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Abstract  

Supporting short- and long-term water quality management decisions in estuarine systems is 

a challenging task requiring a holistic view of the ecosystem internal response to external 

stressors. A significant body of estuarine literature and management efforts rely on low 

temporal resolution (e.g., weekly or biweekly) discrete water samples focusing on variables 

such as nutrients concentrations collected at a specific point in time  (i.e., structural metrics) 

as an indicator of estuarine water quality. Although structural metrics are important for 

understanding ecosystem evolution over extended periods of time (days to years), they are 

incapable of capturing the fast dynamics of biological estuarine processes responsible for 

algal blooms (i.e., Gross primary productivity (GPP) and respiration (R), which occur at finer 

timescales spanning minutes or seconds. Such fast processes are best captured by long-term 

continuous monitoring of structural metrics (e.g., oxygen, Chl-a) at biologically relevant 

timescales, which then allows the estimation of metabolic process rates (i.e., functional 

metrics) such as GPP and R using data-driven methods (e.g., inverse modelling). Due to the 

complexity of estuarine systems, there is a critical need to incorporate both structural and 

functional metrics to evaluate and predict estuarine water quality. Coupled 3D hydrodynamic 

and ecological models are excellent tools to improve our mechanistic knowledge of estuarine 

systems processes. Many 3D mechanistic models are mostly calibrated against low temporal 

resolution state variables (e.g., oxygen). However, the integration of data-driven process 

rates (i.e., GPP and R) into ecological mechanistic model calibration and validation workflows 

would provide improved clarity on the processes driving metabolic rates affecting estuarine 

oxygen dynamics. 

Therefore, the overarching aim of this thesis was to provide an improved understanding of 

oxygen dynamics and metabolism, using the Swan Canning Estuary as the chosen study site. 

To achieve this, I used high-frequency data, data-driven metabolic process estimates, and 

their integration to the coupled hydrodynamic ecological model (i.e., Swan Canning Estuary 

Response Model (SCERM)) to explore the following questions: 

1) How do oxygen dynamics vary in different regions of the estuary? 

2) What seasonal or event-based differences in oxygen dynamics can be observed? 
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3) Is there coherence between carbon metabolism and oxygen metabolism in the estuary? 

4) What role can high-frequency sensor data play in calibrating and validating coupled 3D 

hydrodynamic and ecological models? 

5) Using coupled 3D hydrodynamic and ecological models, can the oxygen budget in a control 

volume be partitioned into its constituents?   

6) How does transport processes (e.g., advection and diffusion fluxes) impacts oxygen 

dynamics and metabolism estimations in an estuarine control volume? 

In order to explore these questions, an "observatory" was built to integrate historical 

monitoring stations and two new high-frequency water quality monitoring buoys. The data 

provided by the observatory was used to perform statistical analysis, metabolism prediction 

within a Bayesian framework, estimation of dissolved O2-CO2 gases deviation from 

atmospheric equilibrium, and carbonate buffering calculations, all of which provide insight 

into controls on estuarine productivity. Finally, high-frequency water quality data was 

integrated into a 3D coupled hydrodynamic and ecological model to improve the model's 

predictions which were then used to investigate the role of advective-diffusive fluxes in 

controlling estuarine oxygen dynamics and metabolism in a control volume.  

Initial high frequency data investigation revealed lower oxygen levels in the upper reaches 

compared to the middle basin sites and in the benthic waters compared to surface waters. 

The data also indicated a predominantly heterotrophic status in the middle basin sites 

throughout the summer season, with a few near-balanced or net autotrophic days. Moreover, 

the conventional assumption of O2:CO2 coherence was challenged in our estuary by evidence 

of O2 and CO2 departures from equilibrium. Signs of CO2 oversaturation were observed, 

highlighting the role of carbonate buffering in the high pH environments found in salt wedge 

estuaries. 

Temperature, salinity, and oxygen results from the 3D coupled hydrodynamic and ecological 

model calibration were comparable to similar coupled models. The full-year validation results 

confirmed that the model performed well across the estuary domain for the water quality 

variables considered. Moreover, oxygen validation plots and biogeochemical processes 

budget plots highlighted the model was capable of reproducing the impacts of the algal 
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blooms on oxygen dynamics. Although the model reproduced Chl-a data at the summer 

periods, the model was less able to capture winter blooms. The oxygen budget results 

suggested the dominance of physical transport processes over biogeochemical processes. 

Field data subsequently highlighted the need to explore the calibration of additional algal 

parameters to address temporal variations in algal growth and metabolism. The addition of 

such parameters in the calibration might impact the predicted balance between transport 

and biogeochemical processes.  

This research pioneered the establishment of an estuarine observatory that integrates 

routine monitoring, high-frequency sensor data, and 3D coupled modelling, to provide 

insights into estuarine metabolism and oxygen dynamics. Key findings from this research 

highlighted the relative roles of environmental controls on oxygen dynamics and aquatic 

metabolism, for example, light, temperature, dissolved organic carbon, pH and physical 

transport. Moreover, this study presents an initial workflow for the implementation of a state 

and process-inspired calibration for complex 3D coupled models. Finally, a conceptual 

approach that partitions the components of the oxygen budget based on coupled 3D models 

is presented. This helped in addressing the relative importance of advection-diffusion fluxes 

on oxygen dynamics and estuarine metabolism. 

This work concluded that further work is required to address the impact of habitat and food 

web interactions on dissolved oxygen dynamics and estuarine metabolism. In addition, the 

variable seasonal and temporal presence of macrophytes is likely needed in mechanistic 

modelling of metabolism in the estuary. 

As the global climate continues to experience short and long-term changes, there is an urgent 

need to predict how aquatic ecosystems respond to change. To this end, the integration of 

monitoring data across spatial and temporal scales, in addition to the improvement of 3D 

coupled modelling, is essential. The result of this integration and improvement will provide 

researchers and water quality managers with a holistic knowledge of the ecosystem and a 

reliable predictive tool to identify and predict the ecosystem's response to climate change, as 

well as helping to establish key functional metrics that should be included in future estuarine 

management activities. 
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𝐶𝐶𝑤𝑤 Concentration of the DIC component in water mmol m−3 /  
mg/L 
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NH4
+ Ammonium Algal uptake, nitrification, organic mineralization, sediment flux mmol N m-3 
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  mmol N m-3 
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Dissolved 
Organic Matter 

Related from DOC-R and DOC concentrations mmol C m-3 

Plankton groups 
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/ picoplankton 
  mmol C m-3 

BGA Blue Green 
Algae excluding 
Synechoccoccus 

  mmol C m-3 

CRYPT Cryptophytes   mmol C m-3 
DIATOM Diatoms Growth based on photosynthesis, respiration, excretion and mortality, 

and loss to grazing 
mmol C m-3 

DINO Karlodinium / 
Dinoflagellate 
group 

  mmol C m-3 

GRN Chlorophytes   mmol C m-3 
TCHL-A Total 

Chlorophyll-a 
Sum of the algal groups, converted to pigment concentration mmol C m-3 

Benthic groups 
MPB Microphytoben

thos 
Growth based on photosynthesis, respiration mmol C m-2 

ZOST Zostera 
biomass 

  mmol C m-2 

HALO Halophila 
biomass 

  mmol C m-2 

Suspended sediment and related properties 
SSs Suspended 

solids groups 
Settling, resuspension g SS m-3 

Turbidity Turbidity Computed based on SS, TCHL-A, CPOM and POM NTU 
Diagnostic variables  
WQ_DIAG
_NIT_NITRI
F 

nitrification 
rate 

nitrification rate mmol N/m3/d 

WQ_DIAG
_OXY_AT
M_OXY_FL
UX 

O2 exchange 
across 
atmospheric 
/water 
interface 

O2 exchange across atmospheric /water interface mmol/m2/d 

WQ_DIAG
_OXY_SED
_OXY 

O2 exchange 
across 
sediment 
/water 
interface 

O2 exchange across sediment/water interface mmol/m2/d 

WQ_DIAG
_PHY_NCP 

net 
community 
production 

net community production mmol/m3/d 

WQ_DIAG
_PHY_BCP 

benthic net 
productivity 

benthic net productivity mmol/m2/d 

WQ_OXY_
OXY 

Oxygen  Oxygen  mmol/m3 

WQ_DIAG
_OGM_DO
C_MINER 

DOC 
mineralisatio
n 

DOC mineralisation mmol/m3/d 

Vol Volume  Volume  m3 
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1 Introduction 

1.1 Background and motivation 

The bulk definitions of estuaries are based on the traits of temperate estuaries in the northern 

hemisphere which do not take into consideration characteristics common to many estuaries 

in Southern Africa and South-Western Australia, such as periodic mouth closure and 

hypersaline conditions during dry seasons. Moreover, the need that an estuary in the strictest 

sense must be linked to a river is likewise unclear. Therefore, McLusky and Elliott (2002) 

proposed the following comprehensive definition of an estuary : “An estuary is a partially 

enclosed coastal body of water that is either permanently or periodically open to the sea and 

which receives at least periodic discharge from a river(s), and thus, while its salinity is typically 

less than that of natural sea water and varies temporally and along its length, it can become 

hypersaline in regions when evaporative water loss is high and freshwater and tidal inputs are 

negligible”. This blend of fresh and saline water produces a unique ecosystem with 

inhabited with diverse species (McLusky and Elliott, 2007). 

Estuaries offer essential environmental benefits and services. Seagrass meadows, mangroves, 

saltmarshes, mudflats, sand flats, rocky shorelines, rocky reefs, oyster reefs, sandy shorelines, 

and deep open ocean regions are just a few of the diverse ecosystems in estuaries. For 

example, salt marshes and mangrove forests, two estuarine habitats, function as massive 

filters. Coastal marsh grasses filter pollutants such as heavy metals out of the water as well as 

extra sediments and nutrients as the water moves through a salt marsh, have a positive 

impact on wave attenuation and shoreline stabilisation (Getzner and Islam, 2020; Merrill and 

Cornwell, 2000; Nelson and Zavaleta, 2012; Shepard et al., 2011). Additionally, they serve as 

nurseries and breeding grounds for diverse habitats (Barbier et al., 2011; Bianchi, 2007; 

Thrush et al., 2013). Furthermore, they offer crucial ecosystem services such food production, 

carbon storage, nutrient and sediment filtration in runoff from the catchment region, and 

storm protection (Bianchi, 2006). 

In terms of cultural services, estuaries have been utilized as resources by Indigenous coastal 

people for thousands of years and continue to be an essential component of their existence 
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nowadays (Hughes-Hallet and de Gand, 2010; Martin et al., 2020). Coastal and estuarine flora 

and animals played an important role in Aboriginal coastal societies' daily existence such as 

traditional kinds of aquaculture in estuaries, fishing, and the collecting of crabs and 

crustaceans for human use (Hughes-Hallet and de Gand, 2010; Martin et al., 2020). Moreover, 

estuaries provide benefits through aesthetic and recreational experiences that improve 

humans wellbeing (Martin et al., 2020). 

Estuaries provide economic values due to its habitats and the services it provides. For instance, 

Watson et al. (1993) estimated the potential economic values of 72-11,084 AUD ha-1 y-1 (all 

values are converted to 2015 dollars here and after) from the prawn harvest derived from the 

standing stock of juveniles in seagrass in northern Australia; whereas Blandon and zu 

Ermgassen (2014) estimated the benefits of seagrass to commercial fisheries production in 

south-eastern Australia to be around AUD 31,650 ha−1 y−1. 

To sustain the aforementioned diverse services estuaries provide, there is a significant focus 

on its water quality and health globally (Ezekwe and Edoghotu, 2015; Huang et al., 2019; 

Moncada et al., 2021; Troussellier et al., 2004). Estuarine water quality are critical for its 

diverse flora and fauna habitats (Barbier et al., 2011; Bianchi, 2007; Thrush et al., 2013), and 

for effective filtering of organic matter and the recycling of nutrients (Asmala et al., 2021; 

Regnier et al., 2013; Volta et al., 2016). As the global climate continues to experience dynamic 

changes, there is an urgent need to understand how estuarine ecosystems can respond to the 

stresses they experience, to ensure their effective long-term management (Huang et al., 

2020; Scanes et al., 2020). 

Estuarine water quality conditions are impacted by several local and global drivers. On a 

catchment level, urbanization has changed water quality conditions (e.g., heavy metals, 

nutrient enrichment), nutrient cycling, and the habitats of estuarine systems(Cabral and 

Fonseca, 2019; Foster and Fulweiler, 2014; Legras et al., 2000; Sellner et al., 2003). On a global 

scale, drivers such as global warming, sea level rise and increased storm events are leading to 

increased concerns about the long-term status and water quality of the estuarine 

environment (Wetz and Yoskowitz, 2013).  

Routine monitoring has been instrumental in managing a number of water quality problems 

relating to estuarine health (Huang et al., 2019). Critical variables such as dissolved oxygen, 
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Chl-a, and total nitrogen (TN) and total phosphorous (TP) have typically been monitored on 

sparse intervals, e.g., weekly (Borja et al., 2008; Burns et al., 2019; Huang et al., 2019; Logan 

and Taffs, 2014; Peters and Donohue, 2001; Wild-Allen et al., 2013). Structural metrics such 

the aforementioned variables, capture the state of the system at specific point in time, which 

when monitored over time, quantify the trends in the system (Ensign et al., 2017). Metrics 

based on process rates are called functional metrics (Fulford et al., 2020); examples are gross 

primary productivity GPP or respiration R (Bruesewitz et al., 2013).Functional metrics capture 

system dynamics via frequent measurements(Davis and Koop, 2006; Niemi and Mcdonald, 

2004). Therefore, monitoring water quality variables at high temporal and spatial resolution 

is critical to understanding how process rates affects aquatic ecosystems dynamics (Niemi and 

Mcdonald, 2004; Woodward et al., 2012). 

Estuary metabolism is an integrative metric of the estuarine system (Izagirre et al., 2007) and 

is based on functional metrics such as GPP and ER. It provides insights into the changes in 

system function (e.g., habitat provision) (Barbier et al., 2011; Thrush et al., 2013) and can be 

used to infer the ecosystem response to environmental events, such as rainfall (Bento et al., 

2017).  

Historically, incubation methods measuring oxygen changes in light and dark bottles (for 

water column metabolism) or incubation chambers (for benthic metabolism) were used to 

estimate metabolism in aquatic systems (Staehr et al., 2012b). Although such measurements 

can provide highly accurate estimates of GPP and ER, they may not accurately reflect real-

time in situ light and temperature changes, and therefore oxygen concentrations, observed 

at the site (Loken et al., 2021).  In contrast, the open water method introduced by Odum 

(1956) and since modified, measures changes in the daily dissolved oxygen concentration in 

situ in the water column. Bayesian modelling is often implemented to estimate metabolism 

based on the modified Odum (1956)  method and has been implemented in lakes and streams 

around the world (Appling et al., 2018a; Grace et al., 2015). However, the use of this model is 

limited when advection causes the addition of oxygen from a nearby parcel of water (Beck et 

al., 2015; Loken et al., 2021). This makes it complex to accurately estimate metabolism 

utilizing sensor data only, in estuarine systems driven by advection. 
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Moreover, the extent to which the theoretical assumptions are met determines how accurate 

estimations of ecosystem metabolism using the open-water approach will be (Staehr et al., 

2010).The time series of dissolved oxygen is thought to provide a Lagrangian specification of 

the flow field, which is a fundamental assumption of the open water method (Needoba et al., 

2012). For instance, a particular fluid parcel, such as a body of water that is moving with the 

tide, is characterized through time according to the Lagrangian specification. However, 

because most dissolved oxygen time series are taken at permanent places like moorings or 

docks, they are Eulerian specifications of the flow field (Beck et al., 2015). As water is advected 

through the sensor, time series at fixed locations may represent water masses with different 

metabolic histories, causing errors in metabolism estimations (Kemp and Boynton, 1980). 

Therefore, coupled hydrodynamic-ecological numerical modelling can be used as an 

alternative, to estimate advection and quantify its contribution to metabolism estimation; 

such models capture fine scale processes(e.g. advection and diffusion of water masses, tidal 

mixing, wind induced mixing) throughout the physical domain (Bruggeman and Bolding, 2014; 

Huang et al., 2019). Carefully calibrated and validated coupled hydrodynamic biogeochemical 

models can allow the estimation of metabolism when advection forces are dominant in the 

system, because the hydrodynamic model estimates the transport processes separately while 

the ecological model estimates the biochemical processes (Bruggeman and Bolding, 2014). 

This approach augmented, with high frequency measurements, allows improved coupling of 

models (Burns et al., 2019) and may result in a more accurate representation of the 

controlling drivers of biogeochemical processes, such as metabolism, in an estuarine system.  

1.2 Research questions and project aims 

The overarching aim of this thesis is to explore controls on metabolism in a temperate micro-

tidal estuary (the Swan Canning Estuary (SCE)) in Western Australia, utilizing routine 

monitoring, high frequency sensor data from a number of water quality monitoring stations, 

and a coupled hydrodynamic (i.e., TUFLOWFV) and biogeochemical numerical model (Aquatic 

Ecodynamics which constitutes the Swan Canning Estuary Response Model (SCERM). 
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1.3 Overview of thesis 

To address this overarching aim, the thesis is divided into three main chapters, each with its 

own abstract, introduction and relevant literature review, results, discussion and conclusions. 

The second chapter of the thesis presents a framework for linking historical and high 

frequency sensor data within an estuarine observatory context. It also outlines the design and 

deployments of two high-frequency water quality monitoring stations in the Swan Canning 

Estuary. And finally, it presents a dashboard tool that was developed to visualize near real-

time -frequency estuarine data. The high frequency data from the monitoring buoys are used 

to answer research questions in the following chapters.  

In the third chapter, the spatial and temporal characteristics of oxygen dynamics and 

metabolism are explored, through answering: 1) how do oxygen dynamics vary in different 

regions of the Swan Canning Estuary? 2) what seasonal or event-based differences in oxygen 

dynamics can be observed? 3) is there a coherence (similarity) between carbon metabolism 

and oxygen metabolism in an estuarine environment? 

To answer the study research questions, an exploratory analysis was performed on high-

frequency dissolved oxygen sensor data, which was then input to a Bayesian model to 

estimate metabolism at two sites in the Swan Canning Estuary. Further insights into estuarine 

metabolism were achieved through calculating CO2-O2 departures from atmospheric 

equilibrium. 

To address limitations in the metabolism estimation due to advection, chapter 4 

demonstrates a novel framework for the application of a hybrid state and process calibration 

and validation for the 3D coupled hydrodynamic ecological model (i.e., SCERM), using high 

frequency sensor data (oxygen) and data driven estimates of metabolism (GPP and R). 

Moreover, the power of the coupled 3D hydrodynamic ecological model (i.e., SCERM) was 

further illustrated by quantifying the relative magnitude of oxygen budget inputs and outputs. 

The final chapter is a general discussion providing a synthesis of the key findings, and their 

scientific and management implications. Finally, some appendixes provide supporting 

materials discussed in the thesis.
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2 An observatory for estuarine monitoring: Framework for linking 

historical and high frequency data 

2.1 Abstract  

Estuaries are dynamic ecosystems with high abiotic and biotic activity in addition to having a 

recognised ecological, cultural, and functional importance. There are various environmental 

observatories in Australia that monitor a wide range of biogeochemical processes in 

terrestrial and oceanic environments. This has resulted in significant advances to our 

knowledge of terrestrial and marine ecosystems; however, we know far less about estuarine 

ecosystems in Australia. Furthermore, while weekly sampling of structural metrics is vital for 

understanding ecosystem change over time, it is incapable of capturing the rapid dynamics of 

estuarine processes such as algal blooms. Such rapid processes are best characterised by 

monitoring state variables (e.g., oxygen) at high temporal resolution (minutes) and calculating 

functional metrics like gross primary production (GPP) and respiration (R). In order to analyse 

the dynamics of estuary water quality, it is important to include both structural and functional 

metrics. 

As a result, the Swan Canning Estuary Observatory is presented with details on the 

development and deployment of high-frequency water quality monitoring buoys in this 

chapter. This work was an extension on previous work done as part of the Swan Canning 

Estuary Virtual Observatory (SCEVO), and it aimed at: 1) supporting the addition of water 

quality monitoring data and high-frequency data with their naming conventions and their 

addition as nodes for each site to a Swan Canning database in PostgreSQL, and  2) data quality 

assurance and control through Aquatic Real-Time Management System (ARMS) and an open-

source R Studio toolkit that allows users to efficiently visualise and obtain data via an intuitive 

and simple-to-use dashboard, 3) Data analysis of water quality utilising various analytics tools. 

The main outcomes of this work are the installation of high-frequency monitoring stations in 

the estuary, the integration of high frequency data and discrete environmental data across 

agencies, scales, and numerical modelling in SCEVO, and the development of a water quality 

dashboard for data visualisation and interrogation. 
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SCEVO is envisaged to be used in the future to assess regional environmental impacts and to 

account for human influences on natural biological, chemical, and physical processes in the 

Swan-Canning Estuary. 

2.2 Motivation and introduction  

Despite the recognized ecological, cultural and functional importance of estuaries (Barbier et 

al., 2011; Thrush et al., 2013), they continue to be adversely impacted by increased inputs 

from anthropogenic sources (Anderson et al., 2012; Huang et al., 2019; Nezlin, Kamer, Hyde, 

& Stein, 2009)  and climate change (Kennish, 2002; Talley et al., 2003). Anthropogenic 

perturbations occur due to agricultural activities, industrial process discharges and 

wastewater treatment plants, resulting in increased nutrients fluxes to estuarine ecosystems. 

Agricultural industrial growth, especially after World War II, resulted in excessive use of 

phosphorous- and nitrogen-rich fertilizers causing eutrophication and algal blooms in 

nitrogen- and phosphorous-limited aquatic systems (Davis and Koop, 2006; Etcheber et al., 

2011; Peters and Donohue, 2001). 

Climate change impacts are now superimposed on these legacy issues leading to changes in 

sea-level, increasing temperatures and the frequency of storm events (McInnes et al., 2016; 

Nelson et al., 2017; Techera and Winter, 2019). Sea-level rise contributes to the propagation 

of saline water upstream in the estuary (Bhuiyan and Dutta, 2012; Hilton et al., 2008) resulting 

in changing ecological conditions, circulation and mixing regimes (Hong and Shen, 2012; 

Huang et al., 2020). The increased propagation of the salt wedge typically intensifies 

stratification, and may lead to unfavorable hypoxic and anoxic conditions developing in the 

water column (Nezlin et al., 2009). Extreme weather events (e.g., storms, droughts, and 

heatwaves) have critical implications for freshwater ecosystem function and structure 

(Stockwell et al., 2020). For example, tropical cyclones moving through an estuarine 

watershed may result in the mobilization of nutrients or organic matter, impacting estuarine 

water quality and phytoplankton diversity and function (Mallin and Corbett, 2006; Wetz and 

Yoskowitz, 2013).  

To capture estuarine responses to changing climate and human impacts, extensive 

monitoring programs have been established globally (Etcheber et al., 2011; Hallett et al., 
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2016; Pearce and Despres-Patanjo, 1988). Historically, these monitoring programs included 

manual water sampling at sparse intervals (e.g., bi-weekly or monthly), with subsequent 

analysis for variables such as total phosphorous, total nitrogen, nitrate and nitrite (Burns et 

al., 2019; Donohue et al., 2001; Huang et al., 2019; Wild-Allen et al., 2013). These routine 

(low-frequency) monitoring programs successfully capture long-term trends and detect non-

compliance to regulatory standards (de Jonge et al., 2006), however, they fail to capture finer 

scale chemical, physical, and biological processes happening at higher temporal resolutions 

(Davis and Koop, 2006; Huang et al., 2019) and constrain our understanding of estuarine 

dynamics. Moreover, the low frequency programs are often focused on monitoring the 

structural components of the aquatic system, rather than integrating structural and functional 

components. 

Recently, improvements in sensor technologies have facilitated the establishment of high-

frequency in-situ monitoring platforms across a range of aquatic systems (Briciu-Burghina et 

al., 2014; Burns et al., 2019; Caffrey, 2004; Nezlin et al., 2009; Rode et al., 2016a; Staehr et al., 

2018a, 2012b). The emergence of multi-parameter sondes coupled with diverse ranges of 

environmental sensors capable of long-term high-frequency sampling (e.g., oxygen, CO2, 

fluorescent dissolved organic matter (fDOM), and chlorophyll-a (Chl-a)), has shifted our 

reliance from time-consuming laboratory analysis. In-situ high-frequency monitoring has 

been used in lakes (Coloso et al., 2008; Obertegger et al., 2017; Peeters et al., 2016; Vachon 

et al., 2020), streams and rivers (Holtgrieve et al., 2010; Parker, 2020; Scully, 2016; Song et 

al., 2016), oceans (Hauri et al., 2018; Hofmann et al., 2011; Proctor et al., 2010), and estuarine 

systems (Lu et al., 2017).  

The new generation of environmental sensors have been deployed into environmental 

observatories, that are capable of continuous long-term monitoring of significant elements of 

the biogeochemical cycle along with environmental drivers in aquatic systems, with a data 

storage, management, and publication system (Horsburgh et al., 2011). The data collected by 

environmental observatories can support an improved understanding of the function of 

aquatic systems, and how it is impacted by anthropogenic perturbations and climate change 

(Bogena et al., 2018; Hamilton et al., 2015; Jannasch et al., 2008). There are numerous 

established environmental observatories that monitor a broad spectrum of biogeochemical 
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processes for example the Long-Term Ecological Research (LTER) sites (Knapp et al., 2012) and 

the Land Ocean Biogeochemical Observatories (LOBO) (Comeau et al., 2007; Jannasch et al., 

2008) in the USA, eLTER in Europe (Mollenhauer et al., 2018) which are further networked 

internationally through iLTER (Mirtl, 2010), the National Ecological Observatory Network 

(NEON) (Tollefson, 2011), the River and Estuary Observatory Network for the Hudson River, 

New York (REON) (Kolar et al., 2009) and the Humber Observatory in England (Hardisty et al., 

1996) , the Integrated Ocean Observing System (IOOS) (Snowden et al., 2019).  

In Australia, while the Integrated Marine Observing System (IMOS) and Terrestrial Ecosystem 

Research Network (TERN) are well-established, there are no estuarine observatory systems. 

IMOS provides a wide range of data from Australia’s coastal and open oceans, and makes all 

data accessible to the marine and climate science community, stakeholders and international 

collaborators (Proctor et al., 2010). TERN, is a terrestrial integrated network designed to serve 

ecosystem research in Australia (Cleverly et al., 2019). While the aforementioned 

environmental observatories are making major contributions to the understanding of 

terrestrial and marine environments science, estuaries, despite being a critical link between 

the two ecosystems, have lagged behind. Therefore, additional benefits would be realized 

with the integrated monitoring of estuarine systems. An estuarine observatory would 

facilitate improved understanding of estuarine dynamics and their role in linking terrestrial 

and oceanic ecosystems. There is also a need for integration of environmental data across all 

scales and modelling (de Jonge et al., 2006).  Data integration is particularly challenging when 

data sources and organizations each have their own platform, database, schema, and naming 

conventions (Horsburgh et al., 2011; Jones et al., 2015).  Although the concept of federated 

data sets is gaining traction (Beran and Piasecki, 2009; Kolar et al., 2009; Read et al., 2017; 

Shaughnessy et al., 2019), its implementation has remained a challenging task. 

An early real-time management system was implemented for the coastal region of Perth, 

Western Australia, and the Swan Canning Estuary (SCE) that discharges to that region (Marti 

and Imberger, 2015), illustrating the value of automated modelling workflows and the 

usability of models for presenting near real-time conditions. This implementation was 

primarily focused on the coastal area, with less refinement for processes occurring in the 

upper estuary, where many priority management concerns are concentrated, but it exhibited 
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a good "now-cast" approach. The challenge given by end-users, on the other hand, was to 

provide a range of model outputs covering past, present, and future circumstances that were 

important to a variety of stakeholders, including estuary managers, high-level policymakers, 

and the community. As a result, the development of the next-generation Swan-Canning 

Estuarine Response Model (SCERM) and Swan Canning Estuarine Virtual Observatory (SCEVO) 

was initiated, outlined in Huang et al.  (2019). The strategic development of SCERM and SCEVO 

was undertaken to contribute to developing a comprehensive and practical framework to 

assist management decision-making. The model has served to synthesize our knowledge of 

estuary function across a wide variety of disciplines and spatio-temporal scales by 

incorporating findings from numerous field experiments and extensive long-term monitoring 

data. SCEVO combines the development and integration of a number of technologies and 

approaches, using a range of physical, chemical, and biological sensors, to provide near real-

time data for the Swan Canning Estuary in addition to forecasted water quality conditions, 

weather conditions, and ocean forcing. The architecture of SCEVO provides flexibility and 

adaptability that enables the collection of large amounts of streaming data from a mixture of 

monitoring stations (high-frequency, routine monitoring, environmental etc.) and modelling 

sources spanning the Swan Canning Estuary. It also establishes a framework that integrates 

data from different government agencies to provide a holistic view of the dynamics of the 

estuarine system. 

Notably, the work of Marti & Imberger (2015) and Huang et al. (2019) focused on data 

harvesting to support mechanistic modelling and forecasting. However, it did not address 

broader challenges in integrating high frequency monitoring data from different 

organizations for real time assessment, or for use to support model calibration and validation. 

To address the challenges of data integration and support modelling outcomes and 

management decisions, this chapter expands upon these earlier developments to provide 

description of current updates and set up of SCEVO while focusing on data integration 

workflows and advanced analytics. The extension of the SCEVO system aims to:  

1) support the addition of water quality monitoring data and high-frequency data with their 

naming convention and their addition as nodes for each site to a Swan Canning database in 

PostgreSQL, 2) data quality assurance and control through ARMS and an open-source R Studio 



Identification of controls on estuary metabolism using high-frequency data and numerical modelling 

2 An observatory for estuarine monitoring                                                                                                       Saeed, A.A. 

11 

toolbox enabling users to efficiently visualize and obtain data through an intuitive easy-to-use 

dashboard, 3) analysis of water quality data using different analytics tools. 

It is hoped that the piloting of such an approach will demonstrate its potential to improve our 

understanding of cause-and-effect relationships in the estuary and identify opportunities for 

estuarine protection measures through innovative engineering and policy interventions, 

based on an integrated data and modelling approach.  
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2.3 The study site 

2.3.1 Estuary location, type, characteristics 

2.3.1.1 Climate 

The climate of the city of Perth, in the south west of Western Australia (WA) (Figure 1), is 

classified as ‘Mediterranean’ (Petrone, 2010), experiencing hot summers and mild winters 

(Stephens, 1994). High annual rainfall variability is observed in the estuary with about 65% of 

the annual rainfall occurring during winter months (June – September) (Stephens and 

Imberger, 1996). The presence of sub-tropical high pressure systems in the summer results in 

easterly breezes blowing during the night and morning, which are often replaced by south-

westerly winds of higher velocity in the afternoons.  

 

Figure 1 Map of the Swan Canning Estuary, Western Australia, showing locations of routine water quality 
monitoring by government agency Department of Water (uploaded on Water Information Reporting (WIR) 
website), weather stations, and high frequency monitoring observatories described in this chapter. WIR sites 
full names are: Blackwall Reach (BLA), Armstrong Spit (ARM),Heathcote (HEA), Narrows Bridge (NAR), Nile 
Street (NIL),St John’s Hospital (STJ),Maylands Pool (MAY),Ron Courtney Island (RON),Kingsley (KIN), Success 
Hill (SUC),West Midland Pool (WMP),Middle Swan Bridge (MSB), Jane Brook Confluence (JBC), Power Line 
Crossing (POL), South Canning Bridge (SCB2), Salter Point (SAL), Shelley Bridge (SHELL), Riverton Bridge (RIV), 
Castledare (CASMID), Kent Street Weir (KEN), Bacon Street (BAC),Nicholson Road Bridge (NIC), Ellison Parade 
(ELL).
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2.3.1.2 Geology 

The Swan Canning Estuary (Figure 1) passes through the city of Perth and it follows a drowned 

river valley discharging to the Indian Ocean via a narrow mouth at Fremantle Harbour. The 

estuary passes through two significant geological plains: the Swan Coastal Plain, a 30 km-wide 

plain running along from just north of Perth to Cape Naturaliste in the south and extending 

from the west coast to the Darling Scarp on the east, and the Darling Plateau extending 

eastwards from the scarp (Petrone, 2010). The Darling Plateau soils consist of old deep clays 

containing high levels of iron (Fe) and aluminum (Al), while the Swan Coastal Plain is 

dominated by highly permeable sands. The very extensive Avon River drainage basin lies in 

the Darling Plateau (Peters and Donohue, 2001; Petrone, 2010), and drains into the Swan 

Canning Estuary. The Avon catchment is mainly agricultural and is occupied with wheat and 

sheep (54%) and native vegetation (43%) (Department of Water, 2015). Swan Coastal Plain is 

50% agricultural, and also has significant urban (18%), open space (31%) and industrial (4%) 

areas (Chan, 2006). The Swan Coastal Plain accommodates the highest population density in 

WA (Petrone, 2010). 

2.3.1.3 Configuration and topography of estuary 

The estuary has a surface water area of nearly 31 km2 and a watershed area of 125,000 km2. 

The Avon River sub-catchment makes up nearly 90 % of this catchment area (Astill and Lavery, 

2001; Robson et al., 2008). Upstream parts of the estuary have an average depth of 4-5 m 

while a maximum depth of 21 m is found at Mosman Bay, close to the coast.  

Several topographic features characterise the Swan Canning Estuary. Firstly, Fremantle 

harbour at the mouth of the estuary . It was deepened to about 10 m (Astill and Lavery, 2001; 

Robson et al., 2008) and it permits a continuous exchange of water with the ocean and allows 

salt wedge propagation upstream (Stephens, 1994). Secondly, there are two sills in the 

estuary which are located near Fremantle harbour and Perth Waters (i.e. section of the Swan 

River on the southern edge of the central business district of Perth see Figure 1). The first sill 

at the mouth of estuary has a water depth of 5 m and an average width of 250 m, spanning 

from Fremantle Traffic Bridge to Preston Point, where the channel becomes deeper, reaching 

depths of 17 metres in Blackwall Reach. Additionally, a sand bar is located about 1 km from 

Point Walter and is visible during low tides. The main channel then expands to a basin which 
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is about 2 km wide before contracting to a narrow channel downstream of the Narrows 

Bridge. The second sill is in Perth Waters (see Figure 1) with depths seldom exceeding 0.6 m 

except in boating channels which are dredged to 1.5 m deep. The contracting channel 

upstream meanders with reach depths of about 2-3 m interrupted by deep dips of 5-6 m, 

attributed to dredging activities (Stephens, 1994).  

2.3.1.4 Tides 

The estuary transitions over the year between a vertically stratified salt-wedge estuary and a 

weakly stratified estuary (Stephens and Imberger, 1996) where the salinity increases towards 

the sea but varies little with depth  (Chan et al., 2002; Kurup & Hamilton, 2002; Thompson et 

al., 2003). The estuary has been classified as microtidal (Robson et al., 2008), with a mixture 

of diurnal and semi-diurnal tides observed at Fremantle with a maximum tidal range of (0.6-

0.9) metres (Astill and Lavery, 2001; Swan River Trust, 2001). Summer and winter months are 

characterized by the dominance of diurnal tides, due to the moon orbit plane being near its 

maximum declination to the earth’s equator. This results in a high and low tide every 12 hours. 

In contrast, semi-diurnal tides are characterized by two high and two low tides at about 6 

hourly intervals occuring close to zero lunar declination (Stephens, 1994).  

2.3.1.5 Inflows 

The main freshwater contributions to the estuary come from the Swan–Avon and Canning 

Rivers. The Avon River is the major contributor (71%) to the Swan River and total estuary flow 

(Hamilton et al., 2006). Other major tributaries flowing directly into the Swan River include 

Helena and Canning Rivers and Ellen Brook. Several smaller and seasonal tributaries include 

Bennett, Susannah and Jane Brooks that flow into the Swan River, and Bannister Creek, 

Southern River and Yule Brook that flow into the Canning River (Peters and Donohue, 2001). 

Weirs were constructed across the Canning River in the 1930s to provide a source of 

freshwater to adjacent properties, and as a consequence freshwater inflows into the estuary 

declined (Astill & Lavery, 2001; Chan & Hamilton, 2001; Robson et al., 2008). Four urban main 

drains (i.e., Bayswater, Claise Brook, South Belmont and Mill Street) also contribute 

residential and industrial stormwater flow and drained groundwater to the Swan Canning 

Estuary (Peters and Donohue, 2001). 
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Tributary runoff is seasonal, with minimal flows in summer and autumn (Petrone, 2010), while 

urban drains often continue to flow in summer due to groundwater drainage (Donohue et al., 

2001; Linderfelt and Turner, 2001). Groundwater inputs represent 55% of freshwater inflows 

to the estuary over a 6 month period from the November to April (Linderfelt and Turner, 

2001). The small diurnal tides and low freshwater inflows in late spring and summer, result in 

long estuarine residence times (often months) (Robson et al., 2008)and exacerbate water 

quality issues during this time (Chan and Hamilton, 2001).  

2.3.1.6 Stratification dynamics 

The hydrodynamics of the Swan Canning Estuary system varies on a seasonal timescale due 

to climatic changes experienced in the region. Over a year, the estuary transitions between 

being dominated by a vertically stratified salt wedge and being a slightly stratified estuary. 

During late autumn and the start of winter when run-off flow is low, fresh water flows 

seawards over denser salty water (Brearley, 2005; Stephens and Imberger, 1996). Initially a 

distinct two-layered system is observed (i.e., low salinity surface layer and high salinity 

bottom layer) due to vertical density differences. As the inflow intensifies due to rainfall 

events in winter, the water column became fully mixed in the upper parts of the estuary 

(Kurup and Hamilton, 2002), and in times results in complete flushing of brackish water from 

upstream cavities (Kurup et al., 1998), while pushing the salt wedge towards the ocean 

(Stephens and Imberger, 1996). The strongest stratification is observed in the middle basin in 

winter (Stephens and Imberger, 1996). 

 As the run-off declines after winter, tidal forces becomes more dominant, pumping denser 

saline water upstream along the bottom while lighter freshwater continues moving outwards 

(Stephens and Imberger, 1996). The advancement of the salt wedge is caused by a balance 

between an induced baroclinic pressure gradient associated with horizontal changes in 

density and a barotropic pressure gradient linked to horizontal changes in surface elevations 

as a result of the opposing stream flow (Stephens and Imberger, 1996). The salt wedge 

propagation continues until middle to late summer, when riverine flow is minimal, estuarine 

hydrodynamics are dominated by tidal and wind forcing and the upper parts of the estuary 

become highly saline (Chan & Hamilton, 2001).  
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A detailed description of the hydrology and hydrodynamics of the estuary is presented in 

Linderfelt and Turner (2001) and Kurup et al. (1998). 

2.3.1.7 Primary producers and water quality 

Phytoplankton, which includes diatoms, dinoflagellates, and chlorophytes, are the dominant 

primary producer across the Swan Canning Estuary (Day, 1989; Thompson, 1998). Freshwater 

phytoplankton, such as chlorophytes, are abundant in the Swan's upper reaches in spring and 

around Perth Waters (see Figure 1) after winter (Brearley, 2005). Early spring brings diatom 

blooms to the lower reaches. Melville Water (i.e. section of the Swan River west and 

downstream of Perth Waters (see Figure 1), in general, is the starting point for spring blooms, 

which are pushed upstream due to salt wedge propagation and reduced flow post-winter 

(Brearley, 2005). In late spring, the middle reaches of the estuary experience blooms of 

diatoms (e.g., Skeletonema and Chaetoceros spp.) and dinoflagellates(e.g. Scrippsiella sp.) , 

that can color the estuary a brownish red colour (Brearley 2005; Thompson 2001). Nitrogen 

inputs from sediment releases and catchment winter inflows are thought to be the major 

drivers catalysing dinoflagellate blooms (Brearley, 2005; Thompson, 1998). Midsummer salty 

estuary waters results in blooms of dinoflagellate (Gymnodinium-Prorocentrum sp.), 

raphidophytes (Heterosigma-Fibrocapsa), and cryptophytes (Crpytmonas spp.)(Brearley, 

2005). Diatoms, dinoflagellates, and marine algae (i.e. algae that grow at high salinities e.g. 

Monospora australis, Gelidium pusillum and Polysiphonia subtilissima) make up the autumn 

blooms (Brearley, 2005; Thurlow, 1986). Furthermore, harmful cyanobacteria (blue-green 

algae) often bloom in the estuary between the summer and fall months (Brearley, 2005). Toxic 

blue-green algal blooms such as Anabaena, Microcystis and Nodularia were found in the 

upper Swan reaches and wetlands in Western Australia (WA) (Brearley, 2005). Algal growth is 

influenced by salinity variations in the Canning River's lower reaches (Brearley, 2005; 

Thompson, 1998). 

Freshwater algae (e.g., chlorophytes) are also prevalent in the upper reaches upstream of the 

Kent Street Weir. Chlorophytes (e.g. Chlamydomonas) often bloom in the spring while blue-

green algae such as Anabaena circinalis bloom in the late spring and summer. In the middle 

and lower parts of the estuary, macroalgae (e.g. Cladophora sp. and Hormophysa,  Gracilaria 

comosa). which can be found found free floating or attached to aquatic plants such as Zostera 
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mucronata (Astill and Lavery, 2001; Thurlow, 1986) and seagrass Halophila ovalis are 

prevalent (Astill and Lavery, 2001; Forbes and Kilminster, 2014; Hillman et al., 1995). 

Freshwater aquatic plants of the Canning River include native Hydrilla verticillata, 

Potamogeton crispus, duck weed Lemna, and floating water fern Azolla (Brearley, 2005). 

Moreover, a study by Kostoglidis et al. (2005) identified the spatial and temporal distribution 

of light attentuation(Kd), Chromophoric Dissolved Organic Matter (CDOM) , Chl-a , and Total 

Suspended Solids (TSS). Kd values observed in upper Swan near Success Hill (SUC) was 

consistently five times the values at the lower estuary near Blackwall Reach (BLA) in the study 

period (Kostoglidis et al., 2005) ( see Figure 1 for sites locations) with values ranging from (0.4 

-2.2 m-1.). August represented the period with the highest observed Kd values ranging from 

(0.69-4.4 m-1) representing BLA site downstream, and a site near SUC in the upper Swan 

(Kostoglidis et al., 2005). A similar spatial and temporal trend was observed in CDOM average 

absorbance values which ranged between (0.66 – 4.08 m-1) represnting downstream and 

upper Swan sites repsectively with the highest ranges  recorded in August (Kostoglidis et al., 

2005). Finally, Chlorophyll a concentrations during the measurement period varied from 0.5 

to 94 mg/l (Kostoglidis et al., 2005). 

The catchments surrounding the Swan Canning Estuary have been highly perturbed due to 

urbanization (Peters and Donohue, 2001); modifications such as the removal of vegetation, 

changes in land use, higher proportion of impervious area (e.g., streets), use of fertilizers, and 

increased domestic and industrial waste. This have significantly elevated nitrogen, 

phosphourous and carbon inputs to the estuary (Brearley, 2005; Peters and Donohue, 2001; 

Petrone, 2010; Robson et al., 2008).  

The increased availability of nutrients under urbanisation has caused the onset of algae 

blooms. This includes cyanobacterial blooms in the Canning River tributary (Thompson et al., 

2003), cyanobacterial blooms within the estuary (Robson and Hamilton, 2003), and increased 

accumulation of benthic macroalgae (e.g. Gracilaria comosa) along the estuary shorelines 

(Astill and Lavery, 2001). A toxic blue-green algal bloom of Microcystis occurred after a 

summer flood event in 2000 and in February 2020 a toxic Alexandrium bloom occurred 

(Department of Health, 2020). The Alexandrium bloom spanned from the mid-basin (Figure 

1) to the upper reaches in the Swan and Canning Rivers. Such toxic blooms affect fish species 
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and crabs which consume algae as their primary food source, building up toxins in their bodies 

that results in significant health impacts when consumed by humans (Department of Health, 

2020). 

The Swan Canning Estuary also suffers from periodic deoxygenation of the bottom waters and 

sediments, mostly in its upper reaches (Brearley, 2005; Douglas et al., 1997; Kurup and 

Hamilton, 2002). This is attributed to water column stratification induced by reduced fresh 

water inflows and salt wedge propagation (Douglas et al., 1997) leading to the development 

of hypoxic and anoxic conditions (Kurup and Hamilton, 2002). Such conditions may cause the 

release of sediment bound nutrients (Linderfelt and Turner, 2001), algal blooms (Hosja et al., 

1993; Kurup and Hamilton, 2002), and adverse impact on the fauna such as fish (Brearley, 

2005).  

2.3.2 Historical water quality monitoring program  

Due to the challenges facing the Swan Canning Estuary, in addition to the cultural, 

environmental, economic, and ecological values it provides, there have been significant 

research and management efforts over the last three decades. State government agencies, in 

partnership with community-based groups, have worked extensively in the Swan Canning 

Estuary. Government management authorities established the Swan Canning Cleanup 

Program (SCCP) 1999-2004, and the Healthy Rivers Action Plan (HRAP) 2008-2013 with a 

budget of $40 million. HRAP entailed a strategy to sustain the environmental health and 

community benefit of the waterways through enhancing water quality utilizing a catchment 

to coast method.  The strategy focused on 1) addressing nutrient and contaminant sources 

and set water quality targets, 2) land use planning and development process improvements, 

3) behavioral change through community involvement, 4) application of intervention 

techniques to improve river health, 5) monitoring river health and reporting to the community, 

and 6) identification and filling gaps in knowledge. As a result of the strategy application, 

substantial improvement of the estuaries health has been observed and is expected to 

continue (Brearley, 2005). 

Monitoring of catchment input levels of nutrients such as nitrogen and phosphorous and 

implementation of nutrient reduction programs has also been undertaken (Donohue et al., 

2001), and  routine monitoring along the Swan Canning estuary has occurred since the 1990’s 
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(Forbes and Kilminster, 2014). The current monitoring programs are being managed by the 

Department of Biodiversity, Conservation and Attractions (DBCA), previously Swan River Trust 

(SRT). Major catchment inflows (i.e., 15 tributaries, Peters & Donohue (2001)) have been 

monitored weekly for total and dissolved nutrients, when they are flowing. Nine estuary sites 

have been monitored, with water samples collected to monitor for the same nutrients and 

estimate phytoplankton density, and vertical profiles of salinity, temperature, dissolved 

oxygen, and measuring pH, turbidity and light. Such measurements capture changes in the 

physical, chemical, and biological aspects of the estuary providing an indicator of the water 

quality trends, aquatic system evolution over extended periods of times and it helps to paint 

a holistic view of the water sources, constituents, and processes that are happening in it. 

Collected water samples are analysed to determine total nitrogen (TN), total phosphorous 

(TP), total oxidised nitrogen (i.e., nitrite NO2 - , nitrate NO3-), and total organic carbon (TOC) 

(Forbes and Kilminster, 2014). These water quality measurements are compared against 

targets based on the water quality guidelines (ANZECC and ARMCANZ, 2000). 

Moreover, additional drivers of estuary water quality such as weather, tide, and inflow data 

are frequently monitored through a number of weather stations and sites located across the 

Swan Canning Estuary. Weather variables reported include wind speed and direction, total 

solar radiation, rainfall, air temperature and relative humidity. They are readily available 

through different organization websites such as Department of Water and Environmental 

Regulation (DWER), Bureau of Meteorology (BoM), Department of Primary Industries and 

Regional Development (DPIRD) and Department of Transport (DoT). 

To address low oxygen levels in the upper reaches of the estuary, four oxygenation plants 

have been installed in the upper reaches of the Swan and Canning rivers. The plants draw up 

deoxygenated bottom waters and mix them with oxygen gas prior to being injected back into 

the estuary as a supersaturated solution. Significant improvements in the upper reach oxygen 

conditions were highlighted through the work of Huang et al. (2018). 

Field observations, long-term water monitoring and weather data can be leveraged for 

numerical modelling of estuarine systems; these models are key tools to inform management 

responses to a wide range of stressors (Hipsey and Hamilton, 2015; Wild-Allen et al., 2013). 

Recently, the SCERM was developed by the University of Western Australia (UWA) and 
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Western Australian government agencies, motivated by the need to gain better insights into 

key drivers of the estuarine ecosystem processes that are essential to understand for better 

management. Field measurements and monitoring data are used for numerical model 

boundary conditions (e.g., inflows), model calibration and validation, in addition to 

improvements of process understanding at varying time and space scales. The SCERM model 

aims to provide a tool to predict future ecosystem response to natural and human-related 

environmental stresses and will assist in defining sustainable nutrient loads into the system 

(Hipsey et al.,2016). The model was recently utilized in the Swan and Canning rivers to 

evaluate the effectiveness of the oxygenation plants in reducing the high oxygen demands 

and preventing hypoxia (Huang et al., 2018). The model accurately simulated salt wedge 

dynamics and the effect of flow dynamics on the severity of hypoxia. The simulation results 

led to recommendations on the design and operation of artificial oxygenation plants for 

estuarine environments. 

2.3.3 Historical water quality in the Swan Canning Estuary  

Spatial and seasonal variability in total nitrogen (TN) and total phosphorous (TP) in fifteen 

tributaries of the Swan Canning Estuary were monitored 1986 - 1992 and 1993 - 1996 (Peters 

& Donohue, 2001). The fifteen tributaries drain the Darling Plateau, the urban coastal plain, 

and rural catchments. The study found that 65 % of the estuarine nitrogen load and 35 % of 

the phosphorus load was contributed by the Avon River. Lower TP values were observed in 

the Darling Plateau tributaries because of the Plateau’s clay-rich soils that have a high 

adsorption capacity for phosphorous. In contrast, the sandy coastal plains catchment leached 

phosphorous from fertilizers contributing to the phosphorus loads observed in the estuary 

(Douglas et al., 1997; Petrone, 2010). Pionke et al. (1990) found that the addition of excess 

nutrients to crops across the Swan Coastal Plain contributed to nutrient loads discharged to 

the estuary, which aligns with the findings of Peter and Donohue (2001). Donohue et al. 

(2001) found that the variation in TP and TN loads being discharged from the catchments 

could be explained by catchment size variation, hydro-chemical characteristics of the 

different catchments, groundwater interactions and climatic variability.  

The majority of nutrients in the Swan Canning Estuary are transported with major inflows 

from the Avon River (60%) and Ellen Brook. Avon River phosphorus load is  predominately 
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particulate whereas Ellen Brook phosphorus is predominately dissolved (Peters and Donohue, 

2001). These authors reported that  the first few weeks after the onset of the winter rains 

resulted in the highest concentrations of most nutrients in the tributaries. In particular, 

elevated levels of nitrogen are observed mainly as nitrate in the freshwater inflow (Hamilton 

et al., 2006), with possible contribution of ammonium and nitrite from groundwater flow as 

(Hamilton et al., 2006; Linderfelt and Turner, 2001).  

The more recent DBCA monitoring showed that, over the 10-year monitoring period from 

2010 to 2020, TN, TP and DOC increased from the lower estuary at Armstrong Spit (ARM) to 

the upper estuary at Nile St (NIL) (Figure 2). This is evident in higher nutrient concentration 

medians seen at the upper estuary sites NIL, followed by Heathcote (HEA), then ARM in the 

lower estuary. The higher levels in nutrients observed in upstream (i.e. NIL) is the results of 

the drainage of the Avon catchment which mainly has agricultural in comparison to 

downstream sites (i.e. HEA and ARM) which are linked to the drainage of the Swan coastal 

catchment which has a mixed land use that includes urban, agricultural, industrial and open 

space.at HEA and ARM. Outliers in nutrients and dissolved oxygen variables observed in 

February has been attributed to a flash flood in 2017 (Techera and Winter, 2019). 

The same decreasing trend of nutrients upstream to downstream is observed in the summer 

months (Dec- Jan), however, lower in median values. The lowest nutrient values are observed 

at end of autumn and start of the winter months for most of the nutrients, which can be 

explained by no or limited catchment nutrient input from tributary discharges consistent with 

the conclusions of Robson et al. (Robson et al., 2008). In contrast, DO concentrations 

decreased from Armstrong Spit to Nile Street and were lowest in the summer season and 

increased in the winter months for all sites.  
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Figure 2 Aggregated monthly nutrient and oxygen concentrations in the Swan-Canning Estuary, collected 1 
November 2010 to 1 November 2020. a) total nitrogen (TN), b) total phosphorous (TP), c) dissolved organic 
carbon as non-purgeable organic carbon (DOC as NPOC), d) dissolved oxygen (DO).  Water samples were 
collected from three sites: Nile Street (NIL) in the upper estuary, Heathcote (HEA) in the middle estuary, and 
Armstrong Spit (ARM) in the lower estuary. 

2.3.4 The need for high frequency sensor platforms  

Low-frequency routine monitoring has been instrumental in long-term trend analysis and the 

understanding of estuarine aquatic system evolution over extended periods of times (Huang 

et al., 2019) and to support planning of nutrient reduction. Moreover, it has been crucial in 

investigating compliance with established thresholds for water quality variables such as 

phosphorous and nitrogen, and the effectiveness of efforts reducing catchment nutrient 

inputs to the estuary (ANZECC and ARMCANZ, 2000; Brearley, 2005). 
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However, insights into processes that drive water quality problems can better support our 

functional understanding but are often reliant on high-frequency data. For example, higher 

levels of DOC observed in February 2017 (Techera and Winter, 2019) could be linked  

catchment inputs (Panton et al., 2020; Petrone, 2010), contributions from seagrass leachate 

(Lavery et al., 2013), or pore water release (Medeiros et al., 2016) or both. Elsewhere in the 

world, DOC contributions to a mangrove forest in Tanzania have been linked to inundation 

patterns, changes in primary productivity, tidal action and related litter-fall variations 

(Medeiros et al., 2016); understanding these processes would benefit from high frequency 

data.  

Although fortnightly monitoring allows the knowledge of drivers of algae blooms such as 

nutrients, the addition of high frequency sensor data will provide insight into the system over 

process-relevant timescales, helping us understand and investigate water quality dynamics in 

real-time, aiding the estimation of parameters critical for understanding ecosystem 

productivity, and enhancing the understanding of environmental and anthropogenic drivers 

of integrative measures of the estuarine system such as metabolism (Briciu-Burghina et al., 

2014; Hoellein et al., 2013; Huang et al., 2019; Rode et al., 2016b; Staehr et al., 2012b). 

Additionally, high frequency monitoring of dissolved oxygen in the upper estuary can be 

useful in the assessment of oxygenation plant effectiveness in improving hypoxic and anoxic 

dissolved oxygen concentrations in troubled sections in the Swan Canning estuary (Huang et 

al., 2018). Finally, integrating high frequency sensor data to coupled numerical models, can 

assist with improving numerical models through calibration and validation. It also allows 

leveraging the power of coupled models in the simulation of physical processes, which are 

difficult and expensive to measure in real-time (Birkel et al., 2013; Huang et al., 2019; Wild-

Allen et al., 2013). Therefore, it is crucial to have a water quality monitoring buoy that 

undertakes high frequency sampling (e.g., every 10 minutes) of critical water quality 

parameters (i.e., physical, chemical, biological).  

2.4 High frequency sensor platforms  

Following from the above motivation, the development and deployment of two water quality 

monitoring buoys into the SCE was undertaken to establish new streams of environmental 

monitoring data. The monitoring systems were designed to collect real-time high-frequency 
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meteorological and water quality data and named Kwilena Buoy in Waylen Bay (kwilena is 

Noongar for dolphin), and Matilda Buoy in Matilda Bay; refer to Figure 1.  

2.4.1 Sensor platform site selection instrumentation and mooring design 

 Kwilena Bouy is situated at -31.999N and 115.843E, in 5 m water depth (Figure 1).  It is in 

close proximity to the seagrass meadows at Point Heathcote, and is impacted by inflows from 

the Canning River. The buoy consists of a meteorological station (i.e., measuring light, relative 

humidity, and temperature sensors) and a series of below-water sensors (described below). 

The sensors are mounted on a NexSens CB-450 buoy that supports the power requirements 

of the system with solar mounts and a battery enclosure (Figure 3).  

A suite of water quality sensors are located around 1 m below the surface and include a YSI 

water quality sonde with dissolved oxygen, chlorophyll-a, fDOM, turbidity, electrical 

conductivity, depth, and temperature sensors, and a stand-alone pCO2 sensor (Table 1).  

Electrical conductivity sensors were installed at a water depth of 4.2 m and 2.8 m above the 

sediments. A high frequency DO sensor (MiniDot) was also deployed 2.8 m above the 

sediments, however, data from this sensors was considered unreliable and was excluded from 

this study due to a power problem.  
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Figure 3 Schematic of the top and side view of the Kwilena Buoy. 
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The Kwilena Buoy system logs at a 10 min interval and data is telemetered to a Neon server 

using the mobile phone network (Telstra). The YSI (EXO2) Sonde instruments are permanently 

powered on while all other sensors are powered up 1 min before the log time to conserve 

power. The power generated from three 13 Watt /12VDC solar panels with an integrated solar 

regulator is stored in 28 A-Hr battery providing ample power for the system. The charging 

status, voltages of batteries, charging current and load current can all be viewed in real-time 

in the Unidata Neon web portal. 

The Matilda Buoy is situated at -31.982 N and 115.822 E, and in 3 m water depth (Figure 1). 

It is in close proximity to seagrass meadows in the Pelican Point Marine Park (Forbes and 

Kilminster, 2014). It consists of a GMX 600 weather station and a YSI (EXO3) water quality 

Sonde (Table 2). The instruments are mounted on an EMM65 buoy with solar mounts and a 

battery enclosure. The weather station records 5 minutes weather data (air temperature, 

relative humidity, barometric pressure, wind speed and direction), and the submerged EXO3 

measures dissolved oxygen, specific conductivity, temperature, pH, turbidity and salinity 

every 10 minutes. The system has two 5-watt solar panels with 24 amp-hr battery. Data is 

telemetered to the Eagle-io server using the mobile phone network (Telstra).
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Table 1 Details of the components and suppliers for Kwilena sensors located above and below water. 

Location # Sensor/ 
Equipment 

Description Manufacturer 
/Supplier  

Permanent 
/Temporary/F
uture  

Communication / 
output 

Web link 

Met Station 
(Above water, 
mounted to 
buoy) 

1 Maximet GMX600 Weather parameters 
including air temperature, 
wind speed, humidity and 
solar radiation. 

Gills Future  SDI-12 http://www.gillinstruments.
com/data/datasheets/1957-
010%20Maximet-
gmx600%20Iss%208.pdf 

Mooring & 
controller 
module 
(Above water) 

1 NexSens buoy Mechanical support for 
the sensors, logging and 
communication 
infrastructure 

NexSens 
/Fondriest 
Environmental 

Permanent  NA https://www.fondriest.com
/nexsens-cb-450-data-buoy.htm 

 1 Neon logger with telemetry NRT logging all parameters 
and telemetered to a 
server 

Unidata Permanent IP/3G network https://www.unidata.com.a
u/support/technical-white-
papers/ip-neon-data-loggers/ 

1 Battery Power for the electronics Unidata 28 A-Hr battery  - - 
3 Solar panels Required for continuous 

powering of sensors and 
communications 
equipment 

NexSens 
/Fondriest 
Environmental  

Permanent NA - 

1 EXO-SOA Interface module for EXO 
sonde into data logger 
system 

YSI/Xylem Permanent SDI-12 https://www.ysi.com/Produ
ct/id-599820/EXO-DCP-Signal-
Output-Adapter-2-0 

Mooring  
 
(Below water) 
 
 
 
 
 
 
 
 
 
 

3 Shackles. Bow S/S 22 mm Mooring and anchoring Taylor Marine Permanent NA NA 

5 SS 25 mm Thimbles H/Duty  For ropes connections to 
the buoy and chains 
( bottom) 

Taylor Marine Permanent NA NA 

 Spliced 6 m Rope Supertec 22 mm 
diameter emerald green medium lay 
coil 
4 X 6m length (including splices) 
1 X 5m length (including splices) 
3 strand splicing per splice 

Rope for mooring  Taylor Marine Permanent NA NA 

5  Thimble BS464-1958 galvanised iron 22 
mm 

For ropes connections to 
the buoy and chains ( top) 

Taylor Marine Permanent NA NA 
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Location # Sensor/ 
Equipment 

Description Manufacturer 
/Supplier  

Permanent 
/Temporary/F
uture  

Communication / 
output 

Web link 

 
 
 
 
 
Mooring  
(Below water) 
 

5 Shackles. Bow 28alvanized iron 22mm For connections to 
midwater float, chains, 
and anchor 

Taylor Marine Permanent NA NA 

5 Chain G-60 Mooting Link 16 MM  
5 X 3 m length  

Anchoring chain  Taylor Marine Permanent NA NA 

5 JNT float ABS 10M-3 300 MM black and 
sacrificial anode 

Mid water floats Taylor Marine Permanent NA NA 

Below water 
sensors 
 
 
 
 
 
 
 
 
 
 

1 EXO 2  
Multi-parameter Sonde 
(long-term deployment) 
 

variables include  
DO sensor,  
turbidity,  
total Algae sensor, 
fDOM sensor,  
Conductivity/Temperature 
(C/T)  sensors and  
depth 

YSI/Xylem 
 

Permanent  Interfaces directly 
with the EXO-SOA, 
which then exports 
as SDI-12 

https://www.ysi.com/exo2 

1 C-sense™ in situ pCO2 Sensor 1000ppm pCO2 sensor Turner Designs Permanent  
 

0-5V DC output http://www.turnerdesigns.c
om/products/submersible-
fluorometer/c-sense-in-situ-
pco2-sensors 

 
Below water 
sensors 
 

1 EXO 2 (short term deployment only)  
Multi-parameter Sonde 

Benthic variables include 
C/T  
DO sensor  
salinity, 
pH, 
Oxidation Reduction 
Potential (ORP) 
turbidity 
depth 

YSI/Xylem 
 

Temporary  
 

Interfaces directly 
with the EXO-SOA, 
which then exports 
as SDI-12 

https://www.ysi.com/exo2 
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Table 2  Details of the components and suppliers for sensors located above and below water, and for short term deployment. 

Location No. Equipment Description Manufactur
er 
 

Type Communication 
output 

Web link 

Met Station 

 

(Above water, 
mounted to 
buoy) 

1 GMX 600 Compact weather 
station  

Weather data including air temperature, 
relative humidity, barometric pressure, wind 
(speed and direction), GPS 

Xylem Permanent SDI12  http://gillinstruments.com/data/
datasheets/1957-
010%20Maximet-
gmx600%20Iss%208.pdf 

2 Solar panels  Two 5-watt solar panels  Xylem Permanent NA https://www.xylem-
analytics.com.au/media/pdfs/ysi-
emm60-spec-sheet.pdf 

 

1 

 

 

EMM65 Lightweight Buoy   

 

Made of  Impact-resistant polyurethane, foam-
filled with  

5-watt solar panels and a  

Beacon-Flashing amber 

Xylem 

 

Permanent NA  https://www.xylem-
analytics.com.au/media/pdfs/ysi-
emm60-spec-sheet.pdf 

 
1 

 

Campbell logger   CR300 logs all parameters and telemeters to a 
server housing in an enclosure 

Xylem Permanent NA  https://www.campbellsci.com.au
/cr300 

Below water 
sensors 

 

1 

 

EXO3 Sonde 

 

10 metre depth, 1 Wiper Port, 

Sensor Ports,  

including DO, specific conductivity, 
temperature, pH, turbidity and salinity. 

YSI/Xylem  Permanent 

 

Interfaces directly 
with the EXO-SOA, 
which then exports 
as SDI-12 

https://www.ysi.com/exo3 

Mooring  

(Below water) 

1 Battery  A 12 v /12 amp-hr battery housed in an 
enclosure below deployment tube 

Xylem Permanent NA NA 

 1 Mooring rope, chain, shackle 
and sacrificial anode  

4 metres of 12mm chain 

three 20 kg Olympic weights 

Shackle Bow 1.5t 11mm Grs  

with Screw Pin Galvanized 

Whitwo-
rths 

Permanent NA https://www.whitworths.com.au
/free-catalogue 
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2.4.2 Deployment and mooring system 

The mooring systems for both the Kwilena and Matilda buoy were initially designed using the 

Mooring Design and Dynamics (MD&D) package in Matlab (Dewey, 1999). Latest wave 

velocity data for a worst-case scenario storm event in the Swan Canning Estuary (i.e., storm 

in February 2017 (Techera and Winter, 2019)) was input to the mooring calculations to 

estimate how much weight is required for a single point mooring anchor. After discussions 

with experienced personnel in the boating clubs, and the Department of Biodiversity 

Conservation and Attractions (DBCA) field planning team, a revised mooring configuration 

was implemented for Kwilena buoy as shown in Figure 3, whereas Matilda buoy remained 

with a single mooring anchor as per Figure 5. 

Kwilena mooring configuration permitted additional anchoring weight to secure the stability 

of the system. It also implemented a mid-water float (30 cm diameter which allowed for 14 

kg of subsurface lift, ample for 2 metres of 16mm long link chain and shackles), which was 

placed at the end of the rope section (Figure 5). This configuration also reduced the rope 

tangling around the mid-water float.  

The mooring system included two ropes with 22mm diameter with different lengths. Four 5-

metre long spliced ropes were connected between the buoy to the midwater float point. And 

one 5-metre rope connected to the middle point, where a 10 kg anchoring weight was 

connected at the end of a chain below a midwater float, for subsurface sensors (e.g., the mid 

Electrical Conductivity (EC), DO and depth loggers). Galvanized thimble splices were 

connected to the 2 top mooring points, two at each eye, for ease of inspection. Finally, a G60 

mooring 16 mm link chain was utilized to connect the rest of the system to the anchoring 

weight (67 kg), while the middle rope had 10 kg weight to keep the line taut. Finally, a 

sacrificial anode was connected to the mooring chain to reduce the effects of corrosion on 

the mooring and monitoring system components.  

In contrast, Matilda buoy weighed about 22 kg and was attached to a mooring system 

comprising of 4 metres of 12mm chain shackled to the mooring ring under the buoy and an 

anchor system of three 20 kg Olympic weights chained together as per Figure 4 and Figure 5.  

During deployment, two boats were used, one with a hydraulic lift to accommodate for the 

Kwilena buoy which was large in size and weight. The second boat had the Matilda buoy on 
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board which was easier to deploy as it had a smaller weight. Sensors assembly and electrical 

connections were performed on the boat, while moorings were initially implemented with 

floats by two divers prior to finally being connected to the buoy, once their location was 

adjusted for the Kwilena site. In contrast, Matilda buoy mooring connections were completed 

and shackled to the buoy on the boat, before the weight was descended, followed by the 

monitoring buoy.  

Initial deployment of the systems occurred on 4th Dec 2019 (Figure 6) and subsequent 

inspections and maintenance were conducted over February and October 2020. Moreover, a 

specification and maintenance document was drafted to detail equipment specifications for 

the Kwilena buoy, as well as deployment, mooring system and maintenance strategies.  

Appendix A contains the document along with maintenance strategies for anti-biofouling 

measures, maintenance plan and troubleshooting.  
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Figure 4 Schematic of the Kwilena buoy mooring. 
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Figure 5 Schematic of the Matilda buoy mooring. 
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Figure 6 Deployment of Matilda and Kwilena Buoys. 

2.4.3 Data collation for Kwilena and Matilda 

Once the Matilda environmental buoy was deployed, the buoy provided real-time water 

quality and meteorological information such as wind speed and direction. The data are 

available via the cloud-based portal Eagle.io (https://eagle.io/ ) for integration into the SCEVO. 

Moreover, all sensor measurements are available for export to comma-separated files 

through the eagle-io platform. Similarly, data from Kwilena environmental buoy are transmitted to 

the cloud and is looked after by Unidata Pty Ltd (https://neon1.unidata.com.au//logon.aspx) and is 

available for download as a comma-separated file. 

Both websites are user authenticated and require a login and password to view and access 

the data. However, the eagle-io website allows uploading Kwilena site data and sharing a 
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public link for water quality dashboards. For instance, Kwilena water quality dashboard can 

be viewed in the following link (https://public.eagle.io/public/dash/r780dlqjzkl0dhs). 

2.4.4 Real-time visualization of high frequency senor or data  

Individual data software supplied by the telemetry providers has visualization capability hosted on a 

cloud-based portal for Matilda (https://eagle.io/ and https://neon1.unidata.com.au//logon.aspx for 

Kwilena) (Figure 7).

https://eagle.io/
https://neon1.unidata.com.au/logon.aspx
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Figure 7 Real-time water quality and weather data dashboards of Matilda (top panel) and Kwilena (bottom panel) buoys in eagle-io and Unidata neon websites. Figures 
quality is impacted by limited control for users. Unidata left and right y axis represents scales for various sensors such as surface Turbidity (NTU), Chl-a (RFU & ug/L), 
fDOM (QSU), temperature (oC),dissolved oxygen (mg/L), conductivity (uS/cm), and depth (m).
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2.5 Integrating data sources  

To manage and facilitate the implementation of environmental observatory systems, efforts 

demand capital expenditure as well as the development of information technology 

infrastructure. Data from observatories must be defined with metadata and released on the 

Internet in forms that are easy to comprehend, can be merged with data from other 

observatories, and facilitate re-use for a variety of analysis in order to become community 

resources. While various software and technologies serve elements of observatories' overall 

data gathering, administration, and dissemination needs, there is presently no 

comprehensive, off-the-shelf solution that meets all of the requirements. Major impediments 

persist in adequately defining the functionality of observatory information systems, as well as 

the exact technologies or methodologies for achieving this functionality. This is the challenge 

of ‘data federation’. 

Several environmental monitoring sensor vendors and consultants nowadays offer services 

ranging from sensor network design and installation to systems for transmitting sensor data 

over the Internet (e.g., YSI, Unidata, Fondriest). These solutions can be advantageous, but 

they can also be proprietary, particular to the manufacturer or consultant, and are not always 

built to interoperate with other systems, making data integration challenging. Furthermore, 

most environmental data must be subjected to extensive quality control before they can be 

utilised in scientific investigations (Mourad and Bertrand-Krajewski, 2002). Currently, there is 

minimal standardization in the software or methodologies used by scientists to perform 

experiments. 

Currently, there is minimal consistency in the software or procedures used by scientists to 

undertake sensor data quality control. Sciuto et al. (2009), for example, presented several 

methods for conducting quality control on daily rainfall data, which is only one of numerous 

hydrologic variables that may be recorded with in-situ sensors. Although guidelines for 

processing sensor datasets are emerging (e.g., Wagner et al., (2006)), processing data for 

quality control purposes can be difficult when datasets contain thousands, tens of thousands, 

or even hundreds of thousands of observations, demanding tools that are better integrated 

with the rest of an observatory information system for data management and data quality 

control. 
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The most difficult obstacle in seamlessly integrating various data sources, according to Beran 

and Piasecki (2009), is overcoming heterogeneity in data. Many scientific researchers have 

developed their own systems for sharing hydrologic data, and many government agencies 

have data publication systems as well, for example in Australia, the Department of Water’s 

Water Information Reporting (WIR) website, and the Integrated Marine Observing System 

(IMOS) owned and operated by a consortium of institutions, with the University of Tasmania 

as a part of the National Collaborative Research Infrastructure Strategy (NCRIS). Each of these 

systems has its own data storage method and schema, and no standard formats or 

vocabularies of data retrieved from these systems exist, making data integration for scientific 

analysis challenging. A similar example can be seen in the Unites States National Estuarine 

Research Reserve System (NERR) managed by the National Oceanic and Atmospheric 

Administration (NOAA) (Trueblood et al., 2019)and Water Quality Portal (WQP) sponsored by 

the United States Geological Survey (USGS), the Environmental Protection Agency (EPA), and 

the National Water Quality Monitoring Council (NWQMC) (Read et al., 2017), although each 

has its own standardized datasets there is discrepancies in between the two data 

management systems. 

A similar challenge has been identified in the Swan Canning Estuary. Despite the abundance 

of water quality and environmental data relevant to the Swan Canning estuarine system, 

challenges remain in harnessing its full potential. Currently, water quality data are distributed 

over different organizational platforms (e.g., BoM, DPIRD, DWER, DBCA, DoT). Moreover, as 

discussed above, raw data may suffer from inconsistencies in the naming of variables and 

data file format across organizations. This makes the task of data integration and analysis a 

labour intensive and time-consuming one. Therefore, the use of data for scientific and cross-

observatory analyses, demands that semantic and syntactic discrepancies in the data are 

reconciled. The collation of the different types of environmental data into the database will 

not only facilitate the capture of small scale events such as algal blooms, but it will also 

enhance understanding of estuary ecosystem generally, and metabolism specifically, in 

addition to the estuarine system response to environmental and anthropogenic drivers.  

As a result, a unified framework and a centralized data management system that 

encompasses environmental data from different sources (government agencies, high 
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frequency monitoring, and numerical modelling) for the Swan Canning Estuary was proposed. 

The current work extends previous versions of SCEVO.  

2.5.1  Swan Canning Estuarine Virtual Observatory and information management 

system (data sources and workflow) 

The main aim of the observatory was to facilitate the collection, organization, storage, and 

analysis of environmental data collected within the observatory. Observations from field 

sampling, continuous monitoring, and modelling are transmitted to a telemetry network and 

stored in different web portals of several organizations. A number of application 

programming interface (APIs) and web scrappers were developed to download the data from 

the organization websites into a common folder. The addition of the data was then completed 

through a number of tasks scheduled through the Aquatic Real-Time Management System 

(ARMS, Zephyr Systems Pty Ltd.). ARMS enables automatic data uploading, processing of the 

data required for model inputs, executing the estuary and supporting models, and managing 

the preparation of outputs for visualization and analysis (Huang et al., 2019). 

 

Figure 8 Architectural components for the SCEVO information system  



Identification of controls on estuary metabolism using high-frequency data and numerical modelling 

2 An observatory for estuarine monitoring                                                                                                       Saeed, A.A. 

40 

The broad architectural and procedural components needed to achieve these aims are 

depicted in Figure 8.  They include (1) data observation and communication infrastructure 

(i.e., the sensors and telemetry systems used to collect observations); (2) data storage and 

metadata (the data models, database system, and software required to create a persistent 

repository for the data); (3) data quality assurance, quality control, and provenance (i.e., the 

software and procedures for transitioning from raw data to publishable data products); and 

(4) data visualization and analysis through various software.  

Firstly, a synopsis of the Swan Canning observatory data sources, type, organizations, and 

dates are depicted in Table 3. The data are being measured across the estuary spatial domain 

at timescales ranging from 5 minutes to months, capturing water quality and weather trends 

across different scales. A data summary is also presented (Figure 11 to Figure 17) in the 

following sections. A complete list of the data sources into the observatory are in Table 17 in 

Appendix A  

In addition, the output of the SCERM model is included through SCEVO. The SCEVO system is 

composed of three main components (Figure 8): (1) the ARMS system (ARMS, Zephyr Systems 

Pty Ltd.), which is in responsible of automatically downloading and processing the data 

required for model inputs, executing the estuary and supporting models, and managing 

output visualization and processing tasks; 2) the water quality model SCERM, which contains 

the coupled hydrodynamic-biogeochemical numerical models that are used to obtain 3D 

evolving states of the estuary; and (3) an online portal that displays temporal and spatial 

information against a variety of biophysical features and serves as a public source of 

information. The observatory system required the curation of numerous concurrent 

procedures that ran at varying frequencies, each with its own set of data and end-uses. 

Three primary modes are run in SCEVO. The hindcast mode runs the SCERM model with all 

forcing data available, whereas the forecast model runs daily and calculates a short-term (5 

day) forecast while identifying ecological risks such as algae blooms. Finally, a scenario mode 

generates estuary response to a range of boundary conditions of interest (e.g., such as 

nutrient loading, sea-level rise). SCEVO also runs the Weather Research and Forecasting 

model (WRF) and the HYbrid Coordinate Ocean Model (HYCOM) which provide forecasted 

weather conditions in addition to oceanic boundary forcing inputs for the SCERM model. An 
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additional feature added through this project is the incorporation of an R shiny dashboard 

that allows the visualization and synthesis of the high frequency data in a single web platform. 

Initial SCEVO implementation focused on modelling estuary water quality and data 

integration efforts. Through this work, a further extension is implemented through high 

frequency data addition and visualization in a dashboard which will facilitate cross-system 

comparison by managers, scientists, and the wider community. 
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Table 3  The Swan Canning Estuarine Virtual Observatory data sources, organizations, and dates  

Organization   Abbreviation   Data type Sites  Dates 

Real time and water quality data  
Department of Primary 
industries and regional 
development 

DPIRD  Weather station data  South Perth 27-04-2001 to present  

Bureau of Meteorology & 
Department of Water 

BoM & DWER Weather station data 
Water Level data  

Meville water 1990- present 

Department of Biodiversity, 
Conservation and Attractions  

DBCA  Catchment 
& estuary routine monitoring sites  
Oxygenation sites 
 

Heathcote (HEA) 
Nile street (NIL) 
Armstrong spit (ARM) 
Full list of sites are available on  
(http://wir.water.wa.gov.au/Pages/Water-Information-
Reporting.aspx) 

1900- present 

Department of Transport  DoT Tidal data  Fremantle  
Barrack street 

1897 – present 

University of Western Australia  UWA Water quality and weather station data  Matilda  4-12-2019  to present 

Department of Biodiversity, 
Conservation and Attractions - 
University of Western Australia  

DBCA-UWA Water quality data  Kwilena  
 

4-12-2019  to present 

Department of Biodiversity, 
Conservation and Attractions - 
University of Western Australia 

DBCA-UWA Water quality and weather station data Guilford  2016 to  present 

Department of Biodiversity, 
Conservation and Attractions - 
University of Western Australia 

DBCA-UWA Water quality data Caversham  2016 to  present 

Model data  
Swan Canning Estuary Response 
Model  

SCERM 
 

Near real time forecast and hind-cast of 
physical, biological and chemical data in 
the Swan-Canning Estuary.  

Any site can be retrieved through Latitude and Longitude location. 
 

2007-present 

Weather research and 
forecasting model  

WRF Near real time forecast for atmospheric 
conditions such as wind speed and 
direction  

Any site can be retrieved through Latitude and Longitude location. 
 

2007-present 

HYbrid Coordinate Ocean Model HYCOM near real time oceanic boundary 
conditions for SCERM model 

Any site can be retrieved through Latitude and Longitude location. 
 

2007-present 
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2.5.2 Data storage and meta data (Swan-Canning database)  

After observational data is sent from sensor nodes to a server, it must be processed and saved 

in a long-term data storage (such as a database) before being made available to data end 

users. A major component of this procedure is determining the structure of the data within 

the data storage and matching the data with appropriate metadata. Organization, storage, 

retrieval, and transaction management are all key operations that must be handled by the 

data repository (i.e., loading, querying, and editing data). A critical, value-added step is 

converting data from a variety of file types and syntaxes provided by software supporting 

sensor and communication systems into consistent formats that can improve data 

dissemination and interoperability. So far, experimental site data stores have ranged from 

simple file and directory-based data structures, with no coordination or agreed-upon 

standard. Therefore, the Aquatic Real-Time Management System (ARMS, Zephyr Systems Pty 

Ltd.) is used to tackle those challenges. All the aforementioned challenges are tackled through 

scheduled tasks that stores all data (Table 3) into a relational database with a unified 

framework and schema. 

A relational database is a method to store information in tables in which data are related to 

one another. Rows in relational databases are a record with a unique index, whereas each 

column hold attributes of the data. This gives the record both a value and an attribute 

identifier which allows finding relationships between data points. Relational databases are a 

part of a data management system (DMS ) software with commands that allow storing and 

retrieving database information in a convenient, secure, and efficient manner by the user or 

any other software (Vidhya, 2016). There are many open source and proprietary database 

management systems in the market such as Oracle database, SQLite, and PostgreSQL.  

An example of data management systems is “PostgreSQL” which is an open-source object-

relational database system that has been actively developed for over 30 years, earning a 

strong reputation for reliability, feature robustness, and performance. It can be easily queried 

through other applications such as R studio, without the need to know the SQL language 

syntax allowing inexperienced users to be able to add, edit and query data with ease (Date, 

2000). Due to the aforementioned advantages of PostgreSQL, it was selected for this project 

as the database management system.  
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To build a relational database for this project, data was collated from different sources with 

their values, attributes, and records initially in the form of an excel sheet or a comma-

separated value file. Because the data should have unified attribute where applicable before 

adding it to the database, (i.e., variable_names such as dissolved_oxygen could have different 

naming across sites), a data header file with all the naming conventions was established for 

high frequency sensor data and was added to the ARMS sensor naming list (as per Table 18). 

To illustrate the concept of a relational database an example linking the sensor repository 

01052 table to the full sensors table through the headers st_code and s_code which contain 

the 1052 code is presented in (Figure 9). The next step was the creation of site-specific 

configuration files which allowed the addition of data tables into the PostgreSQL database.  

Figure 9 Two relational database tables (Sensor repository 01052 and sensors table) showing the common 
data which is s_code and st_sensor_code is 1052 for the water quality at Guilford station. 

The data was divided into several categories such as water quality, weather, and tidal data 

tables, forming the last step in the workflow to store data in PostgreSQL as per Figure 10. 

Automated data update were implemented through a number of Automatic Programming 

Interface (API) codes.  
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Figure 10  Different data type workflow from different sources and organizations to form the Swan Canning Database. IDO, IDY, and IDW represents ocean data, weather 
data, and water level data from BoM respectively. 
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2.5.3 Examples of integrated data in the Swan Canning Estuary  

A synopsis of integrated data in the Swan Canning Estuary is illustrated in this section.  

Firstly, hydrodynamics and weather forcing data are illustrated (Figure 11 - Figure 14). 

The annual weather conditions summary for South Perth (solar radiation, wind speed, relative 

humidity, cloud cover, and rainfall) is presented (Figure 11). This figure demonstrates the 

seasonal changes in each weather forcing parameter across the estuary domain. Through 

integrating data from multiple agencies across the riverine domain, Figure 12   and Figure 13 

highlight variability in wind speed across the different sites spanning the estuarine domain in 

a full year period. Moreover, tidal gauge water level data at Barrack Street (upper estuary) 

and Fremantle (lower estuary) are illustrated in Figure 15. Higher amplitudes of water levels 

were observed near the estuary mouth and can be linked to the influence to the Indian Ocean.  

Low frequency water quality nutrient (TP, TN, DOC) data collected fortnightly (Figure 16), are 

also illustrated across a number of sites (NIL, HEA, ARMS) located upstream, middle basin, 

and downstream of the estuary respectively. Seasonal and spatial variations can be observed 

in Figure 16  where the highest nutrient values are recorded upstream. Finally, a synopsis of 

high frequency water quality data recorded a UWA sites (Kwilena and Matilda) of a number 

of variables such as dissolved oxygen (mg/L), dissolved CO2 (ppm), fDOM  (QSU), Chl-a (mg/L), 

water temperature (oC), and turbidity (NTU) at the Kwilena monitoring site from 23 to 25 Jan 

2020 are illustrated in Figure 17. 
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Figure 11 Annual hourly weather data at South Perth weather station from Dec 2019 to Dec 2020. Top panel 
includes hourly temperature in oC, relative humidity %, solar radiation in Watts, and cloud cover fraction. The 
red line represents the 24 hour smoothed data. On the left of the lower panel rainfall data in mm are presented 
whereas on the right of the lower panel wind speed data in m/s.  
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Figure 12  Wind roses of wind speed and direction from weather stations in the Swan Canning Estuary at A) Melville water B) Guilford C) South Perth, D) Matilda, for the 
period 1/11/2019 to 1/11/2020. 
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Figure 13  Time series of wind speed in the Swan Canning Estuary from weather stations A) South Perth, B) 
Guilford, C) Matilda, and D) Melville water for the period 1/11/2019 to 1/11/2020 (disconnected lines 
represent missing data) 

 

Figure 14 Surface water temperature data in Kwilena and Matilda stations in the period from 5/12/2019-
5/12/2020 .  
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Figure 15 Tide gauge water level data from Barrack Street and Fremantle from 1/12/2019-30/08/2020. 

Figure 16 Synopsis of monthly surface water quality data collected via grab sampling in the Swan Canning 
Estuary at upper Swan, at Nile Street (NIL) ), middle, at Heathcote (HEA), and lower, at Armstrong Spit (ARM). 
Variables displayed are total nitrogen (TN), total phosphorous (TP), dissolved organic carbon as non-purgeable 
organic carbon (DOC as NPOC) averaged from in situ profiling for the period from 5/12/2019 to 30/09/2020. 
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Figure 17 Daily signals of surface water quality sensors: dissolved oxygen (mg/L), dissolved CO2 (ppm), fDOM  
(QSU), Chl-a (mg/L), water temperature (oC), and turbidity (NTU) at Kwilena monitoring site from 23 to 25 Jan 
2020.
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2.5.4 Data quality control, assurance and preprocessing 

Sensor output data may be corrupted with various random and systemic artifacts such as 

missing, incorrect, or drifted data. Such challenges may present due to problems in sensors, 

loggers, or databases. Such errors may result in complications with statistical analysis or 

increased uncertainty when fed into data-driven models. For instance, if an extreme 

inaccurate value is used in the calculation of means or standards deviation, it will distort the 

results significantly. And if such a result is relied upon for management decision making, it 

may lead to poor decisions concerning the environment (Rangeti et al., 2015). Therefore, 

quality assurance (QA) and quality control (QC) of high-frequency water quality and weather 

data is a crucial step in all water quality analysis applications. QC involves practices that 

maintain the delivery of high-quality data requiring both automation and human intervention.  

For high frequency monitoring sites, QC data cleaning steps involved removing outliers, Not 

a Number (NaN) strings, and extreme values, e.g., values when the sensors were not in the 

water. 

QA/QC was tackled after manual inspection and visualization of the data, guided by the USA 

Integrated Ocean Observing System manual (Bushnell et al., 2020). Through the knowledge 

of the local environment, the following quality control roles were implemented.  

1. Observations of temperatures, conductivity, salinity, Chl-a and fDOM outside the 

expected ranges were discarded. 

2. The first 2 hours of measurements data after initial deployment or servicing times 

were discarded in addition to when biofouling was expected to distort the data.  

3. Outliers were examined and discarded, R or Matlab statistical-based imputation 

algorithms such as linear interpolation were implemented to interpolate the missing 

data that caused the abrupt changes.  

4. If an unexpected gradual change in data was observed in the period prior to cleaning, 

that data was excluded from visualization and analysis but retained for future 

investigation.  

The proposed method for data cleaning allows the raw data to be stored in the database and 

retrieved to perform necessary data cleaning before visualization and analysis, using other 
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modelling approaches.  Depending on the data workflow, data quality control was performed 

either through ARMS built-in functions or in the case of the Stream Metabolizer (SM) open 

source software, R Studio software was used. 

Built-in ARMS functions allow data filling, interpolation and subsampling as required (Figure 

18). In addition, data can be retrieved and cleaned using numerous software such as R studio 

and Matlab. For models such as Bayesian modelling (see Chapter 4), R studio was used to 

retrieve data from the PostgreSQL database and several R packages were utilized for data 

quality control (such as fpp, dplyr and lubridate). The main problems addressed in data quality 

control were missing data. Smoothing of data using a moving average function with an 

appropriate time window was implemented where applicable to prepare data for the SM 

code. Typical data cleaning and pre-processing implemented before data analysis is presented 

in Figure 19. 
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Figure 18 ARMS interface showing data processing tasks list with several data cleaning and pre-processing functions. 
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Figure 19 Data cleaning and pre-processing prior to data analysis step

  R-Shiny Dashboard  

 

 

          R- Studio  

 

 

          R- Studio  

 

 
SCERM 

 

 

Analysis tool box 

 

Output examples 



Identification of controls on estuary metabolism using high-frequency data and numerical modelling 

2 An observatory for estuarine monitoring                                                                                                       Saeed, A.A. 

 56 

Quality assurance was confirmed through in-situ verification and benchmarking of surface 

dissolved oxygen and Chl-a sensor data at Kwilena site, against grab samples taken during 

December 2019 and January 2020, in addition to grab samples from a nearby Water 

Information Resources (WIR) website, HEA (Figure 20 ). An indoor experiment was performed 

to validate pCO2 sensor calibration prior to deployment according to section 9.1 in Appendix 

9. 

 

 

Figure 20 In-situ verification and benchmarking of Kwilena high frequency water quality (dissolved oxygen 
and Chl-a) against DBCA Kwilena grab samples and HEA routine grab sampling mean values.  

Several pre-processing techniques are used to prepare water quality for analysis in different 

models (e.g., input to data-driven models, boundary conditions to 3D numerical models). 

Linear interpolation of missing data or removed outliers and data smoothing based on a 
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specific window of time are two common methods. For instance, a study by Song et al.(2016) 

recommended implementing either linear or smoothing spline interpolations for light and 

temperature when using high-frequency data to estimate metabolism. Linear interpolation is 

implemented through R statistical-based imputation algorithms replacing missing data with 

interpolated data using the ‘na.approx’ function whereas ‘na.spline’ implements a cubic 

spline interpolation of given data points.  

 

Figure 21 Effect of window size selection on smoothing of data using moving average function in (fpp) package 
in R a 3 hour window (m=3 hrs) was selected to showcase the effects of smoothing on dissolved oxygen data 
from Kwilena site. 

Moreover, studies by Appling and Hall (2018a) and Appling and Read (2018b) implemented 

smoothing of input data to data-driven models such as Bayesian models, e.g., for metabolism 

estimation in rivers and streams. Data smoothing is a technique that allows the removal of 

noise from a dataset permitting important patterns to standout (Derryberry, 2014). Often 

observations which are close in time are close in value, thus, the average eliminates some of 

the randomness in the data observed (Hyndman and Athanasopoulos, 2018). An example of 
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the effect of period window size used when implementing a moving average smoothing 

method such as ‘ma’ function in fpp R package which applies a moving average of order m, 

where m is (m=2k+1) is the estimate of the trend-cycle at time t calculated from averaging 

values of the time series within k periods of t. The effect of changing the m size on the data is 

presented in Figure 21 below.  

Additional variables were calculated based on the available high-frequency data where 

required such as salinity, oxygen saturation, and photo-synthetically active radiation (PAR). 

Firstly, salinity (PSU) data were calculated from electrical conductivity data through  the 

‘ec2pss’ function from the R package ‘wql, barometric pressure (in bar) and water 

temperature data from the temperature sensor (T) °C (Fofonoff and Millard, 1983; Hill et al., 

1986). To calculate the alignment of the buoy within the water column, the water level was 

determined from depth sensor data at both buoys adjusted for atmospheric pressure effects. 

Moreover, saturated dissolved oxygen concentrations were calculated using ‘o2.at.sat.base’ 

function in the R package ‘LakeMetabolizer’, barometric pressure (in bar), water temperature 

data (T °C) , and salinity data in units (PSU) implementing the Garcia-Benson model (Garcia 

and Gordon, 1992). Finally, PAR was estimated from ‘sw.to.par’ function in R package 

‘LakeMetabolizer’ by converting shortwave input radiation data in W/m2 and a coefficient of 

2.114 according to the correlation by Britton ad Dodd (1976). 
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2.5.5 Swan Canning water quality dashboard and data visualization in R shiny 

A dashboard is a tool for tracking, analyzing, and visualizing data in real time. The primary 

goal is to obtain a better understanding of the broader system of interest. The purpose of the 

dashboard in an estuary environment is to be able to organize and visualize critical 

information in order to better understand ecosystems and perform cross-system 

comparisons in a timely manner. A dashboard's numerous advantages include the ability to 

define performance measures and assess the system performance, in addition to easy access, 

interactivity, and accessibility of data. Hypoxic levels, for example, may be utilized as an early 

warning indication for intervention before anoxic conditions arise. A dashboard can also be 

used to detect system changes such as rainfall inputs and algal blooms in near real time, 

allowing for quick intervention. Moreover, if predictive analytics are impeded, a powerful tool 

that can predict future system conditions emerges. Dashboards with forecasting functionality 

powered by mechanistic and data driven modelling helps planning strategically to look after 

the water quality and the health of the estuarine systems. An R shiny dashboard was created 

for the Swan Canning Estuary. The dashboard currently includes near real time high frequency 

hydrological data such as inflows, and weather data such as air temperature, for numerous 

locations across the estuary domain. End-users can toggle on the sites they are interested in 

to view their hydrology and weather conditions. When a site is toggled on, R shiny dashboard 

functions accesses the selected data saved in the Swan Canning database and retrieves it for 

visualization. The current dashboard not only allows the near real time visualization of water 

quality and weather data critical for managements and scientists, but it will assist with 

improving SCERM model calibration and validation through high frequency sensor data 

integration, and the visualization of forecasted water quality data (e.g., dissolved oxygen 

concentration) at different estuary domains. This will be beneficial for understanding estuary 

processes, and establish a holistic view of data resources related to the water quality 

management in the Swan Canning Estuary. An example of the current SCEVO R shiny 

dashboard is presented in Figure 22. 
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Figure 22 SCEVO dashboard in R shiny showing at the top air temperature under the weather tab in Garden 
Island and Rottnest Island, the bottom figures show flow from several tributaries such as Jane Brook, Susannah 
Brook and Ellen Brook under the hydrology tab. 
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2.6 Chapter summary, limitations and future directions 

This chapter started by providing the motivation behind building a high frequency monitoring 

station and observatory system in estuaries. This was followed by a background of the study 

site, the Swan Canning Estuary, and how changes in the catchment area and urbanization 

adversely affected the estuary water quality. Then, an overview of initiative and government 

efforts in order to improve the health of the estuary was discussed, before finally adding a 

10-year summary of nutrient data in the estuary. Gaps in the current water quality monitoring 

programs worldwide and locally were presented, while suggesting high frequency monitoring 

to capture system dynamics in-situ and in real-time to better understand ecosystem function 

and responses spatially and temporally. After that, the design, instrumentation, mooring 

design, and final deployment of a high frequency water quality monitoring system in the Swan 

Canning Estuary is presented. The original blueprints of the Kwilena monitoring station 

included a benthic frame to assess the impact of benthic layer habitats on oxygen dynamics. 

In addition, it was intended to add an Acoustic Doppler Current Profiler (ADCP) to measure 

advection (Shin et al., 2014) to address its impact oxygen dynamics while also being able to 

detect the presence of aquatic animals such as fish (Patro et al., 2000) at the buoy. However, 

limited resources and timeframes didn’t allow its realization. Hence, future studies in deep 

sites ~ 5 metre (similar to Kwilena site) hope to benefit from implementing the original design 

of the monitoring buoy. 

Data collation, benchmarking and quality control was discussed in detail, while presenting  a 

framework to integrate high-frequency data with environmental drivers such as weather and 

tidal data, and other water quality sources. Although the suggested quality control steps 

based on literature such as outlier removal can be beneficial in the data cleaning process, 

future work should assess the impact of outliers which can be the result of environmental 

factors such as the presence of an animal near the buoy or the presence of hypoxic event. 

This can be performed through implementing secondary validation through another water 

quality sonde when outliers are observed in the dashboard. The secondary sensors data will 

provide means to eliminate assumptions of the equipment errors and confirming that outliers 

are real data requiring additional investigations. 
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This framework was adopted through building a database management system. The Swan 

Canning Estuary database allows easy access to data, utilizing R language, with no experience 

in SQL language required to visualize data and perform necessary analysis. Finally, extensions 

on SCEVO as a part of this work was presented. The use of the SCEVO data for exploration 

and answering research questions relevant to estuary processes, and the resulting analysis is 

discussed in the following chapters. Current improvements in SCEVO can provide researchers 

and regulatory agencies with access to near real-time water quality data, data repositories, 

and computational tools for integrated assessment and modelling. It is envisaged that in the 

future, SCEVO will be used to evaluate regional environmental impacts, account for human 

influences on natural biological, chemical, and physical processes on the Swan-Canning 

Estuary. 

 



Identification of controls on estuary metabolism using high-frequency data and numerical modelling 

3 High frequency sensor and the Swan Canning Estuary metabolism                                                         Saeed, A.A. 

63 

  

3 What can high frequency in situ water quality sensor data tell us 

about the Swan Canning Estuary metabolism? 

3.1 Abstract  

High-frequency sampling of in situ sensors in the Swan Canning Estuary, has facilitated an 

enhanced understanding of estuarine temporal and spatial variability, and particularly those 

processes affecting estuary metabolism. As expected, the upper reaches were found to have 

lower oxygen levels, compared to the middle basin sites, and benthic waters had on average 

lower oxygen levels compared to surface waters. The surface water oxygen data was input to 

StreamMetabolizer (using a control volume approach) to estimate surface metabolism at two 

sites in the middle basin: the Matilda and Kwilena monitoring buoys. The results 

demonstrated a predominantly heterotrophic status throughout the year, with a few near-

balanced or net autotrophic days. High frequency oxygen and pCO2 sensor data were used to 

show that O2 and CO2 stoichiometric ratios deviated from the theoretical 1:1 value, and the 

measured O2:CO2 ratios at Kwilena revealed persistent CO2 oversaturation.  This highlighted 

the importance of carbonate buffering under higher pH conditions, in moderating diel carbon 

dioxide oscillations relative to oxygen oscillations. Both O2 and CO2 concentrations were used 

to calculate the uncorrected photosynthetic quotient (PQ*) and respiratory quotient (RQ*). 

Moreover, a method to estimate dissolved inorganic carbon (DIC) from both sensor and 

sampled data was used to estimate a DIC-based PQ* and RQ*, however, O2: DIC  ratio also 

deviated from the 1:1 ratio confirming the role of carbonate buffering in CO2 oversaturation. 

The data analysis highlighted the challenges in deriving estimates of productivity in a dynamic 

estuarine environment, due to a range of interacting physical, chemical and biological factors. 

3.2 Introduction  

3.2.1  Estuary metabolism definition and its main components  

At the simplest level, Ecosystem metabolism is a term that refers to the balance between 

rates of gross primary production (GPP) and consumption of organic matter via ecosystem 

respiration (ER). The focus of the current work is on estuary, and hence “estuary metabolism” 
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is going to be used instead hereafter. GPP is the rate at which total inorganic carbon is fixed 

within an ecosystem via photosynthesis by autotrophs (e.g., algae and aquatic vegetation). 

ER denotes the overall process rate of organic matter breakdown via aerobic respiration by 

autotrophs and heterotrophs such as phytoplankton, bacteria and higher trophic level 

organisms (Demars et al., 2015; Staehr et al., 2012b). GPP and ER are both critical metrics of 

aquatic systems (Hoellein et al., 2013; Odum, 1956; Staehr et al., 2012b). The rates of GPP 

and ER collectively contribute to the anabolism and catabolism observed in aquatic flora and 

fauna (Staehr et al., 2012b), and when integrated across an aquatic ecosystem, such as at the 

estuary or lake scale, is referred to as Net Ecosystem Metabolism (NEM) (Solomon et al., 

2013). The rates of GPP and ER can be inferred from the measurements of key dissolved 

metabolites (e.g., oxygen, carbon dioxide, ammonium, nitrate, and phosphate) (Testa and 

Kemp, 2012). The measurement of oxygen changes has gained significant popularity in 

aquatic ecology since the early twentieth century. Near real time, in situ, dissolved oxygen 

measurements have become possible in aquatic systems due to the development of 

inexpensive but robust oxygen sensors (Staehr et al., 2012b). The ease of use of this 

technology, together with advances in mathematical methodologies and computing power, 

has enabled the real-time calculation of in-situ metabolism using high-frequency oxygen 

measurements. 

3.2.2  Estuary metabolism significance  

When light is available, photosynthesis produces dissolved oxygen and consumes carbon 

dioxide, which are subsequently consumed and produced, respectively, during night time. The 

diel change of dissolved oxygen in water is analogous to a “heartbeat” signal, from which we 

can extract rates of aquatic GPP and ER. Similar to a human heartbeat, monitoring metabolism 

has been found to provide a valuable tool to assess the health of rivers and lakes (Hornberger 

et al., 1976; Mulholland et al., 2001). As an integral metric, it can be used to compare aquatic 

ecosystems spatially and temporally, thus giving insight into ecosystem dynamics and 

biogeochemical cycling of elements (Caffrey, 2004; Hoellein et al., 2013). Aquatic systems are 

one of the key regulators of carbon cycling in the biosphere (Solomon et al., 2013) and are 

therefore important for global carbon cycle estimation. Metabolic process rates have been 

used to determine the trophic state of an ecosystem (Caffrey, 2004; Russell et al., 2006), as 
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indicators of energy flow within food webs (Demars et al., 2015; Meyer, 1989), and nutrient 

cycling (Gardner et al., 2006; Hoellein et al., 2013; Russell et al., 2006). Furthermore, because 

process rates such as GPP and ER are functional metrics, they provide insights into the 

changes in system function (e.g., habitat provision) and can be used to infer the ecosystem’s 

response to environmental events, such as rainfall, across time and space (Barbier et al., 2011; 

Caffrey, 2004; Robertson et al., 2016; Staehr et al., 2012a). 

3.2.3  Controls on estuary metabolism  

Several biotic and abiotic factors such as light, temperature, dissolved organic carbon (DOC), 

nutrient loadings, environments and communities (pelagic vs benthic, shallow vs deep, and 

types of autotrophic communities) have been identified as significant factors regulating 

metabolism in aquatic systems (Caffrey, 2004; Mulholland et al., 2001; Roberts et al., 2008). 

Light availability has long been recognised as a key determinant of autotrophic gross primary 

productivity (Béchet et al., 2013; Kirk and Industry, 1985).  Light availability, measured as 

mean photo-synthetically available radiation (PAR), is a major determinant of algae growth in 

nutrient-rich estuaries. Light is a function of incident solar irradiance, turbidity, and depth of 

the mixed layer (Cloern et al., 2014; Kirk and Industry, 1985). An exponential relationship 

between the maximum growth rate of phytoplankton and temperature has been established 

(Eppley, 1972; Padfield et al., 2018). Higher temperatures generally enhance primary 

production rates resulting, in some species, in a doubling of growth rate for each 10 oC rise in 

temperature (Huntley and Lopeztt, 1992). The seasonal changes in river discharge and 

flooding events impacts the biodiversity and productivity of whole river floodplain and 

estuarine ecosystems, prompting the transport, storage and processing of carbon (Gallardo 

et al., 2012; Voynova et al., 2017). For instance, the Elbe river flooding in 2013 in Germany 

resulted in significant amounts of influxes of nutrients and dissolved and particulate organic 

carbon in the coastal areas (Voynova et al., 2017). As a result algae blooms occurred leading 

to events of dissolved oxygen supersaturation, and higher than usual pH in surface coastal 

waters in the German Bight (Voynova et al., 2017). Moreover, the extended period of 

stratification led to low oxygen levels in the bottoms waters which was an event uncommon 

for the summer season in the coastal areas of the Elbe river (Voynova et al., 2017).  
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 Moreover, the addition of dissolved organic carbon (DOC) into an aquatic system may shift it 

from autotrophy to heterotrophy (Hoellein et al., 2013). It may also cause an increase in 

respiration and microbial productivity, while reducing productivity due to the impairment of 

light essential for autotrophic photosynthesis (Hoellein et al., 2013; Solomon et al., 2013). 

Nutrient loading of total phosphorous and total nitrogen, has been found to be  positively 

correlated with increased gross primary productivity shifting aquatic systems towards 

autotrophy (Hall and Tank, 2003; Solomon et al., 2013). Many abiotic and biotic factors can 

be different across time and space leading to spatial and temporal variations in metabolism. 

Variability in tidal kinetic energy, for example, interacts with the development of 

phytoplankton blooms on the same time scale (Lucas et al., 1999). Similar interactions can be 

seen at the tidal time scale, for example, between current velocity and vertical location of 

zooplankton and larval fish (Kimmerer et al., 1998), or between the annual timing of fish 

reproduction and the hydrologic cycle. 

3.2.4 Spatial heterogeneity effects on estuary metabolism  

Spatial heterogeneities in estuary metabolism may be a result of uneven distribution of algae 

and aquatic vegetation, in addition to variation in abiotic environmental controlling factors 

such as salinity and light availability. Caffery (2004) studied the effect of the habitat type on 

metabolism and found that sites near mangroves or marsh streams were heterotrophic, 

whereas submerged aquatic vegetation areas (such as eelgrass or macroalgal beds) were 

autotrophic or had a nearly balanced trophic status.  

Moreover, seasonal changes in the diversity and quantity of algae groups, like diatoms and 

dinoflagellates, can also have a significant impact on estuary metabolism as they have varying 

biomass distribution and bloom at different times of the year (Vuong, 2020). In addition to 

biological drivers, metabolic spatial gradients in the estuary system can be caused by 

heterogeneity in physical factors such as wind-driven air-water exchange and hydrodynamic 

transport processes such as advection and mixing. High levels of photosynthesis and low 

levels of air-water exchange rates, for example, are responsible for higher oxygen levels in 

sheltered coastal areas around the world (Testa and Kemp, 2012). Deep basin waters exhibit 

different responses to air-water exchange dynamics in comparison to sheltered shallow areas, 

due to the different mixing depths and the extent of wind exposure, resulting in unique 
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oxygen and metabolism signatures. Furthermore, winter inflows with high levels of dissolved 

organic matter from catchments into upstream reaches of waterways can result in limited 

light availability, hindering gross primary productivity. This contrasts with lower estuary 

regions with clear waters that promote autotrophic primary productivity, and higher 

respiration rates driven by aerobic bacterial degradation.  

Another driver of metabolism spatial heterogeneity is residence time. While some dredging 

or estuary opening strategies have improved water quality by increasing flushing with marine 

water, weirs and dams have directly contributed to algal blooms on the Australian continent 

by lengthening residence times and stratifying the impounded waters (Sherman et al., 1998) 

and decreasing flushing of downstream estuaries (Davies and Kalish, 1994; Hearn and Robson, 

2000; Ranasinghe and Pattiaratchi, 2000).For instance, the findings of a recent study by Huang 

et al (2020) indicated that the creation of an artificial channel fundamentally altered the 

flushing and mixing inside the Peel Harvey Estuary, in addition to impacts from drier climate 

significantly altering the its hydrology. 

3.2.5 Temporal variability effects on estuary metabolism  

Temporal variability in estuary metabolism at a point in space may also reflect the uneven 

distribution in time, of aquatic organisms and other parameters that control metabolism. 

Seasonal changes in oxygen are commonly inversely correlated to temperature, resulting in 

lower oxygen levels in warmer months when oxygen solubility is lower, which could be 

occurring concurrently with higher levels of respiration in temperate estuaries. Furthermore, 

salt wedge estuaries experience seasonal changes in salinity resulting in regular transitions 

between well mixed, partially stratified, and fully stratified systems, with oxygen gradients 

developing and disappearing across the water column, as temperature and salinity changes, 

sometimes even over a diurnal time scale. Finally, algal growth is affected by salinity, 

temperature, and nutrient concentrations, all of which vary seasonally, particularly in salt 

wedge estuaries. This may cause algae to migrate to areas with optimal growth conditions 

(e.g.,  dinoflagellates (Chan & Hamilton, 2001)), resulting in metabolic heterogeneities 

reflecting their spatial heterogeneity. 

In summary, the dynamic spatial and temporal distribution of signatures of estuary 

metabolism (e.g., oxygen variability) are determined by the balance between key 
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biogeochemical processes such as biological GPP and ER, superimposed on physical mixing, 

transport and air-water exchange processes. As a result, assigning the relative importance of 

a certain driver of metabolism is a difficult task. Given that dissolved oxygen is a critical 

indicator of estuary metabolism, an exploratory analysis will be provided in the first section 

of this chapter, to identify spatial and temporal variability in oxygen levels using high 

frequency dissolved oxygen data, weather data, and water quality data. Subsequently, the 

following questions will be explored: 

• How do oxygen dynamics vary in different regions of the Swan Canning Estuary?  

• What seasonal or event-based differences in oxygen dynamics can be observed?  

3.2.6 Direct estimation of estuary metabolism  

Direct methods such as incubation bottles and open water methods have historically been 

used to estimate metabolic rates from dissolved oxygen changes. Incubation methods 

measure oxygen changes in light and dark bottles (for water column metabolism) or 

incubation chambers (for benthic metabolism) (Staehr et al., 2012b). Although the bottle and 

incubation techniques provide highly accurate estimates of GPP and ER, they may not 

accurately mimic real-time in situ light and temperature changes, and therefore oxygen 

concentrations, observed at the site (Loken et al., 2021).  In contrast, the open water method 

introduced by Odum (1956) and since modified, measures changes in the daily dissolved 

oxygen concentration in situ in the water column.  

Many studies on lakes, rivers and streams have focused on estimating metabolism using the 

open water method (Appling et al., 2018a; Grace et al., 2015; Loken et al., 2021; Tassone and 

Bukaveckas, 2019). This method accounts for spatial and temporal environmental changes, 

by using inexpensive dissolved oxygen sensors to estimate metabolic rates and can 

incorporate atmospheric oxygen exchange; it is noted however, that the open water method 

is unable to track changes in oxygen due to advection and mixing (Beck et al., 2015; Loken et 

al., 2021). There are several numerical methods available for resolving metabolic rates based 

on oxygen data using the single station open water method (Atkinson et al., 2008; Grace et 

al., 2015; Holtgrieve et al., 2010). Inverse models, on the other hand, enable the estimation 

of GPP and ER values that yield the best fit between modelled and observed dissolved oxygen 
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curves. Moreover, such models present an  opportunity to estimate the gas exchange rate 

coefficient, K600 (day−1, normalized to Schmidt number of 600) which can be difficult to 

measure accurately (Grace et al., 2015). In addition, advancements in computing 

performance have allowed more efficient and accurate estimation of metabolic rates. 

The open water method has been extensively implemented in streams and lakes, but not in 

estuaries. Inspired by the work of Appling et al. (2018a), the StreamMetabolizer R package 

was used in this this thesis, to estimate metabolism in an estuary environment where and 

when the open water method assumptions hold. This approach is promising because it allows 

insights into estuary metabolism in situ and in real-time. Building on the initial exploratory 

analysis, estuarine metabolism was then estimated using an inverse method combining a 

control volume approach and the open water method in a Bayesian framework. For the 

selected study sites, a 1-m deep surface layer control volume was chosen as the model 

domain. The control volume was assumed to be homogenous for the period of study. 

Moreover, to gain better understanding of the model performance under different weather 

conditions (i.e., high wind speed, low wind speed, algae bloom) at different sites, focus study 

periods were selected, based on the initial exploratory analysis.  

3.2.7 Additional insights to estuary metabolism using paired CO2-O2 measurements  

The development of high response carbon dioxide sensors in the last decade has enabled 

exploration of the relative responses of oxygen and carbon dioxide to environmental 

conditions. In aquatic systems dissolved carbon dioxide is a component of the carbonate 

system, and is at equilibrium with bicarbonate and carbonate species depending on the pH 

and other environmental conditions. Traditionally, free dissolved carbon dioxide has been 

estimated from pH and alkalinity measurements, however, validation with CO2 

measurements has been challenging (Abril et al., 2015). Recently developed high frequency 

carbon dioxide sensors measure gas partial pressure through non-dispersive infrared (NDIR) 

detectors, allowing more accurate, direct, and continuous measurements; these can be 

compared simultaneously with measured high frequency oxygen data (Johnson et al., 2010). 

Measuring the coupling and uncoupling of the two gases can shed light on ecosystem 

metabolism processes (Vachon et al., 2020). 
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A significant body of literature implies a strong coupling between dissolved oxygen and 

carbon dioxide in aquatic systems i.e., a  1:-1 O2 to CO2 metabolic stoichiometry line (Vachon 

et al., 2020) in aquatic systems. Recent paired measurements of O2-CO2 have cast doubt on 

some of these assumptions (Crawford et al., 2014; Stets et al., 2017; Torgersen and Branco, 

2008), particularly in systems where O2 to CO2 ratios are not solely driven by metabolism. As 

a result, the paired O2 - CO2 ‘departure’ from atmospheric equilibrium can be used to provide 

insights into metabolism at a point in time (Bogard and Giorgio, 2016) and how environmental 

drivers impact the ratio. Following the work of Vachon et al. (2020) on lakes, a quantitative 

framework was implemented based on paired O2-CO2 measurements in the middle basin of 

the Swan Canning Estuary (Kwilena site) to explore whether there was coherence (similarity) 

between carbon metabolism and oxygen metabolism in an estuarine environment.   

3.3 Theoretical background  

3.3.1 Computing estuary metabolism  

3.3.1.1 Single-station open water method 

For a given control volume, the rate of change in oxygen [O2]t  with time, is modelled as,  

𝑑𝑑[𝑂𝑂2]
𝑑𝑑𝑑𝑑

 = 𝐺𝐺𝐺𝐺𝐺𝐺𝑑𝑑 +  𝐸𝐸𝐸𝐸𝑑𝑑 +  𝐷𝐷𝑑𝑑                                                                                                                          (1) 

where 𝐺𝐺𝐺𝐺𝐺𝐺𝑑𝑑, 𝐸𝐸𝐸𝐸𝑑𝑑 , and 𝐷𝐷𝑑𝑑 are three volumetric process rates (all mg O2 m−3 d−1) representing 

gross primary production, ecosystem respiration and air-water exchange, respectively, each 

at a specific volume averaged over 24 hours (1 day).                                                                     

Each of the three processes in equation (1) can be further decomposed as follows: 

𝐺𝐺𝐺𝐺𝐺𝐺𝑑𝑑 = 𝐺𝐺𝐺𝐺𝐺𝐺𝑧𝑧  ×  1
�̅�𝑧

 ×  (𝑑𝑑1−𝑑𝑑𝑜𝑜)×𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡
∫ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑢𝑢
𝑡𝑡1
𝑢𝑢=𝑡𝑡𝑜𝑜

𝑑𝑑𝑑𝑑
                                                                                               (2) 

𝐸𝐸𝐸𝐸𝑑𝑑 =  𝐸𝐸𝐸𝐸𝑧𝑧  ×  1
�̅�𝑧
                                                                                                                                   (3) 

𝐺𝐺𝐺𝐺𝐺𝐺𝑧𝑧  is the daily average areal rate of primary production (g O2 m−2 d−1), 𝐸𝐸𝐸𝐸𝑧𝑧 is the daily 

average areal rate of respiration (gO2 m−2 d−1), 𝑧𝑧̅ is the mean water depth of the control 

volume in metres, PPFD is the photosynthetic photon flux density (μmol photons m−2 d−1 or 

time unit t-1), and to and t1 are the beginning and end of the day in unspecified temporal units 
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and could be simplified by setting to = 0 and t1 = 1 day). By convention, sources of oxygen, 

e.g., 𝐺𝐺𝐺𝐺𝐺𝐺𝑑𝑑, are taken to be positive, sinks of oxygen, e.g., 𝐸𝐸𝐸𝐸𝑑𝑑 , are taken to be negative, and  

𝐷𝐷𝑑𝑑  can be both positive and negative. t is assumed to be 24 hours for daily average estimates.  

𝑢𝑢 is continuous time within a day, used when t is already taken and has the unit of day in this 

context.  

3.3.1.2 Primary productivity, respiration and air water exchange  

For any given location within the estuary, gross primary productivity 𝐺𝐺𝐺𝐺𝐺𝐺𝑑𝑑 is assumed to 

change as a function of light, temperature, and nutrient content, which all vary in time and 

with water depth. Depending on the nature of the benthic substrate within the monitored 

locations, the productivity may be attributed to either phytoplankton or submerged plants, 

and 𝐺𝐺𝐺𝐺𝐺𝐺𝑑𝑑  can be re-written as: 

    𝐺𝐺𝐺𝐺𝐺𝐺𝑑𝑑 =  𝐺𝐺𝐺𝐺𝐺𝐺𝑃𝑃𝑃𝑃𝑃𝑃  (
1
�̅�𝑧

 ×  (𝑑𝑑1−𝑑𝑑𝑜𝑜)×𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡
∫ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑢𝑢
𝑡𝑡1
𝑢𝑢=𝑡𝑡𝑜𝑜

𝑑𝑑𝑑𝑑
) + 𝐺𝐺𝐺𝐺𝐺𝐺𝑆𝑆𝑆𝑆𝑆𝑆(1

�̅�𝑧
 ×  (𝑑𝑑1−𝑑𝑑𝑜𝑜)×𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡

∫ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑢𝑢
𝑡𝑡1
𝑢𝑢=𝑡𝑡𝑜𝑜

𝑑𝑑𝑑𝑑
)                                             (4) 

where 𝐺𝐺𝐺𝐺𝐺𝐺𝑃𝑃𝑃𝑃𝑃𝑃  and 𝐺𝐺𝐺𝐺𝐺𝐺𝑆𝑆𝑆𝑆𝑆𝑆  are the daily average gross primary productivity rates of the 

water column due to phytoplankton and submerged aquatic vegetation, respectively. As 

vegetation is only at the bottom of the water column, the term 𝐺𝐺𝐺𝐺𝐺𝐺𝑆𝑆𝑆𝑆𝑆𝑆 tends to 0 at the water 

surface. 𝐺𝐺𝐺𝐺𝐺𝐺𝑑𝑑  is defined as the overall volumetric rate, but can be multiplied by the control 

volume water depth to obtain the areal average productivity values (mg O2 m−2 d−1). Average 

daily productivity and respiration rates are calculated by integrating hourly averages across 

the day. The photosynthesis rate can be expressed as a saturating function of light function. 

Briefly, at low light intensities, the photosynthesis rate increases linearly with light, at higher 

light intensities, the photosynthesis rate reaches a constant value (photosaturation), and in 

some cases, photosynthesis rates exhibit a declining behaviour at higher intensities 

(photoinhibition). Photosynthesis as a function of light has variously been described using 

bilinear (Blackman, 1958), exponential (Webb et al., 1974) and hyperbolic tangent (Jassby and 

Platt, 1976) relationships.  

The influence of temperature on the photosynthesis rate is well-documented in estuaries 

(Grimaud et al., 2017). The physiology of phytoplankton is influenced by temperature. Under 

balanced growth (i.e., biomass increase is balanced by its loss) conditions, for example, the 
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phytoplankton growth rate and temperature have been represented via an asymmetric 

relationship  (Rosso et al., 1993; Shoener et al., 2019).  

Although more complex equations may be used to describe the relationships between gross 

primary productivity, temperature and light in estuarine systems, basic models may suffice in 

many estuarine environments. For simplicity, and given a constant depth (𝑧𝑧̅) of 1 m for a 

control volume, a linear model was implemented to estimate GPP as a function of light. I could 

then use the 𝐺𝐺𝐺𝐺𝐺𝐺𝑃𝑃𝑃𝑃𝑃𝑃 model included in the modelling package StreamMetabolizer was then 

used:  

𝐺𝐺𝐺𝐺𝐺𝐺𝑃𝑃𝑃𝑃𝑃𝑃 =  𝐺𝐺𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑖𝑖,𝑡𝑡
�̅�𝑧

�𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖,𝑡𝑡
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃��������𝑑𝑑

�                                                                                                                   (5) 

where 𝐺𝐺𝐺𝐺𝐺𝐺𝑃𝑃𝑃𝑃𝑃𝑃 is the photosynthetic volumetric rate (mg O2 m−2 d−1), 𝐺𝐺𝐺𝐺𝐺𝐺𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖,𝑡𝑡  is the mean 

photosynthetic volumetric rate (mg O2 m−2 d−1), 𝐺𝐺𝐺𝐺𝑃𝑃𝐷𝐷𝑖𝑖,𝑑𝑑 is the photosynthetic photon flux 

density (μmol photons m−2 s−1),  𝐺𝐺𝐺𝐺𝑃𝑃𝐷𝐷��������𝑑𝑑 is the daily mean of observed 𝐺𝐺𝐺𝐺𝑃𝑃𝐷𝐷𝑖𝑖,𝑑𝑑, and 𝑧𝑧̅ is the 

mean depth of the water column.  

Chlorophyll (Chl) measurements are frequently used to estimate phytoplankton carbon 

biomass, but it is a minor and variable component of phytoplankton biomass, with a ratio of 

0.01 to > 0.1 g Chl g C in phytoplankton cultures. Physiological changes in phytoplankton 

composition are induced by nutrient and light limitation, which are reflected in the Chl:C ratio 

(Arteaga et al., 2016). Furthermore, the photosynthetic quotient (PQ), which is the ratio of 

oxygen produced to carbon fixed, is also a variable component of primary productivity. Both 

ratios are critical for estimation of gross primary productivity and the diel oxygen method, 

causing additional sources of uncertainty. Therefore, for this study, GPP estimation is strictly 

based on oxygen measurements and 𝐺𝐺𝐺𝐺𝐺𝐺𝑃𝑃𝑃𝑃𝑃𝑃 is not normalized by chlorophyll concentration 

( mg O2 m-3 d-1)(Scully, 2018a). 

Respiration rates can be modelled as a function of temperature, organic matter, nutrient and 

concentrations (Hornberger et al., 1976; Roberts et al., 2008). A general formulation of 

respiration is presented below: 

 𝐸𝐸𝐸𝐸𝑑𝑑 = (1
�̅�𝑧

× 𝐸𝐸𝐸𝐸𝑊𝑊𝑆𝑆𝑊𝑊 + 1
�̅�𝑧

× 𝐸𝐸𝐸𝐸𝑆𝑆𝑂𝑂𝑃𝑃)𝑑𝑑                                                                                               (6) 
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where 𝐸𝐸𝐸𝐸𝑑𝑑  is the ecosystem respiration at a time period t which can be divied to 𝐸𝐸𝐸𝐸𝑊𝑊𝑆𝑆𝑊𝑊  

which is the respiration in the water column and 𝐸𝐸𝐸𝐸𝑆𝑆𝑂𝑂𝑃𝑃  which is respiration linked to 

sediment habitats such as benthic algae and benthic heterotrophs, 𝑧𝑧̅ is the mean depth in 

relation to the respiration type. Temperature has been identified as significant regulator of 

respiration with high temperatures causing higher rates in respiration when organic matter 

are present (Roberts et al., 2008). Respiration has been described as a function of 

temperature using the single night time method (Hornberger et al., 1976; Roberts et al., 2008), 

however, in the current work, water column respiration was assumed to remain constant at 

the surface during the day and night, with ERSOD being considered negligible near surface 

(Appling et al., 2018a): 

𝐸𝐸𝐸𝐸𝑑𝑑 = 1
�̅�𝑧

 𝐸𝐸𝐸𝐸𝑊𝑊𝑆𝑆𝑊𝑊                                                                                                                                   (7) 

where  𝐸𝐸𝐸𝐸𝑑𝑑  is the daily average volumetric rate of oxygen removal by respiration due to 

ecosystem respiration (mg O2 m−3 s−1). The simple form of the air water exchange function is 

presented as: 

𝐷𝐷𝑑𝑑 =   𝑘𝑘2,𝑑𝑑   �𝑂𝑂𝑠𝑠𝑠𝑠𝑑𝑑,𝑑𝑑  −  𝑂𝑂𝑚𝑚𝑚𝑚𝑑𝑑,𝑑𝑑   �                                                                                                     (8) 

𝐷𝐷𝑑𝑑 is the gas exchange rate in g O2 m−3 s−1 and is the result of multiplying oxygen specific gas 

exchange coefficient ( K2,s−1) by the oxygen deficit (g O2 m−3) between actual and equilibrium 

dissolved oxygen concentration [O2 ], 𝑂𝑂𝑠𝑠𝑠𝑠𝑑𝑑  is the O2 concentration when water is in 

equilibrium with air (i.e., saturated with oxygen), and 𝑂𝑂𝑚𝑚𝑚𝑚𝑑𝑑,𝑑𝑑  is the model estimate of the true 

O2 concentration. Although an instantaneous values of k2,𝑑𝑑   could be estimated, a daily value 

is used in the model (Appling et al., 2018a) since the model process rates are eventually 

calculated on a daily basis. Therefore, instead of fitting values of K2,t  directly, a daily value of 

K600 was fitted utilizing the gas exchange rate coefficient after normalization for molecular 

properties and temperature, to a Schmidt number of 600 (corresponding to O2 at 17.5 ∘C). A  

K600 was fitted rather than K2,t  so that only one gas-exchange-related parameter per day was 

needed and yet this still captured the within-day variation in gas exchange rates caused by 

diel variation in temperature. Schmidt number scaling was used to convert K between gases 

and temperatures (Jähne et al., 1987). 

𝐾𝐾2,𝑑𝑑 = 𝐾𝐾600 × �𝑠𝑠𝐴𝐴+𝑠𝑠𝐵𝐵 𝑊𝑊𝑡𝑡+ 𝑠𝑠𝐶𝐶  𝑊𝑊𝑡𝑡
2+𝑠𝑠𝐷𝐷  𝑊𝑊𝑡𝑡

3

600
�
𝑠𝑠𝐸𝐸

                                                                                        (9) 
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where  𝑇𝑇𝑑𝑑 is the water temperature in ∘C, Schmidt number coefficients are 𝑠𝑠𝑆𝑆 = 1568, 𝑠𝑠𝐵𝐵  = − 

86.04, 𝑠𝑠𝐶𝐶   = 2.142, and 𝑠𝑠𝑃𝑃   = − 0.0216, and the scaling exponent 𝑠𝑠𝐸𝐸  = − 0.5 .  

 

3.3.1.3 Metabolism model and data workflow  

This section provides a brief description of the Bayesian model, how it was implemented, and 

the data workflow. In addition to model parameter prior estimations, the numerical 

integration with regard to time at a constant depth will be shown. Bayesian inference is a 

method that allows statistical inferences when a subjective probability is assigned to a 

distribution that could generate the data. These subjective probabilities are called prior 

distributions. Once observations are obtained, Bayes’ rule is used to update the prior 

distributions which means revising the probabilities assigned to the possible data generating 

those distributions. The revised probabilities are called posterior probability distributions 

which represent the joint probability of parameters of interest conditioned upon the 

observations and the model in equation (1).  A number of Bayesian models exist which 

provide analytical solutions of the posterior distribution of parameters; however, they are 

seldom easy to solve. Therefore, in such circumstances, numerical methods such as Markov 

Chain Monte Carlo methods (MCMC) can be used to derive the posterior distribution. Grace 

et al. (2015) and Scully (2018b) provide more detail on Bayesian models using MCMC, as 

implemented to estimate stream and river metabolism. These models leverage the use of 

long-term dissolved oxygen time series data to estimate metabolism process rates, and to 

quantify process errors and uncertainty in the computed parameters, while allowing for 

model selection flexibility (Grace et al., 2015). 

Based on equation (1), a Bayesian single-station 3-parameter model was implemented which 

estimates location-specific metabolism rates. Daily mean rates of metabolism and the gas 

exchange constant were estimated for each site, via the R statistical programming language, 

and utilizing the StreamMetabolizer (SM) package. A summary of the model workflow, inputs, 

and outputs are in Figure 23 below.  

The SM package provides several model variants in which model configurations are specified. 

Here we utilized the variant named “b_np_oipi_tr_plrckm.stan” to include details of the 
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deterministic functions such as light, temperature, and K, according to equations (1-8) above, 

to improve model prior estimations. Refer to Table 20 and Table 21 for a short list of the 

parameters and functions used in the model variant. A complete list can be found in the SM 

help documentation (http://usgs-r.github.io/streamMetabolizer).  

 

Figure 23 StreamMetabolizer model workflow and components. 

A number of variables on hourly or even finer temporal resolutions are essential to use 

StreamMetabolizer. A 24-hour time series of observed dissolved oxygen (g/m3), the 

theoretical dissolved oxygen saturation (%), depth (m), water temperature (˚C), 

photosynthetically active radition (PAR) , and discharge (optional) are all inputs to 

StreamMetabolizer. Bayesian models depend largely on the general-purpose Bayesian 

modeling software Stan (Carpenter et al., 2017; Stan Development Team, 2016a) through the 

rstan R interface (Stan Development Team, 2016b). MCMC is used in Stan to estimate the 

posterior distribution, typically using three to four chains of several hundred to thousand 

iterations. Stan models have proven superior in terms of speed of convergence among chains 

with fewer iterations, compared to other software due to its Hamiltonian Monte Carlo 

algorithm and No-U-Turn sampler, especially for models with many dimensions (e.g., 

hierarchical state-space models) (Appling et al., 2018a). Stan processes text files following the 

Stan modelling language with inputs, parameters, and structures for each model. SM prepares 

such files for each predefined model variant, implements automatic data examination and 

http://usgs-r.github.io/streamMetabolizer
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formatting, disregards incomplete days in the input data, performs pre-compilation of Stan 

models that are frequently used, and implements functions to extract and plot the fitted 

metabolism estimates, all reducing the time required for metabolism modelling.  

GPP, ER and K600 were estimated through the Bayesian modelling fitting which also yields a 

high Bayesian posterior probability. As mentioned above, the posterior probability is a 

product of the prior probability with parameters values and the probability that such 

parameters will produce the observed oxygen (likelihood). The prior distributions of GPP, ER 

and K600 were based on published data (Appling et al., 2018a). However, the likelihood 

function was reliant on the choice of error assumption.  In the work of Appling et al. (2018a), 

three forms of error models were suggested. The difference between the model generated 

time series of dissolved oxygen concentration and the observed data yields the first type of 

error modelling, named observation-error. The second type of error is based on estimating 

dissolved oxygen concentration at time t, based on previous measurements of observed 

dissolved oxygen (i.e., as a change from the observed dissolved oxygen concentration); this 

type of error is named process error. The third type of error models is based on comparison 

of both the dissolved oxygen concentrations and the changes in concentrations; this is called 

state space error. Appling et al. (2018a)  explored all types of errors in their analysis to 

estimate metabolism, to identify the performance of each model.  

Analytical solutions for the mechanistic model differential equation (1) are possible, however, 

time consuming and difficult to nest within a Bayesian MCMC method. A common method 

used is the Euler method which estimates ∫  𝑂𝑂𝑚𝑚𝑚𝑚𝑑𝑑,𝑑𝑑
𝑑𝑑+∆𝑑𝑑
𝑑𝑑=𝑑𝑑   as the change rate of oxygen at time 

t, multiplied by the time step ∆𝑡𝑡 .This method yields reasonably accurate results, and is faster 

than more accurate solutions such as fourth-order Runge-Kutta which need more iterations 

per time step and results in slower run times. The work presented in this chapter 

implemented the trapezoid rule, which provides a reasonable accuracy at a relatively small 

time frame (minutes).  

The metabolism model used implements the “no pooling” option which fits values of GPP, ER, 

and K600 depending on the best match between the modelled and observed oxygen values 

separately within each 24 hour interval.   
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3.3.2 CO2 – O2 departure method 

Additional insights into metabolism was achieved through investigating CO2-O2 coupled data, 

according to the work of Vachon et al. (2020).  The main strategy implemented in this method 

depended on estimating the deviation of dissolved gases of interest (e.g., CO2 and O2) from 

atmospheric equilibrium. Strong coupling occurs between the production and consumption 

of dissolved O2 and CO2 by photosynthesis and respiration. When aerobic respiration is 

prominent in aquatic ecosystems, the relationship between the two gases is typically 1:1 

(Figure 24) 

 

Figure 24 Conceptual figure showing O2 and CO2 ratio departures from atmospheric equilibrium (1:1 line) and 
the potential impact of different drivers. The impact of biogeochemical processes involving organic matter are 
shown by green arrows, e.g., respiration (RQ indicating the quotient deviation) and photosynthesis (PQ 
indicating the quotient deviation). The impact of chemical processes are shown by orange arrows, e.g., 
carbonate dissolution and precipitation, and photo-oxidation of organic matter. The impact of physical and 
hydrological processes are shown by light grey arrows, e.g., temperature (i.e., warming and cooling of surface 
waters), groundwater inputs, and atmospheric gas exchange. Figure reprinted from Vachon et al. (2020). 

Although the departure of the O2:CO2 ratio from the equilibrium quotient (1:1) provides 

valuable information about the net metabolic balance at a particular point in time (Bogard 

and Giorgio, 2016), the processes that cause the coupling or decoupling of the two gases are 

highly dynamic and therefore should be investigated across a period of time. When 
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departures from equilibrium are investigated across a period using high frequency data, a 

data cloud is formed. Seasonal changes in light and temperature may result in distortions of 

the data cloud shape. For instance, when data are focused along the 1:-1 line, aerobic 

respiration and photosynthesis can be considered the main drivers; this situation might be 

expected during warm summer weather.  

Cloud shape metrics can be defined to assist investigation of the dominant processes. The 

cloud centroid locates the cloud across the quadrants used in Figure 24 and represents the 

average impact of all processes occurring at that time. The cloud offset indicates any 

systematic shift of the cloud away from the 1:1 line. For example, a CO2 oversaturation offset 

is commonly observed (Stets et al., 2017; Vachon et al., 2020). The width and stretch of the 

data cloud are also used link the strength of the metabolic signal to other processes as per 

Figure 24.  

Longer clouds, as shown by higher stretches, indicate greater variability in the gross primary 

production and respiration balance.  In contrast, as the cloud becomes more dispersed, 

impacting the cloud width, additional processes are operating simultaneously with 

metabolism, to impact the signal. The final metric is the fit of a linear model to the cloud. The 

inverse of the slope (1/slope) represents the ecosystem quotient (EQ) which is the ratio of 

moles of CO2 produced to moles of O2 consumed, at the ecosystem level.  

Carbonate buffering calculations were performed using the CO2SYS Matlab tool to further 

investigate CO2 oversaturation and to better understand the impact of carbonate buffering 

strength on metabolism. CO2SYS is a software suite that computes chemical equilibria for 

aquatic inorganic carbon species and parameters, and determines different chemical 

characteristics of the system using any two of the four key inorganic carbon system 

parameters (pH, alkalinity, dissolved inorganic carbon, and partial pressure of carbon dioxide). 

Generally, the most abundant form of carbon in water is dissolved inorganic carbon (DIC). 

Free CO2 (a gas), the bicarbonate ion (HCO3
-), and the carbonate ion (CO3

2-) are its three 

primary components of DIC. Alkalinity is caused by the presence of buffers such as 

bicarbonate and carbonate, which act as acid neutralizers.  Free CO2 is the most dynamic type 

of DIC (Cole and Prairie, 2014). This is owing to the fact that it is formed by many processes 

that change in space and time, making generalisations regarding its sources in surface waters 
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challenging. CO2 sources include oxidation of autochthonous and allochthonous and 

autochthonous organic material, groundwater input, organic matter mineralisation in riparian 

or hyporheic environments, and calcite precipitation cycles (Battin et al., 2008; Crawford et 

al., 2014; Hotchkiss et al., 2015; Paulo et al., 2011).  

The major regulator of pH in most aquatic systems is the ratio of CO2 to carbonate and 

bicarbonate (Cole and Prairie, 2014). To calculate such ratios, O2 and CO2 departure from 

atmospheric equilibrium was estimated through the molar difference between recorded 

aqueous gas concentrations and saturation concentrations at the same salinity, temperature, 

and barometric pressure. These calculation were the same as the cloud departure calculations. 

However, because limited DIC and pH data were available, high frequency field DIC levels, and 

the corresponding DIC concentration at atmospheric equilibrium CO2 partial pressure were 

estimated through inputting field data (e.g., salinity, temperature, Alkalinity, and pCO2) to 

CO2SYS software through a method detailed in section 3.4.6. 

Finally, metabolic quotient (i.e., photosynthetic productivity quotient (PQ) and respiratory 

quotient (RQ))  as per Figure 24, can be estimated using total system level dissolved oxygen 

and carbon dioxide stoichiometry (Oviatt et al., 1986).  The metabolic quotient are normally 

corrected for diffusion of gases due to air-water exchange or advection to ensure that the 

quotient is completely determined by the system's biological processes. However, in this 

thesis, the PQ and RQ were used without correction for air water impact to explore the 

processes controlling its deviation from the literature equilibrium quotient value for systems 

driven by metabolism (uncorrected values took the symbol of PQ* and RQ*). Details of this 

calculation is presented in section 3.4.6. 

3.4 Application to Swan Canning Estuary  

3.4.1 Site description  

The Swan Canning Estuary (SCE) is a drowned river valley that discharges to the Indian Ocean 

via a narrow mouth at Fremantle Harbour south-west of Western Australia. Freshwater is 

delivered via the Swan–Avon and Canning Rivers. The Avon River is the major contributor to 

the Swan River and accounts for 71% of the total estuary flow (Hamilton et al., 2006). Four 

urban drains (i.e., Bayswater Main Drain, Claise Brook, South Belmont Main Drain, and Mill 
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Street) contributes residential and industrial storm water to the Swan Canning Estuary (Peters 

& Donohue, 2001). Weirs were constructed across the Canning River in the 1930s to enhance 

fresh water supply, and as a consequence freshwater inflows into the estuary declined (Astill 

and Lavery, 2001; Chan and Hamilton, 2001; Robson et al., 2008). Tributary inflows are 

seasonal, with minimal flows in summer and autumn (Petrone, 2010),  while inflows from 

urban drains continue for much of the year due to high groundwater intercepting the drains 

(Donohue et al., 2001; Linderfelt and Turner, 2001). Direct groundwater inputs  through the 

sandy soils of the Swan Coastal Plain vary seasonally and contribute 55% of the freshwater 

inflows to the estuary in the summer and autumn months (Chan et al., 2002). The small 

diurnal tides (i.e., < 0.9 m at the mouth of the estuary, around 10 cm within the estuary, and 

nearly zero at the upper estuary), and freshwater inflows to the estuary in late spring and 

summer, result in long residence times (often months), and exacerbate water quality issues 

(Chan & Hamilton, 2001; Robson et al., 2008). For further details on estuary hydrodynamics 

refer to section (2.3.1) Chapter 2.  

The most abundant primary producers in the Swan Canning Estuary are phytoplankton. 

Benthic macroalgae and the seagrass Halophila ovalis are also prevalent in the middle and 

lower reaches of the estuary (Astill and Lavery, 2001; Forbes and Kilminster, 2014; Hillman et 

al., 1995). Diatoms, dinoflagellates and chlorophytes (Day, 1989; Thompson, 1998) are the 

most common phytoplankton communities in the estuary. Freshwater phytoplankton such as 

chlorophytes are dominant in the upper reaches of the Swan in spring and near Perth Waters 

(see Figure 1) after winter, whereas lower reaches experience diatom blooms in early spring 

(Brearley, 2005).  

3.4.2 Continuous monitoring 

To investigate spatial and temporal variability of ecosystem metabolism, continuous open-

water diel oxygen measurements and strategic short term benthic and pelagic diel oxygen 

measurements, were undertaken in four sites:  Kwilena, Matilda, Como, and Maylands (). 

Three of these sites are located in the middle basin of the Swan River (Kwilena, Matilda, and 

Como) and are subject to continual changes in wind, tidal forcing and salinity. In contrast, 

Maylands is situated in the riverine portion of the Swan River, with stronger influence of fresh 

water inflows from catchment. Fixed-memory dissolved oxygen sensors were deployed at 
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Como, Maylands, and Kwilena in 2018, for two short term investigations, recording oxygen 

and temperature at 10-minute intervals. Long-term high-frequency water quality data was 

collected from Dec 2019 to Dec 2020, by two in-situ monitoring buoys (Kwilena and Matilda).   
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Figure 25  Map of the Swan Canning Estuary located in Perth, Western Australia. On the left, the shading color depicts water depth (m). The right map shows detail of the 
study sites (red triangles), environmental forcing sites (yellow circles), routine monitoring sites (black circles) and seagrass distribution (green shading). 
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The Matilda and Kwilena sites were in 3 m and 5 m water depth, respectively, and the 

Maylands and Como stations were in 2.1 m and 1.5 m water depth, respectively. The 

Maylands benthic sensor was placed 0.5 m above the sediment, while the Como benthic 

sensor was placed 0.3 m above the sediment. The Matilda site was close to the Pelican Point 

Marine Park seagrass areas, whilst the Kwilena site was close to Point Heathcote seagrass 

areas (Forbes and Kilminster, 2014). The Como site was also in close proximity to seagrass 

areas. The environmental data necessary for metabolism estimation was collected at a 

number of locations. A weather station (GMX 600) was deployed as a part of the Matilda 

monitoring platform and measured wind speed and direction, air temperature, barometric 

pressure, and relative humidity. The South Perth weather station, which was closer to the 

Como and Kwilena sites, provided solar irradiance and wind data. Appendix A shows details 

of calibration and validation of the sensors.  

3.4.3 Field Sampling 

The Western Australian Department of Biodiversity, Conservation and Attraction (DBCA) 

conducts routine (monthly) water quality sampling at a number of Swan Canning Estuary 

locations, and one of their sampling sites Heathcote (HEA), was close to Kwilena. Water 

quality sampling was undertaken at both sites from 9/12/2019 to 1/04/2020, allowing the 

continuous data to be validated. DBCA also provided profile data for the same sites and 

timeframes (Table 4 and Table 5). 
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Table 4 Overview of sampling program, sites and study period 

Site name Site description 
and GPS location 

Variables  Logging 
frequency  

Period 

High frequency data 
Como Como Jetty 

Middle basin of 
the Swan River 
(31°59'37.50"S, 
115°51'16.99"E), 

Dissolved oxygen (mg/L)  
Dissolved oxygen 
saturation% 
Temperature  

10 
minutes 

15/06/2018 
28/06/2018 

Maylands  Maylands Jetty 
in the middle of 
Swan River  
(31°56'14.50"S, 
115°53'27.5"E) 

Dissolved oxygen (mg/L)  
Dissolved oxygen 
saturation% 
Temperature  

10 
minutes 

23/06/2018 
28/06/2018 

Kwilena  (31°59'56.4"S, 
115°50'34.8"E) 
 
 

YSI water quality sonde 
with (dissolved oxygen 
(mg/L), chlorophyll-a 
(ug/L), fDOM (QSU), 
Turbidity(NTU), electrical 
conductivity (uS/cm 
), depth (m), and 
temperature (oC). 
pCO2 sensor (ppm) 

10 
minutes 

10/12/2019 
31/12/2020 

Matilda  (31°58'55.2"S, 
115°49'19.2"E) 
 

Dissolved oxygen (mg/L  
Specific conductivity 
uS/cm, temperature (oC).,  
pH, turbidity (NTU) and 
salinity(PSU) 

10 
minutes 

10/12/2019 
31/12/2020 

Environmental data 
South Perth  (31°58'55.9"S, 

115°51'46.1"E) 
 

Solar irradiance (W/m2) 
Wind speed (m/s) 

Hourly  15/06/2018 
28/06/2018 

Routine water quality monitoring 
Heathcote (HEA) 
 

(31°59'41.6"S, 
115°50'7.3"E) 
 
 

e.g., of parameters  
TN  (mg/L) 
DOC as NPOC (mg/L)   
TP (mg/L) 

Fortnightly  15/06/2018 
28/06/2018 
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Table 5  Site depths and sensor locations with respect to sediments 

Site Sensor location  Site depth  
Sensor site  Location  Sites depth 
Como surface 2.1 m above sediment    ~ 3 m 
Como bottom  0.8 m above sediment  ~ 3 m 
Mayland bottom 0.3 m above sediments  ~ 1.5 m 
Matilda surface 2 m above sediments  ~ 3 m 
Kwilena surface 4.5 m above sediments  ~ 5.5m 

 

3.4.4 Statistical analysis  

One way ANOVA testing was implemented to compare dissolved oxygen values across 

different sites, and between surface and bottom dissolved oxygen sensors measurements.  

3.4.5 Metabolism model implementation  

The StreamMetabolizer 3-parameter model was applied to two sites, Matilda (shallow) and 

Kwilena (deep). For both sites, a 1-m deep surface layer control volume was chosen as the 

model domain. The control volume was assumed to be homogenous for the period of study. 

The model was initially run for the entire year, whenever data was available. The model 

performance was then tested over four focus periods, covering low winds, high winds, an 

algal bloom, and winter inflows.  For both sites, a cutoff based on the mean of the data was 

established for the wind speed classification. At Matilda low wind speed periods were defined 

having values < 4 m/s, resulting in classifying  the period 28 March - 03 April 2020 as low wind, 

and the period 30 December - 6 January 2020, as high wind. At Kwilena, wind speed was 

classified as low when it < 6 m/s, resulting in classifying the period 3 March 2020 – 11 March 

2020 as low wind, and the period 9 December to 20 December 20, 2019 as high wind. The 

algal bloom period (20 January - 25 March 25 2020) was determined using dissolved oxygen 

data from both sites and chlorophyll-a data from the Kwilena site. 
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Figure 26  Date time detection of sudden changes in salinity due to new water masses (Level shift) at Kwilena 
using ts-outlier package in R studio.  

Winter inflow periods introduced new water masses into the control volume, with different 

dissolved oxygen signatures; this period could be identified by using the ts-outlier tool in R 

studio on daily data, to identify salinity change points (Figure 26). Inflow data from the Swan 

and Canning Rivers indicate that major inflows occurred at the end of May and early June 
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2020 (Figure 11). Solar radiation was assumed to be the same across the sites, and therefore 

solar irradiance (W/m2) from South Perth was used. Dissolved oxygen saturation levels were 

estimated from salinity, temperature, and barometric pressure data (Garcia and Gordon, 

(1992), GPP, ER and K600 prior distributions were based on published data (Appling et al., 

2018a). 

The model was evaluated using Bayesian model convergence and efficiency criteria, as well 

as regression metrics and by defining plausible GPP and ER ranges. The Bayesian model 

convergence was determined using R-hat, and the Effective Sample Size (Neff/N) was 

calculated (for efficiency). According to Kery et al. (2014), Rhat values greater than or equal 

to 1.1 indicate no convergence, while Neff/N < 0.005 also indicate no convergence. Days with 

implausible GPP and ER values, as well as days with no convergence, were eliminated from 

the final results. 

Additional metrics like R2 and RMSE are used to quantify how well the metabolic model 

predicted oxygen in relation to our field dataset, for both the focus and global periods. RMSE 

indicated how well the regression model predicted the dissolved oxygen value in absolute 

terms, whereas R2 illustrated how well our model predicted the dissolved oxygen value in 

percentage terms. A low RMSE and a high R2 value indicates a good fit. The difference 

between the focus periods estimated metabolism parameters (GPP, ER, K600) and global 

period estimated parameters (i.e. full dataset used for the analysis) divided by global period 

estimation was calculated as the second metric for the parameters. This metric allows 

assessing the impact of data size on the divergence of the parameters from an estimated 

global value. For instance, values equal to 0 meant that the local and global estimation were 

identical, values above 0 meant that the focus period parameter value was higher than the 

global one, while values < 0 meant the opposite behaviour was observed.  

3.4.6 CO2-O2 departure  

Molar deviation from atmospheric saturation, ∆𝐶𝐶, of any of the three DIC components can be 

expressed as:  

∆𝐶𝐶 = 𝐶𝐶𝑤𝑤 − 𝐶𝐶𝑠𝑠𝑠𝑠𝑠𝑠                                                                                                                       (10) 
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where 𝐶𝐶𝑤𝑤 is the concentration of the DIC component in water, and   𝐶𝐶𝑠𝑠𝑠𝑠𝑠𝑠 is the concentration 

of the DIC component when CO2 is in equilibrium with the atmosphere. The relationship in 

Garcia and Gordon (1992) was used to compute oxygen saturation levels  based on  salinity, 

temperature, and barometric pressure.  

Saturation CO2  concentrations were calculated from salinity, temperature and pressure  

(Weiss et al., (1980). In order to convert the gas partial pressure measured by the pCO2 sensor 

into molar concentrations, the gas solubility constant for CO2 was computed as a function of 

salinity and temperature.  

Finally, using the CO2SYS Matlab tool, we estimated field DIC based on our pCO2 readings, 

salinity, and temperature. High frequency pH was not measured at the Kwilena site, so this 

method was deemed to be the most applicable. To achieve this, firstly, total alkalinity was 

estimated by CO2SYS, based on high frequency salinity, temperature and pCO2 using data 

from DBCA routine monitoring field data. A regression between total alkalinity and salinity 

was then established and total alkalinity and pCO2 were used as inputs to the CO2SYS model 

to produce a timeseries of DIC1  and pH values. To validate this method, the pH estimated 

from the model was compared to the discrete pH field data available. Finally, saturation DICsat 

values were calculated using the CO2SYS algorithm, with the exception that the assumed CO2 

partial pressure was 410 ppm (based on average atmospheric measurements of CO2 in air at 

Mauna Lao Observatory for 2021); the salinities and temperatures used were the same the 

field data at Kwilena. 

Traditional approaches to calculating the photosynthetic productivity and respiration 

quotient, use moles of oxygen generated or consumed. To better understand the influence 

of pH on CO2 dynamics, in this analysis a different approach was implemented. The 

uncorrected PQ (PQ*) and uncorrected RQ (RQ*), which are the diel oxygen to diel CO2 and 

its mirror negative value, are used.  I then take this concept a step further by looking at the 

diel oxygen to diel DIC ratio. 

                                                       

1  DIC and pH in this method refers to the DIC time series estimated from CO2SYS to 

differentiate it from high frequency measured data. 
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3.5 Results  

3.5.1 Oxygen dynamics in the Swan Canning Estuary - spatial and temporal variability  

Over the specified study periods, Kwilena surface oxygen concentrations ranged 2.5-12.5 

mg/L and Matilda surface oxygen concentrations ranged 2.6 – 11 mg/L ; they exhibited a a 

median around 6.5-7 mg/L (Figure 27). Como surface oxygen concentrations ranged 7.5 – 15 

mg/L, but with a median of 10 mg/L (Figure 27). Como median bottom oxygen concentrations 

were similar to the surface concentration with oxygen range from 4.5 – 15 mg/L (Figure 28) 

whereas Maylands median bottom oxygen ranged from 1-10 mg/L with a median of 7. There 

was a significant difference in the bottom oxygen concentrations at Como, in the middle basin, 

and Maylands, in the upper estuary (p < 2e-16); Como median concentration was 10 mg/L, 

compared to Maylands median concentration of 7 mg/L. The surface and bottom oxygen 

concentration at Como was also significantly different (p < 2e-16). Finally surface oxygen 

concentration at Matilda was significantly different to concentrations measured at Kwilena (p 

< 2e-16).  

 

 

Figure 27 Boxplot illustrating spatial variability of the surface vs the bottom sensor oxygen at Como for the 
period (23-06-2018 to 17-07-2018) and Matilda and Kwilena surface oxygen from Dec 2019 to Dec 2020. 

Both surface and bottom sensors in Como showed oxygen levels above saturation (Figure 29 

and Figure 30), while oxygen levels were below saturation at Maylands (Figure 31).  
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Figure 28 Boxplot of bottom dissolved oxygen at Como and Maylands at the same period located at the upper 
vs middle basin data) in the period 23-06-2018 to 17-07-2018 

 

Figure 29 Dissolved oxygen distribution and density plot of measured and calculated saturated dissolved 
oxygen presented as raincloud plots (Red dots represents field oxygen data) – Middle basin at Como (depth~ 
3 m)   
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Figure 30 Dissolved oxygen time series data for surface, bottom, and (Surface –Bottom) data for Como Site 
(depth 3m)  

 

Figure 31 Dissolved oxygen distribution and density plot of measured and calculated saturated dissolved 
oxygen Raincloud plots (Red dots represents field oxygen data) – upstream- Maylands (depth~ 2.1 m) 

At Kwilena, dissolved oxygen levels were near saturation, except for the months of February 

2020 and December 2021 (Figure 32). At Matilda, the surface dissolved oxygen was 

undersaturated between December 2020 and December 2021 (Figure 33). 

Variability of measured and saturated dissolved oxygen Raincloud plots – Middle basin 

Kwilena (depth~ 5.5 m). 
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Figure 32 Dissolved oxygen distribution and density plot of measured and calculated saturated dissolved 
oxygen Raincloud plots (Red dots represents field oxygen data) – Middle basin Kwilena (depth~ 5.5 m) 

 

Figure 33 Dissolved oxygen distribution and density plot of measured and calculated saturated dissolved 
oxygen Raincloud plots  Red dots represents field oxygen data)  – Middle basin Matilda (depth~ 3 m)
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Seasonal fluctuations in salinity and temperature influence oxygen saturation levels; the 

lowest concentrations occurred in the summer when temperatures were high and the highest 

concentrations in the winter when temperatures were low (Figure 34). 

 

 

Figure 34  Environmental drivers of metabolism with South Perth solar radiation in W/m2, air temperature (oC), 
and total inflows from Swan and Canning rivers in (m3/d), and local salinity at Kwilena and Matilda sites. 
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3.5.2 Estimating estuary metabolism  

Seasonal metabolism estimation was computed for Matilda and Kwilena using the open water 

method and controlled volume approach (Figure 35 and Figure 36). Surface GPP readings at 

Kwilena were consistently higher than surface GPP values at Matilda. The highest GPP values 

correspond to summer months, whereas the lowest values belong to winter months for both 

sites. Solar radiation and water temperature (Figure 14) exhibited similar behavior, with the 

highest in the summer and the lowest as winter approached. Daily solar irradiance ranged 

from 0 to 4300 W/m2 (Figure 34).  

 

Figure 35  Daily estimates of gross primary production, ecosystem respiration, and net ecosystem metabolism 
(~8 months) for Matilda implementing 3 parameter model in StreamMetabolizer package based on high-
frequency field data without un-converged data. 

Figure 36  Daily estimates of gross primary production, ecosystem respiration, and net ecosystem metabolism 
for a full year for Kwilena implementing 3 parameter model in StreamMetabolizer package based on high-
frequency field data without un-converged data. 

The higher GPP at Kwilena (compared to Matilda) is highlighted by the cross-site correlation 

of metabolic indicators, in addition to greater K600 levels (Figure 37). Respiration rates, GPP 
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rates and K600 values at the two sites were weakly correlated (Figure 37) with higher 

respiration days at Matilda corresponded to lower respiration rates at Kwilena on rare 

occasions. Overall, the net ecosystem metabolism at both sites indicated either a fairly 

balanced trophic status or heterotrophic conditions (Figure 35 and Figure 36). Autotrophy 

was associated with a short period from the middle of January to the beginning of March 2020.  

 

Figure 37 Correlating Kwilena and Matilda sites metabolism parameters GPP, ER, and K600 

The Bayesian model produced well-converged and fitted parameters for the two sites in the 

estuary (Figure 38, Figure 39, Figure 40, Figure 41).
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Figure 38 Focus period model results for Matilda metabolism estimation for high wind and low wind scenarios in 2020
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Figure 39 Focus period model results for Matilda metabolism estimation during algae bloom in 2020 
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Figure 40 Focus period model results for Kwilena metabolism estimation for high wind and low wind scenarios in 2020. 
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Figure 41 Focus period model results for Kwilena metabolism estimation during algae bloom scenario 2020. 

The Bayesian model successfully converged and fitted 98.5% of the diel curves in the 3-

parameter model for Matilda and 97.9% for Kwilena. After the removal of implausible GPP 

and ER days from the results, the percentage dropped to 84.4% and 88.1% for Matilda and 

Kwilena respectively. Overall Kwilena site had higher success days (i.e., the model returned a 

converged, well-fitting, and plausible results) in comparison to Kwilena (Table 6 and Figure 

42).  
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Table 6   Summary of model success (i.e., the model returned a converged, well-fitting result) for sites at the 
focus and global runs 4000 steps were used divided evenly between burning steps and run steps.  

 Site   Bayes model  
3-parameter 
convergence 
Based on Rhat and 
Neff/N 

Bayes model  
3-parameter (removing 
implausible GPP,ER + 
convergence)  

Matilda  Total days 270 270 
 “successful” days 266 227 
  % success 98.5% 84.4 % 
Kwilena  Total days 386 386 
 “successful” days 378 340 
   % success 97.9%  88.1 % 

 

The parameter results from the focus study periods were compared with the global study 

period to assess how data size affected the model. The focus period models had a higher R2 

than the global period models. Furthermore, the RMSE for the focus period was lower than 

found for the global model, with the exception of the period of the algal bloom Figure 42. 

The second metric aiming at assessing the data size impact on the model results can be seen 

in Figure 42 and Figure 43, which showed that the model performed at its best (approaching 

0) during the algal bloom period at both Kwilena and Matilda, with a few outlier days. 

 

Figure 42  Model metrics comparing focus and global model results 



Identification of controls on estuary metabolism using high-frequency data and numerical modelling 

3 High frequency sensor and the Swan Canning Estuary metabolism                                                                                                                                                                      Saeed, A.A. 

101 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 43   Performance of model in Matilda for different focus periods using less data (focus denoted by a subscript f) period versus full dataset (global denoted by a g 
subscript).  
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Figure 44   Performance of model in Kwilena for different focus periods using less data (focus denoted by a subscript f) period versus full dataset (global denoted by a g 
subscript).  
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3.5.3 Additional insights in to estuary metabolism based on paired O2-CO2 

measurements  

Departure clouds were analysed based on paired 10-minute CO2 and O2 data from Dec 2019 

to March 2020 (Figure 45).  

 

Figure 45 (A-F) O2 and CO2 departures from atmospheric equilibrium dynamics (1 h measurements) in Kwilena 
for intervals of two weeks period from Dec 2019 to 2nd March 2020. The 1: −1 lines are shown in dashed lines. 
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The departure clouds were estimated for intervals of two week periods from Dec 2019 -Mar 

2020 to investigate processes causing deviation from CO2: O2 equilibrium. Figure 45, A, shows 

more compacted clouds in comparison to B, C, D, E, F in which width of the cloud becomes 

higher. Moreover, the stretch of the cloud is highest in summer and reduces from Dec to 

around mid-January where it experience a sudden increase till early February. The 

photosynthetic quotient PQ (moles of O2 biologically produced per mole of CO2 consumed) is 

>1 based on the cloud changes in the study period. Moreover, the dispersion of the cloud 

increases for the period of study from Dec to February.  The mean O2 departure fluctuated 

between negative and positive values, whereas mean CO2 departure values mainly fluctuated 

around positive values suggesting CO2 oversaturation. Early summer presented a system with 

high offset values which decreased as the weather got cooler.  

To investigate the impact of an algal bloom on the cloud metrics, a “no algal bloom” period 

(10-12-2019 to 04-01-2020) (Figure 48 and Table 7) was compared to a period with an “algal 

bloom” (19-01-2019 to 17-02-2020) (Figure 45 , Figure 46 and Table 8). The algal bloom 

caused both the mean CO2 and O2 departures to drop to about half and third their initial 

values, respectively. The DIC2 departure cloud moved towards equilibrium while the O2-CO2 

departure cloud offset became around half its initial value. This brought the centroid closer 

to the 1:-1 slope, which also presented a reduction in CO2 oversaturation. This can be 

attributed to algal consumption of the CO2 in water that was readily available for 

photosynthesis. The cloud stretch doubled (Table 7 and Figure 46) which was due to the algal 

event. 

The previous analysis addressed the dissolve oxygen and carbon dioxide cloud metrics for 

different periods separately, however, if all clouds are combined in one plot, there is a fair 

degree of overlap between different periods as per Figure 46. 

                                                       

2 DIC values used are the estimated from CO2SYS equations based on field data due to the 

absence of high frequency DIC measurements. 
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Figure 46  Combined O2 and CO2 departures from atmospheric equilibrium dynamics (1 h measurements) in 
Kwilena for intervals of two weeks period from Dec 2019 to 2nd March 2020. A: 5-19 /12/2019, B: 20/12/19 
to 3/01/2020, C: 4-18/01/2020, D:19/01/2020 to 02/02/2020, E: 3-17/02/2020, F:18/02/2020 to 02/03/2020. 

The clouds and their centroids in the figure above have a lot of overlap, which suggests that 

the groupings are not all that dissimilar. Therefore, using the R software's Adonis and 

Betadispair functions, I implemented PERMANOVA to determine whether there are any 

significant variations between cloud centroids and the distance of the departure data from 

the centroids at the selected periods (A-F). To achieve this, it is essential that the data utilised 

be positive (See Figure 46 above). In order to transform the data, a value of 200 was added 

as a constant to the O2 and CO2 departure values depending on the most negative departure 

value. Adonis works by first finding the centroids for each group and then calculates the 

squared deviations of each of data point to that centroid. The process is to calculate the 

distance matrix for the data using the vegdist function using the Bray-Curtis method and then 

calculate the multivariate homogeneity of group dispersions (variances) using betadisper 

function. We can then plot this out as per Figure 47. 
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Figure 47 Centroids and dispersion of transformed dissolved O2 and CO2 plots for selected periods A: 5-19 
/12/2019, B: 20/12/19 to 3/01/2020, C: 4-18/01/2020, D: 19/01/2020 to 02/02/2020, E: 3-17/02/2020, 
F:18/02/2020 to 02/03/2020. Red dot represents the cloud centroids.  

In the above plot, we can see that the data from periods D, E and F corresponding to the algae 

bloom spanning (19-01-2019 to 17-02-2020) has the greatest variance (i.e., differences 

between each black point and the red centroid) in comparison to the no algae period in the 

data A, B and C (10-12-2019 to 04-01-2020).Then, significance tests are performed using F-

test based on sequential sums of squares from permutations of the transformed departure 

data. Results of PERMANOVA tests showed a significant difference with a p-value of 0.001 for 

both cloud centroids and distances from the centroids in the selected study periods.  

 

 

 

 

 

 

Figure 48   O2, CO2 and DIC departures from atmospheric equilibrium for period from 10-12-2019 to 04-01-2020 
(no algae bloom) 

Table 7  Paired O2 – CO2 –DIC departure (dep) cloud metrics for period from 10-12-2019 to 04-01-2020 (no 
algae bloom) 

meanCO2dep meanO2dep offset EQ width stretch 
7.27  6.7 13.99 0.11 13.95 78.8 
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Figure 49 O2, CO2 and DIC departures from atmospheric equilibrium for period from 19-01-2019 to 17-02-2020 
algae bloom 

Table 8  Paired O2 – CO2 –DIC departure (dep) cloud metrics for period from 19-01-2019 to 17-02-2020 algae 
bloom 

meanCO2dep meanO2dep offset EQ width stretch 
3.341886 4.224526 7.566411 0.1378774 14.68631 131.7695 

 

In summary, the results support the hypothesis of algal bloom metabolism being the main 

driver of O2, CO2 and DIC departures over this period, causing the cloud to advance towards 

that expected at equilibrium.  

CO2 oversaturation was observed at the specified study period, which was a clear observation 

in the departure plots (Figure 45). Furthermore, departure plots indicated a departure from 

the 1:-1 lines, indicating the presence of processes other than metabolism in the system. To 

further investigate reasons for CO2 oversaturation, DIC concentrations were calculated based 

on CO2SYS model. Results of this investigation showed an increasing trend in DIC and 

Alkalinity in the period of the study. Moreover, daily delta (max-min) CO2 and DIC were found 

to be higher than delta O2 as per Figure 50. 
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Figure 50  Delta of peaks and valleys from 4 hour averaged data for the duration of (10-12-2019 to 02-03-
2020) scaled for O2 and DIC for illustration. Note:(Kgsw refers to Kilogram of sea water). 

Furthermore, diel (i.e., max- min in daylight and night time) differences in oxygen and carbon 

dioxide were used to calculate the uncorrected productivity quotient (PQ*) and respiratory 

quotient (RQ*). The diel metabolic ratios PQ* and RQ* results in Figure 51 (a-d) showed high 

levels of productivity, around a central value of 5. The theoretical value for the biologically 

based PQ is 1.1 - 2.3 for estuarine and coastal systems (Oviatt et al., (1986). 
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Figure 51  Uncorrected PQ and RQ (PQ* and RQ*) for day and night. a) and b) are estimated based on dissolved 
oxygen and CO2, c) and d) are based on dissolved oxygen and DIC  
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3.6 Discussion  

3.6.1 Oxygen dynamics in the Swan Canning Estuary spatial and temporal variability 

Preliminary analysis of the oxygen data through one-way ANOVA test and boxplots identified 

variation in dissolved oxygen concentrations between all sites, and shallow and deep 

locations  as well as variations within each site surface and bottom sensors Figure 27. Oxygen 

medians in June for Como surface and bottom oxygen medians were higher at the winter 

months in comparison to Maylands (Figure 27 and Figure 28).  

Environmental drivers and localized events are suggested to be responsible for variations in 

oxygen dynamics spatially and temporally. High levels of DOC (Figure 2), and colored dissolved 

organic matter (CDOM) persistence in the upper reaches in the Swan Canning Estuary    

(Gerrard, 2018; Kostoglidis et al., 2005) would cause light impairment to primary production, 

and likely leads to high respiration rates due to bacterioplankton (Soares and berggren, 2019). 

Higher light availability in the middle basin near Como and contributions from seagrass (Figure 

25) to oxygen production and consumption is hypothesized   to impact variance in oxygen 

levels. This is consistent with findings in Shen et al. (2015) suggesting that higher light 

availability increases GPP which may result in  high diel oxygen variations. Moreover, 

according to the work of and Ganju et al. (2020) the variations in light availability and the 

dominant primary producers (i.e., algae or aquatic vegetation) drives variation in the diel 

oxygen levels in an estuarine environment.
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Figure 52  Algal spatial and temporal species density (cells/ml) for diatoms, dinoflagellates, and Greens based on routine water quality monitoring by DBCA 
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Lower oxygen levels in Maylands compared to Como ties well with previous studies (Hipsey 

et al., 2014; Smith et al., 2010; Stephens, 1994) indicating  high sediment oxygen demands 

that can be linked to nutrient deposition from catchment inflows in the winter flushing of the 

upper of the estuary reaches. This is also consistent with the water quality results from a 

recent study  (Gerrard, 2018). In contrast, the large variance in oxygen concentrations in 

Matilda and Kwilena in February (summer) reducing the median oxygen concentrations 

appears to be linked to a summer algal bloom that was observed in the river (Figure 53).  

 

Figure 53  high frequency Chl-a in ( ug/L), and dissolved oxygen in(mg/L) data from Kwilena and Matilda  sites 
from Dec 2019 to Sep 2020 . 

The second variance in Matilda and Kwilena oxygen data observed in June is hypothesized   to 

be due to a winter algae bloom of diatoms and dinoflagellates as per Figure 52 (HEA) and Chl-

a Figure 53. HEA is located in the middle basin around 500 metres from Kwilena site, and 

around 2 Km from Matilda.  

A seasonal trend in oxygen saturation concentrations can be seen at Matilda and Kwilena sites, 

similar to a sine wave (Figure 32). Lowest oxygen values are observed in summer months 

(February) and oxygen values starts to increase as the temperature decreases in winter 

reaching the highest values towards the end of the winter months and starts dropping again 

as the weather warms up. This pattern followed the seasonal air temperature and salinity 

changes (Figure 34). Moreover, Kwilena surface oxygen levels were similar to saturation levels 

computed based on salinity and temperature (Figure 32). However, dissolved oxygen medians 

in Matilda site (Figure 33) was consistently lower than saturation levels throughout the period 

presented signifying higher oxygen consumption in this site. Because Matilda is a shallow site 
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in comparison to Kwilena, it is hypothesized that the sediment oxygen demand may be 

responsible for lowering the dissolved oxygen concentration below saturation levels for the 

study period.  

3.6.2 Estimating estuary metabolism 

The annual GPP (Figure 9 and Figure 10 ) estimation for Matilda and Kwilena reflects the global 

seasonal variations in light and temperature trends being the highest in the warmer summer 

months and lowest in the cooler winter months (Murrell et al., 2018; Staehr et al., 2018b). 

Moreover, an increase in GPP and ER in summer could be caused by an increase in 

temperature and in solar radiation or by an increase in nutrient loadings or nutrient 

concentration (Kristensen et al., 2014). To investigate if this is also true for this study, a 

correlation analysis was performed between the metabolism results, temperature, and solar 

radiance. Results showed a moderate positive correlation can be seen between the GPP and 

water temperature and solar radiation values with a Pearson correlation coefficient of 0.57 

and 0.48 respectively in Kwilena site as per Figure 54. Whereas a very low to low positive 

correlation is observed between ER and temperature and solar radiation values with a 

Pearson correlation coefficient of 0.19 to 0.28 respectively. A high Pearson correlation was 

seen in Matilda site between GPP, water temperature, and solar radiation with a Pearson 

correlation of 0.89 and a low positive correlation was observed between ER, temperature and 

solar radiations with values of 0.27 and 0.36 respectively as per Figure 55. 
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Figure 54 Pearson correlation matrix of daily averaged values of water temperature (oC ) at Kwilena, solar 
radiation at South Perth (W/m2), and GPP in g O2/m3 day and ER in g O2/m3 day for the converged data from 
the model output spanning 10-01-2020 to 29/12/2020 for Kwilena sites.  

 

Figure 55 Pearson correlation matrix of daily averaged values of water temperature (oC ) at Matilda, solar 
radiation at South Perth (W/m2), and GPP in g O2/m3 day and ER in g O2/m3 day for the converged data from 
the model output spanning 10-01-2020 to 29/12/2020 for Matilda site.  
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Inspired by the work of Kristensen et al. (2014), I further investigated the impact of nutrients 

concentrations on estuary metabolism. Unfortunately, limited nutrient data were available at 

the study sites, so the nearest sampled site HEA ~ (0.5 Km) data were matched with the 

metabolism data from Kwilena and Matilda sites. It is important to note that this preliminary 

correlation for Kwilena metabolism vs HEA nutrient data had only 7 data points that matched. 

Results in Figure 56 presents a low and fair positive correlation between GPP versus TN and 

TP concentrations respectively. In addition, a low negative correlation between ER and DOC 

concentrations in mg/l were observed. This results suggest the GPP is enhanced by the 

availability of TN and TP, however, one must note that, statistically, using a small sample size 

(<30) may cause inaccurate results of the degree of correlation for the selected variables. 

Moreover, sampling was done at a nearby site which also may impact the regression due to 

the possibility of spatial heterogeneity in nutrient data. Therefore, it is recommended to verify 

this conclusion with more sampling data taken at the site itself and not the nearest site.  

 

Figure 56 Regression plot between GPP in g/m3.day in Kwilena and TN, TP, and DOC in mg/l sampled at HEA.  
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Figure 57 Regression plot between GPP in g/m3.day in Matilda versus TN, TP, and DOC in mg/l sampled at 
HEA.  

For the Matilda site, a fair positive correlation between GPP versus TN and TP was observed 

as per Figure 57. In addition, a low negative correlation between ER and DOC concentration 

were observed. The sample size of Matilda was 23 data points, however, a similar 

recommendation in terms of data size and sampling at the site is applies to verify the results 

of the analysis. This work could not address the coupling or uncoupling between raw 

metabolic rates between winter and summer seasons as per the work of Kristensen et al. 

(2014) in lagoons due to differences in the metabolism estimation model assumptions being 

used. 

Metabolism results highlighted that the two sites in the estuary were mostly heterotrophic 

except for occasional days with high metabolism that brought the net ecosystem to a 

balanced state. Within Australia, there is one study that reported the implementation of a 

Bayesian model to estimate metabolism in creeks, by Grace et al.(2015), however, it has been 

implemented in rivers in New Zealand and USA (Grace et al., 2015). Results of Grace et 

al.(2015) showed low model performance with a convergence success percentage (around 

46% for rivers and 85% for creeks) using a 3 parameter model within a Bayesian framework 

through the package BASE in R. Our study based on the SM package    resulted in higher model 

convergence success percentage of 84.4% and 88.1% for Matilda and Kwilena respectively. In 

contrast to incubations, estimation of the surface water metabolism for Matilda through the 

work of Agusti et al. (2018), our results were higher by about 10 fold for the GPP and ER 
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suggesting a nearly heterotopic system throughout the summer. This is consistent with 

literature that suggests that the incubation method overestimate NEM and underestimate ER 

by (20-90%) as per the discussion in Roth et al. (2019), hence, the large discrepancy with our 

results.  

Results of the metabolism model (Figure 37) also highlight a very weak correlation R2  < 0.3 

for model output parameters GPP, ER, and K600 across Matilda and Kwilena sites which are 

located at opposite sides of the middle basin, representing shallow and deep sites 

respectively. This could be explained by the spatial heterogeneity that can be observed at the 

two sites. Matilda site is shallow, ~300 metres from shore and considerably sheltered by 

nearby trees ,in contrast to Kwilena site which is located ~ 500 metres from the shore. The 

impact of that is reflected in instances of higher wind speed at Kwilena versus Matilda (based 

on K600 values) and higher GPP and ER values observed at Matilda which is shallow and closer 

to seagrass, impacting metabolism relative to Kwilena.  

Although the model proved it was capable of presenting the seasonal trend from summer to 

early winter, increased inflows contributing new masses of water demonstrated in salinity 

changes as per Figure 27, caused extreme outliers observed in the GPP and ER data Figure 35 

and Figure 36. Hence, a large uncertainty range for these variables was observed because the 

model did not account for advection in its equation.  

The results showed a higher model convergence success percentage in Kwilena site over 

Matilda (88% versus 84% respectively). This can be explained by the higher amount of data 

available for Kwilena in comparison to Matilda (buoy was off for around 4 months).  The 

Bayesian model also captured higher metabolism around the same time an algae bloom 

happened as per Chl-a results (Figure 53). The Chl-a data was also supported by algae 

abundance data from DBCA at HEA (the nearest site to Kwilena and Matilda) see Figure 52.  

The outperformance of the model dissolved oxygen prediction of the focus period model 

versus the global period for both Matilda and Kwilena can be seen in R2 and RMSE values in 

Figure 42 . This can be attributed to additional drivers (e.g., advection) that are present in the 

full data set which are not accounted of the 3 parameter model, and hence is impacting the 

estimation of metabolism parameters in the Bayesian framework for longer periods. This also 

resulted in the reduction of success days as the model fit resulted implausible GPP, R values 
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despite converging. While the model performed well when metabolism was the main driver 

in the study site, the simple 3 parameter model was not sufficient to handle scenarios when 

additional drivers such as advection were present. This can also be seen in the second metric 

(Figure 43 and Figure 44), which showed that the model performed at its best (approaching 

0) during the algal bloom period at Kwilena and Matilda, with a few outlier days.  

3.6.3 Additional insights in to estuary metabolism based on paired O2-CO2 

measurements 

In early summer, the mean O2 departure fluctuates between negative and positive values 

which means that the system operates near equilibrium. This shifted to a more negative value 

representing an under saturated period of oxygen. This can be linked to a summer algal bloom 

(Figure 16 and Figure 17) that was detected from the end of January to early February (Figure 

8). This is hypothesized to have caused increased aerobic respiration levels due to the death 

of algae, and its photochemical breakdown resulted in temporary lower levels of oxygen  

(Pitcher and Probyn, 2016; Sellner et al., 2003).  

The mean CO2 departure data demonstrated a system that was highly saturated with carbon 

dioxide in early summer, then shifted slowly towards equilibrium by the end of the study 

period. It is important to note that CO2 and O2 have different solubilities in water so they are 

expected to have different concentrations at atmospheric equilibrium (Stets et al., 2017). 

Moreover, results show that CO2 oversaturation exceeds oxygen undersaturation while 

fluctuating between positive and negative values. This in turn is contradictory to the direct 

aerobic metabolism control of CO2 expected in estuaries. Because field sampling observations 

shows high pH (~ 8) and high salinity values at Kwilena (Figure 34), and with the knowledge 

that carbonate buffering strength is attributed to pH and alkalinity in estuarine systems, 

carbonate buffering was investigated to examine its role in CO2 dynamics. Results from the 

carbonate buffering calculations emphasized the role of alkalinity in driving the CO2 saturation 

levels at Kwilena site. Molar deviations of O2, CO2, and DIC from equilibrium, and DIC results 

also confirmed that CO2 oversaturation was due to high alkalinity in fresh water systems (Stets 

et al., 2017). Another reason for CO2 departure being higher over the summer period, is the 

presence of anaerobic respiration due to sulfate reducing bacteria; this could aid in the 

degradation of organic matter (Barton et al., 2014). However, sediment samples were not 
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collected at the site at the time of the bloom. Earlier studies investigating sulfate reduction in 

the Swan Canning estuary by Kilminster (2010) identified Perth Waters as one of potential 

sulfate reduction areas ,however data closer to the Kwilena site didn’t indicate high sulfate 

reduction potential. Future work should include sediment sampling to discern the role of 

sulfate reduction on CO2 oversaturation in the study site.  

Interestingly, the presence of an algae bloom that happened during Feb to Mar coincided with 

high pH, DIC, salinity and alkalinity levels (Figure 58) and (Figure 34). The bloom was 

confirmed through biomass abundance data to be diatoms and dinoflagellates (Figure 52). 
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Figure 58  Time series plot of observed O2 and CO2 and calculated DIC and total alkalinity based on salinity, 
temperature, and pCO2 and initial field salinity and total alkalinity regression parameters. The blue ribbon 
indicates algae bloom period 

High pH conditions have been linked to dinoflagellates in mixed blooms in coastal systems  

(Hinga, 2002, 1992). Field sampling data at HEA confirmed a dinoflagellate algal bloom around 

the same period, when the pH levels where high. Similar to the conclusions of Hinga (1992), 

it is hypothesized that the algal bloom consumed CO2 during photosynthesis which dropped 
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the CO2 oversaturation and resulted in an additional increase in pH, as observed in field data 

and departure plots (Figure 45 and Figure 48). 

PQ* and RQ* values showed a high central value around 5 (Figure 51 a-d). According to the 

work of Oviatt et al. (1986), for an estuarine environment, experimental work demonstrated 

a central PQ value around 0.9 and  RQ of 0.5 - 0.9. Moreover, the work of Wetzel and Likens 

(2000) reported a slightly higher value for a typical algae, PQ and RQ ratio of 1.2 and 1 

respectively. In contrast, our uncorrected (for air water exchange and other processes 

impacting the quotient) values are considered high. This can be attributed to the additional 

sources of O2 and CO2. The intention of this work was to estimate PQ* and RQ* and to 

compare it to established theoretical values, to gain insight on how much the uncorrected 

and corrected values differ. More importantly, the results highlight that the metabolism may 

not be the main driver of O2 and CO2 changes in an estuarine environment. The PQ* and RQ* 

values also highlighted that diel changes in DIC is much higher than changes in CO2 

concentration. This is also a characteristic of high alkalinity systems in which diel changes in 

CO2 and DIC are no longer equivalent, resulting DIC diel changes being greater than CO2 

changes due to the amplified importance of ionized CO2 versus unionized CO2 (measured by 

the CO2 sensor)(Stets et al., 2017).  

In summary, the initial metabolism conclusion was based on the oxygen data alone, however, 

CO2 data at Kwilena provided another crucial insight into CO2 dynamics and impacts on 

metabolism. The common assumption that the two gases are coupled was challenged, 

signifying the importance of pH regulating CO2 dynamics in high alkalinity estuary systems. 

Moreover, the results shed light how an algal bloom was able to shift the departure clouds 

towards equilibrium and how the link between pH and CO2 changes. 

3.7 Conclusion  

This study contributes to a better understanding of aquatic metabolism and CO2 dynamics in 

an estuarine system. The importance of high-frequency data and data-driven models in 

understanding estuary metabolism spatially and temporally were highlighted. However, it 

also presented future development possibilities.  
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Although the control volume approach within a Bayesian framework has proven 

implementable in estuaries, with near-high accuracy, there are occasions when the model's 

inability to offer trustworthy estimates was due to the intricacy of the processes acting in 

tandem. For example, circulation is complex with 3-dimenional components, tides move 

water back and forth over the sensor (Beck et al., 2015), and water masses with different 

characteristics may move over the sensor due to interactions between channels and shallow 

environments. Moreover, the oscillation of the estuarine environment between being 

stratified and well mixed may significantly impact the control volume calculations and would 

violate the key assumption of the open water method (Beck et al., 2015). 

Additionally, the absence of estuarine prior distribution at the time of the study resulted in 

the implementing priors from streams (Appling et al., 2018a).This could have a significant 

impact on the distribution of calculated metabolism parameters. Hence, it is recommended 

to perform a sensitivity analysis using a range of estuary metabolism parameters as they 

become available in literature to assess the results of this metabolism estimation. 

The O2-CO2 departure graphs in addition to DIC calculations revealed important information 

about the causes of CO2 oversaturation and the differences in O2 and CO2 gases stoichiometry. 

However, the role of sulfate reduction on CO2 oversaturation was not included due to the 

absence of sediment samples at the study site. Future work should include sediment sampling 

to discern role of sulfate reduction on CO2 oversaturation in the study site. 

Physical processes, on the other hand, made utilizing the SM package to estimate metabolism 

a challenging task. And the results were only accurate when the system's major drivers were 

being modelled. The PQ* and RQ* results confirmed this conclusion, implying the need to 

decipher the different sources and sinks of oxygen and carbon dioxide. Integration of data 

and results from current methodologies with 3D coupled aquatic modelling will provide a 

vehicle to untangle the different processes driving metabolism in complex estuary systems, 

in space and time. 3D coupled aquatic modelling will hopefully clarify the different processes, 

and allow on integration of processes spatially and temporally. As a result, through integrating 

high frequency data and 3D coupled numerical modelling, a far clearer picture of what drives 

estuary metabolism in space and time will emerge. 
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4 Challenges in capturing metabolism in an estuary model: Unravelling 

the metabolism black-box using the integration of data with a 

control-volume approach 

4.1 Abstract 

Supporting short- and long-term water quality management decisions in aquatic systems is a 

challenging task which require a holistic view of their internal responses to external stressors. 

Many approaches have been developed to simulate the water quality of aquatic systems 

through building models that assist with decision making. Additionally, regular monitoring 

programs of water quality with weekly or longer time intervals tracked trends in water quality 

and provided an understanding of how systems evolved over extended periods of time. 

However, to improve our knowledge of the finer-scale hydrodynamic and biogeochemical 

processes (e.g., mixing, diel metabolism), high-frequency monitoring data is essential. In this 

study, the SCERM was implemented on a high-resolution 3D curvilinear grid with a flexible 

mesh extending upstream from Swan and Canning Rivers to Fremantle at the estuary mouth, 

to simulate water quality of the Swan Canning Estuary. SCERM was calibrated for the period 

Dec 2019 to 30 Mar 2020, implementing a hybrid approach using state (oxygen) and process 

based (SM metabolism estimates) calibration and validation, with a focus on the 

phytoplankton module.   

The heat budget reproduced the water temperature in the validation period, showing good 

agreement with the observed data (R = 0.81) for Kwilena and (R= 0.74) for Matilda. The salinity 

was also in good agreement for Kwilena (R=0.99) with a slight understimation observed at 

Matilda site (R=0.96). The SCERM seasonal oxygen concentration dynamics showed good 

agreement with measured values as well. However, SCERM tended to underestimate oxygen 

values  in the calibration period (R = 0.69) for Kwilena and (R=0.53) for Matilda. The fully 

validated model highlighted its ability to reproduce mean oxygen levels in the summer 

months, however, the model did not perform as well in the winter months. The seasonal 

patterns of chlorophyll-a were not tracking well by the model (R= 0.09) in the baseline 
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condition, however, it showed a 140% increase in R for Chl-a values, after calibration with 

Kwilena data (the only site withwith high frequency Chl-a data).  

Metabolism at Kwilena showed day-to-day and seasonal variation for GPP and R, with high 

values in the summer versus winter. Higher values of GPP and R were attributed to 

dinoflagelete blooms as confirmed by field data. However, the results highlighted difficulties 

in manual calibration of algal groups and the need for an automated data assimilation 

technique to improve phytoplankton modules. Moreover, using the current model output, 

the contributions of oxygen from different processes was established through implementing 

an oxygen budget for a control volume around Kwilena. These results also highlighted higher 

GPP and R in the summer versus winter daylight periods. Moreover, it allowed the 

quantification of changes in oxygen concentration that were due to each process, including 

advection. The role of advection on controlling oxygen dynamics was estimated in low wind, 

high wind, algal bloom, and winter inflow scenarios.  

Our study illustrated that new data streams will support further connections between data-

driven (Bayesian model) and process-based model approaches, and ultimately lead to more 

“process-inspired” calibration opportunities of the modelled system. Findings of this study 

also indicate the value of integrating high-frequency data and coupled modelling efforts in 

real-world management applications, to better address oxygen dynamics and metabolism in 

estuaries. Future studies should aim to implement automated data assimilation methods to 

mechanistic module parametrization (e.g., phytoplankton and macrophytes modules) and to 

understand their implications for water quality in estuarine environments.  

4.2 Introduction 

Estuary metabolic rates, including gross primary productivity (GPP) and respiration (ER), 

exhibit diurnal variations linked to changes in light and temperature (Odum, 1956). Data-

driven metabolism modelling (e.g., Bayesian) using three-parameter models can capture 

diurnal oxygen variations, providing an accurate fit for oxygen predictions when the biology 

signal is strong, as explained in Chapter 2. However, it may also result in over-estimates of 

GPP, ER, and K600, due to equifinality, as numerous permutations of GPP, ER, and K600 values 

can give comparable O2 curves, especially when the metabolism signal is weak (e.g., when 
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advection is the dominant process) (Appling et al., 2018a; Grace et al., 2015). Furthermore, 

estimates of estuary metabolism at a specific location may not reflect the estuarine domain 

metabolism for a variety of reasons, including 1) different estuary zones (i.e., littoral, pelagic, 

photic, aphotic, and benthic) can contribute in different ways (Caffrey, 2004); 2) a point 

assessment can mask the influence of hydrodynamics (Van De Bogert et al., 2007); 3) a 

dissolved-oxygen sensor in the water column may not track oxygen variations controlled by 

the sediments, where benthic organisms and decay of organic matter can cause significant 

perturbation of the oxygen conditions (Hanson et al., 2003);  and 4) dissolved oxygen 

fluctuations are impacted not only by metabolic activities and air-water fluxes, but also by 

groundwater input, physical and chemical interactions, photo-respiration of dissolved organic 

carbon, and external influences such as wind and precipitation (Caffrey, 2004; Odum, 1956; 

Testa and Kemp, 2011). 

In estuarine systems, additional complexities in metabolism estimation arise due to habitat 

heterogeneity (Atkinson et al., 1987; Banks et al., 2012; Caffrey, 2004), variability in residence 

times (Chan and Hamilton, 2001; Kiwango et al., 2018), variability in nutrient cycling rates 

(Damashek and Francis, 2018; Mazur et al., 2021; Roden et al., 1995), variation in the strength 

of tidal fluxes (Hummel et al., 1994; Robson et al., 2008; Thottathil et al., 2008), complex 

hydrodynamics (Davies and Kalish, 1994; Hoellein et al., 2013; Nelson et al., 2017), variations 

in turbidity across the estuarine length (Cloern, 1987; Kostoglidis et al., 2005) , in addition to 

gradients in nutrients (Douglas et al., 1997; Peters and Donohue, 2001) and as per Figure 2 in 

chapter 2 for the swan canning estuary. 

Advances in computational power and mathematical methods have supported the 

assessment of water quality in aquatic environments, by coupled biogeochemical process-

based or mechanistic models (e.g., FABM, DATM, DELFT3D, MOHID, AED etc.) (Ganju et al., 

2016; Huang et al., 2019; Wild-Allen et al., 2013). Coupled aquatic ecosystem response 

models allow the simulation of hydrology, hydraulics, and biogeochemical processes over a 

wide range of spatial and temporal scales. Because of the possible disparities between the 

littoral and pelagic zones (Caffrey, 2004), 3-dimensional coupled models can be useful for 

understanding spatial heterogeneity in estuaries. Moreover, the intense hydrodynamic 

processes occurring in estuarine ecosystems, as well as the spatial patchiness of 
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phytoplankton and nutrients, results in geographical and temporal patchiness in aquatic 

metabolism (Atkinson et al., 1987; Kurup et al., 1998; Lucas et al., 1999; Wild-Allen et al., 

2013). Coupled process-based models allows us to quantify hydrodynamic impacts on 

metabolism (Hipsey et al., 2008; Ruprecht et al., 2022), as well as on the environment (Ganju 

et al., 2016; Huang et al., 2019; Wild-Allen et al., 2013). They also permit continuous diel 

estimates of ecosystem respiration, which is advantageous over the traditional free-water 

method (Murrell et al., 2018). 

Despite their increased popularity, coupled biogeochemical mechanistic models is typically 

been used to predict the daily mean of state variables, including those linked to metabolism, 

e.g., oxygen. These models fall short in reproducing the diurnal ranges observed in oxygen 

dynamics (Huang et al., 2019), and they may also generate a reasonable daily mean of a 

variable (e.g., oxygen) for the wrong reasons (Hipsey et al., 2020). This can be attributed to 

the complexity of coupled biogeochemical models which makes it hard to discern the main 

contributor to changes of a certain variable. Moreover, uncertainty in prediction of coupled 

biogeochemical models can be caused by three major technical challenges: model structure, 

input data quality, and the parameterizations themselves (Hipsey et al., 2020). For instance, 

algal mechanistic model parameters are typically based on numerous empirical experiments 

across global field sites which may not be representative of the conditions founds at a specific 

field site (Hipsey et al., 2020). Therefore, the assessment and minimisation of uncertainty in 

coupled model predictions are critical to verify the mechanistic response model of interest 

(e.g., algal model) in an estuarine ecosystem, and therefore improve its applicability. 

Although state variable validation has been extensively implemented to improve model 

parametrization, through comparing variables such as oxygen to field data (Hipsey et al., 

2020), to our knowledge, no study has implemented both state and process validation 

concurrently, to improve a mechanistic model parametrization. To illustrate this concept, a 

mechanistic model for metabolism estimation could be improved through calibrating algae 

parameters against metabolic rate estimates based on field Chl-a data and using Bayesian 

modelling. The hybridization of mechanistic coupled models and data-driven models in 

assessment workflow, would likely provide improved parametrizations for the mechanistic 
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model through a simultaneous state and process assessment of the model, and an 

improvement of our understanding of metabolic processes.  

Due to the spatial and temporal sophistication of coupled water quality and hydrodynamic 

model outputs, calibrated models can be used to estimate the contribution of each process 

to a state variable changes, using a control volume approach. Historically, material budgets 

e.g., oxygen, were typically implemented for estuarine systems through field measurements 

and a number of time- and space-averaging assumptions via a systems-scale box model 

approach. Although beneficial for understanding the system behaviour over extended periods 

(i.e., months or years), this approach cannot be used to decipher the contribution of each 

process to a state variable change caused by finer scale processes that may vary spatially and 

temporally.  

Therefore, this study presents a hybrid state and process calibration approach, aimed at 

improving mechanistic model parametrization with a focus on oxygen dynamics and 

phytoplankton. First, a calibration for SCERM is implemented, by integrating high-frequency 

oxygen and Chl-a data into the model assessment workflows, to investigate model 

performance, calibrate, and fine-tune model parameters. Simultaneously, metabolic process 

rate estimates based on data-driven Bayesian modelling, are compared to the model 

mechanistic estimates, and algal parameters are calibrated. This approach can be used to 

constrain the mechanistic model parameters based on state and process validation (Hipsey 

et al., 2020; Hipsey and Hamilton, 2015), and hence improve estimates of processes such as, 

GPP and ER. A control volume approach at Kwilena was then used to compare processes rates 

driving metabolism in low wind, high wind, algal bloom, and winter inflow scenarios. This 

work will demonstrate how a 3D coupled ecological model could be used to discern 

contributions from processes to state variables such as oxygen, in an estuarine context.   

4.3 Methodology  

4.3.1 Model description 

4.3.1.1 Hydrodynamics model  

For this study, the TUFLOW-FV programme (Wbm, 2013) is used as a 3D flexible-mesh (finite 

volume) hydrodynamic model to simulate water level, velocity, salinity, and temperature 
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distribution in the Swan and Canning domain. Variability in water level, horizontal salinity 

distribution, and vertical density stratification in response to inflows, salt-wedge dynamics, 

and surface thermodynamics are all taken into consideration by the model. The mesh (shown 

in Figure 59) is made up of triangular and quadrilateral elements of various sizes that are ideal 

for mimicking intricate estuarine morphometries. The vertical mesh discretization can use 

sigma or z-coordinates, or both; the latter is used in this work as it permits numerous surface 

Lagrangian layers. The conservative integral form of the non-linear shallow water equations, 

the advection and transport of scalar elements such as salinity and temperature, and the state 

variables from the coupled biogeochemical model, are solved using the finite volume 

numerical scheme. Using the UNESCO equation of state, the equations are solved in 3D with 

baroclinic coupling from both salinity and temperature (Fofonoff and Millard, 1983). 

TUFLOW-FV supports both 1st and 2nd order spatial integration methods.
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Figure 59  Swan estuary middle computational mesh from Mayland to Fremantle, with two focus regions shown at 1) Matilda and 2) Kwilena, where depth z is in metre 
units. 
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TUFLOW-FV solves surface momentum exchange and heat dynamics internally when 

appropriate meteorological boundary conditions are provided. The Smagorinsky scheme was 

used to compute turbulent mixing of momentum and scalars in the horizontal plane, while 

the General Ocean Turbulence Model (GOTM) (Umlauf and Burchard, 2003) was used to 

calculate turbulent mixing of momentum and scalars in the vertical plane. 

4.3.1.2 Aquatic Ecodynamic (AED) modules 

The Aquatic Ecodynamic (AED) modules developed at UWA were used in this investigation. 

The conceptual model of AED is presented in Figure 60.The AED Model may reproduce a 

variety of physical, chemical, and biological phenomena that can be broadly summarised as: 

1) kinetic (time-varying) chemical / biological changes in the water column (e.g., 

denitrification or algal growth); 2) immediate chemical reactions in the water column (e.g., 

PO4 adsorption); 3) vertical sedimentation or migration; 4) biogeochemical transformations 

in sediment or biological changes in benthos; 5) fluxes through the air-water interface; 6) 

fluxes across the sediment-water interface; and 7) fluxes across the terrestrial-water interface 

(light extinction, drag, density). The model is organised as a set of interconnected "modules". 

The simulated state variables, which are mixed, transported, and subject to boundary forcing 

by the hydrodynamic model are presented in Table 10Table 10 Relevant variables 

configurable within the proposed model framework adopted from Hipsey et al. (2016). The 

full modules list and functions are available through the SCERM science manual by Hipsey et 

al. (2016). The AED modules may be programmed to represent a various aspects of water 

quality, but in this study, the modules were mainly configured to simulate C, N, P, and DO, as 

well as inorganic nutrients, organic matter and phytoplankton. The configuration was limited 

to nutrients with phytoplankton but neither zooplankton nor bivalves (mussels), because the 

focus of this study was to simulate algal dynamics and calibrate its parametrization.    
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Figure 60 Conceptual diagram of the Swan Canning estuary model highlighting key variables and model 
interactions image reprinted from Hipsey et al. (2016). 
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4.3.1.3 The coupled model - Swan Canning Estuarine Response Model (SCERM)  

 
 

Figure 61 SCERM model workflow 

SCERM is composed of a 3D flexible-mesh (finite volume) hydrodynamic model and surface 

thermodynamics built on the TUFLOW-FV platform (BMTWBM, 2013) and dynamically 

connected with the AED2 water quality model. The AED2 water quality modules SCERM setup 

(Figure 60) replicates the C, N, P, and dissolved O2 budgets, including resolving the inorganic 

nutrients and organic matter fractions (see  Hipsey et al. (2016) for the model science manual). 

The model configuration has evolved over time in response to management demands and the 

emerging understanding of the Swan Canning estuarine system. The model was originally 
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constructed to focus on dissolved oxygen behavior in the higher reaches, as the major 

management aim was to address hypoxia difficulties (Hipsey et al., 2016b). As a result, 

capturing salt-wedge formation, sediment oxygen demand, and basic organic matter 

biogeochemistry was a main concern. To reflect the historical monitoring data from 2008 to 

2010, parameters were changed based on results from in-situ studies, literature study, and 

manual calibration (see paper in Appendix A). As a validation, the simulation was conducted 

for another two years, bringing the overall simulation period to 2008-2012 and allowing the 

model's performance to be evaluated in both wet and dry years. The organic matter was 

expanded in the second edition to better clarify labile and refractory components, to 

incorporate photolysis, and to demarcate typical sediment zones (Huang et al., 2018).  

Since then, the SCERM was expanded to incorporate processes reflecting sediment 

resuspension, phytoplankton motility, atmospheric deposition, and the seagrass-sediment 

resuspension feed-back tuned for Halophila ovalis (Adams et al., 2018). At this level of model 

application, five phytoplankton types (cyanobacteria, green algae, dinoflagellates, 

cryptophytes, and diatoms) were added to better estimate critical threats linked to low 

oxygen and harmful algal bloom occurrence. The development, decline, and sedimentation 

of each phytoplankton group was simulated utilising established mathematical 

methodologies. The adoption of group-specific settings for environmental dependence 

and/or allowing choices such as vertical migration or N fixation was used to differentiate 

across groups. Readers who are interested in the mathematical parameterizations in the AED 

modules and other features of the water quality model are directed to  Hipsey et al. (2016) 

and Huang et al. (2019). 

4.3.2 Model setup, initial and boundary conditions, budget scenarios 

The SCERM model was implemented on a high resolution 3D curvilinear grid (98047 cells with 

a flexible mesh extending upstream from Swan and Canning Rivers to Fremantle at the 

estuary mouth. The hydrodynamic model was forced with Swan and Canning river tributaries 

flows, sediment loads, and local meteorology at South Perth weather station and was 

calibrated and validated through the work of Hipsey et al. (2016) and Huang et al. (2018). 

Daily mean incident Photosynthetically Active Radiation (PAR) was calculated from the 

meteorological forcing. Nutrient loads into the estuary were estimated from observations for 
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the Swan Canning Estuary through the Water Information Reporting website 

(http://wir.water.wa.gov.au). Monthly surface, bottom, and profile water quality 

observations collected by Department of Water and Environmental Regulation (DWER) along 

the Swan Canning Estuary (Table 9) were interpolated in space and time and mapped onto 

the hydrodynamic model domain, to approximate realistic horizontal and vertical gradients 

in concentrations. The model was initialised in December 2019 using this water quality data 

and nearby physical forcing observations. Fortnightly monitoring data from the DWER sites 

and high frequency data collected at the Kwilena and Matilda sites were integrated with the 

model output for model assessment, calibration and validation. Simulations ran for 6 months 

following a 2-week spin-up period (5-19 Dec 2019), with a run time to real time ratio of ~4 

months: 5hrs and 40 minutes (Linux using Ubuntu 20.04.3 LTS (GNU/Linux 5.11.0-41-generic 

x86_64)). 

Table 9  Information and coordinates of sites in the Swan Canning Estuary where data is collected for the 
calibration and validation of the model 

Region SiteRefName Site Full Name Model sites Easting Northing 
Swan river   BLA Blackwall Reach s6160258 385172 6457020 

ARM Armstrong Spit s6160259 387504 6458161 

KIN 
Kingsley 
Success s6161821 401768 6468783 

SUC Success Hill s6161879 401585 6470349 
HEA Heathcote s6161869 389983 6459538 
NAR Narrows Bridge s6160262 391215 6463014 
NIL Nile Street s6160263 394660 6464027 
STJ St John’s Hospital s6161870 397308 6464439 
MAY Maylands Pool s6160764 396801 6465716 

WMP 
West Midland Pool  s6161854  

 
404439 6471549 

MSB 
Middle Swan Bridge 
Jane 

s6161086  
 406263 6474166 

Canning river   SAL Salter Point s6161838 393509 6455593 
RIV Riverton Bridge s6161837 396239 6455988 
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Table 10 Relevant variables configurable within the proposed model framework adopted from Hipsey et al. 
(2016).  

Symbol Variable 
name 

Description Units 

Physical variables 
T Temperature Temperature modelled by hydrodynamic model, subject to 

surface heating and cooling processes 
°C 

S Salinity Salinity simulated by the hydrodynamics model, impacting 
density. Subject to tributary, drain and groundwater inputs 

psu 

EC Electrical 
conductivity 

Derived from salinity and temperature µS cm-1 

IPAR Shortwave 
light intensity 

The PAR fraction of incident light, Io , is attenuated as a function 
of depth 

mE m-2 s-1 

IUV UV light 
intensity 

The UV fraction of incident light, Io , is attenuated as a function 
of depth 

mE m-2 s-1 

ȠPAR PAR 
extinction 
coefficient 

Bandwidth specific extinction coefficient computed based on 
organic matter and suspended material 

m-1 

ȠUV UV extinction 
coefficient 

m-1 

Core biogeochemical variables 
DO Dissolved 

oxygen 
Impacted by photosynthesis, organic decomposition, 
nitrification, surface exchange, and sediment oxygen demand 

mmol O2 m-3 

RSi Reactive Silica Algal uptake and subsequent sedimentation, sediment flux mmol Si m-3 
FRP Filterable 

reactive 
phosphorus 

Algal uptake, organic mineralization, sediment flux; 
adsoprtion/desorption to/from particles 

mmol P m-3 

FRP-ADS Particulate 
inorganic 
phosphorus 

Adsoprtion/desorption of/to free FRP mmol P m-3 

NH4
+ Ammonium Algal uptake, nitrification, organic mineralization, sediment flux mmol N m-3 

NO3
- Nitrate Algal uptake, nitrification, denitrification, sediment flux mmol N m-3 

CPOM Coarse 
particulate 
organic 
matter 

Breakdown to POM by macroinvertebrates mmol C m-3 

DOC-R Refractory 
DOC 

Enzymatic hydrolysis to more labile DOM, sediment flux, 
photolysis 

mmol C m-3 

DON-R Refractory 
DON 

  mmol C m-3 

DOP-R Refractory 
DOP 

  mmol C m-3 

DOC Dissolved 
organic 
carbon 

Mineralization, algal excretion mmol C m-3 

DON Dissolved 
organic 
nitrogen 

  mmol N m-3 

DOP Dissolved 
organic 
phosphorus 

  mmol P m-3 

POC Particulate 
organic 
carbon 

Enzymatic hydrolysis (breakdown) to DOM, settling, algal 
mortality, and loss to grazing 

mmol C m-3 
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Symbol Variable 
name 

Description Units 

PON Particulate 
organic 
nitrogen 

  mmol N m-3 

POP Particulate 
organic 
phosphorus 

  mmol P m-3 

TP Total 
Phosphorus 

Sum of all P state variables mmol P m-3 

TN Total 
Nitrogen 

Sum of all N state variables mmol N m-3 

TKN Total Kjedahl 
Nitrogen 

Sum of relevant N state variables mmol N m-3 

CDOM Chromophori
c Dissolved 
Organic 
Matter 

Related from DOC-R and DOC concentrations mmol C m-3 

Plankton groups 
SYNE Synechoccocc

us / 
picoplankton 

  mmol C m-3 

BGA Blue Green 
Algae 
excluding 
Synechoccocc
us 

  mmol C m-3 

CRYPT Cryptophytes   mmol C m-3 
DIATOM Diatoms Growth based on photosynthesis, respiration, excretion and 

mortality, and loss to grazing 
mmol C m-3 

DINO Karlodinium / 
Dinoflagellate 
group 

  mmol C m-3 

GRN Chlorophytes   mmol C m-3 
TCHL-A Total 

Chlorophyll-a 
Sum of the algal groups, converted to pigment concentration mmol C m-3 

Benthic groups 
MPB Microphytobe

nthos 
Growth based on photosynthesis, respiration mmol C m-2 

ZOST Zostera 
biomass 

  mmol C m-2 

HALO Halophila 
biomass 

  mmol C m-2 

Suspended sediment and related properties 
SSs Suspended 

solids groups 
Settling, resuspension g SS m-3 

Turbidity Turbidity Computed based on SS, TCHL-A, CPOM and POM NTU 
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Figure 62 Selected middle basin depth contours in (m Australian Height Datum) used for residence time 
calculations for low wind, high wind, algae bloom, and new masses scenarios including Swan and Canning 
rivers inflows, and ocean outflow. 

Back of the envelope calculations for residence time was conducted based using tidal range, 

sum of the inflow for the middle basin from the Swan and Canning river and taking the middle 

basin area of (18557602 m2) and volume (86870934.6 m3) calculated using QGIS tools. Results 

of the calculations are detailed in Table 11 below. The highest residence time was in low wind 

scenario (7.4 days), followed by high wind (5.26 days), algae bloom (5.2 days), and finally new 

masses scenario (3.66 days). 

Table 11  Scenarios and residence time calculations for the middle basin 

Scenario  Date Sum inflow 
from swan 
and canning 
river(m3/d) 

(high-low)tide 
(m)*middle 
basin Area 
(m2) 

Residence 
time 
(days) 

Low wind  
4/03/2020 00:00 to 10/03/2020 
23:30 PM 0.068 11691289.26 7.43 

High wind  
9/12/2019 00:00 to 20/12/2019 
23:45 PM 1.28 16516265.78 5.26 

Algae 
bloom  

19/01/2020 00:00 to 17/02/2020 
23:45 PM 0.09 16701841.8 5.20 

New 
masses  

1/07/2020 00:00 to 08/08/2020 23:45 
PM 4.19 23753730.56 3.66 
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4.3.3 Oxygen budget  

 

Figure 63 Schematic of the process-based approach focus of this study.  

The oxygen budget was calculated through the implementation of a control volume approach 

(Figure 63). AED assumes that oxygen dynamics result from atmospheric oxygen exchange, 

sediment oxygen demand, oxygen production by photosynthesis, and oxygen consumption 

by phytoplankton, zooplankton and bivalves, oxygen consumption by bacterial respiration of 

DOC, and oxygen consumption by nitrification. The mass balance of oxygen dynamics can be 

written as:  

� 𝜕𝜕𝑂𝑂2
𝜕𝜕𝜕𝜕

 = 
𝑐𝑐𝑐𝑐

 N⏟
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑐𝑐𝐶𝐶𝜕𝜕𝐶𝐶𝑐𝑐𝐶𝐶 𝜕𝜕𝐶𝐶𝐶𝐶𝑡𝑡

+ 𝑟𝑟𝑂𝑂2�
𝐶𝐶𝐶𝐶𝐶𝐶−𝑐𝑐𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑐𝑐𝐶𝐶𝜕𝜕𝐶𝐶𝑐𝑐𝐶𝐶  𝜕𝜕𝐶𝐶𝐶𝐶𝑡𝑡 

                                                                     (11) 

Where 

� 𝜕𝜕𝑂𝑂2
𝜕𝜕𝜕𝜕

 
𝑐𝑐𝑐𝑐

  rate of change of oxygen concentration in a control volume in time   

𝑁𝑁 is is the combined flux term which represents the mass of oxygen going through a unit 

volume which includes diffusive and advective fluxes (TUFLOWFV flux term) and can be 

written as:  
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N = 𝐷𝐷𝑂𝑂2𝛻𝛻
2 𝑂𝑂2 + �⃗�𝑣 𝛻𝛻 𝑂𝑂2                                                                                                                  (12) 

Then equation (11) becomes  

� 𝜕𝜕𝑂𝑂2
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𝐶𝐶𝐶𝐶𝐶𝐶−𝑐𝑐𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑐𝑐𝐶𝐶𝜕𝜕𝐶𝐶𝑐𝑐𝐶𝐶  𝜕𝜕𝐶𝐶𝐶𝐶𝑡𝑡 

          

where 𝑟𝑟𝑂𝑂2  is rate of oxygen consumption or production (in case of biological reactions such as 

GPP, or chemical reactions such as nitrification), or the removal or addition of oxygen (in case 

of atmospheric exchange). 

For a specific control volume, the non-conservative term can be re-written as  
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𝑃𝑃𝑃𝑃𝑌𝑌 � −𝑁𝑁𝑃𝑃𝑃𝑃𝑌𝑌

𝐶𝐶

 ∑ �
𝑓𝑓𝑚𝑚𝑚𝑚𝑟𝑟𝑢𝑢
𝑃𝑃𝑃𝑃𝑌𝑌𝑢𝑢

𝑓𝑓 𝑥𝑥𝐷𝐷:𝐷𝐷2
𝑃𝑃𝑃𝑃𝑌𝑌 �

𝑁𝑁𝑃𝑃𝑃𝑃𝑌𝑌
𝐶𝐶 − ∑ �

𝑓𝑓𝑢𝑢𝑢𝑢𝑛𝑛𝑢𝑢𝑢𝑢𝑚𝑚
𝑍𝑍𝐷𝐷𝐷𝐷𝑧𝑧 

𝑓𝑓 𝑥𝑥𝐷𝐷:𝐷𝐷2
𝑍𝑍𝐷𝐷𝐷𝐷 � − ∑ �

𝑓𝑓𝑢𝑢𝑢𝑢𝑛𝑛𝑢𝑢𝑢𝑢𝑚𝑚
𝐵𝐵𝐵𝐵𝐵𝐵𝑧𝑧 

𝑓𝑓 𝑥𝑥𝐷𝐷:𝐷𝐷2
𝐵𝐵𝐵𝐵𝐵𝐵 � 𝑁𝑁𝐵𝐵𝐵𝐵𝐵𝐵

𝑧𝑧  𝑁𝑁𝑍𝑍𝐷𝐷𝐷𝐷
𝑧𝑧                                                                                            

(13) 

where  

𝑓𝑓𝐶𝐶𝜕𝜕𝑡𝑡
𝑂𝑂2  is atmospheric oxygen exchange   

𝑓𝑓𝐶𝐶𝐶𝐶𝑠𝑠 
𝑂𝑂2  is sediment oxygen demand 

𝑓𝑓𝑡𝑡𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 
𝐷𝐷𝑂𝑂𝐶𝐶

𝑓𝑓 𝑥𝑥𝐶𝐶:𝑂𝑂2
𝑡𝑡𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 

oxygen consumption by bacterial respiration of DOC 

𝑓𝑓𝐶𝐶𝐶𝐶𝜕𝜕𝐶𝐶𝐶𝐶𝑓𝑓
𝑓𝑓 𝑥𝑥𝑁𝑁:𝑂𝑂2
𝐶𝐶𝐶𝐶𝜕𝜕𝐶𝐶𝐶𝐶𝑓𝑓 

oxygen consumption by nitrification 

� �
𝑓𝑓𝑢𝑢𝑢𝑢𝜕𝜕𝐶𝐶𝑢𝑢𝐶𝐶
𝑃𝑃𝑃𝑃𝑌𝑌𝑢𝑢

𝑓𝑓 𝑥𝑥𝐶𝐶:𝑂𝑂2
𝑃𝑃𝑃𝑃𝑌𝑌 � 

𝑁𝑁𝑃𝑃𝑃𝑃𝑌𝑌

𝐶𝐶

 
oxygen production by phytoplankton photosynthesis 

� �
𝑓𝑓𝐶𝐶𝐶𝐶𝐶𝐶𝑢𝑢
𝑃𝑃𝑃𝑃𝑌𝑌𝑢𝑢

𝑓𝑓 𝑥𝑥𝐶𝐶:𝑂𝑂2
𝑃𝑃𝑃𝑃𝑌𝑌 �

𝑁𝑁𝑃𝑃𝑃𝑃𝑌𝑌

𝐶𝐶

 
oxygen consumption by phytoplankton respiration 

� �
𝑓𝑓𝑢𝑢𝑢𝑢𝜕𝜕𝐶𝐶𝑢𝑢𝐶𝐶
𝑍𝑍𝑂𝑂𝑂𝑂𝑧𝑧 

𝑓𝑓 𝑥𝑥𝐶𝐶:𝑂𝑂2
𝑍𝑍𝑂𝑂𝑂𝑂 � 

𝑁𝑁𝑍𝑍𝐷𝐷𝐷𝐷

𝑧𝑧

 
oxygen consumption due to zooplankton respiration, note that the impact of 

zooplankton is included in the equation, however as mentioned above, the 

zooplankton module was not implemented in my application. 
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� �
𝑓𝑓𝑢𝑢𝑢𝑢𝜕𝜕𝐶𝐶𝑢𝑢𝐶𝐶
𝐵𝐵𝐵𝐵𝐵𝐵𝑧𝑧 

𝑓𝑓 𝑥𝑥𝐶𝐶:𝑂𝑂2
𝐵𝐵𝐵𝐵𝐵𝐵 � 

𝑁𝑁𝐵𝐵𝐵𝐵𝐵𝐵

𝑧𝑧

 
oxygen consumption due to bivalves respiration, note that the impact of 

bivalves is included in the equation, however as mentioned above, the bivalves 

module was not implemented in my application. 

 

The coupled AED and TUFLOWFV model outputs the non-conservative total fluxes of oxygen 

across a nodestring boundary established for a control volume as a csv flux file. Nodestrings 

are a string of nodes that can be used to define the location of boundary condition 

inflows/outflows.  As explained earlier, the oxygen change term includes all the advected and 

diffused oxygen across the control volume in addition to the non-conservative terms. Hence, 

the advective and diffusive terms can be back calculated from the oxygen change and the 

estimated non-conservative terms in equation (11). Because the output time step is 15 

minutes, time conversions are necessary to account for the process time in secs as per Table 

12. 

Table 12  Unit conversion and signs for SCERM model processes relevant to oxygen concentration changes 

Parameter Description  Model 
Unit 

Model 
time 
step 

Time 
conv
ersio
n 

Conversion 
factor  

Final unit  Sign 

WQ_DIAG_NIT
_NITRIF 

nitrification 
rate 

mmol 
N/m3/d 

15 
minutes 

/963  2 4 *32mg/(m
mol )* 106 

To Kg O2  - 

WQ_DIAG_OX
Y_ATM_OXY_F
LUX 

O2 exchange 
across 
atmospheric 
/water 
interface 

mmol/
m2/d 

15 
minutes 

/96 32mg/(mmol 
)* 106 

To Kg O2  -/+ 

WQ_DIAG_OX
Y_SED_OXY 

O2 exchange 
across 
sediment 
/water 
interface 

mmol/
m2/d 

15 
minutes 

/96 32mg/(mmol 
)* 106 

To Kg O2  - 

WQ_DIAG_PH
Y_NCP 

net 
community 
production 

mmol/
m3/d 

15 
minutes 

/96 32mg/(mmol 
)* 106 

To Kg O2  +/- 

                                                       

3 Denominator= (1d/24hrs)*(1hr/60mins)*time step (15mins) =1440/15 =96  
4 The 2 ratio of O2 to N utilised during nitrification. 
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WQ_DIAG_PH
Y_BCP 

benthic net 
productivity 

mmol/
m2/d 

15 
minutes 

/96 32mg/(mmol 
)* 106 

To Kg O2  +/- 

WQ_OXY_OXY Oxygen  mmol/
m3 

15 
minutes 

- 32mg/(mmol 
)* 106 

To Kg O2  + 

WQ_DIAG_OG
M_DOC_MINE
R 

DOC 
mineralisatio
n 

mmol/
m3/d 

15 
minutes 

/96 32mg/(mmol 
)* 106 

To Kg O2  - 

Vol Volume  m3 - - *1000 L L + 

 

Through the implementation of a control volume, the parameters of the oxygen budget can 

be estimated. This allows for the estimation of the water column net ecosystem metabolism 

for instance if the top layer is considered through finding the difference between gross 

primary productivity and ecosystem respiration NEP=GPP-ER.  Although the schematic shows 

shallow and deep sites, for simplicity, the calibration and validation will be focused on the 

Kwilena site, where a number of the water quality parameters used for phytoplankton 

calibration are either measured or estimated. Moreover, the zooplankton term and bivalves 

is not included in this analysis as it requires calibration with field data which are not currently 

available. The implications of not including this term on the model results discussed below. 

4.3.3.1 Budget terms calculations  

In order to examine the relative contributions from each process in equation (11) to dissolved 

oxygen changes, the budget terms were calculated individually from the SCERM model output. 

The Kwilena site was selected as the control volume (Figure 63) and the start and end time 

for process integration was every 15 minutes. Process rates estimated through SCERM output 

were either expressed as 2D, 3D, or flux rates. The 3D process rates were volumetric rates 

requiring the layer volume at the time step, to estimate its mass of oxygen. The 2D process 

rates were an aerial rate requiring the cells’ area. The flux variable had a unit of mass per 

second. The flux concentration contribution was estimated from subtracting oxygen change 

across the time interval, from the non-conservative terms. A detailed graphical 

representation of the budget terms calculations are presented in Table 12.  
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Table 13  Process rates estimation graphical representations and calculations based on SCERM model output  

 

3D process rate 
Step 1 

• Oxygen stock every 15 mins  
At each time step to 
∆𝑂𝑂2,3𝐷𝐷 = ∫ ∫ (𝑂𝑂𝑂𝑂𝑂𝑂_𝑂𝑂𝑂𝑂𝑂𝑂)𝑐𝑐

1 𝜕𝜕𝑜𝑜

𝑙𝑙
1 ∗ 𝑣𝑣𝑙𝑙 𝑑𝑑𝑣𝑣   

Where  
O2 stock in (mmol every 15 mins)  
c is the 2D cells in the polygon 
𝑙𝑙 is layer in the water column  
𝑣𝑣𝑙𝑙 is the water layer volume in m3 
Model export is in mmol/m3 15 mins 

• Rate of change for a 3D process  
At each time step to 

GPP and nitrification terms are estimated in the same manner as followed 

∑ �
𝑓𝑓𝑢𝑢𝑢𝑢𝑛𝑛𝑢𝑢𝑢𝑢𝑚𝑚
𝑃𝑃𝑃𝑃𝑌𝑌𝑢𝑢

𝑓𝑓 𝑥𝑥𝐷𝐷:𝐷𝐷2
𝑃𝑃𝑃𝑃𝑌𝑌 �

3𝐷𝐷

𝑁𝑁𝑃𝑃𝑃𝑃𝑌𝑌
𝐶𝐶 =   ∫ ∫ �

𝑓𝑓𝑢𝑢𝑢𝑢𝑛𝑛𝑢𝑢𝑢𝑢𝑚𝑚
𝑃𝑃𝑃𝑃𝑌𝑌𝑢𝑢

𝑓𝑓 𝑥𝑥𝐷𝐷:𝐷𝐷2
𝑃𝑃𝑃𝑃𝑌𝑌 �𝑐𝑐

1
𝜕𝜕𝑜𝑜

𝑙𝑙
1 ∗ 𝑣𝑣𝑙𝑙 𝑑𝑑𝑣𝑣 /96 

Model export is in mmol /m3/d 15 mins 
To convert to 15 mins data, each time step value is divided by 96.  
Step 2 
Output total control volume (m3) every 15 mins from model  
Step 3 
Convert mmol to  mg O2 based on the mwt and stoichiometry ratio for N:O 2:1  
While C:O stoichiometry ratio 1:1 
Step 4  
Calculate concentration of process/15 mins =  (mass (mg O2)/ total control volume (m3) 
1m3/1000L 

2D process rate 
Step 1 

• Rate of change for a 2D process at 
each time step to 

SOD in (mmol/15 mins) 
𝑓𝑓𝐶𝐶𝐶𝐶𝑠𝑠,3𝐷𝐷 
𝑂𝑂2 =  ∫ �𝑓𝑓𝐶𝐶𝐶𝐶𝑠𝑠 

𝑂𝑂2 �𝑐𝑐
1 𝜕𝜕𝑜𝑜

∗ 𝐴𝐴𝑐𝑐 /96) 

Where  
𝑓𝑓𝐶𝐶𝐶𝐶𝑠𝑠,3𝐷𝐷 
𝑂𝑂2  3D SOD in mmol/15 mins 
𝐴𝐴𝑐𝑐 is the 2D cell area 
SOD model export units  mmol /m2/d 
Air water exchange is  also estimated in the 
same manner  
Step 2 
Output total control volume (m3) every 15 mins from model  
Step 3 
Convert mmol to mg O2 based on the mwt of O2 
Step 4  
Calculate concentration of process/15 mins=  (mass (mg O2)/ total 
control volume (m3) * 1m3/1000L 
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4.3.4 Model calibration and validation  

Previous work done on model calibration in the estuary is summarized by Hipsey et al. (2016). 

They demonstrated that the model showed good agreement between predictions and 

monitoring data from 30 sites for 14 water quality variables (e.g., oxygen, temperature, 

salinity, TP,TN ), both in the surface and bottom waters, for the period from 2008-2012.  

Since then, model updates have included: 1) mesh refinement for the upper estuary and the 

Canning River; 2) the establishment of control volumes for high frequency measurement sites 

to allow estimation of flux parameters across boundaries; 3) the addition of seagrass to the 

domain based on DBCA mapping to address its impacts on the water column biogeochemistry 

generally and oxygen specifically.  

For study presented in this thesis, model calibration was performed on parameters from the 

hydrodynamic model TUFLOW-FV (heat and weather parameters), and algae parameters 

from ecological model AED following the steps in Figure 64.  Following the calibration, the 

performance of the selected calibration parameter set was assessed based on visual 

inspection of time series plots of simulated and observed data along with a number of 

quantitative measures. Statistical coefficients were considered, including correlation 

coefficient (R), root mean squared error (RMSE), percentage bias (% BIAS), and mean Absolute 

Error (MAE). The uncertainty bounds of the predicted output likelihood weighted distribution 

was also calculated using the 90% confidence percentiles.
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Figure 64  SCERM model calibration workflow 
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4.3.4.1 Heat and weather parameters calibration 

The main hydrodynamic parameters that required calibration, relative to the default 

parameters appropriate for estuarine systems were albedo, wind speed, and cloud cover. Two 

longwave radiation models were examined. The first model (model 3) calculated incident 

longwave radiation (generated by air) assuming the Stefan-Boltzmann Law with a correction 

for cloud cover following TVA (1972)as described in (Wbm, 2013). The second model (model 

4) similarly estimated the incident longwave radiation with a latitudinal correction for cloud 

cover and included water surface reflection of longwave radiation based on an albedo. 

However, long wave radiation emitted by the water surface was computed using the air-water 

temperature difference following Zillman (1972) as described in (Wbm, 2013). The best heat 

model was then selected to test the impact of albedo on water temperature, with values 

ranging 0.08 - 0.5. Wind scaling factors of 1, 0.2, and 0.6 were utilized to investigate its impact 

on oxygen dynamics and temperature, and a value of 0.6 was found suitable based on an 

initial correlation of wind speed between South Perth (terrestrial weather station) and 

Matilda (estuary) weather station for the year 2019-2020 as per Figure 85 in Appendix E.  

Finally, a scaling factor of 0.1 was implemented for cloud cover data from South Perth 

weather station. 

4.3.4.2  Algae parameters calibration ( Kephy , Rg, Rresp ) 

The Swan Canning Estuary contains more than 390 phytoplankton species (Vuong, 2020). To 

model algal biomass, numerous plankton functional types (PFTs) are used, which are often 

specified by particular groupings such as diatoms, dinoflagellates, and cyanobacteria. Five 

primary PFT groups dominate the Swan Canning Estuary namely diatoms, dinoflagellates, 

cryptophytes, cyanobacteria (blue-green algae (BGA)), and others, which lump together the 

other categories (Vuong, 2020). While each simulation group is distinct, they all share a basic 

mathematical methodology and replicate growth, mortality, and sedimentation processes, as 

well as configurable internal nitrogen, phosphorus, and/or silica reserves if required. The 

adoption of group-specific criteria for environmental dependence, as well as the availability 

of choices such as vertical migration or N fixation, varies between different algae groups.  

Algal biomass (PHYc) is modelled in carbon units (mmol C m-3), and the group may be adjusted 

to have a fixed C:N:P:Si ratio or dynamic absorption of N and P sources in response to changing 
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water column conditions and cellular physiology. For every phytoplankton group, the 

maximum potential growth at 20oC is multiplied by the minimum value of the expressions for 

limitation by light, phosphorous, nitrogen, and silica (when configured). Although limiting 

factors may interact, a realistic representation of growth limitation can be attained through 

a minimum expression (Hipsey et al., 2016; Rhee and Gotham, 1981). Consequently, the 

update of carbon through photosynthesis is a function of temperature, light, and nutrient 

dimensionless numbers adopted from Hipsey et al. (2016). The model also implements 

vertical migration of algae groups such as dinofllagelates. 

To improve the model oxygen estimation due to gross primary productivity, algae parameters 

were calibrated based on field data. As a starting point, maximum growth values were guided 

by the biomass ratio of the dominant groups in the Swan Canning Estuary to be able to 

generate a similar ratio of algae groups through the model. After running a simulation with 

the changed growth rates, model GPP values were examined. For high GPP outputs, these 

maximum growth parameters were either lowered, or the respiration value was increased 

until the gross primary was close to the field data (estimated from Bayesian model). Several 

permutations of Rgrowth, Rresp, and Kephy were implemented to reach an optimum result which 

would reflect oxygen levels, Chl-a levels, and gross primary and respiration observed in the 

field.  

4.3.4.3 Model validation  

The Swan Canning Estuary biogeochemical model for the period Dec 2019- Dec 2020 was 

assessed against three validation criteria Rykiel, (1996): 

1. The model simulated the correct water temperature at Kwilena and Matilda sites. 

2. The model simulated the correct magnitude of dissolved oxygen, gross primary 

productivity, respiration, and Chl-a compared with field observations at the Kwilena 

site in 2019-2020. 

3. The model simulated the correct diel oxygen concentration at the Kwilena and Matilda 

sites.  

There were insufficient observations to fully validate model simulations of phytoplankton 

group composition, zooplankton and bivalves biomass and group composition, macrophyte 



Identification of controls on estuary metabolism using high-frequency data and numerical modelling 

4 Challenges in capturing metabolism in an estuary model metabolism                                                     Saeed, A.A. 

147 

biomass and sediment biogeochemistry. Whilst results from these elements of the model 

appear realistic and are consistent with our understanding of the system they are unvalidated 

and should be treated with caution.
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Table 14  A description of models and process parameters and both the baseline and selected values for TUFLOW FV and AED model based on high frequency data and 
Bayesian metabolic estimates. 

Model  Model/ Parameter name Description Baseline analysis value/range Selected calibration value 
TUFLOW FV 
Atmospheric 
Heat 
Exchange 
and global 
boundary 
conditions 

Heat LONGWAVERADIATIONMODEL 4  
 
 

Incident long wave 
radiation with corrections 
for cloud cover and the 
long wave radiation 
emitted by the water 
surface due to the 
air/water temperature 
difference following 
Zillman (1972) - requires 
incident downward long 
wave radiation, cloud 
cover and air temperature 
Inputs 

LONGWAVERADIATIONMODEL 3  
SHORTWAVERADIATIONALBEDO 
=0.08 

LONGWAVERADIATIONMODEL 4  
SHORTWAVERADIATIONALBEDO=0.4 
 

LONGWAVERADIATIONMODEL 3  
 
 
 
SHORTWAVERADIATIONALBEDO 

Incident long wave 
radiation is calculated 
assuming the Stefan-
Boltzmann law with a 
correction for cloud cover 
following TVA (1972) - 
requires incident 
downward long wave 
radiation and cloud cover 
inputs 
Mean short wave 
radiation albedo at the 
equator. 

 
 
 
 

 
 
 
 

Wind Wind speed  Input boundary conditions  Boundary condition wind speed Scale factor 0.6  
Cloud cover Cloud cover  Input cloud cover  Boundary cloud cover 2019-2020 Scale factor 0.1 

 Phytoplankton  R_growth Green 1.3 0.125 
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Model  Model/ Parameter name Description Baseline analysis value/range Selected calibration value 
AED   

 
R_growth 

Phytoplankton maximum 
growth rate @20C (/day) 

Cyanobacteria (Blue-
green algae) 

1.2 1.125 

 Cryptophyte 1.8 0.75     
Phytoplankton  Diatom 2.1  0.5       
 Dinoflagellates 0.55 1.25         
 Karlodinium 0.4 0.125 
    
 R_resp Phytoplankton 

respiration/metabolic loss 
rate @ 20 (oC) 

Green 0.07 0.006625  
 Cyanobacteria (Blue- 

green algae) 
0.08 0.375       

 Cryptophyte 0.0912 0.15       
 Diatom 0.0715 0.0825  
 Dinoflagellates 0.05  0.2  
 Karlodinium 0.08  0.15        
    
 KePHY Specific attenuation 

coefficient (mmol C m-4) 
Green 0.0041 0.0041 

   Cyanobacteria (Blue-
green algae) 

0.0051 0.0051 

   Cryptophyte 0.006 0.006 
   Diatom 0.0048 0.0048 
   Dinoflagellates 0.003 0.04 
   Karlodinium 0.005 0.005 
Parameters based on the following information: 
Chan (2006) : Phytoplankton dynamics in a seasonal estuary 
Cerco and Cole (1993): Three-Dimensional Eutrophication Model of Chesapeake Bay 
Sarthou et al. (2005): Growth physiology and fate of diatoms in the ocean: a review 
Wild-Allen et al. (2010): Applied coastal biogeochemical modelling to quantify the environmental impact of fish farm nutrients and inform managers  
Robson and Hamilton (2004): Three-dimensional modelling of a Microcystis bloom event in the Swan River estuary, Western Australia 
Griffin et al. (2001): Zooplankton grazing dynamics: top‐down control of phytoplankton and its relationship to an estuarine habitat 
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4.4 Results  

4.4.1  Model calibration for the water column 

The SCERM model was calibrated for the period Dec 2019 to 30 Mar 2020. Most model 

outcomes showed a reasonable fit with the field data at that time. The heat budget 

reproduced the water temperature in the validation period, showing good agreement with 

the observed data (R = 0.81, Table 15) for Kwilena and (R= 0.74) for Matilda. For oxygen 

concentration, the model produced the similar seasonal dynamics to observed. However, it 

tended to underestimate the values measured in the calibration period Dec 2019 to March 

2020 (R = 0.5, Table 2). The salinity was also in good agreement for Kwilena (R=0.9904) with 

a slight understimation observed at Matilda (R=0.97). The seasonal patterns of chlorophyll-a, 

were not tracked well by the model (R= 0.09, Table 15)  under the baseline condition, however, 

showed a 139.6% increase in Chl-a value after calibration for Kwilena (the only site that had 

high frequency Chl-a data).  

Table 15 Statistical comparison between model simulations and field measurements (median values) of water 
surface temperature, dissolved oxygen concentration, salinity, and Chlorophyll-a over the calibration period 
(5 Dec 2019– 30 Mar 2020) and the full year validation simulation (2019-2020), RMSE = root mean square error, 
and R is the correlation coefficient. 

Simulation  
Calibration simulation (Dec 2019- 
Mar 2020) 

Best simulation full year validation 
(2019-2020) 

Site Kwilena Matilda Kwilena  Matilda 

Water quality parameter R RMSE R 
RMS
E R RMSE R RMSE 

Water temperature (oC) 0.8143 0.79 0.74 0.63 0.9846 1.16 0.9874 0.71 

Dissolved oxygen (mg/l) 0.5329 0.76 0.12 0.96 0.6931 0.98 0.2302 1.03 
Salinity (psu) 0.9904 0.6 0.97 2.22 0.9623 1.21 0.8665 1.9 
Chlorophyll-a (ug/L) 0.0904 3.79 - - 0.2166 3.2 - - 

 

4.4.2 Oxygen dynamics and metabolism results for the best scenario calibration 

Metabolism at Kwilena showed day-to-day variation for GPP and ER (Figure 65 b and c). GPP 

and ER showed higher estimates during early summer with GPP dropping and respiration 

increasing as light availability and temperature dropped. Higher values of GPP and ER at the 

beginning of the simulations was observed in mid December 2019 to mid January 2020. The 

mechanistic model produced a good agreement in GPP, ER with the Bayesian model estimates, 
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in addition to high frequency field Chl-a data  (Figure 65 j). However, the mechanistic model 

reproduced the mean oxygen with only fair agreement (R =0.5), while diel oxygen levels had 

poor agreement with field data (Figure 65 a and d).  

 

Figure 65  Assessment plots at Kwilena presenting the left panel includes a) timeseries of diel dissolved oxygen 
excursions for model versus field, b)  timeseries of GPP model and field,  c) timeseries R model and field from 
Dec 2019 to April 2020. The right panel includes d) scatter plot of diel dissolved oxygen excursions for model 

a) 

b) 

c) 

d) 

e) 

f) 

j) 
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versus field, e) scatter plot of GPP model versus field f) scatter plot of R model versus field j)scatter plot of Chl-
a model versus field. All data presented are from Dec 2019 to April 2020. 

 

Figure 66 Validation plots at Matilda and Kwilena using the calibrated model parameters for a full year from 
Dec 2019 to Dec 2020.Note that biomass concentration of dinoflagellates (WQ PHY DINO) is in units mmol 
Carbon/m3. 
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The full validation simulation highlighted the ability of the model to reproduce mean oxygen 

levels in the summer months and the winter months. The biomass plots of the model output 

highlighted the dominance of dinoflagellates algae groups over the other algae parameters 

(Figure 58 model results and Figure 75 for field data). 
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Figure 67  Assessment plots highlighting: a) timeseries of diel dissolved oxygen excursions for model versus 
field, b ) timeseries of GPP model and field from Dec 2019 to Dec 2020, c) timeseries R model and field from 
Dec 2019 to Dec 2020,  d) scatter plot of diel dissolved oxygen excursions for model versus field, e) scatter plot 
of GPP model versus field from Dec 2019 to Dec 2020,  f) scatter plot of R model versus field from Dec 2019 to 
Dec 2020 , j)scatter plot of Chl-a model versus field from Dec 2019 to Dec 2020. 

 

a) 

b) 

c) 

d) 

e) 

f) 

j) 
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Table 16 Comparing model dissolved oxygen fit performance (R2 &RMSE) and metabolism estimation from 
data-driven approach (Bayesian) and 3D coupled model oxygen at Kwilena 

Metric Coupled model (full run duration) Bayesian model (averaged for 3 scenarios) 

R 0.6931 0.76 

RMSE 0.98 0.34 

 

A comparison of the dissolved oxygen model fit for SCERM versus the data driven model (SM) 

is presented in Table 6. Results highlighted the superiority of the Bayesian model in fitting and 

predicting high frequency field data. 

To illustrate the power of the mechanistic model, an oxygen budget was implemented for the 

control volume at Kwilena for a full year, and includes subsets of the scenario periods 

presented in Chapter 3. This includes periods of low wind, high wind, an algal bloom and new 

masses flowing into the control volume. Dissolved oxygen concentrations were found to 

oscillate between +/- 0.04 mg/L in 15 mins intervals (Figure 68).  

Back  
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Figure 68   Dissolved oxygen concentration change (mg/L) at Kwilena site control volume for 11 months at 15 mins interval (4/12/2019 12:00 to 26/11/2020 8:45:00 PM) 
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This change was broken down to its constituents, as per the budget equation, to identify the 

main processes causing the changes such as transport, GPP, R, DOC mineralization rate, 

nitrification rates, sediment oxygen demand, air water exchange, and net benthic community 

production (BCP) all in units mg L-1/15 mins (Figure 69). 

The dissolved oxygen budget in the Kwilena control volume showed a seasonal pattern, with 

higher GPP inferred from the net community production (NCP ) calculated as(NCP= GPP-R) 

values in summer versus winter months. The main contributor to the oxygen changes were 

transport processes, noting that this control volume held around 1.09 E+06 m3 of water on 

average. Nitrification and sediment oxygen demands removed oxygen at a higher rate in the 

summer compared to the winter months, with net benthic community production being a 

constant sink for dissolved oxygen throughout the year (Figure 69). 
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Figure 69   Process contribution to oxygen concentrations change (mg/L. 15 mins) at Kwilena site control volume for 11 months at 15 mins interval (4/12/2019 12:00 to 
26/11/2020 8:45:00 PM)
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Atmospheric air water exchange removed oxygen on low wind days (Figure 70) while it 

contributed oxygen on high wind days (Figure 71). During algae blooms (Figure 72) higher 

values of NCP and atmospheric water exchange contributed to dissolved oxygen changes in 

the control volume. The rates of NCP were around 2.5 in the winter months.  

Finally, the transport of oxygen contributed between +/- 0.04 mg/L per 15 mins (Figure 73) 

for the full period, and could be identified as the main driver of the control volume dissolved 

oxygen changes.  
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Figure 70   Process contribution to oxygen concentrations changes (mg/L.15mins) at Kwilena site control volume for low wind days at 15 mins interval (4/03/2020 00:00 
to 10/03/2020 23:30 PM) 
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Figure 71   Process contribution to oxygen concentrations changes (mg/L.15mins) at Kwilena site control volume for high wind days at 15 mins interval (9/12/2019 00:00 
to 20/12/2019 23:45 PM) 
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Figure 72   Process contribution to oxygen concentrations changes (mg/L) at Kwilena site control volume for algae bloom days days at 15 mins interval (19/01/2020 00:00 
to 17/02/2020 23:45 PM) 
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Figure 73   Process contribution to oxygen concentration changes (mg/L.15mins) at Kwilena site control volume for new masses entering the control volume at 15 mins 
interval (1/07/2020 12:000 AM to 8/08/2020 1:00:00 AM) 
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4.5 Discussion  

4.5.1 Model calibration results 

The initial SCERM heat model calibration was based on long wave radiation estimated on solar 

radiation and wind speed data measured at South Perth (is a land-based station which is 1.6 

the wind speed in Matilda site) as per Figure 82 in Appendix E. However, in this study the 

optimization is site specific since we also have high frequency water temperature data from 

our study sites Kwilena and Matilda. 

The RMSE from the temperature calibration was about 0.63 oC for Matilda and 0.79 oC for 

Kwilena showing a good agreement between the model and the field data. However, the 

shortwave albedo value was high in comparison to typical ocean albedo (0.07-0.08), while no 

estuarine values were found in literature to compare with our site. Therefore a value of 0.4 

as per Briegleb et al. (1986) was considered reasonable for this study. The wind speed and 

cloud cover parameters were adjusted along with the albedo to generate a reasonable 

temperature simulation. However, it is important to note that the wind speed used in the 

model was from South Perth. Having the initial conditions and wind speed from a weather 

station on land may impact the temperature simulation of the estuarine system. Wind speed 

varies across the estuarine domain where sheltered areas often experience lower wind 

speeds compared to open water areas like Kwilena and Matilda (~ 0.6 of South Perth wind 

speed), hence, the scaling factor was essential to reproduce the water temperatures observed 

at the sites. The cloud cover was estimated from Luo et al. (2010), however, a reduction factor 

was necessary as per Table 14, as this method often overestimates cloud cover.  

The temperature, salinity, and oxygen simulations at the Kwilena site performed well and 

were comparable to results from other coupled models used in estuaries, such Delft3D 

implemented on Mondego Estuary (Mendes et al., 2021). This highlighted how high frequency 

sensor data can be useful to improve parameters at a specific site. The full year validation 

results confirmed the model performed well across the domain (See Appendix E).  

GPP, ER, and Chl-a simulations appear realistic when compared to field and Bayesian model 

outputs (Figure 65), however the simulations of diel oxygen changes were poor during periods 

when algal blooms were not present. This can be attributed to noise from the field data due 
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to the presence of macrophytes or biofilm growth on the buoy, which might have increased 

the amplitude of the field oxygen fluctuations. On the other hand, the model calibration 

entailed manual adjusting of parameters affecting metabolism and oxygen levels, and there 

is a possibility that the current permutation of parameters may not be the one capable of 

producing the diel oxygen changes observed in the field.  

Moreover, validation results highlighted that the model was capable of reproducing the 

impacts of the algal blooms on oxygen. However, discrepancies between the modelled 

dominant groups and field data highlighted that more parameter need to be investigated and 

calibrated to address temporal variations in algal growth and metabolism. The algal bloom 

dynamics might have led to the death of algae and aerobic respiration breaking down the 

dead algae. Although the model includes bacterioplankton like cyanobacteria (represented as 

blue green algae), the current model was not configured to model zooplankton or benthic 

bivalves which may contribute to regulating high growth of algae and high respiration when 

algae dies (Marcinko et al., 2014; Robinson, 2019; Vaughn and Hoellein, 2018).  

The process-calibrated simulation had better oxygen agreement with the field data, 

suggesting that new calibration parameters has slightly improved the model (Figure 67 and 

Table 15). Moreover, to address the impact of the benthic layer on the water column oxygen 

levels, a calibration and validation is needed for the benthic layer (e.g., benthic phytoplankton 

production and sediment oxygen demand) as the current study focused on improvement of 

water column metabolism.  

4.5.2 Seasonal cycle of algal growth and oxygen dynamics 

The full model results revealed the importance of seasonality in controls of algal functional 

groups on oxygen dynamics. Based in the limited field bio-volume data for algal groups, the 

dominant algal groups in June were dinoflagellates, cryptophytes, and others (i.e., 

Haptophyta sp, Raphidophyta sp, Ultra and Picoplankton sp, Xantophyta sp), while later in 

winter diatoms and dinoflagellates were the dominant groups (Figure 74 and Figure 75). 

However, the full model validation results (Table 15, Figure 58, Figure 67) highlighted that 

oxygen dynamics were impacted by the dominance of one group of algae over the others, 

namely dinoflagellates. Model results in the summer months revealed a dinoflagellate bloom 

similar to field data, however, winter algae such as diatoms and the others and dinoflagellates 
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were not as dominant. This is hypothesized to be due to the current calibration parameters 

resulting in the dominance of the dinoflagellate algae group in summer only. This could be 

due to other groups having high respiration rates that resulted in their fast death, or 

temperature, salinity and nutrient parameters requiring further calibration and testing.  

 

Figure 74 Stacked plot of annual total bio-volume per phytoplankton group at HEA site from Dec 2019 to Dec 
2020. DIA is abbreviation for Diatoms, DINO is abbreviation for Dinoflagellates, Green is abbreviation for GRN, 
CRYPT is an abbreviation for cryptophytes, and OTHER includes other algae such as (Haptophyta sp, 
Raphidophyta sp, Ultra and Picoplankton sp, Xantophyta sp) 

 

 

Figure 75 Monthly bio-volume percent per phytoplankton group at HEA site from Dec 2019 to Dec 2020. DIA 
is abbreviation for Diatoms, DINO is abbreviation for Dinoflagellates, Green is abbreviation for GRN, CRYPT is 
an abbreviation for cryptophytes, and OTHER includes other algae such as (Haptophyta sp, Raphidophyta sp, 
Ultra and Picoplankton sp, Xantophyta sp)  
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Although the Bayesian model slightly out-performed the mechanistic model in fitting the 

oxygen field data (Table 16), it does not provide an explanation of the causes of oxygen 

changes within a 1 m3 water column, whereas the mechanistic model covers a control volume 

of 106 m3. GPP values in the Bayesian estimates represented all algae in the top layer of the 

water column, and was a good process rate validation metric, but it did not provide group 

specific mechanistic information. On the other hand, a well calibrated mechanistic model can 

partition the contributions of oxygen from each group and processes, and provide additional 

insights into drivers of oxygen changes.   

4.5.3 Oxygen budget in a control volume  

To illustrate this concept, an oxygen budget was implemented in a control volume located at 

Kwilena. Results highlighted the relative importance of finer scale processes such as 

advection-diffusion impacting the GPP signal and oxygen dynamics in the polygon control 

volume. On the selected days, advection was found to be the dominant driver of oxygen 

changes in the control volume (10 times the biological and chemical processes in addition to 

air water exchange process rate) as per (Figure 70 to Figure 73). In contrast, the primary 

productivity of the water column was relatively higher in the summer versus winter. 

Atmospheric air exchanges fluctuated between being a sink and source for oxygen. To further 

investigate the reasons behind this profile plots were constructed with oxygen concentrations, 

salinity, temperature, and Chl-a as per Figure 76 below.  
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Figure 76  Model output depth profile plots of A) oxygen concentrations (mmol/m3), B) salinity (psu), C) 
temperature (oC), and D) Chl-a (ug/L) for Kwilena sites on high wind (11/12/2019 11:00 am) and low wind 
( 6/03/2020 11:00 am).  

Higher oxygen concentration can be seen in Panel A on low wind days versus high wind days. 

To explain this pattern, panels B, C, and D were investigated. Salinity depth profiles at Kwilena 

suggested that low wind days had a homogenous high salinity concentration of around 36.5 

(psu), versus a stratified condition developed on high wind days with a bottom salinity 

concentration that is around 1.5 psu higher than surface salinity of about 31 (psu). A stratified 

condition developed for the temperature as well, with higher temperatures observed on low 
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winds days versus high wind days. For high and low wind days surface temperatures was 

higher than the bottom layer with a consistent difference of 2 degrees. 

The higher concentration of oxygen levels observed in low wind days can be explained by 

combination of salinity, temperature, and nutrient concentrations (Vuong, 2020) and high 

residence time (7.4 days) which is believed to have created optimum growth condition for the 

dominant algae groups in the model for the low wind versus high wind case resulting in high 

Chl-a concentrations as per Figure 76.  

The aforementioned results combined with the knowledge that there is an exchange of 

oxygen with the air in a direction depending on the saturation gradient according to Odum 

(1956), leads to the hypothesis that high oxygen concentrations could have exceeded oxygen 

saturation levels due to high productivity may have results in oxygen to move out of the water 

column to sustain oxygen equilibrium in the low wind case. In contrast, the presence for 

conditions not supporting high algae productivity (i.e. temperature, salinity, and nutrients 

levels, low residence time (5.26 days)) might have caused oxygen concentrations to drop, 

resulting in the diffusion of more oxygen to the water column to ensure oxygen equilibrium 

is reached in the high wind case. 

Historically, oxygen budgets in estuaries were implemented on much larger scales using box 

models with monthly averages of field oxygen and flow data, as per the work of Tomaso and 

Najjar (2015), however, the current approach provides  a mechanistic understanding of 

oxygen budget drivers,  and the ability to partition fine scale dynamics that are difficult to 

measure, such as advection. Moreover, it can be used as a tool to optimize mechanistic model 

parameters and for validation when high frequency field data are available. Moreover, the 

advection contribution seems high in both summer and winter, and this can be explained by 

the modelled low strength of the GPP contribution to oxygen, due to the lack of a multi algal 

group calibration for the phytoplankton module; such calibration is essential to better model 

the diel variation observed in the field. 

Discrepancies in advection values were slightly high throughout the analysis using the flux 

model output, and this caused errors in the oxygen mass balance. This was corrected by 

subtracting dissolved oxygen changes (due to conservative and non-conservative processes) 

from non-conservative processes (AED term). This approach was deemed sufficient to ensure 
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errors from flux estimates did not impact the oxygen budget calculations. Errors were found 

to be linked to the fact that fluxes are instantaneous values, and not integrated or 

accumulated between model output time steps. 

4.6 Conclusions and future work  

In conclusion, a calibration and validation was implemented on a 3D coupled hydrodynamic- 

biogeochemical model were implemented on the Swan Canning Estuary, and was found to be 

dynamically consistent with sparse observations. The model was then used to elucidate the 

fine-scale 3D processes controlling local fluctuations in oxygen dynamics and water quality.  

Despite the SCERM model outputs having good agreement with field data-driven GPP and ER 

rates for summer months in addition to high frequency Chl-a field data, it requires more 

calibrations and validations to address seasonal algal blooms and its impact on oxygen 

dynamics.   

The SCERM model calibration and validation process established a framework and a toolbox 

to integrate state and process validation to 3D coupled model improvements. This process 

can be beneficial for small scale calibration, however, for complex 3D coupled models it is 

labour-intensive, requiring numerous simulations (over 100 simulations for this study) to 

achieve the small improvement observed. Additionally, the calibration and validation process 

required making a hypothesis and running a number of experiments to test the model 

response to changed parameters; this could result in errors when implemented by a novice 

user. This highlighted the importance of automated data assimilation in reducing modelling 

hours. This could be achieved through implementing a wide range of algorithms (Cho et al., 

2020) to predict the best permutations of the parameters, based on high frequency Chl-a data 

and weekly algae bio-volume data field data while optimizing those parameters for estuarine 

spatial difference as well. It is envisaged that the automation of the suggested approach will 

open a pathway for future coupled ecological model assimilation resulting in dynamic 

automation of mechanistic models parametrization calibration and fine-tuning based on data-

driven process rates and high frequency data.  

Partitioning finer scale processes allowed finding the relative contribution of processes that 

impact oxygen, and highlighted the role of advection in masking the biological signal, 
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especially in winter months when primary productivity drivers were low.  Finally, the model 

was able to capture the algae bloom dynamics in summer, however, it was limited to the 

dominance of one group, while field data suggested multiple blooms occurred at different 

seasons in the year.  

The intent of this chapter was to highlight the ability of the 3D coupled model to partition 

processes making up oxygen concentration in a control volume. A ratio was calculated based 

on advection being consistently higher than the remaining biological, chemical, and air water 

exchange process in the control volume. The discussion of its implication was not covered due 

to the focus on the major process components driving oxygen dynamics. However, there is a 

number of complex processes that falls under the umbrella of advection such as tidal currents 

and inflows. To address and better understand how advection impacts oxygen dynamics, it is 

recommended that future work implements a detailed investigation taking into account 

spatial and temporal heterogeneity in the estuarine domain to address the role of advection 

on oxygen dynamics. 
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5 Synthesis and Recommendations 

5.1 Summary and key findnings   

This study demonstrates how high frequency data, data driven modelling and coupled 3D 

hydrodynamic and biogeochemical models can improve our understanding of micro-tidal salt 

wedge estuaries. In this case, the focus has been on how oxygen dynamics and metabolism 

driven by a number of hydrodynamic and environmental factors, over both space and time.  

Estuaries are highly dynamic and diverse ecosystems that also provide shelter for many 

aquatic species in their early stage of life (Bianchi, 2007). The dynamics of the estuarine 

ecosystem is often characterized as complex interactions between physical, biological, 

chemical, and geological processes that regulate sources, sinks, and fluxes of elements within 

the ecosystem.  

Globally estuaries are under immense pressure due to increased inputs from anthropogenic 

sources (Anderson et al., 2012; Huang et al., 2019; Nezlin, Kamer, Hyde, & Stein, 2009)  and 

climate change (Kennish, 2002; Talley et al., 2003). For example, rates of primary production 

in streams are regulated by nitrogen (N), phosphorous (P), and carbon (C). When excess levels 

of nutrients (i.e., eutrophication) combine with certain physical and biological conditions, 

primary productivity can increase resulting in algal blooms (Hoellein et al., 2013; Sellner et al., 

2003) which can be toxic (Sellner et al., 2003) or can lead to hypoxia or anoxia events (Diaz 

and Rosenberg, 2018). Similarly, sea-level rise contributes to the propagation of saline water 

upstream in the estuary (Bhuiyan and Dutta, 2012; Hilton et al., 2008) resulting in changing 

ecological conditions, circulation and mixing regimes (Hong and Shen, 2012; Huang et al., 

2020), and in some cases intensifies stratification leading (again) to hypoxic and anoxic 

conditions developing in the water column (Nezlin et al., 2009).  

5.1.1 An observatory for estuarine monitoring  

Significant monitoring programs have been built to capture estuarine responses to changing 

climate and human impacts locally and globally (Brearley, 2005; Etcheber et al., 2011; Hallett 

et al., 2016; Pearce and Despres-Patanjo, 1988). These monitoring systems involves manual 

water sampling at sparse intervals (e.g., bi-weekly or monthly), followed by analysis for 
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variables such as total phosphorous, total nitrogen, nitrate, and nitrite (Burns et al., 2019; 

Donohue et al., 2001; Wild-Allen et al., 2013). These routine (low-frequency) monitoring 

programmes capture long-term trends and detect non-compliance with regulatory standards 

(de Jonge et al., 2006), but they fail to capture finer scale chemical, physical, and biological 

processes occurring at higher temporal resolutions (Davis and Koop, 2006; Huang et al., 2019) 

and limit our understanding of estuarine dynamics. Furthermore, low frequency programmes 

are frequently focused on monitoring the structural components of the aquatic system rather 

than combining structural and functional components. 

Improvements in sensor technology have recently permitted the construction of high-

frequency in-situ monitoring platforms across a variety of aquatic systems (Briciu-Burghina et 

al., 2014; Burns et al., 2019; Caffrey, 2004; Nezlin et al., 2009; Rode et al., 2016a). The 

development of multi-parameter sondes in conjunction with a diverse range of 

environmental sensors capable of long-term high-frequency sampling (e.g., oxygen, CO2, 

fluorescent dissolved organic matter (fDOM), and chlorophyll-a (Chl-a)) has shifted our 

reliance on time-consuming laboratory analysis. 

The new generation of environmental sensors has been deployed in environmental 

observatories, which are capable of continuous long-term monitoring of significant elements 

of the biogeochemical cycle as well as environmental drivers in aquatic systems, and are 

equipped with a data storage, management, and publication system (Horsburgh et al., 2011). 

Internationally, numerous environmental observatories that monitor a wide range of 

biogeochemical processes exists. Examples include Long-Term Ecological Research (LTER) 

sites (Knapp et al., 2012) in in the United States, and eLTER in Europe (Mollenhauer et al., 

2018), which are further networked internationally through iLTER (Mirtl, 2010), the National 

Ecological Observatory Network (NEON) (Tollefson, 2011), the River and Estuary Observatory 

Network for the Hudson River, New York (REON) (Kolar et al., 2009).  

In Australia, while the Integrated Marine Observing System (IMOS) and Terrestrial Ecosystem 

Research Network (TERN) are well-established, there are no estuarine observatory systems. 

An estuarine Environmental observatories' data can help gain a better knowledge of how the 

systems behaves in relation to local and global drivers and their significance in connecting 

terrestrial and oceanic ecosystems. There is also a need for the integration of environmental 
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data at all scales and modelling (de Jonge et al., 2006). When data sources and organisations 

each have their own platform, database, schema, and naming standards, data integration 

becomes more difficult  (Horsburgh et al., 2011; Jones et al., 2015). Although the notion of 

federated data sets is gaining traction, (Beran and Piasecki, 2009; Kolar et al., 2009; Read et 

al., 2017; Shaughnessy et al., 2019), its implementation has proven to be challenging. 

In this study, the concept, history, and the design of Swan Canning Estuary Observatory 

(SCEVO) is presented in addition to the deployment of high frequency water quality 

monitoring buoys and the establishment of a near real time R shiny dashboard. Although 

SCEVO existed through the work done by Marti & Imberger (2015) and was improved through 

the work of Huang et al. (2019), the earlier version only focused on data harvesting to support 

mechanistic modelling and forecasting. The current work expands upon earlier developments 

by focusing on data integration workflows and advanced analytics. It also addresses broader 

challenges in integrating high-frequency monitoring data from different organizations to 

allow real time assessment, and to support model calibration and validation, while having the 

ability to present the field data and model forecasts simultaneously as a part of the R-shiny 

dashboard. Through this extension, the addition of water quality monitoring data and high-

frequency data to a Swan Canning database in PostgreSQL was implemented. Moreover, data 

quality assurance and control through ARMS and an open-source R Studio toolbox enables 

users to efficiently visualize and obtain data through an intuitive easy-to-use dashboard, and 

to finally analyse water quality data using different analytics tools in R Studio and Matlab. 

SCEVO was extended to facilitate integration of data across multiple hydrologic and 

environmental data repositories. This mechanism significantly reduces the time required to 

locate data from different sources that often use different nomenclature, storage 

technologies, interfaces and even languages.  

The R-shiny dashboard provides an inexpensive tool for tracking, analyzing, and visualizing 

data in real time. The purpose of the dashboard was to facilitate organizing and visualizing 

critical information to better understand ecosystems and perform cross-system comparisons 

in a timely manner. A dashboard warning system could be established for hypoxic levels, for 

instance, as an early warning indicator allowing intervention before anoxic conditions arise.  
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The dashboard could also be used to detect system changes such as rainfall inputs and algal 

blooms in near real time, allowing for quick management intervention. Moreover, future 

work will incorporate predictive analytics; dashboards with forecasting functionality powered 

by mechanistic and data driven modelling can help plan strategic monitoring and 

management activities. 

The SCEVO observatory represents a step towards bridging the gap between science and 

management decisions, providing the ability to gain a holistic understanding of the estuarine 

system. It also supported the analysis of key knowledge gaps on estuary dynamics and 

metabolism. 

5.1.2 High frequency in situ water quality sensor data and estuary metabolism 

Ecosystem metabolism research over the past decades has explored: 1) the extent and 

variability of metabolic rates for cross-system comparisons; 2) organic matter transfer 

between adjacent systems and subsystems; 3) ecosystem-scale response to natural and 

anthropogenic perturbations; and 4) the creation and calibration of models of biogeochemical 

processes and trophic networks (Staehr et al., 2012b). 

Metabolic processes in aquatic systems containing biogeochemical cycling of elements and 

complex food webs are linked to production and consumption of organic matter (O’Neill, 

1986). Ecosystem metabolism is a significant and measurable component of estuarine health 

and it can be quantified through rates of primary production and consumption of organic 

matter  (Odum, 1956).   

Estuarine metabolic balance relies on a number of local- and system-scale variables. Since 

primary production and community respiration drive ecosystem metabolism, understanding 

the controls on these metabolic processes at both local and system scales, will lead to better 

appreciation of controls on ecosystem health. As an example, local-scale physical controls on 

primary production include light abundance and temperature, chemical controls can be 

attributed to nutrients, and biological controls include phytoplankton biomass (Cloern et al., 

2014). For instance, light availability has long been recognised as a key determinant of 

autotrophic gross primary productivity (Béchet et al., 2013; Kirk and Industry, 1985).  

Moreover, the addition of dissolved organic carbon (DOC) into an aquatic system may shift it 

from autotrophy to heterotrophy (Hoellein et al., 2013), and may also cause an increase in 
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respiration and microbial productivity, while reducing productivity due to the impairment of 

light essential for autotrophic photosynthesis (Hoellein et al., 2013; Solomon et al., 2013). 

Furthermore, increased gross primary productivity was positively correlated with nutrient 

loading of total phosphorous and total nitrogen shifting aquatic systems towards autotrophy 

(Hall and Tank, 2003; Solomon et al., 2013).  

In contrast, system-scale drivers for primary production include physical processes such as 

river inflows (Hamilton, 2003; Kenney et al., 1988; Saeck et al., 2013), tides (Azevedo et al., 

2006; Cloern, 1991; Lake et al., 2013) , wind (Feng et al., 2012; May et al., 2003), heat 

(Zieman  C et al., 2017)., salinity (Caffrey, 2003; Kurup et al., 1998), light attenuation 

(City ,2005; Cole et al. 1984; Gameiro et al.,2011), and uneven distribution of algae and 

aquatic vegetation. The complex interaction between local and system-scale controls result 

in spatial and temporal variability in primary production in an estuary. For instance, fresh river 

inflows may provide nutrients and high residence times often lead to algal blooms when 

favourable conditions persists (Boyer et al., 2009). Moreover, light availability and benthic 

grazing were found to vary due to tidal changes causing phytoplankton biomasses to rise or 

decrease (Cloern, 1991).  

As a result of the complex interaction of local and system metabolism drivers, assigning the 

relative importance of a specific driver is challenging. Given that dissolved oxygen is a critical 

indicator of estuarine metabolism, an exploratory analysis was initially performed (Chapter 

3). The analysis identified spatial and temporal variability in oxygen levels using high-

frequency dissolved oxygen data, weather data, and water quality data in the Swan Canning 

estuary. Moreover, seasonal and event-based differences in oxygen dynamics were identified.  

Results from this preliminary analysis highlighted variation in dissolved oxygen concentrations 

between all sites, between shallow and deep locations, and between surface waters and 

depth, at the same site. Oxygen medians in June for Como surface and bottom oxygen 

medians were higher at the winter months, in comparison to Maylands.   

Environmental drivers and localized events were found to be responsible for variations in 

oxygen dynamics, both spatially and temporally. High levels of DOC (Figure 2), and colored 

dissolved organic matter (CDOM) persistence in the upper reaches in the Swan Canning 

Estuary (Gerrard, 2018; Kostoglidis et al., 2005) would limit primary production, and likely 
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lead to high respiration rates due to bacterioplankton (Soares and berggren, 2019). Higher 

light availability in the middle basin and seagrass production and consumption of oxygen, 

likely also contribute to the variance in oxygen levels. This is consistent with findings in Shen 

et al. (2015) suggesting that higher light availability increases GPP which may result in  high 

diel oxygen variations. The work of Ganju et al. (2020), also shows that variations in light 

availability and dominant primary producers (i.e., algae or aquatic vegetation) drive variation 

in the diel oxygen levels in estuarine environments.  

The finding of lower oxygen levels in the upper estuary compared to the middle basin, agrees 

with previous studies (Hipsey et al., 2014; Smith et al., 2010; Stephens, 1994); higher 

sediment oxygen demand can be linked to nutrient deposition from catchment inflows in 

winter that flush the upper estuary reaches. This is also consistent with the water quality 

results from (Gerrard, 2018). In contrast, large variance in oxygen concentrations in the 

middle basin in February (summer) reducing the median oxygen concentrations, appears to 

be linked to an observed summer algal bloom. A seasonal trend in oxygen concentrations was 

also observed at the middle basin sites that followed the seasonal water temperature and 

salinity, impacting oxygen solubility. Lower dissolved oxygen concentrations in summer can 

also be attributed to high temperatures resulting in increased respiration and decreasing 

dissolved oxygen (Caffrey, 2003; Hopkinson and Smith, 2007). 

5.1.3 Estimation of estuary metabolism  

A number of methods have been traditionally used to estimate ecosystem metabolism: 1) 

bottle and chamber incubations of water and sediment (Idrizaj et al., 2016); 2) open water 

methods that measure changes in oxygen or dissolved inorganic carbon (Demars et al., 2015), 

or oxygen isotopes (Luz and Barkan, 2017); and 3) indirect estimates from ecosystem nutrient 

budgets (Testa and Kemp, 2008).  

Each of these methods has advantages and disadvantages. One of the key challenges in bottle 

and chamber incubations is the upscaling of results to the entire system of interest.  Open 

water methods appear to have worked well in estuaries and lakes (Demars et al., 2015; Vallino 

et al., 2005),  and eliminated many difficulties associated with the incubation method, such 

as container artefacts and error propagation, while enabling in-situ estimation of water 

column variability in oxygen and carbon dioxide (Staehr et al., 2012b). 
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In-situ measurement of diel changes in dissolved gases, such as oxygen and carbon dioxide, 

permits estimates of ecosystem metabolism using the open water method (Alfonso et al., 

2015; Demars et al., 2015; Riley and Dodds, 2013). As described above, such gases are central 

to photosynthesis and respiration processes and can be key indicators of estuarine 

metabolism.  

Since the late 1950’s, the open water diel oxygen method has not changed substantially, 

however improvements in sensor technologies have permitted increased spatial and 

temporal resolution of dissolved gas measurement. Technical advances have also allowed 

near real-time monitoring of key water quality, hydrological, and climate parameters. 

Reasonably inexpensive sensors are currently utilized in several environmental observatories, 

with real-time monitoring that aims to improve understanding of biogeochemical processes 

affecting estuarine water quality (Jannasch et al., 2008).  

Many studies on lakes, rivers and streams have focused on estimating metabolism using the 

open water method (Appling et al., 2018a; Grace et al., 2015). This method accounts for 

spatial and temporal environmental changes, by using inexpensive dissolved oxygen sensors 

to estimate metabolic rates and can incorporate atmospheric oxygen exchange; it is noted 

however, that the open water method is unable to track changes in oxygen due to advection 

and mixing. There are several numerical methods available for resolving metabolic rates 

based on oxygen data using the single station open water method (Atkinson et al., 2008; 

Grace et al., 2015; Holtgrieve et al., 2010). Inverse models, on the other hand, enable the 

estimation of GPP and ER values that yield the best fit between modelled and observed 

dissolved oxygen curves. Moreover, such models present an  opportunity to estimate the gas 

exchange rate coefficient, K600 (day−1, normalized to Schmidt number of 600) which can be 

difficult to measure accurately (Grace et al., 2015). In addition, advancements in computing 

performance have allowed more efficient and accurate estimation of metabolic rates. 

The metabolism estimation using the open water method within a Bayesian framework has 

been extensively implemented in streams and lakes, but its applications in estuaries is limited. 

Inspired by the work of Appling et al. (2018a), the StreamMetabolizer R package was used in 

this this thesis, to estimate metabolism in an estuary environment where and when the open 

water method assumptions hold, using an inverse method combined with a control volume 
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approach in a Bayesian framework. This approach provided insights into salt wedge estuary 

metabolism in situ and in real-time. Moreover, to gain better understanding of the model 

performance under different weather conditions (i.e., high wind speed, low wind speed, algae 

bloom) at different sites, focus study periods were selected, based on the initial exploratory 

analysis. The results demonstrated a predominantly heterotrophic status throughout the year, 

with a few near-balanced or net autotrophic days.  

The annual GPP estimation at the study sites reflects the global seasonal variations in light 

and temperature trends being the highest in the warmer summer months and lowest in the 

cooler winter months (Murrell et al., 2018; Staehr et al., 2018b). The results highlighted that 

the two observatory sites were mostly heterotrophic except occasional days with high 

metabolism that brought the net ecosystem to balanced metabolism. Grace et al.(2015) 

reported the implementation of a Bayesian model to estimate metabolism in creeks in NSW 

and Victoria, and the implementation in rivers in New Zealand and USA. Grace et al. (2015) 

showed low model performance with a convergence success percentage around 46% for 

rivers and 85% for creeks, using a 3 parameter model with in a Bayesian framework through 

the package BASE in R. Our study (based on the SM package) resulted in higher model 

convergence success percentage, 84.4% and 88.1% for Matilda and Kwilena respectively. Our 

estimates of GPP and ER were about 10 fold higher than previous estimates using incubation 

methods (Agusti et al., 2018) and suggest a nearly heterotopic system throughout the 

summer. This is consistent with literature that suggests that the incubation method 

overestimate GPP and underestimate ER by 20-90% (Roth et al., 2019). Moreover, incubation 

metabolic rates do not account for solar and temperature changes observed at the site which 

highlights the role of the metabolism methods being implemented in estuary metabolism 

estimations. The metabolic rates estimated in this study were comparable to rates estimated 

through the SM package at other sites (Appling et al., 2018b, 2018c).  

Additional insights into metabolism was achieved through investigating CO2-O2 coupled data.  

A significant body of literature implies a strong coupling should be maintained between 

dissolved oxygen and carbon dioxide in aquatic systems i.e., a  1:-1 O2 to CO2 metabolic 

stoichiometry line (Vachon et al., 2020). Recent paired measurements of O2-CO2 have cast 

doubt on some of these assumptions (Crawford et al., 2014; Stets et al., 2017; Torgersen and 
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Branco, 2008), particularly in systems where O2 to CO2 ratios are not solely driven by 

metabolism. As a result, the paired O2 - CO2 ‘departure’ from atmospheric equilibrium can be 

used to provide insights into metabolism at a point in time (Bogard and Giorgio, 2016) and 

how environmental drivers impact the ratio. Following the work of Vachon et al. (2020) on 

lakes, a quantitative framework was implemented based on paired O2-CO2 measurements in 

the middle basin of the Swan Canning Estuary (Kwilena site) to explore whether there was 

coherence (similarity) between carbon metabolism and oxygen metabolism in an estuarine 

environment.  Moreover, both O2 and CO2 concentrations were used to calculate the 

uncorrected photosynthetic quotient (PQ*) and respiratory quotient (RQ*) which was used 

to confirm the presence of other processes in the system. 

High frequency oxygen and pCO2 sensor data were used to show that O2 and CO2 

stoichiometric ratios deviated from the theoretical 1:1 value; the measured O2:CO2 ratios at 

Kwilena revealed persistent CO2 oversaturation.  Our findings highlighted the importance of 

carbonate buffering under higher pH conditions, in moderating diel carbon dioxide 

oscillations relative to oxygen oscillations. Moreover, they were consistent with Stets (2017) 

who reached a similar conclusion while investigating rivers and streams in the USA.  

Overall, our study contributed to a better understanding of aquatic metabolism and CO2 

dynamics in an estuary system. The importance of high-frequency data and data-driven 

models in gaining better understanding of estuarine metabolism, spatially and temporally, 

was highlighted through this study. However, it also presented future development 

possibilities.  

Although the control volume approach within a Bayesian framework has proven 

implementable in estuaries, with excellent accuracy, there are occasions when the model's 

inability to offer trustworthy estimates for metabolism is due to the intricacy of the processes 

acting in tandem. The O2-CO2 departure and DIC calculations revealed important information 

about the causes of CO2 oversaturation and the differences in O2 and CO2 gases stoichiometry. 

Physical processes, on the other hand, made utilizing the SM package to estimate metabolism 

a challenging task, and its use is limited to periods when the major system drivers are being 

modelled. The PQ* and RQ* results confirmed this conclusion, implying the need to decipher 

the different processes impacting metabolism and oxygen dynamics in estuaries.  
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Several studies have identified changes in ecosystem metabolism as an early indication of 

ecosystem response to, and recovery from, disturbances and (Barbier et al., 2011; Caffrey, 

2004; Robertson et al., 2016; Staehr et al., 2012a). Studies of metabolism across stressor 

gradients can reveal how different types of anthropogenic changes, such as land use (Iwata 

et al., 2007), urbanisation (Blaszczak et al., 2019), or eutrophication (Genzoli and Hall, 2016) 

may change metabolism rates. Spatial data on primary production may also help 

environmental managers locate high-productivity regions that could support populations of 

vulnerable or endangered species (Kaylor et al., 2019). 

Furthermore, increasing availability of continuous oxygen and long-term ecosystem 

metabolism data might be very beneficial in assessing the efficacy of management 

interventions (Arroita et al., 2019; Dodds, 2007). The ability to easily monitor ecosystem 

function over time has clear utility in deciphering the ecological signal from the noise in 

response to anthropogenic disturbance and providing a significant indicator of ecosystem 

degradation or recovery, following restoration or management actions (Bernhardt et al., 

2018; Dunalska et al., 2014). 

Although metabolic monitoring of environmental change has significant benefits, numerous 

conceptual and logistical barriers remain to using increasingly available continuous oxygen 

data for translation into metabolic parameters for more routine monitoring of ecosystem 

functions. Obtaining the continuous dissolved oxygen data required for metabolic 

calculations has historically been labor-intensive, however, new generation oxygen sensors 

are reliable and self-contained. Metabolic calculations also need accurate estimates of gas 

exchange, which were previously restricted to error-prone and labor-intensive studies (Hall 

and Ulseth, 2020; Staehr et al., 2012b). Recent inverse modelling methodologies and open-

source software tools have made metabolism estimation considerably more user-friendly, 

suggesting that these techniques could be integrated into more routine monitoring settings. 

This study demonstrates how metabolic rates estimates integrated with CO2-O2 departure 

and carbonate buffering calculations, provided additional insight into their coherence and 

controls in high pH environments. The applications of this multi-method approach will provide 

opportunities for monitoring and assessment of long-term shifts in estuarine ecosystem 

response to environmental change and management. 
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5.1.4 Challenges in capturing metabolism in an estuary model 

Advancement in computational power and mathematical methods have facilitated the 

assessment of water quality in aquatic environments, specifically using coupled 

hydrodynamic - biogeochemical process-based or mechanistic models (e.g., FABM, DATM, 

DELFT3D, MOHID, AED etc.) (Ganju et al., 2016; Huang et al., 2019; Wild-Allen et al., 2013). 

Coupled aquatic ecosystem response models allow simulation of hydrology, hydraulics, and 

biogeochemical processes across a wide range of spatial and temporal scales. Because of the 

possible disparities between the littoral and pelagic zones (Caffrey, 2004), these models can 

be useful for understanding spatial heterogeneity in estuaries. Moreover, the intense 

hydrodynamic processes occurring in estuarine ecosystems, as well as the spatial patchiness 

of phytoplankton and nutrients, results in geographical and temporal patchiness in aquatic 

metabolism (Atkinson et al., 1987; Kurup et al., 1998; Lucas et al., 1999; Wild-Allen et al., 

2013). Coupled process-based models allows us to quantify hydrodynamic impacts on 

metabolism (Hipsey et al., 2008; Ruprecht et al., 2022), as well as on environment conditions 

(Ganju et al., 2016; Huang et al., 2019; Wild-Allen et al., 2013). They also permit continuous 

estimates of diel ecosystem respiration, which is advantageous over the traditional free-

water method (Murrell et al., 2018). 

Coupled hydrodynamic - biogeochemical mechanistic models perform well at predicting the 

daily mean of state variables linked to metabolism, e.g., oxygen. However, there are cases 

where they may fall short in reproducing the diurnal ranges in oxygen dynamics (Huang et al., 

2019), and several may also generate a reasonable daily mean of a variable for the wrong 

reasons (Hipsey et al., 2020). This can be attributed to the complexity of the coupled models 

making it hard to discern the main contributor to changes in a certain variable. Moreover, 

uncertainty in predictions of coupled models can be caused by three major technical 

challenges: appropriate model structure, adequate input data, and appropriate 

parameterization (Hipsey et al., 2020). For instance, algae mechanistic model parameters are 

based on numerous empirical experiments from different sites, which may not be 

representative of the modelled field site (Hipsey et al., 2020). Therefore, the assessment and 

minimisation of uncertainty in coupled model predictions are critical to verify a predicted 

response, and therefore improve its applicability to a wider range of ecosystems. 
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Although the validation of state variables was implemented extensively to improve model 

parametrization, by comparing predicted variables to field data (Hipsey et al., 2020), to our 

knowledge, no other study has  implemented both state and process validation concurrently 

to improve parametrizations. To illustrate this concept, a mechanistic model for metabolism 

estimation can be improved through calibrating algae parameters against metabolic rate 

estimates based on field data Chl-a and then using Bayesian modelling for validation. The 

hybridization of the coupled and data-driven models, and their use in model workflows, 

provides improved parametrization and understanding of the controls on metabolic 

processes.  

Due to the spatial and temporal sophistication of coupled water quality and hydrodynamic 

models output, calibrated models can be applied to a control volume, to estimate the 

contribution of each process to state variable changes. Historically, this assessment of 

contributions was performed in estuarine systems, using a box model approach with oxygen 

field data and a number of averaging assumptions. Although beneficial in understanding the 

system behaviour over extended periods (i.e., months or years), this approach us unable to 

decipher the contribution of process operating at finer scale changes.  

In the final part of this study, the developed hybrid state and process calibration approach 

was implemented. A calibration for the coupled biogeochemical SCERM model was 

performed; high-frequency oxygen and Chl-a data were used to calibrate the model 

parameters. Simultaneously, Bayesian modelling estimates of metabolic process rates were 

compared to the mechanistic model estimates, and algae parameters were fine tuned to 

minimize the difference between the two models. This approach constrains the mechanistic 

model (Hipsey et al., 2020; Hipsey and Hamilton, 2015), and improves estimates of processes 

such as, GPP and R.  

Oxygen budgets were determined over periods of different duration and conditions (i.e., full 

year, low wind, high wind, algae bloom, new masses of water entering the control volume). 

The process-calibrated simulation had better oxygen agreement with the field data. 

Validation highlighted that the model was capable of reproducing the impacts of the algal 

blooms on oxygen. However, discrepancies between the dominant algal groups included in 

the model and algal species field data highlighted that more parameters need to be 
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investigated and calibrated to address temporal variations in algae growth and metabolism. 

The algal bloom dynamics might have led to the death of algae and aerobic respiration 

breaking down the dead algae. Although the model includes bacterioplankton like 

cynaobacteria (represented as blue green algae), the current model does is not configured to 

model zooplankton. Configuring the zooplankton groups can contribute to regulating high 

growth of algae and high respiration when algae dies (Marcinko et al., 2014; Robinson, 2019) 

and may results in higher oxygen levels.  

This study demonstrated how the coupled hydrodynamic ecological model allowed 

partitioning of finer scale processes in an estuary. Specifically, it allowed quantification of the 

contribution of processes impacting on dissolved oxygen changes, and highlighted the role of 

advection in masking the biological signal, especially in winter months when primary 

productivity drivers are low and result in a weak biological signal.   

5.2 Strength, limitations and future work  

Automated high-frequency monitoring systems allow the detection of short-lived and 

unpredictable events and enable managers to take mitigation actions earlier than if basing 

decisions on conventional monitoring. However, the cost of maintaining the two monitoring 

system was high (around AUD 10,000 over two years), and delays if supply of replacement 

equipment occurred due to the COVID outbreak. It is recommended that future studies 

targeting building high-frequency systems perform a cost-benefit analysis to adequately 

budget maintenance funds. For early identification of operational degradation, a Hazard and 

Operability Analysis (HAZOP) should be implemented with modifications to suit water quality 

monitoring systems. It is important to identify and address potential hazards and risks 

associated with operating high frequency monitoring systems. 

The analysis of CO2:O2 departure was valuable to understand the CO2 dynamics. Such analysis 

could be routinely incorporated into coupled mechanistic model calibration and validation, 

with a focus on improving carbonate dynamic descriptions.  

The application of the control volume approach, using open water method and a Bayesian 

framework, provides an opportunity for predictive model assessment, when the assumption 
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of the method holds. This approach has not previously been implemented in estuaries, and 

has the potential to provide better estimates of process rates that are not measurable directly.  

One of the key challenges in the calibration of the phytoplankton module parameters, was 

the absence of high frequency biomass data; such data would have helped to validate and 

improve the model parameterization. Moreover, manual calibration was a labor intensive and 

time-consuming task.  

This work has suggested that in future, a more accurate mapping of different habitats (e.g., 

seagrass, macroalgae) would be useful, to facilitate more detailed investigation of linkages 

between dissolved oxygen dynamics, metabolism, and water quality parameters. Future work 

should also include ground water inputs to the estuary and the benthic layer contribution to 

oxygen dynamics and metabolism.  

A significant body of research in estuaries has focused on estimating metabolism based on 

incubation experiments (Cloern et al., 2014; Gazeau et al., 2005; Van Heuven et al., 2018) or 

using the open water method (Appling et al., 2018b, 2018a; Caffrey et al., 2014; Grace et al., 

2015; Loken et al., 2021), and results demonstrated wide variability. The variability may be 

explained by differences in environmental drivers of metabolism (i.e., in-situ versus 

laboratory experiments) and errors due to measurement artefacts. Based on this work, there 

is a strong recommendation to be cautious when making conclusions on the aquatic system 

trophic status using only one method. The findings of this work have highlighted the value of 

using high frequency data, data-driven modelling, and ecosystem coupled models to explore 

the interplay between physical and biological processes in estuarine systems. 

Coupled ecological models can benefit from the open water methods and incubation methods 

by establishing and fine-tuning mechanistic model parameters. It is recommended to improve 

algae and submerged aquatic vegetation parameterisation using multiple methods to capture 

a range of ecosystem dynamics. 

Site specific parameterisation can improve a location-specific behaviour due to many factors 

such as local physics of the system or the presence of algae blooms and submerged aquatic 

vegetation. Results from the coupled model baseline simulation for water temperature prior 

to implementing a wind speed scaling factor versus when it was implemented to account for 

wind data being collected at a terrestrial site is an example of the benefit site specific 
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parametrisation in improving the physics of the coupled models. Hence, for a large-scale 

estuarine system, it would be advised to establish regions or zone with similar physical, 

chemical, and biological characteristics, and use these zones for calibrations. This can be done 

in near real-time if data assimilation methods are integrated into coupled hydrodynamic 

ecological model workflows, with a focus on parameter optimisation. In particular this will 

allow improvements to model predictions of algae distributions and growth and may have 

significant implications for research and management.  

This work also emphasized the importance to integrate the present monitoring efforts to 

move from a ‘station-oriented’ to a ‘basin or system-oriented’ focus, in combination with 

specific ‘cause–effect’ studies for these highly dynamic coastal systems.  

It is hoped that the SCEVO dashboard and the research presented in this thesis will inspire 

and serve as a guide for research groups and environmental managers, both locally and 

globally, who are tasked with regulating environmental conditions in estuary systems. 

As global climate continue to experience dynamic changes, there is an urgent need to 

understand how aquatic ecosystems will respond to these changes. The integration of 

monitoring data across multiple spatial and temporal scales, and the utilisation of 3D coupled 

modelling, is essential. The result of this integration will provide researchers and water quality 

managers with a holistic knowledge of the system and a reliable predictive tool for estuarine 

water quality and health. 
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7 Appendix A  Observatory data sources list and Kwilena report 

Table 17 A complete list of the data sources into the observatory 

Agency Grouping Station ID Station Name Hydrology Weather WQ 

    Flow Flow (Cum) Water Level Wind Air Temp Water Temp Conductivity Oxygen 

BOM 

IDY  Garden Island               

  Rottnest               

  Ocean Reef               

  Swanbourne               

  Melville Water               

  Perth Airport               

  Perth Metro               

  Jandakot               
BOM IDO 71012 Hillarys Boat Harbour               

BOM 
IDW 509378 Meadow Street Bridge (DWER)               

 509484 Kent St Weir (DWER)               

 509440 Barrack Street Jetty (DOT)               

DOT 

TIDE PTBAR02 Barrack St Jetty               

 FFFBH01 Fremantle Harbour               

 MHMAN02 Mandurah               

 PLPEE01 Peel Inlet               

DOT 
MOSQ  Canning River               

  Garrat Rd               

  Guildford               
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Agency Grouping Station ID Station Name Hydrology Weather WQ 

  Serpentine               
DPIRD MET SP SP               

DBCA 

WQ 6163950 Guildford Downstream (Surface)                

 6163951 Guildford Downstream (Bottom)                

 6163948 Guildford Upstream (Surface)                

 6163949 Guildford Upstream (Bottom)                

 6164394 Caversham Downstream (Surface & Bottom)                

 6164648 Caversham Upstream (Surface & Bottom)                

 6164677 Nicholson Upstream                

 6164685 Nicholson Downstream                

 6163414 Bacon Upstream                

 6163441 Bacon Downstream               
UWA AED - Kwilena Buoy                
   - Matilda Buoy                

DWER 

WIR 616092 Walyunga                

 616088 Gt Northern Hwy                

 616084 Benara Rd                

 616178 National Park                

 616099 River Rd                

 616189 Railway Pde                

 616027 Seaforth                

 616082 Slade St                
 616086 Whiteman Rd                 
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Kwilena report (instrument specification and management) 
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Introduction 
The University of Western Australia (UWA), Woodside RiverLab and the Department of Biodiversity, 
Conservation and Attraction (DBCA) have established a new long-term environmental monitoring buoy, 
Kwilena Buoy in Waylen Bay in the Swan River Estuary (Figure 1), to collect real-time meteorological and 
water quality data that will improve understanding of estuarine functioning and health. This document 
summarizes the instrumentation and deployment details of Kwilena Buoy which was deployed in December 
2019. 
 
 

 
 

Figure 1 Location of the Kwilena water quality monitoring buoy in the Swan River, at 31°59'59.4"S 115°50'36.2"E. 

 

Equipment specification 
This section describes how the Kwilena Buoy estuarine monitoring system has been designed, including a 
number of meteorological and water quality sensors with various input and output signals that interface to 
a Neon Remote Terminal (Unidata Pty Ltd) for real-time data transmission.  
 
The estuarine monitoring system consists of a meteorological station (i.e. light, relative humidity, and 
temperature sensors), a series of below water sensors, and an associated mooring controller (i.e. loggers 
and modems). The instruments are mounted on a NexSens CB-450 buoy that supports the power 
requirements of the setup, with solar mounts and a battery enclosure (Figure 2). The mooring is designed to 
have both permanent and temporary sensors that can be enabled and disabled through the designated 
logger plug.  
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Figure 2 Schematic of the top and side view of the Kwilena monitoring buoy. 
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The monitoring system utilizes highly robust and accurate sensors to provide sustained monitoring of critical 
variables pertaining to estuarine metabolism and water quality in real time. To address research aims of 
enhancing our understanding of key drivers of oxygen metabolism, a suite of water quality sensors were 
carefully selected and are located around 1 m below the surface. The main underwater sensors are 1) YSI 
sonde with (dissolved oxygen, chlorophyll-a, fDOM, turbidity, electrical conductivity, depth, and 
temperature). Moreover, a separate pCO2 sensor was attached with a wiper on a plate mounted on the buoy 
cage as in Figure 2. To investigate the effect of salinity and temperature stratification, 2 electrical 
conductivity sensors were placed in two locations middle of mooring and the benthic node before anchoring 
locations. A fixed memory high frequency DO sensor (MiniDot) has also been deployed at the benthic node 
as well. The benthic node on the mooring line can be replaced by a benthic frame deployed near the 
sediment for the ease of retrieval and maintenance depending on the proposed monitoring requirements. 
At the time of design, the benthic frame is planned to have a YSI sonde in addition to an electrical 
conductivity sensor that will be placed at a fixed height from the sediment. The research aim of this frame is 
to investigate the effect and contribution of sediments to dissolved oxygen dynamics in the water column. 
We have also included capability for a weather station (e.g. GMX600) which is planned to be implemented 
at the Kwilena buoy and therefore the current logger channels and scheme are ready to for its future 
addition.   
 
The Kwilena Buoy system scheme has been setup to log predetermined sensor parameters on a 5 min 
interval, and send that data to a Neon server at a pre-set interval using the Mobile phone network (Telstra). 
The EXO instruments are always powered on while all other sensors are powered up 1min before the log 
time for power conservation. Three 10 Watt solar panels with a total power rating, with an integrated solar 
regulator and one 28 A-Hr battery which provide ample power for the system. The charging status and other 
variables such as voltage, charging current, load current all can be viewed in real time in the Unidata Neon 
web portal site. 
 
A detailed summary of the equipment and instrumentation is provided in Table 1. 

Deployment and mooring system 
The mooring system was initially designed using the Mooring Design and Dynamics (MD&D) package in 
Matlab. Based on current data for a worst-case scenario (storm event), initial calculations estimated how 
much weight is required for a single point mooring anchor. Recommendations from the boating clubs, and 
the Department of Biodiversity Conservation and Attractions (DBCA) field planning team, led to a revised 
mooring configuration as shown in Figure 3.  
 
The configuration allows additional anchoring weight to secure the stability of the system. It also implements 
a mid-water float (30cm diameter which allows for 14 kg of subsurface lift, ample for 2m of 16mm long link 
chain and shackles). The midwater float has its shackle which also attaches to the chain a bit before the end 
where the rope shackle attaches. This reduces the rope tangling around the mid-water float.  
 
For the mooring, two ropes with 22 mm diameter and different lengths were used. Four 5 m long spliced 
ropes were used for the top section to the midwater float point. And one 5 m rope was used to connect to 
the middle point where a 10 kg anchoring weight was connected at the end of a chain below a midwater 
float for subsurface sensors (e.g., the mid EC, DO and depth loggers). Galvanized thimble splices were 
connected to the 2 top mooring points two at each eye for the ease of inspection. Finally, a G60 mooring link 
16 mm chain was used to connect the rest of the system to the anchoring weight each at with a 67 Kg anchor 
weight except for the middle rope, which only has 10 Kg weight to keep the rope taught. 
 
Initial deployment of the installation occurred in December 2019 (Figure 4) and subsequent inspections and 
maintenance were conducted over February and March 2020. 
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Table 1 Details of the components and suppliers for sensors located above and below water, and for short term deployment. 

Location # Sensor/ 

Equipment 

Description Manufacturer 

/Supplier  

Permanent 

/Temporary/F

uture  

Communication / 

output 

Web link 

Met Station 

 

(Above water, 

mounted to 

buoy) 

1 

Maximet GMX600 Weather parameters 

including air 

temperature, wind 

speed, humidity and 

solar radiation. 

Gills Future  SDI-12 http://www.gillinstruments.co

m/data/datasheets/1957-

010%20Maximet-

gmx600%20Iss%208.pdf 

Mooring & 

controller 

module 

(Above water) 

1 NexSens buoy Mechanical support for 

the sensors, logging and 

communication 

infrastructure 

NexSens 

/Fondriest 

Environmental 

Permanent  NA https://www.fondriest.com/ne

xsens-cb-450-data-buoy.htm 

Mooring & 

controller 

module 

 

(Above water) 

 

1 

Neon logger with telemetry NRT logging all 

parameters and 

telemetered to a server 

Unidata Permanent IP/3G network https://www.unidata.com.au/s

upport/technical-white-

papers/ip-neon-data-loggers/ 

1 

Battery Power for the electronics Unidata 28 A-Hr 

battery  

 

- - 

3 

Solar panels Required for continuous 

powering of sensors and 

communications 

equipment 

NexSens 

/Fondriest 

Environmental  

Permanent NA - 

1 

EXO-SOA Interface module for 

EXO sonde into data 

logger system 

YSI/Xylem Permanent SDI-12 https://www.ysi.com/Product/i

d-599820/EXO-DCP-Signal-

Output-Adapter-2-0 

Mooring  

 

(Below water) 

 

 

Mooring  

 

(Below water) 

3 Shackles. Bow S/S 22 mm Mooring and anchoring Taylor Marine Permanent NA NA 

5 

SS 25 mm Thimbles H/Duty  For ropes connections to 

the buoy and chains ( 

bottom) 

Taylor Marine Permanent NA NA 

 

Spliced 6 m Rope Supertec 22 mm 

diameter emerald green medium lay 

coil 

4 X 6m length (including splices) 

Rope for mooring  Taylor Marine Permanent NA NA 
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Location # Sensor/ 

Equipment 

Description Manufacturer 

/Supplier  

Permanent 

/Temporary/F

uture  

Communication / 

output 

Web link 

 

 

 

 

 

 

 

 

 

1 X 5m length (including splices) 

3 strand splicing per splice 

5  

Thimble BS464-1958 galvanised iron 

22 mm 

For ropes connections to 

the buoy and chains ( 

top) 

Taylor Marine Permanent NA NA 

5 

Shackles. bow galvanised iron 22mm For connections to 

midwater float, chains, 

and anchor 

Taylor Marine Permanent NA NA 

5 

Chain G-60 Mooting Link 16 MM  

5 X 3 m length  

 

Anchoring chain  Taylor Marine Permanent NA NA 

5 JNT float ABS 10M-3 300 MM black Mid water floats Taylor Marine Permanent NA NA 

Below water 

sensors 

 

 

 

 

 

 

 

 

 

Below water 

sensors 

 

1 

EXO 2  

Multi-parameter Sonde 

(long-term deployment) 

 

Measures variables 

including  

DO sensor  

Turbidity  

Total Algae sensor 

fDOM sensor  

C/T sensor  

Depth 

YSI/Xylem 

 

Permanent  

 

Interfaces directly 

with the EXO-

SOA, which then 

exports as SDI-12 

https://www.ysi.com/exo2 

1 

C-sense™ in situ pCO2 Sensor 

1000ppm 

pCO2 sensor Turner Designs Permanent  

 

0-5V DC output http://www.turnerdesigns.com

/products/submersible-

fluorometer/c-sense-in-situ-

pco2-sensors 

2 

EC-1500 sensor Electrical Conductivity 

and temperature 

ES&S earth 

sciences 

Permanent 4-20mA output http://essearth.com/wp-

content/uploads/2015/07/EC1

500-user-manual.pdf 

 

1 

Keller-druck level transmitter sensor Piezoresistive Low-Cost 

Level Transmitter for 

water depth 

measurement 

Keller-druck Permanent 4-20mA output https://download.keller-

druck.com/api/download/6Yob

YEAZR5GjyERxufhNLi/en/latest 

 
1 

EXO 2 (short term deployment only)  

Multi-parameter Sonde 

Measures benthic 

variables including  

YSI/Xylem 

 

Temporary  

 

Interfaces directly 

with the EXO-

https://www.ysi.com/exo2 
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Location # Sensor/ 

Equipment 

Description Manufacturer 

/Supplier  

Permanent 

/Temporary/F

uture  

Communication / 

output 

Web link 

 C/T  

DO sensor  

SAL/EC 

pH 

ORP 

Turbidity 

Depth 

SOA, which then 

exports as SDI-12 
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Figure 3 Schematic of the mooring 

 
 
 
 

 
 

Figure 4 Deployment of Kwilena Buoy. 
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Maintenance 

Anti-biofouling measures 
The main water quality instruments near the surface such as EXO sonde, CO2, EC, as well as the deployment 
pipe, are susceptible to bio-fouling. Anti-biofouling measures in place include:  

• Wipers for sensors, where possible 
• Duct tape around sensor casing 
• Copper tape around critical sensors, instrument bodies, and the deployment tube. 

 
Nonetheless, the rapid growth of barnacles, mussels and algae occurs over the summer.  We have contracted 
Ocean Diving Services (ODS) to conduct this maintenance. The surface buoy will be recovered and lifted using 
a hydraulic arm on the boat, where all cleaning and calibration is conducted. Underwater cleaning of the 
mooring system will be undertaken by ODS divers.  
 
 

 
 

Figure 5 Images of fouling observed in Mar 2020. 

Service and maintenance plan 
Monthly maintenance visits are required to undertake ongoing minor maintenance. Tasks to be done during 
these visits include: 

1. Removal of surface biofouling and growth from the buoy structure and mooring lines; 
2. Retrieval of surface sensors, including the YSI Exo, from the buoy; 
3. On-boat cleaning and maintenance of sensors; 
4. On-boat spot calibration of the sensors may also be required. 
5. Re-deployment of the sensors and YSI Exo sonde into the buoy. 

 
Additional, annual visits are required in February, to undertake removal of summer biofouling from the buoy.  
The buoy will be routinely annually for a major service, and approximately monthly for minor maintenance 
(Table 2).  During the annual service, the EXO, and EC, and CO2 sensors will be recovered while the boat is 
anchored near the float. Inspection of the mooring ropes and fixings is required (see Figure 6) and divers can 
inspect the underwater instruments.  
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Table 2 List of maintenance actions and scheduled time-frames 

Action Proposed period 

Visually check moorings for biofouling and damage. Weekly/Fortnightly 

Retrieve, clean, spot check calibration and redeploy EXO and 
sensors. On-boat recalibration if needed.  Monthly 

Retrieve and recalibrate multiparameter sonde and sensors 
in the lab, and redeploy. Once a every 6 months, or as needed 

Change batteries As needed, following inspection of voltage 
Divers remove biofouling in situ from buoy, mooring system 
and sensors. 

Once at the beginning of Summer (Nov/Dec) 
and once after Summer (Feb) 

Divers inspect mooring lines, including shackles, ropes and 
thimbles . Annually 

 
 

 
 

Figure 6 Mooring points requiring inspection and shackle/thimble replacement. 

 

Troubleshooting 
• Power supply goes (batteries flat – especially in winter if they are charged with solar power)  

o add more solar panels, add more batteries, reduce sampling frequency, change batteries 
more frequently, reduce station power consumption.  

• Sensor window is dirty  
o Clean more regularly with cotton buds / brushes o Add automatic cleaning (e.g. wipers, 

pressured air) to your sensors  
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• Sensor is drifting  
o Manual calibration if possible  
o Return to manufacturer if necessary  

• Moorings break  
o Have more than one mooring to prevent total loss of equipment  
o Check mooring regularly  
o Redo moorings with stronger ropes and chains  

• Wires leading from sensor to logger wear in one patch (usually when attached with cable ties)  
o Check regularly 
o Wrap wires in protective sheath (garden hose) where they are fixed  
o Look for the cause of the wear and try and fix wires in a way that prevents wear  

• Bad weather means maintenance visits are limited  
o Watch weather forecasts regularly  

• Sensors stop working altogether  
o Check battery power – low battery is the most common reason that everything stops 

working 
o Return to manufacturer  

 

Data transmission and quality control 
The Neon Remote Terminal transmits a selected number of data channels via a cellular network. The data is 
received at a Neon Server in a central office. The Neon Server displays the data on a web interface, and 
provide limited schematic diagrams and map displays of data and alarms and also provide an interface to 
further downstream systems. Sensor data is available for export from the Neon Server.  
(https://neon1.unidata.com.au//logon.aspx).  
 
This system uses Neon Remote Terminals for a number of compatible weather and water quality sensors in 
addition to a Campbell scientific logger dedicated for non-compatible sensors (specifically this this includes 
the ESS and other analog water quality sensors). The NRT unit allows connection to a cellular network 
remotely which transmits data to a Neon server and web services (Figure 6). An example of the data portal 
is shown in Figure 7. 
 

 
 
Figure 6: Data transmission and system diagram 
 
In addition to the raw data collection and distribution, we undertake quality check and assurance is 
performed through R code and also within the eagle.io system. The raw data are currently being streamed 
and publicly available from the link (https://public.eagle.io/public/dash/r780dlqjzkl0dhs) (Figure 8). 
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Figure 7: Neon data portal 

 
 

Figure 8: Example eagle.io dashboard of the curated data. 
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APPENDIX 

Sensor calibration   
Sonde maintenance, calibration and quality control is performed internally using the EXO software. Refer to 
the section in the manual corresponding to the sensor of the EXO.  Document the sensor SN, dates of 
calibration and testing, and whether it passed the internal QC checks.  
 

Equipment  Reference 
SN  

Date QC score 

    
    
    

 
 
Calibration set-up 
For accurate results, thoroughly rinse the EXO calibration cup with water, and then rinse with a small amount 
of the calibration standard for the sensor you are going to calibrate. Two to three rinses are recommended. 
Discard the rinse standard, then refill the calibration cup with fresh calibration standard. Fill the cup to 
approximately the first line with a full sensor payload or the second line with small sensor payload. 
Recommended volumes will vary, just make certain that the sensor is submerged. Be careful to avoid cross-
contamination with other standards. Begin with clean, dry probes installed on the EXO sonde. Install the 
clean calibration guard over the probe(s), and then immerse the probe(s) in the standard and tighten the 
calibration cup onto the EXO sonde. We recommend using one sonde guard for calibration procedures only, 
and another sonde guard for field deployments. This ensures a greater degree of cleanliness and accuracy 
for the calibration procedure. 
 
 
 
 

EXO calibration software 
 
Go to the Calibrate menu in KorEXO software. This menu’s appearance will vary depending on the sensors 
installed in the sonde. Select the sensor you are going to calibrate from the list. Next select the parameter 
for the sensor you are going to calibrate. Some sensors have only one parameter option, while other sensors 
have multiple options. In the next menu, select a 1-, 2-, or 3-point calibration, depending on your sensor. 
Enter the value of the standard you are using. Check that the value you enter is correct and its units match 
the units at the top of the menu (e.g., microSiemens versus milliSiemens). You may also enter optional 
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information for type of standard, manufacturer of standard, and lot number. Click the Start Calibration 
button. This action initiates the probe’s calibration in the standard; initially the data reported will be unstable 
and then will move to stable readings. Click the Graph Data button to compare the pre-cal and post-cal values 
in graph form. Users should confirm that the value is within their acceptable margin of error. Once readings 
are stable, click Apply to accept this calibration point. Repeat the process for each calibration point. Click 
Complete when all points have been calibrated. A calibration summary appears with a QC score. View, 
export, and/or print the calibration worksheet. If a calibration error appears, repeat the calibration 
procedure. 
 
The Calibration Worksheet is a record of the calibration for an EXO sensor. The worksheet contains quality 
assurance information including date and time of calibration, date of previous calibration, sensor firmware 
version, type of calibration performed, standard used, and QC score. 
Calibration Worksheets are saved in the Calibration Files folder on the computer or the EXO Handheld that 
was used during calibration (not on the sonde or the sensors). All saved Worksheets can be accessed and 
viewed through the Data menu in KorEXO software. 
 
 
Sensor calibrations 

1) Dissolved oxygen 
 

a) 1-point calibration (ODO % sat) 
Place the sonde with sensor into either water-saturated air or air-saturated water: 
Water-saturated air: Ensure there are no water droplets on the DO sensor or the thermistor. Place into a 
calibration cup containing about 1/8 inch of water that is vented by loosening the threads. (Do not seal the 
cup to the sonde.) Wait 10-15 minutes before proceeding to allow the temperature and oxygen pressure to 
equilibrate. Keep out of direct sunlight. 

Air-saturated water: Place into a container of water which has been continuously sparged with an aquarium 
pump and air stone for one hour. Wait approximately 5 minutes before proceeding to allow the temperature 
and oxygen pressure to equilibrate. 
 
In the Calibrate menu, select ODO, then select ODO % sat or ODO % local. Calibrating in ODO % sat 
automatically calibrates ODO mg/L and ODO % local and vice versa. Enter the current barometric pressure 
in mm of Hg (Inches of Hg x 25.4 = mm Hg). 
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NOTE: Laboratory barometer readings are usually “true” (uncorrected) values of air pressure and can be 
used “as is” for oxygen calibration. Weather service readings are usually not “true”, i.e., they are corrected 
to sea level, and therefore cannot be used until they are “uncorrected”.  
 
An approximate formula for this “uncorrection” (where the BP readings MUST be in mm Hg. True BP = 
[Corrected BP] – [2.5 * (Local Altitude in ft above sea level/100)] Click 1 Point for the Calibration Points. Enter 
the standard value (air saturated). 
Click Start Calibration. Observe the readings under Current and Pending data points and when they are Stable 
(or data show no significant change for approximately 40 seconds), click Apply to accept this calibration 
point. Click Complete. View the Calibration Summary screen and QC score. Click Exit to return to the sensor 
calibration menu, and then the back arrows to return to main Calibrate menu. 
 

a) 1-point calibration (mg/L) 
Place the sonde with sensor in a container which contains a known concentration of dissolved oxygen in 
mg/L and that is within ±10% of air saturation as determined by one of the following methods: 
- Winkler titration 
- Aerating the solution and assuming that it is saturated 
- Measurement with another instrument 
 
NOTE: Carrying out DO mg/L calibrations at values outside the range of ±10 % of air saturation is likely to 
compromise the accuracy specification of the EXO sensor. For highest accuracy, calibrate in % saturation. 
 
In the Calibrate menu, select ODO, then select ODO mg/L. Calibrating in ODO mg/L automatically calibrates 
ODO % sat and vice versa. Click 1 Point for Calibration Points. Enter the known mg/L concentration for the 
standard value. Click Start Calibration. Observe the readings under Current and Pending data points and 
when they are Stable (or data shows no significant change for approximately 40 seconds), click Apply to 
accept this calibration point. Click Complete. Rinse the sonde and sensor(s) in tap or purified water and dry. 
 

a) 2-point (zero point) calibration (ODO % sat, ODO % local or mg/L) 
Normally it is not necessary to perform a 2-point calibration for the DO sensor, and the procedure is not 
recommended unless (a) you are certain that the sensor does not meet your accuracy requirements at low 
DO levels and (b) you are operating under conditions where you are certain to be able to generate a medium 
which is truly oxygen-free. 
 
For ODO % sat or ODO % local, calibrate your sonde at zero oxygen and in water-saturated air or air-saturated 
water. For ODO mg/L, calibrate your sonde at zero oxygen and a known concentration of oxygen within ±10% 
of air-saturation. The key to performing a 2-point calibration is to make certain that your zero-oxygen 
medium is truly oxygen-free: If you use nitrogen gas for the zero-point calibration, make certain that the 
vessel you use has a small exit port to prevent back diffusion of air and that you have completely purged the 
vessel before confirming the calibration. 
 
If you use sodium sulfite solution for the zero-point calibration, prepare the solution at a concentration of 
approximately 2 g/L at least two hours prior to use and keep it sealed in a bottle which does not allow 
diffusion of oxygen through the sides of the container. Transfer the sodium sulfite solution rapidly from its 
container to the calibration cup, fill the cup as full as possible with solution to minimize head space, and seal 
the cup to the sonde to prevent diffusion of air into the vessel. Place the sonde with DO and temperature 
sensors in the zero-oxygen medium. 
 
In the Calibrate menu, select ODO, then select either ODO % sat, ODO % local or ODO mg/L. Click 2 Point for 
the Calibration Points. Enter Zero Point as the value of the first standard. Click Start Calibration. Observe the 
readings under Current and Pending data points and when they are Stable (or data shows no significant 
change for approximately 40 seconds), click Apply to accept this calibration point. 
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If you used sodium sulfite solution as your zero calibration medium, you must thoroughly remove all traces 
of the reagent from the probes and wiper prior to proceeding to the second point. We recommend that the 
second calibration point be in air-saturated water if you use sodium sulfite solution. 
 
Next place the sensors in the medium containing a known oxygen pressure or concentration and wait at least 
10 minutes for temperature equilibration. Click Proceed in the pop-up window. Then enter either the 
barometer reading in mm Hg (for ODO %) or the actual concentration of oxygen as determined from a 
Winkler titration (for ODO mg/L), for instance. Observe the readings under Current and Pending data points 
and when they are Stable (or data shows no significant change for approximately 40 seconds), click Apply to 
accept this calibration point. 
 
Click Complete. View the Calibration Summary screen and QC score. Click Exit to return to the sensor 
calibration menu, and then the back arrows to return to main Calibrate menu. 
 
NOTE: Carrying out DO mg/L calibrations at values outside the range of ±10 % of air saturation is likely to 
compromise the accuracy specification of the EXO sensor. For highest accuracy, calibrate in % saturation. 
Rinse the sonde and sensor(s) in tap or purified water and dry. 
 

2) fDOM  

 
Refer to page 77 in EXO User Manual for calibration standards. 
 
This procedure calibrates fDOM RFU or fDOM QSU/ppb. If the user has both units selected, then this 
procedure must be performed twice, once for each unit, to completely calibrate the parameter. 
For 2-point calibrations, the first standard must be clear water (0 μg/L). The second standard should be a 
300 μg/L quinine sulfate solution.  
 
NOTICE: Do not leave sensors in quinine sulfate solution for a long time. A chemical reaction occurs with the 
copper on the sonde (wiper assembly, sonde bulkhead, copper tape) that degrades the solution and causes it 
to drift. Also, start with very clean sensors, as the presence of chloride and halide ions (from estuarine or 
seawater, conductivity standards, and Zobell solution) can compromise QS fluorescence. 
 

a) 1- or 2-point calibration (QSU) 
Pour the correct amount of clear deionized or distilled water into the calibration cup. Immerse the probe 
end of the sonde in the water.  In the Calibrate menu, select fDOM, then select QSU/ppb. Select either a 1- 
or 2-point calibration. Enter 0 for first standard value and 300 μg/L for second standard value.  Click Start 
Calibration. Observe the readings under Current and Pending data points, and when they are Stable, click 
Apply to accept this calibration point. Remove the central wiper from the EXO2 sonde before proceeding to 
the next step. 
Next place the sensors in the correct amount of 300 μg/L quinine sulfate standard in the calibration cup. 
Click Proceed on the pop-up window. Observe the readings under Current and Pending data points. While 
stabilizing, verify that no air bubbles reside on the sensing face of the sensor. If there are bubbles, gently 
shake or move the sensor to dislodge. When data are 
 
Stable (or data shows no significant change for approximately 40 seconds), click Apply to accept this 
calibration point. 
 
Click Complete. View the Calibration Summary screen and QC score. Click Exit to return to the sensor 
calibration menu, and then the back arrows to return to main Calibrate menu. 

 
b) 1- or 2-point calibration  (RFU) 

Pour the correct amount of clear deionized or distilled water into the calibration cup. Immerse the probe 
end of the sonde in the water. 
In the Calibrate menu, select fDOM, then select RFU. Select either a 1- or 2-point calibration. Enter 0 for first 
standard value and 100 RFU for second standard value. 
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Click Start Calibration. Observe the readings under Current and Pending data points, and when they are 
Stable, click Apply to accept this calibration point. 
Remove the central wiper from the EXO2 sonde before proceeding to the next step. 
Next place the sensors in the 300 μg/L quinine sulfate standard in the calibration cup. Click Proceed on the 
pop-up window. 
Observe the readings under Current and Pending data points. While stabilizing, verify that no air bubbles 
reside on the sensing face of the sensor. If there are bubbles, gently shake or move the sensor to dislodge. 
When data are Stable (or data shows no significant change for approximately 40 seconds), click Apply to 
accept this calibration point. 
 
Click Complete. View the Calibration Summary screen and QC score. Click Exit to return to the sensor 
calibration menu, and then the back arrows to return to main Calibrate menu. Rinse the sonde in tap or 
purified water and dry the sonde. 
Discard the used standard. 

 
3) pH  

 
a) 1-point calibration 

Select the 1-point option to calibrate the pH probe using one calibration standard. 
NOTE: While a 1-point pH calibration is possible, YSI recommends using a 2 or 3-point calibration for greater 
accuracy. 
 

b) 2-point calibration 
Select the 2-point option to calibrate the pH probe using two calibration standards. In this procedure, the 
pH sensor is calibrated with a pH 7 buffer and a pH 10 or pH 4 buffer depending upon your environmental 
water. A 2-point calibration can save time (versus a 3-point calibration) if the pH of the media to be 
monitored is known to be either basic or acidic. 
 

c) 3-point calibration 
Select the 3-point option to calibrate the pH probe using three calibration standards. In this procedure, the 
pH sensor is calibrated with a pH 7 buffer and both the pH 10 and the pH 4. The 3-point calibration method 
assures maximum accuracy when the pH of the media to be monitored cannot be anticipated. 
 
Pour the correct amount of pH buffer in a clean and dry or pre-rinsed calibration cup. Carefully immerse the 
probe end of the sonde into the solution, making sure the sensor’s glass bulb is in solution by at least 1 cm. 
Allow at least 1 minute for temperature equilibration before proceeding. 
In the Calibrate menu, select pH or pH/ORP, then select pH. 
Select the number of points desired for the calibration. Enter the value(s) of the pH buffer(s) that will be 
used for the calibration. 
 
NOTE: Observe the temperature reading above the standard value. The actual pH value of all buffers varies 
with temperature. Enter the correct value from the bottle label for your calibration temperature for maximum 
accuracy. For example, the pH of one manufacturer’s pH 7 Buffer is 7.00 at 25˚C, but 7.02 at 20˚C. If no 
temperature sensor is installed, user can manually update temperature by entering a value. 
 
Click Start Calibration. Observe the readings under Current and Pending data points and when they are Stable 
(or data shows no significant change for approximately 40 seconds), click Apply to accept this calibration 
point. Confirm that the pending data value is close to the Set point value. Click Proceed and wait for the 
software to prompt you to move the sensor to the next standard solution. 
 
Rinse the sensor in deionized water. Pour the correct amount of the next pH buffer standard into a clean, 
dry or prerinsed calibration cup, and carefully immerse the probe end of the sonde into the solution. Allow 
at least 1 minute for temperature equilibration before proceeding. 
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Repeat the calibration procedure and click Apply when the data are stable. Rinse the sensor and pour the 
next pH buffer, if necessary. Repeat calibration procedure for the third point and click Apply when data are 
stable. 
 
Click Complete. View the Calibration Summary screen and QC score. Click Exit to return to the sensor 
calibration menu,and then the back arrows to return to main Calibrate menu. Rinse the sonde and sensors 
in tap or purified water and dry. 

 
4) Total Algae (Chl & BGA)  

 
This procedure calibrates Chlorophyll RFU or Chlorophyll μg/L. If the user has both units selected, then this 
procedure must be performed twice, once for each unit, to completely calibrate the parameter. 
 
For 2-point calibrations, one standard must be clear water (0 μg/L), and this standard must be calibrated 
first. The other standard should be in the range of a known chlorophyll content of the water to be monitored. 
Two general types of standards can be used: (a) phytoplankton suspensions of known chlorophyll content, 
determined by employing the extractive analysis procedure described in Standard Methods for the 
Examination of Water and Wastewater, or by analyzing the suspension in situ using a laboratory fluorometer, 
and (b) dye solutions whose fluorescence can be correlated to that of chlorophyll. 
 
For option (b), we recommend using a 625 μg/L Rhodamine WT dye solution, and the solution is used in the 
calibration steps below. 
 

a) 1- or 2-point calibration (μg/L) 
This procedure will zero your fluorescence sensor and use the default sensitivity for calculation of chlorophyll 
concentration in μg/L, allowing quick and easy fluorescence measurements that are only semi-quantitative 
with regard to chlorophyll. 
However, the readings will reflect changes in chlorophyll from site to site, or over time at a single site. 
 
Pour the correct amount of clear deionized or distilled water into the calibration cup. Immerse the probe 
end of the sonde in the water. 
 
In the Calibrate menu, select BGA-PC/Chlor, then select Chl μg/L. Select either a 1- or 2-point calibration. 
Enter 0 for first standard value and 66 for second standard value. 
Click Start Calibration. Observe the readings under Current and Pending data points. While stabilizing, click 
the Wipe Sensors button to activate the wiper to remove any bubbles. When data are Stable (or data shows 
no significant change for approximately 40 seconds), click Apply to accept this calibration point. 
 
Next place the sensors in the Rhodamine WT standard. Click Proceed on the pop-up window. Observe the 
readings under Current and Pending data points. While stabilizing, click the Wipe Sensors button to activate 
the wiper to remove any bubbles. When data are Stable (or data shows no significant change for 
approximately 40 seconds), click Apply to accept this calibration point. 
 
Click Complete. View the Calibration Summary screen and QC score. Click Exit to return to the sensor 
calibration menu, and then the back arrows to return to main Calibrate menu. 
Rinse the sonde in tap or purified water and dry the sonde. 
 

b) 1- or 2-point calibration (RFU) 
RFU is a percent full scale output; it outputs relative fluorescence from 0-100%. This calibration procedure 
is recommended if you are also using grab samples to post-calibrate in vivo chlorophyll readings. The sonde 
will report relative values of fluorescence in the sample being measured. These values can be converted into 
actual chlorophyll concentrations in μg/L by using a post-calibration procedure, after the chlorophyll content 
of grabsamples taken during a deployment has been analyzed in a laboratory. This determination can involve 
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conducting the extractive analysis procedure described for chlorophyll in Methods for the Examination of 
Water and Wastewater or by carrying out an in situ measurement of chlorophyll using a commercial 
benchtop fluorometer. 
 
Pour the correct amount of clear deionized or distilled water into the calibration cup. Immerse the probe 
end of the sonde in the water.  In the Calibrate menu, select BGA-PC/Chlor, then select Chl RFU. Select either 
a 1- or 2-point calibration. Enter 0 for first standard value and 16.4 for second standard value. 
 
Click Start Calibration. Observe the readings under Current and Pending data points. While stabilizing, click 
the Wipe Sensors button to activate the wiper to remove any bubbles. When data are Stable (or data shows 
no significant change for approximately 40 seconds), click Apply to accept this calibration point. 
Next place the sensors in the Rhodamine WT standard. Click Proceed on the pop-up window. Observe the 
readings under Current and Pending data points. While stabilizing, click the Wipe Sensors button to activate 
the wiper to remove any bubbles. When data are Stable (or data shows no significant change for 
approximately 40 seconds), click Apply to accept this calibration point. 
 
Click Complete. View the Calibration Summary screen and QC score. Click Exit to return to the sensor 
calibration menu, and then the back arrows to return to main Calibrate menu. 
Rinse the sonde in tap or purified water and dry the sonde. 

 

5) Blue-green algae phycocyanin 
 
This procedure calibrates BGA RFU or BGA μg/L. If the user has both units selected, then this procedure must 
be performed twice, once for each unit, to completely calibrate the parameter. 
For the 2-point calibration, one of the standards must be clear water (0 μg/L), and this standard must be 
calibrated first. 
 
The other standard should be in the range of the suspected BGA-PC content at the environmental site. Two 
general types of standards can be used: (a) phytoplankton suspensions of known BGA-PC content, and (b) 
dye solutions whose fluorescence can be correlated to that of BGA-PC. The user is responsible for 
determining the BGA-PC content of algal suspensions by using standard cell counting techniques. 
For option (b), we recommend using a 625 μg/L Rhodamine WT dye solution, and the solution is used in the 
calibration steps below. 
 

a) 1- or 2-point calibration (μg/L) 
This procedure will zero your fluorescence sensor and use the default sensitivity for calculation of 
phycocyanin-containingBGA in μg/L, allowing quick and easy fluorescence measurements that are only semi-
quantitative with regard to BGA-PC. However, the readings will reflect changes in BGA-PC from site to site, 
or over time at a single site. Pour the correct amount of clear deionized or distilled water into the calibration 
cup. Immerse the probe end of the sonde in the water. 
 
In the Calibrate menu, select BGA-PC/Chlor, then select BGA μg/L. Select either a 1- or 2-point calibration. 
Enter 0 for first standard value and 16 for second standard value. 
 
Click Start Calibration. Observe the readings under Current and Pending data points. While stabilizing, click 
the Wipe sensors button to activate the wiper to remove any bubbles. When data are Stable (or data shows 
no significant change for approximately 40 seconds), click Apply to accept this calibration point. 
Next place the sensors in the Rhodamine WT standard. Click Proceed on the pop-up window. Observe the 
readings under current and pending data points. While stabilizing, click the Wipe Sensors button to activate 
the wiper to remove any bubbles. When data are Stable (or data shows no significant change for 
approximately 40 seconds), click Apply to accept this calibration point. 
 
Click Complete. View the Calibration Summary screen and QC score. Click Exit to return to the sensor 
calibration menu, and then the back arrows to return to main Calibrate menu. 
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Rinse the sonde in tap or purified water and dry the sonde. 
 

b) 1- or 2-point calibration (RFU) 
RFU is a percent full scale output; it outputs relative fluorescence from 0-100%. This calibration procedure 
is recommended if you are also using grab samples to post-calibrate in vivo algae readings. Pour the correct 
amount of clear deionized or distilled water into the calibration cup. Immerse the probe end of the sonde in 
the water. In the Calibrate menu, select BGA-PC/Chlor, then select BGA RFU. Select either a 1- or 2-point 
calibration. Enter 0 for first standard value and 16 for second standard value. 
 
Click Start Calibration. Observe the readings under Current and Pending data points. While stabilizing, click 
the Wipe sensors button to activate the wiper to remove any bubbles. When data are Stable (or data shows 
no significant change for approximately 40 seconds), click Apply to accept this calibration point. 
 
Next place the sensors in the Rhodamine WT standard. Click Proceed on the pop-up window. Observe the 
readings under current and pending data points. While stabilizing, click the Wipe Sensors button to activate 
the wiper to remove any bubbles. When data are Stable (or data shows no significant change for 
approximately 40 seconds), click Apply to accept this calibration point. Click Complete. View the Calibration 
Summary screen and QC score. Click Exit to return to the sensor calibration menu, and then the back arrows 
to return to main Calibrate menu. 
 
Rinse the sonde in tap or purified water and dry the sonde. 
 

6) Blue-green algae phycoerythrin 
 
This procedure calibrates BGA RFU or BGA μg/L. If the user has both units selected, then this procedure must 
be performed twice, once for each unit, to completely calibrate the parameter. 
For the 2-point calibration, one of the standards must be clear water (0 μg/L), and this standard must be 
calibrated first. The other standard should be in the range of the suspected BGA-PE content at the 
environmental site. Two general types of standards can be used: (a) phytoplankton suspensions of known 
BGA-PE content, and (b) dye solutions whose fluorescence can be correlated to that of BGA-PE. The user is 
responsible for determining the BGA-PE content of algal suspensions by using standard cell counting 
techniques. For option (b), we recommend using a 25 μg/L Rhodamine WT dye solution, and the solution is 
used in the calibration steps below. 
 

a) 1- or 2-point calibration (μg/L) 
This procedure will zero your fluorescence sensor and use the default sensitivity for calculation of 
phycoerythrin-containing BGA in μg/L, allowing quick and easy fluorescence measurements that are only 
semi-quantitative with regard to BGA-PE. 
 
However, the readings will reflect changes in BGA-PE from site to site, or over time at a single site. 
Pour the correct amount of clear deionized or distilled water into the calibration cup. Immerse the probe 
end of the sonde in the water. In the Calibrate menu, select BGA-PE/Chlor, then select BGA μg/L. Select 
either a 1- or 2-point calibration. When using Rhodamine WT enter 0 for the first standard value and 126 for 
the second standard value. 
 
Click Start Calibration. Observe the readings under Current and Pending data points. While stabilizing, click 
the Wipe sensors button to activate the wiper to remove any bubbles. When data are Stable (or data shows 
no significant change for approximately 40 seconds), click Apply to accept this calibration point. 
 
Next place the sensors in the Rhodamine WT standard. Click Proceed on the pop-up window. Observe the 
readings under current and pending data points. While stabilizing, click the wipe sensors button to activate 
the wiper to remove any bubbles. When data are Stable (or data shows no significant change for 
approximately 40 seconds), click Apply to accept this calibration point. Click Complete. View the Calibration 
Summary screen and QC score. Click Exit to return to the sensor calibration menu, and then the back arrows 
to return to main Calibrate menu. Rinse the sonde in tap or purified water and dry the sonde. 
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b) 1- or 2-point calibration (RFU) 

RFU is a percent full scale output; it outputs relative fluorescence from 0-100%. This calibration procedure 
is recommended if you are also using grab samples to post-calibrate in vivo algae readings. 
Pour the correct amount of clear deionized or distilled water into the calibration cup. Immerse the probe 
end of the sonde in the water. In the Calibrate menu, select BGA-PE/Chlor, then select BGA RFU. Select either 
a 1- or 2-point calibration. 
 
When using Rhodamine WT enter 0 for the first standard value and 45 for the second standard value. Click 
Start Calibration. Observe the readings under Current and Pending data points. While stabilizing, click the 
Wipe Sensors button to activate the wiper to remove any bubbles. When data are Stable (or data shows no 
significant change for approximately 40 seconds), click Apply to accept this calibration point. 
 
Next place the sensors in the Rhodamine WT standard. Click Proceed on the pop-up window. Observe the 
readings under current and pending data points. While stabilizing, click the Wipe Sensors button to activate 
the wiper to remove any bubbles. When data are Stable (or data shows no significant change for 
approximately 40 seconds), click Apply to accept this calibration point. 
 
Click Complete. View the Calibration Summary screen and QC score. Click Exit to return to the sensor 
calibration menu, and then the back arrows to return to main Calibrate menu. Rinse the sonde in tap or 
purified water and dry the sonde. 
 

7) Turbidity 
Use a clean, spare sonde guard.  For proper calibration, you must use standards that have been prepared 
according to details in Standard Methods for the Treatment of Water and Wastewater (Section 2130 B). 
Acceptable standards include (a) formazin prepared according to Standard Methods, especially for 
calibration points greater than 1010; (b) dilutions of 4000 NTU formazin concentrate purchased from Hach; 
(c) Hach StablCalTM standards in various NTU denominations; and (d) AMCO-AEPA standards prepared 
specifically for the EXO turbidity sensor by the manufacturer (see table next page). 
 
NOTE: The use of standards other than those mentioned above will result in calibration errors and inaccurate 
field readings. 
 
It is important to use the same type of standard for all calpoints. (i.e. do not mix formazine and AMCO-AEPA 
standard for different points in a multi-point calibration). 
 

a) 2-point calibration 
 
Pour the correct amount of 0 NTU standard (clear deionized or distilled water) into the calibration cup. 
Immerse the probe end of the sonde into the water. In the Calibrate menu, select Turbidity, then select 
Turbidity FNU. 
 
Click 2 Point for the Calibration Points. Enter 0 FNU for first standard value and 124 FNU for second standard 
value. (0 must be calibrated first.) If the water to be evaluated is known to be low in turbidity, an appropriate 
choice of standards might be 0 and 12.4. However, for general purpose measurements an appropriate choice 
of standards is usually 0 and 124. If deploying with a copper anti-fouling guard, use this guard during 
calibration to calibrate for any offset; input 0.5 or 1 instead of 0. The guard must be clean and free of 
sediment and debris. 
 
Click Start Calibration. Observe the readings under Current and Pending data points. While stabilizing, click 
the Wipe Sensors button to activate the wiper to remove any bubbles. When data are Stable (or data show 
no significant change for approximately 40 seconds), click Apply to accept this calibration point. 
- If the temperature of your field site is substantially different from the lab temperature, allow the sensor to 
sample for 3-5 minutes at each calibration point before accepting it. This step ensures the best possible 
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temperature compensation when deployed. Next place the sensors in the second calibration standard. Click 
Proceed on the pop-up window.  
 
Observe the readings under Current and Pending data points. While stabilizing, click the Wipe Sensors button 
to activate the wiper to remove any bubbles. When data are Stable (or data shows no significant change for 
approximately 40 seconds), click Apply to accept this calibration point. 
Click Complete. View the Calibration Summary screen and QC score. Click Exit to return to the sensor 
calibration menu, and then the back arrows to return to main Calibrate menu. 
Rinse the sonde in tap or purified water and dry the sonde. 
 

b) 3-point calibration 
 
Select the 3-point calibration option for maximum accuracy over a wider range. The first standard must be 
0 FNU. Because of the linearity characteristics of the sensors, we recommend that the other two standards 
have turbidity values of 124 and 1010 FNU. It is important to use a consistent type of standard for all 
calibration points. The procedure for this calibration is the same as for a 2-point calibration, but the software 
will prompt you to proceed to an additional solution to complete the 3-point procedure. 
 

c) Calibration limits 
Due to the non-linear response of the turbidity sensor, calibration ranges may be limited. A 1-, 2-, or 3-point 
calibration may be completed, using the following limits: 

First Point Second Point Third Point 
0-1 FNU 
(or NTU) 

5-199 FNU (or 
NTU) 

200-4200 FNU 
(or NTU) 

 
 

d) Calibration standards 
 
The following standards are available for the EXO turbidity sensor: 

608000 0 NTU (all turbidity sensors); 
1 gallon 

607200 12.4 FNU (EXO); 12.7 NTU 
(YSI 6-Series); 1 gallon 

607300 124 FNU (EXO); 126 NTU 
(YSI 6-Series); 1 gallon 

607400 1010 FNU (EXO); 1000 NTU 
(YSI 6-Series); 1 gallon 

 
8) Conductivity / temperature  

Clean the conductivity cell with the supplied soft brush before calibrating. This procedure calibrates 
conductivity, non-linear function (nLF) conductivity, specific conductance, salinity, and total dissolved solids. 
 
A variety of standards are available based on the salinity of your environment. Select the appropriate 
calibration standard for your deployment environment; we recommend using standards greater than 1 
mS/cm (1000 μS/cm) for greatest stability. 
 
Pour conductivity standard into a clean and dry or pre-rinsed EXO calibration cup. YSI recommends filling the 
calibration cup up to the second marked line to ensure the standard is above the vent holes on the 
conductivity sensor. 
 
Immerse the probe end of the sonde into the solution, gently rotate and/or move the sonde up and down 
to remove any bubbles from the conductivity cell. Allow at least one minute for temperature equilibration 
before proceeding. In the Calibrate menu, select Conductivity and then a second menu will offer the options 
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of calibrating conductivity, nLF conductivity, specific conductance, or salinity.  Calibrating any one option 
automatically calibrates the other parameters. 
 
After selecting the option of choice (specific conductance is normally recommended), enter the value of the 
standard used during calibration. Be certain that the units are correct and match the units displayed in the 
second window at the top of the menu. Click Start Calibration. Observe the readings under Current and 
Pending data points and when they are Stable (or data shows no significant change for approximately 40 
seconds), click Apply to accept this calibration point. 
 
If the data do not stabilize after 40 seconds, gently rotate the sonde or remove/reinstall the cal cup to make 
sure there are no air bubbles in the conductivity cell. Click Complete. View the Calibration Summary screen 
and QC score. Click Exit to return to the sensor calibration menu, and then the back arrows to return to main 
Calibrate menu.Rinse the sonde and sensor(s) in tap or purified water and dry. 
 
 

9) pCO2  

Two-point calibration will be applied. The sensor should read around 407.4 ppm in air with an uncertainty 
of +/- 0.1. The saturated CO2 solution shall be prepared by gassing water at room temperature for about 30 
mins. Observe the pH value until it stabilizes. Error from standards readings shall be recorded. Also, a sample 
of the saturated Co2 water shall be measured using a Carbon dioxide test using Hach kit as follows: Carbon 
dioxide test using Hach kit. 
 

a) Low range calibration 
Fill the mixing bottle to the 23- ml mark with the water sample. Add one drop of the phenophthalein indicator 
solution to the sample. Add the sodium hydroxide solution drop by drop to the sample. Count each drop as 
it is added. Swirl the bottle to mix after each drop is added. Continue adding drops until a light pink color 
forms, and persists for 30 seconds. Each drop of sodium hydroxide solution used equals 1.25 mg/l carbon 
dioxide. 
 

b) Medium range test 
Fill the mixing bottle to the 15 ml mark with the water sample. Proceed as in the low range test. Each drop 
of sodium hydroxide solution used equals 2 mg/l carbon dioxide. 
 

c) High range test 
Fill the plastic measuring tube level full with the water to be tested. Transfer to the mixing bottle by placing 
the mixing bottle over the tube and then turning the bottle right-side up. Add one drop of phenolphthalein 
indicator to the mixing bottle. Add sodium hydroxide solution drop by drop. Each drop sodium hydroxide 
used equals 5 mg/l carbon dioxide. 
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8 Appendix B  ARMS sensor naming list 

Table 18 ARMS sensor naming list 

Owner -Site DPIRD UWA DOT DBCA 

Variable 
name  

Station_ID Station_ID Station_ID Station_ID Record_Datetim
e 

Record_Datetim
e 

Station_ID 

Record_Datetime Record_Datetime Record_Datetime Record_Datetime Height_m Height_m Record_Datetime 

Temperature_Air_Min_deg_C Wiper_V Temperature_Air_Deg_
C 

System_Battery_V     Dissolved_Oxygen_mg_l 

Temperature_Air_Max_deg_C Depth_m Baro_Pressure_hPa Aux_battery_V     Temperature_deg_C 

Rel_Humidity_min Height_m Rel_Humidity_perc Depth_m     Salinity_psu 

Rel_Humidity_max Dissolved_Oxygen_mg_l Wind_Direction_deg Height_m     pH 

Rel_Humidity_avg Dissolved_Oxygen_sat_perc Wind_Speed_m_s Temperature_deg_C     Specific_Conductivity_uS_c
m 

Rainfall_m ORP_mv 
 

pCO2_ppm     Dissolved_Oxygen_sat_perc 

Temperature_dewpoint_Min_deg_C pH 
 

Chlorophyll_RFU     Depth_m 

Temperature_dewpoint_Max_deg_C Salinity_psu 
 

Chlorophyll_ug_L       

Temperature_dewpoint_Avg_deg_C Specific_Conductivity_uS_c
m 

 
fDOM_QSU       

Evaporation_mm Temperature_deg_C 
 

fDOM_RFU       

Eto_std_mm Turbidity_NTU 
 

Turbidity_NTU       

Eto_tall_mm   
 

Dissolved_Oxygen_mg_l       

Solar_Irradiance_W_m2   
 

Conductivity_uS_cm       

Temperature_Soil_Min_deg_C   
 

Mooring_level_mAHD       

Temperature_Soil_Max_deg_C   
 

Temperature_deg_C_Middle       

Temperature_Soil_Avg_deg_C   
 

Conductivity_uS_cm_Middl
e 

      

Wind_Speed_max_m_s   
 

Temperature_deg_C_Bottom       

Wind_Speed_ave_m_s   
 

Conductivity_uS_cm_Botto
m 

      

Wind_Direction_max_comp_deg   
 

Bottom_Depth_abs_m       
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Owner -Site DPIRD UWA DOT DBCA 

Temperature_Wet_Bulb_min_Deg_
C 

  
 

Dissolved_Oxygen_sat_perc       

Temperature_Wet_Bulb_max_Deg_
C 

  
 

Internal_Batt_V       

Temperature_Wet_Bulb_Avg_Deg_
C 

  
 

TSS_mg_l       

Temperature_delta_t_min_Deg_C   
 

TDS_mg_l       

Temperature_delta_t_max_Deg_C   
 

SpConductivity_uS_cm       

Temperature_delta_t_Avg_Deg_C   
 

pressure_psi       

Number_recordings   
 

Salinity_psu       

    
 

BGA_PE_RFU       

    
 

BGA_PE_ug_l       
    

 
Wiper_V       
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9 Appendix C Chapter 3 supplementary materials 

9.1 pCO2 sensor calibration validation  

An outdoor experiment was used to assess the calibration of the pCO2 sensor. The pCO2 

sensor was continually recording in a tank with aquatic vegetation, while a vial bottle was 

used to collect approximately 100 mL of water samples frequently. Aqueous pCO2 was 

estimated using standard titration procedures (Pfeiffer et al., 2011). To prevent biological 

activity in the water samples, 100 L of a saturated aqueous solution of mercuric chloride was 

added after sampling. Finally, a total alkalinity metre (TA) was used to determine the dissolved 

inorganic carbon (DIC) and TA of the water sample (Kimoto Electronic Co. Ltd., ATT-15). 

 

Figure 77  pCO2 sensor calibration validation 

Table 19 pCO2 sensor calibration validation including water sample (temperature, salinity, DIC, 

TA) 

pCO2 (sensor) pCO2 (water 
sample) 

water 
temperature 

salinity DIC TA 

24.8  24.5 23.0 0.0 1749 2152 
179.8 183.9 23.0 0.0 1779 2189 
228.8 239.1 23.0 0.0 1789 2151 
127.1 126.8 20.0 0.0 1950 2229 
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Table 20 Short list of model parameters, full list can be found in the R streamMetabolizer package 

DO_mod_1 Daily values, or a function to generate daily values, of the first DO.mod value on each 
date. Fixed values may alternatively be specified as DO.mod.1 in the data_daily 
passed to metab. Or may be implied by a DO.obs column in data, from which the first 
values on each date will be extracted by metab(). 

K600_daily Daily values, or a function to generate daily values, of the reaeration rate constant K600. 
Fixed values may alternatively be specified as K600.daily in the data_daily passed 
to metab. 

GPP_daily Daily values, or a function to generate daily values, of the photosynthesis parameter 
GPP_daily. Fixed values may alternatively be specified as GPP.daily in the data_daily 
passed to metab. 

Pmax Daily values, or a function to generate daily values, of the photosynthesis parameter 
Pmax. Fixed values may alternatively be specified as Pmax in the data_daily passed 
to metab. 

alpha Daily values, or a function to generate daily values, of the photosynthesis parameter 
alpha. Fixed values may alternatively be specified as alpha in the data_daily passed 
to metab. 

ER_daily Daily values, or a function to generate daily values, of the respiration parameter ER_daily. 
Fixed values may alternatively be specified as ER.daily in the data_daily passed 
to metab. 

ER20 Daily values, or a function to generate daily values, of the respiration parameter ER20. 
Fixed values may alternatively be specified as ER20 in the data_daily passed to metab. 

err_obs_sigma Daily values, or a function to generate daily values, of the sd of observation error, or 0 for 
no observation error. Observation errors are those applied to DO.mod after generating 
the full time series of modeled values. 

err_obs_phi Daily values, or a function to generate daily values, of the autocorrelation coefficient of 
the observation errors, or 0 for uncorrelated errors. 

err_proc_sigma Daily values, or a function to generate daily values, of the sd of process error, or 0 for no 
process error. Process errors are applied at each time step, and therefore propagate into 
the next timestep. 

err_proc_phi Daily values, or a function to generate daily values, of the autocorrelation coefficient of 
the process errors, or 0 for uncorrelated errors. 

err_round A single value indicating whether simulated DO.obs should be rounded to simulate the 
common practice of only reporting a few significant figures for DO. Use NA for no effect, 
or an integer as in the digits argument to round if simulated DO.obs should be 
rounded to the given number of digits beyond .. 

sim_seed NA to specify that each call to predict_DO should generate new values, or an integer, as 
in the seed argument to set.seed, specifying the seed to set before every execution 
of predict_DO and/or predict_metab. 

 

 

 

 

 

 

 

http://127.0.0.1:39458/help/library/streamMetabolizer/help/metab
http://127.0.0.1:39458/help/library/streamMetabolizer/help/metab
http://127.0.0.1:39458/help/library/streamMetabolizer/help/metab
http://127.0.0.1:39458/help/library/streamMetabolizer/help/metab
http://127.0.0.1:39458/help/library/streamMetabolizer/help/metab
http://127.0.0.1:39458/help/library/streamMetabolizer/help/metab
http://127.0.0.1:39458/help/library/streamMetabolizer/help/metab
http://127.0.0.1:39458/help/library/streamMetabolizer/help/round
http://127.0.0.1:39458/help/library/streamMetabolizer/help/set.seed
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Table 21 List of model functions  

Functions  Description  Options in StreamPulse 
ode_method 

 
 

The method to use in 
solving the ordinary 
differential equation for 
DO. 

Euler: the final change in DO from 
t=1 to t=2 is solely a function of 
GPP, ER, DO, etc. at t=1 
 
trapezoid, formerly pairmeans: the 
final change in DO from t=1 to t=2 is 
a function of the mean values of 
GPP, ER, etc. across t=1 and t=2. 

GPP_fun Function dictating how 
gross primary 
productivity (GPP) varies 
within each day. 

Options  
• linlight: GPP is a linear 

function of light with an 
intercept at 0 and a slope 
that varies by day.  

o GPP(t) = GPP.daily * 
light(t) / mean.light 

 
o GPP.daily: the daily 

mean GPP, which is 
partitioned into 
timestep-specific 
rates according to 
the fraction of that 
day's average light 
that occurs at each 
timestep (specifically, 
mean.light is the 
mean of the first 24 
hours of the date's 
data window) 

 
• satlight: GPP is a saturating 

function of light.  
GPP(t) = Pmax * tanh(alpha * 
light(t) / Pmax) 

 
o Pmax: the maximum 

possible GPP 
 

o alpha: a descriptor of 
the rate of increase 
of GPP as a function 
of light 
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Functions  Description  Options in StreamPulse 
• satlightq10temp: GPP is a 

saturating function of light 
and an exponential function 
of temperature.  

• GPP(t) = Pmax * tanh(alpha * 
light(t) / Pmax) * 1.036 ^ 
(temp.water(t) - 20) 

 
o Pmax: the maximum 

possible GPP 
 

o alpha: a descriptor of 
the rate of increase 
of GPP as a function 
of light 

 
ER_fun Function dictating how 

ecosystem respiration 
(ER) varies within each 
day.  

• constant: ER is constant over 
every timestep of the day.  
ER(t) = ER.daily 

o ER.daily: the daily 
mean ER, which is 
equal to 
instantaneous ER at 
all times 

• q10temp: ER at each timestep is 
an exponential function of the 
water temperature and a 
temperature-normalized base rate.  
ER(t) = ER20 * 1.045 ^ 
(temp.water(t) - 20) 

o ER20:: the value of ER 
when temp.water is 
20 degrees C 

 
 

pool_K600  How should the model 
pool information among 
days to get more 
consistent daily estimates 
for K600? 

• none: no pooling of K600 
• normal: K600 ~ N(mu, 

sigma) 
• linear: K600 ~ N(B[0] + 

B[1]*Q, sigma) 
• binned: K600 ~ 

N(B[Q_bin], sigma)where mu 
~ N(mu_mu, 
mu_sigma)and sigma ~ 
N(sigma_mu, sigma_sigma) 
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Functions  Description  Options in StreamPulse 
err_obs_iid 

 
 

Should IID5 observation 
error be included? If not, 
the model will be fit to 
the differences in 
successive DO 
measurements, rather 
than to the DO 
measurements 
themselves. 

True/ False  

err_proc_acor Should autocorrelated 
process error (with the 
autocorrelation term phi 
fitted) be included? 

True/ False 

err_proc_iid Should IID process error 
be included? 

True/ False 

                                                       

5 The acronym IID stands for "Independent and Identically Distributed". 

A sequence of random variables (or random vectors) is IID if and only if the following two 

conditions are satisfied: 

1. the terms of the sequence are mutually independent; 

2. they all have the same probability distribution. 
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Figure 78 Sample convergence Rhat and chains efficiency (Neff/N) metrics at Matilda Low wind scenario   

 

 

 

 

Figure 79 Sample of prior and posterior distributions of metabolism parameters at Matilda Low wind scenario  
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Figure 80  pH verification against field data 

 

 

Figure 81  Identification of peaks and valleys from 4 hour averaged data for the duration of (10-12-2019 to 02-
03-2020) using findPeaks function in Pracma R package. 
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10 Appendix D Co-authored journal paper 

An integrated modelling system for water quality forecasting in an urban eutrophic estuary: 

The swan-canning estuary virtual observatory 
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A B S T R A C T

Effective short- and long-term estuarine water quality management decisions require a holistic view of estuarine
response to multiple stressors that may be achieved through the integration of numerical modelling and ob-
served data. Such an approach has been developed for the Swan-Canning Estuary system, a eutrophic urban
estuary in Western Australia under threat from nutrient enrichment and a drying climate. Numerical modelling
was integrated with long-term monitoring to develop the system Swan-Canning Estuary Virtual Observatory
(SCEVO), which has been used to facilitate water quality management and streamline prediction workflows of
hindcast, forecast, and environmental response functions. The system is based on a validated 3D water quality
model, integrated within a data management system and related environmental models. A machine-learning
method to improve the patchy and time-lagged catchment inputs is also highlighted. This work has identified
that the key challenge associated with estuarine water quality prediction is the capability to (1) simulate internal
physical and biogeochemical processes at suitable spatial resolution to resolve the gradients along the fresh-
water-ocean continuum; and (2) transition from using routine monitoring data as the basis for management
decisions to using a diverse and integrated set of data streams as the basis for real-time operational decisions.
Recommendations for high-frequency monitoring to support water quality modelling and dynamic integration
between numerical and observed data for improved forecasting are discussed.

1. Introduction

Estuaries exist at the interface between the land and the ocean and
host diverse and dynamic habitats across the freshwater-ocean con-
tinuum (Kurup et al., 1998; Eyre, 2000; Cloern et al., 2017). Estuaries
are also some of the most degraded coastal ecosystems, with nutrient
loading over the past decades often causing widespread eutrophication
(Howarth and Marino, 2006). Whilst some estuarine ecosystems are
recovering, others continue to experience nutrient enrichment that re-
mains a persistent management challenge, with detrimental effects on
biodiversity, amenity and the health of coastal waters (e.g., Paerl et al.,
1998; Howarth and Marino, 2006; Roberts et al., 2012). Additionally,
estuaries are also exposed to an increasingly complex suite of climatic
and anthropogenic perturbations that alter their hydrology, chemistry
and ecological integrity (Wetz and Yoskowitz, 2013; Newton et al.,

2014). Scientists and estuarine managers are seeking improved under-
standing of ecological responses to these environmental perturbations,
and are increasingly looking to numerical models for prediction and
forecasting of the impact of these perturbations in order to guide ap-
propriate management actions (Hipsey et al., 2015; Ganju et al., 2016;
Zhu et al., 2017).

The need to effectively balance ecological objectives with devel-
opment opportunities to support economic and societal growth often
confronts managers as a ‘wicked problem’ (Patterson et al., 2013;
Barnard and Elliott, 2015). Estuarine management strategies need to
mitigate impacts from natural and human disturbances, and apply
catchment and water use planning to develop economic initiatives
safely and sustainably. Good management requires knowledge of the
present state of the estuarine condition and an understanding of how it
will change under future development and altered conditions. Accurate
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observations and future predictions of events and impacts that span
short- and long-term changes are required for sustainable coastal
management (Kourafalou et al., 2015b; Testa et al., 2017). Integrated
observation and modelling systems can be particularly useful when
dealing with (extreme) short-term events (e.g. flooding or pollution
spills), and also when seeking a holistic approach to support long-term
and complex planning decisions, climate change scenarios, and re-
storation measures (Hipsey et al., 2015; Janssen et al., 2015; Honti
et al., 2017).

There has been an emergence of diverse forecasting systems for
managing coastal environments in the past decade, supported by im-
proved understanding of coastal science and numerical modelling
capability (Tonani et al., 2015; Kourafalou et al., 2015b; Testa et al.,
2017). These modelling systems have been developed with varying
methods and complexities, including data-driven methods (Kashefipour
et al., 2005; Chan et al., 2013; Park et al., 2015), deterministic models
(Bedri et al., 2014) or a combination of both (Brown et al., 2013; Wang
et al., 2016b). Several have been developed specifically for predicting
the estuary water quality, such as the Huon Estuary and D'En-
trecasteaux Channel modelling system (Wild-Allen et al., 2010), and the
Chesapeake Bay ecological forecasting system (Testa et al., 2017).
However, to our knowledge, integrated modelling systems that speci-
fically focus on real-time forecasting of water quality are not yet
common. There are two major challenges in building an integrated
system for estuarine water quality prediction and forecasting. Firstly,
the internal physical and biogeochemical processes are highly dynamic
and complex; the interactions of freshwater pulses with ocean water
intrusion create sharp horizontal and vertical gradients that can chal-
lenge model accuracy and demand high spatial resolution. Successful
model applications require a comprehensive understanding of the es-
tuary system from long-term monitoring datasets, before a real-time
system can be progressed. Secondly, integrated systems require a large
amount of forcing data from meteorological stations, the coastal ocean,
and the surrounding catchment. The external forcing data are usually
insufficient (e.g. ungauged stormwater inputs) or time-lagged (due to
laboratory delays in processing nutrient and biological samples),
making it difficult to accurately specify the model boundary conditions
at the landward edge; this latter aspect makes a ‘real-time’ system
(where model outputs of current conditions can guide real-time man-
agement responses) less accurate with a heavy reliance on assumed
conditions in the inflowing water. Innovative approaches are required
to address this challenge.

This paper describes the development and implementation of an
integrated prediction system for supporting water quality management
of the Swan Canning Estuary (SCE) in Western Australia, and sets out to
explicitly document evolution of our understanding of requirements of
the model and affiliated monitoring programs. We describe multiple
workflows (hindcast, forecast, and scenarios) that use a diverse set of
model-data integration methods to provide useful information for
managing water quality. The paper concludes by discussing work still
required to support advanced model calibration and uncertainty as-
sessment. It is hoped that this approach to water quality prediction can
be used in other contexts, where integration of data and models is es-
sential for improved ecosystem management.

2. The swan-canning estuary system and context for integrated
prediction

2.1. The study site

The SCE is a salt-wedge urban estuary (40 km2), flowing through
Perth, Western Australia (Fig. 1) and exiting to the Indian Ocean. It is
micro-tidal (<1m) with water depth ranging from <1m in the upper
reaches to >20m at the river mouth. The estuary receives water from
the Avon and Swan River catchments, draining approximately
126,000 km2 (Viney and Sivapalan, 2001; Hennig and Kelsey, 2015).

The Mediterranean climate drives a pronounced seasonality in hy-
drology, including estuarine stratification and salt-wedge dynamics
(Stephens and Imberger, 1996; Kurup et al., 1998), and ecology
(Hodgkin, 1987; Hamilton et al., 2006).

Water quality problems in the SCE date back to the 1940s, when
shoreline garbage tips, industrial effluents and sewage discharge into
the river brought recognition of the need for management of this urban
waterway. The estuary management has since been inextricably linked
to water quality issues and evolved with time. Point source pollutants
were largely addressed during the early period, however, agricultural
and urban non-point source pollutants continue to drain to the estuary,
and can trigger algal blooms, especially during warmer months.
Management of these non-point source pollutants has been the focus for
estuarine managers over the last couple of decades (Swan River Trust,
1999; Swan River Trust, 2008) and these programs have contributed to
an improved understanding of the estuary health. A systematic ap-
proach to water quality monitoring of the SCE system was established
in 1995; currently 29 fixed sites in the river are monitored weekly
(Fig. 1) and 33 sites in the catchment are monitored fortnightly, when
flowing. Major stream inflows and tides are gauged (the latter at Fre-
mantle since 1897 and more recently at the Narrows Bridge) (Fig. 1).

2.2. Anthropogenic and natural stressors on the SCE system

As with other eutrophic estuaries and coastal embayments around
the world, the SCE exhibits signs of environmental stress, such as fish
kills, cyanobacterial and dinoflagellate blooms (Hamilton et al., 1999;
Hamilton, 2000), and the accumulation of organic matter and the ex-
istence of highly sulfidic conditions in the bottom sediments (Douglas
et al., 1997; Smith et al., 2007). Nitrogen (N) limits annual productivity
with N up to 20 times more limiting than P in midsummer (Thompson
and Hosja, 1996). Denitrification has been identified as a significant N
sink, though this likely varies with flow conditions and extent of hy-
poxia (Robson et al., 2008). Groundwater inputs are also a potential
source of nutrients (Linderfelt and Turner, 2001).

Historically, the estuary has been dominated by high concentrations
of less labile humic organic matter (e.g., DOC >25mg L−1) (Fellman
et al., 2011), which contributes to marked gradients in the light climate
(Kostoglidis et al., 2005). However, urbanisation in SCE catchments
dominated by sandy soils has led to more labile organic matter entering
the SCE via surface streams and groundwater (Petrone et al., 2009;
Petrone et al., 2010) and can lead to higher water and sediment oxygen
demand (Smith et al., 2010). Drainage nutrient intervention initiatives
such as constructed wetlands, have resulted in nutrient load reductions
from priority catchments (Adyel et al., 2016), however, the SCE con-
tinues to exhibit periods of hypoxia (<2mg L−1) and anoxia
(0mg L−1) with potentially detrimental effects on estuarine biodi-
versity and health (Cottingham et al., 2014). Blooms of the nuisance
dinoflagellate Karlodinium veneficum (Mooney et al., 2010) regularly
occur in the upper reaches during the warmer months, when stratified
conditions drive remobilization of sediment nutrients (Gedaria et al.,
2013). Artificial oxygenation has been implemented in the upper
reaches since 2010, resulting in improved oxygen conditions in those
locations (Huang et al., 2018). Stream flows in the catchments have
declined by >50% since the 1970s (Petrone et al., 2010; Silberstein
et al., 2012) and the SCE is expected to continue to experience a drying
climate (Smith and Power, 2014). The past hydrological changes have
led to the upward movement of the salt-wedge reach, enhancing the
salinity stratification in the upstream (Huang et al., 2018) and have
coincided with increased hypoxia frequency (Fig. 2). Whilst general
trends are evident, of interest is the role of changing flow regimes on
water quality. There is a notable de-coupling of annual flow, dissolved
oxygen (DO) and total chlorophyll-a (TCHLA), when the data is ex-
plored using a wavelet coherence analysis. Before 2010, changes in DO
closely followed inflows, whilst a half-year lag between the inflow and
TCHLA peaks existed. However, these relationships became less clear
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after 2010. Understanding the relative impacts of declining inflows,
oxygenation, increasing urbanisation and continued nutrient discharge
on estuarine health has remained a key challenge for estuarine man-
agers.

2.3. The needs of water quality modelling system and real-time forecasts

The ongoing challenges of managing nutrients in a drying climate,
alongside other management objectives, led to the development of a
collaborative approach to estuarine management to (i) improve water
quality and manage environmental flows; (ii) ensure management de-
cisions are based on appropriate knowledge; and (iii) protect, manage
and enhance SCE biodiversity (Department Parks and Wildlife, 2015).
This approach has highlighted that improved integration of data col-
lection efforts and modelling tools are critical to transcend the current
gap between understanding and management of the estuary (Hipsey
et al., 2015; Lynch et al., 2015). The challenge, however, has been to
develop a strategy for model integration that allows interrogation of the
past, provides short-term predictions for response management, and
facilitates assessment of long-term planning scenarios (Thomson et al.,
2017).

The development and application of integrated models can support
decision making by identifying nutrient reduction targets (Kim et al.,
2014; Waltham et al., 2014), controls on harmful algal blooms (Chung
et al., 2014; Robson and Hamilton, 2004), public health risks (Hipsey
et al., 2008), and the quality of aquatic habitat (Brown et al., 2013).

Previous efforts to develop hydrodynamic-biogeochemical models for
the SCE demonstrated their potential to improve our understanding of
drivers of harmful algal blooms and hypoxia (Chan et al., 2002; Robson
and Hamilton, 2004; Vilhena, 2013), though they were not used for
identifying nutrient load targets. These models have had a short-term
focus or a low level of predictability in terms of current priority man-
agement areas.

Integrated systems modelling aims to synthesize bio-physical data
and process understanding to directly support decision-making, and
requires a coupled approach linking ocean, land, and atmosphere sub-
domains with the estuary. An initial real-time management system was
applied to the Perth coastal area and the SCE system (Marti and
Imberger, 2015), demonstrating the benefit of automated modelling
workflows and the utility of models for displaying near real-time con-
ditions. This implementation focused more on the coastal margin area
with less refinement for processes occurring in the upper estuary, where
many priority management issues are focused, but demonstrated a
useful “now-cast” system. The challenge posed by end-users, however,
was to supply a diversity of model outputs spanning past, present and
future conditions that were relevant to a range of stakeholders, in-
cluding estuary managers, high-level policy makers, and the commu-
nity (e.g., citizen scientists, recreational fishers etc.). The strategic de-
velopments of the next-generation Swan-Canning Estuarine Response
Model (SCERM) and Swan Canning Estuary Virtual Observatory
(SCEVO) were therefore undertaken to support decision making related
to the management challenges, and to contribute toward the goal of

Fig. 1. Swan-Canning Estuary model domain. The open circles indicate the regular water quality monitoring sites within the estuarine system; the solid symbols
indicate sites of tidal gauge; the black arrows indicate the locations of main inflows entering the estuary. The red arrows indicate the locations of Ron Courtney Island
(RON) and Narrows Bridge (NAR) that are referred later in the text. The first top-left picture shows the domains of linked coastal model (ROMS) and weather model
(WRF); the second top-left picture show the sites of oxygenation plants in the upstream. (For interpretation of the references to colour in this figure legend, the reader
is referred to the web version of this article.)
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building a holistic and practical framework. By integrating findings
from various field investigations and the extensive long-term mon-
itoring data, the model offers the potential to synthesize our knowledge
of estuarine function across a broad range of disciplines and spatio-
temporal scales.

3. The SCEVO structure and components

The SCEVO system consists of three major components (Fig. 3): (1)
the water quality model SCERM, which contains the coupled hydro-
dynamic-biogeochemical numerical models that are used to obtain 3D
evolving states of the estuary; (2) the Aquatic Real-Time Management
System (ARMS, Zephyr Systems Pty Ltd.), which is responsible for au-
tomatically downloading and processing the data required for model
inputs, executing the estuary and supporting models, and managing the

preparation of outputs for visualization; and (3) a web portal displaying
temporal and spatial information against an array of biophysical char-
acteristics, and acting as a waterway information window for public use.

The system involved the curation of several parallel workflows,
operating at different frequency, each with different setup data re-
quirements, and with specific end-uses. These include: (1) a hindcast
mode that runs when all the necessary forcing data are available and
simulations can be archived, (2) a forecast mode that runs daily and
serves for predicting short-term response (5-day forecast) and identi-
fying ecological risks (e.g. the likelihood of harmful algal bloom or
hypoxia), and (3) a scenario mode where estuary response functions are
generated over a range of boundary values of interest (e.g. nutrient
loading, inflow magnitude, sea level rise).

The following sections describe the major functional features in the
SCEVO system.

Fig. 2. Long-term records of (a) annual inflow rates at the Upper Swan River; (b) annual hypoxia frequency (percentage of hypoxia observations in the bottom water
samples during the wet seasons) at the upper Swan region; (c) TN concentrations, (d) TP concentrations, (e) TCHLA concentrations, and (f) surface and bottom DO
concentrations measured at the RON sampling site (at the middle of upper Swan River region, indicated with red arrow in Fig. 1). The red solid lines shows simple
linear fit of the observed data. The next two panels show the decoupling of (g) seasonal flow and TCHLA concentration, (h) seasonal flow and bottom DO con-
centration by wavelet coherency analysis (Grinsted et al., 2004) with yellow indicating high correlation in variability of timing and magnitude. The arrows indicate
the phase lag. When pointing to the right, the two time-series are in phase; when pointing in the opposite direction, they are anti-phase. Arrows pointing downwards
indicate inflow preceding DO/TCHLA by 90° (1/4 of the period), while arrows pointing upwards mean DO/TCHLA preceding inflow by the same amount. Thin solid
lines indicate the cone of influence outside of which paler colours indicate the influence of edge effects and must be viewed with caution. The left panels show the
coherence strength averaged over the periods of 1996–2010 and 2011–2017. (For interpretation of the references to colour in this figure legend, the reader is referred
to the web version of this article.)
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3.1. The water quality response model SCERM

SCERM consists of a 3D flexible-mesh (finite volume) hydrodynamic
model using the TUFLOW-FV platform (BMTWBM, 2013), which is
dynamically coupled with the AED2 water quality model. TUFLOW-FV
accounts for variations in water level, horizontal salinity distribution
and vertical density stratification in response to tides, inflows, salt-
wedge dynamics and surface thermodynamics. The mesh consists of
triangular and quadrilateral elements of different size that are suited to
simulating areas of complex estuarine morphometry. The finite volume
numerical scheme solves the conservative integral form of the nonlinear
shallow water equations in addition to the advection and transport of
scalar constituents such as salinity and temperature as well as the state
variables from the coupled biogeochemical model. The equations are
solved in 3D with baroclinic coupling from both salinity and tempera-
ture using the UNESCO equation of state (Fofonoff and Millard, 1983).
The temporal integration scheme is explicit and uses both mode split-
ting and dynamically varying time-steps to maximize computational
efficiency subject to Courant and Peclet stability constraints. Turbulent
mixing of momentum and scalars has been calculated using the Sma-
gorinsky scheme in the horizontal plane and through coupling with the
General Ocean Turbulence Model (GOTM) for vertical mixing. The
second-order k-ε turbulence closure scheme was adopted in GOTM with
the generic length scale model for dissipative length scale (Umlauf and
Burchard, 2003).

The SCERM configuration of the AED2 water quality modules
(Fig. 4) simulates the C, N, P, and DO budgets, including resolving the
inorganic nutrients and organic matter fractions (see Appendix 1). The
development of the model configuration over time has been based on
management needs and our evolving understanding of the SCE system.
Initially, the model was configured to focus on the behavior of dissolved
oxygen in the upper reaches as the primary management target was to
address hypoxia issues (Hipsey et al., 2016b). The priority was

therefore to capture salt-wedge formation, the sediment oxygen de-
mand, and the basic organic matter biogeochemistry. Parameters were
adjusted based on values from in-situ investigations, literature review
and manual calibration to fit the available monitoring data from 2008
to 2010 (see Appendix 2). The simulation was run for a further two
years as a validation, giving a total simulation period from 2008 to
2012, and allowing the model performance to be assessed in both wet
and dry years. In the second revision, the organic matter was extended
to better resolve labile and refractory components, to include photolysis
and also the demarcation of representative sediment zones (Huang
et al., 2017). The simulation period was extended from 2015 to 2016.
Several priority areas were identified for improving model accuracy
and capability, including sediment resuspension, dinoflagellate vertical
migration, and seagrass habitat suitability.

With that in mind, the SCERM was further developed to include
processes representing sediment resuspension, phytoplankton motility,
atmospheric deposition, and the seagrass-sediment resuspension feed-
back (Adams et al., 2018) tailored for Halophila ovalis. At this stage of
model application, five phytoplankton groups (cyanobacteria, green
algae, dinoflagellate, cryptophyte, and diatom) were included, in order
to improve the prediction of key risks associated with low oxygen and
harmful algal bloom formation. Each phytoplankton group was simu-
lated with common mathematical approaches in growth, decay, and
sedimentation. The distinction between groups was made by adoption
of group's specific parameters for environmental dependencies, and/or
enabling options such as vertical migration or N fixation. Readers in-
terested in the mathematical parameterisations in the AED modules and
other details of the water quality model are also referred to Hipsey et al.
(2016a) and Hipsey et al. (2019).

3.2. Water quality hindcast

The hindcast operation mode of SCEVO is designed to update the

Fig. 3. The work flows of the hind-cast mode and fore-cast mode in the water quality prediction.
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model validation, and archive model outputs as a reference simulation
that can be accessed by end-users (Fig. 3). These simulations use ob-
servational data as much as possible for boundary forcing to limit error
in boundary condition assumptions.

For all simulations, the model requires forcing by boundary condi-
tions representing oceanic, meteorological and catchment inflow con-
ditions at the locations indicated in Fig. 1. Tidal elevations at the ocean
boundary are set using the Fremantle tide gauge (Department of
Transport, Station Number: 62230). Surface meteorological data (solar
radiation, wind, air temperature, humidity, and rain) with hourly re-
solution was taken from the Department of Primary Industries and
Regional Development (DPIRD) South Perth Station and applied uni-
formly across the domain. Flow data at the eight inflows, depicted in
Fig. 1, were obtained from the Department of Water and Environmental
Regulation (http://wir.water.wa.gov.au, Station IDs: 616011, 616027,
616082, 616084, 616086, 616088, 616178, 616189). Water quality
attributes must also be provided at the inflows and oceanic boundary;
these are created by interpolating data from the nearest station to a
daily time-step, or, where possible, using a data-driven (machine-
learning) model for nutrient concentration predictions.

In recent years, a large number of machine learning approaches
have been widely used for prediction of different hydrological proper-
ties such as water temperature (St-Hilaire et al., 2012; Yaseen et al.,
2018), rainfall (Kuok et al., 2018; Sulaiman and Wahab, 2018), and
streamflow (Humphrey et al., 2016; Isik et al., 2013; Noori and Kalin,
2016). Machine-learning methods simulate relationships purely from
the data structure (Maier et al., 2014) and have the ability to in-
corporate both numerical or categorized variables, which provide a

flexible way to simulate varied hydrological properties and make up
missing boundary condition data. In our system the gradient boosting
machines (GBM) model was used to forecast flow and nutrients (Fig. 5).
GBM is an ensemble model that combines multiple decision tree models
to improve prediction performance (Ishwaran and Kogalur, 2010; Singh
et al., 2014), and has been found to achieve higher accuracy in water
quality prediction when compared to other machine learning methods
(Wang et al., 2016a). A single decision tree mode is built to split the
dataset into different sub-groups (Breiman et al., 1984). GBM itera-
tively generates a sequence of decision tree models to reduce the pre-
diction error of the last iteration. More detailed descriptions of the
mathematical formulation and resampling method of GBM model can
be found in Friedman (2001, 2002). The generated base flow, quick
flow, total flow and precipitation were applied to build intermediate
GBM models to generate data for missing nutrient species. In this study,
TP, TN, DOC, NH4, NOx and DON were selected as the simulated
variables (Wang et al., in review).

Additional internal boundary conditions are also implemented for
the oxygenation plant inputs, one each at Guildford and Caversham
(Fig. 1). Inflow oxygen loads were input at the bottom of the column of
cells at each location, based on operation logs provided by the plant
operators.

The delivery of the hindcast mode is delayed by approximately one
month due to the time-lag in the collecting and processing of the water
quality monitoring data required for inflow boundary specification, and
model validation updates. Therefore, this mode operates at the end of
each month, after all required datasets are added to the database, and
processed into the required format to force the model. The raw model

Fig. 4. Swan-Canning Estuarine Response Model diagram.
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output files are archived after the runs finish and ready to be revisited
as they are required for water quality management purposes or future
uses.

Beyond validation, post-processing of the model is possible at in-
dividual sites, or for estuary regions of specific interest to management
using user-definable shape-files that are able to summarize statistical
properties of model outputs in all cells within the region. This is used
for defining estuary water quality responses to driving factors, as re-
quired for development of regional specific nutrient budgets and es-
tuary response functions as described in more detail in Section 3.4.

3.3. Water quality forecast

The main target of the forecast is delivering regular (daily) updates
of recent and likely future estuary water quality conditions, enabling
stakeholders to track the effects of storms, floods or other events driven
by climate and catchment inputs, and to be prepared for the changes in
water quality. The simulation window is 10 days and configured to
reproduce the estuary water quality conditions for the past 5 days and
to forecast conditions for the next 5 days. The key technical challenge in
running the daily forecast mode is how to best assign the required
model inputs in both near real-time and future conditions. To tackle this
issue, multiple environmental models and methods across weather,
ocean, and catchment were integrated to generate accurate boundary
forcing time-series.

Firstly, for short-term predictions of estuary conditions it is im-
portant to resolve the variability in weather conditions across the extent
of the domain. Therefore, the Global Forecast System (GFS) model
output (http://nomads.ncdc.noaa.gov/data/gfs4/) is downloaded at 6-
h intervals and pre-processed into a downscaled Weather Research and

Forecasting (WRF) simulation each night. The WRF model runs in
forecast mode, providing a weather forecast for the next five days. Two
nested domains covering the SCERM domain with two-way nesting are
configured for WRF, with horizontal resolutions of 10 and 2 km, re-
spectively. Each of the two domains employs 29 stretched vertical
layers, with the top of the model extending to atmosphere pressure and
with higher resolution at the first kilometre to the surface to capture
boundary layer processes. Model time steps are 250 s and 50 s, re-
spectively. The 30-s resolution USGS geographical land-use data that
comes with WRF is used. Lateral boundary conditions (meteorological
conditions) for the interior domains (see Fig. 1 inset) are derived from
the surrounding domain. The relevant surface meteorological condi-
tions output from WRF are then internally interpolated onto the hy-
drodynamic model's mesh within TUFLOW-FV.

Secondly, accurate oceanic data at the ocean-side boundary is ne-
cessary to capture changes in ocean forcing, including changing tidal
conditions, continental shelf waves and marine heat waves. The estuary
model is therefore nested within a Regional Ocean Modelling System
(ROMS) simulation for the Perth region. The ROMS model covers the
western region of Australia at ~1.5–2.5 km horizontal resolution for the
big model domain, with additional downscaling to 500m resolution for
the Perth region. Lateral boundary conditions for the outer ROMS
model are updated daily from the global HYCOM model forecasts. The
ROMS coastal model is also forced with a regional WRF model and
provides forecast boundary conditions for water level, temperature and
salinity at the ocean side. More information of the ROMS introduction
and outputs can be viewed via the link: http://coastaloceanography.
org/.

Thirdly, the inflow rates from the catchments inputs, and the as-
sociated water quality must be provided for the 10-day simulation,

Fig. 5. Working flow diagram of the machine learning method to predict catchment inflows and their nutrient concentrations.
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updated each day. Whilst near real-time flow data is available for most
of the catchment inflows, rapid changes in weather and rainfall mean
that flow conditions can change rapidly, and the ability to anticipate
the effects of these changes are essential to this mode of SCEVO.
Furthermore, prediction of water quality properties in the freshwater
discharges is the key challenge in setting up the boundary conditions of
the forecast model due to the complication of catchment land-use and
water quality responses to precipitation. Implementation of a catch-
ment model could be used to predict inflow rates and TN/TP con-
centrations (e.g. Hennig and Kelsey, 2015), but generally such models
are not able to provide more detailed resolution of the nutrient pools
such as organic and inorganic nutrient concentrations, which are cri-
tical to force the SCERM model. Therefore, we extended the machine
learning method that has been described in the hindcast workflow to
predict the nutrient concentrations (Fig. 5). In the real-time forecasting
system, 10 days of precipitation (outputs from WRF) and 5 days of flow
data from the field were collected for the flow and nutrient simulation.
For the flow and nutrient forecasting, a daily flow forecasting GBM
model was first built which used previous 5 days flow data, temporal
data, and precipitation as inputs to generate flow for next 5 days. The
base flow and quick flow were then calculated according to the gen-
erated flow and precipitation. The generated discharge and WRF rain-
fall data were then used to drive the same data-driven method as de-
scribed in the hindcast to predict the nutrient concentrations in the
inflows for the next 5 days.

3.4. Estuary response functions

The above two modes of model operation and integration with
monitoring data seek to test the model and provide short-term predic-
tions, but this does not satisfy the needs of stakeholders seeking to make
improved decisions about land development strategy and investment in
catchment and estuary restoration initiatives. This is particularly the
case in urban estuaries where regulators may be trying to, for example,
encourage improved land-use planning and implementation of water-
sensitive urban design. In this case, long-term scenario simulations are
carried out with models forced with hypothetical future climate and
catchment inflow conditions, though these are less well defined and the
large number of potential permutations make automating long-term
predictions difficult. Therefore, we prepare a range of estuary response
functions (ERFs) that link critical water variables in estuary sub-do-
mains with changes in boundary forcing associated with inflow amount
and nutrient loads. This allows users to quickly identify the potential
scale of impact of a changing water or nutrient inputs in a specific es-
tuary region.

4. Results

4.1. Catchment inflow and nutrient predictions

The accuracy of the machine-learning approach in predicting dis-
charge, daily TN, and daily TP concentrations in the upper Swan River
was assessed using pre-2015 data for training, and 2015–2017 data for
evaluating model performance. The overall trends of flow and nutrients
were captured well (Fig. 6), although some extremely high values in the
testing data were under-estimated, most likely due to limited data
ranges in the training data. The prediction of TN/TP loadings using 5-
day lagged rainfall and flow data was also compared against monitored
nutrient data, where the model performance is generally well within
certain range (Fig. 7), but the method failed to predict some extreme
values, possibly due to, again, the limited data range in the training
datasets. However, the performance of the machine learning method
will improve with the amount of available data from the ongoing
monitoring programs.

4.2. SCERM performance

The performance of SCERM in reproducing the estuary states had
been extensively assessed with a total of 53 monitoring sites (regular
monitoring sites and also event-based monitoring sites), for 14 mea-
sured water quality attributes, and where possible surface and bottom
values were individually assessed. Full validation against monitoring
data has been conducted for 2008–2012 (Hipsey et al., 2016a) and
2015–2016 (Huang et al., 2017). Overall, the model was able to accu-
rately reproduce salinity and temperature in the estuary, and captured
well the variations in dissolved oxygen and some of the nutrient pools
such as TP, PO4, and reactive silica (RSi), suggesting that in its present
form, the model is suitable for assessing management scenarios asso-
ciated with different oxygenation regimes, nutrient load management
or climate change. We present below results relevant to hypoxia and
phytoplankton biomass, but direct readers to the above reports for the
detailed results.

Fig. 6. (a) Daily precipitation record, and measured vs. predicted of (b) flow
rate, (c) TN concentration, and (d) TP concentrations at the upper Swan River
by the machine learning method. The crosses indicate the measured data and
the solid lines indicate the predicted results. The data in 1998–2015 were used
for training and in 2015–2018 were used for testing.
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A comparison of modelling results from the moderately wet 2008
and the particularly dry 2010, with measurements of salinity (Fig. 8),
demonstrates that the model well captured the spatio-temporal dis-
tribution of salinity stratification and hypoxia in the salt wedge. In
2008 the estuary was stratified from April to July (end of the dry
season), after which the salt wedge was forced downstream to the lower
part of the modelling domain (0–20 km from the Narrows Bridge) due
to the strong catchment inflows. In contrast, in 2010, low flows led to
the salt wedge extending further upstream with a strong stratification
maintained until September. Furthermore, the stratification modelling
performed well in the regions of hypoxia/low oxygen, indicating that
the model was fit for purpose for simulating the estuary response to
management measures targeting hypoxia.

The model performance was additionally validated over the period
from January 2015 to June 2016 with identical parameterization
(Huang et al., 2017). For this period, the average discrepancy between

the model and the observed data (mean absolute error, MAE) was
mostly under 2.2 °C for water temperature, 5.0 psu for salinity,
1.8 mg L−1 for DO, and 8.2 μg L−1 for TCHLA (Fig. 9), all of which are
relatively small compared to their seasonal ranges. Model performance
was generally better in the main basins of the estuary compared to its
tributaries, where high variability and traditional model error metrics
are challenged by small errors in timing.

4.3. Environmental response function predictions

ERFs are used to predict water quality variables in estuary sub-do-
mains in response to changes in boundary forcing, and therefore pro-
vide a simple and quick assessment of the occurrence of some target
events. The first application example of ERF presented here for man-
agement is the response curves of benefit of improving the oxygen le-
vels in the water from the oxygenation plant inputs (Fig. 10a). As

Fig. 7. Predicted vs. measured (a) TN and (b) TP
concentrations in the forecast mode using the ma-
chine-learning method. The red ovals indicate the
extreme measured concentrations that are out of
prediction by the machine-learning method. The
confidence of prediction improve when the extreme
measured concentrations were excluded (TN:
r= 0.6348, p= 0.0000; TP: r= 0.8453,
p= 0.0000). (For interpretation of the references to
colour in this figure legend, the reader is referred to
the web version of this article.)

Fig. 8. Modelled vs measured salinity stratification in (a) 2008 and (b) 2010. The x-axis in panel (a) and (b) are shown as distance from the Narrows Bridge (NAR) at
the middle of Swan River (see Fig. 1). The benthic areas of hypoxia (DO<2mg L−1, upper panel) and low oxygen (DO<4mg L−1, lower panel) in upper Swan in (c)
2008 and (d) 2010. Note the field data were sampled with weekly interval while the model output was with 2-h interval.
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Fig. 9. Map view of mean absolute errors (MAEs) of modelled (a) water temperature, (b) salinity, (c) dissolved oxygen, and (d) total chlorophyll-a in the modelling
period January 2015 – June 2016.

Fig. 10. (a) predicted benthic areas saved from hypoxia with hypothetical oxygen inputs from the oxygenation plants; (b) predicted bottom DO concentrations at the
upper Swan River as a response to the daily inflow rates; (c) predicted TCHLA concentrations (weekly average in the upper Swan region) in response to DIN loading
from catchment and water temperature. The surface plot shows the quadratic polynomial regression of modelled TCHLA to DIN loading and water temperature
(r= 0.2840, p= 0.0479).
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introduced earlier, oxygenation plants had been built to tackle the
hypoxia often observed in the upstream of the Swan River. Regular
monitoring of water quality and intensive operational trials around the
plants showed obvious improvements in oxygen status due to artificial
oxygenation, but that was not sufficient to provide a quantitative as-
sessment of the effectiveness of artificial oxygenation. The modelling
system was therefore applied to assess the oxygen load with various
operational regimes to reach the management goals with optimum
oxygen load and cost (Huang et al., 2018). The assessment result shows
that the ‘benefit area’ (benthic area in the upper region of Swan River
saved from hypoxia conditions compared to a ‘no oxygenation’ sce-
nario) increased with the oxygen input from the plants. It also shows
the increase of average areal benefit had diminishing returns with the
increase in the total oxygen input. This result can act as an informative
tool for guiding oxygenation plant operation.

The second example is the response of DO concentrations in the
bottom water of the upper Swan River to the daily inflow rates
(Fig. 10b), summarized from the modelling simulations in the period
2015–2016. The results indicate that the inflow rate was a dominant
factor affecting the oxygen levels above the river bed, as the dry
weather pushed the salt-wedge upstream (Fig. 8) and enhanced strati-
fication in this region. This ERF can work as a simple hypoxia warning
tool based on inflow rates alone.

The last example is the change in TCHLA in response to a range of
water temperatures and DIN loading from the 2008–2012 and
2015–2016 simulations (Fig. 10c). The results indicate that the phyto-
plankton growth favored conditions with higher DIN loading and high
water temperature. There was a decrease of TCHLA with DIN loading
when the water temperature was <12 degrees (winter time), thought to
be a result of the flushing effect of higher inflows and the slow growth
of phytoplankton at this time. Note that this is a preliminary assessment
for demonstration of the model outputs for decision support, and fur-
ther focused validation, for example, to include summer flooding
events, are needed to improve the prediction ranges and accuracy. If
combined with other environmental conditions such as salinity and
phosphorus concentrations, a more accurate ERF set can be built with
data-driven methods to provide quick and more accurate empirical
prediction for occurrence of TCHLA and various phytoplankton species
(e.g. Brown et al., 2013).

4.4. The SCEVO web portal

The real-time spatio-temporal distribution of key water quality
parameters (e.g. water temperature, salinity, DO, TCHLA, turbidity,
NO3, PO4) are presented on a web portal (https://swan.science.uwa.
edu.au) through animations, sheet and curtain views, and time series
plots (Fig. 11). End-users can access the water quality display through
the “current condition” on the “model dashboard” tab then choose the
target domain or specific site to display. The website places this in
context with useful material for understanding the estuary history,
science, and links to other data resources related to the water quality
management in the SCE.

5. Discussion

We have described the development of a water quality forecasting
system for an estuarine environment to meet a range of specific end-
uses of model outputs. Our example shows that integrated prediction
for estuary water quality is highly context dependent, with managers
seeking predictions from daily (e.g. harmful algal bloom risk warning)
to seasonal (e.g. hypoxia forecasting) to decadal scales (e.g. climate
change). These varied spatio-temporal scales of interest and the mul-
tiple roles of the estuary to meet ecological, economic, and social needs
have meant that it has been hard to adopt one single approach to

model-data integration. Therefore, a synthetic framework to integrate
the monitoring data and forecasting systems was needed (Fig. 12). This
framework has been designed to demonstrate potential pathways for
integration of monitoring and modelling systems, guided by the end-
uses. The framework assimilates monitoring data into the multiple
prediction workflows (hindcast, forecast, scenarios) for the various end-
uses of model outputs, while applying a common platform and unique
approach to harmonizing diverse sets of data. In this section, we expand
on key aspects of the framework and the recent advances in monitoring
and modelling technologies, to explore how the model-data integration
can be improved and better serve water quality management.

5.1. Improvements of the hindcast

Near term efforts in the development of SCEVO will continue to
focus on the hindcast of target variables. An ongoing challenge is the
continued development and validation of the 3D model with a view
toward increasing its performance. The development and improvement
of the forecasting system closely followed the understanding of the
estuarine ecosystem and its internal biogeochemical processes. For
example, a fine-scale survey on the sediment types and benthic vege-
tation can help to improve the zonal settings in the model and improve
the water-sediment flux estimation. Other efforts could be facilitated by
direct incorporation of data streams from existing monitoring systems
in the SCE, or by employment of new observation technologies to im-
prove the understanding of SCE at finer scales.

Monitoring data, including boundary data for driving the models
and estuary data for physical and biogeochemical properties, is essen-
tial to understand the estuarine system response to external forcing and
to set up and assess the models. Regular monitoring programs of es-
tuarine water quality variables featuring weekly or longer time inter-
vals allows for tracking long term trends in water quality and brings
about an understanding of the system evolution over extended periods
of time. It has also been used extensively for re-analysis and manage-
ment planning. However, these programs are inadequate to capture
variation in finer-scale hydrodynamic and biogeochemical processes
(e.g. mixing, diel metabolism) (Tait et al., 2017).

Recent advances of sensors measuring hydrological and water
quality properties has made automatic high-frequency measurements of
key water quality parameters (e.g. DO, chlorophyll-a, turbidity) pos-
sible (Marcé et al., 2016). Such a high-frequency (10-min interval)
sensor for DO measurement has been recently installed in the SCE at a
shallow littoral site (~2m deep) with benthic vegetation to investigate
diurnal DO variation (Fig. 13). The high-frequency measurement has
shown strong DO diurnal variations, indicating intense metabolism
from benthic productivity and/or vertical phytoplankton migration.
However, this intense variation was not evident when looking at the
regular monitoring data (weekly) or the model output (hourly) at a
nearby monitoring site located at the estuary center. This comparison
highlights the importance of knowledge at finer scales to resolve the
drivers and controls on the local biogeochemical recycling. It also
highlights the challenge of validating model performance with sparse
weekly field data while strong temporal variations are being modelled.

Another aspect of the integration development focused on the in-
tegration of high-frequency sensor data to the model to better quantify
metabolic processes such as primary productivity and respiration. Since
many process-based models tend to be over-parameterized (Arhonditsis
et al., 2008), more diverse and high-resolution observations create
advantages for testing the rigor of models at scales relevant to the
dominant underlying processes (e.g., Kara et al., 2012; Bruesewitz
et al., 2015). To achieve this aim, an in situ sensor platform is being
deployed in the SCE that will report high-frequency changes in key
water quality parameters including chlorophyll-a, salinity, oxygen,
temperature, PAR, fDOM, and pCO2. New workflows to use the high-
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frequency data streams to estimate productivity and respiration are
being developed, which will support further connections between data-
driven and process-based model approaches and ultimately lead to
more “process-inspired” calibration and validation of the SCERM
model.

5.2. Improvements of the forecast

Recent advances in remote monitoring technology have also greatly
improved real-time capabilities for monitoring water quality para-
meters such as turbidity, chlorophyll, and temperature (Glasgow et al.,
2004; Kourafalou et al., 2015a; Palmer et al., 2015; Lim and Choi,
2015). Such data also offers great potential to inform aspects of es-
tuarine aquatic models due to the limiting characteristics of spatial
sparsity, patchiness, and time dependence of regular monitoring data.
With sufficient data density, next steps include efforts to constrain the
model using data assimilation schemes. For example, the problem of
cumulative error in the modelling forecast cascading through the nested
model systems could be managed with an Ensemble Kalman Filter ap-
proach for state updating (Fujita et al., 2007), although this would be
computationally difficult with our current run-times.

Methods to develop empirical environmental-faunal functions based
on current conditions and forecasted projections of estuary state to

allow near real-time visualizations of metrics relevant to estuary health
are also under development. This can serve as an early warning for
deleterious conditions and encourage community engagement with the
estuary. Hybrid empirical-mechanistic approaches can be adopted to
generate forecasts for ecological events that cannot be mechanistically
modelled at the moment (e.g. fish kills, jellyfish blooms) due to our
limited understanding of the many factors regulating their presence and
abundance. Although the exact sequence of events leading to a species
presence and abundance are still not fully understood, statistically
significant empirical relationships have been established between or-
ganism occurrences and relevant environmental variables. For example,
Decker et al. (2007) used estuary temperature and salinity to estimate
the probability of sea nettle (C. quinquecirrha) and overall 86.7% of the
estimates were correctly predicted. Brown et al. (2013) reported suc-
cessful empirical forecasts of a range of plankton species based on water
temperature, salinity, or nutrient data. These base environmental fac-
tors can be easily extracted from the SCERM outputs and, once a sa-
tisfying empirical model is built, can be used for early-warning man-
agement of the estuary. By applying these early-warning functions, it is
hoped the system can ultimately provide more useful information to the
citizens who are interested in recreational fishing and swimming,
therefore encouraging more community engagement with how this
environment is working.

Fig. 11. A snapshot of the SCEVO system and the web portal showing the predicted surface and bottom oxygen concentrations in Swan River, along with the
longitudinal distribution of salinity, temperature and oxygen concentration and real-time tide and inflow information.
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5.3. Improvements of the environmental response functions

Lastly, the longer term challenges faced by the estuary system, in-
cluding the changing hydrology (sea level rise and reduced runoff) and
changes to catchment management can still benefit from information
embodied in the high-resolution simulations reported above, however,
they require facility to use synthetic boundary conditions and demand a
longer-term view. This has traditionally been a challenge due to com-
putational demands, but through the development of ERFs the model-
data system can be applied as a “reduced” model for integration with
high level decision-making, and impact assessment of long term
catchment model scenarios. For SCEVO this is still in its infancy but has
been useful to inform our understanding of hypoxia. Future efforts in-
clude multiple scenario simulations with predicted sea level rise using
the long-term Fremantle tide record (Kuhn et al., 2011) and projected
climate change, in order to forecast the phytoplankton dynamics, and
development of hypoxia and internal nutrient dynamics in response to
the changes in catchment nutrient loading and composition (Zhu et al.,
2017).

5.4. Application to other estuarine systems

The system presented herein is evolving but nonetheless can serve
as a template for helping managers and model developers plan for in-
vesting in integrated model software and data collection hardware.
When designing the system, it was with the vision that the system could
be feasibly applied to not only the Swan-Canning estuary but also other

estuarine systems that have suffered from similar water quality de-
gradation. For example, the models included in the SCEVO system are
common models in their fields; the water quality modules for biogeo-
chemical processes are generic mechanistic balance equations; and the
water quality problems (hypoxia and eutrophication) to tackle are
common management targets. Challenges encountered during the
SCEVO development include the complex estuarine ecosystem, issues
associated with ungauged inputs and delayed water quality data, and
diverse stakeholder demands on the system. These challenges are
common in many urban estuary systems, and the example provided in
this study has made steps toward solving these challenges: intensive
monitoring and research activities to understand the estuary science;
data-driven methods to fill-in information gaps at the catchment inputs;
and separating modelling predictions and workflows for short- and
long-term management needs.

6. Conclusions

This paper explains the development of a new water quality fore-
casting system for the Swan-Canning Estuary, an urban eutrophic es-
tuary located in Western Australia. We showed that with the im-
provements in the monitoring technology and data streams, the
understanding of water science, and the fast development in environ-
mental models, integrated modelling systems aiming at water quality
forecasting are now feasible measures for estuary management. The
approach of linking data with three parallel workflows has advanced to
support decision making and restoration measures by providing

Fig. 12. A synthetic framework of model-data integration for water quality management in estuarine environment, delineating the various data sources, models,
prediction modes and ultimate end-uses.
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hindcast, forecast, and environmental response functions to fit the di-
verse set of short- and long-term management needs. We identified that
the major issues when building such an estuary real-time systems are:
(1) the capability to simulate the internal physical and biogeochemical
processes with complicated bathymetry and highly productive systems,
this is to be solved by sufficient monitoring data, scientific investiga-
tions, and modelling practice; (2) insufficiency and time lagging of
boundary monitoring system, this is to be solved by integration of en-
vironmental models and methods across multiple disciplines of me-
teorology, coastal ocean, and catchment input. The modelling methods
described in this study can also be applied to other estuarine systems to
assist water quality management.
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Appendix 1. Summary of the relevant variables resolved by the Swan-Canning Estuary response model

Variable Units* Common name Process description

Physical variables
T °C Temperature Temperature modelled by hydrodynamic model, subject to surface heating and cooling processes

S psu Salinity Salinity simulated by TUFLOW-FV, impacting density. Subject to inputs and evapo-concentration
EC uS cm−1 Electrical conductivity Derived from salinity variable
IPAR mEm−2 s−1 Shortwave light intensity Incident light, I0, is attenuated as a function of depth
IUV mEm−2 s−1 Shortwave light intensity Incident light, I0, is attenuated as a function of depth
ηPAR m−1 PAR extinction coefficient Extinction coefficient is computed based on organic matter and suspended solids
ηUV m−1 UV extinction coefficient Extinction coefficient is computed based on organic matter and suspended solids

Core biogeochemical variables
DO mmol O2 m−3 Dissolved oxygen Impacted by photosynthesis, organic decomposition, nitrification, surface exchange, and sediment oxygen

demand
RSi mmol Si m−3 Reactive Silica Algal uptake, sediment flux
FRP mmol P m−3 Filterable reactive phosphorus Algal uptake, organic mineralization, sediment flux
PIP mmol P m−3 Particulate inorganic phosphorus Adsoprtion/desorption of/to free FRP
NH4+ mmol Nm−3 Ammonium Algal uptake, nitrification, organic mineralization, sediment flux

Fig. 13. (a) Site map shows the site of regular monitoring and the modelled data (red) and the site of the high-frequency monitoring (brown); (b) Time series of
surface and bottom DO saturation from the regular monitoring (weekly), models (hourly), and high-frequency measurements (10min interval). (c) The box plot
compares the DO saturation from the various sources. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of
this article.)
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NO3− mmol Nm−3 Nitrate Algal uptake, nitrification, denitrification, sediment flux
CPOM mmol C m−3 Coarse particulate organic matter Enzymatic hydrolysis to POM
DOC-R mmol C m−3 Refractory DOC
DON-R mmol C m−3 Refractory DON
DOP-R mmol C m−3 Refractory DOP
DOC mmol C m−3 Dissolved organic carbon Mineralization, algal mortality/excretion
DON mmol Nm−3 Dissolved organic nitrogen Mineralization, algal mortality/excretion
DOP mmol P m−3 Dissolved organic phosphorus Mineralization, algal mortality/excretion
POC mmol C m−3 Particulate organic carbon Breakdown, settling, algal mortality/excretion
PON mmol Nm−3 Particulate organic nitrogen Breakdown, settling, algal mortality/excretion
POP mmol P m−3 Particulate organic phosphorus Breakdown, settling, algal mortality/excretion
TP mmol P m−3 Total Phosphorus Sum of all P state variables
TN mmol Nm−3 Total Nitrogen Sum of all N state variables
TKN mmol Nm−3 Total Kjedahl Nitrogen Sum of all N state variables
CDOM mmol C m−3 Chromophoric Dissolved Organic

Matter
Related from DOC-R and DOC concentrations

Plankton groups (optional)
BGA mmol C m−3 Cyanobacteria
FDIAT mmol C m−3 Freshwater diatoms
KARLO mmol C m−3 Karlodinium/Dinoflagellate group
GRN mmol C m−3 Green
TCHLA mmol C m−3 Total Chlorophyll-a
ZOOz mmol C m−3 Zooplankton groups (*)

Sediment and related properties
SS g SS m−3

Turbidity NTU

Pathogen
PTH cfu 100mL−1 Protozoa/Bacteria/Viruses Natural mortality, sunlight inactivation, sedimentation, resuspension

Geochemical variables (optional)
DIC mmol C m−3 Dissolved inorganic carbon (*) Algal photosynthesis and respiration, organic carbon mineralization, sediment flux, atmospheric flux
pCO2 atm Partial pressure of CO2 (*) Calculated as a function of DIC from Henry's Law
CH4 mmol C m−3

H2S mmol Sm−3 Dissolved Sulfide (*) Aqueous speciation, oxidation and reduction, sediment flux
SO4 mmol SO4 m−3 Dissolved Sulfate (*)
FeII mmol Fe m−3 Dissolved Ferrous Iron (*) Aqueous speciation, oxidation and reduction, sediment flux, precipitation/dissolution of FeIII
FeIII mmol Fe m−3 Dissolved Ferric Iron (*)
Zn mmol Zn m−3 Dissolved Zinc (*) Aqueous speciation, sediment flux
Na mmol Na m−3 Dissolved Sodium (*)
Cl mmol Cl m−3 Dissolved Chloride (*)
Ca mmol Ca m−3 Dissolved Calcium (*)
K mmol Km−3 Dissolved Potassium (*)
Mg mmolMgm−3 Dissolved Magnesium (*)
Mn mmol Mn m−3 Dissolved Manganese (II) (*)
Al mmol Al m−3 Dissolved Aluminum (*) Aqueous speciation, precipitation/dissolution of gibbsite
pH – pH (*) Computed based on charge balance at end of time-step
CHGBAL eq Charge Imbalance (*) Assumes electroneutrality
Gibbsite mmolm−3 Solid phase Al(OH)3 (*) Precipitation/dissolution, settling
Fe(OH)3(s) mmolm−3 Solid phase Fe(OH)3 (*)

(*)–indicates not configured in the current model framework.
BOLD–indicates a simulated state variable, other variables are derived.

Appendix 2. Summary of water column biogeochemical parameters used in the Swan-Canning estuary model

Symbol Description Units Value Comment

Atmospheric exchange
katmO2 Oxygen transfer coefficient m/s calculated
[O2]atm Atmospheric oxygen concentration mmol O2/m3 calculated
katmCO2 Carbon dioxide transfer coefficient m/s calculated
[CO2]atm Atmospheric carbon dioxide concentration mmol O2/m3 calculated
katmCH4 Methane transfer coefficient m/s calculated
[CH4]atm Atmospheric methane concentration mmol O2/m3 calculated
dzsmin Minimum depth of a surface cell for flux computation m 0.2 Chosen to prevent large concentrations

Chemical oxidation
χN:O2

nitrif Stoichiometry of O2 consumed during nitrification g N/g O2 14/32
Rnitrif Maximum rate of nitrification /d 0.5 0.5b

Knitrif Half saturation constant for oxygen dependence of nitrification rate mmol O2/m3 78.1 78.1b

θnitrif Temperature multiplier for nitrification – 1.08 1.04 1.08b

χCH4:O2

nitrif Stoichiometry of O2 consumed during CH4 oxidation g C/g O2 14/32
Rch4ox Maximum rate of methane oxidation /d 0.5 0.5b

Kch4ox Half saturation constant for oxygen dependence of methane oxidation rate mmol O2/m3 78.1 78.1b

θch4ox Temperature multiplier for methane oxidation – 1.08 1.04 1.08b

Dissolved organic matter transformations
χC:O2

miner, χC:O2

PHY Stoichiometry of O2 consumed during aerobic mineralization and photosynthesis g C/g O2 12/32
/d 0.5
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RminerDOC, RminerDON, Rmin-
er
DOP

Maximum rate of aerobic mineralization of labile dissolved organic matter @
20C

0.01–0.05a

0.001–0.028d

KminerDOC, KminerPON, Kmine-
r
DOP

Half saturation constant for oxygen dependence on aerobic mineralization rate mmol O2/m3 31.25 47–78a

θminerDOC, θminerDON, θmine-
r
DOP

Temperature multiplier for aerobic mineralization 1.08

Rdenit Maximum rate of denitrification /d 0.5 0.5b

Kdenit Half saturation constant for oxygen Dependence of denitrification mmol O2/m3 21.8 21.8b

θdenit Temperature multiplier for temperature dependence of denitrification – 1.08 1.08b

RphotoDOCR Maximum rate DOM-R photolysis per mol of UV light
fphoto Fraction of DOM-R photolysis that leads to mineralization

Particulate organic matter transformations
RdecomPOC, RdecomPON, Rdec-

om
POP

Maximum rate of decomposition of particulate organic material @ 20C /d 0.5 0.01–0.07a; 0.008c

KdecomDOC, KdecomPON, Kdec-
om
DOP

Half Saturation constant for oxygen dependence on particulate decomposition
(hydrolysis) rate

mmol O2/m3 31.25 47–78a

θdecomPOC, θdecomPON, θdeco-
m
POP

Temperature multiplier for temperature dependence of mineralization rate – 1.08 1.08b

RbdownCPOM RATE of breakdown of CPOM to POM /d 0
χC:NCPOM, χC:PCPOM C:N and C:P stoichiometry of CPOM mol:mol
ωPOC, ωPON, ωPOP Settling rate of particulate organic material m/day −0.05 −1.0b

ωCPOM Settling rate of coarse particulate organic material m/day −0.1
fref Fraction of POM breakdown that returns to DOM-R – 0.01

Adsorption/desorption parameters
Φads

pH(pH) Function characterizing pH effect on – calculated −0.0088(pH)2+ 0.0347(pH)+ 0.9768
cadsr Ratio of adsorption and desorption rate coefficients l/mg 0.7e

cadsmax Maximum adsorption capacity of SS mmol P/mg
SS

0.00016e

a Converted from data on oligotrophic lakes (Romero et al., 2004) to eutrophic lakes (Gal et al., 2009), and justifications therein.
b Based on Bruce et al. (2011) FABM-AED application on the Yarra Estuary (Victoria); estimated from data from Roberts et al. (2012).
c Based on Hamilton and Schladow (1997) for Prospect Reservoir.
d Based on incubations by Petrone et al. (2009) for Swan Estuary (Western Australia).
e Based on model of Chao et al. (2010).
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11 Appendix E Chapter 4 supplementary plots  

 

 

 

Figure 82 Wind speed correlation between terrestrial station –SPwind  representing South Perth station and 
on water station in Matilda in (m/s) for the duration of 12/2019 to 12/2020. 
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Figure 83  Dissolved oxygen (mg/l) validation for the Swan Canning Estuary sites from (Dec 2019 to Nov 2020) 

 

 



Identification of controls on estuary metabolism using high-frequency data and numerical modelling 

11 Appendix E                                                                                                                                                                                                                                                              Saeed, A.A. 

234 

   
 

Figure 84  Temperature (oC) validation for the Swan Canning Estuary sites from (Dec 2019 to Nov 2020) 
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Figure 85  Salinity validation (psu) for the Swan Canning Estuary sites from (Dec 2019 to Nov 2020)
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