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Abstract 
Nutrient losses from intensive land use are degrading freshwater quality in agricultural 

catchments. A robust understanding of nutrient sources, pathways and their potential 

attenuation is needed to design effective water quality mitigation measures. However, 

estimates of subsurface nitrate attenuation dynamics have typically relied on sub-

catchment-scale mass balance investigations, inferred from the difference between the 

observed (attenuated) river nitrogen loads and the estimated (unattenuated) root zone 

nitrogen losses from different land use typologies in a catchment. These nitrogen mass 

balance calculations yield the nitrogen attenuation factor (AFN), representing the 

proportion of nitrogen removed during transport processes from the root zone to receiving 

waters, with estimates often ranging from 0.1 to 0.9 at sub-catchment scales. While the 

mass balance approach highlights spatial variability in subsurface nitrate attenuation 

capacities at sub-catchment scale, it obscures modelling and mapping of finer-scale 

variability of subsurface nitrate attenuation dynamics within a sub-catchment and 

catchment.  

 

This study developed the Landscape Subsurface Nitrate-Attenuation Index (LSNAI), a 

novel approach for modelling and mapping spatially variable subsurface nitrate 

attenuation capacity at landscape unit scale across the Horizons region. The LSNAI refines 

AFN estimation from sub-catchments to landscape units, a more realistic scale for 

representing subsurface nitrate attenuation in agricultural landscapes. The study compiled 

and analysed a national data set for assessment of spatial and temporal variability of 

groundwater redox conditions across New Zealand landscapes, and an XGBoost machine 

learning model was trained to predict subsurface redox probabilities for each landscape 

unit in the Horizons region. The subsurface redox probability predictions, combined with 

the rock type and soil drainage information, were classified into five LSNAI categories 

(from Very low to Very high) representing subsurface nitrate attenuation of different 

landscape units across the region. This LSNAI classification was validated with a data set 

of independent groundwater redox and denitrification measurements in shallow 

groundwater, and with continuous soil redox probe measurements in a hill country farm, 

which confirmed that the LSNAI classification reflected the observed spatial variability in 

subsurface redox conditions in the study area. 
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The LSNAI categories were then integrated into sub-catchment scale nitrogen export 

coefficient modelling (ECM) to parameterise the LSANI’s five categories into a set of 

calibrated values of AFN for the Horizons region’s ~11,000 landscape units. The sub-

catchment scale ECM modelling accounted for the root zone nitrogen losses from 

different land use typologies, any point-source (wastewater) nitrogen discharges, and 

estimates of river instream nitrogen uptake/attenuation in the study region. The initially 

assigned AFN for the LSANI’s categories (from Very low to Very high) were calibrated by 

comparing the predicted with the observed average annual loads of soluble inorganic 

nitrogen (SIN) at 38 river monitoring sites. The calibrated AFN values successfully 

predicted average annual river SIN loads in larger sub-catchments (> 500 t SIN yr-1), 

although the errors between the observed and predicted the average annual river SIN loads 

were higher in smaller sub-catchments (< 500 t SIN yr-1). The ECM modelling 

performance improved slightly when the AFN values were calibrated for individual 

catchments, as compared to the whole region. Further research is recommended to 

improve calibration of AFN for the LSANI’s categories in the study region and other 

similar catchments.  

 

Compared with traditional nitrogen mass balance approaches, the LSNAI provided a more 

consistent framework that better captured underlying spatial heterogeneity and aligned 

more closely with observed subsurface redox characteristics and landscape attributes 

across the study region. This research demonstrates that the newly develop approach of 

LSNAI can refine estimates of subsurface nitrate attenuation from sub-catchment to 

landscape unit scale, improving how spatially variable subsurface nitrate attenuation 

dynamics are represented when predicting average annual river nitrogen loads. With 

further refinement, this approach offers a promising basis for targeted and effective 

evaluation of land use, on-farm and edge-of-field mitigations, and regulatory scenarios, 

supporting efforts to reduce river nitrogen loads and improve water quality in agricultural 

catchments.  
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Chapter 1: Introduction 

1.1 Background 

Freshwater quality has come under increasing pressure from agricultural activities 

globally, including in New Zealand (Bell et al., 2021; Fraser, 2023; Scarsbrook and 

Melland, 2015; Withers et al., 2014). Elevated nutrient losses to New Zealand freshwaters 

and many other countries have been driven largely by the expansion of dairy farming on 

to land previously used for sheep and beef farming, alongside growth in irrigated 

agriculture (MacLeod and Moller, 2006; Wilcock et al., 2011; Wright, 2015). To address 

declining water quality, The National Policy Statement for Freshwater Management 2020 

(NPS-FM; Ministry for the Environment, 2024) requires New Zealand regional councils 

to set enforceable water quality limits for freshwater bodies, known as freshwater 

management units (FMUs). Within this framework, the National Objectives Framework 

guides the process of defining values (such as ecosystem health) for each FMU and setting 

measurable attributes (e.g. nitrate toxicity levels) (Ministry for the Environment, 2024). 

The National Objectives Framework specifies the desired condition (e.g. national bottom 

lines) for several key water quality attribute states (e.g. an in-river concentration of 2.4 

mg/L NO3
--N annual median), which guides resource use limits (e.g. nitrogen loads in 

kg/ha/year) in FMUs. 

 

In the Manawatū-Whanganui region of New Zealand, where water quality is under the 

governance of the Horizons Regional Council, meeting these target water quality attribute 

states requires a substantial reduction of up to 64 % for total nitrogen and up to 70 % for 

total phosphorus on average, across the entire region (Snelder, 2024). Because point-

source inputs generally make up only a minority of instream contaminant loads (Roygard 

et al., 2012), water quality improvements will need to come from changes to the way 

diffuse nutrient losses are managed across agricultural FMUs in the region. But for 

nitrogen, which primarily moves through subsurface pathways as nitrate, effective 

management must consider its transport and transformation (attenuation) processes in the 

subsurface environment. 

 

One key subsurface nitrate attenuation process is denitrification – the microbially-

mediated reduction of nitrate to gaseous forms of nitrogen. Denitrification requires 
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specific conditions such as available electron donors (e.g. dissolved organic carbon); low 

oxygen or anoxic environments; and the presence of denitrifying microbes (Korom, 1992; 

Rivett et al., 2008). Where these conditions are met, substantial nitrate reduction can 

occur in the subsurface environment; but where they are absent, nitrate may remain 

mobile. Given the heterogeneity of soil-hydrobiogeological conditions across landscapes, 

the potential for subsurface denitrification varies spatially (Seitzinger et al., 2006). 

Therefore, assessing this spatial variability in subsurface nitrate attenuation capacity is 

essential to the design and implementation of targeted nitrogen management practices in 

agricultural landscapes (Hansen et al., 2024; Singh & Horne, 2019). The challenge lies in 

representing subsurface nitrate attenuation at scales that reflect landscape heterogeneity, 

enabling better predictions of how land use decisions impact on nitrogen losses of surface 

water bodies and how freshwater quality targets can be achieved in sensitive FMUs in 

agricultural catchments. 

 

During the development of the One Plan, the Horizons Regional Council’s resource 

management plan (Horizons Regional Council, 2014), a range of land use scenarios were 

used to assess the impacts of different farming practices on instream nitrogen loads. At 

the time (c. ~2007), this modelling exercise required estimates of subsurface nitrate 

attenuation (Clothier et al., 2007). These authors defined the ‘transmission coefficient 

(R)’, which is based on a comparison between the landscape yield (kg-N ha-1 yr-1) (i.e., 

modelled leaching rate from soil profile) and the catchment yield (kg-N ha-1 yr-1) (based 

on the river water flows and concentrations). In this nutrient mass balance analysis for 

the Upper Manawatū catchment, Clothier et al. (2007) estimated R to be 0.5, meaning 

only 50 % of the nitrogen lost from land uses was estimated to be transferred to the river. 

This transmission coefficient (0.5) was subsequently used as a uniform nitrogen 

transmission factor for other ‘priority’ catchments in the Horizons region for the 

development of key components of the One Plan (Clothier et al., 2007).  

 

The estimates of nitrogen transmission coefficient in Tararua and Rangitīkei catchments 

were later revised and expressed as the nitrogen attenuation factors (AFN; where R = 1 – 

AFN) to map greater spatial variability in nitrogen attenuation dynamics in different 

hydrogeological settings across those catchments (Elwan, 2018; Elwan et al., 2015; Singh 

et al., 2017a, 2017b). However, like the calculations of R, estimates of AFN are based on 

a mass balance approach which compares the soluble inorganic nitrogen (SIN) in the river 
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at water quality monitoring sites, and estimates of inorganic nitrogen leaching rates under 

different land uses in the catchments. This revised analysis identified AFN values ranging 

from 0.14 to 0.77 in Tararua/Upper Manawatū and 0.67 to 0.94 in the Rangitīkei 

catchments (Elwan, 2018), demonstrating the spatial variability of nitrogen attenuation at 

the sub-catchment scale. But as subsurface nitrate attenuation varies due to heterogeneous 

soil-hydrobiogeological conditions (Seitzinger et al., 2006), AFN refined at the sub-

catchment scale is unable to deliver fine-scale mapping of subsurface nitrate attenuation 

capacity of different land units or landscapes.  

 

Therefore, AFN needs to be refined to the landscape scale to reflect the natural spatial 

variability of subsurface nitrate attenuation across diverse land units in agricultural 

catchments. Achieving this will improve the accuracy of nitrogen transport models and 

enable a more targeted approach to land use and nutrient management decisions. This is 

critical for supporting regulatory frameworks like the NPS-FM, which require catchment-

scale land use decisions to be linked to measurable water quality improvements. Unless 

the variable nature of subsurface nitrogen attenuation at the landscape scale is 

incorporated into the design and implementation of land use and land management 

policies, their ability to achieve target attribute states, especially for nitrate, will be 

limited. 

 

1.2 Rationale for this study 

Despite the recognised importance of the influence of subsurface nitrate attenuation on 

nitrogen loads to rivers, current approaches for estimating subsurface attenuation, such as 

AFN, are often based on nitrogen mass balance calculations. While these methods 

demonstrate spatial nitrate attenuation variability at sub-catchment scales, they do not 

explicitly account for landscape scale variability of subsurface nitrate attenuation which 

plays a key role in determining where and to what extent subsurface denitrification occurs 

in agricultural catchments. This limits the ability of catchment-scale modelling to 

prioritise interventions such as land use changes or edge-of-field mitigations in areas 

where they will be most effective and constrains the effective implementation of 

regulatory frameworks like the NPS-FM.  
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To address this gap, there is a need for an approach that incorporates the influences of 

landscape heterogeneity in mapping and modelling subsurface nitrate attenuation at 

catchment scale. Specifically, this study refines estimates of subsurface nitrate attenuation 

by integrating, at a finer scale, key landscape characteristics known to influence 

subsurface denitrification, such as subsurface redox conditions, soil drainage and rock 

type. Given the nature of the denitrification process, subsurface redox conditions are 

likely to be a key determinant of the magnitude of nitrate attenuation and a good starting 

point in the development of the Landscape Subsurface Nitrate-Attenuation Index 

(LSNAI). Furthermore, given the paucity of surface and subsurface data for hill country, 

some challenges are anticipated in validating the LSNAI in these landscapes. This research 

develops the LSNAI and classifies the Horizons region into five subsurface nitrate 

attenuation categories, ranging from Very low to Very high. This approach provides a 

more spatially explicit understanding of subsurface nitrate attenuation dynamics within 

the landscape and supports more targeted management of diffuse nitrogen losses. 

 

1.3 Research aim and high-level objectives 

The aim of this thesis is to refine the estimates of subsurface nitrate attenuation in the 

Horizons region. To achieve this aim, the following high-level objectives will be 

addressed: 

i) Improve understanding of the spatial variability of subsurface redox conditions 

relevant to nitrate attenuation in New Zealand;  

ii) Develop a spatial framework for representing subsurface nitrate attenuation at a 

finer resolution consistent with landscape variability; 

iii) Evaluate the performance of this framework by using field-based observations; 

and  

iv) Apply the framework within a catchment modelling context to assess its 

effectiveness for predicting nitrogen loads. 

 

1.4 Study area 

While the focus of this thesis is primarily on the Horizons region, research took place 

across three spatial scales – national, regional and farm-scale. At the national scale, an 

assessment of the spatial variability and temporal stability of groundwater redox 
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conditions was undertaken for all of New Zealand. Acquiring a groundwater redox data 

set for all of New Zealand was necessary to model subsurface redox conditions in the 

Horizons region, as existing groundwater data within the region are unevenly distributed 

and strongly biased toward certain landscape types, particularly Late Quaternary deposits 

(Zarour, 2008).  

 

The Horizons region, located in the central North Island of New Zealand, covers 22,215 

km2 (2,221,500 ha) and features several large river catchments that discharge into the 

Tasman Sea on the west coast of the island. Local geology includes Mesozoic-age 

basement greywacke exposed in the southern part of the region; unconsolidated Plio-

Pleistocene deposits throughout; and volcanic deposits in the north (Begg et al., 2005). 

Dominant land uses across the region include pasture grazed by sheep/beef/deer (44 %); 

native forest on non-agricultural land (18 %); pasture grazed by dairy cows (8 %); native 

forest on agricultural land (6 %); and commercial forestry (4 %) (Herzig et al., 2020). 

Native forest, conservation land and low intensity farming are primarily located in steep 

and hill country areas, while intensive agriculture, such as dairy farming and cropping, is 

concentrated on river plains, uplifted terraces and coastal areas. It is for this region that 

the LSNAI was developed.  

 

At farm-scale, Tuapaka Farm, a hill country sheep and beef farm, is used as a case study 

site to validate some LSNAI categories for hill country landscape. Tuapaka is a typical 

hill country farm in the Horizons region and provides a practical setting for validating the 

LSNAI in hill country land units. Soil redox probes were deployed in three different soil 

types to characterise subsurface redox conditions and temporal trends in these landscapes.  

 

1.5 Thesis structure 

This thesis is divided into seven chapters with chapters 3 to 6 aligning with the research 

objectives of this thesis. Chapters 3, 4 and 6 have been formatted as manuscripts for 

submission to peer-reviewed journals. 

 

Chapter 1 (this chapter) outlines the background and rationale for this thesis in addition 

to the research objectives and the structure of the thesis.  
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Chapter 2 provides a literature review on subsurface nitrate attenuation, how it is 

currently modelled or characterised, current research gaps, and how this thesis 

demonstrates an alternative approach to quantifying subsurface nitrate attenuation at 

landscape unit scale. 

 

Chapter 3 collates a national groundwater redox data set from New Zealand regional 

councils. Understanding the distribution and spatial variability of subsurface redox 

conditions is vital for interpreting potential nitrate attenuation dynamics in agricultural 

catchments. This chapter compares the frequency and distribution of subsurface redox 

data against various soil-hydrobiogeological attribute data available for landscape units 

in New Zealand. This data set is subsequently used in Chapter 4 to make predictions about 

landscape unit subsurface redox conditions. This chapter fulfils objective i and has been 

published in Environmental Monitoring and Assessment. 

 

Chapter 4 develops a spatial framework known as the Landscape Subsurface Nitrate-

Attenuation Index (LSNAI) for the Horizons region. This chapter uses the data collated in 

Chapter 3 to make predictions about landscape unit subsurface redox conditions. These 

predictions together with the rock type and drainage class attributes are integrated to 

model and map five LSNAI categories based on their subsurface nitrate attenuation 

potential, ranging from Very low to Very high. The LSNAI’s spatial framework is 

underpinned by the landscape unit, with independent shallow groundwater (piezometer) 

observations used to validate the LSNAI mapping. This chapter fulfils objective ii and has 

been published in the Journal of Environmental Management.  

 

Chapter 5 validates the LSNAI in hill country landscapes. Due to the constraints within 

the national redox data set (Chapter 3), there is a lack of representative data about typical 

subsurface redox conditions in hill country landscapes, making predictions about them 

uncertain and challenging to validate. A set of soil redox sensors were deployed to 

characterise subsurface redox conditions and validate LSNAI categories at Tuapaka Farm, 

(i.e. at farm-scale) a hill country sheep and beef farm located near Palmerton North in the 

Horizons region. This chapter fulfils objective iii. 

 

Chapter 6 parameterises the LSNAI categories with calibrated values of AFN. The LSNAI 

is developed to classify landscape units based on their subsurface nitrate attenuation 
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potential (categories ranging from Very low to Very high) but require conversion to factors 

(a numeric value between 0 and 1) so they can be used in catchment nitrogen modelling. 

An export coefficient modelling approach is used to calibrate the AFN values. This chapter 

fulfils objective iv and is prepared as a manuscript for publication in a scientific journal. 

 

Chapter 7 summarises and provides a synthesis of the main findings of this thesis. It also 

recommends potential avenues for future research to continue reducing the uncertainty of 

these estimates.  
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Chapter 2: Literature review 
This chapter provides a review of nitrate dynamics and subsurface nitrate attenuation, 

focusing on nitrate transport and denitrification dynamics in subsurface environment, and 

how these processes are currently represented in catchment-scale water quality models. 

It then considers methods for upscaling point-scale subsurface denitrification and 

groundwater redox data using spatial landscape proxies, and the refinement of subsurface 

nitrate attenuation factors at landscape-unit scale. This provides a robust basis to inform 

the focus and methodological approaches developed and applied in this thesis. 

 

2.1 Nitrate dynamics and subsurface nitrate attenuation 

While nitrate attenuation can occur in a range of terrestrial and aquatic environments 

including streams; riparian zones; wetlands; soil root zone; lakes; and estuaries, this thesis 

focuses specifically on subsurface nitrate attenuation, defined as attenuation occurring 

below the root zone. The phenomenon has been described in the literature using terms 

such as accumulation (Rosenstock et al., 2014); retention (Blicher-Mathiesen et al., 

2014); and attenuation (Rivett et al., 2007). These terms broadly refer to the difference in 

nitrate lost from below the root zone, and the nitrate subsequently transferred to receiving 

waters. Conceptually, subsurface nitrate attenuation occurs in the zone between the root 

zone and discharge points to surface waters, with transport processes acting between these 

two endpoints. Denitrification is generally considered to be the main mechanism involved 

in subsurface nitrate attenuation (Korom, 1992; Rivett et al., 2008).  

 

2.1.1 The nitrogen cycle 

Nitrogen is critical for meeting current and future global food demand (Tilman et al., 

2011; Zhang et al., 2015). Although atmospheric nitrogen (N2) is the most abundant form 

it is biologically unavailable to plants until fixed, such as by nitrogen fixing legumes 

(Herridge et al., 2008). In addition, most nitrogen in the soil environment is unavailable 

to plants as it is part of the soil organic matter fraction (McLaren and Cameron, 1990). 

Soil organic matter requires conversion to available forms of nitrogen, such as NO3
- and 

ammonium (NH4
+), so that it can be taken up by plants. This cycling of nitrogen from one 

form to another is referred to as the nitrogen cycle (Figure 2.1). Compared with other 
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nutrient cycles (such as the carbon cycle), the nitrogen cycle is relatively complex, 

featuring a number of different oxidation states of nitrogen, each with different bio-

availability and reactivity potentials (Robertson, 1997).  

 

 

Figure 2.1: The soil/plant nitrogen cycle (adapted from Cameron et al., 2013). 

 

Nitrogen fixation, mediated by soil micro-organisms or in the root nodules of legumes, 

involves the reduction of atmospheric N2 to ammonia (NH3), which rapidly converts to 

ammonium (NH4
+) in soil. Soil organic matter, including plant material and animal 

wastes, is also mineralised to NH4
+ through ammonification. NH4

+ is available for plant 

uptake but can also be immobilised again when converted back to organic nitrogen 

compounds or adsorbed to clay minerals in the soil. NH4
+ may also be converted again to 

nitrite (NO2
-) and nitrate (NO3

-) via nitrification. While NO3
- is available for plant uptake, 

it is also highly mobile due to its negative charge, making it vulnerable to leaching from 

the root zone and soil profile under wet conditions. Leached NO3
- can be transported via 

subsurface flow pathways beyond its source, potentially contributing to downstream, or 

down gradient, water quality impacts. However, NO3
- can also be removed from the soil-

water system, either by immobilisation back into soil organic matter, or by denitrification. 
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Denitrification reduces NO3
- to gaseous nitrogen forms, typically under anaerobic 

conditions, returning nitrogen to the atmosphere and completing the cycle (Figure 2.1).  

 

In addition to denitrification, other nitrogen attenuation processes exist, including plant 

and microbial uptake or immobilisation; dissimilatory nitrate reduction to ammonium; 

assimilatory nitrate reduction; non-respiratory denitrification; and anaerobic ammonium 

oxidation (anammox) (Robertson and Groffman, 2015). These processes may play a role 

in attenuating nitrogen in the subsurface environment, but the extent to which they do is 

uncertain (Burbery, 2018). Meanwhile, denitrification is generally regarded as the main 

nitrogen attenuation process within the saturated zone (Korom, 1992; Rivett et al., 2008). 

 

2.1.2 Nitrate sources, losses and transport dynamics 

Agriculture is a major source of diffuse nitrogen loading to freshwater and marine systems 

around the world, with NO3
- identified as the dominant nitrogen species contributing to 

water quality degradation (Ballantine and Davies-Colley, 2014; Chan et al., 2024; Wang 

et al., 2016). The negative charge of the NO3
- ion coupled with the predominantly 

negative charge of soils prevents NO3
- from being adsorbed to soil particles, creating an 

inherent leaching risk. In agricultural landscapes, NO3
- originates primarily from 

synthetic fertilisers, animal manure from pastoral farming and biological nitrogen fixation 

by leguminous crops (Anas et al., 2020; Fowler et al., 2013; Ju et al., 2009, 2006). Nitrate 

losses from these sources typically occur by leaching below the root zone, but is also 

influenced by factors such as climate, soil type, land use intensity and management 

practices (Bibi et al., 2016; Cameron et al., 2013; Peña-Haro et al., 2014).  

 

In New Zealand, pastoral livestock farming is the main contributor to NO3
- leaching, with 

cow urine patches representing the main pathway for losses to occur (Di and Cameron, 

2002; Selbie et al., 2015). The nitrogen loading from a single urine patch is approximately 

equivalent to 1,000 kg N ha-1, exceeding the capacity of the plant or crop to take up the 

nitrogen (Di and Cameron, 2002). Following deposition, urea in urine is hydrolised to 

NH4
+, and subsequently nitrified to NO3

-. Where soils are saturated and draining beyond 

field capacity, surplus NO3
- is leached beyond the root zone into the vadose and saturated 

zones (Huang et al., 2018; Zhu et al., 2024). 
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Nitrate leaching in pastoral systems is strongly seasonal. During dry periods, NO3
- can 

accumulate in the soil profile and is prevented from leaching within the soil profile due 

to limited drainage, but when rainfall resumes, or irrigation commences, the accumulated 

nitrate is mobilised with percolating pore water (Jiménez-de-Santiago et al., 2019; Klaus 

et al., 2020; Zhou et al., 2010). In New Zealand, this leads to a characteristic seasonal 

pattern, with the majority of leaching occurring in autumn and early winter when drainage 

occurs (Selbie et al., 2015). This seasonality has important implications for farm and 

livestock management, as targeted mitigation practices are often most effective when 

timed to coincide with periods of high leaching risk (Buckthought et al., 2015).  

 

The risk of nitrate losses can be further exacerbated under irrigated pasture, particularly 

for soils that are free-draining, or have high infiltration rates (Arauzo and Valladolid, 

2013; Magesan et al., 1999). When irrigation rates or volumes are poorly matched to soil 

type, crop demand, or the irrigation system is poorly managed or timed, nitrate present in 

the root zone is more likely to be transported below the root zone (Bibi et al., 2016; Costa 

et al., 2002). In some New Zealand regions, such as Canterbury, irrigated dairy farming 

on free-draining soils has been identified as a significant driver of elevated groundwater 

nitrate concentrations (Jenkins, 2019; White, 2001). 

 

Natural drainage dynamics can be further modified where artificial drainage systems, 

such as mole and tile drains, have been installed in agricultural landscapes (Dinnes et al., 

2002; McLaren and Cameron, 1990). While artificial drainage improves the productivity 

of agricultural land by removing excess water from the soil profile, they also change the 

natural flow paths of leached nitrate. Instead of percolating through the vadose zone and 

into groundwater, nitrified drainage water is diverted to drains and surface water bodies 

via the artificial drainage network (Chan et al., 2024; Jaynes and Isenhart, 2019; Tiemeyer 

et al., 2006). Not only is a shortcut created for leached nitrate to enter surface water 

bodies, but the drained soil profile environment may increase N mineralisation leading to 

more nitrate leaching (Di and Cameron, 2002).  

 

Where nitrate has leached through the soil profile and the vadose zone, its subsequent 

transport dynamics are determined by regional groundwater flow patterns (Daniel et al., 

2023; Molénat and Gascuel‐Odoux, 2002; Paradis et al., 2018). In unconfined aquifers, 

nitrate enters shallow groundwater systems once it reaches the water table, where it is 
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transported laterally along hydraulic gradients towards surface water bodies such as 

streams, rivers, lakes or estuaries (McLarin et al., 1999; Tesoriero et al., 2005). However, 

conceptualising exact groundwater pathways, particularly in heterogeneous or 

structurally complex geo-hydrological settings, can be challenging. It requires integration 

of geological and hydrogeological data such as aquifer stratigraphy, hydraulic parameters 

and groundwater head measurements, often supplemented by numerical or conceptual 

groundwater modelling (Musacchio et al., 2021; Schäfer et al., 2024; Wriedt and Rode, 

2006).  

 

To complement, or substitute for, detailed pathway mapping, groundwater mean 

residence times (MRT) are frequently used as an indicator of flow dynamics (Hofmann 

et al., 2020; Montcoudiol et al., 2018; Morgenstern et al., 2015). MRT can be described 

as “the average time water spends in a subsurface system before it arrives at a designated 

point” (Kuo et al., 2022). Depending on the regional hydrogeology, MRT can range from 

years in shallow unconfined conditions, to decades or centuries in deeper, confined 

systems (Morgenstern et al., 2017). Where nitrate is present, MRTs help provide details 

about the likely duration that nitrate has remained in the system, and the lag times between 

changes in land use or land management and observed impacts on environmental 

receptors (Stewart et al., 2011). MRTs can help characterise pollution vulnerability, 

where short MRTs indicate that groundwater is at risk from pollution (Kralik, 2015), 

whereas longer MRTs may provide opportunity for nitrate attenuation through processes 

such as denitrification, particularly when aquifer conditions are favourable (Kaown et al., 

2018). 

 

2.1.3 Subsurface denitrification and its measurements 

Leached nitrate from agricultural lands could be further transformed by various 

biogeochemical process in the subsurface environment. Denitrification is a microbially 

mediated reduction process whereby NO3
- is reduced to NO2

- and then to gaseous nitrogen 

species including nitric oxide (NO), nitrous oxide (N2O), and finally N2 (Korom, 1992). 

Complete denitrification results in the release of inert N2 gas to the atmosphere, 

effectively removing nitrogen from the soil-water system. Four key requirements must be 

met for denitrification to occur: the presence of NO3
- as a terminal electron acceptor; 

denitrifying microorganisms, typically facultative anaerobes; the presence of electron 
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donors, usually organic carbon, but in some cases reduced inorganic compounds; and 

anaerobic conditions, where oxygen availability is restricted favouring the use of NO3
- as 

an alternative electron acceptor (Korom, 1992; Rivett et al., 2008). This process can 

happen in both the unsaturated zone and the saturated zone within the subsurface when 

these conditions are met (Clague et al., 2019; Lenhart et al., 2021; Rivas et al., 2020; 

Singleton et al., 2007; Tesoriero et al., 2000). 

 

Denitrification is catalysed by a wide range of microbes (Groffman et al., 2006) and a 

range of enzymes from these microbes are required for reduction from NO3
- to N2: nitrate 

reductase (Nar) reduces NO3
- to NO2

-; nitrite reductase (Nir) reduces NO2
- to NO; nitric 

oxide reductase (Nor) reduces NO to N2O; and finally, nitrous oxide reductase (Nos) 

reduces N2O to N2, completing the process (Lycus et al., 2018; Robertson and Groffman, 

2015). A wide variety of subsurface bacteria are said to express Nar, but a narrower range 

of bacterial species possess Nir, considered the ‘true’ denitrification step as it is 

irreversible (Burbery, 2018). Incomplete denitrification, where N2O is not further reduced 

to N2, contributes to global climate change as N2O is a potent greenhouse gas (Fernandes 

et al., 2010; Graf et al., 2016; Palta et al., 2013).  

 

Denitrification can be measured in numerous ways, though there are challenges 

associated with each method (Groffman et al., 2006; Rivas, 2018). The acetylene 

inhibition method was an early development in denitrification studies. It is based on the 

ability of acetylene to prevent the reduction of N2O to N2, which has high background 

concentrations, and N2O being relatively easy to measure in the laboratory (Groffman et 

al., 2006). The method has been used extensively in both terrestrial and aquatic 

environments (Dodla et al., 2008; Rivas et al., 2014; Saggar et al., 2013; Seitzinger et al., 

1993; Yoshinari et al., 1977; Yuan et al., 2024). In terrestrial environments, denitrification 

enzyme activity (DEA) assays are used to estimate denitrification potential. DEA 

provides a snapshot of the activity of the denitrifying enzymes present in the soil at the 

time of sampling, under conditions of non-limiting nitrate and carbon supply (Rivas et 

al., 2014).  

 

In aquatic environments the ‘push-pull’ method has been widely used to understand 

denitrification in shallow groundwater conditions (Istok, 2013; Istok et al., 1997). The 

single-well push-pull method is an in situ site characterisation method to determine 
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denitrification from a piezometer that is both used to inject nitrate and a conservative 

tracer (often bromide) into and sampled from periodically (Addy et al., 2002; Anderson 

et al., 2014b; Collins et al., 2017; Kim et al., 2005; Rivas et al., 2020, 2025). 

 

The use of stable isotopes has also been a common method for denitrification assessment. 

This involves measuring the natural abundances of nitrogen (15N) and oxygen (18O) 

isotopes in NO3
- to identify source and transformation dynamics (Cao et al., 2025; J.C. 

Clague et al., 2015; Zhu et al., 2019). During denitrification, microbes preferentially use 

the lighter isotopes, causing the remaining nitrate to become enriched in 15N and 18O, 

providing evidence of denitrification (Kendall, 1998; Kendall et al., 2008). The main 

disadvantage of this method is that the isotopic signature disappears once denitrification 

has progressed to a point where all NO3
- has been removed from the system (Martindale 

et al., 2019). The various sources of nitrogen also have a distinct isotopic composition, 

allowing for their identification and tracking (Nikolenko et al., 2018; Sacchi et al., 2013). 

Related to this is the 15N tracer method which involves adding 15N-labelled NO3
- to soil 

and measuring the production of 15N-labelled N2 or N2O gases (Groffman et al., 2006). 

This is primarily used in soil/terrestrial environments but may be used in combination 

with push-pull tests for groundwater assessments (Eschenbach et al., 2015; Schürmann et 

al., 2003). 

 

The ‘excess’ N2 method measures dissolved nitrogen gas in aquatic and terrestrial 

environments (either in situ or in the laboratory), with concentrations above atmospheric 

equilibrium interpreted as a byproduct of denitrification (Groffman et al., 2006; 

Martindale et al., 2019). The main benefit of this method is that it is able to quantify actual 

rates of denitrification (Martindale et al., 2019).  

 

Other approaches to measuring denitrification include mass balance approaches, 

stoichiometric approaches, in situ gradients of environmental tracers, and molecular 

approaches (Groffman et al., 2006). In mass balance approaches, denitrification is 

estimated by direct measurement or estimates of all other N fluxes and changes in storage 

at a range of scales (See Nutrient budget models). Related to mass balance approaches, 

stoichiometric methods estimate denitrification by comparing the expected amount of 

dissolved inorganic nitrogen (DIN) during organic matter decomposition (based on 

known elemental ratios) with what is observed in the environment. Denitrification is 
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inferred from the difference between expected and observed DIN. For in situ gradients of 

environmental tracers, the approach estimates denitrification rates in groundwater by 

combining NO3
- concentration gradients with data about the age of the water. 

Environmental tracers such as tritium, SF6 and 14C are used to date groundwater, thereby 

enabling the calculation of a rate of denitrification. Finally, molecular approaches assess 

the number, diversity and role of denitrifying enzymes in the environment (Groffman et 

al., 2006).  

 

Despite the availability of these methods to measure subsurface denitrification, distinct 

challenges remain. A key source of uncertainty lies in the quantification of denitrification 

rates, which are influenced by the underlying reaction kinetics (Rivas et al., 2025). 

Denitrification is a biologically mediated process governed by complex, non-linear 

kinetics and is best described by Michaelis-Menten models (Ghane et al., 2015; Kouanda 

and Hua, 2021). However, due to practical limitations of parameterising such models, 

denitrification is often simplified using either zero-order or first-order kinetics (Boisson 

et al., 2013; Shah and Coulman, 1978). These simplifications can affect the estimated 

rates of reduction and contribute to uncertainty in interpreting the magnitude and spatial 

variability of denitrification in groundwater (Rivas et al., 2025).  

 

A further challenge is the limited range of soil-hydrobiogeological conditions from which 

denitrification data have been collected, particularly in New Zealand (Burbery, 2018). 

Given the critical role of denitrification in subsurface nitrate attenuation, this lack of 

representative data limits our ability to characterise spatially variable denitrification 

dynamics and to apply denitrification rate estimates across different environmental 

settings with confidence.  

 

2.2 Modelling subsurface nitrate attenuation 

A number of methods are available to model subsurface nitrate attenuation and these are 

based on the three main types of catchment nutrient models; budget, statistical and 

mechanistic (Snelder et al., 2018). Budget models, also known as nutrient budget models 

or mass-balance models, account for inputs and outputs of nutrients at scales ranging from 

farm-scale to catchment-scale. Rather than simulating processes at fine spatial and 

temporal scales, they typically rely on average annual estimates of parameters to simulate 
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these processes (Johnes, 1996). Statistical models, also known as data-driven models, use 

empirical relationships between observed nutrient yields (i.e. kg ha-1 yr-1) and landscape 

variables to make predictions about nutrient loads (Snelder et al., 2018). Mechanistic 

models simulate physical, chemical and biological processes that represent nutrient 

transport and transformation in a catchment (Beven, 2012). They simulate processes like 

runoff, leaching, plant uptake and transport dynamics and are therefore also known as 

process-based or physically based models. Data needs are typically highest for 

mechanistic models, followed by statistical models and then budget models. These model 

types are not mutually exclusive and various models can have elements of each of them, 

essentially creating hybrid models.  

 

2.2.1 Nutrient budget models 

Nitrogen budget models are a method of tracking nutrient inputs, the internal cycling of 

nutrients, and outputs from farming systems. At farm scale, examples include Overseer® 

Nutrient Budgets used in New Zealand (Overseer; Wheeler, 2022), and the Nitrate 

Leaching Simulation model version 5 used in Denmark (NLES5; Børgesen et al., 2022). 

Both models require input data such as climate, soil, land use, fertiliser use, irrigation and 

general management practice information, but are designed to reflect the main farming 

system type in each country. Overseer is designed for New Zealand’s pastoral farming 

systems (sheep, beef, dairy, deer etc.) and a range of vegetable, arable and horticultural 

crops (Shepherd and Wheeler, 2010), while NLES5 was designed for Denmark’s arable 

farming systems such as cropping (Børgesen et al., 2022). Overseer is more 

comprehensive in describing nutrient outputs and losses (such as including runoff, 

phosphorus and greenhouse gas emissions) (Watkins and Selbie, 2015), but both provide 

comprehensive budgets for root zone nitrate losses (60 cm for Overseer and 1 m for 

NLES5). Results are reported at block (Overseer; areas of a farm with the same 

biophysical attributes such as soil type or topography) or field (NLES5) scale in kg N ha-

1 (or kg N ha-1 yr-1) with nitrate being the form of N that is reported (Børgesen et al., 2022; 

Robertson et al., 2025).  

 

While these nutrient budget models consider nutrient inputs and cycling within the farm 

boundary, what occurs below the root zone (the vertical farm boundary) is not accounted 

for. Therefore, these models do not consider nitrate attenuation below the root zone. 
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However, the outputs of these models can be considered export coefficients (kg N ha-1 yr-

1) and have been used to track nutrient inputs and outputs at catchment-scale within an 

export coefficient model (ECM; Johnes, 1996; Johnes & Heathwaite, 1997). The ECM 

approach was developed to calculate the total nitrogen (and total phosphorus) load 

delivered to a surface water body as the sum of all the individual loads exported from 

each source in the catchment (Johnes, 1996). The concept was subsequently modified to 

account for lateral shallow subsurface flow by incorporating a distance-decay component 

in the export coefficient (Johnes and Heathwaite, 1997).  

 

The ECM modelling concept can also be used to estimate the fraction of N attenuated in 

a catchment by comparing root zone losses with the observed load measured at a surface 

water monitoring site (Monaghan et al., 2007). The AFN is an example of this, where a 

value of 0 implies no subsurface N attenuation occurring, whereas a value of 1 implies 

complete removal of N. This method has been tested in two catchments in the Manawatū-

Whanganui region of New Zealand, in the Rangitīkei River catchment (Singh et al., 

2017b) and the Tararua catchment (Elwan, 2018). Nitrogen leaching rates were estimated 

with Overseer and reference N-loss values were used for non-agricultural sources. AFN 

values ranged from 0.67 to 0.94 in Rangitīkei and from 0.14 to 0.77 in Tararua. Similarly, 

in the Odense Fjord catchment in Denmark, where N-loss rates were estimated with N-

LES (an earlier version of NLES5) nitrate attenuation varied between < 40 % and up to 

70-80 % of the root zone N losses (Blicher-Mathiesen et al., 2014). In Flanders, Belgium, 

the average attenuation factor was 78 % with a range of 28-98 % was reported (D’Haene 

et al., 2022). However, this approach also makes it possible to report negative attenuation 

rates, where root zone losses are less than instream loads, this may result from 

underestimation of export coefficients or inaccurate instream load assessment (McDowell 

et al., 2021; Snelder et al., 2023).  

 

These studies demonstrate the high degree of spatial variability of subsurface nitrate 

attenuation, especially within catchments. It also suggests that some sub-catchments are 

contributing more of the overall nutrient load than other areas. However, the scale of this 

variability relates to the location of surface water monitoring sites, not necessarily the 

natural variability that exists in the soil-hydrobiogeological setting of the catchment or 

sub-catchment. As landscape variability, with particular reference to hot spots and 

shallow pathways, is determined by natural processes such as deposition and erosion 
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(Pinay et al., 2015; Seitzinger et al., 2006) but also anthropogenic causes such as artificial 

drainage (Billy et al., 2013; David et al., 2015), it can be expected that nitrate attenuation 

dynamics occur at a much larger scale i.e. at farm scale. 

 

The Rotorua and Taupō Nitrogen (ROTAN) model is a GIS-based rainfall-runoff-

groundwater model designed to predict water flows and nitrogen concentrations on a daily 

or weekly timescale (Upton, 2024). When used at catchment-scale, it can also be used to 

predict nitrogen loads to the Rotorua and Taupo lakes from historical and future land use 

changes (Rutherford et al., 2019). ROTAN is based on a rainfall-runoff model known as 

HBV-N that has been modified to route water and nitrogen from land to lake along three 

pathways: quickflow, groundwater and streamflow (Rutherford et al., 2019). Overseer 

was integrated into the model, and two nitrogen attenuation scenarios were tested: 

spatially homogeneous attenuation; and spatially variable attenuation. In the spatially 

variable attenuation scenario, nitrogen attenuation was estimated with ten monitoring 

sites in the lake catchment, similar to the method outlined above. Attenuation was 

assumed to vary between monitoring sites but be spatially homogeneous across the area 

draining to the same monitoring site.  

 

2.2.2 Statistical models 

Statistical models fit observed values, such as nutrient concentrations or loads (e.g. kg N 

yr-1,) to catchment-scale predictor variables. Because these models predict concentrations 

or loads directly from observed data, they do not require export coefficients as inputs, 

unlike the budget models described above. Instead, yields (e.g. kg N ha-1 yr-1) are inferred 

from the statistical relationships between observed water quality data and the model’s 

predictor variables. This bypasses the need to explicitly characterise subsurface nitrate 

attenuation because the combined effect of attenuation and other catchment processes is 

captured in the observed (and predicted) values. As such, nitrate attenuation is implicitly 

accounted for, rather than explicitly parameterised.  

 

An example of this is a new type of empirical model that statistically estimates parameters 

for each land use type within a typology (Snelder et al., 2023). A typology is a 

classification system that groups land areas with similar characteristics (e.g. land use, soil 

moisture, slope), and a type is one of the classes within that system (e.g. dairy on wet 
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soils, steep native forest etc.). In these empirical models, parameters are estimated for 

each type directly from observed water quality data. These parameters represent the 

combined effect of diffuse source losses and attenuation, meaning that attenuation is 

incorporated into the land use classification, rather than represented as a separate 

coefficient. While this approach helps avoid some of the uncertainty associated with 

export and attenuation coefficient parameters (Snelder et al., 2023) and can be applied 

over large spatial areas (McDowell et al., 2017), it does not explicitly provide spatially 

refined estimates of subsurface nitrate attenuation. 

 

This class of models includes regression-based approaches (McDowell et al., 2021, 

2017), machine learning models such as random forest (Snelder et al., 2018), and hybrid 

approaches such as the Spatially-Referenced Regression on Watershed attributes 

(SPARROW; Alexander et al., 2002; Elliott et al., 2005).  

 

2.2.3 Mechanistic models 

Mechanistic models simulate the physical, chemical and biological processes that relate 

to the movement and transport of solutes through soil and water (Beven, 2012; Upton, 

2024). Also called process-based models, they simulate processes like runoff, leaching, 

plant uptake and transport in the soil-water biophysical environment. The application 

scale of these models ranges from field-scale to catchment-scale, and sometimes both. 

Mechanistic models that estimate leaching losses (field-scale) include the Agricultural 

Production Systems SIMulator (APSIM; Holzworth et al., 2018), the Soil Plant 

Atmosphere Systems Model (SPASMO; Clothier & Green, 2017) and Daisy 

(Abrahamsen and Hansen, 2000). Unlike Overseer and NLES5, which provide average 

annual estimates of losses, APSIM, SPASMO and Daisy provide losses as daily time-

steps (Børgesen et al., 2022; Cichota and Snow, 2009). But like Overseer and NLES5, 

they simulate nitrogen leaching losses from the root zone and do not take account of 

attenuation thereafter. Whether the root zone model is empirical (e.g. Overseer) or 

process-based (e.g. APSIM), these are often combined with mechanistic transport models 

to simulate the loss and subsequent movement of nutrients from their source to 

environmental receptor.  
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At the catchment-scale, a range of mechanistic models can simulate nitrogen (and other 

contaminant and hydrological) flows. One model commonly used in contaminant 

transport studies is the Soil and Water Assessment Tool (SWAT+; Bieger et al., 2017), a 

process-based model that simulates contaminant and hydrological flows in both surface 

water and groundwater. SWAT+ operates at multiple spatial scales (hydrologic response 

unit (HRU), sub-catchment, reach, catchment) and temporal scales ranging from daily to 

yearly (Upton, 2018). The HRU is the basic modelling unit in SWAT+, representing a 

unique combination of land use, soil type and slope, and it is where all hydrological and 

biogeochemical processes are simulated (Bieger et al., 2017). As SWAT+ also simulates 

root zone losses, it can be used independently of root zone models (Yulianti et al., 2025) 

or be used in combination with them (Becker et al., 2023). Nitrate attenuation in SWAT+ 

is represented through a denitrification routine that depends on three key input variables: 

SOL_CBN, the fraction of organic carbon in the soil layer (%); CDN, the denitrification 

rate coefficient (day-1); and SDNCO, the threshold value of nutrient cycling water factor 

above which denitrification occurs1. These parameters can be left at the software’s default 

values, adjusted based on local knowledge or conditions (Avendaño Veas, 2023), or 

calibrated against observed data (Me et al., 2015), including from isotopic evidence 

(Yulianti et al., 2025). 

 

In Denmark, a National Nitrogen Model has been developed by integrating three sub-

models: NLES5 for nitrate leaching estimates and disaggregated to daily values using 

Daisy; a national hydrological model known as the DK-model and is constructed in the 

physically-based and fully distributed catchment modelling system MIKE SHE; and 

statistical models to calculate nitrate retention in streams, wetlands and lakes (Hansen et 

al., 2017; Højberg, 2018). In this model, nitrate attenuation is simulated when N particles 

cross a redox interface and are assumed to be completely reduced (Hansen et al., 2017). 

The main source of uncertainty in these models is therefore the determination of the flow 

paths, which is derived from geological models, and the depth of the redox interface 

(Hansen et al., 2017).  

 

Another catchment modelling platform is eWater Source, a model developed for water 

resource management in Australia but also used within New Zealand. To test various 

 
1 https://swatplus.gitbook.io/io-docs 
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scenarios with varying rates of AFN, Overseer was integrated with Source to model nitrate 

loads to rivers in the Manawatū catchment of New Zealand (Legarth et al., 2022a). Four 

different scenarios were defined based on their nitrate attenuation potential: no nitrate 

attenuation; uniform nitrate attenuation; spatially variable nitrate attenuation; and 

spatially variable nitrate attenuation applied to different flow pathways. Spatially variable 

nitrate attenuation was classified based on soil texture, soil drainage and geological 

permeability properties after Elwan (2018) and Singh et al. (2017b). The study found that 

when spatially variable nitrogen attenuation is considered, and when applied to both quick 

flow and slow flow pathways from different functional units, the model more accurately 

predicted dissolved inorganic nitrogen loads both on an annual and monthly basis.  

 

Models may also be a hybrid between two types of models. For example, the Simplified 

Contaminant Allocation Model Platform (SCAMP) combines statistical features 

(regression) with some mechanistic applications for contaminant transport (Cox et al., 

2023, 2022). SCAMP is a spreadsheet-based method to assess the effects of different land 

use and contaminant scenarios (from both point and diffuse sources) on water quality 

(Upton, 2024). Nitrogen attenuation coefficients are calibrated to water quality 

monitoring sites (Snelder et al., 2020). 

 

These various modelling methodologies outlined here highlight that subsurface nitrate 

attenuation can be represented in different ways depending on the modelling approach. A 

key distinction lies in the spatial scale at which subsurface nitrate attenuation is currently 

applied: at sub-catchments in nutrient budget or statistical models (Elwan, 2018; Singh et 

al., 2017b; Snelder et al., 2020), and at HRUs in mechanistic models (Avendaño Veas, 

2023; Me et al., 2015),. This raises the challenge of how best to represent subsurface 

nitrate attenuation at scales that reflect natural landscape variability while remaining 

useful for catchment management. To address this challenge, it is necessary to identify 

suitable landscape proxies that can capture the environmental controls on subsurface 

nitrate attenuation (via denitrification) across landscapes. 

 

2.3 Proxies for landscape-scale subsurface nitrate attenuation 

While subsurface denitrification is typically quantified through point-scale measurements 

(Section 2.1.3), estimating subsurface nitrate attenuation across a landscape requires 
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accounting for spatial variability in key environmental factors. Upscaling mapping and 

modelling of subsurface nitrate attenuation from point measurements to landscape scale 

relies on integrating spatial datasets with information on the main landscape influences 

on subsurface nitrate attenuation (via denitrification process) across landscapes. Two 

important proxies are i) soil-hydrobiogeological properties and ii) subsurface redox 

conditions. These are discussed below. 

 

2.3.1 Soil-hydrobiogeological properties 

Although measurements of subsurface denitrification are relatively sparse, studies 

provide insight into how soil-hydrobiogeological properties influence nitrate attenuation 

in subsurface environment. Factors that control the movement and residence time of water 

through subsurface materials, such as permeability and soil drainage, have consistently 

been linked to subsurface denitrification potential, alongside broader lithological 

influences (Jahangir et al., 2013a; Rivas et al., 2020; Wu et al., 2018).  

 

Wu et al. (2018) tested the denitrification potential of a low permeability layer within a 

Beijing aquifer composed primarily of silty clay and compared this with the overlying 

layer composed of primarily medium sand. Using a dual isotope approach coupled with 

an analysis of denitrifier genetic analyses, it was found the low permeability sediments 

attenuated nitrate at about twice the rate of the high permeability sediments. Jahangir et 

al. 2013a) quantified in situ groundwater denitrification beneath two contrasting sites: a 

poorly drained, intensively managed grassland and a well-drained arable system in 

Ireland. Denitrification rates were highest at the bedrock interface under the poorly 

drained grassland, highlighting that low drainage conditions with low dissolved oxygen 

and high organic carbon created hotspots for subsurface nitrate removal. In contrast, the 

well-drained arable site showed generally low denitrification rates, reflecting the 

influence of high dissolved oxygen in limiting nitrate attenuation.  

 

Rivas et al. (2020) examined the denitrification rate among various hydrogeological 

settings in the Manawatū catchment, located in the lower North Island of New Zealand. 

Two of the sites were characterised by stony silt loam or silt loam underlain by loess over 

gravel; and two further sites were characterised by silt and clay loam or sandy loam 

underlain by alluvium. Through single-well push-pull tests and examining denitrifying 
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enzyme activity, the sites characterised by loess over gravels were found to have less 

denitrification potential than those sites underlain by alluvium. Similarly, the drainage 

status of soils within the unsaturated zone may be a predictor for denitrification potential 

in groundwaters. Using a transect of shallow groundwater piezometers in Reporoa Basin, 

located in the Waikato region of New Zealand, Clague et al. (2019) examined 

groundwater denitrification potential and the redox status of the various soil drainage 

characteristics. They found generally reduced groundwater conditions indicating higher 

denitrification potential under imperfectly/poorly drained soils, compared to well-drained 

soils resulting in oxic groundwater with low denitrification potential in the study 

piezometers.  

 

While denitrification has been shown to be an effective process for nitrate removal in a 

range of hydrogeological settings, it is also known not to occur ubiquitously across 

landscapes (Pinay et al., 2015; Seitzinger et al., 2006). To explore the potential 

relationship between certain landscape attributes and nitrate attenuation, comparative 

studies between catchments have been undertaken to demonstrate and highlight the 

influence of underlying soil and rock types (Deakin et al., 2016; McAleer et al., 2017; 

Mellander et al., 2014; Orr et al., 2016).  

 

Deakin et al. (2016) compared the nutrient pathways for two contrasting Irish catchments: 

the Mattock catchment, underlain by poorly drained soils, subsoils and bedrock; and the 

Nuenna catchment, underlain by freely draining soils and subsoils and highly karstified 

limestone. The poorly drained setting of the Mattock catchment resulted in higher 

phosphorus losses per hectare than those in the Nuenna catchment. However, nitrogen 

losses per hectare were approximately 3.5 times greater in Nuenna than in the Mattock 

catchment. Orr et al. (2016) also contrasted the Nuenna catchment with another poorly 

drained Irish catchment, the Glen burn. Here, similar to Deakin et al. (2016), the 

contrasting hydrogeological settings influenced the biogeochemical fate and transport 

processes for nitrogen in a similar way. Nitrification is the dominant process influencing 

nitrogen mobility in the Nuenna catchment, where aquifer transmissivity values are 

higher, whereas denitrification is the dominant process in the lower transmissivity Glen 

Burn catchment (Orr et al., 2016). 
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McAleer et al. (2017) and Mellander et al. (2014) also examined two contrasting Irish 

catchments, an arable catchment primarily characterised by continuous arable crop 

production underlain by slate and silt geology; and a grassland catchment characterised 

by dairy production underlain by sandstone and mudstone geology. Within each 

catchment, hillslopes were instrumented and investigated for their capacity to naturally 

attenuate agriculturally derived nitrate. In this case, the sandstone catchment had 

significantly lower mean groundwater and stream nitrate concentrations than the slate 

catchment despite a higher nitrogen loading rate. The sandstone catchment showed a 43 

% reduction in nitrate from groundwater to stream compared with a 7 % reduction in the 

slate catchment (McAleer et al., 2017). It was thought that the heterogeneity of the 

sandstone, and low permeability at depth, may encourage a longer residence time 

promoting denitrification and reducing nitrate concentrations in near stream zones. It 

suggests there exists a hierarchy of environmental factors (including agronomy, water 

table elevation and permeability) that combine to determine hydrochemical outcomes 

(McAleer et al., 2017). This highlights that there are a range of potential factors, some 

more significant than others, that will determine nitrogen fate. 

 

At the time the nitrogen attenuation factor (AFN) was being developed for the Horizons 

region, the influence of catchment characteristics on the spatial variability of AFN was 

investigated in the Tararua and Rangitīkei catchments (Elwan, 2018). AFN varied spatially 

from 0.14 to 0.94 across the wider catchments’ major sub-catchments. AFN was higher in 

poorly drained soils and mudstones and lower in well-drained soils and gravels. A 

hydrogeologic-based model incorporating soil and rock indices improved predictions of 

river nitrate loads, demonstrating that effective water quality management must consider 

both land use and the subsurface nitrate attenuation capacity of catchments. These results, 

and those outlined above, suggest that denitrification, and subsurface nitrate attenuation, 

are strongly influenced by soil-hydrobiogeological properties. However, another 

important but related factor is subsurface redox conditions.  

 

2.3.2 Subsurface redox conditions 

Redox reactions, or reduction-oxidation reactions, involve the transfer of electrons 

between chemical species. In these reactions, one compound is reduced (electrons are 

gained), while another is oxidised (electrons are lost). Denitrification is a key redox 
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reaction in subsurface environments, but is only one step in a sequence of redox reactions 

that can occur as conditions become increasingly reduced (Korom, 1992; Rivett et al., 

2008). Because dissolved oxygen (DO) is thermodynamically favoured over NO3
- as a 

terminal electron acceptor, denitrification typically occurs after DO is depleted. 

Therefore, a lack of DO becomes an indicator of denitrification potential in the subsurface 

environment. In this thermodynamic sequence, NO3
- reduction is followed by the 

reduction of manganese (IV) (Mn(IV)), ferric iron (Fe(III)) and sulphate (SO4
2-), 

reflecting a progression towards more reducing conditions (Rivett et al., 2008).  

 

Using observations of redox sensitive species, McMahon & Chapelle (2008) developed a 

criteria to assess redox status and processes occurring in groundwater systems. This 

assessment requires commonly analysed water quality parameters to determine whether 

a groundwater sample is oxidised, mixed or reduced. It uses a decision tree-type approach 

to classify groundwater redox status and processes depending on the concentration of 

several parameters, including DO, NO3
--N, dissolved manganese (Mn2+), dissolved iron 

(Fe2+) and SO4
2-. This classification criteria has been widely used (Clague et al., 2019; 

Close et al., 2016; Rivas et al., 2020, 2017; Rosecrans et al., 2017; Stenger et al., 2018) 

and is seen as a valuable method of assigning redox status to groundwater samples. It has 

also been adapted for New Zealand groundwater conditions (Close et al., 2016). 

 

Subsurface redox conditions have also been cited in denitrification studies, drawing a link 

between reduced subsurface conditions and nitrate reduction (Clague et al., 2019; Collins 

et al., 2017; Jahangir et al., 2013a; Rivas et al., 2017, 2020; Stenger et al., 2018). This 

connection has led to recent efforts to map and model subsurface redox conditions in both 

New Zealand and around the world using machine learning methods. Within New 

Zealand, Close et al. (2016) and Wilson et al. (2018) used linear discriminant analysis to 

predict groundwater redox status with a range of predictor variables, including geology, 

topography and soil characteristics in the Waikato, Canterbury and Southland regions. 

This was extended by Wilson et al. (2020) to cover all of New Zealand with redox status 

predictions made for depths of 15 m and 50 m. Elsewhere, similar approaches have been 

undertaken to map and model subsurface redox conditions in Germany (Knoll et al., 

2020), the United States (Rosecrans et al., 2017; Tesoriero et al., 2024, 2015) and 

Denmark (Hansen et al., 2014; Kim et al., 2019; Koch et al., 2019, 2024; Madsen et al., 

2021). 
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Water quality data has mostly been used to model subsurface redox conditions (McMahon 

and Chapelle, 2008), though Kim et al. (2019) points out that upscaling point 

measurement-based redox assessments to catchment-scale is challenging because of 

geological heterogeneity, particularly in the glacial till environments of Denmark. In 

response to this, a 3D ‘redox architecture’ was developed based on geophysical data 

provided by transient electromagnetic resistivity measurements integrated with sediment 

and water chemistry data (Kim et al., 2021, 2019; Madsen et al., 2021). Sediment colour 

was previously used as a binary classification predictor in redox models (Koch et al., 

2019), but subsequently developed into a probabilistic framework for sediment colour-

based redox classification (Kim et al., 2025; Koch et al., 2024). This approach divided 

subsurface redox conditions into three zones (1) an oxic zone with no nitrate reduction; 

(2) an anoxic nitrate-reducing zone; and (3) a reduced zone. These zones will be used in 

a spatially targeted approach to regulating nitrate losses at farm scale in Denmark (Hansen 

et al., 2017; Hansen et al., 2024; Hashemi, et al., 2018).  

 

2.4 Refining landscape-scale subsurface nitrate attenuation 

The aim of this research is to refine estimates of AFN – currently assessed at sub-

catchment scales with limited connection to landscape variability – so they can be applied 

at larger scales that better capture the natural spatial variability of subsurface nitrate 

attenuation. However, considering landscape influences on subsurface redox 

(dentification, as reviewed above), modelling and mapping of subsurface nitrate 

attenuation potential could be potentially refined by adopting landscape units as the 

spatial modelling framework for upscaling proxies of subsurface denitrification potential. 

 

2.4.1 Landscape units 

A landscape unit is broadly defined as a spatial area that exhibits relatively homogeneous 

physical and geographic characteristics (Campos-Campos et al., 2018). In New Zealand, 

no single nationally consistent data set exists that was explicitly designed to represent 

hydrogeological landscape units. Therefore, this study adopts polygons from the New 

Zealand Land Resource Inventory (NZLRI) as a pragmatic spatial framework. The 

NZLRI is a national spatial database developed to support land use planning and erosion 

management in New Zealand. The Land Resource Inventory (LRI) is a method for 
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recording five key land characteristics relating to soils, rock type, slope, presence and 

severity of erosion, and vegetation at a scale of 1:50,000 (Lynn et al., 2009). These five 

physical factors are integrated within the NZLRI alongside derived Land Use Capability 

(LUC) classifications for land management purposes. NZLRI polygons therefore 

represent areas of relatively consistent combinations of those attributes, but were 

originally delineated primarily to support assessments of land use limitations and 

versatility, with a strong emphasis on erosion-related limitations.  

 

NZLRI units are not strictly landform or hydrogeological units, and their delineation 

reflects the requirements of LUC classification rather than the representation of 

subsurface processes such as nutrient attenuation. Furthermore, the information within 

the NZLRI is variable in quality, reflecting the availability of soil surveys at the time of 

mapping. The NZLRI is further supplemented by 16 additional soil properties collectively 

known as the Fundamental Soil Layer (FSL; Barringer et al., 1998; Newsome et al., 

2008). However, it is a derived product that incorporates modelled estimates of soil 

properties and therefore introduces additional uncertainty.  

 

Despite these limitations, NZLRI polygons provide a nationally consistent spatial 

framework that integrates some of the key controls on subsurface processes including 

lithology and soil characteristics. In the absence of an alternative spatial framework, 

NZLRI units are adopted as a practical basis for delineating landscape units that represent 

a generalised approach to subsurface heterogeneity.  

 

Across New Zealand, the NZLRI defines approximately 100,000 polygons, including 

approximately 11,000 in the Horizons region. In this study, these polygons provide the 

spatial framework for upscaling proxies for denitrification potential, specifically soil-

hydrobiogeological properties and subsurface redox conditions.  

 

2.4.2 Linking landscape subsurface nitrate attenuation to targeted 

regulation 

Defining subsurface nitrogen attenuation at the scale of landscape units enables more 

accurate mapping and modelling of spatially variable nitrate attenuation in catchment 

models and freshwater accounting. Landscape-unit-scale estimates not only improve 
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future modelling prospects but also highlight where water quality interventions could be 

most effective, targeting ‘hot spots’ and ‘hot moments’ of nutrient loss. The potential for 

such a spatially targeted approach to regulating agricultural activities is a growing area of 

research in New Zealand (Rissmann et al., 2018; Sarris et al., 2019; Singh and Horne, 

2019; Vogeler et al., 2014) and internationally (David et al., 2015; Hansen et al., 2017, 

2024; Hashemi et al., 2018a, 2018b; Højberg, 2018; Jacobsen and Hansen, 2016; 

Zimmerman et al., 2019). Such detail is not yet available for many sensitive agricultural 

catchments in New Zealand, but adopting a landscape unit approach provides a practical 

framework for targeting mitigation activities based on improved knowledge of nitrogen 

transport and fate dynamics.  

 

2.5 Summary 

Achieving freshwater quality targets will require substantial reductions in nitrogen loads. 

While some progress can be made through improved management of point-source 

discharges, the greatest reductions will come from addressing diffuse nitrogen losses, 

which dominate nutrient inputs in the Horizons region. However, diffuse nitrogen is 

particularly challenging to model because subsurface transport and transformation 

processes vary spatially across catchments.  

 

Denitrification is the primary mechanism for subsurface nitrate attenuation, but it occurs 

unevenly across landscapes due to heterogeneous soil-hydrobiogeological and subsurface 

redox conditions. Although the environmental controls on denitrification are reasonably 

well understood, their spatial and temporal expression remains highly uncertain. 

Measurement challenges and limited representative data sets add to this uncertainty. As 

a result, current estimates of subsurface nitrate attenuation remain coarse and do not 

adequately reflect underlying environmental heterogeneity. While process-based and 

statistical models offer useful insights, they are often constrained by high data 

requirements and limitations in resolving spatial variability at catchment scales. 

 

A potential alternative involves upscaling point-scale understanding of denitrification 

using environmental proxies that better capture spatial variability. Soil-

hydrobiogeological properties and subsurface redox conditions are two particularly 

important controls on denitrification potential and are more widely available than direct 
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measurements of surface denitrification. Integrating these proxies within a landscape unit 

framework provides a practical means of refining subsurface nitrate attenuation estimates 

at a scale that better reflects natural spatial variability, rather than relying on sub-

catchment scale averages derived from nutrient mass balance approaches.  

 

Such an approach has the potential to improve the representation of subsurface nitrate 

attenuation dynamics within catchment-scale water quality models, support more robust 

testing of land use scenarios, and enable more targeted management of diffuse nitrogen 

losses. Linking subsurface nitrate attenuation to landscape units provides an opportunity 

to target regulation at scales consistent with natural processes, potentially improving both 

scientific accuracy and management outcomes.  

 

2.6 Detailed research objectives 

The literature highlights the need for improved representation of spatial variability in 

subsurface nitrate attenuation, particularly through the integration of landscape-scale 

controls such as soil properties, lithology and subsurface redox conditions. While 

process-based catchment models (e.g. SWAT+, MIKE SHE, eWater Source) provide 

detailed representations of nitrogen transport and transformation, they are typically highly 

data intensive, requiring extensive information on hydrological processes, subsurface 

properties and land management across large spatial extents. Such data are often 

unavailable or uncertain at the scale required for regional nitrogen modelling. 

Consequently, there is a need for alternative approaches that can represent subsurface 

nitrogen attenuation processes at appropriate spatial scales using available data.  

 

To address this gap, this thesis addresses the following detailed research objectives: 

i) Compile and analyse a national groundwater redox data set to assess the 

distribution and representativeness of subsurface redox conditions across 

landscape attributes; 

ii) Develop a predictive modelling approach for landscape unit subsurface 

redox conditions using landscape-scale variables; 

iii) Integrate landscape unit subsurface redox predictions with soil and 

lithological information to develop a Landscape Subsurface Nitrate-

Attenuation Index (LSNAI); 
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iv) Evaluate LSNAI classifications using field-based observations of soil redox 

conditions across selected sites; and 

v) Parameterise LSNAI categories for use within an export coefficient 

modelling framework and assess its effectiveness for predicting instream 

nitrogen loads. 
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Chapter 3: Assessment of spatial variability and 

temporal stability of groundwater redox conditions 

in New Zealand 
 

Brief introduction for thesis 

This chapter collates a national groundwater redox dataset from New Zealand regional 

councils and evaluates its frequency and distribution in relation to soil-hydrogeological 

attributes. Understanding the spatial variability of subsurface redox conditions is essential 

for interpreting subsurface nitrate attenuation dynamics in agricultural catchments. The 

resulting dataset provides the foundation for predicting landscape unit scale subsurface 

redox conditions in the Horizons region (Chapter 4). 

 

This chapter has been published as: 

Collins, S.B., Singh, R., Mead, S.R., Horne, D.J., Roygard, J.K.F., 2025b. Assessment of 

spatial variability and temporal stability of groundwater redox conditions in New 

Zealand. Environ. Monit. Assess. 197, 58. https://doi.org/10.1007/s10661-024-

13427-y 
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3.1 Abstract 

Mitigating the impacts of agricultural nutrients (nitrogen and phosphorus) on water 

quality requires a clear understanding of their transport pathways and transformation 

processes from land to receiving waters. For nitrate, which is subject to subsurface 

denitrification, it is therefore important to assess the spatial variability and temporal 

stability of groundwater redox conditions, as nitrate reduction typically occurs in reducing 

conditions. This paper presents a robust assessment of a large groundwater quality data 

set collected across New Zealand landscapes; develops methods to impute missing 

groundwater redox-sensitive variables; and characterises the spatial variability and 

temporal stability of groundwater redox conditions against relevant landscape 

hydrogeochemical characteristics. Random forest and extreme gradient boosting 

(XGBoost) outperformed linear regression in predicting missing Mn2+ values, achieving 

higher accuracy (R2 > 0.8) and lower error (RMSE < 0.2 mg/L). Analysis of groundwater 

redox conditions highlights considerable spatial variability, particularly influenced by 

subsurface geology (rock types) and soil characteristics such as soil carbon and drainage 

across various hydrogeological settings. Our findings also reveal a higher prevalence of 

oxidised redox status in shallower groundwater and greater temporal stability in oxidised 

conditions across New Zealand landscapes. These insights have significant implications 

for targeted management strategies to reduce nitrate losses from farming activities, 

particularly in oxidised, shallow groundwater across different hydrogeological land units.  

 

3.2 Introduction 

The robust management of freshwater quality requires an accurate assessment of nutrient 

losses and their critical source areas in a catchment (Anderson et al., 2014a; Guo et al., 

2022; Wang et al., 2018). However, quantification of catchment nitrogen loads, necessary 

for freshwater accounting under New Zealand’s National Policy Statement for Freshwater 

Management 2020 (Ministry for the Environment, 2024), is generally compromised by 

the poor quantification of, and uncertainty in, subsurface nitrate reduction, or 

‘attenuation’ (Destouni et al., 2006; Hasler et al., 2019; Keller et al., 2014; Snelder et al., 

2020). As nitrate is leached from the root zone, it is exposed to a range of biogeochemical 

conditions that may cause it to be attenuated in situ along groundwater flow paths (Welch 

et al., 2011; Zhu et al., 2019). To overcome this challenge, rates of subsurface nitrate 
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attenuation need to be refined at landscape scale, due to the variability at which nitrate 

attenuation is typically observed (Blicher-Mathiesen et al., 2014; Elwan et al., 2015). 

 

The primary pathway for subsurface nitrate attenuation is denitrification, the microbially-

mediated removal of nitrate to gaseous forms of nitrogen (Korom, 1992; Rivett et al., 

2008). Evidence of denitrification in New Zealand groundwaters has been reported in 

various studies (Burbery, 2018), however, direct measurements of it are sparse. In 

addition, direct measurements of subsurface denitrification tend to be complicated and 

time-consuming to perform and discrete measurements may not reflect the pattern of 

nitrate attenuation across different hydrogeological settings in agricultural landscapes 

(Pinay et al., 2015; Seitzinger et al., 2006; Vidon et al., 2010). This leads to the challenge 

of matching discrete direct observations of subsurface denitrification to wider water 

quality considerations at catchment-scale (Seitzinger et al., 2006). 

 

As groundwater redox conditions have a strong connection to denitrification in 

groundwater, they can be used as a proxy to map and model nitrate attenuation potential 

at the catchment-scale (Clague et al., 2019; Collins et al., 2017; Rivas et al., 2020, 2017, 

p. 201; Stenger et al., 2018). The reduction of nitrate (NO3
-) to gaseous forms of nitrogen 

(predominately dinitrogen; N2) only occurs in favourable redox conditions in 

groundwaters (Rivett et al., 2008). Within this context, dissolved oxygen (DO; O2) is 

preferentially oxidised with dissolved organic carbon as it is the most energetically 

favourable to aerobic bacteria (Rivett et al., 2008). However, once DO is depleted, nitrate 

becomes energetically favourable to a range of anaerobic bacteria. Several studies have 

demonstrated the connection between reduced groundwater conditions and denitrification 

in New Zealand (Clague et al., 2019; Collins et al., 2017; Rivas et al., 2020, 2017; Stenger 

et al., 2018), and internationally (Böhlke et al., 2002; Højberg et al., 2017; Jahangir et al., 

2013b; Puckett and Cowdery, 2002; Stuart, 2018; Welch et al., 2011). In addition, there 

is growing evidence that subsurface denitrification and redox conditions are strongly 

influenced by landscape characteristics such as soil drainage (Clague et al., 2019; Rivas 

et al., 2020; Wu et al., 2018) but comparatively little is known about the temporal stability 

of redox conditions in groundwater and so it will be important to identify any variability 

with time before using redox as a proxy for denitrification in groundwaters. Therefore, a 

robust assessment of the spatial variability and temporal stability of groundwater redox 

conditions and their relationships with landscape characteristics have the potential to 
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inform mapping and modelling of subsurface denitrification, and therefore nitrate 

attenuation potential, across agricultural catchments. 

 

The spatial variability and temporal stability of groundwater redox conditions with 

respect to key hydrogeochemical characteristics across New Zealand landscapes was 

investigated. The existing groundwater data obtained from 15 regions of New Zealand 

was collated and analysed. Groundwater redox is assessed based on groundwater water 

quality data, using a combination of key redox species parameters including DO, nitrate-

nitrogen (NO3
--N), dissolved manganese (Mn2+), dissolved iron (Fe2+) and sulphate 

(SO4
2-) (McMahon and Chapelle, 2008). However, groundwater quality data often feature 

missing observations of redox species data, conceding the ability to make groundwater 

redox assessments for some groundwater quality data. To help increase the utility of 

existing groundwater data, we developed and applied a novel data imputation method to 

fill the data gaps and increase the number of groundwater redox assessments able to be 

made. The aims of this study were to develop and evaluate new data imputation methods 

to help increase the number of groundwater redox assessments; assess the spatial 

variability of groundwater redox conditions across a wide variety of landscape types; and 

assess the temporal stability of groundwater redox conditions. 

 

3.3 Data and methods 

3.3.1 Study area 

New Zealand is a geologically and volcanically active archipelago, consisting of two main 

islands (the North Island and the South Island) and hundreds of others. Its geologically 

active nature is due to its position on the boundary between the Pacific and Australian 

tectonic plates, causing high rates of uplift and exposing basement geology in many 

regions (King, 2000; Mortimer, 2004). Related tectonic processes such as erosion, 

subsidence, deposition, volcanism and climate fluctuations have all contributed to 

shaping New Zealand’s groundwater resources. These groundwater resources have been 

mapped as hydrogeological units at 1:250,000 scale, based on geological and 

hydrogeological data, and classified as aquifer, aquitard, aquiclude or basement (Figure 

3.1; White et al., 2019). The ‘aquifer’ units are generally of Quaternary age and are 

derived from sediments associated with alluvial fans rising from the axial ranges in both 

the North and South islands (White et al., 2019). Extensive ignimbrite deposits in the 
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central North Island associated with Quaternary volcanism have also formed important 

aquifers (White et al., 2019). These areas typically host the most intensive land uses in 

New Zealand, such as dairy farming, cropping and vegetable production. Complex 

groundwater flow pathways and recharge dynamics in New Zealand aquifers complicate 

our understanding of nutrient transport and attenuation, including groundwater redox 

conditions (Collins et al., 2017; Morgenstern et al., 2019, 2017; Singh et al., 2019; Wells 

et al., 2016). 

 

 

 

Figure 3.1: The main hydrogeological units of New Zealand, ranging from aquifers, 

aquitard, aquiclude and basement (White et al., 2019). Reproduced with 

permission from Springer Nature. 
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3.3.2 Data provenance and summary 

Regional councils in New Zealand undertake environmental monitoring, including 

quarterly groundwater monitoring, across their regions. To compile a data set for this 

study, groundwater quality (hydrochemical) data was obtained from all 15 regional 

councils for the dates between 1 January 1990 and 31 December 2019. Because of this 

long period of time, and the involvement of 15 different regional councils, it is expected 

that some aspects of groundwater monitoring programmes would be different from 

council to council or would have changed over time. While a degree of consistency has 

been achieved in recent years, including the implementation of a quality coding system 

for environmental data (Milne, 2019), the legacy of different agencies collecting 

environmental data means different laboratory analysis methods have been employed, as 

well as different sampling methods, field equipment, sampling protocols, and the suite of 

parameters analysed. We have made no effort to verify consistency in the data collection 

methods/protocols used or summarise differences in data collection methods or assess 

their comparability over time. There are therefore some limitations to this data set. 

However, we have implemented data pre-processing measures, as follows, and in the 

following order: 

• Any negative DO values converted to zero; 

• zeros replaced with the most common censored value for that parameter (e.g. < 0.005 

mg/L); 

• censored data assigned a value of 1/√2 of the detection limit (Finkelstein and Verma, 

2001); and 

• values greater than the 99th percentile for each parameter were removed as outliers. 

 

These pre-processing measures resulted in a collation of 85,162 groundwater data points 

(individual rows/samples) with measurements of a range of groundwater quality 

parameters, including redox species, for more than 30 years in diverse hydrogeological 

settings across New Zealand landscapes (Table 3.1). Nitrate-N is the most common 

parameter represented in the data set. Nitrate-N has been of particular interest to regional 

councils and water resource managers in recent decades as a signal of land use effects on 

water quality (Bekesi, 1999; McLarin et al., 1999). The other common variables observed 

are chloride, sulphate and ammoniacal-N (Table 3.1). Only 25% of the collated data 

points had records of all five redox relevant observations of DO, NO3
--N, Mn2+, Fe2+ and 

SO4
2-. Of these, measurements of DO, Mn2+ and Fe2+ had the most missing values, as they 

were absent in over half of the records. 
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Table 3.1: Summary of hydrochemistry data collected by New Zealand regional 

councils as part of their groundwater monitoring programmes 1990-

2019. Outliers are those above the 99th percentile (p99) and have been 

removed from the data set. Reproduced with permission from Springer 

Nature. 

Measurement Unit n Max p99 Median Min n Outliers 

Nitrate-N mg/L 66,996 520.00 25.00 2.10 <0.01 639 

Chloride mg/L 64,764 16,500.00 370.00 14.00 0.04 638 

Sulphate mg/L 58,398 8211.00 100.00 7.40 <0.01 582 

Ammoniacal-N mg/L 53,876 2,100.00 7.70 0.01 <0.01 535 

Dissolved Na mg/L 45,311 7,000.00 340.00 14.00 0.07 443 

Dissolved Ca mg/L 44,266 2,300.00 134.00 16.20 0.01 436 

Dissolved Mg mg/L 43,605 900.00 39.60 5.10 <0.01 437 

Dissolved K mg/L 42,730 610.00 24.00 1.50 0.01 427 

Total Alkalinity mg/L CaCO3 42,588 6,600.00 882.00 54.00 <0.01 425 

Dissolved Fe mg/L 40,041 450.59 15.00 0.02 <0.01 391 

Dissolved Mn mg/L 38,278 23.00 1.70 0.01 <0.01 371 

Dissolved Oxygen mg/L 37,115 665.00 11.85 5.60 0.01 371 

Dissolved Reactive Phosphorus mg/L 35,777 1,840.00 1.74 0.02 <0.01 357 

Dissolved Silica mg/L SiO2 33,845 472.00 92.00 18.40 0.01 322 

 

3.3.3 Imputation of missing Mn2+ variables 

Assessing groundwater redox conditions requires a range of hydrochemistry data. 

McMahon and Chapelle (2008) first devised a classification scheme to describe the redox 

status of principal aquifers in the United States: their scheme requires values of DO, NO3
-

-N, Mn2+, Fe2+ and SO4
2-. In New Zealand, McMahon and Chapelle's (2008) classification 

was modified for local conditions by Close et al. (2016) using only measurements of DO, 

NO3
--N, Mn2+. Both classifications are vulnerable to missing data. In this case, a sample 

may be classified as ‘Indeterminate’. Due to the differences among regional councils as 

to collected data, missing values are a feature of this collated groundwater quality data 

set, limiting the potential number of groundwater monitoring sites that could be classified. 

Mn2+ was the focus for imputation because it more strongly reflects background soil and 

geological conditions, rather than those that are more directly influenced by land use 

(NO3
--N) or processes highest in the redox sequence (DO). 

 

A three-step process was undertaken to impute missing Mn2+ values. First, a subset of the 

data was identified that would be used for imputation. While there were many missing 
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Mn2+ values in the data set (Table 3.1), it was not possible to attempt to impute them all. 

Machine learning models are themselves vulnerable to missing data and require 

appropriate strategies to handle them. There are several methods available to do this, but 

a common strategy is to simply remove rows or columns with missing data. Therefore, it 

was necessary to identify a subset from the data set with as many non-missing variables 

as possible for which to train a model to predict missing Mn2+ values. This subset was 

known as the imputation data set. 

 

Second, the imputation data set was grouped into six clusters, referred to as 

hydrochemical facies, to reflect the natural variation in New Zealand’s groundwater 

(Daughney and Reeves, 2005). We applied k-means clustering (Kanungo et al., 2002) to 

the predictor variables to identify the six facies. 

 

Third, we trained and evaluated three different models – linear regression, random forest 

(Breiman, 2001) and extreme gradient boosting (XGBoost; Chen and Guestrin, 2016) – 

for each hydrochemical facies identified in the imputation data set. In addition, we created 

a single group with no facies (i.e. the entire imputation data set) to compare with the six 

facies. Data in each facies was split into training and testing sets (50/50 split) with 10 

cross-validation folds generated from the training data sets for model training purposes. 

R2 and root mean square error (RMSE) results were observed and compared between the 

trained model results before selecting the model with the best scores. Finally, the testing 

data set was used to compare the R2 results for each facies of the selected model. Only 

facies with R2 > 0.8 were used for Mn2+ imputation.  

 

All data analysis was carried out in R (R Core Team, 2022; v. 4.2.2) with predictive 

analysis undertaken with Tidymodels (Kuhn and Wickham, 2020; v. 1.1.1). 

 

3.3.4 Groundwater redox classification 

As described, after imputing missing Mn2+ values, the redox classification scheme by 

Close et al. (2016) was used to classify New Zealand’s groundwater data. This 

classification, developed for New Zealand conditions, classifies groundwater data based 

on certain thresholds (DO < 1.0 mg/L; NO3
--N < 0.5 mg/L; Mn2+ > 0.05 mg/L), into one 

of three redox states: ‘Oxidised’, ‘Mixed’, or ‘Reduced’. If a sample is out of the range 
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of these thresholds, or does not contain the necessary variables, it is classified as 

‘Indeterminate’.  

 

3.3.5 Spatial variability of groundwater redox conditions 

A geographical dataset of landscape attributes and landscape unit boundaries is obtained 

from the New Zealand Land Resource Inventory (NZLRI; Newsome et al., 2008). The 

NZLRI is an inventory of five physical factors, mapped at a scale of 1:50,000, that are 

understood to characterise land use capability in New Zealand. In addition, the NZLRI is 

supplemented with an interpreted data set known as the Fundamental Soils Layer (FSL), 

containing data on additional soil attributes. Together, these geographical data sets 

provide around 100,000 polygons (landscape units) across New Zealand. Fourteen 

attributes have been selected from the NZLRI and the FSL to represent the landscape 

characteristics that are potentially related to redox processes in the subsurface 

environment (e.g. Clague et al., 2019; Rivas et al., 2020; Wu et al., 2018). These include 

top rock; base rock; slope; carbon content; gravel content; soil drainage; permeability; 

profile available water (PAW); pH; cation exchange capacity (CEC); phosphate retention; 

plant rooting depth; flood class; and macroporosity (Newsome et al., 2008).  

 

Top rock and base rock are derivations of rock type in the NZLRI. Top rock is the first-

named entire rock type, irrespective of any succeeding stratigraphy and can have several 

lithology expressions depending on the dominance of the rock types in a single polygon 

unit. Base rock is the single value that identifies the principal basement lithology 

(Newsome et al., 2008). In this study, these have been merged as ‘top rock over base 

rock’ and reclassified as ‘Rock type’. Where top rock and base rock are the same, just the 

single attribute is described (e.g. ‘Greywacke over Greywacke’ becomes ‘Greywacke’) 

and where they are distinct both attributes have been retained (e.g. ‘Loess over 

Alluvium’). In addition, for both top rock and base rock, the various ash deposits have 

been reclassified as ‘volcanic ash’, and along with other kinds of volcanic deposits, these 

have been reclassified as ‘volcanic deposits’. This helped reduce and simplify the number 

of geographical variables for rock type. 

 

Slope refers to a physiographic area of relatively homogeneous average relief and 

includes eight classes. It is derived from stereo aerial photograph interpretation and field 
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verification and allows up to two slope expressions within a single polygon (Newsome et 

al., 2008). In this study, just the first/dominant named slope attribute class has been 

retained (e.g. ‘Flat to gently undulating’). The eight classes have also been collapsed into 

four classes: Flat (Flat to gently undulating, Undulating); Rolling; Easy hill (Strongly 

rolling, Moderately steep); and Steep hill (Steep, Very steep, Precipitous). Descriptions 

of slope are not necessarily uniform across the polygon/landscape unit e.g. there may be 

areas of flatter relief such as a toe slope in a steep slope class. Permeability refers to the 

rate at which water moves through saturated soil and includes three classes, ‘Slow’, 

‘Medium’ and ‘Rapid’, of which multiple combinations are possible in layered soils 

(Clayden and Webb, 1994). In this study, just the first named permeability attribute class 

has been retained (e.g. ‘Slow’). The remaining attributes of carbon content; gravel; soil 

drainage; PAW; pH; CEC; phosphate retention; plant rooting depth; flood class; and 

macroporosity have been retained as they were outlined in (Newsome et al., 2008) and 

are further described there. In all cases, unrelated classifications within these attributes 

e.g., lakes, estuaries, towns/cities, have been classified as ‘Not specified’. 

 

3.3.6 Temporal stability of groundwater redox conditions 

While landscape characteristics, such as those outlined above, do not generally change, 

seasonal variation in groundwater recharge and flow rates could affect the supply of 

redox-sensitive variables such as DO as could the leaching of NO3
--N and dissolved 

organic carbon from the soil profile (Ki et al., 2015; Zhu et al., 2019). Fluctuations in 

these inputs could affect the temporal stability of groundwater redox conditions in the 

subsurface environment. To investigate this further, groundwater sites with more than ten 

redox assessments were categorised according to their dominant redox status, as follows: 

• Groundwater redox stable ≥ 90 % of the time 

• Groundwater redox stable 80-89 % of the time 

• Groundwater redox stable 70-79 % of the time 

• Groundwater redox stable 60-69 % of the time 

• Groundwater redox stable 50-69 % of the time 

 

For example, if a site had 25 redox assessments and 21 of them are oxidised, then 

groundwater redox is stable 80-89 % of the time.  
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3.4 Results and discussion 

3.4.1 Imputation of missing Mn2+ variables  

The imputation data set consisted of 38,182 rows containing Ca2+, Mg2+, K+, Na+ and Cl- 

and 8,634 missing Mn2+ values (Figure 3.2). This filtered data set was used to impute the 

missing Mn2+ values, using the associated hydrochemistry variables as predictors. 

Correlation plots of these predictor variables are found in Appendix A.  

 

 

Figure 3.2: Imputation data set featuring a subset of 38,182 rows containing 8,634 

missing Mn2+ values and non-missing predictor variables consisting of 

Ca2+, Mg2+, K+, Na+ and Cl-. Reproduced with permission from Springer 

Nature. 

  

Clustering the imputation data set into six hydrochemical facies (based only on the 

predictor variables of Ca2+, Mg2+, K+, Na+ and Cl-), created distinct groups with a range 

of Mn2+ concentrations (Table 3.2). Facies 2, 3, 4 and 6 have higher mean concentrations 

of Mn2+, potentially indicating that these represent more reduced groundwater, while 

facies 1 and 5 may represent more oxidising groundwater because of their lower mean 

Mn2+ concentrations (McMahon and Chapelle, 2008). These two facies are notably larger 

and represent more than 80% of the imputation data set (Table 3.2).  
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Table 3.2: Facies generated from the imputation data set by k-means clustering. 

Mean concentrations are shown for each variable. Reproduced with 

permission from Springer Nature. 

Facies Mn2+ 

(mg/L) 

Ca2+ 

(mg/L) 

Mg2+ 

(mg/L) 

K+ 

(mg/L) 

Na+ 

(mg/L) 

Cl- 

(mg/L) 

n n Mn2+ 

missing 

1 0.03 12.66 3.79 1.53 9.44 7.67 19,589 4,772 

2 0.34 38.31 19.45 5.09 157.56 220.03 382 94 

3 0.25 72.00 11.33 3.46 32.25 40.67 2,175 346 

4 0.37 38.78 11.82 3.86 83.74 108.73 1,175 182 

5 0.10 22.80 7.45 2.39 18.52 19.76 11,715 2,736 

6 0.29 19.98 8.16 3.03 42.95 45.63 3,146 504 

Total • • • • • • 38,182 8,634 

 

For each model, the cross-validation folds were used for training and evaluation of each 

facies, including a ‘no facies’ group. Figure 3.3 and Figure 3.4 outline the mean R2 and 

mean RMSE scores, respectively, for each model. Mean here refers to the average across 

the 10 cross-validation folds. R2 and RMSE results were generally better for random forest 

and XGBoost compared to linear regression. The linear regression R2 scores were 

consistently lower than the other models and did not achieve more than 0.5, except for 

facies 2. In addition, the RMSE scores were consistently higher for the linear model than 

those obtained by the other models. The performance of random forest was slightly better 

than XGBoost and has therefore been used for imputation of Mn2+ missing values.  

 

 

Figure 3.3: R2 scores for each facies for the prediction of Mn2+ by linear regression, 

random forest and XGBoost models. NF refers to 'no facies'. Resampled 

data from the training data set has been used. Reproduced with 

permission from Springer Nature. 
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Figure 3.4: RMSE scores for each facies for the prediction of Mn2+ by linear 

regression, random forest and XGBoost models. NF refers to 'no facies'. 

Resampled data from the training data set has been used. Reproduced 

with permission from Springer Nature. 

 

With random forest selected as the imputation algorithm, the model is fit to the testing 

data to compare observed Mn2+ with predicted Mn2+. Some of the models performed 

better than others, with facies 3, 4 and 6 achieving R2 scores of > 0.8 (Figure 3.5). These 

facies had a relatively higher concentration of mean Mn2+, indicating they are likely from 

zones of reduced groundwater (Table 3.2). For the remaining facies, particularly 1 and 5, 

the models seemed to under-predict Mn2+. These are relatively large facies (Table 3.2) 

and had a lower mean Mn2+ concentration, potentially indicating they are from more 

oxidised groundwater zones. In the absence of any hydrochemical facies (Figure 3.6), R2 

is > 0.8 overall, but under-predictions of Mn2+ are more likely compared to facies 3, 4 

and 6. In all, the 1,032 missing Mn2+ values from facies with R2 > 0.8 (3, 4 and 6) were 

able to be reliably imputed from the imputation data set out of a possible 8,634 (Figure 

3.2, Table 3.2). Imputed data from these facies had a RMSE of < 0.2 mg/L (Figure 3.4). 

The mean Mn2+ concentration of facies 3, 4 and 6 is above the redox threshold for Mn2+ 

even with this error (Table 3.2), indicating errors in imputation will have little effect on 

redox classification.  

 



 

44 

  

 

Figure 3.5: R2 results for each random forest facies. Testing data has been used. The 

black line is the 1:1 line and the blue line is the regression line. 

Reproduced with permission from Springer Nature. 
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Figure 3.6: R2 results for random forest where facies were not defined. Testing data 

has been used. The black line is the 1:1 line and the blue line is the 

regression line. Reproduced with permission from Springer Nature. 

 

3.4.2 Groundwater redox classification 

Table 3.3 summarises the redox assignments, made using the collated data set, with Close 

et al.'s (2016) classification criteria, and those made with the addition of imputed Mn2+ 

values. Most of the redox assignments are oxidised, followed by reduced and mixed. 

However, by including imputed Mn2+ values, the number of oxidised assignments slightly 

decreases while the number of mixed and reduced assignments increased by 

approximately 5 %. This is primarily because hydrochemical facies that had a higher 

mean Mn2+ concentration (Table 3.2) had a higher R2 result and were therefore included 

for imputation. The imputation of missing Mn2+ values in the collated data set has helped 

classify otherwise indeterminate groundwater quality data, increasing the number of 

reduced samples in the data set. The physical distribution of these data demonstrates a 

strong bias towards the ‘Aquifer’ and ‘Aquitard’ hydrogeological units across New 

Zealand (Figure 3.7). 

 

Table 3.3: Number of groundwater redox classifications determined with Close et 

al.'s (2016) redox classification before and after the inclusion of imputed 

Mn2+ values. Reproduced with permission from Springer Nature. 

Redox status n with Close et al. (2016) n with Close et al. (2016) and imputed Mn2+ 

Oxidised 23,628 23,507 



 

46 

  

Mixed 3,943 4,169 

Reduced 6,102 6,429 

Indeterminate 51,489 51,057 

Total 85,162 85,162 

 

 

Figure 3.7: Physical location of groundwater redox classifications (derived from 

groundwater quality samples) across New Zealand.  
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The number of bores available for classification has increased steadily over the 30-year 

period from 1990 to 2019 (Figure 3.8), particularly since 2000. Although this growth has 

occurred over all three groundwater redox classes, oxidised groundwater has seen the 

largest growth in the New Zealand data set. This may reflect the fact that most 

groundwater in New Zealand aquifers is of a more oxidised nature, or it could reflect a 

bias in the location of bores in New Zealand (Figure 3.7). Existing groundwater 

production wells are installed in porous aquifer materials (such as gravels) that allow for 

higher rates of land surface recharge and groundwater flows, generally found in oxidised 

groundwater conditions. Furthermore, the existing groundwater data is sourced from 

wells that are in flat (78%), alluvial (60%) areas, which represent only 15% and 14% of 

agricultural landscapes across New Zealand (Section 3.4.3).  

 

 

Figure 3.8: Number of groundwater redox classifications (derived from 

groundwater quality samples) made over a period of 30 years (1990-

2019) across New Zealand. Reproduced with permission from Springer 

Nature. 

  

Most of the available redox data has been sourced from bores < 50 m deep, with 

comparatively very few data points beyond 100 m (Figure 3.9). This limitation in 

available data notwithstanding, it appears that groundwater less than approximately 40 m 



 

48 

  

deep is typically oxidised, highlighting the vulnerability of shallow groundwater to land 

use effects and the leaching of nitrate from the root zone. This depth of 40 m is arbitrary 

and is based on the relative distribution of redox status across depth (Figure 3.9). At 

depths beyond 40 m, the proportion of reduced groundwater increases, though not 

consistently, likely due to low sample numbers at these depths (Figure 3.9). The 

proportion of reduced groundwater increases in deeper bores, to around 50 %. Where 

groundwater is reduced, it is thought that deeper groundwater may provide the 

opportunity for denitrification to occur in aquifers because of the longer residence time 

(Severe et al., 2023).  

 

 

Figure 3.9: Relative distribution of groundwater redox status (derived from 

groundwater quality samples) per depth across New Zealand. The 

number of samples is shown at the top of each bin. Reproduced with 

permission from Springer Nature. 

 

3.4.3 Spatial variability of groundwater redox conditions 

The national distribution of each attribute (e.g. mudstone) from each landscape 

characteristic (e.g. Rock type) was compared with the proportion of redox data that has 

been observed for those attributes (Table 3.4). This illustrates how representative an 

attribute is among the entire New Zealand redox data set. The relative distribution of each 
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attribute was also shown for each redox status, i.e. oxidised, mixed, reduced, 

demonstrating how the mix of landscape attributes changes with redox status.  

 

For Rock type (Table 3.4), groundwater redox data was under-represented for greywacke; 

metamorphic rocks; sandstone; mudstone; igneous rocks; volcanic ash over greywacke; 

argillite; volcanic ash over sandstone; conglomerate; loess over sandstone; alluvium over 

greywacke; and volcanic ash over mudstone across New Zealand landscapes. However, 

together, these rock type areas make up around 60 % of the total area nationally but were 

represented by only about 1 % of the groundwater redox data. Alternatively, the 

groundwater redox data was well- or over-represented for alluvium; volcanic deposits; 

volcanic ash; loess over alluvium; unconsolidated sediments; windblown sands; gravels; 

and loess over gravels. These rock types make up about 26 % of the total area nationally 

but were represented by 87 % of the groundwater redox data. Among the different rock 

types, differences in the distribution of redox status can also be observed. Some rock 

types are strongly oxidising, such as alluvium, volcanic/igneous deposits, and volcanic 

ash deposits, while others are more strongly reducing such as mudstone or windblown 

sands. Sandstone also offers a useful example of how redox status can change depending 

on what overlies it. Where Loess over Sandstone occurs, it was typically strongly 

reducing, however where Volcanic ash over Sandstone occurs it was rather more 

oxidising (Table 3.4). These findings may reflect the impact that geology has on 

groundwater residence times and the promotion of reducing conditions (Fenton et al., 

2011, 2009; McAleer et al., 2017). 

 

Gravel class is broadly split between those landscape units characterised as non-gravelly 

and those having some degree of gravel within them, ranging from slightly gravelly to 

extremely gravelly (Table 3.4). The groundwater redox data was roughly in proportion to 

the gravel classes at a national scale, with non-gravelly areas having a smaller proportion 

of the oxidised groundwater data and a larger proportion of the reduced groundwater 

redox data, as compared with all other sites with a gravel content.  

 

Table 3.4: Distribution of groundwater redox data among rock types and gravel 

classes in New Zealand. Reproduced with permission from Springer 

Nature. 
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 NZ distribution 

(%) 

Redox data 

(%) 

Oxidised 

(%) 

Mixed 

(%) 

Reduced 

(%) 

Rock type (Top rock over Base rock) 

Greywacke 17.4 0.2 23.6 70.9 5.5 

Metamorphic rocks 14.2 0.0 NA NA NA 

Alluvium 14.1 59.4 72.4 11.5 16 

Sandstone 9.0 0.4 40.6 12 47.4 

Other 5.3 0.3 44.6 18.8 36.6 

Mudstone 4.9 0.1 45.3 3.8 50.9 

Volcanic deposits 4.3 6.1 74.0 14.6 11.4 

Igneous rocks 3.7 0.1 88.0 4.0 8.0 

Not specified 3.6 6.0 54.1 15.1 30.8 

Volcanic ash over Volcanic deposits 3.1 0.9 90.6 5.2 4.2 

Volcanic ash 2.5 3.3 71.1 12.8 16.1 

Argillite 2.3 0.0 NA NA NA 

Volcanic ash over Greywacke 1.9 0.1 73.9 21.7 4.3 

Loess over Alluvium 1.8 3.8 69.6 13.5 16.9 

Volcanic ash over Sandstone 1.6 0.1 84.8 15.2 NA 

Unconsolidated sediments 1.5 3.3 58.8 12.1 29.1 

Conglomerate 1.3 0.0 NA NA NA 

Loess over Sandstone 1.0 0.1 4.4 22.2 73.3 

Windblown sands 1.0 5.0 39.6 15.9 44.5 

Alluvium over Greywacke 0.9 0.0 NA NA NA 

Volcanic ash over Mudstone 0.9 0.0 NA NA NA 

Loess over Greywacke 0.8 0.1 51.7 31 17.2 

Limestone 0.7 0.1 93.3 3.3 3.3 

Gravels 0.6 5.2 57.3 15.7 27.0 

Volcanic ash over Unconsolidated sediments 0.6 0.2 48.1 22.2 29.6 

Loess 0.5 0.9 76.1 6.7 17.3 

Loess over Gravels 0.5 1.3 41.7 29.0 29.2 

Total 100.0 97.0 • • • 

Gravel Class 

Non-gravelly 66.0 67.4 61.4 15 23.5 

Slightly gravelly 18.7 7.6 81.6 7.9 10.5 

Moderately gravelly 8.3 9.9 86.0 8.2 5.8 

Very gravelly 1.2 9.1 84.5 6.0 9.5 

Not specified 5.6 6.0 54.1 15.1 30.8 

Extremely gravelly 0.2 NA NA NA NA 

Total 100.0 100.0 • • • 

 

The New Zealand LRI Slope class includes eight primary classifications that have here 

been reclassed into four categories, ranging from flat and rolling to easy hill and steep 

hill (Table 3.5). In New Zealand, hill country has been defined as those slopes > 15° 
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(Kemp and Lopez, 2016) covering the easy hill and steep hill classes. The groundwater 

redox data was primarily concentrated on flat reliefs (87.1 %) compared to its national 

coverage of only 22.4 % of New Zealand’s landscapes. This is due to groundwater being 

more accessible in these areas. The rolling slope category makes up a further 4.2 % of the 

groundwater redox data against its national coverage of around 8.5 %. The remaining 

slope classes (Easy hill and Steep hill) make up around 65 % of the national area coverage 

but were represented by only 3 % of the groundwater redox data. Interestingly, between 

the Flat and the Rolling classes, where most the redox data is contained, there was a 

decrease in the incidence of oxidised groundwater and an increase in reduced, however 

this trend reverses in hill country (Easy hill) where oxidised becomes the majority class 

again.  

 

Table 3.5: Distribution of groundwater redox data among slope classes in New 

Zealand. Reproduced with permission from Springer Nature. 

 NZ distribution 

(%) 

Redox data 

(%) 

Oxidised 

(%) 

Mixed 

(%) 

Reduced 

(%) 

Slope class 

Flat (0-7°) 22.4 87.1 69.5 12.5 18 

Rolling (8-15°) 8.5 4.2 40.8 17.4 41.8 

Easy hill (16-25°) 26.8 2.5 61.6 12.4 26.0 

Steep hill (>25°) 38.7 0.3 39.2 43.3 17.5 

Not specified 3.6 6.0 54.1 15.1 30.8 

Total 100.0 100.1 • • • 

 

Flood class relates to the exposure a landscape unit has to flooding events with categories 

ranging from Nil to Very severe (Table 3.6). Those flood classes with some flood 

exposure risk (Slight to Very severe) had a higher proportion of redox data than their New 

Zealand distribution. A trend was apparent where the proportion of oxidised groundwater 

decreases, while the proportion of reduced groundwater increases, as flood class moves 

from Nil to Very severe. As riparian zones are hotspots for denitrification (Hill, 1990; 

McPhillips et al., 2015; Vidon and Hill, 2004), this could explain why the Severe and 

Very severe flood classes had the highest incidence of reduced groundwater. 

 

Table 3.6: Distribution of groundwater redox data among flood class intervals in 

New Zealand. Reproduced with permission from Springer Nature. 
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 NZ distribution 

(%) 

Redox data 

(%) 

Oxidised 

(%) 

Mixed 

(%) 

Reduced 

(%) 

Flood class 

Nil 87.2 67.0 73.1 10.9 16.0 

Slight 4.2 17.1 68.3 16.3 15.4 

Moderate 1.3 5.7 27.1 23.1 49.8 

Moderately severe 1.1 1.9 69.9 11.3 18.8 

Severe 0.3 1.1 19.2 15.0 65.8 

Very severe 0.3 1.1 6.9 23.9 69.2 

Not specified 5.6 6.0 54.1 15.1 30.8 

Total 100.0 99.9 • • • 

 

The soil chemical attributes of carbon class, phosphate retention, CEC class and pH class 

were reasonably well represented in the groundwater redox data (Table 3.7; Appendix B). 

Soil carbon content is considered to be an important requirement for subsurface 

denitrification, acting as the electron donor in heterotrophic denitrification (Rivett et al., 

2008). Interestingly, between the low and very high soil carbon classes, the proportion of 

the oxidised groundwater redox samples decreased, while the proportion of reduced 

groundwater redox samples increased, reinforcing the importance of soil carbon to 

denitrification processes in the subsurface environment (Korom, 1992; Rivett et al., 2008; 

Xu and Li, 2024). The very low category, however, reversed this trend and was potentially 

an outlier. Similarly, the CEC class exhibited the same trend with an increase in the 

incidence of oxidised groundwater as the CEC class moves from Very high to Low. The 

Very low category was also an exception to the general trend and may be an outlier. The 

opposite trend emerged for phosphate retention where the proportion of oxidised 

groundwater decreases as the phosphate retention class moves from very high to very 

low, though the high class appeared also to be an outlier to this trend. Phosphorus losses 

have been found to be higher under reducing conditions than oxidising conditions 

(Shaheen et al., 2021), a trend which was observed in the phosphate retention data if the 

high class was considered an outlier (Appendix B). pH class does not exhibit any trend 

over the entire range, however, as pH class moves from Moderately low to Very low the 

incidence of oxidised groundwater decreases while reduced groundwater increased.  

 

Table 3.7: Distribution of groundwater redox data among soil chemical and physical 

attributes in New Zealand. Reproduced with permission from Springer 

Nature. 
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 NZ distribution 

(%) 

Redox data 

(%) 

Oxidised 

(%) 

Mixed 

(%) 

Reduced 

(%) 

Carbon class 

Very high 1.4 0.7 30.4 16.2 53.5 

High 7.0 2.3 50.7 20.7 28.6 

Medium 46.7 38.1 65.4 13.0 21.7 

Low 35.2 47.3 74.2 11.3 14.5 

Very low 4.1 5.5 43.3 21.8 34.9 

Not specified 5.6 6.0 54.1 15.1 30.8 

Total 100.0 99.9 • • • 

pH class 

High 0.2 0.2 76.7 11.7 11.7 

Moderately high 2.9 7.6 49.7 17.6 32.6 

Near neutral 18.4 31.4 70.2 13.9 15.9 

Moderately low 29.5 39.6 74.9 11.7 13.4 

Low 26.5 13.5 55.4 11.4 33.2 

Very low 16.9 1.8 43.4 9.7 46.9 

Not specified 5.6 6.0 54.1 15.1 30.8 

Total 100.0 100.1 • • • 

Drainage class 

Very poor 1.3 1.5 44.0 15.0 41.0 

Poor 4.8 14.5 33.2 19.6 47.2 

Imperfect 14.5 9.1 63.1 15.6 21.3 

Moderately well 20.3 17.0 77.4 9.7 13.0 

Well 53.5 52.0 76.0 11.4 12.6 

Not specified 5.6 6.0 54.1 15.1 30.8 

Total 100.0 100.1 • • • 

Permeability class 

Slow 3.3 6.4 23.9 22.4 53.7 

Moderate 78.9 67.9 73.8 11.8 14.4 

Rapid 11.2 18.8 63.0 13.3 23.7 

Not specified 6.5 6.9 51.6 15.1 33.3 

Total 99.9 100.0 • • • 

 

Groundwater redox data was also reasonably well spread among soil physical attributes 

including soil drainage, plant rooting depth, permeability, profile available water and 

macroporosity (Table 3.7; Appendix B). At a national scale, most landscape units in New 

Zealand were characterised as well-drained soils and the groundwater redox data was 

highly associated with drainage class. The highest proportion of oxidised groundwater 

redox samples were associated with moderately well and well-drained soil classes, and 

the highest proportion of reduced groundwater redox samples were associated with the 

very poor and poor soil drainage classes. Drainage class is thought to be important to 
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denitrification due to how dissolved oxygen diffuses through the soil profile (Burbery, 

2018; Clague et al., 2019; Wu et al., 2018). Infiltration and recharge occur at a faster rate 

in well-drained soils, such as those underlain by gravel and coarse alluvium, which leads 

to oxidised conditions (Deakin et al., 2016; Orr et al., 2016). Some exceptions may exist 

such as coastal sandy soils with shallow groundwater levels upwelling from regional 

groundwater flow (Thomas, 2017). Similar associations appeared for soil permeability in 

the data where the slow permeability class was dominated by reduced groundwater; and 

for soil macroporosity where the proportion of oxidised samples reduced from high to 

low classes (Table 3.7). Drainage class, soil permeability and macroporosity may also 

reflect the dynamics explored in the rock type discussion, perhaps lengthening residence 

times and promoting reducing conditions. The Slow permeability class exhibited the 

lowest incidence of oxidised groundwater, and the highest incidence of reduced 

groundwater, compared to the Moderate and Rapid classes. Similarly, for macroporosity, 

as the classes move from High to Low, the incidence of oxidised groundwater decreased 

while the incidence of reduced groundwater increased. Similar trends were not able to be 

identified for plant rooting depth or profile available water (Appendix B).  

 

3.4.4 Temporal stability of groundwater redox conditions 

The redox assessment for individual monitoring sites with ten or more groundwater 

quality sample results was categorised according to the stability of redox status over time 

(Table 3.8). Most of the oxidised sites remained stable ≥ 90 % of the time, and only 4 % 

of the sites were stable for 50 % to 70 % of the time. There were fewer sites overall 

assessed as being mixed or reduced (Table 3.3), however, compared with the oxidised 

sites there was less stability for the mixed and reduced data overall. Only a minority of 

the mixed and reduced redox sites were stable ≥ 90 % of the time, compared with the 

other classes. As reflected in Figure 3.9, the oxidised sites are, on average, shallower 

depth bores than the reduced sites. Redox stability reduced at increasing depth for 

oxidised groundwater, while no such trend was apparent for reduced groundwater, 

showing a reasonably consistent depth with reducing redox stability (Table 3.8).  

 

Table 3.8: Groundwater redox stability over time. Groundwater sites with more 

than 10 redox results have been categorised based on their stability over 

time. Mean and median bore depths are also shown. Reproduced with 

permission from Springer Nature. 
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Redox stability n Bore depth (m) 

  Mean Median 

Oxidised ≥ 90% 552 27.6 17.0 

Oxidised 80-89% 63 19.3 9.4 

Oxidised 70-79% 31 28.1 23.0 

Oxidised 60-69% 15 23.7 10.0 

Oxidised 50-59% 10 88.1 44.1 

Mixed ≥ 90% 21 12.6 10.5 

Mixed 80-89% 11 21.2 15.0 

Mixed 70-79% 14 31.3 17.4 

Mixed 60-69% 23 33.7 18.0 

Mixed 50-59% 15 16.8 12.0 

Reduced ≥ 90% 51 52.3 44.6 

Reduced 80-89% 42 43.8 32.8 

Reduced 70-79% 35 46.1 31.8 

Reduced 60-69% 25 60.1 48.5 

Reduced 50-59% 24 46.9 43.5 

 

These findings may reflect groundwater recharge dynamics, where oxygenated sources 

of recharge displaces or mixes with groundwater as it moves through the unsaturated 

zone. Due to contact with the atmosphere, oxygen is supplied to groundwater via river 

losses or by precipitation (Morgenstern et al., 2017; Rosen and White, 2001; Scott, 2015). 

Studies in managed aquifer recharge demonstrate how redox conditions can cause a 

change in water quality and the overall redox status of groundwater depending on the 

state of the existing water and the recharge water (Barbieri et al., 2011; Seibert et al., 

2016). Where oxygenated recharge water comes into contact with already oxidised 

groundwater there may be no change to the overall chemistry of the receiving water, 

however where the groundwater is reduced the oxygenated recharge water may cause the 

precipitation of solids due to redox changes (Barbieri et al., 2011; Hübner et al., 2022; 

Seibert et al., 2016). The results of this study (Table 3.8) suggest that the mixed and 

reduced groundwaters were less stable groundwater types compared to the oxidised 

groundwater. However, it is unknown what accounts for this difference but could be due 

to groundwater recharge dynamics specific in individual catchments.  

 

3.5 Conclusion 

This study presents an assessment of the spatial variability and temporal stability of 

groundwater redox conditions across New Zealand. Groundwater redox status was highly 
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spatially variable among landscape characteristics. While the redox data were primarily 

sourced from a few rock types, variations in redox status distribution were observed. Rock 

types such as alluvium, limestone, volcanic/igneous deposits, and volcanic ash deposits 

were primarily associated with oxidising groundwaters, whereas rock types such as 

mudstone or windblown sands were more often associated with reducing conditions. 

Coarse-textured, free-draining soils over gravels with low soil carbon content were 

mostly found in flat landscapes with rapid soil drainage, where groundwater redox status 

was predominantly oxidised. Although these areas represent a small proportion of New 

Zealand’s total area, they are hugely important to agriculture. In contrast, soil types with 

poor drainage, slow permeability and low microporosity were more likely to exhibit 

reduced groundwater redox status. Moreover, most the oxidised redox sites demonstrated 

stability ≥ 90 % of the time, whereas only a minority of the mixed and reduced sites 

exhibited this level of stability. While oxidised sites were, on average, shallower than 

reduced sites, redox stability decreased with depth for oxidised groundwater, a trend not 

observed in reduced groundwater. This spatial and temporal variability in subsurface 

redox conditions may significantly influence the transformation and transfer of nitrate 

from farming activities across different hydrogeological land units, impacting water 

quality in receiving waters. 
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Chapter 4: Modelling and mapping of subsurface 

nitrate-attenuation index in agricultural landscapes 
 

Brief introduction for thesis 

This chapter develops a spatial framework known as the Landscape Subsurface Nitrate-

Attenuation Index (LSNAI). Building on the dataset from Chapter 3, a machine learning 

model is trained to predict landscape unit subsurface redox conditions. These predictions 

are then combined with rock type and soil drainage attributes in an unsupervised 

classification to map five LSNAI categories, ranging from Very Low to Very High 

subsurface nitrate attenuation potential. 

 

This chapter has been published as: 

Collins, S.B., Singh, R., Mead, S.R., Horne, D.J., 2025a. Modelling and mapping of 

subsurface nitrate-attenuation index in agricultural landscapes. J. Environ. 

Manage. 384, 125628. https://doi.org/10.1016/j.jenvman.2025.125628 

 

This graphical abstract was also published with the article: 
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4.1 Abstract 

Environmental management of nutrient losses from agricultural lands is required to 

reduce their potential impacts on the quality of groundwater and eutrophication of surface 

waters in agricultural landscapes. However, accurate accounting and management of 

nitrogen losses relies on a robust modelling of nitrogen leaching and its potential 

attenuation – specifically, the reduction of nitrate to gaseous forms of nitrogen – in 

subsurface flow pathways. Subsurface denitrification is a key process in potential nitrate 

attenuation, but the spatial and temporal dynamics of where and when it occurs remain 

poorly understood, especially at catchment-scale. In this paper, a novel Landscape 

Subsurface Nitrate-Attenuation Index (LSNAI) is developed to map spatially variable 

subsurface nitrate attenuation potential of diverse landscape units across the Manawatū-

Whanganui region of New Zealand. A large dataset of groundwater quality across New 

Zealand was collated and analysed to assess spatial and temporal variability of 

groundwater redox status (based on dissolved oxygen, nitrate and dissolved manganese) 

across different hydrogeological settings. The Extreme Gradient Boosting algorithm was 

used to predict landscape unit subsurface redox status by integrating the nationwide 

groundwater redox status data set with various landscape characteristics. Applying the 

hierarchical clustering analysis and unsupervised classification techniques, the LSNAI 

was then developed to identify and map five landscape subsurface nitrate attenuation 

potential classes, varying from very low to very high potential, based on the predicted 

groundwater redox status probabilities and identified soil drainage and rock type as key 

influencing landscape characteristics. Accuracy of the LSNAI mapping was further 

investigated and validated using a set of independent observations of groundwater quality 

and redox assessments in shallow groundwaters in the study area. This highlights the 

potential for further research in up-scaling mapping and modelling of landscape 

subsurface nitrate attenuation index to accurately account for spatial variability in 

subsurface nitrate attenuation potential in modelling and assessment of water quality 

management measures at catchment-scale in agricultural landscapes.  

 

4.2 Introduction 

Around the world, the need to provide food and fibre to growing populations has led to 

the intensification of agricultural land (Alexander et al., 2015; Fróna et al., 2019; Godfray 

and Garnett, 2014; Tscharntke et al., 2012). This has subsequently led to an increase in 
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the leaching and runoff of agriculturally-sourced nutrients to receiving waters, causing 

eutrophication and related environmental and human-health issues (Keatley et al., 2011; 

Savage et al., 2010; Withers et al., 2014). Inorganic nitrogen is a readily available nutrient 

for algae/periphyton growth in streams and rivers, posing potential toxicity effects to 

aquatic life, and degrading drinking water quality supplies posing risks to human health. 

Nitrate is generally the main form of inorganic nitrogen leached to groundwaters and in 

streams and rivers (Dymond et al., 2013; Mcdowell et al., 2009). In New Zealand, the 

National Policy Statement for Freshwater Management has been developed to reduce 

nutrient losses and meet water quality objectives on a regional basis (Ministry for the 

Environment, 2024). As a response, various good management practices and land use 

scenarios need to be modelled to help assess where and how nitrate losses from 

agricultural lands are to be reduced or managed at catchment-scale. However, due to 

varying rates of potential nitrate attenuation ‘reduction’ in subsurface environments, it is 

difficult to accurately model these scenarios (Elwan, 2018; Singh et al., 2017b; Snelder 

et al., 2020). To overcome these challenges, new knowledge and tools to map and model 

spatially variable subsurface nitrate attenuation capacities at landscape unit scale are 

required for the development of targeted and effective mitigation strategies for nitrate 

losses from agricultural lands. 

 

Nitrate’s transport and fate in the subsurface is strongly influenced by landscape 

characteristics such as soil type, underlying geology and groundwater chemistry (Elwan, 

2018; Jahangir et al., 2012; McAleer et al., 2017; Orr et al., 2016; Rivas et al., 2017). In 

this study, these landscape characteristics are referred to as landscape factors, which can 

be mapped to assess their potential influence on nitrate attenuation in the subsurface 

environment. Denitrification, where nitrate is transformed to gaseous forms of nitrogen 

under favourable conditions (Korom, 1992; Rivett et al., 2008), is usually the primary 

pathway for nitrate attenuation in subsurface flow pathways (Clague et al., 2019; Clague 

et al., 2015; Collins et al., 2017; Jahangir et al., 2013a; Rivas et al., 2020, 2017). However, 

field-based measurements of subsurface denitrification are complicated, conducted 

infrequently, and limited to only a few regions with a narrow range of soil and rock type 

combinations (Burbery, 2018). This lack of relevant data makes it difficult to correlate 

subsurface denitrification potential with the natural variability of landscape 

characteristics, posing a practical challenge for predicting and mapping landscape 

subsurface nitrate attenuation potential.  
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To gain the spatial reach that subsurface denitrification data lacks, groundwater redox 

conditions have been used as a proxy for nitrate attenuation potential because of 

observations of subsurface dentification in reduced groundwater conditions (Clague et 

al., 2019; Collins et al., 2017; Rivas et al., 2020, 2017; Stenger et al., 2018). With the 

availability of extensive data sets including those for groundwater quality, soil, and 

geology, variability of groundwater redox conditions have been mapped in New Zealand 

and elsewhere (Close et al., 2016; Knoll et al., 2020; Koch et al., 2024, 2019; Rosecrans 

et al., 2017; Sarris et al., 2019; Tesoriero et al., 2024, 2015; Wilson et al., 2020, 2018). 

While the international research effort has been focused on identifying the depth of the 

subsurface redox interface (Hansen et al., 2014; Koch et al., 2019; Tesoriero et al., 2015), 

the focus in New Zealand has been on assessment of spatial variability of groundwater 

redox states and the depth at which they occur (Close et al., 2016; Wilson et al., 2020, 

2018). In particular, efforts have been focused on reducing selection bias in the 

groundwater data (Wilson et al., 2020) and reducing uncertainty in assessment of 

groundwater redox status across different landscapes (Sarris et al., 2024).  

 

However, a robust management of water quality measures require tools to estimate and 

reduce nitrate fluxes in different flow pathways from agricultural lands at catchment-

scale. While methods have been developed and refined to estimate catchment-scale 

nitrogen loads (Fraser, 2021; Snelder et al., 2020, 2017), the gap that currently exists is a 

robust assessment and effective accounting of subsurface nitrate attenuation in New 

Zealand catchments (Singh et al., 2017a; Snelder et al., 2020). Accounting of subsurface 

nitrate attenuation can inform both farm- and catchment-scale land use decisions and 

implementation of targeted water quality measures. However, further research is required 

to develop practical tools for a robust assessment and accounting of subsurface nitrate 

attenuation potential at catchment-scale that can accurately represent estimation and 

reduction of nitrate loads to streams and rivers in agricultural landscapes.  

 

This paper aimed to review and further develop a Landscape Subsurface Nitrate-

Attenuation Index (LSNAI) to map subsurface nitrate attenuation potential of diverse 

hydrogeological settings across the Manawatū-Whanganui region, located in the lower 

North Island of New Zealand. It defines LSNAI and presents a novel methodology for 

analysing and integrating landscape hydrogeological variability, groundwater redox 
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assessments, and on-farm shallow groundwater observations to predict and validate a 

regional-scale LSNAI map of different landscape units across the study area. Whereas 

previous studies predicting New Zealand groundwater redox conditions have employed 

linear discriminant analysis (Close et al., 2016; Wilson et al., 2018), or tested a range of 

machine learning algorithms (Friedel et al., 2020), this study evaluates and applies 

extreme gradient boosting (XGBoost) to predict groundwater redox status (Chen and 

Guestrin, 2016). XGBoost is a flexible algorithm which is increasingly being used in 

hydrological studies (Niazkar et al., 2024; Ransom et al., 2022). This study develops a 

novel modelling approach, integrating applications of machine learning (XGBoost) and 

unsupervised classification techniques, to classify and map spatially variable subsurface 

nitrate attenuation potential of different landscape units. A robust approach is taken to 

validating predictions by using field-scale measurements of shallow groundwater 

denitrification and redox data to independently verify landscape unit subsurface redox 

classifications. Finally, the landscape unit subsurface redox predictions and key landscape 

factors learned from the model training process are used to classify and map landscape 

units into groups of relatively high to low subsurface nitrate attenuation potential classes. 

The study provides new insights into the spatial variability of landscape factors’ potential 

influences on subsurface nitrate attenuation and its transport pathways from agricultural 

lands to receiving waters in diverse hydrogeological landscapes. It generates new 

information and knowledge to further develop accurate catchment-scale water quality 

models to robustly quantify potential impacts of various land use scenarios and 

management practices for targeted and effective water quality measures across 

agricultural landscapes.  

 

4.3 Data and methods 

4.3.1 Study area 

This study focused as a case study on the Manawatū-Whanganui region of New Zealand, 

also known as the Horizons region (Figure 4.1). The region covers 22,215 km2 (2,221,500 

ha) and is characterised by several large river catchments that discharge into the Tasman 

Sea on the west coast (Figure 4.1a). Local geology ranges from Mesozoic-age basement 

greywacke exposed in the southern part of the region; an abundance of unconsolidated 

Plio-Pleistocene-age deposits throughout; and volcanic deposits in the north (Figure 4.1b; 

Begg et al., 2005). The Manawatū catchment is divided by two mountain ranges, known 
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as the Ruahine and Tararua ranges, with the river flowing east to west through a narrow 

gorge, known as the Manawatū Gorge (Figure 4.1a, Figure 4.1b). These two mountain 

ranges are formed by greywacke bedrock, shown in Figure 4.1b, with Ruahine in the north 

and Tararua in the south.  

 

Groundwater resources are limited to two distinct basins that have developed either side 

of the Ruahine and Tararua ranges (Figure 4.1c). On the eastern side, unconsolidated 

gravel and sand within the main river valleys, which rest on Tertiary-age mudstone, forms 

the main groundwater resource across Tararua valleys in the Manawatū catchment 

(Zarour, 2008). The groundwater resources on the western side are part of the Whanganui 

Basin, a deep sedimentary basin characterised by marine and alluvial deposits (Carter and 

Naish, 1998). Groundwater recharge and discharge dynamics also differ between these 

basins. On the eastern side, rainfall recharge infiltrates quickly into the shallow aquifer 

and discharges into the local rivers making for relatively short groundwater mean 

residence times (Morgenstern et al., 2017). Groundwater recharge is thought to reach 

much deeper depths on the western side, with groundwater discharging at the coastal 

margin into shallower groundwater and springs due to an upwards vertical hydraulic 

gradient (Thomas, 2017). Groundwater mean residence times are also significantly longer 

on the western side (Morgenstern et al., 2017). However, in most cases, groundwater 

abstraction is associated with Late Quaternary deposits (Zarour, 2008).  

 

Land use ranges from native forest/conservation land and low intensity farming in steep 

and hill country areas, to intensive agriculture such as dairy farming and cropping on the 

river plains and coastal areas (Figure 4.1d). Soils in the region are primarily considered 

well-drained (Newsome et al., 2008), though drainage characteristics are highly 

dependent on a soil’s landscape position (Cowie et al., 1967; Cowie and Rijkse, 1977). A 

unique feature of the region is the sand dune formations on the region’s west coast that 

have developed over the late Holocene. A major component of these dune formations is 

the titanomagnetite-rich ironsands that have been deposited along the coast by onshore 

winds, the source of which is erosion of andesitic volcanic rocks of nearby Taranaki 

volcanoes, located north-west of the Horizons region (Brathwaite et al., 2017).  
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Figure 4.1: Maps of a) the main river catchments, b) geological types (GNS Science, 

2012), c) hydrogeological units (White et al., 2019) and d) land uses 

(Herzig et al., 2020) across the Manawatū-Whanganui region of New 

Zealand, also known as the Horizons region. 

 

4.3.2 Groundwater redox assessments and landscape characteristics 

Collins et al. (2025) collated and analysed a comprehensive groundwater data set 

collected over the 30-year period from 1990 to 2019 across 15 regions of New Zealand. 

These data were collected primarily from domestic/drinking water wells, farm supply and 

irrigation wells, or monitoring wells. The groundwater samples were sourced from a 

range of depths, with most groundwater samples taken from depths of 50 m or less 

(Collins et al., 2025b). The groundwater quality data were classified into groundwater 

redox status as per the groundwater redox classification by Close et al. (2016), which was 
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modified from McMahon and Chapelle (2008) for New Zealand conditions. It classifies 

groundwater redox status based on the thresholds of dissolved oxygen (DO) < 1.0 mg/L; 

nitrate-nitrogen (NO3
--N) < 0.5 mg/L; and dissolved manganese (Mn2+) > 0.05 mg/L 

(Close et al., 2016; Collins et al., 2025b). The collated groundwater dataset included some 

missing Mn2+ values (an important redox variable), which were imputed using locally-

developed random forest regression models between observations of Mn2+ and Ca2+, 

Mg2+, K+, Na+ and Cl- values in the groundwater dataset (Collins et al., 2025b). Across 

the study area, shallow groundwater was classified predominantly oxidised, whereas the 

reduced groundwater conditions were assessed more frequently at greater depths (Collins 

et al., 2025b). Refer to Collins et al. (2025b; Chapter 3) for further details on the 

assessment of the collated groundwater quality dataset and its application for assessing 

the spatial variability and temporal stability of groundwater redox conditions across New 

Zealand regions. The collated national-scale groundwater data set resulted in 34,098 

individual groundwater redox assessments from 3,764 wells across New Zealand, of 

which 1,242 groundwater redox assessments were located across the Horizons region 

from 227 wells. Table 4.1 summarises the basic statistics associated with the classification 

of the national-scale groundwater data set into either an oxidised, mixed or reduced 

category (Collins et al., 2025b). Oxidised groundwater is the majority category and 

typically has higher mean and median DO and NO3
--N concentrations, while reduced 

groundwater has higher mean and median dissolved Mn2+ and Fe2+ concentrations. This 

pattern conforms to the general understanding of subsurface redox conditions (Rivett et 

al., 2008).  

 

Table 4.1: A summary of New Zealand groundwater quality data as per their redox 

status. 

Redox 

Status 

n Parameter Mean Median Min Max Standard 

deviation 

Oxidised 23,504 

DO (mg/L) 6.58 6.90 1.00 11.85 2.42 

NO3
--N (mg/L) 4.90 3.80 <0.01 25.00 4.47 

Mn2+ (mg/L) 0.01 <0.01 <0.01 0.05 0.01 

Fe2+ (mg/L) 0.05 0.01 <0.01 8.20 0.18 

SO4
2- (mg/L) 12.13 9.20 0.01 100.00 11.00 

Mixed 4171 

DO (mg/L) 2.27 1.15 0.01 11.64 2.50 

NO3
--N (mg/L) 1.79 0.20 <0.01 25.00 3.49 

Mn2+ (mg/L) 0.26 0.10 <0.01 1.70 0.35 

Fe2+ (mg/L) 1.01 0.11 <0.01 15.00 2.20 

SO4
2- (mg/L) 14.09 8.00 0.01 100.00 18.73 
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Reduced 6423 

DO (mg/L) 0.21 0.15 0.01 0.99 0.20 

NO3
--N (mg/L) 0.04 0.01 <0.01 0.50 0.08 

Mn2+ (mg/L) 0.44 0.27 0.05 1.70 0.41 

Fe2+ (mg/L) 2.53 1.20 <0.01 15.00 3.16 

SO4
2- (mg/L) 7.53 2.60 0.01 99.90 12.96 

 

Within the Horizons region, groundwater redox data was sourced from a depth of 2 m to 

235 m (Table 4.2). Like the national data set, these data were collected from groundwater 

wells primarily used for domestic/drinking water, farm or industrial use. The groundwater 

data were collected from 1990, though particularly from 2000 when the frequency and 

coverage of groundwater monitoring increased in the study region. Oxidised groundwater 

was, on average, assessed at shallower depths, compared to more mixed or reduced 

groundwater assessed at relatively deeper groundwater depths (Table 4.2).  

 

Table 4.2: A summary of depth of groundwater wells, in metres below ground level, 

from which groundwater redox data was sourced from within the 

Horizons region. p25 and p75 refer to the 25th and 75th percentile. 

Redox Status n Min (m) p25 (m) Median (m) Mean (m) p75 (m) Max (m) 

Oxidised 548 2.0 10.5 17.0 19.3 22.3 135 

Mixed 134 2.0 10.6 27.0 45.9 68.6 134 

Reduced 560 2.6 18.0 30.3 49.5 68.6 235 

 

A geographical dataset of landscape attributes and landscape unit boundaries was 

obtained from the New Zealand Land Resource Inventory (NZLRI; Newsome et al., 

2008). The NZLRI is an inventory of five physical factors, soil, rock type, slope, presence 

and severity of erosion, and vegetation, mapped at a scale of 1:50,000, that drive land use 

capability mapping in New Zealand (Lynn et al., 2009). In addition, the NZLRI is 

supplemented with 16 additional soil properties collectively known as the Fundamental 

Soil Layers (FSL; Barringer et al., 1998; Newsome et al., 2008). Together, these 

geographical data sets provide around 100,000 polygons (landscape units) across New 

Zealand featuring a range of landscape attributes.  

 

In this study, a total of fourteen attributes were selected from the NZLRI and the FSL to 

represent landscape characteristics, potentially related to redox processes in the 

subsurface environment (Collins et al., 2025b). These include top rock, base rock, slope, 

carbon content, gravel content, soil drainage, permeability, profile available water 
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(PAW), pH, cation exchange capacity (CEC), phosphorus retention, plant rooting depth, 

flood class, and macroporosity. Each groundwater observation was spatially linked to the 

landscape polygon (i.e. landscape unit) in which the well was located, and the values of 

the corresponding landscape attributes were assigned accordingly. A complete list of 

these variables and their categories can be found in the supplementary data file.  

 

In the NZLRI (Newsome et al., 2008), the top rock and base rock are derivations of rock 

type mapped across the landscape. Top rock is the first-named entire rock type, 

irrespective of any underlying stratigraphy and can have several lithology expressions 

depending on the dominance of the rock types in a single polygon unit. Base rock is the 

single value that identifies the principal basement lithology (Newsome et al., 2008). In 

this study, these have been merged as ‘top rock over base rock’ and reclassified as ‘Rock 

type’. Where top rock and base rock are the same, just the single attribute is described 

(e.g. ‘Greywacke over Greywacke’ becomes ‘Greywacke’) and where they are distinct, 

both attributes have been retained (e.g. ‘Loess over Alluvium’). In addition, for both top 

rock and base rock types, the various ash deposits have been reclassified as ‘volcanic 

ash’. Other kinds of volcanic deposits that are not ash have been reclassified as ‘volcanic 

deposits’. This helped reduce and simplify the number of variables for rock type. 

 

Slope, which has eight classes, refers to a physiographic area of relatively homogeneous 

average relief. It is derived from stereo aerial photograph interpretation and field 

verification and allows up to two slope expressions within a single polygon (Newsome et 

al., 2008). In this study, just the first/dominant named slope attribute class has been 

retained (e.g. ‘Moderately steep + Steep’ becomes ‘Moderately steep’). Permeability 

refers to the rate at which water moves through saturated soil and includes three classes, 

‘Slow’, ‘Medium’ and ‘Rapid’, of which multiple combinations are possible in layered 

soils (Clayden and Webb, 1994). In this study, just the first named permeability attribute 

class has been retained (e.g. ‘Moderate/Rapid’ becomes ‘Moderate’). The remaining 

attributes of carbon content; gravel; soil drainage; PAW; pH; CEC; phosphorus retention; 

potential rooting depth; flood class; and macroporosity have been retained as they are 

described in (Newsome et al., 2008). In all cases, unrelated categories within these 

variables e.g., lakes, estuaries, towns/cities, have been classified as ‘Not specified’. 
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New Zealand’s groundwater redox data is unevenly distributed among some landscape 

variables (Collins et al., 2025; Chapter 3). For example, groundwater redox data was 

reasonably well distributed among the different categories of carbon class, soil drainage 

class and permeability class. However, it was somewhat more unevenly distributed 

among some rock type categories. Alluvium, gravels and windblown sands were over-

represented in the groundwater redox data set (relative to their New Zealand distribution), 

while sandstone and mudstone were under-represented. This tends to reflect the 

hydrogeological conditions where groundwater can be accessed, primarily those areas 

characterised by alluvium, gravels and windblown sands (Zarour, 2008). 

 

4.3.3 Prediction of landscape unit subsurface redox status 

The collated groundwater redox status and landscape factors were modelled to predict 

and map the subsurface nitrate attenuation potential of landscape units across the study 

area. The model predictions do not consider any potential for nitrate attenuation in the 

soil profile, unsaturated zone, riparian or in-stream environments of the landscape. 

However, the groundwater redox status is used as a proxy of the landscape subsurface 

redox status and nitrate attenuation potential, as observed by field studies in New Zealand 

landscapes and elsewhere (Clague et al., 2019; Collins et al., 2017; Jahangir et al., 2013a; 

Kruisdijk et al., 2022; Rivas et al., 2020, 2017; Steiness et al., 2021; Yang et al., 2023).  

 

The groundwater redox classification by Close et al. (2016) included a ‘mixed’ status, 

however in this study only the probability of a landscape unit being classified as either 

‘oxidised’ or ‘reduced’ in its subsurface environment was predicted for classification and 

mapping. The mixed groundwater redox status is characterised by relatively high values 

across all the redox-related hydrochemistry variables (Table 4.1), making its implication 

somewhat unclear for assessment of landscape subsurface nitrate attenuation potential of 

a landscape unit.  

 

The collated national-scale groundwater redox data set (Collins et al., 2025b; Chapter 3) 

and associated landscape attributes were used to train and test an XGBoost model that 

predicted a landscape unit’s subsurface redox status probability as either oxidised or 

reduced. The XGBoost model training data set consisted of point-level groundwater redox 

status observations distributed across New Zealand (classified as oxidised or reduced) 
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(Collins et al., 2025b), which were used as the response variable alongside landscape-

level predictors such as rock type, soil drainage and carbon classes. While only areas with 

groundwater redox observations available were included in the training data set, the 

trained model was applied to predict the subsurface redox status of all ~11,000 landscape 

units within the Horizons region, including those without direct groundwater redox data. 

This approach uses the relationships learned by the XGBoost model in the training 

datasets to generate robust predictions of subsurface redox status in areas lacking direct 

groundwater observations.  

 

The XGBoost algorithm was used to predict landscape unit redox status probabilities for 

the Horizons region, i.e. P(Oxidised) and P(Reduced). The XGBoost algorithm is an 

ensemble tree-based machine learning method that is widely used for supervised learning 

tasks such as regression and classification (Niazkar et al., 2024). It is based on gradient 

boosting, whereby subsequent trees are trained to correct the errors of their predecessors. 

However, XGBoost incorporates several additional features such as regularisation and 

tree pruning to mitigate overfitting (Niazkar et al., 2024). XGBoost has been used in a 

number of groundwater and water quality studies, from predicting river nitrate 

concentrations (Dorado-Guerra et al., 2022; Xie et al., 2024), groundwater nitrate and 

manganese concentrations (Bedi et al., 2020; Collins et al., 2025b; DeSimone and 

Ransom, 2021; Ransom et al., 2022), to assessing the occurrence of edge of field runoff 

(Hu et al., 2021). Although boosted regression trees have been used to predict 

groundwater redox conditions previously (DeSimone et al., 2020), using XGBoost for 

such a task is a recent development (Koch et al., 2024).  

 

The national data set were first partitioned into training and testing data sets (75/25 split) 

with groundwater redox status stratified to ensure an even spread between the two data 

sets. A 10-fold cross-validation data set was created from the training data set for the 

model’s hyperparameter tuning. Several data pre-processing steps were necessary prior 

to training. First, infrequent categories were collapsed for the Rock type variable, as there 

were dozens of individual attributes within this variable. Attributes that featured less than 

0.5% of the total number of landscape units were collapsed to ‘other’. The remaining 

landscape variables (e.g. Soil drainage class, CEC class) had relatively few individual 

categories that did not require collapsing (Table 3.4; Table 3.5; Table 3.6; Table 3.7; and 

Table B.1). Second, as XGBoost requires the creation of dummy variables (Kuhn and 
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Silge, 2022), all categorical variables were converted into numerical data with one-hot 

encoding. Finally, predictor variables with zero variance were removed and the now-

numeric data was also centred and scaled. 

 

The model’s performance was evaluated using sensitivity, specificity, accuracy, kappa 

(Viera and Garrett, 2005) and area under the receiver operating characteristic curve 

(AUC-ROC; Fawcett, 2006). Sensitivity (true positive rate) measures the proportion of 

cases that were correctly identified as an oxidised land unit by the model. Specificity (true 

negative rate) measures the proportion of cases that were correctly identified as a reduced 

land unit by the model. Accuracy measures the overall correctness of predictions made 

by the model across both oxidised and reduced land unit classes, while kappa accounts 

for chance agreement, offering a more robust metric for class imbalance (Viera and 

Garrett, 2005). The AUC-ROC evaluates the performance of a binary classification model 

across different threshold values. The AUC-ROC curve assesses sensitivity against 1-

specificity at various threshold values. A higher value indicates better model 

performance.  

 

The hyperparameters of the XGBoost model were also tuned to optimise its performance. 

These are settings applied to the model but are not learned during the training process 

(Niazkar et al., 2024). To achieve a tuned model, Latin hypercube sampling, featuring a 

range of 30 possible hyperparameter configurations, was used. The cross-validation folds 

were used to evaluate the performance of different configurations generated by the Latin 

hypercube. Mean AUC-ROC (across the 10 cross-validation folds) was used to select the 

optimal combination of hyperparameters for the model. These were then used to train the 

model.  

 

All data analysis was carried out in R (R Core Team, 2022; v. 4.2.2) with predictive 

analysis undertaken with Tidymodels (Kuhn and Wickham, 2020; v. 1.1.1). 

 

4.3.3.1 Ground-truthing landscape subsurface redox predictions 

A number of local studies have been recently undertaken in the Horizons region to better 

understand groundwater redox conditions and the potential for denitrification in the 

subsurface environment (Collins et al., 2017; Collins, 2015; Gonzalez Moreno, 2019; 

Rivas et al., 2020, 2017, 2014; Smith et al., 2017). A range of field measurement methods 
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were employed in these studies, including the installation of shallow groundwater 

piezometers; sampling and analysis of shallow groundwater quality; and single-well 

push-pull tests. The push-pull test is an in situ method for a site characterisation (Istok, 

2013; Istok et al., 1997) and identifying subsurface biogeochemical processes including 

denitrification (Addy et al., 2002; Anderson et al., 2014a; Jahangir et al., 2013b; Rivas et 

al., 2014). The observations and results of these existing local studies in the Horizons 

region were collated and used to provide independent validation of the XGBoost model’s 

predictions of landscape unit subsurface redox status across the study area.  

 

4.3.4 Development of the Landscape Subsurface Nitrate-Attenuation Index 

The LSNAI was developed by classifying the Horizons region’s ~11,000 landscape units 

into five distinct clusters using hierarchical clustering (Everitt et al., 2011). A landscape 

unit was defined as a spatial area, or unit of territory, that shares similar physical and 

geographic characteristics (Campos-Campos et al., 2018). The classification was 

achieved by integrating the XGBoost model’s landscape subsurface redox status 

predictions and associated key influencing landscape characteristics of rock type and soil 

drainage. Rock type and soil drainage were chosen due to their significant roles observed 

in nitrate attenuation in the subsurface environment (Elwan, 2018; Jahangir et al., 2012; 

McAleer et al., 2017; Orr et al., 2016; Rivas et al., 2017) and their high variable 

importance scores in the XGBoost model.  

 

A hierarchical (agglomerative) clustering analysis was applied for its interpretability and 

ability to provide meaningful clusters of similar landscape units. The number of LSNAI 

clusters was determined to achieve a distinct range of mean subsurface redox status 

probabilities (P(Oxidised) and P(Reduced)). This classification approach resulted in 

hierarchical clusters ranging from Very low nitrate attenuation potential, characterised by 

a high P(Oxidised) and low P(Reduced) redox status, to Very high nitrate attenuation 

potential, characterised by a high P(Reduced) and low P(Oxidised) redox status. These 

classes represent the relative potential of subsurface nitrate attenuation assessed for 

different landscape units in the Horizons region, forming the basis of the development of 

the LSNAI for classification and mapping of landscape units and their subsurface nitrate 

attenuation potential in agricultural landscapes.  
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4.4 Results and discussion 

4.4.1 Prediction of landscape unit subsurface redox status 

The pre-processing steps outlined above resulted in a total of 73 features to train the 

XGBoost model. The 10 cross-validation folds were used to optimise the model’s 

hyperparameters, with a range of values tested during the tuning process (Table 4.3). The 

combination of values that yielded the highest mean AUC-ROC result across the 10 cross-

validation folds was selected to train the final model.  

 

Table 4.3: Hyperparameter values used to tune the XGBoost model, and the 

optimised values used to train the model. 

Hyperparameter name 

(Tidymodels alias) 

Description
2
 Hypercube range Optimal 

value 

Learning rate 

(learn_rate) 

The rate at which the boosting algorithm adapts from 

iteration to iteration. 

1.35e-10 – 7.15e-02 0.07 

Number of rounds 

(trees) 

The number of trees contained in the ensemble. 7 – 1796 296 

Maximum tree depth 

(tree_depth) 

The maximum depth of the tree i.e. number of splits. 1 – 15 7 

Minimum child weight 

(min_n) 

The minimum number of data points in a node that is 

required for the node to be split further. 

2 – 40 4 

Gamma 

(loss_reduction) 

The reduction in the loss function required to split 

further. 

2.37e-10 – 18.17 5.74e-10 

Subsample 

(sample_size) 

The proportion of data that is exposed to the fitting 

routine. 

0.13 – 1.00 0.74 

Column sample by node 

(mtry) 

The proportion of predictors that will be randomly 

sampled at each split when creating the tree models. 

0.12 – 0.98 0.34 

Early stopping 

(stop_iter) 

The number of iterations without improvement before 

stopping. 

3 – 20 18 

 

Model performance was evaluated using the held-out testing data set, which was not used 

during model training. The testing data set results showed a sensitivity (the true positive 

rate for oxidised conditions) of 0.96 and a specificity (the true negative rate for reduced 

conditions) of 0.80. This implies the model is more effective at identifying oxidised 

conditions than reduced. The relatively higher sensitivity compared to specificity is likely 

a result of class imbalance in the data set, where oxidised conditions were more prevalent. 

The overall rate of accuracy on the testing data was 0.93, with a kappa statistic of 0.78 

 
2 Kuhn & Vaughan (n.d.) Boosted trees. Retrieved August 8, 2024, from 

https://parsnip.tidymodels.org/reference/boost_tree.html 
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and an AUC-ROC of 0.97. The lower kappa value, compared to the higher accuracy, is 

also consistent with class imbalance. 

 

As the model was trained on the national data set, but only applied to the Horizons region, 

these metrics have also been calculated for training and testing data within the study area 

(Table 4.4). The model’s performance for training and testing data within the study area 

was similar for the model trained using the national data set (Table 4.4), except for a 

slightly higher specificity and kappa, demonstrating a slight improvement on the model’s 

ability to predict reduced conditions in the study region, compared to nationally. 

 

Table 4.4: The XGBoost model performance metrics calculated for the training and 

testing data for prediction of landscape subsurface (groundwater) redox 

status. The number of data points in each testing and training data set 

are in parentheses. 

 National data set Horizons data set 

Metric Training (21,029) Testing (7011) Training (815) Testing (285) 

Sensitivity 0.97 0.96 0.96 0.98 

Specificity 0.80 0.80 0.88 0.82 

Accuracy 0.94 0.93 0.92 0.90 

Kappa 0.79 0.78 0.84 0.81 

ROC-AUC 0.97 0.97 0.96 0.96 

 

The trained XGBoost model was used to predict the subsurface redox status probability 

for each landscape unit in the Horizons region (Figure 4.2). The results demonstrate 

widely variable landscape subsurface redox conditions throughout the region, with some 

areas likely to be more strongly oxidising and other areas likely to be more strongly 

reducing. While no subsurface redox assessment has been completed specifically for the 

Horizons region, Wilson et al. (2020) produced a national-scale groundwater redox 

assessment for New Zealand, exempting the mountainous and steep areas of the country. 

Wilson et al.'s (2020) assessment predicted groundwater (subsurface) redox conditions at 

various depths (15 m, 50 m and 80 m) with a vertical redox gradient apparent in some 

areas over this range. There are broad similarities between the predictions in this study 

(Figure 4.2) and those of Wilson et al. (2020), but specific subsurface redox depth was 

not examined here, due to this study’s focus on predicting the probability of a landscape 

unit’s subsurface redox status. The results of this study (Figure 4.2) and those of Wilson 

et al. (2020), both indicate a greater likelihood of oxidising subsurface conditions in the 
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northern part of the region and reducing subsurface conditions in the south-west coastal 

area. The northern part of the region features volcanic deposits in addition to various 

sedimentary marine deposits such as sandstone and mudstone (Figure 4.1b). Significantly 

older basement greywacke also outcrops in the north-east of the region (Figure 4.1b). In 

the south, the western coast is characterised by alluvial and marine sedimentary deposits 

including sands and gravel. Iron-rich windblown sands form a thin veneer across this area 

with sand dunes aligned with the predominant north-west wind direction. The axial 

ranges, dividing the south-east of the region with the south-west, were unmodelled by 

Wilson et al. (2020), but were predicted as being strongly oxidising landscapes in this 

analysis (Figure 4.1b, Figure 4.2a).  

 

 

Figure 4.2: Predicted landscape subsurface redox status determined by the XGBoost 

model: a) probability that landscape units are oxidised; b) probability 

that landscape units are reduced. A higher probability value indicates a 

greater level of confidence in the prediction. 

  

Figure 4.3 plots the variable importance scores calculated from the trained XGBoost 

model. The most important variables in assessing landscape subsurface redox conditions 

were scored as poorly drained soils and alluvium rock type. In this context, soil drainage 

characteristics are based on the depth and duration of water tables inferred from soil 

colours and mottles; while alluvium refers to undifferentiated floodplain alluvium, 

colluvium and glacial drift (Newsome et al., 2008). Soil drainage and sediment type have 

previously been associated with denitrification and reducing conditions in groundwater 

(Clague et al., 2019; Clague et al., 2015; Collins et al., 2017; Rivas et al., 2017; Wu et al., 
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2018). Wu et al. (2018) found that a low permeability silty clay layer within a Beijing 

aquifer attenuated nitrate at about twice the rate of an overlying medium grain sand layer. 

In New Zealand, Clague et al. (2019) observed higher denitrification potential under 

imperfectly/poorly drained soils compared to well-drained soils in the Reporoa Basin, 

Waikato; while Rivas et al. (2020) noted that sites underlain by alluvium had greater 

subsurface denitrification potential than those with loess over gravel. Similarly, Collins 

et al. (2017) observed denitrification occurring in shallow groundwaters at three sites 

characterised by poorly-drained coastal soil types.  

 

 

Figure 4.3: Top ten variable importance scores calculated from the trained XGBoost 

model to predict landscape redox status in the Horizons region. 

 

4.4.1.1 Ground-truthing of landscape subsurface redox predictions 

Ground-truthing the results of the XGBoost model involved comparing the predicted 

landscape subsurface redox status, as P(Oxidised) or P(Reduced), with the shallow 

groundwater redox status established though field techniques from previous studies 

within the Horizons region (Figure 4.4 and Table 4.5). The redox status at each of these 

sites has been established either through shallow groundwater monitoring (Gonzalez 

Moreno, 2019; Smith et al., 2017) using McMahon and Chapelle's (2008) classification 

(incorporating DO, NO3
--N, Mn2+, Fe3+ and SO4

2-), and/or through the single-well push-

pull tests by observing the concentration of NO3
--N against a conservative tracer (Collins 

et al., 2017; Gonzalez Moreno, 2019; Rivas et al., 2020). At each location, the individual 

piezometers were generally within several metres of each other, though the Pahiatua sites 

were up to 1 km apart. No data from these studies were used in the training of the 

XGBoost model.  
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Figure 4.4: Location of ground-truthing studies in the southern Horizons region 

showing both soil drainage class and rock type categories. Site locations 

do not necessarily reflect the exact locations of places they are named for. 

  

Table 4.5: Shallow groundwater redox and denitrification studies, compared with 

the XGBoost predictions of landscape subsurface redox status in the 

Horizons region. Depth is m below ground level. 

Reference Piezo depth (m) Redox status P(Oxidised) P(Reduced) 

Santoft sites 

Collins et al. (2017) 3.00 Reduced 0.05 0.95 

Smith (2017) 2.40 Reduced 0.02 0.98 

Smith (2017) 5.00 Reduced 0.02 0.98 

Smith (2017) 3.40 Reduced 0.01 0.99 

Smith (2017) 5.00 Reduced 0.01 0.99 

Gonzalez Moreno (2019) 3.00 Reduced 0.01 0.99 

Smith (2017) 3.00 Reduced 0.01 0.99 

Gonzalez Moreno (2019) 6.00 Reduced 0.01 0.99 

Smith (2017) 6.00 Reduced 0.01 0.99 

Gonzalez Moreno (2019) 6.00 Mixed 0.01 0.99 

Smith (2017) 3.00 Reduced 0.01 0.99 

Smith (2017) 3.50 Reduced 0.01 0.99 

Bulls sites 

Collins et al. (2017) 3.00 Reduced 0.05 0.95 

Collins et al. (2017) 6.00 Reduced 0.05 0.95 

Sanson sites 

Collins et al. (2017) 3.00 Reduced 0.01 0.99 

Collins et al. (2017) 6.00 Reduced 0.01 0.99 

Woodville sites 

Gonzalez Moreno (2019) 5.00 Reduced 0.37 0.63 

Rivas et al. (2020) 5.00 Reduced 0.37 0.63 

Gonzalez Moreno (2019) 6.00 Reduced 0.37 0.63 

Rivas et al. (2020) 6.00 Reduced 0.37 0.63 

Gonzalez Moreno (2019) 7.50 Reduced 0.37 0.63 

Rivas et al. (2020) 7.50 Reduced 0.37 0.63 

Pahiatua sites 

Gonzalez Moreno (2019) 3.60 Oxidised 0.70 0.30 
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Gonzalez Moreno (2019) 4.51 Oxidised 0.85 0.15 

Gonzalez Moreno (2019) 6.40 Oxidised 0.85 0.15 

Gonzalez Moreno (2019) 4.40 Oxidised 0.97 0.03 

Rivas et al. (2020) 4.40 Oxidised 0.97 0.03 

Gonzalez Moreno (2019) 5.40 Oxidised 0.97 0.03 

Rivas et al. (2020) 5.40 Oxidised 0.97 0.03 

Gonzalez Moreno (2019) 6.40 Oxidised 0.97 0.03 

Rivas et al. (2020) 6.40 Oxidised 0.97 0.03 

Palmerston North sites 

Gonzalez Moreno (2019) 5.50 Oxidised 0.20 0.80 

Rivas et al. (2020) 7.50 Reduced 0.20 0.80 

Gonzalez Moreno (2019) 7.50 Reduced 0.20 0.80 

Gonzalez Moreno (2019) 8.70 Reduced 0.20 0.80 

Dannevirke sites 

Gonzalez Moreno (2019) 4.50 Mixed 0.70 0.30 

Rivas et al. (2020) 4.50 Oxidised 0.70 0.30 

Gonzalez Moreno (2019) 7.50 Reduced 0.70 0.30 

Rivas et al. (2020) 7.50 Reduced 0.70 0.30 

 

The Santoft and Bulls sites (Table 4.5) were both located in the Rangitīkei catchment’s 

sand country on a sand dune complex classified geologically as windblown sand. Soils 

here are described in associations, where the landscape is made up of repeating phases of 

dune ridge, sand plain and peaty swamp (Cowie et al., 1967). Soil drainage characteristics 

can vary depending on the soil type and its position in the repeating phases. The studies 

identified in Table 4.5 used a combination of shallow groundwater monitoring and 

various push-pull tests carried out in shallow piezometers both of which suggest 

widespread subsurface (groundwater) reducing conditions (Collins et al., 2017; Gonzalez 

Moreno, 2019; Smith et al., 2017). The area is known to have strongly reducing 

groundwater conditions, possibly due to it being a regional discharge zone for older, more 

hydrochemically evolved groundwater (Morgenstern et al., 2017; Thomas, 2017), and 

groundwater redox conditions influenced by the high levels of iron in the sand dune 

deposits of volcanic origin (Brathwaite et al., 2017). The Sanson site was located further 

inland than the sand country, with surficial geology characterised by alluvium over 

gravels. The soil, Ohakea silt loam, is imperfectly-to-poorly-drained at the Sanson site. 

Across these three locations (Santoft, Bulls and Sanson), the local studies have 

determined the shallow groundwater to be largely reduced (Collins et al., 2017; Gonzalez 

Moreno, 2019; Smith et al., 2017). This validates the XGBoost model’s prediction of a 
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strong likelihood of reducing landscape subsurface (groundwater) conditions in this area 

(Table 4.5).  

 

The Woodville and Pahiatua sites, which were located on the eastern side of the 

Manawatū catchment (Figure 4.4), are more closely associated with alluvial and river 

deposits. The Woodville site was underlain by alluvium with soils described as silt loam 

and clay loam. At all three depths (5 m, 6 m, 7.5 m below ground level) reducing 

groundwater conditions were measured in these field studies (Table 4.5), which validates 

the XGBoost model’s prediction of 0.63 probability suggesting high likelihood of 

reducing subsurface conditions at the Woodville site. At Pahiatua sites, some piezometers 

were installed in alluvium, while others were installed in gravels with soils described at 

each site as a stony silt loam. Local studies here identified oxidised groundwater 

conditions at the various depths tested (3.6 m – 6.4 m below ground level). Likewise, the 

XGBoost model also predicted a high likelihood of Pahiatua sites being oxidised (0.70 – 

0.97) in their subsurface environment.  

 

The remaining two sites, at Palmerston North and Dannevirke (also in the Manawatū 

catchment), demonstrates the challenge of predicting landscape subsurface redox status 

where, potentially, a redox interface occurs at shallow depths (Table 4.5). In both cases, 

the shallowest piezometers were measured as oxidised (or mixed) groundwaters, and 

slightly deeper piezometers measured as reduced groundwaters (Table 4.5). However, the 

XGBoost model predicted Palmerston North as a higher probability (0.80) of reduced 

subsurface redox conditions (i.e. below the redox interface), while at the Dannevirke sites 

it predicted a greater probability (0.70) of oxidised subsurface redox (i.e. above the redox 

interface). While a redox interface has been observed in various subsurface environments 

(Böhlke et al., 2002; Hansen et al., 2014; Koch et al., 2024, 2019; Kolbe et al., 2019; 

Refsgaard et al., 2014), it may not be a widespread occurrence throughout the Horizons 

region with reducing conditions found at very shallow depths in places (Table 4.5). 

 

However, a high degree of correspondence between the field measurements and the 

predicted oxidised or reduced probabilities (Table 4.5) demonstrates independent 

validation of the trained XGBoost model’s performance in modelling and mapping of 

subsurface redox status probabilities of different landscape units across the Horizons 

region. 
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4.4.2 Mapping of Landscape Subsurface Nitrate-Attenuation Index 

A total of five clusters were selected for the LSNAI based on their interpretability (Table 

4.6), with each group exhibiting distinct mean values of P(Oxidised) and P(Reduced) 

across different land units. These clusters were then categorised into LSNAI classes 

ranging from ‘Very low’ to ‘Very high’, resulting in distinct distributions of soil drainage 

class and rock type classes (Figure 4.5), as well as a spatially distributed range of LSNAI 

categories across the major catchments of the Horizons region (Figure 4.6). 

 

Table 4.6: Classification of LSNAI developed for the Horizons region. Shown are the 

total number of landscape units within each cluster (n); the mean 

probability of oxidised and reduced predictions for each cluster; the 

standard deviation; and the total area for each LSNAI class. 

LSNAI 

categories 

Landscape 

units (n) 

Mean 

P(Oxidised) 

Mean 

P(Reduced) 

Standard 

deviation 

Area (km2) 

Very low 737 0.89 0.11 0.14 1,802 

Low 6,033 0.78 0.22 0.20 12,422 

Medium 3,330 0.56 0.44 0.26 6,168 

High 988 0.31 0.69 0.25 1,841 

Very high 531 0.13 0.87 0.20 774 
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Figure 4.5: Distribution of soil drainage class and rock type groupings of each 

LSNAI class predicted and mapped in the Horizons region. 

 

The Very low LSNAI landscape class is composed of 737 land units, with a mean 

P(Oxidised) value of 0.89, i.e. highly oxidised subsurface redox conditions with very low 

nitrate attenuation potential, covering about 1802 km2 of the study area. This class is 

characterised entirely by greywacke rock type (100 %), but with a range of soil drainage 

classes, primarily well drained (50 %) and moderately well drained (43 %) (Figure 4.5).  

 

The Low LSNAI category, which is composed of 6,033 land units, has a mean P(Oxidised) 

value of 0.78. There is a wider range of rock types but the soil drainage class is almost 

entirely well drained (99 %). Rock types primarily include mudstone (13 %) and 

sandstone (23 %) but also includes a range of volcanic deposits (Figure 4.5). This 

category is the largest LSNAI class mapped in the region (Table 4.6).  

 

The Medium LSNAI class is comprised of a balance between P(Oxidised) and P(Reduced) 

redox status (Table 4.6). Rock types in this class comprise a greater share of mudstone 

(25 %) and sandstone (40 %) with soil drainage class split between moderately well 

drained (74 %) and imperfectly drained (26 %) (Figure 4.5).  
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The High LSNAI class, comprising 988 landscape units, has a mean P(Oxidised) value of 

0.31 or a mean P(Reduced) value of 0.69 (Table 4.6). These landscape units are primarily 

composed of poorly drained soils (79 %), with loess (31 %) and alluvium (41 %) making 

up the dominant rock types (Figure 4.5), which covers about 1841 km2 of the study area. 

Loess over gravels and loess over sandstone also make up minor portions of the High 

LSNAI class.  

 

Finally, the Very high LSNAI class features a range of soil drainage classes but is 

exclusively composed of windblown sands (100 %) (Figure 4.5), located along the 

western coast of the region (Figure 4.6 and Figure 4.1). It has a mean P(Oxidised) of only 

0.13, or mean P(Reduced) of 0.87, covering 774 km2 of the study area.  
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Figure 4.6: Mapping of the LSNAI classes based on the hierarchical cluster analysis 

of groundwater redox probability predictions by the XGBoost model and 

soil drainage and rock type classes for the Horizons region. 

  

While a few other assessments of nitrogen attenuation have been undertaken in the 

Horizons region (Elwan et al., 2015; Singh and Horne, 2019; Snelder et al., 2020), only 

a qualitative comparison can be made between their estimation of nitrogen attenuation 

rates and the current study because of the different methodologies and the scales at which 

nitrogen attenuation has been refined, from landscape units (Singh and Horne, 2019) to 

sub-catchments (Elwan et al., 2015; Snelder et al., 2020). Elwan et al. (2015) quantified 

the soluble inorganic nitrogen (SIN) attenuation factors ranging from, 0.29 to 0.75, based 

a mass balance approach using the differences between estimates of average annual land 

use nitrogen export coefficients (kg ha-1 yr-1) and calculated instream SIN yields (kg ha-1 

yr-1) across Tararua sub-catchments in the Manawatū catchment. Snelder et al. (2020) 
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also took a mass balance approach to calculating the total nitrogen (TN) attenuation 

coefficients (ranging from 0.1 to 0.9) for the Horizons region derived from the difference 

between estimates of land use based export nitrogen coefficients (kg ha-1 yr-1) and 

calculated instream TN yields (kg ha-1 yr-1) across different sub-catchments in the 

Horizons region. Singh et al. (2017b) developed a model for the Rangitīkei catchment to 

account for the influence of different hydrogeological settings on SIN attenuation capacity 

across its five sub-catchments. They defined land units based on a combination of rock 

and soil types and calibrated nitrate attenuation coefficients to produce a landscape nitrate 

attenuation index (LNAI) of different land units across the Tararua and Rangitīkei districts 

of the Horizons region (Singh and Horne, 2019). However, none of these 

methods/approaches (Elwan et al., 2015; Singh and Horne, 2019; Snelder et al., 2020) 

directly included information from groundwater redox conditions and landscape 

attributes together in their assessment of either sub-catchment scale nitrogen attenuation 

factor or landscape nitrogen attenuation index of different land units.  

 

While all three models for the region (Figure 4.6; Singh and Horne, 2019; Snelder et al., 

2020) suggest that the magnitude of subsurface nitrate attenuation is spatially variable, 

there are both similarities and differences in the spatial distribution of their assessments 

of subsurface nitrate attenuation potential across the study area. For example, in the upper 

Rangitīkei catchment, relatively higher potential of nitrogen attenuation have been 

calculated by Snelder et al (2020) and Singh and Horne (2019), yet a relatively low LSNAI 

was assessed in this study, likely due to prediction of high P(Oxidised) results in this part 

of the catchment (Figure 4.2). Wilson et al. (2020) also predicted oxidised groundwater 

conditions in the northern Rangitīkei catchment, in contrast to both Snelder et al.'s (2020) 

and Singh and Horne's (2019) prediction of relatively higher nitrogen attenuation 

potential for upper Rangitīkei catchment landscapes. However, a better agreement 

between the various models (Figure 4.6; Singh and Horne, 2019; Snelder et al., 2020) was 

observed across the eastern Manawatū catchment (also known as the Tararua catchment), 

where the nitrogen attenuation potential assessed in this study mostly varied between very 

low and medium LSNAI (Figure 4.6), corresponding very well with low to medium 

nitrogen attenuation coefficients quantified by Snelder et al. (2020) and between low and 

high attenuation in Singh and Horne (2019). Also, in the Whanganui catchment, both this 

study and that of Snelder et al. (2020) identified relatively low potential of nitrogen 

attenuation across the entire catchment.  
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The independent validation of XGBoost’s redox predictions provides a useful assessment 

of the model’s performance, however the validation studies used above, while assessing 

diverse soil and geological conditions, do not cover the full range of landscape types 

found in the Horizons region. An important source of uncertainty in this model is the 

somewhat narrow range of landscape characteristics that groundwater redox 

measurements have been drawn from. Groundwater redox data used here is particularly 

well represented for alluvium, loess over alluvium, volcanic deposits, windblown sands 

and gravel, but is underrepresented for other rock types such as greywacke, metamorphic 

rocks, sandstone and mudstone (Collins et al., 2025; Chapter 3). In addition, groundwater 

(subsurface) redox data is widely available in locations of flat relief but lacking in steeper 

areas such as hill country landscapes of the Horizons region. Few studies to date report 

on the variability of denitrification potential in hill country subsoils and seepage wetlands 

in the Horizons region (Chibuike et al., 2024, 2019; Sanwar, 2023; Sanwar et al., 2022). 

However, the XGBoost model trained and tested here could pose an uncertainty in the 

prediction and mapping of landscape subsurface nitrate attenuation potential in steeper 

hill country landscapes, which makes up more than 60 % of the Horizons region. 

Therefore, further research is required to better characterise and understand subsurface 

redox conditions in these steeper landscapes, particularly hill country landscape units. 

This will help reduce overall uncertainty in the further development and validation of the 

LSNAI to comprehensively model and map spatially variable subsurface nitrate 

attenuation potentiation of different landscape units across agricultural catchments.  

 

4.5 Conclusion 

Meeting the water quality standards prescribed by New Zealand’s National Policy 

Statement for Freshwater Management requires modelling various land use scenarios and 

water quality measures to reduce nitrogen losses from farm- to catchment-scale. This 

study has developed a landscape subsurface nitrate-attenuation index to provide an 

estimate of subsurface nitrate attenuation potential of different landscape units for the 

Horizons region of New Zealand. The index integrates classification of groundwater 

redox status with key influencing landscape characteristics into the assessment and 

mapping of potential nitrate attenuation in the subsurface environment of different 

landscape units. Using a national groundwater redox data set, the machine-learning model 
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XGBoost was trained and tested to predict landscape unit subsurface redox status for the 

region’s ~11,000 landscape units. The model predicted a probability of oxidised or 

reduced subsurface (groundwater) redox conditions. XGBoost was found to be a good 

predictor of landscape subsurface redox status, which was also demonstrated by ground-

truthing the model’s predictions against independently gathered data on shallow 

groundwater redox conditions and nitrate attenuation measurements at various field sites 

located in different landscapes in the region. By combining the prediction of landscape 

unit subsurface redox status, with the key influencing landscape variables of soil drainage 

and rock type characteristics, a hierarchical clustering analysis and unsupervised 

classification identified and mapped five landscape subsurface nitrate attenuation 

potential classes. These LSNAI attenuation classes, mapped from very low to very high 

nitrate attenuation potential, reflect the spatially variable nature of subsurface 

(groundwater) redox conditions in the Horizons region, potentially allowing for 

subsurface nitrate attenuation accounting to be realised at catchment-scale. The 

developed LSNAI broadly identifies the lowest subsurface nitrate attenuation potential in 

areas where well drained soils were underlain by gravels and greywacke rock types, with 

increasing potential of subsurface nitrate attenuation on the plains and at the western coast 

with reduced groundwater conditions. However, further research and testing are required 

to understand the effectiveness of applying the LSNAI for catchment-scale modelling of 

nitrogen losses to waterways, especially in steeper hilly landscapes where the subsurface 

(groundwater) redox data is currently limited. However, an accurate mapping and 

accounting of LSNAI is expected to improve simulation of various land use scenarios 

across agricultural catchments, based on potential for nitrate attenuation, and provide 

options for targeted and effective measures on reducing nitrogen losses at catchment-

scale.  
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Chapter 5: Evaluation of Landscape Subsurface 

Nitrate-Attenuation Index using field observations 
 

Brief introduction for thesis 

This chapter addresses the lack of representative data in the national groundwater redox 

dataset (Chapter 3), which limits confidence in the LSNAI classifications (Chapter 4). To 

partially address this limitation, soil redox probes were deployed at three sites within a 

farm in the Horizons region to characterise subsurface redox conditions and evaluate 

LSNAI classifications against field observations. The selected sites span a range of LSNAI 

categories and soil drainage characteristics, providing a basis for targeted ground-truthing 

of the LSNAI. 
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5.1 Abstract 

The Landscape Subsurface Nitrate-Attenuation Index (LSNAI) was developed to classify 

landscape units into five categories of subsurface nitrate attenuation potential (ranging 

from Very low to Very high). While the LSNAI has been evaluated in some landscape 

settings, further field-based testing is required to assess its performance across a broader 

range of conditions. This study deployed soil redox potential probes at multiple depths 

(30, 50, 70 and 90 cm) at three sites within a farm in the Horizons region to evaluate 

LSNAI classifications against observed subsurface redox conditions. The sites span Low 

(Ramiha silt loam), Medium (Shannon silt loam) and High (Tokomaru silt loam) LSNAI 

categories. The Low LSNAI soil (Ramiha) maintained oxidised conditions year-round (Eh 

> 300 mV), consistent with its well-drained soil morphology. The Medium LSNAI soil 

(Shannon) experienced intermittent reducing periods at 30 – 70 cm depths under wet 

conditions, aligning with imperfectly drained soil morphological characteristics, while 

the deeper horizons remained oxidised. The High LSNAI soil (Tokomaru), with its 

fragipan and perched water table, sustained longer periods of reducing conditions (Eh < 

300 mV) at 30 – 70 cm depths, particularly during wet seasons. Overall, the observed soil 

redox conditions were broadly consistent with the assigned LSNAI categories, providing 

site-based evidence that supports the conceptual basis of the LSNAI. These findings 

represent targeted ground-truthing of the index and highlights the need for further 

evaluation across a wider range of landscape types.  

 

5.2 Introduction 

A Landscape Subsurface Nitrate-Attenuation Index (LSNAI) was previously developed to 

increase the spatial resolution of modelling and mapping of subsurface nitrate attenuation 

potential from sub-catchment scale to landscape-unit scale (Collins et al., 2025a). This 

was achieved by integrating key landscape characteristics known to influence subsurface 

denitrification – such as soil drainage, rock type and subsurface redox conditions – and 

classifying landscape units into five landscape subsurface nitrate attenuation categories 

ranging from Very low to Very high. This approach required the development of a 

machine learning predictive model for subsurface redox conditions for the entire 

Horizons region. An extreme gradient boosting (XGBoost) model was trained using a 

national groundwater data set (Collins et al., 2025b) and relevant landscape predictor 

variables such as rock type and soil carbon class (Newsome et al., 2008) to model the 
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probability of oxidising or reducing subsurface redox conditions beneath each landscape 

unit across the region.  

 

The XGBoost model performed well, achieving a sensitivity of 0.96 for oxidised 

conditions (the true positive rate) and a specificity of 0.80 for reduced conditions (the true 

negative rate) (Collins et al., 2025a; Section 4.4.1). In addition, the subsurface redox 

predictions were also ‘ground-truthed’ against shallow groundwater data collected from 

independent investigations into groundwater nitrate attenuation potential in the Horizons 

region (Collins et al., 2017; Collins, 2015; Gonzalez Moreno, 2019; Rivas et al., 2020, 

2017, 2014; Smith et al., 2017). While the redox predictions aligned well with the 

groundwater observations (Collins et al., 2025a; Section 4.4.1.1), the groundwater data 

represented only a limited range of landscape types, mainly in flat areas (0-7 slope). This 

limitation arose because the field method used for sampling and testing – shallow 

groundwater piezometers – was only feasible in areas with water tables within a few 

metres of the ground surface and hydraulic conductivity is sufficient to allow groundwater 

extraction.  

 

The analysis in Collins et al. (2025b) (Chapter 3) also showed that, although extensive, 

New Zealand’s groundwater redox data set is biased towards certain landscape types. Flat 

(0-7) landscapes represent 22.4 % of New Zealand but contribute approximately 87.1 % 

of the redox data. In contrast, easy hill (16-25) and steep hill (> 25) landscapes represent 

26.8 % and 38.7 % of New Zealand, but only 2.5 % and 0.3 % of the redox data set, 

respectively (Table 3.5). In New Zealand, hill country is defined as slopes > 15, 

encompassing both easy hill and steep hill categories and accounts for approximately 70 

% of the Horizons region.  

 

The limited availability of subsurface redox data from steeper landscapes reduces 

confidence in the LSNAI predictions across the full range of landscape conditions 

represented in the region. To partially address this gap, targeted field-based ground-

truthing of LSNAI categories was undertaken using direct measurements of soil redox 

potential. Recent advances in in situ soil redox measurement, such as the direct-push 

probe method developed by Vela et al. (2025), enable continuous redox monitoring of 
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redox potential (Eh) with depth and have improved the understanding of subsurface redox 

zonation in unconsolidated sediments.  

 

In this study, continuous soil redox probes (ORP-80-4-D, SWAP Instruments®) were 

deployed as a practical option to provide site-based observations of subsurface redox 

dynamics. These probes allow Eh to be monitored at fixed depths in the soil profile, 

providing direct and continuous measurements of redox conditions in situ. Three sites 

were selected to span Low, Medium and High LSNAI categories, enabling evaluation of 

how observed redox patterns align with LSNAI classifications across contrasting soil and 

landscape settings. 

 

5.3 Methods and materials 

5.3.1 Study site 

The study took place at Massey University’s hill country research farm, Tuapaka, located 

approximately 15 km east of Palmerston North (Figure 5.1). Tuapaka is a 476 ha farm 

featuring 111 ha of flats and 365 ha of hill country ranging from 100 to 360 metres above 

sea level (masl; Figure 5.1a; Massey University, 2025). Because of the topography, 

rainfall ranges from 900 mm per year on the flats to 1100 mm per year at the highest 

elevations of the farm. Local geology ranges from river terraces underlain by gravel on 

the flats, to marine sands and substantially older greywacke which outcrops at upper 

elevations (Figure 5.1b). Loess, a wind-blown deposit, covers much of these sediments 

and outcrops as a thick layer (Pollok and McLaughlin, 1986). Given the various 

topographic, climatic and geological features of the farm, a range of soil types (soil series) 

have developed. Nine soil series have been described on the farm, some with variants 

(Figure 5.1c; Pollok and McLaughlin, 1986). Soils range from well-drained on the hills 

to poorly drained on the flats. 

 

The farm’s landscape features are diverse enough to map three of the LSNAI’s nitrate 

attenuation potential categories: Low, Medium and High (Figure 5.1d). Different soil 

types are found across these LSNAI categories, but three contrasting soils will be studied 

in this chapter: the Ramiha silt loam, the Shannon silt loam and the Tokomaru silt loams 

(Figure 5.1). 
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Figure 5.1: Tuapaka Farm with maps showing a) elevation; b) geology; c) soil types; 

and d) LSNAI categories. Study sites: 1 = Ramiha series, 2 = Shannon 

series and 3 = Tokomaru series. 
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5.3.1.1 Ramiha series 

Soils from the Ramiha series are formed from loess over 1 m thick and feature the c. 25k 

year old volcanic ash, the Kawakawa tephra (Vandergoes et al., 2013). These soils have 

a medium (silt loam) texture throughout their profile and a strongly developed nutty 

structure that becomes blocky with depth. They are friable with moderately low bulk 

density, free draining and strongly leaching (Pollok and McLaughlin, 1986). A site was 

selected from the Ramiha series within the Low LSNAI category on the farm (Figure 5.1d), 

on ‘undulating’ slope conditions (4 – 7°), which is described as Ramiha silt loam and is 

a Brown soil in the New Zealand soil classification (Hewitt, 2010). This site had a 

P(Oxidised) of 0.95 and a P(Reduced) of 0.05 (Section 4.4.1). 

 

5.3.1.2 Shannon series 

Soils from the Shannon series formed from loess overlying marine sand deposits. They 

are characterised by an intermediate texture that becomes medium-fine with depth and a 

moderately developed nutty structure that becomes blocky with depth. The soils are 

friable near the surface but become firm and compact with depth, are moderately leached 

and have imperfect drainage (Pollok and McLaughlin, 1986). A site was selected from 

the Shannon series within the Medium LSNAI category on the farm (Figure 5.1d), on 

‘moderately steep’ slope conditions (21 – 25°), which is described as Shannon silt loam 

and is a Pallic soil in the New Zealand soil classification (Hewitt, 2010). This site had a 

P(Oxidised) of 0.66 and a P(Reduced) of 0.34 (Section 4.4.1). 

 

5.3.1.3 Tokomaru series 

Soils from the Tokomaru series are also formed from loess and contain the Kawakawa 

tephra at about 2 m depth. They are pale coloured and medium textured with transitional 

horizons between topsoil and subsoil that contain mottles. The subsoils are highly 

mottled, medium to fine textured, moderately leached and imperfectly to poorly drained 

(Pollok and McLaughlin, 1986). A site was selected from the Tokomaru series within the 

High LSNAI category on the farm (Figure 5.1d), on ‘flat to gently undulating’ slope 

conditions (0 – 3°), which is described as Tokomaru silt loam and is also a Pallic soil in 

the New Zealand soil classification (Hewitt, 2010). This site had a P(Oxidised) of 0.08 

and a P(Reduced) of 0.92 (Section 4.4.1). 
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5.3.2 Rainfall measurements 

Rainfall measurements (daily total; mm) were taken from a climate station approximately 

10 km south-west of the farm, known as Ngahere Park. The climate station was located 

at a similar elevation to the farm, at 106 masl. It is provided, and maintained, by Horizons 

Regional Council and uses the tipping bucket method to measure rainfall. In addition to 

local rainfall data, long-term climate information for the wider region was obtained from 

the National Climate Database, based on the Palmerston North Electronic Weather 

Station (EWS) climate station (25-year monthly averages, 2001-2025; Latitude -

40.38195, Longitude 175.60915; 21 masl). This data set provides mean monthly rainfall 

and potential evapotranspiration (PET) values, including standard errors of the mean 

(SEM) (Figure 5.2).  

 

 

Figure 5.2: Mean monthly rainfall and PET at Palmerston North EWS (25-year 

averages, 2001-2025; NIWA National Climate Database). 

 

Rainfall and PET demonstrate clear seasonal patterns. Rainfall generally peaks during the 

cooler months (May to October, 85-99 mm month-1) and is lowest during late summer 

(January to March, 56-71 mm month-1). Potential evapotranspiration, in contrast, is 

highest during the summer (January 135 mm month-1, December 126 mm month-1) and 

lowest in winter (June 2 mm month-1, July 5 mm month-1). During summer months, PET 
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exceeds rainfall, indicating periods of potential water deficit, whereas in winter rainfall 

generally exceeds PET, reflecting seasonal water surplus and the risk of wet soil 

conditions in soils with impeded drainage. Rainfall SEM values are greatest in February 

indicating rainfall variability, while PET SEM remains relatively low throughout the year 

(Figure 5.2). 

 

5.3.3 Soil profile description and physical properties  

At each site, a soil pit approximately 1 m3 in size was excavated to allow for a full soil 

profile description. Bulk density was then measured using a core method. At each 

sampling depth a flat shelf was cut into one side of the pit wall (e.g. at 5 cm depth). A 

metal corer (5 cm depth) was then driven vertically into the shelf using a hammer, spacer 

and a wooden block to minimise disturbance. Duplicate cores were taken at each depth. 

The corer and contained soil were carefully excavated, trimmed flush at both ends, and 

transported to the laboratory. Samples were oven-dried at 105 C until constant weight 

(at least 16 hours) and weighed immediately upon removal to obtain the oven-dry soil 

mass. Bulk density was calculated from the oven-dry mass and the known volume of the 

corer, after correcting for the weight of the corer and container. Samples were collected 

at five depths per profile; the uppermost depth was always 5-10 cm, while subsequent 

depths varied according to site. Details of each soil profile, bulk density measurements 

and profile photographs are provided in Appendix D. 

 

5.3.4 Soil redox potential (Eh) monitoring 

Soil redox potential (Eh) was monitored at the three study sites (Ramiha, Shannon and 

Tokomaru soils) using SWAP Instruments®’ ORP-80-4-D analogue soil redox probes. 

These probes measure the oxidation-reduction potential (ORP; mV) relative to an 

integrated silver/silver chloride (Ag/AgCl, 3 M KCl) reference electrode on the tip of the 

probe. To interpret the measurements against standard redox thresholds, the raw ORP 

readings were converted to Eh by adding +200 mV, the accepted correction factor for this 

reference electrode type (Fiedler et al., 2007). Each probe contains four platinum (99.99 

% Pt) electrodes embedded in an epoxy glass fibre shaft. The electrodes are located at 

depths of 20, 40, 60 and 80 cm from the top of the probe. Each probe was installed 

vertically in pre-augered holes 10 cm below the soil surface (See Appendix E). As a result, 

soil redox measurements were made at depths of 30, 50, 70 and 90 cm below ground 
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level. A temperature sensor is embedded 29 cm from the top of the probe (an installed 

depth of 39 cm) and is used for temperature compensation of soil redox measurements. 

Details of the installation of these probes are included in Appendix E. Data were recorded 

at 15-minute intervals using Campbell Scientific CR350 dataloggers throughout the 14-

month logging period from July 2024 to August 2025.  

 

A threshold of Eh 300 mV has been used as the point between oxidised and reduced soil 

conditions (Fiedler et al., 2007; Tanner et al., 1999; Zhang and Furman, 2021). This value 

is used to help identify when soil conditions would be suitable for subsurface 

denitrification to occur in the Ramiha, Shannon and Tokomaru soils.  

 

5.4 Results and discussion 

5.4.1 Soil physical and morphological features 

The three study soils represent a continuum of soil drainage characteristics: well-drained 

(Ramiha silt loam); imperfectly drained (Shannon silt loam); and poorly drained 

(Tokomaru silt loam). As such, they feature different morphological properties, 

particularly in how redoximorphic features manifest. Redoximorphic features are formed 

by the processes of reduction, translocation and oxidation of Mn and/or Fe after soil 

saturation and desaturation (Vepraskas, 2015; Vepraskas et al., 2018). In the New Zealand 

soil classification, these features are referred to as a redox-mottled horizons, redox 

segregations, or reductimorphic horizons (Hewitt, 2010). These features are present to 

varying degrees in these three soils. Details of the soil profile descriptions can be found 

in Appendix D. 

 

The Ramiha silt loam does not feature any low chroma colours and only medium mottles 

that may be related to earthworm activity in the ABw horizon (20 – 37 cm). The Shannon 

silt loam features light grey (low chroma) colours in the subsoil including the Bg1, Bg2 

and 2Bg3 horizons (20 – 86 cm). Coarse distinct mottles are present in the Bg2 and 2Bg3 

horizons. Redox mottles such as these are formed from the reduction and solubilisation 

of Fe and/or Mn, their translocation and concentration and subsequent oxidation and 

precipitation in the form of oxides (Hewitt, 2010). From 86 cm (2Bg4 horizon) it becomes 

a high chroma colour (10YR 6/8) with a few light grey (2.5Y 7/2 – 7/3) fine distinct 

mottles. The Tokomaru silt loam has further evidence of soil redox processes occurring 
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throughout the profile. The topsoil horizons (Ap1 and Ap2) are low chroma colours with 

mottles related to root channels. In the subsoil (Bgt1, Bgt2 Bxg), low chroma grey colours 

are interspersed with high chroma brown colours and coarse prominent mottles occurring 

throughout. A fragipan is typical in this soil and has formed from 84 cm down (Bxg 

horizon). A fragipan is a non-cemented horizon that has a high bulk density, and high 

strength when dry (Hewitt, 2010).  

 

These different soil morphological characteristics are also reflected in the different bulk 

densities of the soils. While soil bulk density increased with depth in all soils, the Ramiha 

silt loam had a smaller bulk density over the soil profile compared to the Shannon and 

Tokomaru soils. It ranged between 0.94 g/cm3 near the top of the soil profile, to 1.38 

g/cm3 at the bottom. The bulk density in the Shannon and Tokomaru soils ranged from 

1.28 to 1.67 g/cm3 and 1.23 to 1.64 g/cm3, respectively (Table D.2, Table D.4 and Table 

D.6). Differences reflect the influence of soil texture and structure on soil water retention 

and drainage, with the lower bulk density of the Ramiha silt loam consistent with greater 

porosity and aeration – conditions that limit the formation of redoximorphic features. In 

contrast, the high bulk density of the Tokomaru silt loam contributes to poor drainage and 

the prevalence of reducing conditions, as reflected in the extensive redox mottling and 

fragipan development.  

 

5.4.2 Soil redox potential (Eh) monitoring 

The monitoring period covers five seasons (Figure 5.3 and Figure 5.4), from winter 2024 

(June, July, August), spring 2024 (September, October, November), summer 2024/25 

(December, January, February), autumn 2025 (March, April, May) and winter 2025 

(June, July, August). Monthly rainfall totals peaks in winter 2024 (August 2024) and 

steadily decline through to late summer 2025 (February 2025) before rising again to 

winter 2025. August 2024 recorded the highest monthly total with 207 mm while 

February 2024 recorded the smallest monthly total during the monitoring period, with 30 

mm.  

 

The soil redoximorphic features provide an indication of each soil’s redox behaviour and 

potential for denitrification. The continuous measurement of soil Eh, by the soil redox 

probes (Figure 5.3 and Figure 5.4), provided further data by which to examine the 
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temporal dynamics of subsurface redox conditions. In Figure 5.3 and Figure 5.4, the 

horizontal dashed red line marks the 300 mV Eh threshold: the measured Eh values above 

this indicate predominantly oxidised soil conditions, while the measured Eh values below 

suggest reducing soil conditions where subsurface denitrification is more likely.  

 

In the Ramiha silt loam, soil Eh is relatively stable across all monitored soil depths (30, 

50, 70, 90 cm) over the monitoring period (Figure 5.3). A slight decline in Eh from August 

2024 to January 2025 is followed by recovery during February and March 2025, when 

rainfall is at its lowest. Soil Eh never falls below, or even approaches, the 300 mV Eh 

threshold, an indication of predominantly oxidised soil conditions in the Ramiha soil 

profile. This stability is consistent with the soil’s low bulk density and well-drained soil 

profile morphology (Table D.1 and Table D.2).  

 

In the Shannon silt loam, soil Eh was stable over the first two months of the monitoring 

period, in June and July 2024 before soil Eh decreased sharply in September 2024 (Figure 

5.3). The sharp decrease in soil Eh was most pronounced for the 50 and 70 cm depths 

during this period (Figure 5.3). From September 2024, soil Eh at 30, 50 and 70 cm depths 

continues to rise on a monthly average basis until February 2025, while soil Eh at 90 cm 

steadily decreases over the same period (Figure 5.3). From February 2025 soil Eh is 

relatively stable on a monthly average basis except in July 2025 where soil Eh at 70 cm 

again falls sharply before recovering (Figure 5.3). On a monthly average basis, soil Eh 

stays above the 300 mV Eh threshold, however the daily time series shows more variable 

behaviour in soil Eh over the monitoring period, especially at the 30, 50 and 70 cm depths 

(Figure 5.4). Between approximately August and October 2024, soil Eh experiences 

several sharp falls and recoveries, at times falling below the 300 mV Eh threshold (Figure 

5.4). While quantifying the rates of denitrification can be uncertain (Rivas et al., 2025), 

local testing of denitrification rates under different soil and rock types has shown that the 

reaction can occur quickly in favourable conditions (Collins et al., 2017; Gonzalez 

Moreno, 2019; Rivas et al., 2020). At 90 cm, soil Eh remained more stable and oxidised 

throughout the monitoring period reflecting the properties of the 2Bg4 horizon (86 – 105 

cm), which appears more oxidised compared to the soil horizons above (Table D.3). 

Between August and November 2024, soil Eh at 30, 50 and 70 cm in the Tokomaru silt 

loam experiences prolonged periods of time below the 300 mV Eh threshold (Figure 5.3). 

From December 2024 soil Eh returns to oxidised conditions and remains stable from 
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January 2025 to May 2025. From approximately June 2025, soil Eh starts decreasing 

again for the 30, 50 and 70 cm depths, with the 30 and 50 cm depths rising in August 

2025, coinciding with lower total rainfall in August 2025 (Figure 5.3). At 70 cm depth, 

coinciding with the Bgt2 horizon (66 – 84 cm depth; Table D.5), soil Eh is still reduced 

in August 2025, which potentially reflects the influence of the perched water table above 

the fragipan just below this sensor depth in the Bxg horizon (84 – 105+ cm; Table D.5). 

At 90 cm, soil Eh remained oxidised year-round with little variability, likely because the 

fragipan impedes downward soil water movement, creating the perched water table above 

but not around the deeper sensor location (90 cm).  

 

Overall, the soil Eh monitoring aligns with the assessment of soil morphological 

observations: the well-drained Ramiha silt loam remained oxidised, the imperfectly 

drained Shannon silt loam showed intermittent soil reducing phases, and the poorly 

drained Tokomaru silt loam sustained prolonged soil reducing conditions (Table 5.1).  

 

 

Figure 5.3: Monthly averages of soil Eh and rainfall for the Ramiha, Shannon and 

Tokomaru silt loam soils at Tuapaka Farm. 
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Figure 5.4: Daily timeseries of soil Eh and rainfall for the Ramiha, Shannon and 

Tokomaru silt loam soils at Tuapaka Farm. 

 

Table 5.1: Summary of drainage status, LSNAI, probability of oxidised subsurface 

conditions, average spring soil redox potential (Eh) and soil 

morphological features for the Ramiha, Shannon and Tokomaru silt 

loam soils. 

Soil type Drainage 

status 

LSNAI P(Oxidised) Average spring 

Eh 

Morphological features 

    Depth 

(cm) 

Eh 

(mV) 

 

Ramiha Well Low 0.95 30 731 Lacks low chroma colours and shows only 

medium mottles, likely associated with 

earthworm activity in the ABw horizon (20-37 

cm), indicating well-drained conditions. 

50 737 

70 730 

90 713 

Shannon Imperfect Medium 0.66 30 697 Exhibits light grey (low chroma) colours and 

coarse distinct mottles in the subsoil (20-86 

cm) demonstrating active redoximorphic 

processes that diminish below 86 cm. 

50 646 

70 553 

90 769 

Tokomaru Poor High 0.08 30 -94 Extensive redoximorphic features throughout 

the profile, with low chroma colours and 

coarse mottles in the subsoil and a fragipan 

forming from approximately 84 cm. 

50 -16 

70 197 

90 701 

 

 

However, these field-based soil Eh data contrast with recent laboratory incubation assays 

of soils from Tuapaka where a high soil denitrification capacity for the Ramiha silt loam 
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under controlled anoxic conditions was reported (Chibuike et al., 2019). In that study, the 

Ramiha silt loam had the highest dissolved organic carbon (DOC) concentrations and 

denitrification capacity of the different soils at Tuapaka, which is related to high contents 

of short-range-order minerals such as allophane. Reconciling this apparent discrepancy 

requires distinguishing between the potential for soil denitrification measured in the 

laboratory and the actual potential for soil denitrification to occur under local 

hydrological and redox (field) conditions. Laboratory incubation studies such as this 

involve saturating the soil samples for soil denitrification measurements, however due to 

the soil’s well-drained structure, saturated conditions do not persist for long periods in 

this soil. In the present study, Ramiha silt loam’s high DOC and carbon storage capacity 

may provide the biochemical potential for denitrification, but the persistently oxidised 

conditions observed via soil Eh monitoring indicate that this potential is rarely achieved 

under typical field conditions. 

 

5.5 Conclusion 

The LSNAI was developed to increase the spatial resolution of subsurface nitrate 

attenuation potential from sub-catchment scale to landscape-unit scale. A machine 

learning model was trained to predict the probability of subsurface oxidising or reducing 

conditions beneath each landscape unit in the Horizons region. However, steeper 

landscapes were under-represented in the model’s training and validation data. Tuapaka 

Farm, containing Low, Medium and High LSNAI categories, provided an opportunity for 

targeted, field-based evaluation of LSNAI classification using soil morphological 

observations and in situ redox potential measurements at three sites (Ramiha, Shannon, 

and Tokomaru silt loams). 

 

In the Low LSNAI category, the Ramiha silt loam, a well-drained soil with few soil 

redoximorphic features, maintained soil Eh values > 300 mV year-round, indicative of 

predominantly oxidised soil conditions. The Medium LSNAI category (Shannon silt loam) 

featured imperfect drainage with low chroma colours and mottling in the subsoil. The 

Soil Eh monitoring indicated intermittent reducing phases at 30, 50 and 70 cm depths 

during wet conditions, though these were usually not sustained for long periods of time. 

The High LSNAI category (Tokomaru silt loam) showed mottling throughout the soil 

profile and sustained reducing conditions (soil Eh < 300 mV) at 30-70 cm depths, 
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particularly following wet periods. However, across all three soil sites, 90 cm depths 

remained oxidised – this condition was expected for the Ramiha soil, but unexpected for 

Shannon and Tokomaru soils. In the Tokomaru soil, a fragipan likely created a perched 

water table above it, while in the Shannon soil, coarser sandier textures at depth may have 

promoted more well-drained, oxidised soil conditions.  

 

Overall, the soil morphological observations and soil Eh monitoring data were broadly 

consistent with the assigned LSNAI categories, providing site-based evidence supporting 

the conceptual basis of the LSNAI. These findings represent targeted ground-truthing of 

the index, rather than a comprehensive validation across all landscape types. Further field 

data collection across a wider range of soil and landscape conditions is required to more 

fully evaluate LSNAI performance across the region.  
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Chapter 6: Effective parameterisation of spatially 

variable landscape subsurface nitrate attenuation 

capacity to estimate river nitrate loads in agricultural 

catchments 
 

Brief introduction for thesis 

This chapter parameterises the LSNAI categories developed in Chapter 4, which classified 

landscape units in the Horizons region into five categories (ranging from Very low to Very 

high) based on their subsurface nitrate attenuation potential. To enable their use in 

catchment nitrogen modelling, the categories require parameterising to nitrogen 

attenuation factors (AFN; values between 0 and 1). An export coefficient modelling 

approach is applied to calibrate the AFN values. 

 

This chapter has been prepared as a manuscript for publication and will be submitted to 

the Journal of Contaminant Hydrology. 
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6.1 Abstract 

Intensive agricultural development has increased nutrient losses to freshwaters, affecting 

water quality and ecosystem health in agricultural landscapes. In New Zealand’s 

Manawatū-Whanganui region, rivers require substantial reductions in nutrient loads to 

meet freshwater targets. The effectiveness of nitrogen reduction strategies depends on 

accounting for spatially variable nitrate attenuation in subsurface flow pathways. A key 

source of uncertainty in modelling river nitrogen loads has been the nitrate attenuation 

factor (AFN), with estimates often ranging from 0.1 to 0.9. This study integrates a 

previously developed measure of landscape subsurface nitrate attenuation, known as the 

Landscape Subsurface Nitrate-Attenuation Index (LSNAI), into catchment-scale nutrient 

export coefficient modelling to identify AFN values for different landscape units. Using 

observed river soluble inorganic nitrogen (SIN) loads, AFN values were calibrated for 

different LSNAI categories across the entire region; this calibration was made for subsets 

based on the average annual river SIN load (< 500 t yr-1 and > 500 t yr-1); and for 

individual catchments (Manawatū, Rangitīkei and Whanganui). Calibration of AFN values 

for sub-catchments with loads < 500 SIN t yr-1 was less reliable (RMSE 215 SIN t yr-1; 

MAE 140 SIN t yr-1; MAPE 156 %; MdAPE 126 %) compared with sub-catchments with 

loads > 500 SIN t yr-1 (RMSE 698 SIN t yr-1; MAE 503 SIN t yr-1; MAPE 27 %; MdAPE 

22 %) which showed more consistent and accurate SIN load predictions. Discrepancies 

between mass balance inferred AFN values and LSNAI classifications in sub-catchments 

such as Rangitīkei at Pukeokahu suggest that some subsurface flow pathways can bypass 

river monitoring locations, potentially transferring soluble nitrogen to neighbouring 

downstream sub-catchments, highlighting the importance of local hydrogeological 

context. With further reductions in uncertainties related to subsurface pathways, this 

novel approach provides a robust framework for parameterising spatially variable AFN 

rates across different landscape units in catchment-scale models. This will support more 

targeted nutrient management strategies and regulatory interventions to reduce nutrient 

losses and improve freshwater quality in agricultural landscapes.  

 

6.2 Introduction 

Runoff and leaching of nutrients (nitrogen and phosphorus) are increasingly associated 

with degradation of water quality in agricultural landscapes. Nitrate losses from 

agricultural land are a significant contributor to the degradation of freshwater 
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environments, affecting ecological integrity, aquatic life, recreational use and drinking 

water supplies in many agricultural catchments (Bell et al., 2021; Keatley et al., 2011; 

Pacheco and Sanches Fernandes, 2016; Wilcock et al., 2011; Withers et al., 2014). Water-

soluble nitrate leached from the soil profile can travel via subsurface pathways, where 

lateral water flow can discharge nitrate-contaminated water to surface water bodies 

(Dymond et al., 2013; Mcdowell et al., 2009; Welch et al., 2011; Zhu et al., 2019). 

Elevated nitrate concentrations in rivers and streams can trigger excessive biological 

growth, leading to oxygen depletion, harm to aquatic wildlife and reduced recreational 

amenity (Davies-Colley, 2013; Heisler et al., 2008).  

 

The Manawatū-Whanganui (Horizons) region in New Zealand features diverse 

landscapes and intensive agricultural land uses, with some catchments experiencing 

significant water quality pressures (Fraser, 2023). While existing water quality mitigation 

strategies have achieved modest success in reducing nutrient (nitrogen) loading to streams 

(Spiekermann et al., 2018), further reductions are required to meet national and regional 

water quality targets (Fraser, 2021; Fraser & Snelder, 2020; Snelder, 2024). Rather than 

applying uniform water quality mitigation measures on farms across the region, a more 

effective approach is required which accounts for spatial variability in subsurface nitrate 

attenuation capacity. This more efficient approach would target interventions to areas 

where they are likely to achieve the greatest benefit (Legarth et al., 2022a, 2022b). To 

date, interventions have been targeted at agricultural areas with disproportionately high 

nutrient losses (Hashemi et al., 2018b; Packham et al., 2020). However, designing 

effective interventions depends not only on a robust understanding of nitrate losses from 

the root zone, but also on the effective accounting of the subsurface environment’s 

capacity to attenuate nitrate – a process that varies spatially across landscapes (Blicher-

Mathiesen et al., 2014; Collins et al., 2017; Rivas et al., 2020; Sarris et al., 2019; Singh 

and Horne, 2019).  

 

Denitrification is the primary mechanism of subsurface nitrate attenuation and is strongly 

influenced by redox conditions in subsurface flow paths (Korom, 1992; Rivett et al., 

2008). Reduced redox conditions, often driven by limited oxygen availability, facilitate 

denitrification in subsurface flow pathways. Numerous local (Clague et al., 2019; Collins 

et al., 2017; Rivas et al., 2017, 2020; Stenger et al., 2018) and international studies 

(Højberg et al., 2017; Jahangir et al., 2013a; Puckett and Cowdery, 2002; Stuart, 2018; 
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Welch et al., 2011) highlight the relationship between reduced groundwater conditions 

and denitrification potential in subsurface environments in agricultural catchments. 

Landscape characteristics such as soil drainage and rock type can also influence nitrate 

transport and denitrification dynamics in surface flow pathways (Clague et al., 2019; 

Collins et al., 2017; Rivas et al., 2017; Wu et al., 2018). Although actual subsurface 

denitrification rates have not been widely quantified (Rivas et al., 2025), subsurface 

nitrate attenuation has been observed across a wide range of hydrogeological settings 

(Böhlke et al., 2002; Jahangir et al., 2013a; Puckett and Cowdery, 2002; Rivas et al., 

2020).  

 

In New Zealand, national and regional studies have assessed and mapped subsurface 

redox conditions (Close et al., 2016; Collins et al., 2025b; Friedel et al., 2020; Sarris et 

al., 2024; Wilson et al., 2020, 2018). However, subsurface redox status and its associated 

denitrification potential have not been sufficiently parameterised to enable robust 

accounting of spatially variable subsurface nitrate attenuation within catchment-scale 

models. While some studies have achieved denitrification rate parameterisation to 

account for nitrate loads (Kim et al., 2021; Sarris et al., 2019), such approaches often 

require complex, data-intensive groundwater models that limit regional-scale application. 

This highlights the need for a simplified catchment-scale modelling approach, which 

avoids reliance on complex hydrogeological simulations, but accounts for spatially 

variable subsurface nitrate attenuation capacity, which in turn facilitates the estimation of 

river nutrient loads in agricultural catchments.  

 

Singh et al. (2017a, 2017b) defined the nitrogen attenuation factor (AFN), as representing 

the proportion of nitrogen removed during transport processes from the farm’s root zone 

to receiving waters, in Tararua and Rangitīkei sub catchments in Manawatū-Whanganui 

(Horizons) region in New Zealand. To support this, a Landscape Subsurface Nitrate-

Attenuation Index (LSNAI) has recently been developed for the whole of the Manawatū-

Whanganui (Horizons) region (Collins et al., 2025a). The LSNAI incorporates predictions 

of subsurface redox conditions with key landscape factors – such as soil drainage and 

rock type – to model and map the spatially variable subsurface nitrate attenuation index 

of different land units. It classifies the landscape into five landscape subsurface nitrate 

attenuation categories, ranging from Very low to Very high (Collins et al., 2025a). 

However, to integrate the LSNAI into catchment-scale models, its categories must first be 
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translated into, or expressed as, AFN values. This integration is expected to enable the 

further development of a catchment-scale nutrient export coefficient modelling (ECM) 

framework (Cherry et al., 2008; Johnes, 1996; Johnes & Heathwaite, 1997), in which 

river nitrate loads are estimated by summing point and non-point sources of nitrate losses 

while accounting for spatially variable subsurface nitrate attenuation (AFN) across 

different land units.  

 

This study aims to quantify and effectively parameterise the LSNAI categories into 

spatially variable nitrate attenuation rates (AFN) for their integration within the 

catchment-scale ECM framework to predict nitrate-N loads to the rivers across the 

Manawatū-Whanganui (Horizons) region in New Zealand. The study also aims to develop 

a simplified catchment-scale ECM to estimate catchment nitrate loads by integrating 

estimates of land use-derived root zone nitrate losses, LSNAI-derived AFN values, point-

source discharges and instream nitrogen uptake. Specifically, this study aims to (a) 

develop the catchment-scale ECM accounting for spatially variable subsurface nitrate 

attenuation capacity of different land units to estimate nitrate loads across the Horizons 

region, (b) establish a methodology to parameterise the LSNAI categories into spatially 

variable nitrate attenuation rates (AFN), and (c) calibrate and validate the AFN for each 

LSNAI class to predict average annual SIN loads across the study region.  

 

6.3 Data and methods 

6.3.1 Study area 

The Manawatū-Whanganui region of New Zealand, also known as the Horizons region 

(Figure 6.1) covers 22,215 km2 (2,221,500 ha) in the lower North Island of New Zealand. 

The region is characterised by several large river catchments that discharge into the 

Tasman Sea on the west coast (Figure 6.1a). Local geology ranges from Mesozoic-age 

basement greywacke exposed in the southern part of the region; an abundance of 

unconsolidated Plio-Pleistocene-age deposits throughout; and volcanic deposits in the 

north (Begg et al., 2005) (Figure 6.1b).  

 

The Manawatū catchment is divided by two mountain ranges, known as the Ruahine and 

Tararua ranges, with the river flowing east to west through a narrow gorge, known as the 

Manawatū Gorge (Figure 6.1a, b). These two mountain ranges are formed by greywacke 
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bedrock, as shown in Figure 6.1b, with the Ruahine Range in the north and Tararua Range 

in the south. The eastern half of the Manawatū catchment is also known as the Tararua 

catchment.  

 

The region’s land use varies from native forest/conservation land and low intensity 

farming in steep and hill country areas, to intensive agriculture such as dairy farming and 

cropping on the river plains and coastal areas (Figure 6.1c). Soils in the region range from 

well-drained to poorly drained (Newsome et al., 2008), though drainage characteristics 

are highly dependent on a soil’s position in the landscape (Cowie et al., 1967; Cowie and 

Rijkse, 1977). Artificial drainage is a common feature in agricultural landscapes of the 

region, especially in lowland areas where poorly drained soils or shallow water tables 

exist. While the exact extent of artificial drainage has not been officially recorded, its 

likely extent has been modelled and mapped on the basis of land use intensity and other 

factors (Manderson, 2018). 

 

Water quality concerns in the region are dominated by diffuse sources from agricultural 

activities (Roygard et al., 2012), with more than half of the water quality monitoring sites 

in the region categorised as ‘likely degrading’ or ‘very likely degrading’ for seven water 

quality variables (chlorophyll-a, visual clarity, dissolved reactive phosphorus (DRP), 

macroinvertebrate community index, NH4-N, % cover of mat algae, and SIN) (Fraser, 

2023). To achieve provisional water quality targets, reductions are required for total 

nitrogen (TN) from 46% (of the current load) in Whanganui and Whangaehu catchments, 

to 83% in Manawatū; and for total phosphorus from 48 % (of the current load) in 

Whangaehu to 84 % in Manawatū (Snelder, 2024).  

 

The region’s diverse hydrogeological conditions have also been used to study local 

groundwater redox conditions and their potential for denitrification in surface flow 

pathways. Existence of spatially variable subsurface redox conditions had been 

established either through shallow groundwater monitoring (Gonzalez Moreno, 2019; 

Smith et al., 2017) using McMahon & Chapelle's (2008) classification, and/or through 

the single-well push-pull tests by observing the concentration of NO3
--N against a 

conservative tracer (Collins et al., 2017; Collins, 2015; Gonzalez Moreno, 2019; Rivas et 

al., 2014, 2017, 2020). While a range of redox conditions were observed in shallow 

groundwaters in the region, subsurface denitrification was measured at only a few 
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locations featuring reduced groundwater redox conditions. In addition, some hill country 

soils, including those areas with seepage wetlands, has been identified as potential 

hotspots for subsoil denitrification due to their elevated dissolved organic carbon levels 

(Chibuike et al., 2020, 2019).  

 

Collins et al., (2025b) assessed groundwater redox conditions to be highly spatially 

variable and somewhat temporally stable across New Zealand landscapes, including the 

Manawatū-Whanganui region. Collins et al. (2025a) further assessed and mapped five 

LSNAI classes, ranging from Very low to Very high, to characterise areas of potential 

spatially variable subsurface nitrate attenuation in diverse land units across the study area 

(Table 4.6; Figure 6.1d). The LSNAI is a framework that assigned relative categories of 

subsurface nitrate attenuation to landscape units within the Horizons region. The Very 

low category was characterised exclusively by greywacke and well- or moderately-well 

drained soils and covers around 1,800 km2 of the region (Table 4.6; Figure 4.5). The Low 

category was characterised by well-drained soils and a range of rock types, including 

mudstone and sandstone. It was also the largest single class covering approximately 

12,000 km2 of the region (Table 4.6; Figure 4.5). The Medium LSNAI category, covering 

around 6,000 km2, was characterised by moderately-well or imperfectly drained soils with 

a larger proportion of mudstone and sandstone rock types compared with the Low LSNAI 

(Table 4.6; Figure 4.5). The High category was characterised by poorly drained or 

imperfectly drained soils, and predominantly alluvium or loess rock types and covers 

around 1,800 km2 (Table 4.6; Figure 4.5). The Very high category was characterised 

exclusively by windblown sands on the western coast and includes a range of soil 

drainage classes. It was the smallest category, covering approximately 774 km2 (Table 

4.6; Figure 4.5). A high spatial variability in LSNAI classes potentially influences nitrate 

transport and attenuation in different land units across the region (Figure 6.1d).  
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Figure 6.1: The Manawatū-Whanganui region, also known as the Horizons region, 

showing a) major river catchments, b) geological types (GNS Science, 

2012), c) primary land uses (Herzig et al., 2020) and d) the LSNAI 

(Collins et al., 2025a). 

 

6.3.2 Soluble inorganic nitrogen export coefficient model 

The ECM framework aims to predict the loss of nutrients by calculating the sum of the 

individual losses exported from each nutrient source in a catchment (Johnes, 1996). Using 

this ECM approach, Singh et al. (2017a, 2017b) and Elwan (2018) developed 

hydrogeologic-based models to account for the influence of different soil types and 

underlying geology on the fate of SIN in the Rangitīkei and Tararua catchments. The 
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average annual SIN loads were estimated with reasonable success when using spatially 

variable nitrate attenuation factors related to soil and rock types (such as texture, drainage 

rate and carbon content). Snelder et al. (2020) also developed catchment-scale water 

quality models for the Horizons region to estimate nitrogen loads and concentrations 

under various potential land management scenarios. The models used sub-catchment 

nitrogen export and attenuation coefficients and point source load estimates to estimate 

average annual TN loads in the region.  

 

In this study, the ECM approach was further developed and applied by integrating key 

sources of nitrate losses and their potential attenuation in subsurface flow pathways via 

LSNAI-derived, calibrated AFN values. It is important to note that the LSNAI was 

developed as part of an ECM framework for predicting instream nitrogen loads, rather 

than as a groundwater flow model or solute transport model. Mechanistic, process-based 

groundwater models typically require detailed characterisation of subsurface properties 

to simulate flow paths and travel times. In contrast, the LSNAI provides a simplified, 

spatially distributed representation of nitrate attenuation potential based on available 

landscape attributes, without explicitly representing subsurface flow processes or depth-

dependent dynamics. 

 

Average annual river SIN loads were calculated by summing the nitrogen contributions 

from individual landscape units, adding any point source (wastewater) discharges of SIN 

and subtracting instream nitrogen uptake. To establish a baseline, the unattenuated 

average annual river SIN load was first calculated as the aggregated root zone nitrate loss 

contributions from all relevant landscape units, assuming no subsurface nitrate 

attenuation. This includes point-source (wastewater) discharges and instream nitrogen 

uptake, as expressed in Equation 1: 

 

𝑈𝑛𝑎𝑡𝑡𝑒𝑛𝑢𝑎𝑡𝑒𝑑 𝑆𝐼𝑁 𝑙𝑜𝑎𝑑 (𝑁
𝑡

𝑦𝑒𝑎𝑟
) =  𝑚 ( ∑( 𝐴 ⋅ 𝑁𝑙𝑜𝑠𝑠)) +  𝐷 −  𝑁𝑢𝑝 (Eq. 1) 

 

Where: 

𝑚 = conversion factor 

A = area under each land use typology above the water quality monitoring station (in 

hectares) 
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𝑁𝑙𝑜𝑠𝑠 = nitrogen loss rate related to a land use typology (in SIN kg ha-1 yr-1) 

𝐷 = Wastewater discharge inputs (in SIN t yr-1) 

𝑁𝑢𝑝 = Estimates of instream nitrogen uptake (in SIN t yr-1) 

 

To account for spatially variable nitrate attenuation in subsurface environments, the 

attenuated average annual river SIN load was then calculated by adjusting root zone SIN 

losses with LSNAI-derived AFN values and artificial drainage factors (AD). The AFN 

adjustment reflects the proportion of nitrate losses reduced through subsurface nitrate 

attenuation, calculated as (1 – AFN), where a higher AFN indicates greater nitrate 

attenuation capacity. However, this capacity can be compromised by the presence of 

artificial drainage, which accelerates the removal of nitrate-enriched water from the soil 

profile. The influence of artificial drainage (where the likelihood of drainage is > 50 %; 

Manderson (2018)), was incorporated through an AD factor (1 for no drainage, 0.10 for 

drainage). The attenuated average annual river SIN load is therefore expressed in Equation 

2: 

 

𝑆𝐼𝑁 𝑙𝑜𝑎𝑑 (𝑁
𝑡

𝑦𝑒𝑎𝑟
) =  𝑚 ( ∑ ( (𝐴 ⋅ 𝑁𝑙𝑜𝑠𝑠) ⋅ (1 − (𝐴𝐹𝑁 ⋅ 𝐴𝐷)))) +  𝐷 − 𝑁𝑢𝑝 (Eq. 2) 

 

Where: 

𝐴𝐹𝑁 = Landscape subsurface nitrate attenuation factor, ranging from 0 to 1  

𝐴𝐷 = Artificial drainage factor, 1 for no drainage or 0.10 for drainage 

 

6.3.3 Data inputs and sources 

Parametrisation of catchment-scale unattenuated and spatially variable attenuated SIN 

load models (Equations 1 and 2) required the input of several data sets, including 

estimates of root zone N losses for each land use typology; point-source SIN 

contributions; instream SIN uptake; LSNAI-derived AFN factor; artificial drainage extent; 

and the observed river SIN loads. The required data and inputs were collated from 

different data sources, described as follows.  
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6.3.3.1 Root zone soluble inorganic nitrogen losses 

A land use typology-based inventory of contaminant losses was used to estimate root 

zone SIN losses for pastoral and non-pastoral farms across the region (Srinivasan et al., 

2021). Environmental data such as climate (rainfall and winter soil temperature), 

landscape (slope) and soil attributes (such as drainage class) were combined with land 

use information in the Overseer Nutrient Budgets® tool to derive root zone SIN loss 

estimates (kg N ha-1 yr-1; Monaghan et al., 2018; Srinivasan et al., 2021). As Overseer 

omits ammoniacal-N dynamics, and nitrite-N is present only in trace amounts due to its 

rapid conversion to nitrate-N, the estimates of root zone losses from Overseer relate 

primarily to nitrate-N (Ministry for the Environment and Ministry for Primary Industries, 

2021). For dairy farms, estimated N losses were based on an analysis by Monaghan et al. 

(2018) who sought to benchmark nitrogen and phosphorus losses from New Zealand dairy 

farms while recognising landscape susceptibilities that may influence contaminant loss 

and transport in agricultural catchments. The root zone SIN losses (kg N ha-1 yr-1) under 

sheep and beef land use typology were also estimated using Overseer (Srinivasan et al., 

2021). For the remaining land uses described in the typology (deer; pastoral support land 

used for winter forage crop grazing; arable and mixed crops; vegetable growing; 

viticulture; forestry; and native bush), literature-based root zone SIN loss estimates (kg N 

ha-1 yr-1) were used (Srinivasan et al., 2021). 

 

To apply the typology to the Horizons region, land use, slope and moisture (rainfall) data 

were required. Land use data for the Horizons region (Figure 6.1 c; Herzig et al., 2020) 

were matched as best as possible to the typology land uses. This regional land use data 

does not separate ‘Beef’ and ‘Deer’ from the Sheep/beef category (which includes deer), 

but these are relatively minor farming categories for the region compared to Sheep/beef. 

Slope categories were derived from the NZLRI and reclassed into flat (0-7°); rolling (7-

15°); easy hill (15-25°); and steep hill (>25°) classes. Four moisture (rainfall) categories 

were categorised as Irrigated, Wet (mean annual rainfall > 1700 mm), Moist (mean annual 

rainfall > 1100 mm) and Dry (mean annual rainfall < 1100 mm). Irrigated areas were 

mapped from 2020 data for the region (Dark, 2020) and rainfall data were obtained from 

average annual rainfall 1972-2016 (Ministry for the Environment, 2017). 
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6.3.3.2 Point source soluble inorganic nitrogen contributions 

Point-source SIN discharges were quantified based on existing data of wastewater 

discharge monitoring across the study region. A number of wastewater treatment plants 

in the Horizons region discharge wastewater into the region’s river network, from both 

municipal and industrial sources. There are a total of 29 wastewater discharges operating 

in the region that are consented to discharge > 20 m3 d-1 (Cox et al., 2022; See Table F.1). 

SIN loads (t yr-1) were calculated as the sum of the individual nitrate-N, nitrite-N and 

ammonium-N loads for each discharge. The mean concentration of each variable was 

calculated using continuous or discrete monitoring records for these discharges, and the 

average annual load for each variable was estimated by multiplying the mean 

concentration by the discharge volume (Fraser and Snelder, 2020).  

 

6.3.3.3 Instream soluble inorganic nitrogen uptake 

A source of SIN removal from freshwater environments is the growth of periphyton, a 

complex assemblage that primarily consists of benthic autotrophic algae, but may also 

include cyanobacteria, heterotrophic microbes and detritus (Haddadchi et al., 2020). 

When environmental conditions such as light availability, temperature and nutrient 

concentrations are favourable (Biggs and Close, 1989; Larned, 2010), periphyton can 

proliferate, at times reaching levels classified as ‘nuisance periphyton’ (Kilroy et al., 

2020a; McArthur et al., 2010). Excessive periphyton growth assimilates soluble forms of 

nitrogen such as nitrate into the periphyton biomass as organic nitrogen, thereby 

removing nitrate from the water column. At certain flow thresholds, periphyton biomass 

is removed from the benthic substrate (Haddadchi et al., 2020; Kilroy et al., 2020b), 

resetting the accrual cycle and enabling renewed growth and SIN uptake during 

subsequent low-flow periods. There are no reliable estimates of the annual SIN uptake as 

a result of these instream processes in the Horizons region, however, Singh et al. (2017b) 

applied a simple model to estimate instream SIN uptake for the Rangitīkei catchment, 

outlined in Equation 3, as follows:  

 

𝑁𝑢𝑝 =  𝑚 ( 𝑓𝑛 ⋅ 𝐴𝐼 ⋅ 𝑃 ) ⋅ ( 𝑓𝑝 ⋅ 𝑊 ) ⋅ 𝑁 (Eq. 3) 

 

Where: 

𝑁𝑢𝑝 = Instream nitrogen uptake (in SIN t/year) 

𝑚 = Conversion factor 
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𝑓𝑛 = Nitrogen content fraction of periphyton 

𝐴𝐼 = Autotrophic index (i.e. the ratio of periphyton biomass (ash-free dry mass) to 

chlorophyll-a) 

𝑃 = Periphyton growth (mean chlorophyll-a mg/m2) 

𝑓𝑝 = Periphyton cover fraction 

𝑊 = Wetted area (m2) 

N = Average number of periphyton growth accruals in a year 

 

A number of input variables required in Equation 3 are provided by the River 

Environment Classification (REC), a database of catchment spatial attributes for New 

Zealand’s river network (Snelder & Biggs, 2002). The REC divides the river network into 

more than more than 53,000 segments across the Horizons region, covering 

approximately 36,700 km of river length and assigns each segment a range of biophysical 

attributes, including hydrological and water quality data (Whitehead and Booker, 2020, 

2019). Wetted area (W, m2) is calculated as the product of segment length (m) and width 

(m) at mean annual low (summer) flow (Booker, 2010). Periphyton cover fraction (fp, %) 

is provided as the modelled mean percentage cover of the riverbed (Kilroy et al., 2019), 

and periphyton growth (P; chlorophyll-a mg/m2) as the modelled mean chlorophyll-a 

concentration for each segment (Kilroy et al., 2019).  

 

However, the REC database does not provide estimates of either the nitrogen content 

fraction of periphyton (fn, %) or the autotrophic index (AI) (Eq. 3). The nitrogen content 

fraction was assumed to be 0.05 (5 %) (Singh et al., 2017b). The AI is the ratio of ash free 

dry mass (AFDM; mg/m2):chlorophyll-a (mg/m2). Whereas chlorophyll-a represents the 

autotrophic component of a sample (i.e. algae), the AFDM represents the combined 

autotrophic and heterotrophic components (Biggs and Close, 1989). Lower values of AI 

(e.g. 50 to 100) indicate a community dominated by algae, while larger values (e.g. over 

400) indicate a community dominated by heterotrophs and/or organic detritus (Biggs and 

Close, 1989). AFDM was collected early in Horizon’s periphyton monitoring 

programme, however it was discontinued after an analysis of results showed AI did not 

increase, as expected, downstream of point source discharges (Kilroy, 2016). It was 

thought that AI may not be an appropriate indicator for the types of discharges being 

monitored in the region (Kilroy, 2016). Consequently, the AI value is not well 
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characterised for the Horizons region, creating uncertainty when estimating instream 

nitrogen uptake from the river network.  

 

To reduce this uncertainty in AI estimation, refinements were introduced to better 

represent spatial variability in periphyton accrual across the river network. Periphyton 

biomass was first adjusted for bed substrate composition using the river bed sediment 

cover data set of Haddadchi et al. (2018). Coarse, stable substrates such as cobble, boulder 

and bedrock provide suitable attachment surfaces for periphyton, whereas finer substrates 

such as sand and mud do not (Kilroy et al., 2019; Larned, 2010). Weighting factors were 

applied to the periphyton cover fraction (fp) to scale potential periphyton biomass 

according to substrate suitability, with values ranging from 0.1 for mud, 0.75 for sand and 

1.0 for stable substrates.  

 

In addition, the AI was varied between river segments based on substrate composition, 

reflecting differences in community structure between thin algal biofilms on fine 

sediments (low AI) and filamentous periphyton mats on coarse substrates (high AI). 

Segment-specific AI values were calculated as weighted averages of substrate-specific 

values, ranging from 50 for mud, 150 for sand and 300 for stable substrates. This approach 

provides a more ecologically realistic representation of spatial variation in periphyton 

biomass composition across the river network.  

 

Finally, an average of four periphyton accruals was assumed to occur each year (Eq. 3). 

 

6.3.3.4 Spatially variable AFN 

The spatially variable AFN (Eq. 2) is parametrised as per the LSNAI categories. The LSNAI 

had been mapped as five categories of subsurface nitrate attenuation, from Very low to 

Very high, at the landscape unit scale across the study region (Collins et al., 2025a). The 

landscape units are defined as a spatial area or unit of territory that shares similar physical 

and geographic characteristics (Campos-Campos et al., 2018). Each landscape unit 

contains attributes obtained from the New Zealand Land Resource Inventory (NZLRI; 

Newsome et al., 2008) that were used in the development of the LSNAI (Collins et al., 

2025a). Extreme Gradient Boosting was used to predict landscape unit redox status by 

integrating a nationwide groundwater redox status data set (Collins et al., 2025b) with 

various landscape characteristics. Unsupervised classification was used to identify the 
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five potential LSNAI classes among the Horizons region’s landscape units (Collins et al., 

2025a). 

 

In this study, the LSNAI categorical classification is parameterised with initial estimates 

of spatially variable subsurface AFN, according to their assessed subsurface nitrate 

attenuation potential. The LSNAI category of Very low was assigned an AFN value of 0.1, 

and similarly Low [0.3], Medium [0.5], High [0.7], and Very high [0.9]. These initial 

estimates reflect observations of nitrate reduction in subsurface environments where 

oxidised subsurface environments tend to have a Very low or Low capacity for nitrate 

reduction, whereas reduced subsurface environments tend to have a High or Very high 

capacity for nitrate reduction (Clague et al., 2019; Collins et al., 2017; Rivas et al., 2017, 

2020; Stenger et al., 2018). The assigned spatially variable AFN, are then calibrated and 

validated by comparing the predicted with observed average annual river SIN loads (see 

section 6.3.4). 

 

6.3.3.5 Artificial drainage extent 

The spatially variable AFN (Eq. 2) is adjusted for the artificial drainage extent of different 

land units. Artificial drainage has been employed in agricultural landscapes in New 

Zealand and around the world to increase the productivity of farmland, with both surface 

and subsurface artificial drainage used in poorly drained soils in New Zealand agricultural 

landscapes (Deuss et al., 2023; McLaren and Cameron, 1990). However, artificial 

drainage can compromise the effectiveness of any natural subsurface nitrate attenuation 

capacity by creating a shortcut from the subsurface environment to surface water (Barkle 

et al., 2021). While artificial drainage systems are not mapped directly in New Zealand, 

the soil conditions under which they are usually required means that their likelihood can 

be predicted in the landscape (Manderson, 2018). Using fuzzy set theory, Manderson 

(2018) estimated both the suitability of land for artificial drainage and the likelihood that 

land is artificially drained in New Zealand. Probabilities were interpreted as fuzzy 

confidence thresholds, with classifications ranging from Not drained (< 0.5), to Drained 

with low confidence (0.5 – 0.55), moderate confidence (0.55 – 0.6), and high confidence 

(> 0.6).  

 

In this study, where the mapped LSNAI categories were intersected by the mapped 

artificial drainage extent (where the likelihood of drainage is > 50 %), the subsurface 
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nitrate attenuation capacity was reduced by 90% to reflect the increased nitrate transfer 

pathway by drainage network. A factor of 0.10 was selected where drainage occurs to 

recognise that subsurface nitrate attenuation can occur quickly in some conditions (Rivas 

et al., 2025). Accordingly, the artificial drainage factor (AD) was approximated as 1 (i.e., 

no drainage, no change in AFN value) or 0.10 (i.e. drainage and a 90% reduction AFN 

value) (Eq. 2). This is considered a conservative approach to estimating the effect of 

artificial drainage on subsurface nitrate attenuation.  

 

6.3.3.6 Observed river soluble inorganic nitrogen loads 

Horizons Regional Council monitors continuous river water flows and discrete (monthly) 

water quality across the study region. Using existing water quality observations, Fraser 

(2021) calculated observed average annual river loads of DRP, E. coli, nitrate-N, nitrite-

N ammonium-N, TN, total phosphorus and total suspended sediment. The observed 

average annual SIN load was calculated as the sum of the individual nitrate-N, nitrite-N 

and ammonium-N loads at 40 river water quality monitoring sites in the study region. 

Various methods were used to calculate the individual nitrate-N, nitrite-N and 

ammonium-N loads, including the flow stratification (Roygard et al., 2012), L7 and L5 

methods (Cohn, 2005; Cohn et al., 1992, 1989). These rating curve methods (Cohn, 2005; 

Cohn et al., 1992, 1989; Roygard et al., 2012) exploit the relationship between nutrient 

concentrations and flow observations, which is usually necessary due to the low-

frequency measurements of concentration (e.g. monthly), compared to the higher 

frequency of flow measurements (e.g. daily) (Snelder et al., 2017). The average annual 

river nitrate-N, nitrite-N and ammonium-N loads for the region were calculated for the 

ten-year period from 1 January 2010 to 31 December 2019, using flow and nutrient 

concentration pairs for each day of the sampling period, though data prior to this period 

were still used to define the concentration-flow rating curves (Fraser, 2021). Only sites 

that had at least nine out of 10 years, 80 % of quarters and at least 60 total observations 

were used in the analysis (Fraser, 2021). The model selection for each site (whether flow 

stratification, L7 or L5 was used) involved manual inspection of all possible rating curves 

and depended on the match between the model and functional and distributional 

characteristics of the data (Fraser, 2021; Snelder et al., 2017). The SIN load for each 

monitoring site is the sum of the individual nitrate-N, nitrite-N and ammonium-N loads. 

The quantified observed average annual river SIN loads can also be regarded as 

‘attenuated’ loads because they incorporate all instream attenuation, subsurface 
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attenuation and instream nitrogen uptake processes up to that point in the catchment. The 

observed average annual river SIN loads were used to calibrate and validate spatially 

variable LSNAI-derived AFN (Eq. 2) to predict average annual river SIN loads in the study 

region. 

 

6.3.4 Calibration and validation of LSNAI-derived AFN rates 

To derive effective subsurface AFN rates for each LSNAI category, a general-purpose 

optimisation function (optim(); R Core Team, 2022) was used to minimise the root mean 

square error (RMSE) between the observed and predicted average annual river SIN loads 

at up to 40 river monitoring sites in the study region. The optimisation tool requires initial 

AFN parameter values, which were assigned based on the LSNAI categories: Very low 

(0.1), Low (0.3), Medium (0.5), High (0.7), and Very high (0.9) (Section 6.3.3.4). The 

optimisation function employed the “L-BFGS-B” algorithm, which allows for box 

constraints (Byrd et al., 1995), i.e. the ability to set upper and lower bounds to the AFN 

parameters. The objective function was specified to minimise the RMSE between the 

observed and predicted average annual river SIN loads. Specifically, the optimisation 

searched within the following intervals: Very low (0.05-0.15), Low (0.175-0.375), 

Medium (0.4-0.6), High (0.625-0.775), and Very high (0.85-0.95), with each LSNAI 

category constrained to a non-overlapping interval of between 0.1 and 0.2. A wider 

interval (0.2) was given to the Low and Medium categories, in recognition of the large 

amount of landscape units in these categories in the region compared to Medium (interval 

of 0.15) and Very low and Very high (interval of 0.1). See Table 4.6 for further details 

about the area of each LSNAI category in the Horizons region. The final optimised AFN 

rates were those that minimised this objective function across the entire monitoring 

network.  

 

While RMSE served as the objective function during the model (Eq. 2) optimisation, 

additional metrics were also used to assess the model’s performance, including mean 

absolute percentage error (MAPE); median absolute percentage error (MdAPE); mean 

absolute error (MAE); and R-squared (R2) (Hyndman and Koehler, 2006; Willmott and 

Matsuura, 2005). Together, these metrics provide a more comprehensive evaluation of 

how well the parameterised AFN categories in the ECM model (Eq. 2) predicted average 

annual river SIN loads relative to their observed values across the region.  
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There is assumed to be a slight mismatch between several of the inputs into the ECM 

model, as the root zone SIN losses represent mostly nitrate-N (Section 6.3.3.1), while the 

point-source SIN contributions (Section 6.3.3.2) and observed average annual river SIN 

loads (Section 6.3.3.6) comprise the sum of nitrate-N, nitrite-N and ammonium-N. 

However, in the predominantly oxidising conditions of instream environments, nitrite-N 

and ammonium-N rapidly convert to nitrate-N through nitrification (Wetzel, 2001). 

Therefore, this mismatch is considered to have a negligible effect on the comparison 

between predicted and observed average annual river SIN loads.  

 

6.4 Results and discussion 

6.4.1 Spatial variability of subsurface nitrate attenuation at sub-catchment 

scale 

By comparing the observed and estimated unattenuated river SIN load (Eq. 1), the overall 

subsurface AFN at the sub-catchment scale was estimated for each monitoring site (known 

as the ‘mass balance’ approach; Table 6.1). At most sites, the estimated unattenuated river 

SIN load exceeded the observed load by between 2.5 and 1189 %. At two sites, however 

(Ohura at Tokorima and Whanganui at Wades Landing, both in the Whanganui 

catchment), the opposite was observed, with the estimated unattenuated river SIN loads 

lower than the observed loads. This discrepancy may result from overestimation of the 

observed load, underestimation of the attenuated load, or a combination of both. Negative 

attenuation scores such as this highlights the substantial uncertainty involved in this 

analysis. Such uncertainty can arise from a number of sources, including errors in 

instream nitrogen load calculations (Elwan et al., 2018; Snelder et al., 2017); inaccuracies 

in land use data (Herzig et al., 2020); uncertainty regarding nitrogen leaching losses 

(Tavernet, 2023; Upton, 2018); and uncertainty related to periphyton proliferation and 

estimates of instream nitrogen uptake (Haddadchi et al., 2020; Kilroy et al., 2020b; 

Snelder et al., 2019). Together, these factors contribute to uncertainty in both observed 

and estimated unattenuated river SIN loads.  

 

Across most sites, AFN values ranged from 0.10 to 0.90, reflecting substantial spatial 

variability in subsurface nitrate attenuation processes (Table 6.1). Previous research has 

reported comparable values of AFN within the region. For example, Elwan et al. (2018), 
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also using SIN, applied a similar approach in the Tararua and Rangitīkei catchments, 15 

sites of which overlap with this study. At two-thirds of the over-lapping sites, differences 

in estimated AFN values were 0.1 or less, with 80 % within 0.2 (Table 6.1). Both studies 

identified Kumeti at Te Rehunga and Makuri at Tuscan Hills (Manawatū catchment) as 

sites with among the lowest AFN value (< 0.3), and Rangitīkei at Pukeokahu as the site 

with the highest AFN value (> 0.9) (Table 6.1). Snelder et al. (2020), while using TN in 

their analysis, also found the highest rates of AFN at the Rangitīkei at Pukeokahu 

monitoring site, and low rates of AFN across all Whanganui sites (Table 6.1).  

 

Table 6.1: Observed and unattenuated average annual river SIN loads in the 

Horizons region. The subsurface AFN represents the proportion of SIN 

load that is lost between the source (unattenuated SIN load) and the 

instream observation. 

    AFN 

Monitoring site Catchment 
Observed 

SIN (t yr-1) 

Unattenuated 

SIN (t yr-1) 

This 

study 

Elwan 

(2018) 

Snelder et 

al. (2020) 

Ohura at Tokorima  Whanganui  906 629 -0.44  0.10 

Whanganui at Wades Landing  Whanganui  3421 2980 -0.15   

Whanganui at Te Rewa  Whanganui  3864 3959 0.02  0.10 

Makuri at Tuscan Hills  Manawatū  121 141 0.14 0.14 0.30 

Kumeti at Te Rehunga  Manawatū  15 17 0.14 0.21 0.11 

Whanganui at Pipiriki  Whanganui  2735 3704 0.26  0.10 

Whanganui at Te Maire  Whanganui  1155 1597 0.28  0.10 

Ongarue at Taringamotu  Whanganui  605 890 0.32  0.10 

Tiraumea at Ngaturi  Manawatū  317 553 0.39 0.77 0.46 

Whanganui at Cherry Grove  Whanganui  338 553 0.39   

Rangitīkei at McKelvies  Rangitīkei  1300 2436 0.47 0.69 0.49 

Mangahao at Ballance  Manawatū  113 235 0.52 0.62 0.10 

Turakina at ONeills Bridge  Turakina  264 580 0.54  0.40 

Manawatū at Upper Gorge  Manawatū  1770 3897 0.55 0.50 0.35 

Manawatū at Opiki Bridge  Manawatū  2226 5238 0.58  0.44 

Manawatū at Teachers College  Manawatū  1892 4595 0.59  0.36 

Mangatainoka at Brewery  Manawatū  346 872 0.60  0.20 

Mangatoro at Mangahei Road  Manawatū  82 216 0.62 0.70 0.47 

Rangitīkei at Onepuhi  Rangitīkei  640 1757 0.64 0.85 0.63 

Ōhau at Gladstone Reserve  Ōhau  19 54 0.65  0.11 

Whangaehu at Kauangaroa  Whangaehu  549 1648 0.67  0.50 

Tokiahuru at Junction  Whangaehu  28 87 0.68  0.09 

Mangatainoka at Larsons Road  Manawatū  19 59 0.68 0.61 0.10 

Oroua at Awahuri Bridge  Manawatū  370 1164 0.68  0.68 

Manawatū at Weber Road  Manawatū  259 824 0.69 0.74 0.45 
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Hautapu at US Rangitīkei River 

Conf  

Rangitīkei  62 211 0.71   

Raparapawai at Jackson Road  Manawatū  28.8 100 0.71 0.71 0.59 

Mangawhero at Pakihi Rd 

Bridge  

Whangaehu  61 216 0.72  0.42 

Oroua at Almadale Slackline  Manawatū  115 411 0.72  0.65 

Manawatū at Hopelands  Manawatū  482 1764 0.73 0.66 0.37 

Rangitīkei at Mangaweka  Rangitīkei  364 1358 0.70 0.87 0.68 

Mangapapa at Troup Road  Manawatū  12 47 0.74 0.65 0.42 

Tokomaru River at Horseshoe 

bend  

Manawatū  8 35 0.77   

Hautapu at Papakai Road Bridge  Rangitīkei  31 140 0.78   

Pohangina at Mais Reach  Manawatū  81 398 0.80  0.64 

Whakapapa at Footbridge  Whanganui  8 48 0.83   

Hautapu at Alabasters  Rangitīkei  24 140 0.83  0.70 

Mangawhero at Raupiu Road  Whangaehu  104 744 0.83  0.53 

Owahanga at Branscombe 

Bridge  

Owahanga  39 410 0.90  0.60 

Rangitīkei at Pukeokahu  Rangitīkei  36 464 0.92 0.94 0.75 

 

The SIN attenuation factors in Table 6.1 highlight considerable spatial variability in 

subsurface nitrogen attenuation across the Horizons region. However, sub-catchment 

scale estimates represent aggregated differences at surface water monitoring sites, which 

often encompass large and heterogeneous areas. This aggregation can obscure finer-scale 

variability in subsurface nitrate attenuation processes. To address this, the LSNAI model 

(Eq. 2) was parameterised to estimate subsurface nitrogen attenuation at the landscape-

unit scale, classifying from Very low to Very high nitrate attenuation (Collins et al., 

2025a). This effective parametrisation provides a higher-resolution representation of 

subsurface nitrate attenuation variability within and across catchments.  

 

A series of parametrisation tests were undertaken to assess whether calibration is more 

successful when applied across the entire region, or when stratified by load size or 

catchment.  

 

6.4.2 Initial AFN load estimates 

As a baseline, LSNAI-derived AFN values of Very low (0.1), Low (0.3), Medium (0.5), 

High (0.7) and Very high (0.9) were applied in Equation 1 to predict average annual river 

SIN loads for surface water quality monitoring sites. All monitoring sites were included 
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except for Ohura at Tokorima and Whanganui at Wades Landing, which had shown 

negative AFN values (Table 6.1). With these initial LSNAI-derived AFN values, the 

catchment-scale nitrogen export model (Eq. 2) performance was moderate: RMSE 449 t 

yr-1; MAE 267 t yr-1; MAPE 126 %; MdAPE 90 %; and R2 0.73, with average annual river 

SIN loads generally being over-predicted rather than under-predicted (Figure 6.2). The 

largest errors occurred at sites with smaller observed average annual river SIN loads 

(Table G.1). The most extreme case of over-prediction was Rangitīkei at Pukeokahu, with 

an error of 785 %. Other sites with large over-prediction errors included Owahanga at 

Branscombe Bridge with an error of 454 % (Table G.1); and Whakapapa at Footbridge 

with an error of 263 % (Table G.1). The most extreme under-prediction was Tiraumea at 

Ngaturi with an error of -60 % (Table G.1); followed by Makuri at Tuscan Hills with an 

error of -44 % (Table G.1); and Whanganui at Te Rewa with an error of -44 % (Table 

G.1). 

 

 

Figure 6.2: Observed and predicted average annual river SIN loads (t yr-1) with 

initial AFN values. Axes are log10-transformed. The red dashed line is the 

1:1 line. 
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6.4.3 Regional calibration of AFN for all sites 

To find the best fit for the average annual river SIN loads, the initial values of LSNAI-

derived AFN values were calibrated using the optimisation method outlined in Section 

6.3.4. As above, all river monitoring sites were included in this regional calibration, 

except the Ohura at Tokorima and Whanganui at Wades Landing, which had negative 

AFN values (Table 6.1). The regional AFN values were calibrated as Very low (0.150), 

Low (0.281), Medium (0.600), High (0.775) and Very high (0.950). However, this 

improved the model (Eq. 2) performance only slightly relative to the initial AFN values, 

with RMSE reduced from 449 t yr-1 to 425 t yr-1; MAE reduced from 267 t yr-1 to 244 t yr-

1; MAPE decreased from 126 % to 117 %; MdAPE reduced from 90 % to 76 %; and R2 

slightly increased from 0.73 to 0.76 (Figure 6.3). For those monitoring sites with the most 

extreme over- or under-predictions, errors were similar or worse than using the initial AFN 

values (Section 6.4.2). The error at Rangitīkei at Pukeokahu increased from 785 % to 796 

% (Table G.2); the error at Owahanga at Branscombe Bridge decreased from 485 % to 

400 % (Table G.2); and the error at Whakapapa at Footbridge increased from 263 % to 

277 % (Table G.2). Those sites with under-predicted average annual SIN loads included 

Tiraumea at Ngaturi where percentage error increased from -60 % to -74 % (Table G.2); 

the error at Makuri at Tuscan Hills increased from -44 % to -46 % (Table G.2); and the 

error at Whanganui at Te Rewa remained the same at -44 % (Table G.2). 
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Figure 6.3: Observed and predicted average annual river SIN loads (t yr-1) with 

calibrated AFN values for all sites. Axes are log10-transformed. The red 

dashed line is the 1:1 line. 

 

A clear pattern emerges when the observed average annual SIN loads are compared with 

the absolute percentage errors from the regional calibration. Sites with observed average 

annual SIN loads of < 500 t yr-1 generally had much larger percentage errors than those 

with observed average annual SIN of > 500 t yr-1 (Figure 6.4; Table G.2). The sites with 

the observed average annual SIN loads of > 500 t yr-1 had percentage errors ranging from 

-44 % to 55 %. This partly reflects the optimisation criteria (RMSE) used, which weighed 

improvements at large-load sites more heavily (Section 6.3.4). In addition, small 

catchments (observed average annual SIN load of < 500 t yr-1) contain fewer and less 

diverse landscape units, reducing the potential for local estimation errors to balance out 

across the catchment. As a result, local discrepancies have a proportionally greater 

influence on total load estimates.  
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Figure 6.4: Observed average annual river SIN load (t yr-1) and absolute percentage 

error (%) between the observed and average annual river SIN load (t yr-

1), as precited with the regionally calibrated AFN values for all 

monitoring sites.  

 

When the regionally calibrated AFN values were applied to these two subsets of 

monitoring sites (observed average annual SIN loads of < 500 t yr-1 and observed average 

annual SIN loads of > 500 t yr-1), further improvements can be seen in the model’s 

performance metrics of the latter subset (Table 6.2). While RMSE and MAE are both 

larger, accounting for the larger range of monitoring site loads in this subset (from 549 

average annual SIN t yr-1 at Whangaehu at Kauangaroa to 3864 average annual SIN t yr-1 

at Whanganui at Te Rewa; Table G.2), both MAPE and MdAPE are reduced to 29 % and 

27 %, respectively compared with 149 % and 123 % for the subset of the observed SIN 

loads < 500 t yr-1 (Table 6.2).  

 

Table 6.2: Comparison of results for regionally calibrated AFN values for all 

monitoring sites, monitoring sites with SIN loads < 500 t yr-1, and 

monitoring sites with SIN loads > 500 t yr-1. 

Metric Unit Results with regionally 

calibrated AFN values for 

all sites (Figure 6.3) 

Results with regionally 

calibrated AFN values 

applied to sites < 500 t yr-1 

Results with regionally 

calibrated AFN values 

applied to sites > 500 t yr-1 

RMSE SIN t yr-1 425 209 752 

MAE SIN t yr-1 244 134 553 

MAPE % 117 149 29 
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MdAPE % 76 123 27 

R2  0.76 -1.22 0.44 

 

6.4.4 Catchment-specific calibration of AFN  

The previous section (Section 6.4.3) calibrated the LSNAI-derived AFN values by 

including all monitoring sites in the region. In this section, local calibrations were 

performed specifically for the region’s major catchments (Manawatū, Rangitīkei and 

Whanganui). This was done to test whether a catchment-specific calibration approach can 

further improve LSNAI-derived AFN values and river SIN load predictions.  

 

6.4.4.1 AFN calibration for the Manawatū catchment 

Applying the regionally calibrated AFN values to the Manawatū catchment, the model 

yielded an RMSE of 412 SIN t yr-1; a MAE of 270 SIN t yr-1; a MAPE of 100 %; a MdAPE 

of 88 %; and an R2 of 0.64 for prediction of the average annual river SIN loads at 18 sites 

across the Manawatū catchments (Table 6.3). In the catchment-specific calibration using 

only Manawatū monitoring sites, the LSNAI-derived AFN values were calibrated to Very 

low (0.150), Low (0.375), Medium (0.600), High (0.775) and Very high (0.900). 

Compared to the regionally calibrated AFN values, the Low AFN category value increased 

from 0.281 to 0.375, showing the Manawatū catchment required a higher rate of 

attenuation for the Low LSNAI category. The catchment-specific model performance 

showed improvement over both the regional calibration and the application of the 

regionally calibrated AFN values in the Manawatū catchment: RMSE decreased to 305 

SIN t yr-1; MAE decreased to 208 SIN t yr-1; MAPE decreased to 89 %; MdAPE decreased 

to 80 %; and R2 improved to 0.81 (Table 6.3). More over-predictions occurred than under-

predictions (Table G.3), with the largest over-prediction being Tokomaru at Horseshoe 

bend with a percentage error of 230 % (the observed SIN load of 8 t yr-1 versus a predicted 

SIN load of 27 t yr-1). The largest under-prediction was Tiraumea at Ngaturi with a 

percentage error of -85 % (Table G.3; observed SIN load of 317 t yr-1 versus a predicted 

load of 47 t yr-1).  

 

Table 6.3: The model performance metrics comparing the observed and predicted 

SIN loads (t yr-1) for the Manawatū catchment. Results are shown for the 

regionally calibrated AFN values, the Manawatū catchment using 

regionally calibrated AFN values, and the Manawatū catchment using 

locally calibrated AFN values. 
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Metric Unit Results with regionally 

calibrated AFN values 

(Figure 6.3) 

Results with regionally 

calibrated AFN values 

applied to Manawatū 

Results with locally 

calibrated (Manawatū) 

AFN values (Table G.3) 

RMSE SIN t yr-1 425 412 305 

MAE SIN t yr-1 244 270 208 

MAPE % 117 100 89 

MdAPE % 76 88 80 

R2  0.76 0.64 0.81 

 

6.4.4.2 AFN calibration for the Rangitīkei catchment 

Applying the regionally calibrated AFN values to the Rangitīkei yielded an RMSE of 253 

SIN t yr-1; a MAE of 203 SIN t yr-1; a MAPE of 207 %; a MdAPE of 122 %; and an R2 of 

0.68 (Table 6.4). For local calibration using only Rangitīkei monitoring sites, AFN values 

were calibrated to Very low (0.150), Low (0.375), Medium (0.600), High (0.775) and Very 

high (0.950). Compared to the regional AFN values, the Low AFN category value increased 

from 0.281 to 0.375, showing the Rangitīkei catchment required a higher rate of 

attenuation for the Low LSNAI category. The catchment-specific model performance 

showed improvement over both the regional calibration, and the application of the 

regionally calibrated AFN values in the Manawatū catchment: RMSE decreased to 188 

SIN t yr-1; MAE decreased to 145 SIN t yr-1; MAPE decreased to 169 %; MdAPE decreased 

to 95 %; and R2 improved to 0.82 (Table 6.4). The monitoring site with the largest 

percentage error remained Rangitīkei at Pukeokahu, although this had improved, with an 

error of 682 % (Table G.4; the observed SIN load 36 t yr-1 versus a predicted SIN load of 

281 t yr-1). 

 

Table 6.4: The model performance metrics comparing the observed and predicted 

SIN loads (t yr-1) for the Rangitīkei catchment. Results are shown for the 

regionally calibrated AFN values, the Rangitīkei catchment using 

regionally calibrated AFN values, and the Rangitīkei catchment using 

locally calibrated AFN values. 

Metric Unit Results with regionally 

calibrated AFN values 

(Figure 6.3) 

Results with regionally 

calibrated AFN values 

applied to Rangitīkei 

Results with locally 

calibrated (Rangitīkei) 

AFN values (Table G.4) 

RMSE SIN t yr-1 425 253 188 

MAE SIN t yr-1 244 203 145 

MAPE % 117 207 169 

MdAPE % 76 122 95 

R2  0.76 0.64 0.82 
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6.4.4.3 AFN calibration for the Whanganui catchment 

Applying the regionally calibrated AFN values to the Whanganui catchment, the model 

yielded an RMSE of 741 SIN t yr-1; a MAE of 408 SIN t yr-1; a MAPE of 60 %; a MdAPE 

of 15 %; and an R2 of 0.72 (Table 6.5). In the catchment-specific calibration using only 

Whanganui monitoring sites, AFN values were calibrated to Very low (0.050), Low 

(0.175), Medium (0.400), High (0.625) and Very high (0.900). Compared to the regional 

AFN values, all AFN categories have been reduced, showing the Whanganui catchment 

required a lower rate of attenuation for all LSNAI categories. This is consistent with 

Snelder et al.'s (2020) view that the Whanganui has the lowest rate of nitrogen attenuation 

of any major catchment in the Horizons region. The catchment-specific model 

performance showed mostly improvement over both the regional calibration, and the 

application of the regionally calibrated AFN values in the Whanganui catchment: RMSE 

decreased to 439 SIN t yr-1; MAE decreased to 240 SIN t yr-1; R2 increased to 0.90; while 

similar but increased results were achieved for MAPE (73 %), MdAPE (23 %). The largest 

over-prediction error was Whakapapa at Footbridge at 358 % (Table G.5). The largest 

under-prediction error was Whanganui at Te Rewa at -27 % (Table G.5). 

 

Table 6.5: The model performance metrics comparing the observed and predicted 

SIN loads (t yr-1) for the Whanganui catchment. Results are shown for 

the regionally calibrated AFN values, the Whanganui catchment using 

regionally calibrated AFN values, and the Whanganui catchment using 

locally calibrated AFN values. 

Metric Unit Results with regionally 

calibrated AFN values 

(Figure 6.3) 

Results with regionally 

calibrated AFN values 

applied to Whanganui 

Results with locally 

calibrated (Whanganui) 

AFN values (Table G.5) 

RMSE SIN t yr-1 425 741 439 

MAE SIN t yr-1 244 408 240 

MAPE % 117 60 73 

MdAPE % 76 15 23 

R2  0.76 0.72 0.90 

 

6.4.5 Comparison of sub-catchment mass balance and LSNAI approaches 

to quantify AFN at catchment-scale 

Two approaches to estimating AFN have been outlined in this chapter, the mass balance 

approach where AFN is inferred from the observed average annual river SIN loads versus 

the estimated unattenuated average annual SIN loads (Section 6.4.1); and the LSNAI 

mapping approach where the LSNAI-derived AFN categories are calibrated to observed 

average annual SIN loads (Section 6.4.3 and Section 6.4.4). However, these approaches 
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are not directly comparable because of the scale at which they refine AFN: at the sub-

catchment scale for the mass balance approach; and at the landscape unit scale for the 

LSNAI approach. To compare these approaches, the LSNAI categories within each 

monitoring site were summarised (Appendix H) to compare with the mass balance-

derived AFN values (Table 6.1). The monitoring sites with the largest positive and 

negative regional calibration errors (Section 6.4.3, Figure 6.3, Table G.2) were compared 

with their respective monitoring sites from the LSNAI summaries (Appendix H). 

 

Rangitīkei at Pukeokahu had the largest calibration error with an over-estimation of 796 

% (Table G.2) in the average annual river SIN load, predicted by the LSNAI-derived AFN. 

However, Rangitīkei at Pukeokahu also had the highest AFN value quantified by the mass 

balance calculations in this analysis and that of Elwan (2018) and Snelder et al. (2020), 

identifying an AFN value of 0.92, 0.94 and 0.75, respectively (Table 6.1). However, the 

LSNAI categorised this catchment predominantly as Low (79.9 %) and Very low (17.4 %) 

subsurface nitrate attenuation potential land units (Table H.28). Most soils are well 

drained (97 %; Table H.28), which are typically associated with oxidising subsurface 

conditions (Clague et al., 2019; Rivas et al., 2020; Table 3.7), while the geology is mainly 

volcanic ash, greywacke and sandstone (Table H.28). In Chapter 3, groundwater redox 

data suggest that these rock types tend to be oxidised: volcanic ash over greywacke (73.9 

% oxidised; Table 3.4) and volcanic ash over sandstone (84.8 % oxidised; Table 3.4) 

together make up more than half the catchment (Table H.28). Greywacke is generally 

mixed (70.9 %; Table 3.4), while sandstone is split between oxidised and reduced 

conditions (40.6 % and 47.4 %, respectively; Table 3.4). Although these rock types are 

under-represented in the groundwater redox data set (Table 3.4), the available data 

suggest that the catchment is more likely to be oxidising and therefore not strongly 

conducive to significant nitrate attenuation in the subsurface environment.  

 

Owahanga at Branscombe Bridge also had a calibration error with an over-estimation of 

400 % (Table G.2) in the average annual river SIN load, predicted by the LSNAI-derived 

AFN. Like Rangitīkei at Pukeokahu, this site also showed a very high sub-catchment scale 

AFN inferred from the mass balance estimates (0.90; Table 6.1). However, the LSNAI 

classified this catchment as mainly Medium (45.6 %) and Low (40.4 %) subsurface nitrate 

attenuation potential land units, underlain by mudstone (47 %), argillite (21.9 %) and 

sandstone (15.9 %) rock types (Table H.23). Although no groundwater redox data were 
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available for argillite (Table 3.4), the other rock types (mudstone and sandstone) suggest 

reducing subsurface conditions occur in the catchment (Table 3.4), though the quantified 

sub-catchment AFN value of 0.90 is still reasonably high for the Medium and Low LSNAI 

categories.  

 

Whakapapa at Footbridge had a calibration error with an over-estimation of 277 % (Table 

G.2) in the average annual river SIN load, predicted by the LSNAI-derived AFN. However, 

Whakapapa at Footbridge also had a very high sub-catchment AFN value inferred from 

the mass balance estimates (0.83; Table 6.1). The LSNAI classified this catchment as Low 

(100 %) subsurface nitrate attenuation potential land units, underlain almost exclusively 

by volcanic deposits and well drained soils (Table H.34).  

 

The discrepancy between the sub-catchment mass balance AFN value (Table 6.1), and the 

LSNAI assessment at these sites (Appendix H) may be due to the fact that not all the SIN 

lost through the soil profile (i.e. leached with groundwater recharge) flows to the river 

monitoring site at the sub-catchment. Subsurface transport pathways may be potentially 

responsible for diverting leached SIN (that is lost through the soil profile) via regional 

groundwater flows away from the sub-catchment outlet at the monitoring site. This 

phenomenon is known as inter-catchment groundwater flow (IGF), defined as 

groundwater flows across surface topographic divides (Bouaziz et al., 2018; Chen et al., 

2024; Oda et al., 2024). Geological features such as faults, dipping beds or highly 

permeable conduits can divert groundwater flows to adjacent catchments (Bouaziz et al., 

2018), effectively bypassing sub-catchment monitoring stations. While IGF is often 

overlooked in hydrological studies, it can account for up to 90 % of flows leaving a 

catchment as groundwater export (Schaller and Fan, 2009). 

 

For Rangitīkei at Pukeokahu and Whakapapa at Footbridge at least, the prevalence of 

volcanically derived deposits and well-drained soils may not only promote oxidised 

conditions but also enhance groundwater losses through well-drained, porous soil and 

rock, potentially allowing nitrogen to bypass the monitoring site and be transported into 

neighbouring catchments. Well-drained soils account for 97 % and 100 % in these 

catchments, respectively. Rangitīkei at Pukeokahu and Whakapapa at Footbridge are 

located in the headwaters of their catchments, with no further monitoring sites upstream 

of these monitoring sites. Similarly, at Owahanga at Branscombe Bridge, the catchment 
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is small and coastal (Figure 6.1a), and despite some indications of subsurface reducing 

conditions, its observed river SIN load may not fully capture losses that are instead 

transported via groundwater flows to the sea or to adjacent catchments. These 

circumstances could potentially create difficulties in calibrating LSNAI-derived AFN 

values to the observed river SIN loads at some sites. 

 

In contrast, the monitoring sites Tiraumea at Ngaturi, Makuri at Tuscan Hills and 

Whanganui at Te Rewa had the largest negative calibration errors with an under-

estimation of -74 %, -46 % and -44 %, respectively (Table G.2), in the average annual 

river SIN load, predicted by the LSNAI-derived AFN. However, not only are these errors 

smaller than those of the monitoring sites with positive calibration errors, their LSNAI 

classifications are more consistent with their inferred mass balance-derived AFN values. 

Tiraumea at Ngaturi had a mass balance AFN value of 0.39 (Table 6.1), consistent with 

how the LSNAI classified this catchment, with 57.9 % Medium and 34.9 % Low AFN 

categories (Table H.30). Much of the catchment consists of mudstone (43 %) and 

sandstone (29.2 %) which lean towards being reduced in the groundwater redox data set 

(Table 3.4). Makuri at Tuscan Hills had a mass balance AFN value of 0.14 (Table 6.1), 

also consistent with how the LSNAI classified this catchment, with 63.1 % Low and 27.8 

% Medium AFN categories (Table H.5). Here though, limestone makes up the largest rock 

type in the catchment (44.4 %) followed by mudstone (22.3 %) and sandstone (19.5 %). 

Finally, Whanganui at Te Rewa had a mass-balance AFN value of 0.02 (Table 6.1) and is 

also consistent with how the LSNAI classified this catchment, with 84.8 % of the 

catchment classified as Low (Table H.39).  

 

A potential reason for the under-estimation at these monitoring sites is due to the large 

instream SIN uptake component as a proportion of the total root zone SIN losses (Table 

I.1). While the mean instream SIN uptake as a proportion of root zone SIN losses is 16.1 

% for all monitoring sites, for Makuri at Tuscan Hills and Tiraumea at Ngaturi it is 34.8 

% and 52.1 %, respectively. Similarly, for Whanganui at Te Rewa, 26.6 % of the root 

zone losses are estimated to be removed through instream uptake before reaching the 

monitoring site. These estimates are uncertain and relatively large compared to the 

remaining monitoring sites in the data set, which may partially explain why the average 

annual river SIN load has been under-predicted at these sites.  
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Comparing the sub-catchment mass balance and LSNAI approaches offers important 

insights into how effectively each approach estimates AFN. Although these approaches 

refine AFN at different scales, the summarised LSNAI categories (Appendix H) provide a 

basis for comparing the mass balance-derived AFN estimates (Table 6.1). Most 

importantly, the mass balance approach may over-estimate AFN because it does not 

consider potential subsurface flows that bypass the catchment monitoring site. For 

example, the Rangitīkei at Pukeokahu monitoring site has a very high mass balance AFN 

value but given the porous hydrogeology and oxidising nature of the rock types, it 

suggests there is subsurface flow pathways transferring leached SIN to neighbouring 

catchments, rather than true subsurface nitrate attenuation occurring. The LSNAI 

approach does not take into account these potential subsurface flows either, but in this 

case, it is potentially more realistic in mapping the extent of subsurface nitrate attenuation 

potential of different land units occurring in the catchment because it takes account of 

subsurface redox conditions, rock types and soil drainage characteristics (Section 4.4.2).  

 

The sub-catchment mass balance calculation offers advantages in its simplicity and a 

direct estimate of AFN within a sub-catchment (Table 6.1). However, their scale is 

constrained by the availability and location of river water quality monitoring sites, which 

are mostly available at a spatially lower resolution across a catchment. This approach 

does not capture the natural variability of subsurface nitrate attenuation dynamics of 

different land units within a sub-catchment. The sub-catchment scale mass balance 

estimates also assume that all the rootzone SIN leached with groundwater recharge will 

reach the river monitoring site. As a result, sub-catchment scale nitrogen mass balance 

estimates can be misleading in some sub-catchments, where subsurface groundwater flow 

and nitrogen losses are not fully captured and measured at the river monitoring sites, such 

as where IGF occurs. For example, subsurface groundwater flow pathways may divert a 

portion of leached SIN to neighbouring downstream sub-catchments or directly to the 

coast, which is likely the case in the Rangitīkei at Pukeokahu and Whakapapa at 

Footbridge sub-catchments.  

 

In contrast, the LSNAI identified AFN categories at landscape unit scale, providing higher 

spatial resolution and a process-based assessment of subsurface nitrate attenuation 

potential, reducing the influence of subsurface flow bypasses. However, the challenge 

remains in effectively parameterising and calibrating LSNAI-derived AFN values in such 
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sub-catchments, because it is unknown what proportion of the observed river SIN loads 

at the river monitoring site represents inputs from the sub-catchment root zone versus 

contributions or losses mediated by groundwater flows at catchment-scale. This could be 

potentially assessed by constructing sub-catchment water balances or detailed 

groundwater flow models to further refine mapping and calibrations of LSNAI-derived 

AFN of different land units at catchment-scale.  

 

6.5 Conclusion 

This study applied and tested a catchment nutrient ECM framework, integrating land use 

derived SIN losses; point source discharges; estimates of instream uptake; and artificial 

drainage estimates, to parameterise the LSNAI’s categorical variables to model average 

annual river SIN loads. The observed average annual river SIN loads at river water quality 

monitoring sites were used to calibrate the AFN value for each LSNAI category (from Very 

low to Very high) on a regional basis (Section 6.4.3) and on a catchment basis (Section 

6.4.4). Results demonstrated that calibration errors were highest for monitoring sites with 

river SIN loads < 500 t yr-1 (RMSE 209 SIN t yr-1; MAE 134 SIN t yr-1; MAPE 149 %; 

MdAPE 123 %) compared with monitoring sites with river SIN loads > 500 t yr-1 (RMSE 

752 SIN t yr-1; MAE 553 SIN t yr-1; MAPE 29 %; MdAPE 27 %). The average annual river 

SIN load predictions were slightly improved when separate catchment-specific 

calibrations were performed for the Manawatū (RMSE 305 SIN t yr-1; MAE 208 SIN t yr-

1; MAPE 89 %; MdAPE 80 %), Rangitīkei (RMSE 188 SIN t yr-1; MAE 145 SIN t yr-1; 

MAPE 169 %; MdAPE 95 %) and Whanganui (RMSE 439 SIN t yr-1; MAE 240 SIN t yr-

1; MAPE 73 %; MdAPE 23 %) catchments, rather than applying the regional calibration 

of LSNAI-derived AFN values to these catchments.  

 

However, potential uncertainties in the ECM inputs (such as the estimates of land use 

derived SIN root zone losses, instream nitrogen attenuation, observed river SIN loads and 

the effect of artificial drainage) can contribute to the calibration errors. Furthermore, a 

comparison between the sub-catchment mass balance and LSNAI approaches to the 

quantification of AFN values revealed a further source of uncertainty for both approaches. 

Subsurface flows of the root zone leached SIN within a sub-catchment are assumed to 

flow to the relevant river monitoring site, however, it could potentially be bypassed and 

transported into downstream neighbouring sub-catchments. This detail emerged when 
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comparing the AFN values derived from the mass balance approach with summaries of 

LSNAI, soil drainage and rock type categories for each monitoring site. The mass balance 

approach can over-estimate AFN by assuming all root zone losses will flow to the 

monitoring site, but the LSNAI partially avoids this as it is based on subsurface redox 

conditions, soil drainage and rock type characteristics. However, the LSNAI is still 

vulnerable to calibration errors because it is unknown what proportion of the observed 

river SIN load represents inputs from the sub-catchment root zone versus contributions 

mediated by groundwater flows.  
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Chapter 7: Synthesis and conclusions 
The aim of this thesis was to refine the estimates of subsurface nitrate attenuation 

potential in New Zealand agricultural landscapes. During the development of the One 

Plan, the Horizons Regional Council’s resource management plan, the nitrogen 

attenuation coefficient (R) was assumed to be 0.5 throughout the Manawatū and other 

priority catchments (Clothier et al., 2007) (Figure 7.1). Subsurface nitrate attenuation was 

known to be spatially variable, but methods and data were lacking to refine this estimate 

to scales more reflective of natural variability. Starting in 2017, estimates were refined to 

sub-catchment scale and expressed as the nitrogen attenuation factor (AFN) to map greater 

spatial variability in nitrogen attenuation dynamics across the region (Elwan et al., 2018; 

Singh et al., 2017a, 2017b) (Figure 7.1). At sub-catchment scale, the spatial variability of 

AFN is demonstrated, but still obscures natural subsurface nitrate attenuation dynamics of 

diverse land units across these sub-catchments. In this thesis, the Landscape Subsurface 

Nitrate-Attenuation Index (LSNAI), has been developed as a novel approach to reflect the 

natural spatial variability of subsurface nitrate attenuation potential across land units; and 

to represent this variability at a scale relevant for land use decisions, mitigation strategies 

and regulatory application (Figure 7.1). Landscape units provide the spatial framework 

for upscaling proxies of subsurface denitrification potential, such as soil-

hydrobiogeological properties and subsurface redox conditions, in order to model and 

map five LSNAI categories of land units across New Zealand’s agricultural landscapes. 

 

This chapter synthesises the findings of Chapters 3-6, from collating and assessing a 

national-scale data set of groundwater redox conditions in New Zealand (Chapter 3); 

developing the LSNAI mapping tool for the Horizons region based on landscape variables 

and groundwater redox predictions (Chapter 4); validating the LSNAI categories in hill 

country landscapes (Chapter 5); and parameterising the LSNAI categories to provide 

calibrated estimates of subsurface AFN at landscape unit scale (Chapter 6). 
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Figure 7.1: Example of the refinement of subsurface nitrogen attenuation dynamics in the Tararua catchment of the Horizons region, New 

Zealand. From the nitrogen transmission coefficient (R; Clothier et al., 2007), to the sub-catchment mass balance based nitrogen 

attenuation factor (AFN; Elwan et al., 2018), and the Landscape Subsurface Nitrate-Attenuation Index (LSNAI; Collins et al., 

2025a).  
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This thesis demonstrates that subsurface nitrate attenuation is more effectively 

represented at landscape unit-scale than as a uniform or sub-catchment-aggregated 

process. The LSNAI captures heterogeneity in soil, lithological and subsurface redox 

conditions that drive denitrification potential across landscapes.  

 

A key finding of this research is that subsurface redox conditions, a primary driver of 

subsurface nitrate attenuation, are both spatially variable and unevenly represented in 

available data sets. The national groundwater redox data set compiled in Chapter 3 

revealed a bias toward lowland and alluvial environments, with steeper, complex 

landscapes under-represented. Despite this limitation, predictive modelling of subsurface 

redox conditions using landscape attributes as predictor variables proved effective. The 

XGBoost model developed in Chapter 4 demonstrated that key variables such as soil 

drainage and rock type are strong predictors of landscape unit subsurface redox status 

(oxidised or reduced subsurface conditions). These predictions enabled the development 

of the LSNAI by integrating landscape unit subsurface redox probabilities with soil and 

rock type characteristics to classify landscape units into five categories of nitrate 

attenuation potential (from Very low to Very high). This represents a shift from coarse, 

sub-catchment-scale estimates toward a finer scale resolution framework that better 

reflects natural spatial variability. 

 

Field-based observations of soil redox potential provided a means to evaluate LSNAI 

classifications and partially address the limitations identified in Chapter 3. Differences in 

soil redox potential dynamics observed across contrasting soil types aligned with the 

assigned LSNAI categories, providing site-based evidence supporting the conceptual basis 

of the LSNAI. However, these observations also highlighted temporal variability in 

subsurface redox conditions (also identified in Chapter 3) and reinforced that the LSNAI 

represents a simplified, steady-state estimate of nitrate attenuation potential, rather than 

a dynamic, process-based representation of subsurface processes.  

 

In Chapter 6, application of the LSNAI within an export coefficient modelling framework 

demonstrated its practical use for estimating instream river nitrogen loads. 

Parameterisation of LSNAI categories into AFN values allowed landscape unit-scale 

spatial variability in subsurface nitrate attenuation to be incorporated into catchment-scale 
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modelling. While this improved representation of subsurface nitrate attenuation relative 

to uniform or sub-catchment approaches, calibration results indicated that additional 

factors, such as catchment-specific hydrogeology and inter-catchment groundwater 

flows, can influence nitrogen transport and are not fully captured within the current 

LSNAI framework.  

 

Together, these findings demonstrate that incorporating estimates of subsurface nitrate 

attenuation at landscape unit-scale provides a more realistic and management-relevant 

basis for estimating nitrogen losses and informing appropriate land use and mitigation 

strategies.  

 

7.1 Limitations and generalisability 

The LSNAI framework was developed from data sets available nationwide, including 

groundwater redox data, and data on soil properties, rock type and other landscape 

characteristics. It is therefore transferable to other regions and would support broad 

applicability across New Zealand agricultural landscapes. However, several limitations 

restrict its generalisability. First, predictions of subsurface redox conditions depend on 

the availability and representativeness of groundwater data, which are biased toward 

lowland and alluvial environments. Although field-based evaluation of the LSNAI 

categories is useful and provide some confidence in the LSNAI’s applicability, it can only 

partially address this limitation. Second, the LSNAI does not specifically represent 

subsurface flow pathways, residence times or depth-dependent processes. It should 

therefore only be interpreted as a simplified representation of subsurface nitrate 

attenuation potential, rather than a process-based mechanistic model of nitrate transport. 

Third, calibration results suggest that catchment-specific factors, such as hydrogeology 

and inter-catchment groundwater flows, may influence nitrogen attenuation beyond what 

can be captured in the current framework.  

 

7.2 Recommendations 

Research into the spatial variability of subsurface nitrate attenuation potential is ongoing 

and the LSNAI developed in this thesis provides a novel approach to this field. Like many 

advances, it has been developed using imperfect data and several sources of uncertainty 

currently limit its accuracy when predicting river SIN loads at sub-catchment scale. 
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Addressing these uncertainties will strengthen the LSNAI’s value as a tool for land and 

water management in New Zealand’s agricultural catchments. Potential avenues for 

future research include: 

• Expand validation of subsurface redox conditions in hill country landscapes. 

Groundwater redox data are abundant for flat landscapes but scarce for hill 

country, which represents ~ 70 % of the Horizons region. This is a major source 

of uncertainty because the LSNAI is based on modelled subsurface redox status at 

landscape unit scale. While soil redox probe measurements made in this study 

supported the LSNAI categories, broader data sets are required to confirm its 

applicability across diverse hill country environments. Developing a method to 

validate subsurface redox conditions at scale, in a way that is repeatable and cost-

effective, would substantially reduce potential uncertainty in the LSNAI’s 

classification of hill country land units. 

• Further validate LSNAI categories in a wider range of soil and rock type 

combinations. Additional validation could be achieved through integrated 

measurements of subsurface nitrate attenuation using combinations of 

groundwater redox monitoring, push-pull tests and soil redox potential (Eh) 

measurements across a wider range of rock types and soil drainage classes. 

• Refine estimates of instream SIN uptake and attenuation. Periphyton uptake 

plays a crucial role in regulating river SIN loads, yet robust estimates of annual 

uptake (t yr-1) have not been quantified for the Horizons region. Current regional 

estimates of instream SIN uptake as a proportion of root zone losses range widely, 

from 0.7 % to 52.1 %. Improving these estimates at stream-reach or sub-

catchment scale would reduce uncertainty in average annual river SIN load 

modelling and improve calibration of AFN values.  

• Quantify the effects of artificial drainage on subsurface nitrate attenuation. 

Artificial drainage can significantly reduce the time available for denitrification 

to occur by creating a shortcut between the root zone and surface water. This study 

adopted a conservative assumption that artificial drainage reduces subsurface 

nitrate attenuation potential by 90 %. More precise quantification of this effect 

would reduce uncertainty in SIN load modelling and improve AFN calibration. 

• Construct and analyse sub-catchment water balances. Current LSNAI-derived 

and mass balance-based AFN calibrations assume that subsurface SIN flows 
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remain within a sub-catchment and are fully accounted for at its monitoring site. 

However, as outlined in Section 6.4.5, subsurface transfers across catchment 

boundaries, known as IGF, may occur, leading to under- or over-estimation of 

subsurface nitrate attenuation rates. Constructing site-specific water balances for 

river monitoring sites would help identify and quantify unaccounted SIN losses, 

thereby improving the reliability of LSNAI-based predictions.  

 

7.3 Concluding remarks 

This thesis demonstrates that subsurface nitrate attenuation can be more accurately and 

usefully represented at landscape unit-scale by integrating landscape-scale influences on 

subsurface processes. Previous approaches in the Horizons region had applied either 

uniform assumptions, or sub-catchment scale mass balance methods to estimating 

subsurface nitrate attenuation. While both approaches represent practical solutions to a 

complex challenge, neither adequately captures the natural variability of subsurface 

nitrate attenuation potential across diverse land units within agricultural catchments.  

 

To address this limitation, this thesis developed the Landscape Subsurface Nitrate-

Attenuation Index (LSNAI), a new spatial framework that integrates modelled subsurface 

redox conditions with key landscape attributes at landscape unit scale. This represents a 

significant advance over previous approaches, enabling the mapping and modelling of 

subsurface nitrate attenuation at a resolution that reflects natural spatial variability. By 

incorporating this variability into modelling frameworks, the LSNAI provides a more 

realistic basis for estimating nitrogen losses. From a management perspective, the LSNAI 

enables a more targeted approach to reducing nitrogen losses, for example by identifying 

areas of low attenuation capacity where interventions are likely to be most effective. This 

supports the alignment of land use decisions with the natural capacity of the landscape to 

attenuate nitrogen, improving both environmental outcomes and the efficiency of 

mitigation strategies.  

 

Nevertheless, uncertainties remain in the calibration and validation of LSNAI-derived 

subsurface nitrate attenuation factors, particularly within under-represented landscapes. 

Additional uncertainties also relate to quantifying instream SIN uptake and accounting 

for subsurface SIN transfers between sub-catchments. Addressing these through further 
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field validation and model refinement will enhance the LSNAI’s predictive accuracy and 

broaden its applicability.  

 

Overall, the LSNAI provides a practical, scalable and scientifically grounded framework 

that integrates landscape characteristics with subsurface processes. It offers a practical 

pathway toward more effective and sustainable management of agricultural nitrogen 

impacts on water quality, both within the Horizons region and in other New Zealand 

agricultural catchments. 
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Appendix A  

 

Figure A.1: Correlation plots of predictor variables. Reproduced with permission 

from Springer Nature. 
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Appendix B  
Table B.1: Distribution of groundwater redox conditions among soil chemical and 

physical attributes in New Zealand. Reproduced with permission from 

Springer Nature. 

 NZ distribution 

(%) 

Redox data 

(%) 

Oxidised 

(%) 

Mixed 

(%) 

Reduced 

(%) 

Phosphate retention class 

Very high 3.8 3.8 74.8 14.5 10.7 

High 9.8 4.7 59.3 14.7 26.0 

Medium 43.6 21.4 68.6 13.8 17.5 

Low 29.5 55.5 69.2 11.7 19.1 

Very low 7.7 8.7 59.2 15.9 24.9 

Not specified 5.6 6.0 54.1 15.1 30.8 

Total 100.0 100.1 • • • 

Cation exchange capacity (CEC) class 

Very high 1.1 3.0 33.3 18.6 48.1 

High 12.0 3.2 63.2 17.0 19.8 

Medium 53.8 45.7 66.6 13.5 19.8 

Low 25.7 40.3 73.7 11.0 15.3 

Very low 1.7 1.9 37.5 19.0 43.6 

Not specified 5.6 6.0 54.1 15.1 30.8 

Total 99.9 100.1 • • • 

Plant rooting depth 

Very deep 12.1 17.3 70.9 14.0 15.1 

Deep 11.0 12.9 56.3 16.5 27.2 

Moderately deep 29.3 16.8 62.8 16.0 21.2 

Slightly deep 20.8 19.1 74.4 10.7 14.9 

Shallow 17.7 25.4 71.6 9.5 18.9 

Very shallow 3.4 2.5 54.3 15.2 30.4 

Not specified 5.6 6.0 54.1 15.1 30.8 

Total 99.9 100.0 • • • 

Profile available water 

Very high 2.7 3.6 73.7 15.8 10.5 

High 13.3 15.2 57.5 18.1 24.4 

Moderately high 29.8 39.7 69.6 11.7 18.7 

Moderate 32.5 20.4 68.3 11.5 20.1 

Low 14.7 13.7 71.2 11.1 17.7 

Very low 3.0 1.3 78.4 16.0 5.7 

Not specified 4.0 6.0 54.1 15.1 30.8 

Total 100.0 99.9 • • • 

Macroporosity class 

Very high 8.5 13.7 67.0 12.0 21.1 

High 19.0 27.6 81.9 9.0 9.1 
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Moderate 45.2 30.2 71.5 12.4 16.2 

Low 14.0 16.0 45.4 18.4 36.2 

Very low 7.7 6.6 49.3 19.3 31.4 

Not specified 5.6 6.0 54.1 15.1 30.8 

Total 100.0 100.1 • • • 
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Appendix C  
Table C.1: List of variables that were used trained to predict subsurface redox 

conditions in the XGBoost model. 

Variable 

name 

Description Categories Units 

Rock type A combination of ‘Top rock’ and ‘Base 

rock’ in the NZLRI. Top rock is the 

first named entire rock type, 

irrespective of underlying stratigraphy 

and base rock identifies the principal 

basement lithology. 

Greywacke  

Metamorphic rocks  

Alluvium  

Sandstone  

Mudstone  

Volcanic deposits  

Igneous rocks  

Volcanic ash over Volcanic 

deposits 

 

Volcanic ash  

Argillite  

Volcanic ash over 

Greywacke 

 

Loess over Alluvium  

Volcanic ash over Sandstone  

Unconsolidated sediments  

Conglomerate  

Loess over Sandstone  

Windblown sands  

Alluvium over Greywacke  

Volcanic ash over Mudstone  

Loess over Greywacke  

Limestone  

Gravels  

Volcanic ash over 

Unconsolidated sediments 

 

Loess  

Loess over Gravels  

Other  

Gravel class Gravel class refers to the weighted 

average stone content in the soil profile 

(0-0.9m), expressed as a percentage. 

Non-gravelly  <5 % 

Slightly gravelly 5-15 % 

Moderately gravelly 15-35 % 

Very gravelly 35-70 % 

Extremely gravelly  >70 % 

Slope class Slope class refers to a physiographic 

area of relatively homogeneous 

average relief. 

Flat  0-7° 

Rolling  8-15° 

Easy hill  16-25° 
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Steep hill  >25° 

Flood class Flood class refers to a measure of flood 

risk expressed as a flood return interval 

in years. 

Nil Nil 

Slight <1 in 60 

Moderate 1 in 20 – 1 in 60 

Moderately severe 1 in 10 – 1 in 20 

Severe 1 in 5 – 1 in 10 

Very severe >1 in 5 

Carbon class Total carbon (organic matter content) is 

estimated as weighted averages for the 

upper part of the soil profile (0-0.2 m) 

Very high 20-60 % 

High 10-19.9 % 

Medium 4-9.9 % 

Low 2-3.9 % 

Very low 0-1.9 % 

pH class pH classes are given for the minimum 

pH content in the 0.2-0.6 m soil depth. 

High >7.5 pH 

Moderately high 6.5-7.5 pH 

Near neutral 5.8-6.4 pH 

Moderately low 5.5-5.7 pH 

Low 4.9-5.4 pH 

Very low <4.9 pH 

Soil drainage 

class 

Soil drainage classes are assessed using 

a criteria of soil depth and duration of 

water tables inferred from soil colours 

and mottles. 

Very poor See below for 

classification details. Poor 

Imperfect 

Moderately well 

Well 

Permeability 

class 

Permeability class refers to the rate at 

which water moves through saturated 

soil. 

Slow <4 mm/h 

Moderate 4-72 mm/h 

Rapid 72-288 mm/h 

Phosphate 

retention class 

Phosphate retention is estimated as 

weighted averages for the upper part of 

the soil profile (0-0.2 m), expressed as 

a percentage. 

Very high 85-100 % 

High 60-84 % 

Medium 30-59 % 

Low 10-29 % 

Very low 0-9 % 

Cation 

exchange 

capacity 

(CEC) class 

CEC is estimated as weighted averages 

for the soil profile from 0-0.6 m. 

Very high >40 meq./100 g 

High 25-39.9 meq./100 g 

Medium 12-24.9 meq./100 g 

Low 6-11.9 meq./100 g 

Very low 0-5.9 meq./100 g 

Potential 

rooting depth 

Potential rooting depth describes the 

minimum and maximum depths to a 

layer that may impede root extension. 

Very deep 1.2-1.5 m 

Deep 0.9-1.19 m 

Moderately deep 0.6-0.89 m 

Slightly deep 0.45-0.59 m 

Shallow 0.25-0.44 m 

Very shallow 0.15-0.24 m 

Very high >250 mm 
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Profile 

available 

water (PAW) 

A classification of profile total 

available water for the soil profile 

depth of 0.9 m (or to the potential 

rooting depth). 

High 150-249 mm 

Moderately high 90-149 mm 

Moderate 60-89 mm 

Low 30-59 mm 

Very low 0-29 mm 

Macroporosity 

class 

Macroporosity expresses the air-filled 

porosity of the soil at ‘field capacity’ 

for the soil profile depth of 0-0.6 m. 

Very high >15 % 

High 10-14.9 % 

Moderate 7.5-9.9 % 

Low 5-7.4 % 

Very low 0-4.9 % 

 

Soil Drainage classification 

Drainage class Depth below A 

horizon 

(cm) 

Depth from 

surface 

(cm) 

Low chroma on 

ped or cut surfaces 

(%) 

High Chroma 

Redox mottles (%) 

Very poor1 1 ≤10 ≥50  

Poor ≤15 ≤30 ≥50  

 

Imperfect 

 

≤15 ≤30 ≤50 and/or ≥2 

>15 30–90 ≥50  

Moderately well 

 

 30–90  ≥2 

 60–90 ≥50  

Well  <90  <2 

1 To qualify for very poorly drained, the profile must have an O horizon in place of an A horizon and a lack of distinct 

topsoil. 
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Appendix D  
Table D.1: Ramiha silt loam soil profile description. 

Location 40° 21’ 28.2174” S 175° 44’ 23.9220” E 

Elevation 355 m 

Depth (cm) Notation Description 

3 – 0  Thatch 

0 – 4 Ap1 Dark brown (10YR 4/3); silt loam; very friable; slightly sticky; plastic; moderate 

fine nut and coarse crumb structure; abundant fine roots, gradational boundary. 

4 – 20 Ap2 Dark brown (10YR 4/3); silty clay loam; friable; slightly sticky; plastic; well-

developed fine nut and moderate coarse crumb structure; many fine roots; 

gradational boundary. 

20 – 37 ABw Dark brown (10YR 4/3) and yellowish brown (10YR 5/4) earthworm mottled, 

distinct medium mottles; silty clay loam; friable; sticky and plastic; moderately 

developed fine nut and moderate coarse crumb structure; many fine roots; 

gradational boundary. 

37 – 65 Bw1 Yellowish brown (10YR 5/4); silty clay loam; friable; sticky and plastic; 

moderately developed fine nut and moderate coarse crumb structure; few fine 

roots; gradational boundary. 

65 – 72 Bw2 Yellowish brown (10YR 5/4); sandy clay loam; glassy; friable; slightly sticky and 

plastic; weakly developed fine nut and moderate coarse crumb structure; few fine 

roots; gradational boundary. 

72 – 84 2Bw3 Kawakawa Tephra. Light brown (7.5YR 6/5) with strong brown (7.5YR 4/6) 

coatings on cracks and peds; sandy loam (tephra); brittle; non sticky and non-

plastic; greasy; massive breaking to weak coarse crumb structure; lower 2cm is 

white (10 YR 8/2) fine sandy loam; massive; gradational boundary. 

84 – 102 3Bw4 Yellowish brown (10YR 5/4-5/5); silty clay loam; firm; sticky and plastic; weak 

medium block structure; no roots; gradational boundary. 

102 – 150+ 3Bw5 Brown (7.5YR 5/4); silty clay loam; firm; sticky and plastic; weak fine block and 

nut structure; no roots. 

  Greywacke not struck. 

 

Table D.2: Ramiha silt loam soil bulk density measurements. 

Depth (cm) Bulk density (g/cm3) 

5 – 10 0.94 

24 – 29 1.12 

50 – 55 1.17 

72 – 77 0.86 

90 – 95 1.38 
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Figure D.1: Ramiha silt loam – 1 m soil profile. 
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Table D.3: Shannon silt loam soil profile description. 

Location 40° 20’ 52.4790” S 175° 44’ 04.0578” E 

Elevation 244 m 

Depth (cm) Notation Description 

0 – 13 Ap Dark greyish brown (10YR 4/2-4/3); silt loam; friable; slightly sticky and plastic; 

moderate fine nut and moderate medium crumb structure; many fine roots; 

gradational boundary. 

13 – 20 ABw Dark yellowish brown (10YR4/4), 40% yellowish brown (10YR 5/4) 5% yellowish 

brown (10YR 5/8) medium distinct earthworm mottles; silty clay loam; friable; 

sticky and plastic; moderate fine nut breaking to moderate coarse crumbs; many 

fine roots; gradational boundary. 

20 – 41 Bg1 40% light brownish grey (2.5Y 6/3), 40% yellowish brown (10YR 5/4), 20% 

yellowish brown (10YR 5/8) medium distinct mottles; silty clay loam; firm; sticky 

and very plastic; moderate medium block structure; few fine roots; gradational 

boundary. 

41 – 70 Bg2 40% light grey (2.5Y 6/2-7/2), 60% strong brown (7.5YR 5/8) coarse distinct 

mottles; silty clay loam grading down to sandy clay loam; firm; sticky and very 

plastic; moderate medium block structure; thin pale brownish grey clay coatings on 

peds; few fine roots; gradational boundary. 

70 – 86 2Bg3 80% light grey (2.5Y 7/2), 20% strong brown (7.5YR 5/8) coarse distinct mottles; 

a 5cm grey band dips 15* towards NW across the pit; medium sandy loam with a 

few subangular chert fragments up to 5cm; firm; slightly sticky and plastic; no 

roots; sharp boundary. 

86 – 105 2Bg4 Brownish yellow (10YR 6/8) with a few (2%) light grey (2.5Y 7/2-7/3) fine distinct 

mottles; a few dark reddish-brown concretions up to 1cm diameter; a few light grey 

gammations up to 2cm wide; sandy clay loam with a few chips of angular 

greywacke and chert up to 3cm; firm; sticky and plastic; massive; no roots. 

  Sand continues to at least 2 m depth.  

 

Table D.4: Shannon silt loam soil bulk density measurements. 

Depth (cm) Bulk density (g/cm3) 

5 – 10 1.28 

30 – 35 1.46 

50 – 55 1.57 

70 – 75 1.60 

92 – 97 1.67 
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Figure D.2: Shannon silt loam – 1 m soil profile. 
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Table D.5: Tokomaru silt loam soil profile description. 

Location 40° 19’ 54.7032” S 175° 44’ 43.6080” E 

Elevation 102 m 

Depth (cm) Notation Description 

0 – 8 Ap1 Dark greyish brown (10YR 4/2-4/3); a few dark reddish-brown mottles down root 

channels; silt loam; friable; slightly sticky and plastic; medium fine nut and medium 

coarse crumb structure; abundant fine roots; gradational boundary. 

8 – 17 Ap2 Dark greyish brown (10YR 4/2); silt loam; firm; sticky and plastic; moderate fine 

block and moderate medium crumb structure; many fine roots; gradational 

boundary. 

17 – 27 ABgc 20% dark greyish brown (10YR 4/2), 60% light brownish grey (2.5Y 6/2), 20% 

strong brown (7.5YR 5/8-4/6); silty clay loam; common dark reddish brown to 

black Fe/Mn concretions up to 5mm diameter; firm; sticky and plastic; moderate 

fine blocky structure; common fine roots; gradational boundary. 

27 – 66 Bgt1 50% light brownish grey (2.5Y 6/2), 50% strong brown (7.5YR 5/8) coarse 

prominent mottles; common light brownish grey (2.5Y 6/3) clay coatings on peds 

and root channels; silty clay loam; firm; sticky and very plastic; well-developed 

coarse blocky structure; few fine roots; gradational boundary. 

66 – 84 Bgt2 60% light grey (2.5Y 7/2-8/2), 40% strong brown (7.5YR 5/8) coarse prominent 

mottles; common light brownish grey (2.5Y 6/3) and a few darker organic rich clay 

coatings on peds and root channels; silty clay loam; firm; sticky and very plastic; 

moderately developed coarse blocky structure; few fine roots; gradational 

boundary. 

84 – 105+ Bxg 50% light grey (5Y7/2), 50% strong brown (7.5YR 5/8) coarse prominent mottles; 

silt loam; very firm (fragipan); sticky and very plastic; light grey vertical 

gammations with orange selvedges; columnar structure breaking to moderate 

coarse blocks; no roots. 

 

Table D.6: Tokomaru silt loam soil bulk density measurements. 

Depth (cm) Bulk density (g/cm3) 

5 – 10 1.23 

20 – 25 1.60 

40 – 45 1.62 

60 – 65 1.59 

88 – 93 1.64 
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Figure D.3: Tokomaru silt loam – 1 m soil profile. 
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Appendix E  
Redox probe installation information 

A SWAP Instruments® ORP-80-4-D soil redox probe was installed at each study site to 

monitor soil redox potential (Eh) over time. These probes were pre-calibrated, ready to 

be installed in the field. First, measurements were made to ensure the depth of the probe 

will be at the appropriate depth in the soil (Figure E.1). Second, a pre-drill auger is used 

to pre-form a hole ready for the probe to be inserted into (Figure E.2). Third, the redox 

probe was gently hammered into the pre-drilled hole to the appropriate depth below the 

ground (Figure E.3). Wiring connections were then completed to the data logger. Final 

site set ups are shown in Figure E.4, Figure E.5 and Figure E.6.  
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Figure E.1: Soil redox probe next to tape measure and pre-drill auger. The ORP-80-

4-D soil redox probe has four platinum electrodes at 20, 40, 60 and 80 

cm, but drilled 10 cm below the ground surface to a depth of 30, 50, 70 

and 90 cm as shown in the photo. The plastic cap with electrolyte fluid 

was removed just prior to installation. 
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Figure E.2: Pre-drill is used to prepare a hole for the soil redox probe, drilled to the 

appropriate depth 10 cm below the surface. 
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Figure E.3: Redox probe is gently hammered into the pre-drilled hole, 10 cm below 

the ground surface. Inset photo shows depth after being hammered in 

and subsequently covered over. 
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Figure E.4: Ramiha silt loam site set up. Soil description pit was dug adjacent to the 

monitoring pen. A wind turbine is present in the background. 
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Figure E.5: Shannon silt loam site set up. Soil description pit was dug adjacent to 

the monitoring pen. 
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Figure E.6: Tokomaru silt loam site set up. Soil description pit was dug adjacent to 

the monitoring pen. 
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Appendix F  
Table F.1: Wastewater discharge loads (t yr-1) in the Horizons region (Cox et al., 

2022). 

Discharge NO3
--N t yr-1 NO2

--N t yr-1 NH4
+-N t yr-1 SIN t yr-1 

AFFCO Fielding at Industrial Wastewater 15.21 6.97 11.41 33.6 

Dannevirke STP at microfiltered oxpond 9.16 2.44 28.25 39.85 

Eketahuna STP at Secondary oxpond waste 0.07 0.02 1.67 1.76 

Feilding STP at Secondary oxpond waste 159.52 5.46 180.82 345.8 

Foxton STP at Secondary oxpond waste 0.04 0.04 9.3 9.37 

Halcombe at Secondary oxpond 0.02 < 0.01 0.92 0.95 

Hunterville STP at Microfiltration Plant 0.26 < 0.01 0.06 0.32 

Kimbolton STP at oxpond waste 0.9 0.01 0.38 1.29 

Marton STP at Rock filtered oxpond waste 2.89 0.3 7.89 11.08 

National Park STP at Secondary oxpond 0.09 0.01 0.72 0.82 

Norsewood STP at oxpond waste 0.11 0.01 0.18 0.30 

Ohakune STP at Secondary oxpond waste 1.59 0.25 17.63 19.47 

Ormondville STP at 2nd oxpond waste 0.01 < 0.01 0.05 0.07 

Pahiatua STP at Tertiary oxpond waste 0.31 0.12 1.99 2.42 

PNCC STP at Tertiary Treated Effluent 4.12 7.00 349.58 360.71 

Pongaroa STP at 2nd oxpond waste 0.04 0.01 0.29 0.34 

PPCS Oringi STP at oxpond waste 0.16 < 0.01 < 0.01 0.17 

Raetihi STP at Secondary oxpond waste 0.07 0.02 2.09 2.18 

Rangataua STP at Secondary oxpond waste < 0.01 < 0.01 0.13 0.13 

Ratana STP at Secondary oxpond waste 0.04 0.03 0.38 0.45 

Riverlands at Industrial wastewater 10.48 2.3 20.52 33.3 

Rongotea STP at Secondary oxpond waste 0.12 0.01 1.61 1.75 

Sanson STP at Secondary oxpond waste 0.04 0.01 3.07 3.12 

Taihape STP at oxpond waste 0.42 0.11 3.16 3.69 

Taumarunui STP at Tertiary treated waste 3.85 0.85 12.45 17.14 

Tokomaru at oxpond waste 0.05 < 0.01 0.25 0.3 

Waiouru STP at oxpond waste 3.00 0.06 0.49 3.54 

Winstone Pulp WWTP at oxpond waste 0.14 0.56 3.42 4.12 

Woodville STP at Secondary oxpond waste 0.52 0.09 3.09 3.69 
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Appendix G  
Table G.1: Observed and predicted average annual river SIN loads (t yr-1) with 

initial AFN values.  

Monitoring site Observed SIN load 

(t yr-1) 

Predicted SIN load 

(t yr-1) 

Error 

(t yr-1) 

Error 

(%) 

Tokomaru River at Horseshoe bend 8 29 21 256 

Whakapapa at Footbridge 8 30 22 263 

Mangapapa at Troup Road 12 36 24 195 

Kumeti at Te Rehunga 15 13 -2 -16 

Mangatainoka at Larsons Road 19 47 28 150 

Ohau at Gladstone Reserve 19 45 26 136 

Hautapu at Alabasters 24 81 57 244 

Tokiahuru at Junction 28 48 20 73 

Raparapawai at Jackson Road 29 75 46 159 

Hautapu at Papakai Road Bridge 31 81 50 161 

Rangitīkei at Pukeokahu 36 318 282 785 

Owahanga at Branscombe Bridge 39 217 178 454 

Mangawhero at Pakihi Rd Bridge 61 116 55 90 

Hautapu at US Rangitīkei River Conf 62 119 57 92 

Pohangina at Mais Reach 81 255 174 214 

Mangatoro at Mangahei Road 82 106 24 29 

Mangawhero at Raupiu Road 104 367 263 253 

Mangahao at Ballance 113 177 65 58 

Oroua at Almadale Slackline 115 250 136 119 

Makuri at Tuscan Hills 121 68 -53 -44 

Manawatū at Weber Road 259 504 245 94 

Turakina at ONeills Bridge 264 291 27 10 

Tiraumea at Ngaturi 317 126 -191 -60 

Whanganui at Cherry Grove 338 354 16 5 

Mangatainoka at Brewery 346 657 312 90 

Rangitīkei at Mangaweka 364 834 470 129 

Oroua at Awahuri Bridge 370 867 497 134 

Manawatū at Hopelands 482 1146 664 138 

Whangaehu at Kauangaroa 549 806 257 47 

Ongarue at Taringamotu 605 589 -17 -3 

Rangitīkei at Onepuhi 640 1039 399 62 

Whanganui at Te Maire 1155 1042 -113 -10 

Rangitīkei at McKelvies 1300 1552 252 19 

Manawatū at Upper Gorge 1770 2386 615 35 

Manawatū at Teachers College 1892 2855 963 51 

Manawatū at Opiki Bridge 2226 3422 1196 54 

Whanganui at Pipiriki 2735 2115 -620 -23 

Whanganui at Te Rewa 3864 2165 -1699 -44 
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Table G.2: Observed and predicted average annual river SIN loads (t yr-1) with 

calibrated AFN values.  

Monitoring site Observed SIN load 

(t yr-1) 

Predicted SIN load 

(t yr-1) 

Error 

(t yr-1) 

Error 

(%) 

Tokomaru River at Horseshoe bend 8 28 20 243 

Whakapapa at Footbridge 8 31 23 277 

Mangapapa at Troup Road 12 36 23 191 

Kumeti at Te Rehunga 15 13 -2 -15 

Mangatainoka at Larsons Road 19 46 27 144 

Ohau at Gladstone Reserve 19 43 24 128 

Hautapu at Alabasters 24 78 54 230 

Tokiahuru at Junction 28 46 18 63 

Raparapawai at Jackson Road 29 74 46 158 

Hautapu at Papakai Road Bridge 31 78 47 150 

Rangitīkei at Pukeokahu 36 322 286 796 

Owahanga at Branscombe Bridge 39 196 157 400 

Mangawhero at Pakihi Rd Bridge 61 96 35 58 

Hautapu at US Rangitīkei River Conf 62 110 48 78 

Pohangina at Mais Reach 81 241 160 196 

Mangatoro at Mangahei Road 82 92 10 13 

Mangawhero at Raupiu Road 104 300 196 189 

Mangahao at Ballance 113 176 63 56 

Oroua at Almadale Slackline 115 230 115 100 

Makuri at Tuscan Hills 121 66 -56 -46 

Manawatū at Weber Road 259 486 227 88 

Turakina at ONeills Bridge 264 263 -1 0 

Tiraumea at Ngaturi 317 82 -234 -74 

Whanganui at Cherry Grove 338 365 27 8 

Mangatainoka at Brewery 346 652 306 88 

Rangitīkei at Mangaweka 364 809 445 122 

Oroua at Awahuri Bridge 370 826 456 123 

Manawatū at Hopelands 482 1125 642 133 

Whangaehu at Kauangaroa 549 677 128 23 

Ongarue at Taringamotu 605 608 3 0 

Rangitīkei at Onepuhi 640 990 351 55 

Whanganui at Te Maire 1155 1076 -79 -7 

Rangitīkei at McKelvies 1300 1490 190 15 

Manawatū at Upper Gorge 1770 2299 529 30 

Manawatū at Teachers College 1892 2748 856 45 

Manawatū at Opiki Bridge 2226 3307 1081 49 

Whanganui at Pipiriki 2735 2128 -606 -22 

Whanganui at Te Rewa 3864 2154 -1709 -44 
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Table G.3: Observed and predicted average annual river SIN loads (t yr-1) with 

calibrated AFN values for the Manawatū catchment.  

Monitoring site Observed SIN load 

(t yr-1) 

Predicted SIN load 

(t yr-1) 

Error 

(t yr-1) 

Error 

(%) 

Tokomaru River at Horseshoe bend 8 27 19 230 

Mangapapa at Troup Road 12 34 21 174 

Kumeti at Te Rehunga 15 11 -4 -24 

Mangatainoka at Larsons Road 19 43 25 130 

Raparapawai at Jackson Road 29 69 40 139 

Pohangina at Mais Reach 81 223 142 174 

Mangatoro at Mangahei Road 82 81 -1 -1 

Mangahao at Ballance 113 162 49 44 

Oroua at Almadale Slackline 115 216 101 88 

Makuri at Tuscan Hills 121 52 -70 -57 

Manawatū at Weber Road 259 429 170 66 

Tiraumea at Ngaturi 317 47 -269 -85 

Mangatainoka at Brewery 346 607 261 76 

Oroua at Awahuri Bridge 370 805 435 118 

Manawatū at Hopelands 482 999 517 107 

Manawatū at Upper Gorge 1770 2038 268 15 

Manawatū at Teachers College 1892 2456 564 30 

Manawatū at Opiki Bridge 2226 3009 783 35 
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Table G.4: Observed and predicted average annual river SIN loads (t yr-1) with 

calibrated AFN values for the Rangitīkei catchment.  

Monitoring site Observed SIN load 

(t yr-1) 

Predicted SIN load 

(t yr-1) 

Error 

(t yr-1) 

Error 

(%) 

Hautapu at Alabasters 24 68 44 187 

Hautapu at Papakai Road Bridge 31 68 37 118 

Rangitīkei at Pukeokahu 36 281 245 682 

Hautapu at US Rangitīkei River Conf 62 98 36 59 

Rangitīkei at Mangaweka 364 712 348 95 

Rangitīkei at Onepuhi 640 877 238 37 

Rangitīkei at McKelvies 1300 1367 67 5 
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Table G.5: Observed and predicted average annual river SIN loads (t yr-1) with 

calibrated AFN values for the Whanganui catchment.  

Monitoring site Observed SIN load 

(t yr-1) 

Predicted SIN load 

(t yr-1) 

Error 

(t yr-1) 

Error 

(%) 

Whakapapa at Footbridge 8 38 29 355 

Whanganui at Cherry Grove 338 435 97 29 

Ongarue at Taringamotu 605 714 109 18 

Whanganui at Te Maire 1155 1271 116 10 

Whanganui at Pipiriki 2735 2702 -33 -1 

Whanganui at Te Rewa 3864 2806 -1057 -27 
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Appendix H  
Tables of each monitoring site containing a breakdown of the rock types, drainage class 

and LSNAI categories. 

 

Table H.1: Hautapu at Alabasters 

Rock types 
 Area (km2) Percent 
Volcanic ash over Sandstone 138.1 49.3 
Sandstone 57.5 20.5 
Mudstone 54.1 19.3 
Volcanic ash 14.2 5.1 
Volcanic ash over Mudstone 9.1 3.2 
Volcanic deposits over Volcanic ash 5.4 1.9 
Alluvium 1.8 0.7 
Volcanic deposits over Sandstone 0.0 0.0 
Total 280.2 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 205.1 73.2 
Moderately well 75.1 26.8 
Total 280.2 100.0 

 
LSNAI 

 Area (km²) Percent 
Medium 75.1 26.8 
Low 205.1 73.2 
Total 280.2 100.0 
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Table H.2: Hautapu at Papakai Road Bridge 

Rock types 
 Area (km²) Percent 
Volcanic ash over Sandstone 138.1 49.3 
Sandstone 57.5 20.5 
Mudstone 54.1 19.3 
Volcanic ash 14.2 5.1 
Volcanic ash over Mudstone 9.1 3.2 
Volcanic deposits over Volcanic ash 5.4 1.9 
Alluvium 1.8 0.7 
Volcanic deposits over Sandstone 0.0 0.0 
Total 280.2 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 205.1 73.2 
Moderately well 75.1 26.8 
Total 280.2 100.0 

 
LSNAI 

 Area (km²) Percent 
Medium 75.1 26.8 
Low 205.1 73.2 
Total 280.2 100.0 
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Table H.3: Hautapu at US Rangitīkei River Conf 

Rock types 
 Area (km²) Percent 
Volcanic ash over Sandstone 140.4 37.1 
Sandstone 139.8 36.9 
Mudstone 66.0 17.4 
Volcanic ash 14.2 3.8 
Volcanic ash over Mudstone 9.1 2.4 
Volcanic deposits over Volcanic ash 5.4 1.4 
Alluvium 3.3 0.9 
Volcanic deposits over Sandstone 0.0 0.0 
Total 378.3 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 226.3 59.8 
Moderately well 137.7 36.4 
Imperfect 14.2 3.8 
Total 378.3 100.0 

 
LSNAI 

 Area (km²) Percent 
Medium 151.9 40.2 
Low 226.3 59.8 
Total 378.3 100.0 
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Table H.4: Kumeti at Te Rehunga 

Rock types 
 Area (km²) Percent 
Greywacke 7.4 59.8 
Alluvium over Gravels 2.4 19.2 
Gravels 1.2 9.7 
Loess over Gravels 0.5 4.0 
Loess over Sandstone 0.4 3.6 
Peat over Greywacke 0.3 2.5 
Alluvium 0.1 1.1 
Total 12.4 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 7.9 63.9 
Moderately well 3.5 28.3 
Poor 1.0 7.8 
Total 12.4 100.0 

 
LSNAI 

 Area (km²) Percent 
High 1.0 7.8 
Low 4.5 36.5 
Very low 6.9 55.7 
Total 12.4 100.0 
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Table H.5: Makuri at Tuscan Hills 

Rock types 
 Area (km²) Percent 
Limestone 73.7 44.4 
Mudstone 37.0 22.3 
Sandstone 32.3 19.5 
Gravels 13.3 8.0 
Greywacke 6.4 3.8 
Alluvium 3.2 1.9 
Total 165.9 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 110.5 66.6 
Moderately well 38.3 23.1 
Poor 8.8 5.3 
Imperfect 8.3 5.0 
Total 165.9 100.0 

 
LSNAI 

 Area (km²) Percent 
High 8.8 5.3 
Medium 46.0 27.8 
Low 104.7 63.1 
Very low 6.4 3.8 
Total 165.9 100.0 
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Table H.6: Manawatū at Hopelands 

Rock types 
 Area (km²) Percent 
Sandstone 249.8 20.3 
Greywacke 181.2 14.7 
Loess over Gravels 178.8 14.5 
Mudstone 151.5 12.3 
Loess over Unconsolidated sediments 97.7 7.9 
Gravels 95.7 7.8 
Unconsolidated sediments 80.7 6.6 
Limestone 68.2 5.5 
Alluvium 48.0 3.9 
Argillite 39.9 3.2 
Alluvium over Gravels 23.1 1.9 
Loess over Sandstone 9.6 0.8 
Gravels over Sandstone 5.2 0.4 
Peat over Greywacke 1.6 0.1 
Total 1230.8 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 784.2 63.7 
Imperfect 257.2 20.9 
Moderately well 154.4 12.5 
Poor 34.9 2.8 
Total 1230.8 100.0 

 
LSNAI 

 Area (km²) Percent 
High 42.6 3.5 
Medium 336.5 27.3 
Low 673.8 54.7 
Very low 177.9 14.5 
Total 1230.8 100.0 
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Table H.7: Manawatū at Opiki Bridge 

Rock types 
 Area (km²) Percent 
Sandstone 897.4 21.5 
Greywacke 825.9 19.8 
Mudstone 569.6 13.7 
Alluvium 384.3 9.2 
Loess over Gravels 284.5 6.8 
Gravels 268.4 6.4 
Unconsolidated sediments 170.8 4.1 
Loess over Unconsolidated sediments 162.7 3.9 
Limestone 162.3 3.9 
Loess 143.2 3.4 
Loess over Sandstone 93.9 2.3 
Argillite 72.7 1.7 
Loess over Greywacke 55.0 1.3 
Alluvium over Gravels 40.8 1.0 
Loess over Mudstone 13.5 0.3 
Gravels over Sandstone 9.0 0.2 
Loess over Alluvium 8.8 0.2 
Peat over Greywacke 5.7 0.1 
Total 4168.5 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 2051.3 49.2 
Moderately well 894.3 21.5 
Imperfect 854.9 20.5 
Poor 368.0 8.8 
Total 4168.5 100.0 

 
LSNAI 

 Area (km²) Percent 
High 446.3 10.7 
Medium 1162.3 27.9 
Low 1779.9 42.7 
Very low 779.9 18.7 
Total 4168.4 100.0 
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Table H.8: Manawatū at Teachers College 

Rock types 
 Area (km²) Percent 
Sandstone 897.4 23.3 
Greywacke 784.7 20.3 
Mudstone 569.6 14.8 
Alluvium 318.2 8.2 
Loess over Gravels 277.7 7.2 
Gravels 267.5 6.9 
Unconsolidated sediments 168.0 4.4 
Limestone 162.3 4.2 
Loess over Unconsolidated sediments 137.6 3.6 
Argillite 72.7 1.9 
Loess 63.1 1.6 
Loess over Sandstone 50.2 1.3 
Alluvium over Gravels 35.0 0.9 
Loess over Greywacke 25.9 0.7 
Loess over Mudstone 13.5 0.4 
Gravels over Sandstone 9.0 0.2 
Peat over Greywacke 5.7 0.1 
Total 3858.0 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 2004.5 52.0 
Moderately well 823.7 21.4 
Imperfect 772.7 20.0 
Poor 257.2 6.7 
Total 3858.0 100.0 

 
LSNAI 

 Area (km²) Percent 
High 287.7 7.5 
Medium 1103.3 28.6 
Low 1721.3 44.6 
Very low 745.7 19.3 
Total 3857.9 100.0 
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Table H.9: Manawatū at Upper Gorge 

Rock types 
 Area (km²) Percent 
Sandstone 702.8 22.3 
Greywacke 564.5 17.9 
Mudstone 561.6 17.8 
Loess over Gravels 263.1 8.3 
Gravels 248.7 7.9 
Alluvium 247.7 7.9 
Limestone 162.2 5.1 
Loess over Unconsolidated sediments 128.7 4.1 
Unconsolidated sediments 86.1 2.7 
Argillite 72.7 2.3 
Loess over Sandstone 39.7 1.3 
Alluvium over Gravels 32.9 1.0 
Loess over Mudstone 12.5 0.4 
Loess 11.5 0.4 
Gravels over Sandstone 9.0 0.3 
Loess over Greywacke 6.3 0.2 
Peat over Greywacke 1.6 0.0 
Total 3151.6 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 1716.1 54.5 
Imperfect 638.4 20.3 
Moderately well 623.2 19.8 
Poor 174.0 5.5 
Total 3151.6 100.0 

 
LSNAI 

 Area (km²) Percent 
High 191.6 6.1 
Medium 924.3 29.3 
Low 1484.7 47.1 
Very low 551.0 17.5 
Total 3151.5 100.0 
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Table H.10: Manawatū at Weber Road 

Rock types 
 Area (km²) Percent 
Sandstone 167.7 24.4 
Mudstone 128.5 18.7 
Loess over Gravels 88.8 12.9 
Greywacke 64.4 9.4 
Limestone 57.9 8.4 
Unconsolidated sediments 50.2 7.3 
Loess over Unconsolidated sediments 45.9 6.7 
Argillite 39.9 5.8 
Gravels 29.0 4.2 
Alluvium 10.5 1.5 
Alluvium over Gravels 2.3 0.3 
Loess over Sandstone 1.3 0.2 
Total 686.4 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 433.3 63.1 
Imperfect 154.8 22.5 
Moderately well 94.3 13.7 
Poor 4.1 0.6 
Total 686.4 100.0 

 
LSNAI 

 Area (km²) Percent 
High 4.5 0.7 
Medium 232.5 33.9 
Low 385.6 56.2 
Very low 63.8 9.3 
Total 686.4 100.0 
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Table H.11: Mangahao at Ballance 

Rock types 
 Area (km²) Percent 
Greywacke 189.2 68.7 
Gravels 36.6 13.3 
Loess over Gravels 12.6 4.6 
Alluvium 10.9 3.9 
Sandstone 9.3 3.4 
Loess over Unconsolidated sediments 7.2 2.6 
Loess over Sandstone 4.0 1.5 
Loess over Greywacke 3.3 1.2 
Loess 1.3 0.5 
Mudstone 0.7 0.3 
Unconsolidated sediments 0.0 0.0 
Total 275.2 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 121.6 44.2 
Moderately well 110.7 40.2 
Imperfect 42.1 15.3 
Poor 0.9 0.3 
Total 275.2 100.0 

 
LSNAI 

 Area (km²) Percent 
High 10.3 3.7 
Medium 1.3 0.5 
Low 83.9 30.5 
Very low 179.8 65.3 
Total 275.2 100.0 
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Table H.12: Mangapapa at Troup Road 

Rock types 
 Area (km²) Percent 
Greywacke 9.3 35.4 
Alluvium 5.7 21.7 
Loess over Sandstone 4.1 15.4 
Loess 3.4 13.0 
Sandstone 2.7 10.1 
Mudstone 1.0 3.9 
Loess over Gravels 0.1 0.5 
Total 26.3 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 18.4 70.1 
Poor 5.7 21.7 
Imperfect 2.2 8.2 
Total 26.3 100.0 

 
LSNAI 

 Area (km²) Percent 
High 5.7 21.7 
Medium 2.2 8.2 
Low 9.1 34.6 
Very low 9.3 35.4 
Total 26.3 100.0 
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Table H.13: Mangatainoka at Brewery 

Rock types 
 Area (km²) Percent 
Greywacke 119.5 28.1 
Sandstone 71.4 16.8 
Gravels 64.9 15.3 
Alluvium 63.3 14.9 
Loess over Gravels 42.5 10.0 
Mudstone 39.8 9.4 
Loess over Mudstone 12.5 2.9 
Gravels over Sandstone 3.8 0.9 
Limestone 2.6 0.6 
Loess over Unconsolidated sediments 2.4 0.6 
Loess over Sandstone 1.1 0.3 
Unconsolidated sediments 1.0 0.2 
Total 424.7 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 287.7 67.8 
Moderately well 91.8 21.6 
Poor 33.7 7.9 
Imperfect 11.5 2.7 
Total 424.7 100.0 

 
LSNAI 

 Area (km²) Percent 
High 33.7 7.9 
Medium 26.1 6.2 
Low 245.4 57.8 
Very low 119.4 28.1 
Total 424.7 100.0 
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Table H.14: Mangatainoka at Larsons Road 

Rock types 
 Area (km²) Percent 
Greywacke 54.2 81.1 
Sandstone 5.8 8.7 
Gravels 3.1 4.6 
Alluvium 3.0 4.4 
Loess over Gravels 0.7 1.1 
Total 66.9 100.0 

 
Drainage Class 

 Area (km²) Percent 
Moderately well 47.2 70.6 
Well 17.6 26.3 
Imperfect 2.1 3.1 
Total 66.9 100.0 

 
LSNAI 

 Area (km²) Percent 
Medium 1.2 1.8 
Low 11.4 17.1 
Very low 54.2 81.1 
Total 66.9 100.0 
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Table H.15: Mangatoro at Mangahei Road 

Rock types 
 Area (km²) Percent 
Sandstone 71.4 31.3 
Mudstone 65.1 28.5 
Limestone 39.5 17.3 
Greywacke 22.6 9.9 
Argillite 20.2 8.8 
Gravels 9.2 4.0 
Alluvium over Gravels 0.4 0.2 
Alluvium 0.1 0.0 
Total 228.5 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 102.3 44.8 
Imperfect 73.9 32.3 
Moderately well 52.3 22.9 
Total 228.5 100.0 

 
LSNAI 

 Area (km²) Percent 
Medium 121.0 53.0 
Low 85.0 37.2 
Very low 22.6 9.9 
Total 228.5 100.0 
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Table H.16: Mangawhero at Pakihi Rd Bridge 

Rock types 
 Area (km²) Percent 
Volcanic ash over Volcanic deposits 77.7 47.1 
Volcanic ash over Sandstone 56.8 34.4 
Sandstone 11.0 6.6 
Volcanic ash 7.7 4.7 
Volcanic ash over Mudstone 5.3 3.2 
Alluvium over Volcanic ash 3.6 2.2 
Alluvium 2.7 1.6 
Volcanic deposits over Sandstone 0.3 0.2 
Total 165.0 100.0 

 
Drainage Class 

 Area (km²) Percent 
Moderately well 131.0 79.4 
Well 28.2 17.1 
Poor 5.9 3.6 
Total 165.0 100.0 

 
LSNAI 

 Area (km²) Percent 
High 5.7 3.4 
Medium 131.0 79.4 
Low 28.4 17.2 
Total 165.0 100.0 
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Table H.17: Mangawhero at Raupiu Road 

Rock types 
 Area (km²) Percent 
Mudstone 185.5 28.5 
Volcanic ash over Volcanic deposits 141.9 21.8 
Volcanic ash over Sandstone 125.5 19.3 
Sandstone 125.4 19.3 
Volcanic ash 32.8 5.0 
Volcanic ash over Mudstone 19.7 3.0 
Alluvium 11.4 1.8 
Volcanic deposits over Sandstone 5.3 0.8 
Alluvium over Volcanic ash 3.6 0.6 
Volcanic deposits 0.3 0.0 
Total 651.7 100.0 

 
Drainage Class 

 Area (km²) Percent 
Moderately well 503.5 77.3 
Well 135.2 20.8 
Poor 7.3 1.1 
Imperfect 5.6 0.9 
Total 651.7 100.0 

 
LSNAI 

 Area (km²) Percent 
High 7.1 1.1 
Medium 509.1 78.1 
Low 135.5 20.8 
Total 651.7 100.0 
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Table H.18: Ohau at Gladstone Reserve 

Rock types 
 Area (km²) Percent 
Greywacke 90.0 86.9 
Loess over Greywacke 6.2 6.0 
Loess 2.9 2.8 
Alluvium over Gravels 2.8 2.7 
Gravels 1.7 1.7 
Total 103.6 100.0 

 
Drainage Class 

 Area (km²) Percent 
Moderately well 62.5 60.3 
Well 39.1 37.7 
Imperfect 2.1 2.0 
Total 103.6 100.0 

 
LSNAI 

 Area (km²) Percent 
Low 13.6 13.1 
Very low 90.0 86.9 
Total 103.6 100.0 
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Table H.19: Ohura at Tokorima 

Rock types 
 Area (km²) Percent 
Sandstone 297.8 44.2 
Mudstone 201.6 29.9 
Volcanic ash over Mudstone 58.1 8.6 
Alluvium 41.1 6.1 
Volcanic ash over Sandstone 36.8 5.5 
Volcanic ash 26.8 4.0 
Volcanic deposits 10.9 1.6 
Volcanic ash over Volcanic deposits 0.3 0.0 
Total 673.5 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 558.7 83 
Moderately well 114.8 17 
Total 673.5 100 

 
LSNAI 

 Area (km²) Percent 
Medium 114.8 17 
Low 558.7 83 
Total 673.5 100 
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Table H.20: Ongarue at Taringamotu 

Rock types 
 Area (km²) Percent 
Volcanic ash over Volcanic deposits 281.7 25.7 
Volcanic ash over Mudstone 205.5 18.8 
Volcanic ash 186.8 17.1 
Volcanic ash over Greywacke 132.0 12.1 
Volcanic ash over Sandstone 128.2 11.7 
Volcanic deposits 88.8 8.1 
Sandstone 49.8 4.5 
Greywacke 12.4 1.1 
Mudstone 8.5 0.8 
Alluvium 0.6 0.1 
Total 1094.4 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 1089.8 99.6 
Moderately well 4.5 0.4 
Total 1094.4 100.0 

 
LSNAI 

 Area (km²) Percent 
Medium 4.5 0.4 
Low 1077.4 98.5 
Very low 12.4 1.1 
Total 1094.3 100.0 
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Table H.21: Oroua at Almadale Slackline 

Rock types 
 Area (km²) Percent 
Sandstone 87.2 27.2 
Greywacke 82.3 25.6 
Alluvium 37.8 11.8 
Loess over Gravels 32.3 10.1 
Loess 29.5 9.2 
Unconsolidated sediments 24.4 7.6 
Loess over Sandstone 18.2 5.7 
Alluvium over Gravels 5.0 1.5 
Gravels 3.9 1.2 
Loess over Greywacke 0.4 0.1 
Loess over Alluvium 0.1 0.0 
Total 321.0 100.0 

 
Drainage Class 

 Area (km²) Percent 
Moderately well 174.7 54.4 
Well 86.6 27.0 
Imperfect 42.8 13.3 
Poor 16.9 5.3 
Total 321.0 100.0 

 
LSNAI 

 Area (km²) Percent 
High 19.9 6.2 
Medium 143.5 44.7 
Low 81.5 25.4 
Very low 76.1 23.7 
Total 321.0 100.0 
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Table H.22: Oroua at Awahuri Bridge 

Rock types 
 Area (km²) Percent 
Sandstone 171.6 23.6 
Loess over Gravels 127.4 17.5 
Loess 106.0 14.6 
Alluvium 102.5 14.1 
Greywacke 82.3 11.3 
Loess over Sandstone 67.8 9.3 
Unconsolidated sediments 33.4 4.6 
Mudstone 18.4 2.5 
Alluvium over Gravels 12.7 1.8 
Gravels 3.9 0.5 
Loess over Greywacke 0.4 0.1 
Loess over Alluvium 0.1 0.0 
Total 726.4 100.0 

 
Drainage Class 

 Area (km²) Percent 
Moderately well 323.2 44.5 
Imperfect 158.7 21.9 
Well 141.1 19.4 
Poor 103.3 14.2 
Total 726.4 100.0 

 
LSNAI 

 Area (km²) Percent 
High 150.6 20.7 
Medium 357.1 49.2 
Low 142.6 19.6 
Very low 76.1 10.5 
Total 726.4 100.0 
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Table H.23: Owahanga at Branscombe Bridge 

Rock types 
 Area (km²) Percent 
Mudstone 200.0 47.0 
Argillite 93.2 21.9 
Sandstone 67.7 15.9 
Alluvium 34.6 8.1 
Greywacke 27.2 6.4 
Limestone 2.0 0.5 
Windblown sands 0.5 0.1 
Total 425.2 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 199.8 47.0 
Imperfect 98.5 23.2 
Moderately well 95.2 22.4 
Poor 31.7 7.5 
Total 425.2 100.0 

 
LSNAI 

 Area (km²) Percent 
Very high 0.4 0.1 
High 31.3 7.5 
Medium 190.5 45.6 
Low 168.7 40.4 
Very low 27.1 6.5 
Total 418.1 100.0 
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Table H.24: Pohangina at Mais Reach 

Rock types 
 Area (km²) Percent 
Sandstone 136.0 41.2 
Unconsolidated sediments 63.7 19.3 
Greywacke 57.6 17.5 
Alluvium 28.1 8.5 
Loess over Gravels 13.0 3.9 
Gravels 10.9 3.3 
Loess over Sandstone 7.3 2.2 
Mudstone 3.8 1.2 
Loess 3.8 1.2 
Alluvium over Gravels 2.1 0.6 
Loess over Greywacke 1.6 0.5 
Loess over Mudstone 1.0 0.3 
Loess over Unconsolidated sediments 0.8 0.2 
Total 329.8 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 158.9 48.2 
Moderately well 98.1 29.7 
Imperfect 62.8 19.1 
Poor 10.0 3.0 
Total 329.8 100.0 

 
LSNAI 

 Area (km²) Percent 
High 12.3 3.7 
Medium 131.2 39.8 
Low 133.3 40.4 
Very low 53.0 16.1 
Total 329.8 100.0 
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Table H.25: Rangitīkei at Mangaweka 

Rock types 
 Area (km²) Percent 
Sandstone 736.5 27.9 
Volcanic ash over Greywacke 468.4 17.8 
Volcanic ash over Sandstone 451.9 17.1 
Greywacke 379.0 14.4 
Mudstone 167.0 6.3 
Volcanic deposits over Volcanic ash 141.7 5.4 
Volcanic ash 92.4 3.5 
Volcanic deposits over Greywacke 63.6 2.4 
Alluvium 38.6 1.5 
Volcanic deposits over Sandstone 19.8 0.8 
Alluvium over Gravels 14.8 0.6 
Volcanic deposits 14.3 0.5 
Gravels 13.9 0.5 
Volcanic ash over Mudstone 12.0 0.5 
Loess over Sandstone 7.9 0.3 
Loess over Gravels 7.4 0.3 
Loess over Mudstone 1.9 0.1 
Loess 1.5 0.1 
Volcanic ash over Limestone 1.5 0.1 
Volcanic deposits over Alluvium 1.4 0.1 
Total 2635.4 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 1968.7 74.7 
Moderately well 508.2 19.3 
Imperfect 144.3 5.5 
Poor 14.2 0.5 
Total 2635.4 100.0 

 
LSNAI 

 Area (km²) Percent 
High 32.9 1.2 
Medium 449.4 17.1 
Low 1790.7 68.0 
Very low 362.3 13.7 
Total 2635.3 100.0 
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Table H.26: Rangitīkei at McKelvies 

Rock types 
 Area (km²) Percent 
Sandstone 1022.5 26.9 
Volcanic ash over Greywacke 468.4 12.3 
Volcanic ash over Sandstone 453.7 11.9 
Greywacke 379.0 10.0 
Mudstone 290.8 7.7 
Loess 230.5 6.1 
Volcanic deposits over Volcanic ash 141.7 3.7 
Loess over Sandstone 138.4 3.6 
Alluvium over Gravels 129.8 3.4 
Loess over Gravels 118.6 3.1 
Alluvium 116.9 3.1 
Volcanic ash 92.4 2.4 
Volcanic deposits over Greywacke 63.6 1.7 
Windblown sands 54.9 1.4 
Volcanic deposits over Sandstone 19.8 0.5 
Gravels 18.9 0.5 
Unconsolidated sediments 15.9 0.4 
Volcanic deposits 14.3 0.4 
Volcanic ash over Mudstone 12.0 0.3 
Loess over Unconsolidated sediments 6.7 0.2 
Loess over Mudstone 1.9 0.0 
Gravels over Sandstone 1.8 0.0 
Volcanic ash over Limestone 1.5 0.0 
Volcanic deposits over Alluvium 1.4 0.0 
Loess over Alluvium 1.3 0.0 
Loess over Windblown sands 1.1 0.0 
Alluvium over Mudstone 0.6 0.0 
Total 3798.4 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 2290.7 60.3 
Moderately well 744.1 19.6 
Imperfect 456.6 12.0 
Poor 307.0 8.1 
Total 3798.4 100.0 

 
LSNAI 

 Area (km²) Percent 
Very high 54.9 1.4 
High 419.2 11.0 
Medium 868.0 22.9 
Low 2093.9 55.1 
Very low 362.3 9.5 
Total 3798.4 100.0 
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Table H.27: Rangitīkei at Onepuhi 

Rock types 
 Area (km²) Percent 
Sandstone 926.0 28.8 
Volcanic ash over Greywacke 468.4 14.6 
Volcanic ash over Sandstone 453.7 14.1 
Greywacke 379.0 11.8 
Mudstone 290.1 9.0 
Volcanic deposits over Volcanic ash 141.7 4.4 
Loess over Gravels 93.7 2.9 
Volcanic ash 92.4 2.9 
Alluvium 79.2 2.5 
Loess over Sandstone 74.4 2.3 
Volcanic deposits over Greywacke 63.6 2.0 
Loess 30.5 0.9 
Alluvium over Gravels 25.1 0.8 
Volcanic deposits over Sandstone 19.8 0.6 
Gravels 18.9 0.6 
Unconsolidated sediments 15.9 0.5 
Volcanic deposits 14.3 0.4 
Volcanic ash over Mudstone 12.0 0.4 
Loess over Unconsolidated sediments 6.7 0.2 
Loess over Mudstone 1.9 0.1 
Volcanic ash over Limestone 1.5 0.0 
Volcanic deposits over Alluvium 1.4 0.0 
Gravels over Sandstone 0.6 0.0 
Alluvium over Mudstone 0.6 0.0 
Loess over Alluvium 0.3 0.0 
Total 3211.6 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 2157.5 67.2 
Moderately well 674.4 21.0 
Imperfect 310.4 9.7 
Poor 69.2 2.2 
Total 3211.6 100.0 

 
LSNAI 

 Area (km²) Percent 
High 121.9 3.8 
Medium 746.8 23.3 
Low 1980.6 61.7 
Very low 362.3 11.3 
Total 3211.5 100.0 
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Table H.28: Rangitīkei at Pukeokahu 

Rock types 
 Area (km²) Percent 
Volcanic ash over Greywacke 303.3 40.0 
Greywacke 132.4 17.4 
Volcanic ash over Sandstone 130.4 17.2 
Sandstone 109.4 14.4 
Volcanic ash 64.0 8.4 
Mudstone 6.0 0.8 
Gravels 4.8 0.6 
Volcanic deposits over Greywacke 4.6 0.6 
Volcanic deposits 3.2 0.4 
Alluvium 0.6 0.1 
Total 758.6 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 738.6 97.4 
Moderately well 19.4 2.6 
Poor 0.6 0.1 
Total 758.6 100.0 

 
LSNAI 

 Area (km²) Percent 
High 0.6 0.1 
Medium 19.4 2.6 
Low 606.2 79.9 
Very low 132.4 17.4 
Total 758.6 100.0 
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Table H.29: Raparapawai at Jackson Road 

Rock types 
 Area (km²) Percent 
Loess over Gravels 15.7 34.6 
Greywacke 9.5 21.0 
Sandstone 5.8 12.9 
Alluvium 5.4 11.9 
Loess over Sandstone 3.8 8.4 
Loess over Unconsolidated sediments 2.9 6.3 
Gravels 2.1 4.7 
Alluvium over Gravels 0.1 0.2 
Unconsolidated sediments 0.0 0.0 
Total 45.4 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 25.2 55.5 
Imperfect 12.3 27.2 
Poor 5.5 12.2 
Moderately well 2.3 5.1 
Total 45.4 100.0 

 
LSNAI 

 Area (km²) Percent 
High 10.1 22.2 
Medium 7.4 16.3 
Low 19.0 41.9 
Very low 8.9 19.6 
Total 45.4 100.0 
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Table H.30: Tiraumea at Ngaturi 

Rock types 
 Area (km²) Percent 
Mudstone 316.9 43.0 
Sandstone 214.9 29.2 
Limestone 80.2 10.9 
Alluvium 42.9 5.8 
Argillite 32.8 4.5 
Gravels 28.5 3.9 
Greywacke 13.0 1.8 
Alluvium over Gravels 7.1 1.0 
Total 736.3 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 258.2 35.1 
Imperfect 249.5 33.9 
Moderately well 188.9 25.7 
Poor 39.7 5.4 
Total 736.3 100.0 

 
LSNAI 

 Area (km²) Percent 
High 39.7 5.4 
Medium 426.5 57.9 
Low 257.0 34.9 
Very low 13.0 1.8 
Total 736.3 100.0 
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Table H.31: Tokiahuru at Junction 

Rock types 
 Area (km²) Percent 
Volcanic ash over Volcanic deposits 114.7 58.3 
Volcanic deposits over Volcanic ash 45.6 23.2 
Volcanic deposits 13.6 6.9 
Volcanic ash 8.1 4.1 
Volcanic ash over Sandstone 7.7 3.9 
Volcanic ash over Alluvium 5.0 2.6 
Alluvium 1.9 1.0 
Total 196.7 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 147.6 75.1 
Moderately well 43.6 22.2 
Poor 5.5 2.8 
Total 196.7 100.0 

 
LSNAI 

 Area (km²) Percent 
High 3.4 1.7 
Medium 43.6 22.2 
Low 149.7 76.1 
Total 196.7 100.0 
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Table H.32: Tokomaru River at Horseshoe bend 

Rock types 
 Area (km²) Percent 
Greywacke 44.3 80.2 
Loess over Greywacke 8.0 14.5 
Loess 2.1 3.7 
Gravels 0.8 1.4 
Alluvium 0.1 0.1 
Alluvium over Gravels 0.0 0.0 
Total 55.3 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 25.1 45.4 
Moderately well 24.8 44.9 
Imperfect 5.3 9.6 
Poor 0.1 0.1 
Total 55.3 100.0 

 
LSNAI 

 Area (km²) Percent 
High 1.2 2.2 
Low 10.8 19.6 
Very low 43.3 78.3 
Total 55.3 100.0 
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Table H.33: Turakina at ONeills Bridge 

Rock types 
 Area (km²) Percent 
Sandstone 424.2 44.9 
Mudstone 272.1 28.8 
Alluvium 67.4 7.1 
Loess 60.3 6.4 
Loess over Sandstone 33.1 3.5 
Unconsolidated sediments 23.6 2.5 
Volcanic ash over Sandstone 21.4 2.3 
Volcanic ash over Mudstone 18.0 1.9 
Windblown sands 10.2 1.1 
Loess over Gravels 9.4 1.0 
Alluvium over Mudstone 3.4 0.4 
Volcanic ash 1.9 0.2 
Total 945.1 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 385.1 40.7 
Moderately well 244.0 25.8 
Imperfect 199.0 21.1 
Poor 117.0 12.4 
Total 945.1 100.0 

 
LSNAI 

 Area (km²) Percent 
Very high 10.2 1.1 
High 142.3 15.1 
Medium 416.2 44.0 
Low 376.4 39.8 
Total 945.1 100.0 
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Table H.34: Whakapapa at Footbridge 

Rock types 
 Area (km²) Percent 
Volcanic ash 63.5 56.5 
Volcanic deposits over Volcanic ash 31.7 28.3 
Volcanic deposits 9.8 8.7 
Volcanic ash over Volcanic deposits 4.1 3.7 
Sandstone 2.2 2.0 
Volcanic ash over Sandstone 1.0 0.9 
Total 112.4 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 112.4 100 
Total 112.4 100 

 
LSNAI 

 Area (km²) Percent 
Low 112.4 100 
Total 112.4 100 
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Table H.35: Whangaehu at Kauangaroa 

Rock types 
 Area (km²) Percent 
Mudstone 479.1 26.7 
Sandstone 399.7 22.3 
Volcanic ash over Volcanic deposits 281.9 15.7 
Volcanic ash over Sandstone 197.9 11.0 
Volcanic deposits over Volcanic ash 125.0 7.0 
Volcanic ash 70.1 3.9 
Alluvium 56.5 3.1 
Unconsolidated sediments 50.4 2.8 
Volcanic deposits 47.9 2.7 
Volcanic ash over Mudstone 42.2 2.4 
Volcanic deposits over Sandstone 21.5 1.2 
Sandstone over Mudstone 6.6 0.4 
Volcanic ash over Alluvium 5.0 0.3 
Loess 4.6 0.3 
Alluvium over Volcanic ash 3.6 0.2 
Volcanic ash over Unconsolidated sediments 0.9 0.0 
Total 1792.9 100.0 

 
Drainage Class 

 Area (km²) Percent 
Moderately well 1089.6 60.8 
Well 594.8 33.2 
Imperfect 70.5 3.9 
Poor 38.1 2.1 
Total 1792.9 100.0 

 
LSNAI 

 Area (km²) Percent 
High 35.8 2.0 
Medium 1158.8 64.6 
Low 598.4 33.4 
Total 1792.9 100.0 
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Table H.36: Whanganui at Cherry Grove 

Rock types 
 Area (km²) Percent 
Volcanic ash 246.3 28.3 
Volcanic ash over Mudstone 167.8 19.3 
Volcanic ash over Volcanic deposits 118.8 13.6 
Volcanic ash over Sandstone 114.8 13.2 
Volcanic deposits 101.3 11.6 
Volcanic ash over Greywacke 53.0 6.1 
Volcanic deposits over Volcanic ash 36.5 4.2 
Greywacke 13.1 1.5 
Sandstone 10.3 1.2 
Alluvium 6.6 0.8 
Mudstone 1.2 0.1 
Peat over Volcanic deposits 0.7 0.1 
Total 870.4 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 852.7 98.0 
Poor 15.4 1.8 
Moderately well 2.3 0.3 
Imperfect 0.0 0.0 
Total 870.4 100.0 

 
LSNAI 

 Area (km²) Percent 
High 15.4 1.8 
Medium 2.3 0.3 
Low 839.5 96.5 
Very low 13.1 1.5 
Total 870.4 100.0 
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Table H.37: Whanganui at Pipiriki 

Rock types 
 Area (km²) Percent 
Sandstone 2126.6 36.2 
Volcanic ash over Mudstone 834.5 14.2 
Volcanic ash 602.9 10.3 
Volcanic ash over Sandstone 597.4 10.2 
Mudstone 563.2 9.6 
Volcanic ash over Volcanic deposits 511.1 8.7 
Volcanic deposits 268.4 4.6 
Volcanic ash over Greywacke 185.0 3.1 
Alluvium 102.8 1.8 
Volcanic deposits over Volcanic ash 36.5 0.6 
Greywacke 25.6 0.4 
Volcanic ash over Alluvium 7.9 0.1 
Volcanic deposits over Mudstone 4.0 0.1 
Volcanic deposits over Sandstone 3.2 0.1 
Sandstone over Mudstone 1.5 0.0 
Peat over Volcanic deposits 0.7 0.0 
Volcanic ash over Gravels 0.7 0.0 
Total 5871.9 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 5195.6 88.5 
Moderately well 613.0 10.4 
Poor 41.3 0.7 
Imperfect 22.0 0.4 
Total 5871.9 100.0 

 
LSNAI 

 Area (km²) Percent 
High 39.0 0.7 
Medium 635.0 10.8 
Low 5172.2 88.1 
Very low 25.6 0.4 
Total 5871.7 100.0 
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Table H.38: Whanganui at Te Maire 

Rock types 
 Area (km²) Percent 
Volcanic ash over Mudstone 451.9 21.6 
Volcanic ash 434.8 20.7 
Volcanic ash over Volcanic deposits 417.7 19.9 
Volcanic ash over Sandstone 243.8 11.6 
Volcanic deposits 204.3 9.7 
Volcanic ash over Greywacke 185.0 8.8 
Sandstone 69.0 3.3 
Volcanic deposits over Volcanic ash 36.5 1.7 
Greywacke 25.6 1.2 
Mudstone 15.9 0.8 
Alluvium 9.7 0.5 
Volcanic ash over Alluvium 1.5 0.1 
Peat over Volcanic deposits 0.7 0.0 
Total 2096.4 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 2073.0 98.9 
Poor 15.4 0.7 
Moderately well 8.0 0.4 
Imperfect 0.0 0.0 
Total 2096.4 100.0 

 
LSNAI 

 Area (km²) Percent 
High 15.4 0.7 
Medium 8.0 0.4 
Low 2047.4 97.7 
Very low 25.6 1.2 
Total 2096.3 100.0 
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Table H.39: Whanganui at Te Rewa 

Rock types 
 Area (km²) Percent 
Sandstone 2574.3 39.8 
Volcanic ash over Mudstone 853.7 13.2 
Mudstone 648.9 10.0 
Volcanic ash over Sandstone 627.5 9.7 
Volcanic ash 604.2 9.4 
Volcanic ash over Volcanic deposits 511.1 7.9 
Volcanic deposits 269.6 4.2 
Volcanic ash over Greywacke 185.0 2.9 
Alluvium 105.8 1.6 
Volcanic deposits over Volcanic ash 36.5 0.6 
Greywacke 25.6 0.4 
Volcanic ash over Alluvium 7.9 0.1 
Volcanic deposits over Mudstone 4.0 0.1 
Volcanic deposits over Sandstone 3.2 0.0 
Loess 1.7 0.0 
Sandstone over Mudstone 1.5 0.0 
Peat over Volcanic deposits 0.7 0.0 
Volcanic ash over Gravels 0.7 0.0 
Total 6461.6 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 5504.7 85.2 
Moderately well 888.9 13.8 
Poor 45.9 0.7 
Imperfect 22.0 0.3 
Total 6461.6 100.0 

 
LSNAI 

 Area (km²) Percent 
High 43.6 0.7 
Medium 910.8 14.1 
Low 5481.4 84.8 
Very low 25.6 0.4 
Total 6461.3 100.0 
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Table H.40: Whanganui at Wades Landing 

Rock types 
 Area (km²) Percent 
Volcanic ash over Mudstone 752.5 20.5 
Sandstone 595.6 16.2 
Volcanic ash 471.0 12.8 
Volcanic ash over Sandstone 459.1 12.5 
Volcanic ash over Volcanic deposits 423.6 11.6 
Mudstone 385.9 10.5 
Volcanic deposits 249.4 6.8 
Volcanic ash over Greywacke 185.0 5.0 
Alluvium 70.1 1.9 
Volcanic deposits over Volcanic ash 36.5 1.0 
Greywacke 25.6 0.7 
Volcanic ash over Alluvium 7.9 0.2 
Volcanic deposits over Mudstone 4.0 0.1 
Peat over Volcanic deposits 0.7 0.0 
Sandstone over Mudstone 0.0 0.0 
Total 3666.8 100.0 

 
Drainage Class 

 Area (km²) Percent 
Well 3463.0 94.4 
Moderately well 183.5 5.0 
Poor 17.9 0.5 
Imperfect 2.3 0.1 
Total 3666.8 100.0 

 
LSNAI 

 Area (km²) Percent 
High 17.9 0.5 
Medium 185.8 5.1 
Low 3437.4 93.7 
Very low 25.6 0.7 
Total 3666.7 100.0 
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Appendix I  
Table I.1: Estimated instream SIN uptake (t yr-1), estimated root zone SIN losses (t 

yr-1) and the estimated instream uptake as a proportion of root zone 

losses for all monitoring sites. 

Monitoring site Instream SIN uptake 

(t yr-1) 

Root zone SIN losses  

(t yr-1) 

Instream uptake as a 

% of root zone losses 

Kumeti at Te Rehunga 0.1 17.5 0.7 

Mangatainoka at Larsons Road 0.8 59.8 1.3 

Mangapapa at Troup Road 0.8 47.6 1.6 

Oroua at Almadale Slackline 8.1 418.0 1.9 

Raparapawai at Jackson Road 1.9 102.4 1.9 

Ohau at Gladstone Reserve 1.2 55.1 2.2 

Tokomaru River at Horseshoe bend 0.8 36.2 2.2 

Mangahao at Ballance 7.1 241.8 2.9 

Pohangina at Mais Reach 13.9 411.9 3.4 

Rangitikei at Pukeokahu 39.8 504.0 7.9 

Oroua at Awahuri Bridge 68.4 851.3 8.0 

Mangawhero at Pakihi Rd Bridge 17.2 213.9 8.1 

Ongarue at Taringamotu 113.8 1003.9 11.3 

Mangawhero at Raupiu Road 92.5 814.6 11.4 

Hautapu at US Rangitikei River Conf 30.3 237.9 12.7 

Rangitikei at Mangaweka 196.6 1551.4 12.7 

Mangatainoka at Brewery 130.1 997.8 13.0 

Hautapu at Alabasters 22.2 161.8 13.7 

Hautapu at Papakai Road Bridge 22.2 161.8 13.7 

Whanganui at Te Maire 276.0 1854.8 14.9 

Whangaehu at Kauangaroa 302.6 1920.9 15.8 

Tokiahuru at Junction 16.5 103.0 16.0 

Rangitikei at Onepuhi 338.5 2091.8 16.2 

Rangitikei at McKelvies 496.3 2880.2 17.2 

Whanganui at Cherry Grove 120.0 672.7 17.8 

Whanganui at Wades Landing 646.8 3608.6 17.9 

Ohura at Tokorima 150.0 779.4 19.2 

Whakapapa at Footbridge 12.7 61.1 20.8 

Manawatu at Hopelands 505.6 2229.6 22.7 

Whanganui at Pipiriki 1191.8 4878.1 24.4 

Owahanga at Branscombe Bridge 137.5 547.7 25.1 

Manawatu at Opiki Bridge 1690.4 6519.9 25.9 

Manawatu at Teachers College 1591.3 6137.6 25.9 

Manawatu at Weber Road 287.2 1110.8 25.9 

Whanganui at Te Rewa 1429.0 5370.5 26.6 

Manawatu at Upper Gorge 1538.1 5386.7 28.6 

Turakina at ONeills Bridge 261.4 841.4 31.1 

Mangatoro at Mangahei Road 104.7 320.8 32.7 

Makuri at Tuscan Hills 75.2 215.7 34.8 

Tiraumea at Ngaturi 538.2 1033.6 52.1 

Mean   16.1 
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