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Abstract

Forest soils are critical to forest health and productivaiyd by recognising their spatial
heterogeneity, we can optimise productivity and preserve our natural resources in the face of a
changing climate Electromagnetic induction (EMI) technology provides a repeatable, non
destructive, and coseffective approach to studying soil heterogeneity in managed forests.
Electromagnetic inductiotechnology has proven its versatility in agricultural settings to map soil
texture, moisture and crop productivignd geological and archaeological exploration to identify
underground natural and anthropogenic structure¥etthe application in forests has been limited,
and it isessentiato understand the impact cfoil andenvironmental factors on apparent electrical
conductivity (Eg if attempting to use this EMI technology in a forested environmértte
overarching aim of this thesigas todetermineif EMIcan be used in a forested environment
focusingon two contrastingPinus radiateD. Donproduction forestdo capture the spatial
heterogeneity of soil propertiesFurthermore, thighesis can serve as a 'toolbox' for measurement
protocols and analysis for forest owners interested in-‘oygt, timeefficient methods of
understanding microsite heterogeneity in their forest soils to guide management praciibes.
research addressed the three main questions: The impact of various environmental factors on
apparent electrical conductivity (BCthe ability of EQo characterise soil texture and moisture
across forested catchments, and the effectiveness of ggBsinversion software in capturing the

spatial heterogeneity of forest soils in three dimensions.

To answer the first question, measurements were taken on forest litter thickness, gravimetric water
content, density, soil temperature, ambient temperature, instrument temperature, and instrument
voltage. The study found no significant linealationship between E@&nd these environmental
factors, indicating that a correction factor for drift ind@used by temperature and voltage

variations was not required. The insulating effect of forest soils, the forest canopy, and the
instrument's housing played a role in maintaining stability. In addition, there was no significant
effect of the presence aabsence of forest litter on E@vhich was most likely due to the structure

and makeup of forest litter, indicating that EMI technology coulddpresoil properties without

considering the effect of forest litter.



Questions two and three aimed to evaluate the effectiveness of using apparent electrical
conductivity and modelled electrical conductivity {EE@s predictors for soil properties, including
gravimetric water content (GWC), the electrical conductivity ofpma soil to 5part water solution
(ECéY), and the percentages of clay (CLAY), fine sand (FSAND), and medium sand particles (MSAND).
Firstly, gneralised linear mixedffects models (GLMERS) were employed to assess tasumed
variables' main effectand interaction effecd on E€and EC andthe within and betweersite

variability as a random effectThe GLMERs demonstrated that incorporating multiple predictor
variablesreduced unexplained variability, with specific interactions, such as GWC afit] fl@gng
crucial roles in explaining E@ariability at particular depthsHowever, multicollinearity issues were
observed, primarily driven by the G\WETé&?® interaction. The study also discussed the findings of

3D inversion maps of EGwvhich provided detailed insights into spatial distribution patterns,
particularly when overlaid with topographic and soil variableada®econdly, ondimension and
three-dimensional map were produced and overlaid onto base maps of each catchment to identify
spatial patterns within each catchment related to soil texture and moisture using standard kriging in
Arc GIS Pro software and custom EM4Soil software designed to interpolatiirnersional EC

measurements into three dimensions.

Finally the research delved into the implications of these findings for forest owners and their
management practiceslt emphasised that while E@&chnology is a valuable tool in predicting

forest soil heterogeneity, it should not be used in isolation, and soil sampling and validation remain
essential. The study recommended using EMI as a time and-efisttive tool for understanding soil
heterogeneity, offering repeatable and neshestructive measurements for informed land use
decisions. Overlaying spatial maps with additional geospatial data was recommended to

comprehensively understand soil variability within catchments
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Chapter 1.

Introduction

Forest soils aressentiacomponents of forest ecosystems as they provide a critical foundation for
the growth and development of trees and other vegetation while also providing some of the best
freshwater sources in the worl@Neary et al., 2009) These highly complex and diverse soils support
various biological, chemical, and physical characteristics crucial for sustaining healthy forests and

delivering highguality water(Neary et al., 2009; Von Wilpert, 2022)

Some of the critical functions of forest soils include the cycling of nutrients such as nitrogen,
phosphorus, and carbon, which are essential for forest productivity and growth while also providing
habitats for a diverse range of soil organisms that alag pn integral role in nutrient cyclirifleary

et al., 2009) They act as carbon sinks for carbon sequestratimm essential factor in mitigating

the impacts of climate change. Forest soils also play a crucial role in forest hydrology as they
regulate water flow by capturing, storinfiltering, and releasing water into groundwater aquifers
streams and rivers All areessential for maintaining healthy watersheds and supporting aquatic

ecosystemgWilliams, 2016)

Studies conducted in New Zealand planted forests typically identify soil properties using resources
such as $1AP and The New Zealand Fundamental Soil Layer (FSL), which uses data from the New
Zealand Land Resources Inventory and the National Soils Daijbasaaki WhenualLandcare
Research, 2019, 2023 hese tools delineate homogenous polygons of soils down to soil type
(Landcare Research Ltd, 20080d the polygons' scale varies depending on how intensive surveying

and sampling have occurred in the region.

Many forests, particularly in New Zealand, are located in remote, rugged, steep, diffi@dtess
terrain. This makes soil sampling and surveying challenging to accurately capture the heterogeneity
of forest soils over the landscape and at depth. dditon, soil sampling is destructive, cannot be

replicated, and individual samples may not represent the soil propdrtisgu

While these tools help provide a general understanding of soil properties, they do not capture the

microsite heterogeneity of soil at the forest or catchment scale.



1.1 How forest soils differ from agricultural soils

Forest soils differ from agricultural soils as a result of complex interactions betwedarsuihg
factors such as parent material, time, landscape position, organisms and c(ifeatey, 1941; Neary
et al., 2009knd chemical, physical and biological soil properties such as soil structure, nutrient
availability and the accumulation of hum(Qgon Wilpert, 2022) These differences include canopy

cover, litter, rooting depth, soil structure and biodiversity.

1.1.1 The role of the forest canopy and litter

The forest canopy reduces the impact of rainfall on the forest floor, reducing soil disturideary

et al., 2009) Any precipitation that does reach the forest floor is absorbed first by the litter layer.
This continuous supply of organic matter from fallen fresh and partially decomposed leaves, twigs
and dead trees slowly breaks down to enrich the soil, whichliegea semitecomposed humus

layer (Intergovernmental Panel on Climate Change, 2000)e leaf litter dissipates raindrop energy
on the soil surface while acting like a sponge, slowly releasing water to the underlying mineral soil
(Williams, 2016) Consequently, forest soil overland flow (Hortanian Flow) rarely occurs in forested

catchments during heavy precipitatigBrandon, 2014; Williams, 2016)

In contrast, pasture and cover cropsagriculture do not necessarily provide the same protection

that the forest canopy and the litter layer provide in forested soils. In addition, crop rotations are far
shorter than in production forestry, and therefore, in agriculture, soil will often ranbaire until a

crop has established itself. Agricultural soils are more likely to suffer from overland flow during high

intensity precipitation events.

1.1.2 Biodiversity

Forest soils typically have a higher biodiversity of soil organisms, including invertebrates, microbes,
fungi, insects and larger animals. Bioturbation and burrowing by this macro and micro fauna help
mix and move organic mattehumus,and A horizons to the lower soil profile. The bioturbation also
forms macropores, which help transport precipitation infiltrating the soil. This biodiversity is
essential for maintaining the ecosystem's health and supporting various ecosystem seiwices.
contrast, a éw crop species often dominate agricultural sdifgjting biodiversity and reducing

ecosystem resilience.



1.1.3 Rooting depth

Root systems of trees in forested ecosystems are limited by available water, climate, topography,
geology and soil physical and chemical propelfigsneaves & De La Mare, 1988 tend to be

more extensive than those in agricultural systefNeary et al., 2009; Thortigristensen et al.,

2020) On average, the rooting depth of forested ecosystems can vary between 7.0 £ 1.2m. In
comparison, agricultural lands and grasslands are shallower, with an average rooting depth of 2.6 +
0.1m and 2.1 £ 0.2m, respectivéNeary et al., 2009; Thordgristensen et al., 2020)Tree root

systems develop with age. For example, young Pinus Radiata has a shallow rooting depth, confined
to the top 1 m of soi{Marden et al., 2016and can increase to an average of 2.6 m depth by age 25
602 Gaz2y g h QfPradAt&dotingtdorkmtthvk haen found to extend horizontally from
4.7 to 10.4 meters from the tree's stump and vary between < 0.2 cm and 26cm in digivieteien
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1.1.4 Soil properties and structure

The structure of forest soils differs from that of agricultural soils. Below the fresh and partially
decomposed litter layer are the mineral soils comprising an A horizon and a B horizon, which overlie
bedrock. The vertical soil horizon is often moreadigdefined in forest soils than they are in
agricultural soils due to the cultivation practices which continually mix any presence of A horizon,
usually forming a ploughed layer referred to as an Ap hor{attergovernmental Panel on Climate
Change, 2000; Von Wilpert, 202Zploughing and other land and crop management practices can

affectmacroporosityand soil physical properties.

Soil pores larger than the microscopic scale are called macropores (Allaire et al, w20[@9%
connected chain of macropores is called 'soil pifdshida et al., 2001; Williams, 201 forest

soils, macropores and soil pipes typically occur as a consequence of vertical and lateral live and
decayedtree root systems, bioturbation, floral and faunal pedoturbation, and large cracks and
fissures in both soil and bedro¢Kllaire etal., 2009; Aubertin, 1971; Sparling et al., 2008; Uchida et
al., 2001; Williams, 2016) The highly permeable nature of macropores and soil pipes makes them
essential to the hydrological process, particularly in forested hillslopes, as they act as conduits for
rapid water movement or preferential flow, contributing to subsurface flow psses(Allaire et al.,
2009; Aubertin, 1971; Uchida et al., 200Nlacropores also allow forest soils to be well aerated, an

important factor in plant growth and soil healthandcare Research Ltd; McLaren & Cameron, 1996)



Low macroporosity and high bulk density are physical indicators of soil compaction, which affects soil
structure, soil water storage and movement, and root penetration and has been shown to reduce
nitrogen fixation and crop yiel(Landcare Research Ltd; Sparling et al., 2008agricultural

environments, soils typically have low macroporosity. They are at a higher risk of soil compaction by
stock and vehicled.andcare Research Ltajhere soils regularly tilled and ploughed will have fewer

macropores as the soil structure is destroyéte et al., 2009)

1.1.5 Landscape position

In New Zealand, the placement of production forestry is typically on steep, erpeime land less
suitable for agricultural use, which is generally situated on fine textured silt or fine sandy loams that
are well drained and on flat or undulating sloegnn et al., 2009)Forests and their understory
vegetation are well suited to steep, erosiprone land as the tree roots help anchor and stabilise
slopes, and the trees help reduce water stored on slopes through evapotranspi(@tamdon,

2014; Bren, 2016) The small pores holding water in slopes at high tensions and the interaction of
the tree roots and soil ensure a reduction in response to precipitation during storm events.
However, the exact interaction between small pores, tree roots and soilgyEyannknownAmatya

et al., 2016)

1.1.6 The implication of the difference in agricultural and forest soils

As noted above, a complex interaction of goiiming factorsand biological, chemical, and physical
characteristicsnakesforest soils different from agricultural soils. Therefore, models applied to
forested catchments based on agricultural soils can become difficult t¢Brea, 2016and may

yield inaccurate results.

1.2 Spatial heterogeneity of forest soils

It is more difficult to predict the movement of solids, liquids and gases in forest soils than in
agricultural soilbecauseof their heterogeneityAllaire et al., 2009)Therefore, the measurement of
soil properties needs to consider this spatial heterogeneity, not just on a regional or forest scale but
also on a microsite scale. Soil sampling and measurement regimes must account for this variability

by capturing a rangof topographic indices when selecting sample locat{@adekin et al., 2021a)



Topographic indices include but are not limited to slope and slope location (toe, mid, plane), aspect,

elevation, curvature, wind exposure and wetngSalekin et al., 2021a)

These indices alter soil forming and weathering factors, making forest soils highly variable
horizontally and vertically. For example, soils at high elevations in a catchment may also be exposed
to harsher climactic conditions such as direct sunlight\aimdl. These erosion agents may cause

higher weathering rates, meaning shallower and poorly developed soil. However, in the same
catchment, soils may be wdbhrmed, waterlogged, or have different parent material at lower

elevations. With this in mingoil sampling must be conducted to capture this spatial heterogeneity.

1.3 Understanding Foresbil microsite heterogeneity and climate change

Sustainable forest management can positively combat the effects of climate change, help maintain
biodiversity and contribute to local, national and global efforts to mitigateittgacts of climate
change(De Jong, 2016)Climate change has brought on more frequent and more extreme weather
events. Minimising the impact of these weather events on communities will become increasingly
vital from a humanitarian, economic and social perspecdirandon, 2014) Planted forests have
historically been used on erosigmone land for stabilisation and flood mitigatigBrandon, 2014;

Lynn et al., 2009) While overland flow may be prevented in forested catchments during low and
mediumintensity and duration precipitation events, they are ineffective during storm events of
larger magnitudes with higintensity precipitation. At best, flood mitigation ppars localised
(Bathurst, 2014; De Jong, 2018)ith this in mind, managing individual, small catchments within a
larger forested catchment using localised attributes such as slope, aspect, soil, bedrock, and parent
material may be a far more effective strategy for deciding what species shouldrteglavhere to

plant trees and if in fact, planting would be an effective flood and erosion mitigation strategy.

In periods of drought, planted forests experience water stress, particularly in areas where irrigation
treatments are unavailabléDe Jong, 2016)Understanding the spatial heterogeneity of soils in
planted forests would enable landowners to understand which soils are more prone to drought and
carry out targeted planting and treatment. However, understanding the microsite variability on a

more lccalised scale is necessary.



Therefore, a more efficient, lowost, nonrdestructive approach to mapping forest soil properties
would behelpful for mapping and understanding forest productivity, management, climate change

impacts, and forest hydrology.

1.4 Research aim and objectives

1.4.1 Overarching objective and research questions

The overarching aim of this thesis is to identify if electromagnetic induction technology can be used
in a forested environment to capture the spatial heterogeneitgafproperties. If so, this thesis

can serve as a 'toolbox' for measurement protocols and analysis for forest owners interested in low
cost, timeeffective methods of understanding microsite heterogeneity in their forest soils to guide

management practicesTo achieve this, the three questions posed were:

1. What effect (if any) does forest litter and instrument drift have on apparent electrical
conductivity, and what implications does this have for users of EMI technology in forested
environments?

2. Can soil texture and moisture properties be characterised across forested catchments using
apparent electrical conductivity measured by the DualEn

3. Can model electrical conductivity using quabi inversion software adequately capture the
spatial heterogeneity of forest soils. If so, what does this mean for users of EMI technology

in forested environments?

1.4.2 Thesis structure
This thesis consists of five chapters. Chapter One discusses the importance of forest soils, how they
differ from agricultural soils and the need for la@st, timeefficient, portable methods of mapping

soil heterogeneity in forested catchments.

Chapter two focuses on previous research into using electromagnetic induction technology to
identify spatial trends in soil physical and chemical properties and locate the extent of underground
geomorphological and anthropogenic structures. This chapserr@cognises key knowledge gaps
and the importance of further research, particularly into using this technology in forested

environments.



Chapter three provides site historgeology,and soil classifications. To reduce repetition in
explaining methodology, general methods for study setup that are alluded to in subsequent chapters

are outlined in this chapter.

Chapter four evaluates the effect of forest litter and instrument drift on apparent electrical
conductivity and the implications of these factors when using electromagnetic induction technology

in forested catchments.

Chapterfive uses statistical analysis to understand the relationship between measuredsables
andapparent electricahnd modelled electrical conductivity. Spatial analysis of the relationship
between soil variables and apparegiectrical conductivityand modelled electrical conductivity
usingordinary kriging and 1faterally constrained inversion software to map apparent electrical
conductivity as well as using qu#&gd inversion tonodelled electrical conductivityFinally, this
sectiondiscusses the implications of this research for forest managers who want to understand the

microsite variabilityof soil properties in their forests.

Chapter six synthesises the main conclusions from this thesis in a general discussion. The findings

will attempt to address this thesis's overarching objective and recommend ideas for future research.



Chapter 2

Previous research and knowledge gaps

2.1 Introduction to geophysical sampling technology

Various nordestructive geophysical methods are increasingly being used to expedite the
measurement of soil properties and soil monitoring. Almost without exception, studies using hon
destructive geophysical methods for soil monitoring and soil propeggsarements champion this
technology as the time and cost of sampling are significantly reduced compared to traditional soil
sampling methods. Examples of Roestructive, geophysical sampling technology used include the
use of ground penetrating radar RR), electrical resistivity meters (ERM), and electromagnetic
induction (EMI) produced by companies such as Veris Technologies Inc, GEONICS Limited and
DualEm Inc. This technology is often used in landscapes where measurement equipment can be
drawn by a ®hicle or carried by hand to achieve the spatial resolution necessary to capture spatial
variability. The use of these technologies is often limited to flat, easily accessible land as the
equipment can be bulky, heavy or require setup and dismantlingrbefod after measurements are
taken. In some cases, for example, the VERIS 2000XA ER type sensor, the instrurnrdirgatiyist
contactmoist soil during measurements to a depth of 2.5 to 5(%t@ris Technologies Inc, 2010)

The DualEm (DualEm Inc, 2010) can takedesiructive, repeatable samples that can capture the
spatial variability of soils in a forested catchment while being portable and can be held by the

operator and used in difficuio-manoeuvreand access terrain.

2.2 Dualem, electromagnetic induction, and general operation

2.2.1 DualEm

The DualEm is an instrument that uses electromagnetic induction to measure the conductivity of the
earth's surface. It can be applied to many types of shallow earth investigébolasEm, 2014)

including, but not limited to, archaeological exploration and resource explorébonalEm, 2014;

Tang et al., 2020¥%0il contamination and precision agricultfarooque et al., 2020; Saey et al.,

2009) locating gravel deposits, mapping saline intrusions, detecting carbonate rock cavities and

karst structures, mapping bedrock topography and locating pipteNeill, 1980)



Each DualEm holds one electromagnetic (EM) transmitter (Tx) and dual geometry pairs of EM
receivercoils (Rx) with the windings oriented horizontatganer (HCP) and perpendicularglaner

(PRP) to the transmittgiDualEm, 2014)Tx and Rx sensors are encased in acunductive,

fibre/resin composite tub€DualEm, 2014)DualEm Inc. produces a series of DualEm devices with
increasing numbers of dual geometry Rx sensor pairs. The quantity of Rx pairs and array lengths (Tx
¢ RX separation distance) are indicated in the product name. For example, the Buéligrsensor

used in this study) has one pair of Rx sensors with an array length of 1 m for PRP and 1.1 m for HCP.
The DualER2 has one pair of Rx sensors with a 2m array length. Some DualEm devices have
multiple Rx pairs. For instance, the DualE? has three pas of Rx sensors widhm, 2m and 1m

array lengths The array length is important as this affects the depth of exploration and effective

depth, which will be discussed 8ection2.2.3.

Tx

R {111
J

PRP

Figure2.1. DualEm array with one transmitter (Taq)d
receiver coils (Rx) pairs with windings oriented in
horizontal co planer (HCP) and perpendicular co planer
(PRI (DualEm, 2014) (abovepualEmam Ay dza S
Kauri nursery in Rotorua, New Zealand (below).



2.2.2 Electromagnetic induction and lwluctionnumbers

The sensors operate undkEw induction numbers (LIN), allowing surfaces that are typically
non-conductive or havéow conductivity, such as soil and rock, to be measured using EMI
(DualEm, 2014; McNeill, 1980lectromagnetic induction works when an alternating
current at a frequency of-BHz(DualEm, n.d.)s generated within the Tx coil, which creates a
primary magnetic field (5 within the soil profile when placed on the eafffigure2.2)

(McNeill, 1980; Tang et al., 2020; Wait, 1963jnce most soils can conduct or accumulate an
electrical charge, a timearying magnetic field arises from the alternating current in the
transmitter coil. This induces very small eddy currents (secondary alternating currents) in
the earth, which geneate a secondary magnetic fieldfffigure2.2) (McNeill, 1980; Tang

et al., 2020; Wait, 1962)The Rx coils detect tégether with the primary magnetic field,

and a ratio of Hto Hsis used to calculate apparent electrical conductiviggza( mS/m)
(Figure2.2) (McNeill, 1980; Tang et al., 2020)

5. The receiver coil
detects H; together
with H,and EC is
calculated

1. An alternating
current is
generated in the
transmitting coil

2. This creates a primary
magnetic field (H,)

4. A secondary field
(Hs) is generated due
to conductive
materials in the soil

Figure2.2. Graphics showing the process of electromagnetic induction is generated through a
medium using the DualEm (Tang et al., 2020).
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Equationl. Calculation ofipparent electrical conductivitysing the ratio of the primary
and secondary magnetic field (McNeill, 1980).

Q9 i 3

_v 0

9 ;

1)
~ _ 4 0
2
Where H, = Secondary magnetic field at the receiver coil

H, = Primary magnetic field at the receiver coil

w = 2nf

f = Frequency (Hz)

Uy, = Permeability of free space

g = Ground conductivity (mho/m)

= Intercoil spacing (m)

J’ = l :-‘Iﬂ_l

2.2.3 Depth of exploration and effective depth

The DualERri (the series of DualEm used in this study) comprises one Tx and one pair of dual
geometry Rx sensors simultaneously measuring cumul&@ two depths,50cmand 1®cm

The depths to which the Rx sensoeach depenan the depth of exploration and the effective

depth (DualEm, 2014)Table2.1).

The effective depth (ED) of a DualEm is the depth to which¢aRkxconfiguration or array length
accumulates half of its total sensitivilpualEm, 2014)For the DualErt, the ED is 0.3 m for the
PRP array and 0.9 m for the HCP arfable2.1) (DualEm, 2014)

The depth of exploration (DOE) is the depth to which an array length accumulates 70% of its total
sensitivity(DualEm, 2014) The DualEr has a DOE &0cmfor the PRP array and a DOEL60cm
for the HCP arrayf@ble2.1) (DualEm, 2014)
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Table2.1. Effective depth, depth of exploration and low induction number limits for the DuatE@@®ualEm, 2014)

. . Transmitterg Low induction
Receiver coil . . . Depth of S
. . Receiver separation Effective depth (m) . number limit
Orientation exploration (m)
(m) (mS/m)
PRP 1 0.3 0.5 2700
HCP 1.1 0.9 1.6 240

HCP and PRP sensitivity is also affected by array I@figiire2.3). The PRP array accumulates

more rapidly with depth and is, therefore, more sensitive as depth increases. Beyond a depth of 0.6,
there is little to no sensitivity. In comparison, HCP accumulates sensitivity more gradually with
depth (Figure2.3)(DualEm, 2014)The cumulative sensitivity may be used as a guide for DOE as it
indicates the depths where PRP and HCP are relatively insensitive to a response from the earth

(DualEm, n.d.) The factors affecting cumulative sensitivity are outlinefieictions 2.2.5and2. 3

The heighof the Dualemabove the earth's surface also affects € signal. It is assumed that
ambient air has aiG of zerowith an increase in the height of the DualEm above the earth's

surface, there is a decrease in ID&IEmM, n.d.; Serrano et al., 2014)

100
90 2

70
60 -
50 ‘
40 1—
30 +~

20 ++
104/

Cumulative Sensitivity (%)

0 0.5 1 1.5 2
Depth (Array-lengths)
——HCP = = = PRP
Figure2.3. Cumulative sensitivity of HCP and PRP
receivers as TgRx separation (Arralength) and,

therefore, depth of exploration increas@ualEm,
2014)
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2.2.4 General operation

The DualEm can run in two modesitomatic and manual. Automatic mode allows a series

of measurements to be taken at specified time intervals, whereas manual mode allows the
user to prompt the device to take a measurement manually. Typically, DualEm devices with
longer array lengths arset to automatic mode, attached to a cart or other protective
structure and pulled by vehicle across relatively flat terrains, mainly in agricultural settings
but also on archaeological sitéBabas et al., 2016)Tests are conducted to ensure the

vehicle itself, the noise from the engine, and the protective structure do not influence the
signal(Dabas et al., 2016)Dabas et al. (2016) found that noise from the vehicle engine is
more likely to affect the shallower PRP signal than the deeper HCP signal; however, the

effect was insignificant, and they were unable to establish the exact cause.

2.2.5 Pitch and roll

The pitch and roll of all DualEm instruments are collecteDuglEn's accelerometer
simultaneously with each measuremg(iualEm, 2014) While both are important, the
orientation of the Tx and Rx to the earth's surface will affect how much ambient air, user
interference (whether it be vehicleaumans,or other artefacts), nortarget soil and other
factors influence the signal. Therefore, the roll of the instrument provides the most
significant change iBG. Since this variable can be measured, the instrument's

recommended roll is nmore than 10+ (Dabas et al., 2016)

2.3 Applications of electromagnetic induction technology and factors affecting

apparent electrical conductivity

2.3.1 Overview of the applicationsebéctromagnetic inductiosensors

Electromagnetic inductiotechnology has been used in different environments because of
the ease with which the technology can capture small and laogde variability of soil
propertiesacross study site These include but are not limited to, agricultural and pastoral
land with a variety of crop covers, orchaidifrdanoz & Aragués, 2012)ineyardqLardo et

al., 2012) cacao plantation§Caires et al., 2014; Silva et al., 20244 wetlandgAtwell et al.,
2013) Only a handful of studies found used EMI technology in a forest environment. These
include one study in native tropical forests and teak p(@&wsechet et al., 2012panother in

marsh forest land in the humid tropics of Trinidgdwell & Wuddivira, 2019 third in an
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Eucalyptus plantation in western Australia affected by saltwater intrud@emnett &

George, 1995and two studies in New Zealand, the first in the central North Island in a P.
radiata (D. Don) nursefLad et al., 2019nd the second in the Canterbury region of the
South Island in a young P. radiata plantation with no canopy closure and on an ex pasture
site (Gallart et al., 2019)

Each of these environments hosts a range of factors affecting the EMI signal and, therefore,
EG, which will be discussed in more detail below. These environmental factors allow EMI
technology to be used to explore soil and geological attributes in such a wide variety of

environments.

2.3.2 Overview of factors affecting apparelectricalconductivity

The apparent electrical conductivitig @) values calculated by electromagnetic induction
(EMI) sensors are an "integrated value based on the degitiied sensitivities of the
instrument and the depth dependant drivers of conductivifidbssain et al., 2010)
Fluctuations in solEG can vary significantly over space and a little over time and the causes
of which include but are not limited to, soil physical properties (texture, porosity,
permeability, bulk density, compaction, pans, stratification, temperature;veaiér

repellence) chemical properties (pH, organic matter, mineralogy, salinity, cation exchange
capacity), geology, hydrology and topographic features (depth to rock, rock type, age,
geological structures, water table depth), water content (smisture content, the degree of
saturation, rainfall), land management (tillage regimes, irrigation, drainage, land
degradation, land use changd#twell & Wuddivira, 2019nd anthropogenic artefacts
(buried objects, soil disturbances, archaeological artefd€a)legary et al., 2007; Mari,

2020; McNeill, 1980; Palacky, 1988jopographic features such as elevation, aspect and
slope indirectly affect EMgiven these factors affect the development of the

aforementioned factors.
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2.3.3 Apparent electrical conductivity and soil texture

Soil textural properties impact electromagnetic inducti@&@mMl) signals by increasing or
reducing soil resistivityFjgure2.4). Finergrained soils (clays and silts) are more conductive
and, therefore, have higher conductivity than coarsgrained soils (sands and gravel).
Becausef this, EMI technology is used to better understand the spatial variability of soil

textural properties for varying purposes.

RESISTIVITY (© » m)

0.01 01 1 10 100 1 000 10 000 100 000
MASSIVE SULFIDES | |
[ SHIELD
IGNEOUS AND UNWEATHERED ROCKS
GRAPHITE METAMORPHIC ROCKS
(IGNEOUS ROGKS:  MAFIC FELSIC)  MOTTLED  DURICRUST
SAPROLITE [ [ | ZONE
| | | | WEATHERED LAYER
(METAMORPHIC ROCKS)
CLAYS GRAVELS AND SAND

‘ GLACIAL SEDIMENTS

TILLS

SHALES SANDSTONE ~ CONGLOMERATE

| | \

| SEDIMENTARY ROCKS
LIGNITE, COAL DOLOMITE, LIMESTONE
SALT WATER FRESH WATER PERMAFROST
\ [ | | \ : WATER, AQUIFERS
I A iICE

00 000 10 000 1 000 100 10 1 0.1 0.01

CONDUCTIVITY (mS/m)

Figure2.4. Typical ranges of conductivities (mS/m) of earth materials (Palacky, 1988).

The DualER2 (refer toSection2.2.1details regarding DualEm versions) was used by De
Smedt (2011) to model the depth to a sandy substrate to identify buried river systBes
Smedt et al., 2011) Triantafilis et al. (2011) used the Duat&2i (refer toSection2.2.1for
details regarding DualEm versions) to identify the depth and spatial variation of a-coarse
textured, highly permeable, aeolian sands to understand how a leachate plume of solid
waste may travel to and enter groundwater in anveaste site from World War ih South
East SydnegRoe et al., 2010; Triantafilis et al., 201While Saey et al. (2009) used the
DualEm21s and the EM38DD to firstly compare the efficacy of both instruments and
secondly to create a stratigraphic inventory to understand better the spatial variation of
tertiary marine clay overlying aeolian loeasHeerster Belgium in the European Loess belt
(Saey et al., 2009)
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2.3.4 Apparent electrical conductivity and earthworm abundance

Soil texture and physical properties can also predict other ecological fadtbree studies
looked at quantitatively predicting earthworm populations in a vineyard with varying cover
crop and nutrient/pesticide regimgtardo et al., 2012prable land rotating maise and
cereal(Joschko et al., 2010and in a tilled, arable field/alckx et al., 2009)Earthworms
influence soil structure by forming macropores and can decrease bulk density and available
moisture content while increasing soil aggregate stabfligrdo et al., 2012)Valckx et al.
(2009)refer to earthworms as ecosystem engineeiso "determine the spatial patterns of

important ecosystem processes at a field scale".

The three studies above found earthworm abundance and specific species of earthworm
(anecic and endogeic) correlated wh values. The instrument was ultimately helpful in
identifying potential habitats for soil biota, which could predict the number of earthworms.
However, one study also established that earthworms from the two ecological categories
resided in habitats witlspecific soil characteristics, such as organic matter content, physical
and chemical properties, soil volumetric water content amanagement practice@/alckx et

al., 2009) These characteristics affecte signals and were therefore determined as a
proxy for understanding where earthworms reside. The more favourable the habitat, the
more abundant earthworm presence wlkschko et al., 2010; Lardo et al., 2012; Valckx et

al., 2009)

Joschko et al. (2008xaminedthe change in soil textural properties on tillage amidether

the texture differene affected earthworm spatial distributionsloschko et al. (200&und

soil texture, particularly fine particle size, was an important factor in estimating earthworm
parameters. Soil organic carbon (SOC) at 0 to 15 cm was the most important predictor of
earthworm abundance that year. The study also found earthworomdhnce increased in
localised regions of finer textured soil under a reduced tillage regime, yet no uniform

response to a reduced or conventional tillage regi@@aschko et al., 2009)

2.3.5 Apparent electrical conductivignd macroporosity
Earthworm engineering creates burrows which differ considerably between earthworm

species in size, shape, depth, and orientation, and the structures can create nearly
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impermeable and tortuous pathways that affect soil hydrol¢Gsojan & Linden, 1998)

Despite earthworm engineering altering macroporosity and bulk density, the above studies
did not test macroporosity as an influencing factoisg}. Trojan and Linden (1998)so

identified a lack of research on soil's hydraulic properties related to macroporosity caused by

earthworm activity(Trojan & Linden, 1998)

Macroporosity affects the infiltration rate and vertical and lateral water flow in forested
catchments. Hewlett and Hibbert developed the variable source area (VSA) concept in the
1960s(McDonnell, 2009) Their theory was that areas near streams become saturated and
very quickly contribute to overland runoff into streams. During heavy rainfall or drier
periods, the VSA would expand or contract. However, large macropores, called soil pipes,
channel wate vertically and horizontallgnd store water, meaning forested catchments

rarely experience runoff. These pipes form from various turbation processes, predominantly
from the growth anddecayof large roots. When rainfall occurs, the "old water" stoned i
macropores is pushed out into storm flow or groundwater and makes way for "new water"
(Amatya et al., 2016; McDonnell, 2009)he storage of water in these macropores, or lack
thereof, could alter th€EG signal Macropores that are dry gredominantly aifilled could
reduce ECa, and macropores tlaagé predominantly wet could increa&eG. If this is the

case, does this change depend upon the VSA of the catchment?

2.3.6 Apparent electrical conductivity and soil organic carbon

There is a relationship between soil organic carbon (SOC) and apparent electrical
conductivity EG), which has been used for spatial estimations of SKd&tinez et al. (2009)
found thatEG could explain >25% of spatial variation in §M@rtinez et al., 2009)Huggins
and Uberuaga (2018howed only a weak relationship betwekg and SOC at shallow
depths (0¢ 30 cm) and no significant relationship at deeper depthsg(263 cm). However,
both Huggins and Uberuaga (20k0)d Terra et al. (2004fpund EG, along with slope,

elevation and other topographic indexes, could explain 56%86 of SOC variability.

2.3.7 Apparent electrical conductivityegetation cover and biological mats
In forest environments, a litter layer of varying degrees of thickness develops above the A

horizon, while in agricultural settings, land cover is generally some form of crop, pasture or
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bare soil. Serrano et al. (2014hvestigated the effect of vegetation cover &

measurements using two types of sensasesistivity sensor and the DualEm. In this
scenario, vegetation cover was both ungrazed and grazed pasture measured in February
2012 and February 2013, respectively. Bhdzl f In¥aREGSsignal was more sensitive to
changes in vegetation or crop covert&S decreased (PRP = 66.1 mS/m & HCP = 76.3 mS/m
for ungrazed and PRP = 20.0 mS/m & HCP 30.6 mS/m for grazed) after the site was grazed
compared to the resistity sensor which remained relatively consistent between treatments
(4.0 mS/m for ungrazed and 6.8 mS/m for grazed at 0.30 m depth). The difference between
sensors was most likely due to the resistivity sensor requiring soil contact during
measurements ethe same depth, whereas the DualEm does not need soil contact during

measurements.

There were a few issues in the way the study collected data. Soil samples were collected at a
depth of 0 to 30 cm with an assumption that this is representative of the full soil profile for
organic matter, soil moisture, soil minerals and salt when, @litye soil physical and

chemical properties are heterogenous both horizontally and down a soil p(bfdearen &
Cameron, 1996) The studyotes that soil moisture content was lower during th@12

ungrazed season and higher during 8#L.3grazed seasanApparent electrical conductivity
was measured on the same day in February 2012 and,20iti3the study did not go on to
establish if soil moisture content was affected by grazitmvever, it did investigate
topographic factors which may have caused this difference. However, no control
measurements were taken in either grazed or ungrazed treatments, and there is no mention
of precipitation events during or before EMI measurements. If measurements were taken
after grazing, could nutrients from urine patches or excrement, or soil compaction from
stock have been a contributing factor to changeE@and could it have been these changes

that the DualEm is more sensitive towards when compared to the other instrument?

If vegetation or crop cover does affdeG, to what extent does it affedEG in a forest
environment? The forest floor hosts an accumulation of litter from the understory and
canopy, fine root and microbial activif@gée & Brunet, 2002)The litter layer and the upper
few centimetres of mineral soil are like a biological mat covering the hillslope. It's most
important aspect is high porosity and hydraulic conductiiétgnatya et al., 2016)"Litter

tissue alone can account for more than 70% of abgneaind litter fall in forests with the rest
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composed of stems, small twigs and propagative structufiégshna & Mohan, 2017)The

litter layer, in particular, is a source of water vapour, heat anda&@ is an exchange point
between underlying soil and overlying &bgée & Brunet, 2002)The litter layer comprises
rapidly draining, undecomposed leayéwigs, anchumified matter, all withwater storage
capacity. Studies using soil, vegetation, and atmosphere transfer models (used to predict
water dynamics in agriculture and forestry) found these models to be sensitive to variables
such as temperature and moisture present in the litterelayincluding this factor in their
models meant thexould betterreproduce observed results at sitéldaverd & Cuntz, 2010;
Ogée & Brunet, 2002)

Suppose this biological mat is highly porous and has a different moisture content or air
temperature than the underlying soil. These factors may reduce or increageQegnal,
assuming the pores are filled with air or water. If this is the case, vertical sounding
(discussed isection2.4.3) or a quassD inversion of theEG can be conductetietter to
separate the biological mat from the mineral soil layers to understandidpeal and

underlying soil properties

2.3.8 Apparent electrical conductivity and salinity

Apparent electrical conductivity increases with an increase in mineral salts as the electrolytes
formed conduct electricityMari, 2020) The concentration of dissolved salts varies spatially
and with depth depending on existing chemical elements found, soil texture and the ability
of rainwater to penetrate the soil. As water dilutes salt concentrations in the upper soil
horizons, thisdaches at diluted concentrations to lower horizqivari, 2020)

Electromagnetic Induction technology allows the distribution of saline soils in a soil profile
across a landscape to be better understood to determine best management praiticeng

et al., 2017a) For example, shallow, saline water tables present in the drylands of Australia
are used to produce crops that are both tolerant and intolerant to salt as well as pasture
(Huang et al., 2017a)

The seasonal rise and fall of saline water tables remobilise salt concentrations in the soils
affecting crop and pasture grow{Huang et al., 2017aHuang et al. (2017a)entified a

positive correlation between changeshit; and soil salinity. They found soil salinity
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increased with a decrease in elevation and used this understanding to predict secondary soil
salinity(Huang et al., 2017a)The application of this modelling could be used as a
management strategy to strategically plant tall native woodlands with deep roots in areas
that would minimise recharge during rainfall events to lowygng areas, which could

decrease secondary sa#linity(Huang et al., 2017a)

2.3.9 Apparent electrical conductivignd volumetric water content

Volumetric water content (VWC) and the spatial variability of VWC imthst criticalfactor
influencing the spatial variability of apparent electrical conductiE)(and has been
correlated with the spatial variability of VWC even more so than its relationslig@ad soil
salinity(Brevik et al., 2006; Hossain et al., 2010; McNeill, 1980y exampledanson and

Kaita (1997)ooked at the relationship betweeBG, soil moisture content and soil salinity
using three different salinity treatments with decreasing soil moisture over time. The study
found a strong, negative, linear relationship betwde@ and decreasing VWC over time,

with the EG being more sensitive to changes with lower VWC and less sensitive with higher
VWC. ConverseligGwas more sensitive to changes in soil salinity at high soil water

contents and less sensitive to smaller water contents.

The study byHanson and Kaita (199j@pses a few issues. This incluttes proximity to the
time domain reflectometry (TDR) sensor used to measure VWC whdfQ@neeasurements
were taken and the effects of changes in soil moisture with no treatmentifo control
treatment with zero soil salinity). Furthermore, no consideration was given to the variable
sensitivity of TDR sensors to low and high levels of salts in the soils. The salts cause a
dampening effect on electrical conductivity to the TDRai@Hook et al., 2005; Mclsaac,
2010; Meter Group, n.dBecauséighEG affects the wave propagatigteading toerrors

estimating the dielectric permittivity of sqiZemni et al., 2019)

TDR sensors and gravimetric measurements of soil water in the laboratory (as described
below) arethe most common in studies measuring VWC to identify a relationship between
EGand VWC. Applications of this relationship predominantly reside in precision agriculture,
where crop yield is directly related to soil moisture content and, therefefg(Tang et al.,

2020; Triantafilis & Santos, 2013)
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One limitation of TDR sensors is that they must be inserted into the grounghrarsically
contactthe soil. Destructive soil sampling and the use of TDR provide local information only
about VWC and GWC and are invasive and-tiovessuming Farooque et al., 2019Because

the sampling process is destructive, replication over time is not possible. Additionally, once
sampling has taken placEG measurements cannot be repeated in the exact location from
the disturbance caused; therefore, studies sucfiiasg et al. (2020Wwho made multipl&EG

and TDR measurements throughout the year, were required to do so at different locations.

All studies that compar&G and VWC appear to use technology that measures VWC at
singular points in time, whether by TDR or in a lab, to establish if VWC is a factor affecting
EG Continuous VWC data tends not to be used as only the relationshipgthe EMI
measurements campaign is required. However, the spatial variability of VWC is essential to

capture.

Volumetric water content is spatially variable; therefore, VWC sensor placement and
sampling regimemustaccount for this variability by capturing a range of topographic
indices (as discussedthapter 1) when selecting sample locatiqi@alekin et al., 2021a)

The spatial variability of VWC has been studied extens{Velseecken et al., 201%) various
settings, including forestrgBlume et al., 2009; Wiekenkamp et al., 201@here are
limitations and challenges to establishing a lasgale sensor network that captures VWC
data to explain the spatial variation in VWC reliably to extrapolate localised data on a large
scale. Thereforausing repeatable and nedestructive EMI sensing would be advantageous
where timeseries VWC data could be used as calibration and validation datasets. Thus,
relationships betweert G and VWC peaks, wetting and drying periods before and after
precipitation could be studied. However, a questiremains over what VWC data should be
used an average of VWC over time, only VWC outside of precipitation events and if

extremely wet or dry periods should be included or excluded.

However, as VWC is dynamic, several variables could be considered to quantify this
relationship. For exampl&G could be used to predict peaks in VWC. Additionally, VWC is

only more suitable for measuring changes in soil moisture, not available water to.fkmts
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soil water potential could be a more appropriate parameter to establish a relationship (if

any) withEG.

2.3.10 Apparent electrical conductivity and crop yield and plant growth

As with earthworm abundancé&eéction2.3.4), apparent electrical conductivitiEG) has
been used to predict crop yield and plant growth by using the relationship bet&&and
factors affectingeG. For example, the relationship between volumetric water content
(VWC) andeG was used to predict tuber potato growtfTang et al., 2020)The relationship
between soil texture an@G was used to predict nitrogen fertiliser response and tree
growth in a young P. radiata staf@allart et al., 20199nd again byBottega et al. (2022p
predict soybean yieldThe relationship between salt concentration ak& was used to
predict the growth of Eucalyptus globulus to be harvested for timber and (Bépnett &
George, 1995) Other researchers looked at the relationship betw&ghand the factors
affectingEGto create management zones for, for example, irrigation regi(e¢slaggar et
al., 2021b}and alter crop management regimes based on varying soil fertility indicators
(Caires et al., 2014; Silva et al., 2021)

Gallart et al. (2019nvestigated the genotype performance (growth) of P. radiata in
response to different nitrogen fertiliser applicatigrad this studydemonstrated why the
heterogeneity of soil properties is an important factor in predicting plant grai@allart et
al., 2019) Firstly, the use of EMI technology before establishing this trial would have
enabled the study to consider the heterogeneity of soil properties when designing the
experiment. The study found &hthe growth volume was higher in control plots thiéhose
chosen for various nitrogen treatments. It was later discoveredE@atvas higher in
control plots than in treatment plotavhich was attributed to differences in soil texture
(Gallart et al., 2019) Soil heterogeneity was not captured by the block design of the
experiment wherEG was a covariant. It was hypothesised that &girepresented courser
soil and therefore, had lower water holding capacitwhich affected tree growth during
periods of droughtThus water availabilitfas opposed to nitrogen availability) was the
limiting factor in tree growth Decreases with greater soil texture influence water holding
capacity and during periods of droughtourser texturedsoil was not favourabléor N
uptake in the treatment plots, which may have caused the unexpected, higher volume of

growth in the untreated stand&Gallart et al., 2019sthe texture had a confounding effect
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on the results Had EMI been used before the experiment was established, the experimental

design could have factored this spatial heterogeneity into the layout of the plots.

Secondly, the higher growth was due to a combination of three variagybeial

heterogeneity of soil properties, understory vegetation spatial distribution and nitrogen
source. The study foundahthe interactive effect of these variables mastme individual

trees and genotypes more susceptible to drought conditio@allart et al. (2019oncluded

the need for tree establishment criteria for breeding and planting programs that consider the
strategies used by different P. radiata genotypes to adapt to efficient N use, which includes
how microsite variability affects N use and tree growEMI technology offers an efficient

and costeffective method for such a detailed investigation.

2.3.11 Electromagnetic induction, geology and groundwater

Electromagnetic induction (EMI) technology has been used to identify subaerial structures
without requiring intensive and destructive excavatidrarooque et al. (202Q)sed the
DualEm2 to investigate water table depth (WTD) and seasonal fluctuations of WTD as an
indicator to determine irrigation schemes to increase crop yiEmrooque et al., 2020)

They suggest using the findings to inform crop rotation to maximise {falsboque et al.,

2020) Karst structures were examined in Ouldja, Algevlizere adeep sinkhole opened on
farmland. The EM31 (GEONICS, Mississauga, ON, Canada) EMI sensor and the Syscal Junior
ER sensor (IRIS, Orléans, Framezg used to identify different subsurface and shallow
geological features, respectivellyatma et al., 2020)Using the combined dataset, the study
was able to locate superficial limestone formations below the overlying alluvium deposits
and the existence of growing karstic cavities. Both discoveries pose a significant hazard to
those tending the land for agriltural purposes and future land us@satma et al., 2020)
Therefore, understanding the underlying geological hazard can help current and future

landowners mitigate risk in the future.

2.3.12 Electromagnetic induction and artefacts
Electromagnetic induction (EMI) instruments that measure LIN simultaneously measure soil
EG and apparent ipphase magnetic susceptibilitys], measured in parts per thousand (ppt).

Apparent inphase magnetic susceptibility allows the instrument to be used when analysing
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archaeological siteualEm, 2014; Thiesson et al., 201A&)soil's magnetic susceptibility is
greater than zero, and the iphase DualEm measurement illuminates nearface magnetic
features. Becausef this, the DualEm can detect buried metal and imoetal objects as

they present either regions of low or high magnetic susceptibility compared to their
surrounding aregHuang et al., 2003)For example, the technology has been used to locate
underground pipelines and metal drurf@ualEm, 20149nd M19 antitank mines with very

little metal content(Huang et al., 2003)

2.3.13 Apparent electrical conductivity, land useland cover

Atwell and Wuddivira (2019pund the spatial variation of apparent electrical conductivity

(EG) differed under different land useand more specifically, the dominant factor affecting

EG differed. Volumetric water content (VWC) and silt content had a significant, positive
relationship withEG under marsh forest. In contrast, tHeG of an adjacent block of

agricultural land had a strong negative relationship with VWC and pH. In addition, grassland
in the same region had highG due to a clay pan formed from regular ploughimghich had

the most significant influence over theG signal(Atwell & Wuddivira, 2019)

2.3.14 Apparent electrical conductivignd temporal changes

Over time, changes IBG depend on the study area's temporal dynamics. For example,
coastal tidal flat@re where storms, waves, tides, currerdsd precipitation are dynamic,

and moisture and salinity change simultaneously with these procé¥gegmer et al., 2016)
Seasonal measurement campaigns using electromagnetic induction (EMI) technology in
Laguna Madre windidal flats presented high variability &G between seasons.

Specifically, surveys were conducted during dry periods where the underlying geology could
be characterised, whereas those features were masked during wet conditions. However, the
study also found thaEG was negatively correlated with topograplieymer et al., 2016)
Similarly, fluctuations in water tables can be measured over time, and EMI technology,
specifically the DualEs®, has been used to predict the seasonal oscillations and spatial

distribution of WTOYFarooque et al., 2020)

Farooque et al. (202@)Iso acknowledgethat crop moisture, evapotranspiration, variable

meteorological dataand soil conditions were sourceserfor in predicting the
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spatiotemporal variability of WTD usikz at the study site. However, a study conducted at

a P. radiata nursery in the central north island of New Zealand found no significant changes
in EG over time despite significant rain events occurring between measurement campaigns
(Lad et al., 2019)Temporal changes iBGcan also be causdyy signal drift. More

information on the causes of signal diigtoutlined inSection2.5.6.

2.4 Measurement protocol and interpolation of apparent electrical
conductivity

2.4.1 Measurement frequency

Most studies using electromagnetic induction (EMI) technology, specifically the DualEm
series instruments, were conducted in agricultural settings, on flat land, and accessible by
vehicleg(Serrano et al., 2014; Simpson et al., 2008pnsequently, most sampling was
automated, and the instruments were typically towed by a vehicle with a sampling frequency
ranging from 0.20 m to 1 m per secofidabas et al., 2016; De Smedt et al., 2011; Saey et al.,
2009) The devices were typically secured in and pulled by a sledge, resulting in a standard
elevation of 0.16 nfSaey et al., 2009; Serrano et al., 2014; Simpson et al.,.20aay et al.
(2020)manually placed the DualEghsensor at each sampling location to meadh€gat the
height of @m, while Triantafilis et al. (2011 riantafilis and Santos (2018)dZare et al.
(2018)manually carried the DualEm sensors of varying coil separation between 0.10 and

0.30 m above the ground.

2.4.2 Measurement protocols

Transects were the most common method of sample configurdfmSmedt et al., 2011;
Saey et al., 2009; Simpson et al., 20@8Jowed by a gridike formation where separation of
transects within the grid ofteiSaey et al., 200%ut not alwaygSerrano et al., 2014;
Simpson et al., 2009¢lated to the Tx and Rx separation of the sensor to ensure the entire
study site was mappedDe Smedt et al. (2011sed the DualER2 to capture paleochannel
morphology and used a 0.2 metres per second sampling frequency using transects two
meters apart, which allowed 1 ha per hour coverfge Smedt et al., 20115tockmann et

al. (2017 capture a range OEG along topographic sequences using aerial maps to decide

placement.
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Other studies did not detail the exact measurement configuration; however, from produced
maps, the sensors were either driven around study sites in the most effective/efficient

manner or randomly selected locations were sampdddanoz & Aragtiés, 2012)

2.4.3 Vertical electrical sounding

To better understand changes lHG down the soil profile, vertical electrical sounding (VES)
techniques were developedlang et al. (202@reated a plastic, ncnonductive elevator to
elevate the DualEm to a selected and repeatable height to conduct VES, a process by which
apparent electrical conductivitfeG) readings are taken at the same location at varying
heights(Tang et al., 202@qJigure2.5). As the height of the EMI instrument increases, its
sensitivity to the earth and, therefor&G decreasegFigure2.6) (DualEm, n.d) Vertical
electrical sounding works using the theory that "material below the array consists of a given
depth of air with zero conductivity, over an earth with a greater conductivity. The apparent
conductivity will be the sum of the sensitivity to th eimes the conductivity of the air, plus
the sensitivity to the earth times the conductivity of the ear{BualEm, n.d) This study
showed that this technique can be used for building stratigraphic correlations and profile

analysis.

Figure2.5. DualEm2 Elevator for vertical electrical sounding (VES)
(Tang et al., 2020)
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2.4.4 Apparent electrical conductivity interpolation

One common technique for preliminary spatial analysis of apparent eleatnoaluctivity

(EG) data is creating aBG map using ordinary point krigir@ats et al., 2009; Simpson et

al., 2009; Zare et al., 2018YUnsupervised classification methods are then used to
homogenise sections of study areadich are then sample(Zare et al., 2018)r confined

to a grid with a cell size relative EG sampling frequency. The data is then smoothed with a
radius mean filte(Simpson et al., 200%)sampling was not taken in a grid or transect

formation.

2.5 Soil sampling and other field and lab measurements for validating EMI data

2.5.1 Establishing a relationship between apparent electrical conductivity and factors
affecting apparent electrical conductivity

Establishing a linear regression (LR) equation is the most common approach to determine
the relationship betweemapparent electrical conductivity (@nd the factors influencing

EG (Triantafilis et al., 2011; Triantafilis & Santos, 20480 therefore, soil sampling is still
required though at a far less intensive rate realiseEG in the context of the study site

fully.

Soil samples are commonly used for calibration and validation of apparent electrical
conductivity EG) models(De Smedt et al., 2011; Simpson et al., 2009; Zare et al.,,201B)
detailed characterisation of soil properties such as texture, structure, grain size, pH,

groundwater level and general stratigraphic correlat{@are et al., 2018)
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2.5.2 Capturing the spatial variability of the study site

Capturing the spatial variability of the study site, sample depth, soil collection procedures
(soil sampling and fieltesting using instrumentation) and analysisydepending on the
needs of the studySubsequent analysis of these samples relates directly to the purpose of
the study, so both soil physical and chemical properties can be measured and used to

validate measuredG.

Methods include taking a sample every nth distance along a tragSemtkmann et al.,
2017) collectingeG data and categorising results into low, medium and high or maximum
and minimumEG, then gathering samples from locations representative of each category
(Huang et al., 2017a&y taking auger samples that cover "a rang&®' using krigedEG
maps detailed irsection2.2.4(De Smedt et al., 2011)

Auger samples were typically collected either by Dutch auger, gouge auger or mechanical
auger to varying depths and repetitions over space and time. Samples are typically (but not
always) taken post electromagnetic induction (EMI) measurement campalgs way, soil
sample locations can be strategically placed to minimise the number of samples required and
allow EG measurements to occur in the exact location as the sample locations with no soil
disturbance. Some studies pooled their samg&mpson et al., 2009)vhile most retained
individual samples for analysis. Other studies preferred to rely on previously collected
samples. For exampl8aey et al. (200Q)sed previously determined clay and silt fractions of
guaternary loess material that overlaid a tertiary clay substrate. Formulas were then used to
fit the theoretical relationship oEG and the clay and silt fractions to reconstruct the clay's
depth below the loess material's surfa(@aey et al., 2009)The study assumes homogeneity

of the clay and silt fraction in the quaternary loess over the study area, so field validation of

this model could b®f use

2.5.3 Sample depth

Apparent electrical conductivity is the cumulative response to the soil substrate; therefore,
the depth of samples must also be considered, and the approach used depends on the
survey conducted. Samples are typically collected either at one depth ({®.6.80 m)
(Serrano et al., 2014inultiple samples at varying depths (e.g. 0 to 0.10 m, 0.10 to 0.30 m)
(Huang et al., 2017ay in increments (e.g. every 0.30 m up to 2 @hyiantafilis & Santos,
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2013; Urdanoz & Aragués, 2012pepths were selected based on the purpose of the study,
for example, studies looking at the root zone of crops sampled to depths of those specific
crops(Serrano et al., 2014) Other studies use classical soil sampling practised in their
country(Zare et al., 2018)The use of mechanical augers and gouge aughish

accumulate samples, allow sampling to occur to (as opposed to at) a depth and, therefore,
across a profile and were typically used in stratigraphic correlation and mapping $Battes
et al., 2009; Simpson et al., 2009)

Where stratigraphic correlations were an integral part of the study, soil profiles were
recorded using samples collected from gouge auf@impson et al., 2009nechanical
coring(Bats et al., 2009nd trenchefBats et al., 2009)Profile locations were selected as
described above. Soil profile records and stratigraphic correlation are helpful when using

software allowingone, two andthree-dimensional modelling dEG data.

2.5.4 Soil sample analysis

Once samples were collected, most studies weighed, air dried, and reweighed samples for
gravimetric water contenfUrdanoz & Aragtiés, 2012hen ground and passed through a <2
mm sieve. The sample is then either turned into a saturated soil paste to extract the
electrical conductivity (Ef(Huang et al., 2017a; Stockmann et al., 2017; Triantafilis &
Santos, 2013; Urdanoz & Aragués, 2adrX)ation exchange capacity (CED)antafilis &
Santos, 2013) Volumetric water content was calculated using bulk der{siyssain et al.,
2010; Triantafilis & Santos, 2018)hile particle size fraction (PSF) of clay, silt and sand was
calculated using the Hydrometer meth@dtwell & Wuddivira, 2019; Stockmann et al., 2017;
Triantafilis & Santos, 2018) asedimentographe(Serrano et al., 20149 inferred soll

textural properties Soil carbon contef®errano et al., 2014; Stockmann et al., 20pH
(Serrano et al., 2014; Stockmann et al., 26 other macronutrients such as nitrogen,

potassium and phosphory$Serrano et al., 2014yere measured in a lab.

2.5.5 Soil temperature
Factors affecting soil temperature include slope, aspect, elevation, soil texture, soil moisture,
organic matter, soil tillage and vegetation cover. These factors alter differences in maximum

and minimum temperatures and diurnal and seasonal fluxes irpggature. During wet
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periods, heat fluxes in forest soils are five to six times smaller in forests than in pasture
(Alvala et al., 2002)Pasture soils havdgher average soil temperatures and greater fluxes
becausehe temperature is driven by solar radiation rather than conduc(Baltrami &
Kellman, 2003)

Soil temperature can influendeG, particularly on frozen soils or when soils reach extreme
temperatures(Abdu et al., 2007) Often soil temperature is collected as a reference dataset
to standardiseEGmeasurements, and the effect of temperature showed varying results.
Several studies showed little change in soil temperature over a measurement campaign
(Saey et al., 2009; Simpson et al., 2009; Urdanoz & Aragués, 20dR@ver, these studies
only used one study site, and soil temperature did not change or change very little over the
measurement campaign as measurements were conducted over ¢Sday et al., 2009;
Simpson et al., 2009; Urdanoz & Aragiés, 2012)

Abdu et al. (2007ysed six thermocouples both in the air around a DualEamd on the bare
ground to continuously measure changes in ambient temperature and the ground while
setting a DualERL to autosample over eight hoursTheydid so at two sites with both high
and lowEG. Abdu et al. (2007pound signal drift as a function of saihd ambient air
temperatures Hysteresis (refer t8ection2.5.6) was more significant in sites with |&@

than with sites with higeG, which was ascribed to a change in soil temperature, which
increased soil conductivity and the instability of the sensor mechanics to change in
temperature. However, the study did not distinguish between the effect of changes in soil
temperature and aitemperature hysteresigStockmann et al., 201,730 further research

may be required to make this distinction, if any.

2.5.6 Air temperature hysteresis and diurnal effects

Over time, the electromagnetic signal (EMI) can drift both in the short term (several minutes)
and long term (several hourfpabas et al., 2016; DualEm, 2Q1&hortterm drift (in terms

of minutes) can create artefacts in maps if subsface features present short wavelengths,
which can occur during archaeological exploratipabas et al., 2016)Longterm drift (in

terms of hours) is less noticeable and most often presents when measurement frequency is

set to automatic in metres per second. The drift can be "corrected by standard image
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filtering procedures'(Dabas et al., 2016; Delefortrie et al., 201&jgnal drift can be caused

by changes in internal temperature, battery voltage, direct sunlight and both sudden and
gradual changes in ambient temperature and soil tempera{irgalEm, 2014)For

consistency, many studies attempt to complete EMI measurement campaigns on the same
day where possibléSimpson et al., 2009y at least choose sampling days within a short

space of time and with similar ambient conditions.

DualEm (2014attempted to minimise drift in their EMI instruments, including housing the
sensors in a fibre/resin composite tube, which has the stability to minimise drift and noise
while still allowing the instrument to be light and portal§leualEm, 2014) They also
calibrate their devices before shipping to ensure drift is less than 1 mS/m and that data
should not deteriorate with the recommended use of the instrum@dtialEm, 2014) Even
still, DualEm recommend allowing the instrument to reach ambient temperature before
measurements begin a set of measurements in one singular location for upwards of 10
minute intervals to monitor drift and to leave the instrument on between suryays

particular in cold conditions to minimise dr{bualEm, 2014)

At least three studies using the EMI instruments consider temperature hysteresis@nd
signals, with results varying from no shtetrm effect on the perpendicular and horizontal
coplanar arrays (PRP and HIPbas et al., 2016 diurnal changes in temperature having
a significant impact on signal, particularly RRBdu et al., 2007; Huang et al., 201ftcihe
point where it is recommended the sensor is insulated or shaded throughout the

measurement campaigfHuang et al., 2017¢)

2.6 Summary and knowledge gaps

Geophysical modelling, specifically using electromagnetic induction (EMI) technology such as
the DualEm series of sensors, allows for repeatable;efbsttive, nordestructive sampling

on a large scale and over a relatively short period of time. Theldgaffected by many

factors, enabling EMI to be used faarioussub-surface investigations.
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Most international studies using EMI technology have been in agricultural and archaeological
settings. However, very few were in forested environmeatsvell & Wuddivira, 2019;

Bennett & George, 1995; Bréchet et al., 2012)New Zealand, EMI technology, specifically

the DualEm, was used in three studies. The first study investigated the relationship between
soil volumetric water content and apparent electrical conductivigg) in a field covered

with pasture(EHNaggar et al., 2017;Hlaggar et al., 2021b)The second study was based on

a P. plantatior{Gallart et al., 2019)and the third was in a P. radiata nursérad et al.,

2019) Neither of the studies that used EMI technology in a forest environment considered
GKS STFSOG 2F GKS f A (EGSgNAL {ThetetordJuidtdtacing B 2 3 A O £ Y I
impact of this variable will either provide a framework to help those seeking to use EMI
technology in a forest environment, how to account for this layer when taking and

interpreting EGdata or provide validation that there is no effect on the signal.

Considering the observations made by Gallart et al. (2019), the methodology established in

GKA&d addRe O2dAZ R 6S dzaSR la || G22t02E ¥2NJ 9al dz
includes oneadimensional and @limensional maps and datasets to ungiamnd better

subsurface heterogeneity and microsite variability of factors affecting growth, such as soil

moisture, texture and salinity. This is instead of or in addition to using tools such as SMAP

and Fundamental Soil Layeydlew Zealand Classificatipwhich are too coarse to define

heterogeneity on a local or microsite scale. The outputs could be used as part of the criteria

for selectively and effectively breeding and planting different P. radiata genotypes.
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Chapter 3

Study sites andackground

This chaptedetailsthe selected study sitesncluding location, climate, soil, geologgd land use
information. In addition,detailsof previousfield campaignsvill also be provided athe datawas

used in this research andill be referred to in subsequent chapters

3.1 Study Sites

TwoP. radiataproduction forestdn the North Island oNew Zealand were selected as study sites
(Table3.1, Table3.2 & Figure3.1). Mahurangi forest (site 3) is locatéd the upper North Island of
New Zealandapproximately 15 knmorth-westof Warkworth(-36.36 latitude,174.56 longitude
WGS4) and Te Hiku forest (site 4) is locateadhe far north of the North Island of New Zealand,
the southern end of théAupouri peninsul¢-34.91,17latitude, 173.13 longitudeWGS84 (Figure3.1
& Table3.2). The sites were selected as part of a wisteidy called Foredtlowsg QreatingWater
Resilient ndscapesfunded bythe Ministry of Business, Innovatiand Employmenfcontract
number: C04X190% focusingon forest hydrolog (Meason, 2023) Sites were selecteddased on
their contrasting soil properties and topograp{iyable3.2). Catchments within each site were

selected and broken down into plots for intensive measuremenable3.1).

Figure3.1. Study sites located in the North Islanc
New Zealand
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Table3.1. Study site terminology

Term Description

Site A P. radiata production forest was planted in New Zealagbre
meteorological, stream, tree, soil, and subsurface measurements occurrec
One drainage basin was located within a forest site where sensor network

Catchment

were deployed, and a range of point measurements took place.

A 20 x 2metre square area is typically set up within a catchment, selectec
Plot represent the catchment's topographic, wind and moisture variability.
Intensive tree and soil measurements were taken within this area.

Table3.2. Study site location, climate, land use, soil and geology summary.

Mahurangi Forest Te Hiku Forest
Site code 3 4
Location (WGS84) -36.36 (lat),174.56 (long) -34.91,17 (lat), 173.13 (long)
. 15 km west of Warkworth, Aupouri Peninsula, Far North
Location
upper North Island Island
Catchment size (hectares) 36.85 1846.28
No. of plots 25 24
Current land use 2nd _rotation, exotic forestry (P. 2nd r_otation, exotic forestry (P.
radiata) radiatay
PreEuropean land use Native hardwood & podocarp Kauri Forest
forests
Climaté Temperaté Sub tropicd
Median Annual Temperaturé@) 14¢ 16° 16¢18*
Median Annual Rainfall (mm) 1250¢ 150C° 1000¢ 12504
Topography Undulating, with steefBlope Lowrelief sand dunes
and valleys
Mean Slope 38.51 9.97
Mean Aspect 192.2 203.1
Mean Elevation 199.13 199.13
(NNe%NSé(;aland Soil Classification Yellow Ultic (Y0) ?ﬁvnsdjy recent (RS) & Samrdw

Unweathered, lower quartzitic
sands, coastal dune sands 60%
guartz and <33% feldspédre

Strongly altered quartzich

Soil parent Material roclé

1 (Groenendijk et al., 2002; Henderson & McMahon, 2001)
2 (Rigby, 1985; Thode, 1983; Wilson, 2015)

3(Chappell, 2013a)

4 (Chappell, 2013b)

5 (Manaaki WhenualLandcare Research, 2023)

6 (Schofield, 1970)
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3.1.1 Past and current land use Mfahurangiforestand Te Hikdorest

BothMahurangi and Te Hikwere cleared ofativeforestsin the early 26 century after the early
arrival ofEuropearsettlers(Henderson & McMahon, 2001; Wilson, 20{Bable3.2). Te Hiku

forest, located on the Aupouri Peninseasfirst planted in marram grasss part of several dune
stabilisation programs during the early 1920w 19309y the Land & Survdyepartment and the
Public Works Departmerand later in the 1970&Rigby, 1985; Thode, 1983 the 1940s ananore
extensively irthe early 1%0s, the peninsula adjacent fi-Mile Beachwas plantedn P.radiata to
stabilise dune complexemndact as a buffer against coastal winds¢alucethe encroachment of
aeolan sand orinland settlementsand remains todayRigby, 1985; Thode, 1983)he wider
Mahurangi Forest wasontained in the'Hoteo Block of land settlementdo European settles
(Rigby, 1998and was subsequently cleared of native forest, some of which was converted to
pasture(Groenendijk et al., 2002)Current land use for both Mahurangi and Te Hiku faesexotic
forestry, predominantly planted in P. radiaaad both in their second rotatioflable3.2), which is
important to note adocal land management practices, in this cdsegst silviculture, harvesting and
biological processes influence soil forming fac{@soenendijk et al., 2002; Martindale, 2018; Rigby,
1985)

3.1.2 Climate oMahurangiforestand Te Hiku forest

Mahurangi Forest is in a temperate regiorthe upper North Islangwhile Te Hiku Forest lies in a
subtropical region in the Far North Island of New Zealdiatble3.2) (Chappell, 2013a; Chappell,
2013b) Te Hiku forest has slightly higher median rainfall and temperature than Mahurangi Forest
(Table3.2), which is due tanticyclone weather systenibat track down the north island, carrying

with it air warmed by the surface waters north of New Zeal&@@Happell, 2013b)

3.1.3 Geology, soils and topography Médhurangiforest

Mahurangi Foresis dominated by sedimentary deposits from the Waitemata graumich includes

the Pakiri and Waitakere faciéisat were laid during the upper Oligocene to the Lower Miocene age
andoverly a greywacke basemefiallance, 1976; Hayward & Smale, 199l)e Waitemata group
consists ofiplifted sandstone, siltstone and mudstone flysch sequenseggestinghey developed

on the continental side of a mountafiorming regimgBallance, 1976) Thisaccounts for the current
hilly, undulating topographyeroded and cut by tributaries forming ste§opes and valleysT{able

3.2).
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Soils are predominantlyellow Wic soilsunder the New Zealand Soil Classifica(ibable3.2).

These soilare typicallylow in calciumacidic, strongly leache@ndstrongly weathered They can

be characterised bg wellstructured clay subsoil arah E horizoprelativelydeficientof clayand
predominantly derived from strongly altered, quarizh parent materia(Manaaki Whenua
Landcare Research, 2023)hese soils are prone to sligsarticularly those overlying the Waitemata

Group of sedimentary rogiHewitt et al., 2021)

3.1.4 Geology, soil and topograplof Te Hiku Forest

The Aupouri Peninsula is a tombolo on the west coast of the Far North ($lalsdn, 2015) The
tombolowas formedby longshore drift and predominantly consigif Peistocene and Holocene

dune sandgWilson, 2015) Quaternary sand and silt sequences overlay a limestone basement rock
(Wilson, 2015) The presence of peat and clay lensésich form in lowenergy environments
suggessthe region underwent a period oharinestability (Wilson, 2015) A consequence of marine
regression was the ample supply of overlying sand, resulting in progradation along the west coast
(Wilson, 2015) The boundary between marine and terrestrial sand deposits can be defined by a
change in colour due to increased oxygen, making the sands yellow or Wéilgon, 2015) These
soils dominate the topographyorming lowrelief, low-elevation,aeolan dunesTable3.2). The

soils are classified under the New Zealand Soil Classification asreaadisoil, sandy raw and

sandy brown, the latter forming eastward@dble3.2). Raw soils are poorigeveloged, often

resemble the original parent material, lack a B horizong havetopsoil<5cm thickHewitt et al.,

2021) Raw soils often occur gictive erosion and depositional environmenitscludingactive sand
dunes(Hewitt et al., 2021) Recentsoils differ fronraw soilsdue totopsoil> 5cm thick Hewitt et

al., 2021)

3.2 Site selection, access and setup

Fieldwork was undertaken over two periodsitial trial establishment and measurements occurred
from October 2020 to March 202&and subsequent validation measurements and sample collection
occurred between October and November 2022. MethodgHerformer are outlined belowand

methods for the latter will be outlined in subsequent chapters.

3.2.1 Site selection
Stes were selected to cover a range of switltopographicregimes in exotic P. radiafdantations

Mahurangi foresis dominated by steep, hilglopes, valleys and ridges wittwell-weathered sandy,
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silty and clay soiléfable3.2). Dune complexes dominate Te Hlku Foreith a relatively lowlying
relief consisting of raw angecentsandy soil§Table3.2). Different stakeholders own and manage
the sites; therefore, contact with forest managers and owners was sought to gain permission to
establishand regularly accesstrial in their forests andainregular access to themtiroughoutthe

study. Each site wadividedinto catchments and plots for intensive measuremérable3.2).

3.2.2 Catchment selection

Each site was broken down into catchments and plots to allow extensive measurements within
concentrated aresaof interest tounderstand the microsite variation within each site better
Catchment selectionriteria predominantly dependedn health and safetygase of accesmndno
planned harvesting operatiortaroughoutthe study. In addition,selectinga catchment
representative of the forest was alsonsidered where practicakor the wider Forest Flows study,
eachcatchment required one main outlet to measwteam flow. Considering these criterjghe

Mahurangi and Te Hiku catchmentere selected withdiffering catchment sizeg.

3.2.3 Cluster anlysis and fpt selection

Acluster analysis was conducteddapture a representative spread mipographic, wind and soil
features at randomly selected locations within each catchment, allowing the site to be stratified by
the respective features. This follows the methodoltiggt Salekin et al. (2021a) used and

developed

Firstly, 300 random points were created using the random points function from the Arc GIS Pro
toolbox (Esri Inc., 2023)ith three criteria: All points were to fall no closer than 15m from the

catchment boundary, points were to be a minimum of 15m distance from any anthropogenic

structures such as roads, skid sites and tracks, and a minimum of 20m distance betweeniefch po
Using the random points, secondary georphometric and hydrologic features reported$alekin

et al. (2021a); Salekin et al. (2019); Salekin et al. (2024f8 produced using available digital

elevation models (DEMSs) with a resolution of 1m and a standalone geospatial analysis software SAGA
(V 7.6.3)Conrad et al., 2015)These secondary features included slope, aspect, elevation, wetness,
wind exposure, soil moisture, curvature and georeferenced coordinates extracted for each random

point.
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The complete dataset was used in R statistical environr{iRmevelopment Core Team, 2018yun

a clustering routine by using the "res.hcpc" function from the "factormineR" pagkaiget al.,

2010) This procedure is summarised Higure3.2). Generally, this function produces an optimised
number of clusters, enforced by setting a fitetermined cluster quantity. In this case, the pre
determined quantity was 25 sites chosen within each study catchment to represent the micro
topology and maophology of the respective catchment$his allowed the site to be stratified to

generate selected plot locations without bias.

Output data
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Figure3.2. Cluster analysis procedure produced by Sal@kia1).

3.2.4 Plot establishment

Out of the random points, 25 pointepresentinga range of topographic features were selected to
establish 20 m x 20 m plots within each catchment to intensively measure above anddrelomnd
attributes. Plots were established at or neire pointchosenby the cluster analysjsvith

adjustments made for animal and anthropogenic disturbances.

Plotswere established at each site using critdriam the Permanent Sample Plots Field guide for
sample plots in New Zealand foreg¢Hlis & Hayes, 1997Lorners and the centre of each plot were
marked with pegsandgeospatial informationvasrecorded using a higgrade Trimble GPS
(Lemmon & Wetherbee, 2005pPlotlevelapparent electrical conductivitfEG) measurements were
also takerbeforethe soil moisture sensometwork establishment to ensurihat little interference
from the sensors occurregn the EG measurements.In total, 25 plots were established at

Mahurangi Forestand 24 plots were established at Te Hiku Forest.
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3.25 Volumetric water content and soil temperature sensors

The TEROS 11 senswmasuressoil volumetric water content ansioiltemperaturesimultaneously
(Meter Group, n.d.) These sensors were deployed in ttentre of each plotat a deph of 30cm

where practica(Figure3.3). Sensorsvere deployed at the most practical depth possibledwere

set to takesoil temperature measurement five-minute intervals. Soil removed from the hole was
put onto a tarp then returned to the hole after sensor deployment to match original field conditions

and cordoned off to prevent through traffi€igure3.3)

A. Mud auger to dig hole

B. Contents of hole set aside in the same ordevdts removed so it can be returned to the hole to replicate
previous field conditions post sensor deployment

C. & D¢ Inserting TEROS 11 sensor into the ground

E.¢ Area surrounding sensor cordoned .off

Figure3.3. Installation of TEROStbmbinedsoil volumetric water conterdand soil temperatursensors at Mahurang
Forest.
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Chapter 4
Factors influencing apparent electrical condugtiwiben using

electromagnetic induction technology to measure soil properties

4.1 Introduction
Six factorsnay need to be accounted for when using electromagnetic induction technology to measure
the apparent electrical conductivity of forest soils: forest litter thickness rmodsture,ambient

temperature and soil temperature, and instrument voltage and temperature.

4.1.1 Forest Litter

Forest Litter has a common presence on the forest flaod t's moisture content is a crucial component

of the forest ecosystem's hydrological cycle by facilitating the exchange of water and energy between the
canopy, sukcanopy atmosphere, and the s@iicharya et al., 2017; Sato et al., 2084 well asvater

cycling via processes such as soil evaporation, water infiltration, and surface runoff (or lhdék ef)al.,

2022)

Forest littercomprisedragmented organic materials that fall on the forest floor, including, but not

limited to, twigs, leaves, stems, and bdtku et al., 2022; Sato et al., 200Forest litter comprises three
distinct organic horizons, which present three decomposition lefdtd aren & Cameron, 1996; Sato et

al., 2004) The top layer (L horizon) consists of undecomposed material, which still resembles its original
form. The middle, fragmented F horizon contains partially decomposed organic material that still
resembles its original form. The bottom humic or H horizonsists of decomposed organic matter no
longer resembles any original plant structyhcLaren & ameron, 1996; Sato et al., 20048or this

reason, forest litter will be referred to as LFH.

The presence of the LFH layer ensures any precipitation not intercepted by the caatppughfall and
stem flow redistributes across the forest floor and consequently reduces soil moisture evaporation,
protects the underlying soil from compaction and erosion by absorbing impact energy from precipitation
and reduces or in some cases, elim@asurface runoff by keeping infiltration rates hi@h et al., 2014;

Liu et al., 2022; Sato et al., 2004jhe forest LFH layer also helps insulate the underlying soil against
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significant temperature changdgSato et al., 2004)Themoisture contentof LFHs mainly affected by
climactic factors such as temperature, precipitation quantity, duration and intensity, relative humidity,
evaporation, wind speefLiu et al., 2022)ree canopycoverand understory cover, planting density,
forest management practices, present and past land use, LFH layer depth, composition, masbatype
and density(Acharya et al., 2017; André et al., 2015; Ewell, 2006; Li et al., 2014; Sato et al., 2004)

Given the LFH layer plays an integral role in forest hydrology and ecosystems, it is essential to include
variables that describe the LFH layer, such as thicknesmarstiure content, in analysis and modelling to
truly understand the effect these variables may have (if any) on the hydrological cycle in a forest
environment. Understanding the effect forest LFH may have on apparent electrical conductivity
measurementsEG) is no exception. The limited studies found that use electromagnetic induction to
explore the spatial variability of forest sof{sltdorff et al., 2017; Atwell & Wuddivira, 2019; Bennett &
George, 1995; Bréchet et al., 2012; Feikema & Baker, 2011; Gallart et al., 2019; Kinal et al., 2006; Lad et
al., 2019; Ryland et al., 202@pne directly studied the effect the LFH layer hade@results. Altdorff et

al. (2017)acknowledged the presence of forest LFH in a study using electromagnetic induction technology
to predict soil water content. However, the LFH layer was described as part of the A horizon of the soil,
and the LFH's effect daG alone was not investigate@ltdorff et al., 2017)

Forest LFH was the focus of another study using ground penetrating radar (GPR) to determine if the noise
created by backscattering from beech forest LFH distorted the characterisation of forest LFH moisture
content and thickness in a central Belgium betarest (André et al., 2015) The study created three

different forest floor configurations from beech LFH of varying thicknesses using just the L horizon (OL) or
the F horizon (OF) and the L horizon overlying the F horizo@EDL The study found the GPR could

estimate the thickess of both the OL, OF and-OE layers to a 1cm accuracy with higasors for OF

and OEOF LFH configurations (11%) compared with 6% for OL. The study identified that signal
attenuation increased with increasing water content, explaining why the @ ¢ayld be distinguished

from the OL layer as the OF layer had a higher moisture content and density. The study also measured
the EG of the beech LFH, which resulted in values of 32rh&nd 80mSm using a measurement

frequency of 4.0 GHz. Ground penetrating radar works under higher frequencies (Ghz and Mhz)
compared to EMI technology, which runs at lower frequencies example, the DualEm uses a

frequency of 9khzDal Bo et al., 2021; DualEm, 2Q14here is a tradeff between resolution and depth
whereby higher frequencies measure the ssibface at higher resolution at the expense of defidial Bo

et al., 2021) In this study, different frequencies were not experimented wikierefore, it isunclear if
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the EG measured by the GPR were accurate. Despite this, the study did show that it was possible to
measure the thickness of forest LFH due to its moisture content, but whether the same result would

apply to electromagnetic induction technology is uncl@andré et al., 2015)

4.1.2 Ambient temperaturepil temperatureand temperature hysteresigstrument

temperature and voltage

Factors causing drift in apparent electrical conductivity\&¢€2r timeincludesudden and gradual

changes irambient temperature, soil temperature and instrumietemperature, ambient temperature
anddirect sunlightDabas et al., 2016; DualEm, 2Q1#his shorterm (several minutes) and lortgrm

(several hoursiirift can create undesirable afacts in data and mapsvhich need to be corrected during

data processingDabas et al., 2016; Delefortrie et al., 201#pr consistency, many studies attempt to
complete EMI measurement campaigns on the same day where possible or at least choose sampling days

within a short space of time and with similar ambient conditi@®@snpson et al., 2009)

Previous studies have reported drift in apparent electrical conductivity by ruriEifignstruments such
as the DualEmand EM38in controlled and uncontrolled environmentwer time. Theesults varied
from minor drift in EG over time(Mat Su & Adamchuk, 2023; Saey et al., 2009; Simpson et al., 2009;
Urdanoz & Aragiés, 2018) moderateand extreme drift over timgAbdu et al., 2007; Mester et al.,
2014; Robinson et al., 200daused by external (ambient and geitnperature) and internal (instrument
voltage and temperaturefactors Of those studies where changes in 8@t were pronounced,
differenceswere ascribedto soiltemperature hysteresisvhereincreasedemperatureresulted in
increasedsoil conductivity. Increases and decreasesambientand internal instrument temperatures
also showed a nedinear relationship due to the sensitivity of the copper wires used to generate
magnetic fieldsithin the EMI instrumentgRobinson et al., 2004)While the sensitivity of the copper
wiresisideal for generating electrical currents, theirsseptbility to heterogereous internal and external
temperatures may mean a correction factor is necessary to compensate fo(Megter et al., 2014;

Robinson et al., 2004; Stockmann et al., 2017)

DualEm (2014attempted to minimise drift in their EMI instruments, including housing the sensors in a
fibre/resin composite tube, which has the stability to minimise drift and noise while still allowing the
instrument to be light and portabl@DualEm, 2014) They also calibrate their devices before shipping to

ensure drift is less than 1 mS/m and that data should not deteriorate with the recommended use of the
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instrument(DualEm, 2014)Even still, DualEm recommend allowing the instrument to reach ambient
temperature before measurements begin a set of measurements in one singular location for upwards of
10-minute intervals to monitor drift and to leave the instrument on between surya@ygparticular in cold

conditions to minimise driffDualEm, 2014)

At least three studies using the EMI instruments consider temperature hysteresi@signals, with
results varying from no shoterm effect on the perpendicular and horizontal coplanar arrays (PRP and
HCP)Dabas et al., 20160 diurnal changes in temperature having a significant impact on signal,
particularly PRPAbdu et al., 2007; Huang et al., 201i#tc}he point where it is recommended the sensor

is insulated or shaded throughout the measurement campdéiturang et al., 2017c)

4.1.3 Chapter objectives

Chapterhasthree primarypurposes. The first is to identify if a correction factor is required to
compensate for drift caused hgstrument voltage and temperature, ambiet@mperature,and soil
temperature. The second and third purpos¢asdentify ifapparentelectricalconductivity(EG) in a
forest environment is affected by the presence or absenderefst litter (LFHand the thickness and
moisture content of LFH. If forest LFH does infludeGewhat impact will this have on users of EMI

technology in forested catchments?

4.2 Methodology

Section 4.2 etails the methodology used to colldi#ld samples and conduct subsequent analysis in the
lab. Tlis sectionalso outlines the statistical analysisedto establishif the effect ofsoil, ambient and
instrument temperature and voltage causerift in apparent electricatonductivity over time and if

forest litter causesstatistically significant changesapparent electrical conductivityAntecedent

methods and actions are detailed Ghapter3.

4.2.1 Sample location
Soil samplesvere limited to one per ploinstead ofrepeating multiple sample points within a plothis
alignswith the study's overarching purposé& capture spatial heterogeneity on a catchment level using

soil sampless a reference or validation point. In addition, there is an assumption that the endophatic
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andtopographiccluster analysis ensured microsite topography was captured when selecting plot

locations.

This allowed the capture of data fromarioustopographic featuresqope, aspect, elevation)rad a

variety of soil moisture and physical properties within the forested catchm8atnple locations within a
plot were selected based on proximity to the TEROS 11 senSarsples were taken at Mahurartgirest
betweenNovember 22¢ and 24" of November 2022 and Tédiku Forest between October 18th and 20th
of October2022.

Sampldocatiors within each plotwere to be taken where the was no overlap between theone of
influence of theelectromagnetic induction (EMI) instrumeandthe TEROS Xbilvolumetric water
content (VWO and temperaturesensos. In addition,the sample location was selected to not interfere
with the flow of soil wateywhich would affect VW&ensomreadings. Therefore the criteria forchoosng
a sample point wafor allEMland destructive soil sampling using@reaugerto be taken at least two

meters away from, downhill or adjacent to the TEROS 11 s¢Rgpre4.1).

Figure4.1: Appropriate sample locations within a plot for both electromagneti
induction and destructive s@ampling

4.22 Measurement of apparent electrical conductivatyd ambient temperature

Apparent electrical conductivitygG) was measured using the DualBnat two cumulative depths
simultaneously (0.&m and 1.8m). Measurements were repeated 48 times in the presence of forest
litter (LFH™s®") and 48 times in the absence ldFHLFH®¢") with the DualErL transmitter facing north

and the roll of the tube set to zero (£3). The removal process of the LFH is outliBection4.2.3.
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Apparent electrical conductivityf LFH"™s""was measured by placing the Duat&rdirectly on top of
undisturbed LFH at a height d®an and remained stationary during the 48 repetitions. The location of
this measurement was near the centre of the plot and at least 2 meters awaytfirolumetric water
contentsensors.The apparent electrical conductivity of 'f¥''was measured in the exact same
position, using the same measurement protocol as for'[®®H The only difference wabat the LFH was

removed,and the DualEri was placed directly on the A horizon of the soil.

The EMI data was cleaned and sorted indfffece. TheDualEmL simultaneously measured the
instrument temperature, ensuringveryEG measurement hd a related ambient temperature
measurement.Criteria for data removal @re strict and only occurred if the field notes stata
measurement was taken irror. For examplethe usertripped, or another instrument was too close to

the DualEml. Consequentlyno data from either Mahurangi or Te Hiku EMI datasets is missing

4.2 3 Forest litter samplingnd instrument temperature
The methods used to sample forest litter were adapted fiewell (2006)whichsampledforest litter in
conifer forests to assess how forest litter acted as fuel for forest fikder apparent electrical
conductivity EG) was measured in the presence of undisturbed forest litter (LFH), the Diaikas
gently placed to the side, and the thickness of the forest LFH was measured where the centre of the
DualEm once layr{gure4.2). Next, a 0.20 riix 0.20 nislice of forest LFH was placed in a plastic ziplock
bag. The samples were placed into the bag like a serving of lasagna, so all forest LFH remained relatively
intact. Samples were transported in a chilly bin, and on return to the lab, the samples wigteed@nd
ovendried at 80Cfor 48 hoursg the time it took for the weight to stabilise.
| o
&

w - .
4

Civ

Figure4.2. Measuring litter thickness at the centre of the Duatk
tube using a rigid measuring tape. Site (Mahurangi), Plot (12)
thickness were recorde

45



4.24 Litter gavimetric water content antbitter density
Once samples were ovetried, they were quickly reweighed tmsure they @ not reabsorb moisture.
Using the litter fresh weight (LFF) and dry weight (LFH), litter gravimetric water content (LFH9

was calculated usinfEquation2) and litter density usingquation3.

Equation2. Percentage of the gravimetric water content
D 0B @ o @

D "0%y?° GO Zp T

Where:
LAHes"= weight of fresh litter (g)
LFHY =weight of dry litter (g)

LFHEPWC=gravimetric water content dbrest litter (%)

Equation3. Litter densiy.
0 "00

0 "00 e
v '00

Where:

LFHis"= weight of fresh litter (g)
LAH™ickness= weight of drylitter (g)
LAHPensiv= litter density (g/cm?)

4.2.5 Statistical analysis

All statistical analysis was conducted in R studio version é&R3evelopment Core Team, 2018)

including summary statistics and graphs to analyse the effect of forest litter on apparent electrical
conductivity. Before analysing forest litter variables, there was a need to establish if a correction factor
was required to adjust apparent electrical conductivity due to ambient temperatBeetjon4.2.5.1).
Section4.2.5.2looks at the overall effect of the presence and absence of forest litter on apparent
electrical conductivity was investigated. Nekie main effects and interactions of measured litter
variables were evaluated to test any significant effect on apparent electrical conductBation

4.2.5.3.
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4.2.5.1 Drift caused by instrument, soil and ambient temperature and voltage

Thissectionuses methods developed #tlaire et al. (2009 Delefortrie et al. (2014andMat Su and
Adamchuk (2023 determine if correction is needed for apparent electrical conductivity)(&@t in
electromagnetic induction instrumentdearson correlation coefficient was used to measure the degree
of linear association betweeglectrical conductivityat 50cm EG*®) and 160cmEG®) cumulative depths
and internal instrument temperature, instrument voltage, ambient temperature and soil temperature.
Furthermore, a generalised linear model was usedrtsure nanteractioneffects between these

predictor variables The generalised linear model (‘gim' funcligR Development Core Team, 20L8¢d

a gamma distribution with a Ielink function as the response variablE&>°and EG*°were continuous,

right skewed and zero boundedhich helped meet the assumptions of normality dreteroscedasticity
(Schabenberger & Pierce, 2001)

4.2.5.2 Statistical analysis of the presence and absence of forest litter

For this analysis, a generalised linear model was creatatidoesponse variable apparent electrical
conductivity EG) using the 'gim' function in R studiB Development Core Team, 2018) better meet
the assumptions of normality and homoscedastictyamma distribution with a lelink was used
because Ewvas continuous, rightkewed, and zerbounded(Schabenberger & Pierce, 2001Site,

cumulative depth and LFH presence and absence were all used dsvisVtactors Equationd).

Equation4. A generalisedinear modelwasused to assess the effect of litter presence and absence on app
electrical conductivity

06 0'0®"YQE DQAKNQ 01 QOO CQEHQE VE Q

Where:

EG = Apparent electrical conductivity to both 50cm and 160cm cumulative depths
Predictor variables

LFH= Litter presence or absence asna-levelfactor
Depth= Cumulative depth to 50cm and 160cm awa-levelfactor
Site= Mahurangi and Te Hiku as$veo-levelfactor

A likelihood ratio test compared GLMs with and without th1evel factor, presence and absence of
LFHusing the 'Imtest' function, part of R studio's 'Imtest' packégeileis & Hothorn, 2022).ikelihood
ratio Chisquare tests allow nested models to be compared to identify if the presence or absence of

model parameters significantly affects model fit by comparing a global or full model with a restricted or
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simplified mode(Westfall & Henning, 2018) + | NAFo6f S Ay Tt A2y T Q2 N&
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4.2.5.3 Statistical analysis to assess the effect of litter variables on apparent electrical

conductivity

For this analysis, two generalised linear models were created for response variables apparent electrical

conductivity to 50cmEG®) and apparent electrical conductivity to 160cEQ!%) using the 'gim'

function in R studigR Development Core Team, 2018B) better meet the assumptions of normality and
homoscedasticity, both GLMsed a gamma distribution with a léigk function as the response
variablesEG>*and EG*°were continuous, rightkewed, and zerbounded(Schabenberger & Pierce,
2001) which helped to meet the normality assumptions. The final GLM used to determine if litter

variables can explain the variabilityEG>°and EG'®is outlined inEquation5.

A likelihood ratio test compared the global GLM outline@&guation5 to a simplified GLM using only
weakly significant predictor variable$his was done using the 'Imtest’ function, part of R studio's 'Im
test' packagdZeileis & Hothorn, 2022).ikelihood ratio Ckéquare tests allow nested models to be
compared to identify if the presence or absence of model parameters significantly affects model fit by
comparing a global or full model with a restricted or simplified m¢@étstfall & Henning, 2013)

+F NAFOotS AyFElradAz2y FLFLOG2NAR ¢SNB | faz2 | FaxiaSR
Weisberg, 2019)

Equation5. Generalised linear model used to assess the effect of litter presence and properties on apparent ele
conductivity to two cumulative depths
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Where:

EG =Apparent electrical conductivity teither 50cm or 160cm
Predictor variables

LFH=ForestLitter layer

Thick= Thickness (cm)

GWC= Gravimetric water content (%)

Density= GWC Thickness
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4.3 Results

Thissectioncompriseghree parts. Section4.3.1determines if a correction factor is required to
compensate for temperature and instrument drift in apparent electrical conductivity daestion4.3.2
assessethe effect of the presence and absence of forbtser on apparent electrical conductivity
Finally,Section4.3.3 determines itthe variables making up forest litter have a significant effect on

apparent electrical conductivity.

4.3.1Drift caused by instrument, soil and ambient temperature and voltage

4.3.1.1 Summary statistics

Table4.1 providessummary statistics dactorsthat may cause drift in apparent electrical conductivity
over the duration of measurement campaigns, includingpient temperature, instrument temperature,
soil temperature andnstrument voltage at both Mahurangi Forest and Te Hiku. Box plotsiaso
medians, interquartile, upper and lower ranges and any outliers at both &itgare4.3). All three
temperature variables and voltadkictuationsvary little between sites with similar means and medians
and standarcerrors andinterquartile ranges overlapping between sitdable4.1, Figure4.3). Ambient
temperature had themost significabhtemperature fluctuations both within andetween siteswith
similar minimum temperaturesf around 11C and maximum temperatures between 18 and2®able
4.1). Instrument and soil temperature had minimal fluctuation over the measurement campaigths
low standard errors between 0.03 and 0.08nd temperaturedifferencesbetween0.65'Cand 1.70C
(Table4.1). Median and mean voltage were similar for both sjisd minimum and maximumwoltage

were within adequate operational range for the instrumegiualEm, 2014)
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Table4.1. Summary statistics of variables that may cause drift in apparent electrical conductivity at Mahurangi Forest (3) andrdestikd)

Mean S.E.M LQ Median uQ IQR Min Max Range

Site Mahu TeHi | Mahu TeHi| Mahu TeHi | Mahu TeHi | Mahu TeHi | Mahu TeHi| Mahu TeHi | Mahu TeHi | Mahu TeHi
Ambient

Temperature 16.18 16.03| 0.39 0.55| 15.36 14.24| 16.42 16.24| 17.70 18.20| 2.34 3.95| 11.72 11.67| 18.92 21.62| 7.20 9.95
(°C)

Instrument

Temperature 29.02 29.09| 0.03 0.07 | 28.97 28.73| 29.05 29.18| 29.10 29.37| 0.13 0.63| 28.63 28.47| 29.29 29.60| 0.65 1.14
G

Soil

Temperature 15.68 15.43| 0.08 0.07| 15.40 15.28| 15.70 15.40| 15.90 15.60| 0.50 0.33| 15.10 14.80| 16.80 16.20| 1.70 1.40
°C)

Voltage (V) 10.53 10.25| 0.14 0.15| 9.99 9.52 | 10.60 10.28| 11.00 10.62| 1.01 1.10| 9.38 9.15 | 11.71 11.96| 2.34 2.81

S.E.M = Standard error of mean, UQpper quartile, LQ = Lower quartilQR =Interquartile range, Min = Minimum, Max = Maximum

Mahu = Mahurangi Forest, TeHi = Te Hiku Forest
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4.3.1.2 Analysis using Pearsomrrelation and generalised linear models
Figure4.4 showsapparent electrical conductivity (ECa) changesr the measurement campaign at
Mahurangi and Te Hikurhe measurements are in sequential order of when they were measured,

starting from the first measured plot to the last measured plot at each site.
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Temperature (°C)

o
1
o

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25
Measurement sequence

301 30

N
o
N
o

Temperature (°C)
s
(w/sw) AMABONPUOY [E91193]T Jualeddy

Phodbd b covniannnanin |
7 11 20

i 2 3 4 5 6 7 8 & 10 11 12 13 14 15 16 A1
Measurement sequence

8 19 21 22 23 24 25

Cumulative Depth(cm) Temperature Type
Mahurangi Te Hiku -~ Ambient Temperature
Instrument Temperature
50 50 :
—+ Soil Temperature
160 B 50

Figure4.4. Bar chart of apparent electrical conductivity at 50cm (grey) and 160cm (green) cumulative dept|
measured in each plgsecondary-axis) and ambienfblue triangle) instrument(yellow squaregand soil
temperature(red circle)primaryy-axis)at time of measuremerdat Mahurangi Forest (top) and Te Hiku forest
(bottom). Plots were not measured in numerical order. Thereftganeasurement sequence on thexs shows
the order in which measurements were taken to create a time series.

Overlaying theeG data at 50cm and 160cm cumulative depths are temperature measuresmhent
ambient air,soil,and the instrument. While Mahurangi does not show any obvious patterns
between apparent electrical conductivity and fluctuations in temperature, Te Hiku Forest may show
a weak, inverse relationship between apparent electrical conductivity and ambiemeetture,

whereby a decrease in ambient temperature results in an increaB&indviceversa.
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A Pearson produetnoment correlation was conducted éble4.2) to investigate this agfact
further, and any other potential effects the ambient, sa@ihd instrument temperatures and voltage

may have orEGthroughoutthe field campaigns.

Table4.2. Pearson Correlation Coefficient apevalue(in brackets0 for variables affecting apparent electrical conductivity at
Mahurangi and Te Hiku Forests at cumulative depths 50cm and 160cm.

Cumulative Ambient Instrument Soil

Site depth (cm)  Temperature (°C)  Temperature (°C)  Temperature (°C) Voltage (V)
'g 50 0.15 (0.48) 0.16 (0.44) -0.25 (0.23) -0.06 (0.79)
2
g 160 0.34 (0.10) 0.31(0.13) -0.14 (0.49) -0.11 (0.61)
2 50 -0.08 (0.72) -0.06 (0.78) -0.23 (0.28) -0.17 (0.44)
=
()
= 160 -0.29 (0.16) -0.29 (0.17) -0.19 (0.38) -0.01 (0.95)

t S NEdreglaflandid not show acorrelation betweerEG and eitherambient, soil or instrument
temperature or voltage at either Mahurangi or Te Hiku at both cumulative deptfisile some weak
correlations were observed, they were not statistically significamgigesting these relationships

could be due to chance rather than having any meaningful associations. For example, for ambient
temperature and instrument temperature, there is a negative linear correlatiith EG to a depth

of 160cm at Te Hiku Foresthich may have been observedrigure4.4. Howeverthe weakp-

valuesof 0.16 and 0.1, respectivelysuggest either this relationship is more likely due to chance or a
different test may be required to check this associatiwhich was whygeneralisedinearmodels

were usedto testif both the main effects and the interactions$ these variablesould explain

changes in apparent electrical conductivity

For both GLNP and GLM®C, neither the main effects nor theinteractions were statistically
significant(p-values > 0.3for GGLM° and (p-values < § for GGLM®. Thereforeat the 0.05
significance levehoth GLMs shownsufficient evidence to reject the null hypothesis that neither
ambient, soil or, instrument temperature or voltage and their interactioas explain the variability
in EG at both depths beyond random chancé&he lack ofa significant relationships further
visualised irFigure4.5, which showshe temperature and voltage variables graphed against

apparent electrical conductivity &0cm and 160cm at both sites.
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4.3.2 The effect of the presence and absencéooést litteron apparent electrical

conductivity

4.32.1 Summary statistics

Summary statisticsTable4.3) and box plotsKigure4.6) showthat overall,apparent electrical
conductivity(EG) for Mahurangi wasigher than for Te HikuMeanEG at both sitesto a cumulative
depth of 160cm (EG'®%) was alschigherthan toa cumulativedepth of 50cm (EG*) (Table4.3). The
medianEG for Mahurargi and Te Hiku were similar the presencel(FH™*") andabsence

(LFHPse" of forest litter to both EG>and EG®°with little difference instandarderrors for LFHresent
andLFHPse"at each site at each depthApparent electrical conductivity &ahurangi was more
variable for both depths than Tidiky regardless of FH™se"or LFIPse"°YFigure4.6), with a larger

range ofEG at Mahurangi than at Te Hiku to both deptigble4.3). The range differed between
sites howeverat both cumulative depths, minimum, maximum, upper and lower quartiles remained

very similar irlLFH"s*""and LFHse
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Table4.3. Summary statistics of apparent electrical conductivity (mS/m) in the presence and absence of forest litter (LFH) at atveecdepihs at Mahurangi and Te Hiku

Independent

variables Site Mean S.EM LQ Median uQ IQR Min Max Range
Cumulative depth (cm)
50 Mahurangi 9.22 0.64 5.81 8 13.08 7.27 3.59 24.09 20.5
160 13.96 0.73 10.01 13.3 16.33 6.32 7.11 28.34 21.23
50 TeHiku 1.24 0.08 0.82 1.01 1.76 0.94 0.18 2.7 2.52
160 3.76 0.23 2.67 3.44 4.29 1.62 1.11 7.41 6.3
LFH presence
Absent Mahurangi  11.61 0.77 7.67 10.2 14.12 6.45 3.66 28.34 24.68
Present 11.57 0.77 7.41 10.38 14.31 6.91 3.59 27.99 24.4
Absent TeHiku 254 0.26 0.96 211 3.58 2.61 0.18 7.22 7.04
Present 2.47 0.25 1 2.07 3.45 2.45 0.68 7.41 6.73
Overall site apparent electrical conductivity
Mahurangi 11.57 0.44 7.5 10.38 14.2 6.7 3.59 27.99 24.4
TeHiku 2.47 0.14 1 2.07 3.45 2.45 0.68 7.41 6.73
Cumulative depth Litter
(cm)
50 Absent Mahurangi 9.27 0.92 5.89 7.91 13.5 7.61 3.66 24.09 20.44
Present 9.16 0.92 5.8 8.08 12.94 7.13 3.59 24.02 20.43
160 Absent 13.95 1.05 9.75 13.29 16.4 6.65 7.11 28.34 21.23
Present 13.97 1.05 10.11 13.47 16.08 5.96 7.14 27.99 20.86
50 Absent Te Hiku 1.27 0.13 0.81 0.98 181 1 0.18 2.7 2.52
Present 1.21 0.1 0.84 1.01 1.64 0.8 0.68 2.42 1.74
160 Absent 3.80 0.33 2.56 3.51 4.27 1.71 1.56 7.22 5.66
Present 3.72 0.32 2.77 3.44 4.29 1.52 1.11 7.41 6.3

S.E.M = Standastror of mean, UQ = Upper quartile, LQ.ewer quartile, IQR = Interquartile range, Min = Minimum, Max = Maximum
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4.3.1.2 Generalised linear model and likelihood ratio test

A generalised linear model was fitted to establish if the presence or absence of foregLKidy
explained variability in apparent electrical conductivlBG] using (LFH) presence and absence, site
and cumulative depth, as well as their interactiomalfle4.4). The higlp-values for LFH show no
statistically significant difference in me&t; between LFH presence or absence and that any
differences are likely due to chancEaple4.4). However, the lowp-values of cumulative depth and
site suggest these variables are highly significant and that there is a significant difference between
EG at individual sites an&G at each cumulative depth. The same can be said for the interaction
between site and cumulative deptp-{alue<0.001) Table4.4). The interaction effect of LFH and
cumulative depth and site 0BG were also tested inTable4.4) which further showed no evidence

to suggest that the combined effect of LFH, cumulative depth and site significantly influeGced

given such high p values.

Next, a likelihood ratio test was performed to establish if including LFH in the GLM enhanced model
fit. Ap-value(0.99) of the Chsquared (0.22) indicated #t including LFH did not improve model fit,
substantiatinghe null hypothesis that the presence or absence of LFH has no effect on apparent

electrical conductivity.

Table4.4. Results of analysis of variance (ANOVA) of the effect of litter (LFH) presence usargsfogmed apparer
electrical conductivity

Estimate  Std.Error t-value p-value Sig.
LFH 2.23 0.09 24.95 0.00
Cumulative depth -0.01 0.13 -0.09 0.93 o
Site 0.41 0.13 3.24 0.00 ok
LFH:Cumulative depth -1.98 0.13 -15.56 0.00
LFH:Site 0.01 0.18 0.07 0.94
Cumulative depth: Site -0.04 0.18 -0.22 0.82 *kk
LFH:Cumulative depth: Site 0.68 0.18 3.79 0.00

{AIYyATod O2RSA&Y n YFrrFQ noénnam WFrFQ nodam WYFQ
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4.3.2 The effect of litter gravimetric water content, thickreasd density on apparent

electrical conductivity

4.3.2.1 Summary statistics

Summary statistics and box plots of forest litter variables between the Mahurangi Forest and Te Hiku
Forest were calculated for ambient temperature, litter thickness {I'Btlitter fresh weight

(LFHresh, litter dry weight (LF®), litter moisture mass (LFWM), litter gravimetric water content

(LFK¥™9 and litter density (LFH™®) (Table4.5).

Mean and median ambient temperatwséor both sites were similar, with low standaedrors within
0.2 of each otherTable4.5 & Figure4.7) and very small and overlapping upper, lower and
interquartile rangesTable4.5 & Figure4.7). However, Te Hiku had a slightly higher capacity than
Mahurangi. Likewise, the mean and medi@alfle4.5 & Figure4.7) LFH"at both sites were
similar, with overlapping ranges and low standartbrs. However, Te Hiku had a slightly smaller
range in LFA*(Table4.5 & Figure4.7). At Mahurangi, LFF" LFHY and LFMM all had higher
mean and median weights than at Te Hikalfle4.5 & Figure4.7), with little to no overlap between
interquartile ranges between the two site$dble4.5 & Figure4.7). Mahurangi had greater LEW
than the LFH at Te HikTigble4.5 & Figure4.7); however, LFH'“was far greater for LFH at Te Hiku
than it was at Mahurangil@ble4.5 & Figure4.7). Forest litter had a higher mean and median
grams per centimetre density at Mahurangi than was found at Te Hiku, with a greater stamdard
and much more extensive range with minimum and maximum valuedilatot overlap with those

at Te HikuTable4.5 & Figure4.7).
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Table4.5. Summary statistics for litter variables at Mahurangi (3) and Te Hiku (4)

Site Mean S.E.M LQ Median uQ IQR Min Max

Site->

Litter Mahu TeHi Mahu TeHi Mahu TeHi Mahu TeHi Mahu TeHi Mahu TeHi Mahu TeHi Mahu TeHi Mahu TeHi
variable@

Ambient
temperature 29.16 29.25| 0.04 0.06 | 29.08 28.97| 29.20 29.31| 29.29 2952 | 0.22 056 | 28.76 28.61| 29.49 29.75| 0.73 1.14
(°C)

Thézlr(:)ess 440 406 | 041 0.32| 3.00 250| 400 4.00| 6.25 5.00 325 250| 1.00 150 | 8.00 7.00 7.00 5.50
we':i;?rzg) 24595 97.81| 21.75 12.90| 177.05 51.48| 202.45 88.09| 352.38 123.27| 175.33 71.79| 103.52 25.85| 464.38 304.12| 360.86 278.27
Dry weight

@ 10047 9.65| 883 138 | 7166 469 | 87.54 7.60|133.09 1266 | 61.43 7.97 | 4555 1.78 | 211.80 29.91 | 166.25 28.12
Mass of

moistures 145.48 88.16| 13.22 11.66| 98.81 45.95| 117.62 82.02| 211.64 110.70| 112.82 64.76| 57.97 24.07| 263.09 274.21| 205.12 250.15
(@
Dry weight

(%) 41.17 9.97 | 067 055 | 38.11 6.92 | 40.66 9.85| 43.71 1218 | 560 526 | 3488 6.55 | 47.10 14.75| 12.22 8.20
GWC (%) 58.83 90.03| 0.67 0.55 | 56.29 87.82| 59.34 90.15| 61.89 93.08 | 560 526 | 5290 85.25| 65.12 9345 | 12.22 8.20
Density

(glem) 2648 234 | 291 028 18.11 159 | 2355 195 | 27.82 254 971 095 | 972 119 | 76.00 7.48 | 66.28 6.29

S.E.M = Standartror of mean, UQ = Upper quartile, LQ = Lower quati@®& nterquartile range, Min = Minimum, Max = Maximum
Mahu = Mahurangi Forest, TeHi = Te Hiku Forest

58



350 A. 80
oas &0
e E
Em 240
' ;
g -
L2715 20
.
250 [
Mahurangi Te Hiku Mahurangi Ta Hiku
Site Site
10.0 C. 100
75 g 5
e E
; : |
i o E
B
g 50 g ]
3
5 B
E E
- =
25 & 25
g
0o [
Mahurangi Te Hiku Mahwangi Te Hiku
Site Site
E.
A. Ambient temperature at time of measurements (“C)
600 o Te Hiku B. Litter thickness (cm)
C. Litter density (g/cm)
=
Em D. Litter gravimetric water content
&
] .
= * E. Fresh weight of litter prior to oven drying, dry
200 . | weight of litter directly after oven drying and mass of
[ | J moisture content (g}
o PR S
Fresh Dry Moisture Fresh Dry Moisture

Litter

Figure4.7. Box plots of forest litter variables collected from Mahurangi and Tetikestwith line showinghe median

59



4.3.2.2 Analysis usingegeralised linear model

A generalised linear model was created using predictor variables litter (LFH) thickn€8§<{tSFH
litter gravimetric water content (LFH9, litter density (LFPf™") and site as main effects as well as
their interactions(Table4.6 & Table5.8).

Both generalised linear models (GLM) showed they could explain 91% and 82% of the variability in
EGXandEG®(Table4.6). Of all the main effects and their interactions in both GLMs, only one
interaction showed a weak correlation wilEG%. The interaction between LE{"essand LFPensity

had a weak, negative correlation wiEG®°. No other litter variables showed significance with

values above the 0.05 significance levEable4.6).

A likelihood ratio test compared the GLM with all litter variables and their interactions and the
simpler GLM with only LE¥fkesand LFEE"SYas main effects and their interactions wiltG'®as a
response variable. The test showed no significant benefit in adding or removing the predictor
variables. The simple model could only explain 62% of the variabii@{ with weakly significant

to non-significantp-values (0.02¢ 0.40). Variable inflation factors (VIF) of the variables in the simple
GLM had scores <4, indicating multicollinearity was not an issue. Still, the VIFs for the global model
had outrageously large VIFs > 1700 for all main effects and theiaatiens. Based on these

results, litter variables cannot explain variability5@.
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Table4.6. Summary of the generalised linear model using the main and interaction effect of all litter variables as predictors of afgmrieal conductivity to 50cm and 160cm
cumulative depths.

Cumulative depth to 50cm Cumulative depth to 160cm
Coefficients: Estimate Std.Error t-value p-value Estimate Std.Error t-value p-value
(Intercept) -4.16 9.20 -0.45 0.65 -5.95 7.88 -0.75 0.46
Site 16.71 30.88 0.54 0.59 -17.43 26.46 -0.66 0.51
LFHhickness 3.36 2.05 1.64 0.11 3.18 1.75 1.82 0.08
LFHpWe 0.10 0.16 0.62 0.54 0.14 0.13 1.01 0.32
LFHpensity 0.24 0.22 1.11 0.27 0.29 0.19 1.56 0.13
Site: LF[Hickness -9.39 6.87 -1.37 0.18 -1.29 5.89 -0.22 0.83
Site: LFAWC -0.25 0.36 -0.69 0.50 0.12 0.31 0.39 0.70
L FHhickness | Figwe -0.05 0.03 -1.55 0.13 -0.05 0.03 -1.74 0.09
Site: LFPensity -9.77 14.28 -0.68 0.50 4.44 12.23 0.36 0.72
L FHhickness | Fjfensity -0.15 0.08 -1.97 0.06 -0.14 0.07 -2.05 0.05
LFHPWG |LFiqensity 0.00 0.00 -1.07 0.29 0.00 0.00 -1.51 0.14
Site: LFickness | Figwe 0.12 0.08 1.54 0.13 0.03 0.07 0.50 0.62
Site: LF[Hickness | Fifensity 3.47 3.14 1.10 0.28 0.19 2.69 0.07 0.94
Site: LFAWG LFHensity 0.11 0.16 0.73 0.47 -0.04 0.14 -0.30 0.76
LFHhickness | FIGWG | Fensity 0.00 0.00 1.91 0.06 0.00 0.00 2.01 0.05
Site: LF[Hickness | FIGWG | Fiensity -0.04 0.03 -1.16 0.26 0.00 0.03 -0.14 0.89
Dispersiorparameter 0.17 0.12
Null deviance (degrees of freedom) 51.87 (48df) 27.063 (48df)
Residual deviance (degrees of freedom) 5.52 (33df) 4.22 (33df)
AIC 197.72 241.37
R 0.91 0.82

LFH = Litter, Thickness = Thickness (cm), GWC = Gravimetric water content (%), Density = litter g/cm
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4.4 Discussion

The results of thisectionshow that the variability in apparent electrical conductivity at both
cumulative depths 50cm and 160aannotbe explained by temperature or instrument drfftable
4.2), the presence or the absence of forest lit{@able4.4) and forest litter variables such as litter

gravimetric water content, litter thickness or litter dens(fyable4.6).

4.4.1 Drift caused by instrumet@mperature soiltemperature,ambienttemperatureand
voltage

Theanalysis of apparent electrical conductivig@) data collected during the measurement
campaign aMahurangiand Te Hiku Forests revealo substantial correlation betweeBG and
variations in temperature, whether it be ambiet@mperature soiltemperature or instrument
temperatures, as well as voltage levé€lsble4.2), to both cumulative depths of 50ciiEG>™) and
160cm(EG'®). While some weak correlations were observed, they were not statistically significant,
indicating that any apparent relationships could be attributed to chance rather than meaningful

associations.

The most likely reason for the lack of relationship is, firstly, during measurement campaigns, the
battery pack on the instrument was changed regularly to ensure the instrument was not affected by
decreases in voltage. This caution appears to have wardedid Next, the lack of relationship

between ambient temperature, air temperatureoil temperature and apparent electrical

conductivity could be ascribed to the environmental conditions in forested catchments. The
temperature data collected for this sty, particularly the ambient and soil temperature for both
catchmentswere relatively stagnant both within and between sit@sble4.1). The DualEm Q &
sensors are well insulated, which was an intentional act of the manufacturers to protect the sensors
against extreme temperature chang@3ualEm, 2014)In addition, at the time of measurement,

both forests had achieved full canopy coveroviding shade and reducimirect sunlight exposure

to the forest floor. With limited, direct solar radiati@tcessinghe forest floor, the result was more
stable and moderate temperatures under the forest can@dgLaren & Cameron, 1996Finally

forest litter acts as an insulator for the upper horizons of the forest flomaning temperature

variability is far less extreme than in more exposed ¢Biten, 2016; Park et al., 1998)
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Based on these findings, there is no requirement in this study to condustrancorrection to
compensate for drift caused by instrument voltatggmperature,and ambient and soil temperature.
These results apply to the findings in this study only. If measurements of this kind are conducted in
the future, it would be wise to check for relationships betwds®, temperature and voltage, as it
cannot be assumed the unique set of conditions in this study would be the same for all forested

catchments.

4.4.2 The effect of the presence and absence of forest litter and the litter water content,

thickness and density
The lack of significant differenceapparent electrical conductivityg@G) in the presence and
absence of forest litter and the lack of significant relationships betwe@mnd litter gravimetric

water content, litter thickness and density could be attributed to several factors.

Forest floor litter is a loose assortment of organic matter in varying stagexscady(Liu et al., 2022;
Santos et al., 2010Becausdorest litter is not densely packed, there is a lot of pore space between
solids filled with air. Air is not conductive and is assumed to have a neutral effect on the
electromagnetic induction sign@DualEm, n.d) Therefore, if forest floor litter has large air spaces,
the effect would be the same as holding the DualEm at the height of litter thickrféss salinity
(Huang et al., 2017b; Stockmann et al., 20W8ter content(Gallart et al., 2019; Martinez et al.,
2018)and texture(Caires et al., 2014; Gallart et al., 2046 considered the most influential factors
in the variability of£G along with soil depth and soil organic mat{@&twell & Wuddivira, 2019)

These soil variables can have high attenuation ratethey did occur in the litter layer, then it

would be difficult for the EMI signal to penetrate past these attributes, which is likely why the

presence or absence of forest litter could not be used to explain the variabiBE@.of

In summary, when usinglectromagnetic inductiotechnology such as the DualEfnin forest
catchments, an adjustment factor is not required to compensate for the presence of forest litter on
EG, nor is there a need to remove forest litter before conducthgctromagnetic inductiosurveys.
However, if forest litter is considerably thick, saturated or has other qualities not discussed here, it

would be best to test for changes HG in the presence and absence of forest litter.
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Chapter 5
Using electromagnetic induction technology and software to predict

soil texture and moisture properties in forested catchments

5.1 Introduction

Soil texture and moisture are crucial in understanding hydrological processes and ecosystem
dynamics within forested catchments. The characterisation of these soil properties is essential for
land management, water resource management and ecologicalest(éilaire et al., 2009; Bren,

2016)

Capturing microsite heterogeneity of forest soils is crumalausdt allows a more accurate
understanding of hydrological processes and ecosystem dynamics within forested catchments
(Amatya et al., 2016) The variability of soil texture and moisture across different microsites can
significantly impact water availability, nutrient cycling, and plant growth, ultimately affecting forest
ecosystems' health and productivifgren, 2016) Forest owners can make more informed decisions
regarding land use and water resources by characterising the soil properties at a mienslite
(Atwell et al., 2013; Atwell & Wuddivira, 2019Fherefore, they can better predict and mitigate the
impacts of climate change on water availability and even provide insights into the relationships
between soil properties andiodiversity, which can inform conservation efforts and help maintain

healthy and resilient forest ecosystertide Jong, 2016)

Traditional methods for soil characterisation, such as soil sampling and laboratory analysis, are often
labourintensive time-consumingand costly and may not be feasible for laiggale assessments or
frequent monitoring of remotesteep,and rugged landscapes. Thus, the natural microsite
heterogeneity of forest soils is less likely to be captytemrdo et al., 2012; McBratney et al., 2005;
Serrano et al., 2014; Triantafilis & Monteiro Santos, 2013)erefore, an alternative, cesffective

method of capturing forest soil heterogeneity over both small and large scales is required, and this
comes in the form of geophysical sensing using electromagnetic induction (EMI) techfialodyy

et al., 2012; McBratney et al., 2005; Serrano et al., 2014; Triantafilis & MoS&irms, 2013)
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5.1.1 Geophysical sensing using electromagnetic induction

Geophysical sensing using electromagnetic indudfiavil) technology has successfully been used to
infer soil properties, including soil texture and moisture content in various environments,
particularly in agricultur@and archaeological and geotechnical exploraijatwell et al., 2013; Caires

et al., 2014; Lardo et al., 2012; Serrano et al., 2013; Silva et al., 2021; Uchida et al., 2001; Urdanoz &
Araglés, 2012)Such technology measures apparent electrical conductiki@),(which is primarily
affected by soil texture and moisture and thus can discern soil heterogeneity without destructive
sampling, both repeatable and on a large scale. Although EMI technology is used extensively to
determine the impacts of soil physicalgchemical properties in agriculture as a tool for land
management and crop productivity, the same cannot be said for forest soils, with only a handful of
studies found using the technology in forest environmegptkdorff et al., 2017; Atwell & Wuddivira,
2019; Bennett & George, 1995; Bréchet et al., 2012; Feikema & Baker, 2011; Gallart et al., 2019;
Kinal et al., 2006; Lad et al., 2019; Ryland et al., 2&&djwo studiesfound using the technology in
aP. radiatgproduction foressin New ZealandGallart et al., 2019; Lad et al., 2019)

5.1.2 Forest soils and how they differ from agricultural soils

Forest soils have a vast biodiversity of flora and fauna and tend to have high porosity and low bulk
density(Amatya et al., 2016; Bren, 2016; Clinton & Owens, 2023; De Jong, 20#6¥0il is

regularly worked as a direct result of bioturbation and pedoturbation caused by micro and-macro
organisms in and on the forest flobhkmatya et al., 2016)Forest soils rarely experience overland
flow due to the thick, spongéke forest litter which overlies the forest s¢ili et al., 2014; Neary et

al., 2009; Uchida et al., 2001)n additiondecayng tree roots create soil pipes that help divert and
redistribute precipitation, which reaches the forest soil through lateral floiehida et al., 2001)
Becausdorests have long harvesting rotations may not be harvested at atheir roots can

penetrate beyond 40cm dq#h, range in size from <2mm to <5@ndgrow radially(Figure5.1) from

the trunkbeyond a 2metre distance(Phillips et al., 2023)
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Figure5.1. Root excavation of a 25 year old P. radig@aillips et al., 2023)

The soil moisturés redistributed during the wetter months via lateral flow and stored in micro and
macro pores, which are slowly released desk likely to suffer from drought in drier summer
months(Uchida et al., 2001)In contrast, agricultural soils typically have lower porosity and higher
bulk density with lower diversity and presence of micro and macro flora and fauna as the soils are
regularly exposed tananthropogenic modification such as tilling, compaction by machinery and
stock(Sparling & Schipper, 200dhd are left exposed while crops aregstablishing after harvest
which allows compaction and erosion during precipitation events, loss of soil moisture via
evaporation and erosion, and loss of soil during wind events which all promote poor soil physical

properties(Colazo & Buschiazzo, 2015; Fryrear, 1985; Lyles,.1975)

5.1.3 Electromagnetic induoti and forest soils

Measuring apparent electrical conductivig@) usingelectromagnetic induction technology (EMI)
such as the DualEth is a way of assessing soil propertiea non-destructive and repeatable

manner. Its original primary use was to determine soil salinity in areas prone to saltwater intrusion,
as there is a strong positive relationship betwde@ and saline content in the sqiMcNeill, 1980)
Apparent electrical conductivityas also found to correlate with changes in soil moisture, texture
(Gallart et al., 2019; Martinez et al., 201Bulk density, porosity, carbon conteg#twell &

Wuddivira, 2019)and clay conten{Neeraj & Chandra, 2021; Triantafilis & Lesch, 2065ddition
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to other chemical and physical properties, which mak€smeasurements using EMI a valuable tool

for understanding soil properties.

Other benefits of the EMI technologynd, more specificallythe DualEml include portability,

allowing surveys on rugged and diffictdtaccess locations, and nalestructive measurements,

where the instrument is placed on the ground in an upright posi{@ualEm, 2014) Apparent

electrical conductivityt multiple depths are simultaneously recorded with the press of a button
(DualEm, 2014) Therefore, measurement surveys can be repeated, and measurement density can
be as course or fine as end users of the data require at both a small and large scale due to-the cost
effective,efficient, and straightforward nature of measurement collectiofihese features of EMI
technologymake them arexcellent candidate for predicting soil properties in challenging forested

environments.

As long as geospatial data is collected at each measurement point (often this occurs simultaneously
with in-built GPS), the data can then be mapped in dimension using ordinary Gaussian krigiog
createa map ofEGacross the study site. Soil sampling is still required to establish relationships
betweenEG and the soil property in question; however, sampling is far less inteasid@nore
strategic. For example, choosing sample locatiefmedby specifidcopographic features (e.g.
aspect,Slope elevation). Or, becausgyeolocation data is simultaneously collectedmmary
statistics including minimum, maximum, mean and outlEGvalues can be assessed and
remeasurecdbefore soilsamplingin these unique locationsElectromagnetic induction technology
such as the DualEthmeasure€Gat two cumulative depthsallowinginversion software such as
EM4Soil to disseminate tHeGdown the soil profile. IEGis collected in transects, twdimensional
maps can be created to visualise the changes across a study site alongyémssets In addition,
software such as EMASEHMTOMO LDA, 2018 nuse geospatial data such as latitude/longitude

and elevation to visualisEGin three dimensions using quatsiree-dimensional inversion.

5.1.4 Quasi3D inversion odpparentelectricalconductivity

Quasithree-dimensional inversion refers to a geophysical technique used to interpret subsurface
data, such as apparent electrical conductivieG] using electromagnetic induction (EMI), to create
a threedimensional (3D) model of the earth's subsurfédE&ITOMO LDA, 2018)nversion refers to

inferring subsurface properties based on measured geophysical data s&€h aghe term "quasi" is
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usedbecauseEMI surveys collect data in one dimension and are used along with geospatial data to
create a more comprehensive but approximate 3D representdiiavies et al., 2015;-Blaggar et

al., 2021b; McNeill, 1980; Triantafilis et al., 2011; Triantafilis & Santos,.2QLa¥ithree-

dimensional inversion involves solving complex mathematical equations and optimialgaithms
considering measureHG, geological constraints (such as elevation), and regularisation techniques
to create a model that best fits the observed déikang et al., 2015; Triantafilis & Montefsantos,
2013) Thereforegquast3D inversiorbridges the gap betweetwo-dimensionaknd 3D

representations of geophysical data suchE4% It is important to note thatjuasi3D inversions

not the same as true 3D inversion, which considers the full spatial variability of the subsurface and is,
therefore, more complex and accurate, with the caveat of it being more computationally intensive.
Quast3D inversioris a practical compromise between 2D and full 3D inversion, balancing

computational efficiency and improvesibsurface characterisatidifriantafilis & Santos, 2013)

5.1.5 Chapter objectives

/ KILJXiSNJ pQa 20 2S GpparénSaiectricatddudtigityaboamivdelodielacical A F
conductivity adequately capture the spatial heterogeneitgoil physical properties (texture),
chemical properties (electrical conductivity) and soil moistartorested catchments using a
mixture of statistical analysis amhe-dimensionalnd 3D mapand comparison between ordinary

kriging and quas3D inversion.

5.2 Methods

5.2.1 Soilsampingandlabanalysis

The following sampling protocol and analyseradeveloped, in part, using the methods outlined by
Triantafilis and Santos (2018FNaggar et al. (2021dpavies et al. (2015); Huang et al. (201whp
used EM4SoEG inversion modelling software to predict the spatial variability of soil properties
such as electrical conductivity (EC), @agcontent usingeG measurements taken using DualEm
421. Field samples weoellected,and these properties were measured in a lab at various depths to

validate DualEmapparent electrical conductivitgtata (Triantafilis & Santos, 2013)
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5.2.1.1 Soil Samplébllection

Forest litter and DualEfBG measurement protocol are outlined Bections3.2.2¢ 3.2.4 The

methods outlined below occurred directly after those summarised in Chapter 3 and were developed
usingManderson et al. (2007)Soil samples were taken in each plot from the centre ofEle
measurement site using a stainlesteel Hoffer sampler with a diameter of 2.3 cm and sampling
lengths of 30cm, 60cm and 90cFidure5.2, Table5.1 & Table5.2). The cores were taken from the
same hole using the three differehbffers to obtain samples down the soil profile at the three

depths(Figureb.2, Table5.1 & Tableb5.2).

Due to instrument availability and time constraints, the field team could not retain intact soil cores
to analyse in the labTherefore, b obtain a record of the soil profile, all three cores were laid on a
laminated sheet adjacent to a measuring tape and photograpfadlé5.1 & Table5.2). Samples
were then put in a clean, airtight bag, labelled with site, plot, depth and sample date and kept cool
and dry in a chilly bin until they were returned to the office, where they weraediatelyput in a

4°C fridge before processing for lab analyBigure5.2).

Bag #3 Bag #2 Bag #1 Site and
30-60cm 0-30cm plot number
[ \[ \[ |
Surface
soil core
100 cm 80 cm 60 cm 40 ¢cm 20 cm Ocm

Figure5.2: Soil cores were taken 80cm lots regardless of soil profile/texture boundari®hoto
courtesy of Jen Owens (2022)
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Table5.1. Soil auger samples from the centre of each of the 25 plots at Mahurangi Forest for dethgéft), 30- 60cm (centre) and 600cm (right) in order of highest to lowes
apparent electrical conductivity to a depth of 160cm.
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Table5.2. Soil augesamples from the centre of each of the 25 phitt3e Hiku Forest for depths G0 (left), 30- 60cm (centre) and 600cm (right)in order of highest to
lowest apparent electrical conductivity to a depth of 160cm.
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Standard operating procedures were provided to the field team to ensure the samples were not
compacted during sampling and that equipment was cleaned between sampling to reduce cross
contamination. Where health and safety were concerned, or bedrock wallogler than 1metre,
sampling was limited to a sampling depth practical for the sample collection team. Additionally,

georeferencing data of the core site was collected using a Garmin GPS.

5.2.1.2 Gravimetric water content and sample paegtion

Samples wereveighed,ovendried at 1058C for 48 houraind then reweighed Gravimetric water
contentwas calculated usingquation2, replacing litter values with wet and dry soil weights.
Samples were thepassed through a 2mm sieve to remove leaf litter and debris. Each sample was
subsampled by placing 30g of soil into a clean, plastic sample container for further analysis. It was
noted that particles of different sizes and shapes naturally sort therasetthen shaken, with fine
grained particles settling to the bottom and coargined particles at the top. Therefore, to ensure

a representative suisample was obtained, the dried sample was well mixed in a tray, and sub
samples were taken by dragginggatula down the middle of the dried sample to get particles from
the top and the bottom of the sample. The subsample was analysed using a particle fraction
analyser. Then, the same sample was measured for electrical conductivity by creating a sélution o

one part soil to fivegpart water(Triantafilis & Santos, 2013)

5.2.1.3 Particle fraction analysiad soil texture classification

Using the 30mg subamples, percentage volume and percentage number of particles of clay
(<0.002mm), silt (0.002 0.06mm), fine sand (0.060.2mm), medium sand (0@22mm) and course
sand (>2mmjMilne et al., 1995)vas calculated using a particle fraction analyser called CAMSIZER®
X2 (CX2Microtrac, 2020) The CAMSIZER® can characterise the grain size of particulate materials
ranging from 0.008mm to 8mmwhich is made possiblesbausethe combined zoom camera and
primary camera allow optimum image resoluti@vicrotrac, 2020) This particle fraction analyser
consists of a sample feeder, a particle dispersal module, and an imaging module controlled by
proprietary CX2 softwareHigure5.3). "Particles are dispersed past the field of view of two high
resolution digital cameras to image the moving particles that an LED back(iBbtkland et al.,

2021) The software processes the images created intiged and generates shape and grain size

distributions and statisticdgure5.3).
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Figure5.3. Components of the particle fraction analyser CAMSIZER®trac, 2020)
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CAMSIZER software

Dispersion module

Particle fraction analysis was used $&atistical analysis purposespecifically the percentage
number of particles per sample by size class because the volume of clay in each sample was
<0.00024 When rounded, this would incorrectly implp claysized particles wera each sample
Texture descriptionsvere assigned using the ribbon method to determatiekiness, plasticityand
friability/deformability. In additionsoil colour was given a number and name description using the
Munsell colour chattand overall texture classification was determined using data from the patrticle
fraction analysis and the soil texture trianghMilne et al., 1995; Webb & Lilburne, 2011)
Assignment of texture descriptions, colour and texture classifin was done based on samples
from the three sample depths ©30cm, 30¢ 6¢cm and 6G; 90cm) as sampling could not preserve

the soil horizon profiles.

5.2.1.4 Electrical conductivity ofdart sampleto 5-part water

The dectrical conductivity of soil is traditionally measunesinga saturated paste extradb

estimate salt content§Sonmez et al., 2008However,30mg subsamples weraised to measure
electrical conductivityising a Thermo Scientific TDS 6+ TDS métee. sample was mixemith
deionised wateto create aone-part soil to fivepart water solutionwhich wasshaken for 30
minutesand thenallowed to settle for 24 hours before being measured for electrical conductivity
(Blakemore et al., 1981; Manaaki Whenuaandcare Research, n.dhe electrical conductivity
meter was temperature compensated (meaning pogasurement temperature calibration wast
required). The probe was also checked against gopepared KCL solutiomith a measured

electrical conductivity of 1.413 dS/m at 25 °C.
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5.2.2 Statistical analysis

All statistical analysis was conducted in R studio version &R3evelopment Core Team, 2018)
including summary statistics and graphs to determine if apparent electrical conductivity can predict
soil texture and soil moisture propertiegor all subsequent analgs, cumulative electrical

conductivity to 50cm and 160cm were treated as separate response variables with the same

predictor variables to see if one sensor was more sensitive to soil properties than the other.

5.2.2.1 Exploratonyanalysiand assumption testing

Summary statistics were obtained for each measured variable by site and depth, including the mean,
guartiles, minimum, maximum and standagdor of mean. To testthe datafor normality,
heteroscedasticity and skew, a Kolmogof@wirnov (KS) test using the R package "fitdistrplus"
(DelignetteMuller & Dutang, 2015)as conducted on response variables along with visual

inspections of @ plots and histograms. While theStest onapparent electrical conductivitgG

at 160cm EG®9) had a better fit with a normal distribution thaaG at 50cm EG™), the histograms
showedEG® and EG'*°were rightskewed, likely due to all variables being zero bounded) ots

showed a good fit at the centre of the data but did not fit well at the bottom and top tail.

Multicollinearity was tested using variable Inflation Factors (VIF), which was checked for each
independent variable using the "car" package in R st(fax & Weisberg, 20111 variable

inflation factorvalue <4 generally shows a lack of multicollinearity between varialsugh

some variables were greater than thislQ). It has been cautioned to avoid using variables with high

VIFs, as suggested 6yBrien (2007)

To manage the high VIFs caused by soil texture, Saloméo et al. (2022) used methods to determine
which soil texture percentage should be used in subsequent generalised linear mixed effect models.
Pearson Correlation Coefficient was calculated for soilirexto determine which variable should
remain for future analysit reduce the instances of high VIFox & Weisberg, 2019)able5.3).

The @rcentagenumber ofsilt particleshad astrong negative correlation with clay{=-0.79) and

sand R = 0.90) andvas therefore not used isubsequentinalysis. Clay and sand percentages were
weakly correlated® = 0.45 with even weaker correlations when sand was split into medium and

fine categories andvere, therefore, used to represent soil texture in further analysis, in line with the

treatment of sand, silt and clay variables®glomé&o et al. (2022)
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Table5.3. Pearson'productmomentcorrelation coefficiento determine which variables should rema
in subsequent analysis to reduce multicollinearity

CLAY SILT FSAND MSAND SAND  Sphericity GWC
SILT -0.79
FSAND 0.43 -0.89
MSAND 0.34 -0.52 0.42
SAND 0.45 -0.90 0.99 0.52
Sphericity 0.08 0.06 -0.24 0.68 -0.14
GWC -0.07 -0.03 0.19 -0.67 0.10 -0.93
ECe -0.04 -0.02 0.15 -0.64 0.06 -0.86 0.85

In addition, extremely high VIEs2000)were caused when interactions between predictor terms
were included in generalised linear mixed effects models. All predictor terms were treated as main
effects, and no interactionsere used except for gravimetric water content and electrical
conductivity of a ongoart soil to fivepart water solution More appropriate statistical models that

can deal with high inflation factors, multicollinearities and variable removal, such as ridge or lasso
regression, princidecomponents analysis or ndimear statistical models, could be used for future

analysis

5.2.2.2 Calculating weighted means of measured soil variables

Using similar methods to those used (8udduth et al., 2001jMcNeill, 1980and (Hedley et al.,
2004) apparent electrical conductivity to cumulative depths 50&a) and 160cmEG!9) were
correlated with weighted mean values for gravimetric water content (GWCt#é)/ectrical
conductivity of a one part soil to fiyeart water solution (E€ (mS/m)), clay, fine sand and medium
sand particle percentage per sample (CLAY, FSAND, MSAND). Wheiggmsadere calculated

using the following equation:

Equation6. Calculation of weighted mean of soil variables
t QO09SAIKG F GFftdzS00 k 1 6SAIKIDG

Where:

> =the weighted mearof soil variable

1 ' adzy 2@0SNI Ittt NBESGryd RIEIGE LRAyGaA
Weight=weightassociated with depth (either 60 or 90)

Value=actual value of eachoil variable
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The weighted means were calculated twice, once with a weight@&cm andagain for G- 90cm to
account for the influences on shallow soil characteristics as well as the characteristics of the full
profile (Hedley et al., 2004; McNeill, 1980; Sudduth et al., 2@8t)were then input as predictor

variables in generalised linear mixed effects models for subsequent analysis.

5.22.3 Statistical analysis to assess if variahfiest apparent electrical conductivity

As the dataset had lkierarchical structure, a generalised linear mixed effects madeMERwas

applied by assignintpe weighted mean values of measured soil variableges/imetric water

content (GWC), electrical conductivity of a soil solutié@€°) and clay, fine sand and medium sand

particle percentagehs fixed effectandsite as a random effe¢t.ee & Nelder, 2001)The package

usedAy w addzRA2 g1 & Wt Y SBaRs azal RY1AGIeKIBEGES YSNR T dzy O
continuous, positively skewed, naregative, and @ 100 bounded, a gamma distribution family

with a log link functionEquation7) was used to accommodate these attributéshabenberger and

Pierce (2001)

Equation7. Global generalised, linear mixed effects model
00 0 OO pSYQO W aww OYOUO 0YOUO "Owd
2 06 8"QQI 01 QOO K & QW ¢ Q

Where:

EG = Either apparent electrical conductivity to 50cm or 160cm
(1|Site) = Site as a random effect

CLA¥ Weighted mean of clay sized particles (%)

FSAND Weighted mean of fine sand sized particles (%)
MSAND= Weighted mean of fine sand sized patrticles (%)

WM =Depth range of weighted mean, either 60cm or 90cm

All fourglobalGLMERIerived fromEquation7 were simplified using the 'dredge’ function, accessed

via the 'MuMIn' package in R studiBarton, 2023)whichallows the parameters of the global model

to automatically subset all possible simplified model combinat{&aston, 2023) The global and

simplified models were ranked based on Akaike information critq#d@)selected for small sample
sizeg(AlCc)Equation8). Akaike information criteriofis a commonly used model selection tool to

assesshe parsimony of model structurgg\kaike, 1974; Bonakdari & Zeynoddin, 20228aike
AYTF2NYEGAZ2Y ONR G SNR 2keliRodd plugtwofides thé mugbeiiohmo@e G KS {2
LI NJ Y Salatkéy 9T 4and measures both model fit whilst penalizing for ove@ionakdari &

Zeynoddin, 2022)
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Equation8. Akaike's Information Criterion equation corrected for small samplgBaeakdari & Zeynoddin, 2022)

] 00
6 08 &b 08 o P
e Qp

Where:
n = number of resiuals
k = Sumof model parameters
AICD 08 cag ¢ ¢cQ
Where :
“2=YlF EAYdzY fA1SEAK22R 2F A4 GKS NB&ARdzZ f &

¢ K $H £¢4Edustion8 ensures models with the best fit have a lower AIC s¢akaike, 1974;
Bonakdari & Zeynoddin, 2022A higher penalty term is introduced when the sample size is small
allowing AIC to be corrected and makihg selection process more reliabléquation8) (Bonakdari
& Zeynoddin, 2022)The topranking models were considered to be those within 3 points of the
lowest AlCscore,along with theirR values and lodikelihood. The dredge function assigned a
delta valueto identify how fareach model sat from the lowest AlCc scfuelta = O is the lowest
AICc scoring GLMER).

The drawback of using this formthie selection process is that AICc does not hiagightinto
underlying relationships in the datalherefore, this criterion should not be used in isolation but
rather in combination with other model parameteuch as?® (Bonakdari & Zeynoddin, 2022)n
addition, AlCc assumes the models being compared are Jimesat the assumptions of linearity and
aremore suited to data with a Gaussian distribution or data that lacks ou(lBoeakdari &
Zeynoddin, 2022) FinallyAlCc does not perform hypothesis testing and can only indicate if the
model has a good fit, not if particular predictor variables are statistically signifidé&atke, 1974;
Bonakdari & Zeynoddin, 2022Pespite these drawbacks, AlCcvakabletool for model selection
when used with other model metrics arfior understanding the results in the context of the wider

study (Bonakdari & Zeynoddin, 2022)

Likelihood ratiohi-a I dzt NB GSada ¢6SNBE O2yRdzO(SR (fetels® 3 G KS
Hothorn, 2022}o compare each global GLMER with the simplified GLMERSs to determine which
model best explains the variability EG. Likelihood ratio chkéquare tests allow nested models to

be compared to identify if the presence or absence of model parameters significantly affects model
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fit by comparing a global or full model with a restricted or simplified m@dadstfall & Henning,
2013)

Ageneralised linear mixed effects modeds selected based dyalanced goodness of fit with
complexityandhad significant and sensicalddp-values. Thisgeneralised linear mixed effects
modelwas assessed fonulti-collinearitydza A y 3 t S| NEn@mém éorrelafith derdadrantly
calculatedn R studias the GLMER summgBates et al., 2014)Variable inflation factors were

a2 8484848 R daAAYI (KS WOA HEox SWekkeigh201g) Ay (KS

5.2.3 Visualisation afnodelled and apparerdlectrical conductivity using ordinary kriging

and inversion software

5.2.3.1 Mapping apparent electrical conductivity using ordinary kriging

Apparent electrical conductivity measured at cumulative depths 50cm and 160cm along with
geospatial data (elevation, easting and northing) were transferred to ARC GIS Pro versi¢iassi.1.0
Inc., 2023) The pointsvere kriged using the Spatial Analyst tool (ERRing ordinary kriging and
Gaussian semiariogram model to produce four maps of g6 at 50cm and 160cm depths at
Mahurangi Forest and Te Hiku Forest using the isjted inTable 54 The inputdata used for
eachsite differedto compensate for the fact that Mahurangi was a far smaller catchment than Te
Hiku with the same number of data poinend Te Hiku was less variable across the studysgite

using different inputs highlighted the subtle clygs across the catchment.

Table5.4. Input data for ordinary kriging for apparent electrical conductivity at sites Mahurangi and Te Hiku fol
cumulative depths 50cm andQcm

Study site Mahurangi Te Hiku
Number of lags 100 10
Lag size 2 300
Nugget 0.2 0.45
Partial sill 0.15 1.93
Measurementerror 10% 10%

80



5.2.3.2 Mapping apparent electrical conductivity using laterally constrained 1D inversion
software

¢KS WINRR RIGlI Q& Tuy DA 8 § Ridzf@IEa enédithdnfignd Rapsf
apparent electrical conductivity to 50cm and 160cm cumulative depths using the nearest neighbour
technique(EMTOMO LDA, 2018The input data included apparent electrical conductivity to 50cm
and 160cmgeospatial dataf each measurement poineéstings, northing and elevatigrand pitch

and roll of the instrument to adjust for any noise caused by excessive pitch or roligrittaed
dataCTunction automatically selects the grid geometry, which uses the easting and northing to create
a mean distance between data points and a usefinedd y dzY 6 S NJ, icfeasinghg/ ribiraber

of rows and columns in the gridncreasing tk userdefined smoothing function produces a more
visually aesthetic map at the expenseagturacyasartefactsare created or removeah the map

depending on sample size and sample area.

5.2.3.3 Usinguast3Dinversion software to model electrical conductivity

The samalata @eospatial, pitch, roll and apparent electrical conductivity to 50cm and 1p0sed
in Section5.2.3.2was used to creatgquasi3D inversion mapgsingthe Map moduleof EM4Soil
(EMTOMO LDA, 2018Four sets of inputs are requiregarameterisation initial model, inversion

algorithm and gridding parameters).

Inversion parameters

Five useidefined parameters were required to control the smoothing and fit of the g@8si

inversion mode(Table5.5). ¢ KS RI YLISYyAy 3 FIFOG2N o<0 O2yGNRTt &

increased from the default for both Mahurangi and Te Hiku maps to create smoother, less blocky
maps Table5.5). Default values of misfit and dagaror were unchanged, and the number of
iterations was increased to 80. There are three inversion algorithms to choose from using different
variations of Occam's regularizatig@BMTOMO LDA, 2018hongnawang et al., 2019Algorithm S2

was selected as the initial model assumes affayer earth, and this algorithm produces smoother
maps as the algorithm constrains the model response around the reference niateéb.5)

(EMTOMO LDA, 2018; Khongnawang et al., 2019)
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Table5.5. Parametisation of quas3D inversion model.

Inversion parameter Default Used in this study
Dampening factor 0.07 5
Number of iterations 10 80
Dataerror 1.00 1.00
Misfit target 0.20 0.20
Algorithm S3 S2
Initial Model

A heterogeneous, fiayer initial model was considered, with depths to the top of each layer being
0, 30cm, 60cm@0cm and 120cm. At each depth, the mean electrical conductivity gfaatisoil to
a 5part water solution was input for each sit€gble5.6). It was assumed that below 90cm, the

profile was homogenous and used the same input value as at 90cm.

Inversion model

Two models can be used depending on the apparent electrical conductivity data collected:
cumulative function (CF) or full solution (FS). The latter is not limited to small induction numbers and
is, therefore, more appropriate for highly conductive soitsOBMS/mYEMTOMO LDA, 2018;
Khongnawang et al., 2019 hus, thdormer CF model was used for both sites as apparent electrical

conductivity values were < 35mS/ifigble4.3).

Gridding model

As inSection 4.2.3.2the grid geometry must be altered to map the final quiSiinversion model,

which uses the easting and northing to create a mean distance between data points. The user
RSTAYSR aydzyoSNJ 2F f Ay S & h-adgshnd theksyh@dthiBg faxtSrio 5o pn T 2

both the x andy-axis
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5.3 Results
5.3.1 Summary Statistics

5.3.1.1 Soil gravimetric water content and electrical conductivityl gfaat soilto 5-part
water solution

Summary statistic¥able5.6 and box plotd-igure5.4 provide details of measured variables of soll
samples collected at Mahurangi and Te Hikdepths0 ¢ 30cm, 30- 60cm and 6@, 90cm for sail
gravimetric water content (GWC) and electrical conductivity of a one part soil to five parts water
solution ECé®).

Mean and median GWC aiCé°were higher at Mahurangi than at Te Hiku, with low standard
errors (0.16¢ 1.89) for both sites andariables Table5.6). Therangeat Mahurangi and Te Hiku for
both GWC an&Cé>decreased with soil sample depthith overall higher ranges for Mahurangi
(GWC 34 40 andECé°24 ¢ 29) than for Te Hiku (GWC 338%6.1 andECé°3 ¢ 4.9), the
exception to this being highemrange for GWC afe Hiku at depth 6@ 90cm than atepth 30¢
60cm. Overall, there is a cleaite difference in GWC and ECwvith little to no overlap ofower,
upper and interquartile rangdsetween sites for both variablggigure5.4). However,the

variability between depths at each siteless obviousith similar standarerror of means
particularly for GWC at Mahurangi. Therefore, the significance of these differencbes explored
in subsequent sectionsBoth sites had outlietsvhich were checked in the original data and notes
and the values themselves made scientific sense in the context of eachostte values remained
in the data Figureb.4 & Figure5.10).

5.3.1.2 Particle fraction analysis

Table5.7 presents the results of the particle fraction analysis tlite percentage number of
particles per samplbroken down by class sizes clay (<0.002mm), silt (@;@26mm), fine sand
(FSAND{0.06¢ 0.2mm)and medium sandMSAND]J0.2¢ 2mm). Sit-sized particles dominated
samples from both Mahurangi and Tehilcuests (nean=77to 81 %) followed byclaysized
particles(mean =10to 14%)andfine sandsized particlegmean =7 to 9%) while mediumsized
sand particlesnade up less than 1% of mean patrticles present per saammleall with standard

error of mean <1.
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Table5.6. Summary statisticef gravimetric watercontent (GWC) electrical condutvity (ECé%) Mahurangi and Te Hiku

Sample depth

Site range (cm) Mean SEM LQ Median uQ IQR Min Max Range
GWC(C(%)
0-30 45.65 1.89 38.57 45.27 52.06 13.49 25.98 66.32 40.34
Mahurangi  30-60 46.95 1.63 37.92 40.87 48.11 10.19 26.41 66.31 39.90
60-90 42.27 1.63 37.30 41.44 44.23 6.94 29.30 63.85 34.54
0-30 8.52 1.38 5.27 6.60 9.98 4.71 331 37.16 33.85
Te Hiku 30-60 5.74 0.53 4.01 4.73 7.19 3.18 3.27 13.71 10.43
60-90 7.53 0.93 4.71 5.88 8.26 3.55 3.98 20.07 16.09
ECé&°(mS/m)
0-30 26.58 1.53 21.52 26.38 32.53 11.01 10.99 40.02 29.03
Mahurangi  30-60 21.62 1.25 18.03 20.63 26.02 7.99 10.48 34.97 24.49
60-90 17.98 1.17 14.54 16.68 19.68 5.15 9.58 33.93 24.35
0-30 6.09 0.28 5.15 5.78 7.25 2.10 3.81 8.74 4.93
Te Hiku 30-60 3.45 0.20 2.68 3.37 4.00 1.32 1.82 5.89 4.07
60-90 2.66 0.16 2.08 2.51 2.90 0.82 1.31 4.78 3.48

S.E.M = Standasmtror of mean, UQ = Upper quartile, LQ = Lower quan@® =nterquartile range, Min = Minimum, Max = Maximum
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Figure5.4. Box plots ofsoil gravimetric water content (left) and electrical conductivity of a 1:5 soil:water solution
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Table5.7. Summary statistics of particle fraction analysis shovifrggpercentage number of particles per sample t
site, depthrangeand particle size

Depth
ranpge Mean SEM LQ Median UQ IQR Min Max Range
(cm)
Clay %
0-30 1146 0.17 1084 11.34 1184 1.00 10.07 13.29 3.22
Mahurangi 3060 11.62 0.15 11.13 1152 12.18 1.05 10.25 13.19 294
6090 1219 0.27 1126 11.70 13.06 180 10.73 16.39 5.66
0-30 1425 040 1239 1410 1599 3.60 1142 17.48 6.06
Te Hiku 3060 11.71 030 1055 1149 1282 227 885 1453 5.68
6090 10.39 0.28 9.23 1051 1124 201 7.67 13.14 547
Silt %
0-30 80.44 038 79.25 8095 8190 265 76.16 83.66 7.50
Mahurangi 3060 79.84 0.36 7863 79.85 8133 271 76.18 8273 6.55
6090 7793 0.98 76.72 7959 80.88 4.16 59.37 82.17 22.80
030 77.79 054 7598 7828 79.32 334 71.78 8361 11.83
Te Hiku 3060 79.60 0.77 7852 79.18 8191 340 69.84 8581 1597
6090 8183 085 77.85 8304 8476 691 7294 90.17 17.23
Fine Sand %
030 7.81 021 6.97 7.68 865 168 6.11 10.17 4.06
Mahurangi 3060 825 0.21 7.39 8.37 889 150 657 1029 3.72
6090 950 0.67 7.62 8.47 10.22 2.60 6.88 2277 15.89
030 7.26 032 6.40 6.96 875 235 416 9.83 5.67
Te Hiku 3060 790 052 6.57 7.58 883 226 380 1492 11.12
6090 7.04 054 5.03 6.26 924 422 199 1224 10.25
Medium Sand %
0-30 029 0.02 0.23 0.28 032 009 016 050 0.34
Mahurangi 3060 0.29 0.01 0.24 0.32 033 010 018 041 0.23
6090 0.38 0.05 0.25 0.31 043 018 020 146 1.26
030 0.70 0.04 0.57 0.69 080 023 042 113 071
Te Hiku 3060 0.79 0.05 0.61 0.75 091 031 041 162 121
6090 0.73 0.07 051 0.68 094 043 017 168 151

S.E.M = Standastror of mean, UQ = Upper quartile, LQ = Lower quati@® =Interquartile range,

Min = Minimum, Max = Maximum
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5.3.1.3 Weighted means of all measured soil variables

Tableb5.8 provides summary statistics of the weighted mean of gravimetric water content (GWC), the
electrical conductivity of a-part soil to 5part water soil solutionECé&®) and the percentage of clay,

silt, finesand,and medium sand particles (CLAY, SILT, FSAND, MSAND). These predictor variables were
weighted by two depth ranges, @60 and 0g 90 (discusseth Section5.2.2.2).

Thesummary statistics highlight the differences between the weighted means of Mahurangi and Te Hiku
Forest soil properties and the differences between depth ranges within and between each site.
Mahurangi consistently reports higher minimum and maximum valoemost parameters than Te Hiku
(Table5.8). These disparities highlight significant differences in the extremities of thedésttibution

between the two sites. In comparing the 80 cm and G 90 cm depth ranges, each site has a consistent
trend of higher minimum and maximum values at the greater deptb(e5.8). This indicates that the

range of each predictor variable increases with depth. The interquartile ranges at Mahurangi were
generally wider for most parameters than Te Hiku, indicating a more diverse distribution of data points.
This suggests that Mahurairgydata exhibits greater variability and a broader distribution of values. The

interquartile rangealso shows variations between depth rang€&able5.8).

The mean and median values show distinct-gitde characteristics. In Mahurangi, the mean values for
most parameters are consistently higher than those in Te Hiku across both depth ranges, indicating that,
on average, Mahurangi tends to have higher GBC2°, and different soil texture characteristics than

Te HikuTable5.8). While both sites generally report low standa&ndor of mean values, Mahurangi

often displays slightly higher values than Te Hikab(e5.8). This suggests that Mahurangi's data may

have a marginally higher degree of variability or measurement uncertainty, even though both sites show
relatively stable measurement3dble5.8). In contrast, the standarerror of mean values remains
consistent within each site across different depth ranges. This suggests that the precision of

measurements is similar at both depthcaple5.8).

In summary, Mahurangi consistently exhibits higher values for most parameters comparediilkuTe
implying variations in soil and environmental conditions between the two slhaklé5.8). The
differences between depth ranges also suggest defghendent variations in soil propertiesgble
5.8). These insights can be valuable for understanding and managing soil and environmental

characteristics in these study areas.
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Table5.8. Summary statistics of weighted means of gravimetric water content (GW®lectrical conductivity of a soil water solution (EC1:5), and percentage number of clay, silt
sand and medium sand particles per sample at depth rang&® @nd Oc 90.

Weighted mean for depths 660

Weighted mean for depths 690

GWC ECé® CLAY SILT FSAND MSAND GWC ECé> CLAY SILT FSAND MSAND
Mean Mahurangi 64.99 34.91 17.35 120.06 12.15 0.44 71.51 35.26 19.69 131.99 14.44 0.54
Te Hiku 10.01 6.50 18.83  118.49 11.54 1.14 11.69 6.11 19.48 133.55 12.39 1.25
SEM Mahurangi 1.25 1.04 0.12 0.26 0.15 0.01 1.37 0.94 0.15 0.43 0.28 0.02
Te Hiku 0.52 0.17 0.25 0.50 0.33 0.04 0.57 0.17 0.22 0.56 0.37 0.04
LQ Mahurangi 58.41 29.96 1691  118.69 11.35 0.37 63.41 30.49 18.88  130.69 12.61 0.42
Te Hiku 6.93 5.40 16.75 116.00 9.97 0.88 7.91 4.99 18.01 130.78 10.80 0.98
Median ~ Mahurangi 63.51 36.08 17.23  120.25 11.75 0.45 69.71 35.17 1955 132.94 13.98 0.50
Te Hiku 8.67 6.45 18.35  118.17 11.49 1.11 9.42 6.07 19.37 133.74 11.70 1.15
uQ Mahurangi 71.98 40.24 1792 121.19 13.09 0.49 76.87 41.88 20.38 134.75 15.48 0.60
Te Hiku 11.37 7.28 21.08  122.22 12.57 1.30 14.14 6.70 21.24 137.33 13.82 1.41
IQOR Mahurangi 13.58 10.28 1.01 2.50 1.74 0.12 13.46 11.39 1.50 4.05 2.87 0.19
Te Hiku 4.44 1.88 4.33 6.22 2.60 0.42 6.23 1.72 3.23 6.54 3.02 0.43
Min Mahurangi 43.19 17.81 1529  115.55 9.89 0.26 48.33 20.19 17.62  120.28 11.69 0.33
Te Hiku 5.22 3.73 16.16  109.20 6.29 0.77 6.60 3.36 16.56 121.42 7.55 0.75
Max Mahurangi 90.21 53.41 19.84  124.56 14.69 0.66 102.70 48.79 22.54  137.02 23.01 1.28
Te Hiku 21.85 9.56 22.61 125.64 18.37 2.06 26.52 9.05 22.42  139.75 20.40 2.49
Range Mahurangi 47.02 35.61 4.55 9.02 4.80 0.40 54.37 28.60 4.93 16.74 11.32 0.95
Te Hiku 16.62 5.84 6.46 16.44 12.08 1.29 19.92 5.70 5.87 18.33 12.85 1.74

S.E.M = Standastror of mean, UQ = Upper quartile, LQ = Lower quartile, IQR = Interquartile range, Min = Minimum, Max = Maximum
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5.3.1.4 Modelled electrical conductivity

The summary statistics and box plots of modelled electrical conductia@y) {or the two study sites
(Mahurangi and Te Hiku) across three sanif2ranges (80mS/m, 3660mS/m, and 680mS/m) are
presented inTable5.9 andFigure5.5. Significant disparities become evidemhen examining the
modelled electrical conductivitfgC") data for Mahurangi and Te Hiku. Across all three depth ranges (0
30 cm, 3860 cm, and 6@0 cm), Mahurangi consistently displays higher mE@hvalues compared to

Te HikuTable5.9). This is further underscored by the larger standamars (SEM) in Mahurangi,
indicating more significant variability in tHeC' measurementsTable5.9). Mahurangi exhibits wider
interquartile ranges (IQR), reflecting a more diverse distributioB@fdata points and increased
variability inEC' values Table5.9 and Figure5.5). Furthermore, the maximur&C' values for

Mahurangi consistently surpass those in Te Hilab{e5.9 andFigure5.5). Conversely, Te Hiku has
lower meanEC' and lower SEM values, pointing to more uniform and less varia®leneasurements
(Table5.9). The narrower IQR in Te Hiku signifies a more tightly clustered distributle@ dfata points
and reduced variability with increasé&d™ depths, accompanied by consistently lower maxima@i

values than Mahurangir@ble5.9 and Figureb.5). These findings highlight the distinctions in the
modelledEC' values, likely influenced by unique environmental and geological attributes specific to
each study sitesuch as soil texture, soil water content and electrical conductivity. These environmental

influences are analysed 8ection 5.3.2

Table5.9. Summary statistics of modelled electrical conductivity (mS/m) for Mahurangi and Te Hiku Forest.

Site E;?\Ztg Mean SEM LQ Median uQ IQR Min Max Range
(cm)

? 0-30 9.05 1.37 4.56 7.72 11.12 6.57 2.25 31.25 29.00
:__56 30-60 12.21 1.10 8.32 11.17 15.72 7.40 5.04 28.82 23.78
g 60-90 16.45 1.17 12.45 14.65 19.06 6.61 8.86 31.99 23.13
- 0-30 0.23 0.08 0.02 0.04 0.32 0.30 0.01 1.64 1.63
% 30-60 0.52 0.14 0.06 0.12 1.06 0.99 0.04 2.86 2.82
i

60-90 5.78 0.53 4.44 5.07 6.94 2.49 0.95 11.69 10.74

S.E.M = Standaetror of mean, UQ = Upper quartile, LQ = Lower quartil® #Qnterquartileange, Min = Minimum, Max = Maximum
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Figure5.5. Box plot of modelled electrical conductivity for Mahurangi and Te Hiku at three sample dt
¢ 30cm, 30 60cm and 6@ 90cm

5.3.2 Using apparent electrical conductivity garedictorof soil variables

5.32.1 Generalised linear mixed effects model selection using Akaike Information Criterion
corrected for small sample size for response variable apparent electrical condantivity

weighted means of predictor variables

All global generalised linear mixed effect models select&ertion 5.3.2.had the same random effect
Garise sAlK (o2 t80Sta odal KdzNIyaIA YR ¢S 1 A{dw o
same response variableBG>* and EG'®%) had random effects that performed similarly across both

weighted mean depth ranges.

Table5.10 presents results from the GLMER using only one predictor variable as a fixed effect and site

as a random effect and only summarise predictor variables that had either a weak or strong relationship
with EGat cumulative depths 50cnEG®®) and 160cmEG®%) and at the two weighted mean depths of

0¢ 60cm and @; 90cm. The standard deviation (0.28.5) and variance (0.080.28) of the random

SFFSOG a{AdSQ¢ II'NBE KAIKSNI T2 N Takles.10pthaa ey are forA (i K 2 y
GLMERSs with multiple predictor variables (<0.0@80Hz3 3Sa Ay 3 GaArAiGSé KIFa INBI
between site variability when only one soil variable is considered as a fixed effect than when multiple

soil variables are regarded as fixed effects. The residual variance is slightly higher for GltM&fg wi

one fixed effect (0.1§ 0.26) compared with GLMERs with multiple fixed effects (§.A.16), but the

residual standard deviation is similar between GLMERs with one fixed effect;(@.88) versus GLMER

with multiple fixed effects (0.3§ 0.40)indicating GLMER with only one fixed effect have greater
GENRFOoATfTAGeE G(GKFG AayQld SELXIFAYSR o0é& 020K GKS TFAE
(Table5.10- Table5.13). These results show that the site is an essential source of variabHiy in

within and between sites at §60cm and & 90cm. However, the source of within and betweste

variability decreases with the introduction of more soil variables, which is better at explaining variability

in EG. Moreover, the importance of multiple soil variables being included in GLMERs as fixed effects is
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highlighted by the decrease in residuals, which reduces the unexplained variability of the GIBH&S (
5.10).

Table5.10. Summary of generalised linear mixed effects models using one predictor variable.

Depth (cm) Random effect Fixed effect
Predictor Var./ Std. Res. Var./ Coeff.
EG WM variable Dev. Std. Dev. log / exp Std. B pvalue
50 0-60 CLAY 0.25/0.50 0.21/0.46 0.04/1.04 0.02 0.06
50 0-60 MSAND 0.20/0.45 0.22/0.47 -0.30/1.04 0.16 0.06
50 0-90 ECé® 0.28/0.53 0.22/0.48 -0.01/1.04 0.01 0.36
50 0-90 CLAY 0.25/0.50 0.26/0.46 0.04/1.04 0.02 0.06
160 0-60 CLAY 0.09/0.30 0.16/0.40 0.04/1.04 0.02 0.05
160 0-60 FSAND 0.08/0.28 0.15/0.39 0.04/1.04 0.01 <0.000T
160 0-60 GWCECé® 0.11/0.30 0.16/0.40 0.00/0.74 0.00 0.09
160 0-90 CLAY 0.09/0.30 0.16/0.40 0.04/1.00 0.02 0.05"
160 0-90 FSAND 0.08/0.28 0.15/0.39 0.04/1.00 0.01 <0.000T
160 0-90 GWCECé® 0.11/0.34 0.16/0.40 0.00/0.99 0.00 0.09

{A3YyATAOlIyOS O2RSAY nn o SHF FY Q nmb)
WM = Weighted mean

Var = Variance

Std = Standard deviation

Res = Residuals
Std. E = Standaufgrror
Coeff = Ceefficient

Of the generalised linear mixed effects models with only one soil variable as a fixed Edigleb(10),

the weighted mean of fine sand and clay at both weighted mean depths held strong, positive
relationships withEG®, while clay at both weighted mean depths had a weak, positive correlation with
EGY (Table5.10). The weighted mean of medium sand and B@®ad weak, positive correlations with

EG® while the interaction effect of GWC and E®ead a weak, positive correlation witbG1®°(Table

5.10). These results show that apparent electrical conductivity variability at a cumulative depth of
160cm can be better explained by smaller particle sizes (fine sand and clay), regardless of the depth of
weighted meanTable5.10). However, there is more unexplained variabilitfi@at both weighted

mean depths with only weatelationshipswith either EC&?, fine sand, medium sand or clay alone, as

with the interaction effect of GWC and EC& able5.10).

Of the generalised linear mixed effects models with multiple fixed effects as predictor variables, all fixed
effects strongly correlated witEG>° and EG®, except for one GLMER, which had a weak correlation
with the weighted mean of CLAY at a depth range-03@cm ([Table5.11 & Table5.12). The weighted
mean of percentage clay was present in GLMERs witkE@eas a response variable but not with the
EG!®°response variable, with a weak positive correlation at a depth range 666m and a strong
positive correlation at a depth range of @0cm Table5.11 & Table5.12). The weighted mean of
medium sand had a strong positive correlation Wi@>° and EG®°, indicating that an increase in
mediumsized sand particles increase@. The interaction between EE&and GWC had a strong,
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positive relationship witteG at both depth ranges anBG responses; however, the batiansformed
coefficient (1.00) was nasignificant Table5.11 & Table5.12). In practical terms, this could mean that
while the interaction effect of GWC amlCé°may not have a multiplicative effect on tieG shown by

the backtransformed coefficient, there may still be some other type of association or relationship
betweenEG and the interaction between GWC ai€é* that is not captured by the multiplicative

effect of the GLMERGravimetric water content and E€&as main effects had a strong positive effect

on EG for all four GLMER model§gble5.11 & Table5.12). Finally, FSAND did not significantly affect
EG™>for a depth range of 990 and was therefore excluded. However, the weighted average of FSAND
had a strong, positive effect diG in all three GLMER models that included it as a predictor variable

(Table5.11& Table5.12).

All four GLMERSs had similar variable inflation factors and correlation coefficleiteb.11 & Table

5.12). When comparing the correlation coefficients and variahfation factors for the four GLMERS,
the interaction terms GWC and E€&ad low VIFs and correlation coefficients with other predictor
variables. Gravimetric water content and E€as individual variables had slightly higher VIFs (> 4) and
somewhat higher correlation coefficients when matched against each other. Still, this potential
multicollinearity was not of significant concerfiaple5.11 & Table5.12). The correlation coefficients

for CLAY, MSAND, FSAND, and MSAND were slightly raised, and VIFs were marginally higher than
recommended. Still, multicollinearity was not a significant concern for these predictor varidblgs (
5.11& Table5.12).
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Table5.11. Generalised linear mixed effects models using weighted means of predictor variables faradgpth- 60cm for the response variables apparent electrical conductivity
50cm (left) and 160cm (right).

Response 50 160
Variables EG EG
Model AlCc Loglik Dev. Df.resid R Model AlCc Loglik Dev. Df.resid 23
Metrics 513.86 -247.3 494.6 138 0.87 Metrics 697.7 -340.3 680.7 139 0.78
Scaled Min LQ Med. uQ Max Scaled Min LQ Med. uQ Max
Residuals -1.72 -0.8 -0.24 0.69 2.63 Residuals -2.05 -0.75 -0.19 0.38 2.27
Random . Variance Std. dev. Random _ Var. Std. dev.
effects Slte. (Int.) 0.00 0.00 effects Slte. (Int.) 0.00 0.00

Residuals 0.16 0.40 Residuals 0.11 0.12 0.12

Fixed effects

Slopé®®  Slope*® E.S.E t-value p-value Sig. Slopé®®  Slope*® E.S.E t-value p-value Sig.
(Int.) -0.95 0.20 0.39 -2.47 0.01 * (Int.) 0.73 2.08 0.18 4.18 <0.001 rkk
GWC 0.03 1.04 0.00 9.85 <0.001 el GWC 0.02 1.02 0.00 5.71 <0.001 rkk
ECé® 0.06 1.08 0.01 9.30 <0.001 el ECé® 0.03 1.03 0.01 5.99 <0.001 rxk
CLAY 0.04 1.08 0.02 1.85 0.06 . MSAND -1.01 0.37 0.16 -6.17 <0.001 rkk
MSAND -1.07 0.60 0.19 -5.69 <0.001 *xk FSAND 0.12 1.13 0.02 7.19 <0.001 rkk
FSAND 0.08 1.00 0.02 4.20 <0.001 ok GWCECé® <0.00 1.00 0.00 -16.86 <0.001 rxk
GWCECé® <0.00 1.00 0.00 -22.91 <0.001 rkk

{A3YyATAOlIyOS 0O2RSaY n YFFFQ nonam YrFrFQ nodnm YFQ ndnp WOQ nodwm

Correlation coefficient VIF Correlation coefficient VIF

(Int.) GWC ECé® CLAY MSAND FSAND (Int.) GWC ECé® MSAND FSAND
GwWC -0.01 9.09 | GWC -0.13 8.62
ECé® -0.18 -0.54 7.70 | ECé® -0.30 -0.55 7.41
CLAY -0.87 -0.05 0.03 1.44 | MSAND -0.46 0.49 0.28 5.25
MSAND 0.02 0.49 0.23 -0.27 5.37 | FSAND -0.36 -0.43 -0.10 -0.64 1.77
FSAND -0.01 -0.43 -0.08 -0.18 -0.57 1.90 | GWCECé® 0.13 -0.20 -0.31 -0.11 0.06 2.40
GWCECé® 0.11 -0.23 -0.35 -0.04 -0.12 0.08 2.94
AlCc Akaike information criterion Min Minimum Med. Median Std. dev. Standard deviation
loglik Loglikelihood LQ Lower quartile uQ Upper quartile E.S.E Estimated standarérror
dev Deviance Coeff Coefficient Max Maximum VIF Variable inflation factor
df.resid Residual degrees of freedor
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Table5.12. Generalised linear mixed effects models using weighted means of predictor variables for depth-ra@gm @or the response variables apparent electrical conductivity tc

50cm (left) and 160cm (right).

Response
Varigbles EG EGH
Model AlCc Loglik Dev. Df.resid R Model AlCc Loglik Dev. Df.resid R
Metrics 505.37 -244.20 488.30 139.00 0.87 Metrics 686.83 -334.90 669.80 139.00 0.80
Scaled Min LQ Med. uQ Max Scaled Min LQ Med. uQ Max
Residuals -1.72 -0.80 -0.24 0.69 2.63 Residuals -2.17 -0.77 -0.23 0.60 2.29
Variance Std. dev. Var. Std. dev.

Random o, (nt) 0.00 0.00 Random o (nt) 0.00 0.00
effects ) effects )

Residuals 0.0.16 0.40 Residuals 0.11 0.33

Fixed effects

Slopé®?  Slope*® E.SEE t-value p-value Sig. Slopé®?  Slope*® E.S.E t-value p-value Sig.
(Int.) -1.60 0.20 041 -3.92 0.00 Fhk (Int.) 0.87 2.39 0.14 6.09 <0.001 ek
GWC 0.04 1.04 0.00 14.56 <0.00L *hk GWC 0.02 1.02 0.00 7.89 <0.00L rkk
ECé® 0.07 1.08 0.01 12.50 <0.00L *hk ECé® 0.03 1.03 0.00 5.61 <0.00L rkk
CLAY 0.08 1.08 0.02 3.26 0.01 *x MSAND -0.83 0.44 0.13 -6.23 <0.001 rkk
MSAND -0.50 0.60 0.13 -3.90 <0.00L *hk FSAND 0.09 1.09 0.01 6.37 <0.00L rkk
GWCECé® <0.00 1.00 0.00 -32.93 <0.00L *hk GWCECeé* <0.00 1.00 0.00 -20.98 <0.001 ok

{A3YyATAOFIYyOS 0O2RSaY n WYFFFQ nonam WFFQ nodnam WYWrQ ndnap WoOQ n
Correlation coefficient VIF Correlation coefficient VIF
(Int.) GWC ECé® CLAY MSAND (Int.) GWC ECé® MSAND FSAND

GWC 0.17 7.49 GWC -0.11 8.09
ECé® -0.05 -0.66 7.41 ECé® -0.25 -0.56 7.39
CLAY -0.92 -0.28 -0.09 1.54 MSAND -0.44 0.43 0.33 4.80
MSAND 0.23 0.32 0.26 -0.57 3.34 FSAND -0.28 -0.42 -0.21 -0.71 2.28
GWCECé® 0.06 -0.20 -0.28 0.00 -0.04 2.50 GWCECeé* 0.10 -0.18 -0.25 -0.07 0.06 2.06
AlCc Akaike information criterion Min Minimum Med. Median Std. dev. Standard deviation
log-lik Loglikelihood LQ Lower quartile uQ Upper quartile E.S.E Estimated standarérror
dev Deviance Coeff Coefficient Max Maximum VIF Variable inflation factor
df.resid Residual degrees of freedor
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5.3.2.3 Mapedapparent electrical conductivity using ordinary kriging and 1D laterally
constrained inversion

Figure5.6 and Figure5.7 map the spatial variability dEG at Mahurangi Forest and Te Hiku Forest. The
upper two maps in each figure were mapped using ordinary krigind the lower two in each figure
were mapped using 1D, laterally constrained inversion soft@aMTOMO LDA, 2018Yhe maps to the
left of each figure (A&C) are f&Gto 50cm EG), while the maps on the right side of both
figures(B&D) ar&G down to 160cm EG®9) (Figure5.6 and Figure5.7).

Mahurangi Forest kriged maps look much smoother and more visually appealing compared to the 1D
laterally constrained maps. This is due to the smoothing process taking liberties with extrapolating from
measurement point&igure5.6. TheEG® showed less spatial variability for both mapping techniques
than EG'®°across the catchmenf{gure5.6). Both mapping techniques and cumulative depths offer
similar spatial patterns. For example, the maps are slightly symmeftrigairé5.6). There is a general
decrease irEG towards the centre of the catchment, with the greatest decrease on the southwest side
of the catchmentrigure5.6. In all instances, the western side of the catchment shows the highest
source ofEG surrounding one isolated plot, which has created a "bull's eye" effect. This is mirrored
(though not to the same extent) on the eastern side of the catchniégtire5.6. While in the centre of

the catchment, there is a general decreasing trenB@from north to south, the edges of the

catchment show a general increaseb@ going from north to southRigure5.6).

Te Hiku Forest was mapped on the same colour rdfigufe5.7) as Mahurangi Forest; however,
becauseof the small range in data, the spatial variability of the catchment was obscufagune5.7.
Therefore, therange of valuesvas decreased to highlight minute spatial pattern&f@at both
cumulative depth$=igure5.7. Again,EG>was more homogenous tharCE®, and the kriged maps
were smooth and more visually appealing than thelafrally constrained map$-i{gure5.7). There
was a general increasing trendB moving from northeast to southwest of the catchment in all
instances but was more pronounced wHG° on the adjusted colour rampecausethe catchment is
so large (~1800ha) when there are isolated chang&€Gnas in thenorth-easternpart of the

catchment, the same bullseye effect occurs.
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1D Inversion Ordinary Kriging
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Figure5.6. Mahurangi Foresapparent electrical conductivity at 50cm and 160cm cumulative depths (rows) using 1D invers
software (left column), ordinary kriging in ArcGIS Pro (centre and left columns).
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1D Inversion Ordinary Kriging Ordinary Kriging
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Figure5.7. Te Hiku Forestpparent electrical conductivigt 50cm and 160cm cumulative depths (rows) using 1D inversion software (left cabudiméyy kriging in ArcGIS Pimentre and left
columns) using a fine scale colour ramp (centre)taedsame colour ramp as Mahurangi Forest whilbaetphighlight minute spatial heterogeniety.
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5.3.3 Using modelled electrical conductivity as a predictor of soil variables

5.3.3.1 Generalised linear mixed effects model selection using Akaike Information Criterion

corrected for small sample size for response variable apparent electrical conductivity

Firstly, to assess the relationships between modelled electmadiuctivity EC") and predictor
variables at sample depths ofc@®0 cm, 3Q; 60 cm, and 6@ 90 cm, GLMERs were fitted, and various
predictor combinations were selected for analysis based on predetermined criteria, including the
coefficient of determinationR), loglikelihood, and AIC& @ble5.13). Delta values were also used to
identify the GLMERSs within 3 AICc points of the lowest AlCc Scaik=b.13). Predictor variables
include GWCECé® and percentage CLAY, FSAAIRIMSAND Table5.13). Section 5.2etails why the
percentage of siland coarse sand particles wasnitted from further analysis and why percentage

volume was not usedrable5.13).

For all sample depths, the GLMERSs with only one predictor varueighAlCc with delta scores
greater than5 (the recommended is a delta scoied) (Table5.13). The delta score for GLMERs with
one predictor variable improved with depth range for all variables except for MSAND, which had a
higher delta for depth range 3060cm (12.94) compared with depth range 80cm (12.03).In

addition, Rwere lower and lodikelihood scores were highéor GLMERSs with one predictor variaple
suggestinghese modelsvere less able to explain the variation®€' at each sample deptfTable5.13),

a similar result found ifable 5.11and Table5.12 in Section 5.3.2 As mentioned irBection5.2.2.2,

AICc does not look at individual significance levels of variables, only how the mbdédrites

complexity andthus, the standard deviation, variance and the residuals of the random effects and the

p-values of the fixed effectsTable5.14) will be discussed iBection5.3.3.1

The first set of columns ihable5.13 displays the GLMERSs used to describe the variabilEZirat a

sample depth of @ 30 cm (GLMERY). Notably, the model comprising predictor variables CLAY + FSAND

+ MSAND exhibited a high coefficient of determinatigf=0.83), implying these predictor variables can
explain 83% of the variability EBC' within this depth rangeTable5.13). The GLMER low kigelihood

(-57.61) indicates a relatively good fit to the observed data. Additionally, the comparatively low AlCc

score (delta = 2.13) suggests that the GLMER achieves a good balance between model fit and complexity
compared with GLMERSs with other combinations of predictor variables for sample depth rarafe 0

cm (Table5.13).
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Table5.13. Generalised linear mixed effects models for modelled electrical conductiQity3dt, 30¢ 60 and 60; 90 depth ranges.

Sample depth

range 0¢30cm 30¢ 60cm 60¢ 90cm

Int. R Loglik AICc delta Int. R Loglik AlCc delta Int. R Loglik AICc delta
ECés+ GWC +
CLAY + FSAND -
b eeas, 058 083 5654 13570 862 | -148 080  -88.39 199.41 577 | 125 071 -12836 27933 2.97
GWCH
ECé&5+ GWC +
CLAY + FSAND- -1.48 083 -57.42 13444 736 | 169 074 -9528 210.16 1652 | 1.82 067 -131.18 281.96 5.60
MSAND
E/ILS':\T\IE FSAND- 154 083 5761 12921 213 | 131 073 -9575 205.51 11.87 | 159 062 -134.84 283.68 7.32
Egg?eev‘\’/"g * 348 070 -7093 155.87 28.78| -2.32 076 -92.55 199.10 546 | 1.23 067 -131.54 277.08 0.72
EC&5+ GWC 0.16 065 -7458 160.56 33.48| 038 066 -101.47 21433 2069 | 2.00 060 -136.10 28359 7.23
CLAY 296 068 -72.81 15452 27.44| 277 067 -100.84 21059 1695 | 230 056 -138.31 28553 9.17
FSAND 315 073 -68.38 14567 1858| 263 072 -96.39 201.69 805 | 221 056 -138.23 28537 9.00
MSAND 264 076 -6510 139.12 12.03| 1.98 070 -98.84 20658  12.94 | 236 056 -137.98 28488 852
ECas 012 065 -7477 15845 31.37| 074 066 -101.78 21248 1884 | 240 057 -137.92 284.76 839
GWC 013 065 -7460 158.12 31.04| 049 066 -101.53  211.96 1833 | 157 059 -136.47 281.84 548
OTHER
SIGNIFICANT ~ -1.83 082 -57.84 127.08 000 | -1.07 080 -88.45 193.64 000 | 1.37 071 -12838 276.36 0.00
MODELSM

FAYAYA

CLAY + MSAND

ECé&5+ GWC + FSANIEE€ES: GWC

ECé&5+ GWC + FSAND + MSANBC#5: GWC

*** = Global model using all predictor variables and the interaction betweéilde GWC
Int. = xintercept, Loglik = LogLikelihood,
AICc Akaike information criterion
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On closer inspection, CLAY and MSAND predictor variables were significant predictors of the
variability inEC'at a depth range of @ 30 (p-value< 0.0001); however, FSAND showed no

significant relationship witleC' (p-value< 0.48). A likelihood ratio test was performed to assess if
the presence or absence of FSAND improved model fit in the GLMER, which resulted in a Chi
squared statistic of 0.4'pfvalue= 0.49). The results show no strong evidence to reject the null
hypothesis, indicating no significedifference in model fit between models that include/exclude
FSAND at a depth range of @0. Given that the simpler model excluding FSAND achieves a similar
level of fit and reduces model complexity, the GLMER with CLAY and MSAND as predictos variable

was selected.

The second set of columnsTiable5.13 shows the GLMERS used to describe the variabillBCrat

a depth range of 3@ 60cm(GLMER<%9. The global model, including all predictor variables and the
interaction between EG&and GWC, stood out as the best model for explaining the variabilEZin

at this depth Table5.13). The generalised linear mixed effects model for depth range80vas

able to explain 80% of the variability HC' with a loglikelihood of only 0.06 from the lowest log
likelihood and a comparatively low AICc (delta = 5.7@ble5.13). These model metrics underscore
the GLMER robust fit to the observed data and its ability to explain the variabli'iat a depth

range of 30; 60 cm. GLMER . Incorporating the interaction terms GWC and E@gain

highlighted the importance of this interaction in explaining variability at this depdile5.13).
Meanwhile, the global GLMER showed a strong correlation with GWC, Edellthe predictor
interactions and a weak correlation with FSAND. In addition, the combination of predictor variables

had high variable inflation factors.

A likelihood ratio test was conducted to establish if the #sigmificant predictors wereequired in

the GLMER and if the interaction term could be removed to reduce the VIF scores. In both instances,
the GLMER containing the interaction term GWC and-&gnificantly enhanced model

performance p-valueof Chisquare statistic < 0.0001). In contrast, adding the-aigmificant

predictor terms did not enhance model fit-yalueof Chisquare statistic = 0.9). Therefore, the final
selected GLMER for depth range@60 included FSAND, GWC, B@ad their interaction Table

5.13).
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The last set of columns Fable5.13 presents the GLMERSs used to describe the variabilBCirat a

sample depth of 6@ 90 cm (GLMBER %) and yielded similar results to the top GLMER. Again,

the global model with all predictor variables and the interaction betweenEd&el GWC was the

strongest performing GLMER, with the highgs(0.71) and lodikelihood ¢128.36) and a low AlCc

(delta = 2.97). This demonstrates GLRERQ & & ( NB y 3 | ECAVAriabilite with 2go®IE LI | A Y
model fit that balances complexity. Despite the strong model performance, the variable inflation

factors for the model predictors were highdtween 2 and 25). A likelihood ratio test was

performed, and the results indicated the interaction between GWC ané*@kances model fit in
GLMER< 0

Based on the GLMER comparison, it is crucial to consider multiple predictor variables and interaction
terms to explain the variability iBEC' across different sample depths. The global model, including all
predictor variables EG& GWC, CLAY, FSAND, MSAND and the interaction betwe€aCEWC,

were the best performing at depth ranges-80cm and 60cm in terms of their AICc scores,-og
likelihood and?. However, likelihood ratio tests determined the complex models were not
necessarily better andmitting nonsignificant variables created a more stable model. They also had
high loglikelihood values and low AlCc scores, indicating that both models could balance goodness
of fit with model complexity. Therefore, at greater depths, GWC}E@ad their interactions are

critical factors in explaining the variability observedi®. However, at a shallower depth range of

0-30 cm, the topperforming model did not include these predictor variables or their interactions,

suggesting that these variables have less influence on the variability sE&€h.in

The model comparison suggests the more complex global GLMER with all predictor variables and
interaction between GWC and ECgenerally performs better than the simpler GLMER, which

omits GWC and EE®Ya Ay U SNI Ol A2y 0l & SR AEyandI&ieihdddf ONR (S NAR
(Table5.13). However, this GLMER also had concerningly high variable inflation factors between 5.5

and 11.17. The likelihood ratio test (@quared test) indicated that the improvement in model fit

provided by the interaction term is not statistically significant at the 0.05 significance level with a

relatively highp-valueof the Chisquare statistic (0.06). This indicates no strong evidence to suggest

that adding the interaction of GWC and E€significantly improves the model fit. Therefore, the

preferred model based on a combination®¥f AlCc scores, ldikelihood score and the outcome of

the likelihood ratio test is the simpler GLM&i#h all predictor variables with no interaction.
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To further emphasise the importance of including multiple predictor variables in the GLMERS,

5.8 shows scatter plots of Id§transformed, modelled electrical conductivity and all predictor
variables at the three depth ranges. The graphs further visualise how the modelled electrical
conductivity and measured predictor variables are complex and that it is difficult to model these
predictor variables without considering their combined effect. The only relationship that appears to
follow a linear pattern is the relationship between medium sand particlesE@ldAccording to the
GLMER for this variable, the model can explain 76% and 72% of the variaBilfjairdepths 0g 30

and 30¢ 60., respectively There might be potential outliers for medium sand at@@®0 depth

ranges, which may have caused f&do beinsignificant. However, this is purely speculation based

on observation alone, and further investigation would be required.
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Figure5.8. Scatter plots of (Io transformed) modelled electrical conductiviyyakig and electrical conductivity of agdart soil
to 5-part water solution, gravimetric water content, clay, silt, fine sand and medium sand particle percentags (x
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5.3.3.2 Assessing selected generalised linear mixed effects models for response variable
modelled electrical conductivity

lff 3J3ft20lt 3IASYSNItA&SR tAYSIENI YAESR S¥FFSO0G Y2RSt
(Mahurangi and Te Hiku). The generalised linear megiedts models with the same response

variables EG* andEG'®) had random effects that performed similarly across both weighted mean

depth ranges.

Table5.14 summarises the results from the GLM&ERing only one predictor variable as a fixed

effect andcsite as a random effect. The tabddows GLMER results wiphvalues of significancept

value< 0.05)at sampledepths of 0¢ 30cm, 30 ¢ 60cm and 6@ 90cm. The standard deviation Q0.

¢7.72) and variance (0@¢2.780 2F (KS NA Y BR2%¥ BRBESOIEIESNI F2N GKS
one predictor variabléTable5.14) than they are for GLMERs with multiple predictor varialfles

1.53 and 0 1.24 respectiely) (Table5.15and Table5.160 & dz3 3 S & (dlagréhtemdtHindnf ¢ K |
also betweersite effectwhen only one soil variable is considered as a fixed effect than when

multiple soil variables are considered as fixed effeéts.seen irsection 5.3.2these results

highlight the importance of including multiple soil variables in the GLMERs.

Table5.14. Summary of generalised linear mixed effects models for response variable modelled elec
conductivity.

Random effects Fixed effect

Depth Prgdictor Var. / Res. Var. / Coeff Std. E. pvalue
(cm) variable Std. Dev. Std. Dev. log / exp

0-30 CLAY 7.72/278 152/1.23 0.25/1.28 0.12 0.03
0-30 FSAND 545/233 1.11/1.05 -0.3/0.67 0.10 0.00™
0-30 MSAND 1.45/1.20 1.21/11 -5.0/0.00 1.00 0.00™
3060 FSAND 235/153 0.73/0.85 -0.2/0.80 0.06 0.00™
3060 MSAND 1.29/1.13 1.00/1.00 -2.0/0.13 0.71 0.00"
6090 GWC 0.00/0.00 0.18/0.42 0.02/1.02 0.00 0.00™

{A3YyATFTAOLYyOS O2RSaY n WYFFFQ nonam WrprpQ ndnam WYrQ ndnp Wo!

Table5.14-Table5.17 present thegeneralised linear mixed effects mod€ll(MERwith the
response variablenodelled electrical conductivitfgC") for sample depth @ 30 cm. All GLMERSs use
GKS NIyR2Y STFSOG aaridasSe oAldK Go2 S@Sta oal KdzNT

different configurations of predictor variables as selected in the prevdeaton.
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Table5.15. Generalised linear mixed effect model for modelled electrical conductivity at a depth rang8Qzfid

Model metrics Scaled residuals Random effects
AlCc 127.10 Min -1.18 Variance Std. dev.
log-lik -57.80 LQ -0.80 Site (Intercept) 1.53 1.24
dev 115.70 Med. -0.12 Residual 0.68 0.82
df.resid 44.00 uQ 0.57
R 0.82 Max 3.28
Fixed effects

Coefflo9 Coeffo® E.S.E t-value p-value Sig.
(Intercept) -1.83 0.14 1.57 -1.17 0.24
CLAY 0.37 1.00 0.09 4.14 0.00 oxk
MSAND -5.76 1.45 0.87 -6.62 0.00 oxk
{AIYyAFAOLYOS 0O2RS8aY n YrrrFQ nodnnm WYrrQ nody
Correlation coefficient VIF
(Intercept) CLAY

CLAY -0.68 1.03
MSAND -0.15 -0.17 1.03
AlCc Akaikeinformation criterion uQ Upper quartile
loglik Loglikelihood Max Maximum
dev Deviance Std. dev. Standard deviation
df.resid Residual degrees of freedom E.SE Estimated standareérror
Min Minimum VIF Variable inflation factor
LQ Lowerquartile Coeff Coefficient
Med. Median

The GLMER for sample depth range3D yielded slightly different results compared to the GLMER
for depth ranges 3@ 60 (GLMERS %% and 60¢ 90 (GLMER®%) (Table5.15). The random effect
GarisSéeé KIFER I YdzOK KAIKSNI SaidAyYl S mdictngk I yOS
considerable variability between sit€Bable5.15). In contrast, the residual variance asihndard
deviation suggestnexplained variability within each site after accounting for the site level
differenceg(Table5.15). The two fixed effects, CLAY and MSAND, had strong correlationE@ith
for adepth rangeof 0 ¢ 30cm p-value< 0.000) (Table5.15). The relationship betwee&C' and
CLAY was positivén contrastthe relationship betweereC' and MSAND was negative, showing an
increase in CLANncreasedEC' while an increase in MSAND resulted in a decrea&ir{Table

5.15). The correlation matrix of fixed effects shows that the relationship between predictor
variables was not significant, and variable inflation factors (<3) further emphasise the lack of
multicollinearity between the predictor variable@able5.15). Finally, the range of scaled residuals
for GLMER*°(-1.2 to 3.3) suggests some deviation from a normal distribution. However, the
median isnearzero, meaning the model still has a reasonably gooahiit explains 82%f the
variabilityseenin EC' (Table5.15).

Table5.16 and Table5.17 presentthe GLMER best able to explain the variability in"BGr depths
30¢ 60cm (GLMER:%9) and 60c 90cm GLMER %, The standard deviation and variance of the
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NI yR2Y S Fdr Bothinodelswérei xtéemely small (<0.0001), indicating minimal variability

between sitegTable5.16 andTable5.17). In contrast, the standard deviation and variance for the
N} yR2Y STFSOGQa

NB & A Rdzl €

~

& A Y RA&dlietBeensited K D[ a9 wa

variability not explained by the fixed or random effe€Iable5.16 and Table5.17).

Table5.16. Generalised linear mixed effects model for modelled electrical conductivity for sample depth raG@erd0

Model metrics

Scaled residuals

Random effects

AlCc 193.60 Min -1.11 Variance Std. dev.
log-lik -8845 LQ -0.78 Site (Intercept)  0.00 0.00
dev 176.90 Med. -0.24 Residual 0.67 0.82
df.resid 42.00 uaQ 0.57
R 0.80 Max 3.53
Fixed effects
Coefflod Coeff®  E.S.E t-value p-value Sig.
(Intercept) -1.07 0.34 0.52 -2.08 0.04 *
GwWC 0.13 1.14 0.02 8.53 0.00 b
ECé® 0.26 1.30 0.05 5.84 0.00 b
FSAND -0.18 0.83 0.06 -3.18 0.00 *x
GWCECé® -0.01 0.99 0.00 -6.66 0.00 ek
{AAYyAFAOFYyOS O2RSay n WYFFFQ nonam WYrFQ nonm WfQ
Correlation coefficient VIF
(Intercept) GWC ECé® FSAND

GwWC -0.05 7.11
ECé> -0.44 0.02 15.64
FSAND -0.85 -0.24 0.10 1.08
GWCECé® 0.35 -0.53 -0.83 0.03 21.98

AlCc Akaike information criterion  UQ Upper quartile

logHlik Loglikelihood Max Maximum

dev Deviance Std. dev. Standard deviation

df.resid Residual degrees of freedom E.S.E Estimated standarérror

Min Minimum VIF Variable inflation factor

LQ Lower quartile Coeff Coefficient

Med. Median
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Table5.17. Generalised linear mixed effects model for modelled electrical conductivity for sample depth ra®ger60

Model metrics Scaled residuals Random effects
AlCc 276.40 Min -2.53 Variance Std.dev.
logHlik -128.40 LQ -0.68 Site (Intercept) 0.00 0.00
dev 256.80 Med. -0.05 Residual 0.11 0.33
df.resid 41.00 uQ 0.71
R 0.71 Max 2.66
Fixed effects
Coefflos Coeffer E.S.E t-value p-value Sig.
(Intercept) 1.37 3.95 0.18 7.73 0.00 i
GWC 0.03 1.03 0.01 5.01 0.00 i
ECé° 0.05 1.05 0.02 2.81 0.00 *x
MSAND -0.81 0.45 0.33 -2.47 0.01 *
FSAND 0.08 1.09 0.03 2.68 0.01 *x
GWC ECé® -0.00 1.00 0.00 -4.58 0.00 rrk
{AIYyAFAOLIyOS O2RSavYndmp WHEGF ndmdbhivQ W F Q nd
Correlation coefficient VIF
(Intercept) GWC ECé® MSAND FSAND

GWC -0.52 5.84
ECé® -0.37 0.17 9.61
MSAND -0.51 0.55 0.38 4.96
FSAND 0.08 -0.47 -0.38 -0.85 4.05
GWC ECéd 0.40 -0.51 -0.78 -0.19 0.16 11.09

AlCc Akaike information criterion uQ Upper quartile

logHlik Loglikelihood Max Maximum

dev Deviance Std. dev. Standard deviation

df.resid Residual degrees of freedom E.SE Estimated standareérror

Min Minimum VIF Variable inflation factor

LQ Lower quartile Coeff Coefficient

Med. Median

The fixed effects of GLMER®and GLMERS *°differ by the exclusion (GLMER) and inclusion
(GLMER<®% of MSAND Forboth GLMERs, GWHDd ECé® as a main effect showedstrong,
positive correlation witlrEC" while their interaction resulted in a strong inverse correlation v&i@'.
Percentage clawas not considered a significant predictor in b&hMERNdwasomitted, as was
MSAND from GLMER?®® (as discussed aboyé€Table5.17). FSAND in botGLMERad a strong

inverse correlation witiEC* while MSAND had a weak positive correlation ViitB'in GLMERS©°,

The correlation coefficients fdroth GLMERshowa strong negative relationshippetweenECé&?

and the interaction of GWC ark€Cé® for both sample depths, whil®ISAND and FSANi0

strongly correlatgTable5.16andTable5.17). It should comasno surprise then thathese

individual variables and the interaction terrhad high VIFs ranging from 1.21.98 (GLMER: )

and 5.84¢ 11.09 (GLMER*9), predominantlyas a result of the interaction effect of GWC dr@é®
(Table5.16andTable5.17). The predictor variables are theoreticatyportant, and the

multicollinearity caused by these variables should be noted during interpretation. In future studies,

a ridge or lasso regression or a principal components analysis could be alternative statistical tests to
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assess th@ecessity of these parameteirs predictingEC. Finally, GLMBER % and GLMER:*° had
scaled residuals with ranges that showed some deviation from the ideal normal distribution;
however, both had medians close to zero, suggesting both models had a reasonably good model fit
which is further emphasised by the highwhich show the models explain 80% and 71% of the
variability inEC'for depth ranges 3@ 60cm and 6@, 90cm.

In summary, the fixed effects of tHieLMERhow soil particle sizes CLAY and MSAND were a more
significant predictor variable to describe the variabilityg@® at a depth rangeof 0 ¢ 30cm but the
interaction of GWC anBCé&®and sand particle size showed the strongest ability to predict
variability inEC'for depth ranges 3@ 60 and 60; 90. The random effects shalat betweensite
variability was more pronounced atdepth rangeof 0 ¢ 30, while within-site variability was greater

for depthranges of 3@ 60 and 6Q; 90.

5.3.3.3 Mappedmodelledelectrical conductivity usingjuasi3Dinversion software

A similar pattern emerged when mapping modelled electrical conducti&iB))( with a resolution

far greater than the kriged or 1D laterally constrained maps for Mahurangi fdfegire5.6 and

Figure5.9) and Te Hiku fores{Figure5.7 and Figure5.11), all created using the qua8D inversion
software EM4So{EMTOMO LDA, 2018The quasBD inversion maps were overlaid onto hillshade
maps to better understand the changes in"i#Cthe context of the topography of each catchment.

It is important to emphasise that theGscaleused for Mahurangi Forest maps uses a larger range
than those used for Te Hiku Forest maps because it was difficult to see the minute changes occurring
at Te Hiku Forest, as was seeffrigure5.7. Because the Te Hiku catchment was laogenpared to

the number of data points collected, a decision was made to increase gridding and smoothing, but it
was important to show what the reduced gridding and smoothing did to the aesthetics of the maps

at the cost of accurately interpolating E&t this site Figure5.11)

The maps usingC' derived from quasBDinversion software accentuatithe patterns found in the
1D laterally constrained maps and the kriged maps and higklicgime new onegFigure5.9 &
Figure5.10). For the Mahurangi catchmergymmetrystill exists with low EC'moving through the
centre of the catchment from norémastto southwest In the quasi3D inversion mapdowEC' is
more widespread from northeast to southwest to depths 30cm and 6@erdthe map for depths

90cm closely resemésEG%in Figure5.7. Theeastwest symmetry seen in the middle bounds of
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the catchment in the 1D and kriged maps are most pronounced at 60cm and even more so at 90cm,
while at 30cm, only the strongC& A Ay F £ | LIS NB G2 (GKS 6SadGz F3FAy
There is an overall trend of increasiBg' with depth, except for the one point west of the

catchment with the highest modelled electrical conductivity.

For Te Hiku, theortheastto-southwest increase in electrical conductivity is seen inghasi3D
inversionmaps at 90cm. Thguast3Dinversionmap overlaid on thdillshadeshows that at depths
30cm and 60m, there are either adfacts causing bulls eyes due to small sample size, small
decreases in elevation or genuine areas whe@decreaseshowever, this is not immediately clear
in the maps providedThe quasBD inversion map at 90cm shows an increage@following the

topography of the catchment, with a decrease in elevation resulting in an incre&®.in

For the most part, Te Hiku Forest catchment is uniformly-c@mductive across the catchment and
also down the soil profile to §60cm. Beyond 60cm, the localised patch of high conductivity to the
southwest could be attributed to an increase in GWC,ibabuld also be attributed to other soll
properties. An outlet in the northwest &figure5.12 aligns closely with the raised levelsEE'.
Modelled electrical conductivitgppears to radiate outwards from the outlet with decreask(.
Gravimetric water content in this region alappears elevated, particularly at plots 04A15 and
04A06 suggesting GWC could be a dominant factor in the increa&€inFigure5.13 uses the
same base map overlain BC" but the point size indicates the percentage of medisimed sand
particles this time The map indicates a general decrease in particle size with an incrda@tand
shows regions with lower elevations to the nostfest and northeast tended to have highéevels
of GWC but lower instances of MSANBEgure5.14 is the samehill shade overlaid by thEC'map at
90cm andshows FSAND, CLAY, &@E°did not show any clear spatial patterns.
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Figure5.9. Quasi 3D inversion map of Mahurangi Forest at three depths 30cm (top), 60cm (middle) and 90cm.
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30¢ 60cm 60¢ 90cm

GRAVIMETRIC WATER CONTENT MEDIUMSAND

ELECTRICAL CONDUCTWITY

Figure5.10. Mahurangi modelled electrical conductivity (mS/m) for sample depth8@@m, 30 60cm and 6@ 90cm, overlaid ol
hillshades with percentage clay, silt, fine sand, medium sand gravimetric water content and electrical conductivityrasmik
to 5-part water solution at each plot where larger circles indicate larger percentages/quantities.
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Figure5.11. Te Hiku forest modelled electrical conductivity to 30cm (top), 60cm (middle) and 90cm (bottom) witt
increased gridding and smoothness (left) and reduced gridding and smoothness (right).
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Figure5.12. Te Hiku Forest electrical conductivity at 90cm overlaid on an aerial basemap a
hillshade and zoomed into the region witlgher, modelled electrical conductivity levels. Dots
indicate plots and larger point size indicates higher levels of gravimetric water content.
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Figure5.13. Te Hiku Forest modelled electrical conductivity (colours) ari¢ gBmts) at 90cm
are overlaid on an aerial base map and hillshade. Plot locations are marked with points. F
size relates to increases in medium saimkd particles.
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Figure5.14. Te Hiku Forest modelled electrical conductivity at 90cm overlain on a hillshade of the catchment. Plot locations aregitimark
points. Point size indicates the increasing/decreasing amounts of fine sand (A3jzgdyparticles (B) and electrical conductivity of a 1 part

soil to 5 part water solution (C).
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5.4 Discussion

The discussion isplit into three sectionsSection 5.4.discusseshe complex relationship between
apparent and modelled electrical conductivity and soil variab&ection 5.4.2o00ks at the ability of
apparent electrical conductivity and modelled electrical conductivity to predict soil variables.
Section5.4.3compares the kriged, 1D and 3D conductivity maps in the context of the study sites to

derive relationships between soil variables and apparent and modelled electrical conductivity.

5.4.1 Complexity abil variables

Electrical conductivity is most commonly used to predict the spatial distribution and concentration
of soil salinityHeil & Schmidhalter, 20L7Where electrical conductivity is used in reaine soils,
EGis most typically a function of soil water content and electrical ché@glart et al., 2019; Heil &
Schmidhalter, 2017)UsingeG and EC' aspredictorsof soil variables is challengingthg

relationshipis not oneto-one, as seen iBection5.3. A combination ofSWCECé® and soil particle
sizepercentagewvasresponsiblefor the variabilityin EG andEC' (Table5.10- Table5.17). To

further complicatethe relationship,the interactionof thesevariablesalsoaffected EG andEC', and

it is this complex interaction between soil physical and chemical properties which makes modelling
soil spatial variability usingG and EC' challengingBreviket al.,2006;Gallartet al.,2019;Hedleyet
al.,2004)

For example, there was a positive relationship betw&€hand EC' and GWCECé&® and FSAND and
a negative association withG and EC' and mediumsized sand particles. However, the interaction
effect between GWC aniCé° caused a negative relationship wilG andEC". In addition,
generalised linear mixed effects models (GLMB®Rsrh usedEG and ECas response variables,
that included multiple variables as fixed effewtsre able toexplain a higher percentage of the
variability (80¢ 87%) inEG and EC and had strongep-values (Table5.175.17) Therefore, the

interaction between soil variables measured in this study is discussed next.

Gravimetric water content remained relatively constant down the soil préfisbole 5.2)which may
result fromforest soilstructure and precipitation events neathe period chosen to measure
apparent electricatonductivity (E€) for this study Forest soils contain macropor@g®rtically
oriented) and soil pipes (horizontally orientgd)chida et al., 2001yhich areformed from

hydraulic processe®io and pedoturbation and thdecayof tree and plant root§Amatyaet al.,
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2016;Bren,2016;DeJong,2016;Williams,2016)andtheir formation anderosionis influencedby
landuse,soiltype, precipitationandtopographicrelief (Jones2010) While soilmacropores
influencethe infiltration of precipitation,soil pipesinfluencethe flow of moistureat a hillslopeor
evencatchmentscale otherwisereferredto aspipe flow (Uchidaet al.,2001) il pipesd SE G Sy R
0 KS &idNBIH6ney, 301@ AN OG0 10a NI dak & &, 3(BingINEe O Sflva at
rates far greater than hydraulic conductivity through the soil matrix alenth one study reporting
rates up to 300 times higher than the flow rates measured in the minergMotlynn et al., 2002;
Mosley, 1979) Thisallows precipitation to be redistributedhrough subsurface storm runoff
reducing the chances of overland flow during rainfall events, resulting in a relatively even
distribution of soil moisture across forested catchmeffisnatyaet al.,2016;Bren,2016;DeJong,
2016;Uchidaet al.,2001;Williams,2016)

Gravimetricwater content, particle sizedistribution, mineralogy soil porosity,and pore connectivity
are allinterrelatedwith soil electricalconductivity(Baiet al.,2013) Soilmoistureenablessoil salts
andmineralsto movewithin the soil, whichcaneither increasethe soil'selectricalconductivityor,
dueto hysteresisalter the electricalconductivityof soildependingon whetherit isin the wetting or
dryingphase(Hanks, 1992)While soil GWC remained relatively constant down the soil profile,
ECé®°decreased with deptliTable5.6), likely becauseof soil chemical and physical weathering
processes in the soil profile's top Ah and Bs/Bw horiZMtd aren & Cameron, 1996Electrical
conductivity can be a measure of soluble ions such &5 Kg**, Na'k*, Cl, NQ.and S@ which

leach out and are lost in the soil forming process eprecipitate in lower horizon@Bai et al., 2013;
McLaren & Cameron, 1996)n nonsaline soils, electrical conductivity cha used as a measure of
the cation exchange capacity of clay minetasause they hava large surface area due to their
small particle size (<0.22mrt}lilne et al., 1995) The large surface area allows e&iged particles

to have a cation exchange capacity that changes depending on the original parent material of the
clay and how much and the type of weathering, leaching and translocation the clay has endured
(McLaren & Cameron, 1996%0ils dominant in cldyave highmatrix potential and hydrolysis,
resulting in poorly drained soils as soil moisture is tightly held in soil gbtelsaren & Cameron,
1996) Soils dominated by larger particles, such as silt and sand, also have larger pore spaces

between particles, allowing soils to drain more readily due to the reduced matrix potential.

This sectionin this thesisemphasise the importanceof understandinghe interlinkagesbetween

soilqualities The GLMERastilisedto estimatesoil propertiesfrom EC and EC' favoureda rangeof
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soilvariablesin the model, whichis likely becausehis is more reflectiveof in situ soil conditions,as
opposedto GLMER#that useonly one soilvariableasa predictorvariable. Thiscomplexinteraction

is highlightedin more detail in subsequensections

5.4.2 Weighted mean and apparent electrical conductivity and modelled electrical
conductivity

TheGLMERrevealedd & Aaga3andomeffectthat explainedsomeof the variabilityin EG® and
EG! cumulativedepthsthat & | & gk@lainedby the five fixed effects GWCECé&®, CLAYESAND,
andMSAND. Thiswastrue for betweensite variability but more sofor within-site variability. When
multiple fixed effectswere introducedinto the GLMERswithin and betweensite variabilityreduced

asthe combinationof soilvariablesasfixed effectswere better ableto explainthe variabilityin EG

Accordingo Hedleyet al. (2004) McNeill(1980)and Sudduthet al. (2001) the weightedmean
valuesof the top 75cmof the soil profile shouldcorrelatecloselywith electromagnetidnduction
perpendicularco-planercoil windingsandthe weightedmeanto 150cmshouldcorrelatemore
closelyEMIhorizontalco-planercoil windings. In this study,the weightedmeanswere calculatedin
line with the depthsof soilsampled) ¢ 30cm,30 ¢ 60cmand60 ¢ 90cm. It wasexpectedthat the
perpendicularco-planeroriented coil windingsof the EMlinstrumentusedin this studywould
correlatewith weightedmeansof soil propertiesto a depth of 60cmasthis sensor'scumulative
depthreachess0cm. It wasalsoexpectedthat the orientation of the horizontalco-planercoil
windingswould alignmore closelywith the weightedmeanof 90cm. In the contextof this study,the

generalisedinearmixedeffectsmodelsrevealedslightlymore complexrelationships.

Theresultsshowedthat the weightedmeandepth wasnot necessarilygorrelatedwith EG® or EG6°
(Table5.9 & Figureb.5). Apparentelectricalconductivityto a cumulativedepth of 160cmwasmore
stronglycorrelatedwith individualsoil variablesCLAYand FSANp-value< 0.05)and weakly
correlatedwith GWCand ECé° (p-value<0.1)at both weightedmeandepthswith GLMER'that
couldexplainbetween73 and 84%of the variabilityseenin EG!’. Between73 and84%of the
variabilityin EG>® couldbe explainedby a weakcorrelationwith the weightedmeanof CLAYand
MSANDo 60cmandthe weightedmeanof CLAYandECé° to 90cm. Thesecorrelations while
significant,do not capturethe underlyingcomplexityof the interactionof soil properties,quite like

the modelledelectricalconductivitywasableto do. Whilethis studywasnot lookingfor anyspecific
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featurein the soilsof the two studysites,it is generallyjunknownfrom the analysisof EG what
depth eachsoilvariablehasthe mostinfluenceor how soil horizonationcanbe capturedacrossa
catchment. Forexample becauseof how conductiveclayis, it candampenthe EC' signalcausing
the cumulativedepth of investigationto decreaseor makingit more difficult to discernunderlying
soil properties. Forexample Hedleyet al. (2004)found EG increasedn the presenceof a clay
impedancdayer, however, the depth of the layercouldnot be predictedusingEG alone which, in
the contextof the study,would havebeenusefulgiventhe clayhorizonvariedin depth when

sampledfrom between30and54cm(Hedleyet al.,2004)

Studieghat usedEMItechnologyto measue EG to capturethe variabilityof soil propertiesovera
studyareaandthat alsoused inversionsoftwareto disseminatehe signalat defineddepthssuggest
inverting EG allowsa better critical assessmenof electricalconductivitydown a profile andacrossa
catchmentcomparedwith usingEG alonein interpretation. (Huanget al.,2017d;Khongnawangt
al.,2022;Murphy et al.,2009; Ogilvyet al., 1991; Triantafilis& Santos2013)

MapsvisualisingeG spatialdistribution createdusingordinarykrigingwere ableto showwithin-site
heterogeneityto the sameextentthat the 1Dlaterallyconstrainedmaps however, the mapswere
unableto showsdlight changesn conductivityandwere more proneto the 0 dzfeye&ffiectin regions
wherethe samplesizewassmallasthere were not enoughmeasuremengpointsto extrapolatefrom
basedon catchmentsize(Figure5.6 & Figure5.7). The3-dimensionaimapscreatedusingquast
inversionsoftwarecouldbetter interpolate EG acrosshe catchmentandthe profile; however,the

0 dzfeye@ff@ct surroundingisolatedsamplepointsstill existsbut to alesserdegree.

In contrast,the modelledelectricalconductivity(EC") had strongercorrelationswith measuredsoil
variablesat eachof the defineddepths30cm,60cmand 90cm both asindividualvariablesbut even
more sowith GLMERSsonsistingof multiple soilvariables. Theaddeddetail in the quast3D
inversionmapsthat were not presentin the 1Dlaterally constrainedor the krigedmapsfurther
emphasiseshe point madeby usersof quast3Dinversionsoftwarethat the resultsboth statistically
andvisuallyare supeior to usingapparentelectricalconductivitywithout inversion(Huanget al.,
2017d;Khongnawanet al., 2022;Murphy et al.,2009; Ogilvyet al., 1991 ; Triantafilis& Santos,
2013)

118



5.4.3 Mappedelectrical conductivitusingquast3Dinversion software

The kriged, 1D laterally constrain@eigure5.6 and Figure5.7) and quasi3Dinversion maps(Figure
5.9) highlight one important factor Both catchmens display withinand between site heterogeneity,
echoed in the generalised linear mixed effects models when only one soil variable was used as a

fixed effect. In addition, all maps show witksite heterogeneity with clear spatiphtterns.

For examplelow, modelled electrical conductivity runnimgprth/northeast to south/southwest
through thecentreof the Mahurangi catchmentan be seen in the kriged, 1D, spatially constrained
maps Figure5.6 and Figure5.7). This spatial pattern is also present in the 3D m&jpi(e5.9)

with more detail as the loVieG area takes up a greater portion of the map, particularly to the
northeast at 30cm. The low conductivity afeanelsfrom 30cm to 90cm and iess widely spread
The presence of thiew conductivity zonesould be explained by the variable source area theory
developed by Hewlett and HibbeficDonnell, 2009) Theidearelates to the systematicod
saturationin forested catchments during rainfall events whereby slopes near streams become
saturated first and the saturation moves uje slope to adjacent, not yet saturated zonagich

are further away(Figure5.15). The inverse occurs when rainfalase®r the source area decreases

during periods with little to no rai(Figure5.15).

Figure5.15. Variable source area as describedBrgn (2016)n (Amatya et al., 2016whereby the darker parts of the
catchment have a higher probability of contributing to the darker parts of the hydrograph than the paler colours.

Running northnortheastto south-southwestthrough the centre of the Mahurangi catchment is a

river channel fed by tributaries running from the surroundireadwaters of thecatchment. The

river channel is surrounded by steep slopes, which plateau at the edges of the catchment, similar to
the catchmentn Figure5.15 The river channel and its surrounds at 90cm are defined by high

EC, correspondindo an increase in soil moisture conteniust as the variable source area theory
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