www.bom.gov.au/water/landscape
http://rapid-hub.org/
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spatially-weighted averages when a catchment bisects grid boundaries, then the volume of inflow 

for each catchment is calculated by multiplying extracted runoff by the catchment area. This 

coupling process was achieved with the raster package in R. 

4.3.3.2 RAPID parameter estimation 

The underlying process of RAPID is the Muskingum routing method, which models the wave celerity 

using the two main parameters 𝑘 and 𝑥, where the temporal constant 𝑘 represents flow wave 

propagation and dimensionless parameter 𝑥 characterizes reach properties that contribute to wave 

diffusion. RAPID uses an automated parameter estimation procedure to determine a best set of 

parameters based on a square error cost function. In this study, I defined two different sets of initial 

parameters to minimise the influence of the initial guess on the optimisation procedure, and thus 

two different discharge simulations (RAPID_opt1 and RAPID_opt2, respectively) were obtained from 

the RAPID-AWRA-L model. Please refer to Appendix E for detailed parameter estimation process. 

4.3.4 Stream flow gauge data 

Observed stream flow data were used for calculating wave celerity, RAPID parameter optimisation 

and modelling results validation. Daily stream flow data for the study period (01/01/2005 – 

31/12/2017) were downloaded from the water data website of the Australian Bureau of 

Meteorology (http://www.bom.gov.au/waterdata) and formatted for input into the RAPID 

simulation using customised R scripts. Hourly stream flow data for the period of 01/01/2012 – 

31/12/2013 were also downloaded particularly for the purpose of wave celerity calculation and 

model parameter optimisation. Based on the data availability, the observed flow data for 25 gauges 

in SEQ and 15 gauges in Tamar were selected (Figure 4-1b, c). 

In SEQ, twelve out of 25 stream flow gauges (i.e. 6 pairs of upstream-downstream gauges) were used 

to calculate wave celerity using lagged cross correlation for the period of 01/01/2012 – 31/12/2013. 

All of the 25 gauges were applied for model optimisation for the same period. The total 25 gauges 

were also used for model validation but for the period 01/01/2005 – 31/12/2017 (Figure 4-1b). 

Within the Tamar River catchments, there were 15 gauges with full records of daily measurements 

for the study period (Figure 4-1c), of which six gauges were employed for wave celerity calculation. 

All of the 15 stations were used for parameter optimisation and model validation. The periods of 

data for the three processes were the same as those in SEQ. 

4.3.5 Evaluation of the two daily discharge simulation models 

To have an appropriate model evaluation, two approaches were used to evaluate the model 

performance in this study: hydrograph assessment with Nash-Sutcliffe (NS) model efficiency 
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coefficient (Nash and Sutcliffe, 1970), and flow regime evaluation using various selected metrics. 

Hydrograph assessment enables evaluation of the overall performance of the models, while the flow 

regime evaluation can provide more detailed insights into model performance for critical 

components of hydrological variation. The two types of evaluation were done using daily observed 

and simulated stream flow. The simulated stream flow data were obtained from three sources 

separately: two of them were the RAPID-AWRA-L model with two respective initial parameters and 

the third was the lumped model. Due to the uncertainty of stream gauging, I regarded 0.01 m3/s as 

an appropriate zero flow threshold for observed stream flow. 

For detailed model regime evaluation, I calculated flow metrics that described the critical 

components of hydrological variation across average, high-flow and low-flow conditions (Table 4-1). 

I used the 10th and 90th percentiles of daily flows to respectively describe low-flow and high-flow 

thresholds (Leigh and Datry, 2016). All of these metrics were averaged across the entire study 

period. The mean timing of low-flow and high-flow conditions were calculated using circular 

statistics (Bayliss and Jones, 1993) as the mean Julian date of annual minimum and maximum flow, 

respectively. The calculation process was conducted with the hydrostats package in R language 

(Bond, 2016). 

Table 4-1. Flow metrics used in model evaluation to describe average, high-flow and low-flow conditions 
across key components of hydrological variation. Note that a spell independence criteria of 5 days was applied 
to regard periods between spells of less than 5 days as “in spell”. 

Conditions Component Definition Units 

Average flow Magnitude Mean daily flow for entire period  m3 s-1 

 
Variability CV mean daily flow % 

High-flow Magnitude The average annual maximum flow  m3 s-1 

 
Timing The mean Julian date of annual maximum unitless 

 Variability CV Julian date of annual maximum flow % 

 
Frequency Mean of annual count of spells above the 90th percentile flow unitless 

 Duration Mean duration of all spells above the 90th percentile flow days 

 Rate of rise Mean rate of positive changes in flow from one day to the next m3 s-2 

 Rate of fall Mean rate of negative changes in flow from one day to the next m3 s-2 

Low-flow Magnitude The average annual minimum flow m3 s-1 

 
Timing The mean Julian date of annual minimum unitless 

 Variability CV Julian date of annual minimum flow % 

 
Frequency Mean of annual count of spells below the 10th percentile flow unitless 

 Duration Mean duration of all spells below the 10th percentile flow days 

 

In order to better understand the potential environmental correlates of spatial variation in model 

accuracy, I correlated selected environmental attributes to the overall model performance metric 
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(i.e. NS) as well as the difference between the observed and modelled for each of the summary flow 

regime metrics. I applied the Bonferroni correction method (Bonferroni, 1936) to counteract the 

problem of multiple comparisons in this correlation study. The significance level  was thus adjusted 

from 0.05 to 0.002 and 0.003 for SEQ and Tamar, respectively. The selected environmental variables 

were sourced from Geofabric (Table 4-2). 

Table 4-2. Environmental variables used to identify potential causes for the spatial difference in model 
performance. 

Category Environmental variable Description 

Climate CATANNTEMP Catchment average annual mean temperature  

CATANNRAIN Catchment average annual mean rainfall  

CATDRYQRAIN Catchment average driest quarter rainfall  

CATWETQRAIN Catchment average wettest quarter rainfall  

Terrain CATAREA Catchment Area 

CATELEMEAN Mean upstream elevation 

UPSDIST Distance to source 

CATSTORAGE Catchment storage 

STRAHLER Strahler stream order 

CATSLOPE Catchment average slope 

Land use CAT-IRR Proportion of catchment that is irrigated land 

CAT-URB Proportion of catchment that is urban 

Disturbance RDI River Disturbance Index 

Substrate CAT-A_KSAT Catchment average Saturated Hydraulic Conductivity 

 

4.3.6 Model test on flow intermittency 

As the daily discharge data were simulated for every stream segment in a river network, they can be 

a useful tool to quantify flow intermittency of stream segment (e.g. number of days by year for a 

stream segment that ceases to flow), overcoming the limitations of the traditional stream gauges 

that only provide point estimates of discharge (Yu et al., 2018). Due to the potential uncertainty in 

the ability of water-balance models to predict low flows (Costelloe et al., 2005; Ivkovic et al., 2014; 

Ye et al., 1997), causing over-estimation of the magnitude of low flows in this case, I adopted the 

same method used in Chapter 3 to estimate an appropriate zero flow threshold for each stream 

segment by developing linear regression model relating zero flow durations to environmental 

variables. The same set of environmental variables as in Chapter 3 was used in this study. Original 

modelled discharge for each stream segment can then be corrected by subtracting the 

corresponding identified zero flow thresholds. 

Based on the modelled daily streamflow from AWRA-L, I calculated annual flow intermittency as the 

number of zero-flow days per year over the period of 2005-2016. Furthermore, water balance 
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models at different time steps (e.g. daily and monthly) have been developed across the world, but 

no studies has looked into how to better choose these models to quantify flow intermittency (e.g. 

whether daily flow models supersede monthly flow models in quantifying flow intermittency at both 

daily and monthly scales?), or the effect of time steps of streamflow on flow intermittency. I hence 

used monthly-aggregated AWRA-L streamflow to calculate annual flow intermittency as the number 

of calendar months per year without flow over the same period, and compared it with the annual 

flow intermittency using daily AWRA-L flow as well as the annual flow intermittency derived from a 

monthly water balance model AWAP (see Chapter 3). Modelled flow intermittency from all three 

sources (i.e. daily and monthly-aggregated AWRA-L, and monthly AWAP) was also tested against the 

observed at gauged locations in SEQ. 

Taking the advantage of the modelled long-term runoff data over the period of 1911-2016, I further 

quantified spatial and temporal dynamics of flow intermittency for every stream segment within 

SEQ. The spatial pattern of flow intermittency was represented by the average annual flow 

intermittency across the period of 1911-2016. As spatial and temporal patterns of flow intermittency 

were derived from daily discharge simulations, I compared them with those derived from monthly 

discharge simulations in Chapter 3, to gain insight into the effect of the time step of discharge 

simulations (daily vs. monthly) on flow intermittency estimation. To make the two versions 

comparable, I assumed that a month was equal to 30 days and then classified the degree of flow 

intermittency for every stream segment based on the mean length of zero flow spells. I also defined 

intermittent streams as streams that cease to flow for more than one month or 30 days (not 

necessarily be contiguous) for monthly and daily discharge simulations, respectively. The calculation 

process was conducted with the hydrostats package in R (Bond, 2016). 

4.4 Results 

4.4.1 Daily stream flow simulations in SEQ 

The two sets of RAPID parameters for SEQ were optimised using a built-in automatic optimisation 

module. The resulting values of the two multiplying factors of Equation 1 in Appendix E were 𝜆𝑘
1  = 

9.5 × 10-7, 𝜆𝑥
1  = 0.87 for the first set of parameters (RAPID_opt1), and 𝜆𝑘

2  = 3.8 × 10-6,  𝜆𝑥
2 = 1 for the 

second set of parameters (RAPID_opt2). 

There were few differences among the three discharge simulations and the NS values for each 

model were almost perfectly correlated (r > 0.999, Figure 4-2) based on the 25 gauges, so that in the 

subsequent analysis of model performance, I only used the results from the lumped model as it was 

the simplest model without any routing but had similar model fit. The NS values varied significantly 

across the 25 gauges in SEQ, ranging from -0.09 to 0.76, with the median value of 0.35 (Figure 4-3). 
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Figure 4-2. Box plots for flow metrics that describe hydrological variation for average, high-flow and low-flow 
conditions in SEQ. Each flow metric was calculated based on RAPID-modelled flow with two sets of optimised 
parameters and lumped flow. Refer to Table 4-1 for description and units of measurement for each flow 
metric. Metrics are grouped according to average (Avg), high (H) and low (L) flow conditions. 

 

   

Figure 4-3. Spatial distribution of NS values for all 25 gauges in SEQ. As there are few differences among the 
three modelled flows, only the lumped model is shown. 

Comparison of summary flow metrics based on the observed and lumped modelled stream flow data 

revealed a generally good match, but the lumped modelled tended to overestimate daily flow 
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variability (almost 2 times higher on average), underestimate the magnitude (45% lower on average) 

and rates of rise (48% lower) and fall (50% lower) in high flow events, and overestimate the 

frequency (48% higher) and underestimate the duration (74% lower) (Figure 4-4). 

 

Figure 4-4. Variation in observed (gauged) and simulated (lumped model) hydrologic characteristics in SEQ and 
Tamar (n= 25 and 25 gauge locations, respectively). Refer to Table 4-1 for description and units of 
measurement for each flow metric. Metrics are grouped according to average (Avg), high (H) and low (L) flow 
conditions. 

Examination of the daily hydrograph for an example stream gauge (143010, located on an 

intermittent stream as this study emphasise low flows), revealed that flow simulations could capture 

the timing of flood peaks accurately, but tended to underestimate the magnitude of flood peaks 

throughout the study period (Figure 4-5). On the low flow side, the model tended to overestimate 

low flows due to over-responsiveness to rainfall event (Figure 4-5a, b), which was further translated 

to underestimation of the frequency and duration of low flow periods (Figure 4-5b, c). 
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Figure 4-5. (a) Comparison of observed and modelled (lumped) daily stream flows over a 12-year period for 
stream gauge 143010 in SEQ. (b) Comparison of observed and modelled (lumped) daily streamflow data and 
daily precipitation for a 2-month period. (c) Comparison of flow duration curves between the observed and 
modelled stream flow over the entire 12 year record. 

4.4.2 Daily stream flow simulations in the Tamar River catchment 

The two sets of initial RAPID parameters were optimised for Tamar. The resulting values of the two 

multiplying factors of Equation 1 in Appendix E were 𝜆𝑘
3  = 0.24 and 𝜆𝑥

3 = 5 for the first set of 

parameters, and 𝜆𝑘
4  = 0.14, 𝜆𝑥

4 = 5 for the second set of parameters. 

There were significant spatial variations in NS values in Tamar, ranging from 0.13 to 0.72, with 

median value of 0.45, but difference in NS values among the three modelled flows were small for the 

same gauge (Figure 4-6), suggesting that taking river routing process into account had little effect on 

model fit. Model performance varied spatially, with downstream gauges tending to have higher NS 

values than upstream ones (Figure 4-7). 

Compared to the model performance in SEQ, in the Tamar catchment the flow simulations not only 

predicted metrics for high flows well, but also performed well for average flows in terms of the 

magnitude and rate of change (Figure 4-4). This was not the case for low flows. Flow simulations 

exhibited significant overestimations for low flow spell frequency (92% lower on average), 

underestimation for low flow spell duration (58% lower), and slightly earlier estimations for the 

timing of low flow spells (13% earlier) (Figure 4-4). 
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Figure 4-6. Box plots for flow metrics that describe hydrological variation for average, low-flow and high-flow 
conditions in the Tamar catchment. Each flow metric was calculated based on RAPID-modelled flow with two 
sets of optimised parameters and lumped flow. Refer to Table 4-1 for description and units of measurement 
for each flow metric. Metrics are grouped according to average (Avg), high (H) and low (L) flow conditions. 

 

 

Figure 4-7. Spatial distribution of NS for all 15 gauges in the Tamar catchment. Only NS results of the lumped 
model are shown as there are few differences among the three modelled flows. 

Observed and modelled stream flow were compared for a gauge (181.1, situated on a perennial 

stream, Figure 4-1c) that had not experienced any zero-flow events over the study period. Figure 4-8 

showed that the flow simulations in Tamar provided good predictions for the high flow aspect of the 

hydrograph, in particularly the timing of flood peaks, while they tended to overestimate the low flow 

aspect, especially for the flows around 1 m3/s. They were able to capture the flow recession process 
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with better accuracy (Figure 4-8a, b), compared to that in the SEQ example. The flow simulations 

also presented close alignment with the observed flows across all flow condition aspects in terms of 

the flow duration curve (Figure 4-8c). 

 

Figure 4-8. (a) Comparison of observed and modelled (lumped) daily streamflow data over a 12-year period for 
stream gauge 181.1 in Tamar. (b) Comparison of observed and modelled (lumped) daily streamflow data and 
daily precipitation for a 2-month period. (c) Comparison of flow duration curves between the observed and 
modelled stream flow over the entire 12-year period. 

4.4.3 Environmental correlates of model fits 

Model performance were correlated to the selected environmental variables and the results were 

reported in Table 4-3. The overall model performance (i.e. NS scores) in SEQ showed strong 

relationships with relative stream positions in the river network. The model performed better for 

streams located further away from headwaters (r = 0.68 for UPDIST) and in higher order streams (r = 

0.73 for STRAHLER), while none of the environmental variables had strong influence on overall 

model performance in Tamar. Compared to the overall model performance, more environmental 

variables at multiple spatial scales displayed significant relationships with various components of 

flow regime. In SEQ, climate, terrain and substrate variables showed strong influences on all three 

flow components metrics (i.e. average, high- and low-flows), while in the Tamar catchment, terrain 

and land use variables only explained two of them (average and high-flows). 
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Table 4-3. Correlation coefficient between model performance (overall and across flow characteristics) and environmental variables across various categories in each 
region (sample size n=25 and 15 for SEQ and Tamar, respectively). Coefficient values in bold denote that the corresponding environmental variables are significantly 
correlated with model performance metrics (Bonferroni adjusted p < 0.05). 

Environmental 
variable 

CATANN-
RAIN 

CATDRY-
QRAIN 

CATWETQ- 
RAIN CATAREA UPSDIST STRAHLER CATSLOPE CAT-A_KSAT CAT-IRR 

Region SEQ SEQ SEQ SEQ Tamar SEQ Tamar SEQ Tamar SEQ SEQ Tamar 

Overall model performance            
NS -0.21 -0.31 -0.17 0.57 0.44 0.68 0.45 0.73 0.25 -0.43 -0.53 -0.32 

Individual metrics             
Avg.magnitude -0.50 -0.55 -0.48 0.99 0.77 0.91 0.75 0.64 0.46 -0.39 -0.43 -0.11 
Avg.magnitude.cv 0.70 0.63 0.70 -0.50 -0.28 -0.57 -0.32 -0.68 -0.31 0.13 0.52 0.48 
H.duration 0.78 0.80 0.75 -0.57 -0.10 -0.62 -0.05 -0.45 0.02 0.36 0.30 0.57 
H.fall 0.10 0.25 0.05 -0.45 -0.86 -0.52 -0.90 -0.74 -0.62 0.53 0.60 -0.03 
H.frequency -0.79 -0.79 -0.77 0.55 0.31 0.59 0.27 0.43 0.26 -0.33 -0.34 -0.71 
H.magnitude 0.29 0.34 0.27 -0.35 -0.91 -0.48 -0.93 -0.77 -0.66 0.31 0.54 0.01 
H.rise 0.51 0.61 0.48 -0.81 -0.81 -0.86 -0.84 -0.79 -0.85 0.55 0.62 0.10 
H.timing -0.17 -0.21 -0.16 0.05 -0.12 0.14 -0.12 0.09 -0.29 -0.17 -0.22 -0.50 
L.duration 0.62 0.70 0.56 -0.54 0.14 -0.56 0.12 -0.35 0.24 0.49 0.43 0.45 
L.frequency -0.11 -0.28 -0.03 0.33 -0.03 0.22 0.02 0.19 -0.07 -0.66 -0.36 -0.66 
L.magnitude -0.41 -0.44 -0.40 0.91 0.69 0.81 0.70 0.66 0.27 -0.28 -0.44 -0.03 
L.timing 0.47 0.38 0.50 -0.19 0.22 -0.27 0.24 -0.34 0.32 -0.18 0.16 -0.23 
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4.4.4 Model test on flow intermittency 

I calculated annual flow intermittency at gauged locations in SEQ using three sources of modelled 

flow (i.e. daily and monthly-aggregated AWRA-L and monthly AWAP). Annual flow intermittency 

calculated using daily AWRA-L flow was tested against the observed (Figure 4-9a). The AWRA-L 

model displayed promising potential to be used to estimate flow intermittency at daily time step, 

with a good match with the observed flow intermittency (R2= 0.56) in SEQ, but the model tended to 

overestimate flow intermittency for gauges located in relatively wet areas (e.g. ≤ 40 days of flow 

intermittency) while underestimate for gauges located in relatively dry areas (Figure 4-9a). 

Annual flow intermittency calculated using monthly-aggregated AWRA-L flow and monthly AWAP 

flow were also compared with the observed (Figure 4-9b). The AWAP model showed much more 

accuracy than the monthly-aggregated AWRA-L model in estimating flow intermittency (R2 = 0.53 

and 0.32, respectively for the two models). More specifically, the AWAP model displayed a similar 

estimation pattern as the daily AWRA-L model: overestimation in relatively wet areas while 

underestimation in relatively dry areas. By contrast, the monthly-aggregated AWRA-L model 

underestimated flow intermittency at nearly all gauges, except for those in perennial streams (Figure 

4-9b).  
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Figure 4-9 Scatter plot of relationships between the observed and modelled flow intermittency by the two models (AWRA-L 
and AWAP model). The solid line represent the regression line for each model. The 1:1 line (dashed line) is plotted for 
reference. 

The spatial patterns of flow intermittency derived from the daily and monthly flow simulations only 

aligned well for the main stems and coastal streams, which were predicted to flow for most of the 

time. There was a noticeable difference for inland streams, in particular streams in the western 

Brisbane River catchment. They were predicted by the daily model to flow for longer period than by 

the monthly model (Figure 4-10). Overall, compared with the monthly model, the daily model 

tended to estimate greater flow permanence and fewer streams were predicted to experience 

extremely long dry events (Figure 4-10a). 

 

Figure 4-10. Comparison of spatial pattern of flow intermittency in SEQ derived from (a) daily discharge 
simulations from the lumped model and (b) monthly discharge simulations (from Chapter 3). Stream segments 
in both figures are coloured using the same frame but different units (it is assumed that one month is equal to 
30 days). 

Temporally, the lumped model estimated that the proportion of intermittent streams in SEQ varied 

over the study period (1911 - 2016), from 29% to 80% with a median value of 60%, compared with a 

wider range of from 3% to 80% with a median value of 49% estimated by the monthly model (Figure 

4-11). The two temporal patterns were temporally correlated (r=0.71) and the two models exhibited 

similar predictions for the dry years with higher proportions of intermittent streams. However, there 

were substantial differences in predictions for the wet years, in that the daily model tended to 

overestimate the proportion of intermittent streams than the monthly model. Overall, the daily 

model suggested a drier history in SEQ in terms of flow intermittency than the monthly model. Three 

severe droughts: Widespread drought (1914-1920), WWII drought (1939-1946) and Millennium 

drought (2001-2009) were visible in both model predictions. 



54 
 

 

Figure 4-11. Comparison of intra-annual variation of the proportion of intermittent streams in length from 
1911-2016 across SEQ, derived from stream flow simulations from the daily flow model (lumped, grey solid 
line) and monthly flow model (grey dash line). Three severe droughts in Australia were also presented as 
transparent grey rectangles: Widespread drought (1914-1920), WWII droughts (1939-1946) and Millennium 
droughts (2001-2009). The time series of annual mean precipitation were presented for reference and they 
were sourced from the AWAP model (Raupach et al., 2009; Raupach et al., 2018). 

4.5 Discussion and conclusions 

4.5.1 Daily stream flow simulations and the influence of flow routing 

The two sets of optimised multiplying factors for k for each region were quite small, making the 

actual k values applied in the routing model nearly zero. Considering that k is an important 

parameter in RAPID that represents flow wave propagation, the small value of k here indicates that 

the lagging effect was almost ignored in the RAPID flow simulations, which explains the high 

similarity between the NS values of RAPID flows and the lumped flows. The negligible effects of river 

routing on flow simulations were also found in previous studies (David et al., 2011a), and may be 

due to the relatively small size of the two regions (Cunha et al., 2012) as well as the fact that all 

stream gauges in SEQ are distributed in the upstream part and their contributing areas are thus 

relatively small. The distance between the most downstream gauge and its most remote headwater 

gauge is around 150 km, while a flood wave can travel through approximately 104 km per day (i.e. 

the mean wave celerity is around 1.2 m/s) calculated by the lagged cross correlation between 

upstream-downstream gauges (Appendix E). Following the formula for time of concentration of 

Pilgrim and McDermott (1982), which has been widely used in Australia, the time of concentration in 

SEQ is around 33 hours, only slightly more than 24 hours. This illustrates why it is difficult for a daily 

time-step RAPID model to effectively capture routing lags in such regions. Clearly, the appropriate 

use of river routing models for small river basins depends on the time of concentration. 
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According to Lin et al. (2018), a river network routing model tends to have less simulation 

uncertainty at downstream locations. It is important to point out that the NS scores in SEQ showed 

strong positive relationship with relative site position along the river network. For example, the 

developed models performed better for sites located further away from headwaters (r = 0.68 for 

UPDIST) and in higher order streams (r = 0.73 for STRAHLER). Cunha et al. (2012) also argued that 

better model performance was expected for larger basins since small-scale errors and variability 

were averaged out by the effect of the river network. This “aggregation effect” was also indirectly 

assumed by Lohmann (2004) that for major basins a complex distributed routing model was applied, 

while for small basins only a simplified lumped approach employed. 

4.5.2 AWRA-L as a tool to support spatially continuous representation of flow variability 

The AWRA-L model showed over-responsiveness to rainfall as a small amount of rainfall can cause 

more runoff than observed (Figure 4-5b and Figure 4-8b), leading to the uncertainty in low flow 

simulations. Although the AWRA-L is continuing to be updated and improved, there are some factors 

within the model that may cause such high sensitivity to rainfall. First, in AWRA-L all net 

precipitation falling on the saturated fraction of the landscape is assumed to run off (Viney et al., 

2015), but the estimation of saturated fraction is problematic. This estimated fraction is dependant 

of the groundwater storage relative to the hypsometric curve of topography (Frost et al., 2018). As 

groundwater storage does not change as dynamically as the moisture in vadose zone, where surface 

runoff actually occurs, the estimated saturated fraction is not as temporally dynamic as it should be. 

Second, the over-responsiveness to rainfall may be due to the underestimation of evaporation of 

discharged groundwater, which is not considered in the used version of AWRA-L. Indeed, at very low 

streamflow rates, the influence of evaporation losses on streamflow is observable.  

I modelled daily stream flow and evaluated model performance for the two climatically and 

hydrologically distinctive regions: SEQ and Tamar. SEQ has highly variable flow regimes, while the 

Tamar catchment has stable baseflows all year around. There were variations in the model efficiency 

across each region. NS values varied from -0.09 to 0.76 across 25 gauges in SEQ (Figure 4-3) and 

from 0.13 to 0.72 across 15 gauges in Tamar (Figure 4-7), but the model performance in Tamar was 

significantly higher than that in SEQ (t = -2.09, p < 0.05 for NS values). This is consistent with the 

AWRA-L evaluation by Viney et al. (2015), who compared streamflow predictions from AWRA-L 

model between regions based on climate conditions. The performance of AWRA-L was better in the 

region where Tamar is located (Zone 7 in Viney et al. 2015) than in the region which SEQ is part of 

(Zone 5 in Viney et al 2015). Compared to regions like Tamar that have predictable and stable flow 

regimes (Appendix C), the larger variability in rainfall and soil moisture in regions like SEQ, which 

have highly variable flow regimes and intermittent flows, lead to a more nonlinear stream flow 
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response (Poncelet et al., 2017), which is more difficult to capture by classical hydrologic theory 

(Sheng et al., 2017). 

I also investigated the differences in model performance by looking into various flow metrics that 

described the critical components of hydrological variation across average, low- and high-flow 

conditions. Flow metrics for the high- and average flow conditions displayed similar alignments 

between the modelled and the observed flows for each region (Figure 4-4), while for the low flows, 

the modelled flows in Tamar presented better alignment with the observed than that in SEQ, 

particularly for low flow timing. 

The implications of the differences in model performance between the two regions are as the 

followings. When high flows or average flows are the primary target (e.g. estimation of floodplain 

inundation extent), modelled daily flows can be appropriate for the regions with stable (e.g. Tamar) 

or even highly variable (e.g. SEQ) flow regimes. The list of appropriate regions can be extended 

according to flow regime classification. For example, Kennard et al. (2010b) classified natural flow 

regimes in Australia into 12 types differing in various hydrological characteristics. Regions similar to 

SEQ or Tamar in terms of hydrological characteristics may be suited to use the daily flow model for 

applications focused on high or average flows. However, when low flows are the main interest, such 

as in ecological research where zero flow or non-zero flow could make an important difference, the 

application of poorly-modelled low flows could potentially lead to substantial uncertainty as the 

absolute values of low flows are small. Caution is therefore needed and additional steps should be 

taken to mitigate (not eliminate) the overestimated values. A potential mitigation strategy to reduce 

the overestimation of modelled low flows is to identify stream segment-specific zero flow 

thresholds, which were derived from a linear regression of zero flow durations against 

environmental variables (Chapter 3). This method was adopted in this study when I used the 

modelled daily stream flow to identify flow intermittency throughout the entire river networks. 

4.5.3 Flow intermittency derived from daily stream flow 

It is evident in this study that the monthly model outperformed the daily model in terms of model 

accuracy (the median NS value for the same set of gauges is 0.79 and 0.35, respectively for the 

monthly and daily models). This may be because the monthly time scale diminishes the cumulative 

effects of some of the hydrological processes, such as the daily sequence of rainfall (Wang et al., 

2011). The daily model can still be beneficial as it has more emphasis on the dynamic aspects of 

hydrological processes. Therefore, I suggest that daily flow simulations cannot necessarily supersede 

monthly flow simulations in all ways and which to use mainly depends on the primary purpose 

intended. For example, in applications for seasonal forecasting and long-term projection of water 
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availability, the use of monthly water balance models will avoid the need for daily climate inputs, 

greatly simplifying the task of downscaling climate model predictions (Wang et al., 2011). 

Quantifying spatial and temporal patterns of flow intermittency throughout a river network can 

provide a better understanding of hydrologic systems and the interaction between terrestrial and 

aquatic interfaces at multiple spatial scales (González-Ferreras and Barquín, 2017). Such patterns 

derived from daily stream flow can provide valuable information on the high dynamic nature of flow 

permanence in space and time. They are also important for ecological research, such as the 

influence of flow permanence on aquatic biota (Wilding et al., 2018), as the biological data are 

usually collected on a daily basis rather than monthly. 

In summary, this study developed models to simulate stream flow at a daily time step, with potential 

applicability to the whole Australia national scale, and the model performance for daily stream flow 

simulations was variable across regions with distinctive hydrology and climate background. This 

study also provides insights into the distribution of intermittent streams to help river managers 

better predict water supply issues. A daily flow model as presented in this chapter can be beneficial 

as it has more emphasis on the dynamic aspects of hydrological processes than a monthly flow 

model as presented in Chapter 3, but with potentially higher uncertainty. Therefore, daily flow 

simulations cannot necessarily supersede monthly flow simulations in all ways and which to use 

mainly depends on the primary objectives of the research. The developed daily flow model in this 

chapter can provide valuable insights into flow variability throughout entire stream networks, and is 

an essential data requirement if one aims to quantify the dynamics and drivers of variation in 

surface water extent (e.g. Chapter 5) and identify priority aquatic refuges for biodiversity 

conservation management (e.g. Chapter 6). 
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Chapter 5: Development and application of predictive models of 

surface water extent to identify aquatic refuges in eastern Australian 

intermittent stream networks 

 

This chapter consists of a co-authored paper submitted for publication to Water Resources 

Research. The bibliographic details of the paper, including all co-authors, are: 

 

Yu, S., Bond, N. R., Bunn, S. E., & Kennard, M. J. (submitted). Development and application of 

predictive models of surface water extent to identify aquatic refuges in eastern Australian 

intermittent stream networks. Water Resources Research. 

 

My contribution to the submitted paper involved leading and coordinating the paper, collecting 

surface water extent data with volunteers, data collating and modelling, and writing the manuscript. 

Mark Kennard and Nick Bond contributed to the ideas developed in the manuscript, and Mark 

Kennard, Nick Bond and Stuart Bunn are supervisors of this project and provided review of 

manuscript draft. 
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Abstract 

Many animals and plants living in intermittent streams rely on remnant surface water to survive 

during extended dry periods and recolonize newly established habitats when flow resumes. 

However, research to quantify the dynamics and environmental determinants of variation in surface 

water extent is usually conducted over limited spatial and/or temporal extents, and one of the 

biggest barriers to this kind of research is the difficulty in obtaining observed data of surface water 

extent across river networks, ranging from headwaters to the main stems. In this study, I 

demonstrate a newly-developed method for rapid surface water assessment in the field, and then 

develop predictive models relating observed water extent to environmental attributes at a large 

number of surveyed stream segments (n=241) in eastern Australian coastal catchments. I use the 

models to predict daily variations in surface water dynamics throughout entire river networks over 

the period of 1911-2017, based on available long-term environmental attributes. I find descriptors of 

surface water extent can be accurately modelled, with good internal and external validation 

performance. Simulated long-term variations in surface water extent were highly dynamic through 

space and time, although the overall length of river networks with surface water remained relatively 

stable from year to year. More than half of the stream segments had surface water extent of > 60% 

and around 80% of the stream segments were predicted to have surface water present for > 300 

days per year over this period. The study presents a novel and practical approach to quantifying and 

predicting variations in surface water extent, with potential applicability to other parts of the world, 

and also provides valuable insights into the potential priority conservation areas for aquatic biota 

across the study region. 
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5.1 Introduction 

Intermittent streams are streams in which surface water flow ceases and surface water may 

disappear for some period of most years (Uys and O'Keeffe, 1997). They constitute more than half of 

the global river network extent (Acuña et al., 2017; Datry et al., 2014b; Leigh et al., 2016) and are 

considered the most common and hydrologically dynamic of all freshwater ecosystems (Larned et 

al., 2010). Intermittent streams periodically experience dry spells of varying frequency and duration, 

during which surface water habitats contract and often become restricted to disconnected pools or 

completely dry (Hermoso et al., 2013b). Most obligate aquatic species rely on remnant aquatic 

habitats as refuges to survive extended dry periods (Arthington et al., 2005; Magoulick and Kobza, 

2003). These populations subsequently act as important source populations for recolonization when 

flows resume and play a key role in population growth (Arthington et al., 2010). Therefore, 

biodiversity persistence and community structure in intermittent stream systems can be strongly 

influenced by the existence, size, number, spatial arrangement, and temporal dynamics of aquatic 

refuges within river networks (Costigan et al., 2016; Sedell et al., 1990). The term of ‘refuge’ is used 

in this thesis to indicate microhabitats that provide protection from contemporary temporal or 

spatial disturbances (Davis et al., 2013). 

Although an increasing number of studies have used streamflow characteristics (e.g. timing, 

frequency and duration of zero flow periods) to infer the potential spatio-temporal dynamics of 

surface water presence (González-Ferreras and Barquín, 2017; Jaeger et al., 2019; Snelder et al., 

2013), they are binary measures (flowing vs. non-flowing), and do not adequately characterise 

surface water dynamics once flows cease. Research quantifying the dynamics and environmental 

determinants of variation in surface water extent throughout river networks is scarce. In addition to 

surface flow, stream channel characteristics (e.g. orientation, degree of incision, slope, riparian 

cover), local geology and streambed substrate, connectivity to hyporheic flow or groundwater, and 

climatic factors (e.g. precipitation, solar radiation and potential evaporation), can all influence the 

size, spatial arrangement and temporal persistence of surface water bodies once flows cease (Buttle 

et al., 2012; Costigan et al., 2017). However, the potential influence of these factors on surface 

water dynamics over broad spatial and temporal scales is poorly understood. Furthermore, these 

factors also interact with each other, with a common recognition that the broad-scale structure 

controls the finer-scale processes (Costigan et al., 2016). Therefore, it is important to look at the full-

range of spatio-temporal conditions and the interactions between spatiotemporal scales to 

understand the dynamics of surface water extent. 

Remote sensing has been used to study surface water extent (Bishop-Taylor et al., 2017; Hermoso et 

al., 2012b), but limitations of satellite image resolution restrict its application to floodplains or wide 
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river channels with low vegetation canopy cover. Other approaches using on-ground mapping 

(Stanley et al., 1997; Turner and Richter, 2011) and/or time-lapse photography using fixed in-situ 

cameras (Costigan et al., 2017) to identify or track changes in the locations of surface water within a 

catchment are appropriate over small spatial extents and short time frames, but difficult to be scaled 

up to a larger area and to quantify surface water through space and time. Alternatively, statistical 

modelling (e.g. random forest modelling) is a realistic and promising method to predict surface 

water extent over large spatial scales and long periods, considering that multiple-scale 

environmental factors have been identified to influence surface water extent (Buttle et al., 2012; 

Costigan et al., 2016) and geospatial datasets of long-term environmental attributes are increasingly 

available around the world. 

Random forest (RF) modelling has previously been applied to predict spatial patterns in river 

characteristics and the approach has shown generally better performance than conventional 

methods such as linear regression (Booker and Snelder, 2012). RF model also has an automatic 

variable selection and the handling of nonlinear relationships with predictor variables (Bond and 

Kennard, 2017). Recently, RF model was found as a powerful tool to predict the probability of flow 

permanence throughout river networks (González-Ferreras and Barquín, 2017; Snelder et al., 2013), 

but has never been used to quantify the dynamics and environmental determinants of variation in 

surface water extent at the catchment scale. One of the biggest barriers to this kind of research is 

the difficulty in obtaining observed data of surface water extent across river networks, ranging from 

headwaters to the main stems, due to the aforementioned limitations of measurements (e.g. 

satellite image, on-ground mapping, and fixed in-situ cameras). 

Here I first demonstrate a newly developed method for rapid surface water assessment in the field. 

Next, I model variations in surface water extent throughout river networks in eastern Australia, by 

constructing statistical models to predict surface water extent as a function of catchment 

physiography and climate-related drivers. I constructed the models using surface water extent data 

sampled bimonthly at 241 stream segments in 2018. I evaluated the predictive transferability 

through space and time using internal and external validation datasets. The derived statistical 

models were then used to develop predictions of daily surface water extent for all stream segments 

across the entire study area over the period of 1911-2017. The approach proposed here has 

potential applicability to other catchments around the world and can help to identify important 

surface water refuges for biodiversity and targeted conservation management. 



62 
 

5.2 Study area 

This research was conducted in five major coastal river catchments of south-eastern Queensland 

(SEQ) in eastern Australia (Figure 5-1), comprising an area of 21,331 km2. SEQ has 7,229 stream 

segments with an average length of 2.3 km and corresponding sub-catchments in the Australian 

Hydrological Geospatial Fabric (Geofabric) (Stein et al., 2014) out of 1.4 million stream segments 

mapped for Australia. A stream segment was defined as a section of DEM-derived (1:250000 scale) 

streamline between two consecutive breaks of confluences, distributary nodes and water bodies 

(Stein et al., 2014). SEQ is a region of transitional temperate to subtropical climate with substantial 

inter- and intra-annual variation in discharge, resulting in a range of flow regimes with many streams 

being intermittent to varying degrees (Yu et al., 2018). Stream segments intersecting lakes and 

reservoirs and those subject to tidal influence were considered to always contain 100% surface 

water. 

 

Figure 5-1. Locations of sampling sites across south-eastern Queensland. The dashed grey rectangles divide the 
study area into 24 evenly-sized cells which were used for stratified site selection. The number of sites for each 
dataset is indicated in parentheses. The river network is colour-coded according to relative flow intermittency 
(Chapter 3). 
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5.3 Methodology 

5.3.1 Site selection and datasets used for model training and validation 

Field sampling of surface water extent for model training and validation was undertaken during 

2018. Rainfall within the 2018 sampling period was generally representative of the range of long-

term conditions (i.e. within the 10th – 90th percentiles of total monthly rainfall values) although 

rainfall was higher than average during February and October, and lower than average for the rest of 

the year (Figure 5-2). Surface water extent was sampled at 241 sites (stream segments) between 

January and November in 2018 (Figure 5-1). Eighty-four of these sites were sampled in 

January/February and between 26 and 37 sites were sampled bimonthly thereafter (Figure 5-3). 

These sites were used to train the predictive model (hereafter termed ‘training’ sites). I used a 

stratified-random sampling strategy similar to that used by Steward et al. (2012) to select candidate 

sampling sites. This involved dividing the south-east Queensland study area into 24 evenly-sized cells 

(Figure 5-1) and randomly selecting candidate sampling sites with the proviso that sites could be 

accessed by road. This resulted in a set of sampling sites for model training that were widely 

dispersed throughout the study area, encompassing a representative range of stream environmental 

characteristics (Figure 5-4) and hydrological conditions (Figure 5-1). A subset of 15 randomly-

selected training sites (hereafter term ‘internal validation’ sites) was sampled bimonthly and was 

used to evaluate the stability of model predictions through time. An additional set of 10 randomly-

selected new sites were sampled bimonthly and used to externally validate the model performance 

(hereafter termed ‘external validation’ sites; Figure 5-1, Figure 5-3), enabling the assessment of 

model predictive accuracy and transferability through space and time. 

 

 

Figure 5-2. Total monthly rainfall for SEQ during the field trip period (Jan - Nov 2018) compared with the long-
term average and percentiles for the region. Note that the total rainfall is derived from the area-average based 
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on AWRA 0.05 degree grids. Percentiles and long-term average data are based on area-averaged data from 
1961-1990. Monthly streamflow from a representative gauge (No. 145102) is also shown. 

 

Figure 5-3. Schematic of the sampling strategy. Eighty-four sites were sampled in January / February and 
between 26 and 37 sites were sampled bimonthly thereafter. These sites were used to train the predictive 
model (termed ‘training’ sites). A subset of 15 randomly selected training sites (termed ‘internal validation’ 
sites) was sampled bimonthly and was used to evaluate the stability of model predictions through time. An 
additional set of 10 randomly selected new sites was sampled bimonthly and used to externally validate the 
model performance. 

 

Figure 5-4. All 241 training sites as a whole were checked for their representativeness for the entire river 
networks within SEQ by comparing the distributions of certain environmental attributes of the sampled 
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streams and that of the total streams. This figure shows comparison of the distribution of Strahler stream 
order, flow intermittency, catchment area, the average sub-catchment elevation, the mean slope of the 
surveyed stream segment and River Disturbance Index (RDI) between the total and the sampled streams. 

The range of variation in observed surface water extent was generally similar across the three 

sampling data sets (i.e. the training, internal, and external validation data set), with most sites either 

very dry or very wet, and very few sites in between (Figure 5-5). However, there was a noticeable 

difference in the training data set having a smaller proportion of drier sites but a higher proportion 

of wetter sites than the two validation samples (Figure 5-5). 

 

Figure 5-5. Cumulative frequency distributions of observed surface water extent of the three sampling data 
sets (i.e. the training, internal, and external validation data set). Surface water extent is the proportion of a 
stream segment with surface water present along its thalweg. 

The robustness and strength for potential extrapolation of statistical modelling partly rely on 

whether the training sites are representative of environmental variation throughout the entire river 

network. All 241 training sites were checked for their representativeness for the entire river 

networks within SEQ by comparing the distributions of certain environmental attributes of the 

sampled streams and the total streams. I evaluated representativeness along gradients of catchment 

area, flow intermittency, stream size (Strahler stream order), river disturbance index (RDI), the mean 

slope of the stream segment (Slope) and the average elevation of the associated sub-catchment 

(Elevation). RDI was computed based on flow regime disturbance caused by impoundments, flow 

diversions and levee banks, and catchment disturbance due to urbanisation, road infrastructure and 

land use activities (Stein et al., 2002). RDI takes a value from 0 to 1, and a lower RDI value means less 

human disturbance for a stream segment. 
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5.3.2 Method for rapid surface water assessment in the field 

Surface water extent was estimated as the lineal extent of surface water present along the thalweg 

of each stream segment (see the next paragraph). During field sampling, if a stream segment was 

flowing, its surface water extent was recorded as 100%. When a stream segment was not flowing, I 

walked along at least 50% of the segment (see the paragraph after the next) and estimated surface 

water extent by 1) making waypoints using a GPS device (Garmin Pollard GPS unit) at the start and 

end point of each patch of surface water or dry stream bed, respectively, and 2) calculating in ArcGIS 

10.3 (ESRI, 2002), the total length of wetted sections and expressing as a proportion of total 

segment length. Only surface water pools longer than 1m were counted as this length approximated 

the precision of the GPS device. The same person did all the measurements in the field. 

Lineal estimates of surface water extent were used in this study, as it takes considerably longer to 

measure the areal extent of surface water. To evaluate the appropriateness of a lineal measure of 

surface water extent, I compared lineal and areal measures of surface water extent using Google 

Earth imagery for 12 randomly selected stream segments whose channel could be clearly seen 

(median segment length = 2.7 km, range = 0.5 – 7.5 km). The lineal surface water extent was 

measured as the total length of the stream channel with surface water present along the thalweg. 

The areal surface water extent was quantified by summing up areas (length x average wetted width) 

of all surface water present in each stream segment. I then calculated the coefficient of 

determination (R2) to represent the agreement between the two measures. The lineal measure of 

surface water extent was strongly related to its areal measure (R2 = 0.80, p<0.00; Figure 5-6), 

indicating that this was an appropriate proxy for use in the study. 

 

Figure 5-6. Scatter plot of lineal surface water extent (m) versus total surface water area (m2). The dashed line 
represents the regression line. 
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The minimum length of 50% of a given stream segment required to estimate surface water extent 

was based on an evaluation of changes in bias (deviation of an estimate to the true value) and 

precision (degree of variation in the estimate) within increasing stream distance sampled. Using 

Google Earth imagery for the same 12 stream segments described above, I randomly sampled 

different fixed lengths of stream in increments of 10% of the total segment length and calculated 

lineal surface water extent. This calculation was achieved using a customised R script, which 

simplifies a stream segment as a line section composed of a series of dry/wet sections, and then 

randomly selects a fixed length of the section along the stream and calculated the proportion of the 

selected section length with surface water as lineal surface water extent. I repeated this 1000 times 

for each cumulative 10% increment and compared the sampled surface water extent with the actual 

surface water extent for the entire stream segment. Bias for each 10% cumulative increment of total 

segment length was calculated as the mean absolute percentage difference between the estimated 

values generated over the 1000 randomisations and the ‘true’ value. Precision for each cumulative 

increment was represented by the coefficient of variation (standard deviation/mean generated over 

the 1000 randomisations). Averaged across the 12 sites (Figure 5-7), bias in estimates of surface 

water extent were < 10% for each cumulative increment of sampling effort (length of stream), but 

precision in these estimates was relatively low until about 50% of stream distance had been sampled 

(e.g. CV ≤ 0.25). I, therefore, used this as a minimum level of sampling effort for field sampling of 

surface water extent. 

 

Figure 5-7. Changes in bias (solid circle, ± s.d.) and scattering (open circle) for surface water extent with 
different proportional stream lengths sampled. The two dashed lines represent the upper or lower bound of 
bias criteria (100 ± 10%). The dotted line denotes the precision criteria (CV ≤ 0.25). 

5.3.3 Environmental predictor variables 

I selected a range of candidate predictor variables with clear conceptual links to processes 

potentially influencing variation in the occurrence of surface water in stream channels. To account 
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for spatial and temporal dynamics of surface water extent, environmental attributes that represent 

both water gains and losses and that influence surface water extent at multiple spatial scales were 

considered. Initially, 42 candidate variables were identified, but were reduced to 18 after removal of 

highly correlated variables (absolute Pearson’s correlation coefficients r > 0.75). The final set of 

environmental predictor variables (Table 5-1) describe the following: long-term and short-term 

climate (average annual mean rainfall and average driest quarter mean temperature; average 

rainfall and actual evapotranspiration over the last 10 days); hydrology (mean discharge over the last 

10 days,  annual mean and coefficient of variation in accumulated soil water surplus, number of days 

since cease to flow and degree of flow intermittency); catchment soil properties (average solum 

plant available water holding capacity, soil saturated hydraulic conductivity and catchment storage), 

which is indicative of plant transpiration or potential groundwater discharge to surface water; and 

catchment geology topography (maximum upstream elevation, catchment shape, sub-catchment 

average slope) and potential anthropogenic disturbances (river disturbance index). I also used 

stream order to indicate stream size and catchment area, and stream substrate properties to 

describe the potential vertical water losses from the stream. The degree of flow intermittency, 

represented by mean monthly zero flow duration per year, was also included to account for the 

overall possibility of a stream being intermittent. 

Most of the predictor variables were sourced from Geofabric (Stein et al., 2014), except for the 

temporal variables which included CatRain10, Discharge10, SubETA10 and DaysNoFlow and the 

degree of flow intermittency (FlowInterm). Antecedent rainfall and actual evapotranspiration were 

obtained from the Australian Bureau of Meteorology (http://www.bom.gov.au/water/landscape). 

They serve as inputs into the AWRA-L model, a daily gridded distributed water balance model 

developed at a national scale (van Dijk, 2010; Viney et al., 2015), to generate runoff as output. 

Antecedent daily discharge data for each stream segment were obtained from the daily flow model 

developed in Chapter 4. The degree of flow intermittency for each stream segment was sourced 

from Chapter 3. 

5.3.4 Statistical modelling 

Random forest (RF) modelling was conducted relating surface water extent to a wide range of 

environmental variables. Observed surface water extent at all sampling sites was originally 

quantified as continuous values (% surface water extent), and I refer to the continuous variable as 

the “continuous surface water model”. I also transformed this measure into a binary variable by 

discretising based on two different thresholds. One threshold (0 % surface water extent) was 

selected to separate completely dry sites from all others and typifies a variable representing 

presence/absence of surface water. The other threshold (50% wetted length) was selected to 

http://www.bom.gov.au/water/landscape
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separate sites with ≥ 50% from sites with water status < 50% and typifies a variable representing the 

quality of the refuges. A similar approach was adopted by Bishop-Taylor et al. (2017), in which they 

identified pixels that contained water for greater than 50% of satellite observations as potential 

habitat layers. I refer to the 0% threshold as the “surface water presence/absence model”. The 50% 

threshold allows for detection of stream segments that are more likely to provide high-quality 

aquatic refuges in terms of water quantity and quality (hereafter, termed “high-quality refuges 

model”). Studies show that as surface water extent decreases, some ecologically important water 

quality parameters degrade quickly, such as water temperature and dissolved oxygen (Magoulick 

and Kobza, 2003). Predation risk can also increase considerably reducing the habitat suitability of 

waterholes as refuges as they become smaller. In this study, I, therefore, developed RF models of 

surface water extent in the three different response variable types (i.e. one continuous, and two 

binary response variables). The reduced variance in the binary models also served to potentially 

increase model performance by reducing sensitivity to sampling uncertainty, albeit with a loss of 

information about the degree of habitat variability. 

Multicolinearity and spatial and temporal autocorrelation among predictors have strong impacts on 

identifying the relative importance of predictors (Snelder et al., 2013). I applied the procedure of 

Svetnik et al. (2004) to reduce the RF model to the most parsimonious set of predictors. The 

procedure recursively removes the least-important variable from the model based on a cross-

validation process and tests whether the reduced model still has acceptable prediction performance. 

I used “one standard error rule” (Breiman et al., 1984) to select the reduced model that has 

prediction performance within the error generated from the cross-validation process for the best 

performance model, and that also has the least number of predictors. The reduced model was used 

for subsequent analysis. The RF modelling was conducted using the R package randomForest (Liaw 

and Wiener, 2002). 

The structure of the RF model can be examined using importance measures, which indicate the 

contribution of predictors to model performance. They are calculated from the degradation in model 

performance when a predictor is randomly permuted (Breiman, 2001). For the continuous response 

variable type, the increase in mean squared error (IncMSE) was used to measure variable 

importance, while for the two binary response variable types, the increase in misclassification rate 

(IncMR) was applied. To enable comparison among response variables, the average rank importance 

of retained predictors was used. 

For the two binary response variable types, the performance of a classification model is sensitive to 

the probability threshold that is applied (Freeman and Moisen, 2008). I applied a threshold selection 
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method of MaxKappa to choose the best threshold for the RF modelling. MaxKappa is to select the 

threshold that results in the maximum value of Cohen’s Kappa (Cohen, 1960). Kappa measures the 

agreement between two classifications and takes a value between 0 (no agreement) and 1 

(complete agreement). 
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Table 5-1. Table of environmental predictor variables used in the statistical modelling of surface water extent. Environmental data were sourced from Stein et al. 2014 
except where indicated. 

Hydrological 
process 

Spatial scale Predictor variable Description Unit 

Water gains Climate CATANNRAIN Catchment average annual mean rainfall mm 

 CatRain101 Catchment average rainfall over last 10 days mm 

Catchment CATSTORAGE Catchment storage % 

 RUNANNCOFV Coefficient of variation of annual totals of accumulated soil water surplus / 

 RUNANNMEAN Annual mean accumulated soil water surplus ML 

 CAT_A_KAST Catchment average saturated hydraulic conductivity mm/h 

Stream segment Discharge102 Mean discharge over the last 10 days ML/day 

Water losses Climate CATDRYQTEMP Catchment average driest quarter mean temperature  °C 

Catchment SubETA103 Sub-catchment actual evapotranspiration over last 10 days mm 

 CAT_SOLPAWHC Catchment average solum plant available water holding capacity mm 

Stream segment STR-UNCONSOLIDATED stream and valley percentage unconsolidated rocks %  
Catchment CATELEMAX Maximum upstream elevation m 

 ELONGRATIO Catchment shape (elongation ratio) / 

Stream segment RDI River disturbance index / 

 SubSlope Segment sub-catchment average slope ° 

 StrOrder Strahler stream order / 

 FlowInterm4 Flow intermittency represented by mean zero flow durations (months) / 

 DaysNoFlow5 Number of days since cease to flow Days 

Data source: 1 and 3 are sourced from the inputs to the AWRA-L model; 2 and 5 are sourced from Chapter 4; 4 is sourced from Chapter 3. 
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The model performance was evaluated using a leave-one-out cross validation procedure and 

characterised by the mean absolute error (MAE), the root-mean-square error (RMSE) and the Nash–

Sutcliffe model efficiency coefficient (NSE) for the continuous response variable, and by Cohen’s 

Kappa (Kappa), correct classification rate (CCR) and receiver operating curves (ROC) for the binary 

response variables. MAE is the average absolute difference between the observed and predicted 

surface water extent. RMSE is the square root of the difference between the observed and predicted 

surface water extent. Both MAE and RMSE take a value between 0 to +∞ and in general, a lower 

value is better than a higher one. NSE is used to assess the predictive power of statistical models, 

with values ranging from -∞ to 1. A NSE = 1 corresponds to a perfect match of modelled surface 

water extent to the observed; a NSE = 0 indicates that the model predictions are as accurate as the 

mean of the observed data; whereas a NSE < 0 occurs when the observed mean is a better predictor 

than the model. CCR is the ratio of correctly classified (predicted) cases to the total cases, with 

values ranging from 0 (all falsely classified) to 1 (all correctly classified). ROC is independent of the 

threshold for the two binary response variables. ROC plots show the true positive rate (sensitivity) 

against the false positive rate (1-specificity) as the threshold varies from 0 to 1 (Hanley and McNeil, 

1982). The area under the ROC curve (AUC) is a good measure of overall model performance that is 

independent of probability threshold, with good models having an AUC near 1, while poor models 

have an AUC near 0.5 (Freeman and Moisen, 2008). In the cross-validation step, I withheld one 

observation in turn from the training dataset used to fit the RF models. I then used the developed RF 

model to independently predict the probability of the withheld observation. The cross-validated 

probabilities were then used to identify the appropriate probability threshold with the 

abovementioned selection method (i.e. MaxKappa). The identified probability threshold was applied 

to both internal and external validations. 

5.3.5 Model validation 

I evaluated how well the developed models were able to predict surface water extent for new time 

periods (internal validation) as well as at new sites (external validation) by comparing the match 

between the expected and observed surface water extent. I applied the same metrics as in the 

model calibration process. Furthermore, for classification models, I investigated the prediction errors 

in detail by differentiating commission error from omission error. Commission error is the wrong 

prediction when surface water is absent, and omission error is the wrong prediction when surface 

water is present. This differentiation can interpret the modelling predictions in a more informative 

way and provide valuable insights into the applicability of constructed models (Rose et al., 2016). 
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5.3.6 Model application to identify potential aquatic refuges 

After the construction of the models, I further extrapolated all three models to the entire study area 

to predict daily surface water extent for every stream segment over the past century (1911 -2017). 

To quantify spatial patterns of surface water extent, I calculated a summary metric of 1) the annual 

mean surface extent for the continuous model, 2) the annual mean number of days with surface 

water present for the surface water presence/absence model, and 3) the annual mean number of 

days with surface water extent > 50% for the high-quality refuges model, from 1911 - 2017. I also 

estimated surface water presence for each stream segment in 2018 specifically, enabling a 

comparison with the empirically observed surface water presence over the sampling period. Finally, I 

summarised the temporal dynamics of each of the summary metrics for the corresponding model as 

the proportion of the total river length over the period of 1911 - 2017. 

5.4 Results 

5.4.1 Representativeness of training sites 

Five of the six attributes, including flow intermittency, catchment area, elevation, slope, and RDI, 

showed similar distributions between the total streams and the sampled streams (Figure 5-4). The 

only exception was the Strahler stream order where first order streams were under represented, 

while second and third order streams were oversampled by 30% (Figure 5-4). Almost all the sampled 

streams have values of RDI < 0.5, suggesting that the associated data set used for model 

development was only slightly influenced by human activities. 

5.4.2 Model training 

Statistical models were constructed for each of the three response variable types (i.e. one 

continuous, and two binary response variables). The model performance indicated that all three 

response variables could be predicted reasonably accurately using the constructed RF models. More 

specifically, for the continuous response variable, the reduced RF model had an MAE value of 0.22, a 

RMSE value was 0.31, and a NSE value was 0.51 (continuous surface water model in Table 5-2), with 

a total of seven out of the 18 predictor variables retained in the final model (Table 5-3). Between the 

two classification models, the one for the high-quality refuges (i.e. binary variable with threshold of 

50%) outperformed the other in terms of model performance, with the AUC, CCR and Kappa values 

of 0.90, 0.82, 0.62, respectively, compared to the same metric values of 0.86, 0.84 and 0.45 for the 

surface water presence/absence model (Table 5-2). However, the outperformance of the high 

quality refuges model was achieved with eight retained environmental variables, while only four 

variables were retained for the presence/absence model (Table 5-3). 
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Table 5-2. Values of various model performance metrics for the calibrated model and the internal and external 
validations for each of the three response variable types. MAE, means of absolute error; RMSE, root-mean-
square error; NSE, Nash–Sutcliffe model efficiency coefficient; AUC, area under the curve (receiver operating 
characteristic); CCR, correct classification rate; Kappa, Cohen’s kappa. Refer to Section 5.3.4 for more details 
on the model performance metrics. 

Model type 
Continuous surface 

water model 

Surface water 
presence/absence 

model 

High-quality refuges 
model 

Performance metric MAE RMSE NSE AUC CCR Kappa AUC CCR Kappa 

Model fit (LOOCV) 0.22 0.31 0.51 0.86 0.84 0.45 0.90 0.82 0.62 

Internal 
validation 
(n=15) 

Mar 0.22 0.29 0.65 0.84 0.93 1.00 0.96 0.87 0.72 

May 0.21 0.25 0.71 1.00 0.87 0.71 1.00 1.00 1.00 

Jul 0.28 0.32 0.55 0.89 0.87 0.73 0.94 0.93 0.87 

Sep 0.31 0.37 0.36 0.88 0.80 0.60 0.83 0.80 0.59 

Nov 0.19 0.26 0.73 0.96 0.80 0.59 1.00 1.00 1.00 

Overall  0.24 0.29 0.63 0.84 0.85 0.69 0.87 0.87 0.73 

External 
validation 
(n=10) 

Mar 0.19 0.34 0.47 0.64 0.70 0.21 0.96 0.80 0.55 

May 0.34 0.45 0.11 0.74 0.70 0.21 1.00 0.70 0.40 

Jul 0.36 0.49 -0.11 0.88 0.80 0.55 0.52 0.70 0.40 

Sep 0.46 0.59 -1.30 0.84 0.70 0.4 0.52 0.50 0.19 

Nov 0.12 0.19 0.79 1.00 1.00 1.00 1.00 0.90 0.74 

Overall  0.30 0.43 0.14 0.81 0.82 0.57 0.85 0.76 0.51 

 

The three model approaches displayed a high degree of congruence in retained environmental 

variables (Table 5-3). Firstly, variables with links to water gains, water losses, and that influence 

surface water extent were all retained in the three reduced models. Next, among the nine out of 18 

variable predictors contributing significantly to the three models, four of them were shared by all 

the three RF models. 

Table 5-3. Ranking of retained predictor variable importance for predicting surface water extent for each 
response variable type. Ranking of 1 indicates the most important. Bold predictors were shared in all three RF 
models. 

Model type 
Continuous 
surface water 
model 

Surface water 
presence/absence 
model 

High-quality 
refuges model 

Average 

RUNANNCOFV 1 1 1 1 

StrOrder   2 2 

SubSlope 2   2 

FlowInterm 3 3 5 3.7 

Discharge10 5  3 4 

CATDRYQTEMP   4 4 

CATANNRAIN 4 2 6 4 

SubETA10 7 4 7 6 

CAT_A_KAST 6   8 7 
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There was significant spatial variation in model accuracy for each of the three models, but the 

patterns appeared similar across them. For example, all models had higher accuracy for coastal 

streams than for inland streams (Figure 5-8). In addition, the continuous surface water model 

tended to significantly misrepresent habitat persistence in the Brisbane River catchment (Figure 

5-8a), and it was also true for the two classification models that almost all wrongly predicted sites 

were found in inland streams (Figure 5-8b, c), but there was a slight difference between the 

presence/absence model and the high-quality refuges model: the wrongly predicted sites by the 

former model were more concentrated in the western part of Brisbane River catchment, while those 

by the latter model were distributed evenly across inland. Furthermore, for the two classification 

models commission error was the major error type (Figure 5-8b, c), suggesting it was more likely 

that the models predicted surface water to be present when in reality it was absent. 

5.4.3 Model validation 

In terms of internal validations, all three models performed equally well as or even better than the 

trained model. For example, the overall performance for each model (NSE for the continuous model 

and Kappa for the two classification models) were 0.63, 0.69, 0.73, while the model fits for 

calibration were 0.51, 0.45, and 0.62, respectively (Table 5-2). There were also noticeable temporal 

variations in model performance from March to November of 2018, but for most times the internally 

validated models outperformed the externally validated model (Figure 5-9). The continuous surface 

water model tended to slightly overestimate surface water extent (Figure 5-9a), and the two 

classification models were more likely to falsely predict water presence (commission errors) than 

absence (omission errors) (Figure 5-9b, c). 

By contrast, for external validations, none of the three models showed better performance than the 

trained model (Table 5-2). For example, the overall performance for each model (NSE for the 

continuous model and Kappa for the two classification models) were 0.14, 0.57, and 0.51, while the 

model fits calibration were 0.51, 0.42, and 0.67 (Table 5-2). Additionally, there was significant 

variation in the model performance across months, which tended to be worse during the dry period 

(March - September) and improved in the following wet period (i.e. November) (Figure 5-9). All 

three models showed higher error rates during external validation (Figure 5-9). 
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Figure 5-8. Comparison of the predicted and observed surface water extent for the three models: (a) the 
continuous surface water extent model, where the training sites were coloured by the difference in % surface 
water extent between the predicted and observed (i.e. the green colour represents little bias, the blue 
spectrum represents under-estimation, while the red spectrum indicates over-estimation; the lighter the 
colour is, the more biased the estimate is); (b) the surface water presence/absence model, where the sites 
rightly predicted were in green, while the sites wrongly classified were in blue if caused by commission error or 
in red if caused by omission error; (c) the high quality refuges model (i.e. >50% surface water), and the sites 
were coloured in the same way as in (b). 
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Figure 5-9. Comparison between the predicted and observed surface water extent for the external and 
internal validation samples for each of the three RF models: (a) the continuous surface water model, where 
difference in % surface water extent is shown as boxplot; (b) the surface water presence/absence model and 
(c) high-quality aquatic refuges model. For both of the classification models, the proportions of sample size for 
commission error, omission error and accurate predictions are shown over time. 

5.4.4Model applications 

Surface water presence/absence was predicted throughout river networks in SEQ for the year of 

field sampling in 2018. Figure 5-10 showed that drier streams tended to be concentrated in the west 

and north-western part of the study region, where the majority of streams were predicted to have 

surface water present for less than 60 days. The coastal streams and main stems were predicted to 
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contain surface water almost all year (> 300 days). The predicted spatial pattern of surface water 

presence aligned quite well with the observed surface water presence/absence during the field 

assessment (Figure 5-10). 

 

Figure 5-10. Spatial variation in the predicted total number of days with surface water presence/absence 
during 2018 (the year in which the field sampling occurred) across the river networks in SEQ. The observed 
surface water presence/absence is also shown (blue and red for surface water presence/absence, 
respectively). 

Spatial patterns in simulated average long-term (1911 - 2017) surface water extent (Figure 5-11) 

were similar for each response variable type and also to that observed in 2018 (Figure 5-10). Spatial 

patterns in the degree of inter-annual variation in surface water extent were also similar between 

response variables. For the continuous surface water model, inland streams, especially streams in 

the western part of the Brisbane River catchment, were predicted to be driest on average (e.g. < 

60% surface water extent on average) (Figure 5-11a, b). Similarly, these western streams contained 

surface water for relatively short periods of time per year on average and varied more from year to 

year, both for surface water presence (Figure 5-11c, d) and high quality refuges (Figure 5-11e, f). 
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Figure 5-11. Spatial variation in surface water extent and its coefficient of variation (CV) predicted by the 
constructed RF models for continuous surface water extent variable (a & b), surface water presence/absence 
variable (c & d), and high-quality refuge variable (e & f). 

For the continuous surface water model, more than half of the streams had surface water extent 

of >60% over the past century, while only 10% of streams had surface water extent of <20% (Figure 

5-12a). This finding was also confirmed by the two classification models. For the surface water 

presence/absence model, the majority (around 80%) of the streams in SEQ were predicted to have 
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surface water present for > 300 days per year (Figure 5-12b), and its proportion remained relatively 

stable over the past century. For the high-quality refuges model (Figure 5-12c), a lower proportion of 

streams were predicted to be able to provide high-quality refuges for more than 300 days per year 

than the surface water presence/absence model. The temporal patterns of surface water extent 

aligned well with that of the annual total rainfall over the past century (Figure 5-12d). 
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Figure 5-12. Temporal variation in the proportion of total river length with (a) predicted continuous surface 
water extent, (b) predicted surface water presence/absence and (c) predicted high quality refuges for more 
than an incremental number of days per year from 1911 to 2017. Also shown is the temporal variation in 
annual total rainfall (d). 
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5.5 Discussion and conclusions 

It is widely accepted that remnant surface water bodies in the drying phase of intermittent streams 

are critically important for aquatic biota to survive during extended drying periods and also to 

recolonise suitable habitats after flow resumes (Arthington et al., 2010; Bond et al., 2008; Bunn et 

al., 2006). However, to my knowledge, there are no studies that have focused on quantifying long-

term spatial and temporal dynamics of surface water extent throughout entire river networks, partly 

due to the difficulty in measuring surface water extent over broad scales. In this study, I first 

demonstrate a newly developed method for rapid surface water assessment in the field, and then 

present a novel and practical approach to addressing this issue by developing statistical predictive 

models of surface water extent. This was based on the combined use of field sampling and 

environmental attributes describing critical hydrological processes hypothesised to influence spatio-

temporal variation in surface water extent. The approach here is potentially applicable to other 

catchments around the world and can help to identify important surface water refuges for 

biodiversity and targeted conservation management. 

5.5.1 Model development and validation 

Spatial and temporal variations in surface water extent is governed by interactions between 

hydrological processes (Costelloe and Russell, 2014), including inflow from upstream, infiltration 

through streambed, groundwater inputs, and evapotranspiration (Buttle et al., 2012). To account for 

these processes, variables representing water gains and losses and influencing surface water extent 

were selected when constructing the models, and a machine learning approach (i.e. random forest 

modelling) was applied to explain the non-linear relationships between these environmental 

variables and spatio-temporal dynamics of surface water extent. 

In all three developed models, I found variables representing water gains (e.g. catchment annual 

rainfall, annual mean runoff) and influencing surface water extent (e.g. the degree of flow 

intermittency) were more important in predicting surface water extent than variables representing 

water losses (e.g. evapotranspiration). This finding is expected in this study area because SEQ can 

experience rainfall every month with an average annual total of 1063 mm, enabling isolated water 

pools to become connected frequently. As a consequence, water gaining variables (e.g. annual mean 

runoff) are most important in influencing surface water extent, while the effect of water losing 

variables (e.g. evapotranspiration) is limited. However, this may not be the case in areas with 

different environmental contexts (e.g. rainfall is not as frequent as in SEQ). For example, in the arid 

zone of Australia, where there can be a long time interval between two rainfall events, Costelloe et 

al. (2007) reported that evaporation was the dominant process determining water loss in the 
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absence of flow, so that the persistence of a waterhole was primarily dependent on its depth when 

flow ceases. The modelling approach developed here can be used to identify the main processes 

determining surface water extent in other regions. 

Random forest models were developed for three metrics describing surface water extent. I then 

applied both internal and external validation datasets to evaluate 1) the stability of predictions 

through time and 2) the overfitting and potential of extrapolation of the predictive models, 

respectively. I observed consistently high model accuracy over time for the internal validations, but 

model accuracy for the external validations varied from good performance in the wet season to only 

fair in the dry season. Temporal representativeness of sampling can be one possible source of 

uncertainty in model development. Almost half of the training sites were visited in the wet season, 

while the majority of validation sites were sampled in the dry season. This difference in sampling 

timing meant that the training sites were slightly more skewed towards wetter sites while the 

validation sites had a higher representation of drier sites (Figure 5-5). Furthermore, the 

misalignment in the distribution of observed surface water extent between the training sites and 

validation sites made the sites with higher surface water extent over-represented in the constructed 

model, leading to underestimation of drier sites. 

Commission error predominated in both the internal and external validations (Figure 5-9), 

suggesting that models tended to over-predict surface water extent. Depending on the intended 

model use, and costs associated with making incorrect decisions, commission error can be tolerated 

or even favoured in certain cases (Araújo and Peterson, 2012; Rose et al., 2016). Taking the surface 

water presence/absence model as an example, commission error predicts surface water present 

when it is absent, which leads to potentially wasted limited resources; while omission error predicts 

surface water absent when present, leaving valuable aquatic refuges unprotected and threatening 

the survival of aquatic species. Assuming that the ideal model without any commission and omission 

error rarely exists, the developed models of surface water extent in this study can be suited to 

aquatic refuge identification, although they may lead to wasted resources. 

5.5.2 Model applications  

By combining field sampling and historical long-term environmental variable datasets, I was able to 

develop robust models of surface water extent and apply them to the entire stream networks in SEQ 

over the past century. The valid use of predictive models for spatial interpolation and temporal 

extrapolation ideally require that samples used to train the models encompass as much of spatial 

and temporal variability in environmental predictor and response variables as possible (Bond and 

Kennard, 2017; Elith and Leathwick, 2009b). In my study, this assumption was supported by the 
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findings that rainfall conditions during the 2018 sampling period was representative of the range of 

long-term conditions (Figure 5-2). In addition, the sampling period included two months of 

extremely high and low rainfall (exceeding the 90th and 10th percentiles, respectively), further 

enhancing the temporal scope of data used for model training. Furthermore, the 241 training sites 

represented the full spatial range of environmental predictor variables over the entire river 

networks (Figure 5-4). 

Our models revealed that the overall length of river network predicted to contain surface water 

remained relatively stable from year to year (Figure 5-12b). However, the spatial extent of surface 

water did vary substantially from year to year in some parts of the study area, particularly the 

western part of the Brisbane River catchment (Figure 5-11d). It is also expected that the variable of 

surface water presence has less spatial and temporal variations than the streamflow characteristics 

(e.g. number of zero flow days), because surface water presence includes both the flowing and non-

flowing phases (before riverbed becomes desiccated) of the stream network, while the hydrological 

contraction and expansion of stream network only include the flowing phase. Given that our study 

area can experience rainfall every month with an average annual total of 1063 mm (Figure 5-2), 

stream segments can have surface water present for a long time. Furthermore, the studies in 

Chapter 3 and 4 actually showed that the spatial and temporal patterns of flow intermittency 

(hydrological contraction and expansion) varied significantly from year to year over the past century. 

Therefore, the current study can be seen as a further step from differentiating flowing from non-

flowing to investigating the dynamics of surface water extent during the non-flowing phase. 

The extrapolating results can be used to identify and prioritise potential aquatic refuge areas that 

sustain aquatic biodiversity. Average long-term spatial patterns of simulated surface water extent 

for all three response variables showed that the coastal and lowland streams had greater surface 

water extent due to their high flow perenniality. In contrast, permanent surface water habitats in 

the main stems of river channels located further inland in the western part of SEQ were relatively 

scarce and were surrounded by a network of drier streams in this region. These areas could be 

considered as priority aquatic refuges as they could be extremely important for nearby aquatic 

species to not only survive extended dry periods but also recolonise newly established habitats 

when flow resumes (Arthington et al., 2005; Arthington et al., 2010; Magoulick and Kobza, 2003). 

Recently systematic conservation planning approaches have been widely applied to freshwater 

ecosystems to efficiently identify high priority refuges for conservation management (Moilanen et 

al., 2008; Nel et al., 2009), and information on surface water persistence is considered as one of the 

important inputs (Bishop-Taylor et al., 2017; Hermoso et al., 2012b). Therefore, the developed 
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models in this study could be helpful to provide such information to sustain systematic conservation 

planning for the identification of priority aquatic refuges. 

I predicted aquatic status not only as a binary variable (e.g. surface water presence/absence) but 

also as a continuous variable, making it possible for future studies to further investigate ecological 

responses to continuous drying process when streams cease to flow. This will enable a better 

understanding of how aquatic species and communities respond to the gradual reduction of surface 

water extent. Importantly, this study is especially beneficial for small streams that are often covered 

by dense vegetation, which prevents the use of remote sensing for mapping surface water, despite 

this approach being successfully deployed in monitoring larger rivers and wetlands (Alsdorf et al., 

2007; Ward et al., 2014). Given that many small streams are also intermittent (Fritz et al., 2013), This 

study demonstrates an approach that can potentially help bridge the gap to identify surface water 

extent for small streams over a large spatial scale. 

In summary, I proposed a newly-developed method for rapid surface water assessment in the field, 

which showed that only half of a stream segment was required to be sampled and the lineal 

measure of surface water extent was a good proxy for the areal measure. I also presented a novel 

approach to quantifying the spatial and temporal patterns of surface water extent by developing 

robust statistical predictive models. Given that surface water extent is one of the fundamental 

elements in identifying aquatic refuges, these developed models can provide essential data 

representing surface water persistence for the study in the next chapter on systematic prioritisation 

of aquatic refuges to sustain biodiversity in dendritic river networks. 
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Chapter 6: Systematic prioritisation of aquatic refuges to sustain 

biodiversity in dendritic river networks 

Abstract 

Systematic conservation prioritisation methods are increasingly being applied to freshwater 

ecosystems to identify candidate areas for ecosystem management and biodiversity protection. 

However, applications with emphasis on intermittent streams are scarce, even though intermittent 

streams are recognised as major components of global river systems. The hydrological variability of 

intermittent streams means that the spatial distribution of dry season aquatic refuges within river 

networks and the temporal dynamics of hydrological connectivity between them are critical for the 

persistence of aquatic biodiversity. These issues pose significant challenges for identifying priority 

aquatic refuges in intermittent stream networks. Here I propose a new approach to incorporating 

both surface water persistence and hydrological connectivity into systematic conservation 

prioritisation in intermittent streams, with practical suggestions for implementation. 

Models of surface water extent within stream segments and of daily streamflow were used to 

represent spatio-temporal variation in surface water extent and hydrological connectivity within 

river networks of eastern Australia over a 107-year period. I also included multiple freshwater fish 

species distributions as explicit targets for habitat prioritisation and incorporated estimates of their 

relative mobility to maximise potentially re-colonisable stream length from refuges. Results showed 

that, compared with the situation without mobility, the inclusion of species mobility could 

significantly reduce the number of aquatic refuges required to meet the set conservation targets. 

The aquatic refuges with high irreplaceability were widely distributed across the study river 

networks, encompassing streams in various orders from main stems to headwaters. The new 

approach demonstrated here to identify priority refuges by incorporating surface water persistence 

and hydrological connectivity would help enhance both the resistance and resilience of freshwater 

biodiversity in intermittent stream ecosystems. 
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6.1 Introduction 

Intermittent streams represent more than half of the global river networks (Acuña et al., 2014; 

Tooth, 2000), and are highly variable systems with alternating drying and wetting phases (Datry et 

al., 2011). This hydrological variability poses challenges for resident aquatic biota which require 

access to permanent surface water-bodies as aquatic refuges to persist during dry spells. The size, 

number and spatial arrangement of these aquatic refuges also has important implications for 

dispersal of biota once flow resumes and surface water networks are reconnected (Boulton and 

Lake, 2008; Robson et al., 2013). Waterways with persistent surface water provide critical refuge 

habitats during low-flow periods (Bond et al., 2015; Hermoso et al., 2012b), and their spatial 

arrangement and temporal dynamics, combined with the ability of species to persist in these rivers, 

can strongly shape the community population dynamics and species persistence in hydrologically 

variable environments (Magoulick and Kobza, 2003). However, the availability of aquatic refuges is 

currently under combined threats from land-use intensification (e.g. increasing urbanisation) and 

changes in water availability driven by human consumption and a changing climate (Davis et al., 

2015; Vorosmarty et al., 2010). This could compromise the persistence of freshwater biodiversity 

utilising intermittent streams (Hermoso et al., 2013b; Markovic et al., 2014). Furthermore, the 

number and length of intermittent streams are projected to increase in regions likely to experience 

drying trends (Datry et al., 2011; Larned et al., 2010). Therefore, to better protect and manage 

intermittent streams, identification of persistent and drought-resistant refuges habitats is a critical 

conservation challenge (Bond et al., 2008; Costelloe and Russell, 2014). 

Aquatic refuges have previously been considered in the identification of conservation priority areas 

(Bishop-Taylor et al., 2017; Costelloe and Russell, 2014; Hermoso et al., 2012b). The distribution of 

aquatic refuges over broad spatial scales are usually derived from satellite imagery (Bishop-Taylor et 

al., 2017; Hermoso et al., 2013b), but this has several limitations for conservation prioritisation in 

dendritic river networks. The relatively coarse spatial resolution of satellite imagery (e.g. 250 m for 

MODIS imagery) and dense riparian vegetation cover over stream channels (e.g. headwaters), means 

that detection of surface water and identification of aquatic refuges may be compromised in river 

networks. In addition, the temporal scale of satellite imagery can be relatively coarse or interrupted 

for extended periods (e.g. due to cloud cover), meaning that the highly variable nature of surface 

water dynamics in intermittent streams may not be adequately represented. 

Recent years have seen increasing applications of systematic conservation planning methods to 

identify priority conservation areas in freshwater ecosystems (Hermoso et al., 2011; Linke et al., 

2011; Moilanen et al., 2008; Nel et al., 2009) using conservation-planning and decision-support tools 

such as Marxan (Ball et al., 2009) and Zonation (Moilanen, 2005). Spatial connectivity requirements 
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are an important consideration in these approaches and are usually represented by distance-decay 

functions along river networks or between catchments (e.g. (Hermoso et al., 2012a; Hermoso et al., 

2011). However, for obligate freshwater biota, these approaches assume that neighbouring planning 

units (e.g. stream segments) are hydrologically connected. This assumption is generally true for 

perennial streams, but is not the case for intermittent streams, because periods of low flow creates 

physical disconnections between permanent surface water bodies over potentially large river 

networks extents and for long periods of time (Garbin et al., 2019; Larned et al., 2010). Hydrological 

connectivity is critical for intermittent ecosystems as it facilitates species recovery following drying 

events (Lake et al., 2017), and its spatio-temporal dynamism exerts powerful influences on 

biochemistry, biota and ecological processes (Boulton et al., 2017). 

The inclusion of hydrological connectivity in the process of identifying conservation priority areas in 

river networks is challenging due to the paucity of hydrological data, given that streamflow gauges 

can only provide point-estimates of discharge (Chapter 3) and their spatial distribution is usually 

biased towards perennial streams (Turner and Richter, 2011). Increasingly however, spatially 

contiguous estimates of discharge are becoming readily available (Chapter 3 and 4), and there is 

strong potential to use this information to estimate the frequency and duration of hydrological 

connectivity between dry season refuges throughout entire river networks. 

In addition to considering the distribution of aquatic refuges and connectivity among them in the 

spatial prioritisation process, incorporation of knowledge of freshwater species distributions and 

their mobility can lead to more effective identification of freshwater conservation priority areas to 

sustain biodiversity (Elith and Leathwick, 2009a). For example, in an assessment of landscape 

connectivity in dryland freshwater ecosystems, Bishop-Taylor et al. (2017) selected distances of 

500m and 1000m to encompass the dispersal abilities of a range of common water-dependent 

organisms. In addition, Hermoso et al. (2013b) used estimates of fish species mobility to account for 

the differences in recolonization potential from aquatic refuges in a river-floodplain system. 

Incorporation of such knowledge should help identification of an adequate set conservation priority 

areas to ensure persistence of biodiversity in intermittent river networks and thus make the 

implementation of the conservation plans more efficient and cost-effective. 

In this study, I demonstrate a new approach to aquatic refuge prioritisation for intermittent stream 

networks in eastern Australia. For the first time to my knowledge, I identify priority aquatic refuges 

using models of daily surface water extent and daily discharge to represent the presence of aquatic 

refuges and spatio-temporal dynamics of hydrological connectivity throughout dendritic river 

networks over a 107-year time series. I also included the distribution of multiple freshwater fish 
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species as explicit targets for conservation and incorporated estimates of their mobility to maximise 

the potential to disperse from aquatic refuges. In these analyses, I used a systematic approach to 

prioritise areas that provide all resident fish species with access to a minimum number of refuges 

while maximizing the length of stream potentially accessible for re-colonisation after dry periods. 

This approach to identifying priority aquatic refuges in intermittent river networks can enhance both 

the resistance and resilience of freshwater biodiversity in intermittent stream ecosystems. 

6.2 Study Area 

This study was conducted in five major coastal river basins of south-eastern Queensland (SEQ), 

Australia. This region is 21,331 km2 in area (Australian Bureau of Meteorology, 2014b) and is home 

to 72% of Queensland’s population (Australian Bureau of Statistics, 2011). SEQ is a region of 

transitional temperate to subtropical climate with substantial inter- and intra-annual variation in 

discharge (Kennard et al., 2010b). The majority of rainfall and streamflow usually occurs in the 

summer months of January to March, often followed by a second minor discharge peak between 

April and June, but high and low flows may occur at any time of year (Kennard et al., 2007; Kennard 

et al., 2010b). The degree of flow intermittency varies significantly across the river networks in SEQ, 

ranging from flowing all year around to less than one month per year (Chapter 3 and 4). 

The region occurs within the eastern biogeographic province based on freshwater fish distributions 

(Unmack, 2001), and represents a transitional zone for tropical and temperate species (Pusey et al., 

2004). Human land use practices have led to degradation of local riparian, in-stream habitat and 

water quality conditions in many streams and rivers of the region. In addition, some of the major 

rivers are regulated by large dams and many contain barriers to fish movements (Kennard et al., 

2006; Rose et al., 2016). Such impacts when combined with climate change may lead to a decline in 

the native instream fauna (Arthington et al., 2010; Bunn et al., 2010; Mantyka-Pringle et al., 2014). 

6.3 Methodology 

6.3.1 River network 

The river network dataset used here was sourced from the Australian Hydrologic Geospatial Fabric 

(Geofabric) (Stein et al., 2014), which provides a fully connected and directed stream network at the 

Australian national scale. The SEQ river network consisted of 3,538 stream segments (Strahler 

stream order > 1), defined as the section of stream between two confluences (mapped at 1:250,000 

resolution), and were 2.3 km in length on average. First order stream segments were not considered 

in this study as they rarely contained fish. 
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6.3.2 Surface water persistence 

I used a predictive statistical model of spatio-temporal variation in surface water extent developed 

in Chapter 5. The model used environmental attributes influencing the hydrological processes of 

water gains/losses and surface water extent in river channels to predict daily variation in 

proportional surface water extent in each stream segment over a 107-year period (1911-2017). The 

model was trained using an extensive dataset of observed surface water extent, and rigorous model 

validation revealed good internal and external predictive performance. Model predictions of daily 

surface water extent in each stream segment ranged from 0% (i.e. the stream segment is completely 

dry) to 100% (i.e. the entire stream segment is covered by surface water). Stream segments 

predicted to contain more surface water are expected to provide aquatic organisms with higher 

quality refuges during dry periods in terms of aquatic habitat quantity and quality (Costelloe and 

Russell, 2014; Magoulick and Kobza, 2003). 

6.3.3 Hydrological connectivity 

Flow and hydrological connectivity are tightly linked (Boulton et al., 2017). Hydrological connectivity 

in intermittent streams can be facilitated by flow pulses (Bunn et al., 2006), which provide 

opportunities for aquatic biota to disperse from refuges and recolonise periodically dry parts of the 

river network (Gallart et al., 2012). I used the number of flow pulses in each stream segment to 

quantify potential hydrological connectivity, with the assumption that stream segments experiencing 

a relatively high number of flow pulses over a given period of time will provide more frequent 

connections to other parts of the river network. For each stream segment, I calculated the number 

of flow pulses per year that equalled or exceeded the 50th percentile flow magnitude from the flow 

duration curve (following). The number of flow pulses was calculated for each stream segment for 

each year over a 107-year period using the modelled daily flow time series. Daily stream flow 

estimates for each stream segment of the river networks in SEQ were sourced from Chapter 4, 

where a daily flow model was developed by aggregating gridded runoff data with a hierarchically 

nested catchment dataset. The model was rigorously validated and showed generally good 

performance in representing different components of the flow regime (i.e. average-, high-, and low 

flows). 

6.3.4 Fish species distributions and estimates of mobility 

Fish species distribution data were sourced from Rose et al. (2016), who developed species 

distribution models relating ecologically-relevant environmental attributes to sampled fish 

presence/absence data at 103 least disturbed reference sites in SEQ. The developed single species 

ensemble model exhibited high sensitivity without reductions in specificity and is well suited to 
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identifying priority areas for species conservation (Rose et al., 2016). This model predicted the 

probability of presence of fish species for every stream segment of the river networks, and I chose 

the probability threshold of 50% to obtain the presence/absence data of the 23 fish species (Table 

6-1). 

I estimated the mobility capacity of each species to disperse from aquatic refuges using the 

approaches of Crook et al. (2010) and Hermoso et al. (2013b), whereby each species was classified 

as either low, medium, or high mobility (Table 6-1). This classification was based on expert 

knowledge of the authors and information in Pusey et al. (2004). I assumed that species with low-, 

medium-, and high-mobility capacity would be able to move 10 km, 50 km, and 100 km, respectively, 

both upstream and downstream (after Hermoso et al. 2013). 

There are several large dams in SEQ, which block the upstream passage of fish due to their height 

and lack of fish passage devices. In this study, I accounted for the effects of these barriers on the 

potentially re-colonisable length of river network by assuming that fish can potentially move 

downstream over a dam but not move upstream. The four biggest dams (in terms of capacity) were 

considered in this study: Wivenhoe dam (1,150,000ML, built in 1985), Somerset dam (369,000ML, 

1959), North Pine dam (202,000ML, 1976), and Moogerah dam (92,500 ML, 1961). 

Table 6-1. List of 23 freshwater fish species, whose distributions were modelled throughout south-eastern 
Queensland river networks by Rose et al. (2016). The estimated mobility capacity (H = high, M = medium, L = 
low) is also shown for each species. 

Mobility Species Mobility Species 

L Melanotaenia duboulayi M Gobiomorphus australis 

Notesthes robusta Hypseleotris galii 

Philypnodon grandiceps Hypseleotris klunzingeri  

Philypnodon macrostomus  Ophisternon sp. 

Pseudomugil signifer H Anguilla australis 

Rhadinocentrus ornatus Anguilla reinhardtii 

Tandanus tandanus Gobiomorphus coxii 
M Ambassis agassizii Hypseleotris compressa  

Craterocephalus marjorie Leiopotherapon unicolor 

Craterocephalus stercusmuscarum Mogurnda adspersa 

Galaxias olidus Mugil cephalus 

  Retropinna semoni 

 

6.3.5 Identification and prioritisation of aquatic refuges to sustain fish biodiversity 

Here I propose a new approach to identifying priority aquatic refuges to sustain fish biodiversity in 

dendritic river networks, using a systematic complementarity-based prioritisation algorithm 

(Margules and Pressey, 2000; Pressey et al., 1993) to provide all 23 resident fish species with access 
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to a minimum number of refuges while maximizing the length of stream potentially accessible for 

recolonization after dry periods. This approach involves three steps (Figure 6-1): 1) identify 

candidate aquatic refuges based on surface water persistence and hydrological connectivity; 2) 

evaluate fish biodiversity representation in candidate refuges by intersecting species distribution 

data with the candidate aquatic refuges identified in Step 1; and 3) identify priority aquatic refuges 

using a systematic conservation prioritisation algorithm. All three steps are described in detail 

below. 

 

Figure 6-1. Conceptual framework of this study. I assembled input data on surface water persistence, 
hydrological connectivity, the spatial distribution of 23 fish species, and estimates of their mobility. I identified 
aquatic refuges based on surface water persistence and hydrological connectivity (Step 1), and then evaluated 
biodiversity representation by intersecting the spatial distribution of 23 fish species with identified aquatic 
refuges (Step 2), Finally, I systematically prioritised aquatic refuges (Step 3) to provide all 23 resident fish 
species with access to a minimum number of refuges while maximising the length of stream potentially 
accessible for recolonization after dry periods. In these analyses, I assessed the sensitivity of prioritised aquatic 
refuges to the inclusion of species mobility and tested different conservation targets. 

Step 1: Identification of aquatic refuges 

For each year of the 107-year daily time series (spanning 1911-2017), I considered those stream 

segments that were predicted to contain ≥ 50% surface water all years as potential aquatic refuges, 

and then identified the subset that had high potential connectivity to other parts of the river 

network. I considered those stream segments with five or more flow pulses per year as having high 

potential connectivity. This threshold was based on preliminary analyses, in which I ran the above 

identification process in Step 1 with different flow pulse thresholds, and found that the threshold of 

five flow pulses per year was the highest threshold to make sure most of the main stems in SEQ to 
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be selected as aquatic refuges, matching well with my empirical observations. The retained stream 

segments are expected to be able to provide both refuges for species to survive extended dry 

periods and necessary connections to other parts of the river network when flow resumes. Similar to 

Bishop-Taylor et al. (2017), the top 25% of stream segments that met the criteria described above 

(equivalent to being a refuge area in 83 out of 107 years) were considered as candidate aquatic 

refuges for subsequent prioritisation analyses. 

Step 2: Biodiversity representation in refuges 

Spatial distributions of the 23 fish species were intersected with the candidate aquatic refuges 

identified in Step 1 to quantify the spatial representation of species within candidate aquatic 

refuges. This allows assessment of the relative importance of each refuge in terms of the number of 

species they potentially sustain, and also provides important information for selecting conservation 

targets for spatial prioritisation (Step 3). 

Step 3: Systematic prioritisation of aquatic refuges 

Complementarity is defined as the gain in representativeness of biodiversity when a site is added to 

an existing set of areas (Possingham et al., 2000). Therefore a site or a sub-catchment is evaluated in 

the light of what is already selected and in light of the uniqueness of its features. A large body of 

research indicates that conservation planning approaches that incorporate complementarity lead to 

a more efficient representation of biodiversity features and more cost-effective solutions than ad 

hoc, scoring or ranking strategies (Margules et al., 2002; Pressey and Nicholls, 1989; Pressey and 

Tully, 1994). To implement the complementarity-based systematic conservation prioritisation, I set 

explicit conservation targets and applied a site selection algorithm (described below) based on 

explicit rules to efficiently identify priority aquatic refuges. Conservation targets promote the design 

of spatially efficient conservation areas (Nel et al., 2009). Following Hermoso et al. (2013b), the 

conservation target was set to represent a proportion of each species’ spatial distribution identified 

in Step 2. A series of proportional representation targets were tested in this study, ranging from 5% 

to 25% in 5% increments. Note that the basic ecological information required to better inform the 

conservation target setting was lacking, so the targets used here were implemented to demonstrate 

the proposed approach. 

Given that refuges can provide source populations for recolonization, here I aimed to maximise the 

length of stream potentially accessible for recolonization from priority refuges after dry periods 

(Hermoso et al., 2013b). Two neighbouring priority refuges were separated from each other at the 

distance of each species estimated mobility (Table 6-1). If multiple species with varying mobility 
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capacities existed in one priority refuge, the separating distance was determined based on the 

species with the lowest mobility. To evaluate the sensitivity of identified priority refuges to the 

inclusion of species mobility, I also conducted a separate prioritisation analyses without considering 

species mobility (termed “naïve mobility”). 

A site selection algorithm was developed based on the simulated annealing optimisation technique 

to identify potential solutions to priority aquatic refuges. Simulated annealing is an optimisation 

method commonly used in spatial conservation prioritisation (Blum and Roli, 2003) and has been 

incorporated into several spatial optimisation software applications, such as Marxan (Ball et al., 

2009) and Marxan with zones (Watts et al., 2009). First, an initial potential solution is created by 

randomly selecting a single refuge from the candidate aquatic refuges. Then new trial solutions are 

generated iteratively by randomly changing the status of a single refuge and assessing the new 

configuration in terms of an improved or worsened objective function value. If the refuge was in the 

original solution and its random exclusion improves the objective function, it is excluded, if not it 

remains included. Similarly, if the refuge was not previously part of the proposed configuration and 

its random inclusion improves the objective function, then it is kept in, if not it is removed. 

This whole process was repeated 1000 times (i.e. 1000 solutions). The selection frequency of aquatic 

refuges across the 1000 potential solutions was used as a measure of relative conservation value or 

irreplaceability (the likelihood that an area will be required to meet a given set of targets; (Pressey et 

al., 1994). Note that in the selection algorithm all candidate aquatic refuges were unweighted and 

treated at the same penalty for the sake of demonstration. The site selection process was conducted 

with customised scripts in the R programming language (R Development Core Team, 2017). 

6.4 Results 

6.4.1 Identification of aquatic refuges 

The spatial distribution of candidate aquatic refuges (n = 883) identified over the period of 1911 - 

2017 showed a clear tendency that the majority concentrated in coastal streams and main stems of 

each river catchment (Figure 6-2). Some other refuges could be up to the headwaters in the Logan-

Albert River catchment and the southern part of Brisbane River catchment, while in the western part 

of the Brisbane River catchment, very few aquatic refuges were located off the main stems. 
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Figure 6-2. Spatial distribution of candidate aquatic refuges in south-eastern Queensland over the period of 
1911-2017. 

6.4.2 Biodiversity representation in refuges 

Every aquatic refuge had at least one species residence, but more species (≥ 8 species) tended to 

occur in main stems and coastal streams of each river catchment, while inland headwaters usually 

sustained less species (≤ 4 species) (Figure 6-3). The number of refuges identified for each species 

varied (Figure 6-4), ranging from 17 (Galaxias olidus) to 859 (Melanotaenia duboulayi), and generally 

reflected interspecific differences in distribution range sizes (Pearson’s correlation between number 

of refuges and spatial extent of distribution r = 0.80; p < 0.001). 



96 
 

 

Figure 6-3. Spatial distribution of the number of the 23 freshwater fish species residing on each aquatic refuge 
in south-eastern Queensland. 

 

Figure 6-4. The representation of each fish species in candidate aquatic refuges (quantified as the number of 
identified aquatic refuges within the distribution range of each species). The species name along the x axis is 
made up of the first three letters in the species column in Table 6-1. 

6.4.3 Systematic prioritisation of aquatic refuges 

When species mobility was set naïve, the number of required aquatic refuges increased linearly with 

the conservation targets, while the inclusion of species mobility to maximise the potentially re-

colonisable stream length from priority refuges could significantly reduce the number of aquatic 

refuges required to meet the conservation targets (Figure 6-5). This was particularly so for higher 
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conservation targets (i.e. ≥ 15% of each species’ representation in candidate aquatic refuges), which 

all required < 130 aquatic refuges (Figure 6-5). 

 

Figure 6-5. Boxplot of the number of priority aquatic refuges required to achieve the conservation targets in 
1000 potential solutions, when species mobility / naïve mobility is considered. 

There were substantial differences in the patterns of selection frequency of candidate aquatic 

refuges as priority refuges between the two situations (naïve mobility vs. mobility). When species 

mobility was set as naïve, all candidate aquatic refuges had low irreplaceability (selection frequency 

of < 50%), irrespective of conservation targets (Appendix F-1), and the selection frequency of 

aquatic refuges seems to increase almost equally with conservation targets (Appendix F-1). By 

contrast, when species mobility was considered, some candidate refuges had much higher 

irreplaceability than prioritisations using naïve mobility (Appendix F-2), and the selection frequency 

of aquatic refuges quickly turned to be hierarchical that a few aquatic refuges had much higher 

selection frequency when conservation target ≥ 10% than the rest refuges (Appendix F-2). 

Taking the conservation target of 15% as an example, when naïve mobility was considered; the 

selection frequency was spatially homogenous and all candidate aquatic refuges had low 

irreplaceability (selection frequency of < 25%; Figure 6-6a); while when species mobility was 

considered, only a few aquatic refuges had high irreplaceability (selection frequency of > 50%) and 

were widely dispersed throughout SEQ, including the main stems of Brisbane River, coastal and 

inland streams (Figure 6-6b). 
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Figure 6-6. Selection frequency of candidate aquatic refuges when the conservation target is set as 15% of 
species representation for (a) naïve mobility and (b) with mobility. 

6.5 Discussion and conclusions 

6.5.1 Identification of priority aquatic refuges 

Systematic conservation prioritisation methods are increasingly being applied to freshwater 

ecosystems to identify candidate areas for ecosystem management and biodiversity protection 
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(Hermoso et al., 2011; Linke et al., 2011; Moilanen et al., 2008; Nel et al., 2011), but most of the 

applications were designed to treat physical connectivity equal to hydrologic connectivity, 

overlooking the highly variable nature of surface water dynamics in intermittent streams. In 

addition, most applications were targeted at landscape rather than dendritic river networks. In this 

study, I addressed the two issues by using information on daily variations in surface water extent 

and hydrological connectivity over 107-year time series to systematically prioritise aquatic refuges to 

sustain biodiversity throughout dendritic networks. 

Species distribution information of multiple freshwater fish species was incorporated into the 

identification of priority aquatic refuges, and helped set explicit conservation targets to sustain 

biodiversity. However, regardless of how well the species distribution were modelled, predicted 

distributions will always include errors, which can be thought of as errors of omission and 

commission (Elith and Leathwick, 2009a). For spatial conservation prioritisation, omission errors can 

lead to inefficient identification of priority areas. Alternatively, commission errors may lead to 

selection of unoccupied sites, affecting the representativeness and effectiveness of selected areas at 

sustaining biodiversity (Hermoso et al., 2013a; Rondinini et al., 2005). The species distribution model 

used in this study was shown to have relatively lower average commission errors than omission 

errors (Rose et al., 2016), implying that I can be more confident in the effectiveness of the identified 

priority conservation areas at sustaining biodiversity than in the efficiency. 

Compared with naïve mobility, the inclusion of species mobility in the identification of priority 

aquatic refuges to maximise re-colonisable stream length from priority refuges could significantly 

reduce the number of priority refuges required to achieve the conservation target (Figure 6-5), and 

thus potentially make the proposed solutions more cost-effective for management. This is partly 

because using species mobility to exclude neighbouring refuges within species dispersal range can 

force the algorithm to select a new site relatively distant from already selected sites and potentially 

increase the diversity of selected sites (e.g. coastal vs. inland; main stem vs. headwater). Since that 

the conservation target involves 23 fish species, inhabiting various habitats, inclusion of species 

mobility makes the site selection algorithm more efficient to meet the complementarity target than 

naïve mobility, which may allow the algorithm to iteratively pick up close or even adjacent sites with 

few variations in habitat diversity. 

Furthermore, when species mobility was considered, the aquatic refuges with high irreplaceability 

were widely distributed across SEQ, encompassing streams in various stream orders from main 

stems to headwaters (Figure 6-6b). This wide distribution of highly irreplaceable refuges appears 

contradictory with the spatial pattern of species representation in refuges that main stems and 
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coastal streams in SEQ tended to host more species than inland headwaters (Figure 6-3), inducing 

one to think that highly irreplaceable refuges should concentrate in main stems and coastal streams. 

However, this wide distribution is actually a reflection of the complementarity principle underlying 

systematic conservation prioritisation approaches, which indicated that in this study region streams 

in various stream orders complement each other in the biodiversity features they sustain. 

The systematic method used here is complementarity-based (Pressey et al., 1993), meaning that its 

main goal is to select the subset of candidate aquatic refuges that efficiently meet the set 

conservation targets for species representation. One potential improvement for this method is to 

factor in the relative position of priority aquatic refuges within the river network. Increasingly, the 

positional and topological importance of stream segments in dendritic river networks has been 

recognised in conservation research (Erős et al., 2011b), as more richly connected habitats may be 

more important than the ones linked to a small number of habitats (Bishop-Taylor et al., 2017; Erős 

et al., 2011b). Graph theory has been identified as a powerful tool for studying the topology in 

dendritic river networks (Erős et al., 2011a; Ribeiro et al., 2011). Some topological indices, such as 

betweenness centrality (Jordán et al., 2006) and integral index of connectivity (Pascual-Hortal and 

Saura, 2006), are commonly used to measure the positional importance of a stream segment in a 

riverine network from the viewpoint of connectivity, and has shown promising performance in 

prioritising stream segments for riverscape conservation (Segurado et al., 2013). Therefore, the 

proposed method here to systematically prioritise aquatic refuges can be improved by applying 

graph theory to incorporate the element of positional importance. 

6.5.2 Implementation challenges 

The identification of priority aquatic refuges for biodiversity conservation is one of several steps 

required to deliver effective conservation action and overcome the research-implementation gap 

(i.e. unsuccessful translation of conservation research into conservation action) (Toomey et al., 

2017). The identification should be complemented a strategy for implementing relevant 

management actions developed in close consultation with relevant stakeholders (Knight et al., 2008; 

Knight et al., 2006). In the SEQ study region, the relevant stakeholders may range from local farmers, 

conservation groups, indigenous communities and relevant government agencies. It is critical that 

their voices, ideas, and concerns be incorporated into the implementation process (Smith et al., 

2009). 

The conservation values of aquatic refuges in river networks can be degraded by a range of 

threatening processes (e.g. disturbance from livestock and feral animals, pollution, water extraction, 

local aquifer drawdown, introduced aquatic flora and fauna). A range of management actions are 
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available to mitigate or prevent these threats to aquatic refuges. For example, appropriate farm 

management to mitigate runoff of nutrients and pesticides, riparian zone management (e.g. 

restricting access by livestock, vegetation replanting), strong limits or prohibition on pool pumping 

and/or groundwater pumping near refuges, restrictions on fishing, as well as management of 

invasive plants and animals (Arthington et al., 2010; Bond et al., 2008). Additionally, implementing 

monitoring program to is critical to effective and efficient on-ground management, as monitoring 

allows evaluation of the effectiveness of management actions and facilitates modification if required 

(i.e. adaptive management) , and hence the outcomes from monitoring must be well documented 

and evaluated (Crook et al., 2010). 

Aquatic refuges with high irreplaceability scattered widely across the river networks in SEQ (Figure 

6-6b), as a result of the systematic conservation method I used here. Free colonisation pathways 

linking any two spatially-separated priority refuges should be maintained to ensure the success of 

re-colonisation of species when flow resumes (Robson et al., 2013). This is consistent with the idea 

of “critical management zones” proposed by Abell et al. (2007) to maintain the ecological 

functionality of priority refuges. There is strong evidence that re-colonisation can be highly 

successful at the catchment scale in intermittent streams when hydrological connectivity is re-

established (Hermoso et al., 2013b). For example, in a catchment where no major natural or artificial 

barriers were constructed, Carini et al. (2006) reported very limited genetic differentiation among 

different water holes in one invertebrate species and two freshwater species. However, in highly 

regulated rivers, the species dispersal ability will be undermined and thus the areas re-colonisable 

from priority refuges will likely be constrained. In this study, the method I proposed took into 

account the blocking effect of dams on species mobility, and can be helpful for future studies on 

identifying the impact of barriers on the structural connectivity of a river basin. 

Spatial conservation prioritisation approaches have traditionally been implemented under the 

assumption that species habitats and distributions change relatively slowly (Araujo, 2009). However, 

as Earth’s climate has become warmer and precipitation regimes have changed over the past 100 

years (IPCC, 2014), this static assumptions need to be adjusted to the changing climate. Climate 

projections predicts increasing frequency of low flows in some areas under the effects of climate 

change (Arnell, 2003). As a consequence, it would force some perennial freshwater ecosystem to 

become non-perennial and the extent of surface water in already intermittent ecosystems to 

decrease (Datry et al., 2016a), leading riverine habitats to be more fragmented for longer periods 

(Morrongiello et al., 2011), distribution of suitable areas for many species to be altered (Hannah et 

al., 2002) and thus species distributions to be likely changed. Therefore, in the future mapping of 

priority refuges should be reviewed a reasonable lapse after its initial establishment. In addition, 
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current identification of priority refuges will benefit from reliable estimates of expected changes in 

stream flow and surface water extent. Sea level rise is another potential consequence of climate 

change (IPCC, 2014), and this is especially important in coastal regions, such as the area I studied 

here, as some refuges located in lowland floodplains areas can be affected by the rising sea level. 

In summary, this research has provided a new approach to identifying priority aquatic refuges to 

sustain biodiversity throughout entire dendritic river networks. The proposed approach incorporated 

surface water persistence and hydrological connectivity, and thus is particularly valuable for the 

resistance and resilience of freshwater biodiversity in intermittent streams. Uncertainty can stem 

from the input data as I discussed before, and changes in conservation targets may also lead to 

significant differences in the spatial arrangements of highly irreplaceable priority refuges I reported 

here. Implementation process needs to proceed with special attention paid to stakeholders’ 

concerns, links between priority refuges, and the changing climate. 
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Chapter 7: General discussion and conclusions 

This thesis aimed to advance our understanding of the spatio-temporal dynamics and hydro-

ecology of intermittent streams. I applied innovative approaches to quantify spatial and 

temporal patterns of flow intermittency throughout entire river networks (Chapter 3 and 4). I 

then extended this work by conducting novel analysis to quantify the spatial and temporal 

dynamics of not just flow, but also of surface water persistence during cease to flow events 

(Chapter 5). This is an important additional aspect of how flow intermittency affects 

ecosystems. Finally, I used a systematic prioritisation algorithm to identify priority aquatic 

refuges for biodiversity conservation management by considering surface water dynamics, 

hydrological connectivity, and information on fish species distributions and their mobility 

capacity (Chapter 6). My research has helped to overcome a common challenge faced by 

hydrologists, ecologists, and policy makers concerning the scarcity of quantitative information 

on the hydrology and surface water dynamics of intermittent stream networks over large 

spatial and temporal scales, and how to prioritise areas for conservation management in a 

cost-effective way. In this chapter, I will synthesise the key findings of the thesis and conclude 

by suggesting future avenues for intermittent stream research. 

7.1 Quantifying spatio-temporal hydrological dynamics of intermittent streams 

Quantifying spatio-temporal hydrological dynamics of intermittent streams in a river network 

is an important first step for effective ecosystem management and biodiversity protection in 

intermittent streams. In Chapter 3, I proposed a new approach to identifying spatial and 

temporal patterns of flow intermittency across catchments using modelled monthly stream 

flows with stream segment-specific appropriate “zero” flow thresholds. I found that the spatial 

pattern of flow intermittency in south-eastern Queensland (SEQ) could vary dramatically inter-

annually, and the proportion of intermittent stream length ranged from 3% to nearly 100% of 

the river network over the past century (1900 - 2016). This findings confirm that intermittent 

streams are widespread across river networks (de Vries et al., 2015; Kennard et al., 2010b) 

(Chapter 1), and as a consequence should be more valued by the public, more studied by the 

research community, and more protected by laws than they are now, and thus be managed as 

unique rather than second-class ecosystems (Acuña et al., 2017). 

Streamflow simulations can be more challenging at a daily versus monthly time-step because 

at this higher temporal resolution uncertainties in input data tend to be higher in relative 

terms, and flow routing algorithms may also need to be included (Wang et al., 2011). However, 

daily flow simulation provides more detailed information on the dynamic aspects of 

hydrological processes, which is very important to better understand the causes of flow 
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intermittency at multiple spatial scales (Chapter 1), and potentially enables more ecologically-

relevant characterisation of hydrology (e.g. magnitude, frequency, duration, and change of 

rate of ecologically important high/low flow events) (Chapter 4). In Chapter 4, I tested the 

ability of two daily discharge simulation models to represent different components of flow 

regimes (average-, high- and low-flows) in two hydro-climatically distinctive regions (SEQ vs. 

Tamar; Chapter 2). The models showed generally good performance in both regions. However, 

average- and high flows were better predicted than low flows in south-east Queensland 

because it is difficult to represent climate and hydrogeological processes influencing the low-

flow part of the hydrograph. Spatial variation in flow characteristics revealed the highly 

dynamic nature of flow permanence in space and time, with intermittent flows affecting 

between 29% and 80% of the river network over the last century. The developed daily flow 

model can provide valuable insights into flow variability throughout entire stream networks, 

and is an essential data requirement if one aims to quantify the dynamics and drivers of 

variation in surface water extent (e.g. Chapter 5) and identify priority aquatic refuges for 

biodiversity conservation management (e.g. Chapter 6). 

The two proposed approaches to quantifying flow intermittency at a monthly and/or daily time 

step can have extensive applications in other fields. For example, they allow researchers to 

develop and test hypothesis about the ecological responses to flow intermittency, and 

increase the public awareness of the prevalence of intermittent streams. Furthermore, these 

approaches can be readily scaled up to the national scale or be applicable to other parts of the 

world, since the two main data sources (i.e. water balance model and directed river networks 

and associated environmental attributes) are now accessible at the national scale and globally. 

7.2 Development of a rapid assessment method to quantify surface water extent 

Remnant surface water in river channels during the dry phase of intermittent streams serves 

as refuge habitat for obligate aquatic species to survive and to recolonise suitable habitats 

when flows resume (Arthington et al., 2010; Magoulick and Kobza, 2003), and their critical role 

in sustaining freshwater biodiversity is widely recognised (Costigan et al., 2016; Leigh and 

Datry, 2016). However, research to quantify the dynamics and environmental determinants of 

variation in surface water extent is usually conducted over limited spatial and/or temporal 

extents. For example, a total of 20 waterholes in a dryland river were investigated for the main 

processes determining the persistence of water bodies by Costelloe and Russell (2014), and 

streamflow continuity was quantified in only eight canyons by Jaeger and Olden (2012). 

Logistical constraints mean that it can be difficult to collect sufficient information to 

extrapolate surface water dynamics over larger spatial and temporal scales (e.g. entire river 

networks over multiple years). One of the biggest barriers to this kind of research is the 
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difficulty in obtaining observed data of surface water extent across river networks, ranging 

from headwaters to the main stems. In Chapter 5, I developed a new field method for rapid 

surface water extent assessment. This method provides lineal estimates of surface water 

extent, instead of areal estimates, as I found that the two types of estimates are strongly 

correlated. In addition, my analysis revealed that sampling only half of the stream segment 

using this method could generate estimates of surface water extent with an acceptable degree 

of bias and scattering. This new method can save a significant amount of time and cost 

compared to aerial measures of surface water extent by walking along the entire length of a 

stream segment. Combined with the stratified-random sampling strategy for sampling site 

selection similar to that used by Steward et al. (2012), such an assessment method can be 

broadly applied to a local area and to measure surface water extent at a suite of sampling sites 

that are representative of environmental variation throughout the entire river network. 

Other approaches, such as remote sensing (Bishop-Taylor et al., 2017), on-ground mapping 

(Turner and Richter, 2011) and time-lapse photography using fixed in-situ cameras (Costigan et 

al., 2017), have been used for the same purpose, but face various limitations as discussed in 

Chapter 4. Another emerging technique of unmanned aerial vehicles and systems (UASs) has 

showed a promising way to measure surface water extent at lower cost, lower risk, higher 

resolution and higher frequency than ground surveys or satellite platforms (Spence and 

Mengistu, 2016). Its capacities for collecting environmental data have grown very rapidly in 

recent years (Hardin and Hardin, 2010), and recent studies have been focused on its assistance 

in mapping intermittent streams, but direct applications to measure surface water extent is 

very rare, if any. I suggest more focus should be put on the development of methods for rapid 

surface water extent assessment, as they underpins the basis for researchers to have adequate 

data to understand the spatio-temporal dynamics of Remnant surface water in intermittent 

streams. 

7.3 Quantifying availability and quality of aquatic refuges in river networks 

The expansion and contraction of surface water across a river network are closely linked to the 

wetting and drying cycles of intermittent streams (Bunn et al., 2006; Goodrich et al., 2018). 

They generate shifting habitat mosaics of lotic (flowing), lentic (non-flowing), and terrestrial 

(dry) habitats (Datry et al., 2016b), and influence the habitat availability of aquatic species 

(Datry et al., 2014b). However, there are few studies investigating the dynamic changes in the 

aquatic habitat availability throughout river networks, especially when stream flow ceases. In 

Chapter 5, I constructed predictive models to estimate the spatial and temporal variations in 

surface water extent within stream reaches based on one-year field sampling (n = 241 stream 

reaches). I found that surface water extent could be accurately modelled by environmental 
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variables influencing the hydrological processes of water gains and losses (Buttle et al., 2012; 

Costigan et al., 2016). Similar to flow intermittency, the spatial and temporal variations in 

surface water extent revealed its highly dynamic nature in space, but the overall length of 

streams with surface water present showed relatively stable patterns at a regional scale from 

year to year. The developed models can provide important information on surface water 

persistence, which is an essential data requirement to sustain systematic conservation 

planning for the identification of priority aquatic refuges. Additionally, the ability to model 

surface water dynamics throughout river networks is especially beneficial for small streams 

that are often covered by dense vegetation cover, which prevents the use of remote sensing 

for mapping surface water (Alsdorf et al., 2007; Ward et al., 2014). The approach developed in 

Chapter 5 also enables surface water extent to be predicted as a continuous variable, making it 

possible for future studies to look into the continuous drying process when streams cease to 

flow (Gallart et al., 2017) and to enable better understanding of the relationship between 

aquatic species and the gradual reduction of surface water extent (Leigh and Datry, 2016). 

Apart from the availability of refuge habitats, refuge quality is another key factor influencing 

the survival of aquatic species (Costelloe and Russell, 2014). Drying periods usually occur in 

times of high temperature, leading to a sharp increase in evaporation. As water levels recede 

in standing water bodies, high water temperatures along with decreasing oxygen levels may 

severely stress aquatic fauna (Bond et al., 2008), and predation risk can also increase 

considerably reducing the habitat suitability of waterholes as refuges as they become smaller 

(Costelloe and Russell, 2014). With thermal stratification and stagnant conditions, 

concentration of nutrients becomes higher, increasing the risk of algal bloom during drying 

periods, which can cause extensive fish kills (Ha et al., 1999). This was tragically exemplified in 

the mass fish death events in the lower Darling River in December 2018 and January 2019 

(Lewins, 2019), leading up to one million fish deaths. Compared to the availability of aquatic 

habitats, the quality aspect has attracted less research attention in previous studies (but see 

Bond et al. 2008), especially in studies on identifying priority conservation areas for 

biodiversity protection in freshwater ecosystems. Considering the importance of aquatic 

quality, in Chapter 5, I constructed models to predict the spatio-temporal dynamics of high-

quality refuges (surface water extent > 50% within stream segments), assuming that stream 

segments predicted to contain more surface water are expected to provide aquatic organisms 

with higher quality refuges during dry periods. In Chapter 6, I considered high quality refuges, 

rather than only surface water presence/absence, as one of the criteria to prioritise aquatic 

refuges. 
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7.4 Conservation and management of intermittent streams 

The availability and quality of refuge habitats are currently under combined threats from land-

use intensification (e.g. increasing urbanisation) and changes in water availability driven by 

human consumption and a changing climate (Davis et al., 2015; Vorosmarty et al., 2010). To 

better protect and manage intermittent streams, identification of priority aquatic refuges is a 

critical conservation challenge. In Chapter 6, I proposed a new approach to systematically 

identify priority refuges within dendritic river networks by incorporating surface water 

persistence and hydrological connectivity, with the aim of enhancing the resistance and 

resilience of freshwater biodiversity to intermittent flow (Chapter 1). The incorporation of 

surface water persistence and hydrological connectivity in the approach is innovative due to 

the paucity of the relevant data throughout river networks and was feasible in this study by 

using the predictive models of surface water extent constructed in Chapter 5 and the daily 

flow model developed in Chapter 4. The inclusion of actual hydrological connectivity also 

demonstrates a progress from using physical connectivity as a proxy for hydrological 

connectivity in previous systematic conservation approaches (Hermoso et al., 2013b; Linke et 

al., 2011; Nel et al., 2011). 

This developed systematic prioritisation approach in Chapter 6 also included multiple 

freshwater fish species distributions as explicit targets for habitat prioritisation and 

incorporated estimates of their relative mobility to maximise potentially re-colonisable stream 

length from refuges. The inclusion of species mobility could significantly reduce the number of 

aquatic refuges required to meet the set conservation targets. The aquatic refuges with high 

irreplaceability were widely distributed across the study river networks, encompassing streams 

in various orders from main stems to headwaters, and showed diverse arrangements of 

aquatic habitats. 

In Chapter 6, I also suggested that attention should be paid to the stream segments linking 

spatially separated priority refuges. This is consistent with the idea of “critical management 

zones” proposed by Abell et al. (2007) to maintain free connectivity along the river network. 

Hydrological connectivity relies on physical connectivity, and only if physical connectivity is 

maintained can flow pulses facilitate wetting periods for intermittent streams. However, some 

waterways are blocked by dams or weirs in SEQ. There are at least 26 dams and 51 weirs 

currently operating in this region (Seqwater, 2019). Lack of connectivity not only affects the 

dispersal of aquatic species following wetting periods, but also causes fragmentation of 

habitats and populations, leading to decreasing gene flow and opportunities for re-

colonisation (Pringle, 2003). The blocking effect of dams was accounted for in Chapter 6 by 

assuming that fish can potentially move downstream over a dam but not move upstream. 
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These results may also be helpful for studies investigating to what extent the distributions of 

existing dams or proposed dams influence the dispersal of aquatic species after flow resumes. 

The ultimate objective of conservation and management of intermittent streams should be a 

practical implementation of appropriate management actions to protect the identified priority 

refuges, and to consider whether there are areas where refuge habitats may have been lost, 

and need reinstatement (Lake et al., 2017). This is never possible without stakeholder 

engagement (Knight et al., 2008), and stakeholders will be instrumental in managing 

intermittent rivers (Ostrom, 1990). Moore (2013) recommended an eight-point check list for 

stakeholder engagement and Strategic Adaptive Management (SAM), a widely used 

management framework (Kingsford et al., 2011), also emphasises that stakeholders should feel 

valued and part of the decision-making as a way to build trust and ownership. In SEQ the 

relevant stakeholders may range from local farmers, environment protection activists, 

indigenous and traditional communities and politicians (Chapter 6). Their voices, ideas, and 

concerns should be incorporated to the implementation process (Smith et al., 2009). 

In addition, identified priority aquatic refuges are subject to various kinds of threats, so that 

management actions appropriate to sustain the conservation value of refuges should be 

implemented. The candidate management actions include protection of water quality, bank 

stability and riparian vegetation, restrictions on livestock access, strong limits or prohibition on 

pool pumping and/or groundwater pumping near refuges, restrictions on fishing, as well as 

management of invasive plants and animals (Arthington et al., 2010; Bond et al., 2008), 

Furthermore, implementing a sound monitoring programme to detect ecological responses is 

critical to effective and efficient on-ground management, as monitoring allows evaluation of 

the effectiveness of management actions and facilitates modification if required, and hence 

the outcomes from monitoring must be well documented and evaluated (Crook et al., 2010). 

7.5 Future directions 

The proposed methods and developed models in the thesis provide valuable insights into 

spatio-temporal dynamics and hydro-ecology of intermittent streams, and my research has 

successfully addressed many of the identified challenges. However, several challenges remain. 

These primarily relate to limitations identified in quantifying flow intermittency and the 

process of identifying priority aquatic refuges. These limitations, at the same time, provide 

avenues for future improvements and research directions. 

Firstly, the runoff outputs from the two water balance models (AWAP in Chapter 3 and AWRA-

L in Chapter 4) are the backbone for the proposed approaches to quantifying flow 

intermittency, but average- and high flows were better predicted than low flows, leading to 
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uncertainty in my estimates of the regime of flow intermittency. Several avenues for 

improvement in the available models might help address these issues. 

1) the AWAP model is not able to effectively account for the potential impacts of water 

management activities driven by human demands on hydrological processes (Raupach 

et al., 2009). This may lead to poor performance of the model in runoff simulations 

during low flow periods when water extraction from rivers for human uses is expected. 

In addition, this model does not take the distribution of land uses into account, but 

instead uses remotely sensed vegetation greenness as proxy (Raupach et al., 2009). 

This limits the model’s ability to accommodate the effect of land use changes on 

stream flow simulations. This model is continuing to be updated and improved over 

time, and fortunately the two caveats mentioned have already been flagged for 

further development of the model (Raupach et al., 2009); 

2) The AWRA-L model is sensitive to rainfall as a small amount of rainfall can cause a 

higher response than observed to runoff, leading to an overestimation of low flows. 

Considering that both Chapter 3 and 4 aim to apply flow simulations to quantify flow 

intermittency, the model accuracy of low flow simulation is particularly important. The 

overestimation of low flows by the model can be related to overestimation of gains 

and/or underestimation of losses to low flow discharge (Smakhtin, 2001). In Chapter 4, 

I identified two factors related to the AWRA-L model may cause such high sensitivity to 

rainfall. The two factors can partly explain the overestimation of gains and 

underestimation of losses to low flow discharge, respectively. More specifically, the 

first factor is the saturated fraction of a landscape in AWRA-L, which is not as 

temporally dynamic as it should be and may cause overestimation of saturation excess 

runoff in low flow periods. Second, the evaporation of discharged groundwater to 

streams is not considered in the used version of AWRA-L, while at very low streamflow 

rates the influence of evaporation losses on streamflow is observable. Therefore, a 

good representation of physical processes related to gains/losses to low flow discharge 

can improve the ability of water balance models (e.g. AWRA-L) to simulate low flows. 

3) The performance of the AWRA-L model in flow simulations, particularly in low flow 

simulations, was not consistent across regions. The research in Chapter 4 showed that 

AWRA-L model performed better in river catchments with less variable flow regimes. 

Different models serve different purposes, and this fact requires researchers to 

determine which water balance model to use based on the primary research 

objectives (Mannschatz and Dietrich, 2017; Young et al., 2006). Several “good 

practice” guidelines for modelling have been published to assure the highest 

achievable quality standards (Bennett et al., 2013; Black et al., 2014; Engel et al., 
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2007). In addition, as the climate and landscape controls were found have major 

impacts on flow simulations (Parajka et al., 2013), hydrologically homogenous regions 

(Nathan and McMahon, 1990) can act as a good tool to guide the applicable areas of 

water balance models. 

Secondly, spatial and temporal dynamics of surface water extent were simulated by 

developing statistical models (Chapter 5). Although the models were rigorously validated both 

internally and externally, they were inherently prone to larger errors due to the higher 

uncertainty in simulating low flow as well as other limitations with the resolution of other 

environmental predictors. All of these uncertainties contribute to uncertainties in the water 

balance estimates and hydrological processes of water gains and losses, leading to the 

temporal variations in model performance. 

The surface water extent predictions can also be predicted using process-based models 

instead, which predicts surface water extent based on the channel morphology and water 

inputs and outputs within a stream segment. Although even using process-based models there 

are still uncertainties about surface water extent predictions, but the development of process-

based models can still be seen as a step forward to a better understanding of physical 

processes influencing surface water extent, particularly at a time when there are very few 

process-based models for surface water extent. Such development can be a promising 

direction for future studies. As high resolution Digital Elevation Model (DEM) data (e.g. LiDAR 

at a spatial resolution of 1m) become readily available, they can be used to easily generate 

physical structure information (e.g. cross-section profile) of a stream channel and thus largely 

reduce the work load for developing process-based model characterising channel morphology 

(Perry and Bond, 2009). Combined with daily stream flow simulations, these process-based 

models may provide a promising way to estimate aquatic habitats within a stream over space 

and time. 

Finally, during the process of identifying aquatic refuges to sustain biodiversity, I used the 

estimates of species mobility to maximise potentially re-colonisable stream length from 

refuges. This limits the proposed approach to only those species for which such information is 

available. One potential improvement is to instead factor in the relative position of priority 

aquatic refuges within the river network, and apply principles from graph theory. For example, 

many studies have highlighted the importance of habitats with high network centrality for 

maintaining and enhancing landscape connectivity (Estrada and Bodin, 2008). Some graph-

theory based topological indices, such as betweenness centrality (Jordán et al., 2006) and 

integral index of connectivity (Pascual-Hortal and Saura, 2006), are commonly used to measure 

the positional importance of a stream segment in a riverine network from the viewpoint of 
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connectivity, and has shown promising performance in prioritising stream segments for 

riverscape conservation (Segurado et al., 2013). For example, Bishop-Taylor et al. (2017) 

identified priority habitats as the “hubs” that have the top 1% number of connections with 

other habitats. Therefore, the proposed method to systematically prioritise aquatic refuges in 

Chapter 6 could be improved by applying graph theory to incorporate the element of 

positional importance. 

In conclusion, intermittent streams are prevalent across global river networks and have 

important ecological values. Intermittent streams sustain biodiversity by hosting a unique 

combination of aquatic, amphibious, and terrestrial assemblages as a result of their wet and 

dry phases. However, intermittent streams are facing increasing threats from human activities 

and a changing climate, and there are strident calls for better recognition and protection of 

intermittent streams (Datry et al., 2016a; Steward et al., 2012). To that end, my research has 

advanced our scientific understanding of the spatio-temporal dynamics and hydro-ecology of 

these systems. I developed innovative approaches to quantify variations in flow intermittency 

(Chapter 3 and 4) and surface water extent (Chapter 5) over broad spatial and temporal scales. 

Based on this research, I developed and applied a systematic approach to prioritise aquatic 

refuges to sustain biodiversity throughout dendritic river networks. I anticipate that the 

research conducted in this thesis will contribute to improved conservation and management of 

intermittent streams. 
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Appendix A: Basic information of 43 stream gauge stations in SEQ that were used in Chapter 3. 

Gauge number Gauge name Longitude Latitude Start date End date Record length (years) RDI* 

141009 North Maroochy River at Eumundi 152.96 -26.50 1983-01 2000-12 18 0.25 

141006 Mooloolah River at Mooloolah 152.98 -26.76 1972-01 2000-12 29 0.21 

143015 Cooyar Creek at Damsite 152.14 -26.74 1969-01 1989-12 21 0.26 

143018 Brisbane River at Avoca Vale 152.24 -26.75 1971-01 1985-12 15 0.19 

143303 Stanley River at Peachester 152.84 -26.84 1971-01 2000-12 30 0.21 

143010 Emu Creek at Boat Mountain 152.28 -26.98 1985-01 2000-12 16 0.19 

143011 Emu Creek at Raeburn 152.00 -27.06 1966-01 1985-12 20 0.23 

142001 Caboolture River at Upper Caboolture 152.89 -27.10 1971-01 2000-12 30 0.40 

143307 Byron Creek at Causeway 152.65 -27.13 1976-01 1998-12 23 0.05 

143306 Reedy Creek at Upstream Byron Creek Junction 152.64 -27.13 1976-01 1998-12 23 0.06 

142202 South Pine River at Drapers Crossing 152.92 -27.35 1966-01 1987-12 22 0.18 

143208 Fifteen Mile Creek at Damsite 152.10 -27.46 1965-01 1980-12 16 0.13 

143203 Lockyer Creek at Helidon No. 2 152.12 -27.56 1966-01 1985-12 20 0.14 

143107 Bremer River at Walloon 152.69 -27.60 1976-01 1999-12 24 0.24 

143110 Bremer River at Adams Bridge 152.51 -27.83 1971-01 2000-12 30 0.23 

145102 Albert River at Bromfleet 153.11 -27.91 1965-01 1980-12 16 0.17 

145012 Teviot Brook at The Overflow 152.86 -27.93 1971-01 2000-12 30 0.20 

145107 Canungra Creek at Main Road Bridge 153.16 -28.00 1974-01 2000-12 27 0.08 

146010 Coomera River at Army Camp 153.19 -28.03 1971-01 2000-12 30 0.14 

145008 Logan River at Round Mountain 152.93 -28.07 1971-01 2000-12 30 0.18 

146014 Back Creek at Beechmont 153.19 -28.13 1985-01 2000-12 16 0.23 

145104 Canungra Creek at 32.2km 153.12 -28.06 1965-01 1981-12 17 0.04 
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Gauge number Gauge name Longitude Latitude Start date End date Record length (years) RDI* 

145101 Albert River at Kerry 153.04 -28.07 1971-01 2000-12 30 0.11 

145103 Cainbable Creek at Dam Site 153.08 -28.09 1965-01 1993-12 29 0.1 

145011 Teviot Brook at Croftby 152.57 -28.15 1971-01 2000-12 30 0.09 

145013 Christmas Creek at Rudds Lane 152.98 -28.17 1968-01 1987-12 20 0.11 

146003 Currumbin Creek at Camberra No.2 153.41 -28.2 1965-01 1982-12 18 0.15 

145003 Logan River at Forest Home 152.77 -28.2 1971-01 2000-12 30 0.03 

145018 Burnett Creek at Upstream Maroon Dam 152.61 -28.22 1971-01 1999-12 29 0.04 

145010 Running Creek at Deickmann Bridge 152.89 -28.25 1971-01 2000-12 30 0.23 

143219 Murphys Creek at Spring Bluff 151.99 -27.47 1980-01 2012-12 33 0.19 

143233 Flagstone Creek at Brown-Zirbels Road 152.13 -27.6 1996-01 2012-12 17 0.2 

143213 Ma Ma Creek at Harms 152.17 -27.65 1996-01 2012-12 17 0.23 

143212 Tenthill Creek at Tenthill 152.22 -27.63 1969-01 2012-12 44 0.27 

143232 Sandy Creek at Forest Hill 152.35 -27.58 1996-01 2012-12 17 0.21 

143032 Moggill Creek at Upper Brookfield 152.89 -27.49 1977-01 2012-12 36 0.15 

143028 Ithaca Creek at Jason Street 152.99 -27.45 1973-01 2012-12 40 0.22 

146020 Mudgeeraba Creek at Springbrook Road 153.35 -28.09 1990-01 2012-12 23 0.11 

145020 Logan River at Rathdowney 152.87 -28.22 1974-01 2012-12 39 0.16 

143009 Brisbane River at Gregors Creek 152.41 -26.99 1963-01 2012-12 50 0.21 

143113 Purga Creek at Loamside 152.73 -27.68 1974-01 2012-12 39 0.38 

145105 Albert River at Beaudesert Pump Station 153.06 -28 1994-01 2011-12 18 0.15 

145014 Logan River at Yarrahappini 152.99 -27.83 1970-01 2012-12 43 0.23 

* RDI denotes river disturbance index. 
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Appendix B: Basic information of 15 stream gauge stations in the Tamar River catchment that were used in Chapter 4. 

Gauge number Gauge name Longitude Latitude Start date End date Record length (years) 

181.1 South Esk River at Perth 147.20 -41.60 2005-01 2017-12 13 

18206.1 Tooms River D/S Tooms Lake 147.78 -42.21 2005-01 2017-12 13 

18209.1 Liffey River U/S West Channel 146.95 -41.63 2005-01 2017-12 13 

18211.1 Elizabeth River D/S Lake Leake 147.79 -42.00 2005-01 2017-12 13 

18217.1 Macquarie River at Trefusis 147.60 -42.18 2005-01 2017-12 13 

18219.1 Back Creek at Wilmore Lane 147.10 -41.62 2005-01 2017-12 13 

18221.1 Jackeys Creek at Jackeys Marsh 146.66 -41.67 2005-01 2017-12 13 

18311.1 St Pauls River U/s South Esk 147.73 -41.79 2005-01 2017-12 13 

18312.1 Macquarie River D/S Elizabeth 147.39 -41.91 2005-01 2017-12 13 

18313.1 Macquarie River 1.25km U/S Elizabeth River Junction 147.42 -41.93 2005-01 2017-12 13 

191.1 Break O Day River Killymoon Bridge 148.07 -41.59 2005-01 2017-12 13 

25.1 Nile River at Deddington 147.41 -41.60 2005-01 2017-12 13 

3395.1 Western Creek at Bankton Rd Bridge 146.54 -41.59 2005-01 2017-12 13 

76.1 North Esk River at Ballroom 147.39 -41.49 2005-01 2017-12 13 

852.1 Meander River at Strath Bridge 146.91 -41.49 2005-01 2017-12 13 
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Appendix C: Variation in hydrologic characteristics of stream gauges in south-eastern Queensland and the Tamar River catchment. 

 

Figure C-1. Variation in hydrologic characteristics of stream gauges in SEQ and Tamar (n= 25 and 15 gauges, respectively). Refer to Table 4-1 for description and units of 
measurement for each flow metric, but note that for better comparison the magnitude was scaled by catchment area and the unit of it thus becomes mm∙d-1. Metrics are 
grouped according to average (Avg), high (H) and low (L) flow conditions. 



117 
 

Appendix D: Preparation of river network input file for RAPID 

In Australia, the Australian Hydrological Geospatial Fabric (Geofabric) (Stein et al., 2014) has been 

developed to provide a fully connected and directed stream network at the national scale, derived 

from a Digital Elevation Model (DEM) product at a 9 arc-second resolution (approximately 250 m). 

Within this dataset, each stream segment and corresponding sub-catchment have the same unique 

integer identifier “SegmentNo” which can be used to create the basin ID file as input to RAPID. The 

Geofabric attributes “UPSID1” “UPSID2” and “DWNID1” “DWNID2” denote SegmentNo of stream 

segments immediately upstream and downstream of segment confluence (for each up to two 

identified), respectively, with “DWNID1” being the principal flow path direction. These four 

attributes are used to create the RAPID connectivity file, indicating how each stream segment is 

linked to upstream and downstream segments and thus defining how water flows downstream 

through the river network. These steps were implemented using the catchstats R package 

(https://github.com/nickbond/catchstats).  

However, it needs cautions when applying Geofabric dataset to prepare the RAPID connectivity 

input file, as there are two circumstances that can cause the simulated flows to be not mass-

conservative with runoff input. In the first circumstance, RAPID can currently only accommodate one 

downstream segment for each stream segment, for stream segments that have two immediate 

downstream segments (i.e. bifurcation), as shown in Figure D-1a, RAPID takes the stream flow of 

segment 1 twice to calculate that of segment 4, which leads to water mass increasing. In the second 

circumstance, as in Geofabric it only identifies at most two immediate upstream segments (UPSID1 

and UPSID2) for each stream segment, for those that have more than two immediate upstream 

segments, as shown in Figure D-1b, it can result in water mass losing. To solve these two problems, I 

first identified stream segments that fall into either of the two circumstances throughout the study 

river networks. For stream segments that have more than two downstream segments (i.e. the first 

circumstance), based on Google earth images I removed the minor downstream flow path and only 

kept its principal flow path, along which water was directed to flow; while for stream segments that 

have more than two immediate upstream segments (i.e. the second circumstance), I added its extra 

upstream segments to the river network connectivity file. All of the processes were carried out using 

customised R scripts (R Development Core Team, 2017). 

https://github.com/nickbond/catchstats
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Figure D-1. Two circumstances of river network where flows cannot be kept mass-conservative with runoff 
input when applying the Geofabric river network: (a) one stream segment has two immediate downstream 
segments; (b) one stream segment has more than two immediate upstream segments. Arrows suggest the 
flow direction. The number along each stream segment (blue line) denotes its identifier. 
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Appendix E: RAPID parameter estimation 

The underlying process of RAPID is the traditional Muskingum routing method, which models 

the wave celerity using the two main parameters 𝑘 and 𝑥, where the temporal constant 𝑘 

represents flow wave propagation and dimensionless parameter 𝑥 characterizes reach 

properties that contribute to wave diffusion. Generally, the value of 𝑘 varies significantly 

across the model domain as it is determined by river length, while 𝑥 is a constant number in 

the range from 0 to 0.5 to ensure the model is stable (Cunge, 1969).  

RAPID uses an automated parameter estimation procedure to determine a best set of 

parameters based on a square error cost function (David et al., 2011a). This procedure is made 

simpler by searching for two multiplying factors 𝜆𝑘 and 𝜆𝑥  such that: 

kj = λk ∙ kini ,  xj = λx ∙ 0.1                                            Equation 1 

where 𝑗 is the index of stream segment, 𝑘𝑗 and 𝑥𝑗 are its Muskingum parameters and 𝑘𝑖𝑛𝑖 is an 

initial 𝑘 value which depends on wave celerity and river topography. Tavakoly et al. (2017) 

suggested that taking river topography into account in the calculation of an initial 𝑘 value 

could improve RAPID results. 

Before the parameter optimisation procedure, 𝑘𝑖𝑛𝑖 must be defined. To minimise the influence 

of the initial guess on the optimisation procedure, two different guesses for 𝑘𝑖𝑛𝑖 were used in 

this study: 

kini,1 =
Lj

Cj
                                                         Equation 2 

kini,2 = η
Lj

√Sj
;          (

Lj

√Sj
) ∈ P[0.05, 0.95]                      Equation 3 

where 𝐿𝑗 and 𝐶𝑗 are river length and wave celerity of stream segment 𝑗, respectively, 𝑆𝑗 is the 

stream segment slope, and 𝜂 =
𝑘𝑖𝑛𝑖

1̅̅ ̅̅ ̅̅

(𝐿𝑗 √𝑆𝑗⁄ )̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ is the inverse of average velocity based on the first 

guess and values of 𝐿𝑗 𝑆𝑗⁄  are restricted between the 5 and 95% thresholds based on the 

cumulative probability function to avoid the influence of extreme values on wave celerity. 𝐿𝑗 

and 𝑆𝑗 for all stream segments were directly obtained from the Geofabric dataset. 

Wave celerity was estimated for six sub-basins in SEQ and three sub-basins in the Tamar River 

catchment (Figure 4-1b, c). Stream segments within the same sub-basin were applied with the 

same wave celerity, which was calculated as Equation 4: 
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C =
d

τtravel
                                                    Equation 4 

where 𝑑 is the distance along the river line between two stream flow gauge stations, which is 

calculated using the attribute of “RCHLEN” (i.e. stream segment length) in the Geofabric 

dataset, 𝜏𝑡𝑟𝑎𝑣𝑒𝑙 is the travel time for the flow wave, which is calculated by the lagged cross 

correlation. The lagged cross correlation 𝜌 is a measure of similarity between two wave forms 

as a function of a lag time 𝜏𝑙𝑎𝑔 applied to one of them. 

𝜌 =
∑[𝑄𝑎(𝑡)−𝑄𝑎̅̅ ̅̅ ][𝑄𝑏(𝑡+𝜏𝑙𝑎𝑔)−𝑄𝑏̅̅ ̅̅ ]

√∑[𝑄𝑎(𝑡)−𝑄𝑎̅̅ ̅̅ ]2 ∑[𝑄𝑏(𝑡+𝜏𝑙𝑎𝑔)−𝑄𝑏̅̅ ̅̅ ]
2
                                        Equation 5 

where 𝑄𝑎 and 𝑄𝑏 are the flows measured at the upstream and downstream station, 

respectively. The lag time giving the maximum correlation is taken as the travel time 𝜏𝑡𝑟𝑎𝑣𝑒𝑙 for 

the flow wave between the two stations. The travel times were estimated for six sets of two 

stations in SEQ and three sets in the Tamar River catchment using hourly flow data, sourced 

from the water data website of the Australian Bureau of Meteorology 

(http://www.bom.gov.au/waterdata). 
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Appendix F: Selection frequency of candidate aquatic refuges 

 

Appendix F-1. Selection frequency of aquatic refuges as priority conservation areas for five incremental conservation targets when species mobility is naïve. Inset plots 
show detailed selection frequency for a part of the river networks. 
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Appendix F-2. Selection frequency of aquatic refuges as priority conservation areas for five incremental conservation targets when species mobility is considered. Inset 
plots show detailed selection frequency for a part of the river networks. 
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