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Abstract 

Urbanisation can create new nutrient sources, alter the interaction between surface and 

groundwater systems, and change nutrient transport pathways. The impacts of urbanisation on 

water quality and long- and short-term water quality changes are of central concern in many 

estuaries and coastal waters, especially in Australia where most people reside in coastal areas. 

However, nutrient data are often sparse in time and space and have non-linear responses to 

environmental factors, making it difficult to systematically analyse spatial and temporal trends and 

therefore quantify their controls. Meanwhile, machine learning (ML) methods have been widely 

used and achieved promising results in a number of water-related disciplines.  

 

This research aimed to assess the application of ML methods for nutrient and oxygen concentration 

prediction in superficial groundwater and urban streams. Thirteen ML methods were first 

compared for their ability to predict dissolved organic nitrogen concentrations (DON) in 

groundwater. Random forest (RF) and other tree-based models achieved the best (highest R2) when 

tested against measured data. The RF model and two sensitivity analysis methods were then 

applied to further the understanding of the sources, seasonal patterns and transport pathways of 

groundwater DON. The results suggested that DON in shallow groundwater was controlled 

predominantly by the depth to groundwater and distance to the nearest groundwater mound, and 

to a lesser extent by land use and soil type. Groundwater DON was highly correlated to dissolved 

organic carbon (DOC). 

 

With the help of this knowledge, a hybrid random forest-ordinary kriging (RF-OK) model was 

developed to facilitate mapping of groundwater DON across the coastal plain. Ordinary kriging 

was firstly applied to generate initial groundwater DOC and DON spatial data. These generated 

preliminary data which were used together with depth to groundwater, distance to the nearest 

groundwater mound, and landscape data as inputs to a RF model to interpolate DON 

concentrations. This hybrid (RF plus OK) method achieved significantly higher prediction 

accuracy (0.77) than a stand-alone RF (0.69) or OK (0.59) method. The results indicated that 

preliminary modelling with OK reduced the prediction uncertainty, and RF provided more spatial 

heterogeneity, in the hybrid model.  
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A hybrid ML method was next applied to create an extensive nutrient data set for tributary outflows 

that are critical for the health of two estuaries in Western Australia. Ellen Brook is a small and 

ephemeral river that discharges to the Swan-Canning Estuary, and Murray River is a large and 

perennial river that discharges to the Peel Harvey Estuary; both tributaries provide significant 

nutrient loads to their receiving waters. Like most long-term nutrient datasets, the tributary nutrient 

data were incomplete with respect to nutrient species, patchy and sparse in time, making it 

challenging to analyse long- and short-term changes in nutrient status.  

 

In this ML method, inflow data from the two tributaries were first separated into baseflow and 

quickflow data. This hydrological data, rainfall, and temporal data (Julian day) were then used to 

generate data for missing nutrient species (DOC, DON, ammonium). Finally, the generated 

nutrient species data were used, with the daily flow, rainfall, and temporal data, to re-construct 

historical daily nutrient data for the two tributaries. RF and gradient boosting machine models 

(GBM) were employed in the hybrid method and their performances compared with a linear model, 

a multivariate weighted regression model and stand-alone RF and GBM models, for the prediction 

of total nitrogen (TN), total phosphorus (TP), ammonium (NH4), DOC, DON, and filterable 

reactive phosphorus (FRP). The comparison of models demonstrated that the hybrid RF and GBM 

performed best for all nutrient species at the two sites, with significantly higher R2 and lower 

prediction uncertainty. Quickflow was found to be the most important variable for nutrient 

prediction at Ellen Brook while baseflow was most important at Murray River. The hybrid model 

provided a flexible method to fully utilise data of variable resolution and quality, for the prediction 

of surface water nutrient concentrations under varied hydrological conditions. 

 

Finally, a similar hybrid ML method was used to simulate a historical dataset of daily minimum, 

average, and maximum dissolved oxygen (DO) concentrations at the inlet of a constructed 

wetland; this data could then be used to drive water quality modelling of the wetland. As found in 

the tributary work, the historical DO data at the inflow, was patchy and sparse in time. Flow and 

water temperature data at the inlet was also not consistently available at the daily timescale, yet 

both were required by the water quality model and known to be highly correlated with DO 

concentrations. The daily air temperature was used with the sparse flow and water temperature 

data to generate daily water temperature and flow using GBM models. The generated daily water 
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temperature and flow were then used with daily radiation data, in another GBM model to simulate 

daily minimum, average, and maximum DO data from 2012 to 2018. The hybrid method 

demonstrated high model efficiency and low error when tested against measured data. 

 

This thesis has demonstrated that RF and GBM can be successfully used for interpolation and 

simulation of nutrient and oxygen concentrations, across a range of hydrological systems and 

hydrological conditions. Improved prediction accuracy and lower error were achieved using hybrid 

RF and GBM methods, compared to stand alone or more traditional interpolation/extrapolation 

methods. The importance of undertaking preliminary data prediction, as facilitated by the hybrid 

methods, was demonstrated through the identification of important variables for final prediction; 

the preliminary predicted data provided increased information to the final model. Two 

methodological frameworks were developed to aid the application of the hybrid method to other 

groundwater nutrient mapping and surface water nutrient simulation studies. This work has 

demonstrated that machine learning models are an essential tool to fully utilise all available water 

quality and hydrological data for water quality modelling, to facilitate the exploration of spatial 

and temporal signals in groundwater and surface water nutrient data, and ultimately the 

management of receiving waters.  
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Chapter 1  Introduction  

1.1 Background   

Urbanisation has markedly altered the export of dissolved and particulate nutrients (nitrogen and 

phosphorus) from land to receiving waters (Barron et al., 2010, 2013; Mayorga et al., 2010; Lintern 

et al., 2018), which may deteriorate water quality, cause surface water eutrophication and 

groundwater nutrient enrichment (Zhang and Jørgensen, 2005; Chen et al., 2010; Ren et al., 2014; 

Giri and Qiu, 2016). There are, however, complexities in the relationship between urban catchment 

characteristics and water quality (Moatar et al., 2016) because anthropogenic factors can have both 

spatial and temporal influences on water quality (Kuhnert et al., 2012; Shi et al., 2017; Liu et al., 

2018; Abbott et al., 2018). For instance, the proportion of urban land was found strongly positively 

associated with nitrogen concentrations in surface water (Ding et al., 2015; Cunha et al., 2016), 

groundwater (Grimmeisen et al., 2016; Gabor et al., 2017), and wetlands (Haidary et al., 2014; Yu 

et al., 2015). The strength of the link between surface landscapes and water quality can also vary 

due to seasonality in land use patterns (e.g., seasonality in fertiliser application) and rainfall levels 

(Thomas et al., 2019). These processes could seasonally shift connectivity between nutrient 

sources and receiving waters. Moreover, the spatial interaction in landscapes can be important for 

the runoff and nutrient export in catchments (Neumann et al., 2010; Lintern et al., 2018).  

 

Spatially or temporally continuous data are often required by environmental managers and 

scientists to make effective and confident decisions, and systematically analyse trends (Li and 

Heap, 2014). Water quality datasets are, however, often sparse in space and time due to the high 

cost of fieldwork and chemical analysis (Lamsal et al., 2006; Forio et al., 2015). In this case, there 

are often significant gaps in water quality datasets. In the absence of data, simplifying assumptions 

are made regarding key parameters (May et al., 2008) which may compromise the accuracy of 

models and introduce large uncertainty into decision-making. Therefore, it is necessary to fill the 

missing data appropriately, to allow systematic analysis of spatial and temporal trends and 

therefore quantify their controls. Also, historical and current water quality monitoring programmes 

often use low-frequency sampling regimes, with samples collected on a weekly to monthly basis 

(Halliday et al., 2012). Such low-frequency sampling data can cause large bias in nutrient load 
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estimation and trend analysis. For instance, poorly estimated nutrient loads with high variability 

were obtained, when monthly averaged concentrations were used (Cassidy and Jordan, 2011; 

Cozzi and Giani, 2011). Moreover, nutrient data may have varying availability in both space and 

time, due to different sampling programmes. As an example, dissolved organic nitrogen (DON) 

can be the dominant form of total dissolved nitrogen (TDN) in some groundwater and surface 

water systems (Kroeger et al., 2006; Lorite-Herrera et al., 2009; Necpalova et al., 2012; Bourke et 

al., 2015). Typically, DON has only been measured in recent years whilst total nitrogen (TN) and 

total phosphorus (TP) concentrations may have been monitored for decades. The missing historical 

nutrient data make it challenging to understand trends in nutrient species, such as DON 

concentrations and the influence of urban landscapes on those nutrient species. Thus overall, 

missing data, low-frequency sampling, and different data availability remain the main limitations 

to understand spatial and temporal trends.   

 

These constraints may restrict the application of hydrological and biogeochemical models which 

sometimes require large and near-continuous datasets to assign physical and chemical conditions 

at the model boundaries, and also model parameters to reflect heterogeneity and variability (Yoon 

et al., 2011). Understanding groundwater-surface water interactions and their impact on the 

hydrological and biogeochemical conditions of surface waters, is a specific case in point. The 

quality of mechanistic model simulations is often heavily impacted by poorly resolved boundary 

condition specification due to infrequent measurements (Hipsey et al., 2015). For instance, 

Chahinian et al. (2011) found that the Soil and Water Assessment Tool (SWAT) cannot be applied 

to some catchments due to the sparse datasets. Moreover, the transport pathways from surface 

sources to receiving waters of some nutrients are still unclear, making their parameterisation 

challenging (Cox, 2003a; Ahmed, 2017).  

 

Meanwhile, machine learning (ML) methods have been used with promising results in the 

prediction of surface, groundwater and wetland hydrology (Khader and McKee, 2014; Surridge et 

al., 2014; Lintern et al., 2017). Unlike traditional process-based models, these data-driven models 

do not assess the physical processes but purely model data relationships (Maier et al., 2014), which 

is suitable for capturing underlying process interactions (Khalil et al., 2005). Moreover, some ML 

models can utilise a variety of data types and predict a variety of targets. In this case, ML methods 
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may be a useful tool for hydrological modelling, not only as empirical methods, but also a useful 

tool to combine physical understanding and data-driven methods. 

 

Here, a brief overview of various machine-learning methods is presented. The objective is not to 

provide a detailed explanation of each model but rather to provide a general introduction of some 

commonly used ML methods. Generally speaking, ML models can be divided into five groups: 1) 

tree-based models, 2) generalised linear models, 3) kernel-based models, 4) neural network 

models, and 5) instance-based model.  

 

Tree-based models are perhaps the most commonly used ML method which consist of nodes and 

leaves. Each node is a partition of the training dataset that aims to maximise the within-node 

homogeneity based on node splitting rules that are generated from a set of variables (Breiman et 

al., 1984). The leaves are the terminal nodes where a prediction is made. As a result of this 

hierarchical structure, tree-based models are able to represent non-linear relationships between 

predictors and response variable as well as interaction effects where the relationship between a 

predictor and the response depends on one or more other predictors. Moreover, tree-based models 

are also flexible to utilise different data as they are able to handle numerical, ordinal, or discrete 

data (Hastie et al., 2009; James et al., 2013). Single decision tree model was first proposed by 

Breiman et al. (1984), however, this simple model sometimes oversimplifies data structures which 

reduces its modelling capability (McBratney et al., 2000; Cutler et al., 2007; Coopersmith et al., 

2010). In this case, some re-sampling methods were applied to combine results from multiple trees.  

 

Random forest (RF) and gradient boosting machine (GBM) models were then generated through 

bootstrap and boosting re-sampling methods (Breiman, 2001; Friedman, 2002), which have been 

widely applied in hydrological studies. For instance, RF was used for the prediction of 

groundwater potential across multiple locations (Naghibi and Pourghasemi, 2015; Naghibi et al., 

2016; Rahmati et al., 2016), and a similar method was used for groundwater nitrate modelling in 

southern Spain (Rodriguez-Galiano et al., 2014) and the U.S.A. (Nolan et al., 2015). The tree-

based model was also used to couple causal explanation and prediction in hydroecological 

modelling (Surridge et al., 2014). RF has also been employed to estimate the uncertainty of other 
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models (Solomatine and Shrestha, 2009; Makler-Pick et al., 2011; De Oña et al., 2012; Loosvelt 

et al., 2012). 

 

Generalised linear models (GLM) such as logistic regression and linear discriminant analysis are 

extensions of the simple linear model. Varied distribution assumptions (e.g., Poisson distribution) 

instead of Gaussian distribution (simple linear models) were used in GLM. Regularization is also 

employed in GLM to prevent over-fitting (Hastie et al., 2009). GLM are also commonly used in 

hydrological studies due to its simplicity and high interpretability (Mishima et al., 2011; Naghibi 

and Pourghasemi, 2015). Kernel-based models such as support vector machines (SVM) are 

designed to construct an optimal separating hyperplane in the variable space (Hastie et al., 2009; 

James et al., 2013). Radial basis function (RBF) kernel is often used in SVM to map data into high 

dimensional variable space (Liu et al., 2013).  

 

The artificial neural network (ANN) may be the most well-known ML method. The structure of 

an ANN consists of a set of interconnected units (i.e., neurons) that estimate the non-linear 

correlations between each variable. The input neurons are connected to a single or multiple layer(s) 

of hidden neurons, which are then linked to output neurons (Hastie et al., 2009; Samani et al., 

2007). The number of hidden layers and neurons within each hidden layer are main parameters for 

ANN. The connections between the neurons are established by assigning weights based on an 

intrinsic learning process where the weights are iteratively adjusted to match the outputs of the 

training data (Wang et al., 2006; Wu et al., 2014). 

 

The distance-based models (e.g., k-nearest neighbour) have been used for a wide variety of 

different applications in the natural sciences such as daily water temperature (St‐Hilaire et al., 

2012) and water quality predictions (Modaresi and Araghinejad, 2014). The main concept of 

distance-based models is related to Tobler's first law of geography that near things are more related 

than distant things. The k-nearest neighbour model extends this concept to variable space that data 

points with similar variable values should have similar response values. 

 

Overall, ML methods are sufficiently flexible that they have the potential to overcome the 

previously stated constraints in water quality datasets and classic process-based models. The 
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research presented in this thesis has been designed to test this assertion rigorously. ML methods 

have been applied to superficial groundwater in a sandy coastal plain, and to surface water streams. 

Spatial and temporal predictions have been undertaken using ML methods, generating missing 

nutrient components, increasing water quality data resolution, and finally providing an improved 

understanding of nutrient trends in urban catchments.   

1.2 Research questions   

Human activities influence groundwater and surface water and frequently result in spatial and 

temporal changes in water quality in these systems. Across an urban catchment, there are numerous 

potential nutrient transport pathways in surface water and groundwater (Figure 1.1). Stream flow 

can be imported directly from overland flow and fast surficial storm flow (quickflow) or imported 

by groundwater discharge. Stream nutrients are therefore the product of over-lapping inputs from 

different transport pathways. Groundwater also has two potential sources that infiltered from 

nearby surfaces and transported from further afield groundwater systems. Therefore, groundwater 

nutrients can be imported into groundwater via infiltration and lateral transportation. These 

different transport pathways for stream flow and groundwater can be affected by certain catchment 

characteristics (e.g., soil types and land use) and hydrological conditions (e.g., depth to 

groundwater).  

 

To manage the flux of nutrients effectively, it is important to understand the spatial and temporal 

characteristics of catchment-derived nutrients and influence by land use, soil type, and hydrologic 

characteristics. To further this understanding, different catchment characteristics (soil, land use, 

vegetation) as well as hydrological conditions (depth to groundwater, distance to surface water 

bodies, distance to the nearest groundwater mound) were selected as input variables for ML 

methods to explore 1) spatial patterns in groundwater DON, 2) the effects of catchment 

characteristics and hydrological conditions on groundwater DON, and 3) long- and short-term 

changes in stream nutrient and oxygen concentrations.  

 

The major research questions asked in this thesis were:  

     1. How do catchment surface characteristics influence groundwater DON?  

     2. How do meteorological conditions and transport pathways affect long- and short-  
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         term changes in stream nutrient concentrations?  

     3. How do meteorological conditions and flow impact stream oxygen concentrations?  

 

 

Figure 1.1 Schematic showing potential nutrient sources and transport pathways in surface water 

and groundwater in an urban catchment. The figure is modified after (Lindgren et al., 2004).   
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1.3 Research approach 

To answer the stated research questions, water quality modelling was undertaken in superficial 

groundwater in a sandy coastal plain, tributaries to two different estuaries, and an urban stream 

flowing into a constructed wetland. The water information report (WIR, 

http://wir.water.wa.gov.au) system was the main data source for surface water and groundwater 

nutrients. Additional groundwater sampling was also undertaken in 2016 (Ahmed, unpublished 

data) to enhance the groundwater nutrient dataset. Unlike process-based models, there are no 

specific numerical parameterisations in ML methods, but the importance of individual variables, 

and their sensitivity analysis, provide a feasible way to understand model structures and obtain 

insight into underlying hydrological processes and variable interactions. All the modelling scripts 

can be found on https://github.com/benyawang-uwa. 

1.4 Terminology and modelling philosophy 

ML methods were employed for various water quality modelling tasks in this research. In this 

section, the terms used for this research are clarified, and the modelling philosophy is then 

introduced and classified. A number of terms were used to describe a hydrological modelling task, 

including “prediction”, “interpolation”, “simulation”, “hindcasting”, “backcasting”, and 

“forecasting”. In this thesis, “prediction” is used as a general term to describe model outputs. A 

task which applied models to fill gaps in historical time-series datasets is referred to as simulation 

and a task which generated values for spatial unknown areas is referred to as interpolation. 

Forecasting is used when models are used to predict values for the future.  

 

Different modelling methods and strategies were used in this research and were largely dependent 

on the research aims. If research aimed to understand the link between catchment characteristics 

and nutrient concentrations, then only catchment characteristics were used. In some cases, all 

available data were utilised if the research aimed to accurately interpolate or simulate the data in 

unknown areas or time-series datasets. For instance, to understand the sources, seasonal patterns 

and flow paths of groundwater DON in south-western Australia, a RF model and two sensitivity 

analysis methods were employed to predict groundwater DON (Chapter 3). In this case, only 

catchment landscape and hydrological data were used. The results suggested that depth to 

groundwater and distance to the nearest groundwater mound are the key factors to predict shallow 

https://github.com/benyawang-uwa
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groundwater DON. A high correlation between groundwater DON and dissolved organic carbon 

(DOC) was also found. A hybrid machine learning – ordinary kriging was next applied to 

interpolate groundwater DON across the shallow groundwater system accurately. In this case, 

surface landscapes, hydrological maps as well as groundwater DOC data were used for 

groundwater DON interpolation (Chapter 4). Similarly, Chapter 5 focused on long- and short-term 

changes in stream nutrient concentrations which largely relies on accurate nutrient simulation. 

Therefore, hydrological and meteorological conditions, as well as historical nutrient data, were 

used to simulate long-term daily nutrient concentrations.  

1.5 Thesis outline  

This thesis presents work already published in international journals, published conference papers, 

manuscripts currently under review with journals, and additional work (Figure 1.2). Main chapters 

(Chapter 3, 4, 5) are independent of the thesis as a whole, containing their own literature reviews, 

methods, and results. This structure does lead to unavoidable repetitions, however, as presented, 

each chapter progresses my specific research questions, and expands the understanding of the 

effects of urban catchment characteristics on spatial and temporal water quality. As a whole, the 

thesis addresses the overarching question of what insights can be gained using ML methods for 

the prediction of water quality. 

 

Thirteen machine learning methods were first investigated for their ability to predict groundwater 

DON across two variable scenarios (Chapter 2). RF and other tree-based models demonstrated the 

highest accuracy and most stable performance across two variable scenarios. These models were 

then used throughout the rest of the research. The work contained in Chapter 2 was presented at 

the 12th International Conference on Hydroinformatics, Incheon, South Korea, 2016, and 

published in the Conference Proceedings.  

 

The influence of catchment characteristics on groundwater DON (Research Questions 1) was then 

investigated using ML methods, and this work is presented in Chapter 3 and 4. RF and two 

sensitivity analysis methods were used to determine the important variables for groundwater DON 

prediction and assess the effects of variable interactions on groundwater DON concentrations 

(Chapter 3). The results highlighted that the balance between travel and processing timescales was 
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a control on the preservation of surface landscape signatures in groundwater. With a clearer 

understanding of the sources and pathways of groundwater DON, a hybrid random forest – 

ordinary kriging method was applied to better interpolate DON spatially in groundwater systems 

and the results compared with a stand-alone RF and ordinary kriging interpolation (Chapter 4). 

The work outlined in Chapter 3 was presented at the 7th HydroEco Conference, Birmingham, UK, 

2017, and published in Water Resources Research (Vol 54, Issue 7, July 2018, Pages 4785-4804). 

Chapter 4 will shortly be submitted to Water Resources Research. 

 

To evaluate the extent to how meteorological conditions and transport pathways control long- and 

short-term changes in nutrient status (Research Question 2), a hybrid ML method was used to 

create an extensive nutrient dataset in two tributaries that drain to estuaries in Western Australia 

(Chapter 5). RF and GBM were employed in the hybrid method and their performances compared 

with four other methods, for the prediction of both total nutrients and different nutrient species. 

The work was presented at the Statistical Hydrology Conference, Adelaide, Australia, 2018 and 

will shortly be submitted to Water Resources Research. Similar modelling methods were further 

applied on eight tributaries to simulate and forecast nutrients as model boundaries for an estuary 

nutrient prediction system. This work was presented in part at the Australian Coastal and Oceans 

Modelling and Observations Conference, Canberra, Australia, 2018 and has been submitted to a 

special issue in the Journal of Marine Systems (the candidate is the third author) and is under 

review. 

 

ML methods were next used to assess the importance of flow and meteorological conditions on 

daily dissolved oxygen (DO) concentrations in an urban stream (Chapter 6, Research Question 3). 

The relative role of external forcing versus internal stream processes remains a key question for 

scientists working on stream and wetland metabolism. The creation of long-term, high-frequency 

data records using ML methods, provides insights into the important variables controlling stream 

water quality. The results from this work are currently being combined with other results from 

collaborators into a journal manuscript.   

 

Finally, Chapter 7 summarises the significant findings from this thesis, my overarching 

conclusions, some research limitations, and recommendations for future work.  
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Figure 1.2 Schematic showing the thesis outline and connectivity of different chapters. 
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Abstract 

Dissolved inorganic nitrogen (DIN) is typically the main focus of nutrient management strategies; 

however, some studies have found that dissolved organic nitrogen (DON) can be the dominant 

form of total nitrogen (TN) in several Australian estuaries and catchments. To better understand 

nitrogen cycling and explore the relationships between measured groundwater DON and 

environmental factors, thirteen machine learning (ML) techniques were compared in this study. 

DON was simulated under two scenarios using a range of input variables: 1) detailed nutrient data 

with landscape and sampling factors, and 2) limited nutrient data with landscape and sampling 

factors. Most of the tested ML algorithms more accurately predicted DON than when it was 

estimated from the difference between TN and DIN. Some models show greater adaptability to 

different modelling conditions, with only a few approaches able to predict with high accuracy 

using limited input variables (scenario 2). From the models tested, random forest, bagged mars, 

and cubist were selected as optimal. Sampling depth, sampling date, and specific surface water 

area were the important non-nutrient input variables for DON prediction, which reveals the 

significant effect of surface environmental factors and seasonality on groundwater DON. 

                                                 

 

1 Published as Benya Wang, Carolyn Oldham, Matthew R. Hipsey (2016). Comparison of machine 

learning techniques and variables for groundwater dissolved organic nitrogen prediction in an 

urban area. 12th International Conference on Hydroinformatics, Incheon, South Korea, 2016. 

Procedia Engineering, 154, 1176–1184. 
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2.1 Introduction 

The negative effects of nitrogen enrichment in coastal catchments and their transport pathways 

have been widely documented. Typically, dissolved inorganic nitrogen (DIN) forms are the main 

focus of nutrient management strategies; however, several studies have found that dissolved 

organic nitrogen (DON) can be the dominant form of total nitrogen (TN) in selected Australian 

estuaries and catchments (Nice et al., 2009; Petrone et al., 2009). In these studies, DON has been 

observed to be relatively bioavailable and readily mineralised into inorganic forms by microbes 

during its subsequent transit in downstream estuaries and streams. This additional DIN import can 

have large impacts on estuarine systems (Robson et al., 2008), especially in the Swan-Canning 

estuary (SCE), Western Australia, where nitrogen is the limiting factor for phytoplankton growth 

(Thompson and Hosja, 1996), and many environmental problems such as an increased occurrence 

of hypoxia and fish kills were aggravated by excessive organic matter and nutrient loading 

(Zammit et al., 2005; Hipsey et al., 2013). 

 

The sources of DON remain unclear, but the important role of the groundwater system in organic 

nitrogen (ON) storage and transport has been previously reported (McClain et al., 1994; Kroeger 

et al., 2006; Donn & Barron, 2013). This is particularly true on the Swan Coastal Plain (SCP) in 

Western Australia where shallow groundwater (depth to groundwater< 10 m below ground level) 

extends across large regions. This groundwater system may interact strongly with surface 

processes due to shallow groundwater depth and highly permeable sandy soils. Nitrogen in the 

groundwater system is therefore readily transported to the surface water system and contributes to 

the deterioration of surface water quality (Linderfelt and Turner, 2001). 

 

In order to quantify DON dynamics and identify key source areas, hydrological-biogeochemical 

models could be used, but these models typically require large detailed datasets to assign the 

boundary conditions and model parameters to reflect spatial heterogeneity (Yoon et al., 2011). 

This kind of dataset is generally expensive and complicated to acquire. In the absence of data, key 

parameters, conditions or constants are often simplified, and in addition, much uncertainty remains 

around DON biogeochemistry. Therefore, the accuracy of these hydrological-biogeochemical 

models may be compromised because of simplification and large uncertainty.  

 



13 

 

In parallel, advanced machine learning (ML) algorithms have driven the development of a plethora 

of new hydro-informatics models for prediction of environmental system behaviour. Unlike 

traditional process-based models, an empirical or ML model does not describe the physical 

processes of the system but purely simulates data relationships (Maier et al., 2014), and can be 

used to tease out poorly understood interactions. However, there has been a rapid expansion in the 

number and operation of various ML algorithms, making it difficult to identify the best approach 

in particular application contexts, and currently, their suitability for DON prediction in 

groundwater is unclear. The objectives of this paper are therefore to compare ML methods for 

DON prediction in the shallow groundwater system of the SCP, and to explore the relationships 

between DON and environmental factors.  

2.2 Materials and Methods 

Our study area is the Superficial formations of the SCP groundwater system in southwestern 

Australia, which is overlain by numerous surface water sub-catchments, and supports a variety of 

vegetation and soil types. The climate is Mediterranean with two-thirds of the annual rainfall 

occurring during winter (June–September) and long hot and dry summers. Many streams and 

surface drainage networks within the SCP are naturally ephemeral but can become perennial in 

urban areas when they intersect rising groundwater tables that may occur in response to changing 

hydrological regimes (Donn and Barron, 2013). 

 

Table 2.1 shows the input variables that were used for this study. The nutrient data were collected 

by the Western Australian Department of Water from 2006 to 2014. Sampling condition data were 

recorded when the samples were collected. Nutrient data and sampling condition data can be 

sourced from water information report system (wir.water.wa.gov.au). Soil type, land use, and 

vegetation type were extracted using ArcGIS spatial mapping.  

 

Table 2.1 Variable list 

Variable type Variable name   

Nutrient DOC, TN, NH4, NOx 

Landscapes soil, land use, vegetation 

Hydrological conditions catchment, groundwater subarea, surface water subarea 

Sampling conditions sampling date, sampling depth, pH, water temperature 
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2.2.1 Regression models 

Thirteen commonly used ML models were selected for testing (Table 2.2) and divided into five 

groups: 1) tree-based models (random forest, conditional inference random forest, generalised 

boosted models and cubist); 2) kernel-based machine learning models (Gaussian process with 

linear kernel, Gaussian process with radial basis function kernel, support vector machines with 

linear kernel and support vector machines with radial basis function kernel); 3) generalised 

stepwise linear regression models (generalised linear model with stepwise feature selection, 

multivariate adaptive regression spline and bagged multivariate adaptive regression spline); 4) 

neural network models (artificial neural networks); and 5) instance-based model (K-nearest 

neighbours). More detailed descriptions of these models can be found in the references cited in 

Table 2.2.
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Table 2.2 Model names and parameters 

Model Tuning parameter R package Reference 

artificial neural networks (ANNs) size, decay nnet (Hastie et al., 2009) 

bagged mars number of prunes, degree earth (Hastie et al., 2009; Kuhn and Johnson, 2013) 

conditional inference random forest 

(Cforest) 

number of trees party (Das et al., 2009; Strobl et al., 2009) 

cubist committees, neighbours cubist (Quinlan, 1992; Wang and Witten, 1997) 

gaussian process with linear kernel 

(GPL) 

none kernlab (Hsieh, 2009; Margvelashvili and Campbell, 

2012) 

gaussian process with radial basis 

function kernel (GPR) 

sigma kernlab (Hsieh, 2009; Kuhn and Johnson, 2013) 

generalised linear model with stepwise 

feature selection (GLM) 

none MASS (Hastie et al., 2009) 

gradient boosting machines (GBM) trees, interaction depth, 

shrinkage, node 

gbm, plyr (Hastie et al., 2009) 

k-nearest neighbours (KNNs) number of neighbours  caret (Hastie et al., 2009; Kuhn and Johnson, 2013) 

multivariate adaptive regression spline 

(Mars) 

number of prunes, degree earth (Hastie et al., 2009; Kuhn and Johnson, 2013) 

random forest (RF) number of trees randomForest (Breiman, 2001; Kuhn and Johnson, 2013) 

support vector machines with linear 

kernel (SVML) 

cost kernlab (Wang et al., 2009; Yu et al., 2006) 

SVM with radial basis function kernel 

(SVMR) 

sigma, cost kernlab (Lin et al., 2006; Smola and Scholkopf, 2004) 
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2.2.2 Model calibration and evaluation 

In groundwater, where particulate nitrogen is considered to be negligible, DON is often estimated 

as the difference between TN and DIN; to avoid confusion we denote this as DONcal. In our study, 

DON was defined as the difference between total dissolved nitrogen (TDN) and dissolved 

inorganic nitrogen (DIN). We used the root mean square error (RMSE) and R2 between DONcal 

and DON as the benchmark for model comparison and selection. To test the models’ abilities to 

generalise prediction, all the models were simulated under two variable scenarios: 1) training with 

all variables in Table 2.1) training just with TN and other non-nutrient variables. All the modelling 

and statistics work were carried out in R (v3.2.4). 

 
There are 401 groundwater samples in this study which were divided into a training set (60%) and 

testing set (40%). Figure 2.1 shows the validation and testing processes. Repeated ten-fold cross-

validation (CV) was applied during model training to avoid over-fitting. Parameters were tuned by 

CV for each model to improve model performance. For example, the number of trees was test for 

random forest. To find out the optimal input variable combination for each model, recursive feature 

elimination was applied for all except the models containing built-in feature selection (e.g., tree-

based or rule-based models). This validation and testing processes were repeated five times. 

Finally, the averaged RMSE and R2 of the thirteen models (on the testing dataset) was compared 

for optimal model selection.  
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Figure 2.1 The validation and testing processes. 

2.3 Results and discussion  

2.3.1 Which models are suitable for groundwater DON prediction? 

The RMSE and R2 of the thirteen models on the testing dataset are presented in Figure 2.2. and 

compared relative to DONcal. Under scenario 1, most of the models have lower RMSE than DONcal 

except ANNs but only five models (GLM, Mars, SVML, GPL and cubist) have higher R2 than 

DONcal. All models have lower errors under scenario 1 than that under scenario 2, indicating that 
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nutrient data can improve model performance. This is of course expected as DON is part of TN 

and related to the other nutrient data (DON=TFN-DIN), explaining why all the models performed 

better under scenario 1. But the models performed differently when nutrient data were excluded 

from the training process. Mars had the lowest error and highest R2 under scenario 1 but these 

values significantly changed under scenario 2; this behaviour was also found in the other three 

models (SVML, GPL, and GLM). Specifically, eight models have lower RMSE than DONcal but 

only cubist had a similar R2 to DONcal under scenario 2. RMSE reflects the model bias and R2 

shows the coefficient of determination between the simulated value and measured value; because 

DONcal computes DON by neglecting PN in the calculation, it is biased and has a relatively high 

RMSE but also a high R2. 

  

Mars and GLM are generalisations of the linear model while SVML and GPL used a linear kernel 

inside the model structure. When nutrient data was included within the training dataset, the linear 

kernel-based models or generalised linear models captured the relationship between DON and the 

variables. However, this linear assumption may not be appropriate under scenario 2, when complex 

non-linear relationships likely exist between DON and the landscape or hydrological data. This 

may explain why these four models exhibit large differences in RMSE and R2 between the two 

scenarios. Hinge functions were used in Mars to simulate non-linearities and interactions between 

variables. This appeared to work to some degree, with Mars having the lowest error and highest 

R2 among these four models.  
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Figure 2.2 Predicted RMSE (left) and R2 (right) of the thirteen models under scenario 1 and 2, 

compared to DONcal. 

 

Other models exhibit small differences in RMSE and R2 across the two scenarios. All the tree-

based or rule-based models (cubist, RF, GBM, and Cforest) have the smallest differences between 

the two scenarios. These kinds of models divide the dataset into different subgroups, according to 

different conditions, and find a constant or regression model for each subgroup. Important 

variables can be revealed from the appearance of different variables in the split conditions. Tree-

based models were first introduced as a decision tree, using a constant for each leaf (Breiman et 

al., 1984). This structure may oversimplify data relationships and sometimes exhibit under-fitting. 

To improve model flexibility and predictability, some re-sampling methods (e.g., bootstrap or 

boosting) were proposed as part of the model training process. Bootstrap methods randomly re-

sample the training dataset with replacements to obtain the same sized dataset as the original 

training dataset. The model is re-trained for this bootstrap dataset and its performance assessed 

against the data not included in the bootstrap dataset. This process is repeated for n times, 

producing n bootstrap datasets and n re-trained models. The averaged or weighted results of n re-
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trained models is calculated as the final result. This re-sampling method can increase model 

robustness but sometimes reduces the model interpretability. Such re-sampling methods can also 

be applied to other kinds of model. Bootstrap aggregating was used in bagged mars to build a more 

adaptive model than Mars. The high performance of bagged mars and tree-based models (Figure 

2.2) highlights the effectiveness of re-sampling methods.  

 

Instance-based models (e.g., KNNs) also showed good performance (Figure 2.2). KNNs predicts 

new samples using the k-closest samples from the training set, based on Euclidean or other 

distance. Unlike SVM or ANNs, instance-based models can be easily interpreted. The low error 

of instance-based models indicates that near samples have a similar response to environmental 

factors.   

 

It is plausible to select an optimal model for future use, based on the lowest error and highest R2. 

However, these models may have different performance and adaptability when applied to a new 

dataset. For example, Mars had the lowest error under scenario 1 but had a relatively high error 

under scenario 2. Other models (e.g., RF and cubist) are more adaptive when applied to the limited 

nutrient dataset. Moreover, some model outputs are easily interpreted (e.g., cubist and KNNs) 

while for some models it is challenging to find environmental explanations for their parameters or 

model structure (e.g., SVM). Therefore, predicted error, model adaptability, and interpretability 

should all be considered when selecting optimal models. In this study, high interpretability and 

low errors were consistent. RF, bagged mars, and cubist were therefore selected as the optimal 

models because of their high flexibility and predictability.    

2.3.2 Which variables are important for DON prediction? 

Recursive feature elimination was used to find out the best variable combination for each model, 

except those models with built-in feature selection methods. The optimal variable combination 

was selected for each model, and the combination may vary between different models. Table 2.3 

shows the first five important variables of selected models under the two scenarios. Dissolved 

organic carbon (DOC) was more important than TN in bagged mars and RF. Both DON and DOC 

have strong negative correlation with surface water subarea (Pearson's correlation = -0.403 and p-

value < 0.001 and Pearson's correlation = -0.432 and p-value < 0.001, respectively). They also 

have similar density distribution under certain surface water subareas (results are not shown). This 
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suggests that DOC and DON may be similarly sourced from certain surface water subarea. NH4 

and NOx were only identified as important in the cubist algorithm. The lower importance of NH4 

and NOx may explain the small difference in error and R2 of bagged mars and RF between the two 

scenarios. Cubist heavily relies on nutrient data under scenario 1 but also has the capability of 

capturing complex relationships with limited nutrient data under scenario 2.  

Table 2.3 First five important variables of selected models in two scenarios. 

Model RMSE R2 Important variables  Data 

cubist 0.227 0.897 TN, DOC, NH4, NOx, sampling date  scenario 1 

cubist 0.275 0.849 TN, vegetation, sampling date, sampling depth, 

catchment 

scenario 2 

bagged mars  0.242 0.882 DOC, TN, temperature, pH, soil scenario 1 

bagged mars 0.262 0.887 TN, groundwater subarea, sampling depth, land 

use, sampling date 

scenario 2 

random forest 0.272 0.856 DOC, TN, sampling depth, vegetation, surface 

water subarea 

scenario 1 

random forest 0.282 0.858 TN, surface water subarea, vegetation, sampling 

depth, sampling date 

scenario 2 

 
Sampling date, sampling depth, and surface water subarea were the most important non-nutrient 

variables identified by the selected models. The importance of the sampling date hints at a seasonal 

change in DON dynamics, however, there is no statistical significance in the correlation between 

them (Pearson's correlation = -0.049 and p-value = 0.323). DON has a significant negative 

correlation with the sampling depth (Pearson's correlation = -0.355 and p-value < 0.001), 

indicating that DON concentrations are higher in shallower groundwater samples. This strong 

negative relationship suggests that DON is affected more by surface environmental factors. This 

is also supported by the importance of surface water subarea and catchment. 

 

Land use and soil did not appear as consistently important variables (except in bagged mars), which 

supports previous conclusions that DON concentrations were not directly affected by human 

activities (Johnson et al., 2013), but contradicts other work that suggests that land use does have 

an impact on DON export (Petrone et al., 2011). Land use and soil type were transformed into an 

index in the model training process which is likely to lose some information. This may explain the 

less importance of land use and soil and the contradiction. A more detailed investigation is required 

into the interaction between groundwater DON and land use. The importance of these landscapes, 



22 

 

as well as the hydrological and sampling condition variables, reveal the complex relationships 

between DON and other factors. 

2.4 Conclusions 

Thirteen machine learning models were compared for the prediction of groundwater DON under 

two sets of input variables. Most of the tested machine learning algorithms were more accurate 

than the approximation of DON from TN and DIN. Despite high R2, DONcal has a relatively high 

bias. Some models were more adaptive to different modelling conditions while other models have 

low adaptability. RF, bagged mars, and cubist were selected as the optimal models. Compared to 

the other models, they demonstrated good generalisation capability to different data conditions as 

well as high interpretability. The sampling depth, sampling date, and surface water subarea were 

important for DON prediction which reveals the interaction between the groundwater system, the 

surface environment and the seasonal changes in DON. Models under scenario 1 had lower RMSE 

and higher R2 than models under scenario 2. However, nutrient data is more expensive to collect 

than landscape or hydrological data, and very often groundwater nutrient data is limited to total 

nutrients. Therefore, scenario 2 may be a more practical application for groundwater managers 

because TN is often the most common nutrient in nutrient datasets, and this study provides a useful 

method for estimation of groundwater DON using a limited dataset. More data scenarios should 

be tested to ascertain the flexibility of RF, bagged mars, and cubist to different modelling 

conditions. Based on these findings an improved conceptual model can be built to better 

understand the role of different environmental factors in shaping DON dynamics and hotspots, 

according to their importance as identified by the models. 
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Abstract 

The effect of groundwater nutrient inputs on river and estuary water quality and the potential 

impacts of urbanisation on groundwater are central concerns in many coastal areas. It has been 

previously identified that dissolved organic nitrogen (DON) can be the dominant form of total 

dissolved nitrogen (TDN) in some aquifers. However, there is a paucity of evidence about the 

sources and flow paths of DON, relative to inorganic nitrogen in groundwater. DON and 

DOC/DON were first compared against different landscape variables in this study, and no 

significant relationships were found. However, the relationships became statistically significant 

when shallow samples (sampling depth < 10 meters) were separated from deep samples. A random 

forest model and sensitivity analysis were then applied to further our understanding of the 

ecohydrological drivers and seasonal patterns that shape DON variability. The random forest 

algorithm was built to classify 171 groundwater wellbores into three classes (low: < 0.5 mg/L; 

medium: 0.5-2.5 mg/L; high: > 2.5 mg/L) which achieved 72% classification accuracy on testing 

                                                 

 

2 Published as Benya Wang, Matthew R. Hipsey, Sobia Ahmed, and Carolyn Oldham (2018). The 

Impact of Landscape Characteristics on Groundwater Dissolved Organic Nitrogen: Insights From 

Machine Learning Methods and Sensitivity Analysis. Water Resources Research, 54(7), 4785–

4804. https://doi.org/10.1029/2017WR021749 
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data using landscape characteristics, hydrological conditions, and temporal information. The 

results indicated that the effects of landscapes on sandy shallow groundwater DON were controlled 

both by certain landscape characteristics and depth to groundwater. A conceptual model of 

groundwater DON is therefore proposed where the balance of exposure and processing timescales 

from the surface to groundwater, is the critical control on the preservation of landscape signatures; 

we expect that this conceptual model would be applicable for other sandy, shallow groundwater 

areas. 

 

Key Points:  

• The effects of landscapes on groundwater DON were controlled by the hydrological 

conditions in sandy, shallow groundwater areas. 

• The suitability of machine learning methods for exploring areas with significant surface 

water-groundwater interaction was demonstrated. 

• A conceptual model of groundwater DON is proposed for sandy, shallow groundwater 

areas. 

3.1 Introduction 

Groundwater nutrient concentrations are carefully assessed and managed in many coastal aquifers 

due to the potential consequences for water supply and impacts upon surface water quality. The 

effects of groundwater nutrient inputs on river and estuary water quality, have predominantly 

focused on the loading of dissolved inorganic nitrogen (DIN; including 
-

3NO ,
-

2NO and 
+

4NH ) 

(Mayer et al., 2010; Gu et al., 2013; Haidary et al., 2013). However, several investigations have 

identified that dissolved organic nitrogen (DON) can be the dominant form of total dissolved 

nitrogen (TDN) in some groundwater systems (Kroeger et al., 2006; Lorite-Herrera et al., 2009; 

Necpalova et al., 2012; Bourke et al., 2015). DON is often assumed to be relatively slow to react, 

but depending on the source of DON, it can turnover rapidly, thereby constituting an active 

contributor to the eutrophication of surface waters (Petrone et al., 2009). This is of particular 

concern in landscapes where urbanisation not only creates new nitrogen sources (Chen et al., 

2010), but can also increase the proportion of reactive DON within the total DON pool (Parr et al., 

2015), whilst also altering the interaction between surface and groundwater systems (Gilfedder et 
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al., 2012; Carey et al., 2013; Pennino et al., 2016). A better understanding of the landscape features 

that influence the sources and flow paths of groundwater DON, and the role of urbanisation in 

perturbing DON concentrations, is therefore necessary to develop holistic approaches for 

groundwater nutrient management. 

 

From the limited studies on groundwater DON undertaken to date, DON can be generated from 

both natural and anthropogenic sources. Human activities have been shown to increase the export 

of DON to groundwater. For instance, intensive agricultural activities are generally associated with 

nitrogen leaching from agricultural soils, and this nitrogen has the potential to percolate and 

contaminate groundwater (Collins et al., 2017). Kroeger et al. (2006) reported a positive 

correlation between groundwater DON concentrations and population density. The molecular-

level composition of groundwater DON was analysed (Arnold et al., 2014) and suggested that 

septic systems were a dominant source of DON. However, others have reported that DON is 

predominantly derived from natural sources. The proportion of forest in the catchment can account 

for most of the variance in organic nitrogen (Lawniczak et al., 2016). Overall, uncertainties remain 

about the sources, flow paths, and the fate of groundwater DON especially for shallow 

groundwater where it is likely to have interacted with surface landscapes. 

 

While hydrological-biogeochemical models may be suited to predict groundwater DON dynamics, 

the reliability and efficiency of such models are typically challenged by scale effects in process 

dynamics, and complex or poorly known boundary conditions (Paniconi and Putti, 2015). 

Particularly for DON, sparse observational data sets make the application and calibration of 

process-based models challenging, and they are not yet used widely to simulate shallow 

groundwater systems that interact strongly with surface water systems. In parallel, machine 

learning (ML) methods have driven the development of a plethora of new hydro-informatic models 

that allow for data-driven exploration of patterns across a range of water-related disciplines. Unlike 

traditional process-based models, ML methods purely simulate data relationships (Maier et al., 

2014), which are particularly suitable for systems with complex variable interactions, and 

nonlinear response functions that are poorly understood (Povak et al., 2014). For instance, a 

wavelet artificial neural network (WA-ANN) was applied to urban water demand forecasting in 

Canada (Adamowski et al., 2012), and proved to be more accurate than other methods. ANN has 
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also been used for water height prediction (Etemad-Shahidi and Mahjoobi, 2009) and regional 

low-flow estimation (Ouarda and Shu, 2009). Random forest (RF), another widely-used ML 

method, has been applied to groundwater nitrate prediction (Rodriguez-Galiano et al., 2014), and 

groundwater potential mapping (Rahmati et al., 2016). In some recent studies, RF was not only 

used as an empirical model in hydrological modelling but also as a flexible method to estimate the 

uncertainty of other models (Solomatine and Shrestha, 2009; Makler-Pick et al., 2011; De Oña et 

al., 2012; Loosvelt et al., 2012). A tree-based variable selection and assessment method was 

proposed as a pre-processing step for hydrological modelling (Galelli and Castelletti, 2013; Galelli 

et al., 2014). Other types of ML models such as support vector machine and k-nearest neighbours 

have also been used in many water studies (Lin et al., 2006; Bashi-Azghadi et al., 2010; Yoon et 

al., 2011; St‐Hilaire et al., 2012). However, the rapid expansion of ML methods creates challenges 

to identify the best approach for specific application contexts, bearing in mind variability in the 

dominant catchment processes, and also the (often patchy) nature of data available to support the 

prediction.  

 

To select an appropriate ML method for exploring controls on groundwater DON, thirteen 

different ML methods that were applied to a data-set from a sandy coastal aquifer with shallow 

groundwater in Perth, Western Australia (Wang et al., 2016). RF, cubist, and bagged mars were 

identified as having high prediction accuracy and good generalisation capability under different 

model conditions, with the RF method showing the most promise. Therefore, RF was used in this 

study to explore variables that impact groundwater DON concentrations. 

 

The shallow groundwater system in Perth (Western Australia) is of significant interest due to a 

previous investigation that shallow groundwater can provide as much as 94 % of the total stream 

annual volume for some catchments in this area (Ocampo and Oldham, 2013), and DON can be 

the dominant form of total dissolved nitrogen (TDN) (Bourke et al., 2015). This groundwater DON 

is transported to the surface water system where it becomes a readily available nitrogen source 

(Petrone et al., 2009). This process is especially significant to the coastal plain ecology during the 

arid summer months when groundwater dominates stream flows, and the residence time of the 

receiving Swan-Canning Estuary is on the order of several weeks (Chan and Hamilton, 2001). 

Under these conditions, much of the groundwater DON discharging to the estuary may be 
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transformed into inorganic nitrogen through mineralisation, creating water quality problems in the 

estuary. Similar impacts have been found in other shallow groundwater areas. For instance, a study 

in the northeastern USA found that groundwater DON entered estuaries in sufficient amounts to 

affect the function of the receiving ecosystem (Bowen et al., 2007). Several research questions are 

therefore evident, as 1) which landscape attributes and environmental variables are the most 

significant for shaping the magnitude of groundwater DON? and 2) are there interactions between 

these variables, and how do these interactions affect groundwater DON? To address these 

questions, the effects of surface catchment characteristics (soil, land use, and vegetation), 

hydrological conditions, and temporal information on groundwater DON were explored. These 

data were then used by RF to predict groundwater DON. The impacts of variables on model 

prediction and variable interactions were examined using two types of sensitivity analysis (SA). 

Combining all the results, we propose a conceptual model of groundwater DON applicable for 

sandy shallow aquifer systems experiencing urbanisation.  

3.2 Materials and Methods 

3.2.1 Site overview  

Our study area was the Swan Coastal Plain (SCP) groundwater system in southwestern Australia 

(Figure 3.1) which consists of sandy formations with interbedded clay layers making up the 

superficial aquifer. The SCP spans 121,000 km2 and land use, soil types, and vegetation are highly 

variable across the plain. The SCP is bisected by Swan-Canning Estuary (SCE) and shaped by the 

Darling Plateau that runs north to south 20 km east of the coastline. The climate is the 

Mediterranean with an average annual rainfall of 790 mm (1975–2009, Bureau of Meteorology 

station), with two-thirds of the annual precipitation falling in winter (June–September). Note that 

since 1996, up to 25 % less rain has occurred across the southwest of Western Australia, with a 

larger decrease in runoff (CSIRO and Bureau of Meteorology, 2015). The summer is long, hot and 

dry. Most of the population resides in urban areas adjacent to the Swan-Canning Estuary and the 

coastline (Figure 3.1-a). Extensive urban development is planned for the southern part of the SCP 

where groundwater is particularly shallow.   
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3.2.2 Sample collection  

There is no direct analytical method for DON, and it is estimated as the difference between total 

dissolved nitrogen (TDN) and dissolved inorganic nitrogen 
+ - -

4 2 3(DIN=NH +NO +NO ) . DON 

concentrations in shallow groundwater on the SCP have rarely been quantified; a review of 

existing data indicated that of 1141 monitoring wellbores, only 67 have the necessary data to 

estimate DON concentrations and these data (2008 – 2015) had limited spatial coverage. To 

address this gap, in 2016 we sampled an additional 104 wellbores in shallow groundwater areas. 

Combining the historical and the 2016 data, a total of 171 groundwater wellbores were used in this 

study. The wellbores in the historical dataset were repeatedly sampled, but only the most recent 

data points were used to combine with 2016 data. This means only one sample was used for each 

wellbore. All samples were filtered in the field (0.45 μm), transported on ice, and analysed within 

24 hours. Dissolved organic carbon (DOC) was analysed through the high-temperature combustion 

method (APHA 5310-B). The persulfate digestion method (APHA 4500-N-C) was used for TDN. 

-

xNO  was analysed by the automated cadmium reduction method (APHA 4500-
-

3NO -F), and 

+

4NH  was analysed by the automated phenate method (4500-NH3-G). The detailed description of 

the analytical methods can be found in APHA (2012).  

 

All the available variables are listed in Table 3.1, but only landscapes, hydrological conditions, 

and sampling conditions were included for modelling. DOC was used to calculate DOC/DON to 

explore the relationship between DOC/DON and landscapes. Soil types, land use, and vegetation 

complexes were sourced from the Western Australian government database (data.wa.gov.au) and 

then extracted for each groundwater wellbore through ArcGIS (v10.5). A 200-meter radius was 

used to categorise catchment characteristics for each wellbore; the main catchment characteristics 

within the radius were used as the land cover for this wellbore. The depth to groundwater was 

interpolated from the land surface and groundwater height contours and the distances to nearest 

surface water bodies and the nearest groundwater mound were calculated by ArcGIS (Figure 3.2). 

The calendar month was used for sampling month, but the sampling date was converted into the 

number of days since 1 Jan 2000 which indicated long-term changes in groundwater DON. 
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Table 3.1 Variable list and descriptions. 

Variable type Variable name   Data type Data source  

 

Landscapes 

soil types categorised data.wa.gov.au 

land use categorised data.wa.gov.au 

vegetation complexes categorised data.wa.gov.au 

 

Hydrological 

conditions 

depth to groundwater numerical interpolated by ArcGIS 

distance to surface water bodies numerical calculated by ArcGIS 

distance to the nearest 

groundwater mound 

numerical calculated by ArcGIS 

Sampling 

conditions  

sampling date numerical recorded in the field 

sampling month  categorised recorded in the field 

Nutrient DOC numerical analysed data  

     

 

Figure 3.1 The investigated catchment characteristics were a) land use, b) soil type, c) vegetation 

complexes. The yellow circles and the red stars illustrate the location of the training (75%) and 

the testing (25%) groundwater wellbores, which both cover a wide range of different landscapes. 

The Swan-Canning Estuary (the light blue area) locates in the middle of the figures. Dominant 

soil types are given in Table 3.2, and descriptions of the vegetation complexes are given in Table 

3.3. 
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Figure 3.2 The depth to groundwater, distance to surface water bodies, and distance to the 

nearest groundwater mound. Below ground levels (bgl, meters) are used to describe the depth to 

groundwater. Large values represent deep groundwater. The colour bars in b) and c) were scaled 

to the same range for comparison.  

Table 3.2 Description of different soil types found on SCP (Northcote et al., 1968) 

Soil type  Description  

Z7 Mainly neutral to alkaline marly peats. Associated are acid to very acid peats 

more or less between the marly peats and the marginal sandy rises of and related 

soils in which some soils may occur.   

B24 Mainly siliceous sands with smaller areas of brown sands and leached sands in 

the wetter sites.  

Ub97 Mainly neutral, and also alkaline, yellow mottled soils overlying siliceous pans 

at depth.   

JK9 Mainly soils are brown sands. Associated are siliceous sands on the deeper dunes, 

especially on the western side of the unit; and leached sands on the more subdued 

dunes.   
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Cb38 Mainly soils are leached sands. Associated are various soils in the clayey 

swamps.  

Cb39 Mainly soils are leached sands on the low dunes. Associated are small areas of 

other sand soils.   

 

Table 3.3 Description of different vegetation complexes found on SCP (Chalmers, 1997) 

Vegetation 

complexes 

Description  

Cottesloe  Mosaic of woodland of E. gomphocephala and open forest of E. 

gomphocephala - E. marginata - E. calophylla. 

Herdsman  Sedgelands and fringing woodlands of Eucalyptus rudis - Melaleuca 

species. 

Yanga  Predominantly closed scrub of Melaleuca species and low open forest 

of Casuarina obesa on the flats subject to inundation. 

Karrakatta  Predominantly open forest of E. gomphocephala - E. marginata - E. 

calophylla and woodland of E. marginata - Banksia spp. 

Bassendean  Vegetation ranges from woodland of E. marginata - C. fraserana - 

Banksia spp. to the low woodland of Melaleuca spp. and sedgelands 

on the moister sites. 

Southern River  Open woodland of E. calophylla - E. marginata - Banksia spp. with 

fringing woodland of E. rudis - M. rhaphiophylla along creek beds. 

Pinjar Vegetation ranges from woodland of E. marginata - Banksia species to 

a fringing woodland of E. rudis - M. preissiana and sedgelands. 

Quindalup  Local variations include the low closed forest of M. lanceolata - 

Callitris preissei and the closed scrub of Acacia rostellifera. 

Dardanuo Mosaic of vegetation types characteristic of adjacent vegetation 

complexes such as Serpentine River, Southern River, and Guildford. 

Yoongarillup Woodland to the tall woodland of E. gomphocephala with Agonis 

flexuosa. Less consistently an open forest of E. gomphocephala - E. 

marginata - E. Calophylla. 
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Beermullah A mixture of the low open forest of Casuarina obesa and open 

woodland of Eucalyptus calophylla - Eucalyptus wandoo - Eucalyptus 

marginata.  

Serpentine river Closed scrub of Melaleuca spp. and fringing woodland of E. rudis and 

M. rhaphiophylla along streams. 

Guildford  A mixture of open forest to the tall open forest of E. calophylla - E. 

wandoo - E. marginata and woodland of E. wandoo ( with rare 

occurrences of E. lane-poolei). Minor components include E. rudis - 

M. Rhaphiophylla. 

 

3.3 Model overview  

3.3.1 Modelling processes 

The full dataset was first compared against different hydrological conditions, catchment 

characteristics, and sampling conditions to explore whether there are any direct linear 

relationships. The dataset was further divided into a training set (75%) and a testing set (25%) for 

building and validating the RF model for groundwater DON. Two types of sensitivity analysis 

were applied to the RF model to reveal the impact of each variable on model outputs and the 

interaction between variables (Figure 3.3).  
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Figure 3.3 The three components of our modelling process are: a) direct comparison of 

groundwater DON concentrations under different landscape, hydrological and sampling 

conditions, b) building and validating the RF model, and c) application of sensitivity analysis. 

Several statistical and visualisation methods were used in this study, and some refinements were 

required in the modelling processes. Firstly, some groundwater wellbores were only sampled once, 

most likely because of historical resource constraints. Although some groundwater wellbores do 

have longer-term data, only the most recent data was used in this study to ensure a balanced 

weighting across groundwater wellbores. However, the longer-term data of some groundwater 

wellbores showed DON fluctuations over time. This observed temporal variability brings into 

question the representativeness of selected sampling points. This may explain the high RMSE, and 

low R2 observed in the test step when we attempted to predict DON concentration (instead of DON 

classes) in the first stage of this study.  

 

Seasonal fluctuations in groundwater DON have been reported in previous studies (Lorite-Herrera 

et al., 2009; Wang et al., 2016). The degree of influence of the range of factors on groundwater 

varies both in space and time (Mallick et al., 2015). In the current study, we assumed that 

groundwater DON would fluctuate around a baseline for each sampling location as long as 

landscape and hydrological conditions remained consistent. In other words, we assumed that DON 
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changed slowly, so for example fluctuations around a low DON baseline would likely maintain 

the wellbore in the low DON class. Classification of DON allowed comparisons across different 

datasets and sampling dates. Therefore, the model predicted three concentration classes instead of 

attempting to predict the numerical values of groundwater DON concentrations. The classes used 

were 1) low DON (< 0.50 mg/L), medium DON (0.50 - 2.50 mg/L), and high DON (> 2.50 mg/L). 

There are several advantages of classifying the modelling target. Prediction uncertainty could be 

easily obtained that the class with the highest probability would be used as the model output. The 

predicted probabilities of the other two classes would be used as indices to evaluate model 

prediction uncertainty; a prediction with 0.34 probability has lower confidence than a prediction 

with 0.95 probability, even though they have the same prediction output. Some existing 

environmental models can only produce a single value for decision-making without indication of 

the degree of uncertainty or expected variation around the predicted value (Uusitalo et al., 2015). 

This weakens the reliability of the decision-making and decreases the model applicability. 

Moreover, groundwater authorities likely find the identification of thresholds useful tools for the 

management and allocation of the groundwater resource. In this work, we predicted DON classes 

rather than the exact concentration value and 72% prediction accuracy was achieved on the testing 

dataset by RF.  

 

Given that DON is estimated from other nitrogen forms, the analytical error and uncertainty of 

three separate analyses (TDN, NH4, and NOx) can accumulate (Sipler and Bronk, 2015). The 

analytical uncertainty of DON was controlled by the nitrogen species with the largest analytical 

uncertainty which is typically TDN. Organic nitrogen can be calculated as low as 0.1 mg/L when 

blanks are carefully controlled (APHA, 2012) and we, therefore, use a small value (0.5 mg/L) as 

the threshold to classify the DON concentration as low. The European Community aims for a 

maximum concentration of organic nitrogen as 1.0 mg/L in drinking water, but there is no 

threshold for groundwater. We similarly applied a relatively large value (2.5 mg/L) as the second 

threshold for classifying the high DON concentration class. The measured DON values were 

spread across the three classes: 64, 78, and 25 in the low, medium and high classes, respectively. 

The simple prediction accuracy (the fraction of samples that were correctly classified) was 

considered sufficient to evaluate the model performance in this study instead of other more 

sophisticated metrics like Kappa values or F1 scores which are more suitable for analysis of 



35 

 

unbalanced classes. The RF models were built and tuned on the training dataset and then tested on 

the testing dataset. 

3.3.2 Random forest – model approach  

Using a mix of categorised and numerical values is a common challenge for many environmental 

models. Some indices, such as the normalised difference vegetation index (NDVI), can represent 

categorised values. Meanwhile, models like the random forest (RF) can utilise both categorised 

and numerical values, which allows a richer interpretation of the modelling results. RF is an 

ensemble method that combines multiple decision trees inside the model (Breiman, 2001). A 

subset of predictor variables was selected, and the dataset was resampled with replacement. Hence, 

datasets with partial variables and resampled data points were generated. The subsampled dataset 

was then used to build a decision tree by splitting the sampled dataset into different nodes with 

low Gini impurity (Breiman et al., 1984; Quinlan, 1992). At each splitting, the dataset is divided 

into two nodes or subspaces,  1,
a

iX x v  and  2 , a

jX x v  for numeric variable or  1,
d

iX x c=  

and  2 , d

jX x c  for categorised variable, where i and j are sample index (from 1 to 171 in this 

case), a is a numeric variable, v is one of the values of a variable, d is a categorised variable, and 

c is one of the values of d variable. This binary tree structure allows the decision tree and RF to 

utilise both numeric and categorised values. The split is chosen among all candidate variables and 

values by minimizing the sum of the Gini impurity of the two nodes after splitting, which is 

commonly calculated as:   

𝐺𝑖𝑛𝑖 = 1 − ∑ 𝑝𝑘
2𝐽

𝑘=1      (3-1) 

where k is a label class belongs to J (Low, medium, and high in this case), the pk is the fraction of 

data points labelled with k in the split nodes. This splitting process is applied from the root to the 

terminal node, which creates a tree structure for the model. The tree model splits from the root and 

growth stops when Nk ≤ R (where Nk is the number of observations in a node and R is a predefined 

number).   

 

The same strategies were applied to every sampled dataset, and multiple different trees were 

generated (Rodriguez-Galiano et al., 2014). These decision trees are combined as an RF model 

which make the final classification decision by averaging (using the arithmetic mean) the class 
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assignment probabilities calculated by all produced trees. This means a new data input is evaluated 

against all trees created in the RF and each tree votes for a class. The class with the maximum 

votes of all trees will be the one that is finally selected (Belgiu and Drăgu, 2016). Using the 

averaged prediction of multiple trees makes the final results more stable because the final model 

is more robust when facing slight variations in input data and, at the same time, it increases 

prediction accuracy (Breiman, 2001). The detailed description of the mathematical formulation of 

the RF model can be found in Breiman (2001); Liaw and Wiener (2002).  

3.3.3 Sensitivity analysis   

A common drawback of the machine learning methods is that it is difficult to extract knowledge 

from the model to determine if it makes sense to domain experts and if it unveils potentially useful, 

interesting or novel information (Cortez and Embrechts, 2013). To address this problem and 

increase the interpretability of the model, some methods have been proposed. For instance, a 

grouping of neural models was used to quantify variable importance (Pentoś, 2016). Some 

graphical techniques have also been used, for example, a neural network weights plot was 

proposed (Tzeng and Ma, 2005). A new system was developed to visualise the results of support 

vector machines (Cho et al., 2008). However, these methods are often designed for a specific 

model rather than a generalised method which could be used for a variety of models. Sensitivity 

analysis (SA), has been proposed as a universal method to interpret the models and has the 

advantage that it does not require fitting procedure information (Cao and Qiao, 2008; Ravalico et 

al., 2010, 2009). For instance, SA was applied to find second-order derivatives between variables 

in a multi-layered perceptron (Yeh and Cheng, 2010). A generalised SA was combined with tree-

structured density estimation to investigate and interpret correlations between sediment and 

nutrient processes (Arabi et al., 2007). Recently, three new SA methods (data-based SA, Monte 

Carlo SA, and cluster-based SA) with two existing methods (one-dimensional SA and global SA) 

for four ML models (RF, ANN, support vector machine and the decision trees) were compared 

(Cortez and Embrechts, 2013). Their results suggested that data-based SA can properly capture 

variable interactions with low computation expense.  

 

In this study, a one-dimensional SA (1D-SA) was applied to the RF model to examine the effects 

of individual variables, and a data-based SA (DSA) (Cortez and Embrechts, 2013) was then 
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developed to detect variable interactions. SA views the RF model as a “black box” and continually 

changes the input values to assess the sensitivity of the model to every variable. Only one variable 

was changed in 1D-SA while several variables were simultaneously changed in DSA. For instance, 

we investigated how variable Vs affects model output. Vc represents the remaining variables so that 

f=f(Vs, Vc), where f is the constructed model (RF in this case). The effect of Vs can be assessed by 

holding Vc at its average value and changing Vs (Cortez and Embrechts, 2013; Hastie et al., 2009). 

It is likely to have variable interactions in shallow groundwater systems, and we applied DSA to 

detect potential variable interactions further. Variable pairs were generated and varied 

simultaneously with seven levels for numeric variables and every class label for the categorised 

variable. The average absolute deviation (AAD) from the median was used as a sensitivity metric 

in this study. The results were then adapted to be proportional to the sum of sensitivity measures 

ω:   

𝜔 = ∑ 𝑓(𝐶)𝛿𝑎(𝐶) + ∑ 𝑓(𝐶)𝛿𝑏(𝐶)𝑐∈{𝑐1….𝑐𝐺}𝑐∈{𝑐1….𝑐𝐺}                 (3-2) 

where δa(C) and δb(C) are the AAD for variable xa and xb of output class c, G is the level of outputs, 

and f(C) is the frequency of class c in the dataset (Cortez and Embrechts, 2013). All the variable 

pairs were tested, and the results presented as a matrix for comparison. All modelling and statistics 

were carried out in R (v3.2.4).  

3.4 Results 

3.4.1 Depth to groundwater and distance to surface water bodies 

The distribution of DON concentrations was compared against depth to groundwater and distance 

of the sampling wellbore to the nearest surface water bodies (Figure 3.4). Below ground levels 

(bgl) are used to describe depth to groundwater, and small values represent shallow groundwater. 

Overall, as groundwater becomes shallow, the DON concentrations increased (Figure 3.4-a). 

Generalised linear models (GLM) were fitted for DON concentrations under different depth to 

groundwater (p-value < 0.01), indicating the negative relationships between depth to groundwater 

and groundwater DON. However, this relationship was not strong, and it appears that other 

variables can also significantly affect the groundwater DON. A negative correlation between 

distance to the nearest groundwater mound and DON concentration was found. Unlike the results 

from the depth to groundwater and distance to the nearest groundwater mound analysis, no 
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relationship was detected between the distance to surface water bodies and groundwater DON. A 

log transformation of the distance values did not affect the results. Only nearest surface water 

bodies were considered regardless of the groundwater direction. This may be the reason for the 

lack of relationships.  

 

Figure 3.4 Comparisons of groundwater DON concentrations under different a) depth to 

groundwater, b) the distance to nearest groundwater mound, and c) the distance to surface water 

bodies. The R2 of the regression model for a) and b) are 0.134 and 0.127, respectively. The 

model forms are both y=a+bx0.5. 

3.4.2 Sampling month  

Groundwater DON concentrations across different sampling months were compared in Figure 3.5. 

We note that the samples were unevenly collected between January and November with more 

samples collected during the wet season (May to August) than the dry season (October to January). 
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This may have created some bias when we compared the concentration in different months; data 

from October, November, and January were minimal (< 4 sampling points). These data were 

excluded from Figure 3.5 but still used in the random forest model. Similarly, this data density 

threshold (at least 4 sampling points) was also applied in Figure 3.6 and Figure 3.7 when 

comparing DON concentrations under different landscapes in the next section. Pairwise Wilcoxon 

rank sum test was used to compare the mean ranks of DON concentration in different months and 

under different landscapes. The data was divided into deep (depth to groundwater ≥10 m) and 

shallow samples (depth to groundwater <10 m). Different letters were used in Figure 3.5, Figure 

3.6, and Figure 3.7 to represent significance in pairwise comparisons. The lowercases show results 

for landscapes over deep and shallow samples, while the uppercases show results regardless of 

depth to groundwater. Therefore, every deep or shallow group of a certain catchment characteristic 

has one lowercase symbol, but the deep and shallow groups from the same landscape share one 

uppercase symbol. If two or more groups share a letter, this means there is no significant difference 

between them. The threshold for p-value is 0.05. The highest median DON concentrations were 

observed in April. Both shallow and deep samples in April exceeded the short-term water quality 

target of TN discharging into the Swan-Canning Estuary (2.0 mg/L) (Swan River Trust, 2008). 

This is of concern as shallow groundwater is common across the SCP and may be a significant 

contributor to the estuarine water and nutrient balance. The median DON concentrations increased 

from February to April, decreased in May and rose again until July (Figure 3.5). Although only 

shallow samples in March are significantly different to deep samples in that month, the shallow 

samples have higher median concentrations in February, March, and April. There was no 

significant difference between February and March when shallow samples were mixed with deep 

samples. But deep samples in February are significantly different to the shallow samples in March 

when we separated shallow and deep samples. The results of shallow samples in other months 

were excluded from the figure because the number of these samples was less than 4.  
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Figure 3.5 Groundwater DON concentrations across different months of the year and sampling 

locations. Uppercase letters indicate the significance between month regardless of depth to 

groundwater. Lowercase letters indicate the significance when depth to groundwater was 

considered. The number in the parentheses is the sample size in that month regardless of the 

depth to groundwater. If two or more groups share a letter, this means there is no significant 

difference between them. 

3.5 Catchment characteristics 

3.5.1 DON concentration under different catchment conditions  

Sandy soils occupy most of the SCP (Figure 3.1). Deep samples from Z7 and B24 sands had the 

lowest median DON concentrations, whereas shallow samples from Cb39 and Cb38 had the 

highest value (Figure 3.6-a). The DON concentration gradient extends geographically from the 

inland scarp (soils Cb39 and Cb38) across the coastal plain (soil JK9) to the coastal strip (soils 

Z7), and the DON gradient aligns with groundwater gradients (east to west). Shallow samples have 

higher median DON than deep samples, although only shallow samples from Cb38 are 

significantly different to other samples. There was no difference between B24, Z7, and JK9 when 
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shallow samples were included in the dataset. Deep samples of these three soil types were 

significantly different when the few shallow samples were excluded from the dataset.  

 

Eucalyptus is the main vegetation type on the SCP and is often associated with sedge and 

Melaleuca species (Figure 3.1-c). For our study, we used complexes, rather than species, to 

characterise vegetation (see Table 3.3). Cottesloe complexes are dominant in the coastal areas with 

the lowest median DON concentrations; these areas also have a larger depth to groundwater.  

 

Urban areas are predominantly located near the Swan-Canning Estuary and the coastal regions 

(Figure 3.6-c). The natural reserves are mainly located to the north of the SCP and include pine 

plantations, banksia woodlands, and other native bushes. Pastoral land also occupies large areas 

on the SCP. The highest DON concentrations were found in shallow samples in the pastoral land; 

the median DON concentration was > 2.0 mg/L. The deep samples in natural reserves had the 

lowest concentrations, and they were significantly different from all other groups except the deep 

samples in pastoral land. Deep samples from urban areas are significantly different from all other 

samples. The soil, vegetation complex, and land use data consistently show that shallow samples 

have higher DON concentrations than deep samples. We also note that there were more significant 

differences between land characteristics when shallow samples were separated from deep samples.  
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Figure 3.6 DON concentration under different landscapes and sample locations. The investigated 

landscapes were classified according to a) soil type, b) vegetation complex, and c) land use. 
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3.5.2 DOC/DON ratio under different catchment conditions 

The relationships between DOC/DON and catchment conditions were also explored to provide 

information on possible sources of DON (Figure 3.7). If DOC and DON were generated from the 

same organic matter (OM) and degrading at similar rates, we would expect similar patterns in 

ratios across different catchment conditions (Bernal et al., 2017). Different trends between DON 

and DOC/DON across catchment conditions would suggest different sources and/or degradation 

rates or labilities between DOC and DON. Overall, DOC/DON shows similar patterns to DON 

under different soils and vegetation complexes, however wetlands have the highest DOC/DON. 

Unlike DON concentrations, all shallow samples showed lower DOC/DON than deep samples in 

all landscapes except natural reserves.  
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Figure 3.7 DOC/DON under different landscapes and sample locations. The investigated 

landscapes were a) soil, b) vegetation, and c) land use. 
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3.5.3 RF model for prediction of DON concentrations  

Groundwater DON concentrations and DOC/DON under different catchment characteristics have 

been compared in the last section and some trends demonstrated. In the previous section, only one 

catchment characteristic was considered at a time. The relative importance of each variable on 

DON were also unknown. To advance the understanding of important ecohydrological drivers and 

explore nonlinear relationships between variables, RF and sensitivity analysis were applied to 

predict DON concentrations based on catchment characteristics, hydrological conditions, and 

temporal information. In this study, RF was applied to classify groundwater DON into three classes 

(low: < 0.5 mg/L; medium: 0.5-2.5 mg/L; high: > 2.5 mg/L) which achieved 72% classification 

accuracy. The relative importance of each variable in the RF was extracted, scaled and ranked to 

compare and identify the key variables impacting DON characteristics (Figure 3.8). The 1D-SA 

was used to inspect the averaged effect of variables and to better understand how DON changed 

under different conditions. DSA was then used to detect whether there were significant interactions 

between variables and how these interactions impacted the DON concentrations. 

3.5.4 Variable importance  

The importance of a variable in the RF model was defined as the mean decrease in prediction 

accuracy when this variable was excluded from the model (Cutler et al., 2007). In this study, sub-

surface hydrological conditions were more important than catchment conditions, with depth to 

groundwater and the distance to the nearest groundwater mound being identified as the most 

important variables (Figure 3.8). The sampling date was identified as the third most important 

variable, while the sampling month was the least important variable. Land use had a higher rank 

than soil type and vegetation complex, but overall, the catchment characteristics were less 

important than sub-surface hydrological conditions in the RF model.  

3.5.5 Sensitivity analysis for DON  

The changes in classification probability in the RF model under different conditions can be used 

to assess the effects of selected variables on the model outcomes. The probability of medium and 

high DON classes increased when groundwater become shallow. The probability of low DON 

decreased from 0.5 to 0.2 when depth to groundwater decreased from 20 meters to 5 meters bgl. 

Note that medium DON had > 0.5 probability after around 12.5 meters bgl. The probabilities of 
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the three DON concentration classes were stable until May 2012; after this date, the probability of 

high DON started to increase, especially after 2015 when there was a significant increase. Overall, 

there was a long-term trend of increasing probability of higher DON concentrations. The distance 

to the nearest groundwater mound can be considered an indicator for the horizontal travel time 

from the mound. Medium and high DON had similar probability when sampled groundwater was 

near the groundwater mound. The probability of low DON increased, and the probability of 

medium and high DON decreased when a sampling wellbore was more than 10 km away from a 

groundwater mound. The probability of low DON surpassed medium DON when a sampling 

wellbore was more than 15 km away from a groundwater mound, indicating that groundwater 

DON concentrations decreased during transport away from the groundwater mound. In the direct 

comparisons between DON concentration and depth to groundwater and the distance to the nearest 

groundwater mound (Figure 3.4), we found that DON decreased when depth and distance 

increased. The medium DON class had the highest probability across all landscapes, and the high 

DON class has the lowest probability.  

 

A two-dimensional SA was applied to detect the interaction between variables in the RF model 

(Figure 3.10). The paired variables were changed simultaneously, and changes in RF output were 

calculated. The results from the variable interaction analyses show that there were strong statistical 

interactions between depth to groundwater and all the variables that impacted DON prediction. 

The interactions between depth to groundwater and landscapes mean that the impacts of landscapes 

on DON were controlled by both depth to groundwater and certain catchment characteristics, 

which is also supported by the results in Figure 3.6 and Figure 3.7.  
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Figure 3.8 Variable importance in RF for DON prediction. 
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Figure 3.9 The effects of each variable on prediction probability of the three DON classes: a) 

depth to groundwater, b) sampling date, c) distance to the nearest groundwater mound, d) land 

use, e) soil type, and f) vegetation complex. The y-axes show the prediction probability of the 
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three classes under different conditions in the RF model. The class with the highest probability 

was selected as the predicted output for those specific conditions.  

 

Figure 3.10 Variable interactions of all variables for DON concentrations. Dark colours indicate 

important variable interactions in the RF model for predicting DON concentration classes. The 

dark colour reflects the larger sensitivity metric, which is the average absolute deviation from the 

median. 

3.6 Discussion  

The effects of different catchment characteristics and sampling conditions on groundwater DON 

were investigated, using several methods. The influence of depth to groundwater, distance to 

surface water bodies, and distance to the nearest groundwater mound were first examined, and the 

shape of the curve indicated that groundwater DON increased when the groundwater was close to 

the ground surface. Similarly results were found in total nitrogen (TN) that as sampling depth 

increased, TN concentrations decreased and the shape of the regression curve become stable after 
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a threshold depth (Barron et al., 2013b). We note the high variability and low R2 of both models 

for depth to groundwater and distance to the nearest groundwater mound (Figure 3.4).  

3.6.1 Insights into DON dynamics based on statistical interactions    

Wetlands have previously been considered a potential source of DON in shallow groundwater 

(Pellerin et al., 2004; Petrone et al., 2007). We used two methods to examine this hypothesis. 

Firstly, DON concentrations were compared across different distances to the nearest surface water 

bodies (Figure 3.4-a), but no clear trends were found. The effects of wetlands were further 

investigated in RF (Figure 3.9-d) as one type of land use. Unlike soil or surface samples, it is more 

difficult to directly connect the groundwater samples to the nearby landscapes. The groundwater 

flow depends on the hydraulic head and hydraulic conductivity of the aquifer. We note that the 

coastal plain is an ancient seabed and contains highly permeable paleochannels, and so wellbores 

may be connected with wetlands further afield. Further investigations are needed to more 

rigorously test this hypothesis.  

3.6.2 Potential process interactions impacting DON dynamics 

The importance of certain catchment characteristics can change based on the other characteristics 

of the catchment (Lintern et al., 2017). The strong interactions identified by the RF models 

indicated potential hydrological-chemical interactions in groundwater DON. DON can be 

imported into groundwater via infiltration from nearby surfaces or via transport from further afield 

groundwater systems. Infiltration provides a vertical flow path for surface landscapes to affect 

groundwater DON, but the data suggests that impacts are controlled by certain catchment 

characteristics and the depth to groundwater (Figure 3.6, Figure 3.9, and Figure 3.10). This means 

that DON variance arises from both catchment characteristics and depth to groundwater. Similar 

results also found in a stream nutrient study (Lintern et al., 2018) that land cover and vegetation 

characteristics did not exhibit high importance for total Kjeldahl nitrogen when other catchment 

characteristics are considered. A study in France identified a clear relationship between land use 

and surface water quality, while groundwater quality appeared largely unrelated to land use 

(Thomas et al., 2019). This is likely due to the interactions between land cover characteristics and 

climatic and topographic catchment characteristics (Abbott et al., 2016; Moatar et al., 2016).  
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The GLM model (Figure 3.4-a) only used depth to groundwater to predict DON, while the impacts 

of catchment characteristics were ignored. This may have contributed to the low R2 in the GLM 

model. The importance of distance to the nearest groundwater mound highlighted by the RF model 

reflects the lateral transport of DON across the shallow groundwater system. Similarly, TN 

concentrations were found highly correlated with the distance groundwater travelled in the 

subsurface (Kroeger et al., 2006). Overall, our results suggested that there are two potential sources 

of groundwater DON. Firstly, groundwater DON can be infiltrated vertically from surface 

landscapes though it is controlled by both certain catchment characteristics and depth to 

groundwater. Groundwater DON can also be transported laterally along a groundwater gradient 

from more remote groundwater systems. Given the shorter travel times during infiltration to 

shallow groundwater, we expect infiltrated groundwater DON to still contain labile components, 

and therefore be more bioavailable that laterally transported DON; bioavailability experiments are 

required to confirm this hypothesis.   

 

Strong positive relationships between DON and DOC were observed in our data (the Pearson’s 

correlation was 0.51, p-value<0.01) which supports previous work (Willett et al., 2004; Bernal et 

al., 2005; Filep & Rékási, 2011). Overall, DOC/DON and DON have similar patterns across 

different catchment conditions, where catchment characteristics with high DON also have high 

DOC/DON. This suggests that DOC and DON were both generated from the same DOM. For 

DON and DOC/DON, there were more significant differences when shallow samples were 

separated from deep samples (Figure 3.6 and Figure 3.7). However, shallow samples were likely 

to have higher DON concentrations but lower DOC/DON, which suggests the DON had higher 

mineralisation rates than DOC in shallow groundwater.  

3.6.3 Conceptual model    

Unlike classical assumptions that frequently link urbanisation directly with groundwater water 

quality (Gu et al., 2013), our work showed that the impacts of land use, vegetation complexes, and 

soil types on groundwater DON were significantly affected by hydrological conditions (depth to 

groundwater and distance to the nearest groundwater mound). Few significant difference were 

found when deep and shallow samples were mixed. The differences become more significant when 

we separated deep from shallow samples. The results of the sensitivity analysis suggested that 
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there were strong interactions with depth to groundwater, to impact the DON. To synthesize these 

results findings, a conceptual model of groundwater DON is proposed for sandy shallow 

groundwater systems (Figure 3.11).  

 

Figure 3.11 The conceptual model of the effect of catchment characteristics on groundwater 

DON in sandy shallow groundwater areas. The surface signature can be removed during a) 

vertical infiltration from the surface to deep groundwater and b) horizontal transport.  
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Using this conceptual model, we suggest that sandy soils and a shallow groundwater table are more 

likely to lead to stronger surface-groundwater interactions than clay soils and relatively deep 

groundwater systems. The highly permeable sandy soils provide a hydrological interface to 

connect the surface landscapes and shallow groundwater systems. The total exposure timescale 

(τE) experienced by DON as it is transported across this interface is a function of both the horizontal 

exposure timescale (
H

E ) and vertical exposure timescale (
V

E ). During transport, DON can be 

respired, and this reaction can be characterised by a processing timescale ( P ) (Oldham et al., 

2013). In the context described in our paper, the hydrological interface can nonlinearly transform 

the signatures of surface catchment characteristics, and the preservation of the landscape signatures 

from the surface to groundwater is controlled by the balance between exposure and processing 

timescales. To describe this balance, a generalised Damkohler number (Da) in systems 

dynamically interacting with groundwater was developed (Oldham et al., 2013), and Da could be 

useful for our conceptual model. 

 𝐷𝑎 =
𝜏𝐸

𝜏𝑃
                   (3-3) 

When Da >> 1, the processing of DON would occur faster than the infiltrating water is transported 

through the sub-surface environment, i.e., DON complexes would be decomposed into smaller 

DON components and then further mineralised into DIN. Under these conditions, the surface 

catchment characteristics would likely be integrated, and distinctive surface signatures removed. 

If Da < 1, surface catchment characteristics would be preserved as surface water infiltrates to 

groundwater faster than the transformation of DON to DIN. The longer the travel time (both 

vertical and horizontal), the more likely surface landscape signatures would be removed. We 

expect wellbore water to mirror the variability of groundwater DON. Further investigation is 

required to estimate 
H

E and 
V

E .  

3.6.4 Model uncertainty analysis 

We note that there are some potential biases in the model results. Firstly, limited data availability, 

e.g. on the northern SCP (Figure 3.1), may constrain the generalisation of the model results across 

space. Secondly, DON concentrations were divided into three classes (< 0.5 mg/L; 0.5-2.5 mg/L; 

> 2.5 mg/L); the thresholds for the classes were prompted by analysis of the data. However, these 

threshold values require further exploration, particularly given the 1D-SA sometimes identified 
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two classes with similar probability. Additionally, 2012 land use was used as the land use type 

surrounding the groundwater wellbores, for the whole study. However, parts of SCP are 

experiencing rapid and extensive urbanisation, and therefore land use may have changed since 

2012. Despite these potential issues, this study has provided an insight into the relationships 

between groundwater DON and environmental conditions on a sandy coastal plain, using an 

intensive statistical analysis of data structure. 

3.7 Conclusions 

This paper explored relationships between groundwater DON and several environmental variables. 

Relationships between groundwater DON and single variables, including soil, vegetation, land use, 

depth to groundwater, the distance to the nearest groundwater mound, and the distance to surface 

water bodies were analysed. RF and two sensitivity analyses were used to further investigate 

complex variable interactions and their impacts on groundwater DON. Long-term increases in 

groundwater DON were observed with sampling date being one of the most important variables in 

the RF model, and it can significantly change the model output in 1D-SA. Using the RF model, 

depth to groundwater and the distance to the nearest groundwater mound were found to be the key 

variables for DON prediction. Land use, vegetation complex, and soil types did not exert a 

significant direct effect on groundwater DON. Our results suggest that classical assumptions about 

the direct impact of urbanisation on groundwater DON may not always hold. A conceptual model 

of groundwater DON was proposed with the balance between transport/exposure timescales from 

the land surface to groundwater wellbores and degradation/processing timescales, becoming the 

critical control on whether surface DON and DOC/DON signatures are preserved; we expect that 

this conceptual model would be applicable to other shallow groundwater areas. 
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Abstract 

An accurate groundwater nutrient map is important for supporting decision-making required for 

both irrigation and surface water quality management. Kriging interpolation traditionally used, has 

difficulties utilizing auxiliary information such as surface catchment characteristics. Machine 

learning (ML) methods use different types of auxiliary information; however, the spatial 

autocorrelation is sometimes insufficiently modelled by ML methods. A practical and preferred 

method should combine both the spatial and auxiliary information. A hybrid machine learning-

kriging method was applied for groundwater nutrient mapping. Groundwater dissolved organic 

nitrogen concentrations (DON) in southwestern Australia were used as a case study to compare 

the efficiency of classic ordinary kriging (OK) interpolation, a stand-alone random forest (RF) 

model, and a hybrid RF-OK method. The three methods were developed to classify groundwater 

DON from 171 groundwater wellbores into three classes (low: < 0.5 mg/L; medium: 0.5-2.5 mg/L; 

high: > 2.5 mg/L). The hybrid method achieved significantly higher prediction accuracy (77%) 

than either OK (59%) or RF (69%). The prediction uncertainty of the hybrid method was also 

quantified. Our results indicated that OK significantly reduced the prediction uncertainty in the 

hybrid model, while RF provided more spatial heterogeneity to the hybrid interpolated map. 

Finally, a methodological framework is presented to aid the application of the hybrid method to 

other groundwater nutrient mapping studies.   
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Key Points:   

• A hybrid random forest – kriging was successfully developed for interpolating sparse 

groundwater nutrient data. 

• The hybrid model had higher accuracy than either random forest or ordinary kriging alone 

• The hybrid method significantly reduced prediction uncertainty. 

• The hybrid method showed that groundwater travel distances affected nutrient 

concentration more than land use, soil type or vegetation type. 

 

4.1 Introduction 

Effective management of groundwater resources and pollution is receiving global attention and 

action (UN-Water, 2011; Rodriguez-Galiano et al., 2014). The spatial distribution of high 

groundwater nutrient concentrations can be significantly affected by agricultural and residential 

land use (Nas and Berktay, 2010; Lam et al., 2011; Mishima et al., 2011), urban sewage network 

design (Karpf and Krebs, 2011), and the implementation of best management practices (BMPs) 

for stormwater runoff (Karpf and Krebs, 2011; Rudolph et al., 2015). Accurate maps of the 

distribution of groundwater nutrient concentrations are therefore necessary for assessing land use 

impact and supporting regulatory decision-making. 

 

Groundwater data, however, often have constraints that make the systematic spatial analysis of 

groundwater nutrient concentrations challenging. Groundwater nutrient datasets are often limited 

in size due to the high cost of fieldwork and chemical analysis (Lamsal et al., 2006). The 

distribution of groundwater nutrients may be poorly estimated by the relatively small dataset and 

insufficient spatial coverage across the study areas. Moreover, high spatial heterogeneity 

commonly exists in groundwater nutrient data with high variability in concentrations across short 

distances. For instance, groundwater nitrate decreased from 70 mg/L to less than 10 mg/L within 

5 km in a study in east China (Huang et al., 2011), and nitrate concentrations were reduced 25-

75% over a short distance in a Swedish groundwater system (Højberg et al., 2017). The reliability 

of groundwater nutrient maps is subsequently challenged by insufficient spatial data and the strong 

heterogeneity in concentrations. 



57 

 

 

Despite the above difficulties, some specific methods have been used to create maps from sparse 

data. Kriging interpolation, the most commonly used method, assumes all data are realisations of 

a random function to estimate values at non-sampled locations (Akkala et al., 2010). This method 

has been used to generate groundwater nitrate maps in northern China (Chen et al., 2010), northern 

India (Adhikary et al., 2010), and southeastern U.S.A. (Ouyang et al., 2013), among others. Inverse 

distance weight (IDW) interpolation has been used to create maps of dissolved sodium 

concentrations in groundwater in Iran (Pirmoradian et al., 2010), and of nitrate concentrations in 

the U.K. (Krause et al., 2009). Kriging and IDW significantly improved the prediction accuracy 

for areas lacking data and aid decision-making (Eldeiry and Garcia, 2010). However, there are also 

some drawbacks of kriging and IDW methods that can reduce the accuracy of the interpolated 

results, as outlined below.  

 

With the increasing sophistication of remote sensing, accurate land cover and topographical maps 

are readily available. This high-resolution topographical information has been used to map 

potential groundwater resources (Nampak et al., 2014; Mallick et al., 2015) and also groundwater 

vulnerability (Neshat et al., 2014). Some additional parameters of specific relevance for nutrient 

concentrations are also measured during intensive fieldwork, e.g. depth to groundwater, water 

temperature, and sampling date. Without the inclusion of the relationships between such catchment 

characteristics and groundwater nutrients, it can be difficult to accurately interpolate 

concentrations (Aitkenhead and Coull, 2016). Kriging and IDW methods, however, have 

difficulties to properly utilise such environmental variables. The IDW method is incapable of using 

this information. The classic ordinary kriging (OK) only uses location information for 

interpolation, whilst some kriging methods such as cokriging (CK), universal kriging (UK), and 

regression kriging (RK) have been used to incorporate auxiliary variables for the interpolation 

(Odeh et al., 1995; Nerini et al., 2010; Wang et al., 2013). However, Eldeiry and Garcia (2010) 

compared OK, CK, and RK for soil salinity prediction and found that OK had the best performance 

and CK had the lowest normalised root-mean-square error. Zhu and Lin (2010) compared RK and 

OK for interpolating soil properties under different modelling conditions and found that OK was 

generally more accurate than RK. Bhunia et al. (2018) compared five interpolation methods 

including OK and IDW for soil organic carbon prediction and found that OK can achieve the least 
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root mean square error and the highest R2 value. These studies suggested that environmental 

variables were insufficiently utilised by kriging methods. Moreover, hydrological and chemical 

processes within the groundwater systems are typically ignored by kriging and IDW interpolation, 

that assumes the nutrient species remain unchanged (i.e. the data are stationary) during 

groundwater transport. This is expected to over-simplify nutrient characteristics in complex and 

highly non-linear groundwater systems and cause incorrect estimates of groundwater nutrients 

(Hossain et al., 2007). For instance, dissolved iron could be transported as either oxidised Fe3+ or 

reduced Fe2+ during groundwater transport, depending on the oxygen conditions, pH and other 

characteristics of the porous media (Oldham et al., 2013). The transport of Fe3+ is therefore 

impacted by hydrological conditions, yet these dynamic interactions cannot be incorporated into 

kriging and IDW interpolation.   

 

In recent years, machine learning (ML) methods, have driven the development of a plethora of 

new groundwater mapping approaches and have been applied to non-stationary spatial problems 

and to identify links between catchment characteristics and water quality responses (Kanevski et 

al., 2004; Lintern et al., 2017; Wang et al., 2018). Appelhans et al. (2015) compared fourteen ML 

methods in predicting spatial temperature patterns while Wang et al. (2016) compared thirteen ML 

methods for groundwater dissolved organic nitrogen prediction. Both studies found random forest 

(RF) and gradient boosting machine models (GBM) can achieve higher accuracy than other ML 

methods. RF is increasingly applied in environmental and water resources studies. For instance, 

RF was used to generate a groundwater potential map across multiple locations (Naghibi & 

Pourghasemi, 2015; Naghibi et al., 2016; Rahmati et al., 2016), and a similar method was used to 

generate maps of groundwater nitrate concentrations in southern Spain (Rodriguez-Galiano et al., 

2014) and the U.S.A. (Nolan et al., 2015). Compared to kriging and IDW interpolation, ML 

methods are capable of dealing with multivariate information and can simulate relationships purely 

from the data structure (Maier et al., 2014), which is particularly suitable for systems with complex 

variable interactions and nonlinear response functions, such as shallow groundwater systems 

(Povak et al., 2014). Kanevski et al. (2004) and Khalil et al. (2005) both demonstrated the efficient 

performance of ML models for the prediction of groundwater quality and pollution. However, 

while ML methods are considered better suited than classical kriging or IDW interpolation 

methods for creating accurate maps and resolving complex relationships (Li et al., 2011a, 2011b; 
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Li, 2013; Naghibi et al., 2016), they predict the value for a particular grid cell only from auxiliary 

information at each point. Takata et al. (2007) used ML methods to predict the spatial distribution 

of groundwater nutrient concentrations and concluded that the influence of neighbouring measured 

data (spatial autocorrelation) was insufficient. Given the fact that groundwater is strongly 

connected throughout the subsurface environment, the lack of spatial autocorrelation information 

is problematic for this application. 

 

A preferred model would use both the auxiliary information and the spatial autocorrelation 

relationships to generate accurate maps of environmental variables. Several hybrid machine 

learning-kriging methods have been developed to achieve this objective. The performance of 

different spatial mapping methods, including RF, OK, IDW, and their combinations (i.e., RF-OK, 

RF-IDW) were compared for the prediction of marine mud along the coastal margins of south-

western Australia (Li et al., 2011a). Their results confirmed the effectiveness of the RF-OK 

combination, which showed significant improvement in prediction accuracy. Similar methods 

were also used to combine RF and kriging for forest fire danger index interpolation (Sanabria et 

al., 2013). More recently, this hybrid RF-OK was applied to predict sponge species richness (Li et 

al., 2017). An artificial neural network (ANN) model was integrated with OK to produce maps of 

soil organic matter content (Dai et al., 2014) and its prediction accuracy was compared against 

ANN, OK, and IDW. They found that the hybrid method obtained lower prediction errors and 

higher correlation coefficients than ANN, OK, and IDW alone. Although the ability of hybrid 

machine learning-kriging methods has been explored in several environmental contexts with 

proven high predictive accuracy, to our knowledge these hybrid methods have not been applied to 

the challenge of mapping groundwater nutrient concentrations.  

 

In this paper, dissolved organic nitrogen concentrations (DON) in a superficial groundwater 

aquifer, southwestern Australia, were used as a case study to demonstrate the ability of the hybrid 

machine learning-kriging method. A previous investigation in this area found that shallow 

groundwater can provide as much as 94 % of the total stream annual volume for some catchments 

(Ocampo and Oldham, 2013) and DON can be the dominant form of total dissolved nitrogen 

(TDN) in this groundwater system (Bourke et al., 2015). The groundwater DON is readily 

transported to the surface water system and serves as a readily available nitrogen source (Petrone 
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et al., 2009) which may promote eutrophication. It is crucial to have an accurate map of 

groundwater DON to effectively manage the groundwater systems and prevent the input of 

groundwater nutrients to receiving waters. To understand the sources, seasonal patterns and flow 

paths of groundwater DON in the study area, a RF model and two sensitivity analysis methods 

were employed (Wang et al., 2018). The results suggested that shallow groundwater DON was 

controlled predominantly by the distance to the nearest groundwater mound and depth to 

groundwater, and to a lesser extent by land use and soil type. Groundwater DON was highly 

correlated to dissolved organic carbon (DOC). With the help of this knowledge, the main aims of 

the present study were to compare the ability of a hybrid RF-OK model, stand-alone OK and RF 

models for groundwater DON mapping, to quantify the uncertainty of the generated maps, to 

identify areas at high risk of high groundwater DON, and to provide a feasible framework for the 

application of the hybrid method for groundwater nutrient mapping.  

4.2 Model overview  

4.2.1 Kriging spatial interpolation methods  

As outlined above, kriging refers to a family of least-square linear regression algorithms that 

attempt to predict values at unknown locations based on the spatial relationships of the available 

data (Tabari et al., 2010). Kriging methods vary in their data distribution assumptions and the 

impacts of nearby points (Samui and Sitharam, 2010). Li and Heap (2011) collected 53 

comparative studies of different interpolation methods and found OK was the most commonly 

used method. OK linearly combines the values of nearby points (Arslan, 2012) and often has better 

performance than other kriging methods (Zhu and Lin, 2010). This method relies on a weighting 

scheme where closer observations have greater impacts on the final prediction (Alsamamra et al., 

2009). The first step of OK is to construct a variogram model, which is a statistical model that 

describes how the variance between points varies spatially across the domain. Different weights 

for observations can be calculated from the variogram model and used for interpolation across 

areas. Further details about OK are given in Goovaerts et al. (2005) and Chowdhury et al. (2010). 

4.2.2 Random forest  

Using a mix of categorised (e.g. land use and soil types) and numerical (e.g. distance to surface 

water bodies and depth to groundwater) values is a common challenge for many environmental 
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models. A richer interpretation of the modelling results can be obtained if a model utilises both 

categorised and numerical data. RF has this capability due to its model structure. RF is an ensemble 

model that combines multiple classifications and regression trees (CART) inside the model, to 

improve the prediction performance (Breiman, 2001). A CART model was built to split the dataset 

into different nodes with low Gini impurity (Breiman et al., 1984; Quinlan, 1992). At each 

splitting, the dataset is divided into two nodes or subspaces,  1,
a

iX x v  and  2 , a

jX x v  for 

numerical variables or  1,
d

iX x c=  and  2 , d

jX x c  for categorised variables, where i and j are 

the sample index (from 1 to 171 in our case study case, details below), a is a numerical variable, v 

is one of the values of the a variable, d is a categorised variable, and c is one of the values of the 

d variable. This binary tree structure allows CART and RF to utilise both numerical and 

categorised data. The split is chosen among all candidate variables and values, by minimizing the 

sum of the Gini impurity of the two nodes, which are commonly calculated as:  

 𝐺𝑖𝑛𝑖 = 1 − ∑ 𝑝𝑘
2𝐽

𝑘=1   (4-1) 

where k is a label class that belongs to J (low, medium, and high in our case study, details below) 

and pk is the fraction of data points labelled with k in the split nodes. This splitting process is 

applied from the root to the terminal node, which creates a tree structure for the model.  

 

A single CART can sometimes oversimplify variable interactions and may lead to low prediction 

performance (McBratney et al., 2000; Cutler et al., 2007; Coopersmith et al., 2010). RF was 

developed by Breiman (2001) to combine a large number (several hundred) of CART models into 

a single model. To avoid the correlation between the different trees, a resampling technique called 

bagging is applied to randomly resample the original dataset with a replacement. Variables are 

also partially selected, and the selection ratio is a parameter in the RF model. Hence, datasets with 

partial variables and resampled data are generated. Some data may be used more than once in the 

training of trees, while others might never be used or only sampled once. The subsampled dataset 

can then be used to build CART. The resampling processes are repeated several hundred times to 

generate hundreds of different training data, thus creating hundreds of different trees. New data 

input is thus evaluated against all trees created in the ensemble model and each tree votes for a 

class. The class with the maximum votes will be the one that is finally selected (Belgiu & Drăgu, 

2016). Using the averaged prediction of several hundred trees makes the final results more stable; 
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the final model is more robust when facing slight variations in input data and, at the same time, 

increases prediction accuracy (Breiman, 2001). More details of the mathematical formulation of 

the RF model are given in Breiman (2001), Rodriguez-Galiano et al. (2014) and Belgiu and Drăgu 

(2016). 

4.2.3 Hybrid random forest-ordinary kriging and prediction uncertainty  

The hybrid random forest – ordinary kriging method was used in several environmental contexts 

(Li & Heap ,2011; Sanabria et al., 2013; Li et al., 2017). In these studies, RF was first applied to 

the target variable and calculated the residuals of the prediction. OK or IDW was then used to 

interpolate the residuals. The predicted values by RF and the corresponding interpolated residual 

values by OK or IDW were added together as the final predictions. The work presented in this 

chapter followed on from previous research that explored the relationships between surface 

landscapes and groundwater DON using RF and a sensitivity analysis (Wang et al., 2018). Distance 

to the nearest groundwater mound, depth to groundwater were found to be key factors for 

groundwater DON prediction. Groundwater dissolved organic carbon (DOC) was highly 

correlated with groundwater DON. To include this information in groundwater mapping processes, 

OK was first applied to interpolate groundwater DOC and DON; the interpolated maps were then 

used along with catchment characteristics and hydrological maps as inputs to a RF model for final 

prediction. Both residual kriging and our method combined the auxiliary information and the 

spatial autocorrelation relationships to generate higher accuracy maps, although different methods 

were employed to hybridise RF and OK. It is crucial to keep the testing dataset independent from 

the training processes because part of the DON dataset was used for both the initial kriging 

interpolation and the training RF model. It is not uncommon to use target values several times for 

different purposes; target values have been used for both prediction and calculating the residuals 

(Li & Heap ,2011; Sanabria et al., 2013; Li et al., 2017). In many ensemble techniques, the target 

values have been used to build several different methods and then combined as the final results 

(Janssen et al., 2015). Modelling methods largely depend on modelling aims. If the main aims are 

to understand the link between catchment characteristics and groundwater nutrients, only 

catchment characteristics should be used (e.g. Wang et al., 2018). In some cases, all available data 

should be utilised if the main aims are to accurately interpolate the gaps in the dataset or unknown 



63 

 

areas. More detailed information and discussion on the hybrid method used is provided in sections 

4.3.1 and 4.5.3 below.  

 

Prediction probabilities of all classes were generated as final predictions in the stand-alone RF and 

hybrid RF-OK models. The class with the highest probability would be used as the predicted output 

while the probability of the other two classes can be viewed as the uncertainty of the prediction. 

For instance, a prediction with 0.34 probability could have the same prediction output as a 

prediction with 0.95 probability, but more prediction uncertainty exists in the former prediction 

than the latter prediction. The sum of probabilities of the two minor classes was used as an index 

to assess the prediction uncertainty. Therefore, the stand-alone RF and hybrid RF-OK can generate 

both prediction and uncertainty maps.  

4.3 Materials and Methods 

4.3.1 Overview of modelling and validation processes 

In this study, three groundwater mapping methods (OK, RF, and the hybrid RF-OK) were 

compared to evaluate the efficiency of the hybrid method. All the data used for our analysis were 

divided into a training dataset (75%) for building the model and tuning the model parameters, and 

a testing dataset (25%) for evaluating the model performance (Figure 4.1). The three models were 

built to separate groundwater DON data from 171 wellbores into three classes (low: < 0.5 mg/L; 

medium: 0.5-2.5 mg/L; high: > 2.5 mg/L). As OK can only interpolate numerical data, it used the 

wellbore locations to interpolate DON values and the predicted values were then converted into 

three classes. The RF method was built on the training dataset, using relationships between 

catchment characteristics, hydrological conditions, and DON. For the hybrid method, OK was used 

first to interpolate DON and dissolved organic carbon (DOC) using the training dataset; the 

interpolated groundwater DON and DON maps were then used along with catchment 

characteristics and hydrological conditions as model inputs to a RF model. Prediction accuracy 

was determined on the testing dataset to evaluate the performance of the three methods. In a final 

step, all data (both training and testing datasets) were used to create maps of groundwater DON 

(for all three methods) and prediction uncertainty maps (for RF and hybrid RF-OK).  
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Figure 4.1 The overall building and validating processes of a) ordinary kriging (OK), b) random 

forest (RF), and c) the hybrid RF-OK method. The testing dataset (25%) was used to evaluate the 

model performance, and all the data were used to create the final maps. 



65 

 

4.3.2 Site overview  

Catchment characteristics are highly variable across the Swan Coastal Plain (SCP) study area. The 

region experiences a Mediterranean climate with an average annual rainfall of 790 mm (1975–

2009, Bureau of Meteorology), but two-thirds of the annual rainfall falls in the winter (June–

September), with the rest of the year being predominantly dry. Most of the population resides in 

urban areas adjacent to the Swan-Canning Estuary (located on the central SCP) and the coastline 

(Figure 4.2-a). The natural reserves are mainly located in the northern SCP, including banksia 

woodlands and other native bushlands, as well as pine plantations. Pastoral land also occupies 

large areas, especially the inland areas of the SCP. Sandy soil characterises most of the SCP (Figure 

4.2-b), with siliceous sands (B24) located along the coastal areas and leached sands (Cb38 and 

Cb39) located in the inland areas. More details about the different soil types can be found in Table 

3.2. Eucalyptus is the main vegetation type on the SCP and is often associated with sedge and 

Melaleuca species. In this study, we used vegetation complexes rather than vegetation species to 

characterise vegetation (see Figure 4.2-c and Table 3.3). Cottesloe complexes are dominant in the 

coastal areas while Karrakatta and Bassendean complexes are dominant in the inland areas.  

 

Shallow groundwater is found across most of the SCP; the average depth to groundwater < 15 m. 

In the northeast and central areas of the SCP the depth to groundwater < 5 m (Figure 4.3-a). The 

northern and southern areas of the SCP have slightly deeper groundwater. Most areas on the 

western SCP are close to surface water bodies, either groundwater-fed wetlands or the estuary, 

while along the eastern edge of the SCP surface water bodies are around 20 km away (Figure 4.3-

b). The groundwater originates from groundwater mounds lying in higher recharge areas closer to 

the inland Darling Plateau and travels outwards from the mounds across the flat coastal plain, and 

generally in a westward direction towards to ocean. The distance from each monitoring wellbore 

to the closest groundwater mound was calculated (Figure 4.3-c); the distance increases from the 

centre of the mounds to the ocean and is assumed to be a proxy for sub-surface travel time from 

the mound.  
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Figure 4.2 The investigated catchment characteristics were a) land use, b) soil, and c) vegetation 

complexes (sourced from data.wa.gov.au). The locations of the sampled groundwater wellbores 

are also marked on the map and covered a wide range of different catchment characteristics. 

 

Figure 4.3 The investigated hydrological conditions were a) depth to groundwater, b) distance to 

surface water bodies, and c) distance to the nearest groundwater mound. Below ground level 

(bgl) was used to describe depth to groundwater. Small values represent shallow groundwater. 

For instance, ten means the groundwater is ten meters below the ground. The colour bars in b) 

and c) were scaled to the same range for comparison. 
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4.3.3 Sample collection  

DON in shallow groundwater has rarely been quantified on the SCP; out of a total of 1141 

monitoring wellbores, only 67 had the necessary data required to estimate DON and these existing 

data (2008 – 2015) had limited spatial coverage. An additional 104 wellbores with shallow 

groundwater were sampled in 2016 to address the data gap. There is no direct analytical method 

for DON, and it was estimated from historical data and in the 2016 dataset, as the difference 

between total dissolved nitrogen (TDN) and dissolved inorganic nitrogen 

+ - -

4 2 3(DIN=NH +NO +NO ) . All samples were filtered in the field (0.45 μm), transported on ice, and 

analysed within 24 hours. Dissolved organic carbon (DOC) was analysed through the high-

temperature combustion method (APHA 5310-B). The persulfate digestion method (APHA 4500-

N-C) was used for TDN. 
-

xNO  was analysed by the automated cadmium reduction method (APHA 

4500-
-

3NO -F), and 
+

4NH  was analysed by the automated phenate method (4500-NH3-G).   

 

Combining the historical and the 2016 data, a total of 171 groundwater wellbores were investigated 

in this study which covered a wide range of catchment characteristics (Figure 4.2). Only a single 

data value was used for each groundwater wellbore. Along with DON, several additional variables 

were recorded for each data point (Table 3.1). Soil type, land use, and vegetation complex (Figure 

4.2) classifiers were allocated for each wellbore location. A 200-meter radius was used to 

categorise catchment characteristics for each wellbore; the main catchment characteristics within 

the radius were used as the land cover for this wellbore. Depth to groundwater was interpolated 

through the gstat package in R (Pebesma, 2004; Pebesma & Heuvelink, 2016), while the distance 

to the nearest surface water body and the distance to the nearest groundwater mound were 

calculated through the raster package in R (Hijmans, 2014).  

 

The OK-interpolated groundwater DOC map was generated for the hybrid model (Figure 4.4). The 

north-eastern SCP has the highest DOC (up to 50 mg/L) while the central SCP has around 20 

mg/L. The rest of the SCP typically exhibited levels around 10 mg/L. 
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Figure 4.4 Ordinary kriging interpolated groundwater dissolved organic carbon concentrations 

across the Swan Coastal Plain. 

 Table 4.1 Variable list and descriptions. 

Variable type Variable name Data type Data source 

 

Landscapes 

soil types categorised data.wa.gov.au 

land use categorised data.wa.gov.au 

vegetation complexes categorised data.wa.gov.au 

 

Hydrological 

conditions 

depth to groundwater  numerical interpolated 

distance to surface water bodies numerical calculated 

distance to the nearest 

groundwater mound 

numerical calculated 

Nutrient dissolved organic carbon (DOC) numerical analysed data 

 dissolved organic carbon (DON) numerical analysed data 
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4.4 Results 

4.4.1 Comparison of classification accuracy between three methods   

The percentage of the major class in the testing dataset (the “no information rate”) is important to 

evaluate the model performance for a classification task. The no information rate (NIR) was 0.41 

on the testing dataset of this study. The prediction accuracy of any effective model should be 

significantly higher than the NIR; if not, the model is no better than a random guess. The hybrid 

method had higher prediction accuracy (0.77) than OK (0.59) and RF (0.69). The prediction 

accuracy of the hybrid method and RF were significantly higher (p-value < 0.01) than NIR, but 

there was no significant difference between the prediction accuracy of OK and NIR. RF had a 

higher accuracy than OK indicating auxiliary information plays an important role in groundwater 

DON variability. The hybrid model had the highest accuracy, suggesting that spatial 

autocorrelation can improve the RF model. Note that spatial coordinates were added to RF as 

additional variables to represent spatial autocorrelation in the initial experiment, however the 

accuracy did not change significantly (results are not shown). This means the additional spatial 

autocorrelation were provided by OK and simple coordinates can only provide limited spatial 

information.  

 

The importance of a variable in the RF model was defined as the mean decrease in prediction 

accuracy when this variable was excluded from the model (Cutler et al., 2007). The importance of 

each variable in the hybrid method is presented in Figure 4.5, which has been scaled and ranked 

to compare and identify the key variables. The OK-interpolated DON and DOC were ranked as 

the most important variables in the hybrid model, followed by the hydrological conditions (depth 

to groundwater, distance to the nearest groundwater mound, and distance to surface water bodies). 

Surface catchment characteristics were ranked as the least important variables in the hybrid model.  
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Figure 4.5 Importance of each variable in the hybrid RF-OK model. 

4.4.2 Comparison of three groundwater DON maps  

The prediction performances of the three methods were evaluated, and the hybrid RF-OK method 

showed a higher prediction accuracy than RF or OK. All the data were then used to generate three 

groundwater DON maps (Figure 4.6), which exhibited some similar patterns but showed 

considerable differences in the finer detail. OK classified most areas as medium DON. The 

northern SCP and small areas in the southern SCP were classified as low DON. Small areas in the 

north-eastern SCP and some central areas were predicted as high DON in the OK interpolated map. 

Compared to the OK interpolated map, the RF interpolated map revealed more detail, and more 

areas were classified as high DON, especially the central SCP. Large areas in the southern SCP 

were interpolated as low DON in this map. The hybrid RF-OK method combined the two methods 

and also presented an intermediate groundwater DON distribution, between the OK interpolated 

map and the RF interpolated map. The hybrid map has a similar distribution of groundwater DON 

to the OK interpolated map, but more details were revealed. Most of the SCP was predicted to be 

medium DON. The north-eastern SCP and small areas in the central SCP were classified as high 

DON. This indicated that the OK-interpolated DON was used as the base value in the hybrid model 
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while the surface landscapes and the hydrological conditions added spatial heterogeneity to the 

map. Similarly, Appelhans et al. (2015) found air temperature maps generated by ML methods had 

more heterogeneity and finer details than kriging interpolated maps, although they had similar 

overall patterns. The hybrid interpolated map suggests that both the auxiliary information and the 

spatial autocorrelation relationships were important to predict groundwater DON. Despite the 

observed differences between them, there were also some similarities between the three maps. The 

central SCP was predicted as medium or high DON in all three maps; this is the location of the 

main residential and urban areas of the city. Moreover, all the maps predicted the north-eastern 

SCP and small areas in southern SCP as medium or high DON and classified large areas in the 

northern SCP as low DON. 

 

Figure 4.6 The comparison of three maps of, a) OK interpolated DON, b) RF interpolated DON, 

and c) hybrid RF-OK interpolated DON. 

4.4.3 Prediction uncertainty and groundwater DON high-risk areas  

The prediction uncertainty maps of RF and the hybrid RF-OK are presented in Figure 4.7. Overall, 

the hybrid RF-OK interpolated map has lower prediction uncertainty than the RF interpolated map, 

especially in areas near the sampling points. In other words, large prediction uncertainty existed 
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in the RF prediction though high prediction accuracy was achieved. The OK interpolated DOC 

and DON were the only differences between RF and RF-OK method. This means that the spatial 

information from OK can significantly reduce the prediction uncertainty in the RF model.  

 

The hybrid interpolated DON map and the prediction uncertainty map are presented in Figure 4.6-

c and Figure 4.7. These two maps were further combined into a groundwater DON vulnerability 

map (Figure 4.8) to identify the groundwater DON high-risk areas where were predicted as high 

DON and had prediction uncertainty lower than 0.3. In other words, these areas were more likely 

to have high DON than other areas, and they were also predicted as high DON areas. Small areas 

in the north-eastern SCP and the southern SCP were identified as groundwater DON high-risk 

areas. These areas also have shallow groundwater (depth to groundwater is around 5 m, Figure 

4.3-a) and high groundwater DOC concentrations (20 mg/L to 40 mg/L, Figure 4.4), which 

supported the importance of these two variables in the hybrid model (Figure 4.5). Note that 

extensive urban development is planned for the southern part of the SCP (DPLH, 2018). Therefore, 

it is important to identify these areas as groundwater DON high-risk areas before urban 

development occurs because urban drainage systems would significantly change the nutrient 

transport pathways and interaction between surface water and groundwater. 
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Figure 4.7 Prediction uncertainty of a) the RF interpolated DON map and b) the hybrid RF-OK 

interpolated DON map. The locations of the sampling groundwater wellbores were also marked. 
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Figure 4.8 The groundwater DON vulnerability map. 

4.5 Discussion  

4.5.1 The source of the groundwater DON 

The importance of each variable in the hybrid method is presented in Figure 4.5 and can be used 

to explore possible sources of DON. OK interpolated DON was the most important variable, which 

indicated the strong spatial autocorrelation in groundwater DON on the SCP shallow groundwater 

system. In other words, nearby groundwater DON has large impacts on the local groundwater 

DON, suggesting the transport of groundwater DON from further afield groundwater. OK 

interpolated DOC was ranked as the second most important variable which suggested that DOC 
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and DON may be generated from the same source (dissolved organic matter). The importance of 

distance to the nearest groundwater mound also indicated that a significant amount of groundwater 

DON may originate from upstream and is transported downstream. Similarly, Kroeger et al. (2006) 

found that TN concentration was correlated with the distance groundwater travelled in the 

subsurface. Depth to groundwater was also ranked as an important variable which indicated 

infiltration of DON from the land surface was likely an important process. Stream flow can 

integrate water from multiple pathways with a distribution of residence times, nutrients are 

therefore the product of over-lapping historical inputs and reaction rates (Abbott et al., 2016). 

Similarly, results in this study suggest that DON is imported into groundwater via vertical 

infiltration from nearby surfaces and/or via horizontal transport from further afield groundwater 

systems. Note that the depth to groundwater is much shorter than the horizontal distance to the 

nearest groundwater mound, but they were both identified as important variables. Given that DON 

can be decomposed and further mineralised into DIN (Schimel & Bennett, 2004; Kroeger et al., 

2006; Barron et al., 2013), the results suggest that the horizontally transported DON may be more 

recalcitrant than the surface landscape sourced DON. A previous survey of fertiliser usage on the 

SCP, indicated that organic fertilisers (e.g. manures, mulches, and composts) comprise the 

majority of added TN in the suburban areas (Kitsios and Kelsey, 2008), and we expect that these 

organic fertilisers would have high bioavailability and would be quickly consumed and 

decomposed by microbes (Heinze et al., 2010; Zhong et al., 2010; Qiu et al., 2012). On the other 

hand, wetland soils make up a significant proportion of the SCP land surface, particularly in the 

areas of high groundwater. In these areas, lignified plant material releases large aromatic 

macromolecules such as humic and fulvic acids, which are generally considered to be more 

recalcitrant (Glibert et al., 2006). With two very different sources of DON available on the SCP, 

further experimental work is required to confirm the source and bioavailability of the groundwater 

DON. 

 

Surface catchment characteristics (soil, land use, and vegetation complexes) were ranked as less 

important variables in the hybrid model, although they make a large contribution to groundwater 

DON. The importance of certain catchment characteristics can change based on the other 

characteristics of the catchment (Lintern et al., 2017). Unlike soil or surface samples, groundwater 

sampling is limited by the wellbore location, however, the sampled groundwater integrates and is 
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controlled by upstream surface capture zones. The nutrient concentration measured at the wellbore 

reflects the characteristics of the surface capture zones, yet these capture zones are not always 

clearly defined. This creates difficulties in quantifying the relationships between groundwater 

nutrients and surface landscapes (Molson and Frind, 2012), especially in sandy, shallow 

groundwater systems where the signature of different catchment characteristics can be quickly 

mixed prior to the sampling point. Overall, our results suggest a hypothesis that groundwater DON 

has both natural and anthropogenic sources, and natural DON may persist due to its lower 

bioavailability.  

4.5.2 Modelling strategies for working with insufficient data  

Long-term groundwater nutrient monitoring data are often scarce over large study areas. Even if 

data are available, there are sometimes inconsistencies due to the different methodologies used at 

different times, making it difficult to establish clear trends (Comte et al., 2016). It is not uncommon 

to combine data from several groundwater investigations over a large-scale groundwater system 

(Hatvani et al., 2014). Then the question becomes how to effectively combine several datasets. 

There are some modelling strategies that we applied in this paper, which may be useful for other 

studies. First of all, the chemical analytical methods and their detect limits, used in different 

investigations should be identified, to decide whether the concentrations can be directly compared; 

the improper integration of spatial data from varying sources can make spatial prediction 

inaccurate (Mallick et al., 2015). The modelling target must also be carefully chosen, to ascertain 

whether the model should predict exact data values or classify data classes. Regression is 

preferable if there are sufficient data and the same chemical analytical method was used across 

different datasets. Otherwise, a classification model may be more suitable for sparse and/or highly 

variable data sets. For example, the degree of influence of a range of factors on groundwater varies 

both in space and time (Mallick et al., 2015) and seasonal fluctuations in groundwater nutrient 

concentrations have been reported (Lorite-Herrera et al., 2009; Wang et al., 2016). This raises the 

question of whether the selected data can be considered representative of the groundwater 

wellbore. If the aim is to evaluate the impacts of landscapes on groundwater nutrient 

concentrations, groundwater wellbores might be improperly compared. In this study, we were less 

interested in the long-term change in groundwater nutrients, but rather the spatial distributions of 

the groundwater nutrients, so an assumption was made that groundwater DON would fluctuate 
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around a baseline for each sampling location, as long as landscape and hydrological conditions 

remained consistent. In this case, a classification model could reduce the impacts of seasonal 

variability on model prediction. Classifying the modelling target is a common strategy in 

groundwater mapping studies. For instance, groundwater potential maps have been classified into 

low, moderate, high, and very high classes using a natural break scheme (Naghibi et al., 2016) and 

a probability threshold (Manap et al., 2014). Groundwater nitrate was also classified into the low, 

medium, high classes in southern Spain (Rodriguez-Galiano et al., 2014). In summary, the 

chemical analytical methods used across different investigations should be identified before 

integrating the resulting data into a single dataset for modelling. A regression model is preferred, 

but often there are insufficient or variably sourced data, and in these cases, a classification model 

may be more suitable. In the case study presented here, classification reduced the influence of 

seasonal fluctuations and revealed spatial patterns. 

4.5.3 A framework to apply a hybrid method  

The capability of the hybrid machine learning–kriging method has been previously explored in 

several areas of environmental contexts (Li & Heap ,2011; Sanabria et al., 2013; Li et al., 2017). 

We further tested the hybrid concept to predict groundwater nutrients, using groundwater DON as 

a case study, although different methods were used to combine RF and OK. To aid future users of 

the hybrid method for the prediction of groundwater nutrients, we have provided a methodological 

framework (Figure 4.9). The first step is pre-processing and integrating different datasets. As we 

discussed above, the chemical analytical methods, and their detection limits should be first 

identified before combining different datasets. A simple interquartile range method can be used to 

remove the outliers. It is also important to decide the appropriate modelling method which depends 

on the size of available datasets and the chemical analysis methods used in different historical 

investigations (Figure 4.9, step 2). The key first consideration for the hybrid method (Figure 4.9, 

step 3) is that suitable variables should be interpolated and then included as additional variables. 

In our case study, the OK-interpolated DOC and DON maps were first generated and then used 

for the hybrid model. OK-interpolated DON was added to provide spatial autocorrelation of 

groundwater DON to the hybrid model, while the DOC was also interpolated as it may derive from 

the same source (dissolved organic matter). It is not uncommon to first predict several important 

variables and then use the generated variables to predict the final results. For instance, Aitkenhead 
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and Coull (2016) applied a neural network model to predict soil organic matter content, bulk 

density and soil organic matter density at different soil profile depths across Scotland. These 

predicted variables were then used as new variables to predict soil organic carbon content. In both 

Aitkenhead and Coull (2016) and our work, prior knowledge plays an important role in identifying 

the variables that are suitable for pre-analysis. If there is no clear theoretical or conceptual 

understanding to base selection of the important variables, some statistical methods can be helpful 

to identify these variables. For instance, the correlation test and a simple linear model can be used 

to find the appropriate variables for interpolation. It should be noted that the interpolated variables 

are not limited to chemical variables; hydrological conditions and soil properties can also be 

interpolated. However, surface catchment characteristics such as soil type and land use are not 

suitable for interpolation as there are other more accurate methods to present this information and 

there is no spatial autocorrelation for these variables.  

 

Once the potential interpolated variables are found, it is also important to select proper parameters 

for the variogram model in OK (Figure 4.9, step 4). The automap package in R provides a function 

to automatically fit the variogram model to the data (Hiemstra et al., 2009) but it is necessary to 

further tune the parameters. Note that any interpolation method can also introduce bias and error 

into the results, even when spatial autocorrelation is added to the hybrid model. It is therefore 

necessary to undertake a simple test after interpolation, that compares model performance with 

and without the interpolated data (Figure 4.9, step 5). An interpolated variable should be kept in 

the model, only when the increased accuracy is higher than the introduced error. More advanced 

variable select methods (Galelli and Castelletti, 2013; Galelli et al., 2014) can also be used to 

optimise variable selection. It is also important to analyse the prediction uncertainty. Monte Carlo 

methods can be used for both regression and classification models (Noori et al., 2010; Janssen, 

2013), and prediction probability should then be applied to evaluate model uncertainty (Figure 4.9, 

step 6).  
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Figure 4.9 The proposed methodological framework to apply a hybrid method for groundwater 

nutrient mapping. 

4.6 Conclusions 

The performance of a hybrid RF-OK model was compared with RF and OK, for groundwater 

nutrient concentration mapping, using groundwater DON as a case study. The hybrid RF-OK 

model exhibited higher prediction accuracy than either RF or OK, and more detailed spatial 

patterns were identified in the hybrid interpolated DON map. Our results suggest that both 

auxiliary information and the spatial autocorrelation relationships should be used for groundwater 

nutrient mapping. We also identified that two different sources of groundwater DON were 

important: DON that is horizontally transported from further afield groundwater systems and 

vertically infiltrated DON from nearby land surfaces. The results of this study and other studies 

have confirmed that the hybrid model is a promising method to investigate spatial patterns of 

groundwater nutrients. Modelling strategies for different modelling targets and dataset structures 
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have also been discussed. Finally, we propose a methodological framework that can aid others in 

applying an RF-OK hybrid model for the prediction of groundwater nutrient maps.  
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Abstract 

Nutrient data from catchments discharging to receiving waters are necessary to monitor and 

manage water quality, however, they are often sparse in time and space and have non-linear 

responses to environmental factors, making it difficult to systematically analyse long- and short-

term trends and undertake nutrient budgets. Historical investigations at a common site may analyse 

different nutrient species, and frequently lack simultaneous flow data that is essential for water 

quality modelling. To address these challenges and to generate daily nutrient and flow data 

required for predictive modelling, we developed a hybrid machine learning framework that first 

separated baseflow and quickflow from total flow, and then generated data for missing nutrient 

species, using relationships with hydrological data, rainfall, and temporal data. The generated 

nutrient data were then included as additional variables in a final simulation of tributary water 

quality. Random forest (RF) and gradient boosting machines (GBM) were employed and their 

performances compared with a linear model, a multivariate weighted regression model and a stand-

alone RF, GBM model that did not pre-generate nutrient data on TN, TP, NH4, dissolved organic 

carbon (DOC), dissolved organic nitrogen (DON), and filterable reactive phosphorus (FRP) 

prediction. Ellen Brook (a small and ephemeral river) and Murray River (a large and perennial 

river) in Western Australia were selected as study areas. Our results showed that the hybrid RF 

and GBM had significantly higher accuracy and lower prediction uncertainty for almost all nutrient 

species in two sites. The quickflow and baseflow were found as the most important variables for 

Ellen Brook and Murray River, respectively, which indicated the different hydrological processes 
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in two sites. We demonstrated that the hybrid model provides a flexible method to combine data 

of varied resolution and quality, and is accurate for the prediction of surface water nutrient 

concentrations in response to hydrologic variability. 

 

Key points:  

• The pre-processed nutrient data was able to significantly improve prediction accuracy and 

reduce model randomness. 

• Recently measured nutrient data with limited data size can improve the historical 

understanding of related nutrients. 

• Quickflow makes large contributions to nutrient concentrations in Ellen Brook while 

baseflow has higher impacts in Murray River.   

 

5.1 Introduction 

Surface water nutrient concentrations have been significantly increased by human activities (Forio 

et al., 2015) due to urbanisation, waste discharges and agricultural intensification (Paerl et al., 

2010; Liu et al., 2012; Kaiser et al., 2013; Li et al., 2013). The increased nutrient concentrations 

and loads in streams altered the biogeochemical functioning and biological community structure 

in receiving estuaries (Jickells et al., 2014; Staehr et al., 2017), leading to increased incidences of 

harmful algal blooms (Domingues et al., 2011), anoxia and hypoxia (Li et al., 2016; Testa et al., 

2017), and reduced water availability (Heathwaite, 2010). Analysis tributary water quality data 

over time is therefore essential to compute incoming nutrient loads, support policy, and plan 

remediation measures. 

 

Water quality data, however, often have constraints that make it challenging to analyse long- and 

short-term trends. Firstly, water quality data often have non-linear responses to environmental 

factors and show high-order interaction effects between different environmental variables. 

Moreover, nutrients can derive from different sources (point or non-point) in the landscape and are 

transported to receiving waters through different water pathways subject to varied catchment 

hydrological conditions and human intervention (Hirsch et al., 2010; Lloyd et al., 2014). 
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Additionally, tributary nutrient datasets often are sparse in both space and time, due to the high 

cost of fieldwork and chemical analysis (Lamsal et al., 2006; Forio et al., 2015). Historical and 

current water quality monitoring programmes often use low-frequency sampling regimes, with 

grab samples collected on a weekly to monthly basis (Halliday et al., 2012). When monthly 

averaged concentrations are used, calculated nutrient loads to estuaries may be poorly estimated 

(Cozzi and Giani, 2011) with high uncertainty in the estimated loads (Jordan and Cassidy, 2011). 

It is also common to have patchy availability of nutrient species data across a study area, and 

combining datasets from different sources and analytical laboratories make the analysis of long-

term trends fraught with uncertainty. For instance, total nitrogen (TN) and total phosphorus (TP) 

concentrations along the catchment outflows, may have been monitored for decades, while 

dissolved organic nitrogen (DON) and dissolved organic carbon (DOC) concentrations may have 

only been monitored recently, with increasing recognition of their ecological importance (Górniak 

et al., 2002; Petrone et al., 2009; Erlandsson et al., 2011). Given the hydrochemical correlation 

between different nutrient species and high analytical cost, there are benefits in extracting 

maximum information from all available nutrient data, particularly relating to changes in water 

quality over time (Hirsch et al., 2010). In summary, while high-quality nutrient data from 

tributaries are typically required as input to water quality modelling of receiving waters, the 

reliability and accuracy of trend analysis of tributary data are frequently restricted by data non-

linearity, limited data size, and variable nutrient availability. 

 

Various models for constructing tributary water quality data have been developed. For example, 

simple approaches such as linear models (LM) and generalised linear models (GLM) that use 

correlations between concentration (C) and flow (Q), have long played a central role in stream 

water quality analysis (Cohn et al., 1989; Chanat et al., 2002). While hydrological relationships 

can be explored by LM and GLM models, the long-term trend (Li et al., 2007; Tao et al., 2010; 

Greening et al., 2014) and seasonal patterns (Giblin et al., 2010; Chen et al., 2012;) of surface 

water nutrients are more difficult to ascertain, and the addition of multivariate regression models 

has allowed such analyses. For example, the load estimator (LOADEST) model is commonly used 

for stream nutrient concentration prediction (Hirsch, 2014; Gao et al., 2018; Libera et al., 2018), 

and a weighted regression on time, discharge, and season (WRTDS) was introduced by Hirsch et 



84 

 

al. (2010). This method has been applied to a number of different water quality studies (Green et 

al., 2014; Zhang et al., 2016a, 2016, 2016c). 

 

Meanwhile, data-driven machine learning (ML) methods are increasingly being applied to quantify 

relationships between soil, water and environmental landscape attributes (Lintern et al., 2017; Liu 

et al., 2018; Wang et al., 2018). For instance, random forest (RF), a widely used ML method, was 

used to predict groundwater nitrate concentrations (Rodriguez-Galiano et al., 2014; Nolan et al., 

2015), model the spatial and seasonal variability of nitrate and phosphate concentration for entire 

river networks (Álvarez-Cabria et al., 2016), and assess flood hazard risk (Wang et al., 2015). 

Gradient boosting machine (GBM) was used to quantify relationships between land-use gradients 

and the structure and function of stream ecology (Clapcott et al., 2012). In contrast to processes-

based conceptual models, ML methods simulate relationships purely from the data structure (Maier 

et al., 2014) and have the ability to incorporate different types of variables (e.g. numerical or 

categorised variables); this is particularly suitable for systems with complex variable interactions 

and non-linear response functions (Povak et al., 2014).  

 

While the process-based and ML model can manage non-linear interactions and be used to explore 

long-term trends, both have difficulty in fully extracting important hydrochemical information 

embedded in nutrient data. Hybrid methods have been proposed for flow forecasting, to enhance 

the performance of the ML model by first using intermediate models to generate additional 

variables which are then used for subsequent modelling. For instance, the soil conservation service 

curve number model was utilised as an intermediate model to initially generate surface runoff, 

infiltration depth, and evapotranspiration data, that were then used as inputs into an artificial neural 

network (ANN) model for daily streamflow prediction (Isik et al., 2013). Similarly, Noori and 

Kalin (2016) used the soil and water assessment tool (SWAT) to generate baseflow and stormflow, 

which were then used as inputs to an ANN to improve daily flow prediction. A Bayesian artificial 

neural network has been built to accept outputs from a hydrological model to forecast monthly 

streamflow (Humphrey et al., 2016). Both studies of hybrid models demonstrated that pre-

generated variables provided additional information that was crucial to achieving higher prediction 

accuracy, than stand-alone ANN. 
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Stream flow integrates water from multiple pathways with a distribution of residence times. Stream 

nutrients are the product of over-lapping historical inputs and reaction rates, which are spatially 

distributed and temporally weighted within the catchment (Abbott et al., 2016). Therefore, it is 

beneficial to understand nutrient transport pathways from the source to receiving waters to analyse 

the long- and short-term trends of stream nutrient data; this knowledge will improve management 

strategies to reduce nutrient transport (Tesoriero et al., 2009; Mellander et al., 2012). In the analysis 

of the streamflow hydrograph, separating baseflow (the long-term delayed flow from storage) and 

quickflow (the short-term response to a rainfall event) from total flow is a well-established strategy 

to better understand transport pathways (Tesoriero et al., 2009). To utilise all available nutrient 

data and assess the impact of different transport pathways on stream nutrient concentrations, we 

developed a hybrid modelling framework that first separated baseflow and quickflow from total 

flow, and then built intermediate models to generate missing nutrient species within the total 

nutrient pool, using relationships with baseflow, quickflow, rainfall, and temporal data. The 

generated nutrient data were then included as additional variables for a final ML prediction. RF 

and GBM were employed and their performance compared in the hybrid method.  

 

This study aimed to compare model performance for nutrient concentration prediction, to generate 

accurate daily nutrient data, to assess the impacts of different water transport pathways on surface 

water nutrient concentrations, and to present a feasible framework for the application of the hybrid 

method for surface water nutrient prediction. It was hypothesised that the hybrid RF and hybrid 

GBM, which used pre-generated daily nutrient concentrations and the separated baseflow and 

quickflow as additional auxiliary inputs, would take advantage of the complementary strengths of 

hydrochemical and hydrological relationships to provide the most accurate and reliable nutrient 

predictions. To test this hypothesis, the hybrid RF and hybrid GBM were compared to a linear 

model, a multivariate weighted regression model (WRTDS), and stand-alone RF and GBM 

models, for the prediction of TN, TP, ammonium (NH4), DOC, DON, and filterable reactive 

phosphorus (FRP) concentrations, at two different sites under varied hydrological conditions.  

5.2 Model overview  

The goal of a modelling task is generally to minimise the sum of the overall loss function  

 ∑ 𝐿(𝑦𝑖, 𝐹(𝑋𝑖))𝑖  (5-1) 
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where L is a loss function (e.g., squared error), yi are measured values, Xi are relevant variables, F 

is any approximation model, and F(Xi) or ˆ
i

y  is the model-predicted value at Xi. The descriptions 

of different approximation models are described in the following sections. 

5.2.1 Linear model and WRTDS model  

Linear models (LM) are the most commonly used tool to describe concentration-discharge (C-Q) 

relationships (Hirsch et al., 2010). In practice, log transformation often applied to C and Q data 

(Crowder et al., 2007; Meybeck and Moatar, 2012; Herndon et al., 2015), with the linear model 

then described as:  

 log(𝐶) = 𝛽0 + 𝛽1log(𝑄) (5-2) 

where C is nutrient concentration and Q is total flow. In this study, the linear model was used as a 

benchmark for other models. The fitted slope β0 can represent the base nutrient concentration in a 

stream, while β1 can describe relationships between hydrological and biogeochemical data. The 

WRTDS model was also used (Hirsch et al., 2010) and can be described as: 

log(𝐶) = 𝛽0 + 𝛽1 log(𝑄) + 𝛽2𝐽𝐷 + 𝛽3 sin(𝐽𝐷) + 𝛽4 cos(𝐽𝐷) + 휀          (5-3) 

where JD is the Julian day, ε is unexplained variation. β2JD is used to represent the long-term trend 

from year to year, while β3Cos(JD) and β4Sin(JD) are used to describe the seasonal variation of 

stream nutrient concentrations. WRTDS advances the simpler linear model in two aspects. Firstly, 

the additional components in the equation allow consideration of seasonal and long-term patterns 

and make the WRTDS model more able to describe stream nutrient concentrations across the year. 

Secondly, unlike the linear model whose parameters are constant in time, WRTDS adjusts the 

parameters in a gradual manner throughout Q, JD space. This is accomplished by applying a 

weighted regression for the estimation of log(C), where the weights on each observation are based 

on three distances between the observation (Qo, JDo) and the estimation point (Qi, JDi) which are 

1) the time distance between JDo and JDi, 2) the seasonal distance between the time of year at JDo 

and the time of year at JDi, and 3) the discharge distance between log(Qo) and log(Qi) (Hirsch et 

al., 2010; Green et al., 2014). Thus, log(C) is considered to be locally linearly related to log(Q), 

JD, Sin(JD), and Cos(JD).  
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5.2.2 Random forest and gradient boosting machines   

Random forest (RF) and gradient boosting machines (GBM) are ensemble models that combine 

multiple base learners inside the model to improve the prediction performance (Ishwaran and 

Kogalur, 2010; Singh et al., 2014). The ensemble methods are the main difference between RF 

and GBM. In RF, bootstrap aggregating is used to resample the original dataset with replacement. 

Hence, datasets with partial data are generated and then used to build individual base learners. 

Unlike bootstrap aggregating, GBM iteratively generates a sequence of base learners, where each 

successive base learner is built for residual prediction of the preceding base learner (Friedman, 

2001, 2002). The probability with which data points are selected for the next training set is not 

constant and equal for all data points. The selection probability increases for data points that have 

been mis-estimated in the previous iteration; data points that are difficult to classify would receive 

higher selection probabilities than easily classified data points (Yang et al., 2010; Erdal and 

Karakurt, 2013). The iteration processes can be described as: 

 𝐹𝑚(𝑋𝑖) = 𝐹𝑚−1(𝑋𝑖−1) + 𝐿𝑒𝑎𝑟𝑛𝑒𝑟𝑚(𝑋𝑖)                  (5-4) 

where Fm is the sum of all base learners built so far, Fm-1 is the last iteration model, and 

Learnerm(Xi) is the base learner built for this iteration.  

 

For RF and GBM, the most commonly used base learner is a classification and regression tree 

(CART). A CART model is built to split the dataset into different nodes (Breiman et al., 1984), 

 1, a

iX x v  and  2 , a

jX x v  for numeric variables or  1,
d

iX x c=  and  2 , d

jX x c  for categorised 

variables, where i and j are the sample indices, a is a numerical variable, v is one of the values of 

a variable, d is a categorised variable, and c is one of the values of d variable. To split the dataset 

at a or d, the sum of least-square error of the two nodes are calculated for a regression task as: 

 𝑒𝑟𝑟𝑜𝑟 = ∑ (𝑦𝑙 − 𝑦
𝐿
)2𝐿

𝑙=0 +∑ (𝑦𝑟 − 𝑦
𝑅
)2𝑅

𝑟=0              (5-5) 

where y1 and yr are observations in two split nodes, and 
Ly  and 

Ry  are the average y in that node. 

For a classification task, the Gini impurity is used to split the dataset (Breiman et al., 1984). The 

split is chosen among all candidate variables and values to minimise this error. This splitting 

process is applied from the root to the terminal node, which creates a tree structure for the model 

(Erdal and Karakurt, 2013). A CART can be used both for classification and regression problems 

due to this tree-structure (Coops et al., 2011). However, a single CART can sometimes over-
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simplify variable interactions and may lead to low prediction performance (McBratney et al., 2000; 

Cutler et al., 2007; Coopersmith et al., 2010). This drawback can be overcome by the ensemble 

method that generates many resampled datasets and creates various CARTs to achieve higher 

accuracy (Breiman, 2001) and more stable results when facing slight variations in input data 

(Martínez-Rojas et al., 2015). New data input is thus evaluated against all trees created in the 

ensemble model and each tree votes using the main class or the averaged values in the terminal 

node. The class with the maximum votes will be used for a classification model, and the averaged 

predicted value from all trees is used for a regression model (Singh et al., 2014; Belgiu and Drăgu, 

2016). It is found that ensemble methods in RF and GBM can significantly improve the prediction 

accuracy of CART (Ismail and Mutanga, 2010; Erdal and Karakurt, 2013). 

5.2.3 Baseflow separation  

Total flow is commonly conceptualised as including baseflow and quickflow components (Meshgi 

et al., 2015). Baseflow separation techniques use the time-series record of streamflow to extract 

the baseflow and quickflow signatures from the total flow. This can be done by using graphical 

methods to identify the intersection between baseflow and the rising and falling limbs of the 

quickflow response (Szilagyi and Parlange, 1998), or filtered methods which process the entire 

stream hydrograph to derive a baseflow hydrograph (Furey and Gupta, 2001). In this study, the 

three passes filtered method was applied for baseflow separation; the quickflow was first estimated 

as described below (Lyne and Hollick, 1979; Nathan and McMahon, 1990), and then baseflow 

calculated:  

 𝑄𝐹𝑖 = 𝛼𝑄𝐹𝑖−1 + (𝑄𝑖 − 𝑄𝑖−1)
1+𝛼

2
(5-6) 

where QFi is the filtered quickflow for the ith sampling instant, QFi-1 is the filtered quickflow for 

the previous sampling instant to i, α is the filter parameter with a value of 0.925 for daily flow as 

recommended by Nathan and McMahon (1990). Baseflow is then calculated as BF = Q – QF.  

5.2.4 Performance evaluation metrics  

In this study, the root mean squared error (RMSE) and the Nash–Sutcliffe model efficiency 

coefficient (MEF) were used to compare model performance. The RMSE is a measure of overall 

error between the predicted and measured data and returns an error value with the same units as 

the data, which is given by the following equation: 
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 𝑅𝑀𝑆𝐸 = √
∑(𝑦𝑖−�̂�𝑖)

2

𝑛
                     (5-2) 

where n is the number of data samples. RMSE varies from 0 to + ∞, and a perfect model would 

have RMSE of 0. The MEF is a dimensionless ‘‘goodness-of-fit” measure which can vary from  

-∞ to 1, with a value of 1 indicating a perfect fit and 0 indicating that the mean of the measured 

values performs as well as the model. The MEF can be calculated as:   

         𝑀𝐸𝐹 = 1 −
∑(𝑦𝑖−�̂�𝑖)

2

∑(𝑦𝑖−𝑦𝑖)
2                     (5-3)  

where 
i

y  is the mean of the measured values. Note that the predicted and measured values were 

scaled to [0, 1] in this study to compare model performance across different nutrient species.  

5.2.5 Overview of modelling processes  

The data points were divided into the training dataset (80%) and the testing dataset (20%). 

Different models were built and tuned on the training dataset; the testing dataset was saved for the 

final test. Cross-validation (CV) was done on the training dataset to tune the model parameters. A 

small θ (10-5) was added to discharge to avoid an error in log transformation. WRTDS was run 

through the EGRET (Exploration and Graphics for RivEr Trends) package (Hirsch and De Cicco, 

2015) in R to produce daily concentrations for six nutrient species (TP, TN, DON, DOC, NH4, and 

FRP). The default settings specified by the user guide (Hirsch and De Cicco, 2015) were used. RF 

and GBM models were built through the H2O package in R.  

 

The overall processes of the hybrid method can be divided into three parts (Figure 5.1). The first 

part was baseflow separation using the EcoHydRology package (Fuka et al., 2018). The generated 

baseflow, quickflow, total flow and rainfall were further transformed into lagged data (the 

averaged values over the previous 3, 7 and 15 days) to capture any short-term impacts of different 

water pathways and rainfall on stream nutrients. JD, Cos(JD), and Sin(JD) were also calculated 

for RF and GBM to include seasonal and long-term impacts. A description of all the used variables 

is given in Table 5.1.  

 

The second part of the hybrid method, was to build intermediate models that generate daily nutrient 

concentrations, using the relationships between the lagged hydrological data (including total flow, 
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baseflow, and quickflow), lagged rainfall, temporal data (including Cos(JD) and Sin(JD)), and 

nutrient concentrations on the training dataset through RF or GBM. Note that, in this study TP, 

TN, DOC, and DON were selected to be generated in the second step. If one nutrient was 

considered as the final target, the other three nutrients on the training dataset were used to generate 

daily data. For instance, daily TP, DOC, and DON were generated as additional variables to predict 

TN. In that case, the missing TP, DOC, and DON were made up for the training dataset and the 

testing dataset. A detailed explanation of how to choose potential nutrient data for pre-generation 

is described in Section 5.5.3 below. The third part of the hybrid method is to build the hybrid 

model using the generated nutrient data, lagged hydrological data, lagged rainfall data and 

temporal data. Note that the only difference between stand-alone ML and hybrid ML methods is 

that stand-alone ML does not use pre-generated daily nutrient data.  

 

The performance of all six methods (LM, WRTDS, RF, GBM, hybrid RF, and hybrid GBM) was 

evaluated on the testing dataset. To assess the prediction uncertainty of the six models, the divided 

and tested processes were repeated 30 times (the process within the dashed line in Figure 5.1) 

except WRTDS. Leave-one-out cross-validation (LOOCV) was used in WRTDS to predict daily 

nutrient concentrations; LOOCV is the default cross-validation method in the EGRET package. In 

that method, one data point was excluded at a time from the whole dataset, all other data points 

were used to build the model, and the excluded point was used for testing the model performance. 

This process was repeated for all data points.  
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Figure 5.1 Overall modelling processes of the hybrid RF and GBM. 

Table 5.1 Variable list and descriptions. 

Variable type Variable name Abbreviatio

n  

Unit  Data source 

 

Hydrological  

data  

total discharge Q m³/s data.wa.gov.au 

quickflow QF m³/s calculated 

baseflow BF m³/s calculated 

 

Temporal data   

Julian day JD  recorded  

cos (Julian day) Cos(JD)  calculated 

sin (Julian day) Sin(JD)  calculated 

Metrological data rainfall P mm www.bom.gov.au 



92 

 

 

 

 

Nutrient data  

total nitrogen TN mg/L analysed data 

total phosphorus TP mg/L analysed data 

dissolved organic carbon DOC mg/L analysed data 

dissolved organic nitrogen DON mg/L analysed data 

ammonium NH4 mg/L analysed data 

filterable reactive 

phosphorus 

FRP mg/L analysed data 

5.3 Site overview  

To test the generalisability of the hybrid framework, two sites in Western Australia (Ellen Brook 

and Murray River) were selected as study areas. Ellen Brook and Murray River are key tributaries 

for Swan-Canning estuary and Peel-Harvey estuary (Figure 5.2), respectively, and have different 

hydrological conditions. The Swan-Canning estuary is located adjacent to the Perth metropolitan 

area, with an area of approximately 40 km2. The catchment comprises 30 catchments which drain 

approximately 2090 km2 (Kelsey et al., 2010). Ellen Brook has the largest sub-catchment in the 

Swan-Canning catchment, comprising 34% (716 km2) of the total catchment area. Ellen Brook is 

an ephemeral river with no flow recorded during summer and early autumn months (Table 5.2). 

The dominant land use in Ellen Brook is agricultural and grazing land. Ellen Brook is one of the 

highest contributors of TN and TP to the Swan-Canning estuary (Swan River Trust, 2009). 

Bassendean sands and duplex Yanga (sand over clay) soils dominate the Ellen Brook catchment. 

Bassendean sands have very low phosphorus retention indices (PRI), while Yanga soils have low 

PRI in their upper horizon and become waterlogged in winter, promoting the release of retained 

nutrients to the stream (Kelsey et al., 2010).   

Table 5.2 Hydrological characteristics of the two tributaries. 

Site Hydrological type  Annual flow (GL) Area (km2)  Land use 

Ellen Brook ephemeral 26.7 716 rural, agricultural, and 

grazing  

Murray River  perennial 360  7855 agricultural and 

natural reserves  
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Figure 5.2 The location of Ellen Brook and Murray River. 

The Peel–Harvey estuary is located approximately 75 km south of the Swan-Canning estuary and 

the Serpentine, Murray and Harvey rivers drain into the estuary (Figure 5.2). The total catchment 

area of the estuary is approximately 11930 km2. The Murray River catchment is dominated by 

deep grey sands, loams clay and peats (Ruibal-Conti et al., 2015), agricultural land use and natural 

reserves, and it contributes about 40% of annual TN loads and 7% of annual TP loads to the estuary 

(Kelsey et al., 2011). 
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Both Swan-Canning estuary and Peel-Harvey estuary experience a Mediterranean climate with 

cool, wet winters (June–August) and hot, dry summers (December–March). The long-term average 

annual rainfall varies from 1300 mm on the coast, to 800 mm in the southeast of the catchment 

area (1975–2009, Bureau of Meteorology station), and about 90% of the rain falls between April 

and October. Data size and first measurement year of six nutrients in two sites were listed in Table 

5.3. TN, TP, NH4, and FRP have been measured over decades of monitoring while DOC and DON 

have only been measured in recent years with limited data size. Several historical nutrient datasets 

were combined but significant changes occurred in the development of water sampling devices 

and analytical instrumentation over the past decades. These changes can increase the complexity 

of nutrient data. For instance, autosamplers sampled anytime regardless of weather conditions 

(e.g., during the rainfall) while grabbed samples were mainly collected under certain weather 

conditions due to safety concerns. 

Table 5.3 Nutrient sampling time and data size in Ellen Brook and Murray River  

Site Nutrient  First measurement  Data size  

 

 

Ellen Brook 

TN 1990 1057 

TP 1990 1022 

DOC 1995 297 

DON 2006 129 

FRP 1990 404 

NH4 1990 356 

 

 

Murray River  

TN 1983 1648 

TP 1983 1662 

DOC 2006 209 

DON 2006 207 

FRP 1990 300 

NH4 1983 570 

5.4 Results 

5.4.1 Comparison of prediction accuracy between six methods   

Overall, the scaled RMSE reduced from LM, WRTDS, stand-alone ML, and hybrid ML for all 

nutrients except NH4, and the opposite pattern was found for MEF in both Ellen Brook and Murray 

River (Figure 5.3). The linear model had the worst performance: the scaled RMSE was 

significantly higher and MEF was significantly lower than the other models, for all six nutrients 
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and across both sites. WRTDS generally had higher RMSE and lower MEF than the stand-alone 

ML, although it achieved similar results to stand-alone ML for FRP and NH4 at both sites. LOOCV 

was used in WRTDS, and that is why it has results as a short line in Figure 5.3 instead of inter-

quartile ranges (IQR = 75th percentile - 25th percentile) like other methods. LOOCV can sometimes 

over-estimate the model performance as only one sample was tested at a time; in contrast, 20% of 

the independent testing data were tested in the other five models. LOOCV can also have a higher 

variance than other CV methods (Li, 2016).  

 

Stand-alone ML achieved results that placed it between WRTDS and hybrid ML. Stand-alone 

GBM achieved the highest accuracy for NH4 prediction in Murray River. Hybrid RF and hybrid 

GBM had the lowest RSME and highest MEF for all nutrients except NH4, in Ellen Brook and 

Murray River (Figure 5.3). Compared to the stand-alone ML, the hybrid ML also had much lower 

model randomness, in that the RMSE and MEF had narrower IQR than that of the stand-alone ML, 

especially for DON and FRP prediction in Ellen Brook and DOC prediction in Murray River. The 

use of pre-generated daily nutrient data was the only difference between hybrid ML and stand-

alone ML. This means that the generated nutrients provided additional information for the hybrid 

model that allowed more stable results. Interestingly, while the hybrid ML had better performance 

than the stand-alone ML, there was no significant difference in performance between the hybrid 

RF and hybrid GBM. For instance, hybrid RF achieved slightly better performance for DOC in 

Ellen Brook, while hybrid GBM had lower RMSE for DOC in Murray River. There was no 

significant performance difference between stand-alone RF and GBM. This agrees with previous 

findings by Erdal and Karakurt (2013) that RF and GBM models achieved similar correlation 

coefficients (R) for streamflow forecasting. Ismail and Mutanga (2010) also reported that RF and 

GBM increased the R of a single CART by 10.01%, and 9.59%, respectively. 

 

In summary, the hybrid ML had the best performance amongst the six methods, followed by stand-

alone RF and GBM. WRTDS was better than the linear model but could only achieve results 

similar to stand-alone RF and GBM for NH4 prediction in Ellen Brook and for NH4 and FRP 

prediction in Murray River.  
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Figure 5.3 Model performance across six nutrients and the two sites: a) RMSE and b) MEF for 

Ellen Brook; c) RMSE and d) MEF results for Murray River. 

5.4.2 Generated daily TN in Ellen Brook   

The overall performances of the six models were compared, and the hybrid ML methods achieved 

a lower RMSE and higher MEF than stand-alone ML and the two linear form models (Figure 5.3). 

These six models were applied to generate daily TN in Ellen Brook from 01/01/1989 to 16/07/2018 

(Figure 5.4). Note that all data points (not just the 80% training dataset) were used to generate 

daily TN.  

 

The LM performed very poorly for TN prediction; low concentration samples (TN < 1.9 mg/L) 

were all mis-estimated, and some extremely high concentrations were incorrectly generated due to 

the high flow (Figure 5.4-a). The WRTDS captured some seasonal patterns of TN (from 2008 to 
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2018) but still had problems predicting TN between 1989 to 1996; some extremely high values 

were generated, and TN < 1.0 mg/L were over-estimated (Figure 5.4-b). Stand-alone ML and 

hybrid ML generated similar daily TN data but varied in the detail. These models successfully 

captured the low concentration data and also the seasonal pattern of TN. The RF and hybrid RF 

both under-estimated a few high concentration data (TN > 4.0 mg/L), compared to GBM and 

hybrid GBM, although hybrid RF still showed better performance than RF. For instance, high 

concentration data in 2007 and again from 2014 to 2017 were successfully predicted by hybrid RF 

but mis-estimated by RF. Compared to stand-alone GBM, the hybrid GBM achieved lower errors 

for high concentration data.  

 

Apart from the better performance for high concentration data, another difference between stand-

alone ML and hybrid ML is that the long-term trend in TN did not change in stand-alone ML, but 

this trend fluctuated in hybrid ML. For instance, hybrid GBM results fluctuated from 1989 to 1999 

and then showed an increasing long-term trend from 2000 to 2018, in addition to the seasonal 

fluctuation. This suggests that the generated nutrient data provided additional information that 

allowed the hybrid ML to capture long-term trends; this information was not included in the 

temporal data, but existed in the generated nutrient data.   

 

The distribution of the TN data generated by the six models was compared to the distribution of 

the measured TN data (Figure 5.5). Similar to the results shown in Figure 5.4, hybrid GBM had 

the most similar distribution to the measured TN data. Only a few high concentration data (TN> 

4.0 mg/L) were mis-estimated. Hybrid RF also achieved a distribution similar to the measured 

data, but several high concentration data were under-estimated. GBM showed an improved 

distribution compared to RF, while WRTDS generated some extremely high data, as shown in 

Figure 5.4-b. The linear model incorrectly predicted most of the TN data. The results in both Figure 

5.4 and Figure 5.5 show that hybrid GBM achieved the best simulated daily TN data, followed by 

hybrid RF, stand-alone GBM, and RF. WRTDS and LM generated large biases in TN prediction. 

Note that similar results were also found in the generated daily TN in Murray River, and in the TP 

results in both Ellen Brook and Murray River (results in Appendix A).  
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Figure 5.4 Daily TN generated by the six models, for Ellen Brook. 
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Figure 5.5 The distribution of the daily TN generated by the six models, and of the measured TN 

data in Ellen Brook. 

5.4.3 Comparison of variable importance in hybrid GBM for TN prediction   

The daily data generated by the hybrid GBM showed lower RMSE and better distribution than 

stand-alone ML, WRTDS, and LM (Figure 5.4 and Figure 5.5). Compared to LM and WRTDS 

models, one drawback of RF and GBM, as well as many ML methods in general, is that there is 

no specific equation in GBM or RF to directly demonstrate model structures. However, GBM and 

RF do provide the relative importance of each variable, which based on the empirical improvement 

in the loss function due to the split on the specific variable in a tree (Povak et al., 2014; Puissant 

et al., 2014). The improvement of a certain variable was averaged over all trees as the relative 

importance for the final model. This relative importance serves as the key index to understand the 

model structure of RF and GBM (Makler-Pick et al., 2011).  

 

The variable importance for TN prediction by hybrid GBM in Ellen Brook and Murray River is 

presented in Figure 5.6. The variable importance in the intermediate models is also included, and 

the length of coloured sections represents the importance of those variables in the hybrid GBM or 

intermediate GBM. The importance was scaled according to the most important variable. The 

generated DON and TP ranked as the first two critical variables in Ellen Brook, while all three 

generated nutrients were listed as the most important variables in Murray River. This suggests that 
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the generated nutrients do provide critical information to the model and improve model 

performance. The quickflow was most important for the generated DON and TP, as well as the TN 

itself in Ellen Brook. The impacts of quickflow decreased, and baseflow, temporal data and rainfall 

data become more important for TN prediction in Murray River. This difference in variable 

importance reflects different catchment characteristics across the two sites, and therefore different 

hydrological and hydrochemical processes controlling TN concentrations. The total flow was not 

of high importance in either site, which suggests that baseflow or quickflow had more impact on 

surface water TN. Moreover, TN concentrations were affected by more variables in Murray River 

than in Ellen Brook. 
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Figure 5.6 Variable importance in the hybrid GBM for TN prediction in a) Ellen Brook and b) 

Murray River. 
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5.5 Discussion  

5.5.1 Different sources of TN in Ellen Brook and Murray River  

Hydrological conditions, specific sub-catchment characteristics and the chemical properties of the 

nutrients can all impact on surface water nutrient concentrations (Barron et al., 2009; Moatar et 

al., 2016), nutrient partitioning (Ruibal-Conti et al., 2013), and nutrient transport (Burt and Pinay, 

2005; Tesoriero et al., 2009). Unlike TN prediction in Ellen brook where only few variables 

exhibited high importance, more variables presented high importance for TN prediction in Murray 

River (Figure 5.6), suggesting more complex relationships in Murray River.  

 

Quickflow is composed of runoff, interflow and direct precipitation (Brodie and Hostetler, 2005), 

and was shown to be important for TN prediction in Ellen Brook. Direct precipitation, however, 

did not have a large impact on TN (the green bars in Figure 5.6); this suggests that runoff and 

interflow were important for TN concentrations. Baseflow can account for (on average) 53% of 

annual stream discharge in Ellen Brook, but baseflow was not of high importance for TN prediction 

in this study. This may occur due to low TN concentrations in the baseflow (Barron et al., 2009), 

large areas of low nutrient-retaining sandy soils in Ellen Brook catchment, and high nutrient 

transport efficiency in quickflow and first flush. Gunaratne et al, (2017) found that the seasonal 

first flush were only 30% of runoff volume but contained 40~70% of the nutrient load.  

 

Note that the median TN in Ellen Brook (2.1 mg/L) is significantly higher than that in Murray 

River (0.67 mg/L) which can be explained to some extent by the large area of grazing lands in 

Ellen Brook. Previous investigations in south-eastern Australia (Adams et al., 2014), New Zealand 

(Davies-Colley et al., 2004), and north-western Europe (Conroy et al., 2016) all suggested that 

livestock can increase TN discharge to the receiving water bodies. Most of the piggeries and 

poultry farms in the Swan-Canning catchment are located in Ellen Brook catchment (Kelsey et al., 

2010), which has the highest TN and TP discharge loads. Thus the large grazing areas, piggeries 

and poultry farms, and low nutrient-retaining sandy soils may explain the importance of quickflow 

for TN prediction and high TN concentrations in Ellen Brook.   
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Baseflow is derived from groundwater discharge to streams and the slow drainage of water stored 

in local wetlands (Kelsey et al., 2010). Baseflow is highlighted as an important variable for TN 

prediction in Murray River. Murray River catchment has large areas with high nutrient-retaining 

soils (high PRI) (Kelsey et al., 2011) and relative low TN concentrations, and it is likely that 

groundwater makes significant contributions to TN in Murray River. Previous investigations in 

this study area found that DON was the dominant form of TN in both surface water and 

groundwater (Nice et al., 2009; Petrone, 2010; Bourke et al., 2015), and we assumed that 

groundwater TN contributed to surface water TN in the form of DON. Ruibal-Conti et al. (2014) 

previously found that variability in TN is strongly associated with variability in flows in Murray 

River. Our results extend this finding, in that both baseflow and quickflow likely impact TN in the 

river. 

 

It is noted that temporal data including Sin(JD), and Cos(JD) showed significantly higher 

importance in Murray River. This indicates stronger seasonal TN signals in Murray River 

compared to Ellen Brook; this finding is supported by the generated daily TN data for Murray 

River (see results in Appendix A). Additionally, the lagged quickflow, baseflow, and rainfall were 

generated (for the previous 3, 7 and 15 days) but only the lagged 15-day baseflow and quickflow 

were ranked as important variables for both Ellen Brook and Murray River. This suggests that a 

time-scale of nutrient transport in the sub-catchments, and likely reflects soil permeability and 

geology; long hydrochemical recessions from storm events may prolong their impact on the 

ecological status of receiving rivers (Mellander et al., 2012). 

5.5.2 Can we improve our understanding of historical nutrient conditions using a contemporary 
dataset?  

The generated nutrient data provided additional information to enhance the hybrid model 

performance (Figure 5.3 and Figure 5.5). To assess the individual impact of a generated nutrient, 

we did a simple test that gradually added generated nutrient data into the hybrid GBM and 

evaluated RMSE and MEF. This process was repeated 30 times and the results are presented in 

Figure 5.7.   

 

The RMSE significantly decreased when generated TP was added as an additional variable. DOC 

and DON only have 297 and 129 data, respectively, and were only measured in recent years, while 
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TP has more than a thousand data and has been measured since 1990 (Table 5.3). However, DOC 

and DON could still improve model performance (Figure 5.7), and the generated DON was ranked 

as the most important variable across both sites (Figure 5.6). The medium RMSE slightly 

decreased when both generated DOC and DON were added. Moreover, the generated DOC and 

DON also reduced the model uncertainty, such that the IQR ranges became narrower than model 

results without the generated nutrients.  

 

Our results suggest that the recent DON and DOC data improved understanding of historical TN. 

It is not uncommon to have a similar data structure when several datasets are combined, or new 

measurements are added to a project. While there were no DON data prior to 2006 in Ellen Brook, 

daily DON can be generated back to 1990 with the help of generated TN, DOC, TP data; DON 

had the highest MEF among the six nutrients (Figure 5.3). This hybrid method provides a feasible 

process to fully utilise all available nutrient data to accurately fill gaps in either historical or recent 

nutrient datasets. 

 

Figure 5.7 Model performance across different input variables, for Ellen Brook. 

5.5.3 A comprehensive comparison of six models 

Monitoring, modelling, and forecasting water quality inputs are essential to support the 

management of the quality of receiving waters while responding to current anthropogenic stressors 

(Holguin-Gonzalez et al., 2013; Schnoor, 2014). The performances of six models were 

comprehensively compared, in an exploration of historical and contemporary nutrient data across 

two study sites. LM only used total flow to predict nutrient concentrations while other important 
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hydrological processes were ignored. Thus the over-simplified LM had high errors in nutrient 

prediction (Figure 5.3 and Figure 5.4), and this method might be more suitable for solutes that are 

not substantially bioactive (e.g., SiO2, Ca2+, Mg2+, Cl-) (Stallard and Murphy, 2014).  

 

WRTDS has been previously used to incorporate more hydrological processes and temporal 

signals (Hirsch et al., 2010). The performance of WRTDS, as well as many conceptual models, is 

often reliant on a prescribed set of input information, which can account for variance in nutrient 

concentrations but may miss some important processes for certain rivers (e.g., baseflow in this 

study). This can compromise the performance of WRTDS for nutrient prediction. Moreover, 

hydrological and chemical processes within the systems are typically ignored by many conceptual 

models, which may exclude important hydrochemical information. By contrast, some complex 

conceptual models may include these hydrochemical processes but are often constrained by 

insufficient nutrient data to calibrate and validate the models. Some simplifications may be made 

to account for lack of data, but the simplifications may often weaken model performance. The 

hybrid framework presented in this study reduced the challenge caused by data paucity, by building 

intermediate models to generate missing nutrient data, and then using this additional 

hydrochemical information to improve final model performance.  

 

The hybrid models developed in this study were able to take advantage of the complementary 

strengths of both hydrochemical (additionally generated nutrient data) and hydrological (lagged 

data) information. This was particularly the case for prediction of high nutrient concentrations, 

where the hybrid models were shown to outperform the stand-alone RF and GBM, in terms of 

accuracy, reliability and value distributions (Figure 5.4 and Figure 5.5). Improved accuracy in the 

hybrid model was achieved by using intermediate models, although these intermediate models may 

also have a relatively high error (similar to stand-alone RF and GBM). However, if the improved 

model performance is higher than the introduced error, the results are manageable. Similarly, 

Humphrey et al. (2016) used GR4J model as an intermediate model and found that while the model 

had relatively poor performance, its use as an intermediate model still improved the forecast 

accuracy of ANN models across all catchments studied. 
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A limitation of the hybrid modelling approach, however, is that it requires the time and expertise 

to develop intermediate models for generating additional nutrient data. In this study, daily TN, TP, 

DOC, and DON data were generated and used for the final predictions. These nutrients were 

selected because they may be generated from similar sources, or are important components of the 

total nutrient load. For instance, DOC and DON may both be generated from DOM (Seitzinger et 

al., 2002; Bernal et al., 2005; Filep and Rékási, 2011). In the catchments studied here, DON can 

be a dominant component of TN (Nice et al., 2009; Petrone, 2010; Bourke et al., 2015). The 

selection of DOC and DON for pre-generation may not necessarily be appropriate for other 

catchments. The selection of nutrients for pre-generation depends on data availability in the 

dataset. Different species of the same nutrients (N or P) can generally improve model performance. 

Prior knowledge also plays an important role in identifying the variables for pre-generation. Some 

statistical methods (e.g. the correlation test, simple linear model) can be helpful to identify these 

variables if there is no clear theoretical or conceptual understanding on which to base selection of 

the important variables.  

 

In this study, we tested the generalised performance of the hybrid model across six nutrient species 

and two tributaries. We also note that nutrients may not always be the critical variables targeted 

for pre-generation; the pre-generated DOC was ranked as having low importance for Ellen Brook, 

and produced only a slight improvement in the performance of the hybrid model for NH4. 

5.6 Conclusions  

A hybrid machine learning model was developed, and its performance tested on six nutrients and 

two estuary tributaries and compared with alternative modelling approaches. The hybrid ML 

model exhibited higher prediction accuracy and lower prediction uncertainty than stand-alone ML, 

WRTDS, and LM, for almost all nutrients. The pre-generation of missing data and pre-modelling 

hydrological analysis were critical components of the hybrid model and allowed identification of 

the impact of different hydrological transport pathways for TN export from the two tributary 

catchments. The results of this study demonstrate the advantages of using hybrid models for high 

temporal resolution nutrient prediction; the results also demonstrate the use of the hybrid model 

for re-analysis of historical data in the light of contemporary data. Modelling strategies for 

different modelling targets and dataset structures have also been discussed. The modelling 
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framework presented here can aid others to fully use all available nutrient data to generate accurate 

nutrient predictions.  
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Abstract 

Dissolved oxygen (DO) is a critical component of water quality and a key parameter to assess the 

trophic state of water bodies. A hybrid gradient boosting machines (GBM) method was used to 

simulate daily minimum, average, and maximum DO at the inlet of a constructed wetland. The 

GBM was first applied to predict “missing” water temperature and daily flow data using a 

historical dataset, which achieved high model efficiency (MEF) with values of 0.945 and 0.702, 

respectively. The simulated temperature and flow data were then used as input variables in a 

second GBM for the daily minimum, average, and maximum DO prediction. The median MEF of 

three daily DO simulation were all higher than 0.7. The pre-generated water temperature was 

identified as the most important variable for daily DO prediction, suggesting the pre-generated 

data do provide predictive information to the daily DO models. Quickflow conditions make 

significant contributions to daily DO, whilst baseflow have limited impacts. Strong seasonal 

patterns of daily flow, water temperature, and DO were found, but there was no significant 

difference over the year. Long-term hypoxia periods in summer were identified. Our results 

demonstrated that the hybrid modelling processes are feasible and flexible to utilise all available 

data to make up key missing data and achieve accurate daily DO prediction.  
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Key points:  

• The pre-generated water temperature and daily flow were highlighted as important 

variables for daily DO prediction. 

• Strong seasonal patterns and long-term hypoxia periods in summer were identified. 

• Monthly sampled DO data can introduce large sampling bias to the trend analysis.   

6.1 Introduction  

Dissolved oxygen (DO) is required for the survival of aerobic aquatic organisms (Dhar and Baghel, 

2015; Post et al., 2018), which can affect nutrient cycling and attenuation. DO is therefore often 

used as a key parameter to assess the trophic state of rivers, canals, lakes, and wetlands (Gikas, 

2014; Mellios et al., 2015; Mohan and Kumar, 2016; Adyel et al., 2017a). DO concentrations 

reflect the equilibrium between oxygen-producing and oxygen-consuming processes (Olyaie et al., 

2017). The principal sources of in-stream DO are: 1) aeration and diffusion at the stream surface, 

2) photosynthesis by in-stream primary producers, and 3) the introduction of DO from other 

sources such as tributaries (Cox, 2003a, 2003b; O’Driscoll et al., 2016). DO is also consumed 

continuously by respiratory processes (aquatic organisms and plants) and chemical reactions 

during the degradation of organic matter (Money et al., 2009). DO signals that result from these 

different sources and processes in aquatic systems, vary across multiple time scales, from seasonal 

to diurnal, and all signals yield valuable information about the aquatic ecosystem. Monitoring of 

diurnal changes in DO concentration facilitates assessment of the diurnal dynamics of physical, 

chemical, and biological processes (Cox, 2003a; Ahmed, 2017, Reeder et al., 2018), while 

monitoring seasonal changes in DO provides insights that are useful to support water quality 

management. 

 

The DO concentrations in an aquatic system depend on multiple biotic/abiotic processes (USGS, 

2008; Khan and Valeo, 2017; Olyaie et al., 2017), as well as their interactions (He et al., 2011). 

Many of these biotic/abiotic processes are complex and poorly described; some are highly non-

linear with respect to other variables, and parameterisation can be challenging (Cox, 2003a; 

Ahmed, 2017), and suffer from a number of limitations. For example, while high correlation 

coefficients have been obtained from models that use nutrient data for DO prediction 
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(Diamantopoulou et al., 2007; Ranković et al., 2010), nutrient data are typically sparse in time 

making long-term DO predictions challenging. Other models have used lagged DO data as inputs 

for DO forecasting, which makes them difficult to apply more generally without continuous 

historical DO data (Alizadeh and Kavianpour, 2015; An et al., 2015). A flexible model for DO 

prediction based on easily accessible monitoring data that has been collected across a range of 

sampling frequencies (from seasonal to diurnal), would therefore be desirable.  

 

In recent years, a large number of machine learning approaches such as random forest (RF), 

gradient boosting machines (GBM), and artificial neural networks (ANNs) have been used for 

prediction of different hydrological phenomena such as water temperature (St‐Hilaire et al., 2012; 

Yaseen et al., 2018), rainfall (Kuok et al., 2018; Sulaiman and Wahab, 2018), and streamflow (Isik 

et al., 2013; Humphrey et al., 2016; Noori and Kalin, 2016). These approaches have been found to 

be highly adaptable to different hydrological and ecological conditions (Povak et al., 2014; Granata 

et al., 2017), and sufficiently flexible to use a variety of data types. The use of such flexible 

machine learning models for the prediction of DO concentrations across multiple time scales has 

rarely been trialled. 

 

The main objectives of this chapter were to evaluate the capability of a hybrid GBM model in the 

estimation of daily DO concentrations at the inlet the Anvil Way Compensation Basin (AWCB). 

The site is a constructed wetland on the Swan Coastal Plain (SCP) of Western Australia (Figure 

6.2), that was designed specifically to attenuate stormwater nutrients, and its ability to attenuate 

flows and nutrients has been monitored over the past six years. The GBM was characterised as 

“hybrid” because GBM was first applied to predict “missing” water temperature and daily flow 

data, using a historical dataset that had numerous gaps. The water temperature and flow data (made 

up of spliced historical and predicted data) were then be used as input variables in a second GBM, 

that predicted daily minimum, average, and maximum DO at the wetland inlet. Finally, an analysis 

of variable importance for the DO prediction was undertaken, to provide insights into controls on 

daily DO concentrations.  
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6.2 Model overview  

6.2.1 Overview of modelling processes  

The modelling process was divided into two parts (Figure 6.1). The first part was building two 

intermediate GBM models that generated missing daily flow and water temperature for 2017 and 

2018. The flow was monitored continuously at the inlet from 19/07/2012 to 01/02/2017, whilst 

DO and water temperature were only monitored sporadically across late 2016, 2017 and middle 

2018. Both temporal (Julian day, Cos(Julian day), Sin(Julian day)) and lagged averaged daily 

meteorological data (including rainfall and air temperature) were used for the prediction of daily 

water temperature and flow. Stream flow integrates water from multiple pathways and stream 

chemistry is the product of over-lapping historical inputs and reaction rates, which are spatially 

distributed and temporally weighted within the catchment (Abbott et al., 2016). It is critical to 

understand DO transport pathways from different sources to receiving waters. Therefore, the total 

flow was then separated into baseflow and quickflow. The second part of the modelling process 

was building models of daily minimum, average, and maximum DO concentrations, using the pre-

generated flow (total flow as well as baseflow and quickflow) and water temperature data, as well 

as daily radiation and the temporal data.  

 

The daily flow model was trained and tuned on data before 09/2016 and evaluated against more 

recently sampled data. The DO and water temperature models could not be tested in the same 

manner, as DO and water temperature were only available in early January (summer), late May, 

and June (early winter) in the recent 2018 dataset. As no transition season DO and water 

temperature data were available, testing DO and water temperature prediction against 2018 data, 

would have created bias in the testing results. The daily DO, and water temperature models were 

therefore built on a training dataset (80%), tuned through cross-validation, and finally assessed for 

prediction uncertainty by evaluating the output data thirty times against a randomly sampled 

testing dataset (20%). A description of all variables used in the models is given in Table 6.1. In 

this research, the prediction is used as a general term to describe model outputs and simulation 

refers to a task which applied models to fill gaps in historical time-series datasets. 
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Figure 6.1 Overall process of the hybrid GBM modelling for daily DO prediction.
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Table 6.1 Variable list and descriptions. 

Variable type Variable name Abbreviation Unit  Sampling period  

Hydrological  

 

 

 

Meteorological  

daily flow*  Q m³/s 19/07/2012-01/02/2017 

daily rainfall*  P mm 01/01/2005-27/07/2018 

baseflow*  BF m³/s  

qucikflow*  QF m³/s  

daily average air temperature*  T °C 01/01/2005-30/06/2018 

daily radiation*  RD KJ/m2 01/01/2015- 18/07/2018 

 

Temporal  

Julian day JD   

cos (Julian day) Cos(JD)   

sin (Julian day) Sin(JD)   

Water quality water temperature  WT °C 14/12/2016-28/06/2018 

 dissolved oxygen concentration DO mg/L 14/12/2016-28/06/2018 

*Lagged values of these variables were also used in the GBM models. Rainfall, air temperature, radiation, total flow and its components 

after baseflow separation, were averaged over the last three days
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6.2.2 Gradient boosting machine models 

Gradient boosting machine (GBM) models were used for daily flow, water temperature, and daily 

DO prediction. GBM is an ensemble model that combine multiple classifications and regression 

trees (CART) inside the model to improve prediction performance (Friedman, 2001, 2002). A 

CART model is built to split the dataset into different nodes (Breiman et al., 1984). The sum of 

least-square error of the two nodes is calculated to split the dataset for a regression task as: 

 𝑒𝑟𝑟𝑜𝑟 = ∑ (𝑦𝑙 − 𝑦
𝐿
)2𝐿

𝑙=0 +∑ (𝑦𝑟 − 𝑦
𝑅
)2𝑅

𝑟=0                 (6-1) 

where y1 and yr are the observations in two split notes, Ly and Ry are the average y in that node. 

The split is chosen among all candidate variables and values to minimise this error. This splitting 

process is applied from the root to the terminal node, which created a tree structure for the model 

(Erdal and Karakurt, 2013) and provides modelling capability both for classification and 

regression contexts (Coops et al., 2011). A single CART can sometimes over-simplify variable 

interactions and may lead to a low prediction performance (McBratney et al., 2000; Cutler et al., 

2007; Coopersmith et al., 2010). This drawback can be overcome by the ensemble method in GBM 

that iteratively generates a sequence of CART models. Each successive CART is built for residual 

prediction of the preceding CART (Friedman, 2001, 2002). The selection probability increases to 

the extent which a data point has been mis-estimated in the previous iteration. In that case, the data 

points that were more difficult to classify would receive higher selection probabilities than the 

more easily classified data points (Yang et al., 2010; Erdal and Karakurt, 2013). The iteration 

processes can be described as: 

 𝐹𝑚(𝑋𝑖) = 𝐹𝑚−1(𝑋𝑖−1) + 𝐿𝑒𝑎𝑟𝑛𝑒𝑟𝑚(𝑋𝑖)                     (6-2) 

where Fm is the sum of all CART models built so far, Fm-1 is the last iteration model, Xi are relevant 

variables, Learnerm(Xi) is the CART model built for this iteration. New data input is evaluated 

against all CART models in GBM and each CART votes the averaged values in the terminal node. 

The averaged prediction value from all trees is used as the final output (Singh et al., 2014; Belgiu 

and Drăgu, 2016). GBM can achieve significantly higher accuracy than a single CART (Ismail 

and Mutanga, 2010; Erdal and Karakurt, 2013). 



115 

 

6.2.3 Baseflow separation  

Baseflow is defined as longer-term discharge derived from natural storage, and quickflow is 

defined as the short-term response to a rainfall event including runoff, interflow (lateral movement 

in the soil profile) and direct rainfall (direct precipitation onto the stream surface) (Brodie and 

Hostetler, 2005). Baseflow separation techniques often use a time-series of stream flow to extract 

the baseflow and quickflow signatures from total flow. The three passes filtered method (Furey 

and Gupta, 2001) was used for baseflow separation; this method uses the entire stream hydrograph, 

(Q) to first derive quickflow (Lyne and Hollick, 1979; Nathan and McMahon, 1990):  

 𝑄𝐹𝑖 = 𝛼𝑄𝐹𝑖−1 + (𝑄𝑖 − 𝑄𝑖−1)
1+𝛼

2
                  (6-3) 

where QFi and Q are the filtered quickflow and total flow, respectively, for the ith sampling instant, 

QFi-1 and Qi-1 are the filtered quickflow and total flow, respectively, for the previous sampling 

instant to i, and α is the filter parameter with a value of 0.925 for daily flow as recommended by 

Nathan and McMahon (1990). Baseflow is then calculated as BF = Q – QF.  

6.2.4 Performance evaluation metrics  

The root mean squared error (RMSE) and the Nash–Sutcliffe model efficiency coefficient (MEF) 

were used to evaluate model performance. The RMSE is a measure of overall error between 

measured and model-predicted values: 

        𝑅𝑀𝑆𝐸 = √
∑(𝑦𝑖−�̂�𝑖)

2

𝑛
                             (6-4) 

where yi are measured values, ˆ
i

y  are model-predicted values, and n is the number of data; RMSE 

has the same units as the data. RMSE varies from 0 to + ∞, and a perfect model would have RMSE 

of 0. The MEF is a dimensionless ‘‘goodness-of-fit” measure which can vary from -∞ to 1, with a 

value of 1 indicating a perfect fit, and of 0 indicating that the model has the same performance as 

the mean of the measured values. The MEF is calculated as: 

             𝑀𝐸𝐹 = 1 −
∑(𝑦𝑖−�̂�𝑖)

2

∑(𝑦𝑖−𝑦𝑖)
2                           (6-5) 

where i
y  is the mean of the measured values.  
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6.3 Site overview  

The Anvil Way Compensation Basin (AWCB) has an area of 9,000 m2, a maximum volume of 

11,400 m3 (Ruibal-Conti et al., 2015), and receives stormwater from a 360 ha catchment dominated 

by residential houses, highways, and light-industry (Adyel et al., 2017b). The wetland experiences 

a Mediterranean climate with cool, wet winters (June–August) and hot, dry summers (December–

March). The average annual rainfall is 790 mm (1975–2009, Bureau of Meteorology), but two-

thirds of the annual rainfall falls in winter (June–September), with the rest of the year being 

predominantly dry. This seasonal climate creates two distinct hydrological regimes in the AWCB: 

prolonged low to zero flow conditions during the dry summer period, and low transit times during 

the wet winter period (Adyel et al., 2016). 

 

Solar radiation data were obtained from a weather station (Department of Agriculture and Food) 

located approximately 5 km north-west of the AWCB. Daily rainfall and air temperature data 

(January 2011 to August 2018) was obtained from a different weather station (Perth Airport, 

Bureau of Meteorology) located 8 km from the study site. Historical DO data was measured at the 

wetland inflow (Department of Biodiversity, Conservation, and Attractions, Figure 6.2); some 

periods of high frequency (sampled every 15 minutes) DO data was available for the inflow 

(01/2017-02/2018, 05/2018-06/2018).  
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Figure 6.2 Schematic of the Anvil Way Compensation Basin, showing the location where 

dissolved oxygen concentrations were measured. 

6.4 Results 

6.4.1 Prediction of daily water temperature and inflow  

As indicated in Section 6.2.1, both temporal and averaged meteorological data (rainfall and air 

temperature) were used for the prediction of a) daily inflow and then b) daily water temperature. 

A GBM model for daily inflow was built and tuned on the training inflow data (19/07/2012-

01/09/2016). The MEF on the testing dataset (inflow data between 01/09/2016 and 01/02/2017) 

was 0.702, and the model was further used for inflow prediction in 2017 and 2018 (Figure 6.3). 

Overall, the seasonal patterns of flow were captured by GBM model, although few high flow data 

were underestimated. High flow conditions generally existed between May and September and the 

flow prolonged low during dry summer. This agreed with the previous finding that two distinct 
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hydrological regimes existed in the AWCB (Adyel et al., 2016). The averaged 2-day and same-

day rainfall data were identified as the most important variables, whilst the averaged 3-days rainfall 

did not exhibit high importance. This suggests that stormwater takes around two days to drain from 

the catchment into the wetland. The importance of same-day rainfall reflects the process of direct 

precipitation onto the stream surface. The temporal data (Sin and Cos of the Julian day) were 

ranked as less important variables; this is not surprising as rainfall itself provided strong seasonal 

information in the AWCB. The importance of averaged 2-days and same days rainfall indicated 

that flow could significantly change in a short time after storms, which is supported by the 

excursion of simulated flow (Figure 6.3-a).  

 

The GBM was next applied to predict water temperature using training meteorological data (air 

temperature, radiation, and rainfall) and the MEF on the testing dataset was 0.945. The long-term 

daily water temperature from 2013 to 2018 was then simulated by the GBM model (Figure 6.4). 

As expected, water temperatures have strong seasonal patterns that were high in summer and low 

in winter, and there is no much difference over the years (Figure 6.3). The water temperature 

ranged from 28 °C in summer and 13 °C in winter. The temporal data had higher impacts on daily 

water temperature than on daily inflow. Cos(JD) was the most important variable, followed by the 

averaged 3-day and 2-day air temperatures.  



119 

 

 

Figure 6.3 The simulation of daily inflow and variable importance of the GBM model. 
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Figure 6.4 The simulation of daily water temperature and variable importance of the GBM 

model. 
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6.4.2 Prediction of daily minimum, average, and maximum DO 

The generated daily water temperatures and inflow were used as variables (in addition to the 

variables listed in Table 6.1) for prediction of daily minimum, average, and maximum DO 

concentrations at the inflow of the wetland. As outlined in Section 6.2.1, the daily inflow was split 

into baseflow and quickflow components, and these data were also used for DO prediction. High 

frequency (sampled every 15 minutes) DO concentrations at the wetland inlet were available 

across 2016-2018, and 80% of the dataset was used for training and tuning the model, and 20% 

for testing. This divided and validated processes repeated 30 times to assess the prediction 

uncertainty.  

 

The simulated DO results were scaled before calculating RMSE for comparison. The daily 

maximum DO have the lowest RMSE, followed by daily average and minimum DO. The daily 

maximum DO results had the narrowest inter-quartile ranges of RMSE (IQR = 75th percentile - 

25th percentile). The daily average DO and minimum DO have similar IQR, but significantly wider 

than daily maximum DO in RMSE. The daily average DO had the highest MEF (median value 

around 0.8) and narrowest IQR. The maximum DO have the lowest MEF and the widest IQR, 

ranging from 0.5 to 0.8. RMSE reflects the model bias, and MEF shows the coefficient of 

determination between the simulated and measured values. The different results of daily average 

DO in RMSE and MEF may be caused by the extreme high DO points that their trends were 

predicted, but high values result in high RMSE and wide prediction uncertainty.   
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Figure 6.5 RMSE and MEF results from the testing dataset of dissolved oxygen concentrations. 

6.4.3 Simulating daily minimum, average, and maximum DO 

The RMSE and MEF for prediction of DO concentrations in the wetland inflows across the 2016-

2018 testing dataset were considered appropriate, and the GBM models were then used to simulate 

long-term daily minimum, average, and maximum DO concentrations in the wetland inflow, for 

the previous six years (Figure 6.6). Note that all the DO data (not just the training dataset) were 

used in the simulation. Overall, most of the points were properly predicted, and the seasonal 

patterns of daily minimum, average, and maximum DO concentrations did not significantly change 

between years. Most of the simulated period had daily minimum DO lower than 2.0 mg/L, 

indicating that the AWCB can experience low DO conditions in the most time of year.  

 

To explore the detailed seasonal changes, the monthly minimum, average, maximum DO values 

were also calculated using the simulated daily data (Figure 6.7). The monthly minimum, average, 

and maximum DO show similar seasonal patterns with the monthly DO gradually increasing from 

January to August, with a dramatic increase in July, and then decreasing from August to December. 

These simulated seasonal dynamics agree with DO data previously measured intermittently in the 

AWCB inflow, between 2004 and 2012 (Ruibal-Conti et al., 2015). These seasonal dynamics did 

not change significantly between years of the simulation, nor across the 2004-2012 dataset. The 

simulated data indicated that the monthly minimum DO concentrations in the inflows are lower or 

around 2.0 mg/L from September to June, especially from December and January when the 

monthly minimum DO reaches 0 mg/L. The monthly average DO concentrations are lower than 

2.0 mg/L from December to April.  

 

A ranking of importance of the input variables showed that the pre-generated water temperature 

was the most important variable for the minimum, average, maximum DO prediction (Figure 6.8). 

The temporal data (Sin(JD) and JD) was ranked next in importance, indicating strong seasonal 

variability in DO concentrations. The model determined that quickflow had a large influence on 

the prediction of daily DO than baseflow. The importance of water temperature and quickflow 

indicated two sources of DO a) photosynthesis by in-stream primary producers, and b) aeration 

and diffusion at the stream surface. Interestingly, radiation was shown to be of low importance for 

predicting daily DO concentrations. 
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Figure 6.6 The simulation of daily a) minimum, b) maximum, and c) average DO concentrations, 

with measured values indicated. 



124 

 

 

Figure 6.7 Monthly minimum, average, and maximum dissolved oxygen concentrations by 

simulated daily values.  
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Figure 6.8 The ranking of variable importance in the GBM model for the prediction of daily a) 

minimum, b) maximum, and c) average DO. Refer to Table 6.1 for the definition of the 

variables. 

6.5 Discussion  

6.5.1 hydrological regimes in the AWCB 

Seasonal changes of DO concentrations were simulated, and two distinct DO regimes were 

identified (Figure 6.6). The AWCB has low DO (< 2.0 mg/L) during the dry summer period, and 

high DO during the wet winter period. Note that there is prolonged low flow in summer and high 

flow in winter. This means the AWCB has low flow and DO concentrations but high water 

temperature in summer, and high flow and DO concentrations but low water temperature in winter. 

These two distinct hydrological conditions can significantly affect the wetland performance in 

nutrient attenuation. The AWCB received more nutrients in winter than summer due to the 

stormwater runoff. Meanwhile, high flow reduced the residence time and cold water restrained 



126 

 

microbial activities. In this case, the attenuation of organic nutrient (e.g. organic carbon) possibly 

decreases during the winter periods. Different DO regimes can also affect the attenuation of 

different nutrients. For instance, anoxic water in summer favour anaerobic microorganism, thus 

promoting denitrification, while oxic conditions are favourable for aerobic microorganism and 

nitrification. This agrees with previous studies in the AWCB (Ruibal-Conti et al., 2015) that the 

wetland seems to reduce nutrient concentrations more effectively in summer, and in particular for 

NOx.  

6.5.2 Simulation of daily DO concentrations at the inlet of the AWCB 

An analysis of the simulated daily minimum, average, and maximum DO concentrations 

highlighted that the inlet water reached hypoxic minima during summer and early autumn 

(December to April). The seasonal pattern did not change much between years (Figure 6.6), which 

contradicts a previous DO investigation in AWCB that an evident long-term decrease in average 

DO concentrations was found (Figure 6.9, data obtained from Ruibal-Conti et al., 2015). Hours 

since sunrise at the sampling time were added to Figure 6.9. Without the sampling information, it 

is plausible to make the conclusion that DO concentrations significantly decreased from 13 mg/L 

in 2004 to 1.0 mg/L in 2017. However, the sampling time indicates that the sampling routine 

changed from noon time to early morning in 2010 and this may be the reason for the decreasing 

trends. In this case, the water temperature and radiation are still low for photosynthesis in the 

morning. A distinct diurnal DO pattern was found in AWCB (Adyel et al., 2017a). This means the 

DO concentrations could significantly change within a day. For instance, during the hypoxia time 

in summer (daily average DO< 2.0 mg/L), the daily maximum DO can still higher than 2.0 mg/L 

in some days (Figure 6.6). Therefore, even samples were collected at the same time of the day, the 

temperature and radiation conditions are different in summer and winter. The difference between 

long-term monthly investigation and simulated daily DO results suggested that monthly sampled 

a highly dynamic parameter such as DO can introduce large sampling bias to the results, thus 

making inaccurate conclusions about wetland performance or changing environments. To avoid 

this bias, a better sampling strategy is increasing sampling frequency. Daily samples are necessary 

to record the seasonal changes of DO concentrations.    
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Figure 6.9 DO concentrations in the historical DO investigation (2004-2017). 

6.5.3 Modelling strategies for missing important variables  

Having near real-time data has several advantages, including the ability to assess long-term 

changes of DO concentrations and the ability to be further used as boundary inputs for wetland 

models. Nutrient removal by the wetland is strongly dependent on DO conditions within the 

wetland (Adyel et al., 2017a), and a numerical model was implemented in the AWCB to explore 

further controls on DO concentrations, and thus nutrient cycling. Upstream boundary data were 

required for that modelling, yet the upstream data was generally lower resolution (in time) than 

required for the model, and also patchy across time. The patchy upstream boundary data in the 

AWCB make it difficult to directly use in wetland models. This study generated long-term daily 

water temperature and DO concentrations at the inlet of the AWCB using sporadically sampled 

data across late 2016, 2017 and early 2018.  
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The missing water temperature and daily flow were first simulated, and then added as additional 

variables for the daily minimum, average, and maximum DO prediction. The water temperature 

and daily flow were pre-generated due to their strong correlation with DO (Yaseen et al., 2018) 

and influence to daily DO level fluctuation (Cox, 2003a; Adyel et al., 2017b). The predicted water 

temperature and daily flow made large contributions to DO prediction, especially water 

temperature which was highlighted as the most important variable for daily DO prediction (Figure 

6.8). The generated flow, baseflow, and quickflow provided useful information about water 

pathways which is essential to manage the wetland water quality. It is not uncommon to apply 

two-stage modelling strategies that first generated some variables and then added as additional 

variables for the final prediction. For instance, surface runoff, infiltration depth, and 

evapotranspiration data were first predicted by an intermedia model and then used as inputs into 

an artificial neural network (ANN) model for daily streamflow prediction (Isik et al., 2013). 

Similarly, Noori and Kalin (2016) use a model to generate baseflow and stormflow and then used 

as inputs to an ANN to improve daily flow prediction. Both studies demonstrated that the 

generation of pre-generated variables provided additional information that was crucial to achieving 

higher prediction accuracy, than stand-alone ANN.  

 

Similar data constraints commonly exist in other study areas. Different investigations may conduct 

in a site and generated inconsecutive datasets, which sometimes can be challenging to directly 

combine or utilise them. This study, as an example, demonstrated that ML methods can be used as 

a feasible tool to pre-process these datasets or combine them. The modelling methods and 

strategies used in this study can be easily applied to other study areas. Therefore, if some essential 

variables are missing for hydrological modelling, an alternative method is to build intermedia 

models to fist generated the missing data with the theoretical support of domain knowledge.  

6.5.4 Potential limitations of the methods 

The modelling results of daily flow were validated by recently sampled data, whilst the daily water 

temperature and daily DO were assessed by random selected 20% testing data. There are two 

reasons for the different testing methods. First of all, flow data were continuously collected from 

2014 to 2017, and there is no flow data in later 2017 and 2018, while the DO data were sampled 
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from 12/2016 to 02/2018 and from 05/2018 to 06/2018. Using more recent 2018 DO data as testing 

data means only extreme low (DO data in January) and high (DO data in May and June) were used 

to test model performance which can mis-estimate model performance. The used baseflow 

separation method may over-simplify the flow processes and there are more advanced baseflow 

separation methods (Su et al., 2016a, 2016b), which may further improve modelling results. 

Moreover, the flow dataset is much larger than the DO and water temperature dataset. This means 

the performance of DO models can be affected by the selected data points, which was confirmed 

by the scaled RMSE and MEF results (Figure 6.5). The RMSE of daily minimum DO can range 

0.17 to 0.09 while the MEF can range 0.9 to 0.65, depending on the selected data points. The 

generated long-term DO was further used in wetland modelling which also cannot avoid 

introducing uncertainty to the wetland model. For instance, the daily DO models have the problem 

for high DO concentrations for daily minimum and maximum DO (Figure 6.6) which may be 

caused by the under-estimated flow and water temperature (Figure 6.3 and Figure 6.4). However, 

if the improved model performance is higher than the introduced error, the results are manageable. 

Therefore, it is important to apply proper testing methods for different datasets and quantify the 

effects of the pre-generated data on the prediction uncertainty of the final model.   

6.6 Conclusions  

DO is a major concern in water resource management due to its ecological importance. The 

magnitude of DO relies on several other water quality variables and interactions between variables. 

The hybrid GBM was used for the daily minimum, average, and maximum DO prediction at the 

inlet of a constructed wetland in Western Australia. Two intermedia GBM models were first built 

to make up the missing daily flow and water temperature data. The generated data were then 

included as additional data for daily DO prediction which achieved high MEF results. The 

modelling results suggest that the pre-generated data do provide predictive information for final 

models. Long-term daily DO was generated and compared which identified strong seasonal 

patterns and long-term hypoxia periods in summer. Overall, the hybrid GBM method provides a 

flexible method to make up the missing data and generate accurate daily DO. 
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Chapter 7  Conclusions and recommendations 

This research investigated the effects of urban catchment characteristics on groundwater and 

surface water quality and long- and short-term nutrient changes, from a data-driven perspective 

which focussed on connections between input and output variables with limited assumptions about 

the physical behaviour of catchments. Water quality modelling was conducted for superficial 

groundwater and surface streams. This chapter summarises the significant findings from this 

thesis, the overarching conclusions, a general discussion about the application of ML methods for 

hydrological modelling, a discussion of model limitations, and finally recommendations for future 

work.  

7.1 Thesis summary  

There has been a rapid expansion in the number of ML methods, making it difficult to identify the 

best approach for particular application contexts. Thirteen ML methods were therefore compared 

for the prediction of groundwater DON under two sets of input variables. Compared to the other 

models, RF and other tree-based models demonstrated good generalisation capability under 

different modelling conditions, as well as high accuracy. The first aim of the research was to 

investigate the effects of catchment surface characteristics on groundwater DON (Chapter 3; 

Research Questions 1). RF and two sensitivity analysis methods were used for this work. Depth to 

groundwater and the distance to the nearest groundwater mound were found to be key variables 

for groundwater DON prediction. Land use, vegetation complex, and soil types did not exert a 

significant direct effect on groundwater DON. Groundwater DON was found to be highly 

correlated with DOC. The results suggested that classical assumptions about the direct impact of 

urbanisation on groundwater DON may not always hold in sandy shallow groundwater systems. 

A conceptual model of groundwater DON was developed that focused on the balance between 

transport/exposure timescales from the land surface to groundwater wellbores and 

degradation/processing timescales; this balance may be the critical control on whether surface 

DON signatures are preserved.  

 

With the help of this knowledge, a hybrid RF-OK model was developed to facilitate mapping of 

groundwater DON across the coastal plain. The performance of the hybrid RF-OK model was 

compared with stand-alone RF and OK models. An interpolation uncertainty map and a high-risk 
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map were generated. Some groundwater DON hotspots were identified which provide useful 

information for nutrient management decision-making. The hybrid RF-OK model exhibited higher 

prediction accuracy than either RF or OK, and more detailed spatial patterns were identified in the 

hybrid interpolated DON map. The results indicated that both auxiliary information and the spatial 

autocorrelation relationships should be used for groundwater nutrient mapping. Two different 

sources of groundwater DON were identified: DON that is horizontally transported from further 

afield groundwater systems and DON that is vertically infiltrated from nearby land surfaces. The 

results of this study confirmed that the hybrid model is a promising method to investigate spatial 

patterns of groundwater nutrients.  

 

The second research component focussed on the long- and short-term changes of surface water 

quality. A hybrid machine learning model was developed to simulate long-term daily nutrient 

concentrations, and its performance tested on six nutrients and two estuary tributaries and 

compared with alternative modelling approaches. The hybrid RF and GBM performed best, for all 

nutrient species at the two sites, with significantly higher R2 and lower prediction uncertainty than 

stand-alone ML, WRTDS, and LM. The pre-generation of missing data and pre-modelling 

hydrological analysis were critical components of the hybrid model. Baseflow and quickflow were 

identified as important variables for nutrient concentrations in Ellen Brook and Murray River, 

respectively, indicating the impact of different hydrological transport pathways for nutrient export 

from the two tributary catchments. The results of this study demonstrate the advantages of using 

hybrid models for high temporal resolution nutrient prediction.  

 

A similar hybrid ML method was used to simulate a historical dataset of daily minimum, average 

and maximum dissolved oxygen (DO) in the inflow of a constructed wetland, which can facilitate 

better understanding and management of the wetland. The results suggested that the pre-generated 

water temperature and flow provided predictive information for final models. Long-term daily DO 

was generated and compared which identified strong seasonal patterns and long-term hypoxia 

periods in summer.  

 

Overall, the research has shown that tree-based models such as RF and GBM are generally suited 

for hydrological modelling and can indeed provide insights into environmental systems due to high 
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accuracy and flexible modelling capability. A modelling framework was developed to aid 

application of the hybrid ML methods to interpolate or simulate nutrient concentrations in both 

water and terrestrial environmental systems. A novel contribution of this research was the insights 

into urban water quality changes, in both groundwater and surface water, that arose from a data-

driven perspective.  

7.2 The application of ML methods for hydrological modelling  

There were constraints in the nutrient datasets in this research, and similar constraints commonly 

exist in other study areas. Many nutrient datasets contain important information, but it sometimes 

can be challenging to directly combine or utilise them. ML methods provide a feasible approach 

to pre-process these datasets or combine them. The modelling methods and strategies developed 

in this thesis can be easily applied to other study areas. ML methods can be applied to hydrological 

modelling in three main ways 1) exploring the underlying relationships, 2) re-constructing both 

spatial and temporal datasets, and 3) using it as a flexible tool to combine different models.  

 

Classic hydrological and biogeochemical models have top to down modelling philosophy that 

model structures are designed to reflect physically understanding of hydrological systems. The 

collected data are then used to calibrate model parameters. Whilst ML methods use down to top 

modelling philosophy that data are employed to build models. These models are then used to 

further understanding of hydrological systems. This research demonstrated that these two 

modelling methods can be integrated and achieved higher accuracy and better system 

understanding. ML methods can be used as a pre-processing tool to explore poorly understood 

systems and identify important processes which are essential to building a mechanistic model. For 

instance, wetland DO is generated from multiple sources and sinks, the balance shifts from day to 

night. To understand DO metabolism, a process-based model takes all relative processes into 

consideration. However, it sometimes can be challenging to configure the parameters for 

individual processes. Another method to let the available data itself indicate the important 

processes. A simple ML model can first be used to extract the relative importance of different 

variables, which can provide preliminary important knowledge for building a process-based 

model. However, not all ML methods are suited for this task. For instance, ANN which is the most 

widely used ML method may be impractical for this task, as ANN can only accept numerical data 
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and there are often categorised variables in environmental studies (e.g. land use, soil types, and 

vegetation types). Also, ANN was designed to mimic how a human brain works, which may 

improperly indicate the mechanisms of environmental systems. On the other hand, tree-based 

models (e.g. CART, RF, and GBM) may be more appropriate for this task. They can handle both 

numerical and categorised variables which makes it possible to utilise different types of data. 

Unlike ANN, the CART model was designed to divide datasets into subgroups under certain data 

conditions. This process is similar to how aquatic systems work, that under certain hydrological 

and catchment conditions the water is likely to have specific nutrient concentrations. The CART 

model is the key component of RF and GBM, which combine multiple CART models to increase 

model performance and obtain more stable results. Appelhans et al. (2015) compared fourteen ML 

methods in predicting spatial temperature patterns, while this thesis compared thirteen ML 

methods for groundwater DON (Chapter 2). Both studies found tree-based models could achieve 

higher accuracy than other ML methods. Therefore, tree-based models are preferred over ANN for 

hydrological studies.  

 

ML methods can also be utilised as flexible tools to combine different models into hybrid methods 

(Chapter 4, 5 and 6). Firstly, ML methods can help shape predictions in concert with process-based 

models, and there is a largely unexplored role for ML models to do this (Hipsey et al., 2015). For 

instance, a hybrid GBM (Chapter 5) was further applied to generate nutrient data for eight 

tributaries, and the generated data has subsequently been used as inputs to an estuary prediction 

model, which simulates and forecasts nutrient concentrations in the previous and next five days in 

the Swan-Canning Estuary. Visualisation of the system output can be found at the display portal 

Swan-Canning Estuary Visual Observatory (SCEVO) (http://swan.science.uwa.edu.au/). ML 

methods can also be used in a reverse way, where ML models utilise outputs from mechanistic 

models. For instance, the baseflow separation was used in Chapter 5 and 6 to obtain data on 

different water pathways. The importance of individual variable analysis results indicated that the 

separated baseflow and quickflow were key variables for Ellen Brook and Murray River nutrient 

simulation. Additionally, ML methods can also be used to provide information for other ML 

models. For instance, the concentrations of missing nutrient species were first predicted by a ML 

method and then used as inputs for another ML method for final predictions (Chapter 5). The pre-

generation of missing data and pre-modelling hydrological analysis were critical components of 
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the hybrid model and allowed identification of the impact of different hydrological transport 

pathways for TN export from the two tributary catchments. Similarly, GBM was applied to 

generate inflow, and daily water temperature which were further used for daily DO prediction 

(Chapter 6). Overall, ML methods provide a flexible and feasible solution to explore the 

underlying relationships, re-construct spatial and temporal datasets, and combine different models.  

7.3 Limitations of ML methods 

An individual rainfall station was used for stream flow and nutrient prediction (Chapter 5 and 6), 

however, there is known variability in rainfall across the catchment, and thus bias can be 

introduced into the assessment of the effect of rainfall on runoff and nutrient export. The inherent 

variability in sample collection and chemical analysis protocols also limits water quality data. In 

particular, significant changes occurred in the development of water sampling devices and 

analytical instrumentation over the past decades, and long-term data were used in Chapter 5. 

Changes in sampling and analytical methods can bring uncertainty to the results, especially when 

nutrient concentrations are close to the detection limit. 

 

The importance of individual variables identified using ML methods provides key information 

about the underlying hydrological processes. However, randomness can exist in this analysis with 

different models by applying different methods to explain the variance in the data. Appelhans et 

al. (2015) compared fourteen machine learning methods in predicting spatial temperature patterns 

and also listed the importance of individual variables extracted by the fourteen models. The first 

four most important variables were the same in GBM and RF, while the ranking was different for 

less important variables. ANN produced different variable importance results to RF or GBM. 

Similar results were also found in Chapter 2 which compared thirteen ML methods for 

groundwater DON prediction. This suggests that the most important processes, and relative 

importance between variables, can be indicated by ML methods, however there is some 

randomness for less important variables. 

7.4 Recommendations 

Based on the findings in this research the following recommendations for further research are 

made.  
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1. The hybrid ML methods were able to achieve higher accuracy for groundwater mapping, stream 

nutrient and oxygen predictions. The hybrid methods are therefore proposed for other hydrological 

studies.  

2. The thesis was conducted in large catchment areas while the application of the proposed hybrid 

ML methods on small areas (e.g. hillslope to first order stream catchments) with fewer 

uncertainties in flow pathways needs to be further tested.  

3. The long-term daily nutrient concentrations were simulated in Murray River. There are however 

another two main tributaries and dozens of small tributaries that discharge to the Peel Harvey 

Estuary. Similar hybrid ML methods can be applied to simulate historical nutrient concentrations 

for these rivers. There are two main applications of the simulated dataset where they can be used 

as inputs: to an estuary model to simulate long-term nutrient changes or estimate historical nutrient 

loads from individual rivers.  
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Appendix A supplementary results for Chapter 5 

 

Figure A.1 Daily TN generated by the six models, for Murray River. 
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Figure A.2 Daily TP generated by the six models, for Ellen Brook. 
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Figure A.3 Daily TP generated by the six models, for Murray River. 
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Figure A.4 The distribution of the daily TP generated by the six models, and of the measured TP 

data in Ellen Brook. 

 

Figure A.5 The distribution of the daily TN generated by the six models, and of the measured TN 

data in Murray River. 
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Figure A.6 The distribution of the daily TP generated by the six models, and of the measured TP. 

 

 

 




